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defined in the day-ahead stage of the energy management problem (Ypsttery = YEV = 0). In Scenario 2,
only the battery is considered in the day-ahead stage (ypattery = 1, 7EV = 0). However, only the EV is
considered in the day-ahead stage in Scenario 3 (Ypastery = 0, YEv = 1). In Scenario 4, both (battery
and EV) are modeled in the day-ahead stage (‘Ypattery = vEV = 1)-

The impact of ESSs on the total, day-ahead and real-time expected profits of the system is shown in
Figure 1. Furthermore, the influence of the optimistic coefficient, «, is evaluated in Figure 1. From this
figure, it is clear that an increment of « increases the total and day-ahead expected profits because a can
directly affect the power produced by the PV system through interval bands in the day-ahead stage.
Hence, « increases the power generated from the PV panels in the day-ahead stage and the day-ahead
expected profit. However, a has a negative impact on the amounts of the real-time expected profit.
Moreover, the expected profit of the system is maximum in Scenario 4. In other words, increasing the
energy flexibility of the system increases the total, day-ahead and real-time expected profits of the
system. Hence, the maximum and minimum amounts of the expected profit are in Scenarios 4 and
1, respectively. Furthermore, the expected profit in Scenario 3 is more than Scenario 2 because the
ramping rate of the EV is more than the battery. Therefore, the EV can provide more energy flexibility
than the battery in this proposed system.

Figure 1. Impact of energy flexibility on the amounts of total, day-ahead and real-time expected profits.

4.3. Impact of Prediction Accuracy

The prediction accuracy due to the PV power generation and its influence on the total expected
profit is analyzed in this section. It is noticeable that the prediction accuracy of the outdoor temperature
of the home and must-run services is considered to be 100% in this paper in order to simplify the
model. Besides, it is considered that the battery and EV are modeled in the day-ahead stage in this
case. As mentioned before, a increases the amount of total expected profit of the system.

According to Figure 2, the impact of the prediction accuracy on the total expected profit is
evaluated based on the optimistic coefficient. Furthermore, an increase in the prediction accuracy has a
smooth negative effect on the expected profit. In other words, an increment in the prediction accuracy
causes a decrease of the managed power of the PV in the proposed DEMS. Hence, this decreases
the expected profit of the system. According to this assessment, the maximum amount of the total
expected profit of the system is where a and the prediction accuracy equal one and zero, respectively.
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Figure 2. Impact of prediction accuracy on the total expected profit of the system. OC, Optimistic

Coefficient.

4.4. Impact of Demand Response

In this section, the effect of the Demand Response Program (DRP) on the EPs and the home’s
electrical energy that is sold/bought to/from the local electricity market is assessed in four scenarios:
with DRP, with only flexible VOLL, with only the ToU price and without DRP. Here, DRP consists of
the flexible VOLL and ToU price.

As seen in Table 4, DRP causes a positive effect on the amount of total expected profit of the
DEMS. In other words, while EP%? is increased when DRP is not considered in the system, Ept
is decreased because electrical loads are not flexible when DRP is not considered in the DEMS.
Furthermore, The sold/bought electrical energy of the DEMS considering DRP is more/less than
without considering DRP because it makes DEMS able to shift the electrical load in the time horizon of
the energy management problem and reduce the loads under some conditions. However, the impact
of the flexible VOLL and ToU price are not the same. Although both of them increase the sold electrical
energy, the total expected profit considering only flexible VOLL is more than considering only the ToU
price. This is because of the positive effect of the flexible VOLL program in the real-time stage of the
DEM problem.

Table 4. Impact of demand response program on the amount of expected profit of the system and
sold /bought electrical energy to/from the local electricity market. DRP, Demand Response Program.

Demand Response Scenarios =1
EPyotar EPy, EPyy Ego1a Ebuught
With DRP (Flexible VOLL + ToU)  47.571  40.003  7.568  18.605 43.033
With Only Flexible VOLL 47.775 42409 5365 14406  37.995
With Only ToU Price 42.071 40.003 2.068 15236  49.432
Without DRP 42275 40409 —0.135 13.847 47.842

4.5. Impact of Uncertainty Modeling

In this section, the modeling of uncertainty is evaluated through a comparison of the InterStoch
method and MSPB. Although the InterStoch method has been defined in this paper, MSPB has been
defined in [18,19]. For simplicity, only the battery has been considered, and Ypsery, is equal to zero in
this section. The amounts of total, day-ahead and real-time expected profits are compared in optimistic
and conservative cases based on the InterStoch and MSPB methods. As seen in Table 5, the optimistic

119



Energies 2017,10, 1397

case of both methods is where « equals one. However, the pessimistic case based on the InterStoch and
MSPB methods is where « equals zero and 0.4, respectively, as seen in Table 6. Tables 5 and 6 show that
the difference between the amounts of the expected profits in the optimistic and conservative cases
based on the InterStoch method is less than the MSPB method. Besides, Figure 3 shows the impact
of « on the total expected profit in both methods. Figure 3 also illustrates that the worst case of the
DEMS based on the InterStoch method is where a equals zero, and there is a linear pattern between the
increment of the optimistic coefficient and the total expected profit when uncertainty is modeled by
the InterStoch method. This point makes the system easier to analyze and more reliable, as it is able to
further mitigate the uncertainty, dealing with it in away that its impact on the expected results is highly
reduced. Moreover, the amount of the total expected profit in the worst case of the InterStoch is less
than its amount in the worst case of the MSPB method. Hence, the InterStoch method is more robust
than the MSPB method to model uncertainty in the proposed domestic energy management problem.

Impact of Uncertainty Modeling
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Figure 3. Impact of uncertainty modeling on the total expected profit of the system.

Table 5. Impact of uncertainty modeling on day-ahead, real time and total expected profits under the
optimistic case. InterStoch, Interval-Stochastic; MSPB, Modified Stochastic Predicted Band.

. InterStoch (x = 1) MSPB (« = 1)
Expected Profit ($) . - . - . - - "
With Uncertainty ~ Without Uncertainty ~ With Uncertainty =~ Without Uncertainty
EPjotal 12.798 10.549 51.707 51.618
EPy, 7.234 4.836 49.232 49.232
EPy 5.564 5.713 2.475 2.386

Table 6. Impact of uncertainty modeling on day-ahead, real time and total expected profits under the
conservative case.

. InterStoch (x = 0) MSPB (« = 0.4)
Expected Profit ($) . . . - . - . .
With Uncertainty =~ Without Uncertainty =~ With Uncertainty =~ Without Uncertainty
EPyota1 10.569 10.549 11.449 51.618
EPy, 4.836 4.836 4.836 49.232
EPyt 5.733 5.713 6.613 2.386
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5. Conclusions

In this paper, the energy flexibility management of the home electricity system based on the
predictive dispatch model has been introduced. Furthermore, the InterStoch hybrid method to
model the uncertainty of the PV power generation has been defined for the first time in this paper.
The proposed method consists of two stages. In the first stage, the day-ahead domestic energy
management problem has been modeled by an interval method to consider the uncertainty due to
the prediction error of PV power generation. However, a real-time problem has been represented
based on the stochastic method to consider the uncertainty. The performance of the proposed domestic
energy management problem has been evaluated based on a comparison between the proposed hybrid
(InterStoch) and MSPB methods. Furthermore, the impact of the proposed energy flexibility model,
prediction accuracy and demand response program on the expected profit and transacted electrical
energy of the system and the reliability of the results has been assessed. From the simulation, it is
concluded that:

e Increasing the energy flexibility increases the total, day-ahead and real-time expected profits of
the system.

e  The EV can provide more energy flexibility than the battery in the proposed system.

e  The increment of « increases the PV power produced in the day-ahead stage and day-ahead
expected profit. However, a has a negative impact on the amounts of the real-time expected profit.

e  The increment of the prediction accuracy has a smooth negative impact on the expected profit.

e  For the considered case study, the demand response program has a positive effect on the amount
of the DEMS’s total expected profit. Furthermore, the demand response program decreases the
domestic electrical energy load.

e  The amount of the total expected profit in the worst case of InterStoch is less than its amount in
the worst case of the MSPB method. Hence, the InterStoch method is more robust than the MSPB
method to model uncertainty in the proposed domestic energy management problem.

Finally, it should be mentioned that the uncertainty of electrical load, the EV mobility pattern
and market prices have not been modeled in our proposed DEMS. Our future work will consist of
modeling the uncertainty related to the EV and must-run services and to evaluate their impacts on the
transacted energy of the homes for the local electricity market.

Acknowledgments: This work has been supported by the European Commission H2020 MSCA-RISE-2014:
Marie Sklodowska-Curie project DREAM-GO Enabling Demand Response for short and real-time Efficient And
Market Based Smart Grid Operation—An intelligent and real-time simulation approach Ref. 641794, Grant
Agreement No. 703689 (Project ADAPT) and Project SURF: Intelligent System for integrated and sustainable
management of urban fleets TIN2015-65515-C4-3-R that has been supported by the Spanish Ministry, Ministerio
de Economia y Competitividad and FEDER funds. Moreover, Amin Shokri Gazafroudi acknowledge the support
by the Ministry of Education of the Junta de Castilla y Leén and the European Social Fund through a grant from
predoctoral recruitment of research personnel associated with the research project "Arquitectura multiagente para
la gestion eficaz de redes de energia a través del uso de técnicas de intelligencia artificial" of the University of
Salamanca.

Author Contributions: Amin Shokri Gazafroudi developed the hybrid interval-stochastic method and model the
residential energy management problem. Francisco Prieto-Castrillo developed the mathematical model to realize
the stochastic scenarios of the system. Tiago Pinto implemented the energy management system in the test system.
The remaining co-authors addressed key ideas for the project development.

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

Nomenclature

Indices

t  Index of time periods

j  Index of electrical loads

k  Index of energy storage systems
w  Index of PV power scenarios
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Variables

EP
E Pda
E Prt
da
PIZIU ;
a
P poout;
da
po,ing

Py ()
Pg{;,l)l(f, (k)
pda (k)

dis,ing

e, ()

P;é,om, (w)

t
P;v,im <w)

Pzﬁs, (k’ w)

Pt (kw)

dis,out;

Prt

dis,ing

(k, w)
Pgﬁl (k, w)

Prrlit, (w)

Lt

Léthed (w)
Jt

Spo, (W)

Ppop (@)

Lgltn (w)

L,s‘;uh, (w)

Lyp, (@)

Liiys, (@)

CH(k,w)

uft (w)

Expected profit

Day-ahead expected profit

Real-time expected profit

Day-ahead total power generation for the PV system in period ¢

Day-ahead power generation for the PV system that is injected to the power grid in period ¢
Day-ahead power generation for the PV system that is injected to the home in period ¢
Day-ahead total discharged power for energy storage system k in period ¢

Day-ahead discharged power for energy storage system k that is injected to the power grid in
period ¢

Day-ahead discharged power for energy storage system k that is injected to the home in
period t

Day-ahead charged power for energy storage system k that is injected to the home in period #
Day-ahead power generation that is bought from the local electricity market in period ¢
Day-ahead electrical load j in period t

Day-ahead electrical load of the space heater in period ¢

Day-ahead electrical load of the storage water heater in period ¢

Day-ahead electrical load of the pool pump in period ¢

Day-ahead electrical load of the must-run services in period ¢

Day-ahead state of charge for energy storage system k in period ¢

Day-ahead discharging commitment binary variable for energy storage system k in period ¢
Real-time total power generation for the PV system in period t and in scenario w

Real-time power generation for the PV system that is injected to the power grid in period ¢
and in scenario w

Real-time power generation for the PV system that is injected to the home in period t and in
scenario w

Real-time total discharged power for energy storage system k in period t and in scenario w
Real-time discharged power for energy storage system k that is injected to the power grid in
period t and in scenario w

Real-time discharged power for energy storage system k that is injected to the home in
period t and in scenario w

Real-time charged power for energy storage system k that is injected to the home in period
t and in scenario w

Real-time power generation that is bought from local electricity market in period t and

in scenario w

Real-time electrical load j in period t and in scenario w

Load shedding for load j in period t and in scenario w

Spillage amount for PV in period t and in scenario w

Potential power generation for PV in real time in period ¢ and in scenario w

Real-time electrical load of the space heater in period t and in scenario w

Real-time electrical load of the storage water heater in period ¢ and in scenario w

Real-time electrical load of the pool pump in period t and in scenario w

Real-time electrical load of the must-run services in period t and in scenario w

Real-time state of charge for energy storage system k in period ¢ and in scenario w
Real-time discharging commitment binary variable for energy storage system k in period ¢
and in scenario w

Load shedding for the space heater in period t and in scenario w

Load shedding for the storage water heater in period ¢ and in scenario w

Load shedding for the pool pump in period f and in scenario w

Load shedding for the must-run services in period t and in scenario w

Indoor temperature in period t and in scenario w

Commitment binary variable for the pool pump k in period t and in scenario w
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Parameters

P;,’;fd Central forecasting of the PV power generation in period ¢
(ngf” " Down deviation of the PV power prediction in period f

a% Up deviation of the PV power prediction in period ¢

apo Optimistic coefficient related to the PV power prediction
P Mean of the PV power prediction in period ¢

Apo, Mean deviation of the PV power prediction in period t

n(w)  Probability of the PV power generation in scenario w

/\; Sold electricity price to the local electricity market in period ¢
Anet, Bought electricity price from the local electricity market in period ¢
Yk Participation factor for energy storage system k

Sinax Maximum power capacity for the line

L]F-: red Predicted electrical load j in period ¢

B2V Charging efficiency for energy storage systems j

1v2B Discharging efficiency for energy storage systems j

Ci Initial state of charge for energy storage systems

WM Maximum charging/discharging for energy storage systems
w™in Minimum charging/discharging for energy storage systems

VOLL; Value of loss load for electrical load j

Vio Spillage cost for the PV system

6o Initial indoor temperature

O es Desired indoor temperature

Oiﬁfl Predicted outdoor temperature

Ly Maximum electrical consumption for the space heater

Ly Minimum electrical consumption for the space heater

R Thermal resistance of the building shell

L Maximum electrical consumption for the storage water heater
o Minimum electrical consumption for the storage water heater

Usyn Energy consumption for the storage water heater

Ly~ Maximum electrical consumption for the pool pump

Lgp" Minimum electrical consumption for the pool pump

Ton Maximum running hours for the pool pump

Lfiffg Predicted electrical load of the must-run services in period ¢
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Abstract: Over the recent years there has been an immense growth in load consumption due to
which, Load Management (LM) has become more significant. Energy providers around the world
apply different load management concepts and techniques to improve the load profile. In order to
reduce the stress over the load management, Demand Response Unit Commitment (DRUC), a new
concept, has been implemented in this paper. The main feature of this concept is that both the energy
providers and consumers must participate in order to get mutual benefits hence maximizing each
of their profits. In this paper we discuss the time-based Demand Response Program since there
is no penalty observed in this program. When the Demand Response was combined with Unit
Commitment and compiled it was observed that a satisfactory solution resulted, which is proved
to be mutually beneficial for both Generating Companies (GENCOs) and their customers. Here,
we have used a Cat Swarm Optimization (CSO) technique to find the solution for the DRUC problem.
The results are obtained using CSO technique for UC problem with and without DR program. This is
compared with the results obtained using other conventional methods. The test system considered
for the study is IEEE39 bus system.

Keywords: Unit Commitment (UC); Demand Response (DR); Demand Response Unit Commitment
(DRUC); Cat Swarm Optimization (CSO)

1. Introduction

With the improvements in the power sector field over the decades, there has also been a vast
increase in load consumption due to heavy demand. Sometimes the load required is very high due to
multiple consumers requiring power at the same time [1]. Due to this issue, GENCOs are sometimes not
able to meet the customer demands, hence making them unsatisfied or prompting them to terminate
their contracts. Some of the growing issues associated with power system operation include limited
supply of system resources that in turn forces the operators to operate their systems at their maximum
capacity, resulting in regular price hikes in the electricity market [2]. All the aforementioned limitations
motivate us to search for and explore novel ways to increase the efficiency of resource utilization in
power operations. As one of these new ways, Demand Response (DR) has recently become a major
concept in power system operation. The use of Demand Response management in power systems
enables the operators to efficiently utilize their resources as well as the power system operation. The
use of Demand Response Programs (DRPs) in power system operation increases the profit of customers
as well as the operators. It also encourages customers’ participation in the Demand Response Program
(DRP) by rewarding them with incentives, if they agree to reduce their load demands during the peak
hours of the day [3].

Energies 2017, 10, 1465; doi:10.3390/en10101465 125 www.mdpi.com/journal/energies
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As per the Federal Energy Regulatory Commission (FERC), Demand Response can be defined as
“Changes in electric usage by end-use customers from their normal consumption patterns in response
to changes in the price of electricity over time, or to incentive payments designed to induce lower
electricity use at times of high wholesale market prices or when system reliability is jeopardized” [4].
This is quite a different concept from energy efficiency that involves using less power for the same task.
Demand response is also a component of smart energy demand that includes energy efficiency, home
and building energy management, distributed renewable resources and electric vehicle charging [5].
The implementation of DRP in power system operation reduces the load stress on the equipment, hence
ensuring a maximum efficiency and power. According to the Federal Energy Regulatory Commissions
(FERC) report on demand response programs implemented in the US electricity markets from 2006 [6,7]
DRP is broadly divided into two major categories:

(a) Time-Based Rate Programs (TBRP):

Time-Based Rate Programs (TBRPs) are programs that involve changes in the forecasted price that
varies with the time of day, so the consumer can change or reduce their load usage for the respective
hours accordingly. TBRPs are subcategorized into three programs, namely time of use, critical peak
pricing and real time pricing programs. In time of use programs the main aim is to reduce the demand
(peak periods) by increasing the prices at the high demand hour causing customers to shift or reduce
their loads and lowering the prices where load management (off peak) use is possible. This attracts
and encourages the customers to use load during off-peak hours. It is a basic type, where the rates of
load per unit consumption vary in different time blocks. The rates during peaks are high and during
off-peak periods are low [8]. Critical peak pricing rates consist of a pre-specified high load usage price
imposed on Time of Use rates. These rates are applied for a short period of days or hours of a year. In
real time pricing programs, the consumers are faced with hourly varying prices that reflect the real
price of load in the market at that time. Customers under this program are informed in advanced
about the prices on a day before or an hour before [9].

(b) Incentive-Based Programs (IBP):

IBPs are all based on paying or receiving a small amount in the form of penalties/incentives.
IBPs are sub categorized into (i) Direct Load Control (ii) Emergency DR Program (iii) Demand
Bidding/Buyback program (iv) Ancillary Services Program (v) Interruptible/Curtailable Service
and (vi) Capacity Market program.

Direct Load Control involves programs where the loads are remotely controlled by the GENCOs,
so they can be remotely committed or decommitted during peak hours in order to reduce the load
stress. Some of the remotely controlled loads may include air conditioners, pumps and water heaters.
Emergency DR Programs (EDR) require customers to curtail their loads during system emergencies [10].
The customers are in turn rewarded with incentives for curtailing their loads. In both Direct Load
Control (DLC) and EDR programs, the customers are not penalized, if they fail to achieve the objectives,
because they are involved in voluntary programs. In Demand Bidding/Buyback programs, the
customers are encouraged to curtail load at a rate by which they are satisfied or how much load they
are willing to curtail at the given price. In Ancillary Services Programs customers are made to bid and
challenge their load curtailment values in markets as operating reserves [11].

Interruptible/Curtailable Service programs are the programs where the enrolled customers are
asked to curtail their loads during the peak demand hours of a day in order to reduce load stress. They
are in turn paid certain incentives to do so. If they fail to curtail the desired amount of load, they are
penalized. In Capacity Market Programs, the customers are willing to perform pre-informed load
curtailments for certain incentive rewards. Failing to do so will cause a penalization. Implementation
of DR along UC not only reduces the load stress during peak hours, but it also increases the profits of
GENCOs and makes the system more reliable. DR helps UC by shaving off loads during peak hours
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using various methods and thus causing an increase in profits and making systems more reliable and
robust [12,13].

In order to implement demand response in smart grids, we should be able to coordinate large
number of distributed resources using sensors, communication protocols and actuators. In addition,
the increased presence of different renewable generation drives a much larger need for officials to
procure more ancillary services in order to balance the grid [14,15]. Demand response is also provided
by industrial customers. Industrial manufacturing plants’ magnitude of power consumption is very
large compared to commercial and residential loads [16]. Demand response implementation was
imposed in the United States by FERC Order No. 745 in March 2011 [4]. Reduction of loads during
peak hours decreases the need for installing new units. According to the demand response smart grid
coalition, around 10-20% of electricity costs are due to peak demand in the United States [17]. It was
found in the California electricity crisis in 2000-2001 that lowering the demand by mere 5% would
have resulted in a 50% of price reduction during peak hours [18]. A suit was filed regarding legality of
order 745 by many affected parties, including the State of California [19]. From December 2009, the UK
national grid has contracted to provide DR of 839 MW (35%) [20]. The mathematical formulation of
the Market Clearing Model based on DRP was implemented in Singapore to improve the wholesale
market profit [21]. The analysis on various power sectors of Germany was improved with wind power
prediction [22].

The impact of UC and DRUC problems was studied by a dynamic approach on an IEEE 10 unit
system [23]. Zhang et al. proposed how renewable energy resources can play a vital role in the future
power system. How it can be used along with DR and electric vehicles in a UC problem to utilize wind
power efficiently by using fuzzy chance constraints has also been studied [24]. The wind uncertainty
can be overcome using ancillary services from Pumped Hydro Energy System (PHES) and DR and
simultaneous scheduling of PHES and DR along with wind uncertainties has been attempted by
solving an LR-based probabilistic UC [25].

The IBP based multi-objective energy management system is proposed in order to optimize micro
grids by PSO [26]. Kwag et al. discussed virtual generation and the various costs reduction by using
DR [27].The growing load factors in the Spanish electric energy system causing higher loads and
increased cost and its reduction by demand shifting and curtailment were examined in [28]. The UC
model is presented for accessing the reserve requirements resulting from large scale integration of
renewable energy sources and deferrable demand in power systems and the alternative DR paradigms
are discussed for accessing the benefits of demand flexibility in [29]. A robust optimization technique
with wind power to derive an optimal UC was developed in [30]. Based on the explosion of fireworks
in the sky, a unit commitment problem in a deregulated environment was modeled and the GENCOs’
profits were maximized [31]. An economic model of responsive loads is derived based upon price
elasticity of demand and customers benefit function in [7]. Govardhan proposed a linear load economic
model for solving the demand response unit commitment problem by using an Artificial Bee Colony
algorithm [32]. The critical kick-back effect has been applied to a DR program for maximizing the
profit in peak hours in a day in [33].

2. Demand Response Unit Commitment Problem Formulation

Traditional Unit Commitment (TUC) is the process of scheduling power generation, without
violating the systems or units operational constraints. The traditional unit commitment problem
objective function focuses on minimization of generation cost along with fuel costs and startup
costs [32,34-37]. In this paper, the demand response based unit commitment problem is modeled and
the main objective of the demand response unit commitment problem is used to maximize the profits
of the GENCO using a Time-Based Demand Response Program (TBDRP) [38,39].

The objective function is as follows:

Max PR = [TRV — TOCOST} (1)

127



Energies 2017, 10, 1465

where, Pr—is the total profit of the GENCOs and Demand Response Service Provider (DRSP)
combined, TRy—is the total revenue calculated from the GENCOs and DRSP, TOcost—is the total
operating cost of the GENCOs and DRSP combined:

T N T dN
) i it di,t cdi dit

TRU = Z Pé’etn S;::rice u;tat + 2 Z Pgéri szrice ust’at (2)

t=1i=1 t=1di=1
TOcost = 2 Flcost (Pgén> u;’tat + SUcost | + 2 2 Fcést (Pgé/rﬁ) uSt’E’it + SUcost (3)

t=1i=1 t=1di=1
. . . 2 . . .

