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Abstract: In this study, we present a novel smart greenhouse control algorithm that optimizes crop
yield while minimizing energy consumption costs. To achieve this, we relied on both a greenhouse
climate model and a greenhouse crop yield model. Our approach involves applying the model
predictive control (MPC) method, which utilizes the particle swarm optimization (PSO) algorithm to
identify optimal controllable parameters such as heating, lighting, ventilation levels. The objective
of the optimization is to maximize crop yield while minimizing energy consumption costs. We
demonstrate the superiority of our proposed control algorithm in terms of performance and energy
efficiency compared to the traditional control algorithm. The effectiveness of the PSO-based opti-
mization strategy for finding optimal controllable parameters for MPC control is also demonstrated,
outperforming the traditional genetic algorithm optimization. This study provides a promising
approach to smart greenhouse control with the potential for increasing crop yield while minimizing
energy costs.

Keywords: greenhouse control; model predictive control; particle swarm optimization; greenhouse
climate model; biophysical model

1. Introduction

Greenhouse cultivation has gained widespread popularity among crop growers due
to its numerous benefits, including the extended growing season and protection of crops
against temperature and weather changes, creating a safe environment for plant growth.
In modern greenhouses, climatic conditions such as humidity, temperature, radiation,
and carbon dioxide can be adjusted using a control system that regulates factors such as
temperature, humidity, lighting, and air circulation to create optimal growing conditions
for plants [1]. A variety of greenhouse control systems are available ranging from basic
manual methods to advanced automated systems that utilize sensors, computers, and
other electronic components to monitor and adjust growing conditions in real time [1].
Effective greenhouse control is critical for growers who require consistent, optimal growing
conditions to produce high-quality crops. With the right greenhouse control methods and
technologies, growers can improve crop yields, reduce waste, and minimize the impact of
external factors such as weather changes on their operations.

Greenhouse control algorithms are software programs integrated into greenhouse
control systems that were designed to automate and optimize the management of en-
vironmental conditions within a greenhouse or other controlled growing environment.
These algorithms utilize input from sensors that measure temperature, humidity, and light
levels, and other factors, and perform real-time adjustments to environmental controls,
such as heating, cooling, ventilation, and irrigation, to create optimal growing conditions
for plants [2]. The development of greenhouse control algorithms has been greatly aided
by advances in computer technology and the increasing availability of low-cost sensors
and microcontrollers. These advancements have enabled growers to implement sophisti-
cated control systems that respond quickly to changes in growing conditions and can be
customized to meet the unique requirements of various plant species.
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Greenhouse control algorithms come in a variety of forms, ranging from simple,
rule-based systems to more sophisticated machine learning and artificial intelligence (AI)
algorithms. Some commonly used types include proportional-integral-derivative (PID) con-
trol algorithms [3], fuzzy logic control [4-7], artificial neural networks (ANNSs) [8-10], and
model predictive control (MPC) algorithms [11-13]. These algorithms serve as an essential
tool for growers seeking to optimize their crop yields and increase the efficiency of their
operations. By leveraging the power of modern computing technology, growers can attain
precise and effective control over the environmental conditions in their greenhouses, which
leads to the production of higher-quality crops and more sustainable agricultural practices.

The structure of this paper is shown below: A literature review of relevant works
related to greenhouse control is given in Section 2. The proposed methodology, including
the greenhouse climate model, biophysical model, and PSO-MPC control algorithm, is
given in Section 3. Experimental results are provided in Section 4 to show the effectiveness
of the proposed algorithm. Lastly, conclusions and future works are given in Section 5.

