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ARTICLE INFO ABSTRACT

The increased use of renewable generators and their intermittent behavior motivates network operators to de-
ploy energy storage systems. In this study, energy storage types, locations, and capacities are optimized for a
capacitated electric power network with renewable generation. Short term operational decisions that include
charging/discharging schedules and capacity management of the storage systems are included in this optimi-
zation framework to capture hourly, daily, and seasonal fluctuations of the demand, renewable generation, and
energy prices. A Mixed Integer Linear Programming (MILP) formulation is developed but because of the com-
putational complexity, a mathematical programming based metaheuristic algorithm is proposed. With a nu-
merical study, the proposed heuristic method is proved to be highly effective compared to the MILP formulation
and an existing state of the art algorithm. The effects of storage installation costs, line capacities, demand and
generation variance on the values of storage systems and on the installation decisions are analyzed through
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numerical studies.

1. Introduction

In this study, we consider the energy storage systems (ESS) siting
and sizing problem with multiple ESS types on a capacitated electric
power network (CEPN) to investigate the benefits of storage systems.
Such a problem is especially important for a power network utility
company, with an already existing portfolio of renewable generation
resources and customers dispersed over a certain geographical region.
Such operators use their renewable resources to generate electricity and
the spot electricity markets to meet the demand of their customers at
each time interval. These operators invest in ESS to compensate; (i) the
intermittent behavior of renewable generation, (ii) variance of cus-
tomer demand at different time periods, (iii) variance of energy prices
in the spot market, and (iv) the transmission line capacities. As a result,
such companies face a multi-period capacity management problem. In
this problem, the operating periods are not independent since the
possibility of storing energy links the periods to each other. In parti-
cular, the power produced by the renewable generators can be stored in
storage units when the prices and the demand are low or the production
and network congestion are high. This stored energy can then be re-
leased to the system when either the prices and the demand are high or
the production is low. In this setup, we investigate the optimal invest-
ment plan, i.e., the location, the type, and the capacity of the storage
facilities. We also investigate the optimal operation of the whole
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system. This includes the buy or sell decisions at each period in the spot
electricity markets, store or release energy from the storage facilities,
and the distribution of electricity among the nodes in the network.

The increase in the share of renewable resources on the energy
market necessitates to manage these resources efficiently. Unlike tra-
ditional resources, generation schedule of renewable resources depends
on the random acts of nature that creates unique challenges. One im-
portant tool to deal with these challenges is the ESS [1]. In accordance
with the increased usage of renewable resources, ESS have received
significant attention in recent years. They are evolving rapidly in terms
of technology, capacity, and efficiency and becoming an economically
justifiable investment. There are different types of ESS such as high
speed flywheels, two-pool dam systems, flow cells, and chemical bat-
teries. Each of these has specific investment and operating costs, effi-
ciency, and construction needs. The introduction of ESS into the energy
market has the potential to restructure electricity market models re-
sulting in the emergence of a new market and increase the appeal of
renewable resources [2]. The cost of Lithium-Ion batteries, one of the
most popular ESS, has been decreasing exponentially for the last
20 years [2]. The total energy that can be stored with $100 had been
increased exponentially by 11 folds during the period of 1991-2005
[3].

Since we consider the distributed generation and storage in a ca-
pacitated network, the literature on optimal power flow (OPF) is also
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relevant to this study. There are a large number of studies that develop
exact or heuristic algorithms for the OPF problem which can be re-
viewed from [4]. The OPF problem is generally formulated as a large
scale mixed integer nonlinear program [5]. Branch and bound [6],
Benders decomposition [5], second order cone programming [7] are
among the exact solution techniques. Simulated Annealing (SA) [8],
Particle Swarm Optimization [9], and Genetic Algorithm [10] are some
of the heuristics adapted for the OPF problems. Ref. [11] studied short-
term ESS unit commitment problem under stochasticity. However,
unlike this study, renewable generators and storage units are not con-
sidered in classical OPF.

Storage related decisions can be investigated under four main ca-
tegories: Locating, sizing, operating (charging/discharging) the
storages, and selecting the type. Studies associated with ESS sizing can
be reviewed from Ref. [12], which considers ESS sizing criteria, sizing
techniques, and applications with renewable resources. The authors
reviewed the solution techniques under four categories: probabilistic,
analytical, directed search-base and hybrid methods. Sheibani et al.
[13] reviewed the studies on power systems regarding ESS planning
from both the perspectives of the system operator and the investors. Das
et al. [14] reviewed more than 250 articles and sorted them with re-
gards to their problem definitions: optimal ESS locations, ESS sizing,
ESS placement & operation and power quality problems. Another recent
study by Wong et al. [15] reviewed more than 100 papers on ESS types
and solution methodologies for optimal ESS siting and sizing problems.
The solution techniques are categorized as analytical approaches,
mathematical optimization, and artificial intelligence methods.

