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Preface

This book, titled IoT for Energy Management Systems and Smart Cities, aims to include the use

of the latest technologies applied to the electricity sector, more specifically to smart cities/grids. IoT

plays a fundamental role in the development of these networks.

The Internet of Things makes it possible for the information collected by the different sensors

and actuators in real time to be available in the cloud so that it can be used instantly. This information

will be of vital importance for the correct functioning of the algorithms and software that control

smart cities/grids.

Communications play an important role in working with IoT devices. In addition to traditional

networks, such as Wi-Fi, Bluetooth and Ethernet, new low-energy networks are indispensable for IoT

devices. LPWANs such as LoRa, SigFox, Nb-IoT, Bluetooth LE, etc., make it possible to build devices

that can operate in remote locations, thanks to their long range and low power consumption, without

the need for a high power source.

With the information available in the cloud, in addition to the algorithms, users can undertake

real-time monitoring of their installations in any location worldwide on their mobile devices or web

browsers. It is also possible to act on installations in real time by sending commands to IoT devices.

Based on the previous paragraphs, it is possible to recognize the potential of this type of device

for control and monitoring in industrial, domestic and energy generation environments. Distributed

generation can be fed by all these technologies in such a way that they can be used for the progress

and development of smart cities/grids.

This topic is divided into two main subjects: (i) the Internet of Things, cloud computing and

wireless networks; (ii) smart cities and grids. The first of these deals with device communications,

the networks they use and how they access information in the cloud. This allows data flows to be

generated correctly. The second part of the topic is dedicated to the development of techniques,

procedures and algorithms that can control smart cities/grids. This is one of the main applications of

the devices created in this study.

Therefore, this book includes recent advances in the development and implementation of IoT

devices applied to electrical engineering for use in smart cities/grids, so that readers can become

familiar with new methodologies directly explained by experts in this scientific field.

Antonio Cano-Ortega and Francisco Sánchez-Sutil

Editors
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Generation and Trading Platform in Edge-Based IoT Systems
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Abstract: In this paper, to balance power supplement from the solar energy’s intermittent and
unpredictable generation, we design a solar energy generation and trading platform (EggBlock)
using Internet of Things (IoT) systems and blockchain technique. Without a centralized broker, the
proposed EggBlock platform can promote energy trading between users equipped with solar panels,
and balance demand and generation. By applying the second price sealed-bid auction, which is
one of the suitable pricing mechanisms in the blockchain technique, it is possible to derive truthful
bidding of market participants according to their utility function and induce the proceed transaction.
Furthermore, for efficient generation of solar energy, EggBlock proposes a Q-learning-based dynamic
panel control mechanism. Specifically, we set the instantaneous direction of the solar panel and
the amount of power generation as the state and reward, respectively. The angle of the panel to be
moved becomes an action at the next time step. Then, we continuously update the Q-table using
transfer learning, which can cope with recent changes in the surrounding environment or weather. We
implement the proposed EggBlock platform using Ethereum’s smart contract for reliable transactions.
At the end of the paper, measurement-based experiments show that the proposed EggBlock achieves
reliable and transparent energy trading on the blockchain and converges to the optimal direction
with short iterations. Finally, the results of the study show that an average energy generation gain of
35% is obtained.

Keywords: solar energy generation; energy trading; auction theory; testbed; measurement study;
Internet of Things; blockchain; reinforcement learning

1. Introduction

The use of solar energy is considered as a promising renewable energy source. Solar
energy has various advantages in terms of increasing energy efficiency and reducing
greenhouse gas emissions [1]. In the conventional centralized power grid system, several
problems can occur, such as energy loss owing to the transmission process and power
instability due to the peak power demand [2]. Using solar energy as a distributed energy
resource, it is possible to minimize the transmission loss and supply energy to the consumer
more efficiently. However, the solar panel has a problem in that it is sensitive to changes in
the surrounding environment, and it is difficult to arbitrarily control the amount of energy
generation [3,4].

To address these challenges, various studies have been conducted in the literature,
aiming for efficient energy trading mechanisms [5–7]. Specifically, using a centralized
system manager, market-based energy trading models have been suggested for balancing
demand and generation. However, such interventions of the centralized system cause
additional participation fees and security issues in transaction records. Thus, to alleviate

Sensors 2022, 22, 2410. https://doi.org/10.3390/s22062410 https://www.mdpi.com/journal/sensors
1



Sensors 2022, 22, 2410

these problems, blockchain technology-based distributed energy trading models have
been proposed as one of the promising technologies in the smart grid system [8–10].
Nevertheless, research on implementation-based energy trading in distributed solar energy
generation is limited. Most of the studies were confined to numerical or simulation-based
studies. As a result, no conventional studies have addressed practical designs, such as the
implementation of solar energy generation and trading platforms that consider AI-based
automatic energy generation and blockchain-based secure energy trading at the same time.
Therefore, we deal with an operation method of solar energy as one of promising renewable
energy source, considering the actual environment and the residual energy transaction
platform using the actual dataset.

In this study, we design a solar energy generation and trading platform in Internet
of Things (IoT) systems using blockchain (EggBlock), which promotes distributed energy
trading without introducing a centralized broker and supports efficient energy generation.
The contributions of this study are summarized as follows:

• To support reliable energy trading among users without the participation of a cen-
tralized broker, the EggBlock platform using Ethereum for blockchain is proposed in
this paper. In order to determine a reasonable transaction of the generated renewable
energy, we infer the determination of transaction price and the amount of energy in
the market according to the second price sealed-bid auction mechanism. Further-
more, for efficient generation of solar energy, the EggBlock proposes the Q-learning
based dynamic panel control mechanism. Specifically, we consider a model-free-based
Q-learning algorithm, where the state and the action are the current position of the
solar panel and the angle at which the solar panel will move to the next time step,
respectively. Finally, the reward is designed as the amount of solar power that the
solar panels can obtain under the given state.

• We implement the proposed EggBlock platform using Ethereum for blockchain, which
enables Android smartphones to monitor contracts of energy trading in a real-time
manner. Furthermore, we build an IoT hardware testbed equipped with a solar panel
to generate and deliver energy for trading.

• The measurement-based experiments in the testbed show that the proposed EggBlock
achieves reliable and transparent energy trading using blockchain, and it converges to
the optimal direction with short-iterations. Finally, the results of the study show that
an average energy generation gain of 35% is obtained.

The remainder of this study is organized as follows. We review existing research in
Section 2. After the introduction of the overall system model in Section 3, the Q-learing
algorithm is introduced in detail in Section 4. Section 5 contains a detailed description of the
actual implementation, while Section 6 contains a detailed description of the experimental
results. Finally, Section 7 concludes with a detailed description of our system’s usage area
and future plans.

2. Related Works

Currently, renewable energy accounts for a large portion of the total energy genera-
tion [11]. It is advantageous in terms of environmental sustainability, low maintenance cost,
and ease of installation in urban areas [12]. However, the energy generation of renewable
energy is unstable due to various uncertain factors, such as weather, cloud movement, or
solar irradiation [13]. Therefore, various studies have been conducted to manage unsta-
ble energy generation with the installation of additional facilities, such as energy storage
systems or auxiliary generators. However, the construction of such additional facilities
requires considerable cost and time [14]. Thus, various energy trading approaches in smart
grid systems have been proposed for reliable and efficient energy use by balancing demand
and generation [5–7]. The work in [5] provided a game-theoretical analysis for a distributed
energy trading mechanism in which multiple microgrids re-sell or store surplus energy to
maximize their own profit. By representing the Nash equilibrium of all players, the authors
analyzed individual players’ strategies in each market environment. In [6], Zhang et al.
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proposed a peer-to-peer (P2P) energy trading model to improve the local energy balance.
Here, the authors considered a practical low-level voltage microgrid environment to ana-
lyze its effectiveness. In [7], Pei et al. introduced the concept of a two-stage market model
to maintain the balance of energy supply and demand in the entire system and region.
Specifically, using a Monte Carlo sampling method, the authors alleviated the effect of the
uncertainties of renewable energy. Additionally, by showing the various simulation results,
the authors verified that the proposed market framework applies to an actual system.

Nevertheless, in most of the previous energy trading studies, interventions of the
system manager should manage such an energy trading market. However, such inter-
ventions also resulted in additional participation fees and security issues of transaction
records. Therefore, blockchain technology-based distributed energy trading model without
a centralized manager have been proposed as solutions to alleviate such issues in the smart
grid system [8–10,15–17]. In [8], Mihaylov et al. proposed an energy trading method for
energy prosumers and consumers using the proposed NRGcoin. The authors argued that
the introduction of NRGcoin can solve the security issues associated with energy trading
and the fiat money conversion problem. In [9], Mengelkamp et al. developed energy
transaction models and demonstrated the simulation environment in the region using the
private blockchain method. The authors show the market operation results by analyzing
the relationship between the proportion of solar energy generation in the total energy
supplement and market price from an economic perspective. On the other hand, with the
implementation of an actual experimental system, Zhang et al. proposed a real-time energy
transaction system by incorporating the concepts of prioritization and cryptocurrency [10].
By presenting the numerical results, the authors showed that the proposed system can
be beneficial to market participants from both monetary and non-monetary perspectives.
In addition, unlike most conventional studies that use cryptocurrency as an alternative
currency, the proposed cryptocurrency in the paper has the abilities to convert fiat currency
and change the physical power flow. Vehicle to grid (V2G) network is one of the environ-
ments in smartgrid system that is appropriate to use blockchain technology in, as depicted
in [15]. Hassija et al. addressed the direct acyclic graph-based V2G network (DV2G), which
is organized with lightweight blockchain protocol. Showing the mechanism and numerical
results, authors proved that the proposed method is highly scalable and supports the micro-
transaction that is required in V2G network. By introducing the blockchain technique, it
is possible to operate the system according to the consensus of smart contract between
the participants without the intervention of a third party. In [16], Xi Chen et al. proposed
energy transaction among the renewable energy and electric vehicle to minimize the burden
of the power system operator. Through the blockchain-based EV incentive system, authors
addressed that it is possible to maximize the utilization of renewable energy and manage
the power system more effectively. A similar approach to this paper is dealt in [17]. In the
paper, Hassan et al. proposed auction and blockchain-based energy transaction scheme
to maximize the energy producer’s revenue in the system. Here, the authors insist that it
is possible to provide moderate cost, secure, and private auction schemes for microgrids
using the blockchain technology. Applying the advantages of blockchain to maximize
the profit of various market participants and increase the stability of energy transaction is
similar to this paper. However, our paper has the distinction of maximizing the amount
of power generation by controlling the angle of the solar panel and considering the actual
electricity tariff to facilitate application in the real environment.

3. Proposed System

As illustrated in Figure 1, the proposed EggBlock system model considers that there
are multiple edge-based IoT devices as users who participate in energy trading using
the generated energy. We set the environment in which the edge-based IoT devices are
equipped with solar panels for energy generation and energy storage to store redundant
energy for future use. Therefore, the proposed EggBlock system consists of two parts:
(1) energy generation and (2) energy trading.

3
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In the energy generation part, we deal with a method that can maximize energy
generation by controlling the angle of the solar panel. Here, the intensity of light over
various locations is measured to determine the direction of the solar panel where a BH1750
photo resistor controlled by Raspberry Pi is used. Such measured data are used for the
Q-learning algorithm, which maximizes the expected reward (i.e., energy generation) by
determining the optimal solar panel angle under the given state space.

In the energy trading part, we propose a blockchain-based decentralized energy
trading model that is organized without a centralized broker. In this study, we design
a transaction environment using an Ethereum-based decentralized application (Dapp)
platform. Here, the use of Dapp is suitable for the proposed energy transaction model
because it has various advantages (e.g., zero downtime, privacy, resistance to censorship,
complete data integrity, and trustless computation/verifiable behavior) [18,19]. Based on
these advantages, participants in the market cannot cheat or falsify transactions and have a
reliable transaction service.

Figure 1. System model.

3.1. Energy Generation

To maximize energy generation by adjusting the position of the solar panels, we use a
reinforcement learning (RL) framework. Here, we use two Raspberry Pi boards as edge
nodes to control the solar panel: (1) collecting solar energy data and (2) using the collected
data to train Q-Learning and adjusting the position of solar panels through stepper motors.

In the first edge node, solar energy data collection is performed using a photo register,
which can be used for training the RL model. The collected data are sent on every time step
to the second edge node.

To use the data collected from the first edge node, a Q-table is defined using a model-
free RL framework at the second edge node [20]. For every time step, the second edge node
selects an optimal action by referring to the Q-table and transmits the action value to a
stepper motor to efficiently control the position of the solar panel. The Q-table is updated at
every time step based on the received reward corresponding to the state so that it converges
to the optimal action corresponding to the state. Here, when the stepper motor moves the
solar panel based on the received action value, the reward occurs according to the action
process and updates the Q-table. The detailed process of the RL framework will be covered
in Section 4.

3.2. Energy Trading

The energy obtained from solar panel is sold to bidders at a price determined based
on the auction mechanism. For reliable energy transactions between sellers and buyers, the
energy trading platform is implemented through a blockchain using Ethereum. According
to the Ethereum-based smart contract, transactions proceed among sellers and buyers with
their purpose and status. Accordingly, if the transaction is conducted via the smart contract,
the blockchain guarantees the authenticity and the reliability of the transaction execution
without requiring a centralized broker [21].

4
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3.2.1. Determination of Transaction Based on Sealed-Bid Auction Mechanism

The energy generated by the photovoltaic (PV) generator is sold at an appropriate
price to buyers who need it. At this time, in order to determine the transaction price,
a second price sealed-bid auction mechanism is proposed in this paper. There are two
reasons for choosing the second price sealed-bid auction mechanism in this paper. First, it
is possible to minimize the exposure of information about the buyer’s bidding strategy (e.g.,
bidding price, current status, policy, etc.). Second, buyers adopt a truthful bidding strategy
in which their expected price is equal to their bidding price. Since it can be seen that the
advantages of such mechanism are efficient in the blockchain-based energy transaction
model, we use the method and predict the bidding price of buyers.

In Figure 2, we represent the overall structure of auction-based market model. Since
the proposed market is operated separately from the conventional energy market, it is
necessary to consider the market data in actual system. In the figure, we could check that
there are two different participants in the market. The energy producer is a seller who
has renewable energy with a storage device to sell residual power. The energy consumer
is a buyer who wants to purchase energy from the producer to minimize the overall cost.
Here, the consumer might be a prosumer with solar energy or simple electricity consumer
who wants to purchase energy in a cost-effective manner through EggBlock rather than
purchasing from the conventional market. As depicted in the above statement, a transaction
of the proposed scheme is the progressed auction mechanism. Therefore, the auction is
began through the disclosure of the amount of energy sold by the seller.

Figure 2. Auction-based energy transaction model.

In this paper, we use a second price sealed-bid auction mechanism that the seller sells
the energy to the buyer with the highest bidding price for the second highest price. The
characteristics of the auction called sealed-bid makes the buyer decide the bidding price by
only considering it’s own profit. In addition, considering the bidding mechanism, it can
be seen that the buyer makes a truthful bidding in the proposed system [22,23]. Therefore,
the details of the utility function to determine each participant’s strategy are depicted as
follow:
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Seller: In the case of a seller, it is possible to determine the amount and price of energy
to be sold considering the current profit and the future value achieved by storing the energy.
Here, the utility function of the seller could be depicted as:

max
p

Û(p) = Csell Êp + Copln(1 + Êη(1 − p)] (1)

s.t. 0 ≤ p ≤ 1. (2)

In Equation (1), the first term Csell Êp refers to the profit that the seller achieves through
selling energy. Here, Csell refers to the unit price for selling energy, and Ê is the energy
generated from the solar panel. In addition, p is the decision variable of the seller that
means the portion of energy to sell in the market. Furthermore, the second represents the
satisfaction the seller attained by storing the energy Ê(1 − p) in the storage system [24].
Here, a weight factor Cop is added to transform the seller’s satisfaction level into the
monetary aspect. Since the formula is a concave model consisting of one decision variable,
the optimal value can be calculated as follows:

Derivation: To obtain an optimal solution of the problem, we differentiate Equation (1)
by p as:

∂Û(p)
∂p

= αÊ − Êη

1 + Êη(1 − p)
, (3)

∂2Û(p)
∂p2 = − Êη2

(1 + Êη(1 − p))2
. (4)

To organize the formula more easily, we transform the Csell
Cop

into the auxiliary variable
α. Assuming that the value of Cop is larger than Csell , we could set 0 ≤ α ≤ 1 in the
equation. In addition, since the auxiliary variable η is positive, the second derivation of
utility function in Equation (4) becomes a negative value. Since the utility function of the
seller is organized with a single decision variable, it is possible to prove that the utility
function of the seller is concave. Therefore, the optimal value p∗ is calculated as 0 according
to the first derivation in Equation (3). In this way, we could calculate the optimal value as
follows:

p∗ = max(min(1 − 1
Ê
(
(η − α)

αη
), 1), 0). (5)

Buyer: In the case of a buyer, the main purpose is minimizing the overall cost by
submitting the proper bidding price to the auction market.

Ui(bi) = (1 − e−γibi )
(
(ps − bi)min(Di, E)− bi max(E − Di, 0)

)− e−γibi psDi. (6)

In Equation (6), (1− eγibi )
(
(ps − bi)min(Di, E)− bi max(E− Di, 0)

)
refers to the profit

that a buyer i can achieve from the auction market. In the equation, (1 − eγibi ) refers to the
probability that the buyer i could achieve the energy from the auction progress. Here, γi is
an auxiliary variable that determines the probability of successful bidding according to the
bidding price submitted by the buyer i. In addition, (ps − bi)min(Di, E) is the profit that
the buyer i achieved from the auction process. For the case that the buyer i successes the
bidding process, the buyer could achieve the monetary profit (ps − bi)min(Di, E) and get
the loss bi max(E − Di, 0) when the purchasing energy E is higher than required energy Di.
Furthermore, the last term −eγibi psDi is the cost that the buyer i has to pay when the buyer
fails in the auction.
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Case 1: For the case that a buyer i’s required energy Di is larger than purchasing energy
E, we could set the utility function of buyer i as follows:

Ui(bi) = (1 − e−γibi )
(
(ps − bi)E

)− e−γibi psDi. (7)

According to the second derivative result of the buyer’s utility function, it is possible
to check that the utility function is organized with the concave function. To find the optimal
b∗i that maximizes the profit of buyer i’s profit, we could differentiate the Equation (11) as:

∂U(bi)

∂bi
= γie−γibi (psE − biE)− (1 − e−γibi )E + e−γibi γi psDi = 0. (8)

Here, we could reorganize the formula as:

eγibi = 1 + γi(ps − bi) +
1
E
(γi psDi). (9)

According to the Taylor series equation, we could change eγibi = 1 + γibi +
γ2

i b2
i

2! +
γ3

i b3
i

3! + · · · . Here, we assume that values after γ3
i b3

i
3! are too small to be 0. Therefore, we

could find the optimal value through the following equation.

1 + γibi +
γ2

i b2
i

2
= 1 + γi(ps − bi) +

1
E
(γi psDi) (10)

(bi +
2
γi
)2 − 4

γ2
i
− 2ps

γi
− 2

Eγi
psDi = 0

∴ b∗i =

√
4

γ2
i
+

2ps

γi
+

2
Eγi

psDi − 2
γi

Case 2: For the case that purchasing energy E is larger than the buyer i’s required
energy Di, we could set the utility function as follows:

Ui(bi) = (1 − e−γibi )
(
(psDi − biE

)− e−γibi psDi. (11)

By differentiating the utility function, we could get the optimal bidding price as:

γie−γibi (psDi − biE)− (1 − e−γibi )E + γie−γibi psDi = 0 (12)

γie−γibi (2psDi − biE +
E
γi
)− E = 0

eγibi =
2psDiγi

E
− γibi + 1

1 + γibi +
γ2

i b2
i

2
=

2psDiγi
E

− γibi + 1 (13)

b2
i +

4bi
γi

− 4psDi
Eγi

= 0

(bi +
2
γi
)2 − 4

γ2
i
− 4psDi

Eγi
= 0

∴ b∗i =

√
4

γ2
i
+

4psDi
Eγi

− 2
γi

In this way, it is possible to predict the strategies of seller and buyers in the market.
Since we use the second price sealed-bid auction, each participant conducts a truthful
bidding according to the optimal value of its utility function. After participants decide their
strategy, the amount of transaction energy set by the seller is sold to the person who bids

7
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the highest price by paying the second highest bidding price. Here, information about the
whole of the participants’ strategy and transaction results are stored in the block.

3.2.2. Architecture of Smart Contract

Ethereum is a global, decentralized open-source blockchain featuring smart contract
functionality, where ether (ETH) in Ethereum is the cryptocurrency generated by Ethereum
miners as a reward for computations for adding blocks to the blockchain. The detailed
Ethereum architecture is illustrated in Figure 3. The term user in Figure 3 represents both
buyers and sellers who participate in a transaction. Correspondingly, when a user transacts
via Ethereum, the user must first connect to a node and refer to the Ethereum client through
a web browser powered by MetaMask [25].

Figure 3. Ethereum architecture.

The Ethereum clients, who have a distributed database and are interconnected to
the Ethereum Network, receive information when the block is created owing to a new
transaction. In other words, Ethereum clients are nodes of a blockchain network, called
blockchain nodes, which allow general users to connect to the blockchain. Users will be
able to obtain blockchain information or use smart contracts through the Ethereum client.
The smart contract is a script that implements the contents of a contract using the code and
allows the contract to be automatically fulfilled when the conditions are met. The smart
contract created by one user is stored in blocks through the Ethereum client. Therefore,
all nodes in the blockchain network have the same smart contract code. The process of
creating smart contracts includes the following:

• Smart contract coding: Code the contents of the contract you want to include in the
smart contract.

• Connect with Ethereum client: The written code is placed on the Ethereum virtual
machine (EVM) of the Ethereum client.

• Compile the implemented code: EVM byte code will provide the compilation result.
• Smart contract distribution: Add the compiled EVM byte code to the block as a

transaction and register to the blockchain.

8
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In this process, when the smart contract is registered to the blockchain, all Ethereum
clients on the blockchain will have the byte code of the smart contract. Then, the Ethereum
client will be able to run a registered smart contract on its EVM. Additionally, if a transaction
occurs, the content of a smart contract will change. Thus, after the transaction, other nodes
can access the smart contract so that they can change the content.

3.2.3. Transaction Process

Figure 4 shows the sequence diagram for the energy trading. In the energy trading
platform, some participants have superfluous energy that they wish to sell to the platform
as sellers, whereas others do not have sufficient energy to meet their demands and must
buy the shortfall from the platform as buyers. Specifically, first, the buyer defines and sends
Ether and code so that smart contracts can be created.

Figure 4. Sequence diagram for the energy trading.

A smart contract is run on top of the EVM. The terms of the transaction stored in
the smart contract are disclosed to everyone who can participate in the transaction. For
reliable transactions, sellers should prove the amount of energy they have. The amount of
proven energy is returned to the token, which is held by the seller. At this time, the token
is used only to prove the amount of energy without monetary value. If there is a seller
who has sufficient energy to sell as much as the buyer needs, the seller sends a token with
energy to the buyer. After the buyer receives the energy as required, it sends the completed
message receipt to the smart contract account. Finally, the smart contract delivers the ETHs
stored in the transactions to the seller. Simultaneously, the token sent to the purchaser is
extinguished.

Through this process, two participants can make a safe transaction without third-party
intervention, and this process is transparently recorded in the blockchain.

4. Model-Free Q-Learning

Model-free RL aims to achieve efficient control of the solar panel’s movement so that
the solar panel can collect the maximum energy when compensation is unknown. To design
the model-free RL algorithm, a Markov decision process (MDP) framework is considered,
which requires a description of states, actions, and rewards [20]. We consider the discrete
state and action spaces where the state and action refer to the current location of the solar
panel and the amount of angle to be moved. Here, the goal of the agent (i.e., solar panel) is
to learn the policy π, which allows the agent to choose actions that can maximize long-term
cumulative rewards (i.e., energy generation) where states are given.

9
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4.1. Markov Decision Process

The environment for the MDP consists of an agent, a BH1750 photo register, and a
solar energy battery capable of storing energy. In this study, we assume an environment
in which time is divided into consecutive fixed-length intervals. In each time interval, the
agent, which is a solar panel, determines the action. Here, we define a set of time steps
that identifies the intervals as T = {0, 1, 2, ...}. Then, the agent determines the action at
the next time step to maximize the expected cumulative rewards based on photo resistor
observation and previous experience. Specifically, the angle movement of the solar panel is
controlled through the stepper motor. Then, the chosen action is transmitted to the stepper
motor to control the angle of the solar panel. A detailed description of the states, actions,
and rewards for the proposed MDP framework is provided as follows.

State: State means the current location of the agent. The location of the agent in the t
time step is received as a scalar value of st. The set of states is denoted by S and marked as
S = {s1, s2, s3, ..., st}. We denote the state of the system in time step t as st, which is given
as follows:

st = [solar panel’s angle in time step t] (14)

Action: Action means the angle at which the motor must move at st. The action value
in the time step t can be expressed as a scalar value at. The set of actions is named A and
marked as A = {a1, a2, a3, ..., at}. Consider the state of the system in time step t denoted by
at, which is given as follows:

at = [angle to move in time step t] (15)

Reward: Reward R(st, at) obtained by taking action at at state st is the total amount
of energy that can be obtained from state st. Our goal is to maximize the total energy
generation, which can be expressed in a formula to maximize the expected rewards of the
solar panel.

R(st, at) = [amount of energy can be obtained in time step t]. (16)

4.2. Q-Learning

The state and action pairs (s, a) applied in this study are mapped through policy π
derived using Q-learning. Qπ(s, a) is the cumulative reward for taking action a from a state
s and follows policy π accordingly. Qπ is specified as follows:

Qπ(s, a) = E

[
∞

∑
t=0

γt
i R(st, π(st))|s0 = s, a0 = a

]
. (17)

where γi ∈ (0, 1), which is a hyper-parameter of the Q-function, is the discount factor.
Therefore, maximizing the cumulative reward is the same as finding a policy that maximizes
the Q-function. The optimized Q-function is called Q∗, which satisfies the Bellman equation.

Q∗(s, a) = R(s, a) + γi ·Es′ [max
a

Q∗(s′, a)]. (18)

The purpose of the Q-learning algorithm is to learn the optimal Q∗ in the observation
sequence (st, at, Rt+1, st+1). The optimal policy π∗ can be computed using Q∗ as follows:

π∗(s) = arg max
a

Q∗(s, a). (19)

The Q-learning algorithm was implemented as follows. At each time step t, the agent
updates the Q-function Qt as follows:

Q(st, at) = (1 − αt)Q(st, at) + αt(Rt + γi max
a

Q(st+1, at)), (20)
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where αt denotes the learning rate. If state-action pairs are sampled infinitely and under
suitable conditions on the learning rate, Qt will converge to the optimal Q-function Q [26].

As described in Algorithm 1, we set the parameter K as the time range representing
the daily energy collection time. Furthermore, ε is the hyper-parameter value of ε-greedy,
which indicates the probability that a solar panel randomly selects an action. As described
in the pseudocode, each episode consists of a one-day energy generation. t is the time
interval for calculating the reward. Therefore, in each time step t, the solar panel obtains
the current state and selects the action. There are two choices when selecting an action.
Exploring the policy may speed up training, but it may cause problems of falling into
a local optimum due to the inability to explore new routes. Therefore, we apply an e-
greedy method that can select a random action with a certain probability. After selecting
the action, the reward is calculated according to the state and action. Subsequently, the
Q-table is updated according to Equation (20). Then, we go to the next time step and iterate
this process.

Algorithm 1 Q-Learning based solar panel control method.

1: Setting K range
2: Initial γi, ε
3: Initial action-value function Q0 and t
4: for each episode do
5: while t ≤ K do
6: Get current state st
7: Select action

at =

{
random a, if probability ε,
arg maxa Q(st, at), else,

8: Execute action at
9: Calculate reward R(st, at)

10: State st transfer to the next state st+1
11: Update Q(st, at) according to (20)
12: Next time step t ←− t + 1
13: end while
14: end for

5. Implementation

Using the above scenario, we conduct an evaluation by implementing an actual testbed
that can generate and trade energy. In this testbed, we set two participants, the seller and
buyer in the platform, and conduct several tests for the case in which an actual energy
transaction could be made. The details of the tests are as follows: (1) Check the possibility
that it is possible to transfer the values to the stepper motor, which is obtained through
reinforcement learning. (2) Set the environment in which the stepper motor can operate the
solar panel module. (3) Evaluate whether energy is transferred between two participants.
(4) Check that the transmission is done, and ETHs are exchanged during the transaction
process. Furthermore, we implement the proposed system as web pages and mobile
applications so that users could perform transactions smoothly and obtain the necessary
information they needed.

5.1. Testbed Hardware

The proposed testbed uses an ‘SCM 5WA’ solar cell module (solar panel), ‘ESC 1206’
charge controller, and ‘KB 4.5 Ah 12 V’ battery. The 42-angle stepper motor ‘NEMA17’ is
used to move the solar panel. Additionally, the ‘L298N 1 channel’ is used to connect the
motor to Raspberry Pi. At this time, the ‘DC-DC BUCK/BOOST’ converter is used to adjust
the voltage because the voltage sizes are all different.
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It moves the stepper motor and controls the solar cell module through the action
values obtained through reinforcement learning. The controller stores the incoming energy
in the battery and manages the energy stored in the battery for use. Using this function of
the controller, the testbed checks that when the seller sends the specified amount of energy
to the buyer, all that energy is sent to the buyer. Additionally, it connected the LED light
bulb to the controller of the buyer to check whether the energy received from the seller can
be used immediately. Figure 5 shows the blueprint of our energy transaction. Furthermore,
Figure 6 is a real testbed that we implemented.

Figure 5. Blueprint of controllers in testbed.

Figure 6. Testbed of platform.

5.2. Software

The proposed testbed uses Solidity to write the terms of the smart contract as repre-
sented in Algorithm 2 and proceeds with the transaction.

To proceed with Ethereum’s deal, the user needs a personal wallet, and the user uses
MetaMask [25], Google’s extension program that allows users to safely manage Ethereum’s
personal wallet. MetaMask can only be used with Chrome, a PC browser; therefore, the
proposed testbed creates a web page for energy trading to enable smooth trading. Energy
generation is simulated using Python 3.7. We implement Algorithm 1 using Python and
control the action value obtained from it.
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A web page, which provides the real deal experience implemented in Figure 7a, gives
the user the real-time price of Ethereum, the number of Ethereum and token users, and
the address of the user’s personal wallet. In Figure 7b, a compartment enters the amount
of energy a user wants to purchase. If the order quantity is entered, the price will be
automatically converted. When the user presses the “Purchase of Energy” button, a pop-up
window appears informing them that the energy transaction will be performed at Figure 7c.
When the deal is processed, it appears that MetaMask is executed as shown in Figure 7d
and Ethereum will be sent to the seller’s wallet. Upon the approval of the transaction, it
may be confirmed that transaction approval is conducted as shown in Figure 7e,f and then
completed. Following this process, the number of Ethereum and tokens currently in use
are updated in real time.

(a)

(b)

Figure 7. Cont.
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(c)

(d)

Figure 7. Cont.
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(e)

(f)

Figure 7. Process of energy trading in web page. (a) Real time user’s information; (b) Purchase
section; (c) Purchase progress pop-up window; (d) Ethereum transaction preview; (e) Transaction in
progress; (f) Transaction completion.
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Algorithm 2 Transaction Condition in Smart Contract.

1: if Seller’s energy is bigger than Buyer’s requirement then
2: build smart contract
3: while Exist Energy do
4: while Exist token do
5: if Check balance of token then
6: if Check balance of Ether then
7: swap token and Ether
8: record transactions on the blockchain
9: end if

10: end if
11: end while
12: end while
13: end if

In the case of the proposed testbed, we implement an Android mobile application
using Android Studio, Java, and Etherscan for the convenience of market participants.
However, because MetaMask’s characteristics make transactions impossible on mobile
devices, the application mainly serves to provide information to the user. Figure 8a is
the main page of the mobile application showing the current Ethereum’s market price.
Additionally, Figure 8b provides contract address information and does not provide the
user’s account address because MetaMask cannot be installed on a mobile device. In
Figure 8c, the price can be verified by entering the desired quantity of purchases. Here,
Figure 8d shows a graph of price and volume. Finally, by entering the user account address
information shown in Figure 8e, we can check the user’s transaction history as depicted in
Figure 8f.

After conducting actual energy transaction simulations using the hardware testbed
and web page, we could check that the energy is moved. Additionally, the LED light bulb
is checked through the energy received and it is proved that the energy received could be
used, and the Ethereum exchanged through the transaction is reflected and recorded in
real time.

(a) (b) (c)

Figure 8. Cont.
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(d) (e) (f)

Figure 8. Provided information in mobile application. (a) Main page; (b) Contract address; (c) Market
price; (d) Price with volume; (e) Account lookup; (f) Transaction history.

6. Evaluation

To analyze the performance of the proposed system, we conduct a simulation by
adjusting various parameter variables. Furthermore, the proposed system is compared
with other algorithms to determine whether it is effective. To proceed with the simulation,
we generate solar energy from several buildings at KAIST over a long time and used this
value as the actual training data.

Figure 9 is the result of ten tests each with various parameter values, averaging the
amount of solar energy that can be generated per day as a result. In Figure 9a, we see that
8000 episodes are needed to achieve optimal learning effects. Additionally, Figure 9b shows
that the learning rate α is the best parameter value of 0.1. However, Figure 9c shows that
the discount factor γi does not have a significant impact on the training result.

(a) (b) (c)

Figure 9. Adjusting parameters according to the amount of solar energy generated per day. (a) Ad-
justing number of episode; (b) Adjusting learning rate; (c) Adjusting discount factor.

Several algorithms are compared to analyze the performance of the proposed system.
(1) A static panel that generates energy without moving the panel. (2) Regular panels move
at the same angle every time and generate energy. (3) The heuristic panel moves in such
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a way that it can generate the most energy during that period. Finally, (4) the proposed
system moves according to the completed Q-table and generates energy.

The simulation results compared to the various systems are shown in Figure 10. The
proposed system generates 35% and 16% more energy than the fixed and regular panels,
respectively. Additionally, the heuristic algorithm, which moves to the optimal location,
collects 0.06% more energy than the proposed system, indicating that there is no significant
difference in energy collection.

(a) (b)

(c) (d)

Figure 10. Simulation result. (a) Compared with static system; (b) Compared with regular system;
(c) Compared with heuristic system; (d) Total amount of generated energy.

However, the proposed system no longer needs to train once the Q-table converges.
Therefore, we believe that the proposed system will be more effective than a heuristic
algorithm that should continue checking the energy collection. As a result, we have
confirmed that the proposed system is effective in terms of solar panel generation compared
with the other operation methods by comparing the energy generation rates and their
effectiveness.

To analyze the profits of each market participant according to the auction progress,
we pre-determine the value of variables and progress the numerical simulation results.
For the sales, electricity rate Csell and future expected cost Cop are set to KRW 0.1 and
KRW 0.5. In addition, battery efficiency η is set to 0.9, and the amount of energy generated
by each time period is set to be located between 1–10 kWh. In the case of the buyer, the
price of electricity purchased through the conventional market is set to 0.08–0.24 per kWh
considering the progressive billing system in the Republic of Korea. In addition, we set the
average amount of electricity required for each time period to 5 kWh for the target of the
small-scale power consumer. At this time, numerical simulation results are progressed to
analyze the strategies of each market participant.

As depicted in Equation (5), a value of battery efficiency is related with the seller’s
decision. Here, low efficiency means a large energy loss in storing progress, so sellers take
a strategy to sell energy rather than store it. According to Figure 11a, when the battery
efficiency is less than 0.2, it can be confirmed that the seller is taking a strategy to sell the

18



Sensors 2022, 22, 2410

whole energy as the financial profit when storing progress is relatively low. In addition, the
seller’s strategy according to the relative electricity rates is shown in Figure 11b. Here, an
increase in the value of the auxiliary variable α means that the current energy sale price
Csell increases or the future expected price Cop decreases. In this case, it can be seen that the
seller takes a strategy to sell more energy at the present time and try to reduce the energy
stored.
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Figure 11. Determination of transaction ratio of seller according to environmental changes. (a) Com-
pare with static system; (b) Compare with static system.

For the case of the buyer, their strategies are related with the amount of transaction
energy, which is determined by the seller. When the transaction energy E is greater
than a buyer i’s required energy Di, the buyer pays an unnecessary cost as mentioned in
Equation (6). To prevent such a problem, the buyer tries to reduce the bidding price as the
amount of energy in the auction increases, as depicted in Figure 12a. Here, the buyer’s
bidding price is closely related to the amount of energy in the auction, but also closely
related to the success rate according to the bidding price. The fact that the higher value
of the auxiliary variable γi means that the probability of successful bidding is increased
even at the bidding price of the buyer i is low. Therefore, when γi increases, the bidding
price tends to decrease as depicted in Figure 12b. In addition, buyer’s bidding price is also
affected by the electricity price as argued in Equations (10) and (12). From these equations,
it is possible to estimate that the buyer’s bidding price tends to increase proportionally
according to the increment of market price.
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Figure 12. Determination of bidding cost of buyer i according to environmental changes. (a) Com-
pared with static system; (b) Compared with static system.

Furthermore, we verify that energy trading is going smoothly with our testbed. On
the implemented platform, when the buyer purchases energy from the seller, the energy
moves from the seller to the buyer, as shown in Figure 13. To check whether the energy
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moved, we mount an LED sensor on the buyer’s testbed. We confirm that energy trading
occurs by checking that the LED sensor is lit up as much as the energy received when the
buyer receives the energy.

Figure 13. Energy trading test.

7. Conclusions

This study proposes a solar energy generation and transaction platform (EggBlock)
using blockchain technique. The proposed EggBlock platform can maximize solar energy
generation by controlling the angle of generator, and balance the power supplement by
utilizing the proposed energy transaction scheme. Through the various simulation results,
we showed that the dynamic panel control mechanism on the EggBlock converges well to
the optimal directions with short iterations, which results in an average energy generation
gain of 35%. In addition, in the energy trading, we also analyzed the strategies of each
market participant according to the changes in the electricity price and environment of the
actual power system. In our future study, the uncertainty of solar energy generation should
be considered both in the energy trading and generation to address the practical concerns.
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Abstract: Time synchronization is one of the most fundamental problems on the internet of things
(IoT). The IoT requires low power and an efficient synchronization protocol to minimize power
consumption and conserve battery power. This paper introduces an efficient method for time
synchronization in the IoT called low-power multi-hop synchronization (LPSRS). It employs a
reference node scheduling mechanism to avoid packet collisions and minimize the communication
overhead, which has a big impact on power consumption. The performance of LPSRS has been
evaluated and compared to previous synchronization methods, HRTS and R-Sync, via real hardware
networks and simulations. The results show that LPSRS achieves a better performance in terms
of power consumption (transmitted messages). In particular, for a large network of 450 nodes,
LPSRS reduced the total number of transmitted messages by 53% and 49% compared to HRTS and
R-Sync, respectively.

Keywords: HRTS; IoT; LPSRS; low power; R-sync; scheduling; time synchronization

1. Introduction

The internet of things (IoT) plays a remarkable role and makes the quality of our life
efficient. It has been extensively studied and developed in recent years. The IoT is generally
applied to many areas, including healthcare, transportation, wireless networks, and indus-
try. The wireless sensor nodes (WSNs) are one of the prime parts of IoT applications. They
face many challenges to exchange information and cooperate in wireless applications [1,2].
One of these challenges is power consumption. Generally, sensor nodes are frequently
battery-powered in most IoT applications. To reduce the battery power consumption and
increase the battery lifetime, sensor nodes switch between active and sleep modes. To wake
up sensor nodes at a predetermined time, most of them require time synchronization [3,4].
Sensor nodes, as a result, require trust and reliable synchronization [5].

Sensor nodes are frequently equipped with a relatively inexpensive hardware clock
oscillator [6]. As a result, reliable time synchronization for such sensor nodes is more
difficult [7]. Time synchronization of such wireless networks with such sensor nodes can-
not be well-preserved for an extended period of time unless an accurate synchronization
technique is performed on a constant schedule [7]. In time division multiple access (TDMA)
networks, a node’s wake-up time might be completely erroneous due to a lack of synchro-
nization, resulting in severe network connectivity failure. Therefore, time synchronization
is considered an essential and important aspect of the sensor nodes’ operations. It offers a
common reference time for all sensor nodes in the entire network [8,9].

Generally, to keep the whole network well synchronized and to minimize time offsets
caused by clock drift, all sensor nodes should require continuously exchanging timing
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messages [10]. Exchanging timing messages between the nodes is commonly utilized
for time synchronization in sensor node networks. Since the transmission of messages
usually accounts for most of the power consumption, frequent synchronization significantly
increases power consumption [5,8]. Generally, time synchronization in IoT sensor nodes has
two main problems: (1) communication overhead, which can be represented by the number
of transmitted messages, and (2) accuracy. Both of these problems lead to a significant rise
in power consumption [4,9].

Several protocols for sensor node synchronization have been developed. These pro-
tocols have been developed to synchronize all nodes in large networks [11]. The majority
of these protocols aimed to enhance synchronization accuracy at the expense of higher
communication overhead [2,4]. On the other hand, there are a few proposed protocols that
are interested in reducing power consumption by reducing overhead connections [4,9].
Moreover, due to frequent collisions, these protocols suffer from message loss. Collisions
have an effect on power usage and may result in synchronization failure [5,7].

All of these issues and problems motivate us to establish the low-power synchroniza-
tion based on reference node scheduling (LPSRS) for IoT. It can save an amount of energy
by reducing the number of timing messages sent between sensor nodes. Furthermore,
LPSRS implements a technique that fully and completely prevents node collisions during
the time synchronization process. According to experimental results and simulations,
the performance of LPSRS has been extensively investigated compared to HRTS [12] and
R-Sync [9]. The results demonstrate that LPSRS reduces the total number of transmitted
messages by 53%, 49%, and 13% compared to HRTS, R-Sync, and FADS, respectively, and,
thus, LPSRS can minimize the power consumption for time synchronization in the IoT.

The remainder of the paper is structured as follows: We address the related work in
Section 2, while the preliminaries and system model of LPSRS are described in Section 3.
Section 4 elaborates on the operations of LPSRS. Section 5 presents the experimental and
simulation setup and discusses the results. This is followed by the simulation results.
Finally, in Section 6, we conclude our work.

2. Related Work

Sensor nodes’ time synchronization has been extensively researched over many
decades. Many methods for clock synchronization have been proposed in the literature,
all of which seek to reduce power consumption by improving accuracy and lowering
communication overhead.

The flooding time synchronization protocol (FTSP) [13] pursues to minimize the error
of synchronization by using the least square linear regression (LSLR) to compensate for
the clock drift. Lenzen et al. have reported that the global synchronization error of FTSP
rises exponentially with the size of the network [14,15]. They, then, propose a scalable
technique called PulseSync, which can quickly flood the timing information all over the
network [14]. Yildirim et al. indicated possible drawbacks of quick flooding and suggested
a clock speed agreement algorithm. He proposed flooding with clock speed agreement
(FCSA) [6] and an adaptive value tracking synchronization (AVTS) [16]. FCSA and AVTS,
however, need many messages which increase the chance of collision and result in excessive
power consumption [11].

The reference broadcast synchronization (RBS) [17] is typically a receiver-to-receiver
protocol (RRP). By excluding the transmitter’s delays from the offset computations, it
improves the accuracy of the time offset estimate. In RBS, however, it sends a large number
of messages in each cycle of the synchronization [7]. This leads to two different problems:
a high chance of collision and excessive power consumption. Gong et al. developed
the energy-efficient coefficient exchange synchronization protocol (CESP) to solve these
issues [18]. Compared to RBS, it makes use of the synchronization coefficient to relatively
reduce communication costs. CESP, on the other hand, is based on a stationary reference
node and, thus, absorbs a lot of energy [9].
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In [19], the timing-sync protocol for sensor networks (TPSN) was introduced. Al-
though TPSN has good scalability, it requires regular resynchronization [20]. Furthermore,
because of the enormous number of message exchanges required by TPSN, it consumes a
lot of power [7]. Hierarchy reference broadcast synchronization (HRTS) [12] contains three
stages that are repeated at every hierarchical level all over a multi-hop network. In HRTS, it
is presumed that each node is aware of its adjacent neighbors. Despite being a scalable and
lightweight protocol, HRTS has two drawbacks: high communication costs and excessive
collisions [11].

M. Elsharief et al. introduced a synchronization technique called FADS [7]. FADS
uses a scheduling technique to organize message transmission among sensor nodes, which
reduces the number of collisions. FADS reduces latency by speeding up the scheduling
process. During the scheduling process, FADS, however, requires a relatively large number
of message transmissions, which consumes a lot of power [21].

The robust time synchronization (R-sync) for the industrial internet of things (IIOT)
was also introduced in [9]. It focuses on locating and reconnecting the network’s isolated
nodes that have lost synchronization [22]. Despite the reality that R-sync needs fewer
messages than TPSN, it lacks a collision avoidance technique.

In contrast to previous approaches, average time synchronization (ATS) [23] is a fully
distributed method. To calibrate its compensation parameters, ATS employs a cascade of
two consensus methods, and it allows nodes to converge to a steady-state virtual clock [5].
However, ATS suffers from frequent collisions, which might result in synchronization
method failure [7]. To address the aforementioned shortcoming of ATS, the selective
average time synchronization (SATS) [24] protocol has been suggested. It employs a
dynamic programming method to increase the speed and accuracy of convergence in sparse
WSNs. It achieves faster convergence than other protocols (ATSP [25] and CCS [26]). SATS,
on the other hand, increases the number of transmitted messages since each node in SATS
must forward every received message [27]. Based on ATS, the multi-hop average consensus
time synchronization protocol (MACTS) [28] has been proposed. To improve the algebraic
connectedness of the large-scale network, it leverages the notion of virtual communication
linkages among multi-hop nodes. MACTS, like SATS, must send additional messages
throughout the synchronization process. Message forwarding in large-scale networks, such
as MACTS, can be delayed due to congestion among surrounding nodes [27].

The notion of density-based scheduling was introduced in [29], which can minimize
overhead by reducing the number of reference nodes. It may, nevertheless, experience
reception failure as a result of frequent packet collisions. Furthermore, it frequently suffers
from coverage issues since it does not ensure the synchronization of some nodes that are
not within the wireless range of any chosen reference nodes [7]. In [21], the low-power
scheduling for synchronization protocol (LPSS) was introduced. It is a free collision m
method. LPSS reduces the number of messages and accelerates the scheduling process. It,
however, does not provide a synchronization scheme. In [30], Geo-TimeSyc was proposed.
Geo-TimeSyc partitions the network into separated regions to avoid concurrent transmis-
sion of neighboring nodes. It reduces the probability of collisions [31]. As Geo-TimeSyc
is implemented with RBS, it needs a large number of message exchanges. Recently, we
proposed an energy-efficient synchronization technique called EERS [4]. It is a free collision
protocol. Although ERRS substantially reduces energy consumption, it is only suitable for
networks in which the nodes’ locations are known.

From a thorough analysis of prior studies, we found that most of the prior techniques
suffer from a serious problem of high power consumption. Hence, it is highly challenging
to provide low-power synchronization. This problem motivates us to find a new technique
to resolve it. Our approach, LPSRS, uses a scheduling method of [21] that tries to cover all
nodes with as few reference nodes as possible. Then, it applies the synchronization scheme
to synchronize all nodes in the entire network. LPSRS can save a large amount of energy by
minimizing the usage of messages were sent and preventing collisions. As a result, LPSRS’s
contributions can be summarized in the following points:
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(1) LPSRS substantially reduces transmission overhead (number of transmitted messages),
thereby lowering power consumption.

(2) LPSRS utilizes a scheduling approach to address the collision issue, which can reduce
power consumption.

(3) LPSRS is constructed into a real wireless sensor network with different configurations
and an extensive simulation with large-scale networks.

3. Preliminaries

3.1. System Model

A sensor network is designed as a graph G = (V, E) consisting of a set of vertices,
V = {1, 2, . . . ., . . . , N}, representing the sensor nodes and a set of edges, E ⊆ V × V,
representing the two-way communication links among the nodes. We refer to the nodes
located within the wireless range of a node i ∈ V as the neighbors of node i. These neighbor
nodes of node i are denoted by V(i) = {j ∈ V|{i, j} ∈ E}. Each node in this article has
its own unique ID number (≥ 1) as well as a hardware clock. Simply for the purpose of
clarity, we assume that the network is fixed and the communication between the nodes is
fully reliable. Besides, we also presume that each node is supplied with an omnidirectional
antenna and has a steady wireless range of an r meter radius. Moreover, we assume that
the sink node recognizes all neighbor nodes of every node in the network [21].

3.2. Message Format

LPSRS utilizes two types of messages: the first one is used for the scheduling process,
while the other one is used for the synchronization process. The first scheduling message
includes the following fields:

(1) DestAddr: a destination address of the message.
(2) MesN: a number of split messages of the scheduling message. Its default value is 1.
(3) SrcID: a unique identifier of the sender.
(4) Type: the type of message is Sch (i.e., scheduling message).
(5) RefNodes: list of reference nodes.
(6) SchSlots: list of scheduled time slots.
(7) SeqN: sequence number of the scheduling messages. Its default value is 0.

Meanwhile, the synchronization message has the following fields:

(1) DestAddr: the destination address of the message.
(2) SrcID: the unique identifier of the sender.
(3) SID: specified reference node. Its default value is −1.
(4) Type: the type of messages, including Sync1, Sync2, and Sync3.
(5) SeqN: sequence number of the synchronization messages. Its default value is 0.
(6) RT: the timestamp at the moment of receiving Sync1. Its default value is −1.
(7) TS: the timestamp at the moment of sending Sync2. Its default value is −1.
(8) RefT: the timestamp of the reference time when receiving Sync3. Its default value is −1.
(9) OF: the offset value when sending Sync3. Its default value is 0.

4. LPSRS Algorithm

LPSRS objects to decreasing power consumption while synchronizing the whole
WSN. It actually uses a scheduling methodology that tries to cover as many nodes as
possible with a small number of reference nodes. LPSRS consists of two processes: (1) the
scheduling process and (2) the synchronization process. The scheduling process runs only
during the configuration phase or when the network topologies are significantly altered.
It offers a low-power approach to the aim of guaranteed synchronization for a tree-based
network topology without collisions. Meanwhile, the synchronization step is repeated
on a regular schedule with a Psyn interval to keep the time offset of all nodes within an
allowable threshold.

26



Energies 2022, 15, 2289

4.1. Scheduling Process

In this section, we explain in detail the scheduling algorithm, which aims to reduce
communication costs while ensuring that all nodes in a tree-based network topology
are completely covered. The suggested solution provides each reference node a distinct
allocated time slot, ensuring that the synchronization operation is performed at a distinct
time slot to avoid collisions.

We simply describe the core idea of the scheduling algorithm. Since finding the
minimum list of connected reference nodes is an (NP)-hard problem [32], we simply use
the breadth-first search (BFS) method to approximately find the minimum set of reference
nodes. BFS is a method for traversing the graph layer. The total time complexity of BFS is
O(E + V) [33]. As the sink node (predefined node) has complete awareness of the system
architecture, it simply uses BFS to identify the level of each node in the network. As shown
in Figure 1 and Algorithm 1, the sink node begins from the sink node and finds out all the
adjacent nodes at the current depth before moving on to the nodes at the next depth level
(lines 8 to 12). The sink also determines all reference nodes, Re f Nodes, and their scheduled
time slots, SchSlots (lines 13 to 18). Here, Re f Nodes are the nodes responsible to spread
time messages to all nodes in the network. To prevent reusing the same reference node,
we set Parent f lag[j] to a true value (line 15). Next, all reference nodes and their related time
slots are listed in the scheduling message. The scheduling message is then broadcast to all
nodes in the network. To finish the synchronization process, each reference node uses its
assigned time slot [21].

 

• Assign sink node as the first reference 
node with the first time slot.

• Enqueue sink node.

Is the queue 
empty?

• Remove the node from the queue.

• Point to the first node in neighbor nodes 
list .

At the end of 
neighbor list

Has the node 
already 

covered?

• Move to the next node in the neighbor list.

• Consider the node is covered.
• Assign a parent to the node.
• Enqueue the node.

Has the node 
chosen as 

parent

• Add the node to the reference 
nodes list.

• Assign a time slot to the node.
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• Send the scheduling 
message.

no
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yes

yes

no

no

no

Figure 1. Scheduling process’s flow chart.
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Algorithm 1: LPSRS pseudo-code for the scheduling process (sink node only).

Initial : Q ← ∅, CoverNodes f lag[ ] ← f alse, cnt ← 0, NodeParent[ ] ← ∅, Parent f lag[ ] ← f alse
1. s ← sink node
2. Re f Nodes(1) ← s
3. Schslot(1) ← 0
4. CoverNodes f lag[s] ← true
5. enqueue(Q, s)
6. while (Q! = Null) do

7. current i ← dequeue(Q); // Remove i form queue
8. for (every edge (i, j) ∈ E) do

9. if
(

CoverNodes f lag[j] == f alse
)

Then

10. CoverNodes f lag[j] ← true
11. NodeParent[j] ← i
12. enqueue(Q, j)
13. if

(
Parent f lag[i] == f alse

)
Then

14. Re f Nodes(cnt) ← i
15. Parent f lag[j] ← true
16. SchSlots(cnt) ← cnt
17. cnt ← cnt + 1
18. end if

19. end if

20. end for

21. end while

22.
send scheduling message
<0xFFFF, s, Sch, MesN, RefNodes, SchSlots, SeqN>

When a node receives a scheduling message, it applies Algorithm 2. Each node
responds only if its ID has been stored in Re f Nodes (lines 5 to 10). Then, it preserves the
typically associated time slot, mySchslot. For each reference node, the waiting timer is
initially started (WT) as soon as it receives the scheduling message. The value of WT can
be computed as below:

WTvalue = mySchslot − SchslotSrcID (1)

Here, WTvalue is the amount of time each reference should wait before transmitting
the scheduling message. SchslotSrcID and mySchslot are the sender’s time slot and the
current reference time slot, respectively (lines 12 to 15). The current reference transmits the
scheduling message to its nearby nodes as soon as WT eventually expires (lines 17 and
18). Additionally, each reference node examines the sequence number field, SeqN, to avoid
sending the scheduling message multiple times. If the SeqN of the current message is less
than or equal to the SeqN of the previous message, every reference node does not forward
the message. It only adds the SrcID of the sender node to its reference nodes neighbor list
(lines 2 to 4). The reference nodes neighbor list is used by the synchronization process as
described in Section 4.2.

For a large network, if the size of Re f Nodes and SchSlots exceeds the maximum packet
size, the scheduling message is divided into multiple small messages, MesN. Besides, the
assigned time slot width of each reference node is increased to avoid collisions. It will
be equal to MesN times the time slot width. For example, if the maximum packet size is
50 bytes, the assigned time slot is 10 ms, and Re f Nodes and SchSlots’s sizes are 80 bytes,
the scheduling message is split into two messages, MesN equals 2, and the time slot width
is increased to be 20 ms.

In this paragraph, we clearly demonstrate an example of the suggested technique
using the network represented in Figure 2. As illustrated in Figure 3, the sink node, S,
employs Algorithm 1 to construct a tree. It actually finds that the reference nodes are S
(sink node), B, C, I, and F and that their allocated time slots are 0, 1, 2, 3, and 4, respectively
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(lines 6~21). Then, the sink node builds and broadcasts the scheduling message to its
neighbor nodes (line 22). As a result, S fills the scheduling message as follows.

Algorithm 2: LPSRS pseudo-code for the scheduling process (all nodes).

Initial : cnt1 ← 0, cnt2 ← 0, send f lag ← f alse , SeqN ← 0 , mySchsSlot ← 0
1. � Upon receiving Scheduling Message

2. if(Received SeqN ≤ SeqN) Then

3. add SenderID to Re f Neighbors list
4. end if

5. if (NodeID is in Re f Nodes) Then

6. cnt1 ← position of NodeID in Re f Nodes
7. mySchsSlot ← SchSlots(cnt1)
8. cnt2 ← position of SenderID in Re f Nodes
9. SchSlotSrcID ← SchSlots(cnt2)
10. end if

11. WaitingTime ← (mySchSlot − SchSlotSrcID)
12. if (WaitingTime > 0 and send f lag == f alse) Then

13. send f lag ← true
14. Setup waiting timer WT(WaitingTime)
15. end if

16. SeqN ← Received SeqN
17. � Upon WT expires

18.
send scheduling message
<0xFFFF, NodeID, Sch, MesN, RefNodes, SchSlos, SeqN>
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0xFFFF  Sch 1  0,1,2,3, and 4 1 

Upon receiving the scheduling message, each node uses Algorithm 2 to check the SeqN
(line 2). Here, the SeqN = 1, which is greater than the previous SeqN (default value = 0). As
a result, each node examines whether or not it has been designated as a reference node. If it
is a reference node, it sets its scheduled time slot to mySchSlot and starts WT (lines 5~20).
After the timeout expires, it sends the received packet. (Line 22). Node C, for example, is
designated as a reference node, and the time slot is 2. C then determines its waiting time,
which is equal to 2. (2 (C’s mySchSlot)–0 (SchslotSrcID(sender node))). Next, C delivers the
received message to its adjacent nodes just as soon as the waiting timer expires.

4.2. Synchronization Process

In this section, we investigate and discuss the periodic synchronization process steps
in detail. We conduct the synchronization process frequently, with a time period of Psyn
to conserve the time offset of all nodes within a suitable range (depending on the appli-
cation). Once the scheduling process selects all reference nodes and their time slots, the
synchronization process begins with the sink as the first reference node. The sink node’s
time is considered the reference time to all surrounding nodes. The synchronization process
consists of three simple steps that are repeated in each hierarchical level over a multi-hop
network. Since each reference node has its own time slot, Schslot, it should perform the
synchronization process within the scheduled time to avoid collisions. The synchronization
process of LPSRS occurs in a single broadcast domain. R is the reference node, SIR is the
specified reference node, and K represents the other neighbor’s nodes of R. Algorithm 3
and Figure 4 show how to estimate the total offset for frequent synchronization. In the first
step, at time T1,R, the R = sink node broadcasts synchronization message number 1 (Sync1)
to all its surrounding nodes. Sync1 includes the specified reference node, SIR, that has
been randomly pre-selected (from the reference nodes neighbor list) by SIR to send back a
response (line 1 to 6).

 

_ _ _ _ _ _ _ _ _ _ _  _ _ _ _ _ _ _ _ _ _ _ _ _ _ _ _  
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Figure 4. The synchronization process of LPSRS in a single broadcast domain. R is the reference
node, SIR is the specified reference node, and K represents the other neighbor’s nodes of R.

Every node k ∈ U(R) saves the time stamp, T2,k for the arrival time of Sync1 (line 9).
Here, U(R) denotes a group of nearby nodes inside the wireless range of R. Next, SIR
sends synchronization massage 2 (Sync2) back to R. Sync2 contains the arrival time of
Sync1, T2,SIR, as well as the time stamp for the transmit time, T3,R, of Sync2 (line 10 to 13).
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Once R gathers all time stamps T1,R, T2,SIR, T3,SIR, and T4,R (the time right after receiving
Sync3), R estimates the offset by

OR,SIR =
(T2,SIR + T3,SIR)− (T4,R + T1,R)

2
(2)

Here, OR,SIR is the offset between R and SIR. R then broadcasts a synchronization
message number (Sync3) to all its neighbor nodes, k ∈ U(R), which contains time T2,SIR
and Or,SIR (line 18 to 23). Each node, k, in U(R) receives Sync3 and checks the sequence
number, SeqN. It only reacts if the current SeqN in the message is higher than the previous
one. Then, (line 26) it estimates the offset difference between SIR and k, OSIR,k, according
to SIR by

OSIR,k = T2,SIR − T2,k (3)

Then, (line 27) every node, k, determines its total offset, OR,k, as

OR,k = OR,SIR + OSIR,k (4)

Here, OR,k is the offset difference between R and k. Finally, each node, k, compensates
its local time by subtracting the total offset, OR,k, from its old local time, Told

k , using

Tnew
k = Told

k − OR,k (5)

where Told
k denotes the old local time, and Tnew

k is the new local time of node k (line 28). After
all, the reference nodes within the wireless range of the sink node become synchronized and
each reference node initiates the synchronization timer (ST) to repeat the same procedure
until no further node can be synchronized (line 30 to 34). Each reference uses its time slot,
Schslot, to avoid message collision.

For more clarification, we show an example of the synchronization method considering
the depicted network in Figure 4. In the beginning, all nodes use Algorithm 3 for the
synchronization process, and S fills the synchronization message (Type: Sync1) as follows.

Next, it broadcasts Sync1 to all its neighbor nodes at the time T1,S. Since it has a list of
neighbor reference nodes (B and C), it selects node B to be the responder (lines 1~7).

All nodes (B, A, D, and C) receive Sync1 and keep the arrival time of Sync1 (T2,B, T2,A,
T2,D, and T2,C) (line 9). Next, each reference node (B and C) starts its own ST (lines 14~17).
Node B sends back Sync2 to node S. Sync2 consists of the arrival time of Sync1, T2,B, as
well as the time stamp for the transmit time, T3,B, of Sync2 (lines 10~13). Node B sets the
synchronization message as follows.

As soon as node S receives the Sync2, it records the arrival time of Sync2, T4,s. Then, it
calculates the offset using (2) and broadcasts Sync3 to all its neighbor nodes (lines 19–23).
In addition, S fills the synchronization message (Type: Sync3) as follows.

Nodes (B, A, D, and C) receive Sync3 and check SeqN. They find the SeqN = 1 is
higher than the previous one (default value = 0). Then, they estimate their offset and
compensate their local time using (3), (4), and (5) (lines 25 to 29).
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Nodes B, C, I, and F repeat the same process after their ST expires (lines 31 to 34).
The synchronization process requires only three broadcast messages per reference node,
regardless of the network size or density. Additionally, the scheduling process reduces
the set of reference nodes. Thus, LPSRS can significantly reduce the number of message
exchanges and is, therefore, well suited for low-power applications.

Algorithm 3: LPSRS pseudo-code for the synchronization process.

1. if (NodeID = sink node) Then

2. R ← sink node
3. SIR ← select rondlmly f romRe f Neighbors list
4. SeqN ← 1
5. T1,R←ReadCurrent Time

6.
send Sync1

< 0xFFFF, R, SIR, Sync1, SeqN,−1,−1,−1, 0 >
7. end if

8. � Upon receiving Sync1
9. T2,k ← Read Current Time // k represents all neighbor nodes of R
10. if (NodeID == SIR) Then

11.
T2,SIR ← T2,k

T3,SIR ← Read Current Time

12.
send Sync2

< R, NodeID,−1, Sync2, SeqN, T2,SIR, T3,SIR,−1, 0 >
13. end if

14. if (NodeID is in Re f Node) Then

15. WaitingTime ← (mySchSlot − SchSlotSrcID)
16. Setup Synchronization timer ST(WaitingTime)
17. end if

18. � Upon receiving Sync2
19. if (NodeID == R) Then

20. T4,R ← Read Current Time
21. OR,SIR ← ((T2,SIR + T3,SIR)− (T4,R − T1,R))/2
22. send Sync3< 0xFFFF, R,−1, Sync3, SeqN,−1,−1, T2,SIR, OR,SIR >
23. end if

24. � Upon receiving Sync3
25. if (Received SeqN > SeqN) Then

26. Ok,SIR ← T2,SIR − T2,k
27. OR,k ← OR,SIR + ONodeID,SIR
28. Tnew

k ← Told
k − OR,k

29. end if

30. � Upon ST expires

31. R ← NodeID
32. SIR ← select rondlmly f rom Re f Neighbors list
33. T1,R ← ReadCurrent Time

34.
send Sync1

< 0xFFFF, R, SIR, Sync1, SeqN,−1,−1,−1, 0 >

5. Experimental and Simulation Results

In this section, we present our achieved experimental results, followed by the simula-
tion results. We have used the number of transmitted messages in each protocol during
the synchronization process as the performance metric. Before discussing and explaining
the experimental results, as described below, we show how the number of transmitted
messages is the key performance indicator related to power consumption.

5.1. Power Consumption Analysis

In general, to analyze power consumption, we focus on the major power consumption
caused by packet transmission and reception on sensor nodes. To save energy, wireless
networks often cycle between sleep and active modes. As a result, power consumption is
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roughly proportional to the number of broadcasts and received packets, assuming a MAC-
layer protocol that reduces idle listening time. Besides, wireless networks are broadcast
domains [34]. As a result, for each broadcast, there are many receptions. Assume we have
a wireless network with N nodes that is equally distributed, with each node surrounded
by m nodes. The total power consumption, PT , can be expressed by transmission power,
PTX , and reception power, PRX , as defined by

PT = A(PTX + mPRX)

(
L
D

)
(6)

where A indicates the number of transmitted messages, L indicates the trace length in
seconds, while D indicates the duration of the message. The PRX has different modes. For
example, NXP’s MCU with the RF transceiver chip KW01Z128 [35] has different modes. At
the highest mode, the PRX is almost equal to PTX . On the other hand, at the lowest mode,
PRX is around 0.2 of PTX . In this article, for sake of simplicity, we have chosen PRX ≈ PTX .
Since PRX, is almost equal to PTX [35], we can, therefore, simplify (6) into

PT = A
PTX L(m + 1)

D
(7)

According to (7), power usage is dependent on the number of messages sent, since the
number of transmitted messages has a big impact on power consumption. In addition, we
analyze the required number of the transmitted messages, M, for each protocol [35].

In R-sync, each node transmits a message to help build the spanning tree. The number
of sent messages in the network is three times greater than the number of referenced links
at the start of the time synchronization procedure. Additionally, there are further required
messages for pulling isolated nodes. Thus, the total number of transmitted messages of
R-Sync is: MR-Sync = N + 3(R − 1) + P. Here N is the node number, R is the number of
reference nodes, and P is the number of pulling messages [9]. We note that MR-Sync is
directly proportional to the number of nodes and the number of selected reference nodes.

Meanwhile, HRTS constructs a multi-level hierarchy of the network. At every level,
each node sends two messages and obtains a response from the selected reference node.
Therefore, the total number of transmitted messages of HRTS is MHRTS = 2N + R [2].
MHRTS is directly proportional to the number of nodes [5].

Lastly, LPSRS requires MLPSRS = 3(R − 1) messages. However, LPSRS minimizes the
number of reference nodes by using an efficient scheduling technique for the reference
nodes. Besides, LPSRS is able to avoid collisions during its operations.

5.2. Experimental Results

The LPSRS protocol was built in C++ and implemented in an embedded CPU in the
hardware sensors. We used the Arduino Nano RF (ANRF) as the hardware sensor. The
ANRF utilizes an NRF24L01 RF transceiver and an ATmega328P CPU [36,37]. Moreover, it
has a 2 kB memory and 32 KB Flash. The ANRF operated at a frequency of 2.4 GHz, and
the bitrate was 50 kbps. We used 0 dBm as the transmitted power [38]. We created a testbed
of 25 nodes, as shown in Figure 5, to build a wireless sensor network. For simplicity of
the testing, with the help of the programming, we designed a wireless network of 3-way
grid topology to test our protocol over a multi-hop network as depicted in Figure 6. In the
3-way grid topology, each node only receives incoming messages from nodes that have a
common solid line. For example, in Figure 6, N12 only receives messages from N6, N7,
N11, N13, N17, and N18. Therefore, we can evaluate LPSRS and other protocols under a
realistic transmission contention and conditions of congestion.
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Figure 5. The 25-node setup.

 
Figure 6. The 3-way grid network.

Table 1 shows the number of the transmitted message of LPSRS, R-sync, and HRTS
for the network topology of Figure 6. It demonstrates that LPSRS, R-sync, and HRTS
exchanged 42, 57, and 64 messages, respectively. LPSRS outperforms other technics (R-sync
and HRTS). It can decrease the number of transmitted messages by around 26% and 35%
compared to R-Sync and HRTS. Although the improvement in LPSRS looks moderate when
compared to other protocols in the tiny test network shown in Figure 6, it develops fast as
the network size increases. Due to the complexity of building large-scale actual hardware
networks, we demonstrated this enhancement using simulations.

Table 1. Comparison of LPSRS, R-sync, and HRTS.

LPSRS R-sync HRTS

42 57 64

5.3. Simulation Results

To further test our proposed LPSRS protocol, we originally built a simulator that runs
the LPSRS and HRTS algorithms. Meanwhile, the R-Sync simulation findings [9] have been
adopted. In MATLAB, simulations were created employing wireless networks of varying
sizes and ranges. We assumed the N sensor nodes were uniformly disrupted and scattered
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at random in a square area of 1000 m × 1000 m. Each node had a wireless communication
range, denoted by r. We also presumed that all nodes were similar and self-contained. The
sink node had two positions: (1) at the network’s center and (2) at the network’s corner.
Due to the homogeneous distribution of the nodes, there was no significant change in
the findings due to the position of the sink node. In this article, to prevent repetition, we
only presented the findings if the sink node was placed in the network’s center, as other
locations yielded similar results. In addition, we tested with LPSRS in the simulation using
a wide variety of 12 distinct scenario networks, ranging from sparse to congested. We could
simulate several different sorts of sensor nodes with varying wireless ranges by varying
the transmission range. Changing the number of nodes in the network, on the other hand,
allowed us to show the behavior of our protocol from a sparse network (200 nodes) up to a
dense network (450 nodes).

Through simulations, we measured the number of transmitted messages in each
protocol during the synchronization process, which is the key performance indicator
related to power consumption. As described in Section II, HRTS and R-Sync often incur a
large number of collisions during the synchronization process, while LPSRS is guaranteed
to have no collisions. For the sake of simplicity, we assumed that no collisions happen even
in HRTS and R-Sync.

Figure 7 depicts the number of messages delivered by all three protocols (LPSRS, R-
Sync, and HRTS) across a range of network different sizes from 200 to 450 nodes. For a large
network with 450 nodes, it can be seen that R-Sync and HRTS generated 970 messages and
1071 messages, respectively. On the other hand, LPSRS generated around 500 messages.
That is, LPSRS outperformed the other two protocols, as it decreased the number of
transmitted messages to around 49% and 53% compared to R-Sync and HRTS, respectively.

Figure 7. Required number of messages (r = 85 m, N = 240: 450).

Figure 8 shows the number of transmitted messages under different communication
ranges from 85 m to 160 m. It can be found that LPSRS substantially outperformed the
other methods. For a network with a communication range of 85m, LPSRS decreased the
number of transmitted messages to around 55% and 34% compared to R-Sync and HRTS,
respectively. On the other hand, for a network with a long communication range of 160 m,
LPSRS generates around 175 messages. LPSRS outperformed HRTS and R-Sync by a factor
of around 3 and 1.4, respectively.
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Figure 8. Required number of messages (r = 85 m: 160 m, N = 240).

Based on the results presented above, it is reasonable to conclude that LPSRS consumes
less energy than the other techniques. LPSRS, on the other hand, does not compromise
timing accuracy. The offset calculations described by HRTS [12] and DTSync [7] during the
synchronization process were used, which is recognized to provide high timing accuracy.
For more details, we compared DTSync and HRTS in our previous work with more proto-
cols (see Table 11 [11]). Furthermore, LPSRS can manage high-density networks without
losing its key features, making it a highly scalable and flexible protocol.

6. Conclusions

In this article, we suggested LPSRS as a time synchronization protocol for the IoT. It
addressed the power consumption and collision issues in IoT networks. LPSRS significantly
decreased the number of messages, resulting in significant power savings. We constructed
LPSRS into a real wireless sensor network with different configurations and an extensive
simulation with large-scale networks. According to the experimental results, LPSRS re-
quires fewer messages than prior approaches such as R-Sync and HRTS. It can decrease
the number of transmitted messages by around 26% and 35% compared to R-Sync, and
this benefit, in turn, reduces LPSRS’s energy use. In addition, we can consider LPSRS as a
semi-centralized synchronization protocol, as some tasks are completed by the sink node
and other tasks are completed locally by each node. Therefore, LPSRS is very convenient
for those applications in which the network topology is recognized, e.g., smart metering.
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Abstract: Monitoring system is widely used to detect the environment parameters such as tempera-
ture, humidity and position information in cold chain logistic, modern agriculture, hospital and so on.
Poor position precision, high communication cost, high packet loss rate are the main problems in cur-
rent monitoring system. To solve these problems, the paper presents a new monitoring system based
on Narrow Band Internet of Things (NB-IoT) and BeiDou system/Global System Position (BDS/GPS)
dual-mode positioning. Considering the position precision, a dual-mode positioning circuit based on
at6558 is designed, and the calculation formula of the positioning information of the monitored target
has been derived. Subsequently, a communication network based on wh-nb75-ba NB-IoT module
is designed after compared with the LoRa technology. According to the characteristics of high time
correlation of sensor data, an adaptive optimal zero suppression (AOZS) compression algorithm
is proposed to improve the efficiency of data transmission. Experiments prove the feasibility and
effectiveness of the system from the aspects of measurement accuracy, positioning accuracy and
communication performance. The temperature and humidity error are less than 1 ◦C and 5% RH
respectively with the selected sensor chips. The position error is decided by several factors, including
the number of satellites used for positioning, the monitored target moving speed and NB-IoT module
lifetime period. When the monitored target is stationary, the positioning error is about 2 m, which is
less than that of the single GPS or BDS mode. When the monitored target moves, the position error
will increase. But the error is still less than that of the single GPS or BDS mode. Then the AOZS
compression algorithm is used in actually experiment. The compression ratio (CR) of it is about 10%
when the data amount increasing. In addition, the packet loss rate test experiment proves the high
reliability of the proposed system.

Keywords: NB-IoT; BDS/GPS dual-mode positioning; data compression algorithm

1. Introduction

Monitoring system can detect environmental parameters such as temperature, humid-
ity and location information, and send these information to the monitoring center, which
greatly reduce the workload of staff and enhanced management efficiency. Hence, it has
gotten more and more recognition and application in cold chain logistic monitoring, mod-
ern agriculture arrangement, hospital monitoring and so on. Due to hardware technology,
communication network and other reasons, the system still has the following deficiencies:

(i) Poor positioning precision, especially for the moving object. Currently, the posi-
tioning error is about 50 m for the stationary object, while that is more than 100 m for
moving object. (ii) High cost, especially for the communication cost. The hardware cost is a
one-time investment, but the communication cost needs to be paid for every day. Actually,
the transmission data amount of a monitoring system is small, but it needs to communicate
with the monitoring center through 3 g/4 g network, so it has to pay for the expensive
network resources, and the cost of communication is very high. (iii) Unreliable network
performance, poor stability and high packet loss rate. The packet loss rate of existing moni-
toring systems is about 10% when the distance is about 1 km. When the communication
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network becomes worse, the packet loss rate will be higher. Therefore, it is essential to
develop a monitoring system with high reliability and low cost.

Generally, the monitoring system mainly includes the three parts: communication
network design, position function design and realization, and data transmission. The data
transmission network of the monitoring system belongs to long-distance network. 4 g
and low-power wide area network (LPWAN) are main long-distance communication. 4 g
has high power consumption and high traffic cost, which is not suitable for non-real time
communication. LoRa and NB-IoT are representative technologies of LPWAN [1]. LoRa is a
physical layer technology which uses a proprietary spread spectrum technique to modulate
signals in sub-GHz ISM bands. The bidirectional communication of LoRa is provided by the
chirp spread spectrum (CSS) modulation that spreads a narrow-band signal over a wider
channel bandwidth. The resulting signal has low noise levels, enabling high interference
resilience and is difficult to detect or jam [1]. It provides long-range communication up to
10–40 km in rural areas and 1–5 km in urban areas and has very high energy efficiency [2–4].
Compared to LoRa, NB-IoT can use the current 3 g/4 g network to save the network cost and
shortens the developing period with the license frequency band [5–7]. It uses a minimum
system bandwidth of 180 kHz for downlink and uplink communication and can be deployed
in three operating modes: (a) Stand-alone, (b) Guard band, and (c) In-band [8–10]. The
physical channels and signals of NB-IoT are time-division multiplexed. The data rate for
uplink is about 160 to 200 kHz and 160 to 250 kHz for downlink. The coverage is 18 km in
cities and 25 km in suburbs. Because of the above advantages, NB-IoT has been widely used
in many fields [11–13]. It is regarded to be a very important technology and a large step for
5 g IoT evolution [14,15]. Many famous companies have shown great interest in NB-IoT
as part of 5 g systems, and spent lots of effort in the standardization of NB-IoT [16,17].
Shi proposed a smart parking system using NB-IoT communication technology, which
can effectively improve the utilization rate of the existing parking facilities [18]. Anand
presented a remote monitoring mechanism for the water level in a storage tank using NB-
IoT [19]. Haibin studied NB-IoT in smart hospitals [20]. An infusion monitoring system
was developed to monitor the real-time drop rate and the volume of remaining drug during
the intravenous infusion. Srikanth put forward the utilization of onshore narrowband IoT
infrastructure for tracking of containers transported by marine cargo vessels while operating
near the coastline [21]. Xihai applied NB-IoT in an Information monitoring system to reduce
the power consumption [22]. Cao applied the NB-IoT in intelligent traffic lights system
for urban areas in Vietnan to reduce traffic congestion [23]. The above studies show that
NB-IoT is oriented to applications that require high QoS and low latency and has strong
links, high coverage, low power, and low cost [24]. Because of these, the paper proposed the
monitoring system scheme based on NB-IoT.

BeiDou satellite System (BDS) is a global positioning system independently developed
by China. Its space station consists of 5 geostationary orbit satellites and 30 non-geostationary
orbit satellites, while the space station of Global Position System (GPS) consists of 24 satel-
lites (21 working satellites and 3 standby satellites). The user terminal of BDS has double-
direction message communication, and the user can transmit short-message information of
40–60 Chinese characters per time [25]. GPS does not have the function of short-message com-
munication. Unlike GPS which uses dual-frequency signals, BeiDou-3 uses triple-frequency
signals, which can better eliminate the effect of the ionosphere and improve the positioning
reliability and accuracy [26–28]. With the initial service provided by the BDS foundation
strengthening system, it can provide meter-level, sub-meter-level, decimeter-level and even
centimeter -level service. In addition, BeiDou-3 satellite network has laid an “inter satel-
lite link” in space. Thus, all satellites in the constellation can be connected without global
stations, and the satellites can continue to provide services even if they are disconnected
from the ground. Because of these advantages, BDS begins to be widely used to measure
height [29], vehicle position [30], anomaly detection [31], and train position [32], etc. Some
scholars propose to combine BDS with other positioning technologies to produce higher cost
performance [33–35]. However, for both BDS or GPS, the number of observation satellites
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in a single satellite navigation system is limited, they will become extremely vulnerable in
the case of severe environmental interference, and they cannot guarantee the positioning
accuracy and availability of the receiver. Since GPS and BDS have common features in system
design and positioning principle, the receiver can simultaneously receive the satellite signals
of the two satellite navigation systems for dual-system integrated positioning to avoid the
situation that a single satellite system cannot locate due to the lack of satellites. Therefore, in
theory, BDS/GPS dual mode positioning can optimize the satellite position and improve the
accuracy and availability of positioning results. This paper will use the BDS/GPS dual mode
positioning system to improve the positioning accuracy.

In wireless sensor networks, there is a large amount of redundant information in the
original data collected by sensor nodes, including the temporal redundancy collected by
the same node at adjacent times and the spatial redundancy collected by adjacent nodes
in geographical areas [36]. If the data carrying a large amount of redundant information
is transmitted, the communication bandwidth will be wasted and increased network
delay and node energy consumption, which will affect the stability and life of the whole
sensor network system. Compressing redundant information before transmitting original
data is a mechanism that can effectively reduce node energy consumption. In recent years,
researchers have proposed many data compression algorithms for wireless sensor networks.
The main algorithms for wireless sensor data are divided into compression based on time
correlation and compression based on space correlation. Data compression algorithm based
on time correlation is a kind of typical compression algorithm. It often focuses on mining
data time correlation and removing data time redundancy with the help of some classical
coding technologies, such as Huffman [37], LZW [38], S-LZW [39], LEC [40], RLE [41].
The data compression algorithm based on spatial correlation is also a typical compression
algorithm, which is often combined with clustering mechanism [42–44], and strives to fully
mine the spatial correlation of data and reduce and balance the energy consumption of
each node of the network. Data compression algorithms based on temporal and spatial
correlation have attracted more and more attention. For example, the algorithm proposed
by Ciancio and Donoho [45,46] not only involves removing the temporal redundancy of
data, but also discusses how to establish an optimal path, so that the spatial redundancy can
be removed to the greatest extent when the data is transmitted along this path. Difference
mechanism is often used in data compression [47–49]. The common point of the data
compression algorithm based on the difference mechanism is that by selecting a reference
data, a single sensor node only needs to transmit the difference between the original sensing
data and the reference data, so as to remove the temporal redundancy, or the adjacent
sensor nodes in the geographical region only need to transmit the difference between
their original sensing data and the reference data, so as to remove the spatial redundancy.
The difference between these algorithms is the choice of difference coding. Differential
Code Compression Method (DCCM) is the typical algorithm. The disadvantages of DCCM
algorithm are: (i) simply taking the average value of data as the reference value, which is
lack of rationality; (ii) The correlation between data is not mined. So the paper will propose
a new algorithm to compress the sensor data.

In view of the problems in the above literature, the paper proposes a monitoring
system scheme with high positioning accuracy, low cost and high network reliability. Three
main contributions of this paper can be summarized as follows:

(i) A new positioning system based on BeiDou System/Global Position System is pro-
posed to improve the position accuracy. The hardware and software are introduced in
detail in the paper. In the dual positioning system, more satellites can be obtained to
calculate position information. The calculation formulas have also been derived.

(ii) A new data compression algorithm is proposed. The new algorithm removes data
redundancy according to the time correlation between data, and the compression rate is
about 90%, while the complexity of it is similar to that of the commonly used algorithms.

(iii) A transmission network system based on NB-IoT for the compressed data is proposed.
Compared with LoRa technology, the system is more stable, more reliable and lower
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packet loss rate through the experiment. The development period of the system is
shorter and the cost is lower.

The remaining paper is organized as follows. Section 2 describes the monitoring
system in detail, including hardware design and software design. Section 3 gives the
results and test data. Section 4 presents the discussion and analysis. Finally, Section 5
presents conclusions.

2. Materials and Methods

According to the framework of IoT, the network frame of the proposed scheme is
divided into four parts: data acquisition layer which includes sensor nodes and sink nodes,
communication layer which is NB-IoT station, application layer which is IoT cloud platform
and user layer which is the monitoring center. The sensor node is the detection terminal
which is used to detect the information around the sensor and send these information to
the sink node. The sink node is used to receive the information from the sensor nodes
and compress the information and send it to the IoT cloud platform. The whole hardware
frame of the monitoring system is shown in Figure 1. The monitoring system includes
one monitoring center which is in PC, and two mobile carriages. Each carriage includes
one sink node and three sensor nodes. The sensor node is mainly composed of a stm8
MCU, a temperature and humidity sensor, a RFID module and lithium battery. Stm8
controls the temperature and humidity sensor to collect the temperature and humidity
information nearby, and then send the information to the sink node through the RFID. The
sink node is mainly composed of a stm32 MCU, a TFT display panel, a RFID module, a
BDS/GPS module, a NB-IoT module and battery. Stm32 receives the temperature and
humidity information from the sensor node through RFID and gets the position information
from BDS/GPS module, then compresses and sends these data to the OneNET cloud
platform through the NB-IoT module. The monitoring center is in PC. The temperature
and humidity of each sensor node, the sink node position can be acquired in monitoring
center by accessing the cloud platform. My SQL database is used to manage current and
historical data. Real time map of each mobile carriage can also be displayed.

Figure 1. Hardware frame of the monitoring system.
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2.1. Hardware Design

The hardware of monitoring system includes two parts, one is the sink node hardware,
the other is the sensor node hardware. The hardware of sink node includes stm32f103c8t6,
cc1101 RFID module, wh-nb75-ba NB-IoT module, at6558 BDS/GPS positioning module,
TFTLCD display screen, key module, 3.3 V voltage regulator module and several LED
lights. The system is powered by 5 V battery. The physical hardware is shown in Figure 2.
The wh-nb75-ba can access mobile developer platform OneNET for free, communicate with
MCU by UART and configure with AT instruction set [50]. The positioning data collected
by BDS/GPS module and temperature and humidity data sent by sensor nodes are sent to
NB-IoT module through UART port during UART interrupt, and finally uploaded to cloud
platform. At6558 chip is used in the positioning module with BDS/GPS dual positioning
mode to obtain higher positioning accuracy. It is a real six in one multi-mode satellite
navigation and positioning chip, which contains 32 tracking channels and can receive global
navigation satellite system (GNSS) signals of six satellite navigation systems at the same
time, and realize joint positioning, navigation and timing. This chip has high sensitivity,
low power consumption and low cost, which is suitable for vehicle navigation, hand-held
positioning and wearable devices [51]. The chip communicates with MCU through UART
serial port. The baud rate of UART serial port is set to 9600, and the data format is strictly
in accordance with international NMEA0183 standard. It is a low power chip. The working
current is less than 23 mA, the sleep current is less than 10uA. RFID module cc1101 is a
kind of RF application which is lower than 1 GHz for ultra-low power consumption. It
has high data transmission speed and long transmission distance. It is connected with
MCU through 4-wire SPI interface and provides two universal digital output pins with
configurable functions [52]. The 2.3-inch TFTLCD is a color LCD, which can exchange data
with MCU through SPI interface. CH340 is used to down load the program in the PC to the
stm32. In addition, some LED lights are used to indicate whether modules are connected
successfully or not. Some keys are used to reset system or initialize modules.

Figure 2. The Sink node physical diagram.

The hardware of each sensor node includes stm8s103f3p MCU, cc1101 module, dht11
temperature and humidity sensor chip, using dry battery for power supply. The hardware
block diagram of sensor node is shown in Figure 3. The stm8s103f3p MCU of the sensor
node which has various communication protocols such as I2C, SPI and UART are designed
in the 20 pins. It has 8 KB flash program memory and 1 KB RAM space that is fully compe-
tent for the current temperature and humidity acquisition and subsequent data acquisition.
There are 46 working state configuration registers and 32 command registers. The tem-
perature and humidity sensor DHT11 has a single bus bidirectional serial communication
interface, which can be directly connected with the serial port of MCU. It can measure
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temperature and humidity at the same time. The measurement accuracy of humidity is
±5% RH, that of temperature is ±1 ◦C. In view of the low precision requirement, and
the focus of our research is low power consumption, so we use this chip. It should be
emphasized that in order to reduce the power consumption, the MCU does not read the
temperature and humidity value of DHT11 all the time, but only reads when receiving the
reading request from the sink node. SWD is used to load down the program from the PC to
stm8s103f3p.

Figure 3. Sensor node physical diagram.

2.2. Software Design

According to the hardware frame in Figure 1, the software of monitoring system
includes three parts: (i) the sink node software. Receiving the data sent by each sensor
node, starting the positioning module to obtain the positioning information, configuring
the cloud platform, and compressing and sending the received data and so on must be
completed by the software of the sink node. Before the sink node sends data, the cloud
platform must be configured according to the actual situation. Then the data sent by the
sink node can be stored in the cloud platform. The cloud platforms of different NB-IoT
companies are different. People need to refer to the user manual for configuration. (ii) the
sensor node software. The main task of sensor node software is to start each sensor on
the node to make them work normally, then collect their data and send them to the sink
node. (iii) the monitoring center software. The software of the monitoring center needs to
download temperature, humidity and positioning information from the cloud platform
and store them in the database. In addition, it also needs to display the location information
on the map and draw the temperature and humidity curve.

2.2.1. Software Design of Sink Nodes

The software design of sink node mainly focuses on four subprograms: NB-IoT
subprogram, RFID subprogram, BDS/GPS subprogram and data compression subprogram.
The main program flow chart of sink node is shown in Figure 4. After the initialization of
each module, the main program will be looped in each module subprogram to deal with
each module in real time. The watchdog is added to the main program to reset the program
to prevent the program from getting stuck or running away.

OneNET platform is a NB-IoT cloud platform developed by China Mobile Commu-
nication Company. It can communicate with multiple sink nodes and can read data from
multiple sink nodes at the same time by multithreading. We should login in the platform
“https://open.iot.10086.cn (accessed on 20 January 2022)” to register the device name. Then
add the objects for each device, as well as the number of points and properties of each object.
In our experiment, there are three objects in each device, namely temperature, humidity
and position information. Finally, the data type of each object should be described. For
example, the data type of temperature is 31 bits floating point. According to the Internet
Protocol for Smart Objects (IPSO) Alliance Technical Guideline, the longitude, the object ID
of latitude, humidity and temperature is 3300, 3303 and 3304 separately. The instruction
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format is described detailly in the manual [53]. After the NB-IoT module is connected to
the OneNET platform, the platform will record the life cycle of the sink device (the life
cycle is configured 3600 s in the initialization). When the life cycle expires, the OneNET
platform will issue a life cycle update request, and the sink node can update the life cycle.
Or the sink node can actively update the life cycle before the life cycle expires. In this paper,
the life cycle is automatically updated, and the life cycle update flag is activated by setting
a certain time through the timer. During the life time, the NB-IoT and cloud platform can
communicate. The NB-IoT subprogram is shown in Figure 5. At first, the timer will judge
whether it exceeds 3600. If yes, the NB-IoT module will be initialized. If no, it continues to
judge whether the receive flag bit is 1. If it is 1, it means that the reception is completed,
and the data needs to be sent and the receive flag should be cleared and over. Otherwise,
the life cycle flag will be judged, if it is 1, it means the time is over and the new request of
update the life cycle should be sent. The two flags are active in timer interrupt and UART
interrupt respectively.

Figure 4. Main program flow chart of sink node.

Figure 5. The Flowchart of NB-IoT subprogram.
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One sink node should receive data from several sensor nodes. How to receive data
from multiple sensor nodes efficiently and successfully? Here, a polling mechanism is
proposed. As Figure 6 shown, the sink node sends ‘read request’ to sensor node1, sensor
node2, and sensor node3 in turn. If sensor node1 send ‘answer request’ in time, then the
data of sensor node1 will be allowed to send, the sink node will receive the data from
sensor node1. Then next sensor node. The RFID module cc1101 in sink node accesses a
sensor node every second in turn. The response timeout mechanism of the sub node is
set up to avoid the data transmission errors due to the fact that the sub node is not in the
transmission range and does not respond when the sink node sends a request.

Figure 6. The flowchart of RFID subprogram of sink node.

RFID initialization mainly refers to the function configuration of cc1101 chip in RFID
module. Specifically, through SPI communication mode, we can read and write the internal
register of cc1101, so as to complete the setting of fundamental frequency, modulation and
demodulation mode, baud rate, packet length and other related parameters. For one of
the two general digital output pins with settable functions contained in cc1101, the level
jump from low to high occurs when receiving data. The data can be received and read by
configuring the rising edge of the I/O port of MCU to trigger interrupt. The flowchart of
RFID subprogram is shown Figure 6.

BeiDou System is a positioning and navigation system independently developed by
China. The positioning accuracy of BDS can reach 2.5 m in the Asia Pacific region and
10 m in the world. The test accuracy is 0.2 m/s; Timing accuracy is 10 ns. It also has its
unique short message communication function. GPS is Global Positioning System. It is well
known in the world and developed by the United States. We use BDS/GPS dual system for
positioning to obtain higher positioning accuracy. The positioning principle is as follows:

ρ
(m)
B = r(m)

B + E(m)
B + i ∗ δtB + j ∗ δtG − τm

B + Im
B + Tm

B + εm
B

ρ
(n)
G = r(n)G + E(n)

G + j ∗ δtG + i ∗ δtB − τn
G + In

G + Tn
G + εn

G

(1)

where, ρ, r, E, δt,τ, I, T respectively represent the pseudo range measurement value of the
receiver to a star, the real distance, ephemeris error, receiver clock error, satellite clock error,
ionospheric delay, tropospheric delay and pseudo range measurement noise. Superscript
m, n denotes different satellites. Subscripts B and G indicate different satellite systems. B
represents Beidou and G represents GPS. i = 1, j = 0. If (x, y, z) is used to represent the
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position coordinates of the unknown receiver, and (x(n), y(n), z(n)) is used to represent the
position of satellite n, then r(n) is equal to the following expression.

r(n) =
√(

x − x(n)
)2

+
(
y − y(n)

)2
+

(
z − z(n)

)2 (2)

In Expressions (1) and (2), ρ, τ, I, T and the position of satellite can be calculated
by original observation, navigation message and corresponding model. If the pseudo
range measurement noise is ignored, five unknown parameters need to be solved, namely,
the position of the receiver, the BDS clock difference of the receiver and the GPS clock
difference ((x, y, z)> δtB ,δtG ). Define error correction pseudo range measurements ρ

(n)
c is as

Expression (3) shown.
ρ
(m)
c = ρ(n) + τ(n) − I(n) − T(n) (3)

Then, the pseudo range observation equation of BDS/GPS dual system can be ex-
pressed as Expression (4):
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x − x(m)

B

)2
+

(
y − y(m)

B

)2
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(n)
c,G =
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)2
+
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y − y(n)G

)2
+

(
z − z(n)G

)2
+ j ∗ δtB + i ∗ δtG

(4)

Linearize Expression (4) through the first-order Taylor expansion to obtain the lin-
earized matrix equation as Expression (5) shown.

G

⎡⎢⎢⎢⎢⎣
Δx
Δy
Δz

ΔδtB

ΔδtG

⎤⎥⎥⎥⎥⎦ (5)

where,

(6)

b =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ρ
(1)
C,B − r(1)B,k−1 − i ∗ δtB,k−1 − j ∗ δtG,k−1

ρ
(2)
c,B − r(2)B,k−1 − i ∗ δtB,k−1 − j ∗ δtG,k−1

. . .
ρ
(m)
c,B − r(m)

B,k−1 − i ∗ δtB,k−1 − j ∗ δtG,k−1

ρ
(m+1)
c,G − r(m+1)

G,k−1 − j ∗ δtB,k−1 − i ∗ δtG,k−1

. . .
ρ
(m+n)
c,G − r(m+n)
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⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
0

(7)

(
−I(m)

B,k−1,−p(m)
B,k−1,−q(m)

B,k−1

)
is the directional cosine of the observation vector from the

receiver to satellite m. Using the principle of weighted least squares to solve Expression (5),
continue to use Newton iterative algorithm to solve the location result.

In order to reduce the utilization rate of CPU, the positioning data of BDS/GPS is
transmitted to memory of MCU by UART port through DMA mode every second. The
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UART idle interrupt is triggered after all the positioning data are sent successfully, and
the MCU responds to the interrupt to read the data in DMA for subsequent processing.
The process of interrupt response program is similar to NB-IoT. It is not described in detail.
The subprogram flowchart of BDS/GPS is given in Figure 7. After the BDS/GPS module
parameters are set successfully, we can use the serial port assistant to read the module
positioning information.

Figure 7. The flowchart of BDS/GPS subprogram.

Data compression subprogram is used to compress data redundancy, reduce power
consumption of sink node and improve data transmission efficiency. According to the
characteristics of small amount of data transmission and good local time correlation of
the system studied in this paper, the wireless remote data compression system designed
includes sequence correlation packet processing and Adaptive Optimal Zero Suppression
(AOZS) compression. Correlation grouping processing refers to the grouping rearrange-
ment of the original sequence according to the transmission data format to obtain n groups
of incremental subsequences with good time correlation. Then AOZS compression is
performed on each subsequence to eliminate the time redundancy in the sequence.

Adaptive optimal zero suppression (AOZS) compression algorithm is improved from
differential code compression algorithm, which is suitable for the compression of incre-
mentally sorted data sequences. AOZS algorithm reduces the number of coded data and
removes the time redundancy in the original sequence by eliminating zeros and encoding
the zero eliminational factor, and selects the best coding bits by calculating the compressed
data length to shorten the length of the final coding. Assume that the data sequence
collected by the sink node in an upload cycle can be expressed as D.

D =

⎡⎢⎢⎢⎣
d1
d2
...

dm

⎤⎥⎥⎥⎦ =

⎡⎢⎣v11 · · · v1n
...

. . .
...

vm1 · · · vmn

⎤⎥⎦ (8)

where, m is the acquisition times of sensor terminal in an upload cycle; di is the data
sequence value collected for the i-th time; n is the number of measurement parameters; vjk
is the value of the k-th measurement parameter in the j-th data acquisition. There are N data
that appear only once, and the minimum data is recorded as α, the maximum difference
between adjacent data is recorded as β. When in data compression, the relevant bit factor
{r1, r2, . . . , rm} of the original data sequence should be recorded at first:

r =
{

1, di = di−1, i = 2, 3, . . . , m
0, di > di−1, i = 2, 3, . . . , m

(9)
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The relevant bit factor records the repetition of sequence adjacent data. By default,
the relevant bit factor r1 of d1 = 0. The coding bit factor Cx is determined by the minimum
binary coding bit factor Cα and the maximum difference binary coding bit factor Cβ of the
sequence as Expression (10).

Cx =

{
Cβ, Cα ≤ Cβ

Cγ, Cα > Cβ
(10)

Here, Cγ ∈ [
Cβ, Cα

]
. Then, the maximum value that can be represented by a set of Cx

bit codes dx = 2Cx − 1. 3-bit binary is used to record the encoded bit information in AOZS
algorithm. 000, 001, . . . , 111 means using 2, 3, . . . , 9 bits binary to coding di respectively.
The relationship of Cx and di is shown in Table 1. The relationship of coding length Lx and
coding bit factor Cx is shown as Expression (11).

Table 1. The relationship of bit numbers, code, Cx and di.

Bit Numbers Code Cx (x = 2, 3, . . . , 9) dx (i = 2, 3, . . . , 9)

2 000 C2 = 2 d2 = 3
3 001 C3 = 3 d3 = 7
4 010 C4 = 4 d4 = 15
5 011 C5 = 5 d5 = 31
6 100 C6 = 6 d6 = 63
7 101 C7 = 7 d7 = 127
8 110 C8 = 8 d8 = 255
9 111 C9 = 9 d9 = 511

Lx =

([
α

dx

]
+ N − 1

)
Cx + M + 3 (11)

where, [ ] means to take up as an integer. M is the numbers of {d1, d2, . . . , dm}, notes the
minimum of Lx as Lmin, and its corresponding code bit factor Cx is the best code numbers,
noted as Coptimal. Zero elimination operation refers to subtracting an integer value (recorded
as zero elimination factor) from all data of the sequence, and finally making all data of
the original sequence become 0. The zeroing factor si of the i-th order is recorded as
Expression (12).

si = min
{

dmin, doptimal

}
(12)

where, dmin is the minimum value of sequence.
After the above parameters are determined, the algorithm records the sequence coding

information and related information, and uses Coptimal bit number binary to encode the
all zero elimination factors. The flow chart is shown in Figure 8. Table 2 shows the
implementation process of the AOZS algorithm.

Figure 8. The flowchart of data compress algorithm.
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Table 2. An example of AOZS algorithm.

Orignal Data d = 15 d = 4 d = 6 d = 2 r

15 0 0 0 0 0
19 4 0 0 0 0
19 4 0 0 0 1
23 8 6 0 0 0
25 10 8 2 0 0
25 10 8 2 0 1

So, the compression code is 100,001001,1111,0100,0110,0010.
Compression Ratio (CR) is used to describe the efficiency of compression.

CR =
SCP
SOR

(13)

Here, SCP is the amount of compressed data, SOR is the amount of original data.
Obviously, the smaller the CR, the smaller the proportion of the compressed data to the
original data, and the better the compression performance.

2.2.2. Software Design of Sensor Nodes and Monitoring Center

Software of each sensor node is simpler than that of sink node. It includes two parts.
One is to read the humidity data and temperature data of the DHT11. The other is to drive
the Bluetooth module to send these data to the sink node. The flowchart is given in Figure 9.
It needs to complete the initialization of MCU peripherals and related modules. Clock
initialization is used to set the working frequency of the system. Timer initialization is used
to read temperature and humidity sensor data. Because the single line communication
mode of DHT11 does not have a standard communication format, it is necessary to use a
timer to simulate the communication sequence to realize the reception and transmission of
data. Finally, the cc1101 module should be initialized.

Figure 9. The flowchart of sensor nodes.

The monitoring center is developed with C++ language, which mainly realizes the
following functions: (i) according to the longitude and latitude coordinates obtained from
the cloud platform, it can display the location of the mobile carriage (sink node) in real
time; (ii) it can display the real-time temperature and humidity in the carriage; (iii) it can
dynamically draw the temperature and humidity change line chart; (iv) Using database to
manage the collected data, it can save the historical data for data analysis. Figure 10 is the
operation flowchart of monitoring center.
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Figure 10. The operation flowchart of monitoring center.

3. Results

3.1. Measurement Accuracy

First, we do the measurement accuracy experiment. The experience was carried on
the author’s campus from 22 September to 21 October 2021. The campus is located at
120◦55′ E and 28◦51′ N. The weather was sunny during the test. The campus is spacious.
The parameters of cc1101 are a carrier frequency of 433 MHz, a baud rate of 100 kbps, and
a modulation mode of 2 FSK. The transmission power of the NB-IoT circuit is 13 dBm, the
antenna gain is 3 dB, and the transmission rate is 3.9 Kbps. Each test point continuously
sends and receives 1000 data packets. The packet loss rate of the whole network is less than
1% within 8 km, and the packet loss rate is 0% within 400 m. We read the humidity data
and temperature data 10 times of 6 sensor nodes every day for a week and compare the
data of thermometers and hygrometers which are put near the sensor node simultaneously.
Then, the error was calculated and drawn in Figure 11a,b. The temperature error is less
than 1 ◦C, as shown by the red line on Figure 11a. The average of temperature error is
about 0.5 ◦C, as shown by the black line on the Figure 11a. The humidity error is less than
5% RH, as shown by the red line on Figure 11b. The average of humidity error is about 2%
RH, as shown by the black line on the Figure 11b. The error of temperature and humidity
are mainly decided by the DHT11 chip precision.

Figure 11. The measurement error. (a) temperature error (b) humidity error.

Then, one sink node and its three sensor nodes were placed in a mobile car. We put a
Leica GNSS (teaching edition) in the car, which is a professional position for the measuring
instrument. The car was moved in different speed, and we read the latitude and longitude
information of the monitoring center and Leica Receiver simultaneously. Let the longitude
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and latitude test by Leica GNSS are LonA, LatA. Let the longitude and latitude test by our
system are LonB, LatB. Then the position error can be calculated by the Expression (14).

ΔLon = (LonA − LonB)× 1000 × (
111.413 × cos

(
LatB × π

180
)

−0.094 × cos
(
3 × LatB × π

180
))

ΔLat = (LatA − LatB)× 1000 × (
111.133 − 0.59 × cos

(
2 × LatB × π

180
))

Distance =
√

ΔLon2 + ΔLat2

(14)

The relationship between positioning error and vehicle speed is shown in Figure 12.

Figure 12. The relationship between positioning error and vehicle speed.

The positioning error is decided by several factors, such as the number of satellites used
for positioning, vehicle speed, NB-IoT life cycle, etc. The average number of observable
satellites under the GPS/BDS dual mode is 9, and the positioning performance is better than
that of GPS single system and BDS single system. The main reason is that the number of
available satellites increases, and the geometry configuration is enhanced. Under BDS/GPS
dual positioning system, more positioning satellites can be obtained, so the accuracy is
higher than that of GPS or BeiDou single positioning system. When the vehicle is static, the
positioning error is about 2 m. When the car moves, the positioning error increases. The
faster the car speed, the greater the positioning error. When the life period of NB-IoT is set
as 3600 s, and the speed is less than 40 km/h, the positioning error is less than 10 m. When
the speed is about 60 km/h, the positioning error is about 20 m. The larger the life cycle of
NB-IoT, the greater the positioning error, because the larger the life cycle of NB-IoT, the
greater the transmission latency.

3.2. Network Performance Test

Network performance test includes data compression rate and transmission packet
loss rate. Limited by the experimental conditions, it is impossible to obtain a large number
of test data of sensor nodes. Therefore, the experimental data on data compression rate is
taken from the temperature data of Intel-Berkeley University Joint Research Laboratory
in reference [40]. Compare the compression ratio between the AOZS algorithm proposed
in this paper and the commonly used DCCM (Differential Code Compression Method)
algorithm, as shown in Figure 13. Under the condition of the same amount of node data
collection, the compression ratio of AOZS algorithm is lower than DCCM algorithm, and
the compression performance is better, because AOZS algorithm makes full use of the
correlation between data, and the coding based on the optimal bit factor removes the
redundant information to the greatest extent. The more data the node collects, the higher
the time correlation of the data. The coding factor of AOZS algorithm can describe more
original data and fully mine the time correlation of data. Therefore, the compression ratio
becomes smaller and smaller and tends to be stable gradually. With the increase of the
number of sensor data, the compression rate of DCCM algorithm is maintained at about
50%, and that of AOZS algorithm is maintained at about 10%.

52



Electronics 2022, 11, 2493

Figure 13. The Comparison of data compression ratio.

Another indicator of network communication reliability is packet loss rate. Sx1268 is a
new generation 433 MHz LoRa half duplex transceiver chip produced by Semtech in 2018. It
is also one of the commonly used Lora chips at present. So we compare the communication
reliability between Sx1268 LoRa module and our wh-nb75-ba NB-IoT module. Figure 14 is
the comparison of packet loss rate of our NB-IoT module and LoRa Sx1268 module under
the same transmitting and receiving condition. When the distance is less than 250 m, the
packet loss rate of both circuits is nearly 0. With the increase of distance, the packet loss rate
of LoRa module increases significantly, while that of NB-IoT module increases little. When
the distance is 400 m, the packet loss rate of LoRa module is about 1.5%, that of NB-IoT
module is still nearly 0. when the distance is 600 m, the packet loss rate of LoRa module is
about 2%, that of NB-IoT module is about 0.5%. when the distance is 800 m, the packet loss
rate of LoRa module is about 5%, that of NB-IoT module is about 0.7%. when the distance
is 800 m, the packet loss rate of LoRa module is about 5%, that of NB-IoT module is about
0.7%. When the distance is 1000 m, the packet loss rate of LoRa module is about 10%, that
of NB-IoT module is about 1%. When the distance is 1200 m, the packet loss rate of LoRa
module is about 15%, that of NB-IoT module is about 1.2%.

Figure 14. The packet loss rate of our NB-IoT module and LoRa sx1268.

4. Discussion

Through these tests aboved, the monitoring system realizes the higher position preci-
sion. It is shown that the BDS/GPS dual mode position have higher position precision than
that of single BDS or GPS. When the monitored target is stationary, the positioning accuracy
is only determined by the positioning module. The position calculation formula under the
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dual-mode positioning module is deduced as above. When the monitored target moves,
the positioning accuracy is jointly determined by the positioning module, vehicle speed
and life cycle. However, under the same vehicle speed and the same life cycle of NB-IoT,
the monitoring system accuracy of dual-mode positioning is still higher than that of single
BDS or GPS positioning mode. Considering the characteristics of sensor data in monitoring
system, an adaptive optimal zero suppression (AOZS) algorithm based on time correlation
is proposed in this paper. After testing and comparing with the commonly used differen-
tial code compression method (DCCM) algorithm, the data compression rate of the new
algorithm can be as high as 90%, which greatly reduces the amount of data transmission
in the communication network and improves the network performance and transmission
efficiency. With the increase of the number of sensor data, the compression rate of DCCM
algorithm is maintained at about 50%, and that of AOZS algorithm is maintained at about
10%. Packet loss rate is the main indicator of communication network performance. We
tested and compared the packet loss rate of the monitoring system based on wh-nb75-ba
NB-IoT module and the monitoring system based on sx1268 LoRa module which is mainly
used. When the distance is less than 250 m, the packet loss rate of both circuits is nearly 0.
With the increase of distance, the packet loss rate of LoRa module increases significantly,
while that of NB-IoT module increases little. The greater the distance, the greater the
difference between the packet loss rate data of the two circuits.

5. Conclusions

A new monitoring system is proposed in the paper, based on NB-IoT and BDS/GPS
dual-mode positioning. The whole monitoring system includes three parts: sensor node,
sink node and monitoring center. The sensor node which is based on cc1101 RFID circuit
realizes the detection of surrounding temperature and humidity and data transmission.
The sink node receives and compresses the temperature and humidity data from the sensor
node, obtains the positioning information through at6558 BDS/GPS positioning module,
and uploads these data to the cloud through wh-nb75-ba NB-IoT module. The monitoring
center can download data from the cloud and save it to the local machine, and can analyze
the historical data through an operation interface.

Experiments and analysis show that the proposed scheme has better positioning
accuracy, better data compression ratio and transmission performance. The temperature
and humidity error are less than 1 ◦C and 5% RH especially with the selected chip. The
position error is decided by several factors, including the number of satellites used for
positioning, the monitored target moving speed and NB-IoT module lifetime period. When
the monitored target is stationary, the positioning error is about 2 m, which is less than
that of the single GPS or BDS mode. The AOZS compression algorithm is used to improve
compression ratio (CR). The CR is about 10% when the data amount increasing.

The scheme of this paper had encouraged experiments and was efficient and practica-
ble in monitoring system. However, many aspects, still need to be further studied, such as
transmission delay, multi-sensor nodes and low-power circuits. Furthermore, optimizing
the network structure to reduce its consumption and accomplishing end-to-end network
will be the main direction of our work.
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Abstract: As prices on renewable energy electricity generation and storage technologies decrease,
previous standard home energy end-users are also becoming producers (prosumers). Together with
the increase of Smart Home automation and the need to manage the energy-related interaction
between home energy consumers and Smart Grid through different Demand Response approaches,
home energy management becomes a complex and multi-faceted problem, calling for an extensible,
interoperable and secure solution. This work proposes a modular architecture for building a Smart
Home Energy Management System, integrable with existing Home Automation Systems, that consid-
ers the use of standard interfaces for data communication, the implementation of security measures
for the integration of the different components, as well as the use of semantic web technologies to
integrate knowledge and build on it. Our proposal is finally validated through implementation in
one real smart home test-bed, evaluating the system from a functional standpoint to demonstrate its
ability to support our goals.

Keywords: energy management systems; home automation; smart homes; Internet of Things

1. Introduction

In the wake of increasingly present climate change effects, the scientific community
proposes a “decarbonization” of our society, from transportation and industry to energy
sectors. As society shifts from fossil fuel usage for transportation [1] and heating to electric-
ity, our total electrical energy usage and dependence increases, imposing an excessive load
on our already-ageing power distribution grid, leading to the development of different
Demand Response (DR) strategies and mechanisms for the Smart Grid (SG). At the same
time, electricity production is shifting towards renewable energy sources. These new en-
ergy sources, though, are not as controllable and predictable as traditional ones, in which
production could be more easily matched to demand, increasing the need for effective DR.

Traditional demand-side management measures have taken the approach of reduc-
ing total energy consumption by increasing appliances’ energy efficiency and leveraging
technology to reduce wastage. More recently, as more producer-consumers (Prosumers) join
the grid; leveraging Distributed Energy Resources (DERs) both for local energy generation
and storage [2,3] also come as interesting opportunities to help both: reduce global carbon
emissions and make better use of the grid.

According to the International Energy Agency (IEA) [4], electricity wholesale prices in
Spain, France, Germany and the United Kingdom, increased in 2021 from three to more
than four times in respect to the 2016–2020 period. This steep increase in electricity prices,
together with the cost reduction of renewable energy production technologies such as solar
Photo-Voltaic (PV), as well as electrical energy accumulation through different battery
technologies, have greatly promoted its application in residential installations, as a way to
reduce the electricity bill.

Smart Cities 2022, 5, 1054–1077. https://doi.org/10.3390/smartcities5030053 https://www.mdpi.com/journal/smartcities
57



Smart Cities 2022, 5

In this present situation of increased electricity prices, reduced costs for the application
of DERs in residential installation, the need for cooperation between energy consumer-
s/prosumers and the grid and the variable nature of renewable energy production; new
and innovative solutions are needed to deal with the complexity of our present and future
energy system.

1.1. Smart Home Energy Management

The Internet of Things (IoT): the interconnection of everyday physical devices through
Information and Communication Technology (ICT), presents itself as a great candidate to
automate and manage the ever-increasing complexity of those places where us humans
dwell, as well as helping to shape electricity demand, better match production and con-
sumption and quickly react to variability, while reducing the electricity bill and keeping
within user-defined comfort parameters (Figure 1).

Figure 1. Smart Home energy management.

Many advances have come forth in the last years regarding the Smart Home (SH).
More specifically, in the field of home automation, where a plethora of devices and appli-
ances are available: smart bulbs, refrigerators, washing machines, tumble dryers, electric
vehicles (and chargers), Home Ventilation and Air Conditioning (HVAC) and the likes.
Several different technologies have coalesced and started to settle among the general public,
designed to integrate many of those devices under a single point of control: the Smart Hubs.
Among the most known commercial cloud-based solutions for Smart Hubs are those from
Google, Amazon and Apple; however, there is also a growing community of Do It Yourself
(DIY) enthusiasts, that have opted for open and often self-hosted solutions such as Home
Assistant [5], Domoticz [6] and OpenHab [7] to name but a few. These open solutions come
as great frameworks for the rapid development of new ideas beyond home automation,
allowing us to leverage already existing integrations of different devices and platforms.

The present picture of a modern prosumer-oriented SH is thus a complex ecosystem
in which energy management has to comply with a broad range of concerns (Figure 2). The
interaction with external agents, like the SG, Smart Hubs and other external services, places
high interoperability expectations both in data modelling and communication interfaces,
as well as in the privacy concerns of the home inhabitants [8,9].

To this end, new and innovative solutions must be brought forth, such as the use of
semantic web technologies to bridge the gap among the many different services and domains
of home energy management, standard interfaces to facilitate communications with other
agents and security mechanisms to facilitate setting boundaries to information access.
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Figure 2. Home energy management concerns.

1.2. Contribution of This Paper

This work proposes a Smart Home Energy Management Systems (SHEMSs) [10–12]
architecture design capable of integrating the many different facets of energy management
of a modern home, in an interoperable, standard-based and secure way so that consumer-
s/prosumers and grid are benefited. To that end, we have leveraged the use of semantic
technologies for their potential to store and extract knowledge from heterogeneous sources,
providing a formal common ground [13] as well as existing ontologies that capture the
represented concepts. Additionally, to be able to offer a solution that stands to be integrated
by different vendors and parties, we propose the use of standard-based secure technologies
for information exchange.

The rest of this document is structured as follows: in Section 2, we reflect on the
previously existing work on this topic. In Section 3, we propose a secure architecture for
modular SHEMS, integrable with existing Home Automation Systems (HASs), which is
later showcased by implementation in a real scenario in Section 4. Finally, we discuss
the results obtained in Section 5, providing conclusions and possible future lines of work
in Section 6.

2. State of the Art and Related Work

There is a broad and extensive bibliography related to the work on Home Energy
Management Systems (HEMSs) architecture and strategies, semantic representation of
SH and HEMS concepts, DR strategies from within the SH and interfacing with the SG.
In this section, we will briefly cover some of the most relevant works from our proposal
perspective, sorted in reverse chronological order and categorised into two families: existing
architectures and ontological work related to the interoperability of the solution.

2.1. Architecture and Security

Machorro-Cano et al. present HEMS-IoT [14]; a machine learning-based HEMS for
energy saving, ensuring comfort and security while reducing energy consumption. The
proposed architecture consists of seven layers, from presentation to device, in which
information security is considered between presentation, IoT services and management
layers, contemplating both authentication and authorisation. It does not mention DR
or DER management as part of the proposed HEMS, nor explores the possibility of its
integration with existing HAS, although its management layer does apply a semantic
approach to home management, utilising a self-developed ontology to represent the main
domotic concepts. Overall it presents a monolithic structure that goes from device to
presentation, where interoperability has not been approached.
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Elshaafi et al. [15] explore an approach to decentralised automated DR and home
energy management. The proposed architecture is implemented using a multi-agent
system with three different levels: home, aggregator and distribution system operator
(being the latter two SG-related). At the home level, they define only two agents: the
device agent and the HEMS agent. Their combined objective is to reduce the energy
bill while respecting user preferences and comfort. While device agents encapsulate the
communications with the home devices, the HEMS agent is responsible for the grunt of
the work: planning, optimising and communicating with SG agents. This architecture
does not consider the existence of a previous HAS. The final solution is presented in the
form of a home gateway device that will directly interact with smart devices, although
it does consider DER management through the different device agents. It addresses
interoperability by proposing the usage of standard communication interfaces (OSGi:
Open Services Gateway initiative [16]) and REST interfaces) and the use of Web Ontology
Language (OWL) for information modelling. Finally, the proposed architecture takes into
consideration the privacy and security of home users by using XACML (eXtendible Access
Control Markup Language [17]) as an attribute-based access control platform, controlling
the visibility of home devices to the HEMS agent.