2. Literature Reviews

Several research studies have been conducted to develop algorithms for controlling
greenhouses, as proposed in Oliveira et al. [14]. One study proposed a simple self-tuning
PID control method (STPID) to regulate temperature, humidity, and CO, concentration,
using the Levenberg—Marquart algorithm to adjust the PID parameters as proposed by Su
etal. in [3]. Another study employed a fuzzy logic control algorithm proposed by Alpay
et al. in [4], where data from sensors were used as state variables, and factors such as
heating, cooling, irrigation, lighting, and shading were generated as control variables to
regulate the greenhouse environment. Rule tables created by experts were used to establish
the relationship between state and control variables to produce control outputs on the basis
of sensor data. In yet another study, an extended Kalman filter was applied together with
a logic control algorithm to estimate the air temperature and humidity ratio instead of
relying on the noisy sensor measurements proposed by Hameed [5]. This improved the
efficiency of the greenhouse climate controller by reducing false alarms and fault detections.
To enhance the performance of the logic-based control algorithm, Mohamed et al. [6]
adopted a genetic algorithm (GA) to adapt the controller parameters. Their proposed neuro-
fuzzy controller used both temperature (T) and humidity (H) to provide smooth control,
regardless of changing environmental conditions or plant complexity. However, these
techniques required additional sensors to be installed inside the greenhouse for controlling
purposes. Su et al. [7] developed a compound control scheme aimed at maximizing
crop yield while minimizing energy consumption. The control laws of heating, fogging,
and CO; injection were derived using feedback linearization techniques. A model-based
fuzzy adaptive control approach was then applied to compensate for actuator saturation,
and an energy-saving management mechanism was designed to minimize energy usage.
Simulation results confirmed the effectiveness of this approach in energy conservation.

Data-driven control algorithms have been applied to greenhouse scenarios as well.
In a study by Salah et al. [8], a deep multilayer perceptron (MLP) neural network was
used as a controller to regulate the internal climate of the greenhouse. Simulation results
indicated that the best performance was achieved with a neural controller consisting of two
hidden layers, and an Elman neural model with two hidden and context layers. Similarly,
an optimal neural-network-based nonlinear autoregressive model was proposed in Manon-
mani et al. [9] to achieve desired growth conditions, such as temperature and humidity,
for improved yield. In another study proposed by Zhang in [10], a fuzzy neural network
was applied to regulate the internal climate of the greenhouse, and simulation results
showed that this controller had certain improvements over conventional PID controllers
in terms of overshoot, stability, and response time. Additionally, other machine-learning-
based control strategies have been recently adopted for greenhouse control, including
a deep reinforcement learning approach proposed by Wang et al. in [15] for cucumber
climate control, which controlled three controllable factors with a reward function aimed
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at improving cumulative fruit weight and reducing costs. However, data-driven control
algorithms such as neural networks require large amounts of data to train models for
effective greenhouse control. In another study proposed by Atia et al. in [16], different
control strategies, including PI control, fuzzy logic control, artificial neural network control,
and adaptive neuro-fuzzy control, were compared to adjust greenhouse indoor temperature
to the required value.

In addition to traditional control approaches, such as PID and fuzzy logic, model
predictive control (MPC) has recently been applied to greenhouse control, particularly for
energy saving, as discussed in Bersani et al. [11]. MPC can find an optimal solution to
achieve various objectives (e.g., maximizing crop yield, maintaining stable greenhouse
climate, and minimizing energy costs) by modeling the system dynamics with reasonable
accuracy. For example, in Zou et al. [12], a nonlinear MPC algorithm based on particle
swarm optimization (PSO) was proposed to minimize energy consumption while regulating
climatic temperature variables. A similar approach was presented by Lin et al. in [13],
where MPC was used to minimize the total energy costs for greenhouse heating and cooling
while controlling greenhouse climatic conditions. Comparison results demonstrated that
MPC outperformed open-loop control algorithms. Furthermore, as proposed by Hu et al.
in [17], a more complex multi-objective compatible control (MOCC) strategy was proposed
with an extended greenhouse model to achieve climate control through feedback control
architecture. Multi-objective evolutionary algorithms (MOEAs) are applied to optimize an
objective function that controls greenhouse climate parameters. Simulation experiments
were conducted to validate the feasibility of the proposed algorithm through various
comparative studies. An MPC algorithm for greenhouse air temperature predictive control
using the particle swarm optimization algorithm was proposed by Coelho et al. in [18].