Ref. [16] considered the problem of optimizing energy storage, re-
newable generator, and diesel generator capacities. Ref. [17] presented
a method for determining the optimal number of renewable energy
generators and storage components in a microgrid for given typical
demand profiles, local pricing regime, and capital costs. Based on the
renewable energy generations in Hong Kong, Ref. [18] studied the joint
optimization of capacity investment and operation decisions for solar
and wind energy generation taking the impact of energy storage and
demand response into account. Ref. [19] studied the problem of opti-
mally placing large-scale ESS in power grids with both conventional
and wind generators. These studies did not consider the fixed cost of
establishing ESS.

In addition to storage operation decisions, some articles also con-
sider the storage sizing problem without considering the location de-
cisions. These studies assume predetermined storage locations. Ref.
[20] developed a two-stage method to search optimal power and ca-
pacity of battery system with thermal plants and wind farms. Ref. [21]
proposed a methodology for allocating an ESS in a distribution system
with a high penetration of wind energy. Ref. [22] introduced an op-
timal energy storage control algorithm to develop a greedy heuristic
procedure for energy storage placement and sizing. Ref. [23] developed
a Simulated Annealing algorithm for optimizing the size of a battery
storage in a photovoltaic/wind integrated hybrid energy system. Ref.
[24] determined the optimal operating strategies for smart microgrid
systems using a mathematical model. They concluded that the optimal
battery size should be determined based on demand and supply of the
microgrid system. More recently, Cao et al. [25] considered energy
storage sizing problem based on a model predictive control strategy
model to smooth the fluctuations on wind power.

There are also some recent studies that consider the ESS location
and sizing problems simultaneously. Celli et al. [26] studied siting,
sizing and scheduling problem as a whole and created an algorithm
named as Non-dominated Sorted Genetic Algorithm-II. Ref. [27] pre-
sented a three-stage planning procedure to determine the capacities and
locations of distributed ESS. Ref. [28,29] studied the placement, sizing,
and control of ESS by assuming that the Smart Grid Operator controls
and operates the ESS. Ref. [30] developed a model including the same
decisions in a power network to minimize generation costs by load
shifting. Ref. [31] developed a model and a SA algorithm to determine
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the ESS locations and the optimal storage control strategy. However,
their model does not include renewable resources and storage capa-
cities. Unlike these studies, we consider the ESS sizing and location
problems simultaneously with a longer planning horizon and allow the
possibility of different ESS types and sizes at the same location.

Ref. [32] showed that ESS can help system to delay constructing
new lines by using a mathematical model. Ref. [33] developed an MIP
model for optimal ESS siting and sizing problem considering renewable,
conventional, and hydropower generators. They used stochastic pro-
gramming to solve the problem. They did not consider the fixed cost of
ESS investment and energy trading. Ref. [34] used Benders decom-
position to solve ESS siting problem on a power system. They con-
sidered a single ESS type and did not consider energy trading. Ref. [35]
solved dynamic renewable generations and ESS deployment problem
with stochastic programming. The fixed cost of ESS is not considered.
Ref. [36] studied long term ESS siting and sizing problem with con-
sidering reliability. They did not consider energy trading and fixed cost
of ESS. They developed an MILP model which could be solved for
smaller networks. Ref. [37] studied ESS siting and sizing problem and
developed a hybrid-metaheuristic. Energy trading and fixed cost of ESS
are not considered and numerical tests are done only for 24 h planning
horizon. Ref. [38] introduced Whale Optimization Algorithm for op-
timal ESS siting and sizing problem with the objective of minimizing
the power loss. They used a single ESS type, did not consider energy
trading and the fixed cost of ESS.

In most of the existing studies, the type, location, and the capacity of
the ESS are assumed to be given. Unlike them, we consider the problem
as a design problem and include all these decisions in our model. On the
other hand, there are some recent studies that consider the siting and
sizing problems jointly. However, these studies either consider a single
ESS type, do not consider energy trading, consider a larger time gran-
ularity, or very short planning horizon. Furthermore, most of these
studies do not consider the ESS installation cost in their model.
Establishing an ESS requires a fixed cost of investment. That is why
storage location problems should include binary decision variables.
Neglecting this fixed cost is an oversimplification of the real practice.
Including binary decision variables changes the problem structure and
increases the problem complexity. Therefore, most of the earlier solu-
tion procedures are not directly applicable when the fixed costs are
considered.