The MAS2TERING project [18] defines a multi-agent system consisting of the following
agents: Distribution system operator agent, Aggregator agent, Central home energy management
agent, Microgeneration agent, Appliance agent and Battery agent whose interactions aim at
delivering demand-side management through the supply chain, from generation to con-
sumer appliances. This architecture does not cover security aspects, nor the integration
with existing HASs or home energy management.

Zhang et al. propose iHEMS [19], a publish-subscribe communications infrastructure,
using Information-Centric Networking (specifically Content Centric Networking) as the
communication backbone. It does not rely on securing the communication channels but
on encrypting the data itself, using a secure-group communications scheme above the
pub-sub layer. The architecture itself contemplates the different devices interconnected
through the Information Centric Networking-based pub-sub substrate, as well as a Directory
Service, which devices use to publicise their data and a Group Controller in charge of key
management for encryption/decryption.

Digital Environment Home Energy Management System (DEHEMS) project [20] pro-
poses a service-based architecture, consisting of a remote server where the knowledge base
is deployed, which in turn is fed from a Data Collector located in the home, to which sensors,
devices, appliances and display devices are connected using wireless interfaces.

Rosello-Busquet et al. [21] propose a home gateway for a HEMS system, to control
the devices in a home network at the service level. Built over the OSGi framework, it uses
DogOnt ontology as the base for its knowledge base data repository. The architecture is
composed of six bundles: Knowledge Base, Interface, Network n, Networks Manager, Manager
and Network Emulator.

ThinkHome by Reinisch et al. [22] describes a multi-agent system architecture with two
main premises: ensuring energy efficiency at home and comfort optimisation. The control
strategies realised by the multi-agent system are split into problem aspects which are di-
rectly mapped to the different agents of the framework: Control, Users, Global Goals, Context
Inference, Auxiliary Data, Knowledge Base Interface and Building Automation System Interface.

After the bibliographical review performed in architecture and security, we can con-
clude that none of the reviewed works considers all the previously described concerns of
a modern prosumer-oriented SH in their architecture. None addresses data model and
communications interoperability simultaneously to enable successful interaction with other
service providers, such as external device platforms, Smart Hubs and the SG. Finally, secu-
rity was covered by some works, but mostly in the communications domain, not placing
the focus on data privacy, which represents a major concern in the complex SH ecosystem.
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2.2. Ontological Background

To model the information in SHEMSs, a wide range of topics had to be covered, which
resulted in an extensive survey of the different existing related ontologies. The topics or
areas covered include grid DR management, home DR management, DER management,
energy metering and performance assessment, energy saving advice, (home) infrastructure,
user preferences, weather and environmental and sensor data: to name but a few. It is
needless to say that no single ontology covers all of the required areas and that they all
differ in the level of detail with which the different concepts are captured.

To summarise the ontological state of the art, Table 1 categorises the most relevant
surveyed works according to our specific use case. Later, in Section 3.4, the mapping of
those ontologies to specific elements in our proposal will be presented.

Table 1. Ontology summary.

Ontology Application Field

OSEIM [23,24] Semantic reasoning for intelligent energy management.
SARGON [25] Smart grid and building energy automation.
DABGEO * [26] Integration of smart home energy-related ontologies.
EnergyUse [27] Home energy saving advice.
MAS2TERING [18] Supporting USEF implementation on smart grid.
SAREF4EE [28,29] Interoperability of smart appliances.
DNAS [30] Energy efficiency through occupant behaviour.
ProSGv3 [31] Modelling prosumer-oriented smart grid.
MIRABEL [32] Flexibility description for demand response.
BonSAI [33] Modelling of service-oriented smart building.
ThinkHome [22,34] Home energy assessment and device control.

* Grayed rows are imported in DABGEO.

Smart Energy Domain Ontology (SARGON) [25] extends SAREF (Smart Applica-
tions REFerence [35]) but, unlike SAREF4EE, focuses on the control and monitoring of
distribution electrical grids, integrating it with building energy automation.

OSEIM and NewOSEIM [23,24] leverage semantic reasoning over an ontology pre-
senting knowledge about the internal and external environment of a home, to achieve
intelligent energy management.

DABGEO [26] is an ontology semantically equivalent to OEMA [36], a previous ontol-
ogy by the same authors. It improves on the former by offering a modular ontology that
can be imported into subsets, facilitating its adoption in custom use-case scenarios. As
its predecessor, it links and extends concepts from other previous ontologies. The base of
the ontology network is ThinkHome, to which SAREF4EE, EnergyUse and ProSGV3 have
been added.

EnergyUse framework [27] for home energy-saving advice applications, enriches
PowerONT [37] (the power consumption ontology) with other ontologies and maps it
to JSON-LD.

MAS2TERING ontology [18,38], developed under the homonymous project, implements
USEF (Universal Smart Energy Framework [39]) through multi-agent systems. The purpose
of the ontology is the representation of the data of different SG domains and to provide
interoperability between SG agents and stakeholders. It is based in Energy@Home [40] and
CIM (International Electrotechnical Commission’s Common Information Model [41]).

The DNAS framework presents an ontology [30] to represent energy-related occupant
behaviour to understand total energy consumption in buildings.

The MIRABEL [32,42] ontology for modelling flexibility in SG energy management,
allows actors to express their energy flexibility for a specific device. It also represents
energy profiles for devices, as well as production and storage devices.

BOnSAI [33,43] presents an ontology for incorporating Ambient Intelligence in Smart
Buildings that can be used for energy management and monitoring. Includes concepts
about functionality, QoS, hardware, users and context.
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3. Proposal

The general or conceptual architecture of our proposal (Figure 3) is composed of
multiple Energy Management Components (EMCs) responsible for a specific domain
within home energy management, which interact with each other to pursue their goals,
cooperating toward a common objective of increasing energy efficiency and reducing
energy costs of the home.

Figure 3. Knowledge Base-centred architecture of the Smart Home Energy Management System.

3.1. Energy Management Components

The following list describes the different EMCs that govern home energy management,
as well as some of the relationships between them:

1. Home Automation System (HAS): in charge of communication back and forth with the
Home Automation System, keeps it updated regarding energy budgets, production
and accumulation status and current consumption. High-level information produced
by other components, can be used by the HAS to provide home occupants with
energy-related decision support tools and notifications. It also updates the KB with
information from the HAS, such as devices inventory, appliance status and scheduling,
presence and occupancy information as well as information coming from external
sources, such as real-time weather information and forecasts. This information can be
used to build and feed different DER and energy consumption forecast models and
allow the HEMS to plan and adapt to changing conditions.

2. Distributed Energy Resource (DER): is responsible for dealing with energy resources,
both for energy production and accumulation. Its purpose is to: (a) to produce high-
level information, such as production and storage forecasts needed by the Home
Energy Controller (HEC) component (5) and (b) to operate the different DERs safely,
trying to minimise energy costs for the home and (c) cooperating with HEC for DR
strategies implementation.

3. Home Energy Gateway (HEG): updates the status of the grid-tie, whether we are inject-
ing or consuming power from the grid, as well as pricing information and contractual
parameters (e.g., maximum usable power). It can also relay energy information back
to the utility company, such as energy usage schedules and forecasts, appliance in-
ventory and usage patterns and, in general, any information that the homeowner is
willing to share that can help the utility company to offer a better deal to the client.
It is also responsible for communicating DR strategies, such as flexibilities or acting
as a relay for Packetized Energy Management (PEM) brokering with the grid (or
micro-grids) and keeping track of total grid energy costs.

4. Device: represents devices whose energy management can be dealt with directly by the
HEC component (5). Examples of such devices would be big consumers, continuously-
running appliances like HVAC or heating systems, swimming pool pumps, water
heaters and electric vehicles, whose energy consumption schedule can impact to
a great extent on home energy management and usually can be re-scheduled or
curtailed under certain conditions with minimal to no impact for the home occupants.
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Usually, these devices will be the most critical ones in DR strategies such as flexibility
management.

5. Home Energy Controller (HEC): in charge of control and optimisation. It can make use
of different strategies and techniques, from semantic reasoning to the use of traditional
optimisation methods or artificial intelligence. Its purpose is to deal with and mediate
between components, ensuring that the energy budget is optimised and providing
useful high-level information to be shared with others, such as HAS (1) and HEG (3).

It is worth mentioning at this point that EMCs are not single or individual instances.
Different device components could be designed for a washing machine and an electric
vehicle charger. Conversely, components do not have to be implemented in a single final
unit; for example the HEC could be split into different software modules in charge of energy
brokering, total energy consumption forecasting and deciding different strategies for DR.

3.2. Knowledge Base

As depicted in Figure 3, we propose an architecture centred around the KB. Compo-
nents are capable of realising their goals as well as interacting and cooperating by using
the Knowledge Base (KB), where all the information of the system is stored.

The information stored in the KB includes meta-information regarding different as-
pects, such as data typing and ontological links to the represented concepts. This “enriched”
information is called context in our system.

The structure and semantic roots of context in our proposal and the mechanisms
to interact with it, are further described in Section 3.5. The components responsible
for its management are first described in Section 3.3. Finally, the KB is also used as
a means for coordination and orchestration among EMCs in the system, leveraging its
publish/subscribe nature and flexible data model. This is further described in Section 3.7.

3.3. Functional Architecture

The functional architecture of our proposed HEMS consists of three layers (Figure 4)
and a transversal security layer, in which the different components are structured as follows:

Figure 4. Layered architecture of the Smart Home Energy Management System.

1. Control Layer: this is the core of the management system, where all the modules
related to the HEC component coexist. This layer is responsible for the strategy and
the scheduling. It will try to realise the global system objectives by working with the
information provided by the remaining components. To both: accrue data from the
Interaction Layer (3) and send back directives regarding scheduling and any operational
parameters, any modules in this layer will use the Context Broker component, placed
in the Context Management Layer (2). The orchestration of the system, by which the
rest of the EMCs are controlled, is further described in Section 3.7.

2. Context Management Layer: this layer acts as the information backbone of the system,
providing several mechanisms and characteristics that enable the interoperability and
modularity of the system. The main feature of this layer is that it is based on the
European Telecommunications Standards Institute (ETSI) NGSI-LD (Next Generation
Service Interfaces for Linked Data) [44] standard: evolution of NGSI, both of them
used as the communications standard of the FIWARE [45] project. The CB is the
component responsible for making all the information (context) of the KB accessible,
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as well as the provider of means to search, access and update that context. Its specific
characteristics and details regarding the communication between components, the
ontological foundation and the structure of the information model are described. This
layer also holds the historic component, responsible for storing selected historical
information (used for forecasting and data analysis) and making it available to EMCs.
Both the CB and the historic component can be instantiated from the many already
available implementations of FIWARE Generic Enablers, promoting re-usability.

3. Interaction Layer: this layer comprises all the components responsible for interacting
with the devices and entities related to the HEMS. It is the boundary layer of the
SHEMS with the rest of the SH and the world, acting as an adaptor between the
internal NGSI-LD interfaces and the different external interfaces. It is through this
layer that information from devices, the grid, DERs and the HAS, reach the KB.
It is also in this layer that the management of the system crystallises in specific
commands sent to devices or communications with external services. Finally, all
semantic adaptation between the SHEMS and the devices, services and external
agents will take place in this layer.

4. Security & Privacy: lastly this layer permeates the whole system. It is responsible for
ensuring secure data access as well as privacy. It mediates the information exchange
between the components and the KB, providing authentication and authorisation
components for access control to the CB and other components in the architecture.
The components that form the security and privacy layer and their operation are
further described in Section 3.6.

3.4. Information Model

Semantic web technologies present a compelling solution to provide interoperability
across vendors and providers of different services, platforms and devices. Under the
semantic web, information has to be semantically annotated (linked) to ontological concepts.
Information enriched with semantic tags is called context in NGSI-LD, the underlying
technology on which the KB of this proposal is based.

According to NGSI-LD Information Model [44], context is structured in the form of
entities. These entities have identity, type, properties and can be linked to one another
through relationships. Entities are exchanged in the form of JSON-LD documents that
follow a Core MetaModel. Bundled with those properties and relations, NGSI-LD intro-
duces the use of special JSON-LD attributes (represented by the Cross-Domain Ontology)
linking to semantic concepts from other Domain-Specific Ontologies, creating an “onion”
model (Figure 5).

Figure 5. NGSI-LD Information Model.

A wide range of existing ontologies are already available for us to use in our proposal,
closely related to the domain of SHEMSs and covering DR and SG interfacing; the most
relevant ones have already been introduced in Section 2.2 and summarised in Table 1.

In our proposal, we have selected DABGEO as the main ontology, as it covers all of
the most relevant concepts related to home energy management: appliances and devices
description and power consumption, grid-related information (from tariffs to prosumer-
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related concepts), electrical energy generation and accumulation, as well as user related
information (user preferences, occupancy and other related concepts). Specific examples of
the mapping of DABGEO concepts to NGSI-LD will be provided in Section 4.3.

As already indicated, no ontology covers all possible aspects and scenarios in the
domain of SHEMSs. Table 2 represents the subset of ontologies that can complement
DABGEO in our proposal and the EMCs for whom they can be relevant (e.g., MAS2TERING
could be applied in the HEG in DR scenarios where USEF is being implemented).

Table 2. Complementary ontologies.

Ontology HEC HEG HAS

DNAS [30] X X
BonSAI [33] X X X
MIRABEL [32] X
MAS2TERING [18] X
SARGON [25] X
OSEIM [23,24] X X

Finally, to the best of our knowledge, no previous mapping from NGSI-LD to the
selected ontology has been previously proposed. The approach we have followed in this
work has been to map OWL elements of DABGEO to NGSI-LD according to Table 3. In
the case of OWL’s object properties linking to individuals, the representation as NGSI-LD
nested properties can be considered if the following criteria are met: (1) linked individuals
are exclusively related to a single entity, (2) their existence depends on it, (3) have low
number of properties and/or relationships and (4) will not be used as search keys in the KB.

Table 3. OWL and NGSI-LD mapping.

OWL NGSI-LD

Individual Entity
Class Entity type
Object property Relationship or nested property
Datatype property Property

3.5. Context Management

In NGSI-LD, context (entities) can be created, updated, retrieved and deleted through
REST API exchanging JSON-LD (JSON for Linking Data [46]) documents. This API also
provides mechanisms to subscribe to changes in context, forming a publish/subscribe
information management system. The CB is the single central point of the architecture
where all information can be accessed.

The CB offers advanced mechanisms to search context information available in the
system, offering different filters and query mechanisms to retrieve information. Some of
those filters can also be used with the subscription mechanism, allowing components to
receive updates on tailored sets of information of their interest.

Finally, the CB can also act as a relay and directory for other providers of information
previously registered: in this way, EMCs can act as Context Providers (CPs), responsible for
sub-sets of the KB, capable of answering queries from the CB and other peer components
(Figure 6). This mechanism is relevant in cases where information is calculated upon
request or cases where information changes constantly but is requested with low frequency.
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Figure 6. Context Provider information access sequence.

3.6. Security and Privacy

To provide secure and private access to context information, our proposal introduces
the use of DCapBAC (Distributed Capability-Based Access Control) [47], a derivation of
the Attribute-Based Access Control (ABAC) scheme in which the authorisation checking
against the policy base and the enforcement of the actual policy are decoupled (Figure 7).

Figure 7. Context authorisation and access sequence.

In the following list, the security components of the architecture are described:

1. Identity Management (IdM) component: provides the authentication service to the
architecture. It stores identity information together with attributes that will be later
used by the authorisation component. In our architecture, we propose the use of
standard interfaces, such as OAuth 2 [48] and OpenID Connect [49].

2. Capability Manager (CM) component: acts as the authorisation facade for compo-
nents, granting or denying access to the requested resource. It receives requests from
components and interacts with the IdM and the PDP to perform its task.

3. Policy Decision Point (PDP) component: validates requests using identity information
against the set of XACML (eXtendible Access Control Markup Language [17]) policies
stored in the system. Those policies are managed via the next component in the list:
the PAP.

4. Policy Administration Point (PAP) component: offers a single administration point
to manage the policies for the system. Policies are stored in XACML, defined as
conditions that a subject must meet to act on a resource. In this case, the conditions
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can be based on attributes from the IdM identity, the actions are HTTP verbs and the
resources are HTTP resources, represented as URLs.

5. Policy Enforcement Point (PEP) component: act as a transparent reverse HTTPS proxy,
which enforces the verdict issued by the PDP, without the need for further XACML
policy evaluation.

The process by which EMCs access information begins with the authentication process
(Figure 8) represents a simplified version of a typical OpenID interaction for authentication
of an EMC against the IdM. As a result of this interaction, the component obtains an Identity
Token (IdT) which will be used in the next phase.

Figure 8. Authentication sequence.

Authorisation in DCapBAC begins with a request to get access to a resource, accompa-
nied by the IdT previously obtained. This request follows the classical XACML structure
and interface (Figure 9), in which the EMC’s request is matched in the PDP against XACML
policies to verify whether the request can be granted or not. The difference is that instead
of immediately accessing the resource after a positive verdict, this interaction will result in
the issuing of a Capability Token (CT).

The final phase (Figure 10), is the actual access to the context information. In this case,
the CB is protected by a transparent PEP. This component will only grant requests that are
valid according to the attached CT. Access can take place several times with the same CT
for as long as it is valid, effectively reducing the authorisation delay of each request, as
there is no further validation against XACML policies on each access.

Figure 9. Authorisation sequence.
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Figure 10. Authorisation enforcement sequence.

Communications between EMCs, security components and CB take place via REST
API calls and are secured with standard web technologies, using HTTPS protocol and
SSL certificates.

3.7. System Orchestration

EMCs not only share information through the KB but also communicate with each
other in an asynchronous message-passing manner, using the publish/subscribe function-
ality defined in NGSI-LD. We have implemented a mechanism inspired by FogFlow [50,51]
task orchestration, in which tasks receive input from other tasks and the orchestrator by
using intermediary entities in the KB. Those entities hold input/output information for
their tasks.

In our proposal, EMCs subscribe to specific entities by which the HEC sends and
updates the desired outcome, schedule or management commands that the EMC requires
as input for its operation (Figure 11). That same mechanism is used by the HEC to receive
output from the rest of the EMCs.

Figure 11. Orchestration asynchronous message passing.

This orchestration mechanism is also secured with the proposed security and privacy
components, covered in Section 3.6. This way, XACML policies can be put in place to
ensure that only the expected EMC will be able to access its input message entities and
update its output ones.

4. Validation

To validate our proposed architecture, an implementation use case is being conducted
for the SHEMS of a single home. This home has an already existing HAS installation,
electricity production and storage facilities and some high-consumption devices.

Regarding the specific algorithms and methods used in the EMCs implemented,
we have purposely omitted implementation details. The two main reasons behind this
decision are: (a) the implementation of some of the EMCs is still under development, being
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bound to change in the near future as new approaches and algorithms are being tested
and (b) this proposal’s concern is the architecture by which different implementations
of the EMCs can cooperate in an interoperable and secure way thus fully describing the
algorithms and optimisations would only lead to possible confusion by the reader and an
over-extended work.

Never the less, in this section we will offer some implementation details regarding
EMCs, as well as specific results that support our goal of improving energy efficiency in
our test-bed scenario, together with the specific objectives that guide our SHEMS and the
core architecture components selected for our demo, as well as examples of communication
between EMCs.

4.1. Test-Bed Description

The test-bed (Table 4) consists of a two-story house at ground level, located in Murcia,
in the south-east of Spain, with a patio and an underground garage. A small swimming
pool is located on the patio, whose filtration and chlorination systems can be controlled by
the SHEMS.

Table 4. Test-bed summary.

Element Description

Home automation system Home Assistant, running in a Raspberry Pi 4, 4 GB RAM
Photo voltaic array 14 panels, 480 W rated
Inverter Ingecon Sun Storage 1Play
Battery 32 cells in series, LiFePo4 chemistry, 280 Ah rated capacity
Battery management system Batrium WatchMon-CORE, 2 Batrium CellMate K9 and ShuntMon 500 A
Grid power meter Carlo Gavazzi EM112
Grid tariff 5.4 KW peak input, with constant pricing. PV surplus feed-in possible

with constant price rebate
Appliance controller * (Coffee
machine)

TP-Link HS110 Smart Plug (with inbuilt power meter), controlled by
Home Assistant

Pool controller Node-RED based, running in a Raspberry Pi zero. Power-meter integrated
via Modbus.

* An espresso machine (ECM Synchronika), with 1.6 kW peak power consumption is connected to this smart plug.

The existing HAS is based on the Home Assistant software (Figure 12), running on
a Raspberry Pi 4 and is already capable of controlling HVAC, central heating (underfloor
heating), window blinds and some lights, smart TVs and the tumble-dryer among other
appliances. Different sensors are integrated into the HAS, monitoring temperature and
humidity in different rooms. It also provides weather information via external web services,
as well as home occupancy status through presence detection of different inhabitants
at home.

Figure 12. Test-bed’s Home Assistant installation graphical interface.
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On the roof, an array of PV panels (Figure 13), connected to an inverter, provides up to
6 kW of electric power. An accumulation system is currently in development, with 28 kWh
of planned storage capacity, protected by a Battery Management System (BMS) and directly
controlled by the inverter.

Figure 13. Aerial view of the test-bed location. Pool, PV panels, HVAC and heating units visible.

The PV and storage systems provide real-time information on production, consump-
tion and State Of Charge (SOC) through their controllers. Moreover, some high-consumption
appliances have dedicated power meters for a more granular energy consumption compo-
sition breakdown; such is the case of the pool filtration system and the espresso machine.

Finally, a grid tie provides energy. The contract with the electricity company establishes
a constant price tariff with 5.4 kW peak power. It also allows grid feed-in from the PV
installation, with a rebate proportional to the injected energy. To monitor import/export
energy, a grid-tie power meter has also been installed and integrated.

4.2. Tasks

The general objective of the test-bed SHEMS is to achieve the most efficient and
cost-effective operation of the system and to do so it takes the following tasks:

1. To manage battery accumulation parameters (maximum SOC and Depth Of Discharge
(DOD), charging and discharging regimes and the likes), schedule and manage battery
charging and manage stored energy usage.

2. To schedule and manage the central heating system, as well as HVAC.
3. To schedule and manage swimming pool filtration and chlorination system.
4. To react to inhabitants’ actions that offset the expected energy profiles.
5. To inform the user about energy consumption patterns and energy management

status, raise alerts and provide energy-related suggestions to improve efficiency and
reduce consumption.

To fulfil its tasks, the SHEMS will use and generate information from its different
EMCs, such as grid-tie parameters (maximum usable power, current and planned energy
pricing and grid inject rebate depending on tariff), current and forecast energy consumption,
production and storage, schedules of operation of different devices and even occupancy
and weather information.
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4.3. Knowledge Base and Security Components

For the KB and security components, we have selected some Generic Enablers from
the FIWARE project: the CB implementation of choice is the Orion-LD [52] broker and on
the IdM, Keyrock Identity Management Generic Enabler is being used. For the DCapBAC
components, we have selected the open-source implementation of the PAP-PDP, PEP and
CM provided by IoTCrawler project [53,54].

Information in the KB is structured in entities (Listing 1), according to NGSI-LD’s Core
MetaModel, and linked to DABGEO [26] ontology (Figure 14).

Figure 14. Protegé view of PVSystem in DABGEO.

Listing 1. JSON-LD representation of the photo-voltaic inverter.

{

"id": "urn:ngsi -ld:PVSystem:Device :0042" ,

"type": "PVSystem",

"deviceName": {

"type": "Property",

"value": "INGECON SUN STORAGE 1Play TL M"

},

"maxProducesEnergy": {

"type": "Property",

"value": 6,

"unitCode": "KW"

},

"@context": [

{

"deviceName": "http ://www.purl.org/oema/enaeq/deviceName",

"maxProducesEnergy": "https :// www.auto.tuwien.ac.at/downloads/

thinkhome/ontology/EnergyResourceOntology.owl#"

},

"https :// uri.etsi.org/ngsi -ld/v1/ngsi -ld-core -context.jsonld"

]

}

Orchestration is performed via asynchronous message passing and requires the sub-
scription of the EMCs to the input entities of their domain. One such example is the control
of the swimming pool filtration and chlorination system (Listing 2). In case of exceeding
the power constraints of the system (e.g., if the energy imported from the grid is close to, or
exceeding, the maximum power defined by the energy provider contract), the HEC will
issue a modification to the entity representing the controllerDesiredStatus of the filtration
and chlorination system, asking the device controller to stop the system as a result of
energy constraints. That modification will trigger the appropriate subscription to send a
notification to the swimming pool device EMC (Listing 3) and it will stop operation until
the HEC clears that status.
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Listing 2. Subscription in NGSI-LD.

{

"id": "urn:ngsi -ld:Subscription:PoolController :0001" ,

"description": "Pool system dev.ctr. subscription",

"type": "Subscription",

"entities": [{

"type": "PoolController",

"id": "urn:ngsi -ld:PoolController:ID :0001"

}],

"watchedAttributes": ["controllerDesiredStatus"],

"notification": {

"attributes": ["controllerDesiredStatus"],

"format": "normalized",

"endpoint": {

"uri": "http :// pool :1880/ notifications",

"accept": "application/json"

}

}

}

Listing 3. Notification in NGSI-LD.

{

"subscriptionId": "urn:ngsi -ld:Subscription:PoolController :0001" ,

"data": [{

"id": "urn:ngsi -ld:PoolController:ID:0001" ,

"type": "PoolController",

"controllerDesiredStatus": {

"type": "Property",

"value": "OFF",

"observedAt": "2022 -06 -10 T10 :11:57.000Z"

}

}]

}

Security in the system begins with the definition of different identities for the different
EMCs, that will be used to interact with the DCapBAC authorisation components. A set of
XACML policies is set in place, governing which EMC can act over the different entities
stored in the KB. In NGSI-LD, the different HTTP verbs are mapped to the create, retrieve,
update and delete functionalities, offering good granularity on the different actions that can
be taken on entities. The entities affected by the policy can be defined in terms of identifier
(literal or pattern) and different query filters based on entity type or other properties.

When an EMC wants to interact with information in the KB, it first needs to authenti-
cate with the IdM, obtaining an IdT (Figure 15). It then obtains a CT from the CM for the
action to be performed and the information associated in the KB. Finally, it will perform
that interaction against the PEP, attaching the CT in the request, which will grant (or deny)
its access. The security process is explained in detail in Section 2.1.

Figure 15. Secure access of Energy Management Components to the Context Broker.
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The added benefit of DCapBAC is that further requests will not need to perform the
authentication and authorisation phases again and that the access control performed by the
PEP doesn’t need to interact with the PDP, thus reducing the latency of the enforcement.

4.4. Energy Management Components

The EMCs of our test-bed (Figure 16) are at different development stages. We have
used Node-RED [55] as the development tool of choice for its quick turnaround and sim-
plicity. The enumeration that follows this text summarises the details and implementation
status of each of the components:

Figure 16. Test-bed Energy Management Components and interactions.

1. HAS: it communicates with the Home Assistant instance of the test-bed. It draws
information from it regarding weather forecasts, sensor data and home occupation
and updates it on the KB for other EMCs to use. It also receives messages from
the HEC, to notify users about different conditions. The interaction between the
HAS component and Home Assistant takes place via REST API, leveraging Home
Assistant’s user notification mechanisms (Figure 17).

2. HVAC and Heating devices: these devices were already integrated into Home Assis-
tant, utilising custom ESP8266 devices and the ESPHome [56] integration in Home
Assistant. These devices offer another REST API to interact with, which we have
leveraged due to its simplicity and to avoid using Home Assistant as an intermediary
to interact with them. Currently, their components only send status updates to the
KB and support stopping temporarily the operation upon request from the HEC (via
the orchestration mechanism) to avoid overloading the grid input. In the future,
operation scheduling for the heating system could be implemented and integrated
into the energy management strategy, as well as operation forecasting for the HVAC
to predict when users want to use it.

3. Espresso machine device: this device is controlled via a smart plug (see Table 4), allowing
users to remotely turn the machine on or off. This device is (also) integrated into
Home Assistant [57]. This time we have opted to implement its component interacting
with Home Assistant’s REST API, instead of interacting directly with the smart plug.
The reason behind this decision is merely to save effort by re-using Home Assistant’s
API. In the current implementation, it only updates real-time energy consumption
and status (on/off) in the KB, but in the future, we expect to be able to better integrate
it into the SHEMS by implementing other features such as operation forecasting
and scheduling.

4. Pool device: the pool filtration EMC has been directly built into its controller (which
is also based on Node-RED). It updates operation status and real-time power con-
sumption in the KB. It also requests an operation schedule to the HEC for the num-
ber of hours of filtration that it deems appropriate, based on weather forecasts re-
trieved from the KB (which are updated by the HAS component). This compo-
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nent also reacts to HEC’s inputs (through orchestration mechanism) to temporarily
stop/resume operation.

5. PV and battery DER: the component responsible for the PV array and battery interacts
with the inverter via Modbus-TCP (Figure 18). The current implementation of the
controller updates in the KB, real-time production and SOC of the batteries. Once the
battery is finally installed, we plan on developing the mechanism to receive from the
HEC messages to update its maximum SOC and DOD to optimise battery usage.

6. HEG: this component updates in the KB the real-time power input/output as mea-
sured in the grid tie power meter, to which it is connected via Modbus. It also updates
the maximum power that the grid-tie can deliver as well as the maximum it can
be fed from the PV installation. This component also retrieves the hourly prices of
electricity, both consumed from the grid and fed-in, from ESIOS [58] via REST API,
according to the Spanish PVPC tariff, although the current test-bed electricity contract
is a constant-price one.

7. HEC: the current implementation of this component is capable of generating schedules
for electricity consumption upon request, trying to maximise PV-generated electricity
usage. It currently does so by using forecast cloud coverage information (coming from
the HAS component) as well as expected sunset and sundown times. It also reacts to
notifications regarding high-consumption devices and takes decisions based on the
current energy budget (PV, battery and grid) to signal viable devices to temporarily
stop operation. Finally, it also notifies users through the HAS component (Figure 17)
when: (a) the grid energy import reaches 80%, (b) when high-consumption devices
are active and the home is not occupied and (c) when contingency mechanisms (such
as temporarily stopping operation of a device) have been implemented.

Figure 17. Alerting and notification through Home Assistant.

Figure 18. Node-RED development of the DER component for PV.
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4.5. Results

Among the various sub-systems of the test bed, we have decided to show results
obtained in the filtration and electrolysis chlorination system of the pool, as they present a
good balance between simplicity, interaction with other EMCs and improvement in energy
cost reduction.

Prior to the SHEMS implementation, this sub-system was controlled with an electric
plug-in timer switch. Its programming had to be manually configured several times a year,
to adapt to the differences in temperature as well as sun incidence. Figure 19 shows the
peak power demand and production, on an hourly basis, for an average spring/summer
work day.

Figure 19. Power peaks prior to Smart Home Energy Management System.

From it, we can deduce the pool filtration and chlorination system schedule, in which
we can notice two gaps (6 a.m. to 9 a.m. and 2 p.m. to 5 p.m.). Those gaps correspond
to specific periods of the day in which users are specially energy-active at home on a
common replacedweek dayweek day: the time of breakfast and lunch. At those times, users
utilise high consumption devices such as the espresso machine, the electric stove or the
microwave, that have shown in the past the possibility of triggering the grid input power
breaker when used in conjunction with the pool filtration system. Thus a conservative
approach was taken, avoiding those time ranges. It is worth noticing that, although the
second gap coincides with a high PV production period, cloud coverage has occasionally
produced dips in production, leading to power breaker trips.

Figure 20 represents the same variables of the previous example and similar conditions
(average spring/summer work day in our test-bed home), but this time the pool has a
device controller integrated into the SHEMS. The implementation of the pool’s EMC decides
filtration and chlorination time based on local weather information and forecasts (updated
in the KB by the HAS module) and asks for a schedule from the HEC, which provides it
based on energy cost, resulting in an allocation during PV production.

Figure 20. Power peaks with Smart Home Energy Management System.
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This schedule would have incurred an increased risk of power breaker trips in the
previous scenario, but the SHEMS-integrated pool controller receives commands from the
HEC to temporarily stop operation when there is the risk of exceeding maximum grid
power constraints, therefore, avoiding the need to schedule out of PV production hours.
The HEC sends control commands to the pool filtration system to stop/resume operation,
based on the power status of the whole system, as described in the previous Section 4.4.
The orchestration of the control commands has also been showcased in Section 4.3 and the
messages exchanged in Listings 2 and 3.

Finally, Figure 21 compares the total accumulated energy imported from the grid on
an hourly basis for the two previous examples, showing that the conservative strategy
followed by the timer implementation could be associated with less efficient use of the
PV system by allocating filtration time outside of production hours, in turn producing an
increase in grid energy import, compared to the SHEMS control.

Figure 21. Grid energy import comparison.

5. Discussion

We want to open up the discussion by stating that the results shown in the previous
subsection cannot be taken as proof that our test-bed SHEMS succeeds at obtaining better
energy efficiency than the previous scenario, nor of the degree to which such benefit could
be obtained. They have only been offered to support our claim that the system is capable of
successfully integrating the many different actors present in the energy management of a
Smart Home to take action depending on information coming from diverse sources.

With our demonstration, we show that we have integrated an existing Home Automa-
tion System (Home Assistant), making all of its information available to the rest of the
SHEMS and leveraged it as a convenient way to reach users through notifications.

We have created a HEG proof of concept implementation, capable of integrating
electricity pricing in our SHEMS, establishing good footing for the integration of future
DR implementations. This HEG can act as an intermediary between the SHEMS and the
grid (or micro-grids), opening the possibility of securely and privately sharing selected
information from the system with the grid, which could be beneficial in DR and Demand
Flexibility scenarios.

We have integrated DERs in the form of a PV installation and its attached accumulation
battery system, as well as different high consumption devices, with different levels of
functionality, using different communication technologies and integrated their information
for other components of the SHEMS to use.

Finally, we have showcased an example of a simple energy management implementa-
tion capable of scheduling consumption for PV energy optimisation and reacting to high
electricity demand by notifying users and disabling non-critical high-consumption devices.

This architecture brings to the field a framework for modular SHEMSs where different
EMCs can be built by different parties and where DR, Home Automation, DER, devices
and users, have been considered. As an added benefit, the core elements of the architecture
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can be readily deployed from COTS components, many of them coming from the FIWARE
project, such as the security stack as well as the Context Broker.

In our proposal, all the information in the system can be accessed securely and pri-
vately way by any of the EMCs of the system. Moreover, this information is accessed using
standard communication protocols specifically designed for interoperability. On top of that,
information is formatted and structured following Semantic Web principles, leveraging
existing ontologies representing all the necessary concepts, achieving data interoperability.
Lastly, using the NGSI-LD communications standard, we implemented an orchestration
mechanism for energy management, leveraging NGSI-LD’s publish/subscribe functionality.
These four aspects are the main contribution of our work.

6. Conclusions and Future Work

In this work, a modular, interoperable and secure architecture for building SHEMSs
has been proposed, presenting a set of EMCs for the management of the energy of a smart
home. The presented architecture also considers prosumer interactions with the grid,
local generation and accumulation optimisation, the management of high-consumption
devices and the integration with existing HASs, while considering data security and privacy
through access-control mechanisms.

The proposal is based on the NGSI-LD standard, which is used both as a semantic
KB and asynchronous message passing for orchestration. Using this standard opens the
possibility of re-utilising existing implementations of different FIWARE components in
our architecture, such as the Context Broker, used for the KB, as well as some security
components, like IdM and PEP. Lastly, existing implementations of other projects that lay
within the FIWARE ecosystem have also been re-utilised, such as the DCapBAC components
from project IoTCrawler.

The ontological foundation of the information model has been established from a
selection of existing ontologies, analysed in Section 2.2, from which DABGEO has been
selected as the base ontology, together with an array of complementary ontologies for
specific use cases.

The proposal has been validated through the presentation of a test-bed scenario
consisting of a single prosumer home governed by an existing HAS, which has been
integrated into the SHEMS. The central components for the architecture, in charge of
context management and security, have been instantiated from existing implementations.
Examples of the representation of information and orchestration of different tasks between
components have been showcased.

Finally, results in the form of a SHEMS capable of scheduling high-consumption de-
vices for better PV utilisation and reacting to high energy consumption by notifying users
and disabling non-critical loads, have demonstrated the feasibility of the solution, success-
fully being able to schedule the pool chlorination system based on PV production while
integrating information coming from the HAS to react to changes in consumption by the
home users. This has been possible thanks to the capacity of the system to integrate diverse
information sources and its ability to provide secure mechanisms to access information
within the different components instantiated.

This work opens the door to future proposals on multi-faceted SHEMSs in which
to optimise complex systems controlling accumulation and generation, DR strategies
communicating with the SG and, at the same time, leveraging the existing HASs installation
to retrieve information from it and even interact with it.

It also opens the door for the development and deployment of specific EMCs that can
be readily plugged into any SHEMS following our architecture proposal. One such example
could be that of specific HEG implementations by different energy providers that would
allow communication between homes and the SG to implement elaborated DR strategies.

Finally, it presents the possibility of creating specific SHEMS frameworks and im-
plementations, ready to be deployed and integrated with other existing solutions in a
single-click fashion, that would allow the easy deployment of a SHEMS by layman users,
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which in turn, would become a pivotal factor for the widespread deployment of advanced
DR strategies.
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The following abbreviations are used in this manuscript:
CB Context Broker
CM Capability Manager
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EMC Energy Management Component
HAS Home Automation System
HEC Home Energy Controller
HEG Home Energy y Gateway
HEMS Home Energy Management System
HVAC Home Ventilation and Air Conditioning
IdM Identity Management
IdT Identity Token
IoT Internet of Things
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OWL Web Ontology Language
PAP Policy Administration Point
PDP Policy Decision Point
PEP Policy Enforcement Point
PV Photo-Voltaic
SG Smart Grid
SH Smart Home
SHEMS Smart Home Energy Management System
SOC State Of Charge
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Abstract: Communication technologies have drastically increased the number of wireless networks.
Heterogeneous networks have now become an indispensable fact while designing the new networks
and the way the data packet moves from device to device opens new challenges for transmitting
the packet speedily, with maximum throughput and by consuming only confined energy. Therefore,
the present study intends to provide a shrewd communication link among all IoT devices that
becomes part of numerous heterogeneous networks. The scrumptious dataflow strategy (SDS) for
IoT devices in the heterogeneous network environment is proposed and it would deal with all link
selection and dataflow challenges. The SDS would accomplish the targeted output in five steps: Step
1 determines the utility rate of each heterogeneous link. Step 2 develops a link selection attribute
(LSA) that gauges the loads of network features used for the link selection process. Step 3 calculates
the scores of all heterogeneous networks. Step 4 takes the LSA table and computes the network
preference for different scenarios, such as round trip time (RTTP), network throughput, and energy
consumption. Step 5 sets the priority of heterogeneous networks based on the scores of network
attributes. Performance of the proposed SDS mechanism with state of the art network protocols, such
as high-speed packet access (HSPA), content-centric networking (CCN), and dynamic source routing
(DSR), was determined by conducting a simulation with NS2 and, consequently, the SDS exhibited
its shrewd performance. During comparative analysis, in terms of round trip time, the SDS proved
that it utilized only 16.4 milliseconds to reach IoT device 50 and was first among all other protocols.
Similarly, for network throughput, at IoT device 50, the throughputs of the SDS are recorded at 40%
while the rest of other protocols were dead. Finally, while computing the energy consumption used
to reach IoT device 50, the SDS was functional and possessed more than half of its energy compared
to the other protocols. The SDS only utilized 302 joules while the rest of the protocols were about to
die as they had consumed all of their energy.

Keywords: wireless communication; scrumptious; heterogeneous network; IoT device; routing

1. Introduction

The deployment process of traditional wireless cellular networks is inherited from
past scenarios and requires time-to-time upgradation. The state of the art cellular systems
are basically encompassed in base stations and user terminals adopting the same standards
as followed by the cellular system in other regions. Currently, wireless networks are
keystones, with several diverse application fields, such as wireless sensor networks, cloud
facilities, cyber physical systems [1], infrastructures protection, and command control, with
several other likely examples. The wireless workstation networking has taken the place of
former customary technologies to provide better services with configurability, flexibility,
and interoperability [2].

Contemporary network technologies are comprised of software and hardware com-
ponents. The accessibility of faster and reliable hardware is altering the equilibrium
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between software and hardware with generating changes in the network of structured
devices. Currently, several software-built nodes based on the Python language coexist with
hardware-built nodes with the provision of many analogous functions in conjunction with
different computing tools [3].

Heterogeneous networks [4] contain numerous existing radio access network (RAN)
technologies, such as WiMAX, Wi-Fi, EUTRAN, etc., and have various architectures, dif-
ferent transmission mechanisms, and base stations with a volatile performance range.
Configuration networks are used to improve the user experience and reduce RAN and
core network (CN) bottlenecks. HetNet [5] can also help to route and manage intelligent
IP traffic, and implement efficient load balancing and resource allocation. This is the
aggregation of heterogeneous network radio resources and the traffic between selective
or packet-switched or circuit-switched HetNet. 3GWLAN has been considered beyond
other inter-technology options. Heterogeneous networks include interconnected nodes and
different types of links. Such interconnected structures contain a wealth of information that
can be used to mutually strengthen nodes and links and transfer knowledge from one type
to another.

The heterogeneous wireless sensor network demands an abundant network resource.
It attempts to deploy a replication connectivity mechanism in a fast mobile architecture. The
real measurement output exhibits that the replication connection mechanism drastically
reduces network uncertainty, controls the packet loss ratio, and proactively improves the
network throughput. A small network fidelity significantly influences the outcomes of
assessments when the network complexity is not inconsequential, so the obtainability of
integrated simulation-centered tools to maintain the whole network course is an actual
need to evade the underestimation and equivocation of network glitches [6].

Modular simulation is very useful in building an articulate network model with
varying levels of applications. The accessibility of modular, programmable, extensible,
open-source, community-driven, and community-supported simulation frameworks pro-
duces simulation events with desirable outcomes even in a heterogeneous network system
using varying simulated nodes [7].

1.1. Smart Homes

Smart homes are getting popular due to two factors. First, sensing and actuation
techniques as well as wireless sensor networks, have dramatically advanced. Second,
nowadays, individuals rely on technology to answer their worries about their quality of
life and home security. Intelligent and automated services are provided via a range of
IoT-based sensors in smart homes, which help individuals who forget to automate daily
duties and maintain routines and can save energy by automatically shutting off lights
and electrical gadgets. Motion sensors are employed for this purpose and security can
also be achieved. Sensors collect data from the environment by conserving energy (light,
temperature, humidity, gas, fire events).

The data from the heterogeneous sensor is given to the context aggregator, which
then transmits it to the context recognition service engine. This engine chooses services
depending on their context. When the humidity rises, for example, an application can
automatically switch on the air conditioner. If there is a gas leak, you can also switch off all
of the lights. Smart home applications are highly beneficial to the elderly and the disabled.
Health can be monitored and professionals can be notified immediately in the event of an
emergency. The floor is outfitted with pressure sensors, which aid in tracking a person’s
activity in a smart home and detecting falls. CCTV cameras may be used in smart homes to
record interesting occurrences. There are countless challenges and questions about smart
home applications [8]. Security and privacy are of paramount importance, as all data about
what is happening at home is recorded [9]. An intruder can attack the system and cause
it to behave maliciously if its security and dependability are not ensured. When such
abnormalities are noticed, smart home systems are meant to warn the owner.
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In continuation to smart homes, there are IoT-based applications that govern with
smart homes. The role of the most relevant applications to the proposed systems are
discussed as follows.

1.1.1. IoT-Based Transport

Sensors and cognitive information processing systems can be used by IoT-based trans-
portation apps to govern everyday traffic in the city. The primary aims of intelligent traffic
systems are to reduce traffic congestion, make parking easier and stress-free, appropriately
route traffic, and eliminate accidents by identifying intoxicated drivers. GPS sensors for
position information, accelerometers for speed, gyroscopes for direction, RFID for vehicle
identification, and infrared for counting passengers and cars are examples of IoT devices
with sensor technologies for these sorts of applications, as well as sensors and cameras for
documenting traffic and vehicle movements.

1.1.2. IoT-Based Water Systems

The current level of water shortages in most regions of the world urges critics to
effectively manage the water supplies. As a result, most cities are opting for smart solutions
that include the installation of a large number of meters on water supply pipes and storm
drains. Smart water meters come in a variety of styles. These meters may be used to
determine the amount of water entry and outflow as well as potential leaks. Water metering
systems based on IoT are also employed in combination with data from meteorological
satellites and river water sensors. They can also assist us in forecasting flooding.

1.1.3. IoT-Based Social Meetings

“Opportunistic IoT” [10] refers to information exchange between opportunistic de-
vices (devices that seek communication with other devices) depending on mobility and
availability of contacts in the neighborhood. Personal gadgets with sensing and short-range
communication capabilities include tablets, wearables, and mobile phones. When there is a
shared goal, people may find and interact with one another.

1.1.4. IoT-Based Supply Chain Management

IoT seeks to simplify the actual processes of business and information systems [11].
One can easily trace items in a supply chain from the point of manufacturing to the point
of final distribution by using sensor technologies, such as RFID and NFC. Real-time data is
recorded and processed for future reference. RFID tags connected to cargo can also record
information regarding product quality and ease of use.

The proposed mechanism (SDS) achieves the required goals in five steps:

• Step 1: The service is separated into patterns and the attributes of each pattern are
examined before using the utility function to determine the utility value for each
network feature.

• Step 2: Network attribute weights are calculated using the link selection attribute
(LSA). Based on this, signal inference is completed.

• Step 3: The network attribute score is calculated using the network attribute utility
and weights.

• Step 4: Network settings for different scenarios are calculated using the LSA.
• Step 5: Based on the evaluation of network attributes, unpleasant networks are priori-

tized. This allows the user to select the network with the highest score.

The key contributions of this work are as follows:

• The link selection attribute (LSA) specifies the network selection criteria that match
the predefined values from the data corpus. This selection strategy ensures that only
the best network is selected. This mechanism has been explained in Section 3.2 with
the help of Figure 3.

• The performance of IoT devices in a heterogeneous network was analyzed by calculat-
ing results in terms of round trip time, network throughput, and energy consumption.
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• The results were obtained by simulation with the NS2 simulator.
• The proposed strategy allows users to choose the most appropriate network, im-

prove interoperability between devices, and reduce unnecessary handovers between
different networks.

• Finally, the results are compared to state of the art protocols, such as high-speed packet
access (HSPA), content-centric networking (CCN), and dynamic source routing (DSR).

The rest of this paper is divided into further sections. The current literature on
heterogeneous networks is placed in Section 2. Section 3 contains a description of the
proposed model, which accomplishes the target output in five steps. Performance analysis
is described in Section 4. The conclusions and future research directions are given in
Section 5.

2. Literature Review

Traditional network resource selection approach usually chooses the network that is
the best performer among all available networks. However, with diverse services, each
service demands rigid features. Furthermore, various users have diverse preferences. As a
result, the goal of the study introduced in this white paper was to create an access selection
algorithm that takes network, service, and user demographics into consideration.

Considering the low-speed moving environment, Fung po et al. [12] investigated the
performance of high-speed packet access (HSPA). Not only static scenarios were taken
into account, but many mobile scenarios, including subways, trains, and city buses were
also considered. However, limiting the deployment of commercial networks, it analyzed
only 3G networks, and all measurements primarily looked at network and transport layer
parameters. Therefore, the network access layer has great priority but SNR was fully
ignored during the entire transmission.

Similarly, another work from Mahfuzur [13] developed a content-centric networking
(CCN) mechanism in the 4G/5G network, where various heterogeneous networks are
converged. They also offered a unique mobility management method to enable content
and network variety by using the mobile network’s rich computing resources. Rather
than establishing a communication link to the information source, they promised to enable
more efficient, quicker, and secure content delivery. Furthermore, they examined existing
mobility options and assessed the efficacy of a seamless content delivery mechanism in
terms of content transfer time, throughput, and the data transmission success ratio. Their
suggested solution uses name-based routing rather than content or device addresses. For
content transfer, this system primarily employs two basic messages: the Interest packet
and the Data packet. The Interest packet provides a request for a requested material,
which includes information such as content name, content type, and content version. The
Data packet comprises the original data as well as the content name, security information,
and numerous additional properties, such as hop distance and content source description.
However, they disregarded some of the issues, such as excessive energy usage and data
packet delay rationing, which significantly reduce network longevity.

Qin et al. [14] proposed the reactive DSR source routing protocol for cognitive radio
ad hoc networks to send IoT data from the IoT gateway to non-constrained networks
inside the cognitive radio ad hoc networks. DSR, in particular, falls to the reactive routing
protocol group since it may find routes from source to destination only when requested
and needed. DSR is a source-routing system that allows for on-demand routing. DSR
broadcasts routes to its neighbors but does not overload them with data. It only follows
routes by calculating total distance or counting the number of nodes between the source
and destination nodes. Nodes in the DSR mechanism keep route cache information that
contains the path sequence from the source. Route maintenance and route discovery are
the two processes used in DSR.

The authors [15] claimed to improve end-to-end throughput while minimizing the
latency. The gateway distributed routers also act as IoT gateway nodes, gathering and
encapsulating the data into the distributed cognitive radio ad hoc network. For the IoT
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network to be simulated in the Cooja simulator, an assumption was made to get IoT data
from the LLN node to the LNN gateway node (LBR), which also functions as a cognitive
source node. When a packet reaches the CR source node, it is wrapped in IP-in-IP and
delivered via the cognitive radio network simulator. Channel route identification and
restoration delays via local or global channel route recovery approaches have an impact on
the end-to-end cumulative network throughput inside CRAHNs. As a result, the chance
of PU spectrum handoff is higher than in the absence of active PU transmitters. As a
consequence, the performance of source routing with various PU transmitter nodes was
being assessed in order to compute the aggregate network throughput of IoT data inside the
ad hoc network. The performance of the cognitive source routing protocol was compared
to the existing hybrid cognitive AODV routing protocols, licensed control channel-based
AODV routing protocols, unlicensed AODV-based routing protocols, and traditional IEEE
802.11 DCF-based routing techniques. Overall, this method is only suitable for sparse
networks and is impractical for dense networks; no alternate measure for dense settings
was provided.

Z. Yang et al. [16] employed a directional antenna to enhance the amount of concurrent
noninterfering broadcasts within the cognitive radio network. This raises the possible
end-to-end throughput in multihop communication while simultaneously lowering node
power consumption. In other words, by minimizing interference with directional antennas,
directional cognitive control and IoT application transmission would help in obtaining
greater end-to-end throughput. The authors omitted to compute power consumption,
which seems to be a major flaw in this work.

Ashraf et al. [17] suggested a lower power listening (LPL) technique to monitor mal-
functioning nodes and energy waste in a wireless network using ContikiMAC Cooja. In
both the centralized and distributed models, energy usage is lowered. By presenting a
stochastic model for wireless sensor networks, the author calculated energy consump-
tion with end-to-end latency. The suggested model, however, incorporates cylindrical
propagation but lacks common spherical propagation.

2.1. Advantage of Heterogeneous Network

It has been noted that network performance is poor in high-speed mobile scenarios,
unable to fulfil user requests for network resource access. The elements influencing user
network performance are examined layer by layer, and the benefits of heterogeneous
networks are analyzed.

2.1.1. Transport Layer

Each user is familiar with the shifting patterns of TCP throughput at various speeds.
In every case, the performance of TCP throughput [18] appears to be the weakest, even
the average of TCP throughput is the lowest, and the volatility of TCP throughput is the
most dramatic. Given the statistics from the cumulative distribution function (CDF) [19],
it is challenging to meet user demand for network resource access over a single wireless
network. Taking use of diverse networks may be able to meet the user’s need for network
access.

2.1.2. Network Layer

It was determined from the data travelling throughout the transport layer that the
network performance of a single wireless network is poor. However, with heterogeneous
networks, the overall network performance has a lot of opportunity for improvement. The
benefits of heterogeneous networks with a network layer have been studied because when
speed of the movement grows, the packets take longer to transport and are even lost. This
might mean trouble for applications that are extremely sensitive to packet delays, such as
real-time gaming. Using diverse networks may help to decrease transmission delays [20].
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3. Proposed SDS Model

The propagation of wireless heterogeneous networks is a challenge that researchers
have related to networking, to develop unique methodologies and techniques that can attain
affordable, reproducible, and credible results for the experimentation and development of
many network designs, and for the smooth flow of data in heterogeneous networks.

The proposed model developed a trust engine for the smooth data flow in heteroge-
neous networks for the provision of flexible and creative research experimentation by using
an advanced simulation technique.

The proposed SDS layout is illustrated in Figure 1, with four heterogenous network en-
vironments and access points. The main router has been fixed while other dedicated routers
are associated with each heterogeneous network and each is linked with a radio link.

 

Figure 1. SDS heterogeneous network with router configuration.

Each heterogeneous network, such as Network 1, covers the dense residential pop-
ulation where a number of IoT devices are interconnected. Similarly, Networks 2, 3, and
4 represent the railway transport, industrial environment, and sparse residential area,
respectively. Each heterogeneous network has different dynamics and challenges.

3.1. Selection of Prudent Network

The interconnectivity and relative performance of IoT-enabled devices have been
examined using network simulator (NS2). The volatile nature of wireless network scan
easily be analyzed when discrete data are feed. It possesses extensive libraries and a variety
of communication protocols. The results are a hallmark for future investigation.

Initially, three hosts and two routers (one main router and another related to a par-
ticular heterogeneous network) were configured after creating the devices and linking
routers and hosts in the network to perform basic tests. Four networks (10.0.100.0/24,
10.0.200.0/24, 10.300.0/24) and (10.0.1.0/24) were configured with dynamic OSPF routing
protocol [1] running for the network, linking two routers to transfer network information
from one router to a subsequent one.

As the execution begins, the IoT-enabled wireless devices initiate the packet broadcast
mechanism illustrated in Figure 2, where a number of IoT devices broadcast the data
packets in the heterogeneous environment.
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Figure 2. SDS heterogeneous network simulation in process.

The proposed scenario is designed to appropriately represent the deviating values of
response metrics from their corresponding performance metric bounds in order to conserve
network capacity and increase transmission ability. The values of the performance metrics
are entered into the system to maximize and decrease the performance measure. Further-
more, the deviating value represents the balance of the trade-off between device demand
and routing efficiency; both values are critical in balancing the weight of communication
expenses. Using communication potential, the suggested SDS approach computes the
optimal fitness value. The communication potential is associated with each device, which
affects the behavior of particles to find the overall dataflow output value of a single param-
eter at a time. These values represent the new parameters upon which the performance
of each heterogeneous network is analyzed in terms of round trip time (RTTP), network
throughput, and energy consumption.

3.2. IoT Device to Device Link Selection Mechanism

The routing path between the IoT devices are represented by dΔ, which, in fact,
foretells the best quality path but not a legitimate scrumptious link. Therefore, a predefined
link selection attribute (LSA) is considered and all records are maintained in a data table
corpus. Equation (1) shows the entire process of the link selection mechanism, where
four varieties of links are determined. Sometimes, it happens that the best quality link
is achieved but it does not belong to a targeted destination; therefore, such links are not
considered as legitimate links.

LSA =

⎧⎪⎪⎨⎪⎪⎩
Scrumptious link,

Average link,
Fair link,
Uncouth link,

LSAscrumptious < dΔ (1)

Consider pt as an absolute data packet sent from the source device and ps to be the
destination device’s successfully accepted packet. The pti represents the data packet sent
from device node i, and would determine the connection quality through calculating
the total LSA and signal-to-noise ratio (SNR) of pti in relation to the accessible networks.
Equation (2) may be used to compute the link factor estimator (LFE) parameter.

l f e = D
(
ipt, S

)− D
(

jpt, S
)

(2)
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The D (ipt, S) and D
(

jpt, S
)

are taken from the Euclidean distance formula, i.e., from
source device i to the destination device j. S represents the source region where nodes
are found as i = (i1, i2, i3, . . . , in). The packet transmission from the i sensor node moves
toward the destination region denoted by D and, therefore, respected packets are pt_i1,
pt_i2, pt_i3.

The LFE parameters are calculated between the nodes (i) belonging to the source (S)
region and the nodes (j) located at the destination (D) region, as illustrated in Figure 3.

 
Figure 3. IoT-enabled device-to-device communication link selection mechanism.

The pti packet is created by the source device i, while pt_i2, pt_i3, and pt_i4 represent
the packet formed from source device i towards destination devices as a result of the
displacement impact of nearby network overlapping. When the link quality reaches an
acceptable level, the fixed device factor and link threshold parameter are verified according
to the criteria given in Table 1.

Table 1. LSA link corpus.

Metric Type SNR LFE Scalability

Scrumptious link >32 >110 >150
Average link 18–32 100–110 90–150
Fair link 10–18 50–100 30–90
Uncouth link 0–10 0–50 0–30

The SNR computes the signal-to-noise ratio by combining the loudness of the received
signal and the background noise. Obtaining the LFE mean, the SNR strongly suggests that
higher LFE and SNR threshold parameters result in a delicious connection. The selection of
a delectable link between the source device and the next device was tested by executing a
thorough test paradigm and, therefore, Algorithm 1 ratifies the subject finding’s conclusion.

Description of Algorithm 1.
The packet (packetpt) created by the source device (devicei) is distributed over the

full transmission zone I via the first communication connection (pt_i1), which then ex-
pands towards the remainder of the next device inside the transmission zone as (pt_i2) and
(pt_i3) and continues as seen in Figure 3. Furthermore, the link factor estimator determines
delectable links by employing an extensive link testing technique and yielding astute out-
comes (line 5–23). It considers when the value of the link factor estimator of the transmitted
packet from sensor node device i becomes greater or equal to the entire displaced route
between source node i and the destination node j. This entire segment remains shorter to
the link factor estimator of the transmitted packet by sensor node device i having the same
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parameters as that of the scrumptious link, where SNR and LFE is calculated between 32 to
100 and the overall condition is given as ( LFE. tcpti ≥ dΔ and < (LFE. tcpti = Scrumptious
link)). Then, this link is considered to be an “Average link” stated as ( LFE. tcpti = average
link) on line #12. After establishing a strong link between the source and the next device, it
advances to the next device, which requires a steady communication link with constant
transmission power. Using an absolute transmitted packet (pt) and an acknowledgement
packet (ps), the link factor estimator (LFE) and signal-to-noise ratio (SNR) are calculated
(line 28–35). As a result, the link selection attribute corpus table is updated with the devices’
current condition.

Algorithm 1 Link consistency estimation and packet forwarding mechanism

1: Procedure LinkFactorEstimator {(LFE.tc), devicei, packetpt}//Link consistency estimation
2: F(i) = {pt_i1, pt_i2 . . . . . . .. Pt_in}

3: Device i transmits packet pt over distance dΔ
4: Switch LFE. tc ← Types
5: Case 1: Scrumptious_Link
6: if LFE. tcpti < dΔ then

7: LFE. tcpti = scrumptious link
8: endif

9: EndCase

10: Case 2: Average_Link
11: if LFE. tcpti ≥ dΔ & < (LFE. tcpti = Scrumptious link) then

12: LFE. tcpti = average link
13: endif

14: EndCase

15: Case 3: Fair_Link
16: if LFE. tcpti ≥ dΔ & < (ALQ. tcpti = average link) then

17: LFE. tcpti = fair link
18: endif

19: EndCase

20: Case 4: Uncouth_Link
21: if dΔ < LFE. tcpti then

22: LFE. tcpti = uncouth link
23: endif

24: EndCase

25: end Procedure

26:

27:
Procedure PacketTransmission(devicei, packetpt, dirj, lfe, snr, (TransmittingDevicei2,i3),
lct}//Devices transmit the packets

28: pt ←absolute transmitted packet
29: ps ←packet received and acknowledge by destination
30: if LinkFactorEstimator(lfe) = LFE. tcpti then

31: goto line 2
32: Debuts: F(i) = ϕ

33: for (i2,3) = 1: Max
34: Max = Tip //transmission impulses
35: if Signal-to-NoiseRatio (snr) = LFE. tcpti then

36: goto line 2
37: endif

38: Endfor
39: Endif

40: Compute N
(

dirj, f
)
≥ D0

41: update LFETable//Link Corpus Table
42: F (i) = F (i) +{pt2,3}
43: end Procedure
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3.3. Packet Transmission between IoT Devices

Usually, various applications are used to avail the IoT devices for packet movement.
In fact, it builds a device-level heterogenous environment. The device i receives numerous
data packets from other devices, such as i1 to i2. The colored lines between all devices
illustrate the various applications. This scenario shows that even at the device level, the
applications also communicate in a heterogenous environment.

4. Performance Analysis

After the completion of the simulation process, the output results were collected
according to the given scenario, and simulation setting parameters are shown in Table 2.
These parameters maintain the stability of the execution process, and the fixed values, for
instance, number of networks, the specified area distance among the devices, transmission
communication range, number of devices for each network, and the transmission rounds,
etc., are indeed in real-time perception. The execution process directly depends on these
parameters, which might change the output of the results. For instance, transmission start-
ing energy has been fixed to 7 Joules for the entire round. If at some stage this energy level
changes, it would definitely affect the results and could cause dysfunction. The NS2 simu-
lator is the best approach for wireless communication when the real-time data transmission
would be required in an efficient manager. The proposed SDS model was compared to three
state of the art protocols: high-speed packet access (HSPA), content-centric networking
(CCN), and dynamic source routing (DSR). The output performance is analyzed on the
basis of round trip time (RTTP), network throughput, and energy consumption.

Table 2. Simulation setting values.

Parameter Value

Number of networks 4

Area 500 × 500 m3

Distance devices 10 m
Number of devices in each network [10–30]
Communication range 500 m
Type of protocol OSPF
Start energy 100 J
Medium Wireless
Bandwidth capacity 100 Kbps
Packet generation rate 0.03 pkts/min
Energy consumption 2 W; 1.75 W; 8 mW
Data packet volume 64 bytes
Data packet interval (Hello) 99 s
Packet creation time 15 s
No. of runs 50

4.1. Computing Round Trip Time

The RTTP represents the amount of time it takes for a source device to send a request
to the destination device and to receive acknowledgment. Usually, this technique is used to
determine the health of a network connection. Analyzing the results shown in Figure 4,
the overall response time of HSPA, CCN, DSR, and the proposed SDS protocols can be
observed more scrumptiously. It can be seen that the network devices are responding
quickly and remain active. If these devices take longer, in contrast to the standard time,
it means that there are some anomalies that hinder the packet movement as well as the
network lifespan.
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Figure 4. Round trip time computation.

When compared to the rest of the protocols, the SDS takes substantially less time. In
reality, our suggested technique uses LSA to identify the best link between the source and
the following device. The chosen communication link carried the most energy, but the
identical devices coupled with other protocols carried far less energy and were judged
inoperable. It produces tangle-free routing and seamless network functioning.

It can be observed that as the number of devices increased, i.e., to 20, the RTTP
for CCN somehow became greater, but when approaching device 30, it decreased. This
happened due to some unavoidable changes in the routing port, which sometimes blocks
the traffic but soon releases. Although HSPA worked better than the other protocols in
certain ways, since devices with modest distances were picked more frequently, the data
reveal a fast delay when reaching device 50. For DSR, transmission appeared to be more
crucial, reducing network lifetime and requiring additional resources to alter response time.
It is worth noting that device responsiveness appears to be lower in CCN than in others.
The source device continues to deliver data packets until the energy level falls below a
certain threshold, putting a heavy pressure on the server. The SDS, on the other hand,
changes the momentum during packet transmission and responds quickly. From device 10
to 50, the RTTP time remained less than all other protocols.

4.2. Network Throughput

Throughput is the rate at which a packet or information is successfully transmitted
over a network and recognized by the destination device. Network throughput and
the packet dissemination ratio both assess network strength, and throughput is directly
proportional to the packet dissemination ratio in general. When the network became denser
and the number of devices increased, the extravagant communication load immediately
impacted the SDS’s performance metrics. In this case, the LSA’s judicious link selection
considerably influences the throughput ratio. The result shown in Figure 5 vouches for
the tremendous achievement made by the proposed SDS as compared to the HSPA, CCN,
and DSR. At IoT device 10, the throughput of the SDS reached more than 75%, followed
closely by HSPA. When SDS reaches device 50, the amazing results can be illustrated by
its throughput maintaining high energy levels while the rest of the protocols are about to
lose energy.
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Figure 5. Proposed SDS network throughput.

4.3. Energy Consumption

The overall energy consumption by all IoT devices during packet transmission is
known as system energy consumption. As the SDS establishes the communication link
by considering the predefined values available in the LSA corpus table, only the prudent
links are chosen, and the rest of the links are ignored, consequently, it prevents energy
wastage and energy is only utilized for the prudent link. In Figure 6, it can be seen that
the SDS has only utilized a confined energy level when the link was selected by the IoT
device 10 whereas HSPA, CCN, and DSR utilized exorbitant energy. Similarly, at IoT device
50, the SDS still has a substantial energy level while the rest of the protocols’ energy is
almost empty. Considering the above discussion, it can be concluded that the proposed SDS
mechanism has extraordinary performance as compared to the rest the protocols (HSPA,
CCN, and DSR). This only became possible due to adopting a prudent LSA technique.

Figure 6. Overall system energy consumption.

5. Conclusions

This study was focused on streamlining the better dataflow mechanism by establishing
the prudent communication link among IoT devices for a community based wireless net-
work. The proposed scrumptious dataflow strategy (SDS) has achieved this by developing
an LSA data corpus that possessed the pre-defined link parameters. The results were
obtained through an NS2 simulator. The output performance of this system has vouched
for the statement that was made in the methodology section about the performance. The
results were obtained on the basis of a round trip time (RTTP), network throughput, and
system energy consumption, and were compared with the results of HSPA, CCN, and DSR
protocols. The comparison proved that the SDS performed much better than the rest of the
protocols. To compute round trip time, the SDS utilized only 16.4 milliseconds to reach IoT
device 50, and was first to do so. Similarly, for network throughput, at IoT device 50, the
throughputs are recorded at 40% while the rest of the other protocols died. Finally, when
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the energy consumption used to reach IoT device 50 was computed, the proposed SDS was
functional and possessed more than half of its energy compared to other protocols. The
SDS only utilized 302 joules while the rest of the protocols were about to die as they had
consumed all of their energy.
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Abstract: In this work, a Hardware-In-the-Loop (HIL) framework is introduced for the implemen-
tation and the assessment of predictive control approaches in smart buildings. The framework
combines recent Internet of Things (IoT) and big data platforms together with machine-learning
algorithms and MATLAB-based Model Predictive Control (MPC) programs in order to enable HIL
simulations. As a case study, the MPC algorithm was deployed for control of a standalone ventilation
system (VS). The objective is to maintain the indoor Carbon Dioxide (CO2) concentration at the
standard comfort range while enhancing energy efficiency in the building. The proposed framework
has been tested and deployed in a real-case scenario of the EEBLab test site. The MPC controller
has been implemented on MATLAB/Simulink and deployed in a Raspberry Pi (RPi) hardware.
Contextual data are collected using the deployed IoT/big data platform and injected into the MPC
and LSTM machine learning models. Occupants’ numbers were first forecasted and then sent to the
MPC to predict the optimal ventilation flow rates. The performance of the MPC control over the HIL
framework has been assessed and compared to an ON/OFF strategy. Results show the usefulness of
the proposed approach and its effectiveness in reducing energy consumption by approximately 16%,
while maintaining good indoor air quality.

Keywords: Internet of Things; model predictive control; hardware in the loop; machine learning;
energy efficiency; smart buildings

1. Introduction

Heating, ventilation, and air-conditioning (HVAC) systems are considered among
the main building’s energy consumers. They account for approximately 50% of the global
energy usage in buildings and 36% of all energy-related CO2 emissions worldwide [1,2].
Therefore, HVAC systems need to be efficiently designed and controlled, in reference to
international standards, to ensure optimal trade-off between the occupants’ comfort and
energy efficiency in buildings [3,4]. On the other hand, to assess the energy performance in
the design of HVAC management services in buildings, four main comfort metrics need to
be considered, which are the visual comfort, acoustic comfort, thermal comfort, and the
Indoor Air Quality (IAQ) [5]. This latter has been identified as one of the most important
metrics influencing the indoor environmental comfort of the occupants as well as one of
the main sources of energy consumption in buildings [4,6], which depends mainly on
standalone ventilation management systems.

On the other hand, the indoor concentration of CO2 is considered among the most
important parameters for developing efficient control strategies of VSs [7]. The aim is to
minimize their electrical energy consumption, while providing good IAQ to the occupants.
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The objective is to keep the CO2 concentrations within the comfort range by providing
the required fresh air from outside to the inside of the building using optimal ventilation
flow rates. Basically, the majority of conventional building’s VSs are operated by simple
rules-based controllers (e.g., intuitive ON/OFF controllers or simple PID controllers). Most
of them are based on predefined operating parameters, which use normal ventilation
rates, to provide the amount of outside air demanded by the building. However, their
control mechanism is still inefficient regarding the performance decrease in frequent system
context changes as well as dealing with the time-delay [8]. Typically, the ventilators
acts automatically on behalf of many buildings’ context-awareness parameters, such as
the indoor temperature (based on the envelope characteristics), control modes of the
VSs, and occupants’ presence [9]. This can affect the energy operation flexibility, indoor
environmental comfort, and occupants’ productivity due to uncontrollable ventilation rates,
resulting in wasted energy [10].

Recent studies highlighted that weather conditions and occupants’ behavior are the
most important information that can help to improve a building’s services (e.g., VSs) [7].
Occupancy detection systems in buildings are mostly involved in extracting meaningful
occupancy information, which could be used for setting up different control strategies.
Different occupancy parameters can be collected from the building’s environment including
occupants’ presence, number, activity, identity, location, and tracks. All of these metrics
can be integrated in Building Energy Management Systems (BEMS) as a primary input
for controlling active/passive systems, such as HVAC, standalone ventilation, and light-
ing [11–14]. Most recent research work investigated the development of intelligent methods
by integrating machine learning, deep learning, and reinforcement learning [15,16]. In
addition, advanced techniques from automation, system modeling and optimization, Inter-
net of Things (IoT) for real-time systems monitoring, data processing and context-aware
computing techniques could be combined for the development of BEMS [17].

As is commonly known, new innovative designs of equipment and system compo-
nents need to be tested while going through extensive essays [18]. The aim is to validate
and properly ensure their reliability before deploying them in real-sitting scenarios. The
tests can either be run in a laboratory (small scale), using only pure simulations, or by
combining both ways, resulting in HIL simulations [19]. Unlike conventional simulations,
concrete testing in laboratories may be seen as the most accurate and is a sure indicator
of performance. However, it has some limitations. First, it can generate high costs and
is subject to many constraints. For instance, the number of tests that can be run over a
period of time and under the same conditions are very limited. Hence, comparing different
control approaches or different products providing the same function becomes challenging.
On the other hand, numerical simulation is another used method among engineers and
researchers to properly evaluate the performances of control methods of many applications,
which can be deployed in buildings or other sectors. Numerical models could capture the
dynamic of the equipment and the building while considering real weather conditions (if
available), the combined internal loads (gains, lighting, occupancy, etc.), and other stimuli.
Furthermore, once the numerical model is mature enough, it can be used repetitively to
evaluate equipment’s control at lower costs. For this, the model should prove its fidelity
and accuracy in mimicking the real system’s behavior and the related building. As can be
noticed, a variety of validated models and toolkits are available for a variety of domains
using different simulation tools [20]. It is worth mentioning that, during the recent decades,
co-simulation capabilities expanded the modeling scope further to other domain systems
at a very precise resolution [21]. However, some problems cannot be tackled easily through
simulations, especially if numerical models cannot capture all necessary details [22].

In parallel, recent advances in IoT and big data technologies allow for real time data
monitoring and processing, while enabling predictive analytics and advanced systems’
control. In fact, IoT is considered the most important emerging technology, allowing
for the development of advanced and smart connected solutions varying from eHealth,
industry and transportation to energy management and smart control [23–31]. Any system
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or device having the capability to connect to a network and communicate over the Internet
is considered a thing in an IoT infrastructure [32]. This latter provides required tools to
manage, control, monitor, visualize and process the things’ data (e.g., embedded devices,
smartphones, smart actuator, sensors). In parallel to this progress, the integration of smart
energy grids with IoT and big data techniques has recently emerged into what is named the
Internet of Energy or Energy Internet [19,20]. In fact, with the emergence of smart power
meters and smart electrical appliances, it is now possible for users to closely monitor energy
consumption while having the ability to plan and manage their consumption. The IoT
infrastructure makes it possible to capture and analyze sensor data in real time, allowing
consumers to interact with data and decision making [33].

The main aim behind the framework proposed in this paper is to fill the gap between
simulations and real case experimental validation of control approaches and mechanisms.
The framework could be used not only to control buildings systems but also for other use
cases in which the experimental validation of a developed control model is needed. A
flexible architecture of the platform has been introduced and its components are detailed
to provide an easy to implement solution for similar applications. The work presented
in this paper focuses on the integration of IoT/big data techniques with simulation tools
in order to enable HILS. The aim is to join both field testing and numerical modeling by
combining hardware and software to form HILS frameworks. These latter make it easy
to assess multiple tests under the same conditions and, eventually, to accommodate for
dangerous operations. As a case study, to show the usefulness of the HILS framework, a
Model Predictive Control approach (MPC) was deployed on standalone VS. The framework
integrates recent IoT and big data platforms together with machine-learning algorithms
and MATLAB-based MPC model.

In summary, the objective of the work is twofold, first to show the usefulness of the
proposed IoT based HIL framework together with the integrated machine learning model
and smart control technique of MPC, and second, to study the performance of the MPC
model combined with forecasted occupancy number and real-time test site’s contextual
data. The goal of the experimentation is to maintain the indoor CO2 concentration at the
standard comfort range while enhancing the energy efficiency. Setting up a field operational
testing predictive control techniques is a very challenging and time consuming task. This
work could leverage the gap between simulations and real application of predictive control
in smart buildings.

The remainder of this paper is structured as follows. Section 2 presents recent
work related to advanced strategies for smart control and IoT-HIL based approaches.
In Sections 3 and 4, the description of the used materials as well as the architectures of the
proposed control strategies and the IoT-HIL platform will be presented. In Section 5, results
are presented to demonstrate the accuracy of the proposed models as well as the developed
framework. Conclusions and perspectives are presented in Section 6.

2. Related Work

Recent research work showed that reducing energy consumption in buildings, es-
pecially those related to HVAC systems, can be attained through the usage of advanced
control strategies. In this regard, two main approaches of rule-based control algorithms
have recently emerged in the field of advanced HVAC control: Learning based approaches
(e.g., fuzzy logic, Artificial Neural Networks (ANNs), fuzzy and adaptive fuzzy neural
networks and genetic algorithms) and MPC [34]. Among these control algorithms, MPC
has been introduced as one of the most powerful control techniques used to manage com-
plex processes, such as in HVAC systems [35] studies. This control technique can handle
nonlinear processes and their dynamics according to different objectives functions, such as
those related to indoor air quality and thermal comfort improvement [36,37].

On the other hand, one of the most efficient ways of conducting field operational
testing appears to be the HIL simulations seeing its various advantages (low cost, accurate
results, etc.) [38]. This new concept is becoming widely used in developing and testing
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complex real-time embedded systems [39]. This is mainly done by adding, through mathe-
matical representations (also referred to as “plant simulation”), the complexity of the plant
to be controlled into the test bed [40]. To perform HIL simulations, electrical emulation of
sensors and actuators is used to interface between the “plant simulation” and the “system
under test”. In fact, the plant simulation controls the value of the emulated sensor, which is
then read by the embedded system under test. In HIL simulations for system synthesis,
major physical equipment and their associated controllers are integrated with simulated
devices or building spaces to investigate behaviors under realistic dynamic conditions.

In the last decade, researchers focused their interest on the HIL approach and used
it not only in automotive and spatial systems but also in buildings’ equipment testing
and control. For instance, Missaoui et al. [41] proposed new BEMS strategies to support
demand side management and to validate them using a Power-Hardware-in-the Loop
(PHIL) test bench. However, the proposed solution can be used to validate control algo-
rithms in a reasonable time. Schneider et al. in [42] focused their work on investigating
the interaction of a real circulating pump with the hydronic network of a virtual building
energy and control system. The presented model, using Modelica for building simulation,
is used to bridge the gap between the design and commissioning stage of a control algo-
rithm for HVAC components. The used model is a single-family dwelling with limited
complexity. The comparison between simulation results and measured data proved the
accuracy of the model with a mean relative error less than 4%. De la Cruz et al. in [43]
presented, in their paper, the implementation of an HIL real time simulation test bunch for
Air-to-Water-Heat-Pumps (AWHP). This will allow HVAC manufacturers to optimize the
control of their systems and to improve their efficiency. A real AWHP was tested under real
climate conditions, as for the thermal loads, they were calculated through the connection of
the AWHP and a virtual building, simulated using Modelica software, via HIL real time
simulation. Seifried et al. in [44] proposed a new model, based on the interconnection of a
prominent building automation protocol, namely BACnet, and the PowerDEVS simulator
to facilitate HIL testability of new and existing building automation system components.
Huang et al. in [22] presented an agent-based framework for HIL simulations, which could
either be used for investigating the controller performance or HIL for system synthesis. In
other words, it is possible to involve controllers as well as other major equipment in the
test to ensure that their dynamic behavior is being correctly captured. Zahari et al. [45]
developed a control algorithm to bring the HIBORO helicopter prototype into equilibrium.
The developed algorithm is a combination of the MPC and the black box nonlinear autore-
gressive model. Using the Xpc Target rapid prototype under Simulink, HIL simulations
have been run for different set points to evaluate the performances of the proposed model.
This latter contains inertial measurement unit sensor software, the MPC, and C/T blocks for
capturing and generating Pulse Width Modulation (PWM) signals. The controller proved
its efficiency in terms of stabilizing the prototype under all disturbances.

Samano-Ortega et al. [46] developed a platform for the validation of photovoltaics
(PVs) system controllers using IoT and HIL concept. The platform englobes five main parts:
(i) a control emulator based on HIL, producing the behavior of PVs’ arrays, a converter, and
Alternating-Current (AC) loads, (ii) Cloud database, (iii) smart sensors for load monitoring,
(iv) residential PVs (RPVs) connected to the Internet, and (v) a mobile application for
tracking and monitoring. The main principle is that measured voltage and current of the
AC loads (using smart sensors) and the production of RPVs are downloaded to the HIL,
which reproduces the behavior of the PVs and loads in real-time. The platform proved
its efficiency in emulating the behavior of the installed PVs with a mean relative error
of 0.42% and the AC load with a mean absolute error of 10 mA. Conti et al. [47] showed
the relevance of the dynamic coupling between an air-source heat pump and a building
apartment, located in Pisa (Italy), in winter in terms of energy performances under three
different operational modes. The adopted HIL extensive experimental campaign proved its
potential in properly estimating the energy consumption as well as developing advanced
operational strategies. Frison et al. [48] developed a simple low cost MPC controller, which
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has been evaluated using HIL experiments, for assessing, under realistic conditions, the
energy performances of a heat pump system.

Furthermore, due to the large availability of smart low-cost embedded devices (e.g., Ar-
duinos, Raspberry pi, NVidia Nano, actuators, and distributed sensors), and data streaming
processing tools, such as Storm/SAMOA and Kaa applications [49], and generally, the
advances of information and communication of IoT technologies [50], the implementa-
tion of optimal control strategies for improving the energy efficiency as well as indoor
air quality and thermal comfort is becoming immediate and more viable [51]. Their ap-
plication has been widely studied for the development and deployment of intelligent
context-aware services and applications, such as occupancy prediction [52], healthcare [31],
transportation and logistics [53], smart grids [54,55], and smart homes [56]. For example,
Huchuk et al. [16] evaluated numerous classification machine learning algorithms and
models for predicting occupants’ presence in smart buildings using thermal data. Further,
Zhang et al. [57] presented a literature review about the integration of machine learning
for predicting occupancy patterns to improve indoor air quality, while optimizing energy
use. In addition, online machine learning techniques (e.g., vertical Hoeffding tree and
self-adjusting memory for KNN) can be included for predicting occupants’ number and
presence using environmental data, such as CO2 temperature and humidity [58,59]. IoT
and HIL concepts could provide an integrated solution to cover the important aspects
of BEMS by enabling the collection, monitoring, and processing of stream data together
with machine-learning techniques. These latter are, for instance, used to compute accurate
forecasts, which are required for the MPC to compute accurate predictions, i.e., forecast
optimal actions for real-time control of a building’s services.

In this work, a case study that focuses on a standalone VS, is worked out to assess the
usefulness and effectiveness of the proposed HIL framework. In fact, data that has been
collected from a set of sensors, such as temperature, motion, and CO2 concentration, is
used to predict occupancy patterns [30]. These latter are then fed to the MPC to control
indoor CO2 dynamics by forecasting the optimal ventilation rates.

3. Materials and Methods

In this section, an HIL experiment of a closed-loop VS driven by the MPC is performed.
The MPC ventilation controller model, which has been previously designed, developed,
and validated using simulations [28,29], has been physically deployed to the Raspberry Pi
(RPi) located at the EEBLab test site. The RPi-in-the-loop experiment has been run under
realistic conditions to dynamically actuate the fans of the VS and to assess the controller’s
performance in terms of energy efficiency and indoor CO2 improvement. In fact, the
deployed VS is made of two standalone controlled fans, which are respectively responsible
for bringing the fresh outdoor air to the indoor and draining the CO2 out of the building.
More precisely, these two fans are installed in both side walls and operate instantaneously
under the same control signals. The VS can provide a maximum airflow rate of 440 m3/h,
which is equivalent to a rated speed of 3800 rpm and is powered by a photovoltaic solar
system. The occupancy information was used as a disturbance as well as a forecast input
for the MPC.

3.1. Description of the Case Study Building: EEBLab

The considered specimen, named Energy Efficient Building Laboratory (EEBLab), is a
rectangular cavity, which is part of a set of two identical prefabricated structures (Figure 1),
located at the International University of Rabat. Each test bed is 12 m2 of occupied surface
and 30 m3 of volume. Additionally, each prefabricated has one single glazed window on
its south façade. The laboratory has been made essentially for implementing and testing
different scenarios related to eHealth, Energy efficiency, ICT, and renewable energies
integration and control. The main aim is to investigate the integration of recent IoT, big
Data technologies, and advance real-time machine learning algorithms for developing
context-aware services and applications.
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Figure 1. (a) Energy Efficient Building Lab (EEBLab) test site; (b) Interior side wall of EEBLab with
ventilation fan and a set of sensors and other equipment.

3.2. The HOLSYS Internet of Things Platform Setup

The HOLSYS platform has been in development and passed from many stages namely,
the use of Kaa project IoT platform and the upgrade to the ThingsBoard open source
IoT platform. It allows configuring, supervising, and acquiring connected sensing and
actuating nodes. Its aim is to allow the development and deployment of IoT based scenarios
related to smart energy efficient buildings as well as eHealth and Smart Mobility. The
HOLSYS platform follows the general architecture presented in Figure 2. The four layers
define the different general sections/aspects of an IoT platform, namely, Sensing/actuating,
Data Acquisition, Processing, and Visualization.

Figure 2. General architecture of an Internet of Things platform.

3.2.1. Sensing and Actuation Layer

Sensors and actuators represent all embedded sensors and actuators together with
control units considered as one device and presented to the platform as an IoT node. This
latter is capable of receiving and sending stream data while ensuring the execution of all
control strategies sent by the platform. The communication between deployed nodes and
the HOLSYS platform may pass through wired or wireless protocols. In this paper, only
MQTT, REQUEST and REST have been used as the EEBLab is accessible in the campus
network either wirelessly or through an ethernet connection.
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The deployed IoT devices (nodes) are built using low-cost microcontrollers (e.g.,
NodeMCU, Arduino, STM32S) and presented to the platform using Raspberry Pi 3 and 4 B+
(RPi). A set of nodes can be connected in serial mode (USB), Serial Peripheral Interface (SPI),
Inter-Integrated Circuit (I2C) or Bluetooth to the RPi gateway where NodeRed controls the
inputs and the outputs of the set. NodeRed is a flow-based platform, developed originally
by IBM, for facilitating the process of wiring hardware devices together with Application
Programming Interfaces (APIs) and online services as part of the Internet of Things. A
NodeRed flow is a set of connected logical NodeRed nodes linked together to form a
processing logic with inputs and outputs. The resulting logic flow ensures gathering input
data from wired or wireless IoT nodes, pre-processing and aggregating them to finally
output structured data into local or remote storage systems.

Figure 3 presents the deployed sensors and actuators used in this study. (a) represents
the Indoor air quality node connected to an RPi via a USB cable. It gathers the indoor CO2
concentration in Part Per Million (PPM) using an MH-Z14A sensor with an accuracy of
±50 PPM +3% reading value; (b) shows the control node of both inlet and outlet fans used
to ventilate the EEBLab. The 12 V and 440 m3/h fans are controlled with PWM generated
from an Arduino nano. Speed can be controlled from 0, for OFF mode, to 255 PWM for
max speed (ON mode). However, a relay has been added to completely turn OFF the fans
if 0 PWM has been triggered to save energy; (c) presents the deployed RPi based weather
station with wind speed and direction, solar irradiance, ambient temperature and relative
humidity sensors for outdoor environmental data. Used sensors are, respectively, an analog
anemometer and magnetic direction sensors, SR20 pyranometer and DHT22 together with
DS18B20; (d) depicts gate door motion sensors to determine the true occupants’ number
inside the EEBLab. They are based on infrared emitters and receivers, which are aligned
together at the door entrance, to detect the exact occupants’ number.

Figure 3. The deployed IoT devices; (a) Indoor CO2, temperature and humidity node; (b) Inlet and
outlet ventilator speed control node; (c) Weather station node for outdoor air quality; (d) Occupants’
number node.

3.2.2. Data Acquisition Layer

Data collected at the first layer (Sensing and Actuation), using the deployed sensors,
are sent via HTTP requests and MQTT by the RPi gateways to the HOLSYS platform, which
is deployed in the remote server, as depicted in Figure 4. The HOLSYS platform is based on
the open source Thingsboard IoT platform in its community edition. Services and packages
together with all connectors enabling the acquisition of all the deployed IoT devices are
installed and configured in the cluster composed of one performant master and three slaves.
They are HP computers with Intel core i3 and i5 with 4 Gbytes of RAM and 500 Gbytes of
storage each.
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Figure 4. Data transfer from IoT nodes to the HOLSYS platform via RPi gateways over MQTT
and HTTP.

The HOLSYS acquisition layer is a set of RPis representing the deployed nodes to the
platform. A RPi is a tiny credit-card sized computer using the Raspbian operating system, a
free version based on Debian and optimized for its limited power. The three gateways that
have been deployed are a 4 Gbyte RAM RPi 4 B+ and two 1 Gbyte RAM RPi 3 B+. NodeRed
is used in these RPis to acquire data from the serial connected nodes to pre-process and
store them locally in files for a backup. Each node is represented to the platform by a
unique token and identifier, which is used to secure the communication and to identify
the streamed data. HTTP requests have been used as a backup transfer protocol in case
the MQTT broker becomes unfunctional. However, the HTTP protocol is not suitable for
IoT architectures as it is more energy consuming and has a bigger data packet size. On
the other hand, MQTT has been designed to provide a lightweight messaging technique
enabling small packet size for faster transfer. The MQTT is an IoT data transfer protocol
having publish/subscribe architecture. It is based on a broker to which all clients, either
subscribers, publishers, or both at the same time, should be connected to (see Figure 5).

Figure 5. MQTT stream data flow from/to sensor/actuator/controller.

The installed broker is the central communication point where data is exchanged
between clients based on a topic. This latter is a category in which a given client has
published data. From the other side, the subscriber will get the data from the given topic.

3.2.3. Data Processing Layer

The processing of data can be performed in real-time or batch manners in the HOLSYS
platform servers or by third-party applications deployed elsewhere. The local processing
can be a simple aggregation of each received tuple of data or a complex processing using
the rule-based engine. It is a customizable and configurable system for complex event
processing. It allows for filtering, enriching, and transforming incoming data and triggering
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various actions, for example, notifications or communication with external systems. In the
current study, a rule chain has been implemented to save received data to the HOLSYS
database (NoSQL Cassandra) after applying filters on them according to each data source
(e.g., Temperatures, Humidity and CO2 ranges; null values, missing data) and forward,
via MQTT and Kafka, the filtered data to external sources for other applications. This
latter plays a key role for integrating machine learning applications. For instance, the
occupancy forecast, an important input to the MPC algorithm, is performed as an external
application while using the filtered data coming from the platform. In fact, Apache Kafka, a
high-performance real-time data streaming technology capable of handling large amounts
of events, is used as a pipeline to transmit stream data between the platform and other
applications (e.g., machine learning algorithms). This part shall be detailed in the next
section. Furthermore, MQTT has been used to send data to the consumers in the MATLAB
MPC control as it is supported by default as a communication method implemented by
MATLAB. Figure 6 depicts the communication between the platform and the processing
layer. Kafka and MQTT are the main tools used to allow the processing layer to receive
data for occupancy forecasts and MPC control. For instance, the forecast model receives
the indoor CO2 concentration and the real occupancy number, respectively over MQTT
and Kafka, to forecast 10 steps ahead. Real-time forecasted values are fed as an input to the
MPC controller in order to predict the required control actions, which are sent back to the
HOLSYS platform for execution.

Figure 6. General architecture platform for controlling ventilation system based on occupancy forecast
and CO2 measurement.

3.2.4. Data Storage, Visualization, and Applications Layer

This layer presents all external services that can be connected to the platform by means
of supported data transfer protocols and technologies. Mainly, Kafka, MQTT, and HTTP
requests are used to allow external third-party applications to connect, produce data, and
consume available resources of the HOLSYS platform. In addition to the local NoSQL
Cassandra database, which is deployed by default for storing data at the platform level,
Mongodb is also used to store backup data for batch processing, serving other applications,
such as training the forecast model of occupancy. The main reason behind using Mongodb
is its architecture based on storing data as JSON format but with a special syntax called
BSON. Each set of data is stored as a document into a collection while its content can
be unstructured and different from other documents, resulting in the NoSQL principle,
which does not need a tabular and relational concept. Furthermore, the collected data
is broadcasted on MQTT using adequate topics for all other applications, mainly those
requiring shared resources, such as weather data. As for data visualization, Grafana tool is
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being integrated with Cassandra and the Mongodb database for real-time visualization of
data streams.

3.3. Data Measurement/Preparation for Occupancy Prediction

Occupancy information, as stated above, is one of the most important inputs to
context-driven control approaches for efficient control of building equipment. Several
studies show the effectiveness of integrating occupancy in MPC for HVAC, ventilation and
lighting systems control [60,61]. In order to collect accurate occupancy prediction, different
techniques can be used, including PIR sensors, cameras, RFID, Wi-Fi, Bluetooth-low-energy
(BLE), and environmental data (e.g., CO2, temperature, and humidity) [62–64].

In this work a data set containing almost 28,000 instances for one day from 8:30 until
19:00 has been used. Data are collected from EEBLab using the occupancy number node
and stored into a Mongodb data (see Figure 7). The occupancy profile varied between one
and seven occupants during the day.

Figure 7. Occupants’ numbers over the day in EEBLab.

Deep learning-based occupancy forecasting techniques have been investigated [65].
The first two recurrent neural network (RNN) based methods, long short-term memory
(LSTM) and gated recurrent unit (GRU), have been evaluated and compared in terms of
accuracy and root mean square error. These algorithms are classified as extensions of RNN
by integrating internal gates which help in deciding whether to keep or throw out the
past relevant information compared to traditional RNN. The idea is to evaluate the first
generated model and then decide which could be deployed in the EEBLab. Therefore,
in this study, LSTM model performs well and has been selected to be exploited in the
experiment, due to its effectiveness in terms of accuracy (LSTM 98.7%, GRU 97.5%) and
root mean square error (RMSE) (LTSM 3.34, GRU 3.73) parameters. In fact, Apache Kafka
has been used, in this case study, to consume the actual number of the occupancy, coming
from the HOLSYS platform, to forecast the next 10 steps ahead, serving as a real time input
for the MPC controller model.

3.4. MPC for Predective Control

The work presented in [29], presents the developed dynamic model for CO2-based
MPC of a building’s VS. The model, describing this system, is a state-space model, which
is based on the relationship between the input/output airflow rates and indoor CO2
concentrations. The MPC controller model was tuned to be deployed in a real case scenario,
considering the real context of the EEBLab, in particular, the building space and occupancy
number profile as well as the characteristics of the VS. Simulations have been conducted to
the following highlights during the tuning of the MPC controller input parameters:

• The controller output provides a slow response to CO2 set point and occupancy
changes if the prediction horizon is short (i.e., 2 ≤ P ≤ 5 steps ahead);

• The output of the controller acts faster on changes, which means that the controller’s
prediction ability increases if the prediction horizon is long (i.e., P ≥ 10 steps ahead);
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• A longer control horizon (i.e., M ≥ 10 steps ahead), the response of the controller
output becomes too aggressive and therefore overshoots, which does not occur when
using a small control horizon.

In fact, the control horizon M and the prediction horizon P inputs are the key design
parameters of the MPC. They have a significant impact on its performance (i.e., settling/rise
time and stability), especially in the presence of disturbances.

In this experimental study, as schematized in Figure 8, the optimal control problem
(OCP) of the MPC is solved for every time interval (30 s) in which its optimal control output
is calculated for the entire horizon P. The inputs to the OCP are the forecasted occupancy
number, the outdoor CO2 concentration, and the previous measurement of indoor CO2
concentration (k−1), along with the system constraints (i.e., indoor CO2 set point and
airflow limits).

Figure 8. The general structure of the MPC framework for the EEBLab ventilation control system.

The prediction and control horizons used in the MPC framework are respectively
P = 10 (i.e., 300 s) and M = 5 (i.e., 150 s) steps ahead. For occupancy, the forecasted
number is used to control the indoor CO2 dynamics, including the CO2 generated by the
occupants over the horizon P. The forecast of the occupants’ number and measurements
of the indoor/outdoor CO2 are forwarded to the OCP. The optimized control output
(i.e., minimal required airflow) is fed back to the dynamic model to calculate the future
predictions of indoor CO2 concentrations for the entire prediction horizon P. This calculation
is repeated every time interval. At each time interval, the future occupancy and prediction
of the indoor CO2 concentrations along with the constraints are updated and passed to
the OCP to plan the next sequence of control inputs to be applied at that time. Only the
first optimal input of the control sequence is implemented, and the remaining input values
are discarded.

To solve the OCP, the following quadratic cost function is used, which reduces the
future error ê between the CO2 set point references yre f and predicted indoor CO2 con-
centration ŷ through the prediction Horizon P. This is mainly achieved by applying the
optimal control increment action Δû in which the minimum of airflow u is delivered and
the indoor CO2 concentration y is maintained within comfort bounds. Q and R represent
weighting matrices. The set point of indoor CO2 concentration is defined at 550 PPM,
whereas the outdoor CO2 is kept at a constant value of 400 PPM.
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Minimize
Δu

J =
1
2

k=P

∑
K=0

[(
ŷ − yre f

)
Q
(

ŷ − yre f

)T
+ (Δû)R(Δû)T

]
,

Subject to, y < 550 PPM and 0 < u < 440 m3/h
(∼ 0.12 m3/s ∼ 122.22 L/s ∼ 259 scfm

)
.

4. Real-Time Implementation

This section presents the implementation of the MPC framework for controlling the VS
with the aim to improve both the indoor air quality and energy saving. An HIL experiment
in which the MPC model controller is physically implemented in an RPi development
board is conducted. Figure 9 shows the blocks that have been integrated to enable the
communication between the MPC VS model, which is carried out with the MPC toolbox of
MATLAB/Simulink environment and the HOLSYS platform.

Figure 9. MATLAB/Simulink model for ventilation system’s control using MPC.

To enable the use of MQTT in the MATLAB/Simulink model, the Raspberry Pi support
package for MATLAB and Simulink have been installed using MATLAB Add-ons.

Many blocks are available in the Simulink libraries under “Simulink Support Package
for Raspberry Pi Hardware”. The two used blocks are “MQTT subscribe” and “MQTT
publish”. The former subscribes to the topics “MPC/IN/OCC” and “MPC/IN/CO2” to get,
respectively, the forecasted occupant’s number and CO2 measurements from the forecast
model and the HOLSYS platform. The latter publishes the required flow rate into the
“MPC/OUT” topic to control the ventilation speed. As shown in Figure 3b, the ventilation
control node is wired to the inlet and outlet fans and controls them using PWM. In fact, the
node receives the required flow rate from the platform through MQTT and transforms it to
the corresponding PWM signal. The general architecture of the experimental setup from
sensing till the control execution is illustrated in Figure 10.

The MPC controller, which is run from MATLAB/Simulink simulator, is emulated
and embedded into the RPi as an independent hardware in the network.

However, Simulink is able to keep monitoring the simulation run time as well as the
inputs and outputs of the MPC model. Using an MQTT publisher and subscriber tool,
it is possible to inject test data into the model or monitor any variable from all over the
experimental setup and its system entities.
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Figure 10. The experimental setup architecture of HIL implementation of the MPC for EEBLab
ventilation system control enabled by the HOLSYS IoT platform.

5. Results and Discussions

In this section, the results obtained from the experimental setup of the different de-
ployed systems are presented. In fact, after connecting everything together, the simulations
have been run and data are collected during the experiment’s time. The experimentation
started at 13:36 at the EEBLab test site. All the windows were closed and the only source of
fresh air was the ventilation inlet. The HVAC was set to off. The weather station readings
at the time were 23 ◦C for the ambient temperature and 56% for the relative humidity. The
behavior of two employees at an office of 12 m2 was simulated. Other staff joined the team
from time to time. While the occupants were performing moderate activities (e.g., using
their personal computers and reading several articles while conversing), CO2 was changing
its levels and increasing with more people inside the test site. At each new visit, the door
was opened and closed in approximately 5 to 8 s. However, the influence of the door
openings and the air exchanged during this time has not been taken into consideration. In
fact, the objective behind the experimental setup is to show the usefulness of the proposed
framework with all its components. It is a proof of concept of the intercommunication of
different entities that form the entire concept. The idea is to integrate control strategies
and modern technologies into a holistic framework for enabling real time monitoring and
control of buildings’ systems.

First, advanced methods for forecasting indoor occupancy are implemented. Real
occupancy data is sent to the server to be processed and exploited by the deployed forecast-
ing model. It is implemented to read 10 instances and forecast 10 values ahead. The model
gets new data every 1 min. It means that the model is able to forecast 10 min ahead. the
forecasted occupancy data is sent to the MPC model to measure the flow rate needed to
adjust optimal operation of the VS. The calculated accuracy and root mean square error
(RMSE) parameters of the LSTM forecasting are respectively, 3.34% and 98.7%. Secondly,
an MPC control strategy is integrated for VS’s control. All together, these systems have
been inter-communicated via the deployed IoT platform. The simulation model of the
MPC controller has been compiled via MATLAB/Simulink and embedded into the RPi 4
B+ installed into the test site. Afterwards, the installed sensors began to inject input data to
the forecasting and MPC models and outputs (controls) were executed by the ventilators.

In order to assess the performance of the MPC against the ON/OFF, three metrics
have been generated: (i) the regulation of indoor CO2 concentration, (ii) the ventilation
flow rate evolution, and (iii) the instantaneous power consumption, which are calculated
using the smart metering platform [26]. Experiments have been conducted using the
above-mentioned set-up and the three metrics have been evaluated for the ON/OFF and
MPC controllers during five hours and a half from 13:30 to 19:00. The occupants’ number
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together with the behavior of indoor CO2 concentration, ventilation flow rate, and power
consumption of two controllers can be observed in Figures 11–14.

Figure 11. Occupancy forecasting results using LSTM.

Figure 12. The MPC flow rate output together with the CO2 concentration variation.

Figure 13. The ON/OFF flow rate output together with the CO2 concentration variation.

Figure 14. Energy consumption variation of the ventilation system during control for both ON/OFF
and MPC controllers.

As can be seen from Figure 11, the forecasted occupants’ number seems to be close
and to correlate well with the collected real occupants’ number. A minor difference is seen
at the peak points of the real occupancy.
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The ON/OFF approach has been chosen for comparison as it is the most used control
approach in VSs. It is a simple control mechanism which triggers full On or full Off in case
of CO2 variation from the fixed setpoint. The ON/OFF control was deployed using the
above-mentioned approach the next day.

In terms of CO2 regulation, both controllers provide good performance in maintaining
the CO2 concentration with faster settling/rise responses for the ON/OFF to achieve and
maintain the desired level, which is fixed to 550 PPM setpoint. Unlike the ON/OFF, the
MPC was able to provide a better transient response to refresh the air inside the EEBLab
using the optimal ventilation rate, as can be observed from Figures 12 and 13.

For energy consumption, the obtained results presented in Figure 14, showed that
the MPC outperforms the ON/OFF and allowed higher performance in improving energy
savings. This performance can be explained by the predictive mechanism of the MPC,
which includes the optimized criterion Δû that predict the effective ventilation flow rate
according to the indoor CO2 dynamics, including the CO2 generated by occupants.

Regarding the total energy consumption of the VS during this experiment time period,
the MPC outperformed the ON/OFF control and allowed a significant energy reduction by
16.44%. It can be noticed from Figure 14, that the peak energy consumed by the ventilators
is reached only a few times by the MPC control unlike the ON/OFF method. The total
energy consumed by MPC control is 119.4 Wh while the ON/OFF consumed a total of
142.88 Wh.

6. Conclusions and Perspectives

In this work, an HIL based framework was introduced for standalone VSs using MPC
control method. The objective was to assess the effectiveness of the proposed framework
in terms of indoor air quality improvement and energy efficiency in real-setting scenario.
In fact, a Simulink based HIL model was proposed and implemented in the EEBLab to
assess the effectiveness of MPC control. Contextual data are collected using the HOLSYS
IoT platform and LSTM machine learning models have been integrated for real time
occupants’ number forecasting. Resulting forecast data have been exploited by the MPC for
optimal regulation of the ventilation flow rate. The performance of the MPC over the HIL
framework has been assessed and compared to the ON/OFF strategy. Experimental results
showed that both controllers provide acceptable performance in regulating the indoor CO2
concentration. However, the MPC allowed significant energy reduction by approximately
16% compared to ON/OFF.

As a perspective of this work, the framework will be applied and experimented
for the HVAC system’s control using MPC. This latter has already been validated by
simulations [66]. Furthermore, additional experiments will be conducted to shed more light
on the integration of IoT and machine learning algorithms for setting up context-driven
control approaches of different building services, including lighting, shading, and HVAC
systems. Additionally, the perspective includes integrating the proposed framework for
developing other buildings services, such as renewable energy production forecasting and
predictive control of power systems [24].
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Abstract: Automation is being fueled by a multifaceted approach to technological advancements,
which includes advances in artificial intelligence, robotics, sensors, and cloud computing. The use of
automated, as opposed to conventional, systems, has become more popular in recent years. Modern
agricultural technology has played an important role in the development of Saudi Arabia in addition
to upgrading infrastructure and plans. Agriculture in Saudi Arabia is dependent upon wells, which
are insufficient in terms of water supplies. Thus, irrigation is used for agricultural fields, depending
on the soil type, and water is provided to the plants. Two essential elements are necessary for
farming, the first is the ability to determine the soil’s fertility, and the second is the use of different
technologies to reduce the dependence of water on electrical power and on/off schedules. The
purpose of this study is to propose a system in which moisture sensors are placed under trees or
plants. The gateway unit transmits sensor information to the controller, which then turns on the pump
and recycles the water flow. A farmland’s water pump can be remotely controlled and parameters
such as moisture and flow rate can be monitored using an HTTP dashboard. In order to evaluate
the applicability of IOT-based automatic wastewater irrigation systems, a pilot test was conducted
using the developed framework. Theoretically, such a system could be expanded by including any
pre-defined selection parameters.

Keywords: sensors; microcontroller; mobile networking; data processing; visualizations; Internet of
Thing (IoT); GUI

1. Introduction

The Gulf Cooperation Council (GCC) nations and Saudi Arabia are already classi-
fied as water-scarce countries, with only Oman above the extreme scarcity threshold of
500 cubic meters per capita per year [1]. The growth of agricultural production is greatly
affected by climate change, urban population concentration, crop diseases, and greenhouse
emissions, all of which highlight the need to meet the growing demand for food and energy.
With water resources already scarce, the Middle East and North Africa regions will be par-
ticularly vulnerable to climate change [2]. Saudi Arabia is one of the largest arid countries
without permanent rivers or lakes in the Arabian Peninsula [3,4]. In some parts of the
region, temperatures can reach more than 50◦ Celsius (C) (122◦ Fahrenheit (F)), resulting in
extremely hot and dry conditions. The country has one of the poorest natural renewable
water resources [5]. Renewable natural resources can be affected by a range of variables,
including water demand in different sectors and the effects of global warming. There is a
recurring theme in research papers on water resources and agriculture related to climate
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change. Because of global warming, water adaptation measures have been considered to
ensure food production and people’s access to water, and the preservation of ecosystems.
Further, the worsening drought conditions in the peninsular countries have created a
need for increasing the water supply from alternative sources and the implementation of
water conservation. Moreover, humans and the environment should be assured of their
safety as a result of water scarcity or water quality and supply in the face of intensifying
climate-related impacts. There are various risks associated with climate change, including
water shortages, water quality reductions, soil salinity increases, biodiversity loss, irri-
gation requirements, and the cost of emergency and remedial action to make sure that
farmers plant a crop with a guarantee of success and generating income. Agriculture is the
biggest consumer of water in Saudi Arabia, amounting to up the 70% of the total water use,
creating a demand for optimization strategies. The number of studies focusing on reducing
irrigation water consumption has increased because of the introduction of smart water
management. In addition to social, economic, and climate change policies, technological
innovations can improve water management, according to some studies [6].

Because of the ever-increasing demand for food necessities and the diminishing supply
of those necessities, there is always room for improvement in the production of agricultural
produce through the adoption of an agro-tech-based system. Only through cultivation
can such things be provided. There is no doubt that this is an imperative factor in human
societies when it comes to increasing and maintaining the demand for food production.
However, the scarcity of land and water has resulted in a decreasing volume of water
available on farms. Therefore, farmers are using irrigation to supplement their water
supply system through using high-tech-based systems. It is possible to define irrigation
as the science of artificially applying water to land or soil. The methods unfolding in the
agriculture sector are related to what is termed precision agriculture capable of estimating
the chemistry of the soil to determine the water needs to raise a given crop for productive
yield. This means that plants are to be provided with water according to the type of
soil to be irrigated. The virgin fertility of the soil is also being investigated using sensor
technology. This is in conjunction with the collection and study of the characteristics of
the soil moisture dynamics profile. The purpose is to use this data as feedback to improve
farming efficiency [7]. The use of renewable energy-powered technology in Seawater
Reverse Osmosis (SWRO) desalination plants has had an impact on the preparation for
embracing Industry 4.0 in every sector with promising results benefitting humans and
agriculture [8,9].

An IoT-enabled framework for automated farming is essentially a network consist-
ing of sensory electronics installed and distributed on the farm at specific locations and
connected through a bi-directional communication channel with the management cen-
ter equipped with related hardware devices harnessed through purposefully developed
programming modules. This kind of agriculture is growing in quality, sustainability, trans-
parency, and cost-effectiveness to maximize crop production with lower labor costs. Herein,
we propose a system that uses WSN to retrieve environmental data in real time in order to
optimize irrigation timing implementation.

The rest of the paper consists of a discussion of related work in Section 2, and an outline
of the intelligent communication system in Section 3, the monitoring flowchart in Section 4,
Data collection in Section 5, with design dashboard in Section 6, while implementation
of test scenarios for real-time implementation are described in Section 7, the results and
discussion in Section 8, and conclusions and further work are given in Section 9.

2. Related Work

The Kingdom of Saudi Arabia, with a total area of 2.25 million km2, is a large country,
bordered by Jordon and Iraq and Kuwait in the north, on the east by the Gulf, Bahrain
and the United Arab Emirates, on the south by the Sultanate of Oman and Yemen, and
in the west by the Red Sea, giving it a coastline of 1750 km. Saudi Arabia is on its way to
achieving self-sufficiency in poultry and dairy products [10,11].
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Automatic farming systems are based on the collection of data related to soil moisture
content, the temperature profile of an indoor covered agriculture farm shed, rainfall data,
and intra-field wind speed profiles [12,13]. The related data archives are stored in a
computer server that is capable of providing climate prediction, soil condition analysis,
and disturbance analysis [14,15].

A fuzzy controller was used by Jamroen et al. to adjust irrigation taking into account
the moisture index and water stress [16] by continuously monitoring the soil moisture
content and crop water variability. Lloret et al. have used flooding methods to carry
out irrigation automatically by observing remotely crop variables and climatic conditions
using an application [17] that allows the farmer to remotely control water gates in the
water canals. Based on the difference in environmental leaf temperatures and light inten-
sity in hydroponic crops under temperature control between 28 and 32 degrees Celsius,
Puengsungwan et al. propose a method for determining root stress in soilless cultivation.
According to their proposal, the obtained patterns are divided into regions representing
natural roots, stress roots, and rotten roots. Using IoT technologies, they were able to
reduce the system’s response time from 5 min to less than 60 s. In addition, they increased
detection efficiency from 85% to 95% compared to a method that uses the Easy Leaf Area
application to determine the drop in leaf area [18].

A variety of irrigation systems have been used in soil and soilless crops. Different
approaches exist to estimate irrigation requirements in soil cultivation, highlighting the im-
portance of monitoring and controlling the temperature, soil moisture, evapotranspiration,
and water stress index used for operating micro-sprinklers, drip irrigation, and ventilation
fans. Several authors, including González-Amarillo [19] and Fernández-Ahumada [20],
use humidity or temperature measurements to properly maintain conditions within an
agricultural shed by turning on all related irrigation, ventilation, and heating systems. By
measuring daily evapotranspiration, Mohamed [21] and Poyen [22] estimate irrigation
requirements. Mohamed employs the Penman–Monteith method, whereas Poyen includes
the capability of automatically selecting between Hargreaves and Samni, Kharufa, and
Penman–Monteith methods according to the type of climate and geographical factors by
employing modern technologies and intelligent systems for improving water productiv-
ity and conservation. These are some examples (among many others) of how the word
"smart" is used in works and prototypes that show different capabilities and features. In
an effort to solve the problem of one-size-fits-all qualification, the research community
has proposed different taxonomies that classify smart artifacts based on their features [23].
Bin Ahmadon et. al. consists of two major phases in their paper. Phase one is design, and
phase two is implementation. Here are the scenarios for two major phases in which a
service must be implemented in a different [24].

Agro-IoT was an agricultural IoT project that ran from 2015 to 2020 and featured an
architecture that consists of six layers, including sensors, actuators, wireless nodes, etc. In
addition, there is a network layer that includes communication protocols, an intermedi-
ate layer for software, an application layer for data analysis and prediction, and a user
layer where results are communicated to farmers, experts in the field, and the supply
chain. Among the goals of the project were real-time monitoring of low-scale greenhouses,
early disease detection, identification of crop varieties, optimizing irrigation facilities, and
pesticide use and fertilizers efficiency. Similarly, solar precision agriculture is seen as a
four-layer IoT architecture, consisting of the sensory layer, the network layer that takes
into account IoT nodes and base stations, the decision layer that involves server services,
workstations, business and knowledge bases, and the application availability layer that
provides information for researchers, experts, and farmers [25,26].

The implemented irrigation solution developed in this research is not restricted to
the control of irrigation systems. It also analyzes every component of the system, from
water pipes to sprinklers, to detect leaks and malfunctions, while improving efficiency and
reducing costs. The proposed solution uses Wireless Sensor Networks (WSN) to collect real-
time information data directly in the field to verify the existing conditions. By combining
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this information with weather forecasts, evapotranspiration from soil and other surfaces
and plants, and farm specifications, artificial intelligence algorithms are able to determine
how much water is needed for a particular section of the farm by adjusting the irrigation
controller accordingly.

3. Intelligent Communication Systems

As shown in Figure 1, the IoT-based irrigation system consists of six main elements: Data
Acquisition, Data Monitoring, Communication, Data Processing, Storage, and Visualization.

Figure 1. Block diagram of the IoT-based irrigation system.

3.1. Data Acquisition

An array of sensors must be used to obtain data from soil moisture sensors, rainfall
sensors, ambient humidity sensors, and temperature sensors, among other devices. The
various sensors used to monitor crops are configured with a variety of threshold values.
This corresponds to the type of crop being monitored and depends on the type of sensor.
Since the sensors sense and acquire data at intervals, the measurements will be sent through
Wi-Fi modules to be processed according to the parameters of each of the measurements.

3.2. Data Monitoring

A supervisory system is required to manage and monitor the information gathered
by the sensors (temperature, rainfall, and moisture), as well as on crops and their cycles.
A Graphical User Interface (GUI) is used to display the information that is stored in the
database. A statistical analysis of the amount of water consumed by crops with respect to
their dates and sections has been carried out as a result of monitoring. Finally, all data are
requested through the use of web services, which are made available on the Internet for
access by authorized personnel.

3.3. Communication Networking

The sensors are connected to Arduino microcontroller development boards that use
ESP8266 Wi-Fi modules to communicate with the database, and everything is done via
the cloud since the entire solution relies on the cloud for connectivity. The database is not
directly connected to the sensor because it is not secure. Data is entered into the database
using a Web Service (WS). The Wi-Fi module transmits two fields: (1) the identification
number (ID), and (2) the value of the sensor. Each type of sensor is assigned a unique
ID based on its IP address and a unique number. As an identifier, it serves the purpose
of identifying the source of information. The data is processed to determine if irrigation
is required. The watering schedule is updated when it is determined that watering is
necessary based on the interpretation of the information. An electronic valve is incorporated

116



Electronics 2023, 12, 28

into the irrigation system and is controlled by the Arduino via the Wi-Fi module. Since the
Wi-Fi Module does not have a public IP address, it cannot be identified from the cloud, and
therefore requests cannot be sent from the cloud to the module. In the same manner, the
Wi-Fi module continuously queries the web service for information. The valve is activated
in response to an update in the WS with the time the system was powered on. The Wi-Fi
module is assigned a static IP address whenever it is connected to an Internet gateway,
making it easier to access from the Internet. In order to monitor data in a timely manner,
data visualization along with database information is required. A web application for data
visualization has been used in this case study, but other methods may also be employed.

Previous projects used the data collected in order to increase the productivity of the
garden or farm, as well as to reduce the amount of water used. Although these ideas are
useful in theory, they may not be able to be implemented in a practical scenario. In our
system, the algorithm enables the system to understand how much water should be applied
to the field based on the moisture in the field; however, the field is watered only when
moisture levels are low. Using this approach, we were able to save approximately 25% of
our budget. Despite this, our previous systems lack a certain level of reliability, which can
be attributed mainly to the selected sensors. In addition, they need to be tested in a larger
scenario. In order to improve results and to make sure that the solution works in multiple
environments, the wireless network will play a crucial role in ensuring its effectiveness.

3.4. Data Processing

Soil moisture, temperature, and rainfall are received as sensor data in the form of
three integer values. Decisions regarding the crop can be made based on the information
provided by this data. It is necessary to note that the valve will only open if the soil
moisture is below the level required for the crop. In the case of sprinkler irrigation, the
water temperature will determine whether irrigation is required. The system will not
permit the watering of the plants in the event of rain. The valve can either be opened or no
action taken depending on the values collected by the sensors.

3.5. Storage

Databases are necessary to store information about crop types, sensors, moisture, and
statistical data. The database used in the application is schematically as shown in Figure 2.
The purpose of this structure is to store information about crops, their cycles, and the
order in which each irrigation should be performed. Furthermore, information about the
monitored sections is saved, as well as that of the sensors associated with each section. The
system uses the IoT to determine the amount of water needed for every crop in every cycle
using a “smart irrigation” system. Instead of creating another smart irrigation controller,
in this work, we have created a smart sustainable irrigation solution. This solution also
analyzes every component of the system, from the pipes that supply the water to the
sprinklers. This is because it analyzes their interaction. During this analysis, the aim is to
detect potential leaks or malfunctions, improve efficiency and reduce costs in a sustainable
way in line with the requirements of a circular economy.

3.6. Visualization

The administrator will be able to control the variables (sensor data), as well as irrigate
the crop in order to ensure that the resulting data are presented in an appropriate manner.
There are different irrigation configurations for each type of crop when it comes to visual-
ization and interaction with users. When this is not possible, the possibility of adjusting
the configuration of crops is available based on a predetermined composition.
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Figure 2. Flowchart of the IoT-based irrigation system.

4. Flowchart

Initially, the user interacts with the irrigation system using a mobile application or any
other connected interface to extract data regarding the current soil conditions and moisture
in order to change the state of the irrigation system. The sensor node/mote measures the
soil moisture, temperature, and humidity of the surrounding environment of—in this case
of this study—each date palm tree.