Fleost = a' (Péen> + ' (Péen> +c 4)

2.1. Mathematical Modelling of DRUC

The main objective of GENCOs in a deregulated environment is to maximize their profits, their
objective being minimizing the cost of energy supplied to the consumers. Hence the traditional unit
commitment is modeled with demand response program. The market clearing price in the demand
response program is calculated from the DRSP supply curve coefficients and based on customer’s
willingness to participate in a Demand Response Program. The demand response market clearing
price is formulated by the following equation:

DRprice = 04 DRI, + 5% (1 - ydi) i (di=1---dN) ®)

Here, % is the customer’s willingness to participate in a DR program. Its value is between 0 and
1, and the higher the willingness of customers, the less is the DR cost. 09 and 69 are DRSP coefficients
for all customers [40]. Rewriting the above equation as:

DRprice = BdiDRgén + NS (6)

where:
A&dl _ (Sdl (1 o le) (7)

Rearranging the above equation, we get:

. DRpjice — AST
DR;’QH:%,ZzlmdN 8)
Equality must be maintained between the sold and purchased value of DR, and using this
constraint the following equation is modeled:

dN ) AN DR.. . — A&
DRreq = Z DRgén = Z % 9)
di=1 di=1
di
DRreq+ ¥ 2%
DRprice = Ti (10
L
di=1

The higher the willingness of customers to participate in DPR, the less will be the value of A&
Similarly, the value of Ad% increases as customer willingness decreases. The profit maximization
equation for DRSPs is defined as:

PDRY = DRpyice DRI, — DRO%, ; di =1---dN (11)

gen
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Substituting DR i, and DRO {5 in Equation (11), we get:

asdi . Casdi\ 2 . agdi )
PDRY = DRpice (LP“;; a0 ) - [Grnd’ x (%) + omdi <DRP9%> +¢de} ;di=1...dN  (12)

where, the coefficients 0m“, smdi and ¢pm? are referred to the customers’ supply curve cost coefficients

0% is always considered equal to fm'. Taking derivation of the profit function with respect to A%
we get:

1

o
x

801 (k) , FXGies WGy 801 (k) L O PR
afw) || e 0 WX | | AW O @i 0 G .
o o o 5 5 SR S N BT
AS™N (k) G‘T‘XW %XW 0 AS™N (k) 0 0 T Wf’)izm DReeq
and:
A8 (k)
A% (k) 1
o1 1 -
DRprice = | i o 2z | S| ( = X DRreq) (13)
A5 (k)
Equating Equations (10) and (13) we get:
As% AsY
DRreq + odi Zd_w
174aj
DRprice = (14)

dN 1
L g
di=1

Rearranging the above equation, we get:

"= & X —b— d e 0K di
AS di%dj(wl X (gdi)z P X AJ >+ ((edi)z 1 X DRW) +( X om ) (15)

091 K—1
where:
dN 1
=) o
di=1 o

2.2. Traditional Unit Commitment Constraints

2.2.1. Equality Constraint

™M=

(Pita Ulty) = Phemi(t=1---T)

(16)
i=1
2.2.2. Inequality Constraint
PR < Pity < PR (i=1---N) (7)
2.2.3. Ramp up Rate
pi max _mm<Pég;‘aX PV 4 R, ) 18)
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2.2.4. Ramp down Rate

o o (-1 )
Pé;’etnmm = max <Pé§1un/ Pé(etn ) lpRz:lown)
2.2.5. Minimum up Time
ON' > M,
2.2.6. Minimum down Time
OFFi = Mﬁiown

2.2.7. Reserve Constraints

it i i mi
0 S ng < (P] max pé;l\ln)

en = | Fgen

i,min it it it i,max
Pgen S (Pgen + Rgen) Ustat S Pgen

RS

M=

Il
—

2.2.8. Spinning Reserve

i _
S'res =

M=

Il
—_

1

2.2.9. Startup Cost of Units

t it it max
gen Ugiar < Rgen

(Péergax - Péen)

i Héost Jif Mf:lown < QFFI < CSime
cost Clost - if OFF' > CSj;, .
CSlime = CStiour + Miigun

2.3. Demand Response Unit Commitment Constraints

2.3.1. Equality Constraint

dN

N it it dijt 7 ydit
1
Z (Pé’en us’tat) + Z (Pgé'n ustlét>
i=1 di=1
2.3.2. Minimum up Time
ON“ > ML
2.3.3. Minimum down Time
OFFdi > Mdi

:P(tiem;(tzl"'T)

down
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2.3.4. Ramp up Rate

Pt ma — min (PdLmx, gl + yRY ) (31)
2.3.5. Ramp down Rate
P min — max (pgimin, ) — pRA ) (32)

3. Cat Swarm Optimization (CSO)

CSO optimization overcomes the limitations of PSO and DE that they are influenced by parameters
and stagnation problem [41]. CSO is a meta-heuristic evolutionary optimization technique that
intimates the natural behavior of felines. Cats have a strong curiosity towards objects that move.
The cat group has superior hunting skills. Although it may be seen as always being at rest and
they may seem to move slowly, they are always alert and aware of their surroundings [42]. Upon
sensing the presence of prey, they chase it very quickly thereby spending a large amount of energy.
These mentioned two characteristics, that is, the slow movement resting and sudden chase with high
speed are described as seeking and tracking modes [43,44]. Each of these modes can be separately
modeled mathematically.

3.1. Seeking Mode

There are four essential factors used in seeking, these factors are described as:

(a) Seeking Memory Pool (SMP): number of copies of a cat produced.

(b) Seeking Range of selected Dimension (SRD): difference between the new and old in the dimension
selected for mutation.

(c) Counts of Dimensions to Change (CDC): number of dimensions to be mutated.

(d) Mixture Ratio (MR): to state that most of the time spent by the cats is resting and observing.

Steps executed in seeking mode:

(1) Randomly select MR fraction of population as seeking cats: rest of them as tracing cats.
(2)  SMP copies of the ith seeking cat is created.
(3) Update the position of each copy based on CDC by randomly adding or subtracting SRD fraction.

(4) Evaluate error fitness values of copies.
(5) Best candidate is picked from all copies and placed at ith seeking cat.
(6) Repeat Step 2 until all seeking cats are involved.

3.2. Tracing Mode

This mode corresponds to the local search technique of an optimization problem. This method
involves the cats tracing a target while spending a huge amount of energy. The rapid chase of cats is
mathematically modeled as follows:

Define the position and velocity of ith cat in the D-dimensional space as:

Xi= (X, X5,...... ,Xh) (33)

and: ) o )
Vi= (Vi Vi, ... ,Vh) (34)

The global best position of a cat is represented as:
1 2 D
Gbest = (Gbestf Gbest’ """ ’ Gbesf) (35)

131



Energies 2017, 10, 1465

Updated equations are:
Vh = wx Vh+Cxr(Ghuy — Xb) (36)

and:
Xp=Xp+Vp (37)
The proposed method algorithm is given by the following steps:

Step 1: Create N number of population.

Step 2: Initialize time t =0 and i = 0.

Step 3: Find the overall cost and revenue for TUC and DRSP from the data provided using
iterations and store the values and evaluate the profit for TUC and DRSP using the formula
Pf =Ry — Tcost-

Step4: Check if all units are over and whether the cat is in seeking mode based on MR value

Step 5: If yes, Seeking Mode.

Create SMP copies and update position based on CDC, then take best value from SMP copies.
Step 6: If no, then Tracing mode.

Update position and velocity by using the equations:
Vh = wx Vh+Cxr(Ghy — Xb)
b=Xb+Vh

And save the highest profit unit.

Step 7: Check if all cats are updated, if yes, then proceed or else go back to Step 4.

Step 8: Check if maximum iteration is over, if yes, then stop and display the result, else go back to
Step 2.

4. Result and Discussion

In this paper, we have used IEEE 39 bus system with conventional 10-units for a scheduling
period of 24 h. The data for the load demand curve of the 10 unit systems is listed in Table 1. The
operator data are listed in Table 2. The load data for the 10 unit 39 bus system is shown in Table 3.
The forecasted price values for 24 h in a 10 bus system are shown in Table 4 and plotted in Figure 1.
Six separate DRSPs are considered here, each generating load at a capacity of 50 MW. The load data
curve value for these DRSPs is given in Table 5. The curve for forecasted price along with load demand
variation for 24 h is plotted in Figure 2. Here it is noted that the price value during peak hours is high
compared to the non-peak hours.

Table 1. Load curve data for the 10 unit IEEE 39 bus system.

Unit No. a; b; C;
U-1 1000 16.19 0.00048
U-2 970 17.26 0.00031
U-3 700 16.6 0.002
U-4 680 16.5 0.00211
U-5 450 19.7 0.00398
U-6 370 22.26 0.00712
u-7 480 27.74 0.00079
U-8 660 25.92 0.00413
U9 665 27.27 0.0022

U-10 670 27.799 0.00173
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Table 2. Operator data for the 10 unit IEEE 39 bus system.

Unit No. ng:( plgnei‘r‘\ Mf‘P Mz;lown Ciost Host (& iime Ugtat
(MW) (MW) (h) (h) %) $) (h) (h)
U-1 455 150 8 8 4500 9000 5 8
U-2 455 150 8 8 5000 10,000 5 8
U-3 130 20 5 5 550 1100 4 -5
U-4 130 20 5 5 560 1120 4 -5
U-5 162 25 6 6 900 1800 4 —6
U-6 80 20 3 3 170 340 2 -3
u-7 85 25 3 3 260 520 2 -3
U-8 55 10 1 1 30 60 0 -1
U9 55 10 1 1 30 60 0 -1
U-10 55 10 1 1 30 60 0 -1
Table 3. Load demand for 24 h.
Time (h) 1 2 3 4 5 6 7 8 9 10 11 12
Load Demand (MW) 700 750 850 950 1000 1100 1150 1200 1300 1400 1450 1500
Time (h) 13 14 15 16 17 18 19 20 21 22 23 24
Load Demand (MW) 1400 1300 1200 1050 1000 1100 1200 1400 1300 1100 900 800
Table 4. Forecasted price values for 24 h.
Time (h) 1 2 3 4 5 6 7 8 9 10 11 12
Price ($) 2215 22 231 22.65 2325 2295 225 22.15 22.8 29.35 30.15 31.65
Time (h) 13 14 15 16 17 18 19 20 21 22 23 24
Price ($) 24.6 24.5 225 223 2225  22.05 222 22.65 23.1 2295 2275 2255
2 . T T T
s B
Eaj s B
280 R
§ 280 R
%’ ot R
1=
SRS z
=0 R
Al -
<] S i
5% 1 1 1 1
i 5 U Timem ° 20 2
Figure 1. Forecasted price curve for 24 h.
Table 5. Load curve data for DRSP’s.
_ odi sdi ez
DRSP1 0.07 70 240
DRSP2 0.095 100 200
DRSP3 0.09 85 220
DRSP4 0.09 110 200
DRSP5 0.08 105 220
DRSP6 0.075 120 190
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Figure 2. Valley, off peak and peak load unit operating system.

5. Simulation Results

The CSO formulation and solution methodology was implemented in MATLAB (2015,
The MathWorks, Natick, MA, USA) and executed on a core i5 (2.6 GHz) personal computer equipped
with 4 GB RAM. The proposed methodology that has been tested on a 10 unit generating system to
solve TUC and DRUC problem is shown in Tables 6-8. The parameters assumed here are as follows;
population size = 50, max iterations cycles = 100, SMP =5, CDC = 0.6, SRD =2, MR = 0.1, inertia weight
w = 0.4 and acceleration constant C = 1.5 [41].

Table 6. Output data for base case using Traditional Unit Commitment (TUC).

Hour 1 2 3 4 5 6 7 8 9 10 R(;f[“*;‘;e Foost®  SC®)  TOwst (9 Ry $) Pr )
1 45 245 0 0 0 0 0 0 0 0 210 13,683.13 0 1368313 15505  1821.87
2 45 295 0 0 0 0 0 0 0 0 160 1455450 0 1455450 16500 194550
3 455 370 0 0 25 0 0 0 0 0 222 16,809.45 900 17,709.45 19,635 1925.55
4 455 455 0 0 40 0 0 0 0 0 122 18,597.67 0 18,597.67 21,5175 2919.83
5 455 390 0 130 25 0 0 0 0 0 202 20,020.02 560 20,580.02 23,250 2669.98
6 455 360 130 130 25 0 0 0 0 0 232 2238704 1100 2348704 25245  1757.96
7 455 410 130 130 25 0 0 0 0 0 182 2326198 0 2326198 25875  2613.02
8 455 45 130 130 30 0 0 0 0 0 132 2415034 0 2415034 26580  2429.66
9 455 455 130 130 85 20 25 0 0 0 197 2725106 860 2811106 29640 152894
10 455 455 130 130 162 33 25 10 0 0 152 3005755 60 30,117.55 41,090 1097245
11 455 455 130 130 162 73 25 10 10 0 157 31,916.06 60 3197606 437175 1174144
12 455 455 130 130 162 80 25 43 10 10 162 33,890.16 60 3395016 47475  13524.84
13 455 455 130 130 162 33 25 10 0 0 152 3005755 0 30,057.55 34,440 438245
14 455 455 130 130 85 20 25 0 0 0 197 27,251.06 0 27,251.06 31,850 4598.94
15 455 455 130 130 30 0 0 0 0 0 132 24,150.34 0 24,150.34 27,000 2849.66
16 455 310 130 130 25 0 0 0 0 0 282 21,513.66 0 21,513.66 23,415 1901.34
17 45 260 130 130 25 0 0 0 0 0 32 2064182 0 2064182 22250  1608.18
18 455 360 130 130 25 0 0 0 0 0 232 22387.04 0 22387.04 24255  1867.96
19 455 455 130 130 30 0 0 0 0 0 132 2415034 0 2415034 26,640  2489.66
20 455 455 130 130 162 33 25 10 0 0 152 3005755 490 3054755 31710 116245
21 455 455 130 130 8 20 25 0 0 0 197 2725106 0 2725106 30,030  2778.94
2 455 455 0 0 145 20 25 0 0 0 137 2273552 0 273552 25245  2509.48
23 455 45 0 0 0 20 0 0 0 0 90 17,645.36 0 1764536 20475  2829.64
24 455 345 0 0 0 0 0 0 0 0 110 15,427.42 0 15,427.42 18,040 2612.58

TOTAL COST (5) 5598477 4090 5639377 651380 8744231

Two cases are considered for solving unit commitment problem.

5.1. Case 1: Base Case

In this case, TUC is formulated using CSO programming for the 10 unit generating system
considering the initial loads. The output obtained for this is shown in Table 6. Here the total revenue
generated is $651,380 and the total operating cost calculated is $563,937.7. The profit obtained with
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this TUC is $87,442.31, which is 13.42% as shown in Table 9. In Table 9 the average TUC profit of the
proposed CSO method gives better results compared to the LR [45], BCGA, ICGA [46], BFA [47] and
ICA [48] methods.

5.2. Case 2: Base Case Established Using DR

In this case, we have used a real time-based demand response program to reduce load during the
peak hours of the day. The peak hours can be seen in Figure 2 where the various valleys, off peak and
peak load hours are plotted. 20% of load is reduced only in those particular hours and a TUC problem
is executed and the output is shown in Table 7. The total revenue generated is $593,389.50 and the total
operating cost calculated is $507,954.30. The profit obtained here is $85,435.21 as shown in Table 9. In
the output Table 7, it is seen that the generators 8, 9 and 10 are not committed thereby reducing the
total operating cost. The various generator running hours are depicted in Figure 3. From Figure 3, it is
observed that the TUC methodology uses the entire generators in its distribution hence causing rise in
cost. Whereas in DRUC the last three units are idle and don’t take part in generation hence reducing
the overall cost.

Table 7. Output data for base case established with Demand Response (DR) using Demand Response

Unit Commitment (DRUC).

Hour 1 2 3 4 5 6 7 8 9 10 ﬁ;};{,‘;e Fost®  SCS)  TOwst® Ry  Pr(S)
1 455 245 0 0 0 0 210 13,683.13 0 13,683.13 15,505 1821.87
2 455 295 0 0 0 0 160 14,554.49 0 14,554.5 16,500 1945.5
3 455 370 0 0 25 0 222 16,809.45 900 17,709.45 19,635 1925.55
4 455 455 0 0 40 0 122 18,597.67 0 18,597.67 21,517.5 2919.83
5 455 390 0 130 25 0 202 20,020.02 560 20,580.02 23,250 2669.98
6 455 360 130 130 25 0 232 22,387.04 1100 23,487.04 25,245 1757.95
7 455 410 130 130 25 0 182 23,261.98 0 23,261.98 25,875 2613.02
8 455 455 130 130 30 0 132 24,150.34 0 24,150.34 26,580 2429.66
9 405 360 130 120 25 0 292 21,386.63 0 21,386.63 23,712 2325.37
10 455 380 130 130 25 0 212 22,736.83 0 22,736.83 32,872 10,135.17
11 455 395 130 130 25 25 257 24,173.33 520 24,693.33 34,974 10,280.67

12 455 435 130 130 25
13 455 355 130 130 25
14 410 355 130 120 25
15 455 435 130 130 50
16 415 350 130 130 25
17 455 260 130 130 25
18 455 350 130 130 35
19 455 445 130 130 40
20 455 380 130 130 25
21 415 360 110 110 25 20

N
G

217 24,874.02
297 23,473.63

0 24,874.02 37,980 13,105.98
0 23,473.63 27,552 4078.37
292 21,382.13 0 21,382.13 25,480 4097.87
132 24,199.99 0 24,199.99 27,000 2800.01
282 21,547.94 0 21,547.94 23,415 1867.06
332 20,641.82 0 20,641.82 22,250 1608.18
232 22,411.63 0 22,411.63 24,255 1843.37
132 24,174.74 0 24,174.74 26,640 2465.26
212 22,736.83 0 22,736.83 25,368 2631.17
372 21,859.06 340 22,199.06 24,024 1824.94

5
0000000000000 0000000OCO
OO0 0000000000000 000000OCO
0 0000000000000 0000OCO

cocoococoocococococo

2 455 445 0 120 35 45 182 2239879 0 2239879 25245 284621
23 455 45 0 0 0 20 90 17,645.36 0 1764536 20475  2829.64
24 455 345 0 0 0 0 10 1542742 0 1542742 18040 261258
TOTAL COST ($) 50453429 3420 5079543 593,389.5 8543521
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Figure 3. Operating hours of generating units in TUC and DRUC.
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Along with this TUC programming, the six separate DRSPs that were installed are now used for
generation. These generators generate the 20% load that was reduced from the initial case for their
corresponding hours, respectively. The output of these generators are shown in Table 8. The same
forecasted price given in table 4 is used to calculate the revenue. The revenue generated for these
hours is $57,990.5, and the total operating cost is $40,512.5 for DRSP. The total revenue obtained when
combined with the DRUC and DRSP is $651,380. This is same as that of our base case hence proving
the same value of price is considered in our proposed case too as shown in Table 9. The total operating
cost is $548,466.80. This is lower than our base case hence increasing the profit to $102,913.20 (15.8%),
thus giving a profit rise of 2.37% shown in Table 9. Even an amount as low as a dollar saved per day
will sum up to be much greater amount at the end of a year, although upon comparison, the amount
doesn’t seem to be much higher, but considering long term generation, it will make a huge difference.

Table 8. Output data of DRSP’s during peak hours.

Reserve

Hour DRSP1 DRSP2 DRSP3 DRSP4 DRSP5 DRSP6 W) Ficost ® Ry ()  PDRY ($)
9 50 50 50 50 50 10 40 4810 5928 1118
10 50 50 50 50 50 30 20 5110 8218 3108
11 50 50 50 50 50 40 10 52825 87435 3461
12 50 50 50 50 50 50 0 5470 9495 4025
13 50 50 50 50 50 30 20 5110 6888 1778
14 50 50 50 50 50 10 40 4810 6370 1560
20 50 50 50 50 50 30 20 5110 6342 1232
21 50 50 50 50 50 10 40 4810 6006 119
TOTAL COST ($) 405125 57,9905 17,478

Table 9. Various data comparisons.

- Feost ($) SC (%) TOcost (3) Ry ($) Pr ($) % Rise
TUC (LR) [45] - - 565,825 651,380 85,555 13.13
TUC (BCGA) [46] - - 567,367 651,380 84,013 12.89
TUC (ICGA) [46] - - 566,404 651,380 84,976 13.05
TUC (BFA) [47] - - 565,872 651,380 85,508 13.13
TUC (ICA) [48] - - 563,938 651,380 87,442 13.42
TUC (CSO) 559,847.7 4090 563,937.7 651,380 87,442.31 13.42
DRUC 504,534.3 3420 507,954.3 593,389.5 85,435.21 14.40
DRSP - - 40,512.5 57,990.5 17,478 30.14
DRUC + DRSP - - 548,466.8 651,380 102,913.2 15.80
% Difference Total cost variation = 2.74% Total profit variation = 2.37%

The cost comparison for the base case and the base case with DR and DRSPs is shown in Figure 4.
The base case is observed to have the maximum cost while the base case with DR has less due to the
reduced load during the peak hours. The final case being the total cost combined of base case with DR
and DRSPs. It is noticed that the profit is maximum when DRUC is scheduled rather than TUC. The
various running data for the separate DGs installed is shown in Figure 5. It is observed that all the
units are committed for peak hours and generating 50 MW each, except for the last unit, that is varied
throughout peak hours in order to equalize the demand power.

The load demand versus time curve is depicted in Figure 6. The peak time load has been reduced
using DRUC when compared with TUC. The reduced load value is generated by the DRSP’s which is
shown in Figure 5. The profit calculated for base case, base with DR and DRSPs are shown in Figure 7.
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Figure 4. Cost comparison for TUC, TUC using DR and DRUC.
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Figure 5. Unit running data for DRSP switched on during peak hours.
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Figure 7. Profit for TUC, TUC using DR and DRUC.
It is noted that the profit is more using DRUC when compared with TUC. Also the curve when

only the base case with DR excluding DRSPs is plotted and depicted. The various revenues calculated
in TUC and DRUC are shown in Figure 8.
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Figure 8. Revenue calculated in TUC, TUC using DR and DRUC.

It can be seen that the revenue when DR is established is reduced. This reduced revenue is
calculated for DRSPs using the same spot price values. It should be noted that the revenue for both
cases are one and the same. The total operating cost for the base case, base case using DR without
DRSPs and base case using DR with DRSPs are shown in Figure 9. It is observed that the overall cost is
reduced in DRUC when compared with TUC.
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Figure 9. Operating cost for TUC, TUC using DR and DRUC.

6. Conclusions

In this paper, a demand response-based unit commitment model is solved using the Cat Swarm
Optimization technique. A real time-based demand response program is used here to reduce load
stress during peak hours and reduce the overall cost of the generation system. Also, six Demand
Response Service Providers are used to compensate for the reduced load values. It is observed that
using demand response unit commitment maximizes the profit for both GENCOs and the Demand
Response Service Providers. Even though the load is reduced during peak periods the GENCOs gain
higher percentage of profit. The consumer gains profit by installing DRSPs that supply the shaved-off
loads during peak hours thereby decreasing the overall cost and maximizing the profit. From the
simulation studies, although the revenue remains the same in TUC as in DRUC, it is observed that
by implementing DRUC in generation systems, there is an overall decrease of around 2.74% in total
cost and an increased profit gain of around 2.37%. Also it is proved that using DRSP the profit of the
consumer is increased by reduction in the fuel cost. The proposed algorithm gives better results when
compared to other optimization methods.
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Nomenclature

Constants

N Total number of units

Y Unit commitment time step (60 min)

T Dispatch period in hours

dN Total number of DRSP units

@, 5, i Supply curve coefficients of DRSP generating units
om, sm®, gm®  Customer’s supply curve cost coefficients

al, b, ¢l Supply curve coefficients of IEEE 10 generating units
ui Customer willingness coefficient

RLP Ramp up rate of unit i

Réi_own Ramp down rate of unit i

Mup Minimum up time limit of unit i

MZCl own Minimum down time limit of unit i

H! Hot start cost of unit i
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Clost Cold start cost of unit i

C Sjim . Cold start hour of unit i

Variables

i Index of generator unit

di Index of DRSP generator unit

Pr Total profit of the GENCO’s and DRSP combined

TRy Total revenue calculated from GENCO'’s and DRSP

TOcost Total operating cost of GENCO's and DRSP combined

Flost Fuel cost of generator unit

Fdi Fuel cost of DRSP generating unit

DRprice Demand response clearing price

DRgén DRSP generator output per hour

PDRY Total profit of DRSP

DRieq Required power output from DRSP generating units

Pé’én Power generator output of ith unit at tth hour

Pgérﬁ DRSP output of dith unit at tth hour

Ui, Unit status of ith unit at tth hour

Pl Total power demand at hour ¢

Pgen" Minimum generation output power of ith unit

Pé’etnmm Minimum generation output power of ith unit at tth hour

Py Maximum generation output power of ith unit

Pé’etnmax Maximum generation output power of ith unit at tth hour

Pé.(etnfl) Power generated in the previous hour

ON' Number of hours the unit was committed

OFF! Number of hours the unit was not committed

Rg'en Reserve generation of unit i at tth hour

Sles Spinning reserve of unit i

;rice Forecasted spot price of unit i

Sgiice Forecasted spot price of DRSP generating units di

SUlost Startup cost of unit i
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Abstract: Although a well-organized power system is less subject to blackouts, the existence of
a proper restoration plan is nevertheless still essential. The goal of a restoration plan is to bring
the power system back to its normal operating conditions in the shortest time after a blackout
occurs and to minimize the impact of the blackout on society. This paper presents a decentralized
multi-agent system (MAS)-based restoration method for a low voltage (LV) microgrid (MG). In the
proposed method, the MG local controllers are assigned to the specific agents who interact with each
other to achieve a common decision in the restoration procedure. The evaluation of the proposed
decentralized technique using a benchmark low-voltage MG network demonstrates the effectiveness
of the proposed restoration plan.