In this study, we consider the ESS design and planning problem on a
CEPN. This problem includes both long term strategic ESS location,
type, and capacity decisions as well as short term ESS hourly operation
decisions to capture the hourly, daily, and seasonal fluctuations in en-
ergy demand, renewable generation, and energy prices. For the same
purpose, the planning horizon must span at least one year. The time is
discretized into one-hour time intervals. As a consequence of the model
size and complexity, a SA algorithm is developed as an alternative so-
lution procedure. In summary the main contributions of this study can
be listed as follows:

e We consider the siting and sizing decisions for multiple type ESS
simultaneously in a more realistic problem setting. This includes
indicator decision variables for fixed costs, longer time horizon to
capture the hourly, daily, and seasonal fluctuations in demand,
energy prices, and generation, and a capacitated electric power
network.

e We develop an efficient metaheuristic algorithm. It is shown by a
numerical study that it outperforms an earlier state of the art solu-
tion method and generates near optimal solutions in reasonable
computational times.

e We measure the value of ESS and demonstrate the effects of several
parameters (ESS prices, distribution line capacities, the variance of
demand, and variance of renewable generation) on ESS location &
capacity decisions.
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The remainder of the study is organized as follows: In Section 2, we
describe the ESS design problem in detail and introduce the corre-
sponding MILP formulation. In Section 3, we propose a heuristic solu-
tion procedure for the problem. Numerical studies are conducted in
Section 4 to compare the performance of the proposed algorithm with
existing methods and to obtain insights on ESS allocation decisions
under various model parameters. Concluding remarks are provided in
Section 5.

2. Problem statement

We consider a network consisting of n demand points and m gen-
erators located on demand points, m < n. This network can be defined
as a graph G = (N, A) with n nodes. The central grid is denoted as node
0 and is assumed to have infinite power supply. We also assume that
selling the excess energy to the central grid is possible. However, its
amount is limited by the maximum generation in that time interval. The
reason for this limit is to prevent buying when the prices are low and
selling when they are high, in which case the benefit of the ESS mainly
comes from trading but not from smoothing the intermittency of the
renewable generation or the variance of the demand. Additionally, as a
result of the distribution line and ESS capacities, grounding of the
surplus energy is allowed. Renewable generators (wind turbines) are
located on predetermined nodes.

We assume that generation amounts, demands, and electricity prices
are known at each node for each period. Generation and demand data
points are obtained from [39]. It is possible to install different storage
types (such as pumped hydro, compressed air energy, and lithium-ion
battery etc.) at the same node. Each storage type has an associated
construction cost that also changes from one node to another. This is
because the special installation requirements of the storage systems and
the suitability of the nodes for these requirements. Due to these re-
quirements, we also assume that it may not be possible to built certain
storage types at a given node. The construction cost of the storage de-
vice also depends on its capacity, which has a limit. This limit may arise
from the capacity of the dam system or the maximum capacity of the
produced battery units. Hence, there is a different capacity for each ESS
type. This capacity can also differ from one node to another for the
same ESS type since the physical limitations for each node can be dif-
ferent. Furthermore, the storage devices cannot be charged or dis-
charged with 100% efficiency. Therefore, our model includes charge/
discharge efficiencies.

Storage locations and capacities are considered as long-term stra-
tegic decisions. However, flow between nodes, which is the result of
voltage angle differences and storage management are hourly opera-
tional decisions. Periods are chosen as one-hour-long time intervals to
capture the fluctuations in demand, generation, and spot market prices.
Transmission lines are assumed to allow two way flow. The generators’
locations are given and considered as model input parameters. The spot
electricity market prices are handled under purely deterministic con-
ditions. The resulting MILP formulation is given below:

Sets and Parameters

N Set of nodes, N = {1,...,N}.

N Set of nodes including the central grid, N = {0,...,N}.

T Set of time periods, 7 = {0,...,T}.

B Set of ESS types, 8 = {0,...,B}.

g Energy generated by wind generator at node i € N in period
teT.

dj Demand of node i € N in period t € 7 .

fi Fixed cost of opening ESS type b € 8 at nodei € N.

;) Capacity of transmission line between nodes i, j € N.

ep Construction cost of one unit capacity of ESS type b € 5.

B Cost of buying one unit of energy from the central grid in
period t € 7.

Vi Price of selling one unit of energy to the central grid in period
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teT.

My, Maximum capacity of ESS type b € 8 that can be established
atnodei e N.

N Charge efficiency of ESS type b € 8.

pbd Discharge efficiency of ESS type b € 8.

aip Binary parameter indicating whether ESS type b € 8 can be

established at node i € N (a; = 1) or not (a; = 0) due to
special requirements of the ESS.
Bj; Admittance of the line between node i, j € N.

Decision Variables

B {1, if storage type b € B is established at i € N,

Zib 0, otherwise.

6y Voltage angle value at node i € N in period t € 7.

Sibt Amount of energy available at node i € N in storage type
b € B in the beginning of period t € 7.

Fibt Discharge power from storage type b € 8 at node i € N
during period t € 7.

Vit Charge power to storage type b € 8 at node i € N during
period t € T .