The information can be received using an automated system as shown in Figure 2.
Users can make a decision with respect to watering based on the data available/provided
on the application or system. The method will lead to accurate agricultural techniques
to closely monitor the conditions of the field and use real-time data to realize the most
efficient irrigation.

5. Data Collection and Connection

All sensor nodes have been installed and are connected to the network master node.
The node will send information packets to every sensor hub bearing the sensor hub ID if
communication is present in the node. After acquiring the data packets from the sensors, the
measured values of soil parameters are analyzed—for example: Soil moisture assessment
(30%). A pH value is used to determine whether the soil is acidic or alkaline. The sensors
assess the quality of the equipment, and these quality values are stored in the memory
of the Arduino microcontroller unit (MCU). In response to these stored values, the MCU
responds by performing specific actions according to the listed conditions. When data
packets are received from the sensor node, the MCU transmits them wirelessly to the master
node, thereby participating in the Internet of Things (IoT) environment activities.

6. Designed Monitoring Dashboard

The dashboard can be thought of as a server that can be designed using a mobile
device, as shown in Figure 3. Using the dashboard, the user will be able to monitor the
amount of water flow, and parameters such as temperature and humidity. In addition, users
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are also able to turn on/off the water pump just by operating the monitoring dashboard.
There is a control button (On/Off) shown in Figure 4 that shows the installed applications
with the dashboard.

 
Figure 3. Dashboard display of the mobile device application.

Figure 4. Implementation of IOT-based systems at medium and large scales.

119



Electronics 2023, 12, 28

The sensor and electronics are powered by DC power derived from solar panels, and
the amount of power generated is determined by the rating of the solar panels. As shown
in Figure 3, the solar system produces DC power for charging the battery via the charging
kit. This power can be directed to the inverter by the inverter circuit. The inverter is
needed to convert the DC power to AC because older water pumps run on AC power. In
order to implement this system, we have used a number of hardware components, such as:
(a) Solar panels, (b) Charging kits, (c) Batteries, and (d) Inverters. It has become possible
to implement the software on a mobile phone. However, the oversized bloated network
model is not conducive to the deployment of the device’s software.

7. Real-Time Implementation

A schematic diagram of the automated irrigation system is shown in Figure 1. The
system is designed with devices capable of controlling water delivery, a management unit,
a soil moisture sensing unit, and an on-spot processing unit, as shown in Figure 4.

The remote database is an installation to store the contiguous farming data structure.
Climatic parameters, including soil moisture level, are obtained from the sector of each
sensory mote. Through the personal interface of the internet utility, the user can control the
water valve by converting the positioning monitor to real-time climate situations within
the field.

There are many factors that affect actual water usage, including the type of plants,
the evapotranspiration rate, the amount of field area, the type of valves and the pipes,
the distance between the valves, and the number of waterings per day. Taking all these
parameters into consideration, and using Equation (1), we can calculate the actual amount
of water that needs to be applied to the field.

Time =
Area × (Kc + ETr)× 60

F × N × 100
/Period (1)

where Time is the irrigation time in minutes, Kc is the crop coefficient (here, the coefficient
ranges between approximately 7.04 mm/day and 11.7 mm/day), F is the water flow per
valve in m3/h, N is the number of valves, and Area is the field area in m2.

Based on Equation (1) and how much data can be input to achieve accurate re-
sults, three analyses have been done and compared to the performance of a normal
irrigation system:

1. Calculation of irrigation times using Equation (1) and forecast data;
2. The irrigation system is controlled by Equation (1) and sensor data;
3. Controlled irrigation system using Equation (1) and sensor data to estimate irrigation times.

There is no doubt that the concept and applications of the IoT (Internet of Things)
are becoming more and more relevant in our world. This can be attributed to the fact
that there is the possibility of interconnecting any object or device through the network.
This can be done by using various types of communication technologies and protocols.
This interconnection can be achieved by using a variety of different types of networks,
some of the best-known and widely disseminated ones being WiFi (Wireless Fidelity), LTE
(Long-Term Evolution), Bluetooth, and so on. Based on the proposed system, we intend to
validate the implementation of a WSN environment in medium-scale crops for a specific
crop variation and an area specific to the crop. The main objective of this study was to
minimize the cost of the sensor devices whilst optimizing the technical characteristics that
the deployed devices should have. As a result of this information, it will be possible in the
future to produce on a large scale monitored and sustainable crops, as shown in Figure 5.
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Figure 5. An overview of the output in a graphical format—soil moisture.

8. Results and Discussion

IoT applications have developed a variety of specialized communication protocols
that have the potential to become long-term standards with global acceptance and that are
associated with significant benefits at the time of their implementation as well. It is still
critical to know the specifications and technical capabilities of each protocol in order to
choose the one that is appropriate for your application and environment. Therefore, the
macro project that led to the publication of this article proposed the creation of a model
that could be used to analyze and simulate the behavior of the key performance indicators
of the system. The information provided in this paper is structured in such a way that
it becomes a very comprehensive decision-making tool that contributes to the research
and development of relevant knowledge in this field as well as the implementation of it
in environments.

As a result of providing the sensors with data in the form of voltage, this data is
presented to the microcontroller. The microcontroller, after calibrating these values, gives
us the moisture content of the soil in percentage values. The data is sent continuously
from the IoT device to the online site through the wireless network to be displayed on the
computer screen being used. The dashboard display is also refreshed every three seconds
to make sure the real-time data availability, and just in case of possible Internet disruption,
reloading page will let us know about it.

This model is designed to manage water for irrigating date palm trees. The develop-
ment and improvement of date palms require a lot of water in order to grow and improve
the quality of the dates at harvest time. However, it should be noted that consistent dry
weather leads to insufficient water as a result of dispersal, waste, and penetration. Precise
irrigation will help in achieving remarkable yields from the date palm. However, at the
same time, the quality of the dates will still depend on the decision of when to harvest.
Figure 5 shows the output of the proposed model in graphical form. There is no better way
to display data than to use a graphical representation in the form of a diagram. Also, visual
representations are much more memorable. As we not only display the moisture content
(data) as text but also in visual form, this helps the user to quickly and easily notice the
sudden changes in the data or information that has been displayed.

Data were collected from each sensor node of the WSN containing real-time infor-
mation about the environmental conditions of the farm. The set of data collected that
represents the year as a whole is shown in Figure 6. The winter season in the study area
starts at the end of October and lasts until the beginning of February. November and
December are the months when the weather is at its most pleasant. As a result, less water

121



Electronics 2023, 12, 28

is needed for irrigation, which is in contrast with summertime, when it is mostly dry and
needs a lot more water.

 
Figure 6. Data collected during the whole year in Saudi Arabia.

The first thing to note is that, in the testing period, there are no rain periods in Saudi
Arabia. This means that watering is mainly done when soil moisture is less than 30%. It is
also possible to note that humidity levels in Saudi Arabia are high at that time of year, which
helps the soil moisture to decline more slowly. Therefore, the water used for irrigation
can be less. The measurement of humidity parameters in the soil and the subsequent
processing of this information constitutes a fundamental element for decision-making in
the technical environments of smart agriculture. This leads, for example, to establishing the
appropriate sowing and harvesting periods to improve the productivity of dates in Saudi
Arabia. Smart farms are an especially significant aspect that must be addressed by systems
engineering, electronic engineering, and data science. The analysis of large volumes of
information using time series, big data, data mining, and other analysis methodologies
allows the finding of patterns that allow intelligent decision-making. This allows us to
improve and optimize different plants in the Agro sector. Thanks to the integration of the
IoT and different sensors in cloud platforms, it is possible to improve many aspects related
to plant growth. This includes saving on inputs and pest control.

The novelty of this work lies in the implementation of the idea through the use of
components and devices available in the market as shown in Figure 6. However, it is
through the development of the user interface shown in Figure 4 that the authors realized
their search for real-time data acquisition. The quantifiable characterization of the soil
through the use of spectral characteristics for each pixel in an image of a scene is another
attractive area to be pursued for cloud-based non-intrusive irrigation systems, soil data, or
underground water quality collection [27].

9. Conclusions

This proposed irrigation system can measure soil moisture and temperature as well
as the atmospheric temperature of the field and can transmit the data in real-time to the
user using Wi-Fi and an IoT server. The IoT-based irrigation system is superior to other
irrigation systems recently proposed and developed. This is because, in the past, the process
of implementing automatic irrigation was done in a traditional, luxurious, and inefficient
manner, which results in a small profit margin and misfortunes in production. This paper
proposes the utilization of IoT communication to develop an automated irrigation system
for agricultural monitoring.

This analysis has allowed the authors to confirm that the implementation model has
the capability of being more effective, accurate, and responsive in a very short period
of time. Additionally, the proposed model is better than existing models based on the
Internet of Things due to the advantages it offers compared to those models: by creating a
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dashboard based on the HTTP protocol, users will be able to change parameters such as
moisture and water flow rates through IoT devices, as well as turn on/off water pumps.
Future work may include the integration of sensor grids in order to be able to determine
important parameters such as pH, CEC, SAR, organic constituents of the soil, and other
crucial parameters. The paper is produced with a critical review of contemporary literature
and the use of an algorithm to support the title. It makes a useful contribution to the body
of engineering knowledge through the use of simple electronics and simple program code
for application development.

Author Contributions: Conceptualization, S.A. and S.H.; methodology, M.I.; software, S.H. and
M.I.; validation, A.M.A. and Abdullah. Alabdulatif formal analysis, S.H. and A.A. (Alabdulatif
Alabdulatif); investigation, S.A. and M.I.; resources, A.A. (Abdullah Alabdulatif) and A. Alabdulatif;
data curation, M.I.; writing—original draft preparation, S.A., S.H. and M.I.; writing—review and
editing, S.A., A.M.A., A.A. (Alabdulatif Alabdulatif) and A.A. (Abdullah Alabdulatif) visualization,
A.M.A.; A.A. (Alabdulatif Alabdulatif) and A.A. (Abdullah Alabdulatif).; supervision, S.A.; project
administration, A.M.A.; funding acquisition, S.H.; All authors have read and agreed to the published
version of the manuscript.

Funding: This research was funded by the Deputyship for Research & Innovation, Ministry of
Education, Saudi Arabia for funding this research work through project number (QU-IF-2-4-5-26275).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: Not applicable.

Acknowledgments: The authors extend their appreciation to the Deputyship for Research & Innova-
tion, Ministry of Education, Saudi Arabia for funding this research work through project number
(QU-IF-2-4-5-26275). The authors also thank Qassim University for technical support.

Conflicts of Interest: The authors declare that there is no conflict of interest regarding the publication
of this paper.

References

1. Hati, A.J.; Singh, R.R. Smart Indoor Farms: Leveraging Technological Advancements to Power a Sustainable Agricultural
Revolution. AgriEngineering 2021, 3, 728–767. [CrossRef]

2. Sowers, J.; Vengosh, A.; Weinthal, E. Climate change, water resources, and the politics of adaptation in the Middle East and North
Africa. Clim. Chang. 2011, 104, 599–627. [CrossRef]

3. Ibrahim, K.; Alnajim, A.M.; Naveed Malik, A.; Waseem, A.; Alyahya, S.; Islam, M.; Khan, S. Entice to Trap: Enhanced Protection
against a Rate-Aware Intelligent Jammer in Cognitive Radio Networks. Sustainability 2022, 14, 2957. [CrossRef]

4. Kamienski, C.; Soininen, J.P.; Taumberger, M.; Dantas, R.; Toscano, A.; Salmon Cinotti, T.; Filev Maia, R.; Torre Neto, A. Smart
Water Management Platform: IoT-Based Precision Irrigation for Agriculture. Sensors 2019, 19, 276. [CrossRef]

5. Albattah, W.; Habib, S.; Alsharekh, M.F.; Islam, M.; Albahli, S.; Dewi, D.A. An Overview of the Current Challenges, Trends, and
Protocols in the Field of Vehicular Communication. Electronics 2022, 11, 3581. [CrossRef]

6. Iglesias, A.; Santillán, D.; Garrote, L. On the barriers to adaption to less water under climate change: Policy choices in mediter-
ranean countries. Water Resour. Manag. 2018, 32, 4819–4832. [CrossRef]

7. Castellanos, G.; Deruyck, M.; Martens, L.; Joseph, W. System Assessment of WUSN Using NB-IoT UAV-Aided Networks in
Potato Crops. IEEE Access 2020, 8, 56823–56836. [CrossRef]

8. Karavas, C.S.; Dimitriou, E.; Balafoutis, A.T.; Manolakos, D.; Papadakis, G. Development of a computational tool for the design of
seawater reverse osmosis desalination systems powered by photovoltaics for crop irrigation. J. Green Energy Sustain. 2022, 2, 1–22.
[CrossRef]

9. Karavas, C.S.; Arvanitis, K.G.; Papadakis, G. Optimal technical and economic configuration of photovoltaic powered reverse
osmosis desalination systems operating in autonomous mode. Desalination 2019, 466, 97–106. [CrossRef]

10. Zuhaib, M.; Shaikh, F.A.; Tanweer, W.; Alnajim, A.M.; Alyahya, S.; Khan, S.; Usman, M.; Islam, M.; Hasan, M.K. Faults Feature
Extraction Using Discrete Wavelet Transform and Artificial Neural Network for Induction Motor Availability Monitoring—
Internet of Things Enabled Environment. Energies 2022, 15, 7888. [CrossRef]

11. Baig, M.B.; Straquadine, G.S. Sustainable agriculture and rural development in the Kingdom of Saudi Arabia: Implications for
agricultural extension and education. In Vulnerability of Agriculture, Water and Fisheries to Climate Change; Springer: Dordrecht,
The Netherlands, 2014; pp. 101–116.

123



Electronics 2023, 12, 28

12. Ratnakumari, K.; Koteswari, S. Design & implementation of innovative IoT based smart agriculture management system for
efficient crop growth. J. Eng. Sci. 2020, 11, 607–616.

13. Boursianis, A.D.; Papadopoulou, M.S.; Shaouha, A.G.; Sarigiannidis, P.; Nikolaidis, S.; Goudos, S.K. Smart Irrigation System for
Precision Agriculture—The AREThOU5A IoT Platform. IEEE Sens. J. 2021, 21, 17539–17547. [CrossRef]

14. Susmitha, A.; Alakananda, T.; Apoorva, M.L.; Ramesh, T.K. Automated Irrigation System using Weather Prediction for Efficient
Usage of Water Resources. IOP Conf. Ser. Mater. Sci. Eng. 2017, 225, 012232. [CrossRef]

15. Ayaz, M.; Ammad-Uddin, M.; Sharif, Z.; Mansour, A.; Aggoune, E.H.M. Internet-of-Things (IoT)-based smart agriculture: Toward
making the fields talk. IEEE Access 2019, 7, 129551–129583. [CrossRef]

16. Jamroen, C.; Komkum, P.; Fongkerd, C.; Krongpha, W. An Intelligent Irrigation Scheduling System Using Low-Cost Wireless
Sensor Network toward Sustainable and Precision Agriculture. IEEE Access 2020, 8, 172756–172769. [CrossRef]

17. Lloret, J.; Sendra, S.; García-Fernández, J.; García, L.; Jimenez, J.M. A WiFi-Based Sensor Network for Flood Irrigation Control in
Agriculture. Electronics 2021, 10, 2454. [CrossRef]

18. Fahlgren, N.; Gehan, M.A.; Baxter, I. Lights, camera, action: High-throughput plant phenotyping is ready for a close-up.
Curr. Opin. Plant Biol. 2015, 24, 93–99. [CrossRef]

19. González-Amarillo, C.A.; Corrales-Muñoz, J.C.; Mendoza-Moreno, M.A.; González-Amarillo, A.M.; Hussein, A.F.; Arunkumar,
N.; Ramírez-González, G. An IoT-Based Traceability System for Greenhouse Seedling Crops. IEEE Access 2018, 6, 67528–67535.
[CrossRef]

20. Fernández-Ahumada, L.M.; Ramírez-Faz, J.; Torres-Romero, M.; López-Luque, R. Proposal for the Design of Monitoring and
Operating Irrigation Networks Based on IoT, Cloud Computing and Free Hardware Technologies. Sensors 2019, 19, 2318.
[CrossRef]

21. Mohammed, M.; Riad, K.; Alqahtani, N. Efficient IoT-Based Control for a Smart Subsurface Irrigation System to Enhance Irrigation
Management of Date Palm. Sensors 2021, 21, 3942. [CrossRef]

22. Poyen, F.B.; Ghosh, A.; Kundu, P.; Hazra, S.; Sengupta, N. Prototype Model Design of Automatic Irrigation Controller.
IEEE Trans. Instrum. Meas. 2021, 70, 1–17. [CrossRef]

23. Costa, N.; Rodrigues, N.; Seco, M.A.; Pereira, A. SL: A Reference Smartness Level Scale for Smart Artifacts. Information
2022, 13, 371. [CrossRef]

24. Bin Ahmadon, M.A.; Yamaguchi, S.; Mahamad, A.K.; Saon, S. Physical Device Compatibility Support for Implementation of IoT
Services with Design Once, Provide Anywhere Concept. Information 2021, 12, 30. [CrossRef]

25. Kour, V.P.; Arora, S. Recent Developments of the Internet of Things in Agriculture: A Survey. IEEE Access 2020, 8, 129924–129957.
[CrossRef]

26. Sivaiah, N.; Sowmya, K.P.S.; Susmitha, K.; Sai, N.A.; Suma, N. Internet of Things (IoT) Enabled Water Monitoring System.
Iconic Res. Eng. J. 2018, 1, 40–43.

27. Singh, S.; Kasana, S.S. Estimation of soil properties from the EU spectral library using long short-term memory networks.
Geoderma Reg. 2019, 18, e00233. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

124



Citation: Alshdadi, A.A. Evaluation

of IoT-Based Smart Home Assistance

for Elderly People Using Robot.

Electronics 2023, 12, 2627. https://

doi.org/10.3390/electronics12122627

Academic Editors: Antonio

Cano-Ortega and Francisco

Sánchez-Sutil

Received: 10 April 2023

Revised: 4 June 2023

Accepted: 5 June 2023

Published: 11 June 2023

Copyright: © 2023 by the author.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

electronics

Article

Evaluation of IoT-Based Smart Home Assistance for Elderly
People Using Robot

Abdulrahman A. Alshdadi

Department of Information Systems and Technology, College of Computer Science and Engineering,
University of Jeddah, Jeddah 23890, Saudi Arabia; alshdadi@uj.edu.sa

Abstract: In the development of Internet-of-things (IoT)-based technology, there is a pre-programmed
robot called Cyborg which is used for assisting elderly people. It moves around the home and
observes the surrounding conditions. The Cyborg is developed and used in the smart home system.
The features of a smart home system with IoT technology include temperature control, lighting
control, surveillance, security, smart electricity, and water sensors. Nowadays, elderly people may not
be able to maintain their homes appropriately and may feel uncomfortable performing day-to-day
activities. Therefore, Cyborg can be used to carry out the activities of elderly people. Such activities
include switching off unnecessary lights, watering plants, gas control, monitoring intruders or
unknown persons, alerting elderly people in emergency situations, etc. These activities are controlled
by web-based platforms as well as smartphone applications. The issues with the existing algorithms
include that they are inefficient, require a long time for implementation, and have high storage space
requirements. This paper proposes the k-nearest neighbors (KNN) with an artificial bee colony (ABC)
algorithm (KNN-ABC). In this proposed work, KNN-ABC is used with wireless sensor devices for
perceiving the surroundings of the smart home. This work implements the automatic control of
electronic appliances, alert signal processors, intruder detection, and performs day-to-day activities
automatically in an efficient way. GNB for intruder detection in the smart home environment system
using the Cyborg human intervention robot achieved an accuracy rate of 88.12%, the Artificial Bee
Colony algorithm (ABC) achieved 90.12% accuracy on the task of power saving in smart home
electronic appliances, the KNN technique achieved 91.45% accuracy on the task of providing a safer
pace to the elderly in the smart home environment system, and our proposed KNN-ABC system
achieved 93.72%.

Keywords: smart home; security; KNN; CYBORG; sensor devices; ABC; elderly people; Gaussian
Naïve Bayes

1. Introduction

Due to the development of technology, dynamic changes have occurred in the au-
tomation and application of robotics and related systems. Nowadays, robotics plays a
vital role in various applications, reducing the workload of human beings as well as errors
made by humans. Robots are used in different surveillance processes such as detection
of gas leaks and minimizing the risk of disaster through leakage in the chemical indus-
try. Surveillance is the process of closely monitoring an industry, person, or group in the
same and different situations. Surveillance is mainly needed in monitoring public places,
border areas, companies, and industries in which the intervention of humans is difficult.
This surveillance takes place with the help of an embedded system of robots. A robot
is a pre-programmed electronic machine that replaces human work through automation
and provides accurate results while minimizing error and improving time efficiency [1].
IoT-based devices are linked with one another by a network that connects electronic home
appliances, vehicle-based electronic devices, actuators, and software, allows the exchange
of information between one device and another. IoT devices can interact with other devices
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via Wi-Fi communication module by using the wireless sensor networks (WSN) in smart
home electronic appliances and by Low Power Wireless Personal Area Networks (LoW-
PAN) using RFID (Radio-Frequency Identification). An IoT-based smart home environment
operates sensor-based devices remotely using mobile applications [2,3].

Human Interaction Robots (HIR) are mainly used in activities with a social component,
such as medicine, neuroscience, cognitive science, and robotics. In order to provide security,
the need for human intervention can be replaced with Cyborg. This robot can assist elderly
people who are home alone, helping them to avoid crime due to home invasion or theft.
In this case, it is necessary to provide security to elderly people by implementing a smart
home environment system that contains the required sensor devices and it can transmit
sensor signals through a communication module in order to alert the user and allow them
to take precautionary steps [4,5]. The smart home secure environment enhances the lifestyle
of human beings by providing security, detecting gas leakage in the kitchen, monitoring
temperature and humidity in the home, detecting intruders, and more. This can be achieved
by monitoring the surroundings of the smart home using a Raspberry Pi-based wireless
camera, capturing images with related information, and sending it to the server. The
main components of Cyborg are DC motors, a battery, and a wheel chassis, and it can be
implemented in either automatic or manual mode [6].

Many research works have been implemented in smart home environments. The main
issues are that they are inaccurate and inefficient, consumption time is high, and large
amounts of storage space are required. This paper proposes a smart home environment
for assisting elderly people using the KNN-ABC technique. It uses sensor-based electronic
home appliances to monitor the surroundings of the smart home, detect intruders, and
generate an alert notification to a registered mobile device or through a mobile app.

The contributions of this work are as follows:

1. To implement smart home assistance for elderly people by using the KNN algorithm
to monitor the status of electronic home appliances and provide an ON/OFF state
using Cyborg.

2. To save energy in smart home systems using the Artificial Bee Colony (ABC) algorithm.
3. Analysis of the proposed KNN-ABC using the metric measures of precision, recall,

F1-score, and accuracy.

This paper is written in five sections including this introduction. In the remainder of
this paper, Section 2 discusses relevant previous works on smart home systems, Section 3
describes the proposed methodology, Section 4 describes the results and evaluates the
outcomes, and Section 5 concludes the paper.

2. Related Work

Smart home electronic appliances based on IoT technology require automatic ON/OFF
operation using a remote control-based application, voice-based technology, or fixed-time
scheduling. A notification can be sent to the user by the server. This control is completely
based on the activities of the user and passing the commands which can be triggered the
activities through the mobile phone [7–9]. C. Victor et al. [10] proposed an IoT-based sensor
system for monitoring the temperature in the environment. Using a temperature sensor,
the system can collect sensor signals and store them in the server. Gladence et al. [11]
proposed a client–server-based machine learning algorithm implemented for establishing
an automated smart home environment control system able to interact with humans who
send commands or triggering the smart appliances. M. Wendy et al. [12] presented a
review of effective smart home technology to support elderly people in aspects related to
health and security issues. Mehmood et al. [13] proposed an innovative concept involving
managing a cloud storage platform, detecting hindrances, activating IoT devices by passing
commands, executing those commands, and then transmitting the information to the
registered users via mobile notification. To monitor health-related issues for elderly people
in smart homes, various machine learning algorithms (LSTM, SVM, and RNN) can be
used. IoT devices can closely observe health conditions of elderly people, analyze their
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symptoms, and make predictions related to disease, as well as helping patients to consult
their physicians and alert them to take medicine at the proper time [14]. Sensor devices
are used with wireless networks, software, and computers to detect threats which affect
the smart home environment. The implementation of the CNN model produces efficient
detection of threats [15]. The Cyborg system can be used to save power, as it is able to
automatically switch unnecessary electronic devices into the OFF state. In addition, it can
detect the presence of human beings in the external surroundings of the smart home. At
the same time, it can send a notification to the resident to perform important activities
such as taking medicine, watering plants, etc. The proposed smart home system interfaces
with sensor devices and assists elderly people in the smart home environment based
on the generated sensor signals [16]. Table 1 enumerates related works on smart home
environment systems along with the technology and sensor measurements employed by
the respective systems.

Many earlier works demonstrated the use of IoT technology for energy efficiency,
monitoring, and activity detection in a smart home environment. Below, we present
selected works, which are tabulated in Table 1 along with their prominent features.

In [17], the author presented a smart home remote control system based on wireless
sensor networks that collect positioning information and use actuators to control electrical
appliances and operate alarms. In [18], X. Gengyi applied support vector machine (SVM)
in a smart-home energy monitoring system using a cloud computing-based platform. The
proposed solution improves energy efficiency and makes it easier for human interaction.
In [19], C. Zhou et al. proposed a design for a smart home system based on virtual reality.
Virtual reality was used to improve control interaction in the smart home. Their experimen-
tal results indicated that control methods could be simplified and costs reduced by as much
as twenty percent through the use of virtual reality. In [20], P. Sharma et al. proposed a de-
sign for an IoT system using NodeMCU for real-time supervision of sensor measurements,
allowing the user to control electrical loads in a smart home. O. Taiwo et al. [21] proposed
a smart home automation mobile application that uses an Arduino microcontroller and
personal area communication technologies such as Zigbee and Bluetooth. The practicality
of the system was demonstrated through a simulation of the smart home environment.

In [22], M. S. Soliman et al. proposed a smart home automation system based on
Arduino and Labview that allows the user to control temperature, save energy, and detect
intruders. M. Naing et al. (2019) [23] demonstrated a proposed smart home automa-
tion system through a prototype implementation employing two Arduino Nano sensors.
Sensors for measuring temperature, smoke, and motion were interfaced with these mi-
crocontrollers, which in turn interfaced with actuators to control and secure the home.
R. D. Manu et al. (2019) [24] proposed a smart home system able to measure and respond
to human activities using long-short term memory (LSTM) deep learning-based decision-
making. S. K. Saravanan et al. (2019) [25] proposed a smart home controller using Arduino
and Android. A smart door actuator was secured using a multi-factor authentication
mechanism. L. D. Liao et al. (2019) [26] proposed the design of a smart home system
using Arduino–Uno that provides user control and monitoring through a mobile applica-
tion. Temperature and motion sensors were connected and controlled by the system to
demonstrate its application in a smart home environment.

D. Popa et al. (2019) [27] demonstrate a smart home application where measurements
of energy consumption and other sensor data could be stored on a cloud and later ana-
lyzed using machine learning methods for improved environmental sustainability and
energy efficiency.

The authors of [28] applied linear discriminant analysis to classify power quality
disturbances and carry out a performance analysis using KNN, naive Bayes, support
vector machine (SVM), and random forest (RF) classifiers. Their results showed that higher
classification accuracy was obtained in the presence of noise. In [29], Moraes et al. used a
naive Bayes algorithm to propose a structured data mining model that can predict whether
a smaller enterprise can join a business association with given attributes. The proposed
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approach can be utilized as a decision assistance tool for business associations to choose
member enterprises. In [30], the authors used four different classifiers, i.e., KNN, naive
Bayes, decision tree, and random forest approaches, to distinguish between defective
and non-defective metal parts using laser-induced-breakdown spectroscopy. The above-
mentioned works show that machine learning algorithms can be used to make accurate
predictions and to inform decisions in many situations and for a variety of data formats.

To make the literature survey more comprehensive, below we include several recent
optimization methods for feature selection and classification. The authors of [31] proposed a
hybrid feature selection method using a combination of the Butterfly optimization algorithm
and the Ant Lion optimizer for breast cancer prediction. The proposed hybrid method
outperforms both component methods for breast cancer diagnosis in terms of accuracy,
sensitivity, specificity, and area under the receiver operating characteristic curve.

Chakraborty et al. [32] proposed an improved whale optimization method for seg-
mentation of chest X-Rays from patients with symptoms of COVID-19. During the global
search phase, a random initialization is used to exploit after exploration. The proposed
method outperformed the original method in terms of segmentation accuracy.

Sayed et al. [33] adopted a hybrid approach combining a convolutional neural network
with Bald Eagle optimization to improve detection performance in melanoma skin cancer
prediction. The robustness and accuracy of the proposed approach were verified as being
superior through a comparison with state-of-the-art methods.

Xing et al. [34] proposed a modified whale optimization method using a quasi-
Gaussian “bare bones” method. The modified method was able to promote diversity
and expand the scope of the solution space.

Piri et al. [35] proposed a modified optimization method based on the Harris Hawk
optimizer. This method, called multi-objective quadratic binary Harris Hawk optimization,
uses a KNN classifier to extract the optimal feature subsets. The proposed methodology
proved superior thanks to its better combination of fitness assessment criteria.

Table 1. List of related works on smart home environment systems and on the technologies and
sensor measurement approaches employed by the respective systems.

Author Technology Monitoring Function

Ruili Zheng (2022) [17] IoT
Indoor smart monitoring and modern
lifestyle.

X. Gengyi (2021) [18]
Machine Learning algorithm
SVM

Energy monitoring in a smart home
system

C. Zhou et al. (2021) [19] Virtual Reality
Classifying human activity with
R&D

P. Sharma et al. (2020) [20]
Cloud server-based
NodeMCU

Electricity measurements in a smart home

O. Taiwo et al. (2020) [21]
Zigbee, Bluetooth, and
Arduino technologies

Health care monitoring system

M. S. Soliman et al. (2020) [22] LabVIEW
PIR Motion Sensor, indoor detection
in a smart home

M. Naing et al. (2019) [23]
Arduino-based smart home
control

Temperature, humidity sensor

R. D. Manu et al. (2019) [24]
IoT-based Deep Learning
algorithm

Motion sensor, PIR sensor

S. K. Saravanan et al. (2019) [25]
Android-based smart home
control

Multiple authentication processes,
privacy preservation using key
generation

L. D. Liao et al. (2019) [26]
Android-based smart home
control

health care monitoring,
multifunctional operating systems

D. Popa et al. (2019) [27] Deep Learning Energy reduction and power saving
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3. Proposed Methodology

This section describes the proposed IoT-based Smart Home Assistance system for
elderly people using Cyborg.

3.1. Cyborg in Smart Home Assistance Technology

The proposed model KNN-ABC with the Cyborg is designed for applications in
monitoring the surroundings of the smart home and assisting elderly people. This robotic
model is specifically designed to switch off unnecessary lights, water plants, detect gas
leaks, monitor for intruders or unknown persons, alert elderly residents in emergency
situations, etc. These tasks are handled by sensor devices connected via Wi-Fi and control
interfaces. This control system interface in the smart home allows elderly people to easily
access activities in an efficient manner. It satisfies the basic requirements of elderly people
by cleaning the home, detecting gas leaks in the kitchen, setting alarms and reminders
about important work, and more. The KNN-ABC system uses PIR (Passive Infrared Sensor),
a type of electronic sensor used to set alerts for security and automatic ON/OFF operation
of fans and lights. The presence or absence of a human in the room is detected using
the ZIGBEE communication protocol. For the detection of gas leaks, an LPG sensor is
used to produce an alert signal. To clean the house using a vacuum cleaner, the Cyborg
robot is moved around the smart home surroundings using the follower technique. The IR
sensor (Infrared Sensor) is used to detect obstacles along the movement path of the robot,
and it produces the buzzer that makes a beeping sound. For reminders about medication
scheduling and important activities, a real-time clock (RTC) is used to set alarms and
produce reminder messages on the LCD screen. Figure 1 shows the overall diagram of the
proposed smart home assistance system for elderly people using KNN-ABC.

Figure 1. Framework of the proposed smart home assistance system for elderly people.

Figure 1 shows the smart home assistance control for elderly people that controls the
electronic appliances, sensor devices, electronic home appliances, control system interfaces,
and cloud-based computing platform modules. The KNN-ABC system module contains
the home environment, control system interface for the user, sensor-based electronic home
appliances, and cloud computing platform. The user can communicate with the home
environment via Wi-Fi using either a mobile-based or web-based application. The home
environment contains sensor devices and communication modules, and can be linked with
electronic home appliances. The received sensor signals and their information are stored in
the cloud storage platform back-end of the KNN-ABC system model.
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3.1.1. Control System Interface

In the KNN-ABC model, the interaction between the user and the home environment at
the front-end takes place in the control system interface via Wi-Fi through the mobile-based
or web-based application. The surveillance camera live stream monitors the surroundings
of the home environment. Using the customized Android application, users can easily
access the smart home surroundings status (e.g., humidity, temperature, ON/OFF status of
electronic home appliances such as fans and lights, presence of intruders). Data generated
by the various sensors are stored in the cloud computing platform for future reference. The
control application of the smart home is uses Android. The live stream of the surveillance
camera can be displayed on a laptop, mobile device, or desktop computer.

3.1.2. Smart Home Environment

The KNN-ABC-based smart home environment comprises three modules: the commu-
nication interface module, electronic home appliances module, and sensor device module.
The sensor devices are incorporated with IoT-based electronic home appliances and linked
together using a microcontroller to provide communication with the smart home’s outer
surrounding environment via the wireless network. The microcontroller uses the ESP8266
module and Wi-Fi with HTTPS/IP and TCP/IP as the communication protocol. In order
to function, the microcontroller requires a power supply and the ESP32 camera module in
an Arduino board. The in-built function of the Wi-Fi chip has an ESP32 camera board with
wireless connectivity. Therefore, ESP8266 and ESP32 are used for communication.

3.1.3. Cloud Computing Platform

This is an intelligent module that sends commands to the system to carry out various
activities on behalf of elderly residents. It comprises a cloud storage system that stores
the signals received from sensor devices for future reference. The smart home assistance
system for elderly people is enhanced using the KNN-ABC algorithm, and is used for
monitoring the surroundings of the smart home environment, detecting gas leaks, monitor-
ing the surveillance camera, automatically turning electronic home appliances on and off,
generating alert signals for medication scheduling, and providing other alert notifications
about any unusual activities that may be occurring inside the smart home environment.
The steps involved in the Smart Home Assistance System for Elderly People using Cyborg
is shown in Figure 2.

3.2. K-Nearest Neighbour Algorithm (KNN)

The smart home environment uses a robot named Cyborg, which is used to assist
elderly people by switching off unnecessary lights, watering plants, gas control, monitoring
for intruders, providing alerts in emergency situations, etc. Sensor signals are collected
from various electronic home appliances

s = {ea1, ea2, ea3, . . . , ean}, (1)

where s represents the sensor signal values and ea1, ea2, ea3, . . . , ean represent the various
electronic home appliances.

The sensor signals of electronic home appliances are used to detect the ON/OFF states
of appliances perform other functions such as intruder detection using the KNN algorithm.
If an intruder is detected, the sensor signal values of electronic home appliances and
coordinate value of the safer place are collected and stored in the system as a dataset. When
the KNN-ABC system model is activated, it analyzes and detects the nearest coordinate
value from the stored is dataset and predicts a safe place for the residents to go. The steps
involved in the implementation of KNN algorithm are provided below:
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Figure 2. Working framework of smart home system for assisting elderly people.
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• KNN-1: Used to train the model of KNN-ABC model using dataset.
• KNN-2: Used to evaluate the distance between the user’s location and the coordinate

position of value in the dataset, as follows:

dist(p1, p2) =

√
n

∑
i=1

(p1i − p1t)
2 + (p2i − p2t)

2 (2)

Here, dist(p1, p2) is the Euclidean distance between the current location and the
targeted location in the dataset.

• KNN-3: Sorts all distances in ascending order to select the nearest point.
• KNN-4: The value of dist(p1, p2) is processed by the ABC algorithm as a control input

for ON/OFF control of electronic home appliances in the smart home system. It can
monitor the sensor signal values using a mobile-based or web-based application.

3.3. Artificial Bee Colony Algorithm for Power Saving in Smart Home System

In the smart home, the environment uses a robot named Cyborg to assist elderly
people by switching off unnecessary lights, watering plants, gas control, monitoring for
intruders, providing alerts during emergency situations, etc. Using the ABC algorithm,
it detects the nearest safe place for residents to move to during an emergency situation.
Similarly, the collected sensor signals from the electronic home appliances are stored in the
dataset. to obtain more accurate and efficient detection of the ON/OFF state, the Artificial
Bee Colony algorithm (ABC) is implemented. The ABC algorithm functions by connecting
a socket system with the camera sensor and reading the sensor signals from the various
electronic home appliances, gas sensor, camera, and PoseNet human positional sensor.
It collects all real time information, including the position of human beings in the smart
home, at regular intervals of time and stores it in the cloud storage platform in a dataset
using the communication module. The locations of human beings can then be retrieved
from cloud storage and compared with the location of electronic appliances to check the
distance between the human being and the electronic appliances. If the human being is
far away from electronic appliances, then the system receives instructions to turn off the
unnecessary smart electronic appliances; otherwise, it can use the information to operate
the smart electronic appliances in safety mode. The ABC procedure is explained below.

• ABC 1: Initialize the population size; M is the initial nectar coordinate value and
maximum number of iterations.

• ABC 2: Search for a new nectar source by selecting bees from the total number of
number of bees N; the bee group size is M, and the spatial dimensionality for bees
searching for new nectar sources is S. From the current nectar source, a bee starts its
searching process within its neighborhood. The newly created nectar source contains:

– ABC 2.1: The spatial dimension space of the current nectar source is split into
regular intervals based on the following formula:

Rh
k,l = Ql

k +
(2h − H)

H
(Ql

k − Ql
n), h ∈ [0, H], (3)

where R denotes the h-th interval of point from division of the current nectar
source, Q denotes k-th current honey source generated in the l-th dimension
space, and Q denotes the n-th current honey source generated in the l-th dimen-
sion space.

– ABC 2.2: In each interval of R, the interval is divided into several sub-intervals Y
based on the formula

Rh,z
k,l = Rh

k,l + sin
(

y − rand(0, 1)
2y

π

)(
Rh

k,l − Rh+1
k,l

)
, y ∈ [1, Y] (4)
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where R denotes the y-th sub-interval of the current nectar source, rand(0, 1)
denotes the random distribution of values between 0 and 1 at a uniform rate, and
R + 1 denotes the R + 1-th interval point produced by division of the next current
nectar source.

– ABC 2.3: For every sub-interval of the current nectar source, its fitness func-
tion is calculated, then the sub-interval point is selected based on the largest
fitness value.

– ABC 2.4: The difference between Q and the fitness value representing the nectar
source is evaluated using the following formula:

Fl
k = min{ f it(Fh

k,l)− f it(Rl
k)}, f it(Fh

k,l)− f it(Rl
k) > 0, h ∈ [1, H] (5)

where Fk denotes the difference between Q and the fitness value of the nectar
source, f it(v) represents the fitness value of thee nectar source in the regular
interval of R, and f it(q) denotes the fitness value of R.

– ABC 2.5: Fi is selected as the nectar source, and it is treated as a new source
of nectar.

• ABC 3: Compute the fitness value for newly created nectar source compared to the
current nectar source.

• ABC 4: Compare the fitness value of the newly created nectar source with the current
nectar source.

• ABC 5: Discard the nectar source with the lower fitness value.
• ABC 6: Based on the probability of the nectar source value, select pickers for following

the bees.
• ABC 7: For the selected pickers, update the nectar source values.
• ABC 8: For the current nectar source value, search the closest nectar source.
• ABC 9: Repeat steps 2–5 and retain the nectar source with the largest fitness value.
• ABC 10: Increment the iteration.
• ABC 11: Stop the search process when it reaches the maximum iteration and choose

the highest fitness value as the coordinate value of the target node in the nectar source.

The ABC algorithm can achieve the an effective search process in terms of locating
the target node; it has good accuracy for determining the position of human beings in a
smart home environment and can provide power savings for electronic home appliances
in the smart home control system. Despite these advantages, it is inefficient in remote
control of smart electronic home appliances. Therefore, the ABC algorithm is modified by
implementing the following steps.

• KNN-ABC 1: Randomly generate the initial nectar source from the values of M based
on the target nectar source of the bees. Based on the target nectar source with the
maximum fitness value, randomly generate the initial nectar source values N using

Ql0
l = Ql0

min + rand(0, 1)(Ql0
max − Ql0

min), (6)

where Ql is the l-th initial honey nectar source generated in the k-th dimension spatial
space, Qmin is the minimum nectar source value of the k-th source of honey, Qmax
represents the k-th source of honey generated in the spatial dimensional space, and
rand(0, 1) generates random numbers between 0 and 1 and is uniformly distributed
in the system.

• KNN-ABC 2: For every nectar source of honey, compute the reverse honey nectar
source using

Ql0′
l = rand(0, 1)(Ql0

max − Ql0
min)− Ql0

l , (7)

where Ql is the the reverse nectar source of honey for the l-th initial generation of
honey in the k-th spatial dimensional space.
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• KNN-ABC 3: Compute the fitness values for all initial nectar sources as well as for
the reverse nectar sources. Based on their fitness values, arrange them in descending
order to generate the nectar source value set. The first N nectar honey sources are
chosen as the target nodes.

• KNN-ABC 4: To improve the quality of the initial nectar honey source by ensuring
an even distribution of nodes in the system, in the smart home environment control
system the position of the target node is based on the terms of its speed and stability.
This allows for more accurate remote control of all smart electronic home appliances.
The fitness value is evaluated using

f it(F) = min
(√(

(a − ql)2 + (b − ql)2 − Dλpi
))

, k = 1, 2, . . . , φ (8)

where f it(F) denotes the fitness value of the nectar honey source F at the position of
the l-th beacon node, D denotes the average hop distance which is sent by the first
beacon node of nectar Q, ql denotes the total number of hops between the l-th beacon
node and the source of honey, and φ is the number of beacon nodes.

Using Equation (8) and the modified artificial bee colony algorithm (ABC) improves
the accuracy of finding the target node while minimizing the error rate, and is able to
provide both effective remote control of smart home electronic appliances and position
monitoring of the electronic home appliances via exact angle measurement.

4. Result and Discussion

The proposed KNN-ABC system was implemented in Python 3.6, and was compared
with Gaussian Naive Bayes (GNB) [36], Artificial Bee Colony algorithm (ABC) [17], and
KNN [37]. Table 2 shows the measures of Precision, Recall and Sensitivity for the dif-
ferent algorithms used in the smart home system. Data were collected from the Kaggle
website [38].

Precision: Precision quantifies the number of true positive predictions provided by a given
technique. It is calculated as follows:

Precision =
TP

TP + FP
× 100. (9)

Recall: The percentage of correctly classified true positive predictions is evaluated by
calculating the recall, as follows:

Recall =
TP

TP + FN
. (10)

F1-Score: The F1-Score is a measure of accuracy based on precision and recall values. It is
calculated as follows:

F1-Score =
2 × Precision × Recall

Precision + Recall
. (11)

Specificity: Specificity is used to measure the proportion of actual negative cases that a
technique rightly predicts. Specificity is calculated as follows:

Specificity =
TN

TN + FP
× 100. (12)

Accuracy:

Accuracy =
TP + TN

TP + TN + FP + FN
× 100. (13)
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MSE: The mean squared error (MSE) calculates the average of the squares of the differences
between the predicted values and actual values.

MSE =
1
n

n

∑
i=1

(ypi − yai)
2. (14)

MAE: The mean absolute error (MAE) calculates the average of the squares of the differences
between the predicted values and actual values.

MAE =
1
n

n

∑
i=1

∣∣ypi − yai
∣∣. (15)

Table 2. Metrics of Precision and Recall in Smart Home System.

Algorithm Precision Recall Sensitivity

GNB 65.16% 55.35% 68.76%

ABC 72.11% 67.65% 70.37%

KNN 66.78% 68.46% 71.11%

KNN-ABC 88.32% 78.54% 83.65%

Table 2 shows a performance comparison between the proposed KNN-ABC technique
and existing algorithms. Here, GNB using Smart Home assistance for elderly people
using the Cyborg robot reached a sensitivity of 68.76%, precision of 65.16%, and recall
of 55.35%, the Artificial Bee Colony algorithm (ABC) for power saving in smart home
electronic appliances reached a sensitivity of 70.37%, precision of 72.11%, and recall of
67.65%, and the KNN technique for detecting the a nearest safer place in an emergency
situation reached a sensitivity of 71.11%, precision of 66.78%, and recall of 68.46%. The
proposed KNN-ABC technique for detecting intruders, finding the nearest safe place in an
emergency, and saving power on smart home electronic appliances attained a sensitivity of
83.65%, a precision of 88.32%, and a recall of 78.54%. Figure 3 shows the F1 scores of the
different algorithms tested for smart home assistance for elderly people using the Cyborg
system. The F1 score is the weighted harmonic mean of the precision and recall, with 0.0
being the worst and 1.0 being the best.

Figure 3. F1-Score.
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Figure 3 shows the F1 scores of the techniques used in the comparative analysis. Our
proposed work produced the best result at 0.91, while the GNB algorithm produced the
worst result at 0.61. The error rate of the smart home assistance system with the different
algorithms is shown in Table 3.

Table 3. Error rates.

Algorithm MAE MSE

GNB 0.295 0.088

ABC 0.321 0.379

KNN 0.273 0.218

KNN-ABC 0.154 0.056

From Table 3, it can be seen that our proposed KNN-ABC approach had the lowest
error rate and produced better outcomes than the other algorithms. Figure 4 shows the
correlation matrix for predicting intruders in the smart home environment.

Figure 4. Confusion matrix.

In Figure 4, the diagonal values are not meaningful as they are self-correlated, i.e.,
with the variable itself. The values shown to the left and right of diagonal are considered
mirror images of each other. The highly correlated variables are shown as darker boxes.
Here, standing activities of intruders are highly correlated with one another. Therefore,
detection of intruder with activity is predicted as sitting on the bed. Figure 5 shows the
accuracy rate of the different tested techniques.

From Figure 5 shows the accuracy rates of the different techniques in the smart home
environment system: for detection of intruders, GNB reached 88.12%; for power saving,
Artificial Bee Colony algorithm (ABC) reached 90.12%; for determining the safest place
to go in an emergency situation, the KNN technique reached an accuracy rate of 91.45%;
finally, our proposed KNN-ABC approach reached 93.72%. Figure 6 shows the computation
times for the various techniques tested in the smart home system.

Figure 6, shows that of the various techniques, our proposed KNN-ABC approach
requires the lowest computation time.

Limitations and Future Work: This work considers a new hybrid approach, i.e., KNN-
ABC, which combines the virtues of the KNN and ABC methods to improve on these
methods as well as on the GNN method in terms of recall rate, precision, accuracy, F1 score,
and computational complexity. However, the performance evaluation in this paper was
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restricted to smart home environment applications, and warrants further investigation to
determine its improvement over other machine learning methods. Such an investigation
and comparison that considers more advanced machine learning classifiers and data from
other applications is recommended as a future extension of this work.

Figure 5. Accuracy rates.

Figure 6. Computation times.

5. Conclusions

This paper proposes the implementation of a smart home environment control system
through various sensor modules, control modules, and a human intervention robot named
Cyborg; the system is used for control of the automatic ON/OFF state of various electronic
appliances, detection of intruders in the smart home, and sending various alert notifications
to the user. This system is intended to assist elderly people in an effective and efficient way
with a fast response time. The accuracy rate of the various techniques was tested; GNB
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for the detection of intruders in the smart home environment system using the human-
intervention robot named Cyborg reached 88.12%, the Artificial Bee Colony algorithm
(ABC) for power saving in smart home electronic appliances reached 90.12%, the KNN
technique for predicting safe locations in an emergency situation reached an accuracy rate
of 91.45%, and our proposed KNN-ABC algorithm reached 93.72%. In the future, this
work could be extended by providing the Cyborg robot system with more security features,
including biometric concepts such as facial recognition and fingerprint identification. In
summary, the proposed KNN-ABC algorithm shows better accuracy, precision, and recall
rate than the GNB, KNN, and ABC algorithms. Better performance means more accurate
prediction of activities and can lead to user satisfaction, a greater sense of security and
safety, and improved quality of life.
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Abstract: Today, climate change combined with the energy crisis is accelerating the worldwide
adoption of renewable energies through incentive policies. However, due to their intermittent and
unpredictable behavior, renewable energy sources need EMS (energy management systems) as well
as storage infrastructure. In addition, their complexity requires the implementation of software and
hardware means for data acquisition and optimization. The technologies used in these systems are
constantly evolving but their current maturity level already makes it possible to design innovative
approaches and tools for the operation of renewable energy systems. This work focuses on the
use of Internet of Things (IoT) and Digital Twin (DT) technologies for standalone photovoltaic
systems. Based on Energetic Macroscopic Representation (EMR) formalism and the Digital Twin
(DT) paradigm, we propose a framework to improve energy management in real time. In this
article, the digital twin is defined as the combination of the physical system and its digital model,
communicating data bi-directionally. Additionally, the digital replica and IoT devices are coupled via
MATLAB Simulink as a unified software environment. Experimental tests are carried out to validate
the efficiency of the digital twin developed for an autonomous photovoltaic system demonstrator.

Keywords: digital twin; internet of things; real-time monitoring; rule-based control; battery;
standalone photovoltaic system

1. Introduction

Renewable energy systems, such as solar panels and wind turbines generate power
from natural resources that are available intermittently. Since they produce variable power,
their effective dissemination can be accelerated by better control and monitoring. Tradition-
ally, data acquisition systems (DAQs), usually centralized, are used for collecting all system
data [1]. However, the cost of commercial DAQs is the most significant barrier for greater
diffusion. IoT (Internet of things) based smart meters have recently gained substantial
popularity for control and measurement data. Indeed, their ability to communicate data
over networks offers a wide range of applications. Therefore, IoT devices can potentially
be useful for real-time energy management. Accordingly, energy production efficiency
and reliability can be significantly improved ([2–4]). This can help reduce dependence on
traditional fossil fuel-based energy sources and promote renewable energy.

However, implementing IoT in renewable energy systems faces several challenges
due to the variety of protocols and devices available in the market [5]. This can make
it difficult to integrate IoT devices while ensuring their compatibility with the existing
infrastructure [6].

On the other hand, defined as the combination of the physical system and its digital
model, the Digital Twin (DT) paradigm can be used to predict energy production and con-
sumption. It also enables predictive maintenance [7]. Therefore, it is crucial to implement

Sensors 2023, 23, 5646. https://doi.org/10.3390/s23125646 https://www.mdpi.com/journal/sensors
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techniques that provide a wide range of operational data about the actual system [8]. IoT
technology can be associated with DT thanks to their ability of actuation and sensing.

In this work, our objective is to build a DT of a standalone PV system to deal with
real-time energy management challenges. Figure 1 depicts the diagram of the digital twin
as developed in this work:

- Physical system: made up of two PV panels, batteries, DC loads, a solar emulator, and
a weather station.

- Smart sensors and actuators: including devices required for control and monitor-
ing purposes.

- Digital counterpart implemented in MATLAB: including mainly EMR-based model,
Real-Time monitoring, and control systems.

 

Figure 1. Diagram of the digital twin of the standalone PV system.

To experimentally validate the proposed framework, we have developed a lab demon-
strator according to IoT-based architecture for embedded and distributed instrumentation.
Furthermore, to cope with the devices’ heterogeneity, we use MATLAB Simulink. Indeed,
this is a comprehensive software environment that can communicate with sensors and
Programmable Logic Controllers through client/server applications.

This document is structured as follows. First, we present a review of the literature
related to our work. In the second part, we detail our test bench which constitutes the
physical part of the proposed Digital Twin. In the third part, we present an approach
based on the Energetic Macroscopic Representation (EMR) formalism as a numerical
counterpart of our system. Finally, the experimental validation of the resulting digital twin
will be discussed.

2. Literature Review

Several studies have considered photovoltaic systems monitoring. In [9], the authors
used the IoT and MQTT (MQTT: Message Queuing Telemetry Transport) in web-based
monitoring. They implemented this approach to monitor the performance of the solar
panels and the battery system, as well as the energy consumption of a living laboratory.
Similar work is reported in [10]. When compared to other protocols, MQTT has a small
footprint, making it much more suitable for resource-constrained environments. Despite
several benefits, it is important to note that MQTT brokers do not provide the same level
of entity authentication or encryption capabilities [11]. Moreover, IoT devices are often
not interoperable, and it is difficult to integrate external sources of information and cloud
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computing to use energy more efficiently. Indeed, it requires the design and implementation
of hierarchical architectures and standardized solutions to facilitate interoperability. Till
today, no standard solution is established yet [12]. However, most providers share IoT
middlewares, which has fostered the emergence of cross-domain applications.

In [13], the authors developed a Smart Home monitoring system using Power Line
Communication (PLC) which has the advantage of not needing additional communication
cables [14]. This article also demonstrates the potential of using PLCs to monitor individual
photovoltaic panels.

Moreover, the review work [1] provides an overview on the importance of monitoring
systems for photovoltaic plants (electrical and meteorological data). The article reviews
different types of monitoring systems that are currently available for PV plants, including
hardware and software aspects. The authors discuss the advantages and disadvantages of
each type of system and provide examples of commonly used components.

There exist several commercial software for monitoring and simulation of PV systems
such as LabVIEW ([15–18]) and MATLAB Simulink ([19,20]).

Furthermore, studies in [20–24], present an energy management system by using
Programmable Logic Controller. Compared to other hardware control systems, PLCs
have specific advantages as ruggedness, noise immunity, modularity, low cost, and small
footprints [25].

We also reviewed several papers dealing with Digital Twins. This concept is partic-
ularly popular in the context of industry 4.0, where it is mainly implemented for man-
ufacturing systems [26]. Nowadays, there is a significant trend to apply this concept to
the electrical energy field [27]. That said, there are few concrete applications. Moreover,
as there are several misconceptions about digital twin definition [28], it is important to
distinguish the digital twin, the digital model, and the digital shadow. In fact, the digital
model is defined as a digital copy of a physical system without any data exchange and
is generally used for simulation and design purposes. Likewise, the Digital Shadow is a
combination of a physical system and its digital model with a one-way data exchange.

Although some authors claim to use the concept of the Digital Twin as just defined
above, most of the articles deal with the “digital model” or “digital shadow”. For instance,
authors in [27] study the digital twin possibilities for fault diagnosis purpose of PV system.
However, they use a digital shadow instead of digital twin. We find the same confusion in
the articles [29–33].

Relatively to our contribution, Table 1 summarizes the state of art of the current
literature dealing with digital twin applications.

In this work, we propose a Digital Twin of a complete photovoltaic system using
MATLAB software as a unified environment. This framework is suitable to address the
following topics:

- Real-time access to multi-protocol data for monitoring purposes.
- Modelling, simulation, and real-time control of PV systems
- Implementing of innovative energy management systems
- Reporting

In other words, this experimental platform can be used to compare simulation results
and monitored data in real time. Indeed, it could be used to develop new approaches for
fault detection and prediction issues. This integrated environment allows on the one hand
to have a large panel of toolboxes (modelling, code generation, machine learning, advanced
control, cloud computing . . . ). Therefore, it could be easily used for advanced control and
optimization purposes.
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Table 1. Literature review related to IoT and DT usage for energy management.

Reference
IoT

Capability
Multi-

Protocols
Energy

Management
Monitoring

Digital
Model

Digital
Shadow

Digital Twin

[34] � � � � � � �

[29] � - � � � � �

[35] � � � � � � �

[9] � � � � � � �

[36] � � � � � � �

[37] � � � � � � �

[16] � � � � � � �

[30] � - � � � � �

[38] � � � � � � �

[39] � - � � � � �

[10] � - � � - - �

Proposed �
Unified

environment � � � � �

3. Materials and Methods

The concept of the digital twin, object of this work, is implemented on a test rig.
In this section we describe the structure of the demonstrator, its instrumentation and
control system.

3.1. PV System Description

The stand-alone system is composed of the following elements (Figure 2):

• Solar emulator as artificial light source,
• 2 × 215 Wp photovoltaic panels (SunPower Co., San José, CA, USA),
• 28 Ah batteries as storage system (Victron Energy B.V., Almere, The Netherlands),
• DC loads.
• Power converters (Victron Energy B.V., Almere, The Netherlands).

Figure 2. PV system demonstrator.
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3.2. Sensors and Data Aquisition

Developing a digital twin for renewable energy systems requires constant data collec-
tion and monitoring [40]. Therefore, it is necessary to implement techniques that provide a
wide range of data:

- Weather data (temperature, irradiance, wind speed . . . );
- Real time electrical data (energy, currents, voltages, batteries’ state of charge . . . ).

The experimental platform is equipped with sensors of various technologies that do
not use the same communication protocol. To transmit measurement data to a unified
software environment, we have developed a hardware and software architecture based on
the following components:

- An IoT architecture combining smart sensors for electrical data [41] and a weather sta-
tion. As IoT, these devices use heterogeneous communication protocols [42], including
Modbus TCP/IP, HTTP, and PROFINET;

- MATLAB Simulink, as an integrated environment concentrating all the operational
data of the system, constitutes the core of the digital twin.

Figure 3 depicts the demonstrator overview and its control system architecture.

Figure 3. Control system architecture of the PV plant.

3.3. Control System

At first level, the embedded control system is based on a S7-1200 PLC which controls
solar emulator and relays. This allows experimental tests to be carried out according to
real-time weather data or with historical data.

At the second level, the overall control of the PV system is performed within MATLAB
Simulink programs using the embedded PLC as a slave. Data communication is carried
out using OPC-UA and Industrial Communication Toolbox™.

Figure 4 describes the unified architecture proposed in this work.
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Figure 4. Digital Twin architecture overview.

4. PV System Modeling

This section details our approach to modeling the PV system. The aim is to develop
the digital replica counterpart of the Digital Twin.

4.1. Solar Panels

A photovoltaic (PV) power system consists of two solar panels (SPR-215-WHT). PV
parameters of each panel are given in Table 2.

Table 2. Parameters of the SPR-215-WHT solar panel at STC form datasheet.

Parameter Value

Maximum power Pmax 215 Wp
Voltage at maximum power point Vmp 39.8 V
Current at maximum power point Imp 5.40 A

Open circuit voltage Voc 48.3 V
Short Circuit Current Isc 5.80 A

Voltage temperature coefficient βoc −136.8 mV/◦C
Current temperature coefficient αsc 3.5 mA/◦C

Number of cells per module ns 72

PV panel is composed of several cells. Each PV cell is made up of semiconductor
materials which can convert solar irradiance into electrical energy. Based on the electronics
theory of semiconductor p-n junction, it can be described by a current source. The studied
panel model in this work is represented by an equivalent circuit. It consists of a single
diode for the cell polarization function and two resistors (series and shunt) for the losses
(Figure 5). The equivalent circuit is composed of an ideal current source Iph in parallel,
reverse diode, series resistance Rs and parallel resistance Rsh.
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(a) (b) 

Figure 5. Equivalent circuit model. (a) PV cell; (b) PV panel composed of ns cells in series.

The Ipv = f
(
Vpv

)
characteristic of this model is given by the following equation:

Ipv = Iph − ID −
(

Vpv + Rs Ipv

Rsh

)
(1)

where:

- Ipv is the current generated by solar panel;
- Iph is the photocurrent, which is linearly proportional to irradiance and depends on

the temperature as shown in the following equation:

Iph = (I phn + αscΔT)
G
Gn

� where ΔT = T − Tn (Tn = 25◦C), G is the incident of irradiation on the solar
panel, and Gn (1000 W/m2) at standard conditions (STC);

- ID is the diode current:

ID = I0[exp
(

qVpv

AKT

)
− 1] (2)

� where: I0 is the PV cell reverse saturation current that mainly depends on the
temperature, q is the electronic charge of an electron (1.6 × 1019 C), T is the
temperature of the PV cell, k is Boltzmann’s constant (1.38 × 1023 J/K), and A
is the diode ideality factor.

A PV panel is made up of numerous identical PV cells connected in series to provide a
higher voltage. A PV module composed of ns identical cells in series can also be represented
by the equivalent circuit shown Figure 4a but the circuit needs to be modified [43] as follows
(Figure 5b):

Rs_ns = nsRs, Rsh_ns = nsRsh, Ans = nsn, I0_ns = I0, Iph_ns = Iph (3)

The solar panel datasheet does not include some important parameters, such as Rs
and Rsh. To obtain them, we used the PV array tool of Matlab by setting the PV parameters
of the studied solar panel. Table 3 shows the extracted parameters.

Table 3. Parameters of the SPR-215-WHT solar panel at STC form datasheet.

Parameters Values

Rs_ns 0.72262 Ω
Rsh_ns 198.7727 Ω

I0 3.8896 × 10−15A
Ans 0.74816
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The mathematical model of the studied solar panel is then implemented under MAT-
LAB Simulink and the results are compared to datasheet data as shown in Figure 6.
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Figure 6. Actual data vs. data computed by the model: (a) I-V characteristics from datasheet;
(b) actual I-V characteristics vs. computed I-V characteristics; (c) actual P-V characteristics vs.
computed P-V characteristics.

The dotted curves in Figure 5 represent data from the datasheet and the continuous
ones come from the mathematical model. These results show a good correlation between
the model and the solar panel manufacturer’s data.

To assess the model’s effectiveness, we conducted indoor tests of the PV panel. The
PV panel was illuminated using an artificial light source, while its output was connected to
a rheostat. To obtain the I-V curves, measuring instruments were integrated, as depicted in
Figure 7a.
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Figure 7. Experimental test and comparison of I-V curves: (a) experimental components of the tested
PV panel; (b) comparison between real test and the mathematical model.
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Figure 7b shows the simulation and experimental results, confirming the accuracy of
the implemented mathematical model.

4.2. Batteries Bank

Due to the inherent variability of PV power, the battery plays a crucial role in stand-
alone PV systems. In this system, two 12 V AGM batteries are installed and connected
in a series configuration. The utilization of AGM batteries provides additional benefits,
as they facilitate recombination and effectively mitigate gas emissions during overcharge.
Consequently, the demand for room ventilation is reduced, and the batteries do not emit
any acid fumes during normal discharge operations [44].

The battery model in Figure 8 considers a constant internal resistance. This resis-
tance is connected in series with the internal voltage source which depends on various
parameters [45].

Figure 8. Nonlinear Battery model.

The terminal voltage of the battery is given by:

Vbat = E − RIbat(t) (4)

where:

• R: is the internal resistance;
• Ibat: is the battery current.

The controlled voltage source E is described by the following equation:

E = E0 − K
Q

Q − ∫
Ibat(t)dt

+ Aexp(−B
∫

Ibat(t)dt) (5)

where:

• E0 : Fully charged voltage;
• K: polarization voltage (V);
• Q : battery capacity (Ah);
• A: exponential zone amplitude (V);
• B: exponential zone time constant inverse (Ah).

The parameters of this equivalent circuit can be identified by considering the discharge
characteristics with a nominal current.

We use a lead-acid battery, which features a nominal voltage of 12 volts (E0), a capacity
of 14 Ah (Q), a rated current of 0.7 A, and an internal resistance of 14 mΩ (Table 4).

Table 4. Parameters of an AGM battery from datasheet.

Capacity Nominal Voltage Internal Resistance Weight

14 Ah/0.7 A 12 V 14 mΩ 4.05 kg
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The model parameters (K = 0.12, A = 0.66, B = 7) are obtained through graphical
estimation based on the rated current discharge characteristic curve. The simulation results
are depicted in Figure 9. The Q-V discharge curve is composed of three sections. The
first section represents the exponential voltage drop if the battery is initially fully charged.
The second phase represents the charge that can be extracted from the battery until the
voltage drops below the battery nominal voltage. Finally, the third section represents the
total discharge of the battery, when the voltage drops quickly. The width of these sections
depends on the battery type.

 
(a) (b) 

Figure 9. (a) Discharge curve (Q-V); (b) Discharge curve (Hours-V).

To estimate the state of charge of the battery (SoC), the well-known Coulomb counting
method is used due to its simplicity. It relies on measuring the current and the estimation
of the initial state of charge of the battery.

SoC(t) = SoC0 − 1
Cnom

∫ t

t0

ibatt(t)dt ∗ 100 (6)

4.3. Power Electronics

Figure 10 illustrates the simplified PV system architecture, comprising a solar panel,
a battery for energy backup, and power converters (MPPT regulator) that connect these
components to the DC load.

Figure 10. Simplified PV system architecture.
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We determined the converter topology based on the current state of the art since it
was not specified by the manufacturer. Photovoltaic energy harvesting relies primarily
on irradiance and solar panel temperature, resulting in variable PV voltage. Therefore,
implementing Maximum Power Point Tracking (MPPT) is essential to maximize power
extraction regardless of weather conditions. A DC-DC converter is used to enable voltage
adjustment from the photovoltaic panels to match the battery voltage. This converter
performs step-up and step-down functions by controlling the input-to-output voltage
ratio through the variation of the converter switching device’s on-off duty cycle. Another
converter is required to supply and regulate the voltage for the DC load. In the literature,
this configuration is commonly referred to as a two-stage DC-DC converter (Figure 11), as
reported in [46].

Figure 11. Topology of stand-alone hybrid PV system.

4.4. EMR Representation of the Digital Replica

In the proposed system, the battery imposes a constant voltage, and the PVs relates to
the battery through the buck converter. It enables effective Maximum Power Point Tracking
(MPPT) control for the PV panels. Moreover, RC (Rcpv, Cpv) and RL (Rlpv, Lpv) filters are
inserted between the PV and the buck converter to reduce voltage and current ripple. Finally,
the battery is connected with the DC Load via a chopper and a RL (Rldc, Ldc) filter.

EMR (Energetic Macroscopic Representation) is a graphical formalism for organizing
models and control of subsystems within a complete system [47]. The advantage of the
EMR formalism lies in its ability to provide a comprehensive and systematic approach for
modeling and analyzing complex energy systems. Firstly, each component is translated
into EMR elements, and their inputs and outputs are defined according to the causality
principle (action/reaction). Moreover, the system is decomposed into basic subsystems
with interactions using colored pictograms (orange and green). Furthermore, the control
blocks are depicted as blue parallelograms. Table 5 depicts the main EMR elements.

Table 5. Some elements of EMR and of control pictograms [48].

Pictrograms Pictograms Significance

Source of energy

Element with energy accumulation

 
Coupling devices for energy distribution
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Table 5. Cont.

Pictrograms Pictograms Significance

Control bloc without energy accumulation

Control block with controller

Strategy block

Based on the information on all parts of the demonstrator and hypothesis, the EMR
(Energetic Macroscopic Representation) of the studied system is designed. The modeling
methodology and the EMR organization method are provided in [49]. In Figure 12, the
entire EMR organization of the Digital model is depicted.

 

Figure 12. EMR of the studied hybrid system.

The control chains are deduced using inversion control theory [50] where the control
structure of a system is considered as an inverse model of the system (Figure 13).

Figure 13. Inversion-based control principle.

The tuning paths (yellow lines in Figure 14) are defined according to the follow-
ing objectives:

1. Extract the maximum of the solar power by acting on chopper 1 to find the optimal
solar panels voltage;

2. Satisfy the DC load demand by acting on chopper 2.

The control scheme of the hybrid system is obtained by inverting the EMR element by
element according to the tuning chains (see lower part of Figure 14).

Conversion elements are inverted directly as they have no time-dependence behavior.
The accumulation elements (rectangle with forward slash) cannot be inverted physically to
avoid derivation. Thus, an indirect inversion is made by using IP controller. Table 6 shows
three examples of direct and indirect inversion.

152



Sensors 2023, 23, 5646

Figure 14. EMR and deduced control of the studied hybrid system.

Table 6. Direct and indirect inversion of EMR blocks.

System Equations Block Diagrams
EMR and Based Inversed

Based Control

Chopper1
mbc1 =

Vbat_meas
Vbc1_ref

mbc1 =
ILpv
Ibc1

RL filter H(s) =
( 1

Rldc
)

1+
Ldc
Rldc

s

RC filter H(s) = Rcpv
1+RcpvCpvs

The MPPT (Maximum Power Point Tracking) algorithm is widely used in PV systems.
In this study, the Perturb and Observe (P&O) method is implemented. As shown in
Figure 15a, the power curves versus the PV panels output voltage present maximum power
points (empty circles). A Perturb and Observe Maximum Power Point Tracking strategy [51]
is implemented to define the reference voltage imposed on PV panels to obtain the maximal
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PV power whatever the irradiance and temperature are (Figure 15b). The P&O algorithm
begins by sensing PV voltage and current voltage. The value of the current power (V(k) X
I(k)) is then compared to the previous power measurements. If the difference between the
two measurements is equal to zero, then the value of the voltage is used as a reference to
control the PV voltage thanks to the chopper. If the value of the difference is not equal to
zero and if an increase in PV voltage generates an increase in power, this means that there
is a convergence to MPP (Maximum Power Point). However, if the power decreases, the
PV voltage reference must be reduced to converge to the MPP. The developed algorithm is
implemented by the MPPT strategy block (dark blue block) as shown in Figure 15a.

  
(a) (b) 

Figure 15. (a) PV Power versus solar panel voltage for different irradiance (T = 25◦) (b) Flowchart of
perturb and observe algorithm.

The following figure (Figure 16) presents the implemented digital model under MAT-
LAB Simulink thanks to a Simulink library containing the EMR basic pictograms.

Figure 16. MATLAB Simulink model of the studied hybrid system and its control.

To evaluate the effectiveness of the developed digital model, simulations have been
carried out with real-time solar irradiance and temperature data (Figure 17a) for a typical
day (30 June 2022). The digital model can be run and connected to real time weather
conditions thanks to Simulink Desktop Real Time. This latter provides a real-time kernel
for executing Simulink models on a laptop or desktop running Windows or Mac OS X.
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(a) (b) 

Figure 17. (a) Monitored irradiance and temperature profiles; (b) PV, battery, and load power curves.

Figure 17b shows simulation results of Ppv, Pbat, PDCl . PV panels cannot provide
enough energy to feed the DC load (Ppv < PDCl = 10 W) before the time 0.1 s, 6:30 a.m.
Thus, the battery provides the DC load during this period. After 6:30 a.m., the photovoltaic
panels begin to produce electricity and the battery provides the difference to satisfy the
battery. When PV power exceeds the load demand, the battery is charging.

Figure 18a shows simulation results for Ipv, Ibat, IDCl while Figure 18b shows the state
of charge of the battery. The battery is discharging when PV panels output is insufficient,
and it is charging when PV power is higher than DC load demand.

 
(a) (b) 

Figure 18. (a) PV, Battery, and DC load currents; (b) Battery state of charge.

5. Experimental Results and Discussion

Real-time measurements were carried out to show the effectiveness of the proposed
unified framework, where the three electromagnetic relays are activated. These measure-
ments are subsequently compared in real time with the digital model data, as outlined in
Figure 1.

The applied solar irradiance is presented in Figure 19. From the figure, we can see
that the artificial source causes a slight delay and behaves like a first-order system with
non-linear behavior depending on the increase or decrease in light. This is due to the
light dimmer.
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Figure 19. Applied solar irradiance (artificial light source).

Figure 20 represents the measured PV current and the PV numerical model, highlight-
ing a slight deviation observed in the illumination levels around 300 W/m2. This difference
is due to both the approximation of the mathematical model and the non-uniform illumina-
tion of the PV panels. Furthermore, it should be noted that the maximum relative error is
approximately 6%, and the maximum absolute error is around 0.1, which is considered low.

Figure 20. Digital model PV current vs measured PV current.

In Figure 21, the measured and digital model load currents are depicted. The tests
were initiated by activating a single lamp and subsequently both lamps. This led to an
increase in the DC current from 0.23 A to 0.46 A.
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Figure 21. Digital model vs measured load currents.

Measured and digital model battery currents are depicted in Figure 22. A positive
current refers to a battery discharge, while a negative current refers to the charging phase.

Figure 22. Digital model battery current vs measured battery current.

Figure 23 represents PV power, battery power and DC load power, respectively. From 0
to 50 s, the demanded power is higher than the PV power. The battery is then in discharging
mode. However, when the PV power is higher than the demanded DC power, the battery
is charging. The comparison between real data and the digital model data shows a good
correlation between them. Indeed, the maximum relative deviations between the real and
digital model data are 8% for PV power, 12% for battery power, and 2% for load power.
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Figure 23. Digital model data vs measured PV, battery, and load power.

To establish a feedback loop between the virtual and real word of the digital twin, we
implement an energy management algorithm in MATLAB Simulink. The rule-based energy
management algorithm sends control signals to the PLC (s7 1200). The advantage of using
a rule-based control approach is its ease of implementation in real-time [52]. The flowchart
of the energy management algorithm is illustrated in Figure 24. It receives measurement
data as inputs and generates relay control signals as outputs, which are subsequently
transmitted to the PLC.

 

Figure 24. Rule-based algorithm flowchart.

The energy management system generates five different modes. They are described in
Table 7.
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Table 7. Different modes of the energy management system.

Modes Load Chopper 1 Chopper 2 Battery

Mode I: When the battery SOC reaches 96%, which indicates a nearly
full charge, the system is operating in float mode. At this point, the PV
power output is greater than the load demand. Therefore, the battery
should not continue to charge, and the Victron regulator automatically
switches to a lower charge voltage mode called float mode to maintain
the battery charge level and prevent overcharging.

ON FLOAT ON Float

Mode II: This mode is activated when the battery’s SOC is within the
normal range of 40 to 96 % and the power generated by the PV panels is
lower than the load demand. In such a scenario, the PV panels alone are
unable to meet the load requirement, and hence the battery is used to
supplement the power supply. The battery operates in the discharge
mode, while the PV converter operates in the MPPT mode, and the load
remains connected.

ON MPPT ON Discharge

Mode III: This mode is activated when the battery’s SOC is within the
normal range of 40 to 90 percent and the power generated by the PV
panels is higher than the load demand. In such a scenario, the load is
powered solely by the PV panels, and any surplus power is utilized to
charge the battery. The battery operates in the charging mode, while the
PV converter remains in the MPPT mode.

ON MPPT ON Charge

Mode VI: This mode is activated when the battery’s SOC drops below
40%, and the power generated by the PV panels is higher than the
minimum power required, which is a fixed small value. In such a
scenario, the load demand exceeds the PV power output, and the fully
discharged battery cannot supplement the power supply. However, the
PV panels can still generate power, which can be used to charge the
battery after the load is disconnected. In this mode, the PV converter
operates in the MPPT mode, and the battery is charging, while the load
remains disconnected.

OFF MPPT OFF Charge

Mode V: This mode occurs when irradiance is very low or non-existent.
In this case, the system goes into complete off mode until solar
radiation starts again. The battery charges during the day and is ready
to supply the load in case of absence of solar radiation.

OFF OFF OFF OFF

To assess the effectiveness of the energy management system, the initial load is set
to 112 W. Figure 25 displays the recorded external solar irradiance for a one-hour period
on a cloudy day. Subsequently, these data are transmitted to the dimmer, enabling the
generation of adjustable artificial lighting.

Figure 25. Measured irradiance.
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Initially, the total power required by the load is provided by both the battery and solar
power sources, as the PV alone cannot fully support the load (Figure 26). During the period
from 0 to 757 s, the system operates in mode II.

 
Figure 26. Measured PV, battery, and load power.

Between 757 s and 876 s, as well as from 932 s to 1317 s, the solar irradiance remains
below 50 W/m2, leading the system to switch to mode V (system OFF). From 1317 s to
3508 s, the system once again operates in mode II. During the period from 3508 s to 3600 s,
the load demand gradually decreases from 111 W to 60 W, causing the battery to generate
less power to meet the load requirements.

Figure 27a shows the battery voltage waveform, while Figure 27b displays the battery
State of Charge. The battery primarily operates in discharging mode, except during periods
when the system is not in operation (mode I).

 
(a) (b) 

Figure 27. (a) Battery voltage; (b) Battery state of charge.

6. Conclusions

In this work, we discussed the challenges of implementing IoT in renewable energy
systems and the potential of digital twins for predicting energy production and consump-
tion. We proposed a framework that combines the use of Internet of Things (IoT) and
Digital Twin (DT) technologies for standalone photovoltaic systems. The digital twin is
defined as the combination of the physical system and its digital model, allowing for
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bidirectional data communication. Furthermore, we designed a digital model of the PV
system by using Energetic Macroscopic Representation formalism. Experiments performed
in real time and their analysis demonstrate the effectiveness of the proposed framework.
As future work, we plan to use this platform to explore machine learning’s potential to
enhance energy management of PV systems.
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Abstract: IoT-based smart e-waste management is an emerging field that combines technology and
environmental sustainability. E-waste is a growing problem worldwide, as discarded electronics
can have negative impacts on the environment and public health. In this paper, we have proposed
a smart e-waste management system. This system uses IoT devices and sensors to monitor and
manage the collection, sorting, and disposal of e-waste. The IoT devices in this system are typically
embedded with sensors that can detect and monitor the amount of e-waste in a given area. These
sensors can provide real-time data on e-waste, which can then be used to optimize collection and
disposal processes. E-waste is like an asset to us in most cases; as it is recyclable, using it in an efficient
manner would be a perk. By employing machine learning to distinguish e-waste, we can contribute
to separating metallic and plastic components, the utilization of pyrolysis to transform plastic waste
into bio-fuel, coupled with the generation of bio-char as a by-product, and the repurposing of
metallic portions for the development of solar batteries. We can optimize its use and also minimize
its environmental impact; it presents a promising avenue for sustainable waste management and
resource recovery. Our proposed system also uses cloud-based platforms to help analyze patterns
and trends in the data. The Autoregressive Integrated Moving Average, a statistical method used in
the cloud, can provide insights into future garbage levels, which can be useful for optimizing waste
collection schedules and improving the overall process.

Keywords: IoT; cloud; e-waste; pyrolysis; Generative Adversarial Networks; bio-fuel; recycling

1. Introduction

E-waste refers to repudiated electronic devices, such as computers, mobile phones
and other electronic equipment, that are at the verge of their efficacious use. Owing to the
unrelenting momentum of technological innovation, a growing multitude of individuals
are procuring electronic devices with regularity; thus, this begets roughly 54 to 60 million
metric tons of e-waste every year, averaging some 7 kg of e-waste per capita. Pursuant to
the Global E-waste Statistics Partnership, this is expected to increase to 74.7 Mt by 2030.
By 2025, it is estimated that Asia will generate the highest volume of e-waste, at 24.4 million
metric tons, followed by the Americas (13.4 million metric tons) and Europe (12.8 million
metric tons). Scarcely around 15 percent of global e-waste was collected and recycled in
2014, with the remaining 85 percent being discarded in landfills or incinerated [1].

This situation gives rise to a profound disquietude and engenders a palpable sense
of apprehension. It is incumbent upon us to take substantive action. The deleterious
effects of electronic waste on the environment are manifold and unequivocal. It has been
empirically demonstrated that the materials utilized in the construction of these devices,
when containing high concentrations of lead and mercury, are capable of perniciously
poisoning the surrounding soil in landfills. Once discarded, the components of e-waste
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become veritable toxins for the ecosystem, gradually seeping into the earth and causing
damage to the atmosphere [2]. This process releases noxious chemicals into the air, thereby
exacerbating air pollution. Furthermore, as these toxic materials are carried by rainwater
or groundwater, they can affect both terrestrial and aquatic wildlife, rendering e-waste an
omnipresent threat to environmental health. The identification and separation of e-waste
from municipal solid waste (MSW) is a challenging task that requires significant resources.
Moreover, the recycling of e-waste involves substantial costs and requires specialized
techniques for sorting and processing [3]. Our study focuses on the separation and sorting
of e-waste using machine learning and the recycling of plastic using pyrolysis, as well as
the potential uses for the resulting bio-char by-product, and using metals to produce solar
batteries. E-waste metals can be converted to solar batteries

for achieving sustainable and renewable energy sources, and we propose the use of
time series data [4] for the continuous monitoring of the garbage level in the cloud, em-
ploying the Auto-regressive Integrated Moving Average (ARIMA) to forecast and analyze
the life cycle [5].

Our system for collecting and sorting waste employs a combination of machine learn-
ing, cloud computing, and IoT technology, which streamlines the waste-to-asset process and
centralizes it under a single sector. Our strengths in developing this system are convenience
and efficiency in waste management; sustainability—by improving waste management
and reducing the likelihood of overflowing bins, this system could help promote a more
sustainable approach to waste disposal; and data collection and analysis—the system’s
ability to continuously update the trash level in the cloud and store data can provide in-
sights into waste patterns. This helps inform waste management strategies. Our limitation
for making this system is that difficulties, such as mode collapse, training instability, time
series data and evaluating generated images may limit the GAN performance, while the
quality of solar batteries and bio-fuels can vary due to impurities and chemical reactions,
posing challenges for implementation in developing countries where establishing processes
may be difficult.

This research revolves around addressing improvements in the efficiency of e-waste
management. The primary objective is to explore and evaluate the feasibility and benefits
of implementing IoT- and cloud-based smart systems in e-waste management processes,
enabling seamless connectivity and communication between various devices and stakehold-
ers involved in the e-waste management system. One of the focuses of our research is the
utilization of machine learning algorithms for sorting e-waste. By using machine learning,
our system will automatically identify e-waste. This not only saves labor in the sorting pro-
cess but also enhances the accuracy and efficiency of recycling operations. The data-driven
approach ensures the rapid collection of the e-waste, optimizes the utilization of avail-
able resources, enhances operational efficiency, and facilitates continuous improvement in
e-waste management practices. By analyzing and interpreting relevant data, stakeholders
can make informed decisions regarding waste collection, recycling methods, and resource
allocation. In addition, our study describes how we can efficiently turn e-waste plastic
into bio-fuel and bio-char. Over and above that, our research delves into the repurposing
of e-waste metals for the production of solar batteries. With the ever-increasing demand
for renewable energy sources, the conversion of e-waste metals into solar batteries offers
a sustainable solution for both waste management and energy production. By utilizing
these metals, it becomes possible to transform a potential environmental hazard into a
valuable resource. Ultimately, the goal of this research is to contribute to a more sustainable
and efficient e-waste management framework. By exploring the potential of IoT- and
cloud-based systems, integrating machine learning techniques, investigating pyrolysis for
recycling, repurposing e-waste metals for solar batteries, developing sustainable strategies,
and promoting data-driven decision making, we can pave the way for a greener future and
mitigate the environmental and health risks associated with e-waste.

The major contributions of this paper are summarized below:
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• We have potentially enhanced the efficiency and accuracy of e-waste recycling pro-
cesses, enabling a more effective sorting and separation of valuable components by
leveraging these cutting-edge technologies.

• We have trained a digital image processing camera to recognize the perfect waste
parts, and the interconnection between the sensors and cloud processes the data and
recycles the wastes in a perfect manner.

• We have built a small prototype of an IoT-based waste management system with the
help of the cloud, which will make this whole system automated.

• We are turning waste into assets by developing our waste management and recycling
system.

This whole paper is organized in the following order: Section 2 provides the details of
the related works; Section 3 provides information about our proposed system; Section 3.1
contains the proposed solution; Section 3.2 outlines the system architecture; Section 3.3
explains the methodology; Section 3.4 contains a flowchart; Section 3.5 shows the algorithm
used; Section 4 contains performance analysis; Section 4.1 contains graphical analysis
of e-waste level updates in the cloud; Section 4.2 shows an accuracy chart of the GAN
algorithm; Section 4.3 contains graphical analysis of the pyrolysis method, Section 4.4
contains graphical analysis of solar battery production and the reduction in CO2; Section 5
outlines limitations and future works; and Section 6 is our conclusion.

2. Related Works

The recycling industry faces a significant challenge in managing e-waste, as there
is a pressing need to raise awareness among general people about the environmental
and energy-saving advantages of recycling electronic devices. In Table 1 summary of
related works are depicted. Addressing this challenge requires a comprehensive effort
to educate users about the benefits of e-waste recycling [6]. Though it is a challenging
task, it also presents notable opportunities to effectively navigate this complex field [7]. It
requires a multifaceted approach that includes developing environmentally friendly prod-
ucts, effective waste collection, and safe and responsible recycling and disposal. Utilizing
a magnetic field to segregate electronic waste into its constituent plastic and metal com-
ponents represents a sophisticated approach. This method involves applying a magnetic
field to the electronic waste, which causes the metallic components to be attracted to the
magnet while the non-metallic plastic components remain unaffected [8]. Pyrolysis is an
advanced technique that provides a sustainable and efficient solution for plastic parts of
e-waste while also reducing the environmental impact of plastic waste [9]. The focus of the
research paper [10] was to create an IoT-based monitoring system for e-waste, where they
used microcontrollers and sensors to monitor e-waste. One effective strategy for reducing
e-waste involves designing products with reusability in mind, inspiring creative reuse
across different e-waste sources. Effective intervention strategies should aim to minimize
exposure to toxic components in e-waste [11].

Bansod et al. [12] proposed a project that focuses on developing an IoT-based e-waste
monitoring system. It utilizes ultrasonic sensors, an Arduino Mega 2560 microcontroller,
and GSM communication to detect and monitor e-waste levels in real-time. The main bene-
fits are efficient waste management, reduced overflowing bins, and improved planning of
waste pick-ups. The limitations are a reliance on a 12 v source for the GSM module. This
project’s future work includes potential enhancements like incorporating a line follower
robot for automated waste disposal. Bošnjakovic et al. [13] proposed a paper that examines
the production of liquid fuel from plastic waste, focusing on technological, ecological,
and economic aspects. Pyrolysis with a catalyst, particularly zeolite-based catalysts, is a
well-established and mature technology for obtaining fuel from plastic waste. While up
to 800 L of fuel can be obtained from one ton of waste plastic, real plants typically yield
around 450 L. Disposing of waste plastics through fuel production offers significant environ-
mental benefits, including reduced greenhouse gas emissions. However, waste separation,
complex technical systems, and proximity to landfills for cost-effective transportation are
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limitations.The analysis underscores the large amount of plastic waste in Croatia and the
potential for economically viable bio-fuel production with improved waste collection.

Table 1. Summary of related works.

Author and Year Study Description Limitations Method Adopted

Bošnjaković et al. (2022) [13]
Technological and ecological
dimensions of converting
plastic waste into bio-fuel.

Sorting plastic from e-waste
and the cloud; IoT use was not
mentioned.

Pyrolysis to turn plastic waste
into bio-fuel.

Devi et al. (2021) [9] Emphasis on generating
bio-fuels from plastic waste.

No discussion on IoT, the
cloud, e-waste collection, or
plastic-to-bio fuel conversion.

Process of proselytizing
plastic waste into diesel fuel.

Shamsudin et al. (2022) [10]
IoT-based monitoring system
using microcontrollers and
sensors.

No discussion regarding the
next steps after e-waste
collection.

IoT-based project with
microcontrollers and sensors.

Bansod et al. (2022) [12] IoT-based system to detect
e-waste.

Yet to implement a plan for
utilizing the collected waste.

Monitoring garbage levels
and communicating them
through a GSM system.

Balakrishnan et al. (2015) [14] Investigate the formation of
bio-fuels from plastic scrap.

Generating bio-fuels; the
methods for plastic collection
are missing.

Pyrolysis to convert plastics to
bio-fuels.

M H, Dinesh. (2020) [15] Generate bio-oil using
pyrolysis.

No mention of collecting
plastic from e-waste or
another place.

Thermal pyrolysis and
catalytic pyrolysis.

kazi Shawpnil et al. (2023) [16]
QFD study conducted;
combined efficient e-waste
management methods.

No mention of the cloud,
pyrolysis, bio-char, bio-fuel, or
solar batteries.

Physical recycling for metallic
parts, the biological method of
mycoremediation,
phytoremediation.

Abdullah Al Mamun et al.
(2023) [17] YOLOv5 to separate e-waste.

Pyrolysis, bio-char, bio-fuel,
and solar batteries were not
mentioned.

Pixy camera to recognize
e-waste.

In Table 2, a more in-depth analysis of related works is mentioned, where
Sankeerth et al. [18] proposed a smart waste management system, which utilizes ultrasonic
sensors in bins to measure garbage levels, which are then transmitted to a server via Wi-Fi.
The server monitors the bins across the city, notifying the garbage truck driver when the
amount of waste in a bin exceeds 70% and it needs to be emptied. SMS notifications are sent
to the driver, providing optimized routes based on collected data. Thaseen Ikram et al. [19]
proposes a waste management model for smart cities using a hybrid genetic algorithm
(GA)–fuzzy inference engine. The system uses IoT components—RFIDs and sensors—to col-
lect and process waste information. The model combines a GA with fuzzy logic to optimize
the fuzzy inference system (FIS) and improve waste management accuracy. The system
employs cost-effective sensors and ensures reproducibility. Their experimental results show
high accuracy and precision of 95.44% in waste management and recyclable item classi-
fication. The proposed model reduces errors and minimizes manual interpretation costs
compared to traditional approaches, but there could be potential privacy and security risks.
Their future work includes integrating advanced technologies and addressing scalability
and interoperability challenges. The smart dustbin proposed by Pavithra M. et al. [20]
automatically opens upon detecting a clap or foot tap and closes once garbage is disposed
of. An ultrasonic sensor monitors the garbage level and sends alerts to the main garbage
collector when it reaches capacity. H. Cai et al. [21] proposed a garbage monitoring system
where they use a NodeMCU chip integrated with ultrasonic sensors to measure waste
levels in bins, which are transmitted to a cloud server through the Ali-cloud IoT platform.
To observe the real-time bin status, they have used a web page. The average number of
cleanings before establishing this was 3 and afterwards it was 2.28; the average number
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of bin overflows before was 0.67 and afterwards it was 0.11, which added improvements
in waste collection. The paper by Artang Sara et al. [22] introduces a tracking and tracing
platform, which offers a user interface for users and administrators, providing essential
information to users for the disposal of their e-waste. Integrating block-chain technology
and circular economy approaches into the tracking platform and conducting comparative
studies among different countries is their proposed future work.

Table 2. In-depth analysis of related works in relation to the benefits and risks of each approach.

Reference Paper Limitations Method Adopted Benefits Risk Future Work

[18]

Focuses on data
collection and mon-
itoring without
data analysis for
process optimiza-
tion.

Bins with ultra-
sonic sensors
measure garbage
levels, send data
to a server via Wi-
Fi, and optimize
collection routes
using SMS.

Direct message
sending reduces
the costs and
maintenance for
the embedded
bins, enhancing
independence and
transparency.

The reliance on Wi-
Fi and server sta-
bility poses a risk
of data loss and
potential failure in
communication.

Incorporating
a database and
utilizing data ana-
lytics to optimize
waste management
processes and
improve efficiency

[19]

Limited applicabil-
ity may impact its
practicality in dif-
ferent waste man-
agement contexts.

An IoT and fuzzy
inference system
with a genetic
algorithm to create
a waste disposal
system

Enhanced waste
management
efficiency, cost
reduction, and
resource optimiza-
tion

Reliability, accu-
racy, privacy, and
security

The integration
of additional
advanced technolo-
gies, scalability,
and interoperabil-
ity

[20]

Foul odors em-
anating from
the bins and the
manual control of
the dustbins can
restrict mobility
and flexibility in
waste collection.

Uses sensors for
gesture detection
and garbage level
monitoring, en-
abling automatic
bin operation and
timely emptying
through an IoT
web interface

The automated
waste management
system reduces
labor costs and
enables the timely
disposal of garbage
to the correct
location.

The system relies
on the accuracy
and reliability of
the sensors to
detect the garbage
levels. False read-
ings could impact
the efficiency.

The system con-
tributes to waste
reduction, resource
conservation,
and sustainable
waste manage-
ment by handling
both metal and
non-metal waste.

[21]

Alerts cleaners
based on threshold
parameters but
does not differenti-
ate the recycling of
e-waste

A sensor-based
device detects
and monitors the
garbage status and
sends notifications
to cleaners when
thresholds are
exceeded.

The notification
system eliminates
the need for contin-
uous monitoring,
as it alerts the
cleaner when the
dustbin requires
cleaning.

The device might
get damaged while
using the dustbin
as it is set in quite
an unprotected
manner.

An Android app
will be developed
for this in future
and a better algo-
rithm will be imple-
mented here.

[22]

The limited waste
registration and
complex inter-
face may impede
tracking and user
adoption in the
application.

E-waste registra-
tion, QR code track-
ing, and Google
API integration
enable effective
monitoring and
proper disposal.

The stakeholders
can track e-waste
and its location
effectively through
unique identifica-
tion, facilitating
easy monitoring.

The only risk is
the security issue
as the users are giv-
ing certain mobile
access via this ap-
plication.

Create a sus-
tainable system
with robotics and
blockchain for
enhanced security
and tracking capa-
bilities.

3. Proposed System

3.1. Proposed Solution

Our main goal is to collect e-waste and send it for recycling in an efficient and auto-
mated manner. We are using the combination of the IoT and machine learning for gathering
e-waste for recycling purposes. We will be placing the processing part of our system in
a dumpster with the help of a Field-Programmable Gate Array (FPGA) using the GAN
algorithm to distinguish the e-waste from other wastes. Our proposed solution entails
the deployment of a smart bin to collect waste, which utilizes cloud-based technology
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to monitor and update the garbage level automatically. If the bin reaches its maximum
capacity, the SIM900A module generates a message alerting the collectors. Upon collection,
we implement a process to separate the metallic and plastic components of the waste.
The plastic components undergo a pyrolysis process to yield bio-fuel, while the metallic
components are repurposed for solar panel and battery production.

3.2. System Architecture

The proposed system architecture is depicted in Figure 1. The system includes sev-
eral steps aimed at effectively managing e-waste. The initial phase (step-1) involves the
classification of wastes based on their type, which will be conducted by machine learning.
Subsequently, e-waste is collected and deposited into a smart bin, and based on the trash
level data, a data-driven decision-making process is implemented in Figure 2 to determine
whether a notification should be sent to the trash collector. This process involves evaluat-
ing the trash -level data against predetermined thresholds, and if the data exceeds these
thresholds, a notification is triggered and sent to the trash collector in step-2 and step-3.

Figure 1. System architecture of our proposed solution.

The cloud-based system is continuously monitoring the level of trash in the back-
ground. In step-4, the e-wastes are separated into two categories, plastic and metal.
The metal waste is processed for solar batteries in step-8, while plastic waste is converted
into bio-fuel using the pyrolysis process and we obtain bio-char as a by-product in step-9
and step-10. In the final step of the process, the repurposed and transformed wastes are
converted into valuable assets.

Figure 2 illustrates a data-driven decision-making process for e-waste collection. Trash
level data are continuously monitored using an ultrasonic sensor in the trash bin. This
data are collected, enabling real-time analysis of e-waste levels. Based on the analysis,
notifications are sent to e-waste collectors, prompting them to collect e-waste from specific
bins. The collectors follow the notifications, collect the e-waste, and ensure proper recycling
methods are employed. This data-driven process optimizes the collection efficiency and
helps in the timely and targeted collection of e-waste, contributing to environmental
sustainability and proper e-waste management.
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Figure 2. Data-driven decision making process.

Figure 3 is depicting three layers [23]. The sensor layer consists of a smart dustbin
with an ultrasonic sensor that detects the level of trash inside the bin. The data collected
from the sensors are sent to the cloud layer using the ESP-8266 Wi-Fi Module. The cloud
layer receives the data from the sensor layer and stores it in a time series database. A time
series database is designed to handle data that are collected over time, such as the trash
level in the bin. The data stored in the time series database can be queried and analyzed
to generate insights and predictions about the future. The Auto-regressive Integrated
Moving Average algorithm is applied to the database to forecast the trash level for the
future. The cloud layer also provides an interface for the user to view the trash level and
other information in real time and send the value in the microcontroller. The user can access
this interface through a web or mobile application. If the level of trash in the bin reaches a
certain threshold, the microcontroller sends the notification using the GSM module to the
application layer. The application layer receives the notification, and the collector collects
the data after receiving it. The smart dustbin system uses a combination of sensors, cloud
computing, and predictive algorithms to collect and analyze data about the trash level in
the bin. These data are used to provide real-time notifications to the user and improve
waste management processes.

Figure 3. System architecture of collecting and monitoring trash using cloud and IoT.
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3.3. Methodology

Our working process entails a dustbin for e-waste. The waste will move along a
conveyor belt, and in the initial section of the belt our processing part will be incorporated,
featuring a trained camera with machine learning and a Generative Adversarial Network
(GAN) algorithm. The GAN requires high computation power and memory resources [24].
A powerful, dedicated hardware platform such as FPGA provides the high computation
power. There are two sections to the GAN, namely the discriminator and the generator.

We provide the dataset to the discriminator, and the generator monitors the waste
and creates an image according to it. The generator and discriminator images are then
compared, and if they match the waste will be thrown into the e-waste smart bin, while
other waste will be deposited in a different pile. The smart bin contains an ultrasonic
sensor, which sends waste-level data to the database in the cloud through an ESP8266 Wi-Fi
module; each data point that is sent from the sensor to the time series database should
include a timestamp and the trash level reading in Figures 6–8. The time series database
will store these data and make them available for querying and analysis. To forecast the
trash level, we are using the ARIMA model [25]. The forecasting can be used to optimize
the system by predicting when the trash level will reach the threshold and scheduling
pick-ups accordingly. This can help reduce costs and improve efficiency. If the garbage level
exceeds a threshold value, a notification will be sent to the collector via the SIM900A GSM
module, and it will be sent for recycling. In the recycling process, the e-waste is churned
through a robust blade and separated into plastic and metallic parts using a magnetic field.
The plastic parts will be sent for the pyrolysis process. In pyrolysis there are several steps:

As the plastic is already shredded, it will increase the surface area for improved
pyrolysis. Shredded plastic is fed into a pyrolysis reactor. Pyrolysis is a type of thermal
treatment that breaks down complex organic materials (plastic) into simpler compounds
using heat in the absence of oxygen. The end products of pyrolysis are typically a liquid
fuel known as pyrolysis oil or bio-oil and a gaseous mixture known as syngas, which can
be used for various applications, such as energy generation and chemical production [26].
Since pyrolysis takes place in the absence of oxygen, the reactor is sealed to prevent air
ingress. The reactor is heated to an elevated temperature. The temperature and pressure
inside the reactor are carefully controlled to ensure that the plastic is efficiently converted
into bio-fuel. When plastic is heated, it begins to decompose into components, such as gas,
liquid, and char. Gases and liquids are condensed and collected as bio-fuel.

Once the pyrolysis process is complete, the reactor is cooled and the bio-fuel is recov-
ered from the condenser. The collected bio-fuel may require further purification to remove
impurities such as water and acids. This can be performed by methods such as filtration or
distillation. Finished bio-fuel products are stored in tanks or containers until use. If any
organic material is mixed with the plastic waste, such as bio-solids, the by-products of
pyrolysis, bio-char, can be recycled and used in various applications, such as soil amend-
ment, carbon sequestration, and energy production [15]. This product has shown notable
advantages in eliminating pollutants from wastewater [27] and enhancing soil quality [28].
Moreover, we are using scrubber and electrostatic precipitators to control pollution [29].
Metallic waste can be used for making solar batteries. The process of converting metal
churns from e-waste into solar batteries involves several steps: The shredded metal is
treated with acid or other chemicals to extract impurities and separate the pure metals.
The pure metals are then processed using electrolysis, which involves passing an electric
current through a solution containing the metal ions. This process causes the metal ions to
gain or lose electrons, resulting in the formation of metal deposits on electrodes. The metal
deposits are then used to produce various components of a solar battery, including the an-
ode, cathode, and electrolyte. These components are assembled to create a functional solar
battery that can store and release energy. The exact process of converting metal churns into
solar batteries can vary depending on the specific type of metal and the desired end product.
However, in general, the process involves a combination of chemical and electro-chemical
techniques to purify and refine the metal and then assemble it into battery components.
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The technical aspects of our methodology are as follows:
Data collection method:
Camera and machine learning: trained camera system with machine learning capabili-

ties was used to monitor and capture images of the waste on the conveyor belt.
Ultrasonic sensor: the e-waste smart bin was equipped with an ultrasonic sensor to

measure the waste level.
ESP8266 Wi-Fi module: the waste level data from the ultrasonic sensor were transmit-

ted to a cloud database using an ESP8266 Wi-Fi module.
SIM900A GSM Module: when the garbage level exceeded the threshold, a notification

was sent to the collector via a SIM900A GSM module.
Data analysis techniques: the ARIMA model was employed for forecasting the

trash level.

3.4. Flowchart

In Figure 4, the flowchart describes the process of our IoT- and cloud-based e-waste
management, starting with the aggregation of various types of waste. We utilize a trained
camera, which has been trained with a GAN algorithm, for the classification of e-waste.
Through image processing, it determines whether the waste is e-waste or not. If it is not
e-waste, it is dumped in a different pile; otherwise, it is deposited in the smart bin. As e-
waste is being disposed of, the waste level continues to increase; this increased level data
are then updated in the cloud, and the system checks if the bin is full through an ultrasonic
sensor. If it is not full, the process continues, or else a notification is sent to the collector.
After collecting the e-waste, the recycling steps begin. It starts with churning the e-waste,
followed by magnetic field separation. From separation, there are two parts—plastic and
metallic churns. Plastic goes through pyrolysis and becomes bio-fuel, while metallic churns
are processed for solar batteries. The process ends with the production of bio-fuel, with bio-
char as a by-product, and solar batteries, representing our system’s effective transformation
and the recycling of e-waste into sustainable and eco-friendly materials.

Figure 4. Flowchart of Proposed System.
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3.5. Algorithm

For image processing, we are using the GAN, which is a very high-level algorithm.
The accuracy of GAN algorithms for image processing is highly dependent on the specific
use case and the techniques employed to train and optimize the model. Here, using GAN,
the machine will be trained with real-life e-waste images and with the help of those images
it will provide its decision. The pseudo code of the GAN algorithm is given below:

In Algorithm 1, the generator network G and discriminator network D are initialized
with random weights. The hyper-parameters α, β, and γ are initialized. For a specified
number of training iterations, the following steps are executed. For a specified number
of discriminator updates per generator update, the following steps are executed. A mini-
batch of m real images from the dataset is sampled. A mini-batch of m noise samples
from a noise distribution is sampled. Fake images are generated using the generator
network G. The discriminator network D is updated by minimizing the binary cross-
entropy loss between the real images and the fake images, with the gradients computed
using back-propagation. A mini-batch of noise samples from a noise distribution is sampled.
The generator network G is updated by taking a gradient step on the loss function that
maximizes the binary cross-entropy loss between the generated images and the real images,
with the gradients computed using back-propagation. The hyper-parameters α and β are
updated using a decay factor γ. The trained generator network G is returned.

Algorithm 1 Image classification using Generative Adversarial Networks

1: Initialize the generator network G with random weights
2: Initialize the discriminator network D with random weights
3: Initialize the hyper-parameters α, β, and γ
4: for number of training iterations do
5: for number of discriminator updates per generator update do
6: Sample a mini-batch of m real images from the data-set
7: Sample a mini-batch of m noise samples from a noise distribution
8: Generate fake images using the generator network
9: Update the discriminator network.

10: end for
11: Sample a mini-batch of noise samples from a noise distribution
12: Update the generator network by taking a gradient step on the loss function
13: Update the hyper-parameters
14: α ← γα
15: β ← γβ
16: end for
17: return the trained generator network G

We use generator and discriminator neural networks to train on a dataset of real
e-waste images. The goal is to train the generator network to produce images that are
indistinguishable from real images, while the discriminator network learns to distinguish
between real and generated images. During training, the generator produces images to try
and fool the discriminator, and the discriminator tries to become better at distinguishing
between real and generated images. Once trained, the generator can generate new images,
which can be evaluated by comparing them to real images. If they are similar, the waste
can be disposed of in the appropriate destination dustbin.

Algorithm 2 is used to detect the level of e-waste in a smart dustbin and send a
notification to the garbage collector when the dustbin is almost full. The input variables for
this algorithm are n (the number of iterations), x (the echoP input), and y (the trigP input).
The algorithm starts by initializing x and y with the echoP and trigP inputs, respectively.
The threshold distance is set to 4, which is the maximum distance at which the smart
dustbin can detect e-waste. The algorithm then puts e-waste in the smart dustbin and
enters a loop that runs as long as n is not equal to 0. Inside the loop, the value of y is set to
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0 or Low initially. Then, the algorithm runs for 10 iterations, and the value of y is set to 1 or
High. After 10 iterations, y is again set to 0. The value of x is set to 1 or High.

The algorithm then calculates the distance between the smart dustbin and the e-waste
using time and the speed of sound. The garbage level is calculated by subtracting the
distance from the total dustbin distance. This information is sent to the cloud using ESP8266.
If the distance is greater than or equal to the threshold distance, the algorithm sends a
notification using the SIM900A GSM module to the garbage collector. Otherwise, the smart
dustbin collects the e-waste.

Algorithm 2 An algorithm for calculating the e-waste level in a smart dustbin

Require: n ≥ 0
x = echoPin
y = trigPin
n = iteration
thresholdDistance = 4
Put e-waste in Smart dustbin
while n = 0 do

y ← 0 or Low
for number of 10 iterations do

y ← 1 or High
end for
y ← 0
x ← 1 or High
distance ← time×0.034

2
garbageLevel = totalDustbinDistance − distance

� Send the distance and garbage level in cloud
if distance ≥ thresholdDistance then

Sent notification to garbage collector
else

Smart dustbin collects the e-waste
end if

end while

4. Performance Analysis

4.1. Graphical Analysis of E-Waste Level Updates in Cloud

Figure 5 depicts the updates of the garbage level in the cloud of a certain time period,
where the initial level (at time = 1) was recorded as 28 cm, indicating an empty smart
dustbin. As observed from the time axis (y-axis), the garbage level gradually decreased
until it reached 9 cm at time = 8. At time = 9, the garbage level reached a threshold distance
of 4 cm, after which it remained constant until time = 12. During this period, a notification
was sent to the collector, who subsequently collected and emptied the e-waste from the
smart bin. Following the trash collection, the garbage level increased and was recorded as
28 cm at time = 13.

Figure 5. Graphical analysis of e-waste level update.
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Figures 6–8 illustrate the empty space available in the smart trash bin and the process
of updating the corresponding values in the cloud for a certain period of time. The distance
between the contents and the top of the trash bin indicates the level of empty space available.
A greater distance corresponds to a higher amount of empty space, while a lesser distance
corresponds to a lower amount of empty space.

Figure 6. E-waste level update information in cloud.

Figure 7. E-waste level update information in cloud with timestamp.

Figure 8. E-waste level update information in cloud showing in serial monitor.

4.2. Accuracy Chart of GAN Algorithm

We are using the GAN algorithm where we are dividing our dataset into training,
validation, and testing sets. The training set is used to train the model, the validation set
is used to tune the model’s hyper-parameters, and the testing set is used to evaluate the
model’s performance on unseen data.

This accuracy chart in Table 3 shows the performance of an e-waste recognition system
that uses the GAN algorithm. The chart shows the precision, recall, and F1-score for
each category of e-waste that the system is designed to recognize: smartphones, laptops,
televisions, monitors, and other, which includes all other types of e-waste.
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Table 3. Accuracy Chart for E-waste Recognition System using GAN Algorithm.

Category Precision (%) Recall (%) F1-Score (%)

Phone 95 97 96
Laptop 90 85 87
TV 85 91 88
Monitor 92 89 90
Other 80 75 77
Overall 90 88 89

In Figure 9, precision is a performance metric that measures the accuracy of a system
in identifying relevant items. It quantifies the proportion of correctly identified items
among the total items identified by the system. The precision is calculated as the ratio of
true positives (items correctly identified) to the sum of true positives and false positives
(items incorrectly identified). A high precision value indicates that the system is effective
in accurately identifying relevant items. It signifies that the system has a low rate of
falsely identifying unrelated items as the target item. In our example, a precision of 95%
implies that the system has a relatively low rate of falsely identifying non-smartphone
items as smartphones.

Figure 9. Precision of each category.

However, it is important to note that precision alone may not provide a complete
picture of the system’s performance. It should be considered in conjunction with other
performance metrics, such as recall and the F1-score, to have a comprehensive evaluation
of the system’s effectiveness in identifying relevant items. This was considered in Figure 12.
For instance, let us consider the example of a system that identifies smartphones among
various items. The precision of the system in identifying smartphones is 95%, which means
that out of all items identified as smartphones, 95% were actually phones. The remaining
5% could be items incorrectly classified as smartphones.

In Figure 10, recall serves as a performance metric that quantifies the completeness or
comprehensiveness of a system in identifying relevant items. It is calculated by dividing the
number of true positives (correctly identified items) by the sum of true positives and false
negatives (items that were not identified as belonging to a particular category but should
have been). Recall is particularly significant in situations where the consequences of false
negatives are critical. By achieving a higher recall value, the system minimizes the chances
of overlooking relevant items and provides a more comprehensive identification process.

For instance, consider a system designed to identify laptops among various objects.
If the system achieves a recall of 85%, it indicates that out of all the actual laptops in the
sample, 85% of them were correctly identified by the system. The remaining 15% represents
the instances where the system failed to recognize laptops that were present.

A higher recall value suggests that the system is effective in capturing a larger propor-
tion of the relevant items. It indicates a lower rate of false negatives, meaning that fewer
items belonging to the target category are missed by the system. In our example, a recall of
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91% signifies that the system has a relatively high ability to detect and include televisions
in its identification process.

Figure 10. Recall of each category.

In Figure 11, the F1-score is a metric that encompasses both precision and recall to
provide a comprehensive evaluation of the performance of a classification model. Precision
and recall are both crucial aspects in assessing the effectiveness of such models. The F1-score
offers a balanced measure by taking the harmonic mean of precision and recall.

F1-score =
2 · (precision · recall)

precision + recall

Figure 11. F1-Score (%) of each category.

This choice is made because the harmonic mean assigns more weight to smaller values,
ensuring that both precision and recall are given equal consideration. By considering both
precision and recall in the F1-score, it provides a unified indicator of overall performance.
It strikes a balance between the two metrics, giving equal importance to correctly iden-
tifying relevant items (precision) and capturing the full extent of relevant items (recall).
The F1-score is particularly valuable when the class distribution is imbalanced or when
both precision and recall are of equal importance. It offers a single value that represents
the overall effectiveness of the classification model, allowing for easier comparison and
decision making.

In Figure 12, the overall performance of the system is represented by the “Overall” row
of Table 3. Here, P represents precision, R represents recall, and F represents the F1-Score.
This row displays the key performance metrics, including the precision, recall, and F1-score.
According to the table, the system achieves an overall precision of 90%, recall of 88%,
and F1-score of 89%. These metrics provide a comprehensive assessment of the system’s
performance across all categories. With a precision of 90%, the system demonstrates a high
level of accuracy in correctly identifying e-waste items. Similarly, the recall of 88% indicates
that the system is effective in capturing a significant portion of the actual e-waste items
present in the sample.
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Figure 12. Overall performance of each category.

The F1-score of 89% is a balanced measure that combines precision and recall. It
considers both metrics to provide an overall evaluation of the system’s performance. This
score indicates that the system maintains a good balance between precision and recall,
achieving a harmonious trade-off between accurately identifying e-waste items, but may
have some minor errors in specific categories.

4.3. Graphical Analysis of Pyrolysis Method

Figure 13 shows the yield of bio-fuel from plastic waste using the pyrolysis method.
The x-axis represents the temperature in degrees Celsius, while the y-axis represents
the yield of bio-fuel as a percentage. The blue line shows the relationship between the
temperature and bio-fuel yield. As the temperature increases, the yield of bio-fuel also
increases. At a temperature of 300 °C, the yield is 20%, which increases to 50% at a
temperature of 500 °C. This graph suggests that the pyrolysis method can be an effective
way of producing bio-fuel from plastic waste and that higher temperatures can result in a
higher yield of bio-fuel. The legend indicates that the red line represents the bio-fuel yield.

Figure 13. Yield of bio-fuel from plastic waste using pyrolysis method.

Table 4 [30] displays the results of the elemental analysis of mixed waste plastic
pyrolysis liquid samples obtained from both thermal pyrolysis and catalyzed pyrolysis
processes. The table shows the weight percentages of carbon (C), hydrogen (H), nitrogen
(N), and sulfur (S) in the samples. The results indicate that the catalyzed pyrolysis process
had a higher percentage of carbon and a lower percentage of hydrogen compared to the
thermal pyrolysis process. Additionally, both processes showed similar percentages of
nitrogen and sulfur in the pyrolysis liquid samples.
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Table 4. Elemental analysis of mixed waste plastic pyrolysis liquid samples.

Weight (%) Thermal Pyrolysis Catalysed Pyrolysis

C 94.24 97.11
H 11.73 10.12
N 0.61 0.28
S 4.8 4.36

4.4. Graphical Analysis of Solar Battery Production and Reduction in CO2

According to a study conducted in the Bangladesh University of Engineering and
Technology, the projected growth of e-waste in Bangladesh from 2010 to 2035 is expected to
increase from 0.13 million tons in 2010 to 4.62 million tons by 2035, indicating a significant
rise in electronic waste generation over the given time period. The recycling rate of e-waste
in the country stands at a mere 3%, with the remaining majority being indiscriminately
deposited in landfills and rivers [31]. For each ton of e-waste that is collected and recycled,
an impressive 1.44 tons of CO2 emissions are effectively circumvented, as per the findings
of an in-depth analysis conducted by the esteemed Belgian CO2 environmental consulting
firm, CO2 logic [32].

Figure 14, shows the amount of CO2 emissions in million tons through over the years if
we recycle the metal from e-waste perfectly and reuse it for making solar batteries. The red
line represents CO2 emissions without recycling e-waste at all in Bangladesh and the blue
line represents them after recycling only 3% of e-waste [31]. The green line represents the
amount of CO2 reduction if we recycle 60% of e-waste in Bangladesh. It is clearly visible
that if we recycle the e-waste and produce solar batteries we will be able to reduce CO2
emission to a large extent.

Figure 14. Reduction in CO2 emissions with metal recycling from e-waste for solar batteries.

5. Limitations and Future Works

We have added the limitations and future works of our research:
The pyrolysis plant structure may vary according to its feedstock, requirements,

products, and specific requirements. In conformity with HUAYIN, a manufacturer of waste
tyre/plastic pyrolysis plants [33] typical a pyrolysis plant consists of six primary systems.
The emission control system purifies the gas and confirms the emission of clean air. It
also offers various de-dusters as per customer necessity while maintaining the standard of
qualified emission. Pyrolysis is considered the future for plastic recycling techniques. We
will implement preventive measures to mitigate and minimize the impacts of pyrolysis,
such as the following:

180



IoT 2023, 4

• Emissions and potential health/environment risks: Pyrolysis can release gas, volatile
organic compounds, and toxic substances, but our proposed process includes the
implementation of a proper emission control system.

• Energy inputs: In some cases, traditional pyrolysis may use fossil fuels; our research
focuses on using renewable energy sources as this will minimize the carbon footprint.

• Contaminant release: Plastic parts of e-waste can contain contaminants. Our pro-
posed pyrolysis process involves control measures to ensure the safe handling, ad-
vanced sorting, and treatment of the e-waste plastic.

The proposed system will take every measure to reduce all the possible detrimental
effects of pyrolysis. The major limitations of our system might be as follows:

• Feedstock variability: E-waste plastics may contain a different range of materials
with different compositions. The consistency of the pyrolysis process can face some
hurdles due to this.

• Contaminants and impurities: Despite thorough sorting and taking advance mea-
sures, some contaminants may still be present in the feedstock, which can affect the
quality of the whole process and demean the standard of the by-products.

• Pollutant emissions: Though we are using an emission control system, making ef-
forts to minimize the emissions, a comprehensive understanding about all kinds of
pollutants and their potential impacts can impose limitations.

Continuous experimentation, development, and further research are necessary to
enhance the characterization and monitoring of emissions, ensuring the safety and envi-
ronmental sustainability of e-waste pyrolysis. For the future work of our research paper,
we want to include some aspects: the further optimization of the pyrolysis process; the
enhancement of data-driven decision making by leveraging advanced technologies; waste
stream analysis for an effortless recycling process; solar batteries management and control
to optimize their performance and prolong their lifespan; and the optimization of the
recycling workflow to train the recyclers for different recycling processes.

