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Abstract: Integration of demand response (DR) programs and battery energy storage system (BESS)
in microgrids are beneficial for both microgrid owners and consumers. The intensity of DR programs
and BESS size can alter the operation of microgrids. Meanwhile, the optimal size for BESS units is
linked with the uncertainties associated with renewable energy sources and load variations. Similarly,
the participation of enrolled customers in DR programs is also uncertain and, among various
other factors, uncertainty in market prices is a major cause. Therefore, in this paper, the impact
of DR program intensity and BESS size on the operation of networked microgrids is analyzed
while considering the prevailing uncertainties. The uncertainties associated with forecast load
values, output of renewable generators, and market price are realized via the robust optimization
method. Robust optimization has the capability to provide immunity against the worst-case
scenario, provided the uncertainties lie within the specified bounds. The worst-case scenario of
the prevailing uncertainties is considered for evaluating the feasibility of the proposed method.
The two representative categories of DR programs, i.e., price-based and incentive-based DR programs
are considered. The impact of change in DR intensity and BESS size on operation cost of the
microgrid network, external power trading, internal power transfer, load profile of the network,
and state-of-charge (SOC) of battery energy storage system (BESS) units is analyzed. Simulation
results are analyzed to determine the integration of favorable DR program and/or BESS units for
different microgrid networks with diverse objectives.

Keywords: battery energy storage system (BESS); demand response (DR); microgrid operation;
networked microgrids; robust optimization

1. Introduction

A microgrid is an integration of distributed energy sources, energy storage systems, and local
demand. The demand of a microgrid could be controllable (curtailable and shiftable) and/or
non-controllable [1]. Recently, the interconnection of various microgrids to form a network of microgrid
has emerged as an application and advanced form of the single microgrid concept [2]. The operation
of single /networked microgrids is challenging due to the involvement of various complex factors like
the intermittent nature of renewable energy sources, demand fluctuations, uncertain market prices,
and extreme weather conditions [3]. In the last decade, the operation of microgrids considering various
prevailing uncertainties has been an active research field for researchers.

The major uncertainties considered in the literature can be categorized as the uncertainties related
to the renewable energy sources [4,5], forecasted loads [6,7], both renewable energy sources and loads [8,9],
and demand response (DR) programs [10,11]. Various uncertainty-modeling techniques have been used
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by different researchers for realizing the abovementioned uncertainties. The major techniques available
in the literature can be categorized as stochastic modeling [12], robust optimization [13], and fuzzy
modeling [14]. There are various merits and demerits of each technique, which can be found in [8,9].
Robust optimization has gained popularity over various other uncertainty-modeling techniques
due to its ability to provide immunity against the worst-case uncertainty realization. In addition,
the computational burden is reduced in robust optimization due to consideration of uncertainty
bounds only. Due to the abovementioned merits, various forms of robust optimization have been used
for the optimal operation of microgrids [8,9,13,15].

Integration of energy storage systems is necessary for microgrids to compensate for the
uncertainties of renewable energy sources, increase the profit for microgrids, and increase service
reliability to the consumers [16]. The major energy storage technologies being used for microgrids are
summarized in [17], among which battery energy storage systems (BESS) are the most widely used
technology. BESS have the capability to achieve these objectives by absorbing surplus power from
renewables, buying power from the utility grid during off-peak hours and selling back at peak hours,
and supporting local supply during system contingencies. In order to achieve these benefits, optimal
sizing and siting of BESS units are required [18]. Various studies have been conducted for the optimal
siting of BESSs for microgrids. Cost-benefit analysis has been conducted by [19] to determine the
optimal sizing of energy storage systems in microgrids. A multi-objective optimal allocation model of
BESS has been developed by [20] for maximum photovoltaic consumptive rate, along with annual net
profits. The impact of BESS on voltage and frequency stability of microgrids has been analyzed by [21].
A BESS control model is proposed by [22] by considering BESS as an equivalent fuel-run generator
and enabling it for use in the unit commitment of microgrids.

In addition to BESS, DR programs can also be used to overcome the challenges associated with
the operation of microgrids. DR programs can be used by the utilities for managing the consumption
behavior of consumers in response to supply conditions. DR has the capability to benefit utilities,
regional transmission organizations (RTOs), independent system operators (ISOs), and end users.
In order to benefit from the DR, various studies have been conducted for integration of DR programs
in the operation of microgrids. Both DR programs and distributed generation units are used for
compensating renewable forecast errors by [23] and incentive-based DR programs are considered
by [24] for the scheduling of microgrids. An algorithm is proposed by [25] for the efficient management
of event-based DR program in microgrids. A central DR program is proposed by [26] for frequency
regulation and manipulated load minimization for microgrids. A multi-agent based DR program
for industrial loads has been analyzed by [27] for optimal operation of microgrids using a central
controller. A summary of the available approaches is presented in Table 1.

Table 1. Summary of available approaches for battery energy storage systems (BESS) and demand
response (DR) with uncertainties.

Major Consideration(s) Optimization Method Ref.

Uncertainties in renewable energy sources [4,5]
Robust optimization (6]

Uncertainties in forecasted load values

Using electrical vehicles 7]
Uncertainties in both renewables and forecasted loads [8,9]
Robust optimization
Uncertainties in demand response [10]
Multi-stage modeling [11]
Impact of distributed generators on uncertainty Stochastic optimization [12]
Operation of BESS for improving resilience Fuzzy logic [14]
Particle swarm optimization [18]

Optimal siting and sizing of BESS
Cost-benefit analysis [19]
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Table 1. Cont.

Major Consideration(s) Optimization Method Ref.