Oip Capacity of storage type b € 8 established at nodei € N.

5 Upper limit on charging rate of ESS type b € B.
of Upper limit on discharging rate of ESS type b € 8.
My Amount of energy grounded at node i € N in periodt € 7 .

MILP Formulation

Min E z (epoip + fipzin)

iEN beB
+ 3, Y (BB + ViBi)(—8 + 60

ieEN teT (1)
— uy < By (6 — ) < uy LjeN:i £jteT )
e + Toe) AL < 03 ieEN,beB, teT 3)
op <Mpzpy IEN,DESB (4)
Sibt < Oip ieN,beB, teT (5)
8t z B;i (6 — 6u) + Z Py e At

JEN bes

= Y BiGu-6)+di+ Y, yu A+, €N LET

JEN bes 6)

Oip .

Sipo = —— ieN,be8B
ib0 D) (7)

_on
sibT—z ieN,be8B ®
Sibt = Siv—1) + Py Yipe At — e AL I€EN,DEB, LET )
Zib < Qip ieN,be8B (10)
—n< 6 < ieN,teT 11
Ve < @ ieEN,bEB, tET 12)
nn <O  ieENbEB LET 13)
Zi € {0, 1} ieN,be B 14)
6 = UIS; Vi Ties Ot Ty D, @) 20 IEN,bEBLET (15)

The objective function (1) minimizes the sum of storage installation
cost, size-dependent variable cost, and the cost of buying energy from
the central grid minus the revenue obtained by selling energy to the
central grid. Constraint (2) states that amount of power transmission
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between two nodes cannot exceed line capacity limits. Constraint (3)
ensures that if there is no storage, there will be neither charging nor
discharging. The same constraint also restricts the amount of energy
that can be stored in the ESS. If a node does not have a storage, it cannot
have a positive storage capacity as satisfied by Constraint (4). The
amount left in the ESS at the end of each period cannot be greater than
its capacity as stated by Constraint (5). Constraint (6) is the flow bal-
ance constraint. For each node, the incoming flow from other nodes
and/or the ESS plus the renewable generation at that node must be
equal to the sum of the demand at that node, flow sent to the other
nodes, energy stored in ESS, and the grounded energy. In order to make
the generated ESS operating plan feasible for the upcoming planning
horizons, we enforce that the initial and the final energy amounts in the
ESS to be equal. This value is set to the half of the total storage capacity
as modeled in Constraints (7) and (8). Constraint (9) models the
amount of energy left in the storage devices at the end of each period. In
this constraint At represents the length of each period. In this study,
At = 1h is used. A storage type can only be established at a node if it is
possible to construct that storage type at that node as indicated by
Constraint (10). Constraint (11) states that voltage angle value at each
node and each period must be between — 7 and 7. Constraints (12) and
(13) impose an upper limit on the charge and discharge rates for the
ESS at each time period, respectively. Constraints (14) and (15) are the
sign restrictions and the integrality constraints on the decision vari-
ables. Note that, charging and discharging of the ESS cannot occur at
the same time. However, there is no need to impose this as an addi-
tional constraint. Because of the losses during charging and dischar-
ging, those solutions become inferior and the above formulation al-
ready satisfies this restriction.

Note that, this MILP model uses linear approximation for power
flow which is appropriate for transmission networks. However, al-
though it can yield erroneous solutions for distribution networks, it is
still preferred to obtain quick solutions and insights about the problem.
Therefore, we believe the obtained insights are not only limited to the
transmission networks but can also be used for the distribution net-
works.

In order to capture the fluctuations in demand, generation, and spot
energy prices, this formulation needs to be solved with a planning
horizon of at least one-year with a one-hour time granularity. However,
due to its complexity, it is not possible to solve this model optimally
within a reasonable running time. Therefore, a heuristic algorithm is
developed in the next section.

3. Heuristic algorithm

We developed a SA heuristic for this complex problem. Initial so-
lutions are determined by relaxing the binary ESS type and location
decisions in the MILP formulation which converts it into a linear pro-
gram (LP). If the optimal solution of this LP is not feasible for the MILP,
it is converted to an integer feasible solution by rounding the fractional
values. To improve this initial solution, alternative location and size
combinations are evaluated by solving the OPF problem for the given
planning horizon. However, this LP still requires a very large compu-
tational time for longer planning horizons. To estimate the resulting
objective function values in an efficient way without losing the daily,
weekly, and seasonal variations in the electricity prices, demand, and
renewable generation, we selected four representative weeks from each
season and solved the problem with a planning horizon of these four
weeks. We explain the steps of the algorithm in the following sections.