Keywords: average consensus algorithm (ACA); black start; local controller; microgrid (MG);
multi-agent system (MAS); power system restoration (PSR)

1. Introduction

1.1. Motivations

Nowadays, the limited operating margins of the power systems have increased the risk of power
blackouts and system collapse. In recent years, several major blackouts have occurred around the
world. For instance, the blackout that occurred on 14 August 2003 in North America, caused an
immense loss and the power system restoration (PSR) lasted nearly two weeks [1]. Also, a European
power outage affected 15 million people on 4 November 2006, and it lasted up to 2 h. The blackout
that occurred on 31 July 2012, in north India deenergized 50 GW of loads and affected 670 million
people. The 2009 Brazil and Paraguay blackout was a power outage that occurred in many sections
of Brazil and for a short time affected the entirety of Paraguay. The Fukushima nuclear power plant
was faced with a series of equipment failures after the earthquake and tsunami on 11 March 2011,
and a significant amount of radioactive materials were also released into ground and ocean waters [2].
When a blackout occurs, the main priority is to restore the power system in a proper manner so
that the maximum load is restored as soon as possible considering the operating conditions and the
system security.
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During the past years, various aspects of the PSR problem have been studied, and its theories and
methods are largely mature [3-7]. In conventional power systems, the restoration process begins from
the transmission system by starting up those power plants which provide the black start capability in
the shortest time. This allows the supply of a large part of the consumers near the power plants and
to energize the transmission network [4]. The start of the restoration process from the transmission
system causes many consumers in the distribution system to be supplied in the final stages of the
restoration process, so the reliability of the system is decreased.

With the restructuring of the power grids toward smart grids which are based on the smart energy
infrastructure consisting of microgrids (MGs) and distributed energy resources, the possibility of
restoration of a large part of the loads at the distribution level along with restoration of the power
plants and transmission network is provided. Therefore, the combination of the distributed energy
resources and the flexible demands in the form of MGs can facilitate the implementation of local
self-healing methods and accelerate the restoration process. In this sense, the PSR process can be
carried out using a top-down procedure starting from the high voltage (HV) transmission system
along with a bottom-up approach starting from the low voltage (LV) distribution system by using the
capabilities of the LV MGs. The LV MGs and the HV transmission system will be synchronized and
connect together at the medium voltage (MV) distribution level [8-11].

The motivation of this paper was to design and develop a decentralized multi-agent-based
approach for restoration of a MG after a general blackout. The proposed decentralized approach
provides an adequate restoration sequence to maximize the amount of restored loads.

1.2. Literature Review

The aims of restoration are to enable the power system to return to its normal conditions rapidly
and securely, to minimize the losses and the restoration time, and to alleviate the adverse effects
on the society after an outage. Many methods and technologies are employed for preparing the
restoration schemes to address the abovementioned goals. Although the nature of the outages is
unique, certain common guidelines exist to help operators restore and rebuild a stable power system
after an outage [12]. The PSR can be categorized based on several different criteria as follows:

(a) Different parts of the power system: PSR needs to be carried out in different types of power
systems and at different levels. In [13], the restoration of the transmission system with the goal
of finding an appropriate sequence of actions to minimize the size of the blackout over time
is presented. To solve the restoration ordering problem (ROP), the DC model and the linear
programming approximation of AC (LPAC) power flow are used, and it is shown that the DC
model is not sufficiently accurate to solve the ROP. In contrast, the LPAC power flow model is
sufficiently accurate to obtain the restoration plans. In [14], the PSR is stated as a multi-objective,
multi-variable, and multi-constrained nonlinear optimization problem and a multi-objective
model based on the combination of the multi-agent technology and Tabu search method (TSM)
is proposed for the restoration of the transmission system. Some of the studies investigate the
restoration of the distribution system. In [15], by using the genetic algorithm (GA), the switching
operation is minimized during the restoration process. It also reduces the required calculations
time. The capabilities of the distributed generations (DGs) in distribution systems are used in [16]
to minimize the restoration time and maximize the amount of restored loads.

(b) Outage range: Some researchers focus on the condition in which only a small part of the power
system is deenergized [13] while other researchers focus on the restoration procedure after a total
blackout [17].

(c) Sub problems: Much researchers have focused on the different sub problems in PSR such as
generator start-up sequence [18], standing voltage phase angles [19], and selecting suitable islands
to restart [20].
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(d) Modeling: There is a trade-off between speed and accuracy of PSR analysis; capturing the
behavior of the real system reduces the computation time and the implementation complexity.
Both static power flow calculations [17] and dynamic electromechanical models [8,21,22] are used.

Many recent reports focus on the using the capabilities of the MGs as the new effective solution
for PSR at the distribution system level. In [8], the feasibility of MG restoration after a blackout is
investigated using dynamic modeling. The microgrid central controller (MGCC) is responsible for
making the restoration decisions such as starting-up the black start units, energizing the feeders, and
restoring the loads and non-black start units. Using the information received periodically from the local
controllers about generation and consumption levels, the centralized control system of the MG makes
the restoration decisions. Such dynamic studies for MG restoration with the centralized approach are
widely used in the literature. In [22], the restoration of the distribution system is investigated in the
presence of multi-MGCC. Similar to [8], it is supposed that the sequence of the restoration actions is
determined by the centralized control system. In [23] and [11], the dynamic studies of the centralized
restoration process are performed for the MGs implemented in the northern region of Launceston in
Tasmania, and Illinois Institute of Technology (IIT), respectively.

The centralized control schemes are low cost and easy to design, however, they suffer from
single-point-failure. Furthermore, they are not adaptive to the changes of the power network structure.
For instance, when new loads or generators are installed, the centralized control schemes may need to
be redesigned. To avoid these shortcomings, the decentralized control scheme is introduced. One of
the most popular decentralized control solutions is the multi-agent system (MAS). The MAS has the
advantage of surviving single-point-failure, and it can do the decentralized data processing which, in
turn, leads to task distribution and faster decision-making process [24].

MASs need to share the information process among the agents. The problem of communication
of the agents can be solved by the average consensus algorithm (ACA). ACA shares the information
among the agents in a distributed way to achieve an agreement on a common decision. This algorithm
is widely employed in different areas including the collective behavior of swarms [25], random
networks [26,27], formation flight control of multi-unmanned aerial vehicle (UAV) system [28],
cooperative control of satellites [29], networks of cameras [30], and coordination and control of
mobile robots [31].

1.3. Contributions

This paper introduces a decentralized multi-agent-based approach for restoration of an LV MG.
In the proposed scheme, the MG local controllers are assigned to specific agents. The agents only know
their own local information and communicate with their neighboring agents to access the required
global information. The communication among the agents for sharing the local information and
accessing to the global information is based on ACA. After completing the sharing information process,
all agents take a common decision based on the discovered information to determine which load or
generation unit should be chosen and connected for maximizing the amount of the restored load in the
shortest possible time.

The centralized restoration scheme uses the information about the last generation-consumption
scenarios of the MG to determine the sequence of restoration actions. The information is periodically
sent by the MG local controllers to the MGCC. After a blackout, the MGCC performs service restoration
based on the latest updated information stored in a database and determines all restoration actions.
Since the database information is gathered during a certain period of time before the blackout, in the
case of changing in the load or generation scenario or lack of preparedness for the restoration of a
generation unit or load during the restoration process, the restoration scheme will be in trouble [8,22].
Thus, there is a need for a decentralized restoration approach that uses the online information of the
generation/consumption of the MG and determines a proper sequence of restoration actions to restore
the maximum possible amount of loads in the shortest possible time. The proposed decentralized
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multi-agent based restoration approach uses the online information of the generation/consumption of
the MG during the restoration process and determines a proper sequence of restoration actions.

1.4. Paper Organization

The rest of the paper is organized as follows: in Section 2, the centralized control structure for
the black start of the MG is briefly explained. Section 3 gives the dynamic modeling of an LV MG.
The employed dynamical models are compatible with the type of study. In Section 4, the proposed
decentralized multi-agent based approach for the restoration of an LV MG is explained. The proposed
scheme is simulated in MATLAB-Simulink (R2013b (8.2.0.701)), The MathWorks, Inc., Natick, MA,
USA) environment, and the study results are presented in Section 5. Finally, Section 6 provides
the conclusions.

2. Microgrid Control Structure for Black Start

Figure 1 shows the structure of an inverter-based LV MG. The presence of a synchronous generator
in an inverter-based LV MG is not common [8]. Generally, an LV MG includes the loads, microsources
(photovoltaic (PV), wind energy conversion system (WECS), fuel cell, and microturbine), and storage
devices (battery energy storage systems (BESSs) and flywheels).

@ v
v
rZ74

Microturbine

Figure 1. Typical low voltage (LV) microgrid (MG). MGCC: microgrid central controller; MC:
microsource controller; LC: load controller; WECS: wind energy conversion system; PV: photovoltaic.

The safe, economic and stable operation of an MG in both grid connected and islanded mode
depends on the existence of a proper control system [11,32-34]. An LV MG can be controlled centrally
by the MGCC installed at the LV side of MV /LV substation. The load controller (LC) and microsource
controller (MC) are local controllers that control the loads and microsources, respectively, and exchange
the required information (such as set-points and load / consumption situations) with the MGCC through
a narrow-band communication link. LC controls the loads using the local load shedding schemes in
emergency conditions while MC controls the active and reactive power of microsources [35].

Under normal operation, the MG is connected to the MV network. However, in order to deal
with the islanded mode and black start of the MG following a blackout, an emergency operation mode
should be provided. If a blackout occurs, the restoration process time needs to be reduced as much as
possible. The restoration plan is defined step by step. The main steps are building the LV network,
connecting the microsources, connecting the controllable loads, controlling the voltage and frequency,
and synchronizing the MG with the MV network, when it is available [8,22].

In the centralized restoration scheme, the MG black start is guided by the MGCC. The information
about generation-consumption scenarios of the MG is periodically sent by the MCs and LCs to MGCC
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using the communication links and they will be stored in a database. After the blackout occurrence,
based on the information available in the database, the MGCC determines a sequence of restoration
actions and send the proper control commands to the local controllers [8,22].

To implement such a centralized restoration approach, all of the MCs and LCs must have a
direct communication with the MGCC. In the case of communication failure for each local controller,
the centralized restoration scheme faces with some problems. That’s why it is said that the centralized
control schemes easily suffer from single point failure. Moreover, the centralized restoration scheme
uses the information available in its database to determine the sequence of restoration actions. Since the
database information is gathered during a certain period of time before the blackout, in the case
of changing in the load or generation scenario or lack of preparedness for the restoration of a
generation unit or load during the restoration process, the restoration scheme will be in trouble.
Thus, there is a need for a decentralized restoration approach that uses the online information of the
generation/consumption of the MG and determines a proper sequence of restoration actions to restore
the maximum possible amount of loads in the shortest possible time.

This paper proposes a decentralized multi-agent based approach for the MG restoration in which
the online data related to the generation and consumption are used to determine a proper sequence of
restoration actions. In the following sections, first, the MG components will be dynamically modeled.
Then, according to the mathematical discussion on the distributed averaging problem, the proposed
multi-agent based method will be presented.

3. Modeling of the Microgrid Components

Generally, MGs include some components such as microsources, storage devices, and loads.
In order to study the dynamic behavior of the MG during the restoration process, it is essential to
provide a proper dynamic model for each component that is compatible with the type of the study [36].
In the following subsections, various components of the MG are modeled.

3.1. Microsource Modeling

There are several dynamic models for microsources in the literature. To model the PV cell, this
paper uses the single-diode model or five-parameter model [13]. This model provides an adequate
trade-off between simplicity and accuracy. A PV system is commercially available in the form of
modules in which there is a number of series cells. The modules are connected in series to make a
string with an appropriate voltage level. While, to increase the current rating, the strings are connected
in parallel and form an array. In [37], the model of the PV array based on the five parameter model is
found. In this paper, it is assumed that the PV arrays work at the maximum power point.

The WESS model used in this study is based on the constant speed wind turbine that is available
in [38]. Likewise, regarding the period of study, only the average value of the wind speed is considered
(i-e., the wind speed is constant).

To model the dynamic behavior of the microturbine, the gas turbine (GAST) model [39] is used.
There are two types of the microturbine including single-shaft microturbine (high-speed) and split-shaft
microturbine (low-speed). In the single-shaft microturbine, the turbine speed range is from 50,000 to
120,000 rpm. So, this type of microturbine requires an AC/DC/AC converter for connecting to the grid.
The split-shaft microturbine uses a power turbine that is rotated at 3600 rpm and can be connected to a
conventional induction generator using a gearbox [39].

Reference [40] provides a basic dynamic model for a solid-oxide fuel cell (SOFC) that is used in
this paper. This model has some assumption to achieve an integrated dynamic model for using in the
power systems simulations.

3.2. Converter Modeling

There are two kinds of control mode for operating the converters: (1) grid-forming mode and
(2) grid-following mode [41]. The grid-forming converters emulate the behavior of a synchronous
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generator and provide the voltage and frequency references for the MG. The grid-forming converter
acts as a voltage source and controls its output voltage and frequency using the droop control. When the
MG works in the islanded mode, at least one converter must operate as a grid-forming converter.

DGs must meet two requirements to have the black start capability: (i) equipped with storage
devices (batteries or super-capacitors) in the DC link of their inverter and (ii) operation of their inverter
in the grid-forming control mode. These DGs are capable of restarting without any external power
source, energize the network, supply a part of loads, and provide remote cranking power for the other
DGs with the grid-following inverter control system [42]. Figure 2 shows the control structure of a
droop-based grid-forming converter.

Low-pass
filter

e i =
Primary | i ;
- |
source } L } =
| ! Z
I
PWM ! C |
generator A R
Current
control L
1
Voltage | U
control o]
~__ 5
P
Power
Y ’\ calculation
o
o [&

Figure 2. Structure of a grid-forming converter control system. PWM: Pulse width modulation.

The grid-following converters are mainly designed to deliver a pre-determined power to
an energized grid. If there is no synchronous generator or grid-forming converter in the MG,
the grid-following converter cannot operate. Figure 3 shows the control structure of a grid-following
converter [43].

Figure 3. Structure of a grid-following converter control system.

4. Proposed Decentralized Approach

4.1. Mathematical Background

The consensus problem is a prevalent problem in distributed control. In the following two
subsections, the ACA is explained.
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4.1.1. Distributed Averaging

Let ¢ = (N, E) be a graph with N nodes and E edges. In node set N = {1,2,...,n}, consider
each edge {i,j} € E is an unordered pair of distinct nodes. Let ¢! be a real number associated to node
? ina
distributed way at every node (see Figure 4). The following iterative law, known as ACA, is proposed
in the literature to solve this averaging problem [44]:

i at time t = 0. The average consensus problem calculates iteratively the average (1/n)}_1" ;¢

cf,‘+1 — cf + E wij(c;‘ — c;‘), 1)
JEN;

are the values of node i at iteration k and k + 1,
respectively, and w;; is the weight coefficient that enables communication between neighboring nodes
iand j. If nodes i and j are connected together, 0 < wij < 1, otherwise, wi; = 0. N; is the index of nodes
connected to node i.

wherei=1,2,... ,n;nis the number of nodes; cf, cf“

0 1<
.
[

[ M 1&

0S¢
c

Figure 4. Principle of distributed averaging.

. . T . . .
By considering Cck = [c]{, ., cf-‘ PR c’,‘L] , Equation (1) can be expressed in matrix form as follows:

CF=CF+ACK= (I+A)Cf— Cf'=DC}, @)

where I is the identity matrix, and:

1- X wy -+ wy; W1
JEN1
D= Wit e 1=y wy - Wip .
Ny ! @)
Wp1 Wi e 1=} wy
L JENn dnxn

The square matrix D is said to be doubly stochastic if its elements are non-negative and sums of
each row and each column are equal to ones, i.e., withljn = [1,1,...,1],1x D =land 1 x DT=1[45].
Based on the Gerschgorin’s Disks theorem, the eigenvalues of D are lower than or equal to one.
According to the Perron Frobenius Lemma [46], one can write:

17 %1
lim D = —=

k—ro0

. 4)
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where 7 is the dimension of matrix D. Combination of (2) and (4) leads to:

17 %1

. (5)

lim Cf = (

k—ro0

From Equation (5), one can see that the system reaches to consensus when k approaches infinity.

The speed of convergence depends on the design of D. In practice, the exact equilibrium is not required,
and the number of required steps for converging is approximately equal to:

-1

k= —0
loge()\—z)

(6)

where e is the error tolerance and A; is the second biggest eigenvalue of D [44]. Equation (6) shows that
A; determines the number of required steps to converge or equivalently the speed of the algorithm.
To achieve the maximum speed and the optimal solution, the weight coefficients in matrix D must be
determined in such a way to minimize A5.

4.1.2. Coefficient Setting

The employed method for setting the weight coefficients depends on the type of application, i.e.,
offline or online applications. If the system is exposed to changes of configuration, the optimization
problem must be solved again at every change. Because of the multiple variables and constraints
in this optimization problem and the required time to achieve the information of the new system
configuration, the optimization is time consuming and is, therefore, suitable for offline applications.
For online application, there is a requirement for a proper algorithm to adjust the weight coefficients
near their optimum values. Normally, in online applications, the weight coefficients are determined by
using a simple rule named Uniform method [44]. This method proposes the fixed coefficients that are
calculated as follows:

1/n, jE€N;
wy=q LM ™
0, otherwise.

In above equations, n is the number of nodes. To achieve a higher convergence speed, another
method named Metropolis is introduced in [47] that makes A, near to its minimum value using an
adaptive weight updating law. The updating rule is:

1/(Max(n;,nj) + 1), jEN;
wij = 1715\]11/(Mux(n,,n]) +1)/ =] (8)
0, otherwise,

where n; and n; are the number of nodes in the neighborhood of the node i and j, respectively. It is
easy to show that these two methods guarantee the two required conditions for applying the Perron
Frobenius Lemma to D (i.e., the sums of each column and row of the D are ones, and all its eigenvalues
are equal or lower than one). To make a comparison between the speeds of the ACA with various
coefficient setting rules, let consider the graph depicted in Figure 5. Now, let us define the initial values
assigned to each node as follows: c(l) = 100, cg = 100, cg = —50, cg = —100, cg = —50.

By using Equation (2), the equilibrium point for unlimited iterations will be:

==& = =c5 ) =o0. )

“

S

i=1

It means that after using the consensus algorithm (Equation (1)), the number ‘0" exists in each
node. Figure 6 shows the value in each node for 60 iterations. Considering an error tolerance equal to
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0.01, the nodes have reached the consensus with 31 and 25 iterations for the uniform and metropolis
methods, respectively.

Node2 Node3

Nodel Node4
Node5

Figure 5. A typical studied graph.
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Figure 6. Comparison of converging speed of different methods: (a) uniform; (b) metropolis.

4.2. General Assumptions

The goal of this paper is to develop a decentralized multi-agent-based approach to restore
the MG loads and generations with a proper sequence of actions after a total blackout. The local
controllers (MCs and LCs) and the MG communication infrastructure are so important for the successful
implementation of the decentralized restoration scheme.

Based on the abovementioned distributed averaging algorithm, it is assumed that each node of the
graph can be considered as an agent. The edges of the graph can be considered as the communication
links among the agents. It is assumed that each local controller is assigned to a specific agent. Thus,
there are two kinds of agents: (i) MC agents and (ii) LC agents. Figure 7 shows the conceptual
decentralized multi-agent based model for MG restoration. In this model, each MC agent has some
local information such as the amount of the generation capacity of the corresponding microsource,
connection situation of the corresponding microsource (connected or disconnected), its availability
and preparedness for the restoration, and pre-defined priority for the restoration.

Local information:

Local information: - amount of the load
- connection situation
- preparedness for restoration

- pre-defined priority

- generation capacity

- connection situation

- preparedness for restoration
- pre-defined priority

Nl S T LC agent
MCagent }----""" -

Figure 7. Conceptual decentralized multi-agent based model for MG restoration.
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The LC agents have similar local information of their corresponding loads. The agents don’t
have any direct access to the global information of the system. An agent is only able to communicate
with its neighbors. By using the ACA based communication law, the agents are able to share the local
information, to access the global information, and accordingly to take a common decision for restoring
the loads or generation units.

4.3. Information Sharing Process

The local initial information of each agent is placed within an initial matrix. The initial matrices
just have the local information of the agents. Agent i is initialized with a n x 4 matrix M; where n is
the number of agents. In M;, up to four non-zero elements may exist. These three non-zero elements
are M;(i,1), M;(i,2), M;(i,3), and M;(i,4). M;(i,1) can be either 0 or i to show whether the generation
unit or the load assigned to agent i is connected or not. Each agent can realize which generation units
or loads are disconnected by checking the position of the zeros. M;(i,2) can be 0 or i to show that the
disconnected load or generation unit is ready for restoration or not. In the case of MC agents, M; (i, 3)
shows the amount of the power that the generation unit can produce while in the case of LC agents,
it represents the amount of the load power that agent i will consume. M;(i,4) canbe 0, 1, 2, 3 that
shows a pre-defined priority of the agents for restoration action. If M;(i,4) = 0, the agent i has no
pre-defined priority.

For example, let consider the initial matrices M;, M;, M for agent i, j, n, respectively, as follows:

00 0 O 00 0 0 0 000
M1 = 0 i PG,. 0 ,M]' = 0 ] —PL/. 1 , My = (10)
00 0 0, 00 0 04, n 0.0 0],

The above initial matrices present the following information. MC-agent i is disconnected; it is
ready for restoration; if it is connected, it can produce power equal to Pg,; and it has no pre-defined
priority. Similarly, the LC-agent j is disconnected; it is ready for restoration; if it is connected, it
consumes P ; and it has the highest priority to be connected. The agent # is connected, and there is no
need for the restoration. Each agent has a similar principle to make the initial information matrix. By
using the ACA (Equation (1)), all initial matrices will converge to the same matrix that is available for
each agent. A typical final converged matrix can be:

o i k0
n n n n
Mconv. = 0 ] 71‘)]“7 1 (11)
n n n on
noo0 0
L n n n n  Jdnx4

Each element of the final converged matrix is equal to the average summation of the corresponding
elements existed in the initial matrices. The actual amount of each element can be obtained by
multiplying the element by n. According to the discovered global information (Mcony.), the amount
of disconnected loads and generations are available and after reaching the consensus, all agents take
a common decision for restoring the loads or generation units. The following subsection is devoted
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to implementing the proposed method in which the function of agents and decision making process
are described.

4.4. Implementation of the Proposed Multi-Agent Based Approach for MG Restoration

The function modules of the agent i is illustrated in Figure 8. Each agent has four main modules:
(1) initialization; (2) information update; (3) information keep; and (4) exchange and decision making.
The required steps for operation of the agents can be designated as follows:

Step 1: Initialization: in this step, the local initial information matrix of each agent (M?) is formed.

Step 2: Information sharing: in this step, each agent receives the information of its neighboring agents
through a communication link and updates its information by using the ACA. After reaching
the consensus, the common decision will be made.

Step 3: Decision making: when the agents reach the consensus in the sharing information process,
a proper decision will be made. Decision making is one of the crucial parts of the agents’
function blocks. This block must be designed to meet the initial restoration steps such as
setting up the generation units with black start capability and energizing the restoration path.
Moreover, in the next steps, this block must determine a proper sequence for connection of
disconnected loads and generation units by providing the maximum amount of the restored
loads in the shortest possible time.
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agents
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Figure 8. Function of agent i for MG restoration.