6. Conclusions

The IoT- and cloud-based waste management and recycling system we have imple-
mented successfully addresses the pressing issue of e-waste. Our study focused on the
efficient separation and quick disposal of e-waste using the IoT, cloud computing, and ma-
chine learning. Our research results showcased numerous advantages, including enhanced
efficiency, cost reductions, improved monitoring capabilities, and increased sustainability.
Real-time data collection and analysis facilitated optimized waste collection routes, mini-
mized the environmental impact, and successfully produced bio-fuel and solar batteries.
Our research objectives were achieved through the implementation and evaluation of an
IoT- and cloud-based waste management system, resulting in improved waste monitoring,
optimized collection routes, and turning waste into assets by producing bio-fuel through
pyrolysis and converting e-waste metal into solar batteries. Our study’s outcomes align
seamlessly with our initial research objectives, demonstrating the system’s ability to over-
come challenges associated with traditional waste management practices. However, there
are some limitations, such as security and privacy concerns related to IoT devices and
cloud infrastructure that must be addressed with robust measures to ensure data protection.
In addition, the performance of the GAN algorithm can be affected by issues such as
mode collapse, where the generator produces limited varieties of output, instability during
training, and difficulty in evaluating the generated images. To sum up, the implementation
of our IoT- and cloud-based waste management system has immense potential to revolu-
tionize waste management practices. Its real-time data gathering, operational optimization,
resource allocation, and production of recycled products offer substantial cost savings, a
reduced environmental impact, and improved sustainability. However, addressing security
concerns and conducting further research to ensure widespread adoption are necessary
tasks for the successful implementation of such systems in the future.
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Abstract: Agriculture, or farming, is the science of cultivating the soil, growing crops, and raising
livestock. Ever since the days of the first plow from sticks over ten thousand years ago, agriculture
has always depended on technology. As technology and science improved, so did the scale at which
farming was possible. With the popularity and growth of the Internet of Things (IoT) in recent years,
there are even more avenues for technology to make agriculture more efficient and help farmers in
every nation. In this paper, we designed a smart IoT-enabled drip irrigation system using ESP32
to automate the irrigation process, and we tested it. The ESP32 communicates with the Blynk app,
which is used to collect irrigation data, manually water the plants, switch off the automatic watering
function, and plot graphs based on the readings of the sensors. We connected the ESP32 to a soil
moisture sensor, temperature sensor, air humidity sensor, and water flow sensor. The ESP32 regularly
checks if the soil is dry. If the soil is dry and the soil temperature is appropriate for watering, the
ESP32 opens a solenoid valve and waters the plants. The amount of time to run the drip irrigation
system is determined based on the flow rate measured by the water flow sensor. The ESP32 reads the
humidity sensor values and notifies the user when the humidity is too high or too low. The user can
switch off the automatic watering system according to the humidity value. In both primary and field
tests, we found that the system ran well and was able to grow green onions.

Keywords: agriculture; agricultural technology; ESP32; Internet of Things

1. Introduction

Agriculture, which involves the cultivation of crops and animals, is one of the most
essential practices for maintaining and growing the human population. Not only does it
provide nourishment to human beings, but it is also helpful in eliminating extreme poverty
and boosting the economy of a country. Agriculture accounts for 4% of the global gross
domestic product (GDP) and is projected to feed about 9.7 billion people by 2050 [1].

Agriculture has always depended on technology in one way or another. People used
extremely simple tools for farming more than 12,000 years ago. The farm tools were often
made of wood or animal bones [2]. As time went on, humans developed better tools for
farming. By the second agricultural revolution in the U.S., tractors were a common sight in
farmlands [3].

Water is essential for plant growth and the distribution of mineral nutrients. Irrigation
involves the application of water to the soil through a system of pumps, tubes, and sprays.
It is commonly used in areas where rainfall is low [4]. There are many different types of
irrigation systems. For sustainable agriculture in desert countries, where efficient water
use is necessary, drip irrigation systems are a great fit [5]. With drip irrigation, water is
directly applied to the soil (close to the roots of the plants) in the form of droplets over time.
The most significant advantage of drip irrigation systems compared to other systems is the
amount of water saved [6,7].

We can use the Internet of Things (IoT) in any application that requires data collection,
automation, or control. With the growing popularity of IoT, there has been an increase
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in the ideas surrounding smart agricultural technology [8,9]. In this paper, we designed
a smart IoT-enabled drip irrigation system using an ESP32 microcontroller. The system
comprises an ESP32, solenoid valve, soil moisture sensor, temperature sensor, air humidity
sensor, and water flow sensor. We used the Blynk IoT mobile app and web dashboard
to collect irrigation data, turn the automatic irrigation feature on or off, manually open
the valve if needed, and plot temperature, soil moisture content, and air humidity graphs.
Opening the valve allows water to reach the roots of the plants. The soil moisture sensor
constantly checks if the soil is dry. If the soil is dry and the temperature is ideal, the ESP32
can automatically open the valve and irrigate the field. Based on the humidity sensor
readings, the user can turn off the automatic irrigation feature or turn it back on.

We set out to grow green onions from onion bulbs. After a week of running the drip
irrigation system, spring onions began to grow from a few onion bulbs. The irrigation for
the week was conducted automatically by the system with no interference from the users.
Each spring onion received 0.676 gallons of water over the week, which is a satisfactory
outcome. We also plotted the weekly temperature, soil moisture, and air humidity graphs.

The remainder of the paper is organized as follows: Section 2 illustrates various
relevant works and how we build upon them. Section 3 covers the overview of the
entire system. Section 4 highlights the hardware used, with further details provided in
Sections 4.1–4.3. Section 5 covers the results of the implementation and tests. Finally,
Section 6 provides the conclusion and future scope of our project.

2. Related Works

There have been prior works on smart irrigation systems and smart drip irrigation
systems [10,11]. Refs. [12,13] provide overviews of smart irrigation systems. They talk about
wireless communications, irrigation methods, sensors applicable to smart irrigation systems,
and types of monitoring in this field. Likewise, ref. [14] provides a detailed breakdown of
irrigation monitoring, control, and the scheduling system, while [15] investigates the use
cases, challenges, and issues of IoT in agriculture.

In ref. [16], a smart irrigation system was designed using a resistive soil moisture
sensor, temperature sensor, water flow meter, and Arduino UNO single board computer
(SBC). The system monitors temperature and soil moisture level, and if the soil becomes
dry or the temperature exceeds 30 °C, the field is irrigated. Ref. [17] details a smart system
that monitors and controls agricultural production using IoT. It monitors the data and
provides it to the farmer, who can use the data to control the system remotely when needed,
reducing the workload.

In ref. [18], a smart irrigation system was designed using a resistive soil moisture
sensor, temperature sensor, air humidity sensor, and Arduino UNO SBC. The system
monitors and displays the temperature and humidity readings. If the soil is too dry,
the motor is powered on so that the soil receives water. Ref. [19] proposed an innovative
design of a solar-powered smart drip irrigation system using a node microcontroller unit
(MCU) that monitors temperature and humidity via a DHT11 sensor, and the soil moisture
value determines when the pump turns on. Ref. [20] proposes a smart farm using a
long-range wireless area network (LoRaWAN).

We built on the prior works in five crucial ways. Firstly, we used an ESP32 microcon-
troller. The ESP32 is cheap, has built-in Wi-Fi, and Blynk IoT officially supports the ESP32.
Secondly, we offer improved automatic irrigation. The ESP32 takes into account the actual
time of the day, soil moisture content, and soil temperature before opening the valve and
watering the plants. The temperature readings are not available just for monitoring. We
used the temperature readings to ensure that we watered the plants at the best temperature
for maximum water absorption. Thirdly, we improved the monitoring and control features.
Along with soil moisture and temperature, the ESP32 also monitors the humidity and
notifies the user when the humidity is too low or too high. The user can then decide to
switch off the automatic irrigation feature or manually open/close the valve based on the
monitored values.
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Fourthly, we set the duration of watering the plants through the drip irrigation system
with the help of the flow sensor. Lastly, the ESP32 collected real-time data. We used these
data to track the date and time of irrigation, and to help ensure that we did not accidentally
water the plants multiple times in a single day, with assistance from the flow sensor.

3. System Overview

The overview of the IoT-enabled smart drip irrigation system is shown in Figure 1.
The ESP32 is the brain of the system. We connected the ESP32 to different sensors and a
relay. The temperature sensor probe and soil moisture sensor probe were inserted into
the soil and monitored the soil temperature and moisture levels, respectively. The water
flow sensor provides data on the water flow rate, and the humidity sensor measures the
humidity of the air. The system opens the solenoid valve to water the plants using a relay.
The ESP32 uses Wi-Fi to communicate with the mobile app or web dashboard via Blynk
cloud. We used the Blynk app to collect irrigation data, manually control the valve, and plot
the soil temperature fluctuation graph.

Figure 1. Overview of the IoT-enabled smart drip irrigation system [21].

It is best to water the plants in the morning or early in the evening. Watering the crops
in the afternoon can lead to the water becoming hot and burning the plants. Watering the
crops late in the evening may lead to water stagnation and encourage rot, fungal growth,
and insects [22,23]. We used the hourly weather reports in Qatar [24,25] to set our morning
irrigation window from 5 a.m. to 8 a.m. and evening irrigation window from 6 p.m. to
8 p.m. In these time windows, the weather is usually warm, and the temperature is between
24 °C and 30 °C, as shown in Figure 2. Using real-time data, the ESP32 will check the
moisture and temperature of the soil within these time windows and water the plants
if necessary.

We used an air humidity sensor to gather humidity data. If the temperature is very
warm and the humidity is low, too much water will evaporate through transpiration.
The water loss will lead to the plants attempting to absorb more water, and as they consume
more water, they will consume more nutrients. Excess nutrients will cause the tips of the
leaves to burn, and the leaves will wilt [26]. Hence, watering the soil when the humidity
is too low may not be a good idea. The ESP32 will notify us if the humidity is too high or
low. Based on the humidity readings, along with the other sensor data, we can turn the
automatic irrigation feature on or off.

We can open the valve manually by using the app if there is a need to do so. The irri-
gation data are saved to the app as they help to recognize trends and eventually improve
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the system. The irrigation data consist of the date and time of irrigation, the temperature of
the soil at the time of irrigation, and the rate of the flow of water in the drip line.

Figure 2. The hourly reported temperature in Qatar for May 2023, color-coded into bands. The
shaded overlays indicate night and civil twilight (source: www.weatherspark.com (accessed on 13
May 2023)) [27].

We interfaced the ESP32 with a moisture sensor, temperature sensor, air humidity
sensor, water flow sensor, and solenoid valve. Using the data from these sensors, the ESP32
determines when to open the solenoid valve. The solenoid valve controls the flow of
water into the pipes of the drip irrigation system. The flowchart highlighting the logic
programmed into the ESP32 is shown in Figure 3.

Figure 3. Flow chart of the IoT-enabled smart drip irrigation system.
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When we turn on the system, the ESP32 initializes its non-volatile storage (NVS) flash,
Wi-Fi, real-time operating system (RTOS), soil moisture sensor, temperature sensor, air
humidity sensor, and flow sensor. The ESP32 then connects to the Blynk servers and checks
the moisture content of the soil, temperature, and humidity. If the irrigation system is
currently set to automatic irrigation and if the soil is dry, it then obtains the current time of
the day and compares it to the morning and evening irrigation time windows. If the time is
within the irrigation time window, the ESP32 will check if the soil temperature is within the
ideal range. If the temperature is within the ideal range for maximum water absorption,
the ESP32 will open the valve for an hour and water the plants. The ESP32 will then wait
ten minutes before checking the soil moisture level.

If the soil is dry but the current time is not within the irrigation time windows,
the ESP32 will not open the valve. Similarly, if the temperature is not in the ideal range,
the ESP32 will not open the valve. If the soil is humid during the moisture check, the ESP32
will keep the valve closed. An improved flowchart based on the results of our tests is
presented in Section 5.

4. Materials Used

4.1. Hardware

The system’s main hardware components are a microcontroller, moisture sensor,
temperature sensor, air humidity sensor, water flow sensor, solenoid valve, relay, and a
step-down transformer.

4.1.1. Microcontroller—ESP32

The ESP32 is a low-cost, 32-bit microcontroller. It has built-in Bluetooth and Wi-Fi,
making it useful for IoT applications. It can accommodate multiple sensors and devices
with 48 general purpose input–output (GPIO) pins. We used the inbuilt Wi-Fi of the ESP32
to communicate with the Blynk mobile app or web dashboard. ESP32 sends irrigation
information to Blynk cloud. We can control the valve or set the irrigation time using the
mobile app.

4.1.2. Moisture Sensor—DFRobot

We used a SEN0308 DFRobot soil humidity sensor, which detects soil humidity and
sends analog signals to the ESP32. The sensor is shown in Figure 4.

Figure 4. DFRobot moisture sensor.
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The SEN0308 is a capacitive moisture sensor that offers improved waterproof per-
formance, increased length, and high corrosion resistance [28]. It solves a critical issue
encountered with commonly used resistive moisture sensor probes, which is probe corro-
sion. The SEN0308 has excellent corrosion resistance and can be inserted into the soil for
long periods.

We inserted the sensor probe into the soil. The sensor measures changes in capacitance
that are caused by alterations in the dielectric due to humidity [29]. It does not measure
moisture directly but instead measures the moisture’s ions. The sensor sends analog signals
to the ESP32 based on the measurement, which is converted to a digital signal by the ESP32.

4.1.3. Temperature Sensor—DS18B20

We used a DS18B20 one-wire bus temperature sensor probe, as shown in Figure 5.
These sensors provide up to 12-bit temperature measurements in Celsius and have an
alarm function with non-volatile user-programmable lower and upper trigger points. Each
sensor has a unique 64-bit ID burned in at the factory to differentiate them, which allows
us to control multiple sensors with a single GPIO pin of a microcontroller. This sensor’s
significant advantages are its high accuracy and waterproofing [30].

Figure 5. DS18B20 waterproof temperature sensor.

4.1.4. Air Humidity Sensor—DHT22

We used a DHT22 humidity–temperature sensor, as shown in Figure 6. It is low-cost
and uses a capacitive humidity sensor to measure the humidity in the air. It also uses a
thermistor to measure the temperature. The data can be obtained from the data pin of the
DHT22. The DHT22 is good for 0–99.9% humidity readings wit +/−2% accuracy [31].

Figure 6. DHT22 air humidity sensor.

4.1.5. Water Flow Sensor—FS300A G3/4 Inch

The FS300A consists of a water rotor, a hall-effect sensor, and a plastic valve body,
as shown in Figure 7. The water flows in through the inlet and out through the outlet due
to the flow of water and the wheel rolls, and so does the magnet. The rotation of the magnet
triggers the hall-effect sensor, which outputs high- and low-square waves. We calculate the
water flow by counting the square waves [32].
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Figure 7. FS300A G3/4 inch water flow sensor.

4.1.6. Solenoid Valve—Hunter PGV-100G (24VAC)

We used a hunter PGV one-inch solenoid valve, which is an electrically controlled
valve. This valve is shown in Figure 8. A solenoid is an electric coil with a movable
magnetic core. Applying an electric current to this coil creates a magnetic field, which
moves the core and allows water to flow. If the current is cut off, the valve closes, and the
water flow stops [33].

Figure 8. Hunter PGV-100G solenoid valve.

4.1.7. Relay

A relay is a simple electrically controlled switch. By sending a signal from the ESP32,
we can turn the switch on and supply a 24 V AC to the solenoid valve and open it.

4.1.8. Step-Down Voltage Regulator

The smart drip irrigation system is powered using a 12 V DC adapter. We used a
step-down voltage regulator to supply the ESP32 with the 5 V needed for operation.

4.2. Drip Irrigation Setup
4.2.1. Acrylic Container

To make our irrigation system somewhat portable, we made an acrylic container. We
first cut out the base and walls of the container from an 18 mm thick acrylic sheet using a
computerized numerical control (CNC) machine and then glued them together and applied
silicone, as shown in Figure 9a. Once the glue and silicone were dry, we added some screws
to the container for strength and drilled drainage holes in the base of the acrylic container
to allow for percolation, as shown in Figure 9b. The diameter of the holes ranged from 10
to 12 mm.
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(a)

(b)
Figure 9. Preparing the acrylic container. (a) Curing the super glue and silicone. (b) Drainage holes
drilled in the base of the container.

4.2.2. Soil

After preparing the container, we poured in one and three-fourths of a 50 L bag of
all-purpose potting soil [34], as shown in Figure 10. This translates to 6.280 inches of soil,
which is sufficient for growing green onions as they require 6–8 inches of soil [35]. The soil
is a mixture of organic compost and moisture-retaining coir residues that prolong hydration
and reduce drought stress, making the soil quite useful for the subtropical desert climate of
Qatar. The elemental analysis of the soil is shown in Table 1.

Table 1. Test results of the elemental analysis of the soil [34].

Elemental Analysis Results

Total organic carbon 45.5%
Total organic nitrogen 1.40%

Total nitrogen 1.40%
Sodium chloride 0.76%

Potential of hydrogen (pH) 6.7
Electrical conductivity (EC) 1.51 dS/m

Cadmium (Cd) <0.01%
Chromium (Cr) <0.01%
Selenium (Se) <0.01%
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Table 1. Cont.

Elemental Analysis Results

Carbon nitrogen ratio 34:1
Copper (Cu) <0.01%

Lead (Pb) <0.01%
Molybdenum (Mo) <0.01%

Nickel (Ni) <0.01%
Potassium oxide (K2O) 0.03%

Phosphorus pentoxide (P2O5) <0.01%
Zinc (Zn) <0.01%

Arsenic (As) <0.01%
Mercury (Hg) <0.01%

Organic matter 78.9%
Moisture content 42.2%

Figure 10. Adding soil to the container.

4.3. Drip Irrigation Piping

After the addition of soil, we drilled holes in two opposing walls and added the
mainline, dripline, and drippers, as shown in Figure 11. We will connect the rest of the
smart irrigation system to this basic drip irrigation setup later.

Figure 11. The addition of drip irrigation pipelines.
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5. Experiments and Discussion

5.1. Primary Tests in the Laboratory

The initial tests were conducted in the lab to test the moisture sensor, temperature
sensor, air humidity sensor, water flow sensor, solenoid valve, and firmware. The system
was powered using a power supply. Using the relay, the ESP32 was able to control the
solenoid valve. A loud click noise let us know when the valve was opened or closed.
We calibrated the soil moisture sensor by first reading the value of the sensor in the air
and then placing the probe in a glass of water and re-reading the value. After calibrating
the moisture sensor, we proceeded to confirm that the ESP32, moisture sensor, and valve
worked well together. To do so, we programmed the valve to open if the ESP32 was not in
the cup of water. We then replaced the cup with a potted plant, re-calibrated the moisture
sensor with the soil [36,37], and repeated the experiments.

We connected the DS18B20 temperature sensor to the ESP32 using the GPIO. As ESP32
does not have a dedicated 1-wire bus interface GPIO pin, we had to perform bit-banging
on the GPIO to use the DS18B20. We followed the timing diagrams of the DS18B20 in order
to write and read 1 s and 0 s. Lastly, we performed simple calibration by measuring the
known temperatures [38]. We measured the temperatures of different objects with DS18B20
and compared them to the readings from a FLIR C3-X thermal camera. Figure 12a shows
the temperature measured by the DS18B20 for a cup of hot water, and Figure 12b shows
the thermal capture using the camera for the same cup. We repeated the temperature
measurement with other test scenarios, and the results are shown in Table 2.

(a)

(b)
Figure 12. Measuring the temperature of a hot cup of water using the DS18B20 sensor and a
thermal camera. (a) Temperature measured by the DS18B20 sensor. (b) Temperature measured by the
thermal camera (FLIR C3-X, manufactured by Teledyne FLIR LLC, Wilsonville, OR, USA).
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Table 2. Comparison of the DS18B20 temperature sensor with a thermal camera.

Test
Subject of Temperature

Measurement
Temperature Measured by DS18B20

(°C)
Temperature Measured by Thermal

Camera (°C)

1 Cup of hot water 70.0 70.0
2 Cup of room temperature water 25.0 24.3
3 Cup of cold water 11.5 12.0
4 Dry soil 21.5 21.2
5 Wet soil 24.0 23.4

As the measured temperature difference was less than +/−1 °C, we then proceeded
to connect the air humidity sensor and water flow sensor. We set up an interrupt on the
ESP32 GPIO pin to read the pulses from the flow meter. To calibrate the sensor, we poured
a known amount of water through the flow meter and checked if the sensor could calculate
the amount of water that flowed through [39]. We observed that the error was less than
one percent.

5.2. Comparing the Sensor Readings to Weather Forecasts

To test the accuracy of the sensor measurements in an outdoor environment, we took
the readings from the DS18B20 soil temperature sensor and DHT22 air temperature and
humidity sensor and compared them to the data gathered from timeanddate.com [40]. The
test was conducted over a period of 4 h on 16 June 2023. Table 3 compares the temperature
measured by the soil temperature sensor (DS18B20), air temperature sensor (DHT22), and
the temperature data obtained from timeanddate.com (accessed on 16 June 2023).

Table 3. Comparison of temperatures.

Time (GMT+3)
Temperature Obtained from
timeanddate.com (accessed

on 16 June 2023) (°C)

Soil Temperature Measured
by DS18B20 (°C)

Air Temperature Measured
by Thermal Camera (°C)

12:00 43 44 43
13:00 43 44.5 43
14:00 42 44.5 42
15:00 42 43.5 42

As seen in the table, the air temperature measured by the DHT22 and the data obtained
from timeanddate.com (accessed on 16 June 2023) match. The soil temperature measured
by the DS18B20 was always slightly more than the air temperature. A comparison of the
air humidity is shown in Table 4.

Table 4. Comparison of Temperature.

Time (GMT+3)

Relative Humidity Obtained
from timeanddate.com

(accessed on 16 June 2023)
(%)

Relative Humidity
Measured by DHT22 (%)

12:00 18 16.9
13:00 15 16.4
14:00 14 14.6
15:00 15 17.1

The measured and observed humidity slightly differ. The differences observed may
be due to the differences in measurement locations. timeanddate.com (accessed on 16 June
2023) has a weather station set up at Doha International Airport; our tests were done in
Abu Hamour on a windy day, with wind speeds reaching 37 km/h. Despite the slight
differences, all the sensors performed well and are fit for the smart irrigation system.
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5.3. Testing the Solenoid Valve Outdoors

We used a large 400 US gallon water tank for the irrigation system, as seen in Figure 13a.
We also installed a pump motor to ensure the water flowed with enough pressure to open
the solenoid valve. We placed the motor wiring in a container with a gasket lid to protect
the connections from water and put an acrylic container sealed with silicone over the motor
to provide some protection from the rain, as shown in Figure 13b. Lastly, we made holes in
one of the walls of the container to provide air circulation for the motor.

Once the water tank was ready, we connected the solenoid valve to the pump motor.
The electronic components were placed in a plastic container with a rubber gasket to protect
them from water. The printed circuit boards (PCBs) were fastened into place using screws
and a raiser. We designed a case for the barrel jack of the adapter and 3D-printed it. Next,
we drilled holes into the walls of the container to allow wires to pass through and applied
silicone to prevent moisture from entering the container. The field-ready kit can be seen in
Figure 14a,b.

(a)
Figure 13. Cont.
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(b)
Figure 13. Water tank and pump motor for the irrigation system; (a) 400 US gallon water container;
(b) water pump motor covered for water resistance.

(a)

(b)
Figure 14. Plastic container for the smart drip irrigation system. (a) Components of the irrigation
system placed in the container. (b) Sealed container ready for outdoor use.
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We tested the system and found that the solenoid valve worked well and would let
water flow through as directed by the ESP32. We connected the solenoid valve outlet to
the inlet of the water flow sensor. We made more acrylic containers sealed with silicone to
improve the irrigation system’s overall dust and water resistance. We placed one container
over the extension board and the other electronics. We put the other container over the
solenoid valve and flow sensor. The containers are shown in Figure 15a,b. To keep the
wiring between the PCB and solenoid valves free of water, we 3D-printed a simple case
and sealed it using glue and silicone. This case is shown in Figure 15c. We also placed
the DHT22 humidity sensor in a plastic enclosure and sealed it with silicone, as shown in
Figure 15d.

We found the irrigation system capable of withstanding dust and light rain due to all
the containers and silicone.

(a)

(b)
Figure 15. Cont.
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(c)

(d)
Figure 15. Making the irrigation system water- and dust-resistant. (a) Protecting the electronics with
an acrylic container. (b) Protecting the solenoid valve and water flow sensor with an acrylic container.
(c) Protecting the solenoid wires with a 3D-printed case. (d) Protecting the DHT22 with a plastic case.

5.4. Testing the Entire Smart Drip Irrigation System in the Field

After confirming that the irrigation system was satisfactorily water- and dust-resistant,
we connected the outlet of the water flow sensor to the drip irrigation system’s mainline.
We placed the drippers at different locations and positioned the moisture sensor and
temperature sensor in the soil near one of the drippers. We placed the DHT22 on top of
the acrylic case covering the valve. The entire smart drip irrigation system is shown in
Figure 16.

We tested the system without any plants for the first few days and opened the valve
for just ten minutes at a time. The water flow rate through the mainline was 10 L per hour,
as per the flow meter sensor. We collected the water from the drippers using a bottle for
ten minutes and measured it in a graduated cylinder. We repeated the tests multiple times
and present our findings in Table 5. The average flow rate of 0.64 L per hour falls within
the range specified by the manufacturer of the dripper [41].

Table 5. Measured flow rate of the mainline and drippers.

Test Number
Mainline Flow Rate

(lph)
Flow Rate of Each

Dripper (lph)
Total Flow Rate of

Eight Drippers (lph)

1 16 0.71 5.68
2 10 0.59 4.72
3 12 0.66 5.28
4 10 0.60 4.8
5 12 0.66 5.28
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Figure 16. Smart drip irrigation system working in the field.

We programmed the ideal temperature range to be between 27–32 °C or 80.6–89.6 °F. While
maximum water is used at a soil temperature of 59 °F [42], it is not a temperature that is
easy to reach in the summer months. Hence, we continued our tests with an attainable
temperature range. We also programmed the acceptable relative humidity range to be
between 25% and 90%; 25% was set as the lower limit as most plants grow best with
a relative humidity of over 50%. Although many plants will tolerate lower levels, only
those native to arid regions will tolerate humidity below 25% [43]. If the humidity reading
crossed the lower or upper limit, we received a notification on the Blynk app. For the most
part, the system worked as we expected. The ESP32 opens the valve if the soil is dry and
the current time and temperature are within the programmed ideal range. If the soil is
moist, the ESP32 will not open the valve. However, we discovered some issues during
our tests.

At times, even though the ESP32 had opened the valve once, the soil around the
sensor was not moist. This delay led to the ESP32 opening the valve a second time and
over-watering the soil. To combat this, we modified the firmware to block the valve from
being opened twice on the same day if the water flow sensor was already triggered earlier
the same day. Hence, the flow sensor confirms that the plants received water. It was
possible to manually open the valve via the app if we needed to do so.

Additionally, if the tank was empty during the irrigation window, the ESP32 still
opened the valve and considered that it had done its job, but the soil was dry. If there is a
water shortage, the ESP32 might miss the irrigation window and not water the plants. We
handled this issue by modifying the firmware and setting up a notification. We received an
app notification if the irrigation window had passed, the flowmeter was never triggered,
and the soil was dry even though the ESP32 opened the valve. The Blynk app notification
allowed us to inspect the tank and soil and decide between manually opening the valve or
waiting for the next irrigation time window. The modified flow chart accommodating the
above changes is shown in Figure 17.
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Figure 17. Final flow chart of the smart drip irrigation system firmware.

The most significant differences in the final flowchart occurred after confirming that
the soil was dry. If the ESP32 conducts the moisture check within one of the irrigation time
windows, it then checks if the valve was opened earlier today. If the system had opened
the valve before, it would not open the valve again to prevent over-watering the plants.
If the ESP32 has yet to open the valve and the temperature is in the ideal range, it will open
the valve and water the plants.

Due to the extreme weather changes in Qatar this year, there were days when we
were not even close to the ideal soil temperature for irrigation. We added a safety feature
to ensure that the plants did not remain thirsty just because the soil was not at the ideal
temperature. If the soil is dry, the ESP32 has not opened the valve as yet, and the evening
time window is about to end, the ESP32 will open the valve to water the plants regardless
and note down the temperature at the time of irrigation.

If the valve is opened once, the morning and evening irrigation time windows have
passed, and the soil is still dry, the admin user will receive a notification about the dry soil.
We can then decide if the valve needs to be opened manually through the app.
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After we updated the ESP32 firmware according to the latest flowchart, we planted
onion bulbs into the soil to grow spring onions. We placed the bulbs near the drippers.
Later, we positioned the moisture sensor in the soil near one of the bulbs and drippers. We
then opened the solenoid valve for sixty minutes compared to the ten minutes during the
early testing phase. We then watered the onion bulbs.

6. Results

We checked back on the smart drip irrigation system in one week. The spring onions
had begun to grow atop a few onion bulbs, and the plants were healthy and received plenty
of water. The growing spring onions are shown in Figure 18.

Figure 18. Smart irrigation system used for growing spring onions.

Further details about the irrigation system are available on the Blynk IoT dashboard.
The web dashboard is shown in Figure 19a,b.

(a)
Figure 19. Cont.
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(b)
Figure 19. Web dashboard for the smart drip irrigation system. (a) Switches, irrigation data, and
temperature graph. (b) Humidity and moisture content graph.

The “Valve Manual Open” button allows us to open the solenoid valve as needed and
the “Valve Automation Lock” button allows us to block the automatic irrigation function.
The “Irrigation Data” widget provides the exact date, time, soil temperature, and flow
rate of when the ESP32 last opened the solenoid valve. The “Temperature” graph shows
the fluctuation of temperature throughout the day, the “Air humidity” graph shows the
variation of humidity, and the “Soil Moisture” graph shows the alteration of moisture in
the soil.

We collected the irrigation data over one week and plotted the soil moisture content
graph (Figure 20). The soil is dry if the moisture reading crosses 380. If the moisture reading
is above 380 and the temperature and irrigation window are in the proper range, the ESP32
opens the valve to irrigate the field. The soil is considered wet if the reading is between 190
and 380, and very wet if the reading is between 0 and 190. As seen in the graph, the onions
received water four times this week.

Figure 20. Soil moisture variation for one week.
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Each dripper had a flow rate of 0.64 L per hour and watered an onion bulb for an
hour a day for four days a week. In other words, the onion received 0.64 L of water a day.
The total water provided to an onion over the week was as follows:

0.64 × 4 = 2.56 L (1)

To convert the value into gallons, we divide Equation (1) by 3.785, as shown:

2.56/3.785 = 0.676 gallons (2)

Spring onions or shallots grown from the bulb need about an inch of water per week
to grow well [44]. “One inch of water” refers to the amount of water necessary to cover one
square foot of soil with one inch of water [45]. As there are 12 inches in a foot, the square
inches of water needed per square foot of soil is as follows:

12 × 12 = 144 sq. inch (3)

Moreover, 1 gallon is 231 cubic inches. Thus, when we divide 144 sq. inches by 231,
we obtain the amount of water needed by onion bulbs per square foot as follows:

144/231 = 0.623 gallons (4)

As seen above, the actual amount of water provided to the onion bulbs in a week using
the smart irrigation system in Equation (2) and the recommended amount of weekly water
in Equation (4) are very close; hence, the smart irrigation system succeeds in providing
adequate moisture to the plants.

We plotted the humidity variation graph for one week, as shown in Figure 21. The hu-
midity was mostly above the lower limit of 25%. However, corresponding to some of the
hottest hours of the day, it was not uncommon for the humidity to fall well below the
25% mark.

Figure 21. Humidity fluctuation throughout the week.

We plotted the temperature fluctuation graph for one week, as shown in Figure 22.
The temperatures were the highest between 1 p.m. and 3 p.m. This timing also coincides
with the lowest humidity readings of the day. The highest observed temperature was
46 °C. The temperature was comparatively low during the morning and evening irrigation
time windows.
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Figure 22. Temperature fluctuation throughout the week.

The moisture content, humidity, and temperature data collected are valuable for
observing the weekly and monthly trends, making changes to the firmware, and are
especially useful for building a greenhouse around the smart irrigation system.

7. Conclusions

We were successful in building an IoT-enabled smart drip irrigation system. It provides
an enhanced automation feature, where if the soil is dry, the temperature is in the ideal
range for maximum water absorption, the time falls within the designated morning or
evening irrigation windows, and the ESP32 will open the solenoid valve and water the
plants. We added safety features to prevent scenarios such as over-irrigation, missing the
irrigation time, or leaving the plants thirsty.

Using the Blynk IoT dashboard, we can also monitor soil moisture, temperature, and
air humidity. If the humidity is too low or too high, the admin user receives a notification
on the Blynk app. We can use the Blynk dashboard to stop the automation function or
manually open the valve based on the monitored data.

The smart drip irrigation system is currently being used to grow green onions from
onion bulbs. While the system has been performing well, there are still some areas of
improvement to explore, such as:

• Exploring a companion app where we can select the crop planted; the watering time
would be changed accordingly to meet the crop needs.

• Expanding the system to control multiple sensors and valves.
• Exploring the impact of watering the plants at the ideal temperature for maximum

water absorption make.
• Using Bluetooth or Wi-Fi mesh to control multiple smart drip irrigation systems.
• Exploring some portability options and solar energy systems.
• Integrating pH sensors, wind speed sensors, rain sensors, and more.
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Abbreviations

The following abbreviations are used in this manuscript:

IoT Internet of Things
SBC single board computer
MCU microcontroller unit
LoRaWAN long-range wireless area network
NVS non-volatile storage
RTOS real-time operating system
GPIO general purpose input–output
CNC computerized numerical control
pH potential of hydrogen
EC electrical conductivity
PCB printed circuit board
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Abstract: This paper presents an in-depth contextualized tutorial on Agricultural IoT (Agri-IoT), cov-
ering the fundamental concepts, assessment of routing architectures and protocols, and performance
optimization techniques via a systematic survey and synthesis of the related literature. The negative
impacts of climate change and the increasing global population on food security and unemployment
threats have motivated the adoption of the wireless sensor network (WSN)-based Agri-IoT as an
indispensable underlying technology in precision agriculture and greenhouses to improve food
production capacities and quality. However, most related Agri-IoT testbed solutions have failed to
achieve their performance expectations due to the lack of an in-depth and contextualized reference
tutorial that provides a holistic overview of communication technologies, routing architectures, and
performance optimization modalities based on users’ expectations. Thus, although IoT applications
are founded on a common idea, each use case (e.g., Agri-IoT) varies based on the specific performance
and user expectations as well as technological, architectural, and deployment requirements. Likewise,
the agricultural setting is a unique and hostile area where conventional IoT technologies do not
apply, hence the need for this tutorial. Consequently, this tutorial addresses these via the following
contributions: (1) a systematic overview of the fundamental concepts, technologies, and architectural
standards of WSN-based Agri-IoT, (2) an evaluation of the technical design requirements of a robust,
location-independent, and affordable Agri-IoT, (3) a comprehensive survey of the benchmarking
fault-tolerance techniques, communication standards, routing and medium access control (MAC)
protocols, and WSN-based Agri-IoT testbed solutions, and (4) an in-depth case study on how to
design a self-healing, energy-efficient, affordable, adaptive, stable, autonomous, and cluster-based
WSN-specific Agri-IoT from a proposed taxonomy of multi-objective optimization (MOO) metrics
that can guarantee an optimized network performance. Furthermore, this tutorial established new
taxonomies of faults, architectural layers, and MOO metrics for cluster-based Agri-IoT (CA-IoT)
networks and a three-tier objective framework with remedial measures for designing an efficient
associated supervisory protocol for cluster-based Agri-IoT networks.

Keywords: Bluetooth Low-Energy (BLE); cluster-based Agricultural IoT (CA-IoT); fault management
(FM); multi-objective optimization (MOO); wireless sensor network-based Agricultural IoT (WSN-
based Agri-IoT)

1. Introduction and Tutorial Contributions

Currently, agriculture is the world’s largest business, employing over one-third of the
economically active global population and over 70% of the economically active population
in Africa [1,2]. The impacts of high population growth rates and climate change-induced
drought (according to Figure 1) on food security, unemployment threats and reduced crop
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quantity/quality make smart Agricultural Internet-of-Things technology (Agri-IoT) via
precision farming and greenhouses the most promising remedy. However, the existing
benchmarking Agri-IoT solutions can only be acquired, deployed, and managed by farmers
with sufficient financial resources, an electricity grid, Wi-Fi/cellular coverage, and technical
expertise in IoT, which is generally not the case in Ghana and Sub-Saharan Africa. These
call for a paradigm shift in farming techniques, and the most promising game-changers are
precision farming and greenhouses whose underlying technology is a robust, affordable,
autonomous, and optimized, innovative WSN-based Agri-IoT [3] that satisfies the critical
design expectations presented in Figure 2.

Figure 1. Seasonal failure probability-2014 [4] depicting the extent of climate change impact on
Africa’s farmlands.

Generalized Design  
Expectations of  

WSN-based Agri-IoT  
Technology

SNs Deployment Density
SNs Deployment Uniformity
Routing Architectural Quality

Self-healing Capacity
Self-adaptability to dynamic conditions
Power Optimization
Event Monitoring Accuracy

Affordability
Simple to Deploy and Operate
Location-unrestricted
Infrastructure-less
Based on Freely Available Technologies

Users' (Farmers)  
Expectations

NB: All red-colored expectations are moderated by the associated Routing Protocol (RP)

Performance-based 
Expectations

Use Case-Specific 
Expectations

Figure 2. Generalized design expectations of WSN-based Agri-IoT technology.
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Although few surveys and tutorials have been authored on this subject, they present
mere classifications of communications trends on classical IoT [2,5–8] without any context-
specific technical considerations of the critical design expectations in Figure 2. For instance,
the authors in [2,6,7] examined IoT’s communication infrastructure, platforms, standards,
development trends, and possible network solutions in agriculture. Similarly, the roles of
industrial IoT (thus, identification-based IoT (example, RFID [6], WSN [9], QR codes [5],
barcodes) and communication-based IoT (example, ZigBee [5], Z-wave [6], MQTT [5,6],
LoRa [10], SigFox [11], BLE [12], Li-Fi [5], Wi-Fi [13], Near-Field Communication (NFC) [5],
and power line area network) were reviewed in terms of current research trends, applications,
and main challenges in [5]. Although RFID tags and WSNs have similar data acquisition
capacities, the authors concluded that WSN technology is more energy-efficient and suitable
for Agri-IoT than the costly RFID technologies [5]. Overall, Agri-IoT technology has not
yielded its intended paradigm transformation in the agricultural sector due to several technical
challenges that have not received adequate contextual research considerations [14]:

1. The agricultural setting is a unique area where conventional IoT technologies do

not apply. Existing Agri-IoT solutions are location-restricted because they are mostly
based on Wi-Fi or cellular communication technologies and electricity grids with
constrained coverages in Africa. A typical African agricultural setting lacks access
to reliable electricity and the Internet for cellular/Wi-Fi-based technologies, and the
intended users (farmers) of Agri-IoT technology are low-income earners with limited
technological expertise. Common Agri-IoT applications mainly utilize architecture-
restricted, high-resource-demanding routing techniques (e.g., routing over low-power
and lossy networks protocol (RPL)) and communication standards (e.g., 4G, 5G, Zig-
Bee, LoRa, Wi-FI, and long-term evolution (LTE)) [15], which are difficult to access
in typical African farms. Consequently, Agri-IoT users in Africa expect a context-
relevant solution that is affordable, simple to deploy and operate by non-experts,
location-unrestricted, supportive of large-scale farm management, and based on freely
available technologies that do not require licensing. Thus, they are unlike popular IoT
use cases such as medical, vehicular, and industrial IoT, whose designs are mainly
affected by critical factors including security, stable connectivity, and interference,
respectively, Agri-IoT is compelled to drive on affordable battery-powered SNs, which
make architecture, low-power communication technology, power optimization, cost,
fault tolerance, multihop routing, scalability, and environmental impact critical design
factors in order to address its resource or deployment-induced challenges [12,16,17].

2. High susceptibility to faults and failures: Agri-IoT networks are vulnerable to faults
and failures since the resource-constrained SNs are densely deployed in hostile envi-
ronments to autonomously operate via a network supervisory protocol with limited
post-deployment maintenance services. This supervisory protocol must incorporate
sufficient power optimization, auto-fault management (FM), and self-adaptability
techniques in order to achieve the desired performance expectation. Due to the lack of
an in-depth and context-relevant tutorial that bridges the gap between theoretical tax-
onomies and real-world designs, most canon Agri-IoT testbed solutions, such as those
authored in [1,10,11,17–20], suffered abrupt failures during outdoor deployments.

3. Agri-IoT technology lacks comprehensive context-based synthesis from SN de-

sign to field deployment. The power- and resource-constrained SNs that form
the WSN-based Agri-IoT network in the aforementioned context require limited
data transmission rates, computational capabilities, memory capacities, commu-
nication distance, and operational stability. Consequently, the associated routing
protocol [9,12,17,21], communication technology, and routing architecture [22–24]
must support mechanisms that ensure packet size and communication distance mod-
eration [16], efficient channel access management (CAM), and SN’s tasks manage-
ment. It is not a mere application of conventional IoT to a farm, as many authors
attempted [1,10–12,17–20,23,25,26], which lacked application-specific requirements
such as dense network inter-connectivity, higher information perceptibility, compre-
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hensive intelligence services, remote monitoring, smart decision making, and the
execution of precise control/actuation actions on the farm.

4. Superficial consideration of desired communication technologies of Agri-IoT with-

out considering the cluster-based architecture: To date, Agri-IoT-related surveys and
tutorials focused on high-power-demanding communication technologies (Wi-Fi and
cellular-based technologies), the centralized architecture-constrained ZigBee standard,
and the operation principles of conventional IoT as authored in [1,10,11,14,18,19]
without an in-depth consideration of the unique case of Agri-IoT. It is well estab-
lished that the cluster-based architecture is the best candidate for Agri-IoT applica-
tion [12,16,17,24]; however, there are no systematic evaluations to cement this fact.
For instance, most benchmarking WSN-based IoT testbed solutions are founded on the
ZigBee IEEE 802.15.4 communication standard and high-resource-demanding Wi-Fi,
cellular-based, and 6LoWPAN/IPv6 routing standards. These standards also thrive on
wired or fixed IP-based infrastructural backbones, total Internet/electricity coverage,
and highly complex graph-based and centralized routing protocols [1,10,11,14,18,19],
leading to a lack of global significance because Africa, which is the focus of this study,
has less than 50% electricity/Internet coverage [27]. Also, ZigBee, Wi-Fi and cellular-
based communication technologies with centralized or flooding-based routing archi-
tecture [1,10,11,14,18,19] are capital-intensive, complex to manage, location-restricted,
energy-inefficient, and over-reliant on fixed supporting infrastructure. Therefore,
an in-depth contextual assessment of how low-power communication standards such
as LoRa, SigFox, and Bluetooth Low-Energy (BLE) evolve in cluster-based Agri-IoT
(CA-IoT) networks can be of immeasurable benefits to the IoT community and farmers.

5. The role of Agri-IoT in eliminating food insecurity, improving crop quality, alle-

viating global poverty, and increasing agricultural production volumes has been

underestimated [2,7,8,10,16,28,29]. The agricultural sector, which has been hindered
by climate change, is the largest global employer [3]. To revitalize this sector, CA-IoT
has emerged with the most promising opportunities to address food and employ-
ment insecurity issues and improve crop quality and economic conditions for the
farmers. However, these benefits have not been fully realized due to insufficient
research publicity.

To the best of our knowledge, no survey or tutorial articles have sufficiently consid-
ered these technical issues and provided sufficient technical guidelines for the designers of
Agri-IoT systems to make well-informed decisions in order to achieve satisfactory network
performance. Additional realistic research is needed regarding the contextual evaluation
of SN design and deployment factors, fundamental network design concepts and require-
ments, multi-objective optimization (MOO) analysis of the parameters for designing the
associated routing protocol, and efficient operational metrics of the WSN sublayer of the
Agri-IoT using the cluster-based architecture. In addition, the assessment of the possibil-
ity of using low-power and accessible wireless communication technologies such as BLE
via cluster-based architecture to achieve a complete infrastructure-less, cheaper, energy-
efficient, self-healing, adaptive, and robust Agri-IoT network is imperative. Furthermore,
a broader contextual overview covering all vital aspects such as the fundamental concepts
of Agri-IoT, technical design requirements of SNs and WSN-based Agri-IoT, surveys of the
benchmarking communication standards, routing protocols, and testbed solutions, and an
in-depth case study on how to design a self-healing, energy-efficient, adaptive, and CA-IoT
based on the performance and users expectations are illustrated in Figure 2. Such a refer-
ence document can help support researchers when they attempt to accurately model and
optimize the performance of Agri-IoT [14] so that the performance gap between the simu-
lated networks and the realized Agri-IoT testbed solutions [1] can be addressed. By way of
addressing these technical challenges, this tutorial presents the following contributions:

• Perform an in-depth synthesis and review (1) the basic concepts of Agri-IoT, (2) the
comprehensive design considerations of these networks, (3) the technical design re-
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quirements of Agri-IoT, and (4) the up-to-date research progress on routing techniques,
communication standards, and testbed solutions of WSN-based Agri-IoT.

• Systematically survey the benchmarking of WSN-based IoT networks’ communication
standards, FM techniques, routing and MAC protocols, and realization testbeds to
respectively uncover the appropriate communication requirements for Agri-IoT, unveil
the root faults and possible remedies in the WSN sublayer, derive a generalized
taxonomy of routing architectures, and define appropriate routing paradigms for
WSN-based Agri-IoT using the core PHY layer design metrics: affordability, self-
healing capacity, energy-efficiency, location independence, and network adaptability.

• Systematic synthesis of canon cluster-based routing protocols to uncover the plethora
of possible research gaps, derive a realistic taxonomy of MOO metrics and propose
possible MOO remedies that can be implemented using CA-IoT routing architecture
freely available low-power communication standards.

• Proposition of MOO-induced guidelines in the form of open issues that can help Agri-
IoT designers to build adaptive, robust, fault-tolerant, energy-efficient, affordable,
and optimized CA-IoT networks in both simulation and real-world implementations.

Overall, this tutorial is motivated to provide a contextualized, in-depth understanding
of this technology and assist the reader in designing robust, affordable, and optimized Agri-
IoT networks that can act as reliable game-changers to avert the stipulated challenges. Also,
the critical design, deployment, and QoS requirements of WSN-based Agri-IoT networks
from theoretical modeling to real-world deployment are unveiled in order to bridge the
existing gap between the theory and practice of this technology [1,14].

The remainder of this paper is organized into the following sections: Section 2
provides a brief background comparative overview of WSN, IoT, and Agri-IoT technologies,
while Section 3 focuses on their components, protocols, architectural layers, and proposed
architectural layers for WSN-based Agri-IoT technology. Section 4 presents the detailed
contextual design and implementation requirements of Agri-IoT networks, while Section V
deduces the unique characteristics, challenges, and proposed performance expectations of
the associated routing protocols for the WSN sublayer of Agri-IoT. Sections 6–8 present
systematic surveys on routing protocols, FM techniques, and the canon real-world testbed
implementations of WSN-based Agri-IoT solutions. Section 9 examines how the above
discussions have evolved using a case study of cluster-based Agri-IoT (CA-IoT) for precision
irrigation.Section 10 unveils open issues and future works, while Section 11 concludes
the paper.

1.1. Comparative Overview of WSN, IoT, and Agri-IoT Technologies

A comparative overview of the underlying technologies (i.e., WSN, IoT, and Agri-
IoT) forming the WSN-based Agri-IoT are compared from the perspective of architectural
variations, users’ expectations, and design and implementational differences in Table 1.

As depicted in Figure 3, WSNs are formed by spatially distributed, autonomous,
resource-constrained SNs that wirelessly interconnect to communicate their sampled data
to a BS for further monitoring or event tracking purposes without necessarily requiring
the Internet. The main components of the WSN are the SNs, the BS/gateway, and the
event sampling/routing software that supervises the entire network process. A node
may route data directly or via relay SNs to the BS based on its location and assigned
tasks. The BS locally takes actionable decisions and execution of the actuation actions.
Although the WSNs are resource-constrained and fault-vulnerable, they constitute the
inevitable part of this technology [2] and the underlying innovation of the WSN-based
Agri-IoT framework. In contrast, classic IoT consists of IoT devices that sense and transmit
their sampled information directly or via telemetry to the Internet for monitoring or event-
tracking purposes, mostly via the centralized routing architecture. Like BS in WSNs, IoT
devices can connect to the Internet/IoT cloud via fixed-line (thus, for a factory), 5G/4G/LTE
cellular/mobile networks, or Wi-Fi for further processing, storage, and decisions/actions.
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Table 1. Comparison of WSN, IoT, and Agri-IoT technologies.

Characteristics WSN Technology IoT Technology Agri-IoT Technology

Internet Connectivity
SNs have no direct connection to
the Internet, always via a
BS/router/gateway if necessary

Nodes directly send sampled
data to the Internet

SNs’ Internet connectivity can be either
direct or via a BS

Critical Design Factors/
Expectations Application-specific Security, interference, linking

fleet

Power optimization, routing
architectural support, fault tolerance,
on-site auto-actuation demand,
and self-adaptability to network
dynamisms

Deployment Density Application-specific Moderate High

Power Supply Constraints Application-dependent Application-specific Compelled to drive on battery power

On-Site Electricity and Internet
Coverage May be possible Required Mostly inaccessible

Implementational Routing
Architecture Centralized or flooded Mostly centralized Contextualized cluster-based but

inadequately researched

Communication Technology Application-specific
May use high-power standards
such as Wi-Fi, cellular-based,
satelite, fixed-line, etc.

Requires low-cost low-power
standards such as BLE, LoRa, SigFox,
ZigBee, etc. that support cluster-based
architecture

Users’ Expectations Performance stability Performance stability

Affordability, autonomous
performance stability,
location-independence, simple to
deploy and operate by non-experts,
supportive of large-scale farm
management, and based on freely
available communication technologies
that do not require licensing.

Network Type Data-centric Use information network directly Mostly data-centric

Basic Components Resource-constrained SNs, BS or
Sink Node

May include smartphones, PCs,
WSN, BS, Internet, IoT cloud
with data analytic tools, and the
user interface app.

WSN, BS, IoT-cloud with
application-defined user apps and data
analytical engines

Security and Privacy Medium High Low

On-Site Actuation Required? Not always No Yes

Network Participant Mobility
during Operation Usually static Mobile Application-specific

As presented in Figure 4, WSN-based Agri-IoT is an information- and knowledge-
intensive intelligent feedback control system for farm monitoring, data sampling/computing,
resource optimization, automation of farm operation (e.g., precision irrigation, chemical ap-
plication, livestock monitoring, and disease management [16]), and actionable decision mak-
ing via a variety of battery-powered and wirelessly connected SNs with sensing, processing,
and communication capacities [2,29,30]. Unlike the WSN, Agri-IoT and IoT sample data to
an Internet-based cloud. The SNs that form the WSN sublayer are spatially distributed and
self-configured to achieve a myriad of remote sensing, surveillance/monitoring, and control
applications via automated sensing, wireless communication, and computing, making in-
formed decisions and performing actuation control [31] using precise, accurate, and timely
sampled information about a real-world phenomenon [32].
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Figure 3. Generalized Agri-IoT framework consisting of: field layout overview of Agri-IoT framework
(a), sample of classic Agri-IoT in the state of the art (b), and key components of an SN or a BS (c).
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Figure 4. Conceptual framework: Agri-IoT-based farm monitoring and control cycle.

The main hardware components of an Agri-IoT framework, as presented in Figure 3
and Table 2, include the WSN (i.e., comprising the field-deployed SNs or IoT devices),
a base station (BS) or gateway or actuator controller, cloud servers, and the user’s monitor-
ing/control devices. The on-farm participants (e.g., SNs and BS) in Agri-IoT are mostly
battery-powered and must be equipped with sensing, computing, and communication
abilities to form infrastructure-less, robust, self-healing, and self-configured WSNs for data
collection and event management [33]. The core units of the SNs in Figure 3c and the BS
are compared and contrasted in Table 2. As the framework in Figure 3a depicts, the IoT
devices can sense, process, and transmit their sampled data directly to the Internet or IoT
cloud without a gateway, whereas the SNs in WSN-based Agri-IoT perform likewise via
a BS. This resource-sufficient BS interfaces between the IoT cloud/user and the WSN or
actuator control system. It can also process the received data and locally execute actionable
decisions via the actuator of the farm event being monitored. The received data can also be
relayed to the analytical data engines in the IoT cloud via a wired and wireless medium for
further processing and actions [13]. The resource-constrained WSN sublayer mainly uses
data-centric protocols due to the SNs’ high deployment densities, high network dynamics,
and limited power supply of SNs. Although data-centric protocols are fragile and not
standardized, they are more suitable than the high resource-demanding ID-based IPv4 or
IPv6 protocols in the addressing space of the WSN-based Agri-IoT.

Table 2. Comparison of SN and BS.

Network
Participant

Power Source Communication Technologies Controller Type
Processor/Memory
Requirements

Requires
Sensors

SN Mostly battery-powered

Mostly relies on low-power,
short-ranged standards such as
BLE, LoRa, SigFox, and ZigBee for
on-field communication

Can be Arduino-based,
Raspberry Pi
(RPi)-based, etc.

Low processing and
storage powers but
based on SN roles

Yes

BS
Can be battery-powered
but mostly use a more
reliable power supply

Mostly communicate with IoT
cloud via fixed line, Wi-Fi, cellular
technologies, and the WSN via
the low-power standards,
e.g., BLE, LoRa, SigFox, ZigBee,
LoRa-based Satellite, etc.

Can be RPi or
Arduino-based or a PC.

Requires high memory
and processing powers No
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Agri-IoT combines WSN and IoT technologies into contextualized intelligent farm
management systems to achieve higher event data quality and offer remote monitoring
and control. WSN-based Agri-IoT consists of the WSN sublayer, the gateways, the cloud
servers, and the remote interface application, as illustrated in Figures 3a and 5. Uniquely,
the current trends of Agri-IoT mandate that both intra-SN and BS–cloud communication
are based on low-power, ubiquitous, and freely available wireless standards [2]. Also,
most Agri-IoT solutions support bidirectional communications between the BS/gateway
and the cloud/users, whereby the BS updates the cloud/user database and receives ac-
tionable/control remote messages from the user or cloud analytical decision results for
actuation purposes. The WSN-based Agri-IoT is the most dominant technology in the global
smart farming use cases in the agricultural sector. The core tasks of SNs in a WSN-based
Agri-IoT application, which are frequently supervised by the associated routing protocol,
include network construction/management, data sensing, data processing/aggregation,
fault tolerance, and communication [9,12]. Also, the routing architecture must be supported
by the associated communication platform and the application-specific requirements of
the network.

Things 
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(Actuator controller) 

IoT Cloud Servers 
(Data storage and process) 

SNs, Actuators, IoT-Enabled
Devices, WSNs

Zigbee, LoRa, SIGFOX,
BLE, Z-Wave, etc
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Mobile, LoRa DSL, Fibre

Edge
Computing

User Innterface
Mobile App,

Web App
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Network Management & 
 Actuator Control Layer 
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(Storage, Data Analytic Engines)

Integrated Application Layer, 
Business Layer
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-Purpose of use  
-Type of internet 
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-Type of device 
 (sensor, server etc.) 
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-Energy consumption
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e.g., 
DDS
CoAP 
AMQP 
MQTT 
XMPP 
HTTP

DDS: Data Distribution Service, CoAP: Constrained Application Protocol
MQTT: Message Queue Telemetry Transport, XMPP: Extensible Messaging and Presence Protocol 
AMQP: Advanced Message Queuing Protocol, HTTP: Hypertext transfer protocol

Figure 5. Proposed Agri-IoT architectural layers with core components of Agri-IoT ecosystem and the
“things” taxonomy.

Unlike IoT and WSN whose design expectations are application-specific, WSN-based
Agri-IoT requires holistic integrations of the expectations in Figure 2.

1.2. Classifications of IoT Applications and Specific Roles of Agri-IoT

Generally, IoT technology is application-specific. However, it has limitless applications
and roles in the smart world agenda. Based on their intended purpose, WSN-based IoT sys-
tems can be broadly classified into condition monitoring and event-tracking categories [34],
as illustrated in Figure 6.

The monitoring-based applications involve real-time event data collection and analysis,
supervision, and operational control of systems. In contrast, tracking-based applications
track changes in the phenomenon of interest, such as the locations of objects, persons,
transported goods, animals, and vehicles. Both application domains can be subdivided
into industrial, environmental, and societal IoT applications in Figure 6, where specific
examples are provided for each application domain. For instance, monitoring-based ap-
plications may include indoor/outdoor environmental monitoring [6], industrial process
monitoring [5,29], process control [2], greenhouse automation [7], precision agriculture
(e.g., irrigation management, crop disease prediction, prediction of production quality,
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and pest and disease control) [2,8], biomedical or health monitoring [8], electrical grid net-
work monitoring/control [12,29], military location monitoring [9], and so forth. Conversely,
specific examples of tracking-based applications may include habitat tracking, traffic tracking,
plant/animal condition tracking, and military target tracking, as outlined in Figure 6.
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Monitoring 

Event  
Tracking

Industrial IoT

Environmental IoT

Societal IoT

Industrial IoT

Environmental IoT

Societal IoT

Public Health: WSN Body Area
Network-WBAN
Military: Enemy tracking
Farm Animal Tracking

Vehicular Tracking
Equipment & Goods Tracking
Smart Tracking Control

Aerospace & Aviation
Smart Transportation &
Logistics
Smart Electrical Grid &
Metering Systems
Warehouses & Storage
Industrial Process & Plant
Automation

Smart Agriculture: Precision
Farming & Greenhouses 
Disaster Management
Pollution Control
Infrastructural Monitoring
Smart Power Plants

Security & Surveillance
Military: Intrution
Detection
Medical IoT
Entertainment & Media
Smart Environment: e.g.
Homes, Schools, Cities,
Hospitals

IoT  
Applications 

Figure 6. Generalized taxonomy of IoT applications.

1.3. Agri-IoT Roles and Use-Cases

The concept of intelligent farming involves data acquisition, data processing/planning,
and smart control using the WSN and IoT technologies, big data, and cloud computing
techniques to provide profitable solutions, as presented in Figure 7. These principal roles
in Figure 7 define their use cases. For instance, monitoring the state of crops or the
climate of the field using Agri-IoT technology can allow farmers to know precisely the
amount of pesticides, water, and fertilizers required to attain optimal crop quality and
production volume. However, the QoS requirements, the routing techniques, architectural
requirements, and the operational dynamics differ from one use case to another. This
tutorial focused on the critical and unique design requirements of WSN-based Agri-IoT,
which is the backbone of the smart agricultural initiative [35]. The resulting use-cases in
Figure 7 can be explained as follows:

1. Agri-IoT for Climate Condition or Agronomical Monitoring: This Agri-IoT system mostly
comprises BS (i.e., weather stations) and a deployed WSN. The analytical data engines
mine the sampled climate or crop condition data in the cloud to predict future climate
conditions and farm automation plans. The most suitable crop and precise farming
practices can then be predefined to improve agriculture production capacity and
quality.

2. Agri-IoT for Precision Farming: This is the most famous application of Agri-IoT, whereby
farming practices (e.g., irrigation, fertilizer application, etc.) are precisely and accu-
rately controlled to optimize these resources. Here, the SNs are mostly fitted with soil
sensors to collect a vast array of microclimatic data (e.g., soil moisture, temperature,
and salinity) that can enable farmers to estimate optimal amounts of water, fertiliz-
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ers, and pesticides needed by the crops to minimize resources’ costs and produce
healthier crops. Additionally, the BS controls the event actuation system via accurate
data-driven real-time decisions on the crops using climate data, crop growth data,
and disease infection data.

3. Agri-IoT for Greenhouse Automation: The Agri-IoT-based approach provides more accu-
rate real-time information on greenhouse conditions, such as lighting, temperature,
soil condition, and humidity, unlike manual greenhouse management. This allows
precise remote monitoring and control or automation of all farming practices.

4. Agri-IoT for Livestock Monitoring and Management: In this system, SNs are attached
to livestock to monitor their real-time health, track their physical location, and log
their performance. This helps the farmer identify and isolate sick animals to avoid
contamination and reduce staffing expenses.

5. Agri-IoT for Predictive Analytics: This Agri-IoT system provides highly relevant real-
time data that can be analyzed to make essential predictions, such as crop harvesting
time, risk of disease infection, yield volume, yield quality, and yield vulnerability,
for proper planning.

6. Agricultural Drones (Agri-Drones): Agri-Drones, such as DroneSeed, are fitted with
mobile SNs and farming tools to collect agricultural data or perform activities such
as field surveillance, crop planting, pest control, farm spraying, crop monitoring, etc.
For example, for Agri-Drones, all the above use cases utilize the WSN-based Agri-IoT
framework.

Resource Optimization  
e.g. water, fertilizer,  

pesticides, insecticides

Soil Management 

Crop monitoring/ Animal
Condition monitoring or

tracking (Disease Control)

Farm Automation

Roles of  
Agri-IoT

Roles of  Agri-IoT  
in Smart Farming

E.g. Crop Monitoring via: 

Agric. Drones
Climatic Conditions
Smart Greenhouses
Precision Farming

Taxonomy of  
 Agri-IoT Use-cases

WSN-based Agri-IoT Use-Cases 

Climate Condition Monitoring
Precision Farming
Greenhouse Automation
Livestock Monitoring 
Predictive Analysis

Drone-based Agri-IoT  
Use-Cases 

DroneSeed
Agri-Drones

Figure 7. The roles of Agri-IoT in smart farming with specific use cases.

2. The Agri-IoT Ecosystem

The authors in [1,14] established that the existing real-world attempts of Agri-IoT could
not meet both performance and user users’ expectations because they are founded on the
fundamental concepts and the operational principles of classic IoT and WSN technologies.
To effectively achieve the expectations in Figure 2, it is imperative to conduct a systematic
assessment of the related architectural layers in classic IoT and propose a suitable option for
the WSN-based Agri-IoT ecosystem. Generally, the conventional IoT ecosystem consists
of the network architectural layers and the data management platforms [2,7,8], which
are further grouped into devices (sensors, actuators, and gateways/BS), network (BS to
cloud), platforms/applications’ cloud, and agents/users. Due to the domain-specific
requirements of IoT applications and the incorporation of numerous heterogeneous devices
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with application-specific requirements, there are generally no unified or standardized
IoT architectural layers. Therefore, most application-defined layers are frequently adapted
from the canon architectural layers, which include the three-layer [5], the cloud-based [7],
the service-oriented architecture (SOA) [2,7], and the fog-based [2,7,29], as illustrated in
Figure 8.

Physical/Perception  
Layer

Process Layer

Cloud-based 
Architecture of IoT

Cloud Services

Gateway

Physical  
Layer

Network Layer

Application 
 Layer

The 3-Layer 
Architecture of IoT

Client Services

Storage Layer

Data from IoT 
Devices

Processing Layer

Fog-based 
Architecture of IoT

Data Acquisition Layer

Network Layer

Interface Layer

Management Layer

Service Oriented 
Architecture of IoT

Physical & MAC Layer 
e.g.  Z-wave, ZigBee

Adaptation Layer 
IPv6, 6LoWPAN

Application Layer

Network Layer e.g. 
 IPv4, IPv6, RPL,RCEEFT

6LoWPAN Layer  
Structure (e.g. RPL)

Transport Layer,TCP, UDP

Figure 8. Different architectural layers in the state of the art of IoT ecosystem.

The fog-based architecture was adapted from the three-layer parent architecture to in-
clude cloud computing by offering computing, storage, and network information between
the clients and the cloud services [29] in a decentralized manner. Here, cloud computing
and fog/edge computing architectures only differ in where data computing occurs. These
layers are not unified because the respective network layers do not cover all underlying
technologies that transfer data to all IoT platforms [5]. Additionally, they are based on com-
plicated centralized and flooding-based routing architectures, high-resource-demanding
and capital-intensive Wi-Fi/cellular-based communication technologies. As well, they
require wired infrastructural support in the farm, which is too complex, location-restricted,
and capital-intensive for most low-income and non-expert farmers to implement and
manage. Consequently, they are unsuitable candidates for the resource-constrained SNs
in WSN-based Agri-IoT. By implication, there are no reference guidelines for designing
Agri-IoT participants and supervisory protocols, controlling the speed of packet delivery,
smoothing out SN’s integration, unifying technology, and creating standardized Agri-
IoT reference models, among other considerations. In contrast, an Agri-IoT ecosystem,
depicted in Figure 3, consists of:

1. Agri-IoT network architectural layers: This shows how the physical network elements,
network operation principles, and operational techniques interact throughout the
entire ecosystem.

2. Network supervisory software/routing protocol and routing architectures: This con-
tains the virtual arrangement of multiple network elements [8] and the event sam-
pling/routing protocol that constructs the routing architecture, supervises sampling
and moderates all communications in the PHY layer.

3. Data management platform: It hosts all high-resource-demanding data analytic en-
gines, event databases, and remote control algorithms in a cloud model.

2.1. Proposed Architectural Layers for WSN-Based Agri-IoT

In designing an efficient Agri-IoT system of global significance, it is imperative to
propose suitable architectural layers and evaluate how the various components interact in
these layers. With the emerging advances in low-power, freely available, and boundless
communication standards (e.g., BLE) and unfulfilled potentials of CA-IoT network [12,16],
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a new framework of cluster-based architectural layers for the WSN-based Agri-IoT ecosys-
tem is proposed in the left side of Figure 5. The center portion of Figure 5 presents the key
components/technologies required in each layer, while the Things taxonomies of hardware
components from the related literature [4,8,29] are depicted on the right portion of Figure 5.
The underlying layers in our four-tier layers in Figure 5 can be elaborated on as follows:

1. Integrated Application and Management Layer: This operates all agriculture-related
applications that interface between the user (for example, farmer) and the Agri-IoT
system to make decisions and execute remote actions to keep their crops or animals
healthy. This layer manages the entire Agri-IoT system and its application-specific
functionality, high-resource-demanding applications, and core business model in the
cloud. This layer’s security requirements are crucial to the next sublayer; however,
these are beyond the scope of this research. The business or management sublayer
maintains end-to-end data integrity and security by ensuring that data are transferred
to the correct user. It also ensures that the correct user executes the actuation.

2. Information Management Layer: This handles data processing, storage, and other special-
ized cloud services and functionality that make precise, actionable decisions. In Agri-
IoT, the sensory data are preprocessed locally to optimize communication power
but can be further processed using analytic engines in the cloud for better decision
making and remote monitoring and control. This layer can be embedded in the above
application layers and hosted in the cloud in a typical Agri-IoT ecosystem.

3. Network Management Layer: This layer discovers, connects, and translates devices over
a network, and it coordinates with the above application layers. It also contains the
BS, which interfaces the resource-constrained WSN and cloud information network.
By convention, the WSN sublayer must utilize low-power communication standards
such as Zigbee, SigFox, LoRa, BLE, Z-Wave, SigFox, and IEEE P802.11ah (low-power
Wi-Fi), while the BS-to-Cloud connectivity can be achieved via the traditional cellular
networks, satellite networks, Wi-Fi, LAN, WAN, and LoRa, among others. Unlike clas-
sic IoT, Agri-IoT requires that the BS-to-Cloud connectivity utilize low-power commu-
nication standards. Also, since every communication standard for the resource-limited
WSN sublayer comes with unique resource specifications and design tradeoffs be-
tween power consumption, routing architectural constraints, and bandwidth [4,14,17],
the best connectivity option must be selected to achieve the desired application goals.
Consequently, the stated WSN-based connectivity technologies can be classified using
several distinct parameters, such as energy consumption rates, uplink/downlink data
rates, packet size, SN-count per BS (gateway), network routing topology, the SNs’
sensing range, the SNs’ transmitter/receiver power, frequency bandwidth, channel
width, etc. (refer to the right portion of Figure 5).

4. Physical/Perception/Things Layer: This layer refers to the field and all devices such as
SNs, actuators, RFID tags, sensors, and edge devices that interact with the environment.
This layer senses and collects the necessary information from the connected devices in
the WSN sublayer to the BS. In Agri-IoT networks, the sampled microclimatic data
can be processed and stored on the local BS, the cloud, or both. The activities in the
cloud or application layers are beyond the scope of this tutorial.

2.2. Associated Hardware Components and Technologies Required in the Proposed Architectural Layers

To precisely model and design an Agri-IoT network of desired expectations (refer to
Figure 2) using the proposed architectural layers shown in Figure 5, the knowledge of the
principal components and technologies used in each of these layers and how they interact
and adapt for their intended functions is imperative. As depicted in the middle of Figure 5,
the Agri-IoT ecosystem is composed of the following core components/technologies:

1. Things: The Things unit is the physical interface between the tracked/monitored asset
and the BS or actuator controller, which aligns with the physical or perception layer. It
comprises the monitored/tracked asset (for example, field, crop, or animal), the SNs,
or the entire IoT devices making up the WSN (for example, SNs, actuators, IoT-enabled
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devices, WSNs, and other smart devices), the event sampling, and routing technology
in the WSN. Since the SNs constituting this unit are resource-constrained, freely
available communication standards such as Zigbee, BLE, Z-Wave, and IEEE P802.11ah
(low-power Wi-Fi) are the most suitable for both SN–SN and SN–BS communications.
The Things unit accesses the cloud/Internet via gateways (BS).

2. Gateway (BS): The BS interfaces the WSN out in the field and the applications situated
in the cloud servers. This unit aligns with the network management and actuator
control layer shown in the middle of Figure 5. The WSN sublayer may have more
than one BS(s), each with the capacity to handle most resource-demanding com-
putational tasks besides actuation execution, network construction, scheduling of
event sampling, and network supervision services. They may also allow bidirectional
communication with the cloud/user and WSN. Similar to standalone IoT devices,
the BS can be equipped with 4G/5G/LTE/NB-IoT, cellular-based, Wi-Fi, LoRaWAN,
or wired ethernet communication technologies to interact with the cloud, and low-
power communication standards such as LoRa, low-power Wi-Fi, SIGFOX, UMTS,
BLE, and Zigbee (Figure 5) to communicate with the sensor field. However, Agri-IoT
networks require that both upper-layer and lower-layer communication technolo-
gies of the BS should be low-power, freely available, easy to deploy and manage,
and platform-independent. The BS may preprocess or relay the raw data to the cloud
for remote data processing. The BS(s) locations are strategically chosen to optimize
network communication costs.

3. IoT Cloud: The Cloud unit aligns with the applications layer. It consists of an on-
premises or remote server farm that hosts the applications layer, event data analytic
engines, security protocols, robust IoT applications, user interface, and event database.
The high resource-demanding data-processing tasks are mostly executed by well-
equipped cloud-hosted applications to manage and store huge amounts of data,
provide monitoring and data analytical services, enable communication with devices,
and manage information access. The merits of edge computing can be exploited to
ensure that large amounts of data are post-processed off-device to reduce the response
times of the cloud.

4. User Interface: With the aid of a web or mobile app, the user or farmer can live-
monitor the farm’s conditions and execute control actions. Additionally, a presentation
or business intelligence layer may be added to coordinate the activities of non-technical
business users through dashboards and reports rather than with the application
layer itself.

2.3. Quality Expectations of Agri-IoT’s Architectural Layers

Although there is no unified, certified, and flexible Agri-IoT architecture layer, any
suitable options deduced from the benchmarking architectures in Figure 8 must satisfy
certain quality requirements, including:

1. Simultaneous data acquisition, analysis, and control from many sensors or actuators.
2. Minimization of huge raw data transmissions via data aggregation techniques to

maximize actionable information quality.
3. Provision of reliable network architecture that supports energy-efficient routing, sta-

ble connectivity, self-adaptability, fault tolerance, operational simplicity/flexibility,
platform independence, affordability, and location independence of Agri-IoT designs.

4. Support for automated/remote device management and updates.
5. Easy integration of each layer with existing applications and other IoT solutions via

specified APIs.
6. Utilization of freely available, location-unrestricted, cheap, energy-efficient, and simple

to deploy and manage by non-experts [4,29] underlying communication technologies
in the PHY and network layers as well as based on open standards to guarantee
interoperability.
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3. Design and Implementation of Agri-IoT Networks

Despite the technical challenges associated with the WSN-based Agri-IoT, its potential
contributions in the agricultural sector largely surpass the least complex, capital-intensive,
pure IoT-based solutions, as illustrated in Figures 3b and 7. Due to the broader applicability
and higher significance of the WSN-based Agri-IoT networks relative to the classic IoT
networks, this study focuses on the former technology whose design and implementation
involve four crucial phases, namely:

1. Custom-building of robust, affordable, energy-efficient, location-independent, and
adaptive SNs and a BS that can form an infrastructure-less and easily manageable WSN.
The SNs and the BS must consist of cost-effective, architecture-defined, and context-
defined components so that the system operates stably and efficiently, becomes afford-
able to farmers, and easily integrates to any real-world scenario without any expensive,
fixed/wired backbone connections. The low-power capabilities of the SNs help to
easily integrate them into any precision farms and greenhouses to operate over the
entire crop season without many technical hindrances.

2. Physical deployment of the SNs in the field, selection of the WSN’s communication
technology, and design of a suitable supervisory protocol to coordinate the construc-
tion of appropriate event routing architecture, the duty-cycle schedule of event sam-
pling to the BS, fault management, data management, and network maintenance.
Additionally, a range of techniques such as network participant mobility, cross-layer
design, MAC techniques, data aggregation, self-healing techniques, nodes’ duty-cycle
schedule, security measures, localization, and communication specifications of the
SNs can also be exploited in the associated routing protocols.

3. Selection of appropriate BS/gateway communication technology and design of a
suitable higher protocol to update the cloud database and execute the actuation
actions based on users’ requests or decisions on processed event data.

4. Design of data analytical engines and applications in the cloud and users’ remote
monitoring and control interface app, which is beyond the scope of this tutorial.

These call for a systematic application-specific assessment of the hardware components
selected for every use case.

3.1. Sensor Nodes Design Considerations

As illustrated at the bottom of Figure 3, a node for the WSN-based Agri-IoT network
consists of four main units, which include the following:

1. Sensing Unit: This unit interfaces with the physical environment and records the
physical phenomenon of interest. The type of sensor is application-specific and can
be contact-based or non-contact-based. For instance, the STEMMA soil moisture
sensor and the DHT22 sensor can be used to sample environmental temperature and
humidity (refer to Figure 3c).

2. Controller Unit: This unit hosts the processor, storage, and connection pins for the
other units and all auxiliary peripherals. The suitable controllers for building Agri-IoT
SNs are Arduino-based and Raspberry-Pi-based (refer to the bottom of Figure 3) due
to their ability to withstand extreme weather conditions. However, other off-the-shelf,
application-specific controllers such as the ProPlant Seed Rate Controller, John Deere
GreenStar Rate Controller, Viper Pro multi-function field computer, Radion 8140,
Trimble Field-IQ, etc. are also available.

3. Communication Unit: This unit is the principal determinant of the node’s power
consumption, operational stability, and affordability, as well as the routing architecture
in the associated supervisory protocol. The bottom of Figure 3 shows the available
communication technologies, but an Agri-IoT-based SN demands an energy-efficient,
affordable, freely available, simple, and reliable communication standard. Conse-
quently, LoRa, BLE, ZigBee, LoRaWan, and SigFox are the best candidates based on
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the support of the routing architecture of the resulting WSN, but the selection must be
justified from the technology requirement metrics via a decision matrix.

4. Power Unit: Since the SNs are mostly battery-powered, the appropriate battery size
and probable energy-harvesting techniques must be determined during the SNs’
design according to the intended network lifespan and stability requirements. Modern
trends in battery power banks with integrated solar-based energy-harvesting systems
and power ratings above 30,000 Ah are available.

When selecting hardware components, adequate caution should be taken to avoid unit
incompatibility, high operational complexities, unsuitable operational thresholds, and high
energy consumption, among others. This implies that high component survivability and op-
erational stability under different environmental conditions and the application specificities
are vital to monitor.

3.2. Wireless Spectrum and Core Communication Platforms of WSN-Based Agri-IoT

The wireless electromagnetic (EM) spectrum, which has invisible, finite radio fre-
quencies for wireless communication, can be licensed and sold exclusively by specific
providers or unlicensed for free usage. For instance, the Industrial, Scientific, and Medical
(ISM) frequency band (e.g., Bluetooth classic, BLE, Wi-Fi, ZigBee, and LoRaWAN) is an
unlicensed microwave frequency band clustered around 2.4 GHz and globally reserved for
applications such as Agri-IoT. Table 3 presents the various bands and their applications.
A suitable candidate for a given Agri-IoT application is based on several factors, such
as communication and the route architectural requirements, power consumption, cost,
and environmental adaptability impacts.

Table 3. Wireless spectrum with the core communication platforms/applications.

Frequency Band Applications

Licensed Band
0–20 MHz AM radio
86–108 MHz FM radio
470–800 MHz TV band
850–1900 MHz Cellular-based: GSM/3G/4G/5G/LTE
Around 3.5 GHz Satelite comm.
Unlicensed Band
863–928 MHz LoRa, LoRaWAN, SigFox

Legality location-dependent: e.g.,
915 MHz (Australia & North America),
865 MHz to 867 MHz (India), 923 MHz (Asia)

Around 2.4 GHz Wi-Fi, BLE, ZigBee, Classic Bluetooth
Around 5 GHz Wi-Fi

3.3. Factors to Consider When Deploying SNs and Designing the Supervisory
Sampling/Routing Protocol

After custom-building or selecting off-the-shelf SNs, the next activity is to deploy
the SNs on the field and design a contextualized supervisory protocol to coordinate the
aforementioned network’s activities. The SNs’ deployment in the field can be either random
or deterministic. Both options require different methods to optimize the resulting network’s
performance. For instance, under the deterministic approach, the optimal parameters such
as node uniformity and density must be predefined based on the distance thresholds of the
associated communication technology (i.e., connectivity/distance range), the SNs’ resource
optimization mechanisms, the type of routing architecture, and the sensing range of the
physical parameter to be measured. Since communication is the principal power consumer,
the best ways to conserve power are to minimize communication distance and data sizes as
well as operate the SNs in the appropriate sleep–active duty cycles using a cluster-based
routing architecture [9,24,26].

Beyond the physical installation of the SNs at their most suitable in-range locations,
the remaining activities, such as network construction, event sensing, data management, FM,
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network maintenance, sleep–active duty-cycle scheduling of SNs for sampling, network adapt-
ability to turbulent and scalable conditions, power-optimization mechanisms, and network
reconfiguration, among others, are controlled by the associated routing protocol [12,16,17,26,36].
This places crucial merits on the physical locations of the SNs in the field, thorough synthe-
sis of network design factors, and assessment of available routing architectures/techniques,
since this protocol manages all post-deployment tasks. This can be summarized into
the core objectives of the routing protocol and its architecture, which include power op-
timization, self-healing of any faults without the obstruction of its normal operation,
and self-adaptability to all turbulent and scalable conditions. From the analysis above,
we can derive the critical primary factors to consider when designing a routing protocol
for Agri-IoT networks, which are presented in Figure 9 and grouped into the following
categories: SNs specifications, security issues, application-specific factors, communication
standard compatibility and capacities, and other auxiliary factors. At the PHY layer level,
which is the focus of this tutorial, these critical factors can translate into the stipulated core
design objectives, which can be addressed via phase-based multi-objective optimization
(MOO) formulation frameworks [12,23,24,37].

1. Resource Limitations
    -e.g. Power, memory,    
     computation, bandwidth,  
     transmission Range, etc.

Hardware Specification  
of Agri-IoT Device

1. Routing protocol, network tech. & 
    architecture, and MAC technique 
2. Interoperability of standard 
3. Deployment density & uniformity
4. Routing table capacity of SNs
5. Connectivity issues 

Communication Standard

1. Resource capacity 
2. Security necessity
3. Information access type 

Security Issues

 
1. Data reporting frequency & trigger
2. Environmental/field conditions
    - Dust concentration, physical  
      obstructions and landscape
3. Routing architecture & SN density
4. Post-deployment maintainability
5. Mobility of network participants
6. Data analysis   

Application-defined factors

 
1. Network Architecture (e.g. flat, hierarchical, location-based)
2. MOO technique of A-IoT functionality (e.g. of MOO metrics:   
    energy efficiency, connectivity, latency, coverage, packet  
    delivery rate, SNs density & uniformity)
3. Fault Management (e.g fault detection, fault-tolerance, fault     avoidance)
4. Adaptability, scalability & control message complexity
5 Suitability of MAC techniques

Routing Protocol

1. User interface 
2. Software tools 
3. Sampling schedules 
4. SN deployment density

Auxiliary Factors

Agri-IoT Network
Design Considerations

Affordability

Figure 9. Principal design factors for Agri-IoT networks.

Hardware Specifications of SNs and BS Agri-IoT Device: The functional and re-
source capacities of participants’ hardware units must be considered before their respective
tasks in the protocol are assigned. For instance, the selected sensors’ quality must suit
the type of event information and its accuracy, the available communication platforms,
and the general purpose of the Agri-IoT solution. Also, the communication standard must
support the routing architecture and SNs’ resource- and deployment-induced limitations.
The crucial communication-based parameters of the SNs are illustrated in Table 4.
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Cost or Affordability of the Resulting Agri-IoT System: In addition to being
infrastructure-less, flexible, self-healing, adaptive, and energy-efficient, a WSN-based
Agri-IoT must consist of cost-effective hardware and software components so that the
system is affordable for farmers, since existing real-world solutions are too expensive and
complicated [1,14]. Additionally, the installation, operational, and maintenance costs of
the resulting WSN-based Agri-IoT network must be kept to a minimum so that it can be
easily acquired.

Security Issues in Agri-IoT: Security is still a challenge in classic IoT systems that
handle sensitive information, especially during cloud communications. Although Agri-
IoT networks lack the requisite resource capacities in most large-scale, broadcast-based,
distributed, and infrastructure-less WSN systems to achieve adequate data confidentiality,
authenticity, integrity, and other security requirements, the security of the agricultural
data is rarely a priority [2,4]. Nevertheless, the associated routing architecture, such as
the clustering architecture, has an embedded capacity to resolve on-site security issues.
In addition, both on-site and remote information access types (e.g., via a smartphone or
desktop computer) must be selected based on solid internal infrastructure and security
precautions to secure unwanted access to sensitive information.

The Application-Specific Factors: As indicated in Figure 9, the application-defined
factors vary based on the Agri-IoT application, the field settings, network maintenance prac-
tices, intended event routing architecture, and network participants’ mobility, among other
factors. However, the routing protocol must incorporate all relevant operational efficiency
factors of the routing software design objectives. Since the collected field data itself cannot
make sense without using analytic data engines and predictive algorithms in machine learn-
ing, the BS or the application layer in the cloud should define appropriate data-processing
frameworks to obtain accurate, actionable decisions from the collected data.

Communication Standards of Agri-IoT Devices: The power-constrained WSN sub-
layer of Agri-IoT network places hard restrictions on operational states of SNs’ radio
transceivers, code space, and processing cycles as well as memory capacities of SNs to
enhance power savings [9,12,23]. The type of communication technology selected for a
typical Agri-IoT is the principal predictor of its routing architecture, affordability, simplicity,
adaptability, power-saving capacity, location independence, self-healing capacity, and event
data quality [12,16]. Consequently, power and routing architectural limitations constrain
the network design requirements. Despite the aforementioned technical challenges on
the network’s operational efficiency, interconnected SNs that form the WSN are expected
to withstand extra operational disruptions caused by unfavorable weather conditions in
the field [2,4]. Consequently, the de facto PHY-layer communication standards for this
low-power, low bandwidth, and distance-limited communication Agri-IoT devices/SNs
have been the energy-efficient platforms such as BLE, LoRa, Sigfox, and NB-IoT. Also, a suit-
able MAC technique is imperative in the routing architecture to curb all channel access
challenges. For instance, the ZigBee/IEEE 802.15.4 standard focuses on the physical and
the MAC layer specifications for WSNs, and it also supports the sleep–active or duty-cycle
scheduled operation modes of SNs to enhance energy savings in centralized or mesh-based
architectures. BLE does likewise in the highly endowed cluster-based routing architecture.
Consequently, Agri-IoT network designers must make the most appropriate and critical de-
cisions regarding the network’s communication requirements when designing the routing
protocol. Using Table 4, WSN-based Agri-IoT designers can make realistic design decisions
regarding energy-efficient multihop routing, architectural requirements of routing proto-
col, bandwidth, routing table capacities, total communication cost, and the desired MAC
technique. Additionally, the physical conditions within the agricultural environment such
as atmospheric dust concentration, physical obstruction to wireless signal transmissions,
and the terrain need to be considered.

Auxiliary Factors and Available Software Tool: Finally, the auxiliary factors can be
non-exhaustive depending on the designer’s financial capacity, user interface, information
requisition model, cloud activities, operational expectations, and the available software
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tools. Additionally, an assortment of PHY-Layer design software tools for Agri-IoT exper-
iments (thus, in both simulations and real-world testbed deployments) that can be used
include NS-3 [9,38], OMNeT++, MATLAB/Simulink [9,12,39], Python [16], PAWiS [39],
GloMoSim/QualNet [39,40], OPNET [12,39], SENSE [37,39], J-Sim [39], Ptolemy II [39],
Shawn [9,39], and PiccSIM [12,39,41], among others. The key features that are frequently
considered when selecting any of these software platforms include Python or MAT-
LAB/Simulink compatibility for software model and hardware prototype integration
during real-world operation, compatibility with low-power communication standards
(e.g., BLE, LoRa, ZigBee, and SIGFOX), operating system support, programming lan-
guage implementation, the density of simultaneously simulated or field-deployed SNs,
co-simulation with other hardware, documentation, easy access to upgraded versions,
and installation challenges [39]. MATLAB/Simulink and Python are the most commonly
used experimental tools, since these software tools are well-equipped with the stipu-
lated features.

4. Unique Characteristics and Challenges of WSN Sublayer of Agri-IoT

Unlike the traditional IoT, which generally relies on fixed hardware to route network
traffic, a WSN sublayer of Agri-IoT combines automated sensing, computation, actua-
tion, and wireless communication tasks into the SNs that are spatially distributed across
the farm to autonomously form an infrastructure-less WSN [31]. A node may perform
additional tasks such as local data processing (data aggregation), network construction,
data redundancy, error control, data routing (e.g., in multihop networks), and network
maintenance practices based on the network size, application specificity, and associated
routing techniques. Also, the WSN can be equipped to observe heterogeneous conditions
such as temperature, humidity, sound, color, location, light, vibration, and motion, using a
wide variety of sensors contained within a task-scalable SN. Therefore, assuming that the
accuracy and precision of event data in upper layers are preserved, the Agri-IoT’s lifespan
and its operational efficiency are rooted in the WSN’s robustness. Thus, a deeper contextual
exegesis into the design and maintenance of this sublayer is imperative. As opposed to con-
ventional IoT and wireless ad hoc communication networks, the operational efficiency of
the WSN sublayer, as well as Agri-IoT, hinge upon some application-specific characteristics
and resource-constrained factors such as:

• Higher SN Deployment Densities: Generally, SNs are densely deployed in either a deter-
ministic or random manner to provide the desired redundancies, spatial variability of
soil, topography, distributed monitoring and processing, accurate and precise event
reporting, and fault tolerance. However, this mostly leads to undesirable transmission
overlaps, data redundancies from the simultaneous reporting of the same data, routing
interferences, and packet collisions due to connectivity issues and the coexistence of
common standards in the ISM band [42].

• Limited Power Supply: The SNs are frequently battery-powered, which does not only
constrain their data transmission rate, computational capabilities, and communication
distance but also subjects Agri-IoT to possible SN-out-of-service and data outlier
faults due to rapid power depletion beyond certain thresholds [26,43]. Consequently,
network power management through data-management-related, architectural-related,
and communication-related parameters has been one of the principal research focuses
in WSN-based IoT applications to improve network lifetime.

• Fault Management (FM) (i.e., fault detection, fault tolerance, or fault avoidance): The
resource-constrained WSN is highly vulnerable to faults and failures due to high
deployment densities and a lack of post-deployment maintenance services [25]. Al-
though faults are inevitable in Agri-IoT for the stipulated reasons, their occurrence
rates and effects on the network’s functionality can be minimized, avoided, or tolerated
without hindering the normal functionality of the network if the associated WSN’s rout-
ing protocol is well-equipped with efficient self-healing and fault-avoidance (power-
saving) mechanisms [12].
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• Self-Adaptability and Scalability: Although WSNs are application-specific, the topologi-
cal dynamism is inevitable due to node failures, node mobility, and scalable conditions.
Therefore, the associated routing protocol and network architecture must adapt to
these dynamic conditions using apt auto-reconfiguration and reactive multihop event
routing techniques [44,45].

• Network Architecture: The underlying routing protocol of the WSN sublayer constructs
a network architecture that can be flat, hierarchical (e.g., clustering, chain-based,
and tree architectures) or location-based. This routing architecture prescribes the
possible measures to achieve efficient local data processing, network maintenance,
scalability, minimized communication overhead, prolonged network lifespan, and re-
duced network management complexities [25,36]. Therefore, a suitable network
topology indirectly determines the resulting network’s flexibility, scalability, reliability,
communication strategy/costs, and the quality of the reported event data [12].

• Mostly Requires On-site Actuation: Regardless of where data are managed in a typical
WSN-based Agri-IoT, the actionable decision signal must be sent to execute on-farm
actuation.

Proposed Design Objectives of WSN-Based Routing Protocols for Agri-IoT and
Realization Mechanisms

From the systematic evaluation of the unique characteristics and challenges of the
WSN sublayer, a three-tier cluster-based framework that constitutes the condensed ex-
pected core design objectives and their corresponding remedial strategies of WSN-based
routing protocols for Agri-IoT applications is demonstrated in Figure 10. Suppose the corre-
sponding remedies in Figure 10 are implemented in the associated routing protocol. In that
case, the desired power optimization, self-healing, and auto-adaptability expectations can
transitively yield the desired event data quality and operational stability requirements or
the global performance expectations of the resulting network.

Event Sensing

Communication & Nodes'  
Activity Schedule issues

Data Computation Strategy

Fault  
Management 

Power 
Optimization

Self-Healing
Self-Reconfigurability
Multihop Routing

Fault Detection
Fault Tolerance/Self-Healing
Fault-Avoidance

Design Objectives of
Agri-IoT Routing

Protocols Control Message Complexity

*Local Processing
*Local Network Administration
e.g., - Network construction phase
 (CH selection, cluster formation)
     -  Network maintenance

*Local or Self-fault Detection

*Local Processing 
  e.g. Data aggregation by CHs 
*Event Data Redundancy Control 
*Event Data Management Techniques 
  e.g., Representative event reporting 

*Duty-Cycling Strategies 
  -Role rotation, sleep-active

*Communication Mode
  -Single-hop, multihop
*Connectivity Strategies 
 -Optimal density and uniformity of
SNs 
*MAC Techniques
 -single channel/multichannel MAC

*Data Outlier Fault
*SN-Out-of-Service Fault

Routing
Architecture-  

based

Scalability & 
Adaptability

Figure 10. Proposed design objectives and strategies of WSN-based Agri-IoT routing protocols.

The importance of this three-tier framework can be expanded on as follows:

• An adaptive and scalable WSN-based routing protocol, as proposed in Figure 10, normally
constructs a routing architecture that supports multihop routing, self-reconfiguration,
self-healing, and local network administration at a minimal routing table size, commu-
nication cost, and and control message complexity requirement. Since communication
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is the principal power consumer, the operation of the routing protocol must invlove
fewer control messages. Also, it must adapt to network turbulence due to SN failures.
The cluster-based architecture exhibits the highest potential compared to related ar-
chitectures [9,16,17,26]. The cluster heads (CHs) efficiently coordinate these activities
by registering and tolerating all dynamism resulting from SN-out-of-service faults,
increasing the network size and SN density.

• Due to the high vulnerability of SNs to faults and failures, it is imperative to deploy
suitable FM techniques that can detect, tolerate, or avoid possible root faults such
as SN-out-of-service and data outliers [25]. The adaptive clustering approach can
effectively resolve SN-out-of-service faults, while the threshold-based decision theory
at the local nodes and global levels can be suitable candidates for event data outlier
detection and correction in the PHY layer. Since power mismanagement is the root
cause of most faults and failures, the best fault-avoidance techniques optimize the
nodes’ power consumption rates.

• Figure 10 also outlines the suitable measures for power optimization in the WSN
sublayer of Agri-IoT. In clustering approaches, power consumption in the constrained
WSN can be managed via message complexity control, connectivity-related metrics,
and communication-related parameters by exploiting the clustering architecture [46].
In addition to local data processing (data aggregation, data redundancy, and error
checks) and local network administration (FM, adaptability to network dynamics),
suitable MOO and multihop routing frameworks can be derived using the clustering
architecture, total communication cost, and optimal cluster quality metrics to serve as
a design optimization guide for the simulation and real-world implementations of the
WSN phase of Agri-IoT.

To achieve the expectations in Figure 10, there is a need for an architecture-specific
multi-objective assessment of the WSN’s design cycle; from this, the associated parameters
and theoretical models can be derived and then theoretically optimized and validated
experimentally. A novel holistic MOO framework can help realize these expected goals in
both simulation and real-world Agri-IoT implementations. Consequently, there exists the
need to carry out a systematic survey and assessment on existing routing architectures, FM
schemes, and routing protocols, and how these evolved in existing real-world realization
testbeds of Agri-IoT. Such an in-depth literature synthesis can help assess these qualitative
performance indicators constituting the root QoS metrics in Figure 10 as well as deduce
application-specific guidelines for improving CA-IoT networks using a precision irrigation
system as a case study.

5. State of the Art on Routing Protocols for WSN-Based Agri-IoT Applications

In Agri-IoT, it is not simply a matter of applying IoT to a farm; contextual due diligence
on architecture, communication standard, cost, actuator, performance stability, control,
and environmental impacts augment the routing protocol requirements. This section
presents a systematic synthesis of WSN-applicable routing protocols under network ar-
chitecture, the route discovery process, and protocol operation as illustrated in Figure 11.
To help Agri-IoT designers make well-informed decisions concerning architectural selection,
we classified the canon protocols based on routing architecture, route-discovery process,
and operations in order to uncover their strengths, weaknesses, and contextual reasons why
they can be adopted for Agri-IoT applications. Generally, event routing in every protocol
can either be source-initiated or destination-initiated, and the optimal path selection from
the constructed routing architecture can also be broadcast-based, probabilistic, cluster-
based, or parameter-determined using location-related, weight-based, and content-based
metrics [13]. Also, routing protocols must commonly resist link failures using mechanisms
that ensure balanced network-wide power depletion rates, energy-efficient multihop rout-
ing, and effective implementation of the indispensable QoS metrics presented in Figure 10.
The related routing protocols can be classified as illustrated in Figure 11.
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Figure 11. Taxonomy of WSN-based routing protocols of Agri-IoT.

5.1. Architectural-Based Routing Protocols

This class of protocols presented in Figures 11 and 12 can be sub-grouped into flat-
based centralized or direct communication and decentralized [47] (e.g., flooding/peer-
to-peer/graphical/mesh-like architectures), hierarchical/cluster-based/tree architectures,
and the location-based protocols [37].

BS

Inter-cluster Communication  (e.g., BLE, SigFox, LoRa)
Intra-cluster Communication (e.g., BLE, SigFox)

CH

MN

Sensing Range

SNs
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Figure 12. Sample network architectures: centralized-data-centric, cluster-based, and graph/flooding-
based architectural frameworks of WSN sublayer.
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The centralized protocols route data to the BS via single-hop routing, while the flooding
and graph-based protocols flood data through multihop routing. The graph-based routing
protocols construct a reactive or proactive graphical routing architecture with G(V, E)
where a node and path represent the vertex and edges, respectively. This method relies
on resource-intensive routing techniques from graph theory used in classic IoT and ad
hoc networks to transmit event data to the BS. In contrast, the clustering/tree topology
depicted in Figure 12 groups the SNs into either static or dynamic clusters, each with an
optimally selected CH to minimize the communication distances of the cluster’s member
nodes (MN). The CH is then tasked with aggregating the received readings from its MNs,
executing error and measurement redundancy checks, and communicating directly (single-
hop routing) or via a relay CH (RCH) using a multihop routing technique to the sink
node or BS. However, the RCHs must be assigned fewer MNs to balance the network’s
power depletion rates, since aggregated packet forwarding inflicts extra energy burden
on the RCHs [37]. Additionally, the CH can be equipped to perform extra roles such as
FM, coordination of the reclustering process, network maintenance, relaying of aggregated
packets in large-scale networks, and management of network dynamism [12]. In general,
cluster-based routing protocols differ in terms of CH selection methods and coincide in
terms of intra-cluster and inter-cluster multihop routing, local data processing by the CHs,
and CH role rotation [47], which ensure balanced network-wide power depletion, prevent
abrupt power exhaustion, and lead to exponential energy savings [37].

Although the flat-based architectures, such as centralized and flooding (see Figure 12),
can be easily implemented in real-world small-scale Agri-IoT networks, they suffer severe
packet collisions, communication bottlenecking at the BS, and high inaptness for scalable
or turbulent large-scale WSNs where energy efficiency is a priority. Again, an optimized
clustering approach can provide an ideal topology for addressing the proposed expectations
in Figure 10, and it can also offer extra benefits such as minimized communication cost,
stabilized network topology, efficient load management, improved network maintenance,
and improved network traffic and channel access management [37,48]. The main challenge
of the clustering method is how to achieve the desired cluster quality (e.g., optimal cluster
count and cluster size) so that the computational, bandwidth, memory, and routing table
capacities of the resource-constrained CHs are not exceeded. Typical examples of clustering
protocols are the LEACH family of protocols, which include RCEEFT, ESAA, DEEC, SEP,
and PEGASIS in [12].

In location-based routing architectures, routing decisions are made either reactively
(e.g., Ad hoc On-demand Distance Vector—AODV) or proactively (e.g., RPL—Routing
over Low-Power and Lossy Networks protocol), using the SNs’ location information. This
normally results in a decentralized, graphical architecture. Since the SNs that form the
WSN are spatially deployed in the field without any IP-addressing schemes, location
information is needed in order to establish communication between the nodes in a location-
based architecture. The location information helps eliminate unwanted transmissions by
collecting data from a specific region of interest. This architecture suffers from routing
delays, high infrastructural cost, extreme difficulties in deployment and management,
and high energy waste due to SNs’ long idling durations. However, they are the most
commonly used protocol in existing ZigBee-based Agri-IoT testbed solutions [1,10,14,17].
Since this approach yields non-energy-aware architectures, it is not suitable for Agri-IoT
applications [12].

It is evident from the above discussions that Agri-IoT-based network architectures
must be defined by the associated routing protocol using the design requirements in Figure 9
as well as the application-defined requirements [49] in order to enhance the performance
expectations in Figure 10. In addition, the routing architecture must not compromise on
the quality, precision, and accuracy of the event information. It must be in unison with the
application-specific requirements to address possible deployments- and network-induced
challenges, such as network turbulence and SN mobility.
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5.2. Route Discovery-Based Protocols

As shown in Figure 11, route discovery-based protocols focus on when the route for
data transmission is built and can be grouped into proactive, reactive, and hybrid protocols.

In proactive routing protocols, the routes are pre-created before they are needed.
These protocols are table-driven, since every node stores a large routing table containing a
list of all possible destinations, next-hop neighbors to those destinations, and the associated
costs of all next-hop options. Proactive protocols such as the RPL and the APTEEN family of
protocols [15] make local routing decisions using the routing table’s content. For instance,
the RPL operates as a distant-vector protocol for IPv6 low-power devices, utilizes the
ZigBee/IEEE 802.15.4 standard on established IP infrastructure, and also supports the
6LoWPAN adaptation layer. RPL creates a multihop tree routing hierarchy of SNs, such
that nodes can send data through their respective parent nodes to the BS/sink node in a
flooded manner (Figure 12). Similarly, the BS or sink node can send a unicast message to a
specific SN in order to complete a bidirectional operational framework of RPL. The optimal
communication costs and routes are estimated by ranking the associated objective function
(OF) metrics, which can be single-objective optimization, SOO metrics, or MOO metrics.
This routing over LLNs (RoLL) restricts densely deployed and resource-limited SNs to
communicate using peer-to-peer or extended star network topologies [13]. Technically,
RPL builds a directed acyclic graph (DAG) with no outgoing edges from the root element
(e.g., BS) to eliminate loops. RPL is the primary underlying routing protocol in most failed
Agri-IoT testbed attempts. Although the proactive or RPL-based family of protocols are
robust, reliable, scalable, and can relatively operate at minimized control messages with the
help of timers, they are not suitable for Agri-IoT networks due to these technical challenges:

• The core of RPL/proactive protocols still suffers from key challenges such as en-
ergy wastage, a lack of adaptability/scalability, reliability, congestion, and security
issues. Specifically, the energy expended by RPL-inherited protocols to create routes
(e.g., establish and maintain routing tables) and transmit data can be too high for
resource-constrained SNs in recent Agri-IoT applications.

• The underlying technology of RPL (e.g., ZigBee, 6LoWPAN, or IPv6) was designed
for energy-sufficient devices with high processing and memory capacities. Therefore,
RPL is inapt for typical resourced-constrained Agri-IoT networks (refer to Table 5).

• They require costly fixed IP infrastructural supports and utilize the centralized routing
architecture, which becomes practically impossible to manage as the network scales.

Conversely, the source-initiated reactive or on-demand routing protocols only create
the routes on-demand by a source to send data to a receiver. Reactive protocols (e.g., Ad hoc
On-demand Distance Vector, AODV Protocol [13]) have no specific procedures for creating
and updating routing tables with route information at regular intervals. For instance,
the AODV is a loop-free, self-starting, and reactive routing protocol meant for LLNs
(e.g., WSN-based IoT) that are characterized by node mobility, link failures, and packet
losses. AODV mainly consists of the route discovery process (RREQ and RREP messages)
and route maintenance (RERR and HELLO messages). Although reactive or AODV-based
protocols can adapt to network dynamics and eliminate periodic updates, the associated
flooding-based route–search process incurs severe overheads resulting in high control
message complexity, high route acquisition latency, and high energy wastages due to longer
SN idling periods. Consequently, these protocols are unsuitable for power-constrained
WSN-based Agri-IoT applications.

The hybrid-based routing protocols merge the features of both reactive and proactive
routing processes. However, hybrid protocols such as APTEEN [13] also require expensive
fixed infrastructural support, which renders them unsuitable for Agri-IoT, even if the
combined merits of reactive and proactive protocols are exploited.

A comparative assessment of the strengths and weaknesses of the parent WSN-based
routing protocols for Agri-IoT applications is illustrated in Table 5.
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Table 5. Comparison of some cardinal hierarchical WSN-based routing protocols for Agri-IoT in state
of the art.

Protocol Topology Strength Weakness
Suitability: Low-Power
WSN Sublayer of Agri-IoT

LEACH and
LEACH-
inherited [9,12,21]

Tree or
Cluster-based

• High power savings,
• FM and adaptability,
• Load balancing,
• Less resource

demanding than RPL,
AODV

• Difficult to attain desired
cluster quality Suitable (optimal cluster

quality yet required)

RPL and
RPL-Inherited [15] Graphical

• High adaptability,
• High robustness,
• Minimized control

messages,
• Suitable for small-scaled,

power-sufficient
networks

• High energy wastages,
• High storage

requirements,
• Low reliability,
• High congestion rates,
• Unsuitable for large-scale

turbulent networks,
• More resource-demanding

than AODV and
LEACH-based
methods [50,51]

Unsuitable (high resource
demanding underlying
technology, 6LoWPAN,
and routing tables)

AODV and AODV-
inherited [13] Mostly graphical

• High adaptability,
• Suitable for small-scaled,

power-sufficient
networks

• High control messages,
• High energy wastages [28],
• High-resource-demanding

Unsuitable (extremely high
control message complexities
during route construction and
maintenance)

5.3. Operation-Based Routing Protocols

Finally, routing protocols can be classified based on the operation or communication
model employed, which may include:

• Negotiation-Based Protocols: These protocols exchange negotiation messages or use
meta-data negotiations between neighboring SNs before the actual data transfers to
reduce redundant transmissions in the network. A typical example is the SPIN family
of protocols [13].

• Multipath-Based Protocols: These use multiple routes simultaneously to accomplish
higher resilience to route failure (i.e., fault tolerance) and load balancing.

• Query-Based Routing Protocols: These are receiver-initiated protocols whereby a desti-
nation node broadcasts a query to initiate a data-sensing task from a node through the
network. A node having the data being queried sends it in response to the query.

• Coherent and Non-Coherent Protocols: The coherent routing method forwards data for
aggregation after a minimum local pre-processing. However, in non-coherent routing,
the nodes locally process the raw data before routing to the BS for further processing.

• QoS-Based Routing Protocols: These protocols’ purpose is to satisfy a specific QoS metric
or multiple QoS metrics such as low latency, energy efficiency, or low packet loss.
These protocols ensure a balance between energy consumption and data quality in
every event-reporting task.

In addition to route architectural construction and data transmission, efficient MAC
must be embedded in the routing protocol to manage the wireless medium access and the
duty-cycle/sampling schedules of the deployed SNs in Agri-IoT networks. As opposed
to classic IoT, the MAC techniques in Agri-IoT are architecture-defined by the associated
routing protocol to meet the energy efficiency requirements of the network via channel
access management (CAM) and the moderation of the active–sleep duty cycles of the
deployed SNs to save extra energy. The next subsection presents a concise overview of
MAC techniques and their roles in WSN-based Agri-IoT networks.

5.4. MAC Techniques and Requirements for Agri-IoT

Next to node deployment, the routing protocol defines the network architecture and
selects a suitable MAC technique and a communication pattern for the routing architec-
ture. Unlike classic IoT, requirements for Agri-IoT applications include a low control
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message complexity and low latency MAC technique that moderates sampling schedules,
access to a shared medium, transceiver operation modes, (e.g., packet transmission and
reception, retransmission, collision, over-hearing, overhead handling, and idle listening)
active–sleep duty cycles of the deployed SNs, and transceiver channels. Thus, an MAC
protocol for WSN-based Agri-IoT applications must be architecture-specific and adaptive
to network dynamics such as data transmission errors, interferences/packet collisions,
and regular interfacing of the active–sleep duty-cycled schedules of the SNs’ transceiver
states (e.g., transmitting state, receiving state, idle state, and sleep state [52]) during packet
transmission and reception in order to improve network throughput, energy efficiency,
latency, and other QoS metrics.

Unlike MAC protocols for classic IoT, an efficient MAC technique for Agri-IoT must
ensure exponential energy savings via channel assignment management (CAM) and active–
sleep duty-cycle coordination in both time and channel perspectives. Based on these
common dual tasks of Agri-IoT-based MAC (thus, duty-cycle optimization—DCO and
channel access management—CAM), existing IoT-based MAC techniques can be classified
as illustrated in Figure 13 and the state of the art in Table 6.

Functionality-based
Taxonomy of MMAC 

Protocols

Duty-Cycle 
Optimization

Channel  
Assignment 
Management

1. Synchronous
2. Asynchronous
3. Hybrid

1. Contention-based
2. Scheduled-based
3. Hybride

1. Fixed Channel Assignment
2. Semi-Dynamic Channel Assignment
3. Dynamic Channel Assignment

Hydrid (Required for 
WSN-based Agri-IoT)

Figure 13. Proposed functionality-based MAC classification framework.

The CAM role eliminates packet collisions, overhearing, and over-emitting to ensure
the desired functional balance, while the DCO task minimizes idle listening. A comparative
assessment of related MAC methods used in recent WSN-based Agri-IoT applications in
Table 6 affirms the need for further research on the functionality balance between DCO and
CAM as well as a context-based MMAC approach for the LEACH family of protocols used
in Agri-IoT applications.
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5.5. Overall Perspective

This section systematically surveyed core Agri-IoT-based routing protocols and evalu-
ated the parent protocols (i.e., RPL, AODV, and LEACH/cluster-based families of protocols)
for classic WSN-based IoT networks, of which LEACH-based methods are the best candi-
dates for the resource-limited WSN-based Agri-IoT. However, the RPL and AODV have
received more research considerations in terms of realizations in both simulations and prac-
tice [9,12,21]. Although the cluster-based architecture has unique endowments for realizing
the proposed expectations in Figures 2 and 10, it lacks an in-depth design synthesis in the
current state of the art that can uncover its contextualized performance optimization modal-
ities for real-world Agri-IoT applications. In addition, the deployment requirements with
trending technologies such as BLE, LoRaWAN, SigFox, 5G, LoRa via Satellite, and NB-IoT
under both simulation and real-world operational conditions is imperative. Consequently,
the following sections present in-depth overviews on FM, the benchmarking of WSN-based
Agri-IoT testbed solutions, clustering methods in the existing state of the art, and how
the possible deductions from these syntheses can evolve in a typical case-study such as a
WSN-specific Agri-IoT routing protocol for precision irrigation.

6. State of the Art on FM Techniques for Classic WSN Sublayer of IoT

Since faults and failures are inevitable in the WSN sublayer of Agri-IoT networks (refer
to Figure 10), it is imperative to reevaluate the faults, causes, types, strengths/weaknesses
of existing FM (i.e., fault detection—FD, fault tolerance—FT, and fault-avoidance—FA)
schemes, revisit their founding assumptions [71], and make appropriate recommendations
for Agri-IoT network designers. In this section, we establish the root source/cause(s) of
faults in the WSN sublayer by assessing the behaviors of the different fault types, examining
the extent to which the existing FM schemes address these root faults, and exploring
how these schemes will evolve in realistic WSN-based Agri-IoT networks based on their
core assumptions, control message overheads/complexities, and energy-saving capacities.
From this thorough assessment, this section proposes practical fault-avoidance-based FM
techniques for the next generation of WSN-based Agri-IoT.

6.1. Systematic Overview of Faults, Sources, and Taxonomy of Faults in Agri-IoT

According to the fault–error–failure cycle depicted in Figure 14, a fault can be defined as
any impairment that causes a system to produce erroneous results or leads to the failure of the
entire system or specific components [72]. The prevalence of faults in WSN-based Agri-IoT
is primarily due to the SN component malfunction, lack of post-deployment maintenance,
or resource exhaustion [73], which can lead to either impaired event data quality (thus, sensory
data error/outlier) or SN-out-of-service (thus, the shortened lifespan of SNs) [25].

Due to the high susceptibility of WSNs to faults, the supervisory routing protocol is
expected to incorporate efficient FM mechanisms that can guarantee optimum event data
quality and network availability. By implication, FM algorithms for WSNs must not be
stand-alone as currently seen in the state of the art [73]; instead, they must be an integral
aspect of the routing protocol that agrees with the core participants of the PHY layer, such as
the SN, wireless communication medium, and the BS. As illustrated on the left of Figure 15,
the WSN sublayer is the most prevalent source of faults in the Agri-IoT ecosystem, in which
the SNs are the central origin of faults that can propagate to the upper layers [25,43,73].
This is because the BS is resource-sufficient mainly, and the link’s reliability also hinges
upon the SNs’ availability, as indicated in Figure 15. At the local SN’s level, each unit
depicted at the bottom of Figure 3 is a potential source of fault/failure, but the degree of
prevalence is frequently accelerated whenever power consumption is mismanaged through
the disregard of any of the network design requirements and deployment conditions
presented in later sections.

The different taxonomies of faults in the state of the art of the WSN sublayer [44,71,73–77],
as illustrated on the left side of Figure 16, can be compared as follows:

238



IoT 2023, 4

• Hard or permanent fault refers to the inability of a node to stay active and communicate
due to resource exhaustion or component malfunction, while in soft or static faults,
nodes continue to work and communicate with other nodes, but they sense, process,
or transmit erroneous data [44,74].

• The authors in [75,78] categorized faults as permanent (refers to SN-out-of-service
faults), transient (caused by temporary conditions), intermittent (shows sporadic
manifestations due to unstable behavior of hardware and software), and potential
(due to depletion of hardware resources [78]).

• Data inconsistency faults can also result from faulty sensing, processing, and communi-
cation, which is frequently caused by power depletion below a certain threshold, while
power failure occurs when a node exhausts its battery power completely [43,77,79].

• The authors in [73] classified faults into software and hardware faults based on soft-
ware and hardware impairments, respectively.

• According to [71], faults can be either time-based, due to the depreciation of hardware
components with time, or behavioral-based, due to SNs’ inability to cope with harsh
environmental and operating conditions.

Aspects Impairment
Structure 

State 

Behavior

Fault

Error

Failure

Logic

Information

Abstraction Impairment
Component

System

Service

Result

Fault

Error

Defect

Malfunction

Degradation

Failure

1st  
Cycle

2nd  
Cycle

Low- 
Level

Mid- 
Level

High- 
Level

Figure 14. Fault–error–failure cycle [72].

Sources of
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Network Level
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Faults Caused by
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Node Level
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Sink Level
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Software Hardware Environment

Operating
System 

  

Battery 
Memory,
Transceiver,
Sensor,
Processor

Weather 
Coexisting
Signals

  Intermittent Faults  
Permanent Faults

Coverage 
Connectivity 
Coexisting  
   Signals

Node

Network  
(Path & Link)

Sink/BS

Agri-IoT  
Cloud

(b)   Agri-IoT Fault PropagationModel(a)  Sources of Faults in Agri-IoT

Figure 15. Faults in the WSN sublayer of Agri-IoT: sources and fault propagation model.
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Faults  
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Static Faults 
Permanent Faults 

Hard Faults
Soft Faults

SN Failure
Network Failure

Power Failure
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SN Reading Error
Hardware
Software 

Behavior-based
 e.g. soft & hard
Time-based
 e.g.transient,   
       intermittent,    
       permanent,
       potential
 

a.  Different Taxonomies of Faults in State-of-the-Art of Classic IoT

Agri-IoT Device (SN, BS):  
Origin of  Impairments

Component Malfunction & 
Resources Exhaustion

Data Outlier or 
Errored Data SN-out-of-service

Soft/data inconsistency faults 
Inaccurate or unprecise in-network
& global decision 

Hard/static faults
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Entire network failure

Root Causes Faults

 1st Effects

 Main Quantifiable  
Metrics of Faults 

b.  Proposed Classification of Faults for Agri-IoT

Transient & Permanent Faults

 2nd Effects

Figure 16. Classification of faults in the state of the art and proposed fault taxonomies for WSN-
based Agri-IoT.

From the above definitions and the fault taxonomies on the left side of Figure 16, it can
be deduced that hard, permanent, and static faults are practically manifested as SN-out-of-
service, while soft, dynamic, and data-inconsistency faults can be observed as data outliers.
Both SN-out-of-service and data outliers are consequences of unit malfunction or resource
exhaustion and can be permanent or intermittent in behavior. Both conditions can impair
the quality of event data and the global actionable decisions of the network. Therefore,
the quality of FM schemes can be evaluated based on their capacities to effectively detect,
tolerate, or avoid SN-out-of-service and data outlier faults. In summary, most FM schemes
in the state of the art focus on their effects, instead of the root faults, which are the flaws in
existing FM schemes [25]. Additionally, since the SN is the sole network device responsible
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for event sensing, data computation, packet forwarding, and communication in the WSN
sublayer of Agri-IoT, it is the principal source of faults in Agri-IoT networks. A new fault
classification framework shown in Figure 16 can be deduced from the above analysis.

Secondly, it is discernible that SNs’ power mismanagement is the most prevalent
origin of faults [43,80,81], which then propagate to the backend or application level (refer
to the right side of Figure 15). For instance, communication, sensing, and computational
accuracies of a node can be impaired when the battery energy falls below certain thresh-
olds [43]. Also, network faults can be traced to power exhaustion and node failures, which
create holes in the topology that divide the network into multiple disjointed segments [43].
On that account, faults can be avoided in WSN-based Agri-IoT if the energy-saving strate-
gies presented in Figures 9 and 10 are effectively implemented.

Additionally, any FM scheme or fault-monitoring mechanism, be it proactive, reactive,
passive, or active, must incorporate the following underlying qualities: thresholds that
represent the probable fault conditions without false alarms, fault discovery, minimized
message/time complexities, and self-healing and self-reconfiguration to neutralize the
effects of the faults [43].

FM Framework and Architectures in WSN Sublayer of Agri-IoT

As illustrated in Figure 17, every FM scheme consists of three main steps, which
include fault detection (FD), fault diagnosis, and fault recovery/tolerance (FT) [82,83],
which always require input information. These steps are implemented in a decision-making
framework that involves four major processes: data/information collection, FD model
formulation, FD decision and fault classification, and tolerance of its effects using any of
the FT mechanisms shown in Figure 17. Thus, the FD model detects the fault, the fault
discovery technique distinguishes that fault from false alarms, while the FT mechanism
helps to auto-heal and recover from the faults or failures [84]. Mainly, SN-out-of-service
faults are detected and tolerated using self-reconfiguration techniques, whereas data outlier
faults must strictly follow Figure 17.