Multi-objective model for maximum photovoltaic

consumptive rate and net profit Non-dominated sorting genetic algorithm II ~ [20]

Modeling for using BESS as a dispatchable generators [22]
Stochastic optimization

DR for compensating forecasting errors [23]

Incentive-based DR programs Sensitivity analysis [24]

Event-based DR management in microgrids A greedy approach [25]

DR for frequency regulation and load minimization [26]
Multi-agent system

Impact of DR on industrial loads [27]

Optimal sizing and siting of BESS units have been widely studied in the literature, as mentioned in
the previous paragraphs. Similarly, integration of various DR programs has also been widely studied
for microgrids in the literature. However, the optimal size of BESS units is significantly affected by the
uncertainties associated with renewable energy sources and load variations. Similarly, the participation
of enrolled customers in DR programs is also uncertain. In addition, uncertainty in market price signals
can affect the participation rate of enrolled customers. The size of BESS units and participation rate
of enrolled customers (DR intensity) can affect the operation of microgrids. Therefore, the effects of
variations in BESS size and DR intensity on the operation of microgrids need to be investigated to find
an acceptable range for integration in microgrids.

In this paper, similar to [28], the impact of price-based DR programs, incentive-based DR programs,
and BESS size on the operation of microgrid networks is analyzed. The effect of simultaneous change
in DR program intensity and BESS size is also analyzed. In all cases, change in operation cost of
the microgrid network, internal power transfer, external power trading, load profile of the network,
and state-of-charge (SOC) of BESS units are analyzed. In contrast to [28], the uncertainties related
to forecasted values of loads, output power of renewable power sources, and market price signals
are realized by using the robust optimization method. Robust optimization has the capability to
provide immunity against the worst-case scenario if the uncertainties lie within the specified bounds.
The worst-case scenario of prevailing uncertainties is considered for evaluating the feasibility of the
proposed method. Incentive-based DR programs are only triggered during specified intervals, defined
by the utility grid. In addition, the maximum amount of load that can be shifted to a specific time
interval is also constrained by the maximum intake capability of that interval. The major contributions
of this study can be summarized as follows:

e In contrast to the existing literature, where sizing/siting of BESS and integration of DR programs
are focused, the impact of change in BESS size and DR intensity on the operation of microgrids is
considered in this study.

e  Robust optimization is used and worst-case scenarios of renewables, loads, and price signals are
considered for analyzing the impact of BESS size and DR intensity on the operation of microgrids.

e  Finally, integration of favorable DR program and/or BESS units for different microgrid networks
with diverse objectives is suggested by using simulation results.

2. Demand Response and Energy Storage for Networked Microgrids

2.1. Demand Response (DR) Programs and Battery Energy Storage System (BESS)

The demand response programs can be categorized into various categories based on their
application horizon, incentive type, penalty enforcement, etc. An overview of different DR programs
is shown in Figure 1. All the demand response programs can be broadly divided into price-based DR
programs and incentive-based DR programs [29]. In the case of price-based DR programs, market price
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signals are varied over different periods and incentive-based DR programs are devised to incentivize
the participants for curtailing their loads during system contingencies. Figure 1 shows that there are
various programs in both price-based and incentive-based DR categories. However, the objective of
all price-based DR programs is to allow customers to shift their loads from peak hours to non-peak
hours. Similarly, the objective of all the incentive-based DR programs is to curtail loads during
system contingencies.

Similar to DR programs, BESS also has the capability to benefit not only the utilities but also
the ISOs, RTOs, and end users [30]. An overview of different services, which can be achieved by
integrating BESS units for different stakeholders in the power industry, is provided in Figure 2. BESS
has the capability to absorb surplus power from renewables, which can be used for trading with the
utility grid or for feeding loads during peak load intervals. Similarly, BESS can be used for buying
power from the utility grid during off-peak price intervals and selling it back to the grid during
peak-price intervals, which will benefit both the utility grid and the microgrid owners. DR programs
and ESS can be used to reshape the load profiles, reduce the stress on the grid during peak periods,
and decrease the operation cost of microgrids.
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Figure 1. An overview of different demand response (DR) programs.
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Figure 2. An overview of the benefits of a battery energy storage system (BESS).

2.2. System Configuration

A typical networked microgrid, which is also considered in this study, is shown in Figure 3.
Each microgrid contains controllable distributed generators (CDGs), renewable distributed generators
(RDGs), BESS, and loads. All the microgrids contain diesel generators as CDG units. Microgrid 1
contains a wind turbine as an RDG unit, while microgrid 2 and microgrid 3 contain photovoltaic cells
as RDG units. Similar to [10], loads in each microgrid are decomposed into fixed load, shiftable load,
and curtailable load, and each load category is defined as follows:



Energies 2017, 10, 882 50f 19

e Fixed Loads: These loads are considered the most critical as they can be neither curtailed nor
shifted. These loads cannot participate in any DR program and need to be served by the microgrid.

e  Controllable Loads: These loads are considered less critical than fixed loads and are divided
into shiftable loads and curtailable loads. Only controllable loads can participate in different DR
programs offered by the utilities or RTOs/ISOs.

e  Shiftable Loads: These loads are a sub-category of controllable loads, which can be shifted
from one time interval to another time interval but cannot be curtailed, i.e., can participate in
price-based DR programs only.

e  Curtailable Loads: These loads are also a sub-category of controllable loads, which can be
curtailed when the market price is very high or system stability is jeopardized, i.e., can participate
in incentive-based DR programs.