Decision Making Process

MG restoration process begins by setting up a generation unit with black start capability. In an
inverter-based MG, the inverter with grid-forming control mode has the black start capability. It is
assumed that in the MG, one inverter is in grid-forming control mode and the other ones operate
in grid following mode. The output real power of the grid-following inverters is a constant value.
However, the output real power of the grid-forming inverter varies based on the MG frequency (droop
control). During the restoration process, the connection of a load or a generation unit changes the
output power of the grid-forming inverter. The capacity and the instantaneous power of grid-forming
inverter play a key role in determining a proper sequence of connecting the loads and generation units
with a grid-following inverter.
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To help better understand this, consider the flowchart of the decision making process shown in
Figure 9. When the algorithm is run for the first time, the microsource with grid forming inverter
is chosen and connected to energize the MG feeder. Then, a pre-defined interruption is required for
damping of the frequency fluctuations. The interruption time depends on the inertia and damping
factor of the MG. In the next run of the algorithm, after reaching the consensus, the information related
to the output power of the grid-forming inverter Py, that is a small value (only for energizing the
MG feeder) as well as the disconnected load units and available power of the generation units with
grid-following inverter are available for all agents. The capacity of the grid-forming inverter PfC ; rpm is
also specified. In this step, based on the discovered information, the largest possible amount of the
load is chosen to be connected. This amount of the connected load makes the grid-forming inverter
to work in the capacity limits, so in the next step, a generation unit with the grid-following inverter
is chosen to releases the capacity of the grid-forming inverter by providing a fixed amount of power.
This procedure will continue until all of the generation units and the maximum possible amount of the
loads are connected.
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Figure 9. Flowchart of the decision making process.

5. Simulation Results and Discussion

In order to evaluate the dynamic behavior of an MG during restoration procedure, a benchmark
LV MG network presented in Figure 10 is implemented in the simulation platform. The electrical data
for this LV test system can be found in [48]. It is supposed that the MG is subjected to a total blackout.
The studied MG includes nine local controllers, and each one is assigned to a specific agent. Figure 11
shows the two topologies for connection of the agents.

From (6), it can be observed that the speed of ACA is independent of the initial information matrix
and it depends on how the agents are connected and how the weight coefficients are determined.
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To verify the convergence speed of the ACA for the topologies of Figure 11, let define the initial values
assigned to each agent as follows:

d=1,d=-1,d=1d=-1d=1,=-1,d=1 =-1, =0. (12)
20kv—r

A
Yo

0.4 KV e BUS 1

BUS 2

Motor load : 5 kW

BUS3
——M—)» 4 Apartment buildings: 40 kW

BUS 4

BUS5

Wind turbine: 20 kW

Photovoltaics : 10 kW

Group of 4 residence : 20 kW
SO BUS7

TT
2 Apartment buildings : 20 kW 4—.—|

Fuel cell : 15 kW | <] BUS9 BUS sl

Single residential
consumer : 4.8 kW

Figure 11. Different topologies for connection of the local controller agents: (a) topology a;
(b) topology b.

By using Equation (2), the equilibrium point for unlimited iterations will be:

c© __ oo __ oo __ oo _ oo _ 00 o0 _ 00 _ 00
=== =c=cg = =cg =cg =

9
Y d=o. (13)
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It means that after using the consensus algorithm (Equation (1)), the number ‘0" exists in each
agent. The metropolis method is used for determining the weight coefficient. Figure 12 shows the
value in each agent for 40 iterations. Considering an error tolerance equal to 0.01, the agents have
reached the consensus with 19 and 17 iterations for the topology (a) and (b), respectively.
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Convergence index
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Figure 12. The convergence speed of the different topologies of Figure 11: (a) topology a; (b) topology b.

The time delay to reach the consensus can be estimated by:

Niteration X Ny X Np

T = c , (14)

where Niteration is the number of required iterations to reach the consensus, Ny, is the size of the
information matrix, N, is the number of required bits to represent each element of the information
matrix, and C is the communication link speed. For the topology (a) and (b), the system requires 19
and 17 iterations to converge, respectively. There are nine agents, Ny = 9 x 4, and if 16 bits are used
for representing each element of the information matrix, for a network with 5 Mbit/s, time delay for
reaching the consensus for the topology (a), (b) are 0.002189 s and 0.001958 s, respectively. This time
delay is very small compared with the pre-defined interruption time used in the decision making
process. In the simulations, the interruption time is considered equal to 4 s. Therefore, the time delay
for reaching the consensus can be neglected.

In order to provide the black start capability for the studied MG, the microturbine is equipped
with the battery storage in the DC link, and its inverter operates in the grid-forming control mode.
The inverters of the fuel cell and PVs systems operate in the grid following control mode. The wind
turbine is connected directly to the grid through an induction generator. It should be noted that the
secondary control is carried out locally by using a PI controller at microturbine control system aiming
to restore the frequency and voltage to the nominal value after any restoration action. The restoration
process is started with forming the initial information matrices of the agents. The initial information
matrices are as follows:
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01 -5 2 00 0 0 0000 [00 0 0 [00 0 0
00 0 0 02 —40 1 00 0 0 00 00 00 00
00 0 0 00 0 0 033 0 00 00 00 00
00 0 0 00 0 0 00 0 0 04 2 0 00 00
Mi=|[00 0 0|M={00 0 O0|Ms=|[00 0 O0|Mg=|00 0 0|Ms=/|035 100
00 0 0 00 0 0 0000 0000 0000
00 0 0 00 0 0 0000 00 00 0000
00 0 0 00 0 0 0000 0000 00 00
oo 0 o] Loo 0 o Loo o 0] Loo o 0] Loo o 0]

[00 0 0] [o0o 0 0] [00 0 0] [00 0 0]

00 0 0 00 0 0 00 0 0 0000

00 0 0 00 0 0 00 0 0 0000

00 0 0 00 0 0 00 0 0 0000

M¢=|[00 0 0| M=|[00 0 0[|Mg=[00 0 0[|M=/[00 0 0

06 —20 0 00 0 0 00 0 0 0000

00 0 0 07 —48 0 00 0 0 0000

00 0 0 00 0 0 08 —20 0 0000

Loo 0 o0 loo o o] Loo 0o o] L0 9 15 0|

By using ACA for the topology (a), after 0.002189 s, the agents share the initial information and
reach the consensus. The final converged matrix that is available for all agents is as follows:

o 0o o0 0 0o o0 0o 0 o071"
1 2 3 4 5 6 7 8 9
Meopy, — 9 9 9 9 9 9 9 9 9
5 —40 30 20 10 -20 —48 -20 15
9 9 9 9 9 9 9 9 9
2 0 o0 0o o 0 0 0

By checking the first and the second columns of Mcony. (or second row of ML ), it can be
found that all of the loads and generations are disconnected, and they are ready to be restored.
Column 3 shows that the MC-agents have no predefined priority and they will be chosen based on
their production capacity. Among the LC-agents, the LC-agent 2 (correspond to the apartment building
disconnected from bus 4) has the highest priority to be connected. LC-agent 1 (correspond to the
motor load) has the next priority, and the other LC-agents have no pre-defined priority for restoration.
The first common decision of the agents in this step is to connect the MC-agent 3 (correspond to the
microturbine) for energizing the MG feeder.

After connecting the microturbine and passing the interruption time (4 s), the initial information
matrices are again formed. All of the initial matrices are same as the previous step except the initial
matrix corresponds to the MC-agent 3. In this step, the final converged matrix is as follows:

O 0 1 0 0 0 0 o o0 17"

12 4, 4 5 6 7 8 9

9 9 9 9 9 9 9 9
Meonv. = | —5 —40 30 20 10 —-20 —48 —20 15

9 9 9 9 9 9 9 9 9

2 1

5 5 0 0 0 0 0 0 0

From the above matrix, it can be seen that the microturbine has 30 kW capacity for supplying the
loads. By considering the priority of the loads, the LC-agent 2 connects three apartment buildings
and the microturbine will reach its capacity limit. After passing the interruption time, the initial
information matrices are again formed, and the final converged matrix is expressed as follows:
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0 0 1.0 0 0 o o o1"

r2z , 4 5 6 7 & 9

9 9 9 9 9 9 9 9
Meonv. = | 5 10 o 20 10 -20 48 20 15

9 9 9 9 9 9 9 9

2 1

5 9 00 0 0 0 0 0

The above matrix shows that the microturbine has reached its capacity limit and there is a need
for connection of another MC-agent to release the capacity of the microturbine. In this step, among the
MC-agents, the MC-agent 4 (correspond to the wind turbine) that has a higher production capacity is
chosen to be connected. In the next step, the final converged matrix is as follows:

o o 110 0o 0 0o o071"

1 2 5 6 7 8 9

5 9 9 0%5 5 § g 3
Meonv. = | 5 10 20 o 10 -2 —48 -2 15

9 9 9 9 9 9 9 9

2 1

S 2 9000 o0 0 0 0

9 9

In this step, the microturbine has 20 kW free capacity. The remaining load of LC-agent 2 along
with the LC-agent 1 and one of the residence groups correspond to the LC-agent 6 are connected.
This process will continue until all of the MC-agents are connected, and the microturbine operates
in its capacity limits. The remaining disconnected loads will be supplied when the MG is connected
to the upstream network. Table 1 shows the sequence of restoration actions carried out based on the
proposed decentralized multi-agent based scheme.

Table 1. Sequence of restoration actions.

Steps Actions time
Step 1 Connection of microturbine t=1s
Step 2 Connection of three apartment buildings at bus 4 t=5s
Step 3 Connection of wind turbine t=9s

Connection of one apartment building at bus 4

Step 4 Connection of motor load t=13s

Connection of one of the residence groups at bus 6

Step 5 Connection of fuel cell t=17s
Step 6 Connection of three remaining residences at bus 6 t=21s
Step 7 Connection of PVs t=25s
Step 8 Connection of one apartment building at bus 9 t=29s

After step 8, the final converged matrix is expressed as follows:

111111 0 o 11"
oooooo - 8 o
Mconv. = —‘9}.8 _910
000000 == == 0
000000 0 0 0

158



Energies 2017, 10, 1491

By checking the first column of Mcony., it can be found that all of the generation units and loads
are connected, except the load at bus 8 and a part of the load at bus 9. The microturbine also has
reached its capacity limits, so the remaining loads will be supplied when the upstream network is
available. At this point, the work of the proposed decentralized multi-agent based restoration scheme
has been completed.

It should be noted that during the restoration procedure, if the produced (consumed) power of
the generation units (loads) changes or they are not ready to be restored, the restoration decisions
may be changed by providing a proper local initial information matrix. That’s why it is emphasized
that the proposed method uses online information of the system to determine the sequence of the
restoration actions.

Dynamic simulations are carried out in the Matlab-Simulink environment. Figure 13 shows
the microturbine real power during the restoration process. Each time that the loads are connected,
the microturbine reaches to its capacity limit, and with the connection of generation units, its capacity
is released. Figure 14 shows the frequency of the MG during the restoration process. The real power of
the microsources is shown in Figure 15. The results show that for successful implementation of the
proposed scheme, the generation unit with grid-forming inverter plays a key role and the proper time
interval among the restoration actions is required.
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Figure 13. Microturbine real power during the restoration process.
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Figure 14. Frequency of the MG during the restoration process.
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6. Conclusions

This paper proposed a decentralized multi-agent-based approach for MG restoration. In the
proposed scheme, the MG local controllers were assigned to specific agents. The communication rule
for sharing the local information of the agents and getting access to the global information was based
on ACA. A proper restoration decisions strategy based on the discovered global information was
developed. Compared to the centralized restoration schemes, the proposed method had the capability
of surviving the single-point failure. Moreover, the online information of the generation/consumption
of the MG was used to determine the proper sequence of restoration actions. The effectiveness of the
proposed strategy is verified using a benchmark LV MG network.
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Abstract: Demand-side energy management is used for regulating the consumers’ energy usage
in smart grid. With the guidance of the grid’s price policy, the consumers can change their energy
consumption in response. The objective of this study is jointly optimizing the load status and electric
supply, in order to make a tradeoff between the electric cost and the thermal comfort. The problem
is formulated into a nonconvex optimization model. The multiplier method is used to solve the
constrained optimization, and the objective function is transformed to the augmented Lagrangian
function without constraints. Hence, the Powell direction acceleration method with advance and
retreat is applied to solve the unconstrained optimization. Numerical results show that the proposed
algorithm can achieve the balance between the electric supply and demand, and the optimization
variables converge to the optimum.

Keywords: demand-side energy management; multiplier method; Powell direction acceleration
method; advance and retreat method; thermal comfort

1. Introduction

The power system includes generators, transformers, transmission, and distribution lines that
deliver electricity power to terminal users. Smart grid enables real-time control and monitoring to
provide distributed generation and storage. It can make grid operating reliably, economically and
efficiently [1,2]. In smart grid, the energy providers can monitor the operating states of the loads in
real time and control power supply directly. Demand-side energy management has been a hot topic
in recent years [3,4]. Reasonable energy management can effectively promote the development of
clean energy, save resources and reduce generation costs. In the process of the energy management,
the consumers are encouraged to adjust the electricity purchase, optimize the load curve and improve
the electricity efficiency [5-7]. Demand-side energy management is a mechanism which requires the
consumers’ response to pricing strategy [8—10]. The real-time price is an effective strategy to achieve
demand-side response [11-13].

In [14], an energy management service for the smart building has been proposed to measure and
predict the patterns of both energy generation and power load. Taking into account overall costs,
climatic comfort level and timeliness, a mixed integer linear programming model and a heuristic
algorithm were proposed to make consumers change the consumption profile during certain time
interval [15]. In [16], an automatic rule creation based on the knowledge extraction of a smart
building was proposed to optimize the consumers’ electricity usage. In [17], the Lagrangian dual
algorithm was employed to solve the nonconvex problem, and it came up with efficient demand
response scheduling schemes. In [18], a complex telecommunication infrastructure was designed

Energies 2017, 10, 1538; doi:10.3390/en10101538 163 www.mdpi.com/journal/energies
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to manage the data exchange among the energy management system, generators, loads, and field
sensors/actuators. In [19-21], the cost minimization of interactive consumers was studied based
on the noncooperative game theory. The interaction between the consumers and energy provider
was modeled with Stackelberg game theory [22-24]. Recently, convex optimization has been used
for decreasing the consumers’ total cost. In [25], distributed primal-dual algorithms were used to
adjust the energy consumption and the price. And the primal-dual algorithm was used to analyze the
volatility of electricity markets when considering the uncertainty in the consumer’s value function [26].
In [27], an optimal and automatic residential energy consumption scheduling framework was proposed
to provide the real-time price schedule to the consumers. In [28], the model of price response was
established for the consumers with stochastic charging behaviors. In [29], a fully distributed control
algorithm was proposed based on the saddle point dynamics and consensus protocols. In [30],
the relationship between the operating states and energy consumption of the loads under forecast
error was considered in an energy management problem. In the above studies, the cost functions of the
consumers are assumed to be known in advance. However, the cost cannot be directly modeled when
considering the comfort of the consumers and the operating state of the loads, such as the thermal
comfort and the temperature settings of the heating, ventilation, and air conditioning (HVAC) systems.

In this study, we model energy management as a constrained optimization problem with
non-convex objective function. And the Fanger thermal comfort cost which is unknown is included.
The objective is to minimize the discomfort costs of the consumers and the generation costs of the
providers. Meanwhile, it should keep balance between the consumers’ total power consumption and
the total generation. Each consumer’s load operating state should be limited in upper and lower limits.
Hence we propose an iterative algorithm to solve the optimization problem and study the influence of
the tradeoff factor and the air conditioning’s energy efficient ratio on the energy management scheme.

The rest of the paper is organized as follows. The energy management problem is formulated
in Section 2. The algorithm is proposed in Section 3. Section 4 applies the algorithm to the
energy management of HVAC systems. The simulation results and analysis are given in Section 5,
and conclusions are summarized in Section 6.

2. Problem Formulation

In the process of the demand-side management, we consider an power system consisting of
consumers that are served by an utility company, as shown in Figure 1. The utility company announces
the retail price through forecasting the consumers” power consumption. According to the announced
price, the consumers can schedule the loads’ operations to reduce the costs.

We suppose that an power grid with m loads and n buses. The operating states of consumer i’s load
(ie M={1,---,m})is x;, and the generationonbusi (i € N = {1, - - - ,n}) is g;. The function ¢;(x;)
denotes the consumer i’s discomfort cost caused by the load changes, and w;(g;) denotes the generating
cost. And the function f;(x;) denotes the relationship between the energy consumption and the
operating state. We suppose the lower limit and upper limit of the operating state of consumer i’s load

min and xM3X, The energy management can be formulated as the following optimization problem:

1s X;

n

max — Ti(fi(xi) -(1-1) Zwi(qi)

= iz
m n
st Y filxi) =Y qi
i=1 i=1
XN <y <A =1,2, - ,m

where T € [0, 1] is the parameter to achieve the tradeoff between the consumers’ discomfort costs and
the generating costs. The energy management problem is to minimize the costs of consumers and
providers subject to the energy balance constraints and the operating state limits.
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Figure 1. Demand-side management system.

3. Iterative Algorithms

In this section, an iterative algorithm is proposed to solve the above optimization problem.
The algorithm, which includes multiplier method, Powell direction acceleration method, advance and
retreat method and golden section method, is described in Figure 2.

Build augmented
Lagrangian function

Powell direction
acceleration method
start : Amend
Give n unit vectors multiplier
vectors

‘Advance and
retreat method:
Spilt search
inferval

Golden section
method: Search
optimal step length

Update penalty
factors

Obtain optimal
points

Ifthe points satisfy
termination criterion?

Output
optimal
points

Figure 2. The flowchart of the iterative algorithm.
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This iterative algorithm can solve the unknown and nonconvex optimization problem, and the
specific algorithms are introduced as the following 4 parts.

Part 1: Multiplier Method

As a general constrained optimization problem, the constraints can be transformed to the objective.
For the multiplier method, the constrained augmented Lagrange function can be established as:

n

M(x,q,1,v,A,0) =T Z (1-1) ;{[max(o,yi — o (x; — M2 — u?y + — Z{[max
vi — o (™ — x;))? =7} — )\[ifi(xi) - ;qz‘} + E[;fi(xi) - ;qz‘]z

where A, j; and v; are Lagrange multipliers, especially A is denoted as the retail price. The multipliers
are updated by

M1 = A — oY filxi) — Y awi) 1

= =1
(Mge1)i = max|[0, (Ag); — o(xx — x,'cn'“) li=1-,m (2)
(Vkp1)i = max([0, (A); — o (6™ —xg)il,i=1,--- ,m ®)

The termination criterions are ¢ < € and @, < ¢, where € > 0 is the termination error. And @y
and ¢y, are given by

P = (1% i) ~ Lol + i[mm«xk (6205 @
e {[iff(xk 2%] + Z min( (™ — x);, @)]2}05 5)

The multiplier method includes 4 steps, as shown in Algorithm 1.

Algorithm 1 The multiplier algorithm.

Initialization:
The set of the initial points: xy and qo;
The set of the initial multiplier vectors: A, yo, and vy;
The set of the initial penalty factor: oy;

Amplification coefficient ¢ > 0 and constant 6§ € (0,1). k = 1.
Iteration:

The optimal solutions: x; and gy.
1: The initial points are x;_; and gj_1, then solve the unconstrained optimization problem:
min M(x,q,u,v,A,0)

we can obtain the optimal points x; and gj.
2: Calculate ¢y and ¢y, according to Equations (4) and (5). If @5y < € and ¢y, < ¢, the optimal

solutions are x and g, and the iteration terminates; else goto 3.
3: When fl"ll < 6and q)"’;zl < 6, goto 4; else set 011 = coy and goto 4.
4: Update multiplier vectors according to Equations (1)-(3), set k = k + 1 and goto 1.
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Part 2: Powell Direction Acceleration Method

In this paper, the explicit comfort function is hard to formulate, and it’s impossible to take the
derivative of an unknown objective function. Therefore, we consider a data-driven algorithm to solve
the unconstrained optimization problem directly. The Powell direction acceleration method is one of
the most effective data-driven methods. The basic idea of Powell method is to build the conjugated
search direction in the next iteration by calculations from the previous iterations.

In the original Powell method, the new search direction will take place of the first component in
the old direction vector. However, these new vectors could be linear dependent, and the optimum
cannot be obtained. Hence we use the modified Powell method. The modified Powell method can
judge whether the new search direction could be applied in the next iteration. If it cannot be applied,
judge which direction in the original searching has the lowest objective value. Then let the new search
direction replace the old one. In this way, the conjugated direction can be obtained.

In the ith iteration, set f; = f(xsf)),fz = f(x,gi)), f3= f(2x,<1i) - x(()i)), and A} = max{f]ii_)1 fflfi),
k=1,2,---,n}. Let p,(f? be the search direction: p() = ) - x((;). If f3 < frand (f1 —2f> + f3)(f1 —
fr— A,(;;) )2 < O.SA,(,? (f1 — f3)?, replace p,(,i) with p(). Else keep the original directions. The specific
algorithm is given in Algorithm 2.

Algorithm 2 The Powell direction acceleration algorithm.

Initialization:
The set of the initial points: Xy = (xo,qO)T;
The control error is given as € > 0;

e1, e, -+, e, are unit vectors on the coordinate axis, and k = 1.
Iteration:

The optimal points: X* = X,.
1: Calculate My = M(Xo, i, Vi, A, 0), let pi = e;,i = 1,2, -+ ,n.
2: One-dimensional search:

M(Xg—1 + &k 1Pk, P Voo M, k) = in M(Xg_1 + apr, Pk, Vi, Ak, 0%)

Let Xi = Xj_1 + &x—1Pk, My = M(Xy, g, Vs Ak, 0k)-

If k = n, goto 4; If k < n, make k = k + 1 and goto 2.

I || X, — Xol| < &, X* = X, stop; Else goto 5.

Set A = max(Mk — Mkfl) = My — M+, M* = M(ZXn — Xo, ks Vier Ak,Uk).

. If M* > My or (Mg — 2M,, + M*)(My — My, — A)? > 0.5(My — M*)?A, the search directions do
not change. Let My = M(Xy, i, Vi, Ak, 0% ), Xo = Xn, k = 1, goto 2; Else goto 7.

s Setpr =pr, k=12, - ,m; py = pry1, k=m+1, -+ ,n—1,and p, = (X, — Xo)/ || Xu — Xol|-

8: One-dimensional search:

ISANS LI Y

N

M(Xn + Epn) = mj-nM(Xn + apn, P, Vi, Ak G—k)
Set Xo = X, + &pn, Mo = M(Xo, pg, Vk, Ak, 0%), k = 1. goto 2.

Part 3: Advance and Retreat Method

Since the objective function is a multimodal and non-convex function, we should segment an
unimodal interval before one-dimensional searching based on the specific advance and retreat algorithm,
as shown in Algorithm 3.
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Algorithm 3 The advance and retreat algorithm.

Initialization:
The set of the initial points: Xy = (x0,40)7;

The initial step length is Ax(> 0), and ty = 0.
Iteration:

The search interval.

1: Calculate My = M(X).

2. X4 = Xo + Ax - pg. Calculate My = M(Xy). t; = tp + Ax. If My < M), goto 3. Else goto 6.

3: Letty =t + Ax, Xp = Xo + t - pg. Calculate My = M(Xa).

4 If My < My, [ty, t2] is the search interval; Else goto 5.

5:tg = t1, t1 = ty, M1 = M, AX = 2AX, t) = t; + Ax, Xo = Xo + t2 - p. Calculate M = M(Xz),
then goto 4.

6: Ax = —Ax, t = ty, tg = t1, 1 = t, M = My, M1 = M, t, = t1 +Ax, Xo = Xo +t2 - pg.

Calculate M, = M(X3).
7. If My < My, [to, t2] is the search interval; Else goto 8.
8: tg =t1, 11 =ty, M1 = Mp, Ax = 2Ax, Xo = Xo + t2 - pi. Calculate M, = M(Xz), goto 7.

Part 4: Golden Section Method

After segmented the interval, the optimal step length is calculated by Golden Section method, as
shown in Algorithm 4.

Algorithm 4 The golden section algorithm.

Initialization:

The search interval: [a,b]; € > 0.
Iteration:

The optimal stepsize: %b.

: Letay =a+ 0618(b — a), Xo = Xo+az - px, My = M(Xz)

Letay =a+ 0382(b - ﬂ), X1 =Xo+a1-pr, M1 = M(Xl)

. If \bf‘ﬂ > eand \Mﬂle | > ¢, goto 4. Else the optimal result is %.

I My < My, thenb = ap, ap = ay, Mp = My, ap = a+0.382(b—a), X1 = Xo+ay - px
Calculate M; = M(X;), goto 3; Else goto 5.

5 a4 =ay,a1 =ay, My = My, a, =a +O.618(b — a), Xy = Xo +az - px. Calculate My = M(Xz),

W e

goto 3.

Remark 1. The convergence of the algorithm has been proved in [31]. In the optimization problem with
multi-dimensional variable, a global optimal point in each dimension can be obtained during the iterations.
However, we cannot guarantee that the optimal points of all variables can be searched simultaneously in the same
iteration, and the solution should be a sub-optimal solution in the calculation.