3.1. Initial solution

An initial solution must be constructed to start the SA algorithm.
The steps of this algorithm can be seen in Algorithm 1. The initial so-
lution is determined using the LP relaxation of the MILP model. After
the optimal solution of this LP relaxation is found, the fractional values
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for the z; variables having a greater value than a predetermined
threshold are set to 1. All other z;;, variables are set to 0. We performed
preliminary tests to determine the best threshold value. For this purpose
we used the RTS-96-1 and RTS-96-3 test sets with 24 and 73 nodes,
respectively, for which the details are explained in Section 4. 0.2, 0.4
and 0.6 are used as the alternative values. 0.2 provided 2.83% (2.20%)
better than both of the others for RTS-96-1 (RTS-96-3) test set. There-
fore, the threshold value is fixed to 0.2. When z;;, values are fixed with
this procedure, the remaining formulation is an LP, which will be re-
ferred to as RelModel in the paper.

To improve the initial solution, a local search procedure is used. z;
values of the LP relaxation solution are sequenced in a non-increasing
order. Starting from the first one the corresponding ESS is closed. If the
RelModel is still feasible, algorithm moves to the next z;;. Otherwise, the
closed ESS is re-opened and algorithm moves to the next z;. This
procedure can be seen in Lines 10-24 of Algorithm 1.

In this algorithm, obj* and obj represent the incumbent objective
value and the objective value of the current iteration, respectively. 1
denotes stopping criteria which is defined as the maximum non-im-
proving iteration number.

Algorithm 1. Construction heuristic

1: Solve the LP relaxation of the MILP model

2: Sort the z;, variables according to relaxation values in non-increasing order
3: if zj > threshold then

4: Setzp=1

5: else

6: Setzjp=0

7: end if

8: Solve the RelModel and obj* < obj

9: counter= 0

10: while counter < x; do

11:  Close the storage with the smallest relaxation value
12:  Solve the RelModel

13:  if the RelModel is infeasible then

14: Revert the change made at this iteration
15: counter + +

16: else

17: if obj < obj* then

18: obj* < obj

19: counter = 0

20: else

21: counter + +

22: end if

23: endif

24: end while

3.2. Simulated annealing algorithm

The SA algorithm makes a search on z;, values using three different
operations: (i) — open a new storage (set z;; = 1), (ii) — close an existing
storage (set z; = 0), and (iii) — simultaneously close an existing storage
and open a closed one. Each of these operations are equally likely to be
selected. Probabilities for opening a new ESS at node i are calculated
based on the index values ¥, given in Eq. (16). In this equation, ué and
u é‘; are the mean demand and the mean generation; and ¢} and U;; are the
variances of the demand and generation at node i, respectively. cor}'ig is
the correlation between the demand and the generation at node i, and
Zje  Wij is the total in-line and outline capacity of node i.

B () — /,tél + (o) + o)A + Imin{0, corj}l)

%= E uij ’

JeN (16)

VieN.

According to this equation, a node with (i) — a large difference between
demand and generation, (ii) — a low total line capacity, and (iii) - a
negative correlation between demand and generation has a larger
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value. This leads to a larger node selection probability given by
(4 Zicn ¥)- ESS closing probabilities are calculated using the re-
ciprocals of the index values yas (7Y X, 7 ). After a node is se-
lected as a candidate for opening or closing an ESS, the next step is to
determine the storage type. For this purpose, again a probability is
assigned to each type of ESS using their associated fixed and variable
installation costs. The probability of selecting an ESS of type b to es-
tablish at node i is given by (a;'/ X, ., @), where i = fy, + e, M.

The SA algorithm is stopped after a fixed number of iterations
without an improvement in the incumbent solution. This algorithm is
run for the selected four weeks and the locations, types, and sizes of the
ESS are determined separately for these weeks. Then, the following
merging algorithm is used to combine the solutions of all weeks into a
single solution.

3.3. Merging heuristic

At the end of the SA algorithm, there is a solution for each of the
representative weeks. In each of these solutions, the locations, the
types, and the sizes of the ESS can be different. The merging algorithm
combines these into a single, unified solution that minimizes the total
cost. The steps of the merging algorithm is provided in Algorithm 2,
where obj denotes the total objective value of all weeks and obj* denotes
its current best value. x, denotes the maximum iteration number, rand
denotes a uniform random number between zero and one, and Temp
denotes the temperature parameter that is used in a similar way as in
the SA algorithm to calculate the probability of accepting a non-im-
proving solution.