An energy management system (EMS) is an important part of microgrids and plays a vital
role in the operation of single/networked microgrids. Therefore, various EMS strategies have been
investigated by the research community in the literature. Due to the merits of cooperative networked
microgrid communities highlighted by [31,32], a cooperative microgrid community is considered in
this study. A centralized EMS is utilized for scheduling the resources of the entire network. Each of
the microgrids initially receives the market price signals (buying and selling prices) along with the
peak price intervals information. In the first step, each microgrid reshapes its load profile by using
the information of the utility grid, generation cost of local CDGs, and output of RDGs. The reshaped
load profiles are sent to the EMS. EMS is responsible for receiving information from all the microgrids
and for optimally scheduling all the resources while considering the controllable loads. Due to the
networking of microgrids, power transfer among microgrids of the network is possible. EMS is
responsible for deciding the power transfer among the microgrids of the network. Similarly, all the
microgrids can trade power with the utility grid and the trading amount is also decided by the EMS.

/ MICROGRID 1
Controllable Renewable

Generators Generators

u/rtailablc
Loads

Shiftable

Loads

Power Flow

B

Information Flow

MICROGRID n

Figure 3. A typical networked microgrid.

3. Problem Formulation

In this section, a mathematical model for a network of microgrids is developed. The total
microgrids in the network are assumed to be M, where M could be any finite integer number.
Throughout the modeling, m is used as an indicator for microgrid number, i.e., m € M. Therefore,
the developed model can be extended for any finite number of microgrids, i.e., M.



Energies 2017, 10, 882 6 of 19

3.1. Deterministic Model

The first step is to formulate a deterministic model for the microgrid network. Uncertainty
models for renewable energy sources, loads, and market price signals are formulated in the next
sections. Transformed uncertainty models are incorporated in the original deterministic model to
obtain a tractable robust counterpart. The tractable robust counterpart can be implemented using
commercial optimization tools like CPLEX.

3.1.1. Objective Function

The first term of the objective function of the deterministic model contains the generation costs,
start-up, and shutdown costs of CDGs of all the microgrids. The second term contains the total profit
gained by the microgrid network by trading electricity with the utility grid. The third term contains
the penalty cost for shifting load from interval ¢ to t’. The fourth term contains the incentive for
curtailing loads by m" microgrid. vy, (t,t') is one (1) if load shifting is allowed and is infinity (a very
large value) otherwise.

T M G
miny ¥ ¥ (PUCERC(pSBE(H)) + SUCSRE(t) + SDCSRE (1) )

t=1m=1g=1
T M
+ E Z (CBUYU)'p’LZUY(t) _ CSELL(t).p%ELL(t)) (1)
t=1m=1
T T M M
+X Y Yomt ) ) = L CRYC().patR ()
t=1t=1m=1 t=1m=1

3.1.2. Load Balancing Constraints

In each microgrid, the adjusted load amount needs to be balanced by the generation of CDG units,
RDGs, BESS charging/discharging, power transferred among microgrids, and power trading with the
utility grid, as given by Equation (2). The adjusted load in each microgrid at time t can be computed
using Equation (3). It contains fixed load, curtailable load, shiftable load, the amount of load shifted
from other time intervals (¢') to ¢, and the amount of load shifted from ¢ to other time intervals.

pu 0P (8) = TSy pSRO(1) + pRPC () — palR (1) + phCR(8) — prE (1) + pRE (D) +

@)
PR (1) = pEFEL(0) i,

®)

=1 =1

3.1.3. Constraints for Controllable Generators

Equations (4)—(8) show the constraints for dispatchable generators. In Equation (4), su,g¢(t)
indicates the commitment status of CDG g in MG m at time ¢. If the CDG is committed to operate at
time ¢, it takes the value of 1 and 0 otherwise. Equation (5) gives the upper and lower generation limits
of gth CDG in m!" microgrid. Equations (6) and (7) can be used to indicate startup and shutdown of
¢ CDG in m"" microgrid at time t. Equation (8) shows that simultaneous startup and shutdown of
a given CDG is not possible.

min {PnCLDgG} Smg(t) < p%gc(t) < max [Pncigc}.sm,g(t); smg(t) € {0,1},Vm, g, t 4)
Stm,g(t) — sdm,g(t) = smg(t) —smg(t —1); Vm, g, t )
SUCKRC (#) > UCRRE (). (smg () — smg(t —1)); SUCKRC(t) > 0; Vm, g, t (6)

SDCRRC () = DCRRO (1) (smg(t—1) = smg(t)) ; SDCRRC(t) = 0; Vm, g, t (7)
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Stm,g(t) +sdmg(t) < 1;sumg(t), sdmg(t) € {0,1}; Vm, g, t (8)

3.1.4. Energy Trading Constraints

The power trading between a microgrid m and the utility grid is limited by the maximum capacity
of the line connecting them, as given by Equation (9). If any microgrid buys power from utility
grid at t, the value of pGRIP (t)
power from microgrid m to microgrid n at a given time interval ¢ are given by Equations (10) and (11).
Equation (12) shows that any microgrid can receive only a deficit amount of power from other
microgrids and Equation (13) shows that only surplus power can be sent to other microgrids. Finally,
Equation (14) shows that the total amount of power transferred among the microgrids of the network

should be balanced.

will be positive and vice versa. Similarly, constraints for transferring

— PCAP < GRID (1y < pCAP . vy 4 )

0< p?rﬁ,n)( ) < P(CAP) Vm,n,t; Ym # n (10)

0 < plm () < PGS i, n, t;5m # n (11)

0 < pit () < pREF(); Ym n, b m # (12)

0< P(Sri,n)(t) < podR(4); Ym,n, t;Ym # n (13)
M N N M

Yo Y Pl () = X X Pl (8 Y, ;5m # 1 (14)
m=1n=1 n=1m=1

3.1.5. Battery Constraints

The SOC limits of BESS unit in m!" microgrid are given by Equation (15). Equation (16) shows
that SOC at any time interval t depends upon the amount of electricity charged/discharged at that
time interval and the SOC of the previous time step. The chargeable amount at any time interval  can
be computed using Equation (17) and dischargeable amount at ¢ by Equation (18). Equation (19) shows
that at the beginning of the scheduling horizon, the SOC of the previous time step is equal to the initial
SOC of the BESS. Finally, Equation (20) shows that simultaneous charging and discharging of BESS is
not possible.