Information  
Sampling

Learning & 
Modeling

FD Decisioning

System attributes, 
Sensory data, 
Probabilities

Correlation model,  
Threshold model

Coparision or  
inference =>  
Fault discovery

Centralized FD Scheme Distributed FD Scheme

If Host = BS If Host = Local SNs

Fault Detection & Fault Discovery (FD) Scheme

FD Architecture

Self detection
Neighbor coordination
Clustering approach

BS-coordinated

False alarm 
Missed FD
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Figure 17. FM framework in WSN sublayer of Agri-IoT.

In addition, FM schemes can be implemented using either a centralized or distributed
architecture [44,85,86]. In a centralized scheme, the FD/FT protocol is hosted and managed
on the BS, whereas the distributed scheme hosts and manages this algorithm on the local
SNs [87,88] (see Figure 17). The centralized approach is simpler for small-scaled networks
but suffers many technical challenges, such as common point failure due to heavy message
traffic at the BS and high SN energy waste. In contrast, the distributed approach saves
power and controls message traffic on the BS because it allows local decision and self-
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FD/FT with or without neighboring. According to Figure 17, the distributed architecture
can be implemented in three major ways [43,89–91], which include self-detection, neighbor
coordination, and the clustering approach. Since the basic design requirement of a WSN-
based Agri-IoT is to maintain the healthy functionality and longevity of the SNs and the
BS, any post-deployment impairments that cannot be self-fixed must be tolerated to not
interfere with the core function of the network. Therefore, any automated FT mechanism
that can be achieved through the self-reconfiguration and self-management for enhanced
network availability, reliability, and dependability is encouraged in the WSN sublayer [92].
According to Figure 17, an efficient WSN-based Agri-IoT, therefore, requires a calculated
mix of FT mechanisms based on the intended application.

6.2. Systematic Survey of Fault Management Schemes in WSN-Based IoT

FM in Agri-IoT networks has not received adequate conceptualized research con-
siderations. As a result, existing Agri-IoT solutions inherit the FM propositions from
the traditional WSN-based IoT networks, which have proven to be unsuitable [14]. This
subsection presents a concise overview of these FM schemes, including their strengths,
weaknesses, and underlying theories/concepts. It then proposes a more suitable remedy for
WSN-based Agri-IoT technology. In canon centralized FM schemes (see references in [93–97]),
the underlying FM algorithm is hosted and managed on the BS, while the local SNs host
and manage the FM algorithm in distributed architectures [87,88]. Although the centralized
approach is simpler for small-scale networks, it suffers many technical challenges, such
as common point failure due to heavy message traffic at the BS, management difficulties,
and high energy wastages on distant routing. This clearly explains why most outdoor
Agri-IoT testbed experiments in [1,10,11,14,18,19] experienced severe FM complications to
the extent that the networks became infeasible to operate or manage at higher scalability
levels. However, the distributed approach (see references in [74,76,77,91,98–103]) saves
power and controls message traffic and workload on the BS because it allows local decisions
as well as local-FD/FT with or without neighboring nodes. The distributed FD/FT scheme
can also be self-executed, neighbor-coordinated, or clustering-aided [89–91]. Although the
clustering-based FM architecture has promising potential to improve energy conservation,
network adaptability, and ease of implementation, it has not been extensively researched
and exploited.

Again, distributed FD schemes are mainly established on the assumption that the
failure of SNs is spatially uncorrelated, while event information is spatially correlated.
Therefore, the FD’s decision framework is frequently modeled using sensory data or statis-
tical properties of the spatial or temporally correlated SNs [79,104–106] from the immediate
neighborhood of a node [74,103] or data from farther SNs [107]. To date, the applicabil-
ity of these solutions to the Agri-IoT context has attracted several technical challenges.
Consequently, the strengths and weaknesses of the main results of the benchmarking FM
schemes, their underlying assumptions, and how they addressed the critical fault-affinity
factors such as energy conservation, FT/FA, control message complexity, and processor
burden of the SNs, are presented in the comparative evaluation summary of Table 7.
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6.3. Theories/Concepts of Benchmarking FM Schemes and Their Shortcomings

The conceptual models/theories of the canon FD decision frameworks and the associ-
ated shortcomings can be expressed as follows:

• Statistical approaches such as Neyman–Pearson formulation [116], Bayesian statis-
tics [77,103], and normal distribution test types (e.g., Thompson Tau statistical test [105])
are high-resource-demanding techniques that may apply to classic IoT. Still, they are
unsuitable for power-constrained Agri-IoT devices or SNs. In addition to being stand-
alone and without application specificity, these methods operate at high computational
and control message complexities. Their operational efficiencies increase with increas-
ing data dimensionality and also require a priori knowledge of data distribution,
which is not possible in many real-life applications of Agri-IoT networks. Additionally,
they rely on predefined thresholds to make local and global FD decisions. Therefore,
regardless of the extensive research considerations of these methods, they are generally
not suitable for low-power IoT applications, of which Agri-IoT is no exception.

• Graph-based FM techniques lack precise criteria for outlier detections [83,109], suffer
higher computational complexities, and also make unrealistic assumptions about the
data distribution. In addition, these approaches (e.g., De Bruijn graph theory [109]
and depth-based techniques) are unsuitable for multidimensional and huge datasets.

• Machine learning decision concepts such as the k-out-of-n and majority decision
rule concepts [93], naive Bayes, iterative algorithms [107], and neural network-based
techniques, among others, are susceptible to high dimensional datasets, suffer high
computational cost, and rely on sensitive model parameters.

In addition to the stipulated shortcomings, these benchmarking FM methods usually
ignore the sensory data correlation (i.e., attribute correlation, spatial correlation, and tem-
poral correlation) properties of SNs, require high communication overhead with high FD
delays [83], and normally operate in an offline manner, which is inconsistent with the
modus operandi of typical Agri-IoT. Hence, they are unsuitable for the recent low-power
Agri-IoT applications.

6.4. Open Issues on Existing FM Solutions for Classic WSN-Based IoT Networks and
Recommended Design Guidelines for Achieving Efficient FM in WSN-Based Agri-IoT

A fault in the WSN sublayer of Agri-IoT networks can be manifested as a data outlier
and SN-out-of-service or node failure, both of which must be detected and resolved locally
or globally using the spatially correlated event information and efficient threshold-based
decision frameworks. Although there has been extensive research concerning FM schemes
for the WSN sublayer, several technical challenges that require urgent contextual research
considerations exist. They include the following:

1. Most faults in the PHY layer of Agri-IoT originate from the SNs’ power exhaustion,
which implies that the best fault-avoidance techniques are those that optimize power
consumption. However, most FM schemes waste more energy and make the net-
work prone to more faults/failures via high control messages and computational
complexities.

2. Most FM schemes exist as stand-alone frameworks without architectural consider-
ations and are founded on unrealistic assumptions, which make them difficult to
incorporate into existing routing protocols.

3. The cluster-based routing architecture is endowed with many untapped local/global FM
potentials and fault-avoidance capacities for the next-generation Agri-IoT. However, these
promising potentials have received the least contextualized research considerations.

Existing FM solutions are meant for resource-sufficient and expensive classic WSN-
based IoT, not resource-constrained, context-specific use cases like Agri-IoT networks.
Regarding these technical challenges, this tutorial presents the following design guidelines
for building efficient and realistic FM schemes for WSN-based Agri-IoT:
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1. FM schemes must rely on realistic and contextual assumptions in order to detect and
auto-tolerate sensory data outliers and SN-out-of-service faults in real-time routing
protocols with minimal message, computational, and memory complexities. Such FM
schemes will be suitable for all power-constrained WSN-based Agri-IoT applications.

2. Future works on FM schemes must be embedded into specific routing protocols so
that their adaptability to topological dynamism and scalability in terms of network
sizes and node densities can be assessed in an unsupervised manner. Therefore, fault
detection and fault-tolerance schemes based on simple threshold-based theories are
the best candidates for this context, since the threshold boundaries of agronomical
metrics can be accurately computed from the historical data of the location.

3. FM schemes must incorporate redundancy check mechanisms by exploiting spatial
and temporal correlations among sensory data.

4. FM schemes should maintain a good balance between local and global FDs as well as
a reasonable detection rate and false alarm rate.

7. State of the Art on Real-World, Canon WSN-Based Agri-IoT Testbed Solutions

It is well documented that WSN-based Agri-IoT is the most reliable remedy for mitigat-
ing the negative impacts climate change has had on agricultural production, for which many
architectural designs and testbed prototypes have been proposed [12,36]. In addition, since
the autonomous, resource-constrained SNs in Agri-IoT are expected to operate without
post-deployment maintenance checks, the issues of FM, power optimization, and self-
organization during SN design and network deployment cannot be ignored in existing
testbed solutions [12,117]. Essentially, the results from most research projects on Agri-IoT
relied on simulation experiments [1,10,14], which have retained the gap between the phi-
losophy of this technology and the comprehension of its real-world behavior for a more ac-
curate performance assessment. This section presents a systematic performance assessment
of the few real-world WSN-based Agri-IoT testbed solutions currently based on the classic
WSN-based IoT principles. To understand how the benchmarking realization testbeds of
Agri-IoT in [1,10,11,14,18,19] fared in real-world operational conditions, the results from
their respective performances are systematically evaluated and summarized in Table 8. It
was discovered that the current benchmarking testbed solutions in [1,10,11,14,18,19] are
capital-intensive because they are reliant on fixed/location-restricted backbone infrastruc-
tures (see the middle of Figure 3), too complicated to deploy and manage by even expert
users, based on unrealistic indoor conditions which do not commensurate real-world envi-
ronmental conditions, and based on the high- power-demanding centralized or flooding
architectures which further complicate network manageability when up-scaled. A concise
and systematic survey of these benchmarking real-world Agri-IoT networks and their flaws
in the state of the art is summarized in Table 8.

Additionally, it can be established from the comparative assessment of the benchmark-
ing Agri-IoT testbeds in Table 8 [10,11,18,19] that the embedded communication technology,
event routing architecture, and the SNs’ power management are the core factors that made
them capital-intensive and complicated to both experts and low-income farmers. Addi-
tionally, self-healing, reconfigurability, and adaptability mechanisms to faults were not
deployed [1,14,17]; hence, faulty and turbulent conditions could not be tolerated. Further-
more, since the battery-powered SNs rely on expensive Wi-Fi and cellular communication
technologies that are not freely accessible at all locations, the SNs exhausted their battery
supply a few days after deployment. Similarly, those that relied on ZigBee/IEEE 802.15. 4
communication technologies with power-intensive 6LoWPAN or IPv6 protocols restricted
the resulting network to drive on the problematic centralized or flooding architectures
without any efficient FM techniques. As a result, these solutions used costly fixed IP
infrastructural supports and the centralized routing architecture, making them practically
impossible to manage as the networks scaled. This is why the SNs unstably exhausted their
battery power and abruptly abridged network lifespans [1,10,11,14,18,19].
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Table 8. Comparative analysis of WSN-based Agri-IoT testbed solutions.

Author/Deployment Type Testbed Objective Comm. Tech & Architecture Weaknesses

[10] (Outdoor) Disease control IEEE 802.15.4/centralized,
flooding

Relied on a fixed support system,
expensive, power-inefficient,
location-restricted

[11] (Outdoor) Precision farming, to gather
real-world experiences

ZigBee, Mica2 clones hardware
and TinyOS software/centralized,
flooding

Relied on a fixed support system,
expensive, power-inefficient,
location-restricted, no single
measurement was achieved due to high
network complexity

[18] (Indoor)
Data outlier detection and
decision support system for
precision irrigation testbeds

ZigBee/flooding-based Results based on 3 SNs under unrealistic
indoor conditions

[19] (Indoor) Latency improvement
Fog computing, 6LoWPAN, 6LBR,
and WiFi-based/centralized,
flooding

Capital-intensive, energy-inefficient,
high complexity, location-restricted

[1] (Indoor and Outdoor) Gather real-world deployment
experiences ZigBee/centralized, flooding Result focused on mere observation, not

real-world deployment scenarios.

Therefore, the freely available low-power wireless technologies (e.g., LoRa, BLE, 5G,
Z-wave, NB-IoT, and SigFox) that are founded on a suitable routing topology are the best
candidates for making this ubiquitous application [1,16] cheap [1,20] and simple for all
users. Thus, the cluster-based topology is more pivotal to addressing the above challenges
of Agri-IoT [10,17] than the traditional cellular and WiFi technologies that are inaccessible
in many farms, depending on their locations [10,20]. However, besides distance-power
constraints, architectural support, and network manageability challenges, these freely
accessible wireless communication technologies have specific limitations, which include:

1. ZigBee technology achieves the desired power savings only when deployed in star or
centralized topology [14], and it operates at its low-power distance range (10–100 m)
in line-of-sight mode depending on the environmental characteristics.

2. LoRa is limited to low-density and fixed network sizes (non-scalable), a low data rate,
and a low message capacity [14]. It may require registration and expensive antennae,
depending on its operation location.

3. SigFox supports a very low data rate and requires registration. LoRa and SigFox
possess complex implementations because they both require specific modules to
function and gateways.

4. WiFi, GPRS, cellular technologies, and NB-IoT are high power consumption standards
and location-/architecture-restricted.

5. BLE has a short communication range but supports clustering architecture, which is the
most optimal architecture for ensuring the best operational efficiency of WSN-based
Agri-IoT deployments, since this architecture allows cluster isolation and management.

Therefore, a research opportunity exists for a flexible, ubiquitous, realistic, energy-
efficient, self-healing, simple, low-cost, cluster-based, and wireless outdoor-based testbed
that consists of infrastructure-less, task-scalable, and wirelessly configurable experimental
SNs and a BS. It should also be deployed, re-deployed, monitored, controlled, and managed
by non-experts to operate stably throughout the entire crop-growing season.

8. Case Study: Cluster-Based Agri-IoT (CA-IoT) for Precision Irrigation

As earlier established in Figure 2, the design and implementation of Agri-IoT networks
are driven by unique critical factors, which are mainly determined by the associated
routing architecture, communication technology, actuation management mechanisms,
and environmental impacts. In the operation phase, these factors constitute the specific
objectives in Figure 10, which the supervisory routing protocol must address in order
to optimize performance efficiency and stability. As systematically established above,
the LEACH-inherited cluster-based architecture has the most promising potential to address
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these technical challenges. It helps to attain high power optimization via communication
distance and packet minimization, efficient network administration/adaptability, high event
data quality through auto-FM, and local data quality management, as indicated in Figure 10.
So, this section presents a systematic analysis of how the merits of this architecture evolve
in CA-IoT for precision irrigation use cases. Using the framework in Figure 12, the cluster-
based architecture was pre-examined to uncover how the fundamental Agri-IoT design
requirements and goals presented in the reference frameworks in Figures 2, 9 and 10 can
unfold into realistic multi-parametric optimization metrics.

The conceptual architectural framework of the proposed network, as illustrated in
Figure 18, can be implemented using Arduino-based or Raspberry Pi(RPi)-based micro-
controllers, BLE and LoRa for intra-cluster, inter-cluster, and BS–cloud communications,
respectively, and DHT22/STEMMA soil moisture sensors for measuring the respective
ambient and soil microclimatic parameters. Also, a unit cluster from Figure 18 detailing
the key network components of MNs, CH, BS, and the field-deployed precision irrigation
system is shown in Figure 19. It is assumed that the core units constituting the MNs, CH,
and BS, as illustrated in Figure 19, are optimally selected and designed after Figure 2. Using
Figures 18 and 19 as the reference architectural frameworks for achieving our contextualized
objectives, this section presents an in-depth systematic assessment and characterization
of the scores of canon cluster-based routing protocols of conventional WSN-based IoT
applications so that the desired MOO metrics can be appropriately deduced and adapted
for the design of the associated routing for our case study.

BS

Inter-cluster Communication  (e.g. BLE, SigFox, LoRa)
Intra-cluster Communication (e.g. BLE, SigFox)

CH: RPi 3B+
MN: RPi 3B+

Internet +IoT Storage  
      Cloud + Data Analytic

Engines

User with Web  
or Mobile Application

Control Signal to  
Irrigation System

CH/RCH: RPi 3B+

Web Server/Python/Bluez

Other Modules
e.g. Linux Scripts, ATOM 

, ADAFRUITs, DHT22, Soil
Sensor

Radio Module
e.g. BLE 4.2/LoRa 

MN: RPi 3B+
MN: RPi 3B+

PC/Smartphone: Remote
Monitoring and Control

BS

Power-Sufficient
e.g., RPi 3B+

Figure 18. Conceptual architectural framework of the proposed CA-IoT for precision irrigation
management.
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Onboard  
BLE  Module

CH BS

MN

MN

MN

LEDs & 
DHT22 Sensor

User with Web or Mobile Application 
for Remote Monitoring and Control

Inlet From Water Reservoir

Water Pump

Irrigation System on SNs-Deployed Field 

Control Signal to  
Irrigation System

Pump Relay 
Control Board

IoT Cloud

Local Data Storage

Cluster-based WSN

Solar Cell  
Panels

Solar Cell  
Panels

Solar Cell  
Panels

Solar Cell  
Panels

Battery  
Bank

Battery  
Bank

Figure 19. CA-IoT use case cluster illustrating the key network components: MNs, CH, and BS.

8.1. Characterization of Canon Clustering-Based Routing Protocols and Deduction of
MOO Metrics

A systematic survey (refer to Table 9) and characterization of LEACH-based routing
protocols were conducted using the clustering process, CH features, and cluster features,
as indicated in Figure 20, in order to conceive the core MOO metrics for the proposed CA-
IoT network framework. The clustering process, CH features, and cluster features define the
performance optimalities and the quality of the sampled data of the resulting architecture.

Taxonomy of MOO 
Metrics

Energy-related Application-related

Communication- 
related 

Connectivity 
Issues

SNs' Operational  
Pattern

Cluster  
features

Clustering 
 process

Cluster Size: equal, variable 
Cluster Count: constant,  
random, determined 
Intra/Inter-cluster Comm. Type:  
single-hop, multihop

Comm. type,
Comm. distance
Packet size

Latency, scalability, DR-
model, adaptability, FM,
data management, etc

CH  
features

CH Role Rotation: yes, no 
CH Mobility: yes, no 
SN Type: homogeneous,  
                heterogeneous  
CH Role: data fusion, router, FM, 
network maintenance, all

Clustering Method: centralized,  
decentralized, hybrid 
CH Election Method: Preset,  
random, attribute-determined 
Dynamism: static, adaptive 
Algorithmic Complexity: constant,   
variable

a. Characterization of Cluster-based Networks b. Deduced Taxonomy of MOO Metrics

Cluster size,
Cluster count,
SNs' density,
& uniformity

SNs' Role, 
SNs' activity time schedules

Figure 20. Characterization of cluster-based networks and deduced taxonomy of MOO metrics for
optimizing Agri-IoT networks.
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As depicted in Figure 20a, the cluster features define the underlying connectivity
issues, such as cluster quality indices (thus, cluster count, cluster size) and intra-cluster
and inter-cluster communication types (thus, single-hop or multihop or both) [23,24].
From the network design viewpoint, the cluster quality depends on the optimality of the
CH count and cluster sizes, which in turn rely on the core design parameters, such as the
spatial density and uniformity of the deployed nodes, the specification of the wireless
communication standard, the routing architecture, and the size of the network [47]. Since
the deployment of SNs in a typical Agri-IoT can be controlled, the stipulated cluster quality
properties can be optimized to resolve connectivity issues in Figure 20b. In a randomly
deployed field, these cluster quality parameters can be optimized using a pairing-based SN
duty-scheduling mechanisms [9,12].

Secondly, the CH features can be static, mobile, or role-rotated in both homogeneous
or heterogeneous networks [9,12] based on the SNs’ resource hierarchy. Additionally,
the CHs can be assigned different tasks, such as data aggregation, FM, coordinating
network reconfiguration or duty cycling, and network maintenance, depending on their
resource capacities and network requirements. This case study is based on static SNs and
the distributed network construction approach (see references in [9,12,33,126–132]), where
the SNs locally manage the entire clustering process, and a CH is elected without the entire
network’s information.

As shown in Figure 20a, the clustering process can be characterized by the clustering
method/network type (thus, centralized or distributed), the CH selection method, recluster-
ing or network adaptability to topological or scalable conditions, and the complexities (thus,
control message and computational complexities) of the entire network operation cycle.
Unlike the static approach with fixed CH, the adaptive clustering approach selects CH
based on the current network conditions and rotates this role. However, both approaches
can incorporate self-reclustering techniques to self-heal SN-out-of-service faults. Data
outlier faults can be best detected and corrected using threshold-based decision theory or
spatial correlation methods with the least complexities. Due to the large-scale and high
deployment densities of WSN-based Agri-IoT, the distributed clustering process is more
suitable for enhancing local FM, scalability, network management, and power optimization
than the centralized approaches [37,47].

Generally, the CA-IoT network can be optimized by formulating the deduced optimal
decision metrics in Figure 20a into a MOO framework and multihop routing model in
order to provide the guidelines for the design of the WSN sublayer of Agri-IoT. From the
comparative evaluations of Figures 10 and 20a, a taxonomy of MOO metrics for designing
an efficient WSN-based CA-IoT network is proposed in Figure 20b. To enhance the clarity
of the state of the art on cluster-based protocols and justify the need for the proposed MOO
metrics, a comparative summary based on the characterization parameters is presented in
Table 9.

8.2. CH Election Techniques

A CH selection process is very critical to the resulting network’s performance efficiency.
In addition to centralized networks and the computationally expensive fuzzy-based clus-
tering approaches [133,134], the efficiencies of all LEACH-inherited protocols are mainly
dependent on their CH selection techniques [47,49]. Therefore, the correct estimation of
the cluster quality metrics (i.e., CHs count and cluster size) is pivotal in attaining the
objectives in Figure 10. With the aid of nodes’ residual energy and location metrics, the op-
timal CH count and cluster size can be preset before network deployment. Currently,
these metrics are randomly selected using a probabilistic approach in LEACH-inherited
protocol [9,21] or derived using a deterministic or an attribute-based method [47,135].
However, the probabilistic clustering, such as the LEACH-inherited protocols, is expected
to perform better in terms of network lifespan, minimal clustering overhead, improved
connectivity, network/coverage stability, low latency, collision-free routing, load balanc-
ing, high network stability span, and algorithmic simplicity if the optimal CH count was
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predefined correctly [136]. However, the CH count is randomly predefined in these proto-
cols [9,21], which undermines the CH’s stability and the resulting architecture’s optimality.
This challenge can be addressed via common CH selection metrics including Euclidean
distance, intra-cluster/inter-cluster communication costs, energy-harvesting capacities,
and probabilistic factors. To date, the related attempts in [49,126,137–139] only relied on
the SNs’ residual energy and location information to re-elect CHs after the initial CH count
is defined, which cannot be ideal for WSN-based Agri-IoT.

For instance, an active SN in a particular round decides whether or not to become
a CH by choosing a random number (rn) ranging between 0 and 1 and comparing the
number with a specified threshold Th. A node, therefore, becomes a CH for that round if
rn < Th, where Th is expressed as:

Th =

{ pd
1−pd×(( f irst−round)mod 1

pd

, if n ∈ G

0, otherwise
(1)

where pd is the desired percentage of CHs or CH count per round, and G is the number of
SNs that have not been a CH in the previous 1/p rounds.

The authors in [119] proposed a three-layered LEACH (TL-LEACH) that operates in
three functional phases—CH election, MN recruitment, and data transfer—to enhance the
energy efficiency of LEACH. Their first-level CH election approach modified Equation (1)
into an enhanced threshold T(i), which is expressed as:

T(i) =

{
(r + 1)× mod( 1

p × p), if i ∈ G
0, otherwise

(2)

where p is the CH count, r is the current round number, and G is the number of SNs that
have not been a CH in the previous 1/p rounds. The second-level CHs are selected from
the first-level CHs based on the shortest distance to the BS to function as aggregated packet
forwarders or relay CHs (RCHs).

The authors in [120] introduced energy (E(i)) and distance (D(i)) attributes into Equa-
tion (1) to improve the load-balancing merit of LEACH. The resulting Th is expressed as:

Th =

{ pd
1−pd [r×mod 1

pd
]
× [E(i) + (1 − D(i))], if n ∈ G

0, otherwise
(3)

Multihop routing via relay CHs (RCHs) was recommended for distant CHs in the
future scope of [120].

In the LEACH presented with a distance-based threshold (LEACH-DT) algorithm
in [121], the probability of becoming a CH depends on the relative distance between a
node and the BS. This algorithm differs from the LEACH algorithm because the desired
percentage of CHs (pi) is predefined using Equation (5), while the threshold T(I, r) is
expressed as:

T(i, r) =

{ pi
1−pi×[r×mod 1

pi
]
, if Gi(r) = 0

0, if Gi(r) = 1
(4)

Note that the terms retain their usual definitions, namely:

p(i) = k
ξi

∑N
j=1 ξ j

, 0 ≤ pi ≤ 1, (5)

where
ξi = 1/ECH × di − Enon−CH , (6)

The variable di depicts the distance between node i and the BS, and ECH and Enon−CH
are the average residual energies in CHs and non-CHs, respectively. The authors further
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established the need for a multihop routing approach in simulations and real-world WSNs
to validate the countless theoretical propositions and benefits.

In the decentralized energy-efficient hierarchical cluster-based routing algorithm
(DHCR) [123], SNs compete to become CHs. First, the BS broadcasts a trigger message at a
specific range. The receiving nodes then compete to become a CH by disseminating a new
message containing their residual energies and distances from the BS. Using this informa-
tion, a neighboring node i within the target range receives the message and calculates its
CHSn f uni

as:

CHSn f uni
= a × Erei

Emax
+ b × 1

Dis − To − BSi
, (7)

where Erei and Emax are the residual and initial energy levels of node i, respectively;
Dis − To − BSi is the distance between node i and the BS, and a and b are real random
values between 0 and 1 such that a + b = 1. The values of Dis − To − BSi of node i
and its neighbors are compared, and the node with the highest Dis − To − BSi value is
selected as the CH. A first-level CH broadcasts its residual energy, neighboring node count,
and distance from the BS via a specific route. The next-level CHs receive the information
and similarly repeat the procedure to ensure that every node determines a redistributor
CH to the BS at the same time. A redistributor CH has more energy and fewer neighbors
(neighboring degrees).

However, the Hamilton energy-efficient routing protocol (HEER) [124] creates an
entire cluster of nodes, aggregates data, and transmits them to the BS via a Hamiltonian
path that has been created by the entire cluster of nodes and controls the cluster size by
selecting one node as the CH using the probability function p, which can be expressed as:

p =
Lmessage

Fmax
(8)

where Lmessage is the size of every node, and Fmax is the maximum size of a frame. The
HEER protocol creates the clusters only once in the first round based on LEACH, and it
role-rotates the CHs per the energy on the Hamiltonian path after a determined period.

Similarly, the two-phased EAMR protocol [125] randomly preselects the CH. A CH
also selects its closest CH as its redistributor CH. The clusters are static over the entire
network lifetime, and the CH role rotates randomly within the clusters according to a cluster
replacement threshold. The new CH inherits the redistributor role if the old CH had one.
Overall, since the node location, residual energy, and sleep schedule are indispensable in the
CH selection process, the CH selection methods proposed by the authors in [9,12,36,120,140]
are recommended WSN-based Agri-IoT applications.

8.3. Challenges of Existing MOO Frameworks and Recommended Future Works

As Figures 9 and 10 illustrate, the performance efficiency of an infrastructure-less
WSN-based Agri-IoT mainly depends on the embedded MOO remedies in the associated
supervisory routing protocol [12]. Several MOO frameworks have been researched since
Agri-IoT networks are subjected to multiple design and operational constraints. A MOO
framework is expected to formulate multiple objective functions from a set of MOO metrics
to simultaneously optimize these multiple objectives, such as the maximal energy savings,
highest connectivity, best latency, highest reliability, and balanced SN power depletion
rates across the network. Although the MOO methods are the best candidates for Agri-IoT,
the existing MOO solutions used in Agri-IoT are adopted from traditional WSN-based IoT
without any contextual evaluation [12,16,26]. Consequently, they have not fulfilled their
intended purposes due to several technical challenges, including the following:

1. They are limited to non-cluster-based network architectures, which implies that the promis-
ing potentials of the clustering architecture are not adequately exploited [9,12,50,51].

2. They are frequently implemented in the operational phase of the network, which
makes it challenging to find global optimal solutions with a balanced tradeoff among
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conflicting objective functions. The performance optimality of the Agri-IoT network
starts from the SN design.

3. They rely on high-resource-demanding algorithms, such as mathematical programming-
based scalarization methods, multi-objective genetic algorithms (MOGAs), heuristics/
metaheuristics-based optimization algorithms, and other advanced optimization
techniques [23,26,48], making them unsuitable for the battery-powered SNs in Agri-IoT.

4. There are no contextual MOO guidelines based on Figure 20 to govern the PHY-layer
design of Agri-IoT to achieve global optimal solutions with a balanced tradeoff among
conflicting objectives. Consequently, there are conflicting scenarios in existing MOO
solutions [50].

Therefore, there is an urgent demand for a realistic low-power MOO framework for
CA-IoT networks that is founded on the core WSN design metrics and MOO taxonomy
metrics in Figure 10 and the top of Figure 20, respectively. The following section assesses
how evaluations and deductions evolve in a typical event sampling and routing protocol
in a CA-IoT network for precision irrigation system management.

9. Design of WSN-Specific CA-IoT Routing Protocol

This section proposes a CA-IoT-based supervisory routing protocol that supports
static SNs, rotatable/fixed CH roles, and enhanced SN resource management under the
deterministic deployment approach. This can improve energy savings, connectivity, dis-
tance moderation, and multihop inter-cluster communication in the resulting network.
The operational cycle and the embedded activities of our WSN-based CA-IoT protocol for
precision irrigation application, as illustrated in Figure 21, include the following:

1. Network Construction or Setup Phase: This phase involves network modeling, CH election,
and cluster formation, which is explained in Figure 21. The active–sleep duty-cycle
scheduling ensures the SNs only switch to active mode during their scheduled sampling
durations. In randomly deployed WSNs, redundant event reporting can be avoided
using a correlated pairing-based active–sleep duty-cycle scheduling approach in [12].
The optimal CH count and cluster size must be predefined from the resource capacities
of the SNs. After the initial CH election, the MNs are recruited and assigned their
respective sampling and intra-cluster communication timeslots.

2. Sampling, Data Management, and Transmission Phase: The tasks executed in this phase
include event sampling, intra-cluster and inter-cluster data transmissions, data outlier
FM, and event data redundancy management. Since microclimatic soil parameters do
not change swiftly [1,14], sampling can only be scheduled during the day at 3-hourly
time intervals. In addition to power optimization, the clustering approach provides
superb potential for both local and global FM using threshold-based FM theory and
spatial correlation techniques. Based on the architecture in Figure 19 and the resource
limitations of the SNs, it is recommended that the communication beyond the BS or
gateway can utilize LoRa or Wi-Fi AirBox, whereas the intra-cluster and inter-cluster
communications must be the freely available low-power BLE technology, since it is
the most suitable for the clustering architecture.

3. Network Maintenance and Reclustering Phase: This phase resolves all unforeseen topolog-
ical dynamics caused by the SNs’ failures, network scalability, node mobility, and un-
expected operational flaws, without interfering with the normal network functionality
via adaptive reclustering, self-healing, and multihop routing techniques [12,23,24].
Here, a parent CH coordinates the election of child CHs (CCHs). While all non-CCHs
switch to sleep mode, the CCHs recruit new MNs using location and residual energy
parameters, assign them their respective sampling timeslots, and repeat Phase 2 after-
ward, as shown in Figure 21. SN-out-of-service faults are auto-detected and tolerated
in this phase.
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SNs pairing
Active-sleep duty-cycle scheduling
CH-counts predefined
CH selection
MN recruitment  
MNs assigned sampling timeslots 

Event sensing & local FM
1-hop intra-cluster comm.
Data aggregation by CHs
Data redundancy checks & FM
Inter-cluster 1-hop/m-hop comm.

Old CHs select new CHs
Active-Sleep duty-cycle activated 
New MNs recruited
MNs assigned sampling timeslots 

1. Network Construction

2. Sampling, Data Management, 
 and Data Transmission3. Network Maintenance and 

Reclustering

Figure 21. Proposed operation cycle for designing our CA-IoT network’s routing protocol.

Additionally, Figure 21 uniquely incorporates correlated pairing-based duty cycling,
constant control message complexity FM/data redundancy scheme, network construc-
tion/maintenance, and cluster quality measures that can ensure unprecedented energy
savings and event data quality. This clustering approach can further minimize energy
wastage via a suitable MAC method, a low-power wireless communication standard, data
aggregation with data redundancy checks, and CH role rotation, among other factors.
Although the various sections of the deduced MOO metrics have been implemented in our
CA-IoT operational cycle, the most desired performance can be optimally attained when
the MOO metrics are modeled into their respective objective functions, and their optimal
values are determined and implemented in both simulation and testbed experiments in
future works. Also, a realistic multihop routing framework can also be inculcated into this
protocol for large-scale applications.

10. Open Issues and Future Works: Cluster-Based WSN-Specific Agri-IoT Networks

This tutorial has firmly established that the WSN-based Agri-IoT is an indispens-
able component of smart or precision farming and greenhouses, despite its resource- and
deployment-induced challenges [12,26,141]. Unlike the conventional IoT, Agri-IoT is com-
pelled to drive on batteries and affordable task-scalable SNs. However, it must meet the
expectations in Figure 2 to guarantee a stable performance. The cluster-based routing
technique has emerged with promising potential to mitigate these challenges. However,
results from existing testbed solutions in this study show otherwise due to the absence of a
contextualized in-depth overview of Agri-IoT as well as the following open issues which
have not received extensive contextual research considerations in Agri-IoT applications:

1. The cluster-based routing architecture for WSN-based Agri-IoT has not received holistic
and practical research considerations as far as FM, power optimization, and network
adaptability are concerned. Therefore, there is a demand for multi-parametric optimiza-
tion frameworks and guidelines for designing and implementing the WSN sublayer.

2. Concerning FM, most proposed schemes in the canon state of the art are stand-
alone, have high control message and computational complexities (energy-inefficient),
and are mostly incompatible with the clustering architecture [25,52]. The desired
FM schemes for CA-IoT applications should be equipped with fault-avoidance mech-
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anisms and the capacity to detect and self-heal root faults (SN-out-of-service and
sensory data outliers [25]), not their effects.

3. Multihop routing, which is a requirement to attain the desired energy savings and
network adaptability in large-scale CA-IoT networks, is asserted to be more energy-
efficient only in simulation experiments [33,120,121,123–125,128–130] but not in real-
world implementation [22–24]. This imbalance is due to a lack of a comprehensive
and reliable theoretical multihop routing framework that is based on the total commu-
nication costs of multihop routing.

4. There is a demand for a more realistic and holistic MOO framework that can op-
timize the operational efficiency metrics such as cluster size, cluster counts, den-
sity/uniformity of nodes, communication distance, and activity schedule/duration,
right from the network design phase to the operational phase of Agri-IoT networks.

5. Although the current literature supports adaptive clustering with CH role rotation
ideology, there exists the need for an optimal initial CH-count estimator in order to
improve the stability of CH elections and the architecture. Thus, the cluster quality
indices (e.g., optimal cluster count and size) must be predetermined before defining
them in the associated CH election method, since CH stability is compromised in most
clustering methods [9,21,119–121,123,124].

6. Most protocols in the state of the art rely on perfect homogeneous networks, which is
unrealistic due to variations in modular specifications and resource utilization and the
fact that different SNs may have different communication and data computational roles.
Therefore, a more realistic, contextualized, and adaptive clustering approach that leverages
the gap between the philosophy and practice of Agri-IoT applications is needed.

7. In addition to the parent LEACH protocol [21,61] which is a complete suite application
comprising routing, MAC, and physical characteristics for wireless communication in
WSNs, most benchmarking MAC protocols purposed for traditional IoT applications
are shelved, since they are developed in solitude without application specificity and
network architectural considerations. A custom-built and holistic protocol suite for
Agri-IoT remains a research opportunity.

11. Conclusion and Future Works

This tutorial presented: (1) a systematic overview of the fundamental concepts, tech-
nologies, and architectural standards of WSN-based Agri-IoT; (2) an evaluation of the tech-
nical design requirements of a robust, ubiquitous, self-healing, energy-efficient, adaptive,
and affordable Agri-IoT; (3) a comprehensive survey of the benchmarking FM techniques,
communication standards, routing protocols, MMAC protocols, and WSN-based testbed
solutions; and (4) an in-depth case study on how to design a self-healing, energy-efficient,
affordable, adaptive, stable, and cluster-based WSN-specific Agri-IoT from a proposed
taxonomy of MOO metrics that can guarantee optimized network performance. Further-
more, this tutorial established new taxonomies of faults, architectural layers, and MOO
metrics for CA-IoT networks. Using the open technical issues, it recommended application-
specific requirements of Agri-IoT, general design expectations, and remedial measures,
and it evaluated them in CA-IoT for precision irrigation in order to optimally exploit the
proposed MOO metrics in a typical CA-IoT design in both simulation and real-world
deployment scenarios. Overall, this tutorial can serve as a new reference document for the
IoT community and Agri-IoT designers, since it adequately examined all critical aspects of
WSN-based Agri-IoT networks from theoretical modeling to real-world implementation.
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Abstract: As the world becomes increasingly urbanized, the development of smart cities and the
deployment of IoT applications will play an essential role in addressing urban challenges and shaping
sustainable and resilient urban environments. However, there are also challenges to overcome,
including privacy and security concerns, and interoperability issues. Addressing these challenges
requires collaboration between governments, industry stakeholders, and citizens to ensure the
responsible and equitable implementation of IoT technologies in smart cities. The IoT offers a vast
array of possibilities for smart city applications, enabling the integration of various devices, sensors,
and networks to collect and analyze data in real time. These applications span across different sectors,
including transportation, energy management, waste management, public safety, healthcare, and
more. By leveraging IoT technologies, cities can optimize their infrastructure, enhance resource
allocation, and improve the quality of life for their citizens. In this paper, eight smart city global
models have been proposed to guide the development and implementation of IoT applications in
smart cities. These models provide frameworks and standards for city planners and stakeholders to
design and deploy IoT solutions effectively. We provide a detailed evaluation of these models based
on nine smart city evaluation metrics. The challenges to implement smart cities have been mentioned,
and recommendations have been stated to overcome these challenges.

Keywords: smart cities; IoT; ICT; urbanization; sensors; development; LTE; 5G

1. Introduction

Emerging Internet of Things (IoT) applications and services, including smart health,
smart grid, smart water, smart cities, and intelligent transportation systems (ITS), are set
to transform and disrupt the way we live and work. IoT is currently enabling billions of
smart devices and sensors which are communicated and remotely operated via the Internet.
Currently, the number of IoT connected devices is greater than 15 billion devices. By
2030, it is expected that the IoT will incorporate more than 29 billion smart devices, which
represents three times of that in 2020 [1]. According to the International Data Corporation
(IDC), the IoT spending forecast will rapidly grow from $726 billion in 2019 to $1.1 trillion
in 2023. According to IoT Analytics’ global IoT enterprise spending dashboard, the IoT
enterprise market size is forecasted to grow at a compound annual growth rate (CAGR) of
19.4% to $483 billion from 2022 until 2027 [2].

The IoT is denoted as machine-to-machine (M2M) communication; therefore, a stagger-
ing number of “things” will require ubiquitous connectivity [3]. These connected devices
can range from household appliances and smart home devices to industrial equipment,
vehicles, and even entire cities [4]. IoT devices are typically equipped with sensors that can
collect data on their environment, such as temperature, humidity, and motion detection, as
well as data on their own operation, such as power usage and performance [5]. This data is
then transmitted to other devices or systems over the Internet, where it can be analyzed
and used to inform decisions and actions.

IoT 2023, 4, 366–411. https://doi.org/10.3390/iot4030017 https://www.mdpi.com/journal/iot
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There is an emerging consensus that cellular-based legacy fourth generation (4G)
long-term evolution (LTE) and emerging 5G are the key technology candidates that can
provide the required global IoT connectivity to such a staggering number of “things”. The
5G cellular system will be distinct from previous generations. Basically, the fundamental
merits will not be combinations of old and new radio access technologies (RAT); 5G will
also enable new-use cases and mobile communication requirements beyond 4G cellular
networks. It will be a combination of 4G cellular standards and technologies, as well as
new disruptive technologies such as mmWave and spectrum sharing. 5G will be propelled
by whole new services and demand [6]. By 2030, it is projected that there will be billions
of interconnected things with data rates of several Gbps, allowing for a personalized user
experience with minimal latency and great reliability [3].

Cellular-based machine-to-machine (M2M) communications are one of the key IoT
enabling technologies with huge market potential for cellular service providers deploying
LTE networks. Massive IoT (MIoT) refers to the tens of billions of M2M devices, objects, and
machines that require ubiquitous connectivity [3]. According to the global standards body
3GPP, a massive scale means deploying at least 1 million devices per square kilometer [3].
IoT applications span a wide range of use cases ranging from mission-critical applications
with strict latency and reliability requirements (e.g., driverless vehicles) to those that require
support of massive number of connected M2M devices with relaxed latency and reliability
requirements (e.g., smart meters) [3].

The prior cellular generations were essentially designed to meet the needs of human-
type communications (HTC) (e.g., voice, video, and data). However, in order to accelerate
industry digitalization, 5G networks are projected to enhance industrial communications,
as well. As a result, new industry stakeholders will be able to use novel services and net-
working capabilities. 5G technology is projected to provide connection and communication
needs in vertical industries (e.g., automotive, healthcare, manufacturing, entertainment,
and so on) in a cost-effective manner [7].

According to the United Nations (UN) the world population has reached 8.0 billion
in 2022, which is more than three times that in 1950. The world population is projected
to reach 8.5 billion in 2030, and to further increase to 9.7 billion in 2050 and 10.7 billion in
2100 [8]. In 1950, approximately 70% of the world population were residing in rural areas.
The turning point occurred in 2007; for the first time in history, the global urban population
exceeded the global rural population. In 2018, 55% of world population (i.e., 4.2 billion)
resided in urban areas. This percentage is expected to reach 60% in 2030. In 2050, more
than two-thirds (68%) of global population are projected to reside in urban areas, which is
the reverse of that in the mid-twentieth century [9].

Due to the projected increased demand for urbanization [9], it is expected that the
demand for smart cities and their applications and services will increase accordingly.
According to Allied Market Research, the global smart cities market size was valued
at $648.4 B and is expected to reach $6.0 T in 2030, growing at a CAGR of 25.2% from
2021–2030 [10]. Consequently, the number of smart cities which contribute to enhancing
the inhabitants’ quality of life (QoL) will increase. According to a study produced by the
smart city observatory, part of the IMD world competitive center (WCC), the number of
smart cities has increased from 118 cities in 2021 to 141 cities in 2023 [11].

Adoption of IoT communication technologies such as low-power wide-area networks
(LPWAN), for instance, LTE for machines (LTE-M), narrow band IoT (NB-IoT), cellular
networks such as 4G/LTE and 5G are required for the realization of smart city concepts [3].
According to Global Suppliers Mobile Association (GSA), around 70 countries had 5G
networks as of June 2022. 5G is partially deployed in approximately 15 countries [12]. 6G,
the next generation mobile network, promises exponentially faster data speeds and lower
latency than 5G [13]. As a result, the deployment of these connectivity technologies is
a critical factor in the maturation of smart city projects. Such technologies also pose the
groundwork for the IoT, a vast network of smart devices that collaborate to collect and
analyze data and perform actions, making smart cities a reality [14].
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The selection criteria of the model cities in the paper are based on the preliminary
revision of studies, reports, and electronic websites that display the smart cities around the
world. The interdependence on authentic studies from official administrations to obtain the
information related to the smart cities’ models were selected from Africa [15], Asia [16], and
Europe [17], for instance, European Parliament studies, International Telecommunications
Union (ITU) studies, and official websites which provide details of smart cities.

The selected smart cities must achieve the following standards:

• The recurrence of the city’s appearance in more than one comprehensive study to
analyze smart city projects.

• The availability of an official website or a special report for the city containing smart
projects that have been implemented or are being implemented in the city.

• The same project within the smart city must have more than one source in the absence
of an official website or report for the city.

• Cities should be as representative as possible of most geographical areas and different
cultural and economic characteristics.

• Considering that the experiments under study include models for both directions of
smart cities, existing cities that have already been developed to transform into smart
cities, and new cities that already exist from first, second and third generation cities.

2. Smart City

Smart cities are urban areas that leverage technology and data to improve the quality
of life for their citizens, increase efficiency and sustainability, and enhance economic
development. These cities use interconnected technologies to collect and analyze data in
real time, allowing them to make informed decisions and optimize resource use. Smart
cities rely on a variety of technologies, such as sensors, IoT devices, artificial intelligence
(AI), and machine learning, to collect data and automate processes as depicted in Figure 1.
This data can then be used to improve city services, such as transportation, energy, waste
management, and public safety [18].

Figure 1. Smart City Applications.
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1. Smart Transportation: utilize IoT sensors to collect data on traffic flow, parking, and
public transportation, optimizing routes and reducing congestion. Ultimately, this
data could also be used to improve safety by detecting and alerting drivers of potential
accidents [19].

2. Smart Energy: deploy IoT sensors to monitor and optimize energy usage in buildings
and public spaces, reducing waste and carbon emissions [20,21].

3. Smart Waste Management: utilize IoT sensors to monitor waste levels in trash cans and
dumpsters, optimizing garbage collection routes and reducing costs [22]. Predictive
analytics: use machine learning algorithms to predict the amount of waste generated
in different areas and schedule waste collection accordingly [23]. Recycling robots:
deploy robots to sort and separate recyclable materials from general waste [24]. Smart
bins: install smart bins that use sensors to detect when they are full and send alerts
to waste collection teams [25]. Waste-to-energy systems: convert waste into energy
through incineration, gasification, or anaerobic digestion [25].

4. Public Safety: use IoT sensors to monitor crime and traffic violations, as well as
detecting natural disasters and emergencies, enabling faster response times and better
disaster management [26].

5. Smart Water Management: use IoT sensors to monitor and optimize water usage in
buildings and public spaces, reducing waste and conserving resources [27]. Smart
water systems can be used by water utilities, businesses, and homeowners to monitor
and control water usage. Overall, smart water systems offer a number of benefits that
can help to conserve water, save money, and improve water management.

6. Smart Health: use of connected devices and sensors to monitor and manage var-
ious aspects of health. These devices can collect and transmit data to healthcare
providers, caregivers, or the individuals themselves, allowing for better tracking and
management of health conditions and improving overall health outcomes [28].

7. Smart Government: use of technology and data to improve the efficiency, effectiveness,
and quality of government services and operations. It involves the integration of
information and communication technologies (ICT) into government processes and
services, with the aim of enhancing transparency, citizen engagement, and overall
governance [29,30].

8. Smart Buildings: use of advanced technologies and systems to enhance their function-
ality, efficiency, and sustainability. These buildings are equipped with a wide range
of sensors, control systems, and other IoT devices that enable them to collect and
analyze data about their environment and occupants in real time [31].

9. Smart Manufacturing: utilize advanced technologies such as the IoT, big data analytics,
AI, robotics, and automation to optimize the manufacturing process. It aims to create
a more efficient and flexible manufacturing system that can adapt to changing market
demands, reduce costs, and improve product quality [32].

10. Unmanned Aerial Vehicles (UAV): a type of aircraft that is operated remotely without
a human pilot on board. UAVs can be either controlled by a human operator on the
ground or can be programmed to operate autonomously. They are commonly used
for military, commercial, scientific, and recreational purposes and have become in-
creasingly popular in recent years due to advances in technology and lower costs [33].

11. Robotics: robotics and the Internet of Things (IoT) play a crucial role in shaping smart
city applications by integrating physical devices and intelligent systems with the
city’s infrastructure [34]. These technologies enable the development of innovative
solutions to improve efficiency, sustainability, and the overall quality of life for citizens.
These are just a few examples of how robotics and IoT technologies are transforming
urban environments into smarter, more sustainable, and efficient cities [34,35]. As
technology continues to advance, we can expect even more innovative applications to
emerge, improving the way we live and interact with our surroundings.

To implement smart cities, governments and businesses must work together to develop
and deploy IoT technologies, as well as ensure the security, privacy, and interoperability of
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the systems [36]. Smart cities require investment in infrastructure and innovation, and they
can create significant benefits for citizens, businesses, and the environment. Overall, the
goal of smart cities is to create more livable, sustainable, and efficient urban environments
for their citizens, while also reducing the environmental impact of cities and promoting
economic growth [37].

2.1. Smart Transportation

As the number of vehicles increases, the transportation and logistics services represent
a promising market for M2M communications. According to Statista, revenue in the
passenger car market is expected to reach $1029B in 2023. The revenue in the passenger
car market is expected to show an annual growth rate of +1.74%, resulting in a projected
market volume of $2067 B in 2027 [38]. These emerging vehicles will be equipped with
IoT sensors and actuators [3]. In addition, roads and transported goods are equipped with
devices that enable the transportation and freight corporations to seamlessly track the
vehicles and the goods by updating the status of delivery to the customers [39].

2.1.1. Logistic Services

The supply chain can work efficiently by enabling M2M sensors to track goods and
vehicles in real time. M2M logistic services enable total surveillance on the status of
raw materials, products, storage, transportation, and after-sell services by monitoring
temperature, humidity, and light. If the status has a problem (i.e., an emergency event),
the M2M sensor will transmit an alerting message to the M2M server to take the proper
decision via the core network [40]. In addition, the M2M logistic services can also track
the inventory in the warehouses by enabling the stakeholders to monitor the market
dynamics and take the appropriate decision regarding either to launch sale or to refill.
The aforementioned policies will help to reduce the occupied spaces in the warehouses,
reducing the waiting times for the customers and consequently gaining the customers’
satisfaction [41]. These services can help companies improve efficiency, reduce costs, and
increase safety by providing real-time visibility and data-driven insights. The logistic
transportation IoT services include:

1. Asset Tracking

Deploy IoT sensors to track the location and condition of cargo, containers, and other
assets in real time. This can help companies optimize logistics and reduce the risk of theft
or loss [42].

2. Condition Monitoring

Utilize sensors to monitor the condition of goods during transportation, including
temperature, humidity, and other environmental factors. This can help companies ensure
the quality and safety of their products [43].

3. Predictive Maintenance

IoT sensors can be used to monitor the condition of vehicles and equipment in real
time and predict when maintenance is needed. This can help companies reduce downtime
and extend the life of their assets [44,45]. Overall, logistic transportation IoT services can
provide companies with a range of benefits, including improved efficiency, reduced costs,
increased safety, and enhanced customer satisfaction.

2.1.2. Electric Vehicles

The intelligent transportation systems (ITS) depend on the M2M communications
accompanied by the roads, which are equipped with IoT sensors and actuators which
contribute to regulating the traffic flow, vehicle navigation and/or safety [46]. If the vehicle
operator is sleeping, the sensors will alert the operator to avoid accidents. In addition,
the M2M sensors equipped in the roads will guide the operators to the closest charging
station, as it has all information of the vehicle including the battery charging level [47].
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IoT sensors installed in the road and high definition (HD) cameras [14] equipped in the
traffic lights are integrated together to regulate and control the vehicles’ traffic flow in the
street [48]. Furthermore, in case of an accident, the M2M sensors installed in the roads and
vehicles will detect the location of the accident which enables the governmental agencies to
act immediately. Electric vehicles (EVs) are a rapidly growing industry that is helping to
reduce carbon emissions and improve air quality [49]. With the rise of the IoT, there are
numerous IoT applications that can be used to enhance the capabilities of electric vehicles
as illustrated in Figure 2.

Figure 2. Electric Vehicle M2M Applications.

1. Remote monitoring:

Monitor the health and status of electric vehicle components, such as batteries, motors,
and charging systems using IoT sensors. This information can be transmitted to a central
server for analysis, allowing vehicle owners to receive alerts if there are any issues with
their vehicle [50].

2. Smart charging:

Optimize the charging of electric vehicles, ensuring that they are charged at the most
efficient times and using the most cost-effective energy sources. This can help to reduce the
strain on the power grid and reduce the cost of charging for vehicle owners [51,52].

3. Vehicle-to-Grid (V2G) communication:

Enable V2G communication, allowing electric vehicles to communicate with the power
grid and provide energy back to the grid when it is needed. This can help to balance the
load on the grid and reduce the need for additional power generation [53,54].

4. Predictive maintenance:

Analyze data from electric vehicles to predict when maintenance is needed, allowing
vehicle owners to schedule maintenance before issues arise. This can help to reduce
downtime and extend the life of vehicle components [55].

5. Driver behavior monitoring:

Deploy IoT sensors to monitor driver behavior, including acceleration, braking, and
speed. This can help promote safer driving practices and optimize energy consumption. Ul-
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timately, IoT applications can greatly enhance the capabilities of electric vehicles, improving
their efficiency, reliability, and cost-effectiveness [56].

2.1.3. Smart Parking

Smart parking is the use of technology to improve the efficiency of parking man-
agement. This can include various tools and services, such as sensors, mobile apps, and
real-time data analysis, to help drivers find parking spaces quickly and easily. Some of
the benefits of smart parking services include reduced congestion, increased revenue for
parking operators, and improved customer experience for drivers. For example, smart
parking services are the use of sensors that detect whether a parking spot is occupied or
not. This information can then be transmitted to a central database, which can be accessed
by drivers through a mobile app. This allows drivers to find available parking spots in
real time, reducing the amount of time spent searching for a spot and ultimately reducing
congestion on the roads. These days, driving and parking a car in urban cities is challenging.
For instance, the number of vehicles entering Manhattan (only the business district) in 2017
exceed 700 k per day [57,58]. Finding parking for these cars is becoming more difficult if
the number of parking spots across New York City (NYC) is only between 3.4 M to 4.4 M.
To overcome this problem, M2M sensors placed on roads will promptly guide the vehicle
operators to the unoccupied spots on the street. This service will save energy (fuel) and
money and will enable the government to monitor the occupancy level of available parking
spots [59].

1. Smart vehicle counting

Within 2010 to 2050, the population of the urban cities will increase from 3.6 billion
to 6.3 billion inhabitants with 80% increasing rate [60]. By 2035, the population of the
US will exceed 370M [61], and the world population will approximately 8.8B inhabitants.
On average, the number of vehicles running on the roads will reach 2B by 2035 [39,62].
According to a report by Allied Market Research, the global smart vehicle market is expected
to reach $2.2 trillion by 2030, growing at a compound annual growth rate (CAGR) of 40.1%
from 2021 to 2030 [63]. This absolutely will pose a serious challenge to manage the traffic
control, intelligent transportation, and city management. In order to tackle this problem,
employing the M2M sensors to collect data which provide accurate vehicle detection and
measuring and controlling the traffic flow [64].

2. Passenger services

One of the utmost passenger services is the e-ticketing system [65]. Ticketing systems
of traditional transportation systems are manual, and some of them may be semi-automatic
and/or automatic systems used to collect fares. The near field communication (NFC)-
based ticketing system will be utilized as the M2M node at the gates or exits in the airport
terminals, or train stations scan the passenger identity using NFC-enabled user equipment
(UE) [66]. The NFC-enabled UE is scanned at the M2M node; the M2M will send its
code to the M2M server through the core network. Based on the tariff table, the traveled
distance, and the class of the ticket (e.g., economy, business, and first class) the fare will
be withdrawn from the passenger’s bank account or credit card. Mobile ticketing raises
customer satisfaction along with the ticketing system’s effectiveness.

3. Fleet management

Nowadays, numerous cargo ships are voyaging through the open oceans. These
containers’ delivery services may be affected for many reasons, including piracy, physical
damage, and delivery delay. To address this problem, M2M communications can be used in
fleet management by developing a superior management system to deliver freight promptly
between different regions [67]. Tracking of vehicles and cargos is enabled by installing
M2M sensors that collect locations, delivery status, and climate data, which are used to
reduce accidents and improve the fuel consumption efficiency, hence increasing the fleet
management effectiveness [68].
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2.2. Smart Energy

IoT services are a suite of technology-based solutions designed to optimize the pro-
duction, distribution, and consumption of energy [21,69]. These services use sensors, data
analytics, and machine learning to collect and analyze data on energy usage patterns and
enable the automation and control of energy systems.

2.2.1. Smart Gri

A modern electricity grid that leverages IoT technologies to optimize energy distri-
bution, consumption, and management. Smart grid solutions can help reduce energy
consumption, increase efficiency, and minimize environmental impact [69,70].

2.2.2. Demand Response

Demand response is a change in the power consumption of an electric utility customer
to better match the demand for power with the supply [71]. Demand response can be
used to reduce peak demand, which can help to avoid blackouts and brownouts. IoT
sensors can be deployed to manage energy demand by adjusting energy usage during peak
demand times. This can help reduce the need for costly power generation and distribution
infrastructure [3,69].

2.2.3. Distributed Energy Resources (DERs)

Managed distributed energy resources (DERs), such as solar panels and wind turbines,
enabled energy providers to optimize energy distribution utilizing IoT sensors. [21,69].
DERs are becoming increasingly important as the electricity grid becomes more decentral-
ized. As more and more people generate their own electricity, DERs will play a key role in
ensuring the reliability and resilience of the grid [71].

2.2.4. Grid Monitoring

IoT sensors can be deployed to simultaneous monitor grid performance, enabling
utilities to respond quickly to any problems or outages. This can help reduce downtime
and improve reliability [69,72].

2.2.5. Power Quality Monitoring

The quality of electricity being distributed can be monitored, enabling utilities to
identify and resolve any issues that may affect power quality using IoT sensors [72]. A
combination of IoT devices, data analytics, and communication technologies are required
to implement smart energy solutions. However, the potential benefits include reduced
energy consumption, which improves efficiency, and environmental impact, which has a
significant impact on both individuals and communities [3,69].

2.2.6. Smart Lighting

Smart lighting employs IoT sensors to adjust lighting levels based on occupancy
and daylight levels. This can help reduce energy consumption and save costs while still
providing adequate lighting. Another M2M application was implemented in smart homes,
smart offices, smart cities, and streets [4,14]. Smart lighting systems impact energy savings
in the cities around the world. Currently, 55% of the world population is residing in urban
cities. As the growth accelerates rapidly, 68% of the population are predicted to live in
urban cities by 2050 globally. By 2030, there are 43 megacities with more than 10 million
residents predicted [73]. These statistics pose challenges to city management and smart
buildings in terms of energy utilization efficiency. As smart cities tend to be green, the
sources of greenhouse gas (GHG) emissions must be reduced [14]. Electricity is one of GHG
emission sources which represents 27% of the total US GHG emission in 2018 [74]. The
dominant electricity source of GHG emissions is the residential and commercial section,
which represents 32% [74]. Reducing GHG emissions can be accomplished by reducing
electricity usage and peak demand by increasing the utilization efficiency in residential and
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commercial buildings. Based on the report published by the World Council on City Data
(WCCD) in 2017, GHG emissions were reduced by 63% in the city of Los Angeles due to
switching to light emitting diode (LED) lighting [14]. By 2025, the global call of switching
lighting systems to 100% smart LED lighting will contribute to the reduction of the lighting
share of the global energy consumption from 15% to 8% [75,76].

2.2.7. Energy Storage

The use of energy storage solutions such as batteries and capacitors can be opti-
mized [69]. This can help reduce energy waste and provide a more reliable source of energy
in areas with unreliable energy supply. Implementing smart energy solutions requires a
combination of IoT devices, data analytics, and communication technologies [3]. However,
the potential benefits of smart energy, including reduced energy consumption, increased
efficiency, and minimized environmental impact, can have a significant impact on both
individuals and communities [77].

2.3. Smart Waste Management

IoT applications leverage the power of the Internet of Things (IoT) to enhance waste
management systems, making them more efficient, cost-effective, and environmentally
friendly [78]. These applications utilize various IoT technologies to monitor, collect, analyze,
and manage waste in real time [79]. Overall, smart waste management IoT applications
offer a holistic approach to handling waste, promoting sustainability, reducing operational
costs, and contributing to a cleaner environment. As IoT technology continues to evolve,
these applications are likely to become even more advanced and widespread.

2.3.1. Smart Waste Bins

IoT-enabled waste bins are equipped with sensors that can detect the fill level of the
bin. These sensors can use ultrasonic, infrared, or weight-based technologies to measure the
waste level. When the bin reaches a certain threshold, it sends an alert to waste collection
teams, optimizing the collection process by reducing unnecessary trips and preventing
overflow [80].

2.3.2. Route Optimization

IoT devices on waste collection vehicles enable real-time tracking of their location
and status. These devices can use GPS technology to find the most efficient routes for
waste collection, considering factors such as real-time traffic conditions and the fill levels
of individual waste bins. Optimized routes reduce fuel consumption, emissions, and
operational costs [81].

2.3.3. Environmental Monitoring

IoT sensors can be deployed in landfills to monitor environmental conditions such
as methane emissions, temperature, and air quality. Real-time monitoring helps in early
detection of potential issues and allows for timely mitigation actions, ensuring compliance
with environmental regulations [82].

2.3.4. Recycling Management

IoT applications can facilitate the separation and sorting of recyclable materials. Smart
recycling bins equipped with sensors can help users identify the correct recycling category
for their waste items, promoting proper recycling practices [83].

2.3.5. Public Awareness and Education

Smart waste management IoT applications can also be used to raise public awareness
about waste management and encourage responsible waste disposal behaviors. Interactive
displays on waste bins or smartphone apps can provide information about recycling
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guidelines, waste reduction tips, and the environmental impact of different waste disposal
methods [84].

2.3.6. Data Analytics

IoT-generated data from waste bins, collection vehicles, and landfill sensors can be
analyzed to identify patterns and trends in waste generation, collection efficiency, and
recycling rates. This data-driven approach allows municipalities and waste management
companies to optimize their operations further and make informed decisions [85].

2.3.7. Remote Monitoring and Maintenance

IoT devices enable remote monitoring of waste management infrastructure, such as
waste compactors and incinerators. This allows for proactive maintenance and reduces
downtime, ensuring that waste management systems operate efficiently [86].

2.4. Public Safety

The goal of public safety is to create a safe and secure environment for all. This
includes protecting people from crime, fire, and other hazards. Public safety also includes
ensuring that people have access to emergency services when they need them. There
are many different organizations that play a role in public safety. These include law
enforcement agencies, fire departments, emergency medical services (EMS), and disaster
response agencies [87]. These organizations work together to prevent crime, respond
to emergencies, and protect the public from harm. Public safety IoT applications use
connected devices and sensors to enhance public safety and security [88]. Some public
safety IoT applications follow.

2.4.1. Traffic Management

Monitoring traffic conditions, detecting accidents or incidents, and optimizing traffic
flow can improve response times for emergency services [88]. Traffic management applica-
tions are essential tools used to ensure the safety of road users and pedestrians, as well as
to improve the efficiency of traffic flow. Here are some examples of traffic management
and public safety applications:

1. Intelligent Traffic Systems (ITS)

ITS are systems that use advanced technologies such as sensors, cameras, and com-
munication networks to monitor and manage traffic on roads [89]. These systems provide
real-time information to drivers about traffic conditions, road closures, accidents, and other
incidents, enabling them to make informed decisions about their routes and travel times.

2. Automated Traffic Enforcement (ATE)

Systems use cameras and sensors to automatically detect and enforce traffic violations
such as speeding, red-light running, and illegal parking [90]. These systems are often used to
improve public safety by reducing the number of accidents caused by irresponsible driving.

3. Emergency Vehicle Prevention (EVP)

EVP systems are used to provide emergency vehicles, such as ambulances and fire
trucks, with high priority access to intersections. These systems use transmitters on emer-
gency vehicles to communicate with traffic signals [76], allowing them to change to green
lights and clear the way for the emergency vehicle.

4. Pedestrian Detection Systems (PDS)

PDS systems use sensors and cameras to detect pedestrians in crosswalks and alert
drivers to their presence [91]. These systems are especially useful in areas with high
pedestrian traffic, such as urban centers and school zones.

5. Variable Message Signs (VMS)
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VMS are electronic signs that display real-time information about traffic conditions,
road closures, and other relevant information to drivers. These signs are used to provide
drivers with up-to-date information that can help them make immediate decisions about
their routes and travel times [92]. In general, these traffic management and public safety
applications are essential tools for ensuring the safety of road users and improving the
efficiency of traffic flow.

2.4.2. Emergency Response

Emergency response applications automatically detect emergencies such as fires,
gas leaks, or natural disasters and send alerts to emergency responders or the public.
They are software tools designed to help emergency responders quickly and efficiently
respond to emergencies, manage incidents, and communicate with each other during a
crisis [93]. These applications can help emergency responders coordinate resources, share
information, and make better decisions in real time. The emergency response public safety
applications comprising:

1. Dispatch Systems

These systems allow dispatchers to receive emergency calls, quickly identify the loca-
tion and nature of the emergency, and dispatch the appropriate resources to the scene [94].
These systems also provide real-time communication tools that enable responders to com-
municate with each other and share critical information.

2. Incident Management Systems

These systems help emergency responders manage incidents by providing a cen-
tralized platform for sharing information, tracking resources, and coordinating response
efforts [95]. They can also provide in situ awareness tools that allow responders to monitor
the status of the incident in real time.

3. Mapping and GIS Applications

These applications use geographic information system (GIS) technology to provide
responders with detailed maps and location data that can help them navigate to the scene
of an emergency, identify hazards and resources, and plan response strategies [96].

4. Emergency Mobile Apps

These apps provide emergency responders with onsite access to critical information
and communication tools [97]. They can also provide real-time updates on incident status,
resource availability, and other important information.

5. Social Media Monitoring Tools

These tools enable emergency responders to monitor social media platforms for in-
formation about emergencies, identify trends and patterns in user-generated content, and
quickly respond to emerging threats or issues [98]. Eventually, emergency response public
safety applications will help emergency responders work more efficiently and effectively,
which can ultimately save lives and reduce the impact of disasters and emergencies.

2.4.3. Public Health Monitoring

Public health monitoring devices monitor air quality, detect pathogens, and track the
spread of diseases, which can help prevent outbreaks and protect public health. These
devices are essentially used to protect and improve the health and safety of individuals
and communities [99]. The public health monitoring applications involve:

1. Disease Surveillance

Public health officials use disease surveillance systems to monitor the incidence and
prevalence of infectious diseases, such as COVID-19, influenza, and tuberculosis [100].
These systems allow health officials to detect outbreaks early, track disease spread, and
develop targeted interventions to prevent the further spread of disease.
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2. Emergency Management

Emergency management systems are used to coordinate responses to natural disasters,
terrorist attacks, and other emergencies [101]. These systems provide real-time information
about the location and severity of incidents, as well as resources available to respond
to them.

3. Environmental Monitoring

Environmental monitoring systems are employed to detect and respond to environ-
mental hazards, such as air pollution, water contamination, and hazardous waste [102].
These systems allow officials to identify potential health risks and take measures to protect
the public from harm.

4. Food Safety

Food safety systems are deployed to monitor food production, processing, and distri-
bution to prevent foodborne illnesses. These systems track outbreaks of foodborne illness
and identify the sources of contamination, allowing officials to take action to prevent future
outbreaks [103].

5. Public Health Communication

Public health officials use communication systems to disseminate information about
health risks, promote healthy behaviors, and encourage the public to take action to protect
their health [104]. These systems use various channels, such as social media, traditional
media, and public service announcements, to reach a broad audience and provide infor-
mation that is timely and relevant. Ultimately, public health monitoring and public safety
applications are essential tools that help protect and improve the health and safety of
individuals and communities.

2.4.4. Infrastructure Monitoring

Infrastructure monitoring is an important aspect to ensure public safety. By monitoring
infrastructure, such as bridges, roads, buildings, tunnels, pipelines, and other critical
facilities, potential safety hazards can be detected early, and appropriate action can be taken
to prevent accidents and minimize damage [105]. Every government must monitor and
maintain a broad range of infrastructure, including bridges, tunnels, dams, parks, roads,
cables, and pipes. IoT devices are utilized to efficiently monitor the public infrastructure
equipped with sensors and RFID tags [106]; this contributes to a reduction of diurnal
maintenance and inspection costs by utilizing the transportation traffic-rerouting strategies,
for instance, management of parking facilities.

1. Bridge safety monitoring

Infrastructure monitoring systems can monitor bridges for structural damage, wear
and tear, and other factors that can affect their safety [107]. This can help prevent accidents
and ensure that bridges are safe for public use.

2. Building safety monitoring

Infrastructure monitoring systems can also be used to monitor buildings for safety
hazards such as gas leaks, fires, or structural damage [108]. This can help prevent accidents
and ensure that buildings are safe for occupancy.

3. Road safety monitoring

Infrastructure monitoring systems can monitor roads for potential hazards such as
potholes, cracks, and other damage that can cause accidents. By detecting these hazards
early, appropriate action can be taken to prevent accidents and ensure that roads are safe
for public use [109].

4. Natural disaster monitoring
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Infrastructure monitoring systems can also be used to monitor natural disasters such
as earthquakes, hurricanes, and floods. By detecting these events early, appropriate action
can be taken to minimize damage and ensure public safety. In general, infrastructure
monitoring plays an important role in ensuring public safety [110]. By detecting potential
safety hazards early and taking appropriate action, infrastructure monitoring systems can
help prevent accidents, minimize damage, and ensure that critical infrastructure is safe for
public use.

5. Asset tracking

Deploying IoT devices to track high-value assets such as vehicles, equipment, and
cargo can help prevent theft and improve supply chain management [111]. Asset tracking
has numerous public safety applications, comprising the following applications:

2.4.5. Tracking Emergency Response Vehicles

Asset tracking can be used to monitor the location of emergency response vehicles
such as ambulances, police cars, and fire trucks [112]. This can help dispatchers to send the
nearest available vehicle to an emergency situation and enhance response times.

1. Tracking Valuable Equipment

Monitoring valuable equipment, such as firearms, radios, and body cameras [113],
can help ensure that these items are always accounted for and not lost or stolen. The best
way to track valuable equipment will depend on the specific needs of the organization. If
accuracy is critical, then GPS tracking is the best option. If affordability is important, then
RFID tracking or barcode scanning may be better options.

2. Tracking Prisoners

Monitoring the location of prisoners who are on parole or probation can help ensure
that they are complying with the terms of their release and not engaging in any criminal
activity [114].

3. Tracking Stolen Vehicles

Monitoring the location of stolen vehicles can help law enforcement to quickly recover
the stolen vehicle and apprehend the thief [115]. The best way to track a stolen vehicle will
depend on the specific circumstances of the theft. If a vehicle has a built-in GPS tracker, it
will be utilized to track the vehicle’s location. If the vehicle does not have a built-in GPS
tracker, a GPS tracker can be purchased and installed in the vehicle.

4. Tracking Evidence

Asset tracking can be used to monitor the location of evidence in criminal investi-
gations. This can help ensure that the evidence is properly secured and not tampered
with [116]. Ultimately, asset tracking can help public safety officials to better monitor and
manage their resources, leading to improved response times, reduced losses, and better out-
comes for the communities they serve. Ultimately, public safety IoT applications can help
reduce crime, improve emergency response times, and enhance public safety and security.

2.5. Smart Water Management

Nowadays, the demand for water continues rapidly as the population grows signif-
icantly. Since the last century, global water consumption is more than twice the rate of
world population increase. The water usage is predicted to escalate 50% from 2007 to 2025
in the emerging countries and 18% in the developed countries [117]. By 2025, two-thirds of
the world’s population may face water shortages. A variety of enterprises depend on water
for manufacturing and management. Absolutely, a large percentage of the wasted water
due to the aging and leakage of the pipelines, for instance, according to the world bank,
the annual global value of water produced and lost by utilities is close to $14 billion [118].
To overcome this problem, smart cities must be capable of monitoring the water supply to
ensure the delivery of adequate water supply to the residential and commercial buildings

275



IoT 2023, 4

(i.e., water saving systems). The smart cities are equipped-M2M sensors which could be
used to remotely control and report any leakage in the pipelines. M2M sensors measure the
flow of the water inside the pipes regularly, if an emergency triggered, the sensor transmits
an alarming message to the M2M server to take the proper decision if the water leakage is
beyond a normal range.

2.6. Smart Health

Deploying technology, data analytics, and other advanced techniques to improve
healthcare outcomes and make healthcare delivery more efficient, effective, and accessible.
Smart health applications include wearable devices, remote monitoring tools, telemedicine
platforms, electronic health records (EHRs), and artificial intelligence (AI) algorithms.
Remote Patient Monitoring, Telemedicine, Medication Management, Remote Surgery [119],
and Asset Tracking [120]. The smart health care applications may be categorized into four
major types:

2.6.1. Tracking and Monitoring

Tracking is the function used to identify the moving patient (i.e., knowing the current
position of the tracked person) [121]. For example, the tracking of the patients diagnosed
with The Novel Corona Virus (COVID 19) pandemic and consequently those patients are
subject to self-isolation [122]. For the government authorities to ensure that those patients
are in self-isolating orders, they must be tracked using IoT sensors. In addition, to track the
number of people interacting with the patient to contain the virus spreading. Regarding
the monitoring, IoT smart health application allows the remote monitoring of the high-risk
patients by attaching sensors [122]. These sensors send an alarm to the control center if the
high-risk patient (who is vulnerable to fatal consequences due to critical conditions) has
dangerous circumstances [123]. For example, if an elderly person falls or a diabetic person
has hyperglycemia or hypoglycemia.

2.6.2. Authentication and Identification

Authentication and identification in smart health are needed in multiple forms. Accu-
rate patient identification is crucial and critical to avoid the assignment of wrong medication
in terms of (dosage, time, frequency, route, and procedure). Authentication is an impor-
tant security issue, especially with devices attached to the human body, for instance, the
pacemaker, which is a small device placed underneath the skin in the chest to regulate the
heartbeats [124]. If a hacker has the ability to intervene in the operation of the pacemaker by
increasing or decreasing the heart rate, it will result in a life-threatening issue. In addition,
the real-time medical data record, privacy, and maintenance must be authenticated to avoid
the leakage of the patient data and to ensure the patient’s privacy protection [125].

2.6.3. Data Collection

Automatic data collection is required to reduce the processing and treatment time
required to implement a medical treatment plan. If a medical device is attached to human
body to measure the blood glucose for a diabetic patient, if the blood glucose in high,
so sensor has to send the data automatically to the patient’s physician (in the control
center) to order the medication promptly. After that, physician sends the order back to the
attached device to inject the enough insulin to consume the excessive glucose in the blood
stream [126]. The previous situation is vital and represents instantaneous data collection
and decision making. The energy consumption may be reported once at a time. The M2M
applications may be delivered or reported in many ways:

1. Periodic reporting
2. On demand reporting
3. Scheduled reporting
4. Event-driven reporting
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2.7. Smart Government

Smart government utilizes technology and data to enhance the efficiency and effec-
tiveness of government services, improve citizen engagement, and promote transparency
and accountability. This approach involves the integration of various technologies, such
as big data, artificial intelligence, the IoT, and blockchain, to create a more responsive and
proactive government that delivers better outcomes for citizens. Smart government initia-
tives can encompass a range of areas, including public safety, transportation, healthcare,
education, and environmental sustainability [78]. For instance, governments can use big
data and AI to analyze crime patterns and predict criminal activity, improve traffic flow
and reduce congestion through the use of smart transportation systems, or use IoT sensors
to monitor air and water quality in real time. Smart government can also promote citizen
engagement and participation through the use of digital platforms and tools that enable
citizens to access government services and information, provide feedback, and participate
in decision-making processes. This can lead to a more transparent and accountable gov-
ernment that is more responsive to the needs of its citizens. Overall, smart government
initiatives have the potential to improve the efficiency and effectiveness of government
services, enhance citizen engagement and participation, and promote transparency and
accountability in government [127].

2.8. Smart Building

We are living in an environment surrounded by many electric and electronic appli-
ances, for instance, television sets, microwaves, refrigerators, dishwashing machines, air
conditioners, etc. To remotely control and monitor these devices, IoT sensors and actuators
will be installed to efficiently utilize the energy consumed by these appliances. Heating and
cooling might be adjusted using the IoT sensor depending on the current meteorological
conditions to sustain the desired temperature [128]. The lighting may be adjusted based on
the number of people occupying the room utilizing the motion sensor. The street lighting
may be adjusted by utilizing the light sensors to save energy consumption. The motion
outside the property will be detected using motion sensors which can be utilized to detect
any burglary activity [128]. The electric appliances could be automatically switched off in
case of inactivity mode (i.e., idle mode) to reduce energy consumption especially in the
prime time. At the prime time, IoT sensors will contribute to the money saving due to the
high price of the electricity during this time. On the other hand, the price at other times will
be much cheaper than the price the prime time [129]. On the consumer side, the customers
may sell the electricity during the rush hour and buy it or consume it during the non-rush
hour time.2.9. Smart Manufacturing

Smart manufacturing is the integration of advanced technologies, such as the IoT, AI,
machine learning, robotics, and big data, into industrial processes to optimize efficiency,
productivity, and flexibility [130]. The main goal of smart industry is to create a fully
connected and automated production system that is more efficient, flexible, and customiz-
able than traditional manufacturing processes [131]. By using real-time data analytics and
advanced automation technologies, smart industry enables businesses to optimize their
operations, reduce costs, and enhance product quality [132].

2.8.1. Predictive Maintenance

Predictive maintenance (PdM) is a maintenance strategy that uses data analysis to
predict when equipment is likely to fail. This allows maintenance to be scheduled proac-
tively before a failure occurs. PdM can be a valuable tool for smart manufacturing, as
it can help to improve uptime, reduce costs, and increase reliability. Employing sensors
and AI are used to predict when equipment will fail and contribute to preventing costly
downtime [133].
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2.8.2. Digital Twins

Creating virtual models of physical assets helps optimize performance and reduce
maintenance costs [134]. Overall, smart industry represents a major shift in the way busi-
nesses approach industrial production and has the potential to transform entire industries.

2.8.3. Industrial Internet of Things (IIoT)

Connecting machines, sensors, and devices throughout the manufacturing process to
collect and share data in real time enables better monitoring, predictive maintenance, and
process optimization [135].

2.8.4. Big Data Analytics

Big data analytics is a powerful tool that can be used to improve a variety of processes
in smart manufacturing. It is still important to have a good understanding of the manufac-
turing process and to use big data analytics in conjunction with other tools and techniques.
Utilizing large volumes of data collected from various manufacturing processes helps gain
insights, identify patterns, and make data-driven decisions [136].

2.9. Unmanned Aerial Vehicle (UAV)

UAV is a type of aircraft that is operated remotely without a human pilot on board.
UAVs can be either controlled by a human operator on the ground or can be programmed
to operate autonomously. They are commonly used for military, commercial, scientific,
and recreational purposes and have become increasingly popular in recent years due to
advances in technology and lower costs. UAVs equipped with IoT sensors can collect and
transmit data in real time, enabling a variety of use cases across multiple industries [137].

2.9.1. Agriculture

UAVs equipped with sensors can be used to monitor crop health, collect data on soil
moisture and nutrient levels, and identify areas in need of irrigation or fertilizer [138]. This
can help farmers optimize their crop harvest, reduce costs, and minimize environmental
impact. Eventually, UAVs can provide farmers with valuable data that can help them make
more informed decisions about crop management, leading to higher yields, and increased
sustainability. UAVs have a wide range of agricultural services including:

1. Crop Monitoring:

UAVs can be used to monitor crops for pests, diseases, and nutrient deficiencies. They
can capture high-resolution images of the crops, which can be used to detect early signs of
stress and other diseases based on AI algorithms [138]. In addition, these images may be
utilized to identify the ideal time to harvest different crops.

2. Precision Agriculture:

UAVs equipped with specialized sensors can provide farmers with data on soil mois-
ture, temperature, and other environmental factors. This data can be used to make more
informed decisions about crop management, including planting and irrigation [139].

3. Crop Spraying:

UAVs can be used to spray crops with pesticides or fertilizers, which can reduce the
need for manual spraying and minimize the risk of exposure to harmful chemicals [140].
Eventually, UAV-based crop spraying offers a number of potential benefits [141]. However,
there are also some challenges that need to be addressed before they can become widely
adopted [142].

4. Mapping:

UAVs can be used to create high-resolution maps of farms, including the layout of
fields and buildings. This data can be used to plan future planting and construction
projects [143]. They offer a number of advantages over traditional methods, such as
ground-based surveying, and include accuracy, efficiency, and safety.
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5. Irrigation Management:

UAVs can be used to monitor the effectiveness of irrigation systems. They can capture
images of fields before and after irrigation, which can be used to determine the optimal
amount of water to apply [144]. By using these systems, it will help to conserve water
resources, which can be used in parallel with the smart water systems. Using such systems
will contribute to high-quality crops.

2.9.2. Disaster Response

UAVs equipped with sensors can be used to assess damage and locate survivors in
disaster zones, providing valuable information to first responders and enabling them to
respond more effectively [145]. UAVs have become a valuable tool for disaster response
and management due to their ability to quickly gather data, assess damage, deliver supplies
to hard-to-reach areas, and deliver aid to those in need.

1. Search and Rescue:

UAVs equipped with thermal imaging cameras and other sensors can help search
and rescue teams locate survivors in disaster zones, even in low-light or low-visibility
conditions such as after a hurricane [146]. By determining the survivors’ locations, it
will give the exact information to the first responder teams who provide nutrition and
medication resources.

2. Disaster Mapping and Assessment:

UAVs equipped with high-resolution cameras and LiDAR sensors can quickly and
accurately map disaster areas, helping authorities assess the extent of damage and plan
response efforts [147]. Additionally, UAVs can be used to create detailed maps of disaster
zones, including infrastructure damage, flood levels, and road conditions. These maps can
help authorities prioritize response efforts and allocate resources more efficiently [148].

3. Delivery of Aid and Supplies:

UAVs could be utilized to deliver emergency supplies to inaccessible areas, such as
medical supplies, food, and water [148,149]. UAVs are used to deliver aid to people in
need. They offer a number of advantages over traditional methods, such as land vehicles
and helicopters.

4. Communication Support:

UAVs can be equipped with cellular repeaters and other communication devices to
provide temporary connectivity in disaster zones where communication infrastructure has
been damaged or destroyed [150].

2.9.3. Infrastructure Inspection

UAVs equipped with sensors can be used to inspect infrastructure such as bridges,
roads, and power lines, identifying potential problems and enabling maintenance teams
to respond quickly [151]. UAVs have a wide range of applications in infrastructure in-
spection [152] due to their ability to provide high-resolution imagery and data and ability
to access hard-to-reach areas safely and efficiently [151]. Eventually, the use of UAVs
in infrastructure inspection will allow for more effective and accurate maintenance and
repair decisions.

1. Bridge inspections:

UAVs can fly underneath and alongside bridges to capture high-resolution images
and video of their structural components, such as joints, beams, and cables. This helps
identify any damage or wear and tear and helps prioritize repairs at certain and specific
points of damage at bridges [153,154].

2. Power line inspections:
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UAVs can fly along power lines to inspect them for damage or vegetation growth that
could cause power outages. The UAVs can capture high-resolution images and video of
the power lines and also use thermal imaging to detect hotspots and potential faults [155].
However, there are also some challenges associated with using UAVs to inspect power
lines: government regulations, technology, reliability, and cost.

3. Wind turbine inspections:

UAVs can fly close to wind turbines to inspect their blades and towers for damage.
This helps identify any wear and tear, erosion, or cracks, which could cause potential
malfunctions, resulting in multiple problems in the distribution networks [156].

4. Roof inspections:

UAVs can inspect roofs for damage, such as missing shingles, cracks, or leaks. They
can also capture images of the roof’s overall condition and identify potential areas of
weakness [157]. The problems resulting from roof damage are time sensitive and require
quick decision making. For an effective decision, a big data-based AI algorithm may be
utilized to provide these decisions.

2.9.4. Delivery Services

UAVs equipped with sensors can be used to deliver packages and goods in remote or
hard-to-reach areas. This can provide faster and more efficient delivery services, especially
in areas with limited transportation infrastructure [158]. Delivery services are increasingly
turning to UAVs as methods of delivering goods quickly and efficiently. Overall, UAVs have
the potential to revolutionize the delivery industry by providing a faster, more efficient, and
cost-effective means of delivering goods. However, the technology is still relatively new and
there are many regulatory and technical challenges that need to be addressed before UAVs
can be widely used for delivery services [159]. Implementing UAV IoT applications requires
a combination of technologies, such as sensors, communication systems, and data analytics.
However, the potential benefits of UAV IoT applications, including improved efficiency,
reduced costs, and increased safety, can have a significant impact on multiple industries.

1. Last-mile delivery:

UAVs can be used to deliver packages to customers’ doorsteps [160] or other inac-
cessible locations in the last mile of the delivery process, reducing the time and cost of
delivery [161]. UAVs offer a number of advantages over traditional methods, such as
ground-based delivery and car-based delivery, including speed, accuracy, and efficiency.

2. Medical supply delivery:

UAVs can be used to transport medical supplies such as drugs, blood, and vac-
cines to hospitals or other medical facilities in emergency situations or in hard-to-reach
areas [160,162]. The benefits of using UAVs to deliver medical supplies include saving lives,
reducing costs, and increasing efficiency.

3. Retail delivery:

UAVs can be used to transport products from warehouses or distribution centers to
retail stores, improving the efficiency of the supply chain [163]. The benefits of using UAVs
for retail delivery may include increased customer satisfaction by delivering products faster,
reducing delivery cost, and improving environmental impact [164].

4. Parcel delivery:

UAVs can be used to transport parcels of various sizes and weights, including small
parcels for individual customers and larger parcels for businesses [161]. Overall, the use
of UAVs for parcel delivery is still in its early stages. However, the potential benefits (e.g.,
speed, and accuracy) of this technology could make it a viable option for the future of
parcel delivery.
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2.10. Robotics

Robotics can affect our daily routine by improving our quality of life, conserving
the budget, and minimizing expenditure. Nowadays, robots are intelligent machines and
capable of interacting with other robots as well as human beings. Robotics has the potential
to revolutionize various aspects of smart cities [165] by enhancing efficiency, safety, and
sustainability. Robotic systems are increasingly being integrated with IoT technologies to
enhance their capabilities and create new applications [166,167].

2.10.1. Automated Transportation

Autonomous vehicles and drones can be integrated into a city’s transportation sys-
tem, providing efficient and safe mobility solutions. Self-driving cars can reduce traffic
congestion and emissions, while drones can be used for deliveries and surveillance [168].

2.10.2. Infrastructure Maintenance

Robots can be deployed to inspect and maintain critical infrastructure such as bridges,
roads, and utility lines. They can quickly identify and repair issues, reducing downtime
and improving infrastructure permanence [169].

2.10.3. Surveillance and Security

Robots equipped with cameras and sensors can monitor public spaces, enhancing
security and surveillance in the city. They can patrol streets, parks, and other areas,
detecting suspicious activities and helping law enforcement respond quickly to potential
threats [170].

2.10.4. Environmental Monitoring

Robots equipped with sensors can monitor air and water quality, noise levels, and other
environmental factors to provide real-time data for pollution control [171]. Environmental
monitoring robotics is a rapidly growing field. As technology continues to develop, robots
will become increasingly capable of collecting data and monitoring the environment in
ways that were not possible before. This data can be used to improve our understanding of
the environment and to develop better ways to protect it.

2.10.5. Agriculture and Urban Farming

In smart cities, rooftop gardens and vertical farms are becoming more popular. Robots
can be used to automate planting, watering, and harvesting, ensuring sustainable and
efficient food production. Robots can monitor crops and soil conditions. The sensors can
measure factors such as temperature, humidity, soil moisture, and nutrient levels, which
can be used to optimize crop growth and reduce water and fertilizer usage [172].

2.10.6. Healthcare Assistance

Robotics can assist in healthcare applications, such as delivering medications and
supplies in hospitals or supporting elderly and disabled citizens with daily tasks in smart
homes. Robotics IoT applications in healthcare include robotic assistants for surgery, patient
monitoring, and medication management. These robots can be equipped with sensors to
monitor vital signs and provide real-time feedback to healthcare professionals [173].

2.10.7. Disaster Response

In the event of natural disasters or emergencies, robots can be deployed for search
and rescue operations, providing critical assistance to first responders, and minimizing
human risk [174]. Despite the challenges, disaster response robotics is a promising field
with the potential to save lives and improve the efficiency of disaster response. As tech-
nology continues to develop, robots are likely to play an increasingly important role in
disaster response.
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2.10.8. Education and Entertainment

Robots can be used in educational settings, offering interactive learning experiences.
Additionally, they can be utilized in public spaces for entertainment purposes, like interac-
tive art installations or robot-guided tours [175]. Educational and entertainment robots are
becoming increasingly popular. They offer a fun and interactive way to learn about STEM
concepts and to experience the latest in robotics technology.

2.10.9. Tourism

In smart cities, robots can act as tour guides, providing information about landmarks,
historical sites, and tourist attractions [176]. Robotics is still a relatively new technology in
the tourism industry, but it has the potential to revolutionize the way that tourists interact
with destinations. Robots can provide a more personalized and engaging experience for
tourists, and they can also help to reduce costs for businesses.

2.10.10. Smart Home Assistants

Domestic robots can help residents in their homes by performing household rou-
tines, managing appliances, and providing reminders and assistance to the elderly and
disabled [177].The benefits of using smart home assistants and robotics in the home may
comprise the following: convenience, security, and entertainment. However, there are also
some potential drawbacks to using smart home assistants and robotics in the home: privacy,
security, and cost.

3. Smart City Communication Systems

Due to the massive volume of sensors and their data, robust connectivity technology
is a prerequisite for success coverage and reliability across the entire city is the key to
launching any successful smart city [3,88]. Because cabling a massive number of sensors
and smart IoT devices is cost prohibitive, wireless technology is the key and sole viable
solution to the deployment of IoT networks across the city [88]. There is an emerging
consensus that current fourth generation (4G) long term evolution (LTE) and current 5G are
the key technological candidates that can provide the required global IoT connectivity to
such a staggering number of “things” in a city [3,5,12]. Cellular-based machine-to-machine
(M2M) communications is one of the key IoT-enabling technologies with huge market
potential for cellular service providers deploying LTE networks [178].

4G and/or 5G cellular technologies can support a wide range of current and future
smart city applications and services including video surveillance for public safety, in-
tersection safety analytics (pedestrian safety), traffic management, traffic light controls,
digital signage systems, EV charging, public Wi-Fi and much more [3,5,12,179]. Smart
city IoT applications span a wide range-of-use cases ranging from mission-critical applica-
tions (e.g., traffic control, emergency response, video surveillance, and connected vehicles),
which require ultra-reliability and ultra-low latency, to those that require support of a mas-
sive number of connected M2M devices with relaxed latency and reliability requirements
(e.g., smart meters) [3,14].

There are numerous current competing solutions that can support network connectiv-
ity for such a wide range of IoT applications [3]. These solutions span a wide range-of-use
cases ranging from relatively low cost and easily deployable solutions for basic services to
the most expensive, high-performance systems suitable for the most demanding require-
ments [14].

Most massive scale deployment of IoT applications, however, requires low-cost devices
that communicate infrequently, with a low data rate and low energy consumption so that
they can deliver an extremely long ten-year battery life as well as good coverage [3]. This is
where low-power wide area networks (LPWAN) technology is needed. LTE-M (LTE for
machines) and narrowband IoT (NB-IoT) are the first cellular-based LPWAN technologies
standard supporting massive IoT applications [180].
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These simpler and lower cost cellular LPWA technologies support longer battery
life (up to 10 years) and better coverage (for IoT devices underground and deep inside
buildings) compared to traditional M2M-IoT cellular connectivity options. Though LP-
WAN technologies have clear advantages over traditional IoT cellular connectivity options,
they are only suited to meet very basic data requirements for IoT applications with lim-
ited/modest data needs and relaxed latency (in the order of few seconds) [3,181]. They are
ideally suited for IoT applications, which require just extended coverage, but reliability,
latency, and availability might be more or less important [181] as shown in Table 1.

Table 1. Summary of Communication technologies support in the Smart City.

Technology
Latency

(s)
Frequency

(Hz)
Coverage

(m)
Data Rates

(bps)
Use Cases Power Usage

Bluetooth 100 m 2.4 G 10 25 M Indoor e-health Low

ZigBee 16 m 2.4 G 10 250 K Smart Meter, indoor e-health Low

WiFi 46 m 2.4 G 140 54 M Smart cities,
waste management Medium

LORAWAN 1–16 125–500 K <11 K 0.3–27 K Healthcare, public safety Low

NB-IoT 2–10 200 K <25 K 26 K Smart meter, smart city,
smart home Low

LTE-M 10–20 m 1.4–20 M (1–10) K 200 K–1 M Asset trackers, fleet
tracking, alarms Low

3G 100 m 850 M (5–30) K 3 M ITS, energy management,
monitoring High

LTE 5 m
700,

750,800,1900,
2500 M

(5–30) K 500 M–1 G ITS, logistics, monitoring,
mobile health, infotainment High

5G <1 m 24–68 G
[mmWave] (250–300) K (3–20) G Smart cities, healthcare,

gaming, and entertainment High

3.1. Low Power Wide Area Networks (LPWANs)

LPWAN technologies are a group of wireless technologies that are designed to provide
long-range, low-power connectivity for IoT devices. LPWAN technologies are ideal for
applications where battery life [3] is critical, such as smart metering, asset tracking, and
environmental monitoring. Here are some of the most popular LPWAN technologies:

3.1.1. LORAWAN

LORAWAN (long range WAN) is a widely adopted LPWAN technology that enables
long-range communication at low data rates [182]. It operates in unlicensed frequency
bands, making it available for public use without the need for expensive licenses.

3.1.2. NB-IoT (Narrowband IoT)

NB-IoT is a cellular LPWAN technology standardized by the 3rd Generation Partner-
ship Project (3GPP). It operates within existing cellular networks, providing deep coverage
and compatibility with cellular infrastructure [3].

3.1.3. LTE-M (Long Term Evolution for Machines)

LTE-M is another 3GPP standardized LPWAN technology designed to operate within
the LTE network infrastructure. It offers higher data rates compared to NB-IoT and is
suitable for applications that require more bandwidth [3,183].

LPWANs are commonly used in various IoT applications, such as smart city solutions,
industrial monitoring, agriculture, environmental monitoring, asset tracking, and more.

283



IoT 2023, 4

Their low power consumption allows IoT devices to operate on battery power for several
years, reducing maintenance efforts and overall costs [3,184].

3.2. Fourth Generation (4G)

4G LTE stands for fourth generation long term evolution. It is the fourth generation of
cellular network technology, succeeding 3G and preceding 5G [3,185]. 4G LTE networks
offer significantly faster data speeds than 3G networks, with theoretical download speeds
of up to 100 Mbps and upload speeds of up to 50 Mbps [186]. In practice, actual speeds will
vary depending on a number of factors, including the carrier, the device, and the location.

4G LTE is the most widely deployed 4G technology in the world. It is supported by all
major carriers in the United States, as well as many carriers in other countries. 4G LTE is
also the technology used by most smartphones and tablets [3,187]. Here are some of the 4G
LTE features:

3.2.1. Faster Data Speeds

4G LTE offers significantly faster data speeds than 3G networks. This means that you
can download files, stream videos, and browse the web much faster [3,7].

3.2.2. Improved Reliability

4G LTE networks are more reliable than 3G networks. This means that you are less
likely to experience dropped calls or slow data speeds [7,12].

3.2.3. Increased Capacity

4G LTE networks have a higher capacity than 3G networks. This means that they can
support more devices and more data traffic [3,12,14].

3.2.4. Use Cases of 4G LTE

• Video streaming: 4G LTE is well-suited for video streaming, as it can deliver high-
quality video without buffering. This makes it possible to watch movies and TV shows
on mobile devices without any problems [3,148].

• VoLTE (Voice over LTE): VoLTE is a technology that allows users to make and receive
calls over a 4G LTE network. This provides better voice quality and lower latency than
traditional cellular networks [3].

• Mobile gaming: 4G LTE is ideal for mobile gaming, as it can provide the fast data
speeds and low latency that are required for smooth gameplay [185].

• IoT (Internet of Things): 4G LTE is used to connect a wide variety of IoT devices, such
as smart home devices, wearables, and industrial sensors. This allows these devices to
communicate with each other and with the cloud [25].

3.3. Fifth Generation (5G)

5G is the fifth generation of cellular network technology. It is designed to offer
significantly faster speeds, lower latency, and greater capacity than previous generations
of cellular networks. 5G is still in its early stages of development, but it is expected
to be widely deployed in the coming years [13,115,188]. As 5G networks become more
widespread, we can expect to see a wide range of new and innovative applications and
services that will change the way we live and work. Here are some of the benefits of 5G:

3.3.1. Faster Speeds

5G can offer download speeds up to 10 Gbps, which is 100 times faster than 4G. This
will allow users to download large files in seconds, stream high-definition videos without
buffering, and play online games with minimal lag [13].
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3.3.2. Lower Latency

5G has a latency of just a few milliseconds, which is much lower than 4G [189]. This
means that 5G is ideal for applications that require real-time communication, such as
self-driving cars and remote surgery [3,190].

3.3.3. Greater Capacity

5G can support a much greater number of devices than 4G. This indicates that 5G
networks will be able to handle the increasing number of connected devices that are being
used today in multiple applications and services [3].

5G cellular system will support the following services enhanced mobile broadband
(eMBB), massive machine type communications (mMTC), and ultra-reliable low-latency
communications (URLLC). eMBB will enable the following applications: hotspot wide-area
coverage with high capacity, enhanced connectivity, and high mobility. In the hotspot
scenario (e.g., soccer game), serving a massive number of users requires low mobility and
high traffic capacity. For the bus scenario, high mobility and a lower capacity than the
hotspot are needed. mMTC is distinguished by a plethora of devices which transmit low
volume data with less sensitivity to delay. URLLC has rigorous requirements for high
throughput and low latency (e.g., remote medical surgery and driverless vehicles) [3,13], as
shown in Figure 3.

Figure 3. 5G Services.

URLLC services in 5G are fundamentally considered as IoT applications that must
gather short packets (few bytes) from small sensors or robots with an uplink over the air
latency of less than 1 ms. High reliability is described by the third generation partner-
ship project (3GPP) for such IoT services as reaching a percentage of properly delivered
packets within the application time limit constraints of 99.999 percent, depending on the
application [188].

The phenomenal insurrection of the original internet of things (IoT) as a driver of
machine-to-machine (M2M) communication. On the other hand, internet of everything
(IoE) refers to a larger idea of connectivity in which network communication serves as the
IoT’s foundation. Wireless applications, such as fully autonomous cars, flying vehicles,
drones, wireless brain computer interface (WBCI), and enhanced extended reality (XR)
apps, will be part of the Internet of Everything. Augmented reality (AR), mixed reality
(MR), and virtual reality (VR) are all examples of XR applications (VR) [188].

These new applications will have highly strict quality of service (QoS) requirements
(for example, reliability and latency) and will blur the borders between 5G URLLC and
eMBB services [13]. Despite the fact that 5G may be able to meet the QoS requirements of
basic XR services or autonomous robotics, it will be unable to meet the QoS requirements of
higher data rates (e.g., greater than 100 Gbps) for ultimate VR class of service (CoS) latency
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(e.g., 1 ms for wireless brain computer interface) and high reliability (near zero packet loss
ratio (PLR) at low latency and extreme high reliability) [191].

There is no need to design a distinct sixth generation (6G) cellular technology to
address the challenges of developing IoE applications. Traditionally, The architecture is
tailored to the requirements of highly reliable, low latency, and high data rate services.
6G will be the outcome of classic communication technology developments (such as high
data rates and massive antennas) combined with existing services and technological ad-
vancements such as new wireless devices (e.g., body implants, and XR equipment, etc.).
The path to 6G must be able to overcome some of the 5G restrictions revealed in primary
systems [188], as illustrated in Figure 4.

Figure 4. 5G Limitations.

3.4. Sixth Generation

The sixth generation (6G) of wireless communication refers to the next generation of
mobile network technology that will follow the current 5G technology. 6G is expected to
bring significant improvements in terms of data transfer rates, latency, reliability, and effi-
ciency, as well as support for new applications and use cases. Some of the key features and
capabilities that are expected to be part of 6G include the terahertz (THz) frequency band;
6G is expected to operate in the THz frequency band, which could enable much higher data
transfer rates than the current 5G technology. Artificial Intelligence (AI) integration: 6G is
expected to leverage AI to enhance network management, optimize network resources, and
provide better user experiences [13]. Quantum communications: 6G could use quantum
communication technologies to provide highly secure communication channels that are
immune to eavesdropping. Ubiquitous connectivity: 6G is expected to enable seamless
connectivity across a wide range of devices, including wearables, vehicles, drones, and
smart home appliances. Holographic communication: 6G could enable holographic com-
munication, allowing users to interact with virtual objects and environments in real-time.
Enhanced mobile edge computing: 6G is expected to support the processing of data at the
network edge, enabling low-latency, high-bandwidth applications such as virtual reality
and augmented reality [13]. While 6G technology is still in the early stages of development,
research is already underway to explore and develop some of these capabilities. It is
expected to be commercially available sometime in the 2030s [192].

4. Examples of Smart Cities

There are many smart cities around the world [193] that are implementing advanced
technologies to improve the Quality of lives of their citizens, increase sustainability, and
enhance the efficiency of city. To develop smart cities, there are There are open-ended three
phases defined as Smart City 1.0, Smart City 2.0, and Smart City 3.0 [194], and Smart City
4.0 [195] inspired by economics.

4.1. Smart City 1.0

Smart city 1.0 sets the foundation for the development of smarter and more sustainable
cities. However, there is still much work to be done in terms of addressing the challenges
facing urban areas, such as inequality, environmental degradation, and social exclusion. As
such, the focus of smart city development has shifted towards more holistic and inclusive
approaches in recent years. Smart city 1.0 refers to intelligent cities in the earliest phase of
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creation [196]. The utilization of modern technologies is initiated by ICT companies [197].
These companies implement various solutions regardless of whether they are essential for
the cities or not.

4.2. Smart City 2.0

Smart city 2.0 refers to the second phase of smart city development, which is charac-
terized by a more holistic and citizen-centric approach. This phase emphasizes the use of
technology to enhance quality of life, promote sustainability, and foster social inclusion
in urban areas. In this phase, the development of smart cities with a predominant role
for public administration. The use of modern technologies is initiated by local authorities,
and the introduction of new solutions which is aimed at improving the citizens’ quality of
life [198]. During Smart City 2.0, cities are focusing on creating more collaborative models
of governance, which involve citizens and stakeholders in decision-making processes. This
includes the use of digital platforms and social media to engage with citizens, as well as
the establishment of innovation labs and spaces [199].

4.3. Smart City 3.0

Smart city 3.0 is the third phase of smart city development, which is characterized by
a focus on innovation, resilience, and adaptability in the face of emerging challenges and
opportunities. During Smart City 3.0, cities are leveraging emerging technologies, such as
blockchain, the IoT, and autonomous systems, to create more resilient and adaptive urban
environments [200]. This includes the use of smart infrastructure systems, such as self-
healing power grids and automated water management systems, to enhance the reliability
and resilience of critical urban services. Another key feature of Smart City 3.0 is the use of
innovation ecosystems and digital innovation hubs to foster innovation and entrepreneur-
ship in urban areas. This includes the establishment of co-working spaces, incubators,
and accelerators to support startups and small businesses, as well as the integration of
universities and research institutions into the urban innovation ecosystem [201].

4.4. Smart City 4.0

Smart city 4.0 is a theoretical concept that refers to the next phase of smart city
development beyond smart city 3.0. While Smart City 4.0 is not yet fully defined, it is
expected to build on the foundations of previous phases and further integrate emerging
technologies, such as artificial intelligence, 5G networks, and edge computing, to create
even more intelligent, responsive, and interconnected urban environments [202]. It is
likely to focus on creating highly personalized and immersive experiences for citizens and
visitors, through the use of virtual reality (VR) and augmented reality (AR) technologies,
and the development of smart spaces that adapt to individual needs and preferences. It is
also expected to involve greater collaboration between cities and private sector partners, as
well as more decentralized and distributed models of governance [203].

4.5. Global Smart Cities
4.5.1. Singapore

Singapore is known for its advanced transportation system, which includes an ex-
tensive network of public buses, trains, and taxis. The city also uses smart sensors and
data analytics to manage traffic flow and reduce congestion. Additionally, Singapore has
implemented a number of smart solutions to improve energy efficiency and reduce its
carbon footprint [204,205]. The following are the features of the smart city of Singapore:

1. Advanced technology infrastructure: the city has invested heavily in building an
advanced technology infrastructure to support its smart city initiatives. It has a
high-speed fiber optic network, a robust 4G LTE, and 5G cellular networks [204,206].

2. IoT sensors: Singapore has installed a large number of IoT sensors across the city
to collect real-time data on various parameters such as traffic flow, air quality, and
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energy consumption. This data is then analyzed to identify patterns and trends, which
helps authorities to make informed decisions [179,204].

3. Intelligent transport system (ITS): Singapore has implemented an ITS that uses real-
time data to optimize traffic flow and reduce congestion. It includes features such as
electronic road pricing, which charges drivers for using congested roads during peak
hours [63,204].

4. Smart buildings: many buildings in Singapore are equipped with smart sys-
tems that automate various functions such as lighting, temperature control, and
security [204,207].

5. Smart nation initiative: the Singapore government has launched a smart nation
initiative to leverage technology to improve the lives of its citizens. The initiative
includes various projects such as the development of a national digital identity system,
a cashless payment system, and a national sensor network [204].

4.5.2. Barcelona

Recognized for its use of smart technology to improve the quality of life for its citizens,
Barcelona has implemented smart lighting systems that automatically adjust to the needs
of pedestrians and cyclists. It has also implemented a smart waste management system
that reduces waste and increases recycling rates [208,209].

1. Smart buildings: Barcelona has implemented smart building technologies that help
reduce energy consumption and improve energy efficiency. For example, many
buildings in the city use sensors to automatically adjust lighting and temperature
based on occupancy levels [207,208].

2. Smart lighting: Barcelona has installed smart LED streetlights that can be controlled
remotely and adjusted based on real-time data such as traffic flow and pedestrian
activity, which reduces energy consumption and improves safety [206,208].

3. Citizen engagement: Barcelona has implemented various initiatives to engage its
citizens and encourage them to participate in the city’s decision-making process. For
example, the city has developed a digital platform called “DECIDIM” that allows
citizens to propose and vote on ideas for improving the city [208,210].

4. Open data: Barcelona has made a large amount of data publicly available, which
enables researchers and developers to create innovative solutions to urban problems.
The city has also established an open data portal that provides access to a wide range
of datasets [208,211].

4.5.3. Amsterdam

Known for its focus on sustainability and livability, Amsterdam has implemented a
number of smart solutions to reduce energy consumption, including smart buildings that
use renewable energy sources and smart grids that optimize energy use [212]. Amsterdam
is also known for its smart transportation systems, which include an extensive network of
bike lanes and public transportation options [209,213].

1. Smart mobility: Amsterdam has developed an advanced mobility system that in-
tegrates various modes of transport such as bicycles, electric vehicles, and public
transport. The city has also implemented a smart parking system that helps drivers
find available parking spots using sensors and mobile apps [213,214].

2. Sustainable energy: Amsterdam has a strong focus on sustainable energy and has
implemented various initiatives to reduce energy consumption and increase the use
of renewable energy sources. For example, the city has developed a district heating
system that uses waste heat from industrial processes to heat homes, buildings, and
companies [213,215].

3. Circular economy: Amsterdam is committed to becoming a circular economy, which
means reducing waste and reusing materials as much as possible. The city has
implemented various initiatives to promote circular practices, such as a recycling
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program for construction materials and a bike-sharing program that uses recycled
bicycles [213,216].

4. Open data: Amsterdam has made a large amount of data publicly available, which
enables researchers and developers to create innovative solutions to urban problems.
The city has also established an open data portal that provides access to a wide range
of datasets [211,213].

4.5.4. Copenhagen

Copenhagen is often considered a smart city due to its extensive implementation
of technology and innovative solutions to enhance the quality of life, sustainability, and
efficiency of the city [217].

1. Sustainable urban planning: Copenhagen has adopted a strong focus on sustainable
urban planning. The city promotes compact development, mixed land use, and effi-
cient transportation systems. It prioritizes cycling infrastructure, pedestrian-friendly
streets, and public transportation, which contribute to reduced carbon emissions and
improved mobility [209,218].

2. Renewable energy: Copenhagen aims to become carbon-neutral by 2025 and has made
significant progress in utilizing renewable energy sources. The city has implemented
wind turbines, district heating systems, and smart grid technologies to optimize
energy production, distribution, and consumption [215,219].

3. Energy efficiency: Copenhagen has a robust smart grid infrastructure that allows
for efficient management of energy resources. Smart grid technologies enable real-
time monitoring, load balancing, and demand response, leading to better energy
management and reduced wastage [220,221].

4. Integrated transport systems: Copenhagen has a well-integrated and multimodal
transport system. It incorporates smart technologies for traffic management, intelli-
gent traffic signals, and real-time public transport information, enabling smoother
traffic flow and reducing congestion [214,222].

5. Data-driven decision making: Copenhagen utilizes data and digital technologies
to make informed decisions and improve city services. The city collects and ana-
lyzes data on various aspects, including energy consumption, transportation pat-
terns, and air quality, to identify areas for improvement and implement targeted
solutions [211,222,223].

6. Citizen engagement: Copenhagen actively engages citizens in decision-making pro-
cesses and encourages citizen participation through digital platforms. The city uti-
lizes digital tools for public consultations, feedback collection, and collaborative
problem-solving, fostering a sense of ownership and promoting a participatory ap-
proach [210,222].

7. Smart and connected infrastructure: Copenhagen leverages smart technologies to
optimize the functioning of infrastructure. This includes smart street lighting, waste
management systems, and sensor networks for monitoring environmental conditions,
allowing for timely interventions and resource optimization [206,224].

8. Innovation ecosystem: Copenhagen has a thriving innovation ecosystem, with a focus
on startups, research institutions, and industry collaborations. The city supports
entrepreneurship, technology incubators, and innovation hubs, fostering the devel-
opment and implementation of smart city solutions. Copenhagen’s commitment to
sustainability, use of technology for data-driven decision-making, and citizen-centric
approach contribute to its reputation as a smart and livable city [224,225].

4.5.5. Tokyo

Tokyo is recognized for its advanced technology and efficient infrastructure. The
city has implemented a number of smart solutions to manage traffic flow and improve
transportation, including smart traffic lights and a high-speed train system. Tokyo is also
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known for its smart building technology, which includes energy-efficient systems that
reduce waste and lower costs [226].

1. Advanced technology infrastructure: Tokyo has a highly advanced technology in-
frastructure that supports its smart city initiatives. The city has a strong focus on the
development of 5G networks, IoT, and AI [206,226].

2. Energy efficiency: Tokyo has implemented various initiatives to improve energy
efficiency and reduce carbon emissions. For example, the city has implemented a
program to promote the installation of solar panels on buildings [221,226].

3. Disaster management: Tokyo is known for its advanced disaster management systems,
which help the city respond quickly and effectively to natural disasters such as
earthquakes and typhoons. The city has implemented various initiatives such as early
warning systems and disaster drills [226,227].

4. Smart buildings: many buildings in Tokyo are equipped with smart technologies
that help reduce energy consumption and improve energy efficiency. For example,
many buildings use sensors to automatically adjust lighting and temperature based
on occupancy levels [226,228].

4.5.6. Dubai

Renowned for its advanced infrastructure and use of cutting-edge technology, Dubai
has implemented a number of smart solutions to improve transportation, including a
smart traffic management system and a high-speed train system. Additionally, Dubai has
implemented a number of smart solutions to improve the quality of life for its citizens,
including smart lighting systems and a smart waste management system [229].

1. Advanced infrastructure: Dubai has invested heavily in advanced infrastructure to
support its smart city initiatives. This includes the installation of high-speed fiber
optic networks, the development of 5G networks, and the implementation of the
Internet of Things (IoT) technologies [206,229].

2. Smart transportation: Dubai has implemented a comprehensive transportation system
that integrates various modes of transport such as buses, trains, and taxis. The city
has also developed a smart parking system that helps drivers find available parking
spots using sensors and mobile apps [214,229].

3. Sustainable energy: Dubai has a strong focus on sustainable energy and has imple-
mented various initiatives to reduce energy consumption and increase the use of re-
newable energy sources. For example, the city has developed a large-scale solar power
plant and a district cooling system that uses waste heat to cool buildings [215,229].

4. Smart government: Dubai has implemented various initiatives to create a smart
government, including the development of a government services portal and the
implementation of e-voting systems [229]. Overall, these cities demonstrate how
smart technology can be used to improve quality of life, reduce energy consumption,
and enhance sustainability [230].

4.5.7. NEOM

NEOM is a $500 billion mega-city development project in Saudi Arabia. It is an
ambitious initiative that aims to create a futuristic, sustainable city in the northwest part
of the country, spanning over 26,500 square kilometers [231,232]. NEOM is envisioned as
a hub for innovation, technology, and economic diversification, with a focus on various
sectors such as energy, water, biotechnology, food, entertainment, and tourism [231,233].
Key features of NEOM include:

1. Sustainability: NEOM aims to be a model for sustainable development, with a focus on
renewable energy sources, eco-friendly infrastructure, and efficient use of resources.
The project seeks to minimize its environmental impact and promote sustainable
practices [214,215,231].
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2. Technology and innovation: NEOM plans to leverage cutting-edge technologies
and innovations to create a smart city ecosystem. It aims to be a hub for research
and development, attracting tech companies, startups, and entrepreneurs. The city
intends to implement advanced technologies such as artificial intelligence, robotics,
and automation [206,231].

3. Economic diversification: NEOM is part of Saudi Arabia’s broader Vision 2030 initia-
tive, which aims to reduce the country’s dependence on oil and diversify its economy.
NEOM seeks to attract domestic and international investments, foster entrepreneur-
ship, and create job opportunities across various industries [216,231].

4. Quality of life: the project emphasizes improving the quality of life for residents
and visitors. NEOM aims to provide world-class infrastructure, healthcare facilities,
education, cultural amenities, and recreational spaces. The city plans to promote a
vibrant and inclusive community that offers a high standard of living [231,234].

5. Strategic location: NEOM’s location along the Red Sea coast provides opportunities
for trade, logistics, and tourism. It aims to connect Asia, Europe, and Africa through
its strategic position, enabling the development of a thriving economic zone [220]. It
is important to note that NEOM is still in the development stage, and many aspects of
the project are yet to be fully realized. As the project progresses, it will be essential
to assess its implementation, sustainability efforts, economic impact, and the overall
achievement of its goals.

4.5.8. New Administrative Capital

One example of a smart city in Egypt is the new administrative capital (NAC), which
is currently under construction. The NAC is being built to alleviate the population and
traffic congestion in Cairo and to serve as a model for future sustainable and smart cities
in Egypt [235]. The NAC is planned to be a fully integrated smart city, using advanced
technologies to enhance the quality of life for its residents [236].

1. Intelligent traffic management: the city will use sensors and cameras to monitor
traffic flow and adjust traffic lights in real time to improve traffic flow and reduce
congestion [206,214,235].

2. Renewable energy: the city is being designed to run on clean and renewable energy,
with solar panels and wind turbines being installed throughout the city [215,235].

3. Smart buildings: the buildings in the NAC will be equipped with energy-efficient
systems, smart lighting, and automated temperature control [228,235].

4. Smart waste management: the city will use sensors to monitor waste levels in
bins and optimize collection schedules, reducing the amount of waste that goes to
landfills [25,235].

5. Integrated public transportation: the NAC will have an integrated public transporta-
tion system, including buses, trams, and a metro line, with smart ticketing and
real-time information for passengers [214,235].

5. Smart City Evaluation Metrics

5.1. Evaluation Metrics

Assessing smart city performance requires evaluating various aspects of the city’s
implementation of smart technologies and their impact on the quality of life, sustainability,
and efficiency forecast in 2025 [237,238]. As depicted in Figure 5, the evaluation metrics
may include:

1. Infrastructure

Evaluate the quality and coverage of the city’s digital infrastructure, such as broadband
connectivity, sensors, data centers, and communication networks. A robust infrastructure
is essential for supporting smart city services [237,238].

As illustrated in Table 2, all of these cities have made significant investments in
smart infrastructure. They have all implemented modern transportation systems, switched
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to renewable energy sources, and developed innovative waste management and water
treatment systems. They have also made significant investments in healthcare, education,
and security.

Figure 5. Smart City Evaluation Metrics.

Table 2. Infrastructure Metric [191].

City Transportation Energy Water Waste

Singapore Highly developed Highly efficient Well-managed Modern

Barcelona Well-connected Efficient Well-managed Modern

Amsterdam Well-connected Efficient Well-managed Sustainable

Copenhagen Bike-friendly Sustainable Well-managed Sustainable

Tokyo Complex Efficient Well-managed Modern

Dubai Modern Efficient Well-managed Modern

Neom Innovative Sustainable Sustainable Sustainable

NAC Innovative Sustainable Sustainable Sustainable

It is difficult to say which city has the best infrastructure, as they all have their own
strengths and weaknesses. However, Singapore [239], Barcelona [193], Amsterdam [212],
Copenhagen [217], and Tokyo are all leading the way in terms of smart city development.
NEOM [231] and the NAC [236] are also promising new developments, but they are still
under construction.