Algorithm 2. Merging heuristics

1: obj* < obj

2: Let Sp be the set of z;, values in the solution for week h
3:Let A ={(i, b):zip=1in S, Vh=1, ..,4}

4: for All (i, b) € A do

5: if zj = 1 for all four weeks then

6: Set zjp =1
7: else

8 Set zjp = 0
9: end if

10: end for

11: Set counter= 0

12: while counter < x; do

13: Calculate the opening probabilities for each (i, b) € A using Eq. (17)
14:  Select the (i, b) pair using roulette wheel method and set zj, = 1

15:  Resolve the RelModel for all weeks

16: if The model is infeasible for any one of the weeks then

17: Go to Step 14

18: else

19: if obj < obj* then

20: Update the solution

21: obj* « obj

22: else if rand < e(0t"~0b)/Temp then
23: Update the solution

24: end if

25:  end if

26: counter+ +
27: end while

According to this algorithm, if z; = 1 in all four weeks, then the
corresponding z;, is set to 1 in the combined solution. All others are
initially set to 0. The algorithm opens a new ESS at each iteration to
reach a feasible and a better solution. An ESS of type b is opened at node
i with a probability, ¢,,, where:

& @ib

In this equation, §;, denotes the number of weeks that z; = 1 in the
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considered weeks, I' denotes the total number of weeks, which we se-
lected as 4. w;, denotes the total storage capacity of ESS type b opened
at node i and Q;, denotes the maximum capacity of ESS type b that
could be established at node i. In this study, Q;, = 4 X Mj; is used. As a
consequence, Eq. (17) is a weighted normalized sum of the number of
times an ESS type is opened and its capacity. 1 € [0, 1] is the weighting
parameter, where 1 = 0.6 provided the best results in our tests.

Merging heuristic opens new ESS by selecting their types and lo-
cations according to the probabilities calculated in Eq. (17). A new ESS
is opened if the current solution is infeasible or if opening that ESS
reduces the cost. Additionally, an ESS has still a probability of being
opened even it increases the cost, which is calculated as in the SA al-
gorithm in Line 22 of Algorithm 2.

4. Case study

In this section, we first provide the system settings, the scenarios,
and the data used in the case study. Then, we test the performance of
the heuristic algorithm, discuss the results for the base scenario and
provide insights about the effects of different parameters on the benefits
of ESS.

4.1. System settings and data

In this case study, we use the modified IEEE-RTS 96 test set firstly
suggested by Wong et al. [40]. We use both the IEEE one-area RTS-96
that has 24 nodes and three-area RTS-96 that has 73 nodes. We denote
these as RTS-96-1 and RTS-96-3, respectively. Ref. [41] modified the
benchmark and included 19 renewable resources. Wind generation
output can be maximized by optimizing several operation parameters
of the wind turbines [42] and/or by designing the layout of the wind
farms [43]. Here, we assume this output is already maximized and we
focus on siting and sizing the storage systems in such a network.
Considering the efficiency, cycle, and capital costs provided by
Beaudin et al. [44], Pumped Hydro Storage (PHS), Compressed Air
Energy Storage (CAES), and Lithium-Ion Battery (LB) are selected as
storage types in this case study. Ref. [44] does not give capital costs
directly for CAES and LB. So, we assume LB has a relatively lower
fixed cost and CAES’s fixed cost to be less than PHS. However, CAES’s
variable cost is assumed to be greater than PHS. We use a one year
planning horizon for which the annual equivalent of the capital costs
are determined by an engineering economic analysis considering their
life cycles. One hour time granularity is used which results in a
planning horizon of 365 days X 24 h making a total of 8760 one-hour-
long stages. Fixed and unit storing costs, and charge/discharge effi-
ciencies are obtained from the same reference. Charge/discharge ef-
ficiencies are calculated as square root of round trip efficiency [27].
Renewable generation values and yearly demands for all one-hour
time intervals are obtained from [39]. Transmission line capacities
and admittances are given in IEEE-RTS 96. Spot market prices are
obtained from EPEX [45]. 2014 hourly spot market prices for France
are used for the model. Buying and selling from/to the grid costs are
calculated as + 20%, —20% of the EPEX prices, respectively. To esti-
mate the solution for one year, four weeks are chosen from each
season, which are the weeks including the dates December 21, March
21, June 21, and September 23.

The developed algorithms are coded in Java and run in a com-
puter with Intel(R) Xeon(R) E5645 2.4 GHz CPU with 12 cores and
18 GB RAM. The mathematical models are solved with CPLEX 12.6.2
solver.

The following scenarios are used for these tests, where SO denotes
the base scenario, S1 is used to compare the systems with and without
ESS. S2, S3, S4, and S5 are used to test the effects of the variable costs,
line capacities, demand variances, and generation capacities, respec-
tively. y; denotes the mean demand at node i.
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S0 Base scenario
S1 No storage
S2(h) i i -k

Modify storage variable cost by (1 15) X ep, VheE,1, ..,10}.
S3(h) Modify line capacities by (1 + %) X wj, Vi,j;¥Vhe{o,1, ..,10}
S4(h) Modify demand variance by

max{0, ("52) x (die = ) + i), Vi, 5V B € =4, -3, .3, 4).

55(h) Modify generation by (1 + %) X g, Vi t;Vhe(o,1, ..,8}.