min [PﬁESS} < pyOC(t) < max [PZESS}; Vm, t (15)
PEOC(£) = pSOC(t — 1) + p§TR (1) ”’;;Dcé ), v, (16)
PBESS SOC r—1
0< PSIHR(f) < (maX[ m ]CHRP ( )>Cm(t), Vim, t (17)
Mm
0< pheR(t) < ((PROC(t—1) — min| BRESS] ) ) R R.d(8); Vi, ¢ (18)
piOC(t—1) = PINTif t = 1;Vm, ¢t (19)
cm () + d(t) = Liew(t), dn(t) € {0,130 < "R, y0 R < 1; vm, ¢ (20)

3.1.6. Demand Response Constraints

The total amount of load shifted from all other time intervals (') to time interval ¢ is constrained
by Equation (21). Similarly, the amount of load shifted from time interval ¢ to all other time intervals is
constrained by Equation (22). vy, (t,t') is zero if shifting from t to ¢’ is allowed and is set to a very high
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value (c0); otherwise, it is as given by Equation (23). Finally, the amount of curtailable load at a given
microgrid m at time ¢ is constrained by Equation (24).

T
Y. pHE(E 1) < TO™X(t) ; Vm, t # t (21)
t'=1
2 pSEE (4 1) < FR™3(t) = p5 0P (1) ; Vm, t # t (22)
=1
0 if shifting is allowed
om(tt') = ;Vm, t, (23)
) otherwise
0 < p(8) < pt; Ym, t (24)

3.2. Uncertainty Modeling of Renewables and Loads

3.2.1. Uncertain Variables and Uncertainty Bounds

In the load balancing equation of deterministic model, the output power of renewable energy
sources and adjusted load amount are uncertain. In the remaining part of the paper, only load will be
used for adjustable load for the sake of simplicity. The bounded variables for load (p5-"04P(t)) are
given by Equation (25) and renewables power generations (pXPC (t)) by Equation (26). The uncertainty

bounds for load and renewables are also given by Equations (25) and (26). Where, pA LOAD (1) and

pA-LOAD (1) are lower and upper uncertainty bounds for load and pRD G(t) pRDG (1)

upper uncertainty bounds for renewables.

are lower and

and p,,

~A A A
P LOAD t) = P LOAD | ¢ Pm LOAD(t)

25
where, <p£LOAD A ~LOAD( ) ALOAD ) < (p;zLOAD(t) — piLOAD(t)); Vm, t (25)

P O (1) = palC(t)+ € ppPo(h)

where, (phP0(6) ~piP0(1) < apfPO0) < (PEPEC) PO om0

3.2.2. Worst-Case Identification and Problem Transformation

Similar to [8], the worst-case uncertainty scenario is identified and modeled. The worst-case
(pW€(t)) will occur for the load balancing of deterministic model (2), when the load takes the upper
uncertainty bound and renewables take lower uncertainty bounds, as given by (27).

DWC () = mas (Efl,LOAD(t),;ﬁ,LOAD(t) +?2,LOAD(t)'E$7LOAD(t)) _
' (BﬁDG(f)-zEPG(t) +ﬁ§nDG(t).z§DG(t))
It can be observed from Equation (27) that maximization of uncertainty is another objective

function inside the load balancing equation. Therefore, it will be treated as a sub-problem with
the following constraints. T, (t) is called the budget of uncertainty, which is used to control the

} ;Vm, t (27)

conservatism of the solution.
zPOAP (1) + 2 POAP (1) + 23O (1) + ZRPO(t) < Tw(t) € [0,k); Ym, t (28)
0 < zRPG (1), ZRPG (1), z2}0AD () A LOAD (1) < 1; Y, ¢t (29)

This formulation results in a min-max problem. Therefore, the dual sub-problem is computed by
using the method suggested by [13]. By applying the linear duality theory, following equations can be
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formulated. Equation (30) is the objective function of the dual problem and Equations (31)—(33) are
the constraints.

mnin (G (£): Ton(£) + At (1) + A () + AL (8) + gy (1)) Vi, ¢ (30)

Cn(8)+Ag (£) = pALOAP(); ()5 (1) = Pt OAP (1); Yim, ¢ (31)
Cn ()AL (£) = —pRPO(8); Gu(t) + AL (1) = =pRPC(1); Vi, t (32)

Cn(£) At (£), Ay (), A0 (£), Ay () > 0; Vim, ¢ (33)

3.2.3. Trackable Robust Load Balancing

In the final step of uncertainty modeling of renewables and loads, the dual problem is added to
the load balancing equation of the deterministic model. Objective function at this stage is identical to
that of the deterministic model. The robust trackable load balancing equation is updated as follows:

Pt O20 () & Cu(8): T (8) + A3 (6) 4 A () + ALF () M () = By Pt O+

S (8) = PR () + PR (1) — PRl (1) + paf (5) + Pl (1) — par (1), Ym, t

The objective function is constrained to all the constraints mentioned in the deterministic

model, i.e., Equations (3)-(24). In addition, the objective function at this stage is also constrained
by Equations (31)-(33).

3.3. Uncertainty Modeling of Buying and Selling Prices

3.3.1. Uncertain Variables and Uncertainty Bounds

The market buying price (CBYY(¢)) and market selling price (C°ELE(t)) signals in the objective
function of the deterministic model are also uncertain. Similar to [33], the uncertainty deviations for
buying and selling price signals are computed by using Equations (35)—(37). In Equation (35), 42UY (t)
is the deviation of the buying price signal from the nominal values. Similarly, in Equation (36), d5ELL (t)
represents the deviation of the selling price signal. The constraints for uncertainty bounds for buying
and selling price signals are given by Equation (28), which can by calculated by using the methods
proposed by [33].