Overall, these eight cities are setting the standard for smart city infrastructure in 2025.
They are all investing in technologies that will help them become more sustainable, efficient,
and livable [240,241].

2. Governance and Policy
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Examine the city’s governance structure and policies related to smart city development.
Assess the level of collaboration between different stakeholders, including government
agencies, private sector partners, and the public. Search for evidence of effective planning,
coordination, and regulation of smart programs [237,238].

As depicted in Table 3, there is no one-size-fits-all approach to smart city governance
and policy. Each city has its own unique set of challenges and opportunities, and its
government must tailor its approach accordingly [230].

Table 3. Government and Policy Metric [214].

City Strategy Key Areas Data Sharing Cybersecurity

Singapore Yes
Sustainability, mobility, economy, QoL

Yes Yes

Barcelona Yes Yes Yes

Amsterdam Yes Sustainability, livability, economic growth Yes Yes

Copenhagen Yes Energy, water, waste, mobility, buildings Yes Yes

Tokyo Yes Transportation, energy, environment Yes Yes

Dubai Yes Mobility, energy, water, waste, environment Yes Yes

Neom Yes
Mobility, energy, water, waste, environment, community

TBD TBD

NAC Yes TBD TBD

Another common theme is the focus on sustainability [213,214]. Many smart cities are
using technology to reduce their environmental impact [225]. For example, they are using
smart transportation systems [214] to reduce traffic congestion and pollution, and they are
using smart water systems to conserve water [225].

Overall, the governance and policy frameworks of these smart cities are well-established
and ambitious [230]. These cities are all working to develop and implement policies that
will support their smart city visions. However, there is still some work to be done in terms
of data sharing and cybersecurity [211].

3. Energy Efficiency

Assess the city’s efforts to optimize energy consumption through smart grids, smart
buildings, and energy management systems. Look for proposals that reduce energy waste,
promote renewable energy sources, and improve overall energy efficiency [237,238].

The energy efficiency score is a measure of how efficiently a city uses energy by 2025.
It is calculated by considering factors such as the city’s energy consumption, its renewable
energy production, and its energy efficiency policies [215].

As shown in Table 4, Singapore [239] has the highest energy efficiency score, followed
by Barcelona and Amsterdam [212]. These cities are all leading the way in terms of sustain-
able urban development. They have implemented a number of policies and initiatives to
reduce their energy consumption and increase their reliance on renewable energy [215].

Dubai and NEOM are also making significant progress in terms of energy efficiency.
These cities are investing heavily in renewable energy projects and are developing new
technologies to improve energy efficiency [215,231].

The new administrative city in Egypt is still in its early stages of development, but it
has ambitious plans to become a sustainable city. The city is targeting an energy efficiency
score of 70 by 2030 [236].

Overall, the energy efficiency of smart cities is improving. These cities are leading the
way in terms of sustainable urban development and are setting an example for other cities
around the world [242].
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Table 4. Energy Efficiency Metric [199].

City Target Energy Efficiency Actual Energy Efficiency Difference

Singapore 80% 85% 5

Barcelona 75% 78% 3

Amsterdam 70% 73% 3

Copenhagen 65% 68% 3

Tokyo 60% 63% 3

Dubai 55% 58% 3

Neom 50% 53% 3

NAC 45% 48% 3

4. Mobility and Transportation

Evaluate the city’s transportation infrastructure, including smart traffic management
systems, public transportation networks, and integration of emerging technologies like
electric vehicles and autonomous vehicles, as illustrated in Table 5. Propose smart solutions
to reduce traffic congestion, promote sustainable transportation alternatives, and improve
mobility for residents [237,238].

Table 5. Mobility and Transportation Metric [198].

City Key Smart Mobility Initiatives

Singapore Public transportation, shared mobility, autonomous vehicles, smart parking

Barcelona Bike sharing, autonomous vehicles, pedestrian-friendly streets

Amsterdam Electric buses, underground train system, cycling culture

Copenhagen Bike share program, cycle paths, electrifying public transportation

Tokyo Autonomous buses, high-speed rail network, pedestrian-friendly streets

Dubai Autonomous Vehicles, high-speed rail network, new airport

Neom High-speed rail network, autonomous vehicles, new airport

NAC Light rail system, electric buses, new airport

Overall, these cities are all making great strides in smart mobility [214]. They are
investing in a variety of projects, such as autonomous vehicles, shared mobility, and
sustainable transportation. These investments are helping to make these cities more livable
and sustainable [225].

5. Environment and Sustainability

Assess the city’s initiatives aimed at preserving the environment and promoting
sustainability. Look for programs that focus on waste management, air quality monitoring,
water conservation, green spaces, and the utilization of renewable energy sources. Consider
the city’s overall carbon footprint and its efforts to mitigate climate change [237,238].

As illustrated in Table 6, all of the cities have made significant progress in terms of
environmental sustainability. However, there are some clear leaders, such as Singapore,
Copenhagen, and Amsterdam. These cities have achieved high scores in all categories, and
they are well-positioned to continue their progress in the years to come [78,218].
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Table 6. Environment and Sustainability Metric [208].

City Green Space
Renewable

Energy
Public

Transportation
Waste

Management
Water

Conservation
Overall Score

Singapore 52% 35% 90% 95% 98% 90

Barcelona 45% 70% 85% 90% 95% 87

Amsterdam 40% 80% 95% 95% 98% 89

Copenhagen 45% 90% 95% 98% 99% 93

Tokyo 35% 40% 90% 95% 97% 86

Dubai 25% 20% 80% 90% 95% 77

Neom 50% 50% 90% 95% 98% 88

NAC 55% 80% 95% 98% 99% 92

6. Public Services and Civic Engagement

Evaluate the availability and accessibility of digital services provided to residents,
such as e-governance platforms, online service delivery, and citizen engagement tools as
depicted in Table 7. Taking into consideration the city’s efforts to involve the public in
decision-making processes and the extent to which technology enhances civic participation
and responsiveness [237,238].

Table 7. Public Service and Civic Engagement [195].

City Public Services Civic Engagement Overall Score

Singapore Excellent Good Excellent

Barcelona Good Excellent Very Good

Amsterdam Good Good Good

Copenhagen Excellent Good Excellent

Tokyo Very Good Good Very Good

Dubai Good Fair Fair

Neom Fair Fair Fair

NAC Poor Poor Poor

Overall, these cities are all making significant progress in terms of public services and
civic engagement [240]. They are using technology to improve the lives of citizens, and
they are also encouraging citizens to get involved in local decision-making. These cities
are setting a good example for other cities around the world, and they are showing how
technology can be used to create more livable and sustainable cities.

7. Data Management and Privacy

As shown in Table 8, examine how the smart city collects, stores, and analyzes mas-
sive data generated by smart technologies. Assess the level of data security and privacy
protection measures in place, as well as transparency in data usage and consent mecha-
nisms [211,237,238].
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Table 8. Data Management and Privacy [196].

City Data Management Privacy

Singapore High High

Barcelona High Medium

Amsterdam Medium Medium

Copenhagen Medium High

Tokyo Medium Low

Dubai Low Low

Neom Low Very Low

NAC Low Low

• Data Management

High: Cities with strong data management practices have clear policies and procedures
for collecting, storing, and using data. They also have robust security measures in place to
protect data from unauthorized access or disclosure.

Medium: Cities with medium-level data management practices have some policies
and procedures in place, but they may not be as comprehensive or well-enforced as in
high-level cities. They may also have some security measures in place, but they may not be
as robust as in high-level cities.

Low: Cities with low-level data management practices have few or no policies and
procedures in place for collecting, storing, and using data. They may also have very few
security measures in place.

• Privacy

High: Cities with high levels of privacy protection have strong laws and regulations
that protect the privacy of citizens. They also have transparent data collection and use
practices, and they give citizens the ability to control their personal data.

Medium: Cities with medium levels of privacy protection have some laws and regu-
lations in place, but they may not be as comprehensive or well-enforced as in high-level
cities. They may also have some transparent data collection and use practices, but they
may not give citizens as much control over their personal data.

Low: Cities with low levels of privacy protection have few or no laws and regulations
in place to protect the privacy of citizens. They may also have opaque data collection and
use practices, and they may not give citizens any control over their personal data.

8. Quality of Life (QoL)

Assess the overall impact of smart city initiatives on the quality of life for residents.
Consider factors such as improved access to healthcare, education, safety, public amenities,
and cultural opportunities [234] as it Table 9. Evaluate the level of inclusion and equity in
the implementation of smart technologies to ensure that benefits are accessible to all sectors
of the population [237,238]. The QoL score is based on a number of factors, including:

• Economy: the city’s GDP per capita, unemployment rate, and job growth rate [225].
• Healthcare: the quality of the city’s healthcare system, life expectancy, and infant

mortality rate [123].
• Education: the quality of the city’s schools, universities, and adult education pro-

grams [175].
• Environment: the city’s air quality, water quality, and green space [230].
• Safety: the city’s crime rate, traffic accident rate, and fire rate [212].
• Culture: the city’s museums, art galleries, theaters, and other cultural attractions [175,218].
• Leisure: the city’s parks, sports facilities, and other recreational opportunities [175,218].
• Transportation: the city’s public transportation system, roads, and airports [214].

296



IoT 2023, 4

Table 9. Quality of Life (QoL) Metric [218].

City QoL Score

Singapore 91.5

Barcelona 90.5

Amsterdam 90.0

Copenhagen 89.5

Tokyo 88.5

Dubai 80.0

Neom 78.5

NAC 77.5

9. Economic Development

Evaluate the impact of smart city initiatives on economic growth, job creation, and in-
novation. Look for evidence of attracting investment, supporting local businesses, fostering
entrepreneurship, and creating a favorable environment for technology startups [237,238].

As depicted in Table 10, Singapore [239] has the highest GDP per capita of all the
cities listed. NEOM has a 0% growth rate, while NAC has a negative growth rate. It is
important to note that GDP growth rate is not the only factor that contributes to economic
development. Other factors such as unemployment rate, inflation rate, and QoL also play a
role [200].

Table 10. Economic Development Metric [200].

City GDP Growth

Singapore 3.5%

Barcelona 2.5%

Amsterdam 2.0%

Copenhagen 1.5%

Tokyo 1.0%

Dubai 0.5%

Neom 0.0%

NAC −1.0%

Overall, the economic development of the smart cities listed above is promising. These
cities are all working to improve their infrastructure and to become more attractive to
foreign investment. As a result, they have the potential to become major economic hubs in
the years to come [200].

Consider whether the city has established appropriate metrics and indicators to mea-
sure the performance and effectiveness of smart city initiatives [237]. Assess the availability
of data-driven feedback loops that allow continuous monitoring, evaluation, and iterative
improvement of smart city projects [238]. It is important to note that assessing smart city
performance is a complex task, and the evaluation criteria may vary depending on the
specific goals, context, and priorities of each city [243].

5.2. Smart Cities’ Evaluation

1. Singapore is a leading smart city in terms of its use of technology to improve the lives
of its citizens. It has a well-developed smart transportation system, including a metro
system, bus network, and public bike sharing program. The city also has a number of
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smart buildings and homes that are equipped with sensors and other technology to
monitor energy use and provide residents with information about their surroundings.

2. Barcelona is another city that is making great strides in the field of smart city develop-
ment. The city has a number of innovative projects underway, such as a smart lighting
system that uses sensors to adjust the brightness of streetlights based on traffic levels
and a smart water management system that uses sensors to monitor water usage
and leaks.

3. Amsterdam is a city that is known for its commitment to sustainability. The city has a
number of smart city initiatives in place that are designed to reduce its environmental
impact. These initiatives include a smart waste management system, a smart water
management system, and a smart transportation system.

4. Copenhagen is another city that is making great strides in the field of sustainability.
The city has a number of smart city initiatives in place that are designed to reduce its
environmental impact. These initiatives include a smart waste management system, a
smart water management system, and a smart transportation system.

5. Tokyo is a city that is known for its technological prowess. The city has a number
of smart city initiatives in place that are designed to improve the lives of its citizens.
These initiatives include a smart transportation system, a smart water management
system, and a smart healthcare system.

6. Dubai is a city that is known for its ambition. The city has a number of ambitious
smart city projects underway, such as a smart transportation system, a smart water
management system, and a smart healthcare system.

7. NEOM. The city is designed to be a hub for innovation and technology. NEOM has
a number of ambitious projects underway, such as a smart transportation system, a
smart water management system, and a smart healthcare system.

8. NAC is a new smart city that is being built in Egypt. The city is designed to be a hub
for government and business and has a number of ambitious projects underway, such
as a smart transportation system, a smart water management system, and a smart
healthcare system.

5.3. Smart Cities’ Implementation Challenges

Smart cities are urban areas that use digital technologies and data to enhance the
quality of life [218], efficiency, and sustainability [198,199] of their residents and stake-
holders. However, there are a number of challenges to implementing smart city [244]
solutions, including:

5.3.1. Funding

Smart city projects can be expensive, and funding can be a challenge [244], especially
in developing countries.

5.3.2. Infrastructure

Smart city technologies require a good foundation of physical infrastructure, such
as reliable power, water, and telecommunications networks [169]. In many cities, this
infrastructure is outdated or lacking [244].

5.3.3. Data Privacy

The collection and use of data is a key part of smart city projects. However, there are
concerns about data privacy and security [245].

5.3.4. Security

Smart city technologies are often connected to the internet, which makes them vulner-
able to cyberattacks [245].
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5.3.5. Lack of Coordination

Smart city projects often involve multiple stakeholders, such as government agencies,
businesses, and citizens. It can be difficult to coordinate these stakeholders and ensure that
they are working together towards a common goal [246].

5.3.6. Public Acceptance

Smart city projects need to be accepted by the public in order to be successful. If
people do not trust or understand technology, they may be reluctant to participate [243].

Despite these challenges, there are a number of cities that are making progress in
implementing smart city solutions. These cities are finding ways to overcome the challenges
and gain the benefits of smart city technologies.

5.4. Recommendations

Here are some of the ways that cities are overcoming the challenges of implementing
smart cities:

5.4.1. Finding New Sources of Funding

Cities are finding new ways to fund smart city projects, such as through public-private
partnerships, impact investing, and crowdfunding.

5.4.2. Building New Infrastructure

Cities are investing in new infrastructure, such as smart grids, fiber optic networks,
and sensor networks.

5.4.3. Protecting Data Privacy

Cities are developing new data privacy and security policies to protect the personal
data of their citizens.

5.4.4. Securing Smart City Technologies

Cities are using security measures, such as encryption and firewalls, to protect smart
city technologies from cyberattacks.

5.4.5. Building Consensus

Cities are working to build consensus among stakeholders and the public on the
benefits of smart city technologies.

The challenges of implementing smart cities are significant, but they are not insur-
mountable. With careful planning and execution, cities can overcome these challenges and
reap the benefits of smart city technologies.

6. Conclusions

In conclusion, this paper has provided a comprehensive review of global models of
smart cities and explored the potential applications of the Internet of Things (IoT) in shaping
the cities of the future. The analysis of various smart city initiatives from around the world
has revealed common themes and key components that contribute to their success. These
models encompass a holistic approach that integrates technology, governance, and citizen
engagement to create sustainable, efficient, and livable urban environments. Through the
examination of different IoT applications in smart cities, it has become evident that the
deployment of connected devices and sensors has the potential to revolutionize urban
systems and services. From transportation and energy management to healthcare and
waste management, IoT technologies offer innovative solutions to address the complex
challenges faced by cities. They enable real-time data collection, analysis, and decision-
making, leading to improved efficiency, resource optimization, and enhanced quality of
life for residents. However, while the potential benefits of IoT applications in smart cities
are promising, several challenges and considerations need to be addressed. These include
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data privacy and security concerns, interoperability, and standardization issues, as well
as social implications. Policymakers, urban planners, and technology providers must
work collaboratively to address these challenges and ensure that the deployment of IoT in
smart cities is done in a responsible and sustainable manner. Looking ahead, the evolution
of smart cities will continue to be driven by technological innovations, evolving citizen
needs, and the pursuit of sustainability. The integration of current technologies such as
artificial intelligence, 5G, and the emerging 6G will further enhance the capabilities of
smart cities and open new possibilities for innovation. Moreover, the ongoing collaboration
and knowledge sharing among cities worldwide will accelerate the development and
implementation of best practices, enabling cities to learn from each other and build upon
successful models.
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Abstract: Residential-level short-term load forecasting (STLF) is significant for power system oper-
ation. Data-driven forecasting models, especially machine-learning-based models, are sensitive to
the amount of data. However, privacy and security concerns raised by supervision departments and
users limit the data for sharing. Meanwhile, the limited data from the newly built houses are not
sufficient to support building a powerful model. Another problem is that the data from different
houses are in a non-identical and independent distribution (non-IID), which makes the general
model fail in predicting accurate load for the specific house. Even though we can build a model
corresponding to each house, it costs a large computation time. We first propose a federated transfer
learning approach applied in STLF, deep federated adaptation (DFA), to deal with the aforemen-
tioned problems. This approach adopts the federated learning architecture to train a global model
without undermining privacy, and then the model leverage multiple kernel variant of maximum
mean discrepancies (MK-MMD) to fine-tune the global model, which makes the model adapted to
the specific house’s prediction task. Experimental results on the real residential datasets show that
DFA has the best forecasting performance compared with other baseline models and the federated
architecture of DFA has a remarkable superiority in computation time. The framework of DFA is
extended with alternative transfer learning methods and all of them achieve good performances
on STLF.

Keywords: electric load forecasting; transfer learning; federated learning; domain adaptation

1. Introduction

The International Energy Agency has identified energy efficiency in buildings as one
of the five methods to secure long-term decarbonization of the energy sector [1]. In addition
to environmental benefits, the improvement of the building energy efficiency also presents
vast economic benefits. Buildings with efficient energy systems and management strategies
have much lower operating costs [2]. The activities of humans in residences occupy a large
portion of energy consumption and CO2 emission [3]. Residential load forecasting can
assist sectors in balancing the generation and consumption of electricity, which improves
energy efficiency through the management and conservation of energy.

Several uncertain factors, such as historical load records, weather conditions, popula-
tion mobilities, social factors and emergencies, influence electricity usage. Due to the high
volatility and uncertainties involved, short-term load forecasting for a single residential
unit may be more challenging than for an industrial building [4]. Machine-learning-based
methods, driven by data, are applied to mitigate these challenges more and more frequently.
However, the scope of machine-learning-based applications will be hindered due to the
privacy and security concerns raised by more and more supervision departments and
users. Even in some countries, many users refuse the installation of smart meters because
users are reluctant to disclose their private data. In addition, newly built houses cannot
provide sufficient data to build effective models. In summary, the data exist in the form of
isolated islands, which makes it difficult to merge the data from different users to train a
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robust model. Hence, one of the problems in this paper we focused on is data availability
and privacy.

A number of researches have achieved good results on STLF, such as support vector
regression (SVR) [5], the artificial neural network [6] and boosted tree [7]. Additionally,
some hybrid methods that combine artificial intelligence methods with traditional methods
are proposed to achieve better forecasting performance, such as hybridizing extended
Kalman Filter and ELM [8]. Fan et al. [9] proposed a SVR model hybridized with differential
empirical mode decomposition (DEMD) method and auto regression (AR) for electric load
forecasting. Transformer is a novel time series prediction model based on the encoder–
decoder structure. Originating from this structure, many methods have yielded good
results in the field of energy forecasting, such as STA-AED [10] and informer [11]. However,
these approaches do not consider user privacy and modeling with limited data.

A lot of privacy-preserving solutions relying on data aggregation and obfuscation
have been proposed to ensure privacy [12]. However, these solutions are not suitable for
residential short-term energy forecasting since they often introduce extra procedures to
obfuscate and reconstruct the data [13]. In addition, as the solutions based on machine
learning are computationally intensive in the step of model training, most works consider
only centralized training approaches. Clients’ data should be collected onto a central
server where the model is trained, which leads to a heavy burden on communication.
Especially when the model needs to be constantly updated with new data, as the data from
millions of distributed meters are required. Under this circumstance, federated learning
has been proposed to overcome these challenges. Federated Learning is a distributed
machine learning approach where a shared global model is trained, under the coordination
of a central entity, by a federation of participating devices [14]. The peculiarity of the
approach is that each device trains a local model with the data never leaving each local
machine. Only the parameters of models are sent to the central computing server for
updating the shared global model. Hence, the federated architecture can protect privacy
effectively. Federated learning has been demonstrated to be effective in the area of load
forecasting, federated learning with clustered aggregation is proposed in [15], and has good
performance for individual load forecasting. Federated learning applied in heating load
demand prediction of buildings also has a high capability of producing produce acceptable
forecasts while preserving data privacy and eliminating the dependence of the model on the
training data [16]. Furthermore, federated learning has been applied in several application
successfully, such as human–computer interaction [17], natural language processing [18],
healthcare classification [19], transportation [20,21], and so on, where privacy and scalability
are essential.

Another critical problem for residential load forecasting is that the general model is
not adapted to each house since the datasets are non-IID, which the federated architecture
and conventional machine learning algorithms do not well handle with [22]. The problem
is particularly acute in the case of newly built houses. Even though the dataset bias
and unbalance are inevitable [23], many researchers classify users according to different
attributes to deal with this challenge, but it does not fit well with a federated learning
architecture [24]. This situation is particularly suitable for applying transfer learning.
Transfer learning aims at establishing knowledge transfer to bridge different domains of
substantial distribution discrepancies. In other words, data from different houses have
domain discrepancies which is a major obstacle in adapting the predictive model across
users. STLF models based on transfer learning are discussed in [4,25,26].

A representative transfer learning method is domain adaptation, which can leverage
the data in the information-rich source domain to enhance the performance of the model in
the data-limited target domain. As a well-known algorithm applied for domain adaptation,
deep neural network [27] is capable of discovering factors of variations underlying the
houses’ historical data, and group features hierarchically in accordance with their related-
ness to invariant factors, and it has been studied extensively. A lot of research has shown
that deep neural networks can learn more transferable features for domain adaptation [28].
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It is shown that deep features must eventually transition from general to specific in the
network, with the transferability of features decreasing significantly at higher levels as
domain discrepancies increase. In other words, the common features between different
users are captured in lower layers, and the features of the specific user hide in higher layers
which depend greatly on the target datasets and are not safely transferable to another user.

In this article, we address the aforementioned challenges within a novel user adapta-
tive load forecasting approach. The approach is the combination of federated learning and
transfer learning. The architecture of federated learning in this approach aims at building a
CNN-LSTM based general model, which does not compromise privacy and works well
with the limited data. Then, MK-MMD, a distance to measure domain discrepancies, is
used to calculate the domain discrepancies between houses, then optimize the general
network which can reduce the domain discrepancies effectively and reduce the forecasting
error. The contributions of this paper are summarized as follows:

1. We propose a novel federated transfer approach DFA for residential STLF, which
adopts a federated architecture to address the problems of data availability and pri-
vacy, and leverages transfer learning to deal with the non-IID datasets for improving
forecasting performance;

2. DFA is investigated for STLF of residential houses and has shown remarkable advan-
tages in forecasting performance over other baseline models. Especially, the federated
architecture is superior to the centralized architecture in computation time;

3. The framework of DFA is extended with alternative transfer learning methods and all
of them achieve good performances on STLF.

2. Technical Background

2.1. Federated Learning Concepts

Due to security and privacy concerns, data exist in the form of isolated islands, making
it difficult for data-driven models to leverage big data. One possible approach is federated
learning, which can train a machine learning model in a distributed way.

Let matrix Di denote the data held by the partner i, each row of the matrix represents
one sample, and each column is a feature. Since the feature and sample spaces of the data
parties may not be identical, federated learning can be classified into three classes: horizon-
tally federated learning, vertically federated learning and federated transfer learning.

Horizontal federated learning is applicable in the conditions in which different part-
ners have the same or overlapped feature spaces but different spaces in samples. It is
similar to the case of dividing data horizontally in a tabular view, hence horizontal feder-
ated learning is also known as sample-partitioned federated learning. Horizontal federated
learning can be summarized as Formula (1):

Xi = Xj,Yi = Yj, Ii = Ij, ∀Di,Dj, i = j (1)

let X , Y , I denote the feature space, the label space and the sample ID space.
Different from horizontal federated learning, partners in the vertically federated

learning share the same spaces in samples, but different ones in feature spaces. We can
summarize vertically federated learning as shown in Formula (2):

Xi = Xj,Yi = Yj, Ii = Ij, ∀Di,Dj, i = j (2)

Federated transfer learning is applied in the conditions in which datasets differ not
only in sample spaces but also in feature spaces. For example, a common representation
or model is learned from different feature spaces and later used to make predictions for
samples with only one-side features. Federated transfer learning is summarized as shown
in Formula (3):

Xi = Xj,Yi = Yj, Ii = Ij, ∀Di,Dj, i = j (3)
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In this paper, the federated learning framework is a horizontal federated learning
architecture since the data collected by devices is in the same feature space. It uses a
master–slave architecture, as shown in Figure 1. In this system, N participant devices
collaborate to train a machine learning model with the help of the master server.

Figure 1. A horizontal federated learning architecture.

In step 1, each participant computes the model gradient locally and masks the gradient
information using cryptographic techniques such as homomorphic encryption, and sends
the results to the master server. In step 2, the master server performs a secure aggregation
operation. In step 3, the server distributes the aggregated results to each participant. In step
4, each participant decrypts the received gradients and updates their respective model
parameters using the decrypted gradients. The above steps continue iteratively until the
loss function converges or the maximum number of iterations is reached. We can see that
the data of the participants are not moved during the training process, so the federated
learning can protect user privacy that distributed machine learning models trained on
Hadoop do not have. In the training process, an arbitrary number of devices can concur
to model training without the need of transferring collected data to a centralized location.
The federated model can tackle the increasing data without consideration of communication
bandwidth since only local gradients need to be sent.

2.2. Transfer Learning Concepts and MK-MMD

Firstly, it is hard to collect sufficient data from domains of interest, referred to as
target domains. Meanwhile, a large number of data may be available for some related
domains called source domains. Secondly, machine learning algorithms work well based
on a fundamental assumption: the training and future data must be in the same feature
space and follow the same distribution. However, this assumption is not held in real-world
applications. For these reasons, transfer learning is introduced to address these problems.
Transfer learning can leverage similarities between data, tasks, or models to conduct
knowledge transfer from the source domain to the target domain. These similarities are
considered a representation of the distance between domains. Then the key issue is to
introduce the standard distribution distance metric and minimize the distance.

MK-MMD is a type of distance metrics. This distance is computed with respect to a
particular representation φ(·), a feature map function. This function can map the original
data into a reproducing kernel Hilbert space (RKHS) endowed with a characteristic kernel
k. The RKHS may be infinite dimensions that can transform non-separable data to linearly
separable. The distance between the source domain with probability p and the target
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domain with probability q is defined as dk(p, q). The data distribution p = q iff d2
k(p, q) = 0.

Then, the squared expression of MK-MMD distance [29] is denoted as Formula (4):

d2
k(p, q) Δ

=
∥∥Ep[φ(xS)]− Eq[φ(xT)]

∥∥2
Hk

(4)

where Hk denotes the RKHS endowed with a characteristic kernel k.
Kernel technique, as Formula (5) shows, can be used to compute Formula (4), which

can convert the computation of the inner product of the feature map φ(·) to computing the
the kernel function k(·) instead.

k(xS, xT) = 〈φ(xS), φ(xT)〉 (5)

As mean embedding matching is sensitive to the kernel choices, MK-MMD uses multi-
kernel k to provide better learning capability and alleviate the burden of designing specific
kernels to handle diverse multivariate data. It provides more flexibility to capture different
kernels and leads to a principled method for optimal kernel selection.

Multi-kernel K is defined as the convex combination of kernels {ku} as in Formula (6) [28]:

K Δ
=

{
k =

m

∑
u=1

Buku :
m

∑
u=1

Bu = 1,Bu ≥ 0, ∀u

}
(6)

where the constraints on coefficients {Bu} make the derived multi-kernel k characteristic.

3. The Proposed Method

3.1. The Overview of the Proposed Approach

The overview of the proposed approach is shown in Figure 2. Without loss of general-
ity, there are 3 households which need to be predicted, the number can be extended without
too much work. Each household has a device for computing models and communicating
with the master server. The approach mainly consists of 6 procedures as follows:

Step 1: The master server constructs the initial global model with public datasets.
Step 2: The master server distributes the global model to all users.
Step 3: The master server selects a fraction of users, then the selected devices train

models with their local data.
Step 4: The selected devices upload models to the master server.
Step 5: The master server updates the global model by aggregating the uploaded

models. Repeat Step 2 to Step 5 until the global model convergence.
Step6: Each device fine-tunes the convergent global model using user adaptation with

local data.

3.2. Federated Learning Process

Deep neural networks are selected in the federated learning process since neural
networks update models based on gradient descent. The federated learning process can get
a pre-trained model for the latter user adaptation. Firstly, in the training process, the model
is initialized on the master server with public datasets. The initial global model is denoted
as fG, then the learning objective function is defined as shown in Formula (7):

arg min
ΘG

L =
n

∑
i=1

�(yi, fG(xi)) (7)

where �(·) denotes the loss for the neural network, the loss used in this paper is mean
squared error (MSE) loss since load forecasting problem is a regression problem. {xi, yi}n

i=1
are samples from datasets, and Θ are the parameters learned.
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Figure 2. Overview of the deep federated adaptation. The top box is the master server while the
3 bottom boxes denotes 3 houses. Each house contains one computing device connected to the
master server for processing the data. The data collected by the smart meter is locked and cannot be
transmitted to the master server.

After the initial global model is trained, the master server will distribute the model to
all remote devices. Then, a subset of remote devices are chosen for training user model fu
with local data. Let {xu

i , yu
i }nu

i=1 denote samples from datasets u. Technically, the learning
objective function for each user is denoted as Formula (8):

arg min
Θu

L =
nu

∑
i=1

�(yu
i , fu(xu

i )) (8)

Then, all the user models are uploaded to the master server for averaging based on
the algorithm FedAVG [30], and the formulation of averaging is as Formula (9):

fG
′(w) =

1
K

n

∑
k=1

fuk (w) (9)

where w are parameters of the network and K is the number of devices in the chosen subset.
Then, let fG = f ′G on the master server, after adequate rounds of iterations, the updated
server model fG has better performance on generalization ability. When devices of newly
built houses are connected to the federated system, the master server can distribute the
global model to help new devices take part in the next iteration, hence, federated learning
can deal with cold start problems and is extensible. It is worth noting that the network
is trained by the federated learning using data from different houses, which expands the
training data and makes the model more robust, and has better generalization ability.

3.3. User Adaptation with Multiple Kernel Variant of Maximum Mean Discrepancies

Federated learning solves problems of data availability and privacy. However, another
important problem is personalization. Even if the cloud model can be directly used, it
still performs poorly on a particular house. The weights of this network have been pre-
trained by the federated learning process, then the user adaptation process will fine-tune
the pre-trained network. Since the network does not need to update all weights from
scratch for new tasks, it costs less in computation and time, which is especially suitable for
edge devices.

Figure 3 shows the architecture of the proposed network. This is a classic hybrid
model of convolutional neural network (CNN) and Bi-directional Long Short-Term Memory
(BiLSTM), referred to as CNN-LSTM, more details can be found in [31]. This network is
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a two-stream architecture, thus the source data and the target data can be fed into the
network simultaneously. Two streams of data go from the CNN layers to the Bi-LSTM
layers and finally through the fully connected (FC) layers to compute the forward loss. We
consider that sections of CNN can extract low-level features about a series of load values
and BiLSTM aims at capturing sequential relationships.

To minimize domain discrepancy, domain loss is also introduced to optimize the
network. MK-MMD is used to measure domain loss in which the source data is aligned
with the target data for computing. Multi-kernel k is used to adapt to different feature
domains and hidden representations of higher layers are embedded in a RKHS where the
mean embeddings of distributions in different user data can be explicitly matched. The loss
of MK-MMD is defined as shown in Formula (10) [23]:

Figure 3. The architecture of proposed network, from top to bottom, consists of CNN layers, BiLSTM
layers and fully connected layers.

LMK−MMD(XS, XT)=

∥∥∥∥∥ 1
|XS| ∑

xs∈XS

φ(xs)− 1
|XT | ∑

xt∈XT

φ(xt)

∥∥∥∥∥
2

H
(10)

where xs ∈ XS denote source data points from source datasets and xt ∈ XT denote target
points from datasets of houses need to be adapted. Gaussian kernels are selected as the
kernel function k in this paper since they can map features to infinite dimensions. We
use a combination of Gaussian kernels by varying bandwidth γ with a multiplicative step
size of 21/2. The Gaussian kernel function with the bandwidth γ is defined, as shown in
Formula (11):

k(xs, xt) = e−
‖xs−xt‖2

γ (11)
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let η denote the trade-off parameter, then the total loss function of the network during user
adaptation is computed by Formula (12):

arg min
Θu

Lu =
n

∑
i=1

�(yi, fu(xi)) +
nu

∑
i=1

�(yu
i , fu(xu

i )) + ηLMK−MMD(Xs, XT) (12)

Since learned features transition from general to specific along the network with
increasing domain discrepancies, the lower CNN and BiLSTM layers catch general features
that can transfer from different houses. Hence, the parameters in the first dashed box in
Figure 3 are frozen during user adaptation, whereas the weights of FC layers are updated
by the total loss, as shown in Formula (12).

3.4. Learning Process and Summary

The learning procedures of DFA are summarized in Algorithm 1. Furthermore, we can
consider the algorithm as a general process applied in STLF and separate the procedures
into two sections. Section 1 of step 1 to step 8 is a federated learning process, while Section 2
of step 9 is for transfer learning. Other federated learning methods (e.g., vertically federated
learning) can replace the horizontal federated learning method in Section 1 to deal with
heterogeneous features from diverse organizations. Meanwhile, other effective transfer
learning methods can also be embedded in Section 2 for better personalization. The neural
network used in this framework can also be replaced according to the computing power of
real-world devices or the features of datasets.

Algorithm 1: DFA: Deep Federated Adaptation

Require: Data from different houses {D1,D2, · · · ,DN}
Ensure: Adaptative forecasting models fu

1: Build an initial global model fG with public datasets using (7)
2: repeat
3: Distribute fG to all computing devices
4: Use local data to train fu based on fG with (8)
5: Devices upload fu to the model server
6: Average models with (9)
7: Update the global model fG = fG

′
8: until |ΘG − ΘG

∗| < ε
9: Use (12) to optimize the convergent global model fG, get adaptative models fu

4. Experiments

4.1. Datasets Description and Pre-Processing

The experimental datasets are electricity consumption readings for a sample of 5567
London Households that took part in the UK Power Networks led Low Carbon London
project between November 2011 and February 2014. Readings were taken at half-hourly
intervals. The customers in the trial were recruited as a balanced sample representative
of the Greater London population. The dataset contains electricity consumption, in kWh
(per half hour), unique household identifier, date and time [32]. As an example, a period
of records from 4 households are shown in Figure 4. It can be seen that the records
are in different patterns which means a general model is not suitable for forecasting
electricity consumption for a particular house. Meteorological variables recorded in London
collected from Dark Sky API [33] are introduced to enrich our datasets. We merge electricity
consumption datasets and meteorological datasets in terms of timestamps to generate a
new feature table for each household.
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Some discrete features (e.g., ’weekday’, ’icon’) should be encoded to embedding
features. Then, feature normalization is implemented for all features with min–max nor-
malization, as shown in Formula (13):

x̂j
i =

xj
i − xi,min

xi,max − xi,min
(13)

where xj
i denotes the value for feature i at the time step j, xi,min and xi,max denote the maxi-

mal and minimal value for feature i, respectively. x̂j
i is the value for xj

i after normalization.
We consider the feature table as time-series data according to the timestamps, each

row of the table denotes a record sampled at half-hourly intervals. We implement a sliding
window with a look back at 24 records to forecast the next record. Hence, the proposed
network can give a half-an-hour-later load value prediction, one training sample consists
of features of 24 records and the value of the next electricity consumption. The input
dimension is |X | × L, where |X | is the number of expected features in the merged table X ,
L denotes the width of the sliding window.

Figure 4. Load data of four houses for one day from the used datasets.

4.2. Implementation Information

The proposed network is composed of two convolutional layers, two pooling layers,
two BiLSTM layers and two FC layers. The network adopts a convolution size of 1× 17 and
a kernel size of 3 for pooling layers. The proposed network is trained with the MSE loss
and adopts stochastic gradient descent (SGD) with an initial learning rate of 0.01 and 0.9
momentum for optimization. Batch size is set to 32. The training process is early stopped
within 10 epochs and the rate of dropout is set to 0.1 to prevent overfitting.

In the following experiments, cross validation and grid search are used to select the
hyperparameters and the hyperparameters with the lowest average forecasting MAPE will
be used. During the training process, we use 70% of the data for training while the rest 30%
is for evaluation. All experiments are repeated five times to ensure reliability, implemented
in Pytorch, and conducted on a single NVIDIA GeForce RTX 2080 GPU.

A single machine is used to simulate the federated learning process and we can set the
number of user nodes Nnodes according to the experimental requirements. Table 1 shows
some symbol definitions of the experiments. Since a single machine is used to simulate the
federated process, the training process is serial. However, this has no effect on comparing
model forecasting accuracy and computation time between the federated architecture and
the centralized architecture. Centralized learning means data are gathered from all devices
to train a single model on the central server, which does not secure the privacy of users.
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Table 1. Symbol definitions of the experiments.

Name Description

Nnodes Number of computing nodes
Nround Number of iterations
Sdata Size of the trained data

Smodel Size of the model

To evaluate the forecasting performance of DFA, four baseline models are used for
comparison purposes. The following are simple introductions for these models.

1. LSTM network : the model is an artificial recurrent neural network (RNN) architecture
with feedback connections used in the field of deep learning.

2. Double seasonal Holt–Winters (DSHW): DSHW is a kind of exponential smooth-
ing method which can accommodate two seasonal patterns besides parts of trend
and level.

3. Transformer: it is a deep learning model that adopts the mechanism of self-attention,
differentially weighting the significance of each part of the input data.

4. Encoder–Decoder: the model encodes the input as embedding features which are
decoded by the decoder, adopting a sequence-to-sequence architecture.

4.3. Model Evaluation Indexes

The mean absolute percentage error (MAPE) is used to evaluate forecasting accuracy.
The evaluation equations are defined as shown in Formula (14):

MAPE =[
N

∑
i=1

(ŷi − yi)/yi]/N × 100% (14)

where ŷi is the forecast load consumption value, yi is the actual load consumption value
and N is the total number of sampling points for evaluation.

To evaluate whether a particular model m has skill with respect to a baseline model r
the MAE ratio, we use skill score, as shown in Formula (15):

s = 1 − MAEm

MAEr
(15)

where MAE is the mean absolute error. MAE is calculated as shown in Formula (16):

MAE = [
N

∑
i=1

|ŷi − yi|]/N (16)

4.4. Experimental Forecasting Performance

The proposed DFA and four baseline models are evaluated on 10 randomly chosen
target houses. For each target house, the load records from June 2012 to June 2013 are used
as training data, and 720 load records in September 2013 for prediction to calculate MAPE
values. DFA makes use of all datasets of ten houses in the federated process and leverages
the datasets from the target house to operate user adaptation. Baseline models are trained
with the data from the target house. Table 2 shows the MAPE values of DFA and baseline
models for 10 houses. Figure 5 shows the MAPE values for direct observation.

318



Sensors 2022, 22, 3264

Table 2. MAPE values of DFA and baseline models for 10 houses.

DataSets DFA Transformer DSHW
Encoder–
Decoder

LSTM

House 1 4.92% 8.86% 13.76% 13.59% 14.74%
House 2 4.56% 8.43% 18.94% 11.27% 15.47%
House 3 4.77% 9.02% 16.72% 13.34% 16.43%
House 4 5.23% 8.56% 15.36% 14.67% 16.86%
House 5 5.13% 8.31% 16.88% 15.67% 15.92%
House 6 4.88% 8.73% 18.23% 12.39% 15.13%
House 7 4.89% 8.64% 19.89% 13.17% 14.62%
House 8 4.78% 8.52% 21.88% 13.40% 14.33%
House 9 4.47% 9.16% 17.94% 15.17% 15.31%

House 10 4.67% 8.68% 15.46% 15.55% 15.26%

Average 4.83% 8.69% 17.51% 13.82% 15.41%

From Table 2, we can see that the proposed DFA consistently outperforms the baseline
models for ten houses. On average, it shows 38.28%, 69.83%, 58.81% and 63.65% relative
improvements over Transformer, DSHW, Encoder–Decoder and LSTM, respectively, based
on skill scores. The performances of LSTM and Encoder–Decoder are similar to each
other and worse than Transformer since the number of parameters is less compared to
Transformer. Performances of DSHW fluctuate widely and are inferior to the other models
based on deep learning. We believe this is due to the differences in the cyclical characteristics
in different spans which are influenced by many uncertain factors in residential loads. In
summary, DFA has the best performance. We conclude that one of the reasons for the
remarkable superiorities is DFA uses all datasets from ten houses to learn a model in the
federated architecture. Additionally, we calculate the curve of MAPE values by varying the
number of houses as shown in Figure 6. It can be seen that MAPE values of DFA gradually
decrease with the number of houses increasing whereas other models do not vary much.
This means that the model will be more robust when more devices are connected to the
systems in the reality. More discussions about the superiorities in forecasting performance
can be found in Section 4.6.

Figure 5. MAPE values of DFA and four baseline models for 10 houses.
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Figure 6. MAPE values of four baseline models and DFA with different numbers of houses connected
to the federated system for 10 houses.

To evaluate the persistence of DFA, we conduct day-ahead and week-ahead forecasting
tasks of DFA and four baseline models on one house, the results are shown in Table 3. It can
be observed that although the forecasting performance of DFA decreases as the period goes
from one day to one week, DFA outperforms all baseline models no matter how long is the
forecasting period. We attribute this decline to the fact that DFA uses a sliding window for
training and forecasting: the value forecasted by DFA will be added to the end of the sliding
window for the next forecasting. Forecasting errors are cumulative as the period grows.

Table 3. Forcasting MAPE values of DFA and baseline models for day-ahead and week-ahead.

Model Day 3 Day 11 Day 15–Day 21

DFA 6.43% 6.17 % 8.83 %
DSHW 16.85% 17.23% 17.61%

Transformer 8.77% 9.22 % 10.24%
Encoder–Decoder 13.64% 14.56 % 16.79%

LSTM 18.23% 17.64 % 21.54%

4.5. Performance of Federated and Centralized Architecture

Table 4 shows the forecasting performance and computation time comparison of the
federated and centralized architecture. CNN-LSTM, as shown in Figure 3, is chosen as the
test model. The different number of records in Table 3 means how many records for each
node are used to train the model. For federated learning, the training time can only be
estimated, the training time can be estimated as shown in Formula (17):

Ttraining = T̄round · Nround (17)

where Ttraining denotes the training time, T̄round indicates average computation time for all
devices involved in each round.

From Table 3, it can be seen that the forecasting performance of the federated architec-
ture is superior to the centralized while making predictions for STLF in the conditions of
the different numbers of local records with Nnodes = 10. When Nnodes and records increase,
the federated architecture can make use of more data to train the model, the forecasting
performance will improve.

The federated architecture outperforms the centralized architecture on computation
time comprehensively, with great advantage. As the federated architecture leverages
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devices involved in each round for training at the same time. It can be seen that the compu-
tation time fluctuates only slightly when Nnodes increases. This is because in each round,
each device only processes the local data simultaneously and does not care about data from
other devices in the system. Meanwhile, it also can be observed that the computation time
rises at a lower rate than the centralized method as the number of records increases because
for the centralized architecture, the incremental data of each device should be collected for
training, the increment of data is decided by Nnodes.

Table 4. MAPE values and computation time of the federated and centralized architecture.

Approach Forecasting Performance Computation Time (s)
Number of Local Records 5000 8000 15,000 5000 8000 15,000

Federated (Nnodes = 1) 13.82% 13.42% 13.38% 5.26 5.58 5.73
Federated (Nnodes = 4) 12.83% 12.33% 11.89% 5.38 5.73 5.84
Federated (Nnodes = 7) 11.57% 11.35% 10.87% 5.23 5.46 5.91

Federated (Nnodes = 10) 10.24% 10.13% 9.83% 5.47 5.62 5.88
Centralized (Nnodes = 10) 12.13% 12.24% 12.07% 8.32 11.74 25.63

Figure 7 shows the correlation between accuracy and the number of rounds for these
two architectures. Federated learning shows a higher rate rise at the beginning of the
iterations while the centralized accuracy rises slowly because multiple devices compute
simultaneously in one round of iterations of federation learning. As can be seen from the
trend of the curves, the federated architecture uses fewer iterations to achieve a satisfac-
tory accuracy and achieve the state of convergence, which is also reflected in the shorter
computation time in Table 3.

Figure 7. Correlation between accuracy and number of rounds for the federated and centralized architecture.

Now, we analyze the communication overhead of these two architectures. For the fed-
erated architecture, the calculation of communication overhead is defined in Formula (18):

TransFed = 2Nround · Nnodes · Smodel (18)

meanwhile, the communication overhead of the centralized architecture is defined as
shown in Formula (19):

TransCen = Nnodes · Sdata (19)

From the aforementioned formulas, the communication complexity of the federated
architecture is O(Nround · Nnodes · Smodel) and the centralized architecture is O(Nnodes · Sdata).
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Since Nnodes is presented in both equations, it can be reduced. Therefore, the complexity
is O(Nround · Smodel) and O(Sdata) respectively. When the Sdata is much larger than Nnodes ·
Sdata, the federated architecture has less communication burden than the centralized, which
is common in practical applications. We can easily infer that the computation time will
increase in the reality since the incremental communication overhead. In a summary,
DFA is scalable with increasing data and has lower computation time and communication
bandwidth requirements.

4.6. Ablation and Extensibility Experiments

To validate the superiority of DFA, we conduct the ablation and extensibility exper-
iments based on datasets of five houses, other experiment settings are consistent with
Section 4.4.

We use Fed to denote the DFA without MK-MMD optimization which is a CNN-LSTM
network trained by the federated architecture. NoFed denotes the CNN-LSTM model
trained by the centralized architecture with data only from the target house. We can see
from Figure 8 that Fed achieves a better performance than NoFed on each target house.
This indicates that each target house benefits from the federated architecture which makes
it possible to leverage datasets from other houses, ensuring privacy simultaneously. It
also can be seen that DFA has remarkable improvements in performance compared with
Fed. We conclude that the transfer learning method can successfully conduct knowledge
transfer from the federated model to the target houses to improve forecasting performance.

Figure 8. Ablation experiments of the federated architecture and MK-MMD optimization on 5 houses.

Furthermore, we extend DFA to different versions in which the part of MK-MMD
is modified by the alternative transfer learning methods. Maximum mean discrepancy
(MMD) is the single kernel version of MK-MMD. CORAL [34] is one of transfer learning
methods that use the covariance matrices of the source and target features to compute the
domain loss. It can be seen from Figure 9 that DFA can achieve satisfying performances
on forecasting with different transfer learning methods. The results indicate that DFA is
extensible with other transfer learning algorithms according to the real applications.

Figure 9. Extensibility experiments with alternative transfer learning methods on 5 houses.
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5. Conclusions

In this paper, we propose a federated transfer learning approach for residential STLF.
This approach addresses data availability and privacy by using a federated architecture.
We implement a transfer learning method, multiple kernel variant of maximum mean
discrepancies, to adapt to the non-IID data among different houses. The experimental
results show that DFA shows a huge improvement in forecasting performance over other
models. We also evaluate the federated architecture DFA used; it shows that the architecture
is superior to the centralized architecture in computation time and has a small burden on
communication. In the future, it would be promised for subsequent studies to adopt the
state-of-the-art federated and transfer learning algorithms to achieve better forecasting
performance with the framework of DFA.
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Abstract: Under the background of the “carbon peaking and carbon neutrality” strategy, energy
saving and environmental protection (ESEP) management has become one of the most important
projects of enterprises. In order to evaluate the ESEP management level of listed companies in the
energy industry comprehensively, this study puts forward the evaluation framework of “governance
framework-implementation process-governance effectiveness” for ESEP management level. Based on
the comprehensive collection and collating of related information reports (e.g., sustainable develop-
ment reports) of listed energy companies from 2009 to 2018, the ESEP information was extracted, and
the portfolio weight cloud model was used to evaluate the ESEP management status of listed energy
companies in China. It is of great theoretical innovation and practical significance to promote the
evolution of the economy from “green development” to “dark green development”. The results show
that: (1) the number of SHEE information released by listed companies in the energy industry shows
a steady increasing trend, but the release rate is low, and there are differentiation characteristics in
different industries. (2) The ESEP management level of most listed companies in the energy industry
is still at the low level, and only 17.19% (S = 65) of the sample companies are at the level of “IV
level-acceptable” and “V level-claimable”. (3) In terms of governance framework-implementation
process-governance effectiveness, B1-governance framework (Ex = 3.4451) and B2-implementation
process (Ex = 2.9480) are relatively high, but B3-governance effectiveness (Ex = 2.0852) and B4-public
welfare (Ex = 2.0556) are relatively low. The expectation of most ESEP evaluation indexes fluctuates
between “III level-transition level” and “II Level-improvement level”. Finally, some suggestions are
put forward to improve ESEP management levels.

Keywords: listed companies in the energy industry; ESEP management evaluation; analytic hierarchy
process; entropy weight; cloud model

1. Introduction

Resources, environment and population are the three major problems that human
society is facing, especially the environmental problem, which is posing a serious threat to
human survival and development [1–3]. Since economic reform and opening up, China
has made historic achievements in development, but also accumulated a large number
of ecological and environmental problems; environmental pollution is on the rise, and
the discharge of major pollutants is still serious, which has become a weakness in all-
round well-off society [4]. In the new historical situation and background, the Chinese
government is also positively changing its style of ruling, practicing green concept and
actively carrying out the practice of building energy conservation and emissions reduction.

Energies 2022, 15, 4311. https://doi.org/10.3390/en15124311 https://www.mdpi.com/journal/energies
325



Energies 2022, 15, 4311

The Chinese government has introduced the “12th five-year plan for energy conservation
and emissions reduction “, “13th Five-Year plan for energy conservation and emission
reduction comprehensive work plan” and “the evaluation index system of ecological civi-
lization construction” among other laws and regulations and clearly points to “vigorously
developing the circulation economy”, “the implementation of energy conservation and
emissions reduction project”, “strengthen the main pollutant emission reduction”, etc., and
putting forward “strive to achieve carbon dioxide emissions peak before 2030, per unit
of GDP carbon dioxide emissions lower than in 2005 by more than 65%, strive to become
carbon neutral before 2060” and other “carbon peaking and carbon neutrality” targets and
specific indicators. In the face of energy conservation and environmental protection related
indicators and enterprise sustainable development strategy demand, many enterprises, es-
pecially the energy industry (the main waste water, waste gas, solid waste emissions units)
have implemented a series of energy conservation and emissions reduction environmental
protection measures (hereinafter referred to as energy saving and environmental protection,
ESEP) management measures [5,6]. However, developing these projects has became the
burden of the enterprise to a certain extent, which leads to less attention being paid, limited
implementation, limited investment and other phenomena. In this context, it has become
an important topic to fully understand the implementation of ESEP management in energy
industry enterprises, to mobilize enterprises to carry out ESEP management actively, and
improve the weak links of enterprises’ ESEP management.

Some institutions, organizations and scholars have actively explored the issues of
energy saving and environmental protection from different perspectives. Current research
mainly focuses on the influencing factors on energy saving and emission reduction [7,8],
policies [9,10], efficiency [11,12], and environmental performance evaluation [13,14]. In
terms of energy saving and emission reduction efficiency evaluation and environmental
performance evaluation, scholars have mainly constructed an evaluation index system
from the perspective of product life cycle, sustainable development, input-output and
pressure-response framework. For example, Wu and Chen (2014), on the basis of analyzing
the content of the whole-process environmental management, established an index system
for the performance evaluation of the whole-process of the environmental management of
the enterprise, which involves various activities and links between the whole process of
the enterprise, including green procurement, ecological design, cleaner production, green
transportation, green sales, green use and the construction of green corporate culture [15].
Xue et al. (2022) established a comprehensive evaluation framework based on life cycle
assessment and the protection supply curve to evaluate the benefits of energy saving and
emission reduction [16]. Wei et al. (2018) constructed an urban environmental performance
evaluation indicator system from the four aspects of environmental health, ecological
protection, environmental governance and sustainable utilization of resources and energy
based on the “driving-pressure-state-impact-response (DPSIR)” model [17]. Li et al. (2019)
focus on green behaviors of enterprises and constructed an evaluation index system of
green governance from four aspects: green governance framework, green governance
mechanism, green governance efficiency and green governance responsibility [18]. The
strategies of energy enterprises are very important to their existence and development [19].
Although these studies have carried out a comprehensive evaluation on all aspects of
ESEP, they focus more on evaluation research from the perspective of performance, and the
measurement of management performance related to ESEP still heavily relies on lagging
indicators such as energy consumption, pollutant emission and resource recycling. There is
still a lack of systematic and comprehensive evaluation of the ESEP management status of
energy industry enterprises from the perspective of management.

In terms of the measurement and evaluation methods of regional energy conservation
and environmental protection, most studies adopt qualitative or semi-qualitative methods
such as the expert scoring method, questionnaire survey method, analytic hierarchy process
and life cycle assessment, etc. [19,20]. The Cloud model is a new evaluation method
especially studying compound uncertainty proposed by Li et al. [21]. Compared with
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traditional assessment methods, cloud model evaluation methods can better describe
the randomness and fuzziness of evaluation objects or variables (e.g., judge whether a
variable is closer to 2 or to 3 when its primary experimental value is 2.5), and realize the
mapping and conversion between qualitative and quantitative uncertainty, which has been
widely applied to sustainability assessment, risk assessment and many other fields [22,23].
Based on this, this study constructs the integration of an assessment framework including
“governance framework, implementation process, governance effectiveness”, and uses the
combination weighting method of the cloud model to evaluate the ESEP management
ability of listed companies in the energy industry, in order to clarify the present situation of
ESEP disclosure, the ESEP management situation and ESEP weak links, investigating ESEP
benchmark enterprises and key indicators in various industries, and then putting forward
countermeasures and suggestions for improving and strengthening ESEP relevant work.

The innovations of this study are as follows: (1) Focusing on listed companies in
the energy industry, the ESEP management evaluation system based on the evaluation
framework of “governance framework, implementation process, governance effectiveness”
is constructed, which enriches the research on ESEP management evaluation; (2) Combine
with the information disclosure measurement method, establish the qualitative index rating
basis, and collect the evaluation index data information based on the ESEP information
disclosed by listed companies, further enriching the relevant research on ESEP manage-
ment evaluation; (3) The cloud model theory is applied to ESEP management evaluation,
and a management evaluation model based on combination weight-cloud evaluation is
constructed, which can provide guidance for ESEP management evaluation research.

2. Methods

2.1. Construction of Evaluation Index System

Although some studies have carried out a comprehensive evaluation of enterprise’s
ESEP management, these studies focus more on evaluation research from the perspective
of performance, and the measurement of management performance related to ESEP still
heavily relies on lagging indicators such as energy consumption, pollutant emission and
resource recycling. There is still a lack of systematic and comprehensive evaluation of
ESEP management status of energy industry enterprises from the perspective of manage-
ment. By reading a large number of relevant laws and regulations and relevant literature,
combined with the actual situation of the energy industry and following the principles of
scientific, systematic, comparable and operable index design, this study constructs an ESEP
management evaluation index system for listed companies in the energy industry. The
system is divided into three layers: (1) The target layer is ESEP comprehensive evaluation
of listed companies in the energy industry; (2) The criterion layer is divided into four
categories: governance framework, implementation process, governance effectiveness, and
others; (3) The index layer is composed of 20 first-level indicators reflecting “governance
framework, implementation process, governance effectiveness, public welfare, etc.”, and
calculation and evaluation instructions are provided under each indicator (see Table 1).
These indicators can reflect the performance of enterprises in energy saving and envi-
ronmental management in a comprehensive and systematic way, and the indicators are
described below.
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(1) Governance framework: A reasonable governance framework can determine the
vision, culture, strategy and system of a company’s ESEP from the top design level, which
is the basis and key to improving a company’s ESEP level and sustainable development.
Tian et al. (2015) believe that forward-looking environmental strategy can effectively pro-
mote enterprise green innovation, enhance enterprise green image and improve enterprise
environmental performance [24]. Liao et al. (2015) propose that establishing a social respon-
sibility committee, an environmental protection committee and other organizations to coor-
dinate stakeholder relations can improve corporate social responsibility performance [25].
Baboukardos (2018) emphasizes the importance of environmental clauses and points out
that companies with recognized environmental clauses would help investors clarify the
future economic benefits and costs related to the company’s environmental performance
by sending signals of strong future financial performance or improving the reliability of
environmental performance information [26]. Therefore, this study believes that the ESEP
management system should cover the dimension of governance framework, and sets up
indicators such as C1-SEP institutional system, C2-ESEP management system, C3-ESEP man-
agement culture, and C4-ESEP clauses and policies to evaluate the governance framework.

(2) Implementation process: Greening production and operation activities of enter-
prises is an important link to improving ESEP management level and sustainable devel-
opment ability. For example, Wu and Chen (2014) believe that effective prevention and
control measures should be adopted to carry out environmental management across the
whole process of procurement, design, production, transportation, sales and use [15]. Du
(2013) believes that source management (clean production) and process control (improv-
ing resource efficiency) are the key points in the construction of a “environment-friendly
and resource-conserving society” [27]. Therefore, this study suggests this dimension of
the ESEP management system should cover the implementation process, and has set up
C5-clean production management, C6-pollution reduction management, C7-recycling man-
agement, C8-energy efficiency improvement management, C9-tackling climate change
management, C10-environmental protection management, C11-green office management
and other indicators to evaluate the implementation situation.

(3) Governance efficiency: the ESEP governance efficiency index mainly reflects the
situation of enterprises in energy conservation, “three wastes” emission reduction, resource
recycling and waste reuse, which can intuitively measure the performance of enterprises
from environmental aspects. Some scholars also introduced these indicators in their studies
to measure the environmental performance of enterprises. For example, Qin et al. (2004)
synthesize the emission indexes of important pollution factors such as SO2, NOX and COD
into a comprehensive index to express the environmental performance of enterprises [28].
Hao et al. (2014) use CO2 emissions as a proxy variable to study the environmental impact
of industrial enterprises [29]. Wang et al. (2018) select R&D investment per unit energy con-
sumption to measure the level of green innovation of enterprises [30]. Therefore, this study
believes that it is necessary to incorporate the dimension of governance effectiveness into
the ESEP evaluation system. Specifically, it includes C12-environmental pollution events,
C13-discharge of three wastes, C14-energy consumption situation, C15-resource recycling,
C16-other greenhouse emissions, C17-ecological environment construction, C18-ESEP in-
fluence, and C19-ESEP special investment index.

(4) Others: The setting of other dimensions is mainly to measure the participation
of enterprises in environmental public welfare activities. Wang et al. (2015) point out
that enterprises’ active participation in environmental protection and public welfare can
convey signals of enterprises’ green governance status to investors on the one hand, and
objectively reflect the implementation status of enterprises’ environmental management on
the other hand. Therefore, in this study, some factors of ESG related evaluation are used for
reference, and ESEP public welfare and other dimensions are incorporated into the ESEP
evaluation system, so as to comprehensively measure the performance of enterprises in
external environmental public welfare and other aspects.
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2.2. Combination Weight-Cloud Evaluation Comprehensive Evaluation Model
2.2.1. Combination Weight Model

The analytic hierarchy process (AHP) is a method of subjective empowerment, and its
basic idea is to use the systematic idea of decomposition followed by synthesis to organize
and synthesize people’s subjective judgments, realize the organic combination of qualitative
and quantitative analysis, and complete quantitative decision-making [31,32]. The general
steps of the research using this method are: (1) establishing the hierarchical structure
model; (2) constructing the judgment matrix; (3) calculating the index weights; (4) testing
the consistency of the judgment matrix. In the specific operation, due to the problems of
large calculation workload and tedious testing process, this study uses Yahhp software
for subjective weight measurement. The entropy weight (EW) method is a method of
objective assignment of weights, the core of which is to use the amount of data information
of each indicator to determine the weight; when the evaluation data value of an evaluation
indicator differs greatly, its entropy value is smaller, indicating that the evaluator has a
greater difference in the sensitivity degree of the indicator, that is, the indicator can provide
more reference information for the evaluation of the merits, and has greater significance
within the evaluation system [33,34]. The general steps when using this method for research
are: (1) standardization of data; (2) calculation of the entropy value of each indicator; (3)
calculation of the weight vector of each indicator. This study used AHP-EW for combined
weighting to obtain more accurate and objective weights. The specific formula can be found
in the related literature [35].

2.2.2. Cloud Evaluation Model

The cloud model is a kind of evaluation method based on probability statistics and
fuzzy set theory, and its evaluation results can be expressed by cloud digital features
(Ex, En, He), which is schematically shown in Figure 1. When cloud model evaluation
method is used, it can be realized by the cloud generator (CG), and four types of each
cloud generator algorithm are shown in Figure 2. Specific algorithms can be found in the
related literature.

2.2.3. Comprehensive Evaluation Model

This study uses a combination of combined weights and cloud model to evaluate the
energy saving and environmental protection management status of the company, and the
specific steps are as follows. When using this method for evaluation, the general steps
are: (1) establish the weight factor set W = {ω1, ω2, . . . , ωn} of indicators; (2) determine
the indicator set and the evaluation language domain V = {V1, V2, . . . , Vm}, in this study,
the evaluation language is divided into five levels: vigilance-level, improvement-level,
transition-level, acceptable-level, and declarable-level; (3) determine the cloud parameter
matrix (Ex, En, He) for each level of each indicator; (4) calculate the affiliation degree
of each sample and each indicator; and (5) determine the evaluation level. The specific
formula for each step is referred to in the related literature [36].

 

Figure 1. Normal cloud and digital features (Ex = 0, En = 1, He = 0.1).
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Figure 2. Schematic diagram of cloud generator. (a) Forward CG. (b) Backward CG. (c) X-conditional
CG. (d) Y-conditional CG.

2.3. Data Collection and Samples

According to the Guidelines on Industry Classification of Listed Companies issued
by CSRC, listed companies in the energy industry from 2006–2017 were selected for this
study (industry codes 06, 07, 25, 44, 45, 46). The sample was also carefully screened (e.g.,
shaving off ST and *ST companies; shaving off companies listed after 2006, etc.), and after
sample screening, 59 companies with 378 sample observations finally remained. It is worth
noting that there are still 78 companies that did not release any ESEP-related reports during
2006–2018 and did not participate in this evaluation study.

The original data of this study can be divided into quantitative index data and qualita-
tive index data. Quantitative indicators such as COD per ten thousand yuan output value,
SO2, NOX, solid waste emissions, comprehensive energy consumption of ten thousand
yuan output value (ton of standard coal/ten thousand yuan), etc. can be obtained or calcu-
lated through the social responsibility report, CSMAR database, enterprise official website
and other channels. Quantitative indicators are difficult to be quantified by themselves, and
they need to be quantified in combination with expert scoring and information disclosure
measurement methods. Referring to relevant literature [37,38], this study uses 1–5 score
points for quantification (see quantification standard of indicators in Table 2).

Table 2. Institutional indicators—Quantitative scoring standard.

Score Specific Standard

5
The relevant institutions of ESEP are well established, such as systematic ESEP

management system, specialized ESEP management department, ESEP
management committee, and detailed text charts, data and information explanation

4 The relevant institutions of ESEP are relatively complete, such as ESEP management
system, ESEP management department and ESEP management Committee.

3 The relevant institutions of ESEP are generally complete, with ESEP management
system and departments, but no management committee.

2 The relevant institutions system of ESEP are not perfect, with only ESEP
management system, no management department and management committee.

1 The relevant institutions system of ESEP is extremely imperfect, and there is no
explanation on the construction of the institutional system of ESEP.
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3. Results and Discussion

3.1. Analysis of Current Situation of Energy Saving and Environmental Protection Information
3.1.1. Quantitative Distribution of ESEP Information

Sorting out the quantity, quality and content of ESEP information released by listed
companies in the energy industry is helpful for us to grasp its development status and
trends as a whole. In order to investigate the quantity of ESEP information release, this
study provides statistics on the ESEP information release of sample companies from 2006
to 2017, and the year-by-year change trend is shown in Figure 3.

 
Figure 3. Quantity distribution of energy saving and environmental protection information disclosure.

As can be seen from Figure 4, the amount of ESEP information released in the energy
industry showed a steady increasing trend during 2006–2017, but the release rate was
still low. From 2006 to 2017, only 42.44% (N = 59) of enterprises in the energy industry
released ESEP-related information reports (378 social responsibility reports/sustainability
reports/employee responsibility reports), and 56.12% (N = 78) of enterprises did not release
any ESEP-related information reports during this period. This shows that regular release of
ESEP information has gradually become the consensus of listed companies in the energy
industry, but there is still a big gap between the development of the national strategy of
“beautiful China” and “healthy China”. After further concluding ESEP related information
of the company, it can be found that the central state-owned enterprises ESEP information
release quantity (45.41%) was significantly better than that of local state-owned enterprises
and private enterprises, reflecting that the central state-owned enterprise society responsibility
consciousness is stronger and ESEP management level is higher, but the local state-owned
enterprises and private enterprises release quantity remains to be further improved.

3.1.2. Industry Distribution of ESEP Information

This study further provides statistics on the industry of the company releasing ESEP
information. It can be seen from Table 3 that different industrys’ nature leads to great
difference in the release rate of ESEP information. The oil and gas extraction industry has
the highest release rate (80.00% in the last three years), while the gas production and supply
industry has the lowest release rate (25.57%).
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Figure 4. Distribution of energy saving and environmental protection information disclosure.

Table 3. Occupational safety and health related information industry distribution (in last three years).

The Name of the Industry
Release Quantity Release Proportion

2015 2016 2017 2015 2016 2017

Coal mining and washing industry 13 14 13 48.15% 51.85% 48.15%

Oil and gas extraction 4 4 4 80.00% 80.00% 80.00%

Power and heat production and supply 23 22 23 32.86% 32.86% 32.86%

Gas production and supply 4 5 7 16.67% 20.83% 39.17%

Water production and supply industries 5 5 6 33.33% 33.33% 40.00%

3.1.3. Content Distribution of ESEP Information

In order to investigate the distribution of ESEP information content of sample com-
panies, this study sorts out the distribution of ESEP information content based on the
ESEP management evaluation system designed above (see Figure 4). As can be seen from
Figure 3, on the whole, ESEP information content in the energy industry is relatively com-
prehensive, and the disclosure level of indicators that are represented by C1-management
system, C2-management culture, C3-management system, and C4-clauses and policies
reaches more than 90%. However, from the perspective of the disclosure quantity of each
index, there are still problems such as the lack of standardization, systematization and com-
parability of ESEP information content. For example, the disclosure level of quantitative
information of C18-ESEP influence, C17-ecological environment construction, C15-resource
recycling and other indicators is low, and the disclosure is not scientific enough.

3.2. Evaluation Analysis of Cloud Model of Each Company

According to the ESEP evaluation framework constructed above, this study adopts the
comprehensive evaluation cloud model to conduct equivalent evaluation of each sample
company. The brief evaluation steps are as follows:

(1) AHP-EW method is selected to determine the factor subset of each index weight.
(1) Firstly, on the basis of fully combing and referring to the ideas and methods of AHP,
the subjective weight is obtained according to the operation steps of AHP; (2) Secondly,
on the basis of obtaining relevant index data, the objective weight is obtained according
to the operation steps of the entropy weight method (Formulas (1)–(4)). After getting the
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subjective weight by AHP and the objective weight by entropy weight method, calculating
according to Formula (5), the comprehensive weight of SHEE management evaluation of
mineral resource-based listed companies can be obtained.

(2) According to the data value range of each index, determine the evaluation grade
theory domain. By referring to relevant literature, this paper divides each indicator into five
grades, which are used to evaluate the level of a company in a certain index: I-alert level,
II-improvement level, III-transition level, IV-acceptable level, V-claimable level. Specific
index levels are divided as follows: Taking index X1 (degree of perfection of mechanism
system) as an example, the level I interval is [1, 1.5], the level II interval is [1.5, 2.5], the
level III interval is [2.5, 3.5], the level IV interval is [3.5, 4.5], and the level V interval is
[4.5, 5]. In the same way, all index grades can be obtained according to the Formula (10).

(3) According to Formula (6), the evaluation level corresponding to each indicator
is represented by the corresponding cloud parameters (Ex, En, He). Taking indicator X1
(degree of perfection of mechanism system) as an example, the parameters of level I interval
cloud model are (Ex, En, He) = (1, 0.17, 0.05). The parameters of the II level interval
cloud model are (Ex, En, He) = (2, 0.17, 0.05). The parameters of level III interval cloud
model are (Ex, En, He) = (3, 0.17, 0.05). The parameters of IV level interval cloud model
were (Ex, En, He) = (4, 0.17, 0.05). The parameters of the V level interval cloud model
were (Ex, En, He) = (5, 0.17, 0.05) ; Similarly, according to Formula (10), cloud parameter
matrices of all indicators at all levels can be obtained.

(4) Taking the screened indicator data and acquired cloud digital characteristic values
as parameters, and the X-conditional cloud generator in the model is used to input the
algorithm program into Matlab2014 software for calculation, so as to obtain the membership
degree of an experiment. In order to improve the accuracy and credibility of the data, the
number of experiments was set as K = 2000, and the final membership degree could be
obtained according to Formula (7). Due to space limitations, the membership calculation
results of SINOPEC in 2017 are taken as an example (see Table 4).

Table 4. Membership degree of each index of SINOPEC ESEP management in 2017.

Comments I Level II Level III Level IV Level V Level Conclusion

C1~ESEP institutional system 0.0000 0.0001 0.2984 0.3233 0.3781 III level

C2~ESEP management system 0.0000 0.0000 0.0021 0.0012 0.9967 V level

C3~ESEP management culture 0.0000 0.0000 0.0002 0.0002 0.9997 V level

C4~ESEP clauses and policies 0.0000 0.0000 0.0501 0.0373 0.9126 V level

C5~clean production management 0.0000 0.0011 0.5001 0.4988 0.0000 III level

C6~pollution reduction management 0.0000 0.0003 0.2686 0.3138 0.4173 V level

C7~recycling management 0.0000 0.0011 0.4983 0.5006 0.0000 IV level

C8~energy efficiency improvement management 0.0000 0.0001 0.3175 0.3439 0.3384 III level

C9~tackling climate change management 0.0000 0.0000 0.2646 0.2760 0.4594 V level

C10~environmental protection management 0.0000 0.0002 0.2770 0.2875 0.4353 V level

C11~green office management 0.0000 0.0002 0.3903 0.2849 0.3247 V level

C12~environmental pollution events 0.0000 0.0000 0.0000 0.0000 1.0000 V level

C13~discharge of three wastes 0.0000 0.0011 0.4991 0.4998 0.0000 IV level

C14~energy consumption situation, 0.0000 0.0000 0.0409 0.0371 0.9219 V level

C15~resource recycling 0.0025 0.9940 0.0015 0.0020 0.0000 V level

C16~other greenhouse emissions 0.0000 0.0000 0.0000 0.0000 1.0000 V level

C17~ecological environment construction 0.9977 0.0023 0.0000 0.0000 0.0000 I level

C18~ESEP influence 0.1714 0.8268 0.0008 0.0010 0.0000 II level

C19~ESEP special investment index. 0.0000 0.0000 0.0000 0.0000 1.0000 V level

C20~ESEP public welfare activities 0.0000 0.0000 0.0000 0.0000 1.0000 V level
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Comprehensive evaluation results vector are obtained by computing Formula (8):
{0.0000, 0.0000, 0.4582, 0.4657, 0.0761}, based on the principles of maximum membership
degree, corresponding to the maximum membership degree of evaluation grade as a result
of comprehensive evaluation, that is, the comprehensive evaluation results for IV SINOPEC
in 2017 indicate that its ESEP management level is at an acceptable level.

Similarly, the evaluation cloud level of all sample companies can be obtained, and the
company level can be visualized after quantitative processing, as shown in Figure 5.

 
Figure 5. Comprehensive membership evaluation results of each company.

Figure 6 shows that the ESEP management level of most listed companies in the energy
industry is between level II and III, indicating that the ESEP management level of most
companies is between “transition level” and “improvement level”. Further statistics on
the number of samples at all levels showed that 1.32% (S = 5) of the samples belonged
to class V, indicating that their ESEP management level reached the “claimable level”;
15.87% (S = 60) of the samples belonged to level IV, indicating that the ESEP management
level reached the “acceptable level”; 56.611% (S = 214) of the samples belonged to level III,
indicating that their ESEP management level reached the “transition level” level; 24.07%
(S = 91) of the samples belonged to level II, indicating that their ESEP management level
was at the “improvement level”; 2.11% (S = 8) of the samples belong to level I, indicating
that their ESEP management level is at the “alert level”. Further research shows that
different industries have different ESEP management levels. The ESEP management levels
from high to low are the coal mining and washing industry, oil and natural gas extraction
industry, gas production and supply industry, water production and supply industry,
power and heat production and supply industry. Among them, the coal mining and
washing industry, oil and gas industry, electricity, heat production and supply industry,
gas production and supply industry, water production and supply industry of 2018 ESEP
management benchmarking enterprise respectively for China Shenhua (V), SINOPEC (IV),
China Yangtze Power (IV), Shenzhen Gas (IV), Grandblue Environment (IV), etc. Some
studies have found that the internationalization of the board of directors would enhance
the tendency of listed companies’ green business behavior [39], and the incentives of
championships would also have a positive impact on the CEOs of listed companies to
take environmental responsibility [40]. In the future, it can try to improve the level of
energy saving and environmental protection practices of listed companies by guiding the
internationalization of their boards of directors and actively carrying out ESEP activities in
bidding competitions.
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Figure 6. Evaluation cloud map of target layer and criterion layer. (a) Evaluation grade cloud scale;
(b) ESEP comprehensive evaluation cloud chart.

3.3. Evaluation and Analysis of Each Indicator Cloud Model

Based on the screening index data, this study uses cloud generator in the cloud model,
inputs the algorithm program operations into Matlab2014 software, sets all samples of
each target cloud characteristic parameters (see Table 4), and sets cloud characteristic
parameters of the criterion layer and target layer in turn by fuzzy arithmetic according to
the Formula (8) (see Table 5).

Table 5. Characteristic values of cloud model.

Criterion Layer B Index Layer C

Index Layer Cloud Model
Parameter

Criterion Layer
Cloud Model

Parameter

Ex En He (Ex,En,He)

B1-governance
framework

C1~ESEP institutional system 3.2078 0.0024 0.1440

3.4451, 0.0018, 0.1543
C2~ESEP management system 3.6852 0.0009 0.1643

C3~ESEP management culture 3.5466 0.0018 0.1594

C4~ESEP clauses and policies 3.3735 0.0019 0.1509

B2-implementation
process

C5~clean production management 2.5137 0.0004 0.1022

2.9480, 0.0030, 0.1330

C6~pollution reduction management 3.0846 0.0069 0.1504

C7~recycling management 2.9709 0.0032 0.1346

C8~energy efficiency improvement management 3.1635 0.0005 0.1363

C9~tackling climate change management 3.1196 0.0017 0.1376

B3-governance
effectiveness

C10~environmental protection management 2.9772 0.0001 0.1247

2.0852, 0.0019, 0.0776

C11~green office management 2.9815 0.0066 0.1448

C12~environmental pollution events 2.5344 0.0082 0.0620

C13~discharge of three wastes 2.3127 0.0010 0.0854

C14~energy consumption situation, 1.9618 0.0032 0.0870

C15~resource recycling 1.6587 0.0022 0.0682

C16~other greenhouse emissions 1.9140 0.0030 0.0841

C17~ecological environment construction 1.4868 0.0016 0.0567

C18~ESEP influence 1.0831 0.0003 0.0214

C19~ESEP special investment index. 2.4651 0.0049 0.1161

B4-others C20~ESEP public welfare activities 2.0556 0.0035 0.0926 2.0556, 0.0035, 0.0926
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After calculating, the cloud characteristic parameters of ESEP management are (2.7598,
0.0019, 0.1199). Based on the cloud characteristic parameters obtained above, combine with
the cloud evaluation scale (Formula (6)), and use the forward cloud generator in the model
to input the algorithm program into Matlab2014 software for calculation, so as to get the
evaluation cloud map of target layer and criterion layer (see Figure 6).

As can be seen from Figure 6, the expected value of the comprehensive cloud of
energy saving and environmental protection evaluation of listed companies in the energy
industry Ex = 2.7598 falls between the “improvement level” and the “transition level”,
and it is more inclined to the “transition level”. It can be seen that the energy conservation
and environmental protection management of the energy industry is at the level between
the “improvement level” and the “transition level”. In addition, the entropy En of the
evaluation result cloud is much smaller than that of the evaluation cloud, so it can be
concluded that the evaluation result has a small range and good stability, reflecting that
there is little difference between listed companies in energy conservation and environmental
protection management, which may be caused by the fact that most companies are weak in
energy conservation and environmental protection management. The result shows that
He is relatively large, reflecting that cloud thickness is larger than the evaluation cloud,
indicating that the energy conservation and environmental protection management of each
company needs to be improved.

Similarly, cloud model graphs of B1-ESEP governance framework, B2-ESEP manage-
ment implementation process, B3-ESEP governance efficiency, B4-ESEP public welfare and
other criteria can be obtained, as shown in Figure 7.

 

Figure 7. Evaluation cloud chart. (a) ESEP governance framework; (b) ESEP implementation process;
(c) ESEP governance effectiveness; (d) ESEP charity and others.

This study further visualized Ex and its standard deviation in cloud model parameters
for each indicator. It can be seen from Figure 8 that the cloud expectation value of most
indicators fluctuated up and down the dividing line of level II~III, among which C2- man-
agement culture had the highest expectation value. This is followed by C3-management
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system, C4-clauses and policies, C1-institutional system, C8-energy efficiency management,
and C9-tackling climate change management, indicating that most listed companies per-
form better in these aspects. It is worth noting that the C18-ESEP influence, C17-ecological
environment construction, C16-greenhouse gas emissions, C14-energy consumption, and
C13-waste emissions are weak. This indicates that the C18-ESEP influence, C17-ecological
environment construction, C16-greenhouse gas emissions, C14-energy consumption, and
C13-waste emissions are the key to further improving energy conservation and environ-
mental protection management.

Figure 8. Expected value of each index cloud model.

This study further analyzes the original data of companies of all levels to clarify the
focus of improvement of companies at all levels. The specific results are shown in Table 6.

3.4. Limitations

In the construction of the ESEP index system and quantitative research, this study
strives to be scientific and rigorous, but there are still some deficiencies due to the limitations
of many factors, and the specific limitations are as follows.

(1) The evaluation framework system and its indicators need to be further supple-
mented and modified. Due to the restriction of data availability, the index system itself
cannot fully guarantee that it covers all the evaluation indicators reflecting ESEP man-
agement level, especially the evaluation of ESEP management performance. With the
deepening of people’s understanding of ESEP management, related evaluation indicators
would be further expanded.

(2) The method of data acquisition needs to be further expanded. The ESEP man-
agement evaluation information in this paper mainly comes from the social responsibility
report, sustainable development report, CSMAR database and company website issued by
listed companies, which may lead to incomplete ESEP management information.

(3) The rationality of the evaluation results needs to be further verified. As some
companies have adopted non-disclosure or selective disclosure in ESEP management, the
evaluation results of this study may not fully represent the ESEP management level of these
companies, and more comprehensive information can be collected by further combining
questionnaire survey and other methods in subsequent research.
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Table 6. Analysis of representative companies at each level.

Cloud Level Representative Enterprise Major Features etc.

V level China Shenhua (2017)

(1) Perfect ESEP management system; Systematic energy conservation and
environmental protection department; Environmental Protection Council; Attach
great importance to environmental protection; Abundant energy conservation and

environmental protection education activities; Implement ISO14001
environmental management; Systematic ESEP management system; Normative

ESEP provisions; (2) Green procurement of raw materials; Environmentally
friendly production; Clean production audit specification; Effective

implementation of waste water, waste gas and solid waste reduction management,
effective recycling of water resources, effective comprehensive utilization of solid

waste; Diversification of energy efficiency measures, perfect implementation,
diversification of climate change measures, effective management of greenhouse

gas emissions, diversification of measures to reduce ecological environment
damage, very effective restoration and governance of ecological environment,

diversification of measures related to green office; (3) A large number of
ESEP-related awards/honors/patents/papers with great influence; Ten thousand

yuan output value environmental protection/high energy saving investment;
(4) Participation in ESEP public welfare projects is general;

IV level China Yangtze Power (2017)

(1) The institutional system, management culture, management system, terms and
policies are relatively perfect; (2) Procurement of raw materials, product

production, clean production, emission reduction of waste, water resources and
solid waste recycling are all environmentally friendly, while energy efficiency

improvement, tackling climate change and ecological environment recovery need
to be further improved; (3) ESEP influence and ESEP investment are relatively
weak; (4) Participation in ESEP public welfare projects needs to be improved;

III level Datang International Power
Generation (2017)

(1) The institutional system, management culture, management system, terms and
policies are relatively perfect; (2) Procurement of raw materials, product

production, clean production, emission reduction of waste, water resources and
solid waste recycling are all environmentally friendly, while energy efficiency

improvement, tackling climate change and ecological environment recovery need to
be further improved; (3) ESEP influence and ESEP special investment are relatively

weak; (4) Participation in ESEP public welfare projects needs to be improved;

II level Guozhong Water (2017)

(1) Poor institutional system, management culture, management system and other
aspects, and generally perfect terms and policies; (2) The procurement of raw
materials, product production, clean production, emission reduction of three

wastes, recycling of water resources and solid wastes are poor, and the
implementation of energy efficiency improvement, tackling climate change and

ecological environment restoration measures is mediocre; (3) There is no
explanation of ESEP’s influence and ESSP’s input; (4) Poor participation in ESEP

public welfare projects.

I level Fuling Electric Power (2017)
C1-C20 are less disclosed, only indicating strict compliance with laws and

regulations, implementation of some energy conservation and emission reduction
measures, etc.

4. Conclusions and Suggestions

4.1. Conclusions

(1) The analysis results of the status quo of ESEP information indicate that the amount
of ESEP information released shows a steady increasing trend, but the release rate is
still low. Only 42.44% (N = 59) of energy enterprises released ESEP-related information
reports (S = 378) from 2006 to 2017. The different nature of the industry leads to a great
difference in the release rate of ESEP information, among which the release rate of the
gas production and supply industry is the lowest (25.57% on average in recent 3 years).
ESEP information content still has huge deficiencies in comparability, systematization and
standardization. ESEP information content covers a wide range of areas, but quantitative
information disclosure is less common.
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(2) The results of cloud level analysis of all companies indicate that the energy conser-
vation and environmental protection management level of most listed companies in the
energy industry belongs to “III level-transition level” and “II level-improvement level”,
and only 17.19% of the sample enterprises are in the “IV level-acceptable level” and “V
level-claim level”. Further research shows that different industries have differences in
ESEP management levels. The ESEP management levels from high to low are the coal
mining and washing industry, oil and natural gas extraction industry, gas production and
supply industry, water production and supply industry, power and heat production and
supply industry. Among them, the coal mining and washing industry, oil and gas industry,
electricity, heat production and supply industry, gas production and supply industry, water
production and supply industry ESEP management benchmarking enterprise respectively
for China Shenhua (V), SINOPEC (IV), China Yangtze Power (IV), Shenzhen Gas (IV),
Grandblue Environment (IV), etc.

(3) Analysis results of cloud level of each indicator indicate that the expectation of most
energy conservation and environmental protection management indexes fluctuates from
level II to Level IV. C2-ESEP management culture, C3-ESEP management system, C4-ESEP
clauses and policies, C1-ESEP institutional system, C8-energy efficiency management,
C9-tackling climate change and other aspects perform well (reaching the “transition level”
or above). In terms of C18-ESEP influence, C17-ecological environment construction,
C16-greenhouse gas emissions, C14-energy consumption situation, and C13-discharge of
three wastes, the performance is relatively weak (below the “transition level”). Further
research shows that C17-ecological environment construction, C16- ecological environment
construction, C15-greenhouse gas emissions, C14- energy consumption situation, and
C13-discharge of three wastes are the key to further improve ESEP management level
of level III to level IV enterprises. C2-ESEP management culture, C3-ESEP management
system, C4-ESEP clauses and policies, C1-ESEP institutional system, C8-energy efficiency
management and C9-tackling climate change are the key points in the construction of I~II
level enterprises.

4.2. Suggestions

Based on the research conclusions, this study proposes the following improvement
strategies for ESEP management.

(1) Strengthen the standards and supervision of ESEP information disclosure. At
present, there is no systematic and authoritative framework and standard for enterprise’s
ESEP management disclosure, which leads to poor comparability, consistency and com-
prehensiveness of ESEP information disclosed by listed companies. As can be seen from
the above results, there are some problems in ESEP management, such as low release
rate of ESEP information and less quantitative disclosure of released content. In view
of this, the government should establish and improve the relevant legal system to fur-
ther regulate ESEP information disclosure. For example, enterprises can further improve
ESEP management by setting minimum disclosure standards, standardizing disclosure for-
mats, introducing authentication evaluation, including information disclosure in enterprise
assessment, and imposing sanctions for false information.

(2) Actively carrying out ESEP management evaluation is an important measure to
improve China’s ESEP management level, but at present, no institution or scholar has
conducted a systematic and comprehensive evaluation of ESEP management. Therefore, it
is suggested that relevant departments establish a systematic, comprehensive, scientific,
standardized, forward-looking and effective ESEP management evaluation system, actively
carry out ESEP management evaluation work (such as establishing an ESEP management
statistics system, etc.) and regularly release the evaluation results, so as to track and
analyze the overall and sub-industry ESEP management status and change trend. It is
expected to provide basic support for in-depth implementation of “energy conservation
and emission reduction” and continuous improvement of the sustainable development
capacity of enterprises.
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(3) Give play to the exemplary role of benchmarking enterprises. As benchmarking
enterprise of ESEP management coal mining and washing industry, oil and gas industry,
electricity, heat production and supply industry, gas production and supply industry, water
production and supply industry, China Shenhua, SINOPEC, China Yangtze Power, Shen-
zhen Gas, Grandblue Environment to enterprise are directional leaders in ESEP manage-
ment reform and development. Relevant organizations should carry out ESEP management
model selection activities, actively promote the ESEP management experience of model
enterprises, promote these enterprises to maintain and improve ESEP management model
image, and then influence and drive enterprises to improve ESEP management levels.

(4) Guide enterprises to continuously improve key links. Governance efficiency index
is the core content of ESEP management, as well as the link that is most weak and most
needs to improve. ESEP information disclosure of listed companies currently, including
ESEP management influence, ESEP special investment, occupational disease incidence and
other aspects, is respectively weak, and these weak links should be direction of further
efforts for listed companies to improve their ESEP management level in the future. In view
of this, it is feasible to increase the ESEP management impact by increasing the quality
and quantity of awards/honors/papers/patents and to guide enterprises to increase ESEP
special investment through green credit, green securities and other economic policies.
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Abstract: Mobile edge computing (MEC) has become an indispensable part of the era of the intelligent
manufacturing industry 4.0. In the smart city, computation-intensive tasks can be offloaded to the
MEC server or the central cloud server for execution. However, the privacy disclosure issue may
arise when the raw data is migrated to other MEC servers or the central cloud server. Since federated
learning has the characteristics of protecting the privacy and improving training performance, it is
introduced to solve the issue. In this article, we formulate the joint optimization problem of task
offloading and resource allocation to minimize the energy consumption of all Internet of Things
(IoT) devices subject to delay threshold and limited resources. A two-timescale federated deep
reinforcement learning algorithm based on Deep Deterministic Policy Gradient (DDPG) framework
(FL-DDPG) is proposed. Simulation results show that the proposed algorithm can greatly reduce the
energy consumption of all IoT devices.

Keywords: smart city; mobile edge computing; task offloading; resource allocation; DDPG; federated
learning

1. Introduction

With the full development of the fifth-generation mobile communication research,
the information and intelligence of cities have been greatly developed. More and more
smart facilities are deployed in every corner of the city, which enhance the quality of
life for citizens. In the era of IoT, smart cities power and monitor a variety of intelligent
IoT devices. Accompanied by intelligent devices, IoT applications are designed, such as
smart parking, smart traffic, and smart security. These applications can generate some
computation-intensive tasks such as camera tracking and object recognition. In the tra-
ditional central cloud network, these tasks will be offloaded to the central cloud server
for execution. However, the central cloud network faces some challenges, as follows.
(1) More users are served, which is easy to cause network congestion. (2) Since the central
cloud server is far away from users, the data transmission process consumes a lot of time.
As a main evolution technology in the 5G, MEC provides a good direction to solve these
challenges [1,2]. MEC server is deployed at the edge of the core network, which is closer to
users. The computation-intensive tasks can be offloaded to the MEC server for reducing
the delay, network congestion, and energy consumption of IoT devices [3,4].

Based on the above description, how to make a reasonable offloading decision and
resource allocation scheme subject to limited resources has become a key problem. The joint
optimization of task offloading and resource allocation is a mixed-integer nonlinear pro-
gramming problem [5,6]. Currently, scholars have some research works on task offloading
and resource allocation. The joint problem is solved by splitting it into several sub-problems,
relaxation variables, and deep reinforcement learning based on Deep Q Network (DQN)
framework [7–9]. However, the first two algorithms simplify the original problem and do
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not directly solve the joint optimization problem of task offloading and resource allocation.
With the development of deep neural network, deep reinforcement learning has a good
effect on solving environmental decision-making problems. However, the algorithm based
on DQN framework is difficult to deal with the problem of fine-grained space or contin-
uous space. Therefore, the deep reinforcement learning algorithm based on the DDPG
framework is adopted in this article. The DDPG algorithm has a good effect in dealing with
spatial continuous decision-making problems.

In order to obtain a better Quality of Experience (QoE), some research works adopted
the cooperation method between MEC servers, or the unified scheduling method on the
central cloud [10,11]. However, these collaborative and centralized processing algorithms
do not consider the privacy and security problems in the process of data migration and
processing. Therefore, many users are reluctant to upload their private raw data to other
MEC servers or the central cloud server. To tackle the problem, the federated learning
technology is proposed by Google [12]. It is a distributed machine learning framework,
which consists of one central server and a set of clients [13–15]. The main idea of federated
learning is to enable the data on clients to train their respective network models. Then,
the parameters of clients are aggregated to update the network model on the server side.
A better training model is obtained by the iteration between distribution and aggregation
without sharing the raw data. Therefore, the federated learning is introduced into the joint
optimization problem of this article to obtain a better optimization performance.

In this article, we focus on the joint optimization problem of task offloading and
resource allocation based on privacy protection in smart city. The optimization objective is
to minimize the energy consumption of all IoT devices within the delay threshold. Since
the joint optimization is a mixed-integer nonlinear programming problem, it is difficult
to solve it by the traditional programming algorithms. Therefore, based on the above
description, a two-timescale federated deep reinforcement learning algorithm based on
DDPG framework is proposed to solve the problem. The small timescale is to optimize the
offload decision and the resource allocation scheme in each MEC server by training DDPG
network. The large timescale is to aggregate the parameters of MEC servers in order to
obtain a better training performance. The contributions of this paper can be summarized
as follows:

1. We investigate the joint optimization problem of task offloading and resource alloca-
tion subject to the delay threshold and the limited resources. In the existing literature,
the joint optimization problem is generally decomposed into multiple sub-problems.
Therefore, a deep reinforcement learning algorithm based on DDPG framework is
proposed to solve the joint problem. The DDPG is the combination of DQN and Actor-
Critic (AC), which can solve the decision-making problem of continuous action space.

2. The federated learning is introduced into the deep reinforcement learning to enhance
the training performance while protecting privacy and security. In terms of privacy
and security, the federated learning only needs to upload the network parameters
without the raw data. In terms of training performance, the federated learning is a
distributed machine learning algorithm, which can obtain a better convergence.

3. Extensive numerical experiments demonstrate that our proposed algorithm has better
convergence than the centralized algorithm, and obtains better performance gain than
other comparison algorithms.

The rest of this article is organized as follows: Section 2 presents the system model,
including task model, communication model and computation model. Section 3 presents
the optimization problem and solution. Section 4 provides the simulation results and
evaluates the performance of the proposed algorithm. Section 5 concludes this article.
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2. Related Work

The concept of MEC was put forward many years ago. In 2013, the world’s first
mobile edge computing platform was established by IBM and Nokia Siemens Network [16].
In 2014, the European Telecommunications Standards Institute (ETSI) proclaimed industry
specifications for MEC, which was supported by IBM, Huawei, Intel, etc. Currently,
most of the MEC research works focus on how to fully utilize the powerful computing
and storage capacity of the MEC server to reduce delay and energy consumption of IoT
devices [17]. Some popular contents are cached on the MEC server to reduce the delay and
network backhaul load. Aung et al. [18] proposed a social-aware vehicular edge computing
architecture that solves the content delivery problem by using some of the vehicles in
the network as edge servers that can store and stream popular content to close-by end-
users. The computation-intensive applications can be offloaded to the MEC server for
execution [19]. Apostolopoulos et al. [20] proposed a joint problem of latency and energy
minimization considering the data offloading characteristics of the end nodes. In this article,
we only focus on the computing resource allocation of the MEC server.

The task offloading problem in the communication system will inevitably involve
task scheduling, the allocation of computing and transmission resources [21,22]. Therefore,
the problem can be easily regarded as a joint optimization problem of task offloading and
resource allocation, which is a mixed-integer nonlinear programming problem. There
are generally three types of algorithms to solve the problem. The first type of algorithm
is to split the joint optimization problem into multiple sub-problems [7,23]. Zhao [24]
formulated the joint optimization problem task offloading and resource allocation and
decomposes it into three sub-problems named as offloading ratio selection, transmission
power optimization, and sub-carrier and computing resource allocation. The joint optimiza-
tion problem was decomposed into two-level sub-problems and solved by the iterative
algorithm [25]. This type of algorithm is not a joint optimization algorithm for the original
problem, and the efficiency of iterative optimization for several sub-problems is not high.
The second type of algorithm is to relax the variables in the optimization problem [8].
Masoufdi [26] investigated the power minimization problem for the mobile devices by
data offloading in a multi-cell multi-user Orthogonal Frequency Division Multiple Access
(OFDMA) network. To solve the problem, it was converted to the convex form using
variable changing, Difference of Convex (DC) approximation, adding a penalty factor,
and relaxing the binary constraints. The lower bound and upper bound of the joint opti-
mization problem were considered and the semi-definite relaxation and rounding methods
were exploited to obtain the offloading decision [27]. The mixed integer nonlinear pro-
gramming problem is transformed into a nonlinear programming problem by variable
relaxation. Then, it is solved by iterative algorithm or genetic algorithm. Undoubtedly,
the type of algorithm has a lower efficiency. The third type of algorithm is to use the deep re-
inforcement learning algorithm to solve the optimization problem. Li et al. [9] investigated
the resource allocation scheme for vehicle-to-everything communications, and proposed
the optimization problem of resource blocks allocation and vehicle transmission power
allocation. A reinforcement learning based on DQN framework was designed to solve
this problem. Suh et al. [28] proposed a DQN algorithm based network slicing technique
to calculate the resource allocation policy, maximizing the long-term throughput while
satisfying the Quality of Service (QoS) requirements in the beyond 5G systems. Since it is
difficult for DQN algorithm to deal with the problem of fine-grained space or continuous
space, a deep reinforcement learning algorithm based on DDPG framework is proposed to
solve the joint optimization problem in this article.
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To improve resource utilization and algorithm performance, some research works
adopted the cooperation methods, such as Cloud-MEC, MEC-MEC, Cloud-MEC-Device.
Naouri et al. [29] proposed a three-layer task offloading framework, which consisted of
the device layer, cloudlet layer and cloud layer. A cloud-MEC collaborative computation
offloading scheme was proposed in vehicular networks [24]. Chen et al. [30] studied an
energy-efficient task offloading and resource allocation scheme for Augmented Reality (AR)
in a multi-MEC collaborative system. Monia et al. [31] investigated the joint task assignment
and power control problems for Device-to-Device (D2D) offloading communications with
energy harvesting. A layered optimization method is proposed to solve this problem by de-
coupling the energy efficiency maximization problem into power allocation and offloading
assignment. However, these collaborative and centralized processing algorithms do not
consider the privacy and security problems in the process of data migration and processing.
As a result, many users are reluctant to upload their private raw data to other MEC servers
or the central cloud server. To solve this problem, federated learning is introduced in this
article, which not only protects privacy but also improves the performance of the model.

3. System Model

In this article, a system model for the smart city in a mobile edge network is established,
which consists of three layers: IoT device, MEC server and Central Cloud, as shown in
Figure 1. The central cloud is an auxiliary role, which helps the MEC server obtain a better
decision-making mechanism by aggregating the neural network parameters of each edge
server. The MEC server has a powerful computing capacity, which can quickly process
the tasks offloaded by IoT devices. The IoT devices can generate some tasks with strict
computing requirements. Since the IoT devices have limited computing resources and
limited energy, the computing tasks need to be offloaded to the MEC server for processing.
In consideration of security and privacy issues, IoT devices can only offload their tasks to
the trusted MEC server, not to the central cloud server. We denote the central cloud, the set
of MEC servers and the set of IoT devices (the set of applications) by Γ, k ∈ {1, 2, . . . , K} and
n ∈ {1, 2, . . . , N}, respectively. We believe that IoT devices are special devices, and each IoT
device corresponds to an application. We assume that each IoT device only requests one
task at the same time and the network state is constant during task processing. The specific
workflow of the system is as follows. First, IoT devices generate the tasks and send the
relevant information to the MEC server through the base stations at the same time. Second,
a decision on offloading and resource allocation is made according to the collected task
information and network status. Finally, these tasks are executed according to the offloading
decision and resource allocation schemes.

3.1. Task Model

In the smart city scenario, there are a large number of different types of applications
(such as smart security, smart traffic, smart parking, smart lamp and so on). These applica-
tions have lower real-time requirements than AR applications. Therefore, we set the delay
threshold of these applications to the same, which is denoted by T. To describe the para-
metric context of each application task, we define a tuple representation as φn = (ωn, ϕn).
Specifically, ωn and ϕn denote the data size (bit) and the computing workload (CPU cycles)
of the task generated by IoT device n, respectively. The relationship between ωn and ϕn is
expressed as ϕn = ηn • ωn, where ηn denotes the computing workload per bit. In this article,
the offloading decision is denoted by αn ∈ {0, 1}. If αn = 0, the application task requested
by IoT device n will not be offloaded to the edge server and will be processed on the IoT
device n. If αn = 1, the application task requested by IoT device n will be offloaded to the
MEC server. The import notations used in the rest of this article are summarized in Table 1.
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Table 1. Parameter descriptions.

Notation Definition

Γ Central cloud

k Index of MEC server

n Index of IoT device

ωn Data size of IoT device n

ϕn Total computing workload of IoT device n

ηn Computing workload of IoT device n per bit

αn Offloading decision of IoT device n

Bn Number of sub-bandwidth allocated to IoT device n

B System bandwidth

D Number of sub-bands

hn Uplink channel gain between the base station and IoT device n

pn Transmission power of IoT device n

fn Computing resources allocated by the MEC server to IoT device n

T Delay threshold of all IoT device

Figure 1. System Model.

3.2. Communication Model

In this article, we consider the system with the OFDMA as the multiple access tech-
nology, in which the system bandwidth B is divided into D equal orthogonal sub-bands.
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In view of the OFDMA mechanism, interference is ignored due to the exclusive subcarrier
allocation [25,32–34]. Therefore, we do not consider interference from other IoT devices in
this article. A sub-band can only be allocated to one IoT device, but an IoT device can be
allocated multiple sub-bands. Since the amount of data that needs to be returned to the IoT
device after processing is very small, the time consumption in process of downlink trans-
mission is not considered. Let Bn denotes the number of sub-bandwidths allocated to IoT
device n. pn denotes the transmission power of IoT device n. hn denotes the uplink channel
gain between the base station and IoT device n corresponding to a white Gaussian noise
channel, which incorporates distance based path loss model and independent Rayleigh
fading. Then, the uplink transmission rate rup

n can be calculated by

rup
n = Bn

B
D

log2(1 +
pnhn

δ2 ) (1)

where δ2 denotes the noise power. Therefore, the transmission time tup
n and the energy

consumption eup
n of uplink transmission can be calculated by

tup
n =

ωn

rup
n

(2)

eup
n = tup

n • pn (3)

3.3. Computation Model

In this article, the task generated by IoT device can be offload to the MEC server in
order to reduce the energy consumption of the IoT device when the network is in good
state. If the network state is bad, the task can only be executed on the IoT device. Next, two
situations are described in detail, respectively.

3.3.1. Processing at MEC Server

Let fn denotes the computing resources allocated by the MEC server to the task
generated by IoT device n. Then, the execution time tMEC

n can be calculated by

tMEC
n =

ϕn

fn
(4)

3.3.2. Processing at IoT Device

According to the optimization objective, if the task is processed on the IoT device,
the energy consumption is the smallest when the delay is equal to the delay threshold.
Therefore, the processing time tIoT

n and the energy consumption eIoT
n can be calculated by

tIoT
n = T (5)

eIoT
n = κ • (

ϕn

T
)2 • ϕn (6)

where κ is the energy coefficient, which depends on the chip architecture [35–37]. In this
article, according to the work in [38], we set κ = 10−25.

4. Two-Timescale Joint Optimization of Task Offloading and Resource Allocation

In this section, the joint optimization of task offloading and resource allocation is
formulated, and it is considered as Markov Decision Process (MDP). A deep reinforcement
learning algorithm based on DDPG framework is proposed to solve this problem. In order
to protect user privacy and improve the training performance of the deep neural network,
Federated learning is introduced into the training model. A two-timescale federated
reinforcement learning algorithm is proposed. The small timescale is to train the scheme
of task offloading and resource allocation on each MEC server. The large timescale is to
aggregate the trained model parameters on the central cloud server. The two-timescale are
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executed alternately to obtain better training performance. In this article, since the central
cloud server and MEC servers are connected by the wired network, the time consumption
caused by parameters upload is not considered. The detail of problem formulation and
solution are described as follows.

4.1. Problem Formulation

According to the above computation and communication models, the total time
consumption and the energy consumption can be calculated by

tn = αn • (tup
n + tMEC

n ) + (1 − αn) • tIoT
n (7)

en = αn • eup
n + (1 − αn) • eIoT

n (8)

The mathematical model with the objective of minimizing the energy consumption of
all IoT devices subject to the latency requirement and the limited resources, is as follows:

min
Bn , fn ,αn

N
∑

n=1
en

s.t.
(c1) tn ≤ T

(c2)
N
∑

n=1
Bn ≤ B

(c3)
N
∑

n=1
fn ≤ FMEC

(c4) αn ∈ {0, 1}

(9)

where FMEC denotes the total computing resources of the MEC server. For the constraints,
constraint (c1) indicates that the execution time of the IoT device n cannot exceed the delay
threshold to ensure the QoE. We believe that as long as the processing time of the IoT task
is within the delay threshold, a satisfactory user experience can be obtained. For example,
in the community access control system, if the delay threshold of the face recognition system
is 0.1 s, the user experience can be satisfied as long as the face recognition is completed
within 0.1 s. Since users have the same QoE for completing face recognition within 0.1 s
and 0.01 s, there is no need to pursue a lower processing time, which is meaningless in real
scenes. Constraint (c2) indicates that the number of allocated sub-bandwidth cannot exceed
the total bandwidth of base station. Constraint (c3) indicates that the computing resources
allocated to all IoT devices by the MEC server cannot exceed the total computing resources
of the MEC server. Constraint (c4) indicates that the task of IoT device is either processed
on the MEC server or the IoT device n. If αn = 0, the task of IoT device will be processed
on the IoT device. If αn = 1, the task of IoT device will be offloaded to the MEC server.

4.2. Small Timescale Policy Based on Deep Reinforcement Learning

In this subsection, the joint optimization problem is modeled as MDP, and a deep
reinforcement learning based on DDPG framework is proposed to solve it. The common
model of reinforcement learning is the standard MDP. Therefore, several elements of MDP
are introduced in detail below.

4.2.1. State Space

State is the description of the environment, which will change after an action is
generated by the agent. In this article, the MEC server is modeled as an agent to optimize
the energy consumption of all IoT devices. Let st = (s1

t , s2
t , . . . , sU

t ) denotes the state of
MDP at time t. The state includes four parts: (1) the task size, the computing workload,
the channel state of all IoT devices; (2) the computing resources of the MEC server; (3) the
bandwidth of the base station; (4) the resource allocation scheme at the current time.
The value range of all data in the state is [0, 1].
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4.2.2. Action Space

Action is the description of agent behavior, which is the result of the optimization
scheme. Let at = (a1

t , a2
t , . . . , aL

t ) denotes the action of MDP at time t, which includes the
change of computing and communication resources. The action space corresponds to Part
4 of the state space one by one. The value range of all data in the action is [−1, 1].

4.2.3. Reward

After the agent takes an action, reward is the feedback of environment to agent. Let
rt denotes the reward of MDP at time t. The objective of this article is to minimize the
energy consumption of all IoT devices subject to the system resources and delay threshold.
Therefore, the reward is set to two progressive steps. The first step is to ensure the system
resources constraints, as follows:

r = χ1 •
U
∑

u=1

(
(su − 1) • ε(su − 1)− su • ε(−su)

)
+χ2 •

( N
∑

n=1
Bn − B

)
• ε
( N

∑
n=1

Bn − B
)

+χ3 •
( N

∑
n=1

fn − FMEC) • ε
( N

∑
n=1

fn − FMEC)+ b1

(10)

The second step is to minimize the energy consumption of all IoT devices, as follows:

r = χ4 • exp
(− N

∑
n=1

en/N
)

(11)

where χ1, χ2, χ3, χ4, b1 are constants. The purpose is to make rewards develop in a good
direction. Specifically, the reward setting algorithm is illustrated in Algorithm 1.

Algorithm 1: Reward calculation algorithm
Input: new state st+1 ← environment(st, at)
Output: rt
Initialize the reward rt = 0
if c2, c3 of (9) then

for each IoT n = 1, 2, ..., N do
Calculate en (αn = 0) according to Equation (8)
Calulate tn (αn = 1) according to Equation (7)
if tn (αn = 1)≤ T then

Calculate en (αn = 1) according to Equation (8)
if en (αn = 0) > en (αn = 1) then

en = en(αn = 1)
else

en = en(αn = 0)

else
en = en(αn = 0)

Calculate the reward for energy consumption of all IoT devices according to
Equation (11)

else
Calculate the reward of resources constraint according to Equation (10)

4.2.4. DDPG-Based Solution

The DDPG algorithm is a paradigm of the reinforcement learning method, which is
the combination of AC and DQN. The specific network structure is shown in Figure 2. The
training process of the network is carried out according to the numbers in the Figure 2.
The input of the actor network is the state, and the output is the determined action value.
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The input of the critic network is the state and the action, the output is the Q value. The actor
network consists of the evaluation network μ with parameter θμ and the target network μ′

with parameter θμ′
. The critic network consists of the evaluation network Q with parameter

θQ and the target network Q′ with parameter θQ′
. Since the experience replay method is

adopted, the data (st, at, s′t, rt) are stored in the replay buffer according to the format of
(s, a, s′, r). The parameters of critic network are updated by minimizing the loss,

Loss =
1
X

X

∑
j=1

(
yj − Q(sj, aj|θQ)

)2 (12)

yj = rj + γ • Q′(s′j, μ′(s′j|θμ′
)|θQ′)

(13)

where X denotes the size of mini batch data, and γ denotes the discount factor. The actor
network is updated according to the feedback of the critic network as follows:

∇θ J ≈
1
X

X
∑

j=1

(∇aQ(sj, aj|θQ)|aj=μ(sj)
• ∇θμ μ(sj|θμ)

) (14)

DDPG framework has the characteristics of centralized training and decentralized
execution. After the training is completed, the state is input into the actor network to obtain
the offloading decision and resource allocation scheme.

Figure 2. Convergence property of different algorithm.

4.2.5. Computational Complexity Analysis

Floating Point Operations (FLOPs) can be used to measure the computational com-
plexity of the algorithm or model. The proposed algorithm is a reinforcement learning
algorithm based on DDPG framework. The DDPG framework consists of an actor network
and a critic network. In this article, the actor network is composed of three full connection
layers, and the critic network is composed of four full connection layers. The FLOPs of
a full connection layer is 2 × I × Q, where I denotes the number of input neurons and
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Q denotes the number of output neurons. Therefore, the FLOPs of the actor network is
∑3

m=1 2 × Im × Qm, and the FLOPs of the critic network is ∑4
m=1 2 × Im × Qm. Since DDPG

has the characteristics of centralized training and decentralized execution, whether the
proposed framework can be implemented in a real time manner depends on the execution
time of the actor network. For example, for a single core computer (2 GHz), its computing
capacity is about 2 billion FLOPs per second, which is more than enough to be used to
process the computation of the actor network according to network settings in this article.
The specific network parameters are set in Section 5.1. Therefore, the proposed framework
can be implemented in a real time manner.

4.3. Large Timescale Policy Based on Federated Learning

In this subsection, for the purpose of protecting privacy and security, users are reluctant
to send their data the central cloud server. However, in the process of neural network
training, more data will generally bring better training performance. For the above two
reasons, Federated Learning algorithm is introduced into reinforcement learning. Federated
learning is essentially a distributed machine learning technology. Its goal is to realize joint
modeling and improve the performance of Artificial Intelligence (AI) model on the basis
of ensuring data privacy, security and legal compliance. Since different blocks of smart
city have the characteristic of the same application types and different users, the horizontal
federated learning is adopted in this article.

In horizontal federated learning, it can be regarded as a distributed training model
based on samples, which distributes all data to different machines. Each machine down-
loads the model from the central server to train the model with local data, and then the
training parameters are returned to the central server for aggregation. In this process, each
machine is the same and complete model, which can work independently. The aggregation
mode of network parameters is given by

Θ =
1

∑k∈K Dk

K

∑
i=k

DkΘk (15)

where Dk denotes the number of training samples on the k-th MEC server, Θk and Θ denote
the parameter sets of the k-th MEC server and the central cloud, respectively. Specifically,
the two-timescale training process is summarized in Algorithm 2.

Algorithm 2: Training process
Randomly initialize critic network Q and actor network μ
Initialize target network Q′ and μ′
Initialize replay buffer φ
for episode t = 0, 1, . . . do

for MEC k = 0, 1, . . . , K do
Initialize state s
Select action at = μ(s) +N , N is an exploration noise
Execute action at and observe reward rt and observe new state st+1
Store transition (st, at, rt, st+1) in Φ
Sample a random mini batch of X transition (sX , aX , s′X , rX) from Φ
Update critic network according to (12) and (13)
Update actor network using the sampled policy gradient (14)
Update the target networks:
θ′ = τθ + (1 − τ)θ′

if episode t == taggregation then
Upload the parameters to the central cloud server according to (15)
Download the parameters from the central cloud server to each MEC server
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5. Performance Evaluation

5.1. Parameter Setting

In this section, we evaluate the performance of our proposed algorithm for smart
city. The experimental platform adopts DELL PowerEdge (DELL-R940XA, 4*GOLD-5117,
RTX2080Ti). The simulation software is Pycharm (Professional Edition). The corresponding
environment configuration is Python3.7.6, CUDA 11.4, Pytorch 1.5.0. The actor network
is composed of three full connection layers (40 × 500, 500 × 128, 128 × 20), and the critic
network is composed of four full connection layers (60 × 1024, 1024 × 512, 512 × 300,
300 × 1). Its activation function is RELU, and the output layer of actor network is tanh
function to constraint the output value. Specifically, the simulation parameters of the
system are presented in Table 2. The compared algorithms are as follows.

• Random Offload:the offloading scheme of each IoT device is determined randomly.
If the task of IoT device is offloaded to the MEC server, the computing and communi-
cation resources are allocated according to the proportion of data size and computing
workload, respectively. If the task is executed on the IoT device, the computing
resource is allocated according to the delay threshold.

• Greedy: the task of the IoT device with good channel status is offloaded to the MEC
server sequentially. Each IoT device occupies the least resources to ensure that more
tasks can be offloaded to the MEC server subject to the delay threshold.

• DQN: DQN is a combination of Q-learning and deep neural network, which is used to
deal with the discrete state and action problem. To solve the problem in this article,
the continuous state space and action space need to be discretized [9,28].

• DDPG: DDPG is the basic algorithm of this article. It is a continuous reinforcement
learning algorithm, which is composed of DQN and AC.

• FL-DDPG: FL-DDPG is an algorithm proposed in this article. Federated learning is
introduced into reinforcement learning to solve the problem of resource allocation and
offloading decision. Since FL-DDPG has the distributed characteristic, it can improve
training performance while ensuring privacy and security.

5.2. Convergence Analysis

In this subsection, the convergence performance of FL-DDPG and DDPG is shown
in Figure 3. In this article, the Adam optimizer is adopted to train the FL-DDPG and
DDPG networks. In the training process of FL-DDPG, it needs about 240,000 training
episodes (3 h) to achieve a better convergence performance. From Figure 3, we observe
that the convergence performance of FL-DDPG is better than that of DDPG. Since FL-
DDPG aggregates the parameters of three MEC servers, it is easy to jump out of the
local optimal solution. DQN algorithm discretizes the resources, and decides where each
resource block should be allocated. Therefore, DQN algorithm has no resource allocation
constraints (the allocated resources will never exceed the total resources), and directly
pursues the minimization of energy consumption. The value range of the reward of DQN
algorithm is 0 < r < 1. Since DQN algorithm is a coarse-grained resource allocation
scheme, the convergence performance of DDPG is better than that of DQN. Figure 4
shows the training performance of different aggregation intervals in FL-DDPG algorithm.
From Figure 4, it is observed that the training performance is the best when the aggregation
interval is 30,000. When the aggregation interval is less or greater than 30,000, the training
performance is not good. The reason for this is that there is not enough time to explore
new environment when the aggregation interval is smaller. When the aggregation interval
is larger, over-fitting is caused by too long exploration time. Therefore, the aggregation
interval of 30,000 is adopted to train the network parameters in this article.
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Table 2. Parameter descriptions.

Parameter Value

Number of IoT devices 30

Number of base stations 3

Number of MEC servers 3

Uplink/Downlink system Bandwidth 10 MHz

Transmission powers of user terminal 1 W

Noise power −100 dB

Size of task [5, 90] Kb

Computing workload density [200, 700] CPU cycles/bit

Path loss model PL = 127 + 30log(dis)

Computing resources of local device [2, 2.5] GHz

Computing resources of MEC server 15 GHz

Delay threshold of IoT task 100 ms

episode 240,000

Mini batch 100

Buffer size 20,000

Critic network learning rate 0.001

Actor network learning rate 0.0001

Optimizer Adam

Figure 3. Convergence property of different algorithm.
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Figure 4. Performance evaluation on aggregation interval.

5.3. Performance Comparison

In this subsection, the performance evaluation of different algorithms is shown in
Figures 5–7. Figure 5 shows the reward of different algorithms in terms of the system
bandwidth. As the system bandwidth increases, more and more IoT tasks can be offloaded
to the MEC server. Therefore, the energy consumption of IoT devices is reduced and the
reward is increased in Figure 5. We can observe that the reward of FL-DDPG is higher
than that of other algorithms. The reason can be obtained by analyzing each algorithm
in detail, which is as follows. The DDPG algorithm only adopts one network model to
train the decision-making scheme, which is easy to fall into local solution. Compared with
DDPG and FL-DDPG, the DQN algorithm discretizes resources, which is a coarse-grained
resource allocation scheme. Since DDPG algorithm is a fine-grained resource allocation
scheme, the performance of DDPG algorithm is better than DQN algorithm. The GREEDY
algorithm offloads the tasks generated by IoT devices with good network status to the
MEC server. The algorithm only optimizes the communication resources, does not jointly
optimize the communication resources and computing resources. The RANDOM algorithm
is to randomly offload the tasks generated by IoT devices to the MEC server for execution.
Further, we can observe that there is a little performance difference between DDPG and
FL-DDPG algorithms when the system bandwidth is 5, 9, 10, 11 and 12. The reward of
FL-DDPG is 1.3%, 1.1% and 1% higher than that of DDPG when the system bandwidth is 5,
9 and 10, respectively. The reason is that when the system bandwidth is very small, most
of the tasks generated by IoT devices cannot be offloaded to the MEC server and can only
be processed on the IoT devices. Since processing tasks on IoT devices do not involve the
allocation of MEC computing resources and communication resources, the decision-making
environment is simplified. Moreover, the energy consumption caused by a large number
of IoT devices processing will drown out the energy consumption of transmission caused
by offloading. When the system bandwidth is larger, most of the tasks generated by IoT
devices can be offloaded to the MEC server. The reason for this is the same as above.
Therefore, when the resources are in extreme situations, the exploration environment
of reinforcement learning becomes relatively simple, resulting in a little performance
difference between DDPG and FL-DDPG. In actual equipment deployment, these two
extreme situations are generally not selected in terms of the cost and the quality of service.
There is a large performance difference between DDPG and FL-DDPG algorithms when the
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system bandwidth is 6 and 7. The reward of FL-DDPG is 12% and 10% higher than that of
DDPG when the system bandwidth is 6 and 7, respectively. When the system bandwidth
is moderate, the decision-making environment becomes complex. The more complex the
decision-making environment is, the greater the probability of DDPG algorithm falling
into the local optimal solution is. Since the FL-DDPG algorithm aggregates the training
parameters of three network models, it is easy to jump out of the local optimal solution.