4.2. Performance of the proposed heuristic

To test proposed algorithm’s performance, we compare the solutions
of the proposed heuristic with the 3-stage planning procedure proposed
by Pandzic et al. [27]. Note that, although that study does not consider
multiple ESS types, fixed costs, and energy trading, it is still the most
relevant state of the art solution method in the literature. Therefore, we
adapted their solution method for the current study.

In this method’s first stage, the algorithm is run separately for each
of the 365 days to determine the locations of the ESS. If the number of
days in which a storage is established at a specific location is greater
than a threshold value then, the model fixes that locations. In the
second stage, considering the fixed locations, the remaining model is
run for each day again, this time to determine the storage capacities.
The average of the capacity values resulting from each of these days and
locations is assigned to the corresponding storage. In the last stage, the
problem is again solved by fixing the storage locations and their ca-
pacities to determine the actual flows and storage charging/discharging
schedules. The total cost is calculated as the sum of the daily costs.

We used the same 3-stage solution idea by using our MILP for-
mulation. We made the tests over the same time span of four weeks. We
used two values (5 and 8) as the threshold values for the number of days
to fix the ESS locations in the first stage of the procedure.

RTS-96-1 and RTS-96-3 test sets are used for the tests. The results
are summarized in Table 1. In this table, the percent gap value between
solution method A and B (A vs B) is calculated as follows:

JA)-FB)
F®

where f(-) denotes the objective function value of the corresponding
solution procedure. The MILP formulation is run with a 2-h time limit.
In both cases, it could not find the optimal solution within the time
limit. The MILP Gap column in Table 1 is the gap value reported by
CPLEX solver which represent the percent deviation of the best solution
found after 2 h from its lower bound. As it can be seen, for RTS-96-1,
the MILP Gap value is very small. The deviation of the proposed
heuristic from the best MILP solution is also very small as shown in the
“PH vs MILP” column. On the other hand, for the larger test set, the
performance of the MILP reduced drastically providing a 33.6% gap. For
this test set, the proposed heuristic was able to find a 17.44% better
solution (negative gap) than the best MILP solution. In addition to
these, the proposed heuristic provides approximately 10% better results
than the 3-stage solution procedure in both test problems with both
threshold values (P5 and P8).

100 X

Table 1
Performance comparison of the proposed heuristic (PH), Pandzic et al. [27]
with threshold values of 5 (P5) and 8 (P8) and with MILP.

P5 vs PH P8 vs PH

PH Time  Gap Time Gap Time  MILP Gap PH vs MILP

(s) (%) (s) (%) (s) (%) (%)
RTS-96-1 227.4 10.13 719 9.44 67 0.34 0.34
RTS-96-3  1933.4 9.07 5428.6 8.66 5403.3 33.60 —17.44
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When the solution times are investigated, for smaller test set, the 3-
stage solution procedure is faster than the proposed heuristic. However,
for the larger instance, the proposed heuristic outperforms the other
methods with a reasonable solution time. These results prove that the
proposed heuristic is an effective solution method with respect to both
solution quality and computation time.

4.3. Base scenario results

In the base scenario, a total of 22 ESS are established in RTS-96-1.
Among these, 11 of them are LB, 1 is CAES, and 10 are PHS type. In
RTS-96-3, a total of 68 ESS are established which includes 34 LB; 3
CAES; and 31 PHS type storages. When we consider all the scenarios,
approximately 52% of the established ESS are LB, 4% are CAES, and
43% are PHS. These results reveal that all types of ESS can be estab-
lished at several nodes in the optimal solution. However, in our tests,
CAES is used only when both LB and PHS storages reached their max-
imum allowable capacities. This is due to the disadvantage of CAES
with respect to fixed and variable costs when compared with LB and
PHS.

When the locations of established ESS are investigated, 11 of the 22
ESS are on different nodes in RTS-96-1. There are a total of 9 nodes that
includes a generation in this network. ESS are established on 6 of these.
In other words, 67% of the nodes with generation contains ESS. This
percentage drops to 33% for the nodes without generation. In RTS-
96-3, ESS are established on 34 separate nodes. In this network, there
are a total of 16 nodes that includes a generation. ESS are established on
9 of these nodes. That is, 56% of the nodes with generation and 44% of
the nodes without generation contains ESS. On the other hand, the
mean demand and the variance of the demand on the nodes that include
ESS are approximately 10% less than that of the nodes without an ESS
in RTS-96-1. This pecentage drops to 5% in RTS-96-3.

There are studies [46] that show that ESS should be established near
generation sites to reduce transmission losses. However, when the
power network transmission constraints are taken into account, an ESS
established near high demand nodes helps during peak times when the
transmission line capacities are insufficient. Our results show that, al-
though there is a tendency to establish ESS closer to the generation
facilities, this tendency is not too strong. The rule of thumb to establish
an ESS near a generation facility, or on a node with large mean demand
or with large demand variance will not provide the optimal solution in
a general CEPN.

4.4. Cost benefits of establishing ESS

One of the contributions of this study is the quantification of the
benefits of establishing ESS. Scenarios SO and S1 are used for this
purpose. Under the S1 scenario, we assumed that there are no storages
on the network. Therefore, only the OPF problem is solved. The ob-
jective function values of these two scenarios are compared with each
other. The total cost in SO is reduced by 33.3% in RTS-96-1 and 26% in
RTS-96-3 with respect to S1. These values prove that establishing
storages has significant cost benefits. In the following, we will analyze
the effects of several parameters on these benefits.

4.5. Sensitivity to ESS requirements

Some ESS types have special requirements. For example, CAES re-
quires suitable space such as underground caverns or PHS requires
water reservoirs at different levels. The a;, parameter in the problem
definition is used for this purpose. The number and locations of the ESS
types also depends on this parameter. To analyze its effect on the results
we repeated our runs considering three different cases. Since LB does
not have special requirements, in all these cases we assumed that LB
can be established at each node. In the first case, we assumed that CAES
and PHS can also be established at all nodes, meaning that a;, = 1 for all
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Table 2
Effect of a; parameter on the number of ESS.
RTS-96-1 RTS-96-3
Scenario LB PHS CAES LB PHS CAES
1 11 10 1 34 31 3
2 12 5 1 36 12 1
3 14 4 0 42 7 0

i and b. In the second and third cases, randomly selected 50% and 20%
of ay values are set to 1, respectively for these ESS types.

The numbers of established LB, CAES, and PHS are shown in
Table 2. As it can be seen in this table, when PHS and CAES locations
are restricted, this affects the total number of established storages as
well as the number of specific ESS types. As a consequence of the
change, the numbers of PHS and CAES reduce, as expected, whereas the
number of LB increases. However, at the end, the total number of es-
tablished ESS also reduces. At some nodes PHS and CAES are replaced
with another type, mostly LB. However, at some nodes this was not
possible since the total established capacity of the other ESS can already
be in its highest value. Also, establishing a different ESS type at that
node may not be profitable due to its fixed and variable costs and this
can be another reason of the reduction in the total number of ESS.

4.6. Sensitivity to ESS variable costs

With the technological advancements, the variable cost of Lithium-
Ion batteries decreases day after day. Here, we investigate the effect of
this reduction on the ESS location and sizing decisions. For this pur-
pose, we reduced the cost of establishing one unit of LB (e;;b = 3 for LB)
storage capacity gradually by a factor of 1 — % forh = 0, .., 10 creating
a total of 11 scenarios including the base scenario (h = 0). Fig. 1 depicts
the effect of reducing the variable costs on the total costs and the total
capacity of established ESS in RTS-96-1 and RTS-96-3. The results prove
that the total cost is highly dependent on the variable cost as expected.
When variable costs are reduced by two thirds (h = 10), the total cost
reduces be 100% and 70% for RTS-96-1 and RTS-96-3, respectively.
This change increases the total capacity of established ESS by ap-
proximately 50%. This proves that, the number of established ESS will
increase day by day with the reduction in the storage costs in the near
future. Reduction of the variable costs of LB storage also effects the
share of them among all ESS. In the base scenario 50% of the ESS ap-
pears to be LB, whereas this share increases to 70% when the variable
costs are reduced by two thirds.

20
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4.7. Sensitivity to line capacities

One of the reasons to establish ESS may be the congestion in the
network. Large amounts of power flow may be required to satisfy
varying demand on different nodes using the generated power by the
renewable generators. If the line capacities are not satisfactory, it may
not be possible to transmit the generated power from the renewables to
the demand points. In such a case, the required energy is bought from
the central grid and the generated excess power could not be used to
satisfy the demand, but grounded. This leads to large total cost values.
To see the effects of line capacities on the total cost and the number of
established ESS scenario S3(h) is used where the line capacities (u;) are
modified. The results are depicted in Fig. 2. According to this, the total
cost reduces with the increase in the line capacities as expected.
However, it may be thought as counter-intuitive to see that the total
capacity of established ESS also increases with the line capacities. This
behavior occurs because with larger line capacities it becomes possible
to transmit the generated energy to different nodes and store at those
locations. By this way, the generated energy is used more efficiently
and the amount of grounded energy is reduced.

4.8. Sensitivity to demand variance

If the demand variance from one period to another is large, this may
motivate to establish more ESS to store the generated excess amount
when the demands are low and use it when the demands are high. Also,
more energy can be bought and stored when the energy prices in the
central grid are lower, which can be used later when the energy prices
are higher. Scenario S4(h) is used to test this, where the demand at each
node is modified with a factor. According to this procedure, if the de-
mand is above average, it is shifted upwards and if it