CBUY (1) = CBUY () 4 gBUY (1), gBUY (1) < dBUY (1) < 3" (1); Vit (35)
CSELL () = CSELL(#)  dSELL(¢); gSELL(4) < gSELL(4) < dSELL(t); Vi (36)
dBUY (1), dSELL(1y <0, a0V (), () > 0; Wi (37)

3.3.2. Robust Counterpart and Dual Problem

The robust counterpart of buying price signal is computed by using the method proposed by [33],
as shown in Equations (38) and (39). Similarly, the robust counterpart of selling part is given by
Equations (40) and (41).

min CBUY BUY

P X dB”Y<t>]p£i“Y(t)\} (38)

maxXx
{SolSoSTo,[S0l<Tv} | te3,

Subject to

BUY BUY

pm,min < Pm < PE}}}ZH; Vt/m (39)
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Equations (2) and (3)
min CSELL ,SELL | max ASELL ()| ,SELL (40)
RPN R ics, ¢ )’ pu (0 )‘
Subject to
Poiitn < Pot " S Py 7V, m (41)

Equations (2) and (3).

These robust counterparts make min-max problem formulations. Therefore, the dual of both
the inner sub-problems can be computed. The inner maximization problem is taken as an objective
function and an equivalent mixed integer problem (MIP) formulation is computed, as suggested

by [33].

min CBUY . pBUY 1 ¢, (¢ + Y A1) (22)
teTy
Go(t) + Ay (1) > dBUY (1) . 7BUY (1), it (43)
Subject to
B (1) >0, ¢(t) > 0; Wt (44)
— mBUY (1) < pBUY (1) < 7BUY(t); Vi, m (45)

The dual for the buying part is given by Equations (42)—(45) and that of selling by Equations
(46)—(49). T} (t) and I's(t) are defined as the budget of uncertainty for buying and selling prices,
respectively. These variables can be used to control the conservatism and unfeasibility of the solution.

min COFEE, pPELL 4 (1).Ts(t) + Y Ag(t) (46)
teTy
Subject to
Gs(t) + Ag(t) > —d®FLE (1) S EEE (1); vt (47)
moELL (1) >0, o(t) > 0; Vit (48)
NSELL(t) S prSnELL(t) S NSELL(t),' Vt,m (49)

3.4. Final Tractable Robust Counterpart

The final tractable robust counterpart is obtained by incorporating the dual of buying and selling
price signals in the objective function and dual of renewables and load in the load balancing equation
of the deterministic mode. The final tractable objective function is given by Equation (50) and the
load balancing is given by Equation (51). The final tractable robust counterpart is a mixed integer
linear programming problem, which can be easily implemented by using commercially available tools
like CPLEX.

T M G
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Subject to

PO AP (8) 4 Gon(8)-Tin (£) -+ AL (1) + Ay (1) + AR () + Ay (1) = Sgq pRRE(4)+

(51)
0 ¢ () = P ™R (8) + PSR () — Pt (1) + pRE () + pa ™ (8) — paf (1), Vi, t

Equations (3)-(24), (31)(33), (35)—(37), (43)~(45), (47)~(49).

4. Numerical Simulations

The developed robust optimization model is applied to a microgrid network comprised of three
microgrids, as shown in Figure 3. Each microgrid contains a CDG unit, a BESS unit, and an RDG
unit, along with controllable and fixed loads. The operation horizon for the test cases is taken as 24 h,
with a time interval of one hour. Simulations are carried out in CPLEX 12.3 in Java environment.

4.1. Input Data

The controllable load in each microgrid is divided into a shiftable (price-based DR) load and
a curtailable load (incentive-based DR). The maximum and minimum amounts of both price-based
and incentive-based DRs, as a function of total load, in each microgrid are shown in Table 2. Similarly,
the maximum capacity of BESSs in all the microgrids is also tabulated in Table 2. The upper and lower
bounds for all the uncertain quantities (renewable power, loads, and market price signals) are tabulated
in Table 3. The maximum and minimum generation limits of CDGs in each microgrid are tabulated in
Table 4. Finally, the capacities of power lines, which constrain the trading of power among microgrids
of the network and with the utility grid, are tabulated in Table 4. The configuration assumptions and
decision parameter values are taken as follows:

e It is assumed that each microgrid contains at least one BESS unit and has both shiftable and
curtailable loads, i.e., controllable loads.

e A community EMS (CEMS) is assumed to be responsible for the operation of the entire
multi-microgrid network.

e  Each microgrid (MG) is assumed to have a BESS unit with a maximum capacity of 250 kWh.

e  The maximum intensity of price-based DR programs and incentive-based DR programs is assumed
to be 25% and 15% of the forecasted load, respectively, at each time interval.

e Incentive-based DR programs are assumed to be triggered in only peak-price intervals, i.e., 12 to
18 in this study.

e  The uncertainty bounds for load, market price signals, and renewables are taken as +10%, £15%,
and £20%, respectively.

Table 2. Demand response intensity and BESS capacity range in each microgrid.

Price-Based DR (%) Incentive-Based DR (%) BESS Capacity (kW)

Parameter

MG1 MG2 MG3 MG1 MG2 MG3 MG1 MG2 MG3
Minimum 0 0 0 0 0 0 0 0 0
Maximum 25 25 25 15 15 15 250 250 250

Table 3. Uncertainty bounds for uncertain parameters in each microgrid.

Renewable Power (%) Load (%) Market Price Signals (%)
Parameter N X X X
MG1 MG2 MG3 MGl MG2 MG3 Buyingprice Selling Price
Upper bound 20 20 20 10 10 10 15 15

Lower bound =20 -20 =20 -10 -10 -10 -15 -15
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Table 4. Parameters related to controllable distributed generators (CDGs) and line capacities of
the network.