Figure 5. Performance evaluation on reward.

Figure 6. Performance evaluation on energy consumption.
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Figure 7. Performance evaluation on reward when the delay threshold is different.

Figure 6 shows the mean energy consumption of different algorithms in terms of
the system bandwidth. From Figure 6, it is observed that the mean energy consumption
of FL-DDPG algorithm is less than other algorithms. In the setting of reward, there is a
negative exponential relationship between energy consumption and reward. Therefore,
Figures 6 and 5 are one-to-one correspondence.

Figure 7 shows the reward of different algorithms in terms of the delay threshold.
In this article, since these tasks generated by IoT devices are not very strict on the response
time, the delay threshold is set to the same. From Figure 7, it is observed that the reward
increases when the delay threshold increases. The reason is that when the delay threshold
increases, more tasks can be offloaded to the MEC server and completed within the delay
threshold. Therefore, the energy consumption of IoT devices is reduced and the reward
is increased. Figure 8 shows the delay of different algorithms in the same environment
configuration. The delay of five algorithms is less than the delay threshold (0.1 s).

5.4. Analysis of Offload Location

Figures 9 and 10 show the offloading location of FL-DDPG when the system bandwidth
is 5 MHz and 10 MHz. In this experiment, the X-axis denotes the number of episodes, the Y-
axis denotes the IoT device index, and the Z-axis denotes the offloading location. The value
range of the offloading location is 0, 1. Value 0 indicates that the task is processed on the IoT
device, value 1 indicates that the task is offloaded to the MEC server. From Figures 9 and 10,
it is observed that the number of red points is less when the system bandwidth is 10 MHz.
Figures 9 and 10 indicate that more tasks are offloaded to the MEC server when the system
bandwidth increases. From Figure 9, we can observe that all tasks of IoT device 6 are not
offloaded to the MEC server when the system bandwidth is 5 MHz. The reason is that the
task of IoT device 6 has the characteristics of large amounts of data and low computing
workload. If the task of IoT devices 6 is offloaded to the MEC server, it will consume a lot
of bandwidth and a small amount of the MEC computing resources. Obviously, in the case
of limited resources, it is unreasonable to offload the task to the MEC server. Therefore, all
tasks of IoT device 6 are processed on the IoT device.
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Figure 8. Delay of different algorithms.

Figure 9. System bandwidth B = 5 MHz.
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Figure 10. System bandwidth B = 10 MHz.

6. Conclusions

In this article, a joint optimization problem of task offloading and resource allocation
based on privacy protection for smart city is formulated to minimize the energy consump-
tion of all IoT devices. First, the deep reinforcement learning algorithm based on DDPG
framework is proposed to solve the mixed-integer nonlinear programming problem. Then,
in order to protect user privacy and improve training performance, the federated learning
is introduced into the DDPG framework. To this end, the two-timescale FL-DDPG algo-
rithm is proposed to optimize the above problem. Specifically, the small timescale is to
train the DDPG network and the large timescale is to aggregate the parameters of DDPG
network. In this way, the privacy of users is not only protected, but also the performance
of the algorithm is improved. We provide numerical simulation results in terms of the
convergence property, reward, and energy consumption, which shows that our proposed
algorithm has better performance.
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The following abbreviations are used in this manuscript:

MEC Mobile Edge Computing
IoT Internet of Things
DDPG Deep Deterministic Policy Gradient
FL-DDPG Federated learning-Deep Deterministic Policy Gradient
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OFDMA Orthogonal Frequency Division Multiple Access
QoE Quality of Experience
QoS Quality of Service
DQN Deep Q Network
AC Actor-Critic
MDP Markov Decision Process
FLOPs Floating Point Operations
AI Artificial Intelligence
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Abstract: In recent decades, expansion in urban areas has faced issues such as management of public
waste, noise, mobility, and air quality, among others. In this scenario, Internet of Things (IoT) and
Wireless Sensor Network (WSN) scenarios are being considered for Smart Cities solutions based
on the deployment of wireless remote sensor nodes to monitor large urban areas. However, as the
number of nodes increases, the amount of data to be routed increases significantly as well, meaning
that the choice of the data routing process has great importance in terms of the energy consumption
and lifetime of the network. In this work, we describe and evaluate the energy consumption of
routing protocols for WSN-based Smart Cities applications in LoRa-based mesh networks, then
propose a novel energy-saving radio power adjustment (RPA) routing protocol. The Cupcarbon
network simulator was used to evaluate the performance of different routing protocols in terms
of their data package delivery rate, average end-to-end delay, average jitter, throughput, and load
consumption of battery charge. Additionally, a novel tool for determining the range of nodes based
on the Egli propagation model was designed and integrated into Cupcarbon. The routing protocols
used in this work are Ad Hoc On-Demand Distance Vector (AODV), Dynamic Source Routing (DSR),
and Distance Vector Routing (DVR). Our simulation results show that AODV presents the best overall
performance, DSR achieves the best results for power consumption, and DVR is the best protocol
in terms of latency. Finally, the proposed RPA routing protocol presents power savings of 11.32%
compared to the original DSR protocol.

Keywords: Smart Cities; Wireless Sensor Networks; routing protocols; Cupcarbon simulator; LoRa

1. Introduction

Urban growth has been boosted in recent decades due both to economic factors and to
political, social, and health trends. However, this growth brings with it problems in such
different areas as waste management, mobility, scarcity of natural resources, noise and
air pollution, and more.Air pollution, for example, is an environmental problem that can
cause several diseases in humans and damage to both the environment and animals, with
transportation and industry being the main sources of pollutants in the atmosphere [1].

Smart Cities are emerging as an alternative that can enable applications to deal with
several problems associated with urban centers. Smart Cities are urban scenarios using
Information, Technology, and Communications (ITC) to improve infrastructure and the
quality of citizens’ lives. Strongly linked with the concepts of the Internet of Things (IoT)
and Wireless Sensor Networks (WSN), Smart Cities provide means to carry out acquisition,
transmission, and processing of data to make more effective tools available for facing the
challenges of the urban environment [2,3].

A WSN is comprised of several wireless sensor nodes distributed in a large area to
perform control and monitoring tasks and to share sensor data with each other in order to
solve specific problems [4].
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To deploy a WSN, several stages are needed, including the development of sensors,
which depends on the application, number of sensors, network topology, communication
technology, and routing protocol. It is worth mentioning that the routing protocol is critical
in any WSN design and that its performance needs to be evaluated for different scenarios
and applications.

Computer simulations are an important design tool for evaluating routing protocols
in high-density WSNs, thereby reducing costs and saving time during implementation.
Simulations can support the choice of a particular routing protocol and help in evaluating
new protocols, mainly in scenarios subjected to unfavorable conditions, such those in which
device failure is highly probable.

Another important stage in WSN implementation is the wireless communication
technology used by the network. Many of the main wireless communication technologies
adopted in IoT and WSN applications are based on Low-Power Wide-Area Networks
(LPWAN), 3G/4G/5G cellular networks, or ZigBee. LPWANs have gained importance
compared to the others thanks to relevant characteristics such as low power consumption
and transmission over long distances. Among LPWAN technologies, LoRa (Long Range) is
being widely used worldwide, as it can achieve ranges up to 15 km in urban areas with a
very low power consumption [5,6].

In this context, the main objective of this paper is to implement and evaluate the
performance of routing protocols for the establishment of LoRa-based WSN applications.
To this end, we chose the Cupcarbon network simulator, which was developed specifically
for Smart Cities and IoT scenario, to evaluate the performance of different routing protocols
in terms of data package delivery rate, average jitter, average end-to-end delay, throughput,
and load consumption of battery power. In addition, we propose a novel tool for deter-
mining node ranges using the Egli propagation model inside the Cupcarbon simulator.
In this paper, we consider the widely used WSN routing protocols Ad Hoc On-Demand
Distance Vector (AODV), Dynamic Source Routing (DSR), and Distance Vector Routing
(DVR). Additionally, a novel routing protocol based on radio power adjustment (RPA) is
proposed as means of energy saving.

The rest of this paper is organized as follows. In Section 2, details about LoRa technol-
ogy and routing protocols for WSN are presented. The Cupcarbon simulator and the Egli
propagation loss model are highlighted within the methodology considered in this work.
Simulation results are presented and evaluated in Section 3, then and the conclusions and
next steps in the research derived from this paper are discussed in Section 4.

2. Materials and Methods

2.1. Related Works

In [7], the authors introduced an IoT application using a WSN distributed over a large
geographic area in which the sensor nodes use LoRa technology. Their communication
performance analysis was based on varying parameters related to the LoRa physical layer,
such as the bandwidth (BW) and scattering factor (SF).

Performance comparisons of different routing protocols have been presented in [8–12]
using simulation tools and metrics such as the packet delivery rate, average latency, average
jitter, and throughput. Simulations were carried out under various scenarios, such as
different node densities and variations in terms of mobility.

Routing protocols and LoRa networks have previously been detailed in [13–15]. In [13],
a routing system protocol based on the AODV protocol was proposed for use in meshed
LoRa networks. In [14], the development of a hybrid network based on a LoRa mesh
topology and the LoRaWAN protocol was introduced. An emergency communication
system using a mesh LoRa network and implementing a modified version of the AODV
protocol was presented in [15] along with an evaluation of the system feasibility according
to the package delivery rate.
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2.1.1. LPWAN

Currently, the most widely adopted wireless communication technologies for IoT
and WSN applications are Low-Power Wide-Area Network (LPWAN), 3G/4G/5G cellular
networks, and ZigBee. LPWANs have gained prominence compared to the alternatives,
as they feature low power consumption and transmission over very long distances. The
main LPWAN wireless communication technologies are LoRa (Long Range), Sigfox, NB-IoT
(Narrow-Band IoT), and Wi-SUN (Wireless Smart Ubiquitous Network).

2.1.2. LoRa

LoRa is a wireless communication technology patented by Semtech Corporation that
can be applied on devices with battery restrictions, aiming at longer lifetimes and large
transmission ranges [6]. The range of a LoRa-based network in an urban area is up to
15 km, and in rural areas it can be up to 30 km in normal conditions. Lora operates in the
ISM (Industrial, Scientific, Medical) bands.

LoRa modulation is based on the Chirp Spread Spectrum (CSS), which is characterized
by the spectral spread of the signal to be transmitted in a given frequency range ( flow,
fhigh), generating a signal called Compressed High Intensity Radar Pulse (Chirp) [6]. An
unmodulated Chirp signal has constant amplitude, and its frequency varies inside the
bandwidth (BW = fhigh − flow) by a given period of time (TS = Symbol time).

The parameters used in LoRa modulation are the Bandwidth (BW), Spreading Factor
(SF), and Code Rate (CR). Each LoRa symbol spans an entire BW and can encode bits of data
defined by the SF, which can be from six to twelve. A LoRa symbol is an up-chirp (from flow
to fhigh), meaning that when a frequency related to the data being transmitted is reached,
it is shifted to flow while maintaining the same frequency slope, causing a discontinuity
point.The discontinuity point position is responsible for the encoding of the transmitted
data [6].

2.1.3. Sigfox

Sigfox, developed by the French company Sigfox, was the first LPWAN technology
proposed by the IoT industry [5]. Sigfox physical layer modulation is based on an Ultra
Narrow Band (UNB) modulation. However, there is limited documentation of its operation
due to commercial protection, which becomes a relevant issue in academic studies on the
network and the reproduction/simulation of results. A Sigfox network operates similarly
to a cellular operator for the IoT industry [16], that is, there are service costs for subscribers
to use the network. The coverage or range of Sigfox networks in urban areas is between
3 km and 10 km, and in rural areas it is between 30 km and 50 km. Sigfox operates in the
ISM band (868 or 915 MHz), its communication rate is around 100 bps, and it supports up
to 1,000,000 nodes per gateway [5,16].

2.1.4. NB-IoT

NB-IoT is a standard developed by the 3GPP (Third Generation Partnership Project),
which is an international telecommunications standardization body. The operation of
NB-IoT is performed by telecom operators and is an extension of the 4G cellular network
infrastructure [17] (4G LTE service providers such as Verizon and AT&T in the United
States). The data transfer rate can reach 234.7 kbps [17], and it supports up to 50,000 devices
per cell [16]. An important feature is that the battery life of an NB-IoT radio can be as long
as ten years [16].

2.1.5. Wi-SUN

Wi-SUN (Wireless Smart Ubiquitous Networks) technology is maintained by the Wi-
SUN Alliance and consists of wireless communication networks that are based on the
IEEE 802.15.4g standard and are designed to be reliable and have low power consumption.
Wi-SUN allows the establishment of networks that integrate smart devices from different
manufacturers and is able to implement different topologies, including star, mesh, or
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hybrid,making the coverage area wider [18]. Wi-SUN adopts a Gaussian FSK (GFSK)
modulation scheme, operates in the ISM bands, has low latency when compared to other
LPWANs technologies, and has a transmission rate of around 300 kbps [18,19].

2.2. Routing Protocols for WSN

With a higher the amount of sensor nodes, the amount of data exchanged over the
WSN increases. This emphasizes the importance of an efficient data routing process when
considering the mesh topology.

In short, a data routing process consists of verifying and evaluating available paths
from a source node to a destination node, then determining the best path for forwarding
data throughout the network based on a given criterion [20]. Based on this process, the data
routing protocol specifies the technique by which routing tables are formed and maintained
in order to aid in the forwarding of data [21].

In general, routing protocols fall into four categories:n Centralized vs. Distributed,
Static vs. Adaptive, Flat vs. Hierarchical, and Proactive vs. Reactive vs. Hybrid [21].

In this work, we highlight proactive, reactive, and hybrid protocols, which differ in
the way they operate according to the routing strategy [11]:

• Proactive: Routing tables are shared with neighboring nodes during network startup
and at fixed times, meaning that all nodes know the paths to any destination nodes
even before this information is needed [22]. Examples of proactive routing protocols
include Distance Vector Routing (DVR), Destination-Sequenced Distance Vector Rout-
ing (DSDV), Optimized Link State Routing Protocol (OLSR), and Wireless Routing
Protocol (WRP);

• Reactive: Routes to destination are established only when needed, that is, when there
are data packets to be sent. Therefore, only active routes to destination nodes that
are in use are stored. These protocols do not share data at network startup, and
have periodic routing table sharing mechanisms [10]. Examples include Ad Hoc On-
Demand Distance Vector (AODV), Dynamic Source Routing (DSR), and Temporally
Ordered Routing Algorithm (TORA);

• Hybrid: These protocols combine resources from proactive and reactive protocols,
enabling convenient use of the advantages of both; examples include Zone Routing
Protocol (ZRP) and Fisheye State Routing (FSR).

When considering routing protocols for WSN applications, energy efficiency is an
important characteristic. In [23], the authors analysed wireless network energy models
based on five reactive and proactive routing protocols for WSNs, including AODV and
DVR protocols. A WSN energy model was proposed in [24] using AODV and DVR routing
protocols and considering the energy consumption at each node of the network. A genetic
algorithm-based routing protocol for sensor networks was presented in [25]; the authors
compared their proposed method with different routing protocols, including DVR and
AODV.

2.3. Cupcarbon Simulator

Cupcarbon is an open-source Java-based network simulator with a focus on Smart
Cities, WSN, and IoT [26–28]. It allows network designers to debug and validate network
applications in a 2D/3D graphical environment [29]. Cupcarbon is composed of four main
blocks:

1. The radio channel block: this comprises two Radio-Frequency (RF) propagation
models, the first based on a visibility tree and the second one devoted to tracing 3D
beans using a Monte Carlo algorithm [26].

2. 2D/3D environment: a graphical environment for implementing 2D/3D maps that
can be displayed on Open Street Maps (OSM) or Google Maps [30].

3. Interference block: this can be divided into two layers, the physical layer and inter-
ference models layer. It can simulate realistic baseband models for wireless com-
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munication technologies, even in the physical layer, including Wi-Fi, Zigbee, and
LoRa [26].

4. Implementation block: the user-customization block of Cupcarbon is developed in a
modular wa with the aim of simplifying the replacement and customization of specific
part of the simulator.

In Cupcarbon, network devices are programmed in a script language called Senscript,
proposed in [29], which allows the generation of code for the Arduino platform. An
important feature of Cupcarbon is that the energy consumption of a sensor node can be
analysed according to both the classic consumption model and the Heinzelman model.

2.4. Egli’s Propagation Loss Model

Network simulation tools use computational models for their operations, from com-
ponent and device models to environmental condition and mobility behaviour models, as
well as for signal propagation. Propagation loss models are mathematical models used to
estimate the attenuation between RF transmitters and RF receivers in order to obtain the
received signal power according to specific conditions (frequency, antenna gain, etc.) [31].

The Egli model is a widely used propagation loss model derived from experimental
results using actual measurements of television broadcast systems [32]; it is suitable for
cellular communications where there are a number of both fixed and mobile devices.
Furthermore, it is applicable in scenarios where transmission occurs across uneven terrain
without the presence of vegetation in the communication link [33]. The Egli model can
be adopted for frequency ranges between 40 MHz and 1 GHz and for distances up to
60 km [34], and takes into consideration the line of sight between the devices, The Path
Loss is denoted as PL, and is provided by the formula

PL = GtGr

(
hthr

d2

)2(40
fc

)2
(1)

where Gt and Gr are the gains of the transmitter and receiver antennas, respectively, ht
and hr are the respective heights of the transmitter and receiver antennas, d is the distance
between them, and fc is the carrier frequency in MHz.

2.5. Range Calculation Tool

Cupcarbon provides default values for range depending on the wireless commu-
nication technology, for instance, 100 m, 400 m, and 5 km for Zigbee, WiFi, and LoRa,
respectively.

This work proposes a slight modification to the Cupcarbon visual interface that
allows for the computation of transmission range using the Egli model with the LoRa
modulation parameters. The proposed modification, which is based on Java and integrated
into the source code of Cupcarbon, allows the user to graphically select a node, choose
LoRa, then enter the desired LoRa radio, LoRa parameters (SF, BW, frequency, etc.), and
deployment parameters (Gt, Gr, ht, hr, radio power level, and receiver sensibility). Finally,
after configuration, the user can apply it to all selected nodes in the simulation map.

It is important to highlight that when the user selects the LoRa radio module (SX1276,
SX1277, SX1278, or SX1279), the radio parameters are automatically changed according to
the datasheet [35].

2.6. Methodology

This work adopts as its main methodology the development and running of experimen-
tal simulations based on the DVR, AODV, and DSR routing protocols using the Cupcarbon
simulator. Initially, these protocols were simulated while disregarding eventual errors that
could occur in the network nodes or mobility situations; thus, several tests were carried
out for each protocol with the purpose of applying the routing steps and their operation
in a mobility scenario with both fixed and mobile sensors. Then, our new proposed radio
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power adjustment (RPA) routing protocol for energy saving was compared with different
alternatives.

2.6.1. Simulation Scenario

In order to compare performance between the protocols in a near-real scenario, we
considered a scenario based on a real city in which a source sensor node was represented
as a bus traveling through the streets and avenues of an urban environment and perform-
ing air quality measurements while periodically sending the measured data to a central
node (gateway). Thus, a mesh network topology was considered consisting of 25 nodes
distributed among the streets and avenues of the city of João Pessoa, Brazil, as illustrated
in Figure 1.

Figure 1. Network topology considered in the simulations.

2.6.2. Simulation Settings

Each node illustrated in Figure 1 was defined with the wireless communication mod-
ule LoRa SX1276 in the frequency range of 915 MHz. The node range was calculated
considering antennas with a gain of 3 dBi, antenna height of 2.5 m, and transmission power
of 20 dBm. In addition, the LoRa parameters are shown in Table 1.

Considering that the DVR protocol is proactive, a period of 5 min for sharing the
routing tables was defined, with the first sharing being initiated at the start of the simulation.
In the case of AODV protocol simulations, a period of 90 s was defined for the route
maintenance mechanism (sending ‘Hello’ messages). Finally, a period of 30 s was used to
transmit general messages and data packets from the sensors.
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Table 1. General parameters used in the simulations.

Total simulation time 3600 s (1 h)

Pause time 90 s

Radius of each node 1.56 km

Radio propagation model Egli

Number of nodes 25

Wireless communication technology LoRa

Transmission frequency 915 MHz

Spreading Factor (SF) 7

Code Rate (CR) 4/5

Bandwidth (BW) 125 kHz

2.6.3. Evaluation Metrics

To evaluate the performance of the protocols implemented in Cupcarbon, several quan-
titative metrics calculated by the gateway during the reception of data packets were consid-
ered.

• Packet Delivery Rate (PDR): this metric is the ratio between the number of packets sent
by a source node and the number of packets received by the destination, as provided
by [9]:

PDR =
∑ NRXi

∑ NTXi

× 100%, (2)

where NRXi represents the number of data packets successfully received by a destina-
tion node i and NTXi is the number of packets sent to this device.

• Throughput (THR): the number of data packets successfully transmitted to their final
destination on a given communication channel per unit of time [11]; THR can be
calculated as follows:

THR =
NRXi

Total simulation time
. (3)

• End-to-End Delay (E2ED): the average time required for a number of data packets
to be successfully transmitted over the network from a source node to a specific
destination [9]; it can be defined mathematically by

E2ED =
∑ TRXi − TTXi

NRXi

, (4)

where NRXi is the number of data packets received by node i, TRXi represents the time
the data packet was received, and TTXi is the time when the package was sent.

• Average Jitter (JIT): this represents the variation of the average end-to-end delay in the
delivery of data packets in a network, which may cause a situation of non-regularity
in the reception of data packets; the formula is provided by [36,37]:

Jitter =
∑ E2EDik − E2EDik−1

NRXi

, (5)

where E2EDik is the average delay of a given instant k, E2EDik−1
is the average delay

of the previous instant, and NRXi is the number of data packets received by node i.
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2.7. Classic Energy Consumption Model

This is the standard energy consumption model adopted by the Cupcarbon simulator.
To calculate how much battery energy a node consumes during data packet transmission,
the following expression [29] can be used:

ETX =
(n

8

)
× ETXb × P, (6)

where n is the number of bits transmitted or received, ETXb is the energy consumption
required to transmit one byte, and P is the power of the transmission expressed as a
percentage.

Similarly, the energy consumption during data reception can be obtained as follows:

ERX =
(n

8

)
× ERXb, (7)

where n is the number of bits transmitted or received and ERXb is the energy consumption
required to receive one byte.

2.8. Proposed Radio Power Adjustment (RPA) Routing Protocol for Energy Savings

The proposed radio power adjustment (RPA) routing protocol is based on the DSR pro-
tocol, as DSR shows better overall performance, including the lowest energy consumption,
as compared to DVR and AODV.

The first step of the proposed RPA routing protocol is to provide a way for Cupcarbon
to compute the Radio Signal Strength Indicator (RSSI) from the distance between two nodes
according to the log-distance model. This model was chosen because it is independent of
the transmission frequency and antenna gain. The log-distance path loss model can be
obtained by [38]:

PL(d) = PL(d0) + 10n log
(

d
d0

)
, (8)

where n corresponds to the path loss coefficient (the value of 3.3 was adopted in this work),
d is the distance between the transmitter and the receiver, and d0 is the reference distance.

The choice of the value of n was carried out by taking into account the experimental
results obtained in [39]. In these experiments, two devices were used to exchange data
using LoRa modulation in an urban environment while evaluating the packet delivery
rate and RSSI as a function of the transmission distance. Then, the RSSI curves versus
the distance were obtained and compared to the experimental data and the data from the
log-distance model, with the value of n = 3.3 representing the best fit between the curves.

The value of PL(d0) represents the path loss for a direct line of sight with respect to
the reference distance, and can be obtained by [38]:

PL(d0) = 20log
(

4πd0

λ

)
. (9)

In Equation (9), d0 is the reference distance and the parameter λ corresponds to the
carrier wavelength.

Equations (8) and (9) were programmed in CupCarbon. When any data are received,
the distance between the transmitting and receiving nodes which are exchanging data is
obtained through the computed RSSI function.

The second step of the proposed RPA routing protocol is the definition of an equation
that relates the computed RSSI value to the minimum PTX necessary to maintain the
communication link. To this end, simulations were performed in Cupcarbon varying the
distance between two nodes.

In this way, a node RX was kept fixed and a node TX was initially moved to a distance
equal to the maximum range of 1.7 km; PTX, that is, the transmission power of node TX,
was set to the maximum value (20 dBm). Thus, the distance between the nodes was reduced
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in 50-meter intervals until the minimum distance of 1 m was reached, with the RSSI value
calculated for each distance at these intervals. At the same time as the distance was being
reduced, at each new displacement point PTX was reduced in 5% intervals until a minimum
value at which the communication link was not lost was reached.

The results of this process were then imported into Octave software and an interpo-
lation process was performed applying the polyfit function. To assess which polynomial
obtained a better approximation of the original data, the Root Mean Square Error (RMSE)
was used as a criterion, resulting in the following mathematical expression being obtained:

PTX(RSSI) =− 1.161169468381691 × 10−7 · (RSSI)5

− 4.870470506506291 × 10−5 · (RSSI)4

− 0.008114743288230 · (RSSI)3

− 0.660852476932444 · (RSSI)2

− 25.953469491107786 · RSSI

− 3.829454402717133 × 102

(10)

Finally, this expression was inserted into the DSR protocol code to determine the
appropriate PTX for each RSSI value. To use the proposed RPA routing protocol, it is
necessary to add a new column to the routing table that contains the value of PTX for
each destination, this value being initialized with 100% and automatically changed as
the simulation is run. A safety margin of 2% was considered as well, and was added
to the value calculated by Equation (10) to provide more reliability during data packet
transmission.

Figure 2 shows the process used to compute the minimum level of PTX needed to
establish reliable communications. The first step is to identify the address of the node that
sent the data and calculate the RSSI. This procedure is illustrated in Figure 2a, and the
corresponding pseudocode is detailed in Algorithm 1 . This RSSI value is then used as an
input parameter in Equation (10) to obtain the value of PTX , which is added to the safety
margin value and saved in the column of the routing table that stores the level information
power relative to that destination node.

Algorithm 1: Identification of the PTX level of a destination node.

1 for each data packet received do

2 - Check the destination node;
3 - Calculate RSSI;
4 - Get the appropriate level for transmit power using the fit equation;
5 - Adds the safety margin to the calculated power level;
6 - Changes the transmit power value for the destination in routing table;
7 end

When it is needed to carry out a transmission, the source node consults the power
level value in its routing table, updates it, and sends the data packet. This procedure is
illustrated in Figure 2b, and the corresponding pseudocode is detailed in Algorithm 2.
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Algorithm 2: Power adjustment before data transmission.

1 while True do

2 if Need to send data then

3 - Search the power level on the routing table;
4 - Change transmission power;
5 - Send the data packet;
6 else

7 - Wait;
8 end

9 end

(a) (b)

Figure 2. PTX Adjustment Flowcharts: (a) identification of the PTX level of a destination node and
(b) power adjustment before data transmission.

3. Results

This section describes and discusses the main results obtained in this work. The
simulation results for both metrics and total energy consumption refer to the average
values obtained from five simulation trials.
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3.1. Determining the Safety Margin of the proposed RPA Routing Protocol

With the aim of providing more reliability during the computation of PTX, a safety
margin in the range from 0 to 5% was added to the proposed RPA algorithm. Thus, the
total energy consumption was evaluated as a function of the variation of the safety margin.
For this purpose, three simulation experiments were performed for a scenario composed
by 25 nodes, one source sensor node, 23 router nodes, and one gateway.

In this experiment, the source node moves at a fixed speed of 18 km/h and the others
remain static. The source sensor node sends data to the gateway at every 30 s. At the end,
the value of energy savings is calculated from the average consumption value comparing
the simulations of the DSR protocol with and without the RPA algorithm.

As shown in Figure 3, when the adjustment margin is greater than 2.5% the energy
savings are less than 10%. Therefore, to obtain energy savings of at least 10%, we decided
to keep the safety margin fixed at 2%.

Figure 3. Power adjustment safety margin versus energy savings.

3.2. Simulation Results and Discussion

As mentioned before, the simulation results refer to the average values obtained from
five simulation trials. Figure 4 shows the PDR metric for DVR, AODV, DSR, and modified
DSR (that is, DSR with the proposed RPA routing protocol).

From these results, it can be seen that the reactive protocols present better overall per-
formance in sending data; the AODV protocol has the highest rate of data packet delivery,
followed by the DSR and modified DSR protocols. The result for AODV corresponds to
a route verification mechanism that works periodically and during the movement of the
source node, anticipating the discovery of new routes in case of unavailability.

For speeds below 20 km/h, all protocols maintained high data delivery rates. However,
above this speed value the performance decay of the DVR protocol was quite high, with
more than 50% of transmitted packets being lost when the source node moved at speeds
greater than 60 km/h. The other protocols were able to maintain delivery rates above 80%
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for the same speed range. Consequently, the impact of the source node speed variation on
the proactive DVR protocol was much greater. This characteristic was expected, as new
routes could be discovered only within the fixed routing interval of 5 min.

Figure 4. Packet delivery rate (PDR) as a function of the source node’s speed for the DVR, AODV,
DSR, and Modified DSR protocols.

In Figure 5, the performance results of the routing protocols in relation to the average
end-to-end delay are shown. From these results, it can be observed that the DVR protocol
had the lowest latency, followed by the AODV protocol. The DSR and modified DSR
protocols had higher average latency compared to the others.

Figure 5. End-to-end delay (E2ED) as a function of the source node’s speed for the DVR, AODV, DSR,
and Modified DSR protocols.
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It is important to mention that the performance of the DVR protocol in terms of latency
shows expected behavior. As a proactive protocol, it is independent of unavailable routes,
as the discovery of new paths to destinations takes place during fixed routing periods and
is accessible in the routing tables prior to each transmission demand.

The average performance of the protocols according to the jitter metric is shown in
Figure 6. Based on the curves in Figure 6, it can be seen that the DSR protocol was the
only one that does not have a variation for latency higher than 4 ms. For speeds below
100 km/h, the DVR protocol presented similar behavior. However, at higher speeds, it is
the protocol with the highest jitter.

Figure 6. Average Jitter (JIT) as a function of the source node’s speed for the DVR, AODV, DSR, and
Modified DSR protocols.

Regarding the throughput performance, shown in Figure 7, a high correlation was
observed with the packet delivery rate. The performance of the AODV protocol in terms of
the packet delivery rate is reflected in the transfer rate metric, indicating that this protocol
is capable of transmitting more data per unit of time than the others. Both the DSR protocol
and the modified DSR had slightly lower performance than AODV.

As the DVR protocol obtains data regarding routes at a fixed interval of 5 min, this
protocol has a higher packet loss rate when subjected to high speeds, causing a considerable
reduction in its transfer rate, as can be seen in Figure 7.

Figure 8 shows the results of the average total battery charge consumption according to
the routing protocol. From these results, the impact of the large number of re-transmissions
on the total consumption of the DVR protocol can be observed, leading it to consume
around 460 J for the whole simulation. Although the AODV protocol presents the best
performance in the delivery of data packets, it consumed the second-highest energy, at
almost 300 J, while the modified DSR protocol (DSR with RPA routing protocol) consumed
the least energy over the total simulation time.

As this work is focused on applications for smart cities, our results take into account the
existence of moving nodes (e.g., deployed in a vehicle) and node speeds from 0 to 180 km/h
are considered. As expected, this scenario constitutes a very challenging environment for
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routing protocols. Consequently, all results in Figures 4–7 use the source node’s speed as
the independent variable. The simulation results demonstrate that the speed influences
the adopted metric (Packet Delivery Rate (PDR), Throughput (THR), End-to-End Delay
(E2ED), Average Jitter (JIT), and Energy Consumption). Therefore, these results prove the
energy savings provided by our proposed DSR with RPA routing protocol has an average
total power consumption that is 11.32% lower compared to the same protocol without the
proposed RPA.

Figure 7. Throughput (THR) as a function of the source node’s speed for the DVR, AODV, DSR, and
Modified DSR protocols.

Figure 8. Total average consumption per protocol.
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Table 2 summarizes the achievements of this work compared with other routing
protocols considering a mobile WSN with 24 sensor nodes and one concentrator node at
two speed values (18 km/h and 90 km/h).

Table 2. Comparative analysis for DVR, AODV, DSR, and modified DSR protocols.

Metric
Our Method DVR AODV DSR

18 km/h 90 km/h 18 km/h 90 km/h 18 km/h 90 km/h 18 km/h 90 km/h

PDR (%) 95.78 80.84 63.47↓ 23.62↓ 97.14↑ 84.20↑ 96.47↑ 81.84↓
E2ED (ms) 204.7 218.5 120.3↓ 111.6↓ 163.5↓ 193.5↓ 215.1↓ 222.04↓

JIT (ms) 1.390 1.066 0.479↓ 0.479↓ 0.782↓ 0.528↓ 0.864↓ 0.474↓
THR (package/min) 1.931 1.629 1.345↓ 0.615↓ 1.959↓ 1.698↓ 1.945↑ 1.650↑

Average consumption by node (J) 8.00 - 19.58
145%↑ - 12.22

53%↑ - 9.02
13%↑ -

Total consumption (J) 192.17 - 470.08
145%↑ - 293.29

53%↑ - 216.70
13%↑ -

4. Conclusions and Future Works

In this work, we analyzed routing protocols in two distinct categories, namely, proac-
tive and reactive protocols. The Cupcarbon network simulator was used to evaluate
important metrics such as data package delivery rate, average end-to-end delay, average
jitter, throughput, and load consumption of battery charge. Thus, the Ad Hoc On-Demand
Distance Vector (AODV), Dynamic Source Routing (DSR), and Distance Vector Routing
(DVR) routing protocols were implemented in the Cupcarbon simulator. In addition, a tool
for calculating the range between devices according to the Egli propagation model was
developed and integrated into the graphical interface of Cupcarbon.

The results showed that the DSR protocol was the most suitable option among those
implemented for use in conjunction with the PTX adjustment algorithm proposed in this
work, providing energy savings of 11.32% compared to the original DSR. On the other
hand, the AODV protocol had better overall performance and had the second-highest
power consumption. While the DVR protocol consumed the most energy, it had the best
performance in terms of latency; however, it led to high packet loss.

For this implementation, a mixed network topology was defined using the DSR
protocol together with the LoRaWAN protocol. A cloud application was developed to
monitor data reception, confirming the correct functioning of the network.

Future Works

The simulation results obtained here can be used as the basis for future experimental
implementations, which we intend to carry out in our continuation of this work. It is
important to note that Equation (10) cannot be generalized to every situation, and is specific
to the simulation scenario used in this work. However, the proposed procedure can be
replicated to obtain new equations for other simulation scenarios. In addition, while the
algorithm proposed in this work does not take into consideration all of the factors that
may influence the transmission of data in real scenarios, it is now possible to perform more
realistic transmission modeling in Cupcarbon, as updates have been released in recent
months that make it possible to use real devices in conjunction with simulations developed
in the software.

In this context, we propose further experimental implementation of the proposed
power adjustment algorithm; for example, it could be used with ESP32 devices for the
purpose of evaluating its operation in a real scenario and making further improvements.
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Abbreviations

The following abbreviations are used in this manuscript:

AODV Ad Hoc On-Demand Distance Vector
bps Bits per second
BW Bandwidth
Chirp Compressed High-Intensity Radar Pulse
CR Code Rate
CSS Chirp Spread Spectrum
DRSSI Differential Received Signal Strength Indication
DSR Dynamic Source Routing
DVR Distance Vector Routing
E2ED End-to-End Delay
ERX Receiving Energy Consumption
ETX Sending Energy Consumption
fc Carrier Frequency
FSR Fisheye State Routing
GFSK Gaussian Frequency Shift Keying
Gr Gain of the Receiver Antenna
Gt Gain of the Transmitter Antenna
Hr Height of the Receiver Antenna
Ht Height of the Transmitter Antenna
IDE Integrated Development Environment
IoT Internet of Things
ISM Industrial, Scientific, Medical
ITC Information, Technology, and Communications
JIT Jitter
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LoRa Long Range
LoRaWAN Long-Range Wide-Area Network
LPWAN Low-Power Wide-Area Network
LTE Long-Term Evolution
MAC Media Access Control
NB-IoT Narrow-Band IoT
OLSR Optimized Link State Routing Protocol
OSI Open Systems Interconnection
OSM Open Street Maps
RF Radio Frequency
RSSI Radio Signal Strength Indicator
PDR Packet Delivery Rate
PTX Transmission Power
PL Path Loss
RMSE Root Mean Square Error
SF Scattering Factor
THR Throughput
TORA Temporally-Ordered Routing Algorithm
TTN The Things Network
UNB Ultra Narrow Band
Wi-Fi Wireless Fidelity
Wi-SUN Wireless Smart Ubiquitous Networks
WRP Wireless Routing Protocol
WSN Wireless Sensor Network
ZRP Zone Routing Protocol
3G Third Generation
3GPP Third Generation Partnership Project
4G Fourth Generation
5G Fifth Generation
λ Carrier Wavelength
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Abstract: A smart parking system (SPS) is an integral part of smart cities where Internet of Things
(IoT) technology provides many innovative urban digital solutions. It offers hassle-free parking
convenience to the city dwellers, metering facilities, and a revenue source for businesses, and it
also protects the environment by cutting down drive-around emissions. The real-time availability
information of parking slots and the duration of occupancy are valuable data utilized by multiple
sectors such as parking management, charging electric vehicles (EV), car servicing, urban infrastruc-
ture planning, traffic regulation, etc. IPv6 wireless mesh networks are a good choice to implement
a fail-safe, low-power and Internet protocol (IP)-based secure communication infrastructure for
connecting heterogeneous IoT devices. In a smart parking lot, there could be a variety of local IoT
devices that consume the occupancy data generated from the parking sensors. For instance, there
could be a central parking management system, ticketing booths, display boards showing a count of
free slots and color-coded lights indicating visual clues for vacancy. Apart from this, there are remote
user applications that access occupancy data from browsers and mobile phones over the Internet.
Both the types of data consumers need not collect their inputs from the cloud, as it is beneficial to
offer local data within the network. Hence, an SPS with multiple data consumers needs an efficient
communication model that provides reliable data transfers among producers and consumers while
minimizing the overall energy consumption and data transit time. This paper explores different SPS
communication models by varying the number of occupancy data collators, their positions, hybrid
power cycles and data aggregation strategies. In addition, it proposes a concise data format for
effective data dissemination. Based on the simulation studies, a multi-collator model along with a
data superimposition technique is found to be the best for realizing an efficient smart parking system.

Keywords: smart parking system; data consumers; communication model; IPv6 Mesh; RPL; smart
city; IoT

1. Introduction

Social, technological and economic factors contributed to the emergence of smart
parking systems (SPS), and the recent advancements in electric and autonomous vehicles
present a strong business case for intelligent parking services [1]. Currently, they are an
urban requirement where users can search, navigate, reserve and pay for a free parking slot
on a real-time basis. Countries across the world are turning to smart parking solutions for
reducing traffic, minimize effort spent on parking, combat illegal parking, cutting down
emissions as well as a business model to generate revenue. The global smart parking
market is projected to grow at a compounded annual growth rate of 19.8% and is on its
way to becoming a 16.3 billion dollar market in another six years [2]. As SPS matures,
it fuels expansion of allied sectors such as sensor technology, Internet of Things (IoT)
devices, communication access technologies, Machine to Machine (M2M) standards, smart
city infrastructure projects and security solutions. As the roll out of 5G infrastructure
facilitates real-time data availability with ultra low latency, IoT is excepted to realize its full
potential [3].

Smart Cities 2022, 5, 1536–1554. https://doi.org/10.3390/smartcities5040078 https://www.mdpi.com/journal/smartcities
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All the literature on SPS concentrates on parking sensors that are data producers,
access technologies and various software solutions. The data consumers, who access the
generated parking data, are by default expected to be connected to cloud for their input.
However, a smart city is analogous to the presence of heterogeneous IoT devices that
consume data during M2M interactions [4]. Multiple data consumers are inevitable in an
SPS, as various IoT devices are present in the parking lot. A workstation in the control
room or a display device needs only local data. Whereas, an end user’s mobile application
may need more sophisticated data from a central cloud as it accesses the data over Internet.
Hence, receiving data from the cloud may not be the best approach for on-site consumers
because it takes up additional time in sending and receiving data through the Internet.
A robust communication model is essential for establishing a quick, reliable communication
between the data producers and consumers in a smart parking system.

Figure 1 shows the possible layout of a standalone parking lot equipped with different
types of IoT devices.

Figure 1. IoT infrastructure in a standalone parking lot.

IoT devices are installed at each parking space for gathering accurate data on availabil-
ity, location and the duration of parking. These IoT devices are battery operated, simple to
install and can last up to five or six years of operation without maintenance. The border
router heads the mesh network and offers a global prefix for each device to equip them
with a global IPv6 address. Parking availability data are locally consumed by the ticketing
stations, which are present at the exit points and by the display screens, positioned at the
entry points. As these devices depend only on the data collected from a standalone parking
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lot, they are labeled as on-site data consumers. Consumers that require global collated
data from multiple parking lots are off-site data consumers, who access the same over the
Internet or cloud.

A survey by J. J. Barriga et al. found that an SPS is predominantly implemented using
Zigbee networks in 60% of the studies followed by 25% with IEEE 802.15.4 [5]. However,
data collection networks are not the best candidates for M2M communication between
IoT devices. RPL [6] is the IPv6 routing protocol for low-power lossy networks, whose
directed cyclic graph (DAG) formation is best suited for networks incorporating local data
consumers. In RPL’s storage mode, heads of subtrees store the routes to nodes that are
underneath them and hence provide fail-safe communication paths between thr various
nodes in the network. This paper evaluates different types of communication models for
an SPS with multiple local data consumers, using the RPL routing protocol, in an IEEE
802.15.4 mesh network.

The next section briefly identifies various data consumers that are present in a smart
parking system and categories them as either on-site or over-the-Internet type. Section 3
summarizes the related research works, and Section 4 elaborates on the different aspects of
efficiency for a communication model. The further section evaluates the models, discusses
their relevance and converges on an efficient multi-collator communication model.

2. Data Consumers in an SPS

A smart parking system is a complete digital platform that manages city-wide parking
resources in real-time and provides multiple services to end users [7,8]. Starting from
searching for a nearby available parking slot, booking a parking slot in advance, navigating
to an available parking lot, charging electric vehicles at the booked slot, and predicting the
availability for a specific time until payment for parking or charging is possible with a SPS.
An smart parking lot utilizes various sensors for the accurate identification of empty slots,
parking boundaries and the automated counting of the number of entries and exits. Apart
from these sensors, it may have other IoT devices such as overhead LEDs as indicators
for vacancy, LCD displays showing layout/availability statistics, buzzers or alarms for
indicating wrong parking, automated gates that open after payment verification or license
plate identification. These IoT devices need data from the sensors for their intended
operations and are data consumers in a smart parking system.

A cloud-based SPS collates availability data from the sensors and sends them to the
cloud for storage and processing. The application(s) on cloud servers provide relevant
decisions and inputs to the data consumers. In such a system, it is required that the data
consumers are connected directly to the cloud. This may not be an economical solution, as
a direct Internet connection is required for all the consumers. For instance, an overhead
LED light, showing the occupancy of a specific parking lot, just needs input from the
respective parking sensor. Such a local scope does not need a cloud SPS. A mesh with
any-to-any traffic support is most suitable. Multi-hop mesh networks are a cost-effective
way of connecting heterogeneous IoT devices and providing Internet connectivity to all
nodes in a network. There is no gateway device involved in an IPv6 mesh as there are
no protocol translations, and all the communication is IP based. In addition, local data
consumers can be given instructions within the network by the border router itself in a
scaled-down centralized approach, reducing the round-trip time taken by the data. Data
consumers can be classified as on-site or over-the-Internet, depending on the scope of the
data consumed by them.

2.1. On-Site Data Consumers

On-site data consumers are IoT devices that work with the data generated from devices
that are in its proximity. Figure 2a–d depict some of the IoT devices that are employed
in individual smart parking lots. Smart LED bulbs are used to provide visual clues for
drivers in a closed parking system that has less day light visibility. These smart LEDs
can be connected to other IoT devices through WiFi or BlueTooth technology. Similarly,
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smart alarms devices are also available and could be integrated to the central parking
management system. The availability of systems on chips (SoC) supporting multiple radios
in a single chip equips an IoT device to switch between different types of communication
channels for device-to-device interaction. For instance, Qualcomm QCA4020 SoC provides
intelligent multi-radio connectivity with WiFi, BlueTooth and 802.15.4 support [9].

(a) Smart
LED

(b) Buzzer (c) Ticketing Booth

(d) LCD screen

Figure 2. Examples of on-site data consumers. (a) Smart bulb. (b) Buzzer for alarm. (c) Ticketing
booth. (d) Display screen.

The ticketing booths could be a simple hand-held device with ticket or receipt-printing
capability. They would need occupancy duration and timings for calculating relevant
parking charges. They could also be a complex system, complete with an automated toll
gate to allow passage for vehicles after verfication. Figure 3 shows a simple LCD screen
display showing the aisle numbers and the respective numbers of lots that are vacant in
them. Such a display screen, placed at the entrances of different levels, help users in a
multi-level parking system. It could also be a complex system complete with a map in a
very large parking lot.

Parking 
Availability

Figure 3. A display screen placed in a smart parking lot, showing parking availability.
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2.2. Over-the-Internet Data Consumers

Off-site data consumers are remote devices that access the parking lot occupancy
data combined with other systems such as maps or payments. Figure 4a,b show mobile
applications for booking parking lots or viewing parking lots available in a particular area.
In contrast, Figure 5 presents a web page that provides a passive view of the availability
information from the parking sensors. These are good examples for remote data consumers
that need Internet access to receive data from an SPS. In an IPv6 mesh, the BR advertises a
global prefix, and hence, the nodes become accessible over the Internet. The IoT devices
are capable of hosting a web page, and hence, it can supply the occupancy data to a web
browser upon an HTTP request. The example for such a web page is as shown in Figure 5,
where a laptop is connected to the BR through a Serial Line Internet Protocol (SLIP). SLIP
allows IP datagrams to be encapsulated and exchanged over serial ports. The web page
can be accessed through the IPv6 address of the data collator.

(a) Occupancy used for
booking

(b) Occupancy used
with map

Figure 4. Mobile application with multiple services. (a) Booking individual parking slot. (b) Searching
for available parking slots in a map.

Figure 5. Over-the-Internet data consumer, a web browser showing parking occupancy.

Such direct BR to Internet connections work for a limited number of devices. However,
if the number of simultaneous users increases, it is preferential to host the application in
the cloud, as it provides elasticity in meeting user demand. In addition, web and mobile
applications in the cloud have the privilege of collating data from multiple parking lots to
show area-wide or city-wide car park availability. They can integrate the parking system
data with other systems to offer seamless services.
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3. Related Work in Literature

SPS systems are generally assisted or non-assisted where an assisted SPS allocates
parking lots intelligently after considering various parameters such as the slot availability,
user preference, closeness and traffic pattern of the route. This category strives to move
forward toward autonomous vehicles and the navigation. A non-assisted SPS is a partially
manual system where occupancy data are provided to end-users, and the actions are left
to their decisions. Lin et al. classify SPS from another perspective based on the methods
employed for information collection, the deployment technique of the system and their
service dissemination model [8]. Paidi et al. show the gaps in deploying existing sensors
and technologies for an open parking lot and the ways to design a robust multi-agent
open parking lot [10]. Other works categorized parking systems based on the services
offered by them such as parking reservation, guidance and crowdsourcing [11]. A survey
by Fahim et al. identifies 12 different types of SPS systems depending on the technology
used for sensing (Vision-based/GPS), communication (BlueTooth/WSN) or the learning
models (ML/Fuzzy) employed [12]. In all these categories of SPS, a layered architecture
is defined with the sensing layer at the bottom, the application layer at the top and a
communication layer in between these two layers [13,14]. Al-Turjman et al. add one more
layer for middleware to collate data from the sensors deployed at the parking lot [15].

The communication model of the available smart parking system perceives the sens-
ing layer as a single unit where the sensors transmit the occupancy data to a central con-
troller [16–18]. In rare cases, a parking guidance system considers a communication model
with multiple wireless sensor systems for covering a single parking lot, and the unification
of the data happens in the cloud-based application [19]. Another parking management
system considers hierarchical occupancy data collation where sensor nodes communicate
to group nodes and group nodes report to a central control node [20]. The parking systems
do not measure the network performance of the sensing layer irrespective of its communi-
cation model being a flat network or clusters inside a single network or multiple networks.
This paper studies different communication models for the sensing layer and proposes
finding an efficient model for data collation and dissemination.

Access technologies inter-connect various subsystems, and the performance of the
whole system is directly related to the performance of the communication layer. IoT systems
have many options for access technologies depending on the required range of the wireless
communication, the network topology, data-sharing models, open technologies versus
proprietary and the availability of standardization. The most important support for IoT’s ac-
cess technology came in the form of a tiny IPv6 stack for the low power-constrained devices
designed by the standard body Internet Engineering Task Force (IETF) [21]. 6LoWPAN and
RPL are standard messaging protocols that could increase the utilization of open-source
components in building a dependable information and communication technology for a
sustainable smart city [22].

RPL is a mesh-routing protocol that supports IPv6 addresses for IoT devices and is
used extensively in smart utility networks and smart grids. There are a huge number
of studies to measure the performance of RPL for data-gathering applications based on
a variety of parameters. Studies conclude that the combination of utilizing ETX as the
link metric and a radio duty cycling mechanism to synchronously turn on and off radios
empowers RPL in terms of lowest energy consumption [23,24]. Similarly, the network
topology is found to have an impact on RPL network’s energy consumption, and a circular
topology is found to more effective than a grid or tree [25]. A study finds that compressed
sensing and data aggregation in RPL reduces the data latency as well as cuts down packet
loss [26]. In contrast, Pham et al. shows the need for a scheduling mechanism for delivering
the aggregated data packet to reduce the latency and proposes a novel relative collision
graph algorithm-based scheduler [27].

Lim, in a survey paper, categorizes multiple sinks as a viable method to reduce
congestion and improve RPL’s performance in an IoT network [28]. Many research works
propose to increase network performance by defining more than one instance of RPL under
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a BR. Multi-sink approaches are proposed to handle high traffic volumes, offer safety against
BR failure, combat congestion and balance traffic load across various forwarders [29–32].
A sink is a node that collates data; however, these works refer to the RPL root node as
the sink.

The coordination between multiple sinks is proposed through a virtual root or through
cooperative mechanisms between the different sinks [33–35]. Junior et al. argued that
dynamism in invoking multiple instances is better than static multiple instances in han-
dling different data traffic for multiple IoT applications [36]. Depending on the type of
application, the node switches between stored instances to experience a reduction in control
messages and power consumption. Hassani et al. show that combined metrics offer supe-
rior performance when compared to a single metric in a multi-sink scenario [37]. All such
works incur modifications to RPL control messages, introduce new layers and increase the
complexity. Furthermore, these works do not focus on exchanging data between multiple
sinks, as they focus on a particular case of different sinks collating different type of data
from the IoT network. Moreover, there is no need for the sink node to be the destination of
data and any node in the network can act as a data server.

Tran et al. measure RPL’s performance under different topologies such as linear, circu-
lar, random and grid. They conclude that the topology does not impact power consumption
but influences latency [38]. The number of hops needed to reach the destination has an
impact on the performance, as congestion is prevalent around the sink node. Hilmani et
al. use a WSN for gathering occupancy data in the central gateway/sink node and apply
a self-organizing algorithm for cluster formation [39]. In the clustering approach, there
is no explicit insight on the exchange of data between clusters or the latency involved.
Although there are a plethora of works in the literature to improve the performance of
RPL [40], the simple effects of the position of root node or the usage of multiple servers to
collate data are not studied.

4. Efficient Communication Model for an SPS with Multiple Data Consumers

IoT applications implemented with low-power personal area networks have a variety
of requirements such as low power consumption, low latency, less traffic overload and
high reliability [41]. In order to satisfy these requirements, an efficient communication
model must:

• Provide reliable data collection in a large mesh network;
• Minimize the power consumption of the battery-operated IoT devices;
• Be quicker in collating and furnishing the data to consumer devices;
• Have a data format that compresses the volume of data.

A parking lot application that generates parking availability data has to forge effective
communication paths between IoT devices that generate occupancy data, devices that
collate the occupancy data and devices that consume occupancy data. The performance of a
multi-hop network depends on the number of hops between the source and the destination.
When data are transmitted through a minimal number of nodes, the latency and power
consumption are optimal. On this basis, five different communication models are evaluated
for implementing an SPS with multiple data consumers:

1. Border router with a single data collator at the perimeter of the parking lot;
2. Border router with a single data collator at the center of the parking lot;
3. Border router with multiple data collators distributed across the parking lot;
4. Border router with four data collators at the center of the parking lot;
5. Border router with four data collators at the center and each forwarder in the mesh

aggregates occupancy data.

A border router (BR) facilitates connections between the mesh devices and Internet
backbone. A BR aggregates routes to all mesh nodes and utilizes the same to connect them
with hosts from other IP-based networks [6]. The wireless connection between all these
entities forms the communication ecosystem of the SPS. In order to realize the goals of an
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efficient communication model, several aspects such as the position of border router and
data collators, radio duty cycling, and data formats are considered in this work. Figure 6a–d
represent a class of communication model where IoT devices simply forwards data toward
the data collator. However, the position of the data collators vary among them. Except
for the third model in Figure 6c, the BR and data collators are neighbors. The third model
has split the entire network into four quadrants and has one data collator at the center of
each quadrant. This places the data collator nested among the data producers. In contrast,
Figure 6e shows a model where forwarders accept data from their children nodes, aggregate
and then send out a single data packet with the consolidated occupancy data.

(a) BR at Top (b) BR at Middle

(c) Multiple Distributed Data
Collators

(d) Multiple Data Collators near BR (e) Aggegrate data at each hop

Figure 6. Flow of occupancy data (a) BR with one data collator at top. (b) BR with one data collator in
middle (c) BR with four distributed data collators (d) BR with four data collators near BR. (e) Routers
aggregate occupancy data at each hop.
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The past research work on RPL’s performance provides several pieces of vital informa-
tion, including ETX for best link assessment, the significance of radio power consumption,
duty cycling for reducing energy consumption, the relation between topology and per-
formance and load balancing with multiple sinks. As multiple sinks mean more border
routers, it involves high control overhead in maintaining more than one instance of RPL.
Instead, this paper explores several alternate aspects such as multiple data collators, their
positions, relative positions with data consumers, duty cycles of IoT devices, and data
exchange format for arriving at a simple and efficient communication model.

4.1. Positioning BR for a Balanced Mesh Formation

BR is the root node in the mesh that initiates the mesh formation. RPL protocol forms
a directed acyclic graph (DAG) that is destined to the BR by sending a DAG information
object (DIO). DIO is an advertisement, and nodes hearing it join the DAG. It then furthers
the transmission of DIO using trickle timers, and nodes join as in a ripple. Hence, nodes at
the far end of the network perimeter takes more time to join the DAG. To have a uniform
distribution of DIO along the perimeter of the network, it is necessary for the BR to be at
the center of the network. This ensures that all nodes along the entire perimeter of the
network have the smallest possible hops to reach the BR. With the number of hops directly
proportional to the energy utilization and latency, positioning the BR at the center is the
best approach. In addition, congestion around the BR node is quite low for a network
having BR at the center when compared to a BR at the top (as in Figure 6a).

4.2. Positioning Data Collators for Reliable and Faster Data Collection

The BR itself can act as a data collecting point as RPL has a reliable DAG path to the
root node. This introduces the funneling effect where forwarders close to the BR experience
huge traffic. To reduce this effect, many researchers propose using multiple root nodes
and collating the data outside the RPL network [42,43]. However, this deprives the on-site
data consumers from directly accessing the occupancy data within the network and adds a
dependency to the Internet connection besides increasing the delay in acquiring the data.
The multi-sink approaches are complex with additional systems and modifications to the
RPL control messages. As an alternate, multiple data servers are proposed in this work.
It is essential that the data servers are stationed close to a BR so that a data server can
reach another through the BR. This reduces the funneling effect and requires no complex
improvisations to the RPL protocol. As the data servers are en route to BR, all the data-
producing nodes already have an optimal path to reach the data collator. To illustrate this
point, the third model has multiple data collators away from the BR.

4.3. Hybrid Power Cycling for Mesh Devices

Thread is an emerging routing protocol that is extensively used in smart home ap-
pliances [44]. The thread’s communication model has mains-powered thread routers and
duty-cycled sleepy end devices. Such a hybrid power cycling works for smart home mesh
networks. However, the mains power is not suitable for mesh forwarders employed in a
smart parking lot because a huge number of forwarders are required to cover the entire
parking lot. However, the data collators are smaller in numbers and can be mains powered
to maximize the packet reception rate of the data servers and also cater to high data vol-
umes. They mains-powered devices do not switch off their radios. All other sensor nodes
can have radio duty cycling to reduce energy consumption and switch off their radios most
of the time except during packet transmissions. The BR, too, has its radio on so as to have a
seamless connection to Internet. The positioning of BR makes it easier to extend the same
to the data servers that are nearby. This hybrid power solution allows for lower energy
consumption for the battery-powered nodes and ensures reliable occupancy data collection
for the data servers.
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4.4. Concise Data Format for Data Exchange

The occupancy data can be expressed in binary as they are two-state data, which are
either occupied or not occupied. Hence, a single byte can represent eight parking slots
and an 80-byte IP payload can effectively contain occupancy data for 640 parking slots.
The occupancy data can be multiplexed at the data servers and is used for exchanging
collated data between servers. The same is sent to data consumers. The concise string
is then broken down back to occupancy data in the consumer node. The BR uses the
compressed occupancy string in the HTTP data exchanged with the web browser. This
short data exchange format reduces the load time of the web page.

The algorithm presented in Algorithm 1 takes the occupancy data array and converts
the same to a single consolidated string. The index of the array is mapped to the position
of the parking lot and is subsequently filled with either zero or one. The data collators fill
the respective slots in the data array and convert the data to a concise string. This string is
eight times compressed and can hold over 600 occupancy data in a single IP payload of
IEEE 802.15.4 mesh.

Algorithm 1 Convert occupancy data to a concise string.

Input is ODA, Occupancy data array
Output is occupancy_str, Concised occupancy data as string
for i = 0 to no_o f _parking_slots − 1 do

for j = 0 to 7 do
shi f ted_bit = ODA[i] << j
combined_byte = combined_byte | shi f ted_bit

end for
byte_str = int_to_char(combined_byte)
concatenate byte_str with occupancy_str

end for

The algorithm presented in Algorithm 2 takes the consolidated string and converts it
back to occupancy data.

Algorithm 2 Convert the concise string back to occupancy data.

Input is occupancy_str, Concised occupancy data as array of characters
Output is ODA, Occupancy data array
bit_mask[] is {128, 64, 32, 16, 8, 4, 2, 1}
for i = 0 to no_o f _parking_slots − 1 do

int_value = char_to_int(occupancy_str[i])
for j = 0 to 7 do

occupancy_bit = bit_mask[j] & int_value
if occupancy_bit > 0 then

occupancy_bit = 1
else

occupancy_bit = 0
end if
ODA[i] = occupancy_bit

end for
end for

All these decisions are expected to play a role in establishing efficient communication
between all the concerned entities of the SPS system.

5. Evaluations

All the five different communication models referenced in the previous section are
evaluated against each other for their efficiency in terms of data loss, packet latency, control
overhead, energy consumption, time needed to obtain occupancy data for all the parking
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slots and the time taken for the occupancy data to reach the consumers. To this effect,
an experimental study is carried out in a simulated IPv6 mesh network with 100 nodes and
one BR. The Cooja simulator is a widely accepted simulator for conducting experimental
studies of IEEE 802.15.4 based IoT networks [45].

5.1. Simulation Setup

In the experiments, the BR is the root node of the IPv6 mesh and creates a DODAG
with one RPL instance. All the nodes are forwarders that are capable of forwarding data
packets in the upward direction toward the root node (BR). The data collator is placed at
a one-hop position from the BR so that it lies in the upward path en route to the BR for
each node. The BR is connected through SLIP protocol to a laptop. The Firefox browser
is used from the laptop to connect to the data collator to access the occupancy data over
the Internet. The five networks to be examined are labeled as Top1, Mid1, Dist4, Mid4 and
MidAgg as per their communication model. The model named Top1 denotes a network
with a single BR and one data collator placed at the top of all the nodes. Mid1 refers to
the network with a single BR and one data collator at the center of the network. The third
model, Dist4, has the BR at the center, and its four data collators are distributed within
the network and are away from the BR. In contrast, Mid4 refers to four data collators that
are adjacent to the BR, at the middle of the network. The final MidAgg model denotes a
network with four data collators in the center where each node aggregates the occupancy
data. The final model is expected to consume less energy, as it reduces the total number of
occupancy data packets transmitted in the network.

The grid network is considered for simulation, as the results are comparable across
multiple studies. The channel check rate for a node is kept at 8HZ so as to reduce the power
consumption of the nodes. A radio duty cycling ensures that the nodes remain in sleep
mode for as long as possible. The data collators do not participate in radio duty cycling to
ensure high reliability. The simulation parameters are summarized in Table 1.

Table 1. Configuration parameters for the simulation study.

Network Parameter Value

Node placement 10 × 10 uniform grid
Radio medium UDGM

Distance between nodes 30 m
TX Range/INT Range 50 m/100 m

IoT devices having parking sensors 96
IoT devices as on-site data consumers 2, top first node and bottom last node

Number of BR 1
BR position Top or Center as per the models

Number of data collators 1 or 4 depending on the model
Data collators position Top/Center of quadrants/Center

Mode of operation Storing mode
Run Time 3600 s

Occupancy sensing interval 60 s
Radio duty cycling for parking sensors ContikiMAC

RDC for data collators and BR None
Channel check rate 8 HZ

After an initial delay of 120 s, each parking sensor node generates a data packet with
occupancy data every 60 s. The data are either 0 or 1, depending on whether the respective
slot is vacant or occupied. The data packet is addressed to the data server whose address
is sought through service discovery. In case of multiple data collators, the address of the
first discovered server is considered, since it would be the most nearest server. The data
collators exchange data once every 60 s between them and also send the collated data to
on-site consumers.
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5.2. Simulation Results

The nodes record the number of occupancy data packets dispatched, the time of
packet transmission, the number of packets received, the arrival time of the data packet,
the number of different control messages transmitted for setting the mesh and the duration
for its radio being active. The packet delivery ratio (PDR) is measured as the percentage
of the number of occupancy data packets received at the collator(s) to that of the number
of packets sent. A high PDR indicates reliable communication between the nodes and
the data collator(s). The graph in Figure 7a shows the PDR of all the four communication
models. As expected, it is 98.2% for the Top1 model, which has one BR and one data
collector positioned at the top of all of the nodes. The model shows some initial packet
loss for nodes with longer paths. The longer a data path, the more time it takes to stabilize.
Dist4 also exhibits some packet loss, as nodes take relatively longer routes to data collators.
The data packets have to travel upwards along the DAG to a common ancestor and then
downwards toward the data collator. As the network becomes bigger, both Top1 and Dist4
would experience a further increase in the data path length. The PDR for all the other three
models are almost the same and report negligible packet loss.

Figure 7b presents the average number of control packets transmitted by a node.
RPL uses three different control packets, DAG information solicitation message (DIS) and
DAG information object message (DIO) for forming upward routes, and (Destination
advertisement object (DAO) for forming downward routes [6]. Nodes are required to send
control packets in order to create and maintain the fail-safe routing paths. Less control
overhead reflects the efficiency of the multi-hop mesh creation process and conserves
energy in a network. The Mid4 model keeps the control overhead lowest among the
models, which is closely followed by the Mid1 model.

(a) Packet delivery ratio (b) Control packets for a node

Figure 7. Metrics for the communication models. (a) Data reliability in the network (b) Control
overhead in the network.

The occupancy data packet latency is an average measure of the time duration for
each data packet to reach the destination from its corresponding origin. Graph Figure 8a
displays a 164.7 ms latency for MidAgg model and a comparable 471 ms and 420 ms for
Mid1 and Mid4, respectively. The nodes in Dist4 model experience a latency of 823.2 ms
even when there are multiple data collators. The higher latency reflects the longer routes
along the DAG to the data collators. The packet latency is lowest in MidAgg because the
occupancy data packets are not sent to the data collator but are sent to the immediate
one-hop forwarder parent. Hence, the lowest average packet latency corresponds to one
level of data aggregation. It must be noted that the occupancy data would take longer to
reach the data collator as it has to cross multiple aggregation on its way.
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(a) Occpancy data latency (b) Data arrival

Figure 8. Metrics for the communication models. (a) Latency for occupancy data packets. (b) Arrival
of occupancy data from all nodes.

The next graph in Figure 8b shows the total time taken for the occupancy data from all
the nodes in the network to reach the data collator. This is an important metric, as it shows
the efficiency of the data collation in an SPS. The MidAgg model’s under performance is
because of the delay introduced by the aggregation at each hop. Both Mid1 amd Mid4
network’s performances are lowest in the range of 83 s and 63 s, respectively.

The other metrics measured are the average packet latency for data packets between
the data collator and the data consumer. Here, all the models have a similar delay under 1 s
for one data consumer, but Top1 shows an elevated delay for one consumer, as shown in
Figure 9a. The data consumers are placed at opposite sites of the network to simulate the
presence of display screens at two far ends of a parking lot. So, when the data collator is at
the top, it doubles the number of hops to reach a consumer at the far end. Dist4 exhibits
a faster reach to consumers, since the distribution of data collators puts them closer to
the consumer. This shows that the BR in middle is an efficient strategy to reach multiple
consumers at the same time. Figure 9b visualizes the percentage of run time for which the
radio was kept active. The first box shows the transmitter being active, and the second box
shows the receiver active time. The transmitter is kept below 1% for models except the
Top1 and Dist4, and receivers are kept active for less than 2%. Keeping the radios idle for
longer helps conserve energy in the wireless network.

(a) Latency for local consumers (b) Active time for radio

Figure 9. Metrics for the communication models. (a) Time to reach local consumers. (b) Percentage
of time when radio was active.

In order to understand the energy utilization of nodes over time, the simulation is run
for one hour with the energest metric report once every 5 min. The graph in Figure 10a
showcases the average energy utilization of a node in different models. The initial spike is
attributed to the network formation. There is a clear ranking in the energy consumption
with Top1 being the highest with more packet transmission due to their longer distance
to the BR. In the Dist4 model, energy utilization for a node is 22.7% higher than a node in
the Mid1 or Mid4 models. Figure 10b displays the total charge consumed by a node in one
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hour. This also confirms the earlier findings and denotes that the Mid1 and Mid4 models
outperform others in terms of efficient data collation and dissemination.

(a) Energy utilization along time (b) Battery charge consumption

Figure 10. Metrics for the communication models. (a) Average energy utilization of a single node.
(b) Battery charge consumption for one hour.

6. Results Discussion

When comparing the performances of the five different communication models, it is
evident that the Mid1 and Mid4 models are showing good packet delivery ratio along with
low overhead. Although the MidAgg model exhibits a low packet latency along with the
lowest power consumption, the time taken for the occupancy data to reach the data collator
is six times over the time taken for the Mid4 model or five times over the time taken for the
Mid1 model. It requires a specific scheduling algorithm for packet transmission that can
reduce the delay introduced by data aggregation at each hop. The Top1 model apparently
demonstrates a lower data reliability and a high packet latency as the data packets need
to traverse a higher number of hops than the other models. Between these Mid1 and
Mid4 models, the Mid1’s packet delivery ratio has an edge over Mid4. However, latency
wise, the Mid4 model holds an edge. To understand the advantage of these two models,
the experiments are repeated in a larger 15 × 15 grid network.

Assessing the Scalability of Mid1 and Mid4 Models

The graph in Figure 11a presents the PDR for Mid1 and Mid4 models in a 10 × 10 grid
network against the 15 × 15 grid network.

(a) Packet delivery ratio in a large
network

(b) Control packets for a node in a large
network

Figure 11. Performance in a 10 × 10 grid vs. 15 × 15 grid. (a) Data reliability in the network.
(b) Control overhead in the network.

In a larger network, the differences between the two models are evident. The Mid4
model outperforms and is 38.1% more efficient than the Mid1 model toward reliable data
collation. Figure 11b shows a small rise in control packets for the Mid4 model in a scaled-up
network. However, Mid1 suffers from a 40.9% increase in control overhead when compared
to the same model in a smaller network.

396



Smart Cities 2022, 5

The data latency metrics for the two models are presented in Figure 12. The average
time taken by the occupancy data packet latency to reach the data collator is very high,
clocking over 12 s for the Mid1 model. Mid4 takes about 2 s for reaching the data col-
lators and shows a clear superior performance. As the number of nodes in the network
increases, the congestion causes a severe funneling effect around the root node. Hence,
the performance of the Mid1 model is very low in a large network.

Figure 12. Occpancy data latency in a large network.

A similar trend is shown in Figure 13a for the time taken to reach the data consumers,
and Mid4 outperforms the Mid1 model. The energy consumption is also lower for the
Mid4 model, and the same is illustrated in Figure 13b. It can be concluded that a multi-data
collator model with the BR at the center of the network fits the efficient communication
model requirement for an SPS.

(a) Latency for local consumers in a large
network

(b) Active time for radio in a large
network

Figure 13. Performance in a 10 × 10 grid vs. 15 × 15 grid (a) Time to reach local consumers.
(b) Percentage of time when radio was active.

7. Conclusions

The communication technology is a vital component of an SPS system, and it is
necessary to have an effective communication model that provides reliable and faster
occupancy data collation and dissemination between different entities. This paper explored
various aspects such as the position of the BR in a mesh network, the presence of a
single data collator against multiple data collators, their relative positions with respect
to BR, consumers and the effects of hybrid radio duty cycling for mesh devices. It also
proposed a concise data format that accommodates a large number of occupancy data
(up to 640 parking slots) in a single data packet. This reduces the number of data packets
exchanged between the data collators and data consumers. Lowering the radio activity
directly improves the energy efficiency of the system. Along with that, the concise data
format presents a short http message and improves the web page load time. Five different
communication models are evaluated for their efficiency in providing low latency and
energy efficient communication. The best two models were further subjected to a scalability
test in a larger 15 × 15 grid network. A multiple data collator model where the data
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collators are adjacent to the BR and are positioned at the center of the network is identified
as the best model for providing efficient communication between data producers and
consumers. Having multiple data collators adjacent to BR reduces congestion around the
BR in a large network and improves their reliability. Their position at a center point reduces
the hop distance between the nodes and reduces latency. Congestion avoidance and shorter
communication paths present an energy-efficient system. Thus, the strategic positioning of
multiple data collators reduces data transit time, offers a higher data reliability and lowers
the power consumption of the mesh devices.
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Abstract: Analytics is an essential procedure to acquire knowledge and support applications for
determining electricity consumption in smart homes. Electricity variables measured by the smart
meter (SM) produce a significant amount of data on consumers, making the data sets very sizable and
the analytics complex. Data mining and emerging cloud computing technologies make collecting,
processing, and analysing the so-called big data possible. The monitoring and visualization of
information aid in personalizing applications that benefit both homeowners and researchers in
analysing consumer profiles. This paper presents a smart meter for household (SMH) to obtain load
profiles and a new platform that allows the innovative analysis of captured Internet of Things data
from smart homes, photovoltaics, and electrical vehicles. We propose the use of cloud systems to
enable data-based services and address the challenges of complexities and resource demands for
online and offline data processing, storage, and classification analysis. The requirements and system
design components are discussed.

Keywords: internet of things; data acquisition; cloud computing; big data analytics; load profile;
smart meter

1. Introduction

Smart households are the future of new cities. The modernization of households involves
the use of different Internet of Things (IoT) systems that allow monitoring and controlling the
equipment installed in the households. These households generate a large amount of valuable
data from the intelligent devices and appliances connected to an IoT system. The ability to use
these data in real time makes it possible to analyse diverse information that has a significant
impact on safety, the environment, and the economy of our society. Reports obtained from
data in real time or stored over periods of time (days, weeks, months, and years) make it
possible to study the behaviour of the household electricity demand.

Another consequence of this analysis is the adjustment of the term of power contracted
with the supply company, which offers a significant reduction in the electricity bill. This
leads to a more constant energy demand in the household. To achieve this feature, a
priority system must be performed that in real time connects only those that do not exceed
the contracted power limit, leaving on standby less priority equipment that would be
connected when they are finished and have been assigned a higher priority.

To achieve these objectives, this study created a website with data from measurements
obtained in different monitored households. In this sense, the main contributions provided
in this paper are the following:

1. Develop a new prototype SMH for monitoring electrical variables, upload data to
cloud using wireless network;

2. Design of a web platform that allows to analyse the different electrical magnitudes
of the monitored houses through data that are measured by a smart meter (SM),
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developed, and sent to the cloud. The design of the system permits for the massive
processing of multiple sets of household data, which enables studying the information
obtained by applying different algorithms;

3. The design components of the platform architecture were created. Specifically, the
study of the data structure obtained from the households is developed, minimizing
the communication overload with the cloud, and the design of the website where the
data obtained appears for use by the research community;

4. The necessary technology to obtain data in real time as well as process and store data
in the cloud for integrating into the control panels was developed; this shows user
data in graphic form and allows downloading the data.

We designated a smart grid (SG) as a smart electricity distribution network. This is
a two-way network capable of transmitting electricity in both directions, which allows
households and different businesses to become small producers of electricity and not
just consumers, as has been the case traditionally. Since SGs are combined with modern
information technologies, they can provide data to both electricity distribution companies
and consumers. One of the main tasks of SGs is the management and analysis of large
amounts of generated information, known as big data.

The rest of the paper is organized as follows: Section 2 describes the related work;
Section 3 shows the architecture of the system proposed; Sections 4 and 5 show the integra-
tion of the system and final screenshots, and finally our conclusions and future work are
presented in Section 6.

2. Related Work

The study of information technologies (ICT) applied to Smart Cities and therefore, to
smart grids and housing, is fundamental for the development of these paradigms.

IoT, cloud computing, and information analysis must use the optimal and highest
speed ICT to achieve real-time data availability. In this respect Usman et al. [1] analysed the
existing ICT adopted in SGs and their development over time. In this study, they analysed
technologies such as Power Line Communication, Wireless Fidelity (Wi-Fi), Zigbee, World-
wide Interoperability for Microwave Access, Global System for Mobile General Packet
Radio Service and DASH7.

2.1. Smart Grids and Meter Data

Numerous studies have integrated the use of SMs in SGs to monitor the behaviour of
the different agents included within the network. Within this line of research,
Munshi et al. [2] developed components based on big data for applications with SGs
and the results obtained are transferred to a cloud computing platform. Kabalci [3] studied
communication technologies and their security in data collection networks. Tanyali et al. [4]
implemented a method for encrypting data taken by SMs since there is a risk of informa-
tion theft when they are exposed on the network as well as finding out the user’s habits.
Khan et al. [5] dealt with the problem of integrating IoT sensors installed in households
that have different communication protocols and technologies. To do this, they defined a
standard in which all the sensors installed in the household were integrated (biometrics,
security, electrical, etc.).

As for the cloud computing standards for SGs, Yigit et al. [6] defined the necessary
architecture for cloud computing in SGs by using structures, methods, protocols, and
algorithms. Al-Turjman et al. [7] reviewed the state-of-the-art in SGs, analysing the viability
of using SGs to study and improve the quality and reliability of power. Al-Turjman et al. [8]
studied the impact and efficiency of SMs, critical design factors, modifying and comparing
parameters with real cases, and are categorized within this area. W. L. Rodrigues et al. [9]
carried out a study on signal quality using a SM by means of cloud computing (fog
computing). Recently, several studies have proposed systems and frameworks for the
analysis of IoT data using various architectures related to cloud computing.
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In this section, we discuss these studies, especially those that are representative of the
state-of-the-art and similar to our work. It is important to note that a platform with cloud
computing offers efficient resource processing of large IoT data in real time while providing
information and processed data to the cloud for further processing and analysis. This
integration design makes it easier for us to address cloud system latency issues that can
have a significant impact on time-sensitive applications. The integration of SMs into IoT
networks is another important part of the research related to SGs. Cano-Ortega et al. [10]
developed equipment for power factor compensation using a TLBO optimization algorithm
through a cloud data storage, control, and monitoring system. Cano-Ortega et al. [11]
monitored the efficiency and the operating conditions of induction motors through an SM
based on a LoRa LPWAN network. Sánchez-Sutil et al. [12] designed a measurement and
control system for public lighting integrated in a LoRa LPWAN communication network.
Asghari et al. [13] performed the current research techniques on IoT application approaches to
analytically and statistically categorize this type of network. A. A. Mazhar Rathore, et al. [14]
developed a combined system based on IoT for the development of Smart Cities using big
data analysis. They used a complete system with several types of sensor deployment to
make an SG. Naik et al. [15] designed an intelligent home management system based on
IoT that uses sensors, actuators, smart phones, web services, and microcontrollers. This IoT
platform and hardware are available through a mobile application. Pau et al. [16] made
an intelligent metering infrastructure to automate and manage the distribution networks.
The proposed architecture was based on a cloud solution, which allows communication
with SMs and provides the necessary interfaces for the distribution of network services.
Sánchez-Sutil et al. [17] developed and calibrated a low-cost SM to measure the electrical
variables in homes supplied by photovoltaic solar energy. Moreover, in Ref. [18] the authors
developed a smart plug to monitor and control electric load in a household with LoRaWAN
network. Different web portals were analysed considering the electrical consumption
measurements of households in different countries. As can be seen in Table 1, the measure-
ments of the electrical variables have granularity varying between 1 s and 10 min; later,
aggregations were made that can be used in different time horizons. Almost no time series
below 1 s was used due to the large amount of data produced for each variable measured.

The websites shown in Table 1 store the recorded data and do not work in real time,
the measurements of the electrical variables have a granularity that varies between 1 s and
10 min; the granularity times of the websites are less than 1 s [19–21], 1 s [19,20,22–27],
between 1s and 1 min [19,22,28,29], and 10 min. Some allow downloading of the stored
data for free and others for a fee. The websites do not display the data of all the monitored
variables in real time. Only [22] can display data from the previous day, but this is paid.
They do not allow comparisons between different households.

The SMs used in the websites are commercial devices where the measured data are
sent every 1 s [20,22–25,27,28], every 1 min [29,30], and every 10 min. The websites do not
indicate the costs associated with commercial SMs.

Table 1. Open access datasets of household power.

Web Site Electrical Variables Time Resolution Number Houses Country

PECANSTREET [22] v, i, p, q 1 s–1 min 1115 USA
ACS-F1 and ACS-F2 [28] v, i, p, q, f, PF 10 s (0.1 Hz) 225 Switzerland
AMPds [29] v, i, f, pf, p, q, s, e 1 min 1 CANADA
BLUED [19] v, i 8.33 × 10−5 s (12 kHz) 1 USA
DRED [20] p 1 s (1 Hz) 1 Netherlands
ECO [23] v, i, p, q, PF 1 s (1 Hz) 6 SUIZA
GREEND [24] p 1 s (1 Hz) Austria and Italy
ERC p 10 min 255 UK
iAWE [25] v, i, f, p, q, s, e, PF 1 s 1 India
REDD [26] v, p 6.66 × 10−5 s 2 USA
REFIT [31] p 8 s 20 UK
Smart [30] v, f, p, s 1 min 400 USA
Tracebase [27] p 1 s 15 Germany
UK-DALE [21] v, i, p, s 6.25 × 10−5 s, 1 s, 6 s 3 UK

In the table, v is the voltage, i is the current, PF is the power factor, p is the active power, q is the reactive power, s
is the apparent power, e is the energy and f is the frequency.
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2.2. Meter Data Analytics

Data mining is the extraction of implicit information from other data. It can also be
defined as the exploration and analysis, by automatic or semi-automatic means, of large
amounts of data in order to discover meaningful patterns. Data mining techniques can be of
two types: (i) descriptive, looking for interpretable patterns to describe data; (ii) predictive,
using variables to predict future or unknown values of other variables.

The literature related to data mining, SGs, and SMs is varied. In this sense,
Lui et al. [32], developed a big data system for data acquisition, processing, and anal-
ysis to create a database.

Other authors have studied big data applied to SGs [33] and performed a literature
review on big data applied to electrical systems, defining the characteristics and future
challenges. In addition, they analysed the characteristics of the SMs integrated into big data
systems. Wilcox et al. [34], implemented a big data hardware/software system for the data
analysis of household information stored in the cloud and with access to the data through
a web portal. Yassine et al. [35] developed a big data analysis system based on an IoT
network for measuring electricity consumption in households. Diamantoilakis et al. [36]
applied big data-based methods for the real-time processing of data obtained by SMs.
Tu et al. [37] proposed standards to be met by future big data systems applied to SGs.

In other investigations, the load profiles of households were analysed by applying big
data-based techniques. Shyam et al. [38] studied data management techniques in the gen-
eration, transmission, distribution, and consumption of electrical energy. Saleh et al. [39]
used measured data to obtain load predictions by applying filters for analysis.
Guerrero et al. [40] developed a data mining algorithm to obtain an integrated database
that reflects the consumption and load profiles of a household. Cano-Ortega et al. [41]
developed a system for measuring electrical quantities to determine the load profiles of
dwellings with a LoRa wireless network using an ABC optimization algorithm.

2.3. Big Data Architecture and Cloud Computing

Numerous studies have been carried out on SMs and big data. Lui et al. [32] applied
a new development to ICT that allows reducing the data measured by SMs by utilizing
analytical techniques. They developed a web portal and a scalable platform to process
the measured data. Munshi et al. [2] implemented a platform of 6000 SMs with different
data visualization and cloud computing scenarios. Yildiz et al. [42] performed methods for
forecasting, clustering, classifying, and estimating the demand for electricity in households
to optimize energy consumption. The paper by Funde et al. [43] was based on the unique
combination of the symbolic aggregate approach (SAX), the discovery of temporal motifs,
and the association mining rules to detect expected and unexpected patterns. The exper-
imental data set obtained from the installed SMs supports the model developed in this
research. Andreadou et al. [44] analysed parameters such as size, message transmission
frequency, total transmission time, and buffer capacity and showed their effect on data
obtained from medium voltage networks.

Meloni et al. [45] developed an architectural solution based on the Cloud-IoT for state
estimation in SGs by combining cloud computing and the latest computer developments
together with virtualization techniques for data processing. Razavi et al. [46] trained and
developed genetic algorithms to predict the occupation status of households not only in the
present but also in the future with a high degree of accuracy. Sial et al. [47] used heuristic
techniques applied to data obtained with SMs to predict abnormal power consumption in
campus residential buildings.

Araujo et al. [48] evaluated the performance of cloud storage systems. Yassine et al. [4]
developed a platform for acquiring data from smart households using fog nodes and
cloud computing to obtain the processing, analysis, and storage of the data measured.
Forcan et al. [49] developed two communication models, cloud computing and fog nodes,
to be used for estimating electricity losses in SGs and monitoring the voltage profile of a
simulated IEEE system.
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2.4. Big Data Applied to Smart Grids

Munshi et al. [2] presented innovative research for advancing smart grids through
big data. They implemented a secure cloud-based platform. Tu et al. [37] conducted a
state-of-the-art review of big data applied to smart grid integration. They reviewed big
data applications for smart grids, focusing on the latest applications with the latest big
data technologies. Kumar et al. [50] designed a circuit to help users take control of power
consumption in their homes, improving energy savings through an intelligent method. The
measured information from the monitored homes is stored in a big data server. Wang [51]
proposed a localization oscillation scheme based on the theory and support of a vector
machine, phase difference oscillation, and forced phase difference oscillation. Zang [52]
improved the data analysis and data mining tool in energy control and improved the
service quality of the electricity market through the computerization of power systems.
Mostafa et al. [53] developed a framework for implementing big data analytics for smart
grids and renewable energy, and implemented a five-step method to predict the stability of
smart grids using five different machine learning methods.

2.5. Novel Contribution

Due to the existing limitations of the website that stores the data on the variables of
electrical consumption homes, this research realizes a platform that allows to visualize the
different electrical variables v, i, p, q, s and PF in real time with data upload every 0.5 s
from the SMs installed in the different homes. In addition, each user has an app that allows
to visualize the data in real time. Since the measured time series are below 1s, a large
amount of data is produced for each of the measured variables, so they must be treated by
NoSQL data management system and structured storage, which reduces the processing
time. Included in the platform is the comparison between different households, which
allows to analyse all the households that have been monitored since 2018.

The design of the measurement equipment and data upload to cloud are other ad-
vantages this research provides/achieved. The data uploads to the cloud every 5 s,
and the data storage in both the cloud and measurement equipment have a data limit
of one year. The SM was designed with a cost of EUR 46.28, considered as a low-cost
equipment. Being an open-source equipment, it can be programmed according to the needs
at any time and for each user.

After analysing the different existing platforms, this work adds the following innovations.

• Integration and storage of data from multiple sources. Traditional data usually deals
with data from a single domain, it is essential to find a fusion method for the data set
from multiple sources, which has different modalities, formats, and representations.
In terms of big data storage, although some of the systems such as Hadoop (HDFS)
seem to be feasible, it needs to be adapted and modified to fit the big data power grid;

• Real-time data processing technology for applications such as electricity consumption
measurement with resolutions below 0.5 s demand estimation studies, residential
occupancy, etc. Although the cloud system is able to provide a fast calculation ser-
vice, the network congestion, the complicated algorithm, combined with the massive
amount of data, results in latency;

• Big data visualization technology. Graph and chart visualization can present operators with
granular and explicit changes in electrical variables. However, how to effectively find and
represent correlations or trends among data from multiple sources is a major challenge;

• Data privacy and security. Data security is provided by 64-bit key encryption. Each
user has their own account which makes them independent from others. On the other
hand, a user with administrator role manages the system.

3. System Architecture

The SMH consists of a first data acquisition module that automatically collects data on
electrical variables (voltage, current, power factor, active power, and reactive power) every
half second. This information is dumped directly into a data storage system, allowing
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processing without performance problems, and can be performed by several devices at
once. Subsequently, this large amount of data is processed asynchronously for analysis and
selection. Interesting data for the different control panels (dashboards) are then loaded in
a web portal so that any user can study, analyse, or even download them. Each of these
system modules is detailed below. Figure 1 shows the system architecture.

Figure 1. System architecture.

3.1. Data Acquisition

The flow chart in Figure 2 shows the data acquisition performed with the SMH by
the Arduino Nano Rev3 (ANR3) microcontroller. The first task is the initialization of the
system. Then the continuous measurement of the fundamental electrical variables (v, i)
is performed using the analogue inputs A0 (v), A4, and A5 (i). Once the variables are
processed, they are sent through the serial port to the Arduino Wemos D1 mini (WD1m)
microcontroller and a backup copy is made to the SD memory card.

 

Figure 2. Flowchart for the measurement and computation of electric variable: ANR3 board.
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Each of the tasks to be performed requires a processing time: (i) 10 cycle measure-
ment of the input signals (200 ms); (ii) obtaining the fundamental and derived variables
(30 ms); (iii) sending data to ANR3 (1 ms); (iv) storing data on the SD card (9 ms); and
(v) waiting time until the next measurement (10 ms). The chosen sampling frequency is
1 kHz (1 ms). Since the measurement time is 200 ms, 200 samples are obtained in ten cycles
of the measured signal. The timeline for the measurement process is shown in Figure 3. In
the first part of the process, ANR3 obtains the fundamental and derived electrical variables.
Then, they are sent to WD1m and finally, the data are saved on the card. In parallel, WD1m
receives the data from ANR3 and uploads them to the cloud using the Wi-Fi connection.

Figure 3. Process timeline for the SM.

Due to the data acquisition time (0.5 s), rise times of 0.25 s are required. The free version
of Firebase offers storage times that meet the above requirements, with storage times of 0.1 s.
Figure 4 shows the flow chart of data uploading to the cloud. The process is performed
continuously by WD1m with the following steps: (i) system initialization; (ii) reading of the
serial port; (iii) uploading to the cloud; (iv) and confirmation of the data upload.

Figure 4. Flowchart for cloud data uploading: WD1m board.
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The timeline for the process developed by WD1m is shown in Figure 3. The execution
times are: (i) serial port data reading (1 ms); (ii) data upload to the cloud (150 ms); (iii) data
upload confirmation (50 ms); (iv) and timeout (49 ms).

3.2. Data Processing

Huge amounts of data are generated every millisecond from thousands upon thou-
sands of connected devices. This data, which constantly appears in the cloud, contains
potentially great business value. For this reason, we need to perform effective data process-
ing. In our system, once the data are obtained and stored in a “Not Only SQL” (NoSQL)
database, it must be analysed and processed to obtain the maximum information possible.
NoSQL is to talk about structures that allow us to store information in situations where re-
lational databases generate certain problems. These issues are mainly due to the scalability
and performance problems of relational databases, where thousands of concurrent users
log on and millions of queries per day occur.

At this point, and when dealing with an information system that stores a huge amount
of data, one of the first doubts is whether the data and information are all the same?
Let us start by defining data as a symbolic representation of some situation or event,
without any semantic sense, describing a concrete fact. However, we define information as
a set of data that are properly processed so that they can provide a message that contributes
to decision making when solving a problem or facing a situation in which any kind of
decision making is required.

The main objective of this module is to move from that large amount of data obtained
from the sensors of the data acquisition module to information that the end user can
understand and process and that is oriented to decision making, among other things. The
presented system automatically extracts and from time to time configures the data stored
in the NoSQL system; it processes, filters, and loads them into the data system of the
visualization platform described below.

3.3. Dashboard Design

The last module of the system, which serves the end user in visualizing aggregated
information in various ways, is a set of dashboards with different purposes.

Dashboarding is a dynamic and purpose-based visual interface needed to display
one-to-many database linkages so that the information can be presented for a single time
period or dynamically monitored over time. This allows a user to quickly define focus
areas of interest for their analysis.

Two dashboards were designed: a general dashboard and a device comparison dash-
board. The purpose of the general dashboard is to analyse and display information about
the load profiles in each household electrical vehicle (EV) consumption. This information
can be used in studies related to consumption habits, load forecasts, and demand estimates.
The purpose of the device comparison dashboard is to determine consumption patterns
in different inhabited areas, analyse the different loads used, and offer studies for the
development and planning of electrical networks.

4. System Integration

The technologies used in each module of the system and their integration
are described below.

4.1. Automatic Data Collection

The SMH used is based on the Arduino ANR3 and WD1m boards with local and cloud
storage. The data capture is performed with voltage sensors v and current i, which send
data through the analogue inputs of ANR3. Subsequently, the active power variables p,
reactive q, and power factor PF are calculated. The data are then uploaded by WD1m to the
cloud. Figure 5 shows the SMH block diagram.
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Figure 5. Hardware block diagram of the SMH.

The SMH is powered from the mains using a dual 12 V output transformer. The
supply signal is rectified to 12 V DC, which is within the range of the supply voltages
(range 7–12 V DC) supported by ANR3 and WD1m. The voltage sensor ZMTP101b is
connected to the 230 V mains and has an output of 5 V DC, which is supported by the
analogue input of ANR3. The current sensor used, STC-013, has a measuring range of
30 A, which translates to 1 V DC. Since the analogue input of Arduino is 5 V, the voltage is
increased from 1 V to 5 V DC by means of the digital/analogue converter ADS1115, the
voltage is increased from 1 V to 5 V DC.

Microcontroller: ANR3 is developed on the basis of the ATmega328P microcontroller
as an open-source platform for prototype development. It has a clock speed of 16 MHz,
which allows measurements in very short time intervals (0.25 s).

Wireless communication WD1m uses the ESP8266 platform for Wi-Fi communication
access, which works with the 802.11 b/g/n wireless system standard. This board ensures
upload times to the cloud of less than 0.15 s, being less than the expected 0.25 s.

Current sensor: The current sensor (STC-013) used in this research is of the non-
invasive type. This means that it does not modify the monitored electrical installation.
The 30 A version was chosen, which can be used in households up to 6600 W. For higher
currents, there is a 100 A version with a maximum power of 23,000 W. To increase the
1 V DC output of the current sensor to the 5 V analogue input of ANR3, an ADS1115
digital/analogue converter is used.

Voltage sensor: The voltage sensor used is the ZMPT101b voltage transformer. It
switches from 230 V AC from the mains to 5 V DC from the analogue input of ANR3,
directly obtaining the reading without the need for any intermediate equipment.

Datalogger shield: Due to the loss of data through the Internet connection, an SD card
mounted on a datalogger shield is used as a backup, ensuring storage without loss of data.
In this case, an 8 GB SD card was used, which allows data storage for 3.76 years.

Storage: From time to time, configured in the Arduino device, the data are sent to
the central data system. This massive data storage system is Firebase, a platform for the
development of web and mobile applications created by Google in 2014.

Specifically, the Firebase Realtime Database is a NoSQL database hosted in the cloud
that provides great performance for this type of connection. For the volume of data
produced by these models, SQL-based data queries are not efficient.

The PCB board for the SMH was designed and built. The board allows the connection
of all the components used, which are soldered and therefore a solid and resistant final
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system. The dimensions of the PCB board are 88 mm × 75 mm. Figure 6 shows the design
of the PCB board front side and assembled with components of the SMH.

  
(a) (b) 

(c) 

Figure 6. Printed circuit board (PCB) of the SMH with battery power supply: (a) front side: (b) back
side and (c) assembled with real components.

In order to know whether the SMH is capable of mass production, it is necessary
to make an economic assessment of the cost of the materials used. The budget also
serves to validate the low-cost objective proposed earlier. The prices shown are from
the manufacturers’ official shops. As these are open-source components, compatible
components can be found to further reduce the price. Table 2 shows the cost of the different
components used.

Table 2. Cost of the components for a SMH with a battery power supply.

Description Number Unit Price (EUR) Total (EUR)

Microcontroller Arduino Nano 1 20.00 20.00
ZMPT101b 1 10.20 10.20

Wemos D1 Mini 1 4.91 4.91
STC-013 1 5.40 5.40

Printed circuit board 1 0.40 0.40
Power supply unit 1 1.78 1.78

Box container 1 2.54 2.54
Auxiliary material and wiring ---- 1.05 1.05

Total cost 46.28
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4.2. Characteristics of Big Data

• Volume: Big data systems are associated with large volumes of data. Thus, data are
created by machines, networks, and social media. This means that the volume of data
to be processed is high;

• Variety: It is related to data formats and the different sources that generate them. Thus,
the data format can be structured, semi-structured and unstructured. Since data are
generated in formats such as photos, videos, logs, sensor devices, etc., this implies
facing challenges in terms of data storage, mining and analysis;

• Velocity: Refers to the pace of data generation and arrival. This section should include
the processing and interpretation time of the data received to improve decision making;

• Accuracy: It is essential that the data be reliable and of high quality. To this end, the
tools that manage data truthfulness within big data systems must eliminate noise and
abnormal data, which are modified to reliable and trustworthy data.

4.3. Big Data Framework for Households

The framework presented comprises the data life cycle of the proposed network. It
can be seen from the data generation phase to the analysis phase. Figure 7 shows the
framework that serves as the basis for dealing with the big data of the proposed network.

Figure 7. The framework to deal with electrical consumption in households with big data.

An integrated architecture based on big data and cloud computing is proposed. The
system contains the following parts: the cloud environment, the big data tools and the
database. Figure 1 shows the architecture of the proposed system.

4.3.1. Data Generation

The generated data stream comes from SMs installed in houses and PV installations,
measured every 0.5 s. The location of the monitored data is diverse (house, houses with
PV, house with PV and EV, and houses with EV). It is possible to add the information of
electrical variables generated with sensors that record meteorological variables. In addition,
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of the application to houses, commercial buildings, factories, and other renewable sources,
etc., can be included.

4.3.2. Data Acquisition

The data acquisition of the designed platform has in three tasks: data collection, data
transmission and data pre-processing. The generated data were explained in the previous
point that are collected by the developed SM.

The transmission of the collected data is performed through one or more master nodes
that are part of the Hadoop cluster. The collected data are sent to the data storage system
where it is processed in the following phases.

Data integration uses techniques that aim to combine data from different SMs in order
to unify the information. The files can be transferred in different formats, such as csv files,
json files, etc.

The information generated by the SMs contains the time stamp, the ID of each house,
voltage, current, active power, apparent power, and PF. In the data pre-processing phase,
erroneous information is modified or removed to improve data quality.

The data acquisition system must fulfil the collection function. In this sense, it must
collect, aggregate, and send large volumes of data from the SMs to the Hadoop master
node. The data are stored in files within an HDFS repository in the formats used.

4.3.3. Data Storage and Processing

HDFS performs the function of storing data for further processing. HDFS clusters
consist of a NameNode with the responsibility of controlling the file system metadata.
DataNode lists are used to store the actual data. Hadoop Yarn is the resource manager
for data analysis. Yarn runs in conjunction with HDFS on the same node list. This allows
processing of nodes with data that are part of the system.

4.3.4. Data Query

Once the data are stored in Firebase, a Python script is developed, which is executed
from time to time in an automatic and configurable way, by extracting, processing, and
filtering all the information. This information is necessary for the next module, the system
analysis, and visualization of the information. Subsequently, the information is uploaded
to HDFS and the data can be consulted from Kibana.

4.3.5. Data Analysis

The data of each home is sent to each of the users of the home, who can view it through
the web and App. They can also be consulted anonymously by the researchers to analyse
load profiles, estimate electricity demand, optimize electricity consumption, etc.

The main objectives of this phase are the improvement and stability of the system. The
role of the consumers is fundamental in the system. The data visualization is performed
with a dashboard, and the information can be accessed through the app and web portal.

4.4. Dashboard

A dashboard is a type of graphical user interface which often provides at-a-glance
views of key performance indicators (KPIs) relevant to a particular objective or business
process. In a dashboard, which summarizes the information to be shown to the user
according to one or several objectives, we usually find three types of elements:

• Timeline. A timeline provides a visual representation of events that help you bet-
ter understand history, a story, a process, or any other form of an event sequence
arranged in chronological order and displayed along a line (usually drawn left to right
or top to bottom);

• KPIs. A key performance indicator is a measurable value that demonstrates the
effectiveness of a company in achieving its key business objectives. The proposed KPI
model plays a key role in this work on monitoring residential electricity consumption.
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The idea is to monitor the electrical variables of homes. Based on our experience
in the implementation and creation of SM projects, we defined the most relevant
characteristics to know the performance of this type of systems. The proposed KPI
allows to measure the quality of the measurements made, the power and energy
consumption of the house;

• Data tables. It is very common to find this element within a dashboard, which
serves to analyse specific data and usually to download the set of data being dis-
played. The data table feature allows tabular representation of a database query to
be displayed. It also allows you and consumers to manipulate the display of the
data in the able while in the dashboard. For example, users can resize, sort, and
change the order of columns.

Different methods were tested for information visualization, including systems devel-
oped from scratch, some commercial systems such as Microsoft Power Bi 3, a data analysis
software solution with predefined graphs, etc. Finally, it was decided to use Elastic’s ELK
stack 4. Elastic Search is a NoSQL search engine built on top of Apache Lucene, a free and
open-source information retrieval software library. Aligned with the Elastic Search project
is the open-source visualization and analysis system, Kibana, which we utilized for custom
stakeholder dashboarding. The dashboards create a visualization the stakeholder selected
analysis and can be extended to recommend robust strategies to support decision making.
All these tools were integrated to work together to create a complete SG system.

5. Results

This section shows the tests carried out with the SMH. For this purpose, data were
collected from several households located in Jaén, Andalusia, Spain. The houses have
different characteristics, such as EV electric vehicles, PV solar photovoltaic generation, etc. In
each of them, the load profiles were monitored for comparison. The tests shown operation
for two days in the year 2022. Figure 8 shows the device connected in the house.

 

Figure 8. The device assembled with real components connected in the house.

The graphs show the average value of the electrical variable displayed (v, i, p, s, PF,
and q). The aggregation is performed on the data taken by the meter every 0.5 s. The system
automatically aggregates the data according to the time slice chosen for the display. This
helps to understand the temporal evolution of the measurement in the shown time slice.
As for the graphs on the left, the data are aggregated in an automated way according to
the chosen time slice. The data representation corresponds to 6 and 7 October 2022, for a
single-family house with four inhabitants.
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The results of the entire system can be seen in the following screenshots. Figure 9
shows the first dashboard, specifically the general dashboard, where we can see a timeline
with the values of reactive power q and voltage v.

 
(a) 

 
(b) 

Figure 9. General dashboard (a) q and (b) v.

Figure 10 shows the second dashboard, specifically the general dashboard, where
we can see a timeline with the values of apparent power p and current i. In Figure 10 it
appears that i and p evolve with graphs that have similar shapes. This is because v varies
in very narrow margins and remains almost constant within the time slice shown. It
can be observed in Figure 9 that the voltage is very stable; this is due to the consistency
provided by the electrical network. As a consequence, it has little influence on the variability
of power. The user can observe that the maximum consumption peaks occur between
08 and 10, 14 and 16, and 20 and 22 h which correspond to the hours of maximum occupation
in the household. These hours coincide with breakfast, lunch, dinner, and rest time for
viewing TV. The behaviour is similar in the two days shown.
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(a) 

 
(b) 

Figure 10. General dashboard (a) p and (b) i.

Figure 11 shows the power factor PF and apparent power s values. In all cases, the
two graphs on the right show the average values that are being reached in the selected and
configurable time period. The apparent power s is influenced by the variability of the electrical
current consumed in the household due to the stability of the voltage as shows Figure 11.

 
(a) 

 
(b) 

Figure 11. General dashboard (a) PF and (b) s.
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Figure 11 shows the behaviour of the PF on the two days shown. The PF is quite high
and has values close to the unit during the study period, which implies a high performance
of the receivers connected in the house and low losses. This is due to the use of class A+++
electrical appliances and an aerothermal air conditioning system.

In addition to the graphs of the electrical variables, the values are used for data
visualization and can be downloaded in CSV format. This feature is highly interest-
ing for homeowners or researchers because it enables studying the energy behaviour
of the household, photovoltaic (PV), and vehicle (EV). The CSV format was chosen
because it is accepted by most software used for analysis, such as MATLAB, Excel,
and most statistical suites.

By default, the dashboard loads the data from all the devices and shows these charts
for the average and accumulated values of the devices. It was also designed so that filtering
a component affects the rest of the displayed data. This allows filtering all the components
at the same time, including the data table. This data table allows sorting and filtering each
of the columns shown as well as downloading the data being displayed in CSV format.

Since everything is configurable, the platform allows different types of filtering for
almost every one of the data fields. The most frequent filtering types are the following:

Filtering by date range: This filter can be applied in the platform in different ways.
The most common is to use the date control that appears in the upper right corner, see
Figure 12. Another option to filter by dates is to select, with the computer mouse, a specific
area in the timeline charts. Automatically this range is selected and all the information and
charts are updated.

 

Figure 12. Filtering by date.

Filtering by device: We can use a filter control that the dashboard has in the upper
left corner to filter by one or several devices. All the data and graphs of the dashboard are
automatically updated. This filter control can be seen in the Figure 13.

The following designed and developed dashboard shows timeline-type graphs that
visually compare all the devices loaded in the data with all the established measure-
ments. From a visual point of view, it is interesting to see a great amount of information
in very little space.

Figures 14 and 15 compare three households. The evolution of the three houses can be
observed. One was analysed in previous figures and the other is a single-family household
with two and three inhabitants in house#11 and house#1, respectively. As opposed to the
house#13, in the second one the inhabitants are out of the house all day because of work,
returning home after 9.30 pm when a higher consumption is observed. House#11 and
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house#1 are occupied almost all day with consumption peaks in the middle of the day, in
the afternoon, and at dinner time. The use of these comparative graphs allows researchers to
obtain analyses from which they can deduce conducts applicable to obtaining load profiles,
demand estimates, energy study of the household, reduction in the electricity tariff, etc.

 

Figure 13. Filtering by device.

 
(a) 

 
(b) 

Figure 14. General dashboard comparison of (a) q and (b) v values.
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(a) 

 
(b) 

Figure 15. General dashboard comparison of (a) p and (b) i values.

Figure 16 shows the PF for the households, with EV and PV. House#13 and house#1
vary with respect to the PV, the work performed by the inverter for the grid connection,
which maintains the PF at 1 for almost the entire generation time, is clearly noticeable.
The EV, which is connected to the grid through a DC/AC converter, also maintains the
PF at values above 0.95 during most of the charging process, making it very efficient. The
different equipment installed in the households, especially the electrical appliances, make
the first household present a much higher value of PF, above 0.9, making it very efficient.
On the contrary, house#11 has equipment that reduces the average value of the PF to 0.65,
thus presenting a less efficient behaviour.

 
(a) 

 
(b) 

Figure 16. General dashboard comparison of (a) PF and (b) s values.
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App for Non-Expert Users

For less experienced users who have difficulties in using the dashboards created, an
app was created that allows real-time monitoring in a simpler and more interpretable
way. Each user can only see their own home in their app, leaving the comparison and
visualisation of other data to the dashboards. The App is personalised for each user and
only the user can use it.

The app displays real-time data with a timestamp of voltage, current, and power. In
addition, graphs of these three variables can be displayed, allowing the user to observe the
evolution of the recorded values over time. Figure 17 shows the apps for houses 11 and 13.

  
(a) (b) 

Figure 17. App for non-expert users: (a) house#11 and (b) house#13.
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6. Conclusions and Future Works

This research study successfully developed a prototype SMH for monitoring electrical
variables and uploading data to cloud using a wireless connection. This SMH was based
on the Arduino open-source electronic platform and input data were collected with a set of
sensors. The data are uploaded to the cloud each 0.5 s.

In addition, this study presents a web platform based on a cloud system that allows
an innovative analysis of data captured in the Internet of Things data from smart homes,
photovoltaics, and electrical vehicles in real time. Each user can download the data from
their SM and view them in the developed app. The data are also available for query and
download for the scientific community.

After the analysis of several solutions, we choose a cloud storage service for the
subsequent and automatic processing of the data and the visualization, going from data
to information. To validate the platform and present significant results, a case study was
presented using the data acquired. The results of the experiments clearly show the benefit
and feasibility of the proposed platform. We provided a detailed requirement analysis and
illustration of the platform components.

The authors refined the platform component and it was tested with datasets from
different electrical devices, such as household appliances. This approach is crucial to
validate the platform’s applicability and robustness in dealing with all types of IoT data
measurements. This research uses datasets with extensive temporal data and with different
types of households, allowing for comparisons of load profiles, electrical variables, etc.

Future lines of research would include adding datasets from different electrical de-
vices, such as household appliances. In addition, future research would include devel-
oping a demand–response algorithm to be included in the SM to work in conjunction
with the proposed methodology. Another possible line is aggregated information de-
rived from measurements with application of artificial intelligence algorithms, e.g., au-
tomatic prediction systems and development of tools to perform a multidimensional
analysis of the data.
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Abstract: Rising electricity prices and the greater penetration of electricity consumption in end-uses
have prompted efforts to set up data-driven methodologies to optimise energy consumption and foster
user engagement in demand-side management strategies. The performance of energy-management
systems is greatly affected by the consumer behaviors and the adopted energy-management method-
ology. Consequently, it is necessary to develop appliance-level, detailed energy-consumption informa-
tion models to inform citizens to improve behaviors toward energy use. The goal of the Home Energy
Management System (HEMS) is to foster an ecosystem that is energy-optimized and can manage
Internet of things (IoT) equipment over its network. HEMS allows consumers to reduce energy
costs by adapting their consumption to variable pricing over the day. With the use of descriptive
data-mining techniques, we have developed a numerical model that gives consumers access to infor-
mation on their domestic appliances with regard to the number and duration of operations, cycles
disaggregation for appliances that have cyclic operation (e.g., washing machine, dishwasher), and
energy consumption throughout various time periods basing on 15-min monitoring data. The model
has been calibrated and validated on two datasets collected by ENEA by real-time monitoring of
Italian dwellings and has been tested over several appliances showing effective analysis of the energy-
consumption patterns. Therefore, it has been integrated in the DHOMUS IoT platform, developed
by ENEA to monitor and analyse the energy consumption in dwellings in order to increase citizens’
engagement and awareness of their energy consumption. The results indicate that the developed
model is sufficiently accurate, and that it is possible to promote a more virtuous and sustainable use
of energy by end users, as well as to reduce the energy demand as required by the current European
Council Regulation (EU) 2022/1854.

Keywords: energy management; smart homes; smart appliances; patterns detecting algorithm

1. Introduction

Domestic energy consumption is estimated to account for 30–40% of worldwide gener-
ation [1] and it is expected to increase as more appliances and electronic devices are utilized.
Moreover, buildings contribute to one-third of worldwide final CO2 emissions, thus urging
a substantial reduction of both consumption and emissions in this sector [2]. Therefore,
energy efficiency has become one of the most important challenges. According to statis-
tics [3], customer engagement and awareness of better energy-consumption habits make
a considerable difference in energy reduction [4]. Consumers should be given individual
load-level consumption information rather than aggregated consumption information [5].
By raising customer knowledge on the usage habits of domestic appliances, appliance-level
energy information can significantly contribute to reducing energy consumption [6]. Home
energy-management systems (HEMS) can be an effective solution [7] by enabling a set of
long-term smart energy-saving applications [8]. They provide visual feedback to consumers
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in the form of energy-use statistics, utility-driven automation and control, load forecasting,
and optimum load-scheduling strategies [9]. With smart meters and sensors that can mea-
sure real-time power consumption, monitoring power consumption has become easier with
the help of signal-processing methods [10]. The Internet of things (IoT) adds a new degree
of machine-to-machine communication to the interactions between humans and apps.
The advancement of new communication technologies and smart devices that function by
parsing signals has increased the ability to manage different equipment. Smart home (SH)
devices can store data, respond to users’ prompts, provide feedbacks to users, and issue
alarms. SH-IoT promises to create an energy-optimized environment by connecting devices,
in addition to providing flexibility in home management and monitoring [11].

Unlike previous studies in which HEMS relies on raw data collected by energy meters
from which models disaggregate desired appliances by relying on classification methods
based on the prior information of appliance energy signatures, in this paper we propose
a model based on 15-min aggregated raw data that relies on descriptive data-mining
techniques. The model is quite simple and computationally less complex, yet effective. It
can detect energy-consumption patterns, the appliance operation (i.e., on–off, standby),
and the duration period in which the appliance is operative for all household appliances.
Moreover, it provides consumers with the information on the total number of cycles,
disaggregates cycles in close sequence, identifies cycles according to their duration (i.e.,
short, medium, and long cycles), and calculates energy consumption during customised
time periods. The model has been calibrated and validated on two datasets collected by
ENEA by real-time monitoring of Italian dwellings equipped with IoT devices. The former
dataset contains measurements of 58 domestic appliances from 14 homes over a period
of 2.2 years, and the latter contains measurements of 48 appliances from 10 homes over a
period of 6 months. The key contributions of this work are as follows.

1. A pattern-detecting method for different appliances (cyclic and noncyclic) has been
developed that is quite simple, computationally less complex, and that can accurately
disaggregate energy-consumption cycles occurred in the close succession. Moreover,
the algorithm developed herein could be applied to any device dataset.

2. The developed algorithms have been implemented in a code used to process the data
acquired by a IoT platform developed by ENEA and currently operating in some
dwellings, aimed at fostering user engagement and energy awareness by providing
customised feedbacks to the users.

3. The DHOMUS platform uses open and interoperable protocols for data acquisition at
the device and HEMS level and, therefore, can be easily replicated in broader contexts.

2. Literature Review

The diffusion of smart meters, low-cost sensors, and smart appliances has paved the
way for novel energy management strategies including communication and interaction
among users, devices, and the grid. Whereas greater resolution data is necessary for more
precise energy analysis, raw consumption data by itself is not enough to provide details on
the causes of energy demand and what can be done to reduce it.

Demand–response (DR) strategies can be used to boost the efficiency of smart grids.
There are several DR initiatives in the literature aimed at lowering customers’ bills and
reducing grid loads. Authors in [11] devised a homomorphic encryption-based alternate
direction technique of multipliers approach to address cost-aware appliance scheduling
optimization in a distributed way and scheduled home appliances without compromising
users’ privacy. They show that the suggested secure appliance scheduling for a flexible and
efficient energy-consumption method, termed SAFE, significantly decreases power costs
while protecting users’ privacy through an intensive simulation research by using real-
world datasets. Appliances’ operating mode identification, which uses the cycle-clustering
technique proposed in [12] is a smart home energy-management system primary approach
based on sensed power consumption values, which enables DR by allowing users to employ
energy-saving appliance operation modes. Cycles from an appliance single-usage profile,

424



Energies 2023, 16, 824

are extracted and reshaped into characteristics in the form of clusters of cycles. By using
K-nearest neighbours, these attributes are then used to determine the operating mode dur-
ing each occurrence. Identification of operation modes is deemed fundamental for several
possible smart DR applications inside HEMS. Authors in [13] presented the K-means clus-
tering technique to classify different modes of operations of home appliances. To validate
the proposed method, a case study based on a refrigerator was presented. By combining
an automatic switch-off system with load balancing and a scheduling algorithm, authors
in [14] proposed a smart-home energy-management system that reduces energy waste.
The load-balancing technique operates within defined limitations to keep the household’s
total energy consumption within a certain limit. The least slack time (LST) method is
used to schedule appliances, by considering the user’s comfort. The simulation results
demonstrated a considerable reduction in residential energy consumption aided by an
automatic switch-off mechanism thanks to the suggested LST-based energy-management
system (EMS). Support vector machines were used in [15] to identify load characteristics
of appliances in various operating modes, and a smart home energy-conservation system
was constructed to test the approach and validate the proposed EMS. The authors of [16]
applied an artificial neural network to identify usage patterns of some common household
electric appliances from daily profiles of energy records obtained with 15-min granular-
ity, and the proposed method showed effectiveness when applied to several daily load
diagrams captured by a few residential meters. The iterative disaggregation approach
based on consumption patterns presented in [17] is a method that merges the fuzzy C-
means clustering technique, which provides an initial working condition, with subsequence
searching dynamic time warping, which recovers single-source energy usage based on
typical power-consumption patterns. The results demonstrate that the suggested method
properly disaggregates power usage and is suited for situations when many appliances are
used at the same time. To decrease peak power and improve users’ comfort, authors of [18]
proposed an efficient home energy-management controller (EHEMC) based on the genetic
harmony search algorithm. With real-time electricity pricing and critical peak pricing tariffs,
they evaluated EHEMC for a single house and multiple dwellings. The study [19] provided
a nonintrusive affinity propagation clustering algorithm based on factor graph model and
the belief propagation theory, and the results revealed that the algorithm correctly recog-
nizes the basic and combination classes of household appliances. This strategy laid the
groundwork for power-management firms to efficiently and effectively allocate electricity.
The study [20] proposed a novel method for assessing the energy consumption of various
appliances, and it was utilized to develop a recommendation system that would advise
renters on how to reduce their usage.

Clustering, association rule mining, and artificial neural networks were all used to
perform data-mining tasks. Authors in [21] presented various unsupervised machine
learning techniques to find energy-usage patterns in a smart home. Moreover, they provide
solutions for smart metering systems that may help to: (1) raise energy awareness; (2) assist
accurate use forecasts; and (3) give input for demand response systems in homes that
provide users with timely energy saving advice. In [22], three data-analysis processes and a
data-mining framework, i.e., data classification, cluster analysis and association rule mining,
were proposed for efficient data analysis of buildings. A systematic approach for providing
immediate feedback and recommendations to building occupants to assist them in taking
appropriate action to minimize energy use was developed in [23]. For a specific building,
the notion of a reference building (RB), i.e., an energy-efficient building, was established,
and RB was created by using data-mining techniques that included clustering analysis
and neural networks. The performance of a building was determined in comparison to
a reference building, which provided feedbacks to suggest occupants the appropriate
actions to enhance building energy performance (e.g., turning off lights or heating and
air conditioning, etc.). In some other studies [24,25], the nonintrusive load-monitoring
(NILM) method was designed to identify the activation of a target appliance by analysing
the recorded active power transient response and estimating its consumption in real time.
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Smart metering, on the other hand, has been promising in several applications, such as
energy modelling [26–31], behaviour characterization [32–34], grid infrastructure technical
evaluations [35–39], and end-user engagement [40–42]. Power and consumption data for
household appliances used in a two-person family in Turkey was gathered with high
resolution in one-second intervals in [43]. Moreover, authors of [44] reported a dataset of
15 households in Germany over a 3.5-year period, with a total of 50 appliances monitored
at 1 Hz.