In this work, we propose an MPC algorithm to control factors related to heating, light-
ing, and ventilation in order to adapt greenhouse climatic conditions for optimizing crop
yield while minimizing energy costs. Our MPC algorithm consists of a greenhouse climate
model proposed by Vanthoor et al. in [19] that estimates greenhouse climatic factors (e.g.,
CO,, temperature, humidity) on the basis of outdoor environmental information, and a
crop yield model proposed by Vanthoor et al. in [20] that estimates crop growth on the basis
of greenhouse climatic factors. Using these two models, we adopted the particle swarm
optimization (PSO) algorithm proposed by Kennedy et al. in [21] to tune controllable
parameters and minimize an objective function that targets maximizing crop yield and
minimizing energy costs. Our proposed approach does not require any sensor equipment,
like [4,5], nor high amounts of training data, like data-driven approaches [8-10,15], render-
ing it easy to implement. Furthermore, our approach fully takes into account different types
of lighting conditions (LED and HPS) that affect crop growth and targets while aiming
to balance both energy and yield for achieving the best profits. The simulation results
show that our proposed approach achieves better performance than that of other control
strategies for different periods of time. Additionally, the PSO optimization algorithm
performs better in optimizing the objective function in our proposed MPC strategy than
the traditional genetic algorithm (GA) does.

3. Methodology

An overview of the method is presented in Figure 1, which illustrates the three key
components of the approach: the greenhouse climatic model, the biophysical model, and
the particle swarm optimization algorithm. The greenhouse climatic model is the first com-
ponent of the proposed approach. It is a model that simulates the climate conditions inside
the greenhouse. This model takes into account various factors that affect the greenhouse
environment, such as temperature, humidity, lighting, and air circulation. The greenhouse
climate model provides a detailed understanding of climatic conditions inside the green-
house, which is essential for optimizing the growing conditions for crops. The second
component of the proposed approach is the biophysical model. This model simulates
the growth of plants in the greenhouse. It takes into account various factors that affect
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plant growth, such as light intensity, temperature, humidity, and nutrient availability. The
biophysical model provides a detailed understanding of how the plants are growing in the
current conditions of the greenhouse. The third component of the proposed approach is the
particle swarm optimization algorithm, which is used to optimize the control parameters
in the greenhouse on the basis of both the greenhouse climatic model and the biophysical
model. The algorithm uses a population of particles that move through the search space to
find the optimal controllable parameters solution, to reduce the consumed energy while
maximizing the crop yield.

Outdoor climate Indoor climate:
> Tean CO2 RPAR
Greenhouse Tair VPAir | crop yie|d odel Crapjleld
Controllable factors climate model
i L
Energy

h

Particle swarm
optimization

Figure 1. Overview of the proposed methodology for greenhouse control.

3.1. Greenhouse Climatic Model

The greenhouse climatic model that we adopted in this work is presented in [19], which
was constructed on the basis of the assumptions presented in [19]. These assumptions
include: (1) the absence of spatial differences in temperature, vapour pressure, and CO,
concentration, and (2) dividing the greenhouse air into two compartments (below and
above the thermal screen) to describe the effect of the thermal screen on the indoor climate.
The model includes the following elements: the design elements depicted in Figure 2, a
lumped cover description that combines the impact of different cover layers on the indoor
climate, state variables for internal and external cover temperatures to describe the impact
of cover insulation on indoor climate, a description of the far infrared radiation (FIR)
transmission through the cover, which is necessary for films that partially transmit FIR, a
description of both roof and side ventilation, a description of the impact of insect screens
on ventilation rate, and a description of the near infrared radiation (NIR) absorption of
both canopy and floor, which depends on the optical properties of the cover and floor.

In this work, the state variables of the indoor greenhouse climate, such as temperature,
CO, concentration, and vapor, are represented in the model. These state variables are
critical for understanding and controlling the growing environment within the greenhouse.
The dynamics of these state variables over time are expressed as differential equations
(1) that take into account the relationships between different factors. These differential
equations represent the rate of change of each state variable as a function of time, as
shown in Figure 2. For example, the dynamics of temperature in the model are defined
by a differential equation that takes into account factors such as the rate of heat exchange
between the greenhouse and the outside environment, the rate of heat exchange between
the greenhouse and the plants, and the rate of heat generation within the greenhouse due
to lighting and other sources.
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Figure 2. Comparisons of outdoor and simulated indoor climatic factors.
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where T4j,, VPyir and CO; 4;, represent the greenhouse indoor air temperature, vapor
pressure, and CO; concentration. H represents the sensible heat flux density, MC represents
the mass CO,-flux density, and MV represents the mass vapour flux density; the definitions
of every term are given in [19].