CDG Generation (kW) Line Capacity (kW)
Parameter MG1 MG1 MG2 MGl MG2 MG3
MG1 MG2 MG3 <~ ~ > <> <> <~
MG2 MG3 MG3 uG uG UG
Minimum 0 170 0 0 0 0 0 0 0

Maximum 220 310 280 400 400 400 600 600 600

The real-time market price signals are taken as inputs and are shown in Figure 4 along with the
generation cost of CDGs in each microgrid. Similarly, the hourly load profiles and output of renewable
power sources of all the microgrids are shown in Figure 5. Figures 4 and 5 show the worst-case values

of all the uncertain variables. The nominal values can be obtained by using the uncertainty bounds
shown in Table 3.

—- - Pbuy ——Psell ——CDGl e CDG2 -+ -CDG3

—_
W
(=

110

90

70

Price or Cost (KRW/kWh)

Wi
S

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24
Time (h)

Figure 4. Real-time market price signals and generation cost of CDGs in each microgrid.

Amount (kWh)

1 3 5 7 9 11 13 15 17 19 21 23 13
Time (h)

5.7 9 11 13 15 17 19 21 23
Figure 5. Input parameters of each microgrid: (a) Forecasted load values; (b) renewable power output.

The effectiveness and applicability of the proposed method are evaluated by simulating
three different cases in this study. In the first case, the DR intensity of both time-based DR and
incentive-based DR is varied while setting the BESS capacity to zero. In the second case, the BESS
capacity in each microgrid is varied while setting the DR intensity to zero. Finally, in the third case,
both DR intensity and BESS capacity are varied in accordance with the maximum and minimum limits
defined in Table 3. In all cases, the effect of each variable quantity on generation pattern of CDGs, load
profiles of microgrids, internal power transfer (power transfer among microgrids), external power
trading (power trading with the utility grid), BESS scheduling, and operation cost of the network are
analyzed. In all cases, the worst-case values of uncertain parameters are considered. If the uncertainties
lie within the specified bounds of Table 3, the developed model can provide a feasible solution.
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4.2. Impact Analysis of DR Intensity

In this section, both price-based DR and incentive-based DR are considered and the impact
of DR intensity is analyzed by considering three different cases. BESS size is taken as zero for all
three cases in this section. The first term inside the parentheses in the legend of Figure 6 indicates
the intensity of incentive-based DR and the second term indicates the intensity of price-based DR.
The first case is the nominal case, where the intensity of both the DR programs is taken as zero. In the
second case, the intensity of incentive-based DR is taken as 5% and the price-based DR as 10%. In the
third case, both the DR programs have taken their highest values (15% and 25%), as mentioned in
Table 2. The impact of different DR intensities on generation patterns of CDGs, power transfer among
microgrids of the network, power trading with the utility grid, and load profiles of microgrids is
analyzed. For the sake of visibility, the accumulated results of the entire network are shown in Figure 6.

Figure 6a shows that the generation pattern of CDGs is the same for the first and second cases,
while in the third case the generation amount is reduced in the peak intervals. This reduction is due to
a higher intensity of both DR programs during peak-price intervals. In the third case, due to a higher
intensity of shiftable loads, more loads are shifted from peak hours to non-peak hours. Similarly,
the intensity of curtailable loads is also increased; hence, more loads have participated to get incentives.
In the first case, less electricity is bought from the utility grid during off-peak hours and more electricity
is bought in the peak hours, as shown in Figure 6b. However, in the second case, less electricity is
bought during peak price hours, while buying during off-peak hours has increased. This is due to
a shifting of loads from peak to non-peak hours and curtailing of loads during peak price hours.
Finally, in the third case, the amount of buying during peak hours has been reduced almost to zero
and more electricity is bought during off-peak and shoulder peak intervals. Figure 6¢c shows that
internal trading has reduced with the increase in DR intensity. In the first case, the load profile of the
network has a peak during time intervals 12-18, as shown in Figure 6d. The peak has reduced for
the second case and further reduced for the third case due to the higher intensity of DR programs.
It can be observed from Figure 6d that the load magnitude of the remaining hours has increased for
the second and the third cases due to a higher intensity of shiftable loads.

The intensity of DR in each microgrid is varied for six different cases and the summary of one
day’s operation is tabulated in Table 5.

850
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—_
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= 350
¢ 7 11 13 15 17 19 21 23 11 13 15 17 19 21 23
=
=]
2 60 B 1550
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< 50 P 1400
40 | 1250
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7 11 13 15 17 19 21 23 11 13 15 17 19 21 23
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Figure 6. (a) Generation of CDGs; (b) external power trading; (c) internal power transfer; (d) load profile.
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Table 5. Effect of DR intensity on power transfer and operation cost.

DR Intensity (%) Internal Power External Power Operation

1 D %

Price-Based Incentive-Based Transfer (kW) Trading (kW) Cost (KRW) ecrease (%)
0 0 121 7648 2,279,910.0000 0.00
0.05 0.03 172.8 7353.43 2,240,424.0000 1.73
0.1 0.06 199.8 7157.05 2,209,872.0000 3.07
0.15 0.09 0.04 6900.31 2,201,409.5600 3.44
0.2 0.12 0 6675.3 2,195,181.2800 3.72
0.25 0.15 45.65 6426.4 2,192,273.0000 3.84

It can be observed that net external trading has been reduced with an increase in DR intensity
due to the presence of curtailable loads. Table 5 also shows a reduction in the daily operation costs of
the network with an increase in the DR intensity. The net internal trading does not follow a specific
trend due to the changing of the load profile of individual microgrids with the change in DR intensity.