From the literature, it has been observed that most of work reported is related to overall
load-level consumption information, cost-aware appliance scheduling, load balancing, and
a scheduling algorithm based upon energy meter data. To the best of our knowledge,
we have not found simple models aimed at extracting patterns such as the number and
duration of operations, cycle disaggregation for appliances that have cyclic operation (e.g.,
washing machine, dishwasher), and energy consumption throughout various time periods,
which can be easily integrated into IoT platforms dedicated to residential users.

3. DHOMUS Platform

Data Homes and Users (DHOMUS), is a platform developed by ENEA (https://
dhomus.smartenergycommunity.enea.it, accessed on 1 December 2022) that is dedicated to
residential users for smart home applications. The layout of the smart home is depicted in
Figure 1 [45]. The main objective of DHOMUS is to make users aware of their energy data,
to let them understand how much energy they consume and why, to support reduction
of both consumption and costs, thereby contributing to decrease their impact on the
environment, to increase energy awareness, and to transform residential users into active
subjects that contribute to the stability of the grid. The DHOMUS platform currently
collects and analyses real-time data from smart homes located in Rome. They consist of
24 homes equipped with a kit of commercial sensors (their characteristics are described
in Table 1), which monitor the electrical consumption of the home meter and of selected
appliances, as well as the presence of people and indoor comfort. The management of
all these devices is wireless, based on Z-Wave protocol, and the gateway is connected to
the Internet through the energy box, which collects, integrates, and sends sensors’ data
to the cloud platform. As the electrical data acquisition time varies from sensor to sensor,
postprocessing is performed to calculate their 15-min averages, similar to the method used
for smart meters.

Figure 1. Smart home: representation of sensors.
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Table 1. Sensors used in the experimentation.

Sensor Manufacturer/Model Measured Quantity

Home energy meter Aeotec/ZW095-C power, energy
Smart plug Aeotec/switch 7 power, energy, current, voltage
Sensor and integrated or
comfort-presence

Aeotec/Multisensory 6 temperature, illuminance, humidity,
movement

Door/window contact Aeotec/Door window sensor opening/closing

3.1. Datasets

The model has been calibrated and validated based on two datasets of electrical
consumption of homes and single appliances monitored by DHOMUS platform, in the
following Dataset A and Dataset B. Dataset A includes energy measurements of 58 appli-
ances in 14 homes over 2.2 years, collected with a 15-min granularity. The start and end
times of the measurements are not the same for all dwellings, as reported in Table A1 in
Appendix A. Figure 2 depicts the available data for the appliances included in Dataset A.
For most of the appliances, the data are recorded over the period from February 2018 to
March 2020. Fridges, dishwashers, washing machines, and TVs are the most commonly
monitored appliances.

Figure 2. Percentage of available data for Dataset A.

Dataset B includes measurements of 48 appliances from 10 homes from June 2021 to
November 2021 and data were collected with a 15-min granularity as reported in Table A2.
Figure 3 shows the available data for the appliances in dataset B. Dishwashers and washing
machines have the most data available.
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Figure 3. Percentage of available data for Dataset B.

4. Methodology

4.1. Appliance Data Analysis Model

A model has been implemented in the MATLAB® environment to analyse the data
collected by the data acquisition system interacting with ENEA’s DHOMUS platform.
The model performs data mining and a statistical analysis of the energy use of the dwelling
energy meter and of single appliances, distinguishing between those that operate with
cycles (e.g., washing machine, dishwasher, tumble dryer) and those that operate continu-
ously (e.g., air conditioners, TV, etc.). The model can detect the operation mode (standby,
operating, off, monitoring sensor disconnected/not working) of all domestic appliances,
as well as the start, end, and length of operation. Moreover, a statistical analysis of electric-
ity consumption is also performed for each operation, determining the total consumption,
the average energy consumption on the reference time step, which is equal to 15 min,
and the maximum and minimum energy. Additionally, consumption is split into time slots
set by the ARERA Authority [46], as well as customised time slots between 8 a.m. and 8 p.m.
(with a minimum resolution of one hour). The model then carries out a monthly analysis of
the operation and calculates the number of times the appliance is working, the duration of
operation, and the total monthly energy, and then it compares these outputs with reference
values, based on similar users or benchmarks derived from the technical literature, in order
to make assessments on the actual use of the appliance. Additional outputs are calculated
for domestic appliances that operate in a cyclic mode. The model is simple, fast, and it can
distinguish nearby cycles in which one cycle runs immediately after another. It calculates
the number of times the appliance has been used and the corresponding consumption;
this information is used to provide households with feedback aimed at improving rational
energy use. The algorithms are detailed as follows.

The flow chart in Figure 4 represents the structure of the numerical model. First, the al-
gorithm imports monitoring data from .csv or .txt files exported from the data acquisition
system. Data for various homes, different household appliances, and for an arbitrary time
span could well be stored in the file. Input files have the following structure (taken from an
example file), and the description of parameters is shown in Table 2:

428



Energies 2023, 16, 824

home_id, sensor, date,sum_of_energy_of_power, delta_energy, last_value_switch
EnergyBox1, fridge plug,2019-01-01 00:30:00.0000,8.8,0,0
EnergyBox1, fridge plug,2019-01-01 00:45:00.0000,8.8,0,0
EnergyBox1, fridge plug,2019-01-01 01:00:00.0000,8.8,0,0

The quantities sum_of_energy_of_power and delta_energy provide similar informa-
tion on the consumption of the appliance; therefore, the model uses the former for the
energy calculations.

Module Smart Home Analyzer (SHAM) (i.e., module 1 in Figure 4) imports the mon-
itoring data in a table format. Then, it sequentially calls the modules explained below.
The call syntax is as follows:
smart_home_analyser_v2(B_id, B_name, elettrodom, energy_data).

The required inputs are B_id , the ID of the building which represents the energy box
(e.g., EB-1 to EB-14 for dataset A, and NEB-1 to NEB-12 for dataset B), B_name , the acronym
of the building used to plot the results and save the results, elettrodom, the name of the
appliance (e.g., “dishwasher”), and energy_data, a table with the imported quarter-hour
monitoring data. The code can recognize all possible appliances installed in the home.

Table 2. Input data for the model.

Parameters Description

home_id Name of the energy box
sensor Name of the sensor associated with the appliance
date Datetime
sum_of_energy_of_power Energy provided in Wh on a quarter-hour basis
delta_energy Energy counter, in Wh or kWh
last_value_switch sensor parameter (not used)

The module detects the dwelling and the appliance provided as input, and if it cannot
find the combination “house, appliance”, then it provides an error message and ends as
shown in Figure 4.

The function “smart home” (module 2 in Figure 4) is automatically called if the
dwelling and the appliance are found in the dataset. This function sorts the imported energy
data over time and removes any duplicate; moreover, it verifies the unit of measurement
of the energy quantities and, if necessary, converts from kWh to Wh. The module then
produces a table-formatted array containing the input quantities sorted through time,
checked, and with required units.

The function “appliances” (module 3 in Figure 4) automatically receives the following
inputs from the previous function: B_name is the acronym of the dwelling (e.g., “EB-
1”), B_appl and appl_name are the abbreviation and label of the appliance, respectively,
and they are used to plot and save the results, cyc_on is a boolean variable that indicates
whether the appliance has a cyclic operation or not, and t_cdz_i is the table array produced
by the "smart home" function.
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Figure 4. Flow chart of the numerical model.

Furthermore, the “appliance” module performs data analysis and data mining. First, it
provides a set of operating features that are used to calculate the appliance standby energy
and to setup customised daytime periods. Additional parameters are adopted for the study
of individual cycles if the appliance has a cyclic operation:

• Minimum cycle duration, i.e., shorter operations are neglected;
• Minimum cycle energy consumption, i.e., operations with a smaller consumption

are neglected;
• Parameters for the separation of nearby cycles;
• Threshold to skip the analysis for those months when insufficient data are available;
• Energy threshold to distinguish low consumption cycles;
• Time threshold for short cycles; and
• Time threshold for long cycles.

These parameters depend on the type of appliance, and therefore they require calibration.
The module creates a table with energy consumption and corresponding datetime,

which starts on the first day of the first month and ends on the last day of the last month
recorded in the imported dataset. This operation is useful to manage full months, especially
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to account for new sensors and for relying on a comparable data structure because sensors
may be connected to different appliances in different moments.

4.2. Information Analysis

The model relies on consumption during standby mode in order to determine whether
the appliance is operative or not. Standby energy (U) is calculated by the following equations,

F̂n(t) =
1
n

n

∑
i=1

Ei�t (1)

F = ∇F̂n(t) (2)

U = max(F), (3)

where F̂n(t)represents the empirical cumulative distribution of energy consumption Ei�t
function over time, and F represents the gradient of F̂n(t). The algorithm assumes that
switching from standby to normal operation corresponds to the maximum energy gradi-
ent; therefore, the standby consumption is calculated as the energy that determines the
maximum gradient of the cumulative distribution of measured consumption.

In actual operation, the appliance may perform several cycles in close succession (e.g.,
two washes, one immediately after the other for the washing machine). The model can
separate cycles in close succession based on their energy-consumption profile. The disag-
gregation of cycles is computed with the following equations,

Y = ∇θA (4)

ΔY = ZCI(Y), (5)

where θA is the energy consumption of aggregated cycles, Y is the gradient of consump-
tion and ΔY is the position over time of the relative maxima of energy consumption in
aggregated cycles. The ZCI(Y) function interpolates from the points it identifies near the
zero crossings to linearly approximate the actual zero crossings. Maxima characterized by
energy consumption above the value that corresponds to the percentile set as a parameter
of the model (e.g., 85% of the consumption of the aggregated cycle) identify separate cycles
and are used by the algorithm to disaggregate nearby cycles. Typically, energy consump-
tion is higher during the first stage of the cycle (i.e., water heating) for washing machines
and dishwashers.

As anticipated, the model neglects operations that last less than or that consume less
than the thresholds set as input parameters in order to exclude those situations that may
not represent real operating cycles. The corresponding data (spurious data) are stored
separately in the results.

Then the model allocates energy consumption in time slots. In particular, hours
between 8 a.m. and 8 p.m. can be grouped in a customized number of time slots provided
as input. Moreover, the algorithm accounts for the standard time slots defined by the Italian
Energy Authority (ARERA) as follows [46]:

• F1: from Monday to Friday, from 8 a.m. to 7 p.m. (except holidays);
• F2: from Monday to Friday from 7 a.m. to 8 a.m. and from 7 p.m. to 11 p.m., Saturday

from 7 a.m. to 11 p.m., (except holidays); and
• F3: from Monday to Saturday, from 12 a.m. to 7 a.m. and from 11 p.m. to 12 a.m.,

Sundays and holidays.

For each individual period and cycle of operation, the following quantities are cal-
culated: total energy consumption, average 15-min energy consumption, maximum and
minimum consumption, and maximum/minimum ratio as an indicator of the variability of
the consumption during operation.

The code then performs a monthly analysis, and calculates the following quantities:

431



Energies 2023, 16, 824

a. Number of records in the dataset;
b. Number of NULL records, i.e., with sensor disconnected or inactive;
c. Number of records with zero consumption;
d. Number of records when the appliance is in standby mode;
e. Number of spurious records, i.e., characterized by either duration or consumption

below the input thresholds;
f. Number of records when the appliance is operative;
g. Number of records when the appliance is operative during F1 time slot;
h. Number of records when the appliance is operative during F2 time slot;
i. Number of records when the appliance is operative during F3 time slot; and
j. Number of records when the appliance is operative during the i-th custom time slot,

for all daytime slots set as input.

Similar quantities are calculated with reference to the monthly energy consumption.
For household appliances with cyclic operation, the following additional quantities are
calculated by differentiating cycles according to energy consumption and duration:

• Cycles with consumption above the minimum input value;
• Cycles with duration less than the input threshold Sd1 (short cycles);
• Cycles with duration between boundaries Sd1 and Sd2 (medium cycles); and
• Cycles with duration greater than the input threshold Sd2 (long cycles).

Moreover, for single cycles and for aggregated cycles (i.e., cycles before the application
of the algorithm that distinguish cycles in close sequence) the following monthly quantities
are calculated:

• Percentage of records in the month;
• Number of cycles recorded;
• Number of cycles extrapolated for every month, in the presence of missing data (i.e.,

the sensor returns NULL) and within the limits of acceptability set as input parameter
(e.g., months with only 10% of records are discarded, because extrapolation over the
month would not be reliable);

• Number of cycles extrapolated on annual basis, that comply similar condition on
missing data as for monthly extrapolation;

• Average cycle duration;
• Average cycle consumption;
• Maximum consumption; and
• Minimum consumption.

Finally, the code performs a series of energy balance checks and then results are printed
and plotted in graphs, and the relevant variables are saved in .xlsx and .mat files.

5. Results and Discussion

In this section, the analysis on the operation of a washing machine is used as an
example to describe the results and the logic of the model. Indeed, this electrical appliance
has many features that can be representative of other appliances, i.e., it is cyclic, and it can be
used to illustrate the main features of the model. Similar remarks apply to other appliances.

5.1. Calibration of Parameters

As the algorithm can analyse all domestic appliances, the control parameters need to
be tuned before deploying the model to the analysis of real data. Hence, Dataset A has been
used for calibration of these parameters, which are then are applied to Dataset B in order
to validate the model. Table 3 shows the range of parameters and the calibrated values
obtained for washing machines. In detail, parameter st_by_prc is the reference percentile
of energy used to evaluate the usability of standby energy. Parameter min_dur represents
the minimum length of useful operative cycles, and the calibrated value (30 min) has been
obtained from all cyclic appliances. Parameter min_Wh represents the minimum energy of
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useful operative cycles (i.e., 100 Wh for washing machines). All the other parameters are
equal for cyclic appliances.

Table 3. Parameter tuning for washing machines.

Parameter Calibrated Value Tuning Range

st_by_prc 98 [90–99]
min_dur 30 min [15 30 45]
min_Wh 100 Wh [50 100 150 . . . 500]
thr_en 800 Wh [500 600 700 800]
thr_d1 45 min [15 30 45]
thr_d2 120 min [90 105 . . . 500]

5.2. Algorithm Results

The energy analysis starts with the calculation of the standby consumption of the
appliance. Figure 5 depicts the cumulative distribution of the energy consumption for a
washing machine from which the standby energy is equal to 0.15 Wh. The model uses this
value to distinguish among periods of operation and inactivity for the specific appliance.

Figure 5. Cumulative distribution of the energy consumption.

The energy consumption profile in a typical cycle for washing machines is shown in
Figure 6: an initial peak of consumption corresponding to water heating is followed by a
longer phase (depending on the type of cycle set by the user as well as the type, model,
and age of the appliance) with lower consumption. The algorithm calculates the gradient
of energy demand and finds consumption peaks, which correspond to relative maxima
(i.e., zero gradient), for each aggregate cycle (multiple nearby cycles). The consumption of
the peaks that separate individual nearby cycles (i.e., the first phase of operation) exceeds
a specific percentile of the cycles’ consumption, the value of which is selected among the
parameters of the model. Once the various cycles have been recognized according to this
methodology, the model determines the start and the end time (which corresponds to the
lowest consumption before the peak of consumption of the next cycle), and duration of
the single cycles. Tests have demonstrated that the algorithm is reliable in distinguishing
nearby cycles, as shown in Figure 7. A finer sample period could produce better accuracy,
but for the purposes of this investigation, the quarter-hour interval is appropriate.
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Figure 6. Automatic identification of the phases in the consumption profile of a single washing cycle
of a washing machine.

Figure 7. Automatic detection of two consecutive washing cycles.

Figure 8 illustrates a bubble chart with relevant information on cycle length and
consumption of the same washing machine. The start hour during the day is displayed
(abscissa) versus duration (ordinate), and the consumption is represented by the coloured
scale of bubbles, whose size is proportional to the ratio between the highest and lowest
quarter-hour consumption in the cycle. Larger bubble sizes in washing machines (and
dishwashers) indicate washing cycles at a medium-high temperature.

Figure 9 depicts the subdivision of records (upper chart) and consumption (lower
chart) based on the type of operation: appliance operative, standby mode, off, spurious
data, and sensor not active (i.e., n/a label). Washing cycles correspond to a small fraction of
the time but are associated with most of the consumption, unlike standby mode. Moreover,
Figure 10 shows the subdivision of the records on a monthly basis, whereas Figure 11
illustrates the monthly (histogram on the left) and overall subdivision of consumption (pie
chart on the right) for ARERA time slots. The upper graphs in Figure 12 show the monthly
(histogram on the left) and overall (pie chart on the right) allocation of consumption
according to the customized daytime slots, in the specific case three time slots (i.e., 8 a.m.
to 12 p.m., 12 p.m. to 4 p.m., 4 p.m. to 8 p.m.), whereas the bottom graphs represent the
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number of operating hours (histogram on the left) and the overall operating hours (pie
chart on the right).

Figure 8. Duration, start time, and energy consumption of a washing machine’s cycles.

Figure 9. Subdivision of records (upper graph) and consumption (lower graph) based on the type of
operation for a washing machine.

Figure 10. Monthly subdivision of records based on the type of operation for a washing machine.
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Figure 11. Monthly allocation of consumption in the three time slots defined by ARERA.

Figure 12. Monthly allocation of consumption according to the user-defined daytime slots.

5.3. Comparative Analysis

This section illustrates the comparison of appliances characterized by different energy
classes. As described, the proposed algorithm is able to detect many features, and some of
them have been selected in order to compare the performance of appliances: total number of
cycles (recorded, extrapolated), percentage of consumption during peak hours, percentage
of short cycles (recorded, extrapolated), percentage of long cycles (recorded, extrapolated),
average energy consumption of short cycles and average energy consumption of long cycles.

Table 4 compares seven washing machines representing three energy classes (A, A++,
and A+++) belonging to both datasets described in Section 3.1. Washing machines installed
in homes EB-2 and NEB-4 are class A, those installed in homes EB-3, NEB-9, and NEB-10
are class A++, whereas homes EB-9 and NEB1 use washing machines of class A+++. Homes
have a different number of residents, and they use the appliance in different manners.
The model can determine the usage pattern of households in such different contexts. Fur-
thermore, Table 4 presents the relevant quantities considered in the comparative analysis:
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the total number of cycles (Tnθ) that is subdivided into short and long cycles, the energy
consumption during peak hours (PEC), and the percentage of short cycles (Pθs ) and long
cycles (PθL ). The washing machine installed in home EB-3 carried out the largest number of
cycles (Tnθ) in both datasets, as confirmed by the energy consumption of both short cycles
(AECθs ) and long cycles (AECθL ). As regards the energy consumption during peak hours,
the washing machine in NEB-9 operated at 96% in this time slot, whereas the household
of EB-2 showed a wiser behavior since he run his washing machine only for 28% of the
time during peak hours. The percentage of short cycles for the washing machines of NEB-4
and NEB-1 is approximately the same even though the number of short cycles is 23 for
the former and 52 for the latter, and the corresponding energy consumption during the
analyzed period is 2.263 kWh and 3.264 kWh, respectively. Therefore, the average energy
consumption in a single short cycle calculated for these appliances is consistent with their
energy labels, i.e., class A and A+++ respectively.

Table 4. Comparative analysis on energy consumption for washing machines.

Home EC NoP Tnθ PEC Pθs AECθs PθL AECθL
Rθ Exθ Peak Hours PRθs PExθs (kWh) PRθL PExθL (kWh)

EB-2 A 2 99 114 28% 6% 6% 1.140 54% 53% 8.523
NEB-4 A 2 31 36 45% 65% 64% 2.263 0 0 0
EB-3 A++ 4 340 391 72% 7% 6% 2.062 42% 41% 18.295
NEB-9 A++ 3 31 26 96% 9% 88% 3.759 0 0 0
NEB-10 A++ 2 80 74 44% 86% 85% 3.662 0 0 0
EB-9 A+++ 3 82 21 65% 12% 19% 1.492 4% 0 2.521
NEB-1 A+++ 4 76 82 60% 64% 65% 3.264 1% 1% 1.558

Similarly, the results obtained with seven dishwashers monitored in the two datasets
are reported from Figures 13–15. Figure 13 depicts the total number of cycles (recorded and
extrapolated) in both datasets. The model calculated the highest number of cycles for the
dishwasher in EB-12, while the total number of cycles for dishwashers in EB-1, EB-9 and
in NEB-1 are similar. Figure 14 illustrates the percentage of short and long cycles for the
dishwashers. The highest number of long cycles occurred in EB-1 while dishwashers in
NEB-1, NEB-4, NEB-9, and NEB-11 operated only short cycles. Figure 15 depicts the total
energy consumption of long (orange bar) and short (green bar) cycles during the analyzed
period. The dishwasher in EB-12 consumed more energy during long cycles. By comparing
the usage of appliances with their energy labels, it can be seen that even though dishwasher
in EB-9 run fewer cycles than the dishwasher in EB-12 (see Figure 13), they consumed a
similar amount of energy (see Figure 15). This outcome is consistent with the energy class
of those appliances, i.e., class D for the former and class A++ for the latter.

Figure 13. Energy recorded and extrapolated by the model for different dishwashers.
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Figure 14. Percentage of short and long cycles for dishwashers.

Figure 15. Energy consumption in short and long cycles for dishwashers.

In order to test the model on other datasets found in the literature, we applied it on
the GreenD Energy database [47], containing detailed information on energy consumption
obtained through a measurement campaign in households in Austria and Italy (December
2013 to November 2014). The results show that our implemented algorithms can extract
all patterns for the available appliances in the dataset, including disaggregation of energy
consumption cycles occurred in close succession, which is one of the distinctive outcomes
of the model, as shown in Figure 16.
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Figure 16. Comparison of energy consumption cycles occurred in close succession for the washing
machine.

5.4. Feedbacks to the Consumer in DHOMUS Platform

The implemented model has been integrated in the DHOMUS platform in order to
provide users with feedback on the electrical consumption and to compare their energy
habits and patterns with other users participating in the experimentation, and with bench-
marks as well. The platform provides a web interface for user feedback to encourage their
virtuous and conscious behaviours. Moreover, a monthly report presented in Figure 17
contains summary of the calculations carried out by model and some suggestions to pro-
mote energy saving. In particular, the monthly report shows the detailed results obtained
from the model and related to consumption during peak hours and to the shares of short
cycles (“cicli brevi” in Italian) and of long cycles (“cicli lunghi” in Italian). Furthermore,
tips are provided to the users, e.g., those reported in Figure 18 for the washing machine
(infographics are in Italian since the DHOMUS platform is native for Italian users), which
shows a comparison with similar users. Moreover, tips are provided to assess the impact of
virtuous behaviours, e.g., the reduction of the number of cycles by using the appliance at
full load in order to reduce water consumption as well. On the other hand, Figure 18 shows
the comparison of the average consumption with simular customers: washing machine,
refrigerator, and dishwasher are compared in a bar graph on the left side of the illustra-
tion. The orange bar reflects the average consumption of other users, while the blue bar
represents the average consumption of the specific user.

Figure 17. Feedback on the DHOMUS platform regarding the use of washing machine (in Italian).

439



Energies 2023, 16, 824

Figure 18. Section of the DHOMUS dashboard reporting the user’s consumption vs. average
consumption of other similar users (in Italian).

6. Conclusions

In this paper, a method for the detection of energy-consumption patterns from house-
hold appliances data for a smart home platform is described. The model is quite simple,
computationally not intensive, but effective in detecting patterns, such as the number of
times the appliance is on, off, in standby mode, start time, end time, etc. The method can
handle both cyclic and noncyclic appliances. For cyclic appliances, by using descriptive
data-mining techniques, the model provides quantitative information on the total number
of cycles and the disaggregation of cycles in close succession. Moreover, energy consump-
tion computation over customized time periods and disaggregation of aggregated cycles
is a distinguishing feature of the proposed model. The model has been applied on a set
of appliances for training and for parameter calibration. Validation has been done with a
different dataset, demonstrating that the model can efficiently detect energy consumption
and usage patterns. Results from two cyclic appliances (washing machine, dishwasher) are
presented to show how the model manages energy-consumption patterns, disaggregates
independent washing cycles, and performs monthly statistics. Based on these findings,
the implemented model has been integrated into DHOMUS, an IoT platform developed by
ENEA, to offer users feedback on their consumption patterns and enable them to effectively
compare their energy habits with those of similar customers.

The proposed model can be used with sufficient accuracy for all kinds of household
appliances. However, the current release of the model can only handle batch processing
data with 15-min granularity. Furthermore, in the case of high-frequency data sets (e.g.,
with 1-s data sampling), a frequency conversion algorithm is required before applying
our developed algorithm, because the current version of the model automatically imports
dataset where data have been already aggregated every 15 min by the IoT devices. More-
over, the current version of the model cannot be used in a real-time processing environment;
the latter feature has been selected among future developments of the numerical code.
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Abbreviations and Symbols

The following abbreviations and symbols are used in this manuscript:

DHOMUS ENEA’s Data Homes and Users Platform
DR Demand response
EC Energy class
HEMS Home Energy Management System
IoT Internet of Things
NoP Number of people
SH Smart home
NILM Non-intrusive load monitoring
Tnθ Total Numbers of cycles
Rθ Recorded cycles
Exθ Extrapolated cycles
PEC(F1) Percentage of energy consumption during peak hours
PRθs Percentage of recorded short cycles
PExθs Percentage of extrapolated short cycles
Sd1 Lower cycle duration limit (short cycles)
Sd2 Higher cycle duration limit (long cycles)
AECθs Energy consumption of short cycles
PRθL Percentage of recorded long cycles
PExθL Percentage of extrapolated long cycles
AECθL Energy consumption of long cycles
Ei�t Energy consumption function over time
F̂n(t) Empirical cumulative density function
U Standby energy
θA Aggregated cycles
Y Gradient over aggregated cycles

Appendix A

Table A1. Details of Dataset A.

Home Appliance Start Date End Date Time Span Days Available Data Data Holes

EB-1 Fridge 21/02/2018 28/03/2020 766 61.89% July–August 2019
EB-1 Dish washer 20/02/2018 28/03/2020 767 61.37% July–August 2019
EB-1 Washing machine 21/02/2018 28/03/2020 766 45.30% July–November 2019
EB-1 Tv 21/02/2018 28/03/2020 766 37.77% July–November 2019
EB-2 Fridge 22/02/2018 28/03/2020 765 34.73% March 2019–March 2020
EB-2 Bimby 22/02/2018 28/03/2020 765 28.60% March2019–March 2020
EB-2 Washing machine 22/02/2018 28/03/2020 765 33.76% March2019–March 2020
EB-2 Lamp 22/02/2018 28/03/2020 765 28.57% March 2019–March 2020
EB-2 Fan heater 22/02/2018 28/03/2020 765 15.89% March 2019–March 2020
EB-3 Fridge 14/04/2018 28/03/2020 714 87.83% Nov-18
EB-3 Air conditioner 14/04/2018 28/03/2020 714 85.16% Nov-18
EB-3 Washing machine 01/03/2018 28/03/2020 758 10.26% March 2018, November 2018
EB-3 Microwave 14/04/2018 28/03/2020 714 86.41% Nov-18
EB-4 Vacuum cleaner 02/03/2018 28/03/2020 757 5.58% February 2020–March 2020
EB-4 Kettle 02/03/2018 28/03/2020 757 44.95% February 2020–March 2020
EB-4 Washing machine 02/03/2018 28/03/2020 757 52.46% February 2020–March 2020
EB-4 Tv 02/03/2018 28/03/2020 757 58.91% February 2020–March 2020

EB-5 Dish washer 02/03/2018 28/03/2020 757 58.27% March 2018, 2019, January 2020–March
2020

EB-5 Washing machine 02/03/2018 28/03/2020 757 58.68% March 2018,2019, January 2020–March
2020

EB-5 Coffee machine 02/03/2018 28/03/2020 757 58.96% March 2018,2019, January 2020–March
2020
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Table A1. Cont.

Home Appliance Start Date End Date Time Span Days Available Data Data Holes

EB-6 Fridge 09/05/2018 28/03/2020 689 61.57% June 2019–August 2019, January
2020–March 2020

EB-6 Dish washer 09/05/2018 28/03/2020 689 52.80% June 2019–August 2019, December
2019, January 2020–March 2020

EB-6 Washing machine 09/05/2018 28/03/2020 689 59.37% June 2019–August 2019, January
2020–March 2020

EB-6 Microwave 05/03/2018 28/03/2020 754 48.17%
March 2018–April 2018, June
2019–August 2019, December 2019,
January 2020–March 2020

EB-7 Fridge 06/03/2018 28/03/2020 753 55.41% July 2019–March 2020
EB-7 Dish washer 06/03/2018 28/03/2020 753 47.23% July 2019–March 2020
EB-7 Washing machine 06/03/2018 28/03/2020 753 54.79% July 2019–March 2020
EB-7 Microwave 06/03/2018 28/03/2020 753 52.13% July 2019–March 2020

EB-8 Vacuum cleaner 09/03/2018 28/03/2020 750 29.95%
March 2018–April 2018, August
2018–September 2018,
February–March 2020

EB-8 Washing machine 06/03/2018 28/03/2020 753 47.61%
March 2018–April 2018, August
2018–September 2018,
February–March 2020

EB-8 TV 09/03/2018 28/03/2020 750 29.37%
March 2018–April 2018, August
2018–September 2018,
February–March 2020

EB-9 Fridge 05/04/2018 28/03/2020 723 65.16% April 2018, January 2020–March 2020
EB-9 Dish washer 06/04/2018 28/03/2020 722 65.10% April 2018, January 2020–March 2020
EB-9 Washing machine 05/04/2018 28/03/2020 723 26.81% April 2018, January 2020–March 2020
EB-9 Microwave 19/10/2018 28/03/2020 526 66.39% January 2020–March 2020
EB-9 Fan heater 05/04/2018 28/03/2020 723 64.51% April 2018, January 2020–March 2020

EB-10 Fridge 04/04/2018 28/03/2020 724 20.77%
August 2018–September 2018, March
2019–May 2019, August
2019–March 2020

EB-10 Dish washer 05/04/2018 28/03/2020 723 20.67%
August 2018–September 2018, March
2019–May 2019, August
2019–March 2020

EB-10 Washing Machine 04/04/2018 28/03/2020 724 20.56%
August 2018–September 2018, March
2019–May 2019, August 2019-
March 2020

EB-10 TV 05/04/2018 28/03/2020 723 20.75%
August 2018–September 2018, March
2019–May 2019, August
2019–March 2020

EB-11 Fridge 19/06/2018 08/06/2020 720 79.84% April–June 2020
EB-11 Washing machine 20/06/2018 08/06/2020 719 79.46% April–June 2020
EB-11 Lamp 19/06/2018 08/06/2020 720 75.31% April–June 2020
EB-12 Oven 27/02/2018 31/01/2020 703 82.25% No Holes
EB-12 Dryer 27/02/2018 31/01/2020 703 15.84% No Holes
EB-12 Dishwasher 02/03/2018 31/01/2020 700 83.45% No Holes
EB-12 Microwave 27/02/2018 31/01/2020 703 82.37% No Holes
EB-12 Washing machine 02/03/2018 31/01/2020 700 17.72% No Holes
EB-12 TV 27/02/2018 31/01/2020 703 79.11% No Holes
EB-13 Fridge 20/06/2018 08/06/2020 719 44.85% July 2019–June 2020
EB-13 Dish washer 13/06/2018 08/06/2020 726 45.74% July 2019–June 2020
EB-13 Washing machine 13/06/2018 08/06/2020 726 43.07% July 2019–June 2020
EB-13 Warmer 07/09/2018 08/06/2020 640 41.11% July 2019–June 2020
EB-13 Oven 07/09/2018 08/06/2020 640 29% April 2019–June 2018
EB-13 Fridge 12/06/2018 08/06/2020 727 38.06% April 2019–June 2018
EB-13 Dishwasher 07/09/2018 08/06/2020 640 29.49% April 2019–June 2018
EB-13 Microwave 12/06/2018 08/06/2020 727 36.31% April 2019–June 2018
EB-13 TV 12/06/2018 08/06/2020 727 38.01% April 2019–June 2018
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Table A2. Details of Dataset B.

Home Appliance Start Date End Date Time Span Days Available Data Data Holes

NEB-1 Dryer 01/06/2021 30/11/2021 182 92.20% No Holes
NEB-1 Kids’ computer 01/06/2021 30/11/2021 182 40.80% June–August 2021
NEB-1 Computer studio 01/06/2021 30/11/2021 182 40.81% June–August 2021

NEB-1 Bedroom air
conditioner 01/06/2021 30/11/2021 182 59.20% October–November 2021

NEB-1 Kids’ room air
conditioner 01/06/2021 30/11/2021 182 77.08% No Holes

NEB-1 Living room air
conditioner 01/06/2021 30/11/2021 182 92.20% No Holes

NEB-1 Whole house
lighting 01/06/2021 30/11/2021 182 39.86% June–August 2021

NEB-1 Dishwasher 01/06/2021 30/11/2021 182 92.22% No Holes
NEB-1 Washing machine 01/06/2021 30/11/2021 182 92.23% No Holes

NEB-1 Water heater and
heat pump 01/06/2021 30/11/2021 182 92.26% No Holes

NEB-1 Tv Bedroom 01/06/2021 30/11/2021 182 19.22% June–August 2021, November 2021
NEB-1 Tv living room 01/06/2021 30/11/2021 182 40.81% June–August 2021

NEB-2 Dryer 01/06/2021 30/11/2021 182 4.80% June–August 2021,
October–November 2021

NEB-2 Bedroom air
conditioner 01/06/2021 30/11/2021 182 0% Whole Period

NEB-2 Living room air
conditioner 01/06/2021 30/11/2021 182 10.61% June–September 2021

NEB-2 Dishwasher 01/06/2021 30/11/2021 182 4.82% June–August 2021,
October–November 2021

NEB-2 Washing machine 01/06/2021 30/11/2021 182 15.21% June–August 2021, June–August
2021, November 2021

NEB-2 Water heater and
heat pump 01/06/2021 30/11/2021 182 4.79% June–August 2021, June–August

2021, November 2021
NEB-3 Dishwasher 01/06/2021 30/11/2021 182 92.90% No Holes
NEB-3 Washing machine 01/06/2021 30/11/2021 182 92.94% No Holes
NEB-3 Tv 01/06/2021 30/11/2021 182 92.87% No Holes

NEB-4 Bedroom air
conditioner 01/06/2021 30/11/2021 182 3.32% June–July 2021,

September–November 2019
NEB-4 Fridge 01/06/2021 30/11/2021 182 87.77% No Holes
NEB-4 Dishwasher 01/06/2021 30/11/2021 182 87.70% No Holes
NEB-4 Washing machine 01/06/2021 30/11/2021 182 87.21% No Holes
NEB-5 Coffee machine 01/06/2021 30/11/2021 182 83.43% No Holes
NEB-5 Fridge 01/06/2021 30/11/2021 182 84.11% No Holes
NEB-5 Washing machine 01/06/2021 30/11/2021 182 84.11% No Holes
NEB-5 TV 01/06/2021 30/11/2021 182 84.07% No Holes

NEB-6 Dryer 01/07/2021 30/11/2021 152 83.75% No Holes
NEB-6 Fridge 01/07/2021 30/11/2021 152 83.85% No Holes
NEB-6 Washing machine 01/07/2021 30/11/2021 152 83.85% No Holes
NEB-6 Dishwasher 01/07/2021 30/11/2021 152 83.84% No Holes

NEB-6 Bedroom air
conditioner 01/07/2021 30/11/2021 152 73.49% No Holes

NEB-9 Washing machine 01/06/2021 30/11/2021 182 56.65% November 2021
NEB-9 Dishwasher 01/06/2021 30/11/2021 182 56.57% November 2021

NEB-9 Bedroom air
conditioner 01/06/2021 30/11/2021 182 56.65% November 2021

NEB-9 Bedroom air
conditioner2 01/06/2021 30/11/2021 182 56.63% November 2021

NEB-9 Dryer 01/06/2021 30/11/2021 182 56.60% November 2021
NEB-10 Washing machine 01/06/2021 30/11/2021 182 69.66% No Holes
NEB-10 Dishwasher 01/06/2021 30/11/2021 182 48.88% No Holes
NEB-10 Fridge 01/06/2021 30/11/2021 182 69.63% No Holes
NEB-11 Washing machine 01/06/2021 30/11/2021 182 2.70% July–November 2021
NEB-11 Dishwasher 01/06/2021 30/11/2021 182 55.68% No Holes
NEB-11 Fridge 01/06/2021 30/11/2021 182 55.65% No Holes

NEB-11 Bedroom air
conditioner 01/06/2021 30/11/2021 182 45.57% October–November2021

NEB-11 Air conditioner
hobby room 01/06/2021 30/11/2021 182 2.47% July–November2021

NEB-12 Fridge 01/06/2021 30/11/2021 182 69.75% No Holes
NEB-12 Washing machine 01/06/2021 30/11/2021 182 68.89% No Holes
NEB-12 Dishwasher 01/06/2021 30/11/2021 182 69.72% No Holes
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Abstract: Collecting, storing, and providing access to Internet of Things (IoT) data are fundamental
tasks to many smart city projects. However, developing and integrating IoT systems is still a
significant barrier to entry. In this work, we share insights on the development of cloud data storage
and visualization tools for IoT smart city applications using flood warning as an example application.
The developed system incorporates scalable, autonomous, and inexpensive features that allow users
to monitor real-time environmental conditions, and to create threshold-based alert notifications.
Built in Amazon Web Services (AWS), the system leverages serverless technology for sensor data
backup, a relational database for data management, and a graphical user interface (GUI) for data
visualizations and alerts. A RESTful API allows for easy integration with web-based development
environments, such as Jupyter notebooks, for advanced data analysis. The system can ingest data
from LoRaWAN sensors deployed using The Things Network (TTN). A cost analysis can support
users’ planning and decision-making when deploying the system for different use cases. A proof-of-
concept demonstration of the system was built with river and weather sensors deployed in a flood
prone suburban watershed in the city of Charlottesville, Virginia.

Keywords: Internet of Things; smart cities; environmental monitoring; LoRaWAN; cloud computing;
AWS; data management; cost analysis

1. Introduction

Recent advances in information and communication technologies (ICT) are enabling
Internet of Things (IoT) smart city projects to collect and analyze vast amounts of data in
an effort to support more environmentally and economically sustainable communities [1,2].
For instance, smart stormwater projects have shown successful IoT-based infrastructure-
monitoring applications to address communities’ operation and planning challenges [3–5].
As IoT devices become more pervasive, the collected data is expected to play an increasingly
central role to inform communities’ decisions and, therefore, it is critical to develop and
maintain cyber infrastructure to collect, store, and visualize sensor data.

However, as a growing number of new ICT technologies become available, the task of
developing and integrating hardware and software solutions for IoT smart city projects
can demand extensive specialized knowledge in different ICT domains [6,7], which can be
challenging for IoT system designers. To reduce IoT systems’ design effort and to make IoT
solutions more accessible, The Things Industry (TTI) [8] created and sponsored The Things
Network (TTN) [9], a set of open-source tools to provide the basic software infrastructure
to deploy IoT sensors based on LoRaWAN [10,11], a low-power and wide-area network
(LPWAN) wireless communication protocol. This open-source project enables contributors

Smart Cities 2023, 6, 1416–1434. https://doi.org/10.3390/smartcities6030068 https://www.mdpi.com/journal/smartcities
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around the globe to publicly share TTN compatible gateways that can connect LoRaWAN
sensors to a network server known as The Things Stack, which is maintained by TTI. The
use of TTN for smart city projects has been successfully demonstrated in the literature for
different applications (e.g., [3,12]), while it also benefits communities by creating an open
LoRaWAN communication infrastructure that can be leveraged by other IoT projects such
as air quality monitoring [13].

Although deploying an IoT system is greatly simplified by using TTN tools, their
goal is to provide only the network server infrastructure and leave the application server
to be developed by users. For instance, long-term data storage, graphical user interfaces
(e.g., plotting tools), and the capacity to send alarm notifications are functionalities not
supported by TTN’s network server. To achieve such functionalities, users need to develop
their own application server or adopt third-party service providers such as Ubidots [14]
and myDevices [15]. Another possible solution is to develop a custom server using a TTN
open-source networking solution and modify it to include application layer functionali-
ties; however, this solution implies an increased server workload and code maintenance
requirements when compared to only developing and hosting application layer functions.

While third-party application servers might provide great value to many applications,
users might still decide to develop their own application server solution to achieve more
control over their data, to create customized application solutions, or to reduce recurring
costs. However, developing an application server implies selecting, developing, and
integrating software modules to achieve the application’s goals, which can be challenging
due to the large diversity of architecture options and software solutions currently available
as commercial products and open-source modules. In this context, IoT application case
studies can offer users a valuable insight into developing and integrating software systems
to meet application goals. To help guide users on the path of creating integrated IoT smart
city applications, we introduce our use case of a flood warning system for a suburban
watershed in Virginia, USA. Our system uses a pressure sensor and two ultrasonic sensors
to monitor water levels at three locations on the stream network, and a weather station to
monitor precipitation rates. All our monitoring devices use LoRAWAN to communicate
to TTN’s network server. We developed and integrated a scalable set of cloud-based
application tools to perform long-term data storage, data visualization, and automated
alarm notification functionality. We discuss the implementation challenges and insights for
our system, as well as a cost analysis using Amazon Web Services (AWS). To support users’
planning and decision-making, we included a cost analysis section where we evaluate how
costs currently evolve with time, number of sensors, and data storage requirements.

This paper’s main contributions can be summarized as: (1) our work provides practical
insights on the development of cloud-based tools for IoT applications, an emerging area
that is frequently overlooked in empirical IoT research; (2) we propose a general cloud
backend system architecture that can guide IoT developers to quickly prototype smart
city applications by using our demonstrated tools such as serverless data ingestion for
IoT historical backup data storage, on-demand MySQL database and Grafana servers, and
a RESTful API for programmatical data access; and (3) we perform a cost analysis for
the first few years of using AWS cloud services in an IoT application, highlighting the
cost-effectiveness of our proposed solution, and providing to IoT developers a cost estimate
of these cloud services under a varying number of sensors and data rate.

This work is organized as follows: in Section 2, we present an overview of related
works on IoT for smart city projects that share similarities with our solution; in Section 3,
we introduce our example application along with its objective and goals; in Section 4, we
present the use case, the adopted overall system architecture, and the design requirements;
in Section 5, we present our main results and discussion; finally, in Section 6, we present
our final conclusions.
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2. Related Work

To illustrate some of the possible IoT architecture solutions to smart city projects, we
selected two works, the first one targeting Radon gas concentration monitoring [16] and
the second one a smart stormwater system using LoRaWAN and TTN [3]. The Radon gas
concentration monitoring work was selected to represent a typical IoT project, where the
study made use of available components and tools to build its own remote sensing solution.
The smart stormwater system work was selected as an example of a similar application goal
using LoRaWAN and TTN, but one adopting alternative design components to our system.

2.1. Radon Gas Monitoring Application

To monitor the concentrations of Radon gas in indoor locations, the authors of [16]
presented an IoT system that collects and transmits data to a remote server where values
are stored. We summarize the IoT system architecture used for the Radon gas application
in Figure 1.

 

Radon Scout 
gas sensor

Raspberry Pi 
(MQTT Client)

MQTT 
Broker

Node-RED
(MQTT Client)

MySQL 
database

Publishes Subscribes

Remote Server

Web Server
(PHP + HTML)

Users

Figure 1. IoT system architecture diagram for the Radon gas monitoring application.

As sensing devices, the authors adopted a commercially available Radon Scout gas
sensor connected to a Raspberry Pi 3 device, used as a controller, and connected to the in-
ternet. The Raspberry Pi was programmed to read and transmit sensor data to their remote
server through a message queuing telemetry transport protocol (MQTT) [17] communi-
cation interface. The server receives sensor data through a MQTT broker that publishes
received messages to a subscribed MQTT client managed by a Node-RED [18] application
responsible for parsing and storing the data in a MySQL database [19]. Finally, a web server
interface was created to read the database and display a table of stored sensor readings
to users.

For our flood warning use case, we adopted a commercially available LoRaWAN gate-
way and sensors. While our LoRaWAN gateway required internet connectivity similarly
to the Raspberry Pi controller used in this related work [16], the LoRaWAN sensors can
be deployed hundreds of meters away from the gateway, which allowed us to reach our
desired deployment locations. We used TTN as our network server to register and manage
devices, reducing development time and enabling better scalability as new sensors only
need to be registered to our TTN application. For this related work [16], authors needed to
individually configure the MQTT clients in each one of their Raspberry Pi devices to pub-
lish sensor measurements to their server’s MQTT broker, as well as individually manage
any security key. Instead of using Node-RED to parse and ingest data as adopted in this
related work [16], we used a python script to manage the data ingestion and parsing system
that periodically receives data from our TTN application through a MQTT client. As our
data storage solution, we also adopted a MySQL database, as similarly presented in [16],
but we also decided to create a dedicated long-term cloud-based storage solution using
AWS S3 [20] as a backup to the MySQL database. For this long-term data storage backup,
we used AWS Lambda [21] service to create a serverless and independent data ingestion
solution to periodically request data from TTN storage integration and store it in AWS S3.
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Instead of displaying sensor data through a website server, we created a dashboard on a
Grafana application [22] to plot relevant sensor information such as measurements and
battery voltage level.

Although the authors of this related work were targeting an indoor Radon gas mon-
itoring application, some of their system components could be adopted by other IoT
applications such as in collecting and displaying data from LoRaWAN sensors connected to
TTN. For instance, TTN offers a MQTT Broker service that can publish received LoRaWAN
messages to subscribed clients, making it possible to re-use the server infrastructure de-
scribed in [16] by updating the broker address, client credentials, parsing function, database
configuration, and sensor measurement variables.

2.2. Smart Stormwater System Application

For the stormwater monitoring system introduced in [3], the authors deployed a set
of sensors around the Illawarra-Shoalhaven region in Australia. Their sensors relied on
either the LoRaWAN or 4G cellular network to communicate, depending on each sensor’s
required data rate. Sensing devices included water-level sensors, tipping bucket rain gauges
sensors, pressure and humidity sensors, lagoon monitoring devices, and a culvert blockage
monitoring system. To receive data collected by the LoRaWAN based sensors, the authors
deployed a network of TTN gateways in the study region. This gateway infrastructure was
also seen by the authors as an investment to support other future applications including
education-related projects. We summarize the IoT system architecture used for the smart
stormwater system application in Figure 2.

Figure 2. IoT system architecture diagram for the stormwater monitoring application.

To store and display the collected data, authors of [3] adopted the open-source solution
provided by the ThingsBoard [23], using the MQTT protocol to receive LoRaWAN sensor
data from TTN and store it in a PostgreSQL database. ThingsBoard also provides alerting
and graphical interface tools to generate custom dashboards to display sensor data in
real time and send automated alert messages. The authors did not specify whether the
server solution was hosted in a computer owned by them or a cloud solution, however,
ThingsBoard offers a platform as a service solution where they host their system in the cloud
with pricing currently ranging from USD 10/month (Maker) to USD 749/month (Business).

Despite offering data storage, API access, and visualization tools, Thingsboard is a
turnkey software solution that requires users to have an always-running server to ingest,
store, and visualize data. On the other hand, our solution leverages cloud services to break
down data ingestion from other on-demand uses, namely: (1) a serverless data ingestion
and storage cloud application using AWS Lambda [21] and AWS S3 [20]; (2) a virtual
machine instance with a MySQL database to provide responsive data access; and (3) a
second virtual machine hosting a Grafana server [22] to provide data visualization. Our
serverless data ingestion solution requires only a few lines of code to query sensor data from
TTN, parse, and store data as a csv file in AWS S3, thus reducing the complexity to manage
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bugs and update the system when compared to full servers such as ThingsBoard [23]. Using
dedicated virtual machines for a database and visualization allows for tailored resource
allocation based on the application needs, the flexibility to provide only the needed service,
and code isolation to facilitate upgrading, adding, or switching services (e.g., replacing
MySQL with PostgreSQL).

3. Example Application Motivation and Objectives

With the increase in weather variability and flooding [24], it is vital that communities
launch flood mitigation initiatives for the safety and quality of life of their residents. To
create a sensing and alert system, we need to collect real-time sensor data from various
locations around a city, and parse, store, provide responsive visualization, and transmit
alert messages. For preemptive flood management strategies, we also need to collect data
about existing infrastructure and land features to model stormwater flow and forecast
future flood conditions.

This example application’s main goal was to demonstrate cloud-based application
solutions to support the monitoring and alerting of flooding events. The basic features of
our application system include data collection, storage, visualization, and alert creation
as well as a RESTful API to provide data access to data-driven environmental forecasting
and physics-based stormwater flow simulation. Although this use case is focused on flood
warning, we describe each component and lessons learned in a general way, so it can be
easily translated to other smart city use cases.

4. Methodology

4.1. System Architecture Overview

Data flows from sensors to our cloud-based software solution as depicted in the system
architecture diagram in Figure 3. We built our cloud-based system using Amazon Web
Services (AWS) to take advantage of their latest resources and capabilities such as serverless
functions (AWS Lambda [21]), data storage (Amazon S3 [20]), API gateway interfaces
(Amazon API Gateway [25]), and computing instances (Amazon EC2 [26]).

Figure 3. Our system architecture diagram using Amazon Web Services and The Things Network.

Using AWS Lambda [21], sensor measurements are queried from our TTN application,
transformed, and uploaded as csv files to our long-term cloud data storage solution in an
AWS S3 bucket [20]. We adopted a MySQL database server to provide responsive data
access to our application. The MySQL database is hosted in an AWS EC2 instance [26]

451



Smart Cities 2023, 6

alongside a python script that ingests historical sensor data when the virtual machine starts
up, and another script that connects to our application’s TTN MQTT broker to receive and
ingest real time sensor data. The data is then queried for visualization, monitoring, and
alerts through a graphical user interface (GUI) tool, Grafana [22]. Both MySQL and Grafana
EC2 instances are only started under demand if users need fast access to structured data or a
monitoring dashboard, respectively. Sensor data can also be programmatically downloaded
using our RESTful API, as, for instance, in scripts to perform data analysis tasks in Jupyter
notebooks [27], or to perform modeling tasks with Storm Water Management Model
(SWMM) software [28]. We also hosted a static website to document the API interface and
offer users direct access to data download using Swagger UI [29]. While not explicitly
shown, we assume simulation and modeling tasks will be performed by users in their own
servers that could either be hosted by EC2 instances in AWS, by other cloud providers, or
also hosted on their own computer machines.

4.2. Design Requirements

Our cloud-based system requires several different components to work in conjunction
to meet application requirements. Firstly, the deployed IoT sensors must successfully relay
messages to the TTN network server to deliver real time data. The data must then be
received, processed, and stored in our MySQL database and the S3 long-term data storage
for backup purposes. To make the system simpler to develop and manage, we adopted
a single cloud service provider to develop our application’s services and tools. In this
system’s case, it was hosted by provisioning services through Amazon Web Services (AWS).
Next, for this system to be sustainable and meet different users’ cost constraints, it must
operate at minimum cost and have efficient resource consumption. The system must also
be intuitive and straightforward to deploy, use, maintain, and modify.

4.3. System Components
4.3.1. Sensors, TTN, and Ingestion to Cloud Platform

As proof-of-concept, we deployed three water level monitoring sensors and one
weather station in a flood prone watershed in Charlottesville, VA. All four devices were
connected to The Things Network (TTN) through a LoRaWAN gateway installed in the
same neighborhood region as the devices. We utilized commercial sensors from Decent-
lab [30] to focus efforts on data gathering, storage, and analysis systems rather than on the
sensor’s hardware and software. Another motivation behind this decision was to make our
solution more general and easily translatable to other smart city projects based on sensor
hardware compatible with The Things Network (TTN). We have left sensor deployment
details out of the scope of this work, since our main goal is to advance the software backend
infrastructure of IoT systems.

The sensors communicated using LoRaWAN [10,11] with TTN-compatible gateways
that interfaced with TTN network server through an internet connection. The sensors were
connected to TTN to enable cost effective interfacing and management, and to utilize the
platform’s available single-day storage via TTN’s data storage integration service. To query
data from TTN and upload it to the Amazon Web Service (AWS) stack, we wrote a python
function to perform a HTTP GET request to retrieve data for a particular application. This
data querying python function runs as an Amazon Lambda service that is periodically
executed, set initially to run in one-hour intervals. To ingest real-time data to our MySQL
database, we used MQTT clients connected to our TTN applications’ MQTT brokers. TTN
network server MQTT broker publishes new sensor data to our MQTT clients as soon as it
is available in their server, providing our application with timely access to information.

4.3.2. Cloud Platform and Used Services

We decided to develop our application using AWS tools, but the same application
architecture can be reproduced using equivalent services from other cloud providers. For
regions impacted by flooding, high availability of the computing backend is imperative
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due to the need for quick analysis of the incoming weather and real time water level data.
AWS offers high availability, which includes regional failovers in case a data center is
taken offline. Deploying and redeploying resources on AWS can also be quickly automated
using AWS CloudFormation [31], a tool used to provision specified resources (such as
Lambda, EC2, RDS, etc.) through a provided script. The code written for the backend of
the cloud-based system can be found at [32].

Amazon Lambda

AWS provides a serverless computing platform known as Amazon Lambda [21], which
allows users to run their custom functions on demand. The underlying infrastructure of
Lambda is maintained by AWS, which means the system developer must only worry about
choosing the correct runtime environment to deploy their code. Using Lambda, the sensors
are queried for uplink data at specified intervals. The uplink is then parsed, and the data is
transformed to only include information pertinent to the application. The sensors’ uplink
data is uploaded to S3 for long-term storage and becomes available to be queried into
the MySQL database when needed. After the Lambda function finishes uploading the
transformed data, it automatically shuts off, allowing the user to pay only for the computing
time and memory resources used rather than provisioning a continuously running machine
(e.g., EC2). Lambda was chosen for our solution due to ease of scalability with future added
devices, monitoring, high availability, and resource efficiency. For instance, if a new TTN
application is added to the system, the existing Lambda function can be promptly updated
to query sensor data. Should multiple applications need to report data in overlapping
intervals, the same Lambda function can run in parallel of up to 1000 instances if needed.

The Lambda functions for this use case require modification from the default settings.
We used the AWS SDK Pandas Lambda Layer [33] to query from TTN, parse data, and to
store or read data from a S3 bucket. Python’s Pandas module is used to quickly transform
and manipulate data. The urllib3 module is used to send HTTP requests to The Things
Network’s storage integration and to retrieve sensor data. Other configurations for the
Lambda function include setting the allocated memory to 192 MB (determined by AWS
Compute Optimizer [34]), a timeout limit of 1 min, and being triggered to run once every
hour. The lambda function triggering period can be adjusted based on application needs,
where shorter periods translate to lower latency between data being available on TTN
and stored in the S3 bucket but also resulting in higher costs for the lambda function
computing service.

Another use we make of AWS Lambda is to return stored sensor data requested by our
RESTful API and to manage user authentication. When receiving a query from Amazon
Gateway API, a lambda function is initially executed to check an authorization token
provided in the API request and authorize or deny the API request. If authorization is
granted, a second lambda function reads, and parse data stored in the long-term data
storage solution in the S3 bucket to return the required data to the API gateway. This
lambda function to query data from S3 and return to the API gateway is configured to
allocate 512 MB of data as a compromise between cost and performance to serve the API
functionality and timeout limit of 1 min. The authorizer function uses the default settings
of 128 MB memory allocation and 3 s timeout due to the simplicity of our currently adopted
solution that only checks if the authorization key input matches a hardcoded string value.

Amazon S3 Data Storage

Amazon Simple Storage Solution (S3) is a cost-effective way to store data for extended
periods. Data collected by sensors are uploaded in S3 for long-term storage as a read-only
resource of the raw data feed. These readings can be used to repopulate the database in
case of a database failure or migration and can be performed using the python library
created for this system. AWS also maintains a python module (BOTO3 [35]) that allows
users to download a copy of the readings from S3 to a local machine. All readings in S3 are
currently stored as the AWS Standard tier for regular access for this application example.
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Another use for the S3 storage is hosting static websites. We used a S3 bucket to store
our RESTful API documentation using the Swagger UI interface [29]. Our website is based
on the Swagger UI demonstration provided in their github page, and adapted to read an
OpenAPI 3.0 description of our API service. The static website contains the API server
address, a description of the required header, all accepted parameters, and the possibility
to perform an API GET request trial with parameters provided by the user.

Amazon Elastic Cloud Compute

To host MySQL and Grafana, two Amazon Elastic Compute Cloud (Amazon EC2)
instances were provisioned. Amazon EC2 allows for a continuous computing platform on
the cloud, which allows access to the database and Grafana when needed. The developed
system uses t3.micro instances with 10 GB storage, which fits the needs of this example
application by minimizing costs while still maintaining a reliable performance for the
relatively low number of sensors currently in the system. A more capable instance could
be used to serve a larger number of users or for a use case requiring quicker response
times. For this study, MySQL and Grafana were hosted on two separate EC2 instances for
simpler management and increased flexibility, allowing, for example, the easy replacement
of visualization software or on-demand use of MySQL database to allow fast data access
to applications. It may also be worthwhile to adopt an AWS Relational Database Service
(RDS) [36] instead of an EC2 instance running MySQL as the system database solution and
then scale the RDS database based on the application’s requirements for maintainability
and access speed. This was considered, but not implemented in this study because RDS
comes at a higher cost. However, RDS has the advantage that it provides built-in scalability
as data volumes and users grows. The Section 5 includes a cost comparison between these
alternatives for hosting the database and a discussion of pros and cons of each alternative.

4.3.3. Relational Database Design and Implementation

As our relational database, we selected MySQL as a simple solution with wide com-
munity support. We deployed MySQL on the cloud through Bitnami [37], which provides
a pre-configured virtual machine image which is ready to be loaded to an Amazon EC2
instance. We created an entity relationship diagram (ERD) to normalize the sensor readings
as shown in Figure 4. The ERD is centered around the Measurements entity, which stores
the value of individual data points along with the time of data collection (Received_at).
The Devices entity stores the device’s unique identifier (Device_ID), the device’s model
(Device_model), the last received battery reading of the device (Last_battery), and the
last activity timestamp (Last_activity). Similarly, the Locations entity contains data on the
latitude, longitude, and altitude for each location that data is collected from, along with a
unique identifier for each location. For each value in the values table, the Variables entity
stores the data points’ unique display name and the unit of the variable. The Measurements
entity has a one-to-many relationship with the three other entities, meaning that each value
data point can only have one device, variable, and location, while the remaining entities
can have many values for each data point in their tables. This ERD was developed by
advancing an approach from previous related research [38]. This design of the database
allows for easy further advancement and change as additional devices and variables can be
more easily incorporated.

4.3.4. Graphical User Interface

This system allows users to visualize and monitor data through Grafana, an open-
source analytics platform for querying, visualizing, and alerting on data metrics. Grafana
was selected as the software solution to visualize incoming data due to its dynamic dash-
boards, built-in alerting capabilities, and its specialization in time series data.

Grafana was deployed on the cloud through Bitnami [37], which provides a system
image of a pre-configured Grafana stack on AWS. A connection was then made to the
MySQL database in Grafana to access the data for visualization. Dashboards of each
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monitoring station were created to display relevant information for users. In Figure 5 we
show an example of the dashboard for the water depth monitoring station. This dashboard
includes a graph of the water depth over time, statistics on the water depth values for
the set time range, a water level gauge of the current depth, a map of the sensor station
location, and a gauge of the sensor battery level. The water depth graph and gauge allow
users to view the current and past water levels in relation to a threshold of 0.4 m to signify
flooding. Grafana’s built-in alert system can send alert notifications if the incoming data
triggers a set alert rule. As an example, the water depth dashboard has alert rules set to
send a notification through the messaging application Slack [39] if the 0.4 m threshold is
met, although sending alerts to other systems or via email is also possible.

Figure 4. Entity relationship diagram for database design.

 

Figure 5. Grafana decision support dashboard of a water depth monitoring sensor.

4.3.5. RESTful API

Our RESTful API serves as a programmatic interface for users to quickly download
data from sensors. We created the API using the Amazon API Gateway service [25] and
lambda functions, both to manage API access and to read, parse, and return data from our
long-term data storage solution in AWS S3. To document our RESTful API and provide
easy access to sensor data, we created a static website using Swagger UI and it is currently
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hosted using AWS S3 buckets. We also enabled CORS in our API Gateway service, and we
added a custom header with an authorization token for access control.

We described our API following the Open API 3.0 framework and stored it as a json file
loaded to a specification variable in the javascript code for our documentation website. To
download data using the API, the user will be required to input a valid authorization token
to be granted access. Although we are currently using a simple custom lambda function to
grant access, other more comprehensive user access management tools can be used in future
versions, such as Amazon Cognito [40]. Other available parameters to customize the sensor
data request are: “application”, which selects which TTN application to download data
from; “device_id” which selects devices using a unique identifier; and “last” or “start_date”
and “end_date” which allow the selection of periods of time to download data. Using the
“last” parameter, users can retrieve data collected by the sensors from the time of querying
to the day specified. Using the “start_date” parameter, users can specify the beginning
of the time range of the dataset to download. By default, if only one of “start_date” or
“end_date” parameters are provided, data from the single specified day will be returned.
Using the API, the user can request datasets for any of the available sensors. In Figure 6,
we illustrate a typical use of the API to request data from a pressure sensor by using the
Swagger graphical user interface. In Figure 7, we show a typical API call with parameters
and the response.

 

Figure 6. Example of parameters for the sensor data download API, with the asterisk representing
the required authorization token field.
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Figure 7. Response from API using example parameters.

5. Results and Discussion

5.1. Discussion of Alternative System Components and Potential System Enhancements
5.1.1. Cost Analysis of Cloud Services

The first two versions of the databases created for this application example were
hosted in a MySQL database using Amazon Aurora [41] and then Amazon RDS [36]. For
the application example needs, Aurora and RDS costs presented a constraint, which is the
reason we chose two EC2 instances to host MySQL and Grafana that meet user requirements
at a lower average cost. The current virtual machine cyber infrastructure costs between
USD 24 and USD 210/year, depending on how long the EC2 instances will be required
to be available. However, the database hosted this way may require maintenance such
as updating software, or services to fix bugs, along with providing no regional failover.
In the event that an AWS region experiences an outage, regional failover allows a copy
of the database hosted in a separate region to quickly take over operations. Since in our
use case we might not need Grafana and the MySQL database to be always available, the
EC2 instances can be shut down and only started under demand, for example when users
expect an incoming storm. Turning off the EC2 instances reduces the recurring costs to
only the instance’s storage units, which costs around USD 12/year for each instance using
currently 10 GB of memory space or around USD 24/year for both EC2 instances. Should
the application require seamless regional failover and high database performance, one
alternative solution is the provision of two redundant instances running Amazon RDS for
MySQL with multi-availability zone support. This configuration’s estimated costs are USD
623.28/year, considering on-demand instance base costs and 10 GB of SSD storage. Memory
storage calculations and their associated costs with S3 and the database configurations
were based on the sensors used in the proof-of-concept system (Table 1).

457



Smart Cities 2023, 6

Table 1. Adopted Sensors for the Proof-of-Concept IoT System.

Device Type Model Measured Variables Readings/Month

Atmospheric DL-ATM-41 18 4800
Pressure DL-PR-26 3 4800

Ultrasonic (unit 1) DL-MBX 3 4800
Ultrasonic (unit 2) DL-MBX 3 4800

Our calculations for Tables 2–7 were carried out based on the current sensor device
configuration of the system (Table 1), pricing rates at the development time (January
2023), and a projected 5-year use. The default measurement frequency for the system is
1 measurement every 10 min, averaging 4380 readings per month. To account for temporary
measurement frequency increases during storm events, calculations instead used a figure of
4800 readings per month. One csv file is uploaded every hour to S3 for each registered TTN
application, with each write request to S3 costing USD 0.000005. Sensor devices currently
in use are one eleven parameter weather station (DL-ATM41), one pressure/liquid level
and temperature sensor (DL-PR26), and two ultrasonic distance/level sensors (DL-MBX),
with one TTN application for each sensor model type, resulting in a total of three TTN
applications. The average payload size for these four sensors is 343 bytes after parsing and
transforming, and the csv file header average size is 822 bytes. Since the weather station
contains more measurements per reading than the other two sensor types, its sampling
frequency has the most significant impact in the used data storage space. It is important to
note that, when data is stored in the MySQL database, the weather station requires almost
five times as much storage capacity as either of the other two sensor devices. Since the
current system is based on these four sensor devices, AWS storage configurations may need
to be readjusted based on the chosen sensors for the application’s system.

Table 2. MySQL database storage (MB) requirements over time per device type (4800 readings/
month).

Device 1 Month 1 Year 5 Years

Atmospheric 7.13 85.58 427.92
Pressure 1.50 18.02 90.098

Ultrasonic 1.50 18.02 90.09
Current Config (CC) 11.63 139.64 698.19

Average (CC) 2.91 34.91 174.54

Table 3. S3 storage costs calculations for generic sensor devices in the first year (343 Bytes/sensor
payload, 828 Bytes/csv header, 4800 sensor payloads/month, and 3 TTN applications).

Number of Devices Q1 Q2 Q3 Q4 Total

1 1 Storage (GB) 0.006 0.012 0.018 0.025 -
Cost (USD) 0.03 0.03 0.03 0.03 0.12

4
Storage (GB) 0.023 0.046 0.070 0.093 -
Cost (USD) 0.03 0.03 0.04 0.04 0.14

50
Storage (GB) 0.23 0.47 0.70 0.93 -
Cost (USD) 0.04 0.06 0.07 0.09 0.26

100
Storage (GB) 0.46 0.47 0.70 0.93 -
Cost (USD) 0.05 0.08 0.11 0.14 0.38

1 Only one TTN application was considered for this case.
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Table 4. MySQL database storage (GB) requirements over time based on number of generic IoT
devices (1 kB/reading and 4800 readings/month).

Number of Devices 1 Month 1 Year 5 Years

1 0.01 0.05 0.27
5 0.02 0.27 1.37
25 0.11 1.37 6.87
50 0.23 2.75 13.73

100 0.46 5.49 27.47

Table 5. Database cost on single EC2 instance (t3.micro) assuming a single instance, storage require-
ments for 5 years, and generic IoT devices (1 kB/reading and 4800 readings/month).

Number of Devices Storage Requirement (GB) Cost/Month (USD) Cost/Year (USD)

1 5 8.09 97.10
4 5 8.09 97.10

25 10 8.59 103.10
50 15 9.09 109.10
100 30 10.59 127.10

Every 5 new devices +2 +0.20 +2.40

Table 6. Database cost on 2 separate RDS EC2 instance (db.t3.micro) with multi-availability zone
deployment and assuming generic IoT devices (1 kB/reading and 4800 readings/month).

Number of Devices Storage Requirement (GB) Cost/Month (USD) Cost/Year (USD)

1 5 51.94 623.28
4 5 51.94 623.28
25 10 54.24 650.88
50 15 56.54 678.48

100 30 63.44 761.28
Every 5 devices +2 +0.40 +2.40

Table 7. Database cost on Aurora (t3.small) 1 and assuming generic IoT devices (1 kB/reading and
4800 readings/month).

Number of Devices Storage Requirement (GB) Cost/Month (USD) Cost/Year (USD)

1 5 61.39 736.68
4 5 61.39 736.68
25 10 62.39 748.68
50 15 64.44 773.28

100 30 67.44 809.28
Every 5 devices +2 +0.30 +3.60

1 For 50 devices and more, we estimated higher IOPS to handle the average measurement writing load. The cost
also includes running 2 EC2 instances by default for regional failover.

The overall yearly system costs can also be lowered by configuring S3 and EC2
instance provisioning and by using built-in AWS cost optimization tools. For S3, if the
backup data will not be frequently accessed, it is recommended to change the access tiers
of the data. For this application example, the data is stored under Standard tier, which
costs USD 0.023 per GB. In future iterations of the system, it is recommended to use
Intelligent-Tiering: Standard-Infrequent Access (USD 0.0125 per GB), One Zone-Infrequent
Access (USD 0.01 per GB), or even Glacier tiers (USD 0.004 per GB). For the Infrequently
Accessed and Glacier tiers, there is a retrieval fee for every gigabyte retrieved. Infrequently
Accessed will allow for millisecond latency to the user when requesting data, whereas
with Glacier it can take minutes or hours. Deleting data from non-standard S3 tiers before
their minimum storage durations will charge the user for the respective minimum storage
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durations. Infrequently Accessed and Glacier tiers also have a minimum capacity charge
per object, so it is recommended to combine individual readings into larger datasets (i.e.,
monthly readings per sensor) to store as one file in these tiers. To reduce costs of EC2
instance provisioning (including for RDS and Aurora), AWS allows for reserving instances
in 1 and 3 year increments instead of using on-demand instances, bringing costs down by
up to 38%. The costs calculated in this paper use the current configuration of the system
which uses on-demand EC2 instances and consider they will remain always on.

As shown in Table 2, our current configuration of four sensors reporting on aver-
age between six and seven samples per hour (4800 samples/month) results in a MySQL
database of less than 140 MB of data at the end of the first year of operation. In Table 3,
we show that storing this amount of data in AWS S3 service would cost USD 0.14 for the
first year and even scaling to 100 sensors with the same average data rate would result in
USD 0.38 storage costs. This indicates that many small to medium scale applications could
benefit from this data storage service to backup sensor data at low costs.

In Table 4, we estimate the size of a MySQL database for the first five years, assuming
generic sensor samples of 1 kB size being uploaded at the rate of 4800 samples/month
as we adopted in our example application. The estimated MySQL database size is then
used to inform the storage requirement of the virtual machines hosting the respective
MySQL databases as shown in Table 5. Our system with 4 sensors would cost about USD
97.10/year with each one GB increase in storage space resulting in an additional cost of
USD 1.20/year. This analysis shows that the uptime of EC2 servers has the greatest impact
on the overall system cost and turning them off while they are not required can result in
substantial savings. To reduce costs even further, MySQL server disk images can be saved
in the S3 data storage service, eliminating EC2 server costs while they are shut down for
long periods.

As a brief exploration of the alternative robust database services offered by AWS,
we assume, in Table 6, two Amazon RDS EC2 instances with multi-availability zone
deployment, and, in Table 7, the Amazon Aurora managed database on a more powerful
EC2 instance. Both solutions result in total costs over USD 600/year, representing six times
the cost of running a database in a single EC2 MySQL server. Therefore, we recommend
using our proposed EC2 MySQL server solution when a failover system is not critical to
the application due to the substantial cost savings.

In Figure 8, we estimate how the cost of S3 data storage varies with sampling rate,
operation total duration, number of sensors, and sampling rate. For these calculations we
used a simplified estimation model considering only a fee of USD 0.023 per GB stored, and
USD 0.000005 fee of per write request. As in the tables previously introduced, we assume
up to three TTN applications and one data request and ingestion operation per hour.

With the S3 storage costs curves depicted in Figure 8, IoT application developers can
estimate how the number of sensors and data rate parameters influence the total S3 storage
costs, as well as how these costs accumulate with time. For instance, in Figure 8d, we can
verify that the cost of S3 data storage of an application with 50 sensors for the first ten years
is comparable to an application with 200 sensors for the first five years.
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Figure 8. S3 storage costs with varying parameters. Plots (a,c) evaluate the total cost of S3 data
storage at the end of 5 years. Plot (b,d) assume devices with sampling rate of 4800 samples per month.

5.1.2. Discussion about the RESTful API Limitations and Data Access

We identified some limitations when testing the sensor data download application
programming interface (API). Through an endpoint provided by the Amazon API Gateway,
a user request is passed to the Lambda function to retrieve datasets from the S3 storage,
which needs to be parsed before being returned to the user. The first limitation of the
solution adopted in this example application is the maximum 30 s timeout on API Gateway
requests when large datasets are requested. Even after the retrieval code was optimized to
run faster, there was a second limitation through Lambda, which is a payload limit size of
6 MB. For large datasets (e.g., 1 month of data from the weather sensor), the Lambda is not
able to send to the user their requested dataset. Therefore, we recommend only using the
RESTful API to download data for a few days at each GET request. An alternative and faster
solution to download a large amount of data is using the AWS provided BOTO3 python
library [35] and downloading the raw csv files directly. We recommend downloading
the raw csv files when data is needed in order of a few months of sensor data. Another
available alternative solution to perform more responsive data exchange in larger sizes is to
query data directly from the MySQL database running in the EC2 instance. We recommend
using the MySQL database when data in order of a few weeks is needed for applications
such as dynamic websites requiring fast responses or time sensitive simulations.

5.1.3. Security Considerations

Cloud service providers such as AWS acknowledge that security is a major concern
for users and provide management tools to support the creation of secure applications.
For instance, when deploying a cloud-based system, it is recommended to create an AWS
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organization with trusted users to manage AWS identity and access management (IAM)
roles and policies. Although, in hindsight, we agree that creating an AWS organization
from the beginning would be best, our research team initially used separate AWS accounts
to create and manage Lambda, S3, and EC2 instances based on who was working in each
part of the system, resulting in a poor managing practice. Therefore, we recommend access
privileges to AWS services to be tailored to the developers and systems administrators that
oversee each subsystem.

We utilized a secure shell (SSH) with a key pair generated by AWS to access the
EC2 instances, using SSH port forwarding to access the Grafana user interface. Although
this approach limits the number of EC2 instance ports accessible through the web, it also
results in a worse user experience due to the increased number of required steps to access
the Grafana dashboards. For future versions of the system, we recommend creating a
user access webpage using AWS Cognito service and reverse proxy to serve the Grafana
application, without having the need to use SSH tunnels and still avoiding directly exposing
ports of the EC2 instance to the web.

5.1.4. Alternatives for Graphical User Interface

Providing users with easily understandable information in a clear and efficient manner
is paramount when working with large amounts of time series data. In this application
example, three data visualization platforms were compared in order to find the best tool to
effectively communicate information, namely, Grafana, AWS QuickSight [42], and AWS
SageMaker [43]. QuickSight was initially determined as the platform that best met cost,
visualization, analysis, and alerting capabilities requirements. However, after creating a
QuickSight account and working with the platform, we found that it does not support
embedding visualizations in websites without assigning each user with permissions to
view. We then determined that QuickSight was not a suitable tool as it did not meet
some of our envisioned uses for the application. After conducting more research on data
visualization platforms, we decided that Grafana would be the best tool for this application
due to its ability to easily share and embed visualizations. Grafana allows for the creation
of snapshots of dashboards which can then be used to share interactive dashboards publicly
through snapshot links. Additionally, Grafana is designed for time series data and allows
for alerts to be sent out through many alert notifiers such as text message, email, and Slack.

5.1.5. Opportunities for Forecasting and Advanced Analytics

The long-term data gathered by this monitoring system can support the generation of
accurate forecasting real time models in the areas of interest. Developing such models with
longer observation periods would better assess seasonality effects and, therefore, could
reduce the uncertainty arising from precipitation effects, creating more accurate forecasts.
Users can feed sensor data from our RESTful API to simulate the generated models and
provide real time forecasts on demand. Another potential study that could benefit the
creation of forecasting models would be an evaluation of the optimized sampling intervals
for each location, as the wide variation of water depth between collection intervals can hide
patterns and result in less accurate statistical analysis.

5.2. Discussion of the System Performance

To analyze the system performance, we can break down the proposed system to a
few main data paths, namely: (1) serverless data ingestion, receiving data from TTN, and
saving to the S3 bucket; (2) MySQL server startup and historical data ingestion from the S3
bucket; (3) MySQL live data ingestion through MQTT; (4) Grafana data query from MySQL;
and (5) RESTful API data query.

The serverless data ingestion operates independently from the other system compo-
nents and its latency is dominated by the lambda function execution time, which takes up
to 4.8 s. The MySQL server startup includes the EC2 instance boot up, queries to historical
data from the S3 bucket, and most recent data from TTN storage integration, leading to
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a startup latency of up to 10 min in the current version of the system. This startup time
can be improved, but we assume that the MySQL server can typically be turned on hours
before an event of interest (in our example application, triggered by a storm forecast). For
the live data ingestion, data is received from TTN through MQTT and a python script
ingests data to the database within milliseconds. More in depth study is still required to
analyze the impact of high sensor data rates, but EC2 instance computational power can be
upgraded to avoid possible bottlenecks. For the Grafana query from the MySQL database,
the co-location of EC2 servers in the same availability zone results in overall good perfor-
mance. Again, more in depth study is required to analyze performance degradation when
scaling the number of users logged to the Grafana server. Finally, as previously discussed
in Section 5.1.2, the RESTful API has some significant limitations, and its use should be
restricted to accessing small batches of data. RESTful API latency can be improved by
optimizing the S3 querying lambda function and creating larger S3 objects aggregating a
larger number of measurements.

5.3. Broader Impacts of This Study

In this work, we introduced a cloud-based data storage and visualization tool for
smart city IoT projects that can be leveraged by researchers in academia and industry to
quickly prototype applications, allowing them to promptly evaluate the impact of their
solutions in the real world. The low cost and maintenance requirements of cloud solu-
tions can enable a higher range of experimentation and collaboration between smart city
projects, combining IoT data accessibility with computational resources for modeling and
simulation. Furthermore, lowering the barrier-to-entry of cloud systems can foster the de-
velopment of new smart city solutions, supporting more environmentally and economically
sustainable communities.

6. Conclusions

While data collected by IoT smart city applications are a central asset in supporting
management and planning decisions for many communities, designing and deploying IoT
solutions is still challenging due to system integration complexity, reliability limitations,
and cost. We presented a cloud data storage and visualization system for smart cities,
leveraging reliable existing technology to integrate a complete IoT monitoring solution
hosted in AWS and costing under USD 26/year for long-term data storage and USD
0.0204/hour of use for MySQL database and Grafana servers. By using this cloud-based
solution together with TTN infrastructure and commercial LoRaWAN sensors, users can
collect, store, and visualize datasets to address their needs and integrate their own services.
We demonstrated the use of the system for a flood warning system application example with
river and weather LoRaWAN sensors. The cloud-based system design uses serverless data
ingestion to provide a simple and cost-effective data storage solution that is independent
of other services such as data visualization. An on-demand database and visualization
servers offer flexibility to adapt to application needs while saving costs and simplifying
maintenance operations. Furthermore, we explored the different AWS tiers and their
respective reliability/cost tradeoff so users can make informed decisions when tailoring
our system to their own application. As opposed to focusing mainly on the example
application, as commonly seen in the literature, we highlight common tasks that are
required by an IoT project and share our insights in leveraging modern cloud services to
simplify IoT backend system design and optimize costs.

As a future research avenue, we intend to explore the use of new serverless cloud
backend architectures in smart city IoT applications and investigate practical tradeoffs to
server solutions. We intend to analyze in particular the on-demand allocation of compu-
tational resources as we scale the number of sensors, total sensor data rate, and number
of clients connecting to user interfaces in cloud IoT backend systems. We also intend to
explore the integration of modeling and simulation tools with IoT data acquisition systems
while efficiently allocating computational resources.
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Abstract: Motivation: This paper presents the high contact resistance (HCR) and rotor bar faults
by an extraction method for an induction motor using Discrete Wavelet Transform (DWT) and
Artificial Neural Network (ANN). The root mean square (RMS) and mean features are obtained
using DWT, and ANN is used for classification using activation functions. Activation provides
output by assigning the specific input with respect to the transfer function according to the nature
and type of the activation function. Method: The faulty conditions are induced using MATLAB
by adopting the motor current signature analysis (MCSA) method to achieve current signature
signals of the healthy and faulty motors. Results: The DWT technique has been applied to obtain
fault-specific features of the average continuously varying signal (RMS) and an average of the data
points (mean) at levels 5, 7, 8, and 9, followed by ANN to classify the faults for condition monitoring.
Utility: The utility of the results is to reduce unscheduled downtime in the industry, thus saving
revenue and reducing production losses. This work will help provide support to ensure early
indication of faults in induction motors under operating conditions, enabling in-service engineers
to take timely preventive measures as part of the availability of resources in IoT-enabled systems.
Application: Resource availability and cybersecurity are becoming vital in an environment that
supports the Internet of Things (IoT) as the essential components of Industry 4.0 scenarios. The
novelty of this research lies in the implementation of high contact resistance and rotor bar faults using
DWT and ANN with different activation functions to achieve accuracy up to 98%.

Keywords: induction motors; MCSA; DWT; ANN; IoT security; resources availability

1. Introduction

Background: Availability in a secure IoT-enabled environment refers to the ease with
which an organization’s critical data, applications, and resources can be accessed by au-
thorized users. Industry motors bear the features of being simple in design, robust in
construction, reliable in operation, low in cost, and easy to maintain, and accordingly, are
widely used in industry. However, induction motors are also prone to various faults [1–3],
leading to their failure, which put the availability of resources at risk. If not detected in time,
these faults will lead to irremediable mechanical failures. The objective of this research is,
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therefore, to develop a technique for detecting faults that appear on operational motors. The
main faults detected and analyzed during induction-motor processing are related to stator
faults, broken rotor bars, and air-gap eccentricity-related faults that have been investigated
and reported extensively in the literature [4–7]. The motivation of this paper is derived from
Internet resources and articles exploring faults using none-ANN techniques.

Motivation: Operational motors, as resources, generate data, and it is important that
induction motors as data resources are easily accessible to authorized users bearing IoT-
enabled features. In particular, high contact resistance (HCR) and rotor bar faults have been
considered in this study in order to investigate their availability as data resources. Because
of these potential faults, it is crucial to monitor motor health and maintenance issues. Thus,
the presentation as a platform for safe operation from the IoT-enabled scenario perfective is
important, and refers to the ease with which organizations’ critical data, applications, and
resources can be accessed by their respective users [8].

State-of-art works: Multiple machine condition-monitoring strategies have already
been investigated in the literature [9,10], including partial discharge, vibration analysis,
current signature investigation, magnetic flux, and acoustic noise monitoring. However, the
Motor Current Signature Analysis (MCSA) is considered to be the most commonly reported
technique applied to fault analysis [11,12]. The phase current signal contains current
motor operation-dependent components, which are the by-product of unique rotating flux
components. In the supply current, the occurrence of faults brings about changes that have
specific harmonic contents which are specific to the faults that occur. The MCSA technique
works on stator current measurements to detect the harmonics generated under faulty
conditions, which, although unwanted, are used for fault analysis. Furthermore, the MCSA
provides current spectra that possess potential information for the detection of electrical
and mechanical faults. In this investigation, motor parameters, mainly current, have been
acquired for the three phases of a motor in operation.

Novelty and contribution: The novelty of this work is the current spectrum that has
been analyzed over a wide range of distinct current patterns that could serve as signature
values for fault detection. The two faults under investigation in this work are: (1) the high
resistance connection fault (21%), and (2) the broken rotor bar fault (7%), both categories
are caused by manufacturing defects [13,14]. The fault analysis of the induction motor is
done through high resolution spectral analysis of the low frequency signals associated with
various fault categories [15]. Statistical features extraction followed by a mix of classification
algorithms are used in [16]. Induction motors make up between 40 to 60% of any industrial
site’s electrical loads employed. The online sensor-based detection of induction motors
faults through the sensing of stray flux components containing information of relevance
for the diagnosis of faults in induction motors is shown in [17]. The unbalanced supply
voltage and inter-turns short circuits are studied in [18] through thermal behavior of the
motors. The analysis of supply current signals under faulty condition of specific number of
rotor bars as time–frequency features is commonly used in recent work [19].

The remainder of the paper is organized as follows. Section 2 consists of the work
related to the two faults. Section 3 describes induction motors. Discrete Wavelet Transform
(DWT) for fault detection is explained Section 4. Section 5 explains the ANN Classifier.
Results are given in Section 6. The paper’s conclusions are presented in Section 7.

2. Related Work

From a review of the literature, it was concluded that many different techniques have
been used to diagnose machine faults in industry, and various classification methods have
been implemented to obtain satisfactory results. Table 1 has been adopted from the state-of-
the-art paper, tabulated in [20], and presents the results obtained through artificial neural
network (ANN) classification. A maximum of 95% accuracy was previously achieved,
but details of the hidden layers and activation function were not mentioned. Conversely,
in the present study, more than 96% accuracy has been attained at different Debauches
levels, with detailed information reported on the hidden layers and activation functions.
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Moreover, stator winding faults, bearing faults, broken rotor bar faults, and eccentricity
are the primary research interests in previous studies [21], whereas in this current research,
HCR and broken rotor bar faults are discussed.

Table 1. Accuracy tabulated from the literature review versus a classification approach.

Reference Fault Considered in Induction Motor Artificial Intelligence (AI) Method Adopted Accuracy

[6] Stator Winding
Bearing ANN Over 95%

accuracy

[8] Broken Rotor Bar ANN

[8]
Broken Rotor Bar
Stator Winding

Eccentricity
Fuzzy logic 93% accuracy

[22,23]
Neural networks

Fuzzy logic
Neuro-fuzzy

-

[18]

Overloads
Single phasing

Unbalance
Supply voltage

ANN -

This present
paper

High Contact Resistance (HCR) Fault
Rotor Bar Fault ANN Over 96%

accuracy

2.1. High Connection-Resistance (HCR) Fault

As the name implies, an HCR fault relates to poor and loose contacts with localized heat
due to unbalance, and failures are associated with this fault, resulting in reduced efficiency
and reliability. This fault can be located in circuit breakers, motor starter terminals, or other
similar points in the power circuit where contacts and connections are involved. As the
above-mentioned faults increase, the motor temperature also rises, and is associated with
onset of insulation damage. According to standard electrical testing, an effective method of
measuring HCR is to measure phase-to-phase resistance between the three phases.

In this research, a HCR fault has been designed in MATLAB software by connecting a
1 kΩ, 10 W resistor in series in one phase of the induction motor model, as shown in Figure 1.
It may be noted that HCR faults can be modelled by resistance in the kΩ to MΩ range.

2.2. Rotor Bar Fault

When a rotor bar fault occurs in the motor and the current flowing through the broken
bars stops, the broken bars stop sharing torque. This results in a burden on the healthy bars.
In cases where there are many broken rods, the motor will not start. Broken rotor bar (BRB)
fault occurs due to magnetic stresses, thermal stresses, contamination, or abrasion and
wearing away of the rotor due to a lack of maintenance. Cracks from high temperatures are
also a possible consequence. To investigate the rotor bar fault induced in this study, the
MATLAB Simulink environment was designed, as shown in Figure 2.

Artificial intelligence (AI) procedures may be developed to diagnose faults in their
early stages. The ANN model was preferred in this study, and discrete wavelet transform
(DWT) was used to obtain features at different levels, for which the ANN classifier was
trained accordingly. Finally, the test data were fed into the ANN classifier, which, along
with the algorithmic details and steps, are illustrated in Figure 3.
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Figure 1. High contact resistance (HCR) fault in a MATLAB Simulink environment. A–C shows
stator phases.

 

Figure 2. Rotor bar fault in MATLAB Simulink Environment A–C stator phases and a–c rotor phases.

 

Figure 3. Proposed Algorithm Flowchart (Quality Improved also enlarged-300 dpi).
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Figure 3 represents the proposed steps that were followed in this research. Part A
represents the steps of signal analysis for feature extraction and selection. The features
are acquired using wavelet db-4 transform technique, as shown in Figure 3. Part B shows
how to extract relevant features to train the ANN model to predict the results, while Part C
shows the feature of enabling IoT with a Wi-Fi module with the motor by adapting the tech-
nology [24] with less interference [25] and also with fast computational performance [26].

In an IoT-enabled environment, communication between the induction motors (re-
sources) and central monitoring station is facilitated by two-way communication via a
radio communication system that operates in the cloud, as shown in Figure 3. The features
signifying faults become recognizable as indicators of the availability of inductors for use
in industry. Alternatively, this makes it possible for employees with expert knowledge to
gain easy access to motors in order to assess their availability as resources.

3. Induction Motor Modelling

Induction motor modelling MATLAB software was used to design the motor model in
this research. The 5.4 HP (4 kW), 400 V, 50 Hz, 1430 RPM induction motor was designed
in a MATLAB Simulink environment, as shown in Figure 4. HCR and rotor bar faults are
illustrated in Figures 1 and 2, respectively. From the simulated motor design, the data were
acquired from a healthy motor and a fault-induced motor.

 

× 104

Figure 4. Healthy Motor SIMULINK model with A–C stator phases.

4. Discrete Wavelet Transform (DWT)

This paper focuses on extracting features of the mean and RMS for fault diagnosis
using DWT. These features were used as input into the ANN model [27,28]. They were
investigated in this study, as shown in Figure 5, then analyzed to obtain the most relevant
information from the signals for further processing. The main contributions of this study
are that we propose a method to convert time-series data, such as current signals, into
grayscale images, using the EWT transformation coupled with the deep CNN model for
fault diagnosis [29]. The use of ML algorithms and the DL to machine failure diagnosis
is reported in [22]. Discrete wavelet transform is mostly used where analysis of the time–
frequency domain signal is required. It is the most efficient tool for extracting transient-
based nature signals. Discrete wave transform computes the series of wavelet coefficients,
approximation for low frequency feature points, and detail coefficients for high frequency
feature points [30]. In a very closely related report, an ensemble machine learning-based
fault classification scheme using DWT to compare both raw and filtered separately through
wavelet decomposition was reported [31]. In practical terms, DWT can be implemented by
using a pair of low-pass and high-pass filters. Wavelet transform is formed from a wavelet
of a prototype signal—called a ‘mother’ or ‘single modeling’ wavelet y (t)—through shifting
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operation and dilation. This relationship is shown in the following equation. For the case
of Discrete Wavelet Transform, the mother wavelet is shifted and scaled by the powers of
two, where j and k are scale and shift parameters, both representing integer values. Here,
the mother wavelet is shifted and scaled by a power of two.

ψ(j, k)(t) =
1√
2

j ψ

((
t − k2j)

2j

)
(1)

where j is scaling parameter, k represents shifting parameter, t is time and ψ (t) represents
the function of mother wavelet. Mathematically, DWT can be computed by convolving
the signal x(t) with the dilated, reflected, and normalized version of the mother-wavelet
ψ(j, k). The Equation (3) is result of convolution of the samples with the mother-wavelet.

Figure 5. Decomposition procedure for the DWT: representation of the low-pass and high-pass filters,
convolving with signal ‘S’. (Figure Reduced in size-300 dpi).

Recalling the wavelet coefficient γ of a signal x(t) is a projection of x(t) onto a wavelet,
and let x(t) be a signal of length 2N , in the case of child wavelet in the discrete family above.

γj,k =
∫ ∞

−∞
x(t)

1√
2

j ψ(

(
t − k2j)

2j )dt (2)

By fixing j at a scale, so that γj,k is a function of k only, by the Equation (2), γj,k can be
viewed as a convolution of x(t) with reflected, dilated and normalized version of mother-
wavelet, h(t) = 1√

2
j ψ( (−t)

2j ), sampled at the points 1, 2j, 22j . . . 2N . But this is precisely

what the detail coefficients give at different levels of j for DWT as shown in the Figures 6–8.
Therefore an appropriate choice for the signals, g[n] and h[n], the detail coefficients of the
filter bank correspond exactly to a wavelet coefficient of discrete set of child wavelet for a
given mother wavelet ψ(j, k)(t).

dwt(j, k)(t) = y[n] = (x ∗ ψ(j, k)(t))[n] =
1√
2

j

∫
x(t)ψ

((
t − k2j)

2j

)
dt (3)

Filters decompose the signals into approximation and detail coefficients, and their
computation is given as [17]

ylow[n] = (x ∗ g)[n] = ∑∝
k=−∝ x[k]g[2n − k] (4)

yhigh[n] = (x ∗ h)[n] = ∑∝
k=−∝ x[k]h[2n − k] (5)

The above equations can be more precisley described by the given convolution
approach (6), (7).

ylow = (x ∗ g) ↓ 2 (6)

yhigh = (x ∗ h) ↓ 2 (7)

The DWT decomposition process of 2-level DWT is illustrated in Figure 5, Equation (2),
presented above, helps compute DWT, and Equations (4) and (5) represent the low- and
high-pass filters, respectively, showing the high-frequency and low-frequency components.
The outputs give the detail coefficients (from the high-pass filter) and approximation
coefficients (from the low-pass filter).
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Figure 6. Representation of DWT Approximation Coefficients and Detail Coefficients of Healthy
Phase-A Currents with 2000 samples.

 

Figure 7. Representation of DWT approximation coefficients and detail coefficients of HCR fault in
Phase-A currents with 2000 samples.

 

Figure 8. Representation of DWT approximation coefficients and detail coefficients of a faulty signal
rotor bar fault in Phase-A currents with 2000 samples.
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Designation of Frequency Band

Each Debauches wavelet db-4 contains multiple levels. As a 10 kHz frequency was
used to sample the current signals in this research, a single sample of 10 kHz was distributed
across 9 db-4 wavelet levels. The distribution of frequency band is tabulated in Table 1.
All wavelet levels except for 7, 8 and 9 were discarded, because these levels possessed no
valuable information. Moreover, the signals with line noise at 50 Hz were also discarded,
as noise reduction clarified the target signals more effectively. Table 2 shows distribution
frequency bands.

Table 2. Distribution of frequency bands.

Wavelet Level Frequency Band (Hz)

9 5000–10,000
8 2500–5000
7 1250–2500
6 625–1250
5 312.5–625
4 156.25–312.5
3 78.125–156.25
2 39.0625–78.125
1 19.531–39.0625

In this research, DWT 1-dimension analysis was used for the healthy and faulty
motor signals, and the following graphs were derived from the 2000 data samples gath-
ered. Figure 6 represents the DWT approximation levels (a7 only, using level-7 alone)
and detail coefficient levels (d1–d7) of a current healthy conditions signal in Phase A,
using just seven levels of decomposition. It may be concluded that on starting, the in-
duction motor current showed greater amplitude, due to higher torque, which gradually
settled down into a steady state from 800 samples onward. Signals were decomposed into
seven levels to obtain high- and low-frequency information about the current signal. The
authors in [31] report successful implementation of the DWT technique, with accuracy
more than 99%. In comparison, this research work also achieves more than 98% accuracy,
possibly because of the dataset used. The authors in [23] also present successful fault
diagnosis using DWT and achieve claimable accuracy. The authors in Refs. [32,33] show
techniques other than the DWT, such as data augmentation-based, feature learning-based
and classifier designing-based, using different datasets, calling them intelligent diagnosis
models with deep networks to conclude how to reduce the consumption of computing
time. However, these strategies are complex and need improvement for data generation
ability and data dimensionality issues based on the different dataset conditions. Finally, the
authors in [34] report on the identification of faults using coupled neuron-based approach,
mainly focusing on enhancing the weak useful signature, and not applying a classifier-
based approach to find accuracy using a relatively complex approach compared to the
proposed approach, where the condition of fault is the main interest.

Figure 7 displays the DWT coefficient levels (a7 only) and detail coefficient levels
(d1–d7) for the HCR fault in the Phase-A current. The fault was analyzed and the detail
coefficients, d1, d2, d3, and d4, were found to contain less information and fewer features,
as most of the noise was contained by d1, d2, d3, and d4. All detail coefficients, repre-
senting most of the high-frequency content and the approximate coefficients containing
low-frequency information about the current signals, were obtained at level 7, with a clearly
visible difference between the healthy and damaged motor signals.

Figure 8 displays the DWT coefficients of Phase-A currents with rotor bar fault, where-
from, it may be concluded that initially, the motor was running normally. A rotor bar
fault was subsequently introduced at 350 samples, due to which, the motor displayed
the fault with spikes at corresponding coefficients. This indicated that the fault had been
detected, and the DWT coefficients had received frequency information about the currents.
The signal contamination was due to the rotor bar fault. Moreover, feature points were
extracted using DWT. The signal and approximation coefficients at level 1 are very identical.
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However, they become gradually different at higher and higher levels. A similar tendency
can be visibly noted in the case of the bearing fault using DWT and ensemble machine
learning algorithms [31].

Figure 9 represents the feature points for a healthy motor in Phase-A at level 9, and
similar features were extracted for the remaining faults at different levels, using DWT. In
this research, the mean and RMS features were investigated. In addition, Figures 6 and 8
show the detail and approximation coefficients for healthy motor and rotor bar fault
signals, containing both low-frequency and high-frequency content information about the
approximation and detail coefficients, respectively.

 

Figure 9. Healthy motor phase: a feature point representation with 1000 samples. (Figures Titled-300 dpi).

Figures 10 and 11 display the features obtained using DWT at level 9. These features
are the composite form of different detail levels, as represented in Figure 6.

 

Figure 10. High contact resistance fault in Phase-A: Representation of feature points with 1000 samples.
(Figures Titled-300 dpi).
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Figure 11. Rotor bar fault in Phase-A: Representation of feature points with 1000 samples
(Figures Titled-300 dpi).

5. ANN Classifier

The concept of ANN is to classify deniable features that characterize target parameters
in real-world applications. Artificial neural networks are brain-inspired neural network
(NN) systems. The Neural Network (NN) works similar to neurons in our nervous system,
and is capable of learning from past data; the ANN is able to learn from data and provide
responses in the form of classifications. It is the most widely used form of AI [27], mostly
preferred for fault detection and diagnosis. An ANN can be trained by causing the inter-
connected nodes (called neurons) to learn in a way that resembles that of the human brain
by recognizing speech patterns and tendencies in images. The behavior is defined by the
weights assigned to these interconnections, ensuring that the desired task is performed
correctly. Artificial neurons networks are excellent tools for identifying complex problems.
The multi-layer feed-forward NN with a back-propagation training algorithm is the classic
NN proposed in this study. Neural Networks have already been successfully applied
and proven suitable for fault detection [22,28–31], and pseudocode has been provide in
Appendix A.

In this research, supervised learning was applied to train both healthy and faulty
motors [22,27–31]. There are three main components of an ANN: the input layer, hidden
layers, and output layers, as shown in Figure 12. In an ANN, layers possess nodes, and these
nodes relate to the nodes in the next layer. Moreover, each connection has proportionated
weights, considered as the effect of the nodes on the layers. The hidden layers contain
information that is transformed onto higher order node layers. Each node is associated with
a predefined activation function, which will determine whether the node will be activated
on a node in a higher layer. The way in which it is activated will depend on the summarized
values obtained by multiplying the values of the nodes with their associated weights. The
neuron in an ANN is the computational unit that takes x1, x2, and x3 as inputs, as well as
an intercept term. The output ‘y’ is obtained by

y = f
(

WTx
)
= f

(
∑3

i=1 Wixi + b
)

(8)

where the activation function is represented by ‘f ’, and often chosen to be the sigmoid
function (as in this research), different activation functions are investigated by taking
21 hidden layers and 11 epochs. ‘W’ is the ANN model weight, while ‘b’ is the scalar
value, known as the bias. Here, Equation (8) was used to compute output ‘y’ of the ANN.
Performance indicator parameters for NN model are shown in Figure 13, below, where it
can be seen that the overall cross entropy error of the trained NN is 0.59872 at epoch 10.
The model was trained for an HCR fault at level 9, with RMS features. During the analysis
of results for different activation functions and size of layers, it was observed that the
designing of Neural Network could be accomplished with a lesser number of hidden
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layers without affecting the accuracy. In this work, at 21 hidden layers, good accuracies are
obtained for all transfer functions while the rest of the parameters are kept the same.

 

Figure 12. Neural network (NN) model.

Figure 13. Neural network model performance parameters and cross-entropy error.
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Figure 13 shows that validation and training have similar characteristic curves with
efficient testing. As in NNs, the hyper-parameters were tuned to provide a high quality
solution for the ANN model and the number of epochs consisted of numerical figures—
indicating the number of times that the entire dataset was propagated forward and back-
ward through an NN. The epochs were chosen to control the number of complete passes
through the training dataset. These epochs were divided into batches for processing.

It may be pointed out that all the ROC’s figures (Train, Test, and Validation, etc.)
if accommodated in a few plots, will result in the cramping of many of our interests,
considering we do not have any ZOOMING option in the tool used.

From the above figure, it is concluded that all faults are classified with 76% accuracy,
All ROC curves point out that the grey diagonal line of ROC means that the samples lying
on this line show that the proportion of correctly classified samples is the same as the
proportion of incorrectly classified samples.

Class-1 (Healthy Phase A)
Class-2 (Healthy Phase-B)
Class-3 (Healthy Phase-C)
Class-4 (Faulty Phase-A) Rotor Bar/High-Contact Resistance
Class-5 (Faulty Phase-B) Rotor Bar/High-Contact Resistance
Class-6 (Faulty Phase-C) Rotor Bar High-Contact Resistance

In the ROC-training section, the six different classes have been classified. During
the validation process, each class has transmit data according to its specific feature type.
Different colours represent the different phases and types of classes. The third section
describes the testing of ROC using a different scheme of classes, and the classification was
categorized according to features. The tangent/diagonal line was received in ALL-ROC
sections, which shows that if the line of different Phases exists above the ROC diagonal
grey coloured line, it means the samples are correctly and properly classified with a true
positive rate, else, if the lines of Phases exist below the diagonal lines, it means the samples
are classified incorrectly, and do not belong to the same Phases. From Figure 14, it can be
concluded that some of the samples of the Phases (features) are correctly classified and
some samples are incorrectly classified, therefore, the accuracy obtained is 76.0%, as shown
in the Confusion Matrix.

From Figure 15, it is clear that with an accuracy of 82.6%, compared to Figure 14,
with 76.0%, we have obtained a more appropriate classification of the different faults and
Phases with the same number of samples and activation function. Almost all Phases lines
drawn are received above the grey diagonal line, and this line is supposed to represent the
threshold line for the ROC Curves.

Figure 16 makes the things more clear by showing the grey diagonal line and almost all
Phase lines with their samples very appropriately classified with a good True Positive rate
by obtaining an accuracy level of about 92.2%, which, as compared to the results obtained
in Figures 14 and 15, are better. Moreover, a single Phase line is below that diagonal line,
meaning that only the Phase samples are incorrectly classified.

Similarly, Figure 17 represents less accurate accuracy results compared to Figure 16, and
the ROC curves also represent that some Phases are classified appropriately, while others
have incorrect classification. However, this time, the training/activation function is ‘lm’.

Figure 18 clearly represents the ROC’s result, showing very proper classification results
as compared to Figures 17 and 19, with the same training/activation function and number
of samples. All Phases results are above the grey diagonal line with good accuracy of 93.1%,
which means the faults are classified more accurately, with a true positive rate. As far as
accuracy is concerned, from the previous last two figures, we obtain better accuracy in
comparison, and therefore, receive good results for the ROCs.

From the above figures, it is shown that, with 91.0% accuracy, most of the Phases are
classified with good results, and in Figure 20, with am accuracy of 85.8%, some faults are
incorrectly classified, with Phase lines below the diagonal line. In addition to this, the CGP
training/activation function here is used to obtain results with same number of samples.
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Figure 14. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for OSS Train Fcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 76.0% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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Figure 15. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for OSS TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 82.6% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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Figure 16. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for OSS TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 92.2% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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Figure 17. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for LM TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 74.8% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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Figure 18. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for LM TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 93.1% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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Figure 19. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for LM TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 80.0% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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Figure 20. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for CGP TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 85.8% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.
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The rate value of a full load current of 5.5 HP (4 kW) three-phase motor is between 8–10
A under normal working conditions. Motors typically generate 3.6 times the normal rate
current under short circuit conditions. In this paper, a short circuit current of approximately
(9.2 × 3.6 = 33.12 A) is obtained. The results are validated by iteration three times. In
the open circuit, there is no current flow. In this case, there are no characteristic signs of
motor current, as our algorithm takes a single-phase current as the input for the balanced
three-phases. The high contact resistance accuracy results for RMS features are tabulated at
different levels and with different accuracies, and the derived tabulated results are shown.

The ROC’s curves and confusion matrix are as shown in Figures 14–21, accordingly.
Table 3 shows 76.0%-TrainFcn = ‘oss’, 82.6%-TrainFcn = ‘oss’, 92.2%-TrainFcn = ‘oss’, 74.8%-
TrainFcn = ‘lm’, 80.0%-TrainFcn = ‘lm’, 93.1%-TrainFcn = ‘lm’, 85.8%-TrainFcn = ‘cgp’ and
91.0%-TrainFcn = ‘cgp’ accuracies using different TrainFcn are obtained, respectively, for
High Contact resistance faults, as presented in Table 3 for level 9 RMS features. Similarly,
for the accuracies obtained from the rest of the levels, as shown in the table for RMS features
of HCR Faults, or for any other type of fault at different levels for different features, we can
get the ROCs and Confusion matrix results, as shown in the Figures 14 and 15, and so on.

 

Figure 21. Cont.
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Figure 21. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for CGP TrainFcn/Activation Function at level 9 (RMS) Features for High Contact Resistance Fault
with 91.0% Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying
above or below or on it.

Table 3. High Contact Resistance Fault with RMS Feature Accuracies under different Activation
Functions.

Fault
Activation
Function

Characteristic
Feature

Accuracy Successive Rate

Level 5 Level 7 Level 8 Level 9

High Contact
Resistance

(HCR) Fault

Trainscg

RMS

80.1% 74.5% 81.2% 85.2%

(Short-Circuit
Current) ISC ∼=

33.12 A

Trainbfg 83.4% 85.4% 87.5% 77.8%

Traincgp 88.8% 88.0% 88.4%

85.6%/85.8%/91.0% (By
Retraining the System,

Highest Accuracy Result
is preferred.)

Traincgb 80.1% 79.7% 77.0% 79.1%

Traingda 84.1% 77.3% 88.1% 77.3%

Traingdx 77.1% 82.3% 82.2% 86.1%

Traingdm 80.9% 82.5% 87.2% 85.2%

Trainlm 96.4% 65.4% 83.6% 74.6%/74.8%/80.0%/93.1%

Trainoss 85.1% 81.0% 84.5% 83.3%/76.0%/82.6%/92.2%
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Figures 22–27 have ROCs with good positive rates and all Phases with good classifica-
tion, which means that good accuracy results have good ROCs with Phase lines above the
grey diagonal line.

 

 

Figure 22. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for OSS TrainFcn/Activation Function at level 9 (RMS) Features for Rotor Bar Fault with 83.8%
Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying above or
below or on it.
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Figure 23. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for CGP TrainFcn/Activation Function at level 9 (RMS) Features for Rotor Bar Fault with 91.3%
Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying above or
below or on it.
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Figure 24. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for CGP TrainFcn/Activation Function at level 9 (RMS) Features for Rotor Bar Fault with 97.9%
Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying above or
below or on it.
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Figure 25. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for LM TrainFcn/Activation Function at level 9 (RMS) Features for Rotor Bar Fault with 84.7%
Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying above or
below or on it.
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Figure 26. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for LM TrainFcn/Activation Function at level 9 (RMS) Features for Rotor Bar Fault with 91.3%
Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying above or
below or on it.
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Figure 27. Neural Network Model ROC (Receiver Operating Characteristics) and Confusion Matrix
for LM TrainFcn/Activation Function at level 9 (RMS) Features for Rotor Bar Fault with 98.6%
Accuracy. Grey line shows diagonal of the ROC for indicating Class 1–6 lines are lying above or
below or on it.
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Table 4, presents the accuracy results for rotor bar fault with RMS features at different
levels, and it is concluded that ROCs curves and confusion matrix of Figures 22–27 with
accuracies and respective training functions are obtained for rotor bar fault, as shown in
Table 4 for level 9 RMS features. By a similar approach, we can get the results of ROCs
and confusion matrix for accuracy perspective for different faults at different levels for
different features. Tables 5 and 6 show HCR fault and Rotor Bar faults respectively with
Mean features accuracies under different actions functions.

Table 4. Rotor Bar Fault with RMS Feature Accuracies under different Activation functions.

Fault Activation Function Characteristic Feature
Accuracy

Level 5 Level 7 Level 8 Level 9

Rotor Bar Fault

Trainscg

RMS

89.5% 72.8% 82.6% 79.2%
Trainbfg 83.4% 75.0% 85.8% 83.2%
Traincgp 80.6% 81.5% 82.2% 94.1%/91.3%/97.9%
Traincgb 87.5% 82.2% 91.9% 85.7%
Traingda 90.5% 76.3% 80.1% 77.3%
Traingdx 87.8% 86.6% 77.8% 87.6%
Traingdm 89.3% 90.6% 87.3% 83.6%
Trainlm 91.1% 92.0% 85.2% 93.3%/84.7%/91.3%/98.6%
Trainoss 90.0% 87.3% 68.0% 94.1%/83.8%

Table 5. High Contact Resistance Fault with Mean Feature Accuracies under different Activation
Functions.

Fault
Activation
Function

Characteristic
Feature

Accuracy

Level 5 Level 7 Level 8 Level 9

High Contact
Resistance (HCR)

Trainscg

MEAN

77.3% 81.5% 84.9% 85.3%

Trainbfg
86.3%.

At 23 layers,
11 epochs: 89.2%

88.9%.
At 23 layers and

11 epochs: 96.3%.

83.5%.
At 23 layers,

11 epochs: 90.0%
82.0%

Traincgp
87.2%.

At 15 layers,
11 epochs: 94.7%

84.1%
At 23 layers,

11 epochs: 79.0%
76.2%

81.2%.
At 23 layers and
11 epochs: 88.3%

Traincgb - 80.2% 79.5% 82.7%

Traingda - 81.9% 85.8% 87.4%

Traingdx 86.5% 79.9% 81.9% 85.3%

Traingdm 87.2% 83.5% 80.9% 79.7%

Trainlm 88.8%
82.5%.

At 23 layers,
11 epochs: 85.7%.

95% 94.2%

Trainoss - 82.7% - 82.4%

Table 6. Rotor Bar Fault with Mean Feature Accuracies under different Activation Functions.

Fault Activation Function Characteristic Feature
Accuracy

Level 5 Level 7 Level 8 Level 9

Rotor Bar Fault

Trainscg

MEAN

89.4% 85.2% 92.4% 90.2%
Trainbfg 88.0% 83.8% 87.7% 90.2%
Traincgp 85.6% 85.2% 82.8% 81.0%
Traincgb 79.4% 87.5% 88.5% 83.7%
Traingda 84.8% 87.7% 82.2% 87.2%
Traingdx 75.5% 82.1% 80.7% 88.1%
Traingdm 83.3% 83.0% 81.5% 85.7%
Trainlm 85.7% 87.6% 81.3% 97.1%
Trainoss 80.0% 98.0% 89.2% 90.4%
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6. Results

The results show that different activation functions have been used to obtain greater
accuracy by changing the optimizing parameters, as compared to the results obtained
in [21], where it may be noted in Table 1 that 95% accuracy had been achieved using
an ANN. Moreover, in this research, 96.3%, 97.1%, and 98.0% accuracy are achieved,
respectively, using Trainbfg, Trainlm, and Trainoss activation functions for the HCR and
rotor bar faults at different levels, specifically for the mean and RMS features. The mean
features show the functioning or working features for the fault detection, as well as contain
the overall important and useful information (features/data points) of the faults. Moreover,
mean covers all the values of the dataset. From the Table 1 in [23], this research contributes
mainly regarding two faults (high-contact resistance fault and rotor bar fault) with the
implementation of an ANN classifier. Although the ANN classifier has been used with
different type of faults, particularly for stator winding faults, as tabulated in Table 1 in [24]
and discussed in the ‘Related Work’ section of this paper, the accuracies of fault detection
and classification for the mentioned faults with different techniques are lower than the
accuracies achieved in this research.

Discussion

Technically speaking, some other approaches are also recommended for detection
and classification of faults for the features that are fed as an input to the system. Linear
Discriminant Analysis (LDA) and Principle Component Analysis (PCA), supervised and
unsupervised machine learning techniques for dimensionality reduction approaches of data,
both look for linear combinations of the features which best explain the data. Furthermore,
ANN as a classifier uses an iterative-based approach, and accordingly, by retraining the
classifier we get higher accuracy. In that case, LDA is preferred for obtaining perfect
accuracy without further iterations, and LDA is trained on the dataset one time to get good
accuracy. Both LDA and PCA are recommended for future work. Moreover, the ANN
approach is iterative and retrains the system several times to achieve the highest accuracy,
and preferably, for good classification results. On the contrary, this is not a mechanism for
the LDA and PCA classifiers.

No doubt, IoT enables the exchange of data and connection of technologies with other
devices using cloud-based networks and systems over the Internet, however, the most
recent advancements in technology have also supported the opportunity and facility of
Mobile Edge Computing (MEC) approaches [24], which can manage the time delay and
energy consumption of IoT devices more appropriately.

7. Conclusions

The results show that mean features had greater accuracy than RMS features. Further-
more, when a fault appeared, the variance in detail coefficients had increased beyond the
coefficients of healthy motor signal details. Moreover, in this research, the ANN classifier
was used; by retraining the classifier and optimizing the parameters, even 100% accuracy
could be obtained. However, so far, an accuracy of 98.0% was achieved using mean rotor
bar fault features. Table 7 shows entropy features for the rotor bar fault, and it is found
that with entropy features, 0.0% accuracies are obtained. Here, an ANN classifier with
21 hidden layers and 11 epochs was trained. The results obtained are based on an iterative
method, since repeatedly training the algorithm can yield more accurate results. Accord-
ingly, the best result is considered and achieved by training the algorithm several times.
As presented in the tables, different accuracies are obtained using the ANN classifier at
various levels. In addition, 98.0% accuracy is obtained using mean features for the rotor
bar fault at level 7, while 98.6% accuracy is obtained for rotor bar fault with RMS features
at level 9. Furthermore, 96.4% accuracy was achieved for the HCR fault, and was classified
using RMS features at level 5. Therefore, it may be concluded that the faults have been
classified according to different features with good accuracy. Figure 13 presents the tested
results for the HCR fault at level 9 with RMS features, using the ‘npr’ tool in MATLAB.
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Meanwhile, the ANN was trained to obtain results and for training and testing purposes.
The utility of this work lies in its application in monitoring induction motors to ensure their
availability in an IoT environment. Availability, as the core component of cyber-security, is
the ease with which an organization’s critical data, applications, induction machines, and
system resources can be accessed by authorized users in times of need.

Table 7. Rotor Bar Fault with Entropy Features Accuracies with different Activation Functions.

Fault Activation Function Characteristic Feature
Accuracy

Level 5 Level 7 Level 8 Level 9

Rotor Bar Fault

Trainscg

Entropy

0.0% 0.0% 0.0% 0.0%
Trainbfg 0.0% 0.0% 0.0% 0.0%
Traincgp 0.0% 0.0% 0.0% 0.0%
Traincgb 0.0% 0.0% 0.0% 0.0%
Traingda 0.0% 0.0% 0.0% 0.0%
Traingdx 0.0% 0.0% 0.0% 0.0%
Traingdm 0.0% 0.0% 0.0% 0.0%
Trainlm 0.0% 0.0% 0.0% 0.0%
Trainoss 0.0% 0.0% 0.0% 0.0%
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Appendix A

Definition of Parameters and Legend:

Close all;
Clear all;
% This script assumes these variables are defined:
% FeaturesRMSHealthyHCRlevel9—input data.
% Output10006Inputs—target data.
x = FeaturesRMSHealthyRotorlevel9;

%(x is input data-trained in NN Classifier)
t = Output10006Inputs;

%(t represents output data)
% The names can be replaced as per demand or according to the dataset names at user-side
% Choose a Training Function
% For a list of all training functions type: help nntrain
% ‘trainlm’ is usually fastest.
% ‘trainbr’ takes longer but may be better for challenging problems.
% ‘trainscg’ uses less memory. Suitable in low memory situations.
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trainFcn = ‘trainlm’;

% Scaled conjugate gradient backpropagation.
%(trainFcn(Activation-Funcation)can be replaced with, i-e ‘oss’,’lm’,’cgp’ and so on)
% Create a Pattern Recognition Network
hiddenLayerSize = 21;

net = patternnet(hiddenLayerSize, trainFcn);

% Setup Division of Data for Training, Validation, Testing
net.divideParam.trainRatio = 70/100;

net.divideParam.valRatio = 15/100;

net.divideParam.testRatio = 15/100;

% Train the Network
[net, tr] = train (net, x, t);

% Test the Network
y = net(x);

e = gsubtract(t, y);

performance = perform (net, t, y)

tind = vec2ind (t);

yind = vec2ind(y);

percentErrors = sum(tind ~= yind)/numel(tind);

% View the Network
view(net)

% Plots

% Uncomment these lines to enable various plots.
%figure, plotperform(tr)

%figure, plottrainstate(tr)

%figure, ploterrhist(e)

%figure, plotconfusion(t, y)

%figure, plotroc (t, y)

end
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