By solving the differential equations that govern the dynamics of the greenhouse
environment taking into account both outdoor meteorological conditions and controllable
factors, it is possible to estimate the state variables of the greenhouse environment, such
as temperature, CO, concentration, and vapor pressure, which are important parameters
for the crop growth. Moreover, these estimates can then be used to inform control strate-
gies, allowing for the grower to maintain optimal growing conditions for the plants and
maximize crop yield.

3.2. Biophysical Model

The biophysical model structure that we used was based on the one proposed in [20].
The growth of crops through photosynthesis in a greenhouse is mainly dependent on
canopy temperature, PAR, and CO, concentration. The five-step process for determining
the canopy photosynthesis rate is calculating the maximal rate of electron transport at 25 °C
at the canopy level, determining the potential rate of electron transport, calculating the
electron transport rate, determining the gross photosynthesis rate at the canopy level, and
lastly calculating the net photosynthesis rate. The photosynthesized carbohydrates are
stored in a buffer, Cp, s, whose outflow is affected by temperature. The buffer distributes the
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carbohydrates (MCgy, tFruit, MChuyfreafs MCpufstem) to the plant organs (Crruit, Creaf, Cstem)-
The model calculates fruit weight and numbers for each development stage and the portion
of organ carbohydrates used for maintenance respiration. The harvested crop’s dry matter
is determined by integrating carbohydrate outflow from the last fruit’s development stage.

The state variables of the model, such as carbohydrate amount and dry matter, are
described with differential equations that reflect the dynamics of these variables over time.
These differential equations take into account the canopy photosynthesis and carbohydrate
flow within the plant. By solving these differential equations, it is possible to predict the
behavior of the plant over time, including its growth and development, and its response to
different environmental conditions and management strategies. The specific dynamics of
key state variables in this model are shown below:

Couf = MCairguf — MChusrruit — MChuyfrear — MChufstem — MChuf air

Crruit{j} = MChusrruit(jy + MCruitj—11Eruitj} — MCrruit(j}Fruit(j+1} — MCrpuitair(j)
ClLeaf = MCBufreaf — MCleafair — MCleafHar — MCryyitain{} 2)
Cstem = MCufstem — MCstemair

DMHuar = 11 - MCrruitHar

where Cpy ¢, Creqf, and Cgyen represent the carbohydrates in buffer, leaves, and stems,
respectively, while Cp,,;(;) represents the carbohydrate at the j-th stage flower development
stage. DMp,, represents the harvested dry matter. The detailed explanations of each term
in (2) are presented in [20]. Carbohydrates for different organs and dry matter representing
the crop yield can be estimated by solving these differential equations, which can then be
used to estimate the crop yield.

From the aforementioned greenhouse climate and biophysical models, the crop growth
can be estimated based on outdoor meteorological and control parameters, which can be
tuned optimally by our developed PSO-MPC control algorithm (details are in the next
subsection) targeting for maximizing crop growth with a minimum energy cost.

3.3. PSO-MPC Control Algorithm

In this work, a model predictive control (MPC) algorithm was adopted for greenhouse
control to balance the crop yield. The objective of the MPC algorithm is to optimize the
controllable parameters such as heating, ventilation, and lighting levels while ensuring that
the crop yield is maximized and energy costs are minimized. To achieve this, an objective
function is defined below that takes into account both the crop yield and energy costs:

j+T
maxy Y (DM((i +1)At) — DM(iAt)) — v - AEnergy; -
=]

0<u<i1

where u represents the greenhouse control parameters during a horizontal time [jAt, (j +
1)At,...,(j + T)At]. DM(iAt) represents the dry matter at iAt. AEnergy; represents the
energy consumption of the lamp, boiler, and heat harvesting system calculated with
the greenhouse climatic model during [iAt, (i + 1)At] according to [22]. In specific, it
is calculated as:

(i+1)At
AEnergy; = / lampEnergy(t) + boilEnergy(t) + hhEnergy(t)dt 4)
iAt

where AEnergy; represents the consumed energy during [iAt, (i + 1)At]. lampEnergy(t),
boilEnergy(t) and hhEnergy(t) represent the time-dependent lamp energy, boiler energy,
and heat harvest system energy, respectively, as calculated in [22]. By solving the above
optimization problem, we can maximize the crop growth while restraining the energy cost.

To solve (3), we utilized a PSO algorithm. PSO is a population-based stochastic
optimization algorithm inspired by the collective behavior of animals such as flocks of
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birds or schools of fish [23]. We first generated N solution candidates (also referred to as
particles) [X?, e, XIO\]] and their corresponding velocities [VlO Seen, VI(\)I} Each particle had
an associated fitness value that could be evaluated using the objective function defined in
(3). Particle values were updated with the following equations until the optimal solution
was found:

Vig+1 = wVig + Cy xrand() * (PB; — ng) + G+ rand() * (GBS — X;g)

®)
Xig+1 _ ng + Vig+1

where Vig and X;g represent the i-th velocity and and position of particle i, respectively,
in the g-th generation. C;, C; represent the learning factors. rand() generates a random
number in [0,1]. PB; and GBS represent the personal best performance for the i-th particle
and the best performance of the group for the g-th generation, respectively, determined via
the objective function. w is the inertial weight that shows the effect of the previous velocity
vector on the new vector. By exploiting the PSO algorihtm, the optimal control parameters
which minimize the objective function can be effectively found. And the comparisons
between the PSO algorithm and other optimization methodologies, such as the genetic
algorithm are provided in the experimental section.

4. Experimental Studies

Our proposed algorithm was evaluated on the basis of the configuration of a real
greenhouse (as described in [19]) and using actual weather conditions around the loca-
tion of the greenhouse (as described in [24]). The weather conditions included outdoor
global irradiation, outdoor air temperature, outdoor vapor concentration, outdoor CO,
concentration, and outdoor wind speed for 10 days. Using this information along with
greenhouse specification details, we applied the greenhouse climatic model as mentioned
in Section 2 to simulate the indoor climate. The results of the comparison between indoor
and outdoor climatic factors (such as temperature, vapor pressure, relative humidity, and
CO; concentration) are presented in Figure 2. Additionally, we used the obtained indoor
climatic factors to simulate the crop yield using a biophysical model. The simulation
included different parameters related to crop growth, such as organ dry weight and leaf
area index, which are presented in Figure 3.

7000 T
--------- Fruit dry weight
= Stem dry weight
6000 Leaf dry weight | ) 16
====Buffer content
5000 - . |
q:E 0.15
5 4000 %
N =
E 0.14 o
; =
E 0.13
0.12

— e X [
O O O O O
R i N Y VN G Il

Time

Figure 3. Parameters related to crop growth obtained through the crop yield model.
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For implementing the PSO algorithm to optimize the MPC objective function as
in (3), we used the MATLAB optimizer toolbox [25] with a population size of 10 and
5 generations. Parameter -y in (3) was set to 8. The parameters of the biophysical model
and greenhouse climate model were the same as those used in [19,20]. The PSO algorithm
was applied to find the optimal greenhouse controllable parameters, including heating
from the boiler, heating to grow pipes, lighting from top/interlights, and ventilation from
the roof. All values were within the range of [0,1]. An example of the objective function
value variations with respect to the iteration number of PSO is shown in Figure 4. As the
iteration number increases, the objective function value decreases, indicating that better
solutions of controllable parameters are obtained, minimizing the objective function.

Best Function Value: 3.1759
+ + +

ol
e |
T

Function value
L
e - on (=]

E S
e
e

()
-

(=)
-
(%]
(%)
f -
on

lteration

Figure 4. Objective function values with respect to PSO iterations.

We tested our PSO-MPC algorithm for greenhouse control over different time intervals
of 21, 41, and 61 h. To compare its effectiveness, we implemented the rule-based control
algorithm proposed by [22] using the same greenhouse climatic and biophysical models. We
calculated the yield, energy cost, and energy efficiency (defined as the ratio of energy cost
to yield) for both control algorithms. The comparison results are presented in Tables 1-3.
Our analysis reveals that the PSO-MPC algorithm consistently outperformed the rule-based
approach in terms of energy efficiency, indicating that less energy was consumed to achieve
the same yield. These results demonstrate that the PSO-MPC control approach offers
superior energy savings compared to the rule-based method.

In our study, we compared the performance of two different optimization algorithms,
PSO and GA, for objective function optimization within an MPC framework. PSO is
a heuristic optimization method inspired by the behavior of social swarms, while GA
is a genetic algorithm based on natural selection and evolution principles. To ensure a
fair comparison, we used the same population size and generation for both algorithms.
Additionally, we performed multiple trials and conducted a statistical analysis.

Table 4 presents the mean and standard deviation of crop yield and consumed energy
obtained by each algorithm. It is evident that, under the same population size and genera-
tion settings, the GA failed to effectively solve the MPC, leading to a decrease in crop yield
(indicated by the negative growth). In contrast, the PSO algorithm was successful in finding
the optimal solution for the MPC framework, leading to high positive growth. These results
demonstrate that the PSO algorithm was more effective than the GA in optimizing the
objective function within the MPC framework.
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Table 1. Comparisons between the MPC algorithm and traditional proportional control algorithm for
21h.

Yield (mg/m?) Consumed Energy (MJ/m?) Energy Efficiency
Rule-based algorithm 57.57 4.87 0.085
Proposed algorithm 152.17 7.88 0.052

Table 2. Comparisons between MPC algorithm and traditional proportional control algorithm for
41 h.

Yield (mg/m?) Consumed Energy (MJ/m?) Energy Efficiency
Rule-based algorithm 219.80 9.70 0.044
Proposed algorithm 481.12 14.70 0.031

Table 3. Comparisons between MPC algorithm and traditional proportional control algorithm for
81 h.

Yield (mg/m?) Consumed Energy (M]J/m?) Energy Efficiency
Rule-based algorithm 842.20 19.67 0.023
Proposed algorithm 1799.30 33.29 0.019

Table 4. Comparison of different MPC optimization algorithms through statistical analysis.

Yield (mg/m?) Consumed Energy (M]J/m?)
GA —0.0484 £ 2.2942 3.1618 £ 0.3924
PSO 131.9381 £ 22.3560 6.4741 +1.7893

5. Conclusions and Future Works

The aim of this work was to propose a particle swarm optimization model predictive
control (PSO-MPC) algorithm for greenhouse control. This algorithm was designed to
optimize the controllable parameters of a greenhouse, such as heating, ventilation, and
lighting levels, by using a combination of a greenhouse climatic model and a biophysical
model. The goal was to maximize crop yield while minimizing energy costs. To achieve
this goal, the PSO-MPC algorithm leverages a model predictive-control-based approach
that exploits particle swarm optimization, which is s a heuristic optimization method that is
inspired by the behavior of social swarms, such as bird flocks or fish schools, to determine
the optimal controllable parameters for greenhouse control. It uses a population of particles
that move through the search space to find the optimal solution. The PSO-MPC algorithm
outperformed traditional control algorithms by leveraging real weather conditions and
greenhouse configuration information. The results of the study show that the PSO-based
optimization approach performed better than the GA for objective function optimization
within the MPC framework.

In future work, the proposed control approach will be evaluated in different scenarios,
including different greenhouse locations, crop types, and weather conditions. This would
help in validating the effectiveness of the proposed algorithm in real-world applications,
and would demonstrate its potential to optimize greenhouse control in various settings.
Overall, the proposed PSO-MPC algorithm is a promising approach for greenhouse control
that could help in maximizing crop yield while minimizing energy costs. The use of a
predictive-control-model-based approach with particle swarm optimization enables the
algorithm to optimize the controllable parameters of a greenhouse in real time, ensuring
that the growing conditions remain optimal for the plants.
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