4.3. Impact Analysis of BESS Size

In this section, the size of BESS is varied from 0 kWh to 250 kWh in each microgrid of the network
and three different cases are considered. The intensity of both the price-based DR and incentive-based
DR programs is set to zero in this section. The first case is the nominal case, where the size of BESS
in each microgrid is set to 0 kWh. In the second case, BESS size is set to 100 kWh and in the third
case, BESS size is set to 250 kWh for each microgrid of the network. The impact of BESS size on the
generation pattern of CDGs, power transfer among microgrids of the network, and power trading
with the utility grid is analyzed. BESS size does not influence the load pattern of microgrids; therefore,
the load profile of microgrids is not shown in Figure 7. Accumulated results of all microgrids are
shown in Figure 7, for the sake of visibility.

The generation pattern of CDGs has remained the same for all three cases due to the same load
profile of the network, as shown in Figure 7a. External trading has increased during initial off-peak
price intervals with the increase in BESS size, as shown in Figure 7b. This increase reflects the fact that,
during initial off-peak hours, more electricity is bought from the utility grid for charging BESS units.
Contrarily, external trading has reduced during peak price intervals. This reduction indicates that
BESS units are discharged during peak price intervals and buying from the utility grid has reduced.
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Figure 7. (a) Generation of CDGs; (b) external power trading; (c) internal power transfer; (d) BESS SOC.
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Internal power transfer has reduced with the increase in BESS size due to an increase in
self-reliance, as shown in Figure 7c. Figure 7d shows that BESS units are charged during initial
off-peak hours and are discharged during peak hours for reducing the operation costs of the microgrid
network. It can be observed from Figure 7b,d that the SOC of BESS units is in accordance with the
external trading.

Six different cases are simulated by varying the BESS size in each microgrid with a step of 50 kWh.
The impact of BESS size in each case is analyzed against the daily operation of the network and the
summary is tabulated in Table 6. Net total internal power transfer has reduced with the increase in
BESS size due to the increase in self-reliance of each microgrid. However, net external power trading
has increased with the increase in BESS size. Finally, the daily operation costs have decreased with the
increase in BESS size with a linear slope.

Table 6. Effect of BESS size on power transfer and operation cost.

. Internal Power External Power Operation Cost o
BESS Size (kW) Transfer (kW) Trading (kW) i (KRW) Decrease (%)

0 121 7648 2,279,910.0000 0.00

50 121 7654.0604 2,273,044.8320 0.30

100 109 7660.1228 2,266,179.8240 0.60

150 114.003 7667.33799 2,259,464.7887 0.90

200 73.003 7672.246 2,252,449.6800 1.20

250 70.003 7678.471 2,245,605.9300 1.50

4.4. Impact Analysis of Both DR Intensity and BESS Size

In this section, DR intensity and BESS size are varied simultaneously and three different cases are
simulated. Similar to Section 4.2, both price-based DR and incentive-based DR are considered, and are
varied from 0% to 25% and 0% to 15%, respectively. Similar to Section 4.3, BESS size is varied from
0 kWh to 250 kWh in each microgrid of the network. The incentive-based DR intensity, price-based
DR intensity, and BESS sizes are set to 0%, 0%, 0 kWh for the first case; 5%, 10%, 100 kWh for the
second case; and 15%, 25%, 250 kWh for the third case. The impact of these variations on generation
pattern of CDGs, power transfer among microgrids of the network, power trading with the utility
grid, SOC profile of BESS units, and load profile of the microgrid network is analyzed. Similar to the
previous two sections, the accumulated results of all the microgrids are shown in Figure 8.

The generation pattern of CDGs follows the market price signals for the first two cases and is
similar to corresponding cases of previous sections. However, in the third case, generation of CDGs is
reduced during peak hours as compared to the first two cases, as shown in Figure 8a. This reduction
is due to the presence of a higher amount of controllable loads (shiftable and curtailable). Due to
both shifting and curtailment of loads during peak hours, load requirement has reduced. In addition,
selling to the utility grid is not economical during peak hours due to lower selling price as compared
to the generation cost. In this case, the external trading profile of the network is similar to that of
Section 4.2, as shown in Figure 8b. However, the magnitude of external trading during initial off-peak
intervals has increased from the first case to the last case, as expected. This increase is due to buying
more power from the utility grid for charging BESS units. Similarly, the reduction of external trading
during peak hours is also more prominent as compared to the results of Section 4.2. This reduction is
due to the presence of fully charged BESS units along with higher DR intensity in each microgrid.

The SOC profile of BESS units is in accordance with the external trading profile of the network,
as shown in Figure 8d. More electricity is bought during the initial off-peak price intervals and BESS
units are charged. The BESS units are discharged during peak-price intervals to avoid buying from the
utility grid. The load profile of the microgrid network is identical to that of Section 4.2, as shown in
Figure 8e. This is due to the effect of DR programs only on the load profile of microgrids. Similar to
previous sections, internal trading does not follow any specific pattern due to the variation of load
profile with change in DR intensity, as shown in Figure 8c.
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Figure 8. (a) Generation of CDGs; (b) external power trading; (c) internal power transfer; (d) BESS
SOC; (e) load profile of microgrid network.

The effect of both DR intensity and BESS size on the net power trading/transfer and daily
operation cost of the microgrid network is summarized in Table 7. The net power trading with the
utility grid (external power trading) has decreased when both BESS size and DR intensity are increased.
This is due to the larger amount of controllable loads in the network as compared to the BESS sizes.
The daily operation cost is reduced when both DR intensity and BESS size are increased. The decreasing
slope of operation cost is steeper as compared to the previous two sections, due to the presence of both
DR programs and BESS units. Similar to the DR-only case, the net internal trading does not follow
a specific trend due to the load profile change of individual microgrids with the change in DR intensity.

Table 7. Effect of DR intensity & BESS size on power transfer and operation cost.