4. Application to Energy Management of HVAC Systems

In this section, we apply the iterative algorithms to the energy management of HVAC systems.
The discomfort of consumers are characterized by the Fanger thermal comfort model. In the research of
professor P. O. Fanger from Denmark, the predicted mean vote (PMV) and the predicted percentage of
dissatisfied (PPD) were proposed to describe the human body’s comfort and satisfaction of the thermal
environment, respectively. The Fanger thermal comfort model considers the thermal resistance of
clothing, degree of human activities, the air temperature, the air velocity, the mean radiant temperature,
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and the moisture in the atmosphere. The PMV denotes the human body’s hot and cold sensation,

including seven grades: hot, warm, little warm, moderate, little cool, cool, cold. The corresponding

values are: +3,+2,+1,0, —1, =2, —3. In practice, different people could have different feelings in the

same thermal environment. To describe this relationship, the PPD target was proposed in [32-34].
The mathematical expression of PMV is denoted as:

PMV =[0.303exp(—0.036 M) + 0.028]{M — W — 3.05 x 1073 [5.733 = 6.99(M — W)| — Pa—
0.42[(M — W) — 58.15] — 1.7 x 10> M (5867 — Pa) — 0.0014M(34 — t;) —3.96 x 107 8f,x  (6)
[(tcl + 273)4 - (tr + 273)4] - fcth(th - tﬂ)}r

where

s 1.00 +1.2901,; I, < 0.078,
=

‘ 1.05 + 0.645; I, > 0.078
and

. {2.38 X (b — £0)02° 2.38(ty — £4)0%° > 12.1y/Vyr
L=

12.1 x /Vay 2.38(ty — ta)0% < 12.1y/V,y

where t; = 35.7 — 0.028(M — W) — 1,;{3.96 x 1078 f,[(ty +273)* — (t, +273)*] + fyhe(ty — ta) }-
The PPD target represents a percentage of the human'’s dissatisfaction of the environment, and the
mathematical expression is given as:

PPD = 100 — 95 x exp|—(0.03353 x PMV* +0.2179 x PMV?)] @)

The explanation of the parameters is shown in Table 1, and the relationship between PPD and
PMV is shown in Figure 3.

Table 1. The specific explanation of the parameters.

Parameters Explanation
M Human body’s energy metabolic rate (W/m?)
w Human body’s mechanical work (W/m?)
Pa Vapour pressure around body (Pa)
tq Air temperature (°C)
fa Area coefficient of clothing
te Ttemperature of clothes (°C)
ty Indoor’s mean radiant temperature (°C)
he Convective heat transfer coefficient (W/(m?-K))
I Heat resistance of clothes ((m2-K)/W)
Var Air velocity (m/s)
100

920

80

70

60
g s0
o

40

30

20

10

0 . . . . .
-3 -2 -1 0 1 2 3
PMV

Figure 3. The relationship between PPD and PMV.
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We can build the following function to describe the consumers’ discomfort costs:
¢(T;) = i x PPD ®)

where 7; is a constant coefficient that transforms the PPD to the discomfort cost. The generating cost
of the provider is given as [35]:

w(q) = prq”* + p2q9 + p3 )

where py, p2, and p3 are cost coefficients, which are determined by the power generation.

In the HVAC system, the relationship between the energy consumption and temperature is
complicated. It could be influenced by many factors. For example, the cooling load includes the
transmission load, the infiltration load, the solar load, and the internal load. The transmission load
is the temperature transfer from outdoor to indoor through the components. The infiltration load is
caused from the inflow of the air. The solar load is caused from the solar radiation. And the internal
load is from the heat release of light, people and other electrical equipments [36], as shown in Figure 4.

O

Solar load \

Internal load

Infiltration
load

Transmission

Figure 4. The cooling load system.

The transmission load is denoted as:
H(T;) = aSi(To - Ty) (10)

where Qfl(Y}) is the transmission load, Tj is outdoor temperature, « is the transfer constant in
W/(m?.°C), and S; is the transmission area.
The infiltration load is calculated as:

Ql(T;) = pegi(T, — T) (11)

where QI (T;) is the infiltration load, B is specific heat of air, ¢ is the air density, and ¢; is the volumetric
air velocity and satisfies:
¢i = Ai(lo + Hil|To — T|) 12)

where A; is the effective infiltration area. Iy and I; are determined by the wind speed and outdoor
temperature. H; is the hight of the building.

The solar load and internal load are independent of the actual temperature settings and can be
denoted as Q.

The total cooling load can be obtained:

Q) = Q(T;) + QI(Ty) + Q! (13)
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In the HVAC system, the relationship between the cooling load and energy consumption is:

fi(Ti) = 0Q5(T;) (14)

where 0 is the coefficient determined by the transformation from the cooling load to the
energy consumption.
The relationship between temperature settings and energy consumption can be formulated as:

fi(Ti) = by (To — T;)* + ba(To — T;) + bs (15)

where by = 0B7A;H;Iy, by = 0aS; + ¢ A;Ip, and by = 6Q%.
Above all, the energy management model for the HVAC systems can be described as following
optimization problem:

max —‘L’Z 1—T)£wi(‘1i)
i=1
s.t. ;fi(Tl) = ;%‘

T < T < TM,i=1,2,--,m

where T; is the indoor temperature. Each consumer’s temperature setting is limited by T™i" < T;
< T/, where Timin and T;"** are the minimal and maximal temperature settings, respectively.

5. Simulation Results

We consider two types of power systems that are installed with HVAC systems, e.g., the IEEE 9-bus
system and IEEE 14-bus system shown in Figures 5and 6, respectively The equality constraints in the

IEEE 9-bus system and IEEE 14-bus system are Z fi(Ty) = Z g; and Z fi(Ty) = Z g, respectively.
=1

The parameter settings are shown in Table 2 [36], and the lower 11m1t and the upper limit of the
temperature setting for each consumer are 23 °C and 28 °C, respectively.

An important parameter of the HVAC system is energy efficiency ratio (EER). EER is the ratio
of the actual cooling capacity to the actual input power during the cooling operation of the HVAC
system, and the more efficient and power-saving HVAC has the higher EER. The EER is defined as

ol (T,
?}“ (g’)) , which is the reciprocal of 6 in Equation (14).

3

1 ) Load 1 5
Tl T2

6 7

Load 2 Load 3

G3

Figure 5. IEEE 9-bus system: 9 buses, 3 generators, and 3 loads (n = 9, m = 3).
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@ ‘ Load 1 Load2
L

Load 4 Load 3
m @
T2 T3

Load 5 Load 6 Load 7 Load 8
2

13 14 —
Load 10 Load 11

Figure 6. IEEE 14-bus system: 14 buses, 5 generators, and 11 loads (n = 14, m = 11).

Table 2. Parameter Settings.

Parameters Values
Outdoor temperature (°C) T, =30
Transmission area (m?) S; € [30,60]
Heat transfer constant (W/m?) a=15
Specific heat of air (J/kg-°C) B = 1.006
Air density (kg/m?) {=1.1839
Wind speed coefficient Ip = 0.343
Outdoor heat coefficient L =112
Effective infiltration area (m?) A; € [15,45]
Building height (m) H; € [8,15]

Solar and internal load (W) Qs € [300,4500]

Taking the IEEE 9-bus system as an example, we discuss the impact of the tradeoff factor T on the
discomfort costs and power supply costs as well as the total costs. The results are given in Figure 7,
from which, we can observe that the discomfort costs decrease with 7, and the generation costs increase
with 7. When 7 = 0.6, we can obtain the minimum total costs. The parameter T can achieve the
tradeoff between consumers’ discomfort costs and providers’ generation costs. We can get minimum
total costs through changing 7. The data of costs are shown in Table 3.

Table 3. The cost data.

T Discomfort Cost (§) Generation Cost ($)  Total Costs ($)

0.1 8.1279 11.5264 19.6543
0.2 7.0753 11.6035 18.6788
0.3 6.7075 11.7344 18.4419
04 4.7092 12.5458 17.2550
0.5 5.0396 12.4054 17.4450
0.6 4.3398 12.8159 17.1557
0.7 3.3431 14.3050 17.6481
0.8 3.0488 15.4414 18.4902
0.9 3.0605 15.3121 18.3726
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Discomfort cost

Costs ($)

— — — Power supply cost

8w Total costs
6 N

e
4 RN

Figure 7. The impact of tradeoff factor.

Next, we assume T = 0.6 and evaluate the temperature settings, the power supply, and the retail
price. The convergence of the temperature settings, the power supply, and the retail price are shown in
Figures 8-10, respectively.

According to Figures 8-10, we can observe that all the optimization variables tend to be stable
with the iterations and finally converge to the optimum.

It is observed from Tables 4 and 5 that the temperature settings satisfy the requirements for
upper limits and lower limits. And the total Power consumption is equal to the power supply.
Moreover, the retail price A is 0.2147 $/kWh, and the multipliers  and v are both zero. It means that
the penalty terms are inactive at the optimum.

30
R s
Iy
2 2 / Consumer 1
g
@ " — — — Consumer 2
g 15 / — - — - - Consumer 3
2 |
5
= 10

5

0 . .

2 4 6 8 10 12 14

Iterations

Figure 8. The convergence of the temperature settings.

Bus 1
— — — Bus2
—-— Bus3

Power supply(W)

5 10 15 20 25 30
Iterations

Figure 9. The convergence of the power supply.
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Figure 10. The convergence of the retail price.

Table 4. The temperature settings and energy consumption in IEEE 9-bus system.

Consumeri Temperature (°C)  Power Consumption (kW)

1 25.4534 0.6986
2 25.0573 1.6701
3 24.5559 3.6015
1-3 / 5.9702

Table 5. The power supply on each bus in IEEE 9-bus system.

Busesi Power Supply (W)

663.3679
663.3646
663.3654
663.3676
663.3669
663.3692
663.3686
663.3693
663.3683
59702

O 0N ONUl WM

T
©

Next, we apply the energy management algorithm to the IEEE 14-bus system. It is observed from
Figures 11-13 that the temperature settings, the power supply and the retail price can converge to
the optimum in the IEEE 14-bus system. Comparing with the convergence results in the IEEE 9-bus
system, more iterations are needed. Furthermore, the power supply on each bus is more than IEEE
9-bus system, as shown in Tables 6 and 7.

Table 6. The temperature settings and energy consumption in IEEE 14-bus system.

Consumeri Temperature (°C) Power Consumption (kW)

1 25.7925 0.3526
2 25.5883 0.6228
3 25.3969 0.9958
4 25.7143 0.7118
5 25.7578 0.7356
6 25.7708 0.7896
7 25.5143 1.2350
8 25.7187 1.0332
9 25.0050 2.2812
10 25.5317 1.5131
11 25.6491 14117
1-11 / 11.6825

174



Energies 2017, 10, 1538

Table 7. The power supply on each bus in IEEE 14-bus system.

Busesi Power Supply (W)

1 834.4625

2 834.4609

3 834.4616

4 834.4629

5 834.4693

6 834.4612

7 834.4625

8 834.4650

9 834.4621

10 834.4595

11 834.4648

12 834.4673

13 834.4591

14 834.4637

1-14 11682
30 \
25
( Consumer 1
g 200 — Consumer 2
éﬂ — Consumer 3
3 Consumer 4
E 15 Consumer 5
g Consumer 6
E‘ 10 Consumer 7
= Consumer 8
5 Consumer 9
Consumer 10
Consumer 11
0

5 10 15 20 25 30 35 40
Tterations

Figure 11. The convergence of the temperature settings.

1000

Power supply (W)

100

5 10 15 20 25 30 35 40
Iterations

Figure 12. The convergence of the power supply.
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Retail price ($/kWh)
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Figure 13. The convergence of the retail price.

Next, we will discuss the effect of EER on the energy management system. We take three different
energy efficiency grades (EEGs) of the HVAC systems: EEG 1, EEG 2, and EEG 3. The corresponding
EERs are 3.5, 3.3, and 3.1, respectively. From Figure 14, we can observe that the higher EEG can cause
lower retail price. Figure 15 shows that the lower EEG is effective in saving power consumption
and the cost. It shows that the energy management algorithm motivates the consumers to use more

energy-efficient HVAC.
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15

20 25 30 35

Iterations

Retail price (§/kWh)

0.15

EEG 1

- — — —EEG2
— — — EEG3

Figure 14. The retail prices under different EEGs.
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EEG3 of busl
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Figure 15. The power supply under different EEGs.
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6. Conclusions

This work studies a demand-side energy management problem based on the nonconvex
optimization algorithm. The objective is to minimize the discomfort costs and the generation costs by
changing the operating states of the loads and the power supply. Specially, the discomfort costs are
formulated based on the Fanger thermal comfort. The nonconvex algorithm includes the multiplier
method, the Powell method, the advance and retreat method, and the golden section method. One of
the major advantages of this algorithm is that it can be applied in solving the unknown objective
function caused by the thermal comfort model. In the simulation, we analyze the influence of the
tradeoff factor T and the EER on the energy management. It is observed that the minimum costs
can be achieved by changing the value of T, and different EERs can cause different retail prices and
power consumption using the proposed energy management algorithm. The simulation results also
demonstrate the convergence of the iterative algorithm and the balance between the power supply
and power consumption.
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The following abbreviations are used in this manuscript:

HVAC  Heating, Ventilation, and Air Conditioning
EER Energy Efficient Ratio

EEG Energy Efficient Grade

PHR Powell-Hestenes-Rockafellar

PMV Predicted Mean Vote

PPD Predicted Percentage of Dissatisfied
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Abstract: One of the major problems in transmission lines is the occurrence of failures that affect
the quality of the electric power supplied, as the exact localization of the fault must be known for
correction. In order to streamline the work of maintenance teams and standardize services, this
paper proposes a method of locating faults in power transmission lines by analyzing the voltage
oscillographic signals extracted at the line monitoring terminals. The developed method relates time
series models obtained specifically for each failure pattern. The parameters of the autoregressive
integrated moving average (ARIMA) model are estimated in order to adjust the voltage curves
and calculate the distance from the initial fault localization to the terminals. Simulations of the
failures are performed through the ATPDraw® (5.5) software and the analyses were completed using
the RStudio® (1.0.143) software. The results obtained with respect to the failures, which did not
involve earth return, were satisfactory when compared with widely used techniques in the literature,
particularly when the fault distance became larger in relation to the beginning of the transmission line.

Keywords: transmission line; fault localization; time series; ARIMA; discrete wavelet transformer

1. Introduction

The behavior of the electricity sector is directly related to economic factors such as Gross Domestic
Product (GDP). In this manner, the demand for electricity can be seen as a “thermometer” of the
market. As such, growth of the economy as well as increases in purchasing power and quality of life
must be accompanied by improvements in the power system, with the objective being compliance
with current and future situations. The transportation of electric energy is carried out by means of
transmission lines (TLs) which, because they span long distances and are present in great quantity,
make the electric power system (EPS) more susceptible to perturbations which are caused mainly by
natural phenomena, in particular atmospheric discharges. In the EPS , faults may occur in various
components, among which TLs may be the most susceptible elements, especially considering their
physical dimensions, functional complexity and the environment they are in, thus presenting greater
difficulties in terms of maintenance and monitoring [1].

Keeping in mind the importance of having an electrical system where continuity, compliance,
flexibility, and maintainability are observed and guaranteed, we have sought to improve and innovate
with respect to techniques used in the protection and supervision equipment of the EPS, while also
providing for the expansion of the electric sector and maintenance of system operation quality [2].
The development and improvement of algorithms that allow the analysis and diagnosis of failures in
power systems can have an important economic impact, both for power utilities and consumers, as
they enable the continuity and reliability of the electric sector. Intelligent, autonomous, online systems
have been developed and applied to a significant degree to deal with this type of problem, since they
enable fast and accurate diagnosis without the need for human intervention.

Energies 2017, 10, 1596; doi:10.3390/en10101596 180 www.mdpi.com/journal/energies
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The transient voltage and current components are based on the charge of the capacitances of
the faultless phases and the discharges of the fault phases. Transients can be detected in almost all
occurrences of failures that require the functioning of the circuit breaker. The characteristics of transient
phenomenon can be used in relay protection systems and in the location of faults. This technique is
satisfactory when compared to techniques already used, such as the theory of traveling wave [3,4],
and techniques that use the calculation of fault impedance [5-7]. The comparison is accomplished
through the application of these two methods to several transient signals of various situations of
simulated faults in a computational environment. The discrete wavelet transform (DWT) is used to
decouple sinusoidal signals from the network and transient signals from faults. The technique is
widely used for this purpose and has been demonstrated in the literature, with proven efficacy. For
the decoupling of Fourier series, signals can be used very simply, although better results are obtained
with more sophisticated methods such as DWT [8,9]. Unlike the Fourier analysis, which provides a
global representation of the signal, the wavelet transform provides a local representation (in time and
frequency) of a particular signal. This "location” in time allows disturbances in signals to be detected
as soon as they begin [10].

The objective of this study is, through time series techniques, to model fault voltage data and
thereby locate faults in transmission lines. The coefficients of autoregressive integrated moving
average (ARIMA) models have different values depending on where the faults occur on the lines.
When traveling waves are used, the main problem is to find the second reverse traveler wave from
different disturbance signals [11]. Thus, with a database with different simulated situations, it is
possible to adjust curves according to models and calculate fault distances for various situations.

2. Simulated Transmission Line

An EPS consists of power plants (hydroelectric, thermoelectric, thermonuclear, alternative sources,
and small power plants), TLs (composed of towers, cables, and lifting and lowering substations), and
end transmission lines (consisting of transformers, poles and cables and consumption measures).
This complex system can involve hundreds or even thousands of kilometers, as is the case of Brazil,
for example. Table 1 shows the statistical data in percentages for fault occurrences in the EPS
components. Approximately 50% of absences occur in overhead lines [12]. In the Brazilian electricity
system, the transmission lines represent 68% of the absences in the network [13].

Table 1. Percentage of absences for equipment in the electric power system (EPS).

Type of Equipment Percentage Total
Aerial lines 50
Underground cables 9
Transformers and reactors 10
Power generators 7
Circuit breakers 12
Control equipment and transformers for instruments 12

The numbers shown in the Table 1 show the importance of more closely monitoring the TLs
of an EPS, emphasizing the importance of this study. Therefore, the JMARTI [14] model is used to
implement a transmission line in ATPDraw® (5.5) software. The simulated line has an extension of
200 km, nominal voltage of 500 kV, and fundamental frequency of 60 Hz, with distributed parameters
dependent on the frequency and perfectly transposed in their totality [15].

Figure 1a shows a diagram where the position of the short circuit with respect to the generating
terminal can be varied along the line. The monitoring of the voltage signal is performed at the same
terminal. The distance d is the variable of interest in this study.
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Figure 1. Simulated line topology in the ATP® software. Fault situations for a three-phase system.

All fault settings for a three-phase system are also shown. Situations of single-phase faults:
Figure 1b-d. Situations of biphasic faults: Figure le-g. Situations of grounded biphasic faults:
Figure 1h+j. Situation of three-phase fault: Figure 1k. Situations of grounded three-phase fault:

Figure 11. Settings of phase resistors R,h and ground resistance Rg: Figure 1m.

Table 2 shows all situations of simulated faults with variations of the fault type (elements involved
are phases A, B, C and ground G), signal sampling, line fault position, fault resistance, and incident

angle of the disturbance.
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Table 2. Situations of simulated faults.

Fault Data(i;:flmg Lsc(it;‘o)n Failure Resistance (02) Angle of Incidence 6 (°) si :;‘:il:ns
A-G 200 10; 45; 84; 155  20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
B-G 200 10; 45; 84; 155 20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
C-G 200 10; 45; 84; 155  20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
A-B 200 10; 45; 84; 155 20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
A-C 200 10; 45; 84; 155  20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
B-C 200 10; 45; 84; 155  20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
A-B-G 200 10; 45; 84; 155 20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
A-C-G 200 10; 45; 84; 155  20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
B-C-G 200 10; 45; 84; 155 20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256
A-B-C 200 10; 45; 84; 155 20; 50; 80; 120; 150; 180; 200; 240  0; 45; 90; 135; 180; 225; 270; 315 256

3. Theory of Traveling Waves

Disturbances occur in the transmission line of electric power, and are caused by a variety of
electromagnetic phenomena such as atmospheric discharges. Sudden changes occur in the conditions
of the electrical circuits that make up the transmission system, causing a redistribution of energy with
the purpose of finding a new break-even point. Thus, traveling waves refer to the propagation of
energy over a system. This energy is distributed by the system in its circuit elements, capacitors and
inductors [16].

The propagation of traveling waves always occurs in the direction of all the terminals of the
transmission line and causes the electrical transients perceived by the protection relays and other
automation and control devices located in the operating centers of the system [16]. If any variation
occurs on one terminal of a power transmission line, the other terminal will only feel the variation
occurring when the wave travels the entire length of the line [17].

The remote terminal of the transmission line cannot influence the decisions about the system until
the wave has traveled from the source of the local terminal to the remote terminal where, through
its interaction with the transmission line, a response is produced that travels from back to the local
source. In this way, electrical signals tend to propagate back and forth, like traveling waves, usually
dissipating energy with losses in the material [17].

The traveling wave theory allows for definition of the reflection and refraction coefficients of
the traveling wave in discontinuities as well as the wave propagation velocity and the transmission
line surge impedance. It is noteworthy that during propagation along the line, traveling waves are
attenuated mainly by resistive and leakage losses and may still suffer distortions in their waveform [18].

In order for the transient behavior of an electromagnetic wave on a transmission line to be
adequately represented, it is necessary that the line parameters be evenly distributed over its length,
since only this representation allows the theory of the traveling waves to be used to analyze the
propagation of these electromagnetic phenomena in it [19].

It is important to note that transmission line models in which the parameters are constant are not
adequate for simulation of the transmission line response over a large range of frequencies that are
present in the signals during transient conditions [14]. Despite this, in practice, constant frequency
distributed line models provide satisfactory results and are used in several transient studies in power
systems, according to the Alternative Transient Program Rule Book [16].

The reflections and refractions of the waves that travel on the transmission lines are the result
of discontinuities in the course of the wave. These discontinuities can not be caused by terminal
impedances, short circuits, or circuit breakers.

In order to monitor the propagation time of the generated wave fronts, only the peaks of these
waves are followed. This restriction to only a few points greatly facilitates the monitoring of this
data. The lattice diagram shown in Figure 2 is a summary of the above because it focuses only on the
propagation times between the point of origin of the fault and the terminals of the line.
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Figure 2. Peak propagation time. A: Monitoring terminal; B opposite terminal; d: fault distance; I7: line
length; t and t,: propagation times of wave fronts; t3: refracted wave propagation time. (a) Ground
fault; (b) Fault without ground [15].

The propagation time of a wave peak between its origin and the monitoring terminal depends on
the line length to be traveled by the wave and the propagation speed of this wave. Its propagation
speed is dependent on the inductance and capacitance of the line with v = ﬁ However, this value is
sufficiently near the rate of light propagation in the vacuum, and can be considered as v = 3 x 10° %
In Figure 2a for example, the distance d can be calculated as shown in Equation (1). In Figure 2b
one must take into account the refracted wave of the other part of the transmission line. Thus, the

calculation is performed according to Equation (2).

(tp —t1)v

d= 5

1)
(t3 ;tl)v )

where [t is the line length in kilometers; and d is the length between the fault point and the terminal.

d=Ir—

4. Wavelet Transform
The wavelet transform is a linear operation that decomposes a signal into different scales with

different levels of resolution. The wavelet transform of the signal f(t) CWT is defined by [10]:

av§w¢)=ﬁmfm*wmamt 3)
where ¥, ,(t) is a daughter wavelet, defined as [20]:

Yo (t) = %lp <ﬂ> ;aeRTeb € R @)

a

In turn, ¥ (t) is the chosen mother wavelet, a is the scaling factor, and b is the shift factor.
For computational use of CWT it is necessary to have discrete parameters of 2 and b. In the
discrete case, the scaling and shift factors are represented as Equations (5) and (6) [21]:

184



Energies 2017, 10, 1596

a=ay 5)
b = nboag' (6)
m, ne€Z;ag>1; bp #0

Although the result of Equation (3) is a finite set of coefficients, it is still a continuous representation
of the wavelet transform. When the function to be analyzed is given by discrete values f(k), then we
must use the discrete wavelet transform DWT defined by [10]:

DWT}Fm,n =ay" 2 Y x[K]'¥ [a0 "k — nbo) 7)
i
ag>1; bg #0

5. Time Series Models

A time series is any set of observations ordered in time, where each value has attached to itself
an indicator of the time in which this value occurred or was observed [22]. According to [23], a time
series is constructed when one an interest in:

Investigating the generating mechanism of the time series;
Making forecasts of future values of the series;

Describing only the behavior of the series;

Searching for relevant periodicities in the data.

A stochastic model that can be extremely useful in representing certain practically occurring
series is the autoregressive model. In this model, the current value of the process is expressed as a
finite linear aggregate of previous process values and the random shock at. Let us say the values of a
process with moments by equally spaced times are (t,t —1,t —2,--+) by (Z,Z;—1,Z—2,- - - ). Also,
let Z; = Z; — p be the series of muf deviations. Then, Equation (9) is called an autoregressive (AR(p))
process of order p.

Zi=¢1Zia+$Zi o+ PpZipta (8)
Z=p1Z1+ 2o+ +PpZp+a

Through the autoregressive operator B given by ¢(B) = 1 — ¢;B — ¢»B% — - -- — ¢, BF, the
autorregressive model in Equation (9) may be written economically as

¢(B)Zs = a )

Another kind of model, of great practical importance in the representation of observed time series
is the finite moving average (MA) process, where Z; is linearly dependent on the finite number g of
previous a’s. Thus, Equation (10) is called a moving average MA ().

Zy=ar— 014, — bpap 5 — - — a4 (10)

In the same way, we have a moving average operator defined by (B) =1 — ;B — 6,B2 — - - - —
0,B1. The moving average model may be written as Equation (11).

7; = 0(B)as 11)

The union of the autoregressive model of order p with the moving average model of order g can
sometimes benefit the assembly of the time series. This leads to the mixed autoregressive-moving
average ARMA (p, q) model:

Zi=g1Zia+- i ptar— 00— — 0y (12)
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Equation (12) can be written with the B operator.

¢(B)Zt = 0(B)ay (13)

In some cases, it is necessary to make a distinction between the terms of the series to exclude
trends, in accordance with Equation (14). The result is an ARIMA (p,d, q) model, where the term I
expresses a differentiation of order d.

$(BYW = 6(B)ay (14)
where Wf are differentiations on the terms of series Z shown in Equation (15).

Wi=AZi =27y — 744 (15)
Wi = A?Z,

When W; presents deterministic seasonal behavior of period s, a model that can be used is shown
in Equation (16).

P(B)®(B)(4)° (8)Z; = 0(B)O(B*)as (16)
where ®(B*) = 1 — ®B° — .- — ®pB*’ is the seasonal autoregressive operator of P order;
OB°) = 1—-0:B°— .- — ®QBSQ is the seasonal moving-averages operator of Q order;
¢(B) =1—¢1B —--- — ¢,BP is the autoregressive operator of p order; (B) =1 —6;B —--- — 6,B;

is the moving-averages operator of g order; and A; = (1 — B®) is the seasonal difference operator.
In AP = (1 - B%)P, D indicates the number of seasonal differences. The Equation (16) is denoted by
seasonal autoregressive integrated moving average (SARIMA) (p,d,q)(P, D, Q)s

Model Evaluation Criteria
For the process ARMA (k, 1), the Bayesian information criterion (BIC) is given by Equation (17) [24].

InN
BIC(k,1) = Inody + (k+1) (17)
where 17,% ; is a maximum likelihood estimate of the residual variance of the model with N observations.
It seeks to minimize BIC through the adjustments of k and /.
For the estimation of the error, Equation (18) is used, where the absolute error module committed
in the extermination of the fault location is divided by the total length of the line.

Ry —C;
T}

Error(%) = 100 ' (18)

where R is the actual distance value of the fault, C is the value calculated for this distance, and T is the
total length of the line. This calculation is performed for all calculated fault distances.

6. Results

The proposed method, illustrated by Figure 3, consists of using a discrete wavelet transform DWT
in order to decouple the transient signal from the sinusoidal signal characteristic of the transmission
line. These decoupled signals are used in ARIMA models to establish mathematical relationships
between fault distances and calculated coefficients. The RStudio® (1.0.143) software is used for the
computational implementation of DWT [25] and ARIMA models.
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Figure 3. Schematic diagram for fault location with the proposed model. ARIMA: autoregressive
integrated moving average; DWT: discrete wavelet transform.

Figure 4 illustrates a fault situation showing the behavior of the disturbance in the three phases
that make up the system. Although the fault does not involve phase C, it is affected because there is a
coupling between the three phases. However, the highest voltage values in the involved phases are
evident. The figure further illustrates the decoupled disturbance signal of the characteristic sinusoidal
signal of the transmission line.

Three-phase voltage signals

- —— Phase A X
N —— Decoupled signal
d —
q’ L
S g
=
=4
u ‘
T T T T T T T
0 500 1500 2500 0 500 1500 2500
Dates Dates
(a) (b)

Figure 4. (a) Voltage signals with incident angle of 90° and fault resistance of 240 () at a distance of
10 km from the monitoring terminal; (b) Disconnected disturbance signal.

As mentioned, the objective of this work is to relate the distances of occurrences of faults with the
curves of ARIMA models. The Table 3 shows some results obtained, showing the distance—coefficient
relationship. All cases are two-phase faults with an incidence angle of 90°.

It can be seen from Table 3 that the coefficients of the obtained SARIMA models are equal
for the same fault distances. For example, for faults occurring at 10 km, the obtained models are
SARIMA(2,0,2)(2,0,4)19 where ¢ = 1.283, ¢ = —0.349, 6; = —0.344, 6, = 0.028, D19 = —1.460,
P33 = —0.918, @19 = —1.333, O35 = —0.736, Os57 = 0.044, and @5 = 0.073 in all faults whose angle of
incidence is 90°, regardless of the fault resistance values

In Table 4 it should be noted that the traveler wave method presents a smaller error than the other
methods when it is at the beginning of the line. According to [26], when traveling waves are used, the
main problem is to find the second reverse traveler wave from different disturbance signals. In this
case, the proposed model presented a satisfactory result, because as the distance of the fault increases,
the relative error becomes smaller than for the other methods. Fault resistances do not influence the
behavior of the model, and therefore results are shown for only two resistance values. Figure 5 shows
a example of the a fault situation.
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Table 3. Some examples of models obtained.

T 10 km 45 km 84 km 155 km
em 2000 24000 2000 24000 200 2400 200 2400

o1 1.2830 1.5420 1.58880 1.4780

¢ —0.3496 —0.5945 —0.6358 —0.5263

¢3 0.0000 0.0000 0.0000 0.0000

01 —0.3440 —0.1750 —0.3322 —0.6510

0> 0.0283 0.0000 0.0000 0.0000
(o —1.4600 0.0000 0.0000 0.0000
b, —0.9181 0.0000 0.0000 0.0000
0, —1.3330 0.0000 0.0000 0.0000
(G —0.7397 0.0000 0.0000 0.0000
O3 0.0437 0.0000 0.0000 0.0000
Oy 0.0730 0.0000 0.0000 0.0000
Constant 17.9800 14.48 10.6400 14.65
Bayesian information criterion (BIC) 15,369.26 13,025.38 7984.45 4889.99

Table 4. Comparison between models through the Error value (Equation (18)).

Model 5-10km 20-45km 70-84km  155km
Time series 0.13 0.37 0.13 0.86
Stockwell transformer [26] 0.07 0.10 0.65 -
Neural networks [15] - 0.75 - -
Independent components [11] - 1.90 - -

Decoupled disturbance signal and approximate ARIMA model

— Real
_ — Ajusted
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@« [=)
o .
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= |
1
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=
©
1
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Dates

Figure 5. Missing data with distance of 10 km and with missing resistance of 240 .

The auto.arima function of RStudio® (1.0.143) software uses a variation of the Hyndman and
Khandakar algorithm presented by [27] that combines unit root tests and minimization of BIC to
obtain a model ARIMA.

7. Discussion and Conclusions

The proposed method is effective in detecting simulated data changes from different fault locations
on the line. However, it is also sensitive to variations in the angles of incidence of the onset of
disturbances in sine-wave AC signals. This is particularly true when the fault distance becomes larger
in relation to the beginning of the transmission line. With improvements in the algorithm it may be
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possible, in addition to identifying positioning of short circuits in the line, to also identify the angle of
said angle of incidence in order to improve the sensitivity of relays used for this type of monitoring.

The algorithm is insensitive to changes in the value of fault resistance. This is in fact an important
factor for the adopted methodology, since the fault resistance is highly random and variable, depending
on environmental conditions and type and location of the fault. The fault resistance influences the
transient signal damping behavior (vertical variations in the Cartesian plane of the signal), but the
location of the source of the disturbance is related to the signal oscillation frequency (horizontal
variations in the Cartesian plane of the signal).

Another important factor refers to the type of fault in relation to the number of elements involved,
whether they are single-phase, two-phase, two-phase ground or three-phase. Another important factor
refers to the type of fault in relation to the number of elements involved, that are either single-phase,
two-phase, or three-phase. Failure data involving the ground component present greater volatility,
since these types of transient waves, besides suffering successive reactions between the point of origin
and the line terminals, also undergo refractions. Some of the signals reflected from the terminals
exceed the point of origin of the disturbance to the opposite terminal, causing the data to become
interlaced. For future works, we suggest evaluating models more sensitive to the heteroscedastic
series. A possible alternative to eliminate the data coming from the opposite terminal would be the
encapsulation of signal filters in the DWT used for the separation.
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Abbreviations

The following abbreviations are used in this manuscript:

AR autoregressive

ARIMA autoregressive integrated moving average
ARMA autoregressive moving average

BIC Bayesian information criterion

CWT continuous wavelet transformer

DWT discrete wavelet transformer

EPS electric power system

GDP Gross Domestic Product

MA moving average

SARIMA  seasonal autoregressive integrated moving average
TL transmission line
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Abstract: Buildings as prosumers have an important role in the energy aggregation market due
to their potential flexible energy consumption and distributed energy resources. However, energy
flexibility provided by buildings can be very complex and depend on many factors. The immaturity
of the current aggregation market with unclear incentives is still a challenge for buildings to
participate in the aggregation market. However, few studies have investigated business models
for building participation in the aggregation market. Therefore, this paper develops four business
models for buildings to participate in the energy aggregation market: (1) buildings participate
in the implicit Demand Response (DR) program via retailers; (2) buildings with small energy
consumption participate in the explicit DR via aggregators; (3) buildings directly access the explicit DR
program; (4) buildings access energy market via Virtual Power Plant (VPP) aggregators by providing
Distributed Energy Resources (DER)s. This paper also determines that it is essential to understand
building owners’ needs, comforts, and behaviours to develop feasible market access strategies for
different types of buildings. Meanwhile, the incentive programs, national regulations and energy
market structures strongly influence buildings’ participation in the aggregation market. Under the
current Nordic market regulation, business model one is the most feasible one, and business model
two faces more challenges due to regulation barriers and limited monetary incentives.

Keywords: demand response; virtual power plant; energy flexibility potential; aggregators; business
model; building energy flexibility

1. Introduction

Energy stability and flexibility are essential for the entire power system [1]. Flexibility is the ability
of electricity systems to maintain the balance between energy supply and demand [2]. Flexibility
addresses generation-load imbalance, reduces peak load, power outage, electricity cost, and improves
grid reliability [3].

Energy aggregation provides an efficient solution for providing flexibility in power systems.
Two models have been discussed broadly that can provide aggregation potentials in the electricity
system: Demand Response (DR) and Virtual Power Plants (VPPs). Various stakeholders in
the electricity market can participate in the energy aggregation market with new roles or new
presence. For instance, consumers convert to prosumers, and new market players such as service
aggregators appear.

Buildings as prosumers have an important role in the energy aggregation market due to their
potential flexible energy consumption and distributed energy resources [4]. However, energy flexibility
provided by buildings can be very complex, and depends on many factors. Meanwhile, different
types of buildings can provide different energy flexibilities [5]. Energy flexibility programs that
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buildings can participate in are defined by regulations and policies. The immaturity of the current
aggregation market with unclear incentives is still a challenge for buildings (especially with small
energy consumption) to participate in the aggregation market. Various energy flexibility programs
also impede buildings’ motivation. So far, only a few studies have investigated business models for
buildings’ participation in the aggregation market.

To fill this gap, this paper aims to (1) understand two existing business models in the energy
aggregation market (DR and VPPs) including market players and their relationships; (2) evaluate
building energy aggregation potentials; and (3) develop business models for different types of buildings
to participate in the energy aggregation market.

This paper is organized as: Section 2 discusses two aggregation models (DR and VPPs),
stakeholders and their relationships in DR and VPPs. Section 3 presents three types of buildings
and their energy flexibility resources. Section 4 introduces methods applied in this paper including
a business model canvas, an evaluation tool for business model analysis, Strengths, Weaknesses,
Opportunities, and Threats (SWOT) analysis, and TOWS analysis (a derivative of SWOT analysis).
Section 5 presents four business models for buildings to participate in the energy aggregation market.
Section 6 use the Nordic electricity market as a case study to discuss potentials and challenges that
affect buildings’ participation in the four business models, and provide suggestions. Section 7 provides
conclusion and further research.

2. Aggregation Models

Two aggregation models broadly discussed in practice that can provide flexibility in the electricity
system are Demand Response (DR) and Virtual Power Plants (VPPs).

2.1. Demand Response (DR)

DR is defined by the European Commission as “voluntary changes by end-consumers of their
usual electricity use patterns—in response to market signals” [6]. It is a shift of electricity usage in
response to price signals or certain requests [7]. DR reduces peak load, electricity cost, and improves
system reliability [8]. Electricity consumers can participate in energy-load balance through DR [9].
Controllable appliances in buildings that contribute to DR include commercial buildings like (heating,
ventilation and air-conditioning) HVAC systems, home appliances (e.g., dishwashers, dryers, and
freezers) [10], energy storage (e.g., batteries of electric vehicles, heat pumps, and refrigeration) [11],
and industrial processes (e.g., roller press) [12].

DR Programs

There are two types of DR programs: explicit and implicit demand response. The two types of
DR programs are activated at different times and serve different purposes in markets. Consumers can
participate in both programs. Consumers typically receive a lower bill by participating in a dynamic
pricing program (implicit DR), and receive a direct payment for participating in an explicit demand
response program [13].

Explicit DR (also called incentive-based DR program) is divided into traditional-based (e.g., direct
load control, interruptible pricing) and market-based (e.g., emergency demand response programs,
capacity market programs, demand bidding programs, and ancillary services market programs) [14].

In explicit DR, demand competes directly with supply in wholesale, balancing, and ancillary
services markets through services by aggregators or as single large consumers. Load requirements
(size of energy consumption) need to comply to participate in DR programs [15]. Therefore, small
consumers only can participate by contracting with DR service providers. DR service providers can
either be third-party aggregators or customer retailers. Through incentive-based programs, consumers
receive direct payments to change their electricity consumption upon request (e.g., to consume more
or less) [15].

193



Energies 2017, 10, 1646

Explicit DR is more flexible in terms of helping DR service providers acquire DR resources [16].
Direct load control enables DR service providers to control appliances within a short notice [15].
Explicit DR provides a valuable and reliable operational tool for system operators to adjust load to
resolve operational issues [13].

On the other hand, implicit DR (sometimes called price-based DR program) refers to the voluntary
program in which consumers are exposed to time-varying electricity prices or time-varying network
tariffs (such as a day/night tariff) [15]. Compared to explicit DR with direct load control, implicit
DR provides less flexibility from the perspective of energy suppliers [16]. Price-based programs
depend on the cost of electricity production at different times, and on consumers’” own preferences and
constraints [15]. In some Nordic countries, customers have opportunities to participate in priced-based
programs (e.g., time-of-use (TOU), critical peak pricing, and real-time pricing) [15]. For instance, in
real-time pricing, consumers reduce electricity usage at peak periods or shift their usage to off-peak
periods [9]. These prices are always part of their supply contract [13].

Market players in DR markets can include producers, grid operators (Transmission System
Operators (TSOs), Distribution System Operations (DSOs)), retailers, aggregators, Balance Response
Parties (BRPs), policymakers, and consumers (building owners and occupants). New actors (e.g.,
aggregators) and new roles (e.g., retailers” aggregation service) appear in the energy market. The main
relationships between actors in the DR market are shown Table 1.

Table 1. Actors in demand response.

Actors Offers To
Pay for BRPs’ energy loss BRP
Market access
. . Consumer
DR incentives
Aggregator
Ancillary services Transmission System Operator (TSO)
Tariff
Network balarrclng services Distribution System Operation (DSO)
Tariff
Supplier/retaler Incentives and contract package for Consumers

the implicit DR program

DR incentives
Regulator DR regulations All actors
DR awareness

Demand profile Aggregator

Consumer Direct control Supplier/retailer

Large consumers can directly provide

energy flexibility to the DR market Demand Response (DR) market

2.2. Virtual Power Plants

Virtual Power Plants (VPPs) aggregate DER units and offer them to the energy market [17].
The aggregated DERs maintain reliability of renewable energy resources [18] and address grid
congestion [19]. VPPs can be managed by third-party aggregators, BRPs, or suppliers [20,21]. VPPs
provide a variety of services to power plant operators, industries, public services, energy suppliers, and
grid operators. VPPs create new business opportunities for aggregators and suppliers [21]. In Denmark,
DONG Energy implements VPPs known as the Power Hub that integrates DR with large industrial
companies to balance the power systems [22].

VPPs are aggregated DERs forming a Local Virtual Plant (LVPP). Then the aggregated LVPPs
form a Regional Virtual Plant (RVPP) [22]. LVPPs provide various opportunities to stakeholders, such
as energy trade, network services, and balancing services [21,22]. VPPs focus on the physical aspect of
DERSs and their impact on the electrical system [20]. Meanwhile, VPP units at different locations [19]
are coordinated using networking infrastructure [23].
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2.2.1. Components of VPPs

A VPP is comprised of generation units [24], energy storage, and Information Communication
Technology (ICT) [21]. Generation technology in VPPs consists of DER portfolios (supply-side and
demand response) [24]. Supply-side in DER portfolios are Distributed Generation (DG) units [24],
such as Combined Heat and Power (CHP), biomass and biogas, small power plants, solar, and wind
generation [21]. DR in DER portfolios consists of flexible loads and energy storage [24]. Flexible loads
refer to loads or consumption patterns shifted in response to price signals (e.g., heating, cooling, and
charging of electrical vehicles) [18]. VPPs require energy storage to store energy such as Hydraulic
Pumped Energy Storage (HPES), Compressed Air Energy Storage (CAES), Flywheel Energy Storage
(FES), Superconducting Magnetic Energy Storage (SMES), Battery Energy Storage System (BESS), and
electric vehicles [18]. VPPs are coordinated through ICT systems that help to reduce transmission
system losses, relieve congestions, and provide grid stability [25]. This ICT infrastructure includes
Energy Management Systems (EMS), and Supervisory Control and Data Acquisition (SCADA) systems.
VPPs can monitor energy flows of DERs, storage facilities, and controllable loads [10].

2.2.2. Systems-of-Interests in Virtual Power Plants

The operation of VPP systems serves trade, balancing, and network support according to the
Systems-of-Interests (Sol):

(1) Virtual Power Plants for Trade

VPP systems provide energy trade opportunities to VPP owners. VVPs optimize and aggregate
DERs’ capacity (DG units and DR) and provide DERs with visibility and market access [18,21].
VPP owners submit bids and optimize DERs’ revenue in the wholesale market [26].

The DER owners can receive more benefits by collectively participating in wholesale energy
markets compared to participating individually. Moreover, volume threshold for power producers
may prevent small DER owners to trade their energy individually [22]. Practically, both DER owners
and participants in demand side response are represented by RVPP operators as a single entity in the
wholesale market [22].

(2) Virtual Power Plants for Balancing

VPPs can participate in the energy balancing market by employing available DER units,
storage devices, and controllable loads [22]. The balancing market is the regulating market in the
Nord Pool market structure. BRPs might be particularly interested in this VPP operation, due to
imbalance responsibilities.

VPPs can contribute short, medium, and long term balancing of energy flow by the operations
of virtual synchronous generators and demand side management. The duration of primary control
is presented in seconds, and VPPs can contribute with fast power response obtained from rotating
(synchronous) generators, super capacitors, and fast batteries [22]. VPPs can also contribute to
secondary control by (1) increasing the generation of reserve DER units (e.g., micro-CHP) for a period
of minutes; and (2) decreasing the demand through employment of controllable loads for a few hours
until top-down power supply is recovered [22].

(3) Virtual Power Plants for Network Services

Due to the increase of load or generation, network operators need to either expand network
capacity or prevent overload or congestion [22]. VPPs can provide grid services to TSOs/DSOs to
support load and congestion management and improve power quality [24]. VPPs can also provide
services to DSOs’ local system management [21]. In addition, VPPs provide system services (e.g., black
start, voltage control) to TSOs [24].
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2.2.3. The VPP Stakeholders

The main actors in VPPs are VPP aggregators. Third-party aggregators manage VPPs [20],
aggregate DERs, storages and adjustable loads [15] and offer them to different market participants
(e.g., TSOs, BRPs) [27]. There are large and small (e.g.,, DERs, prosumers) energy producers.
DERs are small energy generators located in low-voltage grid expecting high return of investment [22].
Energy consumers can provide adjustable loads, DERs, or storages to VPP aggregators based on their
energy flexibility resources. BRPs can also play a role of an aggregator. For example, NEAS Energy,
an independent BRP, acts as an aggregator by aggregating various generation units (e.g., CHP, wind,
hydro, solar) in Denmark [28]. The main relationship between actors in the VPP aggregation market is
shown Table 2.

Table 2. Actors in Virtual Power Plants (VPPs).

Actor Offers To
Market access DER owners
Ancillary services TSO
VPP aggregator Balancing services BRP
Buy and sell electricity Wholesale Market
Network services DSO
Produce electricity VPP aggregator
DER owner Direct control VPP aggregator
Settle the imbalance Market
BRP Accurate forecast of supply and demand VPP aggregator
Bilateral contracts [29] VPP aggregator
Policy maker Energy rules All actors

3. Buildings and Energy Flexibility

Buildings are responsible for a large percentage of the global energy consumption (e.g., about
45% energy consumption in Denmark is from buildings, shown in Figure 1) and are therefore good
candidates for providing energy aggregation potentials to the grid. Buildings can participate in the
energy aggregation market via different channels. Meanwhile, energy consumption may vary between
residential, commercial, and industrial buildings due to differences in building features.

Figure 1. Danish energy consumption by sector in 2012 [30].

Residential buildings are defined as small electricity consumers due to their numerosity [31].
In Europe, residential buildings constitute 75% of the total number of buildings and 16% are high-rise
buildings constructed within the period of 1960-1980 [32]. A majority of residential buildings consist of
standard building technologies such as heating, hot water, cooling, ventilation, and lighting. However,
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residential building appliances’ differ between each other. Common, potentially controllable appliances
in residential buildings are dishwashers, washing machines, clothes dryers, freezers and refrigerators,
heat pumps, and electric vehicles. The consumptions of appliances are different. For instance,
statistics (shown in Figure 2) show the energy consumption by appliances in residential buildings in
North America.

Residential buildings can provide energy flexibility. Flexibility potentials by home appliances vary.
For instance, freezers and refrigerators provide less flexibility because more than 30 min interruption
to freezer or refrigerator operation may cause spoilage [33]. Compared to other appliances, heating
and ventilation provide more flexibility by shifting the temperature, especially during the day when
households are empty [31].
o, 4.7%"

.8
1.1% Otherk

7.4%

Electronics
7.5%

1%
Lighting

Total Residential
Primary energy use is 21.8 quads

Figure 2. Residential primary energy end-use in the USA 2005 [34].

Commercial buildings include hospitals, hotels, stores, and offices. An example of the energy
consumption by appliances in commercial building is shown in Figure 3. Some commercial buildings
are more reluctant to participate to DR (e.g., reschedule their usage of power) due to the effect on their
business routines and profits [35]. For instance, hotels and hospitals operate 24/7, and are reluctant to
shift their usage of power due to consideration of their profits or occupants” comfort. Small or medium
size commercial buildings (e.g., stores, offices) might participate in direct load control programs, while
hospitals, hotels, and other large commercial buildings can participate in more interruptible programs.

5.5%*

2%
Cooking
3.2%

Computers

4.1%

Refrigeration

6.3%

Electronics
6.8%
Water Heating
6%
Ventilation

Figure 3. Commercial primary energy end-use in the USA 2005 [36].
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Industries are usually large energy consumers. There are different types of industries engaging
in different processes (e.g., steel, textile, food industries) and technologies [12]. Industrial buildings
are often equipped with wind turbines or CHP to generate their own electricity. The energy flexibility
potentials differ from one industry to another (e.g., Table 3 shows potentials for load flexibility of
different processes in agriculture and industry in Denmark). For instance, refrigeration companies have
particularly high load shift potentials with duration of several hours, and there are several approaches
to obtain energy flexibility from refrigerators/freezers [37]. As with some commercial buildings that
have large energy consumption rates, industrial buildings usually are reluctant to reschedule their
usage of power considering their big profits [35].

Table 3. Potential for load flexibility of different processes in agriculture and industry [37].

Electricity Consumption, Flexibility Potential, MW

Industry GWh/Year (2001)
DEe arfrt:::rrlk ];Z E:r:le:?k Total East West Total

Agriculture 405 2150 2555 13 69 82

Food and beverage 518 1738 2526 13 43 56
Textile 14 194 208 0 4 4

Wood industry 123 281 404 2 6 8

Paper and printing industry 228 527 755 5 11 16
Chemical industry 1116 1079 2195 17 16 33
Stone, clay, and glass industry 211 719 930 4 15 20
Iron and steel mills 528 117 645 26 6 32
Foundries - 196 196 0 10 10

Iron and metal 447 1304 1751 20 59 79
Trade & Service 1507 2206 3173 54 79 134

4. Methods

This paper applies three analysis methods to review and evaluate aggregation potentials for
buildings. The method of ‘business model canvas’ is adopted to describe potential scenarios that
buildings can participate in energy aggregation markets with different values and channels. SWOT
and TOWS analyses aim to evaluate feasibility and barriers of different business models in the current
situation and in future trends of energy systems.

4.1. Business Model Canvas

Buildings can provide aggregation potentials to energy market via different channels with
different values. Meanwhile, there are different involved market players, structures of revenue and
cost, and dependencies among scenarios. Therefore, this paper adopts the ‘business model” concept to
discuss different scenarios for buildings to participate in the energy aggregation markets.

The term ‘business model” has been massively applied and discussed in recent years. A business
model is “a system of resources and activities which create a value that is useful to the customer and
the sale of this value makes money for the company” [38]. It is part of a company’s business strategy
that describes how a company creates, delivers, and captures value within economic, social, cultural or
other contexts [39].

So far, several business model generation methods have been developed. For example, Mullins
and Komisar’s five-pillar model [40] (including revenue model, gross margin model, operating model,
working capital model, investment model). However, this model has barriers to be applied for complex
analysis, due to little attention to the value offered to customers. The business model developed by
Afuah [41] divides the model into six components (shown in Figure 4). However, this model also does
not describe the value offered to customers.
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Figure 4. Business model by Afuah.

This paper adopts the ‘business model canvas’ by Osterwalder and Pigneur [42] which divides
the business model into nine components: customer segments, customer relationships, distribution
channels, value proposition, key resources, key activities, partners, cost structure and revenue streams
(shown in Figure 5). Compared to other methods, the business model canvas is a more powerful
visualized and flexible tool that is popularly adopted by both industry and academia.

Key P Key r Value Propositions | Customer Customer
Partners ﬁ Activities A Relationships Segments
-
Key Py {771 | Channels :ZJ
Resources & ~F
Cost Structure O Revenue Streams @

Figure 5. Business model canvas by Osterwalder and Pigneur.

4.2. Evaluation Tool for Business Model Analysis

To evaluate the value of potential business models, this paper modifies the evaluation tool
developed by [43]. The tool is an organized and transparent system that facilities the work of the
evaluators of potential business models [43]. This tool includes all factors that affect the business
models and can be adapted to specific needs/strategies. This evaluation tool is originally intended for
smart cities business models, and this paper modifies it for evaluating business models of buildings’
participation in the aggregation market. The modified evaluation tool can be applied to general
business model analysis, and the decision-making (value criteria) can be specific for different scenarios
(shown in Table 4).

The value of the business model (VBM) in this paper is calculated as follows:

Value of business model = value proposition x customer segment x (partners M
+ resources + revenue streams — cost + customer relationship + channels + activities)

Table 4. TOWS analysis and strategy options.

Elements from Business

Model Canvas Value Criteria

1: if provide significant more benefits to customers compared to existing solutions
(product/service)

0.5: if provide around half more benefits to customers compared to existing solutions
0.1: if not provide visible benefits to customers compared to existing solutions

Value Proposition

Value of customer segment = size x purchasing power

Size:

1: if majority of the total potential customers can be targeted, otherwise the percentage
of the total potential customers can be targeted

Purchasing power:

1: high

0.5: medium

0.1: low

Customer segment
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Table 4. Cont.

Elements from Business

Model Canvas Value Criteria

1: if the partner is the existing partner
0.5: if it is new but easy to reach
Partners 0: if it is new but difficult to reach
Note: total value = [](value of individual partners), because the more partners you
need to have, the more risk exists

1: if it is an existing resource

0.5: if it is new but easy to reach

0: if it is new but difficult to reach

Note: total value = X(individual resource)/number of compulsory resources

Resources

Depends mainly on customers’ familiarity and companies’ affordability

1: if it is familiar to customers and fits to companies’ normal business

0.5: if it partly familiar to customers and companies need to make small changes
0: if it is totally new to customers and companies

Revenue streams

1: if large spending for devices and personals
Cost 0.5: if within the range of affordable spending
0: if based on existing devices and personals

Mainly depends on how simple and easy the approach is.

1: if it is for keeping existing customers

0.5: if it is for growing existing customers

0.1 if it for getting new customers

Note:

If it is easy to get new customers, you can move it to 0.5 or even 1.

Total value = X(individual customer relationship)/number of compulsory customer
relationships

Customer relationship

1: if it is an existing channel
Channels 0.5: if it is new but easy to establish
0: if it is new but difficult to establish

1: if it is an existing activity or similar to the existing activities
0.5: if it is new but easy to conduct
Activities 0: if it is new but difficult to conduct
Note: total value = X(individual activity) /number of activity, because the more
activities you need to manage, the more difficult the task

4.3. SWOT Analysis and TOWS Analysis

The discussion of buildings’ aggregation potentials needs to be integrated with the context of the
specific electricity market. For instance, the demand response status among EU member countries is
divided into three groups: (1) who have yet to seriously engage with DR reforms; (2) who are in the
process of enabling DR through retailers only; (3) who enable both DR and independent aggregation [6].
Therefore, business models for buildings to participate in energy aggregation markets are strongly
influenced by national electricity market structures.

This paper uses the Nordic electricity market as an example, and applies SWOT and TOWS
analyses to evaluate feasibility and barriers of different business models. SWOT is an acronym
for strengths, weaknesses, opportunities, and threats. It is a structured planning method that
evaluates internal and external factors of an organization, project, or business venture. Strengths
and weaknesses aim to examine organization’s internal situation, opportunities and threats focus on
external environment. SWOT analysis is broadly used in planning and decision-making.

However, SWOT analysis does not show relationships between internal and external factors.
Therefore, this paper applies TOWS analysis to match internal factors and external factors to identify
relevant strategic options. The strategy options in TOWS are described in Table 5.
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Table 5. TOWS analysis and strategy options.

Strategy Options Opportunities Threats
S-O Strategies .
Strengths Strategies that use strengths to take S-T Strategies

" Strategies that use strengths to avoid threats
advantages of opportunities

O-W Strategies
Weaknesses Strategies that take advantages from
opportunities for mitigating weaknesses

W-T Strategies
Strategies that mitigate weakness and avoid threat

5. Results

Buildings are commonly defined into three types (residential, commercial, and industrial). Due to
the requirement of volume threshold for aggregation markets (e.g., the minimum bid to provide
primary service in Demark is 0.3 MW)), this paper divides buildings into two categories according to
their energy consumptions: small and large energy consumers. The majority of residential buildings
and some commercial buildings are small energy consumers. Comparatively, industrial buildings and
some commercial buildings are large energy consumers.

There are four business models proposed for buildings to participate in the energy aggregation
market in this paper (shown in Table 6).

Table 6. Four Business Models of Buildings’ Participation in the Aggregation Market.

Aggregation . . . Indirect Building
Market Types Business Model Direct Participants Participants
Implicit DR 1—buildings participate in the . o
(price based) implicit DR program via retailers Retailers All buildings
2—buildings (sn"\a'll energy Independent Buildings with
Demand consumers) participate in the aggregator small energy
Response explicit DR via aggregators EETCE consumption
Explicit DR 3—buildings (large energy Buildings with
consumers) directly access the large energy -
explicit DR program consumption
Virtual Power Trading, balancing, 4fbu11d1_ngs access the energy DER owners
Plants network services market via VPP aggregators by VPP aggregators (buildings which
providing DERs equip the DERs)

5.1. Business Model 1—Buildings Participate in the Implicit DR Program via Retailers

All buildings can participate in the implicit DR program. In this business model (shown in
Table 7), buildings receive the DR program package as part of their electricity supply contract with
their electricity retailer. Therefore, buildings can obtain a lower bill. For instance, buildings can reduce
electricity usage at peak periods or shift their usage to off-peak periods.

Retailers can provide different DR program packages due to buildings” own preferences and
constraints, and improve consumers’ satisfaction rate. For instance, customers’ satisfaction rate can be
increased due to lower bills. Retailers might get new customers by providing an explicit DR package
as a competitive offer. On the other hand, retailers need to provide consulting services to customers.
Retailers usually do not have professional knowledge in the DR domain, and DR services are a new
business model for retailers. Therefore, retailers need to hire experts and additional staff for the
DR business.

5.2. Business Model 2—Buildings (Especially with Small Energy Consumption) Participate in the Explicit DR
Program via Aggregators

In Business Model 2 (shown in Table 8), buildings, especially those with low energy consumption,
can obtain direct payment by participating in explicit DR programs via aggregators.
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Aggregators can maintain good relationships with customers through (1) an efficient and
customer-friendly payment system and control system; (2) a training and consulting service, including
DR knowledge and market information sharing. Meanwhile, the customized DR contracts should
be based on customers’” energy constraints and preferences; (3) the participation in the DR market
needs customers to install direct load control systems. Therefore, aggregators can provide discount
or free control systems, and maintenance services to customers; (4) Aggregators provide backup for
individual loads as part of pooling activities that can increase the overall reliability, and reduce risk for
individual consumers.

Aggregators generate revenue by providing DR services to the market (e.g., wholesale market,
regulating market, and ancillary service). Aggregators might also receive incentives from regulators,
TSOs and DSOs, depended on market regulations and structures.

5.3. Business Model 3—Buildings (with Large Energy Consumption) Directly Access Explicit DR Program

Buildings with large energy consumption are the energy flexibility providers who can directly
participate and compete directly with producers in the DR market (wholesale market, regulating
market, or ancillary service) (shown in Table 9).

To participate in wholesale and balancing markets, large energy consumers need to comply
with market rules. Meanwhile, to participate in the reserve market as an ancillary service, buildings
need to allow TSOs to directly control energy flexibility resources of buildings (e.g., building energy
management systems).

Buildings can receive direct payment by providing flexibility via direct participation in explicit
DR programs, and may get incentives from regulators, DSOs and TSOs.

5.4. Business Model 4—Buildings Access the Energy Market via VPP Aggregators by Providing DERs

In this business model, buildings (which have DERs) are able to obtain direct payment from
VPP aggregators by providing energy flexibility. The volume threshold for power producers may
prevent small DER owners to trade their energy individually, and VPP aggregators aggregate DERs
and flexible loads as a single entity in the wholesale market that can help DER owners collectively to
participate in the market with lower risk.

Buildings can have different types of DERs. Therefore, DER owners can participate in different
aggregation markets (shown in Table 10). For instance, residential buildings usually only have PVs.
Due to response requirements for different markets (e.g., primary service in Denmark requires a
response in 15 seconds with a minimum of 0.3 MW), aggregation potentials that can be provided by
DER owners depend mainly on the types of DERs.

VPP aggregators can provide customized market access strategies for different types of DER
owners. Meanwhile, VPP aggregators should provide accurate forecast information of supply and
demand, and user-friendly control systems, because this influences DER owners’ daily business or
energy usage patterns.

The main reason for DER owners to participate in the energy flexibility market is monetary
benefits. Therefore, VPP aggregators need to provide an efficient and fair payment system that also
affects DER owners’ satisfaction and motivation.
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6. Case Study—The Aggregation Potential for Buildings in the Nordic Electricity Market

The Nordic electricity market of Denmark, Finland, Norway, and Sweden, comprises of a
wholesale market and a retail market. Each Nordic country is an integral part of the free Nordic
electricity market [44]. The wholesale market trade is via the Nord Pool Spot market. The Nord Pool
market is owned by the TSOs in the Nordic countries. There are two electricity market places in the
Nord Pool Spot market: Elspot (Day-ahead) and Elbas (Intra-day), and a regulating power market.
The national TSOs in each country are responsible for the electricity retail markets. In Denmark,
Energinet.dk is responsible, and consumers can freely choose their electricity retailers.

In the current Nordic electricity market, there is no independent aggregator, and demand response
has been enabled within the ancillary services [13]. In some Nordic countries, customers have
opportunities to participate in priced-based programs (e.g., time-of-use (TOU), critical peak pricing,
and real-time pricing) [15].

There are nearly 15 million electricity customers in the Nordic electricity market, and the four
business models show that there are opportunities and benefits for electricity consumers to participate
in the energy aggregation market. However, there are also barriers and constraints under the current
energy market structure.

Opportunities: there is a market need for buildings’ energy flexibility, due to market (e.g.,
imbalance payment) and grid (grid capacity) demands. Meanwhile, technologies including control
systems, forecast software, and DERs, are more advanced, cheaper, and user-friendly compared to
before. Therefore, market players, such as aggregators and buildings, participate much more easily in
the aggregation market. In many countries, regulators, TSOs, or DSOs have provided incentives for
participation in the aggregation market.

Threats: there are still regulation barriers for market players to access the aggregation market. For
instance, there is no DR market in some countries such as Denmark, and DR participation is limited to
the small consumers and only large consumers can participate in the wholesale market. Meanwhile,
monetary benefit is not significantly visible to encourage buildings to participate in the aggregation
market, especially with the compromise of comfort and low return on investment.

Strengths: the majority of buildings have potentials to provide flexibility to the energy market,
either by changing energy usage pattern (adjustable loads) or by giving direct control of their appliances
or DERSs to aggregators.

Weaknesses: Return on investment is the main concern for energy consumers. Small energy
consumers, e.g., residential buildings, still lack investment incentives to purchase controllable
appliances, control systems, and DERs. Energy consumers might also be conservative due to potential
effects on their daily business or energy usage patterns. Meanwhile, limited capacity of energy
flexibility provided by small energy consumers (e.g., residential buildings) might prevent their access
to the aggregation market or not have visible monetary benefits.

6.1. Value of the Business Model (VBM) in the Nordic Electricity Market

For the aggregation market development, it is necessary to investigate which business model
brings more value to the whole market. By applying the evaluation of business model analysis (1), the
value for the four business models are shown in Table 11.

Under the current situation of the Nordic electricity market, Business Model 1—buildings
participate in the implicit DR program via retailers’” significantly provides the highest value to the
whole aggregation market. This business model not only covers all buildings, is highly supported by
regulations, but also requests few changes in the existing market structure.

Comparatively, Business Model 2—buildings participate in the explicit DR via aggregators’
brings the lowest value to the whole aggregation market. The reason is (1) there are no independent
aggregators in the Nordic electricity market as yet, and stakeholders are conservative to this business
model (the value of ‘partners’ is only 0.425); (2) buildings with small energy consumption provide
limited energy flexibility, and the benefit is not visible under the current Nordic market regulation
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(the values of ‘value proposition’ is 0.5); meanwhile, (3) buildings with small energy consumption
usually do not install building control systems, and the cost to participate the market and install control
systems is high (the values of ‘cost” is —1.4).

Business Models 2 and 4 both present buildings’ participation in the aggregation market via

aggregators. The comparison results show that buildings that equip DERs have more potentials and
incentives to participate the aggregation market.

Table 11. Value of four developed business models in the Nordic electricity market.

1—buildings 2—buildings 3—buildings 4—buildings access the
. participate in the participate in directly access  energy market via VPP
Business Model implicit DR program  the explicit DR to the explicit aggregators by

via retailers via aggregators DR program providing DERs
Value Proposition 1 0.5 1 1
Customer Segment 1 0.21 0.21 0.19
Partners 1 0.025 1 0.125
Resources 1 0.83 0.75 0.75
Revenue Streams 0.5 1.1 12 17
Cost -0.5 —1.4 -0.5 —14
Customer Relationship 0.75 0.425 0.75 0.875
Channels 1 1 15 15
Activities 1 0.6 0.67 1
Value of Business Model 3.75 220.17 (0.1659) 21.34 (1.3377) 22(0.77 (0.7695)

6.2. Recommendation for Encouraging Building Participation

With TOWS analysis (shown in Table 12), this paper presents the following suggestions to

encourage buildings to participate in the aggregation market:

Regulation needs to be adjusted to allow buildings easy access to the aggregation market;
Incentives from regulators, TSOs/DSOs can encourage buildings to participate in the energy
aggregation market;

Clear monetary benefits (e.g., payment) needs to be defined;

Financial support, e.g., loans, renting, cost reduction strategies and packages, for installation of
control systems, DERs, and controllable appliances;

Easy and user-friendly control systems with accurate forecast and analysis;

Customized service (e.g., payment and control solutions) for different types of buildings;
Selective market access for buildings which can have visible benefit from the aggregation market
(e.g., large energy consumers or industrial buildings with large capacity of DERs);

Utilization of ADR (automatic DR) in buildings with challenges of privacy, user acceptance, and
security needs to be addressed.

Table 12. Combined SWOT and TOWS analyses of buildings” energy aggregation potentials.

Opportunities Threats

1. European Union (EU) climate and energy goals
2. Technology readiness e Regulation barriers
3. Market demands ) o Limited monetary benefits
4. Constraints of grid capacity e Slow Return on investment (ROI)
5. Costreduction
6. Incentives

Strenghts S-O Strategies S-T Strategies

Cost reduction strategies and . o

e Flexible load packages of control system and e Regulation chaﬂged to allow bulldll(ngs
. Installed DERs DER equipment; easy access to the aggregation market;

Advanced appliances

Easy and user-friendly
control systems

. Clear monetary benefits and incentives;
e Analysis and service (including training)
regarding consumer behavior.

Weaknesses

O-W Strategies

W-T Strategies

No investment support
Constraints of daily business and
energy usage pattern

Low capacity of energy flexibility

Aggregation of small consumers
by DR and VPP programs;
Incentives from regulators,
TSOs/DSOs;

Software support for forecast
and analysis.

e Financial support for equipment control
system (e.g., loans, renting);

e Selective market access for buildings
which can have visible benefits from the
aggregation market (e.g., large energy
consumers, or industrial buildings with
large capacity of DERs)
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7. Conclusions

This paper develops and discusses four business models for buildings (e.g., residential, industrial,
and commercial) to participate in the aggregation markets by providing flexible loads and DERs.
With a case study of the Nordic electricity market, an evaluation of the four business models is
conducted with the SWOT analysis and evaluation tool of business model analysis. The evaluation
result shows that there are opportunities for buildings to participate in the aggregation market and
constraints for different types of buildings. Under the current Nordic market regulation, the most
feasible business model is: buildings participate in the implicit DR program via retailers. Meanwhile,
the regulation barriers and limited monetary incentives impede buildings’ participation. Therefore, the
business model of ‘buildings with small energy consumption participate in explicit DR via aggregators’
possesses more challenges compared to other three business models.

This study contributes to the literature in several unique ways. First, this study demonstrates
four business models with explicit description about how the flexibility potentials of buildings can be
utilized in different aggregation scenarios.

Second, by investigating buildings’ participation in the four scenarios, this study contributes to
the literature regarding the correlation between buildings’ flexibility and aggregation market access.
This study finds that the flexibility resources and potentials are different for different types of buildings,
and building owners have different needs and behaviors. Thus, it is essential to understand building
owners’ needs, comforts, and behaviors to develop feasible market access strategies for different types
of buildings.

Third, the importance and implication of incentive programs, national regulations and energy
market structures to the buildings’” participation are identified. Incentive programs can enhance
buildings’ participation. In addition, the involvement of governments and regulators in the aggregation
market can provide incentives, increase DR awareness and participation. However, the aggregation
market is still immature, and regulations and polices of aggregation markets are various across
countries. For instance, in Europe, the countries Belgium, France, Ireland, and the UK have created
the regulative framework to enable both DR and independent aggregators, whereas other European
countries have not yet engaged with DR reforms, e.g., Portugal and Spain. Therefore, the business
models of aggregation potentials for buildings need to be based on national regulations and energy
market structures.
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Abstract: Demand response aggregators have been developed and implemented all through the
world with more seen in Europe and the United States. The participation of aggregators in energy
markets improves the access of small-size resources to these, which enables successful business
cases for demand-side flexibility. The present paper proposes aggregator’s assessment of the
integration of distributed energy resources in energy markets, which provides an optimized reschedule.
An aggregation and remuneration model is proposed by using the k-means and group tariff, respectively.
The main objective is to identify the available options for the aggregator to define tariff groups for the
implementation of demand response. After the first schedule, the distributed energy resources are
aggregated into a given number of groups. For each of the new groups, a new tariff is computed
and the resources are again scheduled according to the new group tariff. In this way, the impact of
implementing the new tariffs is analyzed in order to support a more sustained decision to be taken
by the aggregator. A 180-bus network in the case study accommodates 90 consumers, 116 distributed
generators, and one supplier.

Keywords: aggregator; clustering; demand response; distributed generation

1. Introduction

The number of aggregators operating in energy markets has been on the rise since the end of the
last decade [1]. Companies like Voltalis (Paris, France), REstore (Antwerp, Belgium), and EnerNOC
(Boston, MA, USA) are currently major aggregators of flexibility and are the usual participants in
energy markets [2]. These companies provide tools for energy services (e.g., optimization, monitoring,
consultancy) to consumers, which reduces unnecessary or inefficient consumption. The aggregators,
after an analysis of the consumer’s load profile, conciliates the energy reductions of the consumers
with its participation in the energy markets. In this way, a cooperative relation between the aggregators
and the resources is achieved.

Demand Response (DR) and distributed generators are the flexibility resources with more interest
and development in current power systems, which opens a path for others to raise as well, for instance,
electric vehicle and storage units [3,4]. Demand response is divided in two types including price
and incentive-based where the first corresponds to the response of consumers given a price signal
(price variation) and, the latter, to the response of consumers given monetary incentives (tax relief,
payment) [5-10]. These two types of demand response are used by different entities and to distinct
consumers. Namely, the grid operators and aggregators use incentive-based while retailers tend to
use more price-based strategies. Distributed generators have been significantly promoted in recent
years through feed-in tariffs to make these resources more attractive to consumers [11-13]. Due to this
initiative, the number of prosumers (consumers that own generation means) raised significantly in
several countries (e.g., Portugal, Germany, UK). However, the high participation of these resources
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in energy markets has not yet been achieved mostly because of their small generation capacity and
intermittent production. The complement that demand response and distributed generators give to
each other provide the aggregator with sufficient tools to manage these resources and allow their
indirect participation in energy markets [2,14-18].

1.1. Related Literature

Several energy markets are not adjusted to demand response participation due to the requirements
needed to participate either in terms of minimum capacity or event duration. For example, in
Finland, secondary reserve has 5 and 10 MW minimum capacity in automatic and manual actuation,
respectively [19-21]. In the same country, it is possible to find more adjusted conditions in the primary
reserve with a minimum capacity of 100 kW. Another example is the Californian independent system
operator, CAISO (Folsom, CA, USA), with minimum requirement of 100 and 500 kW to consumer’s
participation [22]. In such market approaches, the aggregator or a single entity can deliver the requested
reduction amount. In both cases, the market operator is not concerned about the way that consumers
are aggregated and enumerated.

The need for an aggregator entity arises as a solution for the participation of small-size consumers
when considering that it can create a virtual energy amount that enables enough energy to be
negotiated in the market by the aggregator. This participation of the aggregator should ensure
that the revenues obtained are sufficient to reward the participating resources while providing profit
for the aggregator. In incentive-based programs, resources are remunerated bearing in mind their
availability and utilization where it is considered a period that consumers make their loads available
to be modified and, in the second, payment is made when load modification is actually done [23,24].
These are current approaches for the remuneration of consumers participating in demand response
programs. However, for the research in the present paper, the questions are how much to pay to the
consumers, how many distinct tariffs to implement, and which consumers should be in each tariff.

Aiming the aggregation and the remuneration of demand response resources, several works
appear in the literature with most of them addressing only one of these topics and others addressing
both in a single methodology, which are namely previous works from the authors of the present
paper [25,26]. In fact, most of the recent and relevant literature in demand response, namely review
papers, still insist in the demand response opportunities and flexibility options that are more and more
evident with the increase of technology that supports demand response by providing examples of
practical evidence of DR implementations and identifying the most relevant barriers without referring
to possible innovative approaches for aggregation and remuneration [6,27]. Most of the identified
barriers are related to market structures and incentives regarding the incentivizing consumers to
participate in DR programs [28].

In Reference [29], a hierarchical DR architecture is proposed in order to control and coordinate
various DR categories. In Reference [30], the author refers to the way that incentivizing DR with flat
incentives implies with the revenues of retailers. In fact, in the beginning, DR incentives are needed
but in a large implementation, DR must be remunerated by adequate and fair market mechanisms.
In Reference [31], DR and generators are compared regarding the actual costs in real markets, which
refers to the actual remuneration cost for DR. In Reference [32], the authors deal with the comfort in a
building in order to determine the flexibility of consumption. A multi-agent approach is proposed for the
bids and auctions establishment. The consumers are assumed to take part of the negotiation. None of
the referred works proposed a model that implements the remuneration for DR participation, which
consists of addressing the consumers’ benefits and offering an advantageous remuneration for them.
Moreover, the aggregation is done according to the open call to the previously enrolled consumers.

In Reference [25], the authors proposed a methodology in which aggregation and remuneration
is done in an integrated approach in order to support the aggregator decisions. In Reference [26],
a complementary approach is defined in order to analyze the profits of the aggregator, which supports the
participation in the market by comparing the situations of using or not additional suppliers with DR use.
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However, in the previous works, after defining the groups and the tariffs, the aggregation and the
remuneration, it was assumed that the operation costs are still minimized. In the present paper, the
proposed methodology contributes to making an evaluation of the new optimal scheduling of the resources
using the new tariffs. New decision aspects are raised for the aggregator namely because some consumers
are lower remunerated with the re-scheduling even if the aggregator operation costs are the same.

1.2. Proposed Aggregator

The present paper proposes a methodology to address market participation of an aggregator in
energy markets by considering two types of distributed energy resources including demand response
and distributed generation. Due to the small size of these resources, a Virtual Power Player (VPP) is
considered the aggregator for DR and DG resources making it possible for them to participate in the
electricity market. This aggregator defines the groups and the tariffs for each group to be scheduled in
each different context or period of the day, which receives incomes from the market and forms the
consumers to fulfill their load and paying to DG and DR resources by also obtaining some profits.
The DG and DR are scheduled according to the available forecasts that are assumed to be adequately
accurate. It is also a task assumed for the VPP to accommodate the deviations of the DG and the DR
resources due to their unpredictability.

After an initial schedule of resources, these are aggregated and assigned a tariff for each of
the groups formed with these tariffs considered forward when performing the second schedule of
resources. This allows the aggregator to schedule resources in line with a group tariff that is applied to
all resources in that group and decided whether to participate or not with bids in the energy markets.
Aggregation is made through k-means clustering algorithm while the group tariff corresponds to the
average price of the resources in the group.

The present section approached the most relevant concepts related to the developed methodology
and the activities that it intends to represent. In Section 2, the proposed methodology is presented
and explained in detail while Section 3 shows the mathematical formulation used. In Section 4, the
case study used to verify the usefulness of the methodology is presented, and finally, in Section 5, the
conclusions obtained from the methodology implementation are presented.

2. Proposed Methodology

The present section details the proposed methodology that can be divided into three stages per
scheduling phase, which is illustrated in Figure 1. Phase one is presented in Section 2.1 while phase 2
is presented in Section 2.2.

Optimize resources considering individual prices

=1}

5 v

51 Calculate groups with the k-means algorithm,

32 obtaining the group index for cach resource

7]

.= 3 5

[&3 Compute groups parameters (average price, total
energy, and number of resources)

o Optimize resources considering the group tariffs

=) i 5

= obtained before

El

=

1

3 Compare costs before and after the aggregation and

- decide whether to performit or not

s v

53 . . .

&3 Negotiate amounts in energy market as more beneficial
to both aggregator and resources

Figure 1. Proposed methodology scheme.

213



Energies 2018, 11,713

2.1. Phase One

According to Figure 1, phase one is divided into three stages. In the first stage, each resource has
an individual price that represents the cost to the aggregator to schedule it in terms of demand response
or distributed generation. The optimization model considers demand response programs such as
curtailment. The mathematical formulation for the minimization of the aggregator’s operation costs is
detailed in Section 3. The results of the optimization include the amounts scheduled in generators and
the energy to be reduced from the consumers in order for the load-generation relation to be balanced in
each of the periods considered. Additionally, the resources for aggregation are obtained from this stage.

In the second stage, the aggregation stage, the resources that have contribution higher than
zero in the aggregator’s schedule (stage 1), are in the aggregation process. The other resources with
zero contribution are not considered in either aggregation and remuneration stages. This ensures
that non-participating resources do not affect the results of the aggregation and remuneration and,
therefore, neither influence the prices for the participants. This second stage of the methodology
uses k-means to obtain the group indexes for each distributed resource. The number of groups to
be formed is a parameter that the aggregator can modify in consonance with its operation context.
This aggregation analysis is made for each period. The distributed resource types have distinct
aggregation processes. However, consumers and generators are not aggregated together. In this way,
different data inputs are considered for aggregation in both cases. The clustering stage is very relevant
for the groups definition. Normally, the consumers’ tariffs are defined for all the consumers of the
same type (domestic, commercial, industrial, etc.). In the proposed approach, the aggregator is able to
request the simulation of several number of tariff groups, according to the number of DR programs.
The clustering algorithm will provide it.

When aggregating consumers, the data input consists of:

- the energy scheduled in the curtailment program for each consumer,
- and the price of these reductions (input parameter of the objective function).

In the case of distributed generators, the data input in the aggregation process is:

- scheduled energy for each unit,
- and individual price (input parameter of the objective function).

The third stage, which is the final stage of phase one, corresponds to computing the group
parameters. These can be defined as the relevant features that the aggregator needs to form a bid in
the energy markets including average price and total energy scheduled. The number of resources is
important information to the aggregator so that it knows the resources in each group.

In conclusion, the results of phase one are the consumers and generators in each group and the
tariff for each group.

2.2. Phase Two

In the second phase, we have three stages, according to Figure 1. The first stage corresponds to the
same procedure performed in the first stage of phase one. The difference is that now, in the first stage
of phase two, the prices for the resources entering the scheduling are the ones resulting from stage
three of phase one for each group, which involve the resulting tariffs. In this way, after scheduling
phase two, the aggregator can compare each period based on the operation costs and conclude if it is
or not beneficial to proceed with phase two or adopt the results of phase one. This allows for a more
efficient operation of the aggregator by maintaining its capability of market participation.

In the second stage, the resources are aggregated for each period. The clustering algorithm
considered is implemented and given as input for the energy schedule and price (these features are
considered for both the distributed generators and consumers participating in the demand response
program). The information about aggregation is also available for the aggregator in terms of power,
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tariffs, the number of resources in each group, the resources that participated in the scheduling, and
the group assignment.

In the final stage of phase two, the aggregator goes to market considering the groups formed and
respective group tariffs as available bids. In addition, the results provided give the aggregator the
possibility to check which consumers have been positively or negatively affected by the re-scheduling
made in Phase two. In this context, the aggregator must ensure that the bids guarantee fair payment of
distributed energy resources and its services.

The provided overall results are relevant for the aggregator to consider in terms of the participation
in energy markets even though the present paper doesn’t consider the different specific market
opportunities that can be available for the aggregator to participate. In fact, the consideration of market
negotiation should be accompanied by several involved parties” agreements so that the rest of the grid
wouldn’t be impaired in its stability and energy quality.

The methodology proposed in the present paper provides a solution for the management
of aggregator’s activities including the optimal scheduling of resources with an aggregation and
remuneration model to complement its participation in market. In fact, the optimization of the
energy resources used is made in the present paper in order to support the proposed aggregation
and remuneration methodology. It is not intended to be the focus of the paper since it can be found
in other previous works [25,26]. Also, the clustering algorithm and its input features as used in the
present paper have been previously used in Reference [26]. It is included in the present paper in
order to support the overall proposed methodology framework. In this way, the present paper is
innovative by presenting a rescheduling model for the decrease of aggregator’s operation costs based
on the aggregation and remuneration model applied to distributed resources. Section 3 details the
mathematical formulation used to guarantee the resource’s optimized scheduling.

3. Scheduling Formulation

The optimization problem is labeled as mixed-integer linear programming (MILP) since discrete
and continuous variables are considered. The scheduling problem is relatively simple considering the
program’s definition and respective modelling. However, the problem’s size implicates an analysis
of the best option. The proposed methodology was implemented in TOMSYM™ optimization
environment, which was developed in MATLAB™. The algorithm was run in a 64-bit computer
system with 16 GB RAM and 2.1 GHz processor.

In Equation (1), the objective function is considered for optimization, which involves the demand
response programs mentioned before as well as the distributed generators and external suppliers.
This objective function is considered for both schedules (phase one and phase two) of resources.
However, in the second, the C 87 %, C(’Z’d) and sz‘;), are updated for certain resources, which include
the ones that participated in the aggregation and remuneration processes. The variables of the problem,
as presented in the objective function (1) are: Energy schedule for external supplier s, in period ¢,
Energy schedule for distributed generator p, in period ¢, and Energy schedule for load curtailment in
consumer ¢, in period t. This means that the output of the optimization problem corresponds to the
power amounts present in Equation (1).

P
Min OC = Z P ot + 2 PRGBS+ Z pot ca, O

As mentioned before, the system’s balance is insured by defining the constraint represented
in Equation (2). This maintains the balance between load and generation, which considers the
contributions of demand response and distributed generation.

Z PSuP 4 Z P i[ Load __ cut)] )

c=1

215



Energies 2018, 11,713

The aggregator, when establishing a contract with the resources, specifies an energy amount
that both agree or in real-time monitors the resource’s availability. In this case, the resource and the
aggregator have previously agreed upon a given amount of flexibility for each period. In this way, the
external supplier limits are represented by Equation (3), for the distributed generators by Equation (4)
and for the curtailment program by Equations (5) and (6).

minSup Sup maxSup
Pon " = Plon = Piop ®)

minDG DG maxDG
P ™ = Py = Py @)
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This simple mathematical formulation guarantees the correct execution of the aggregator’s
activities and programs at play. This optimization minimizes the aggregator’s cost considering the
individual cost (in a first scheduling) and aggregate cost (in a second scheduling) of each resource.

Regarding the aggregation process, this is based on k-means clustering algorithm, which have
as inputs the energy scheduled and individual price including the number of groups wanted by
the aggregator. The algorithm is based on the minimization of distances between resources and
centroids, which is shown in Equation (7). Centroids are points that represent the center of a given
group, are initially randomly set, and, in the following iterations, can be computed given a certain
rule (e.g., average position of the objects in the group). The distances are then computed for each
resource in relation to the centroids (number of centroids equals the number of groups desired) where
the nearest are placed in that group. This is an iterative process where resources can change group
between iterations.
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where T represents a partition matrix (matrix with the group index for each object), M the cluster
prototype or centroid matrix, x an object of a given set (this set corresponds to the resources considered),
and m the centroid at the given iteration. The binary variable Y assumes the value one when the
object j belongs to the cluster i represented by the centroid and zero when otherwise. The k-means
algorithm insures that every object considered is assigned to a group and that all groups have at least
one object (none are empty). The k-means algorithm is already developed in MATLAB as a function of
k-means. This function returns several outputs including group index for each object, centroid matrix
over iterations, distances from objects to each centroid, and the sum of distances for each centroid.
In this context, only the first output is needed for the proposed methodology.

The remuneration of resources considers an arithmetic average tariff by the group based on the
resource’s prices in that group. In this way, there is an average price that some consumers will be
encouraged to participate while others may be unsatisfied due to low payment bearing in mind their
initial individual price. However, price equality is assured for all resources belonging to the same
group. Moreover, in a previous work [25], a maximum-based tariff was proposed in which the highest
price in the group was represented as the group tariff where consumers were either satisfied to be
remunerated at their price request or encouraged to participate since the tariff was higher than the
initial price point.

4. Case Study

The proposed case study is composed of a distribution network with 180 bus [33]. In terms of
resources, the network has 116 distributed generators, 90 consumers, and a single external supplier.
All consumers can participate in the curtailment program and each one has a distinct price, as shown
by Figure 2. It is important to note that although the labels in Figure 2 and its axis rises until 88
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due to visualization optimization, the chart includes 90 bars as expected with one for each consumer.
Realistic case studies are an important part of the proposed methodology effectiveness and adaption,
which insure that it outputs valid solutions for both resources and the aggregator.

012
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0

1 4 71013161922252831343740 434649525558 6164677073 7679828588

Price (m.u./p.u.}

Consumer ID

Figure 2. Curtailment prices for consumers.

In generation, the prices are the same for resources of the same type. For instance, all photovoltaic
units have an equal price for scheduling. In Table 1, the features of generation resources are presented.
In the second column of this table, the installed capacity of each type of generation resource is shown.
Moreover, some types of resources have distinct levels of installed power such as in the case of wind
and photovoltaic units. In the third column, the number of resources of each resource type are shown
and considered for the level of installed power.

Table 1. Generation resources features.

Generation Resource Inst. Power (kW) # Units Price (m.u./p.u.)

200 11
150 9

Photovoltaic 25 13 0.1560
20 24
15 3

Small hydro 3010 1 0.1014

Biomass 450 1 0.1231

Co-generation 2100 1 0.0796
300 2
. 200 2

Wind 100 38 0.0964
20 11

Total 6590 116 -
External supplier 10,000 1 Dynamic
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Figure 3. Dynamic tariff considered for the external supplier.

The last column of the table presents the linear prices of each type of resource in exchange for
their contribution for scheduling. Besides the distributed generators, Table 1 also presents the features
of the external supplier considered in the same terms of the previous mentioned generators. However,
it is important to notice that a dynamic tariff is considered for the external supplier and it is shown in
Figure 3.

The consumers’ curtailment capacity is the same throughout all periods and takes the values as
shown in Figure 4. The consumers are classified into five different types including domestic, large
commerce, large industrial, medium commerce, and small commerce.
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n
.

Domestic Large Commerce  Largelndustrial Medium Commerce Small Commerce

Load Reduction (p.u.)

Figure 4. Curtailment capacity in all periods by type of consumer.

This flexibility is used to manage consumption according to the energy prices of the other
resources and the available generation at a given period. This type of approach to demand response
(load curtailment programs) is often used in power systems by system operators to balance generation
and consumption in times where the security and reliability of the network are at risk. In this way, the
aggregator can provide relevant services to the system operator and enabling an indirect participation
of distributed energy resources (generators and consumers) in the operation of the system.

This section presented the case study evaluated in the present paper and its results are shown
in the results section. The proposed case study is adjusted to the operation of an aggregator and
represents a realistic approach to the real activities that an aggregator develops.
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5. Results

The scheduling of resources is analyzed considering distinct number of groups to be formed in
the aggregation process such as the operation costs obtained in the rescheduling of resources, which
are distinct considering the number of groups formed after the first scheduling.

Table 2 presents the results obtained in terms of operation costs and number of resources that
changed price from the first to second scheduling. The operation costs obtained in the first scheduling
is always the same since the initial conditions are maintained equal. The reschedule depends on
the number of groups formed after the first schedule. In Table 2, the evaluated periods are chosen
based on the power variation that occurred in the reschedule. This includes periods where there are
differences between the first and the second scheduling for the available resources. Moreover, it shows
the number of resources where the prices were changed between the first and second scheduling due
to the aggregation and remuneration processes implemented after the first scheduling. For instance,
in period 11 with a total number of groups equal to 3, a total of 80 distributed generators and 75
consumers changed their price. The value in parentheses represents the number of resources that
changed the energy schedule while the value between brackets reflects the number of resources
where the energy price was raised and lowered, respectively (number of raised prices, number of
lowered prices). For instance, given the previous example, only one distributed generator changed
the energy schedule and no consumers changed in the second scheduling. Furthermore, of the 80
distributed generators that changed price, 53 had a raise and 27 had a decrease on the price in the
second scheduling. Similarly, out of the 75 consumers, 27 had a raise and 48 had a decrease on the price.

Table 2. Summary of results from rescheduling.

Total Number of Groups

3 4 5 6
1st Schedule (m.u.) 43.7693
Reschedule (m.u.) 43.6797 437286 43.8317 43.8075
Evaluated Periods [10,11,20,21] [10,20,21] [20] [20]
h ) 10 75 (1) [53,22] 74 (1) [53,21] - -
nanges in 11 80 (1) [53,27] - - -
Distributed
C 20 55 (1) [53,2] 53 (1) [53,1] 49 (1) [48,1] 49 (1) [48,1]
enerators 21 55 (1) [53,2] 44 (1) [42,2] - -
. 10 75 (0) [33,42] 75 (0) [35,42] - -
Cgi‘r;g:;c;“ 11 75 (0) [27,48] - . .
Response 20 75 (0) [34,41] 74 (0) [25,49] 74 (0) [2549] 73 (0) [33,40]
P 21 75 (0) [27,48] 74 (0) [33,41] - -

Generally speaking, the optimization of individual consumers is expected to provide better results.
However, the aggregator is not able to implement one DR program tariff for each consumer. In the
first schedule, the consumers are optimized as groups according to their initial tariffs that are defined
according to their consumer’s types, which is shown in Figure 4. With the reschedule made based
on the consumers grouped according to the clustering input features, the groups are now optimized
and the optimization results are better for the total number of groups equal to 3. The obtained actual
amount of improvement can be seen as a small amount for a single event occurring in a short period of
time. However, implementing several DR events during a year can have a great impact on the overall
results for the aggregator.

Moving on to the results obtained for the scheduling of resources, a total number of clusters must
be chosen and, therefore, the least expensive is picked in which the total number of groups is equal to
3. The initial scheduling results, before the resources are aggregated and a group tariff is assigned to
the participant resources, are shown in Figure 5.
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Figure 5. Scheduling before aggregation and remuneration processes.

The scheduling shows the contribution of all the resources considered including the external
supplier, distributed generators, and consumers. Figure 6 presented the scheduling of the resources
after the aggregating, i.e., stage 1 of phase two where the red outline demonstrates the periods
and resource contributions that changed in relation to the initial scheduling. It is possible to see a
reduction in terms of external supplier contributions and, consequently, a raise in the distributed
generators participation. This variation is also related to the dynamic energy price offered by the
external suppliers. Additionally, in both initial and final scheduling, the consumers were supplied
without interruption where the “Energy Non-supplied” resource was not implemented. Moreover,
this resource is considered the last option to be scheduled since it delimits energy interruptions in the
consumers and affects their normal operation. In this way, the use for this is only justified in case of
emergency situations where system reliability and security is at risk. In terms of demand response,
we see a more or less constant behavior from the consumers with small quantities being used by the
aggregator to obtain a valid scheduling of the resources.
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Figure 6. Scheduling after aggregation and remuneration processes.

Figure 6 shows that changes in the energy schedule were verified in periods number 10, 11, 20,
and 21 when the total number of clusters is equal to 3.

Figure 7 shows the changes in prices of distributed energy resources between the initial prices and
the ones resulting from phase one of the proposed methodology when the total number of groups is 3,
which considered the evaluated periods shown in Table 2. For distributed generators (left hand-side
graphs), the maximum raise noticed was around 0.019 m.u. (period 20 and 21, as seen in the top-right
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of each graph) in comparison with the initial price while around 0.042 m.u. was noted in period
10 as the maximum decreased. When considering demand response, the maximum increase was
around 0.043 m.u. (periods 11 and 21) while around 0.023 m.u. was noticed in period 11 when the
maximum decreased.

Table 3 presents the results obtained for the aggregation of resources, which was independently
made for distributed generators and consumers participating in the demand response program for
period 20. By matching Tables 2 and 3, it is possible to see that an additional generator was included
in the aggregation when comparing with verified changes. The reason for this is that this resource
was scheduled by the aggregator, but its price was not changed by the aggregation and remuneration
processes performed before the second scheduling.

Table 3. Aggregation of resources—Period 20 | K = 3.

Number of Resources in Group

Resource # Resources
1 2 3

Domestic 9 0 4 13
Large Industrial 3 3 0 6
Medium Commerce 12 0 1 13
Small Commerce 21 0 2 23
Large Commerce 9 10 1 20
Total 54 13 8 75
Wind 52 1 0 53
Biomass 1 0 0 1
Photovoltaic 0 0 0 0
Small Hydro 0 0 1 1
Co-generation 0 1 0 1
Total 53 2 1 56

Regarding the consumers, all of those who were scheduled by the aggregator and consequently
participated in the aggregation and remuneration processes were also affected by price changes.
The results for period 20 are presented for a total number of groups equal to 4 in Table 4 to compare
group’s number influence based on the tables mentioned before.

Similar results to the previous analysis of period 20 for a total number of groups equal to 3,
which were obtained for a total number of groups equal to 4. Moreover, changes only occur at the
resource’s distribution amongst the groups, but patterns that were visible were the same number of
resources assigned to a given group and, having one more group to fill in as showed by Table 4, group
assignments of certain resources were changed. The choice of these two evaluations, period 20 for a
total number of groups equal to 3 and 4, is based on the operation costs obtained (as shown in Table 4)
by being the ones with lower costs when compared to the first scheduling.

Table 4. Aggregation of resources—Period 20 | K = 4.

Number of Resources in Group

Resource # Resources
1 2 3 4

Domestic 0 4 0 9 13
Large Industrial 4 0 1 1 6
Medium Commerce 0 1 0 12 13
Small Commerce 0 2 0 21 23
Large Commerce 14 1 0 5 20
Total 18 8 1 48 75
Wind 52 0 1 0 53
Biomass 1 0 0 0 1
Photovoltaic 0 0 0 0 0
Small Hydro 0 1 0 0 1
Co-generation 0 0 0 1 1
Total 53 1 1 1 56
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Figure 7. Changes in prices for (a) Distributed Generators and (b) Demand Response.

6. Conclusions

Aggregators in power systems and energy markets have become more often players in a
deregulated environment provided by new legislation promoting the inclusion of distributed energy
resources. Aggregators provide several solutions to the operation of power systems from easing
complexity to fading energy transit throughout the network. This last feature is focused on integrating
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distributed energy resources that are capable of surgically injecting generation and/or load in certain
points of the network to facilitate its operation.

The present paper proposed a methodology to support an aggregator in dealing with distributed
energy resources with a focus on the rescheduling of resources following aggregation and remuneration
processes. The aggregator, after an initial scheduling, aggregates the resources participating in the
scheduling and computes a representative tariff for each group of distributed energy resources.
The initial tariffs of the participating resources are updated to enter a new scheduling (rescheduling) of
the aggregator. With the proposed methodology, the aggregator is able to have enriched information
in order to have more balanced decisions regarding the consumer’s participation and remuneration
for DR programs implementation instead of providing a single final optimal decision.

With the results obtained from the first and second scheduling, the aggregator can compare
operation costs and evaluate when is best to choose one or the other. Otherwise, the aggregator would
not be aware of the impact of the actual scheduling after the new tariffs application resulting from the
proposed methodology.
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Nomenclature

Indexes

S Total number of external suppliers

p Total number of distributed generators

C Total number of consumers

T Total number of periods

K Total number of clustering groups

N Total number of clustering observations

Parameters

Cf::; Energy tariff for external supplier s, in period ¢

CFP% Energy tariff for the distributed generator p, in period ¢

C'E;‘/‘;) Energy tariff for the load curtailment of consumer c, in period ¢

Pé‘ff)d Energy consumption of consumer ¢, in period ¢

pmaxSup Maximum energy that can be scheduled by the external supplier s,
(s4) in period ¢

pminSup Minimum energy to be scheduled by the external supplier s, in
(s:h) period t

pmaxDG Maximum energy that can be scheduled by the distributed generator
(pt) p, in period ¢

; Minimum energy to be scheduled by the distributed generator p, in

minDG gy y g P
(p:t) period ¢t

PEn f Maximum curtailment that can scheduled by consumer c, in period ¢

PFC};;M Minimum curtailment that can scheduled by consumer ¢, in period ¢

Variables

P(S;‘S Energy schedule for external supplier s, in period t

P@% Energy schedule for distributed generator p, in period ¢

P{;‘,;) Energy schedule for load curtailment in consumer ¢, in period ¢

X(Cc”ﬁ) Binary decision to apply curtailment in consumer c, in period ¢
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