DR Intensity (%) BESS Size Internal Power  External Power Operation  Decrease
Price-Based  Incentive-Based (kW) Transfer (kW) Trading (kW) Cost (KRW) (%)
0 0 0 121 7648 2,279,910.0000 0.00
0.05 0.03 50 179.84 7359.49 2,233,558.8000 2.03
0.1 0.06 100 253.551 7169.9853 2,196,247.4590 3.67
0.15 0.09 150 130.023 6919.7064 2,180,947.5760 4.34
0.2 0.12 200 56.535 6754.116 2,168,375.8000 4.89
0.25 0.15 250 409.65 7138.906 2,166,133.8800 4.99

5. Conclusions

The impact of DR program intensity and BESS size on the operation of networked microgrids
is analyzed in this paper. Both price-based DR programs and incentive-based DR programs are
considered and BESS size is varied in each microgrid for three different cases. In all the cases,
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the operation cost of the microgrid network, internal power transfer, external power trading, load
profile of the network, and SOC profile of BESS units are analyzed. The prevailing uncertainties in the
microgrids, i.e., loads, renewables, and market price signals, are realized via a robust optimization
method and a worst-case scenario is considered. Robust optimization can provide immunity against
the worst-case scenario if the uncertainties lie within the specified bounds. Simulation results have
shown that with an increase in price-based DR intensity, external trading remains the same due to only
shifting loads from peak price hours to non-peak price hours. However, external trading has reduced
with the increase in incentive-based DR programs, due to curtailment of loads during peak hours.
Finally, external trading has reduced with the increase in BESS size due to the buying of electricity
during off-peak hours and selling back during peak hours. The operation cost of the network has
been reduced for increases in both DR intensity and BESS size. Therefore, it can be concluded that
an increase in BESS size is favorable if an increase in external trading and a decrease in internal power
transfer are required. On the other hand, an increase in incentive-based DR is favorable if decreases
in both internal power transfer and external power trading are required. Finally, price-based DR is
favorable for reducing operation costs and has no systematic effect on internal power transfer.
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Nomenclature

Identifiers and Binary Variables

t

Index of time, running from 1 to T.

m,n Index of microgrids, running from 1 to M and 1 to N, respectively.
g Index of dispatchable generators, running from 1 to G.
Sm,g(t) Commitment status identifier of dispatchable generator ¢ of MG m at t.

Stim,g(t), sdm,g(t)
cm(t), dm(t)

om(t, 1)

Variables and Constants

Start-up and shut-down identifiers of dispatchable generator ¢ of MG m at t.
Identifier for charging and discharging of BESS in MG m at ¢.
Identifier for load shifting allowance in MG m from ¢’ to t.

PLICS,Sg (p%%(t)) Generation cost of dispatchable unit g of MG m at t.

pgg,(t) Amount of power generated by dispatchable unit g of MG m at t.
CINC(t), pSUR(#) Incentive for load curtailment and amount of load curtailed in MG m at .
SUC,(;,%(t) Start-up cost of dispatchable unit g of MG m at .

SDC,%%(t) Shut-down cost of dispatchable unit g of MG m at t.

CBUY (1), CSELL(1) Price for buying and selling power from the utility grid at f.

pBUY (1), pSELL (1) Amount of power bought from and sold to the utility grid by MG m at t.
phEOAD (1, pit-LOAD (¢ Amount of fixed and adjusted electric load of MG m at .

p%—LOAD (1), p,s LOAD (1) Amount of curtailable and shiftable electric load of MG m at ¢t.

palE (L) Amount of load shifted from #' to ¢ in microgrid m.

pSHR (1), pRCR (1) Amount of electrical energy charged/discharged to/from BESS of MG m at t.

Amount of power sent by/received from MG m at t.

RDG (¢ Forecasted power of RDG unit of MG m at t.
pPGAP, P&‘% Capacity of line connecting m!" MG with utility grid and n* MG, respectively.
pﬁnfw(t) Amount of power received by m" MG from n'" MG at t.
pfnb;,n)(t) Amount of power sent by m" MG to n" MG at t.
paUR(t), pDEE (1) Surplus and deficit amount of power in MG m at t.
PBESS poOC (1) Capacity and SOC of BEES in MG m at ¢t.
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nGHR yDCR Charging and discharging loss of BESS in MG m.

TO™* (), FR™™*(t) Maximum load allowed to shift to interval t and allowed to shift from ¢ in MG m.
pA-LOAD () ApA-LOAD (1) Bounded load and associated uncertainty bound in MG m at ¢

PROG (1), ApRPG(¢) Bounded RDG output power and associated uncertainty bound in MG m at t.
pA LOAD (1), pA-LOAD ¢ Upper and lower bounds of load in MG m at ¢.

pRD G(t), pRPC(1) Upper and lower bounds of RDG output power in MG m at t.

2i5-LOAD (1), 74 LOAD (1) Scaled deviations for load of MG m at t.

;ﬁlD G(t),zRPG (1) Scaled deviations for WT power output of MG m at t.

T (t), G (t) Budget of uncertainty and uncertainty adjustment factor of MG m at ¢.

ABE(8), ATE(1) Dual variables for load and RDG unit of MG m at t.

CBUY (1), dBUY (1) Bounded buying price and associated uncertainty bound in at ¢

CSELL(t), aSELL (1) Bounded selling price and associated uncertainty bound in at f.

dBUY (), i uy(t) Upper and lower bounds of buying price at f.

dSELL(, HSELL(t) Upper and lower bounds of selling price at .

Cp(1), Ay(t), mBUY(t) Dual variables for buying price at f.

Gs(t), Ag(t), moELL(t) Dual variables for selling price at .

Ty(t), Ts(t) Budget of uncertainty for buying and selling price at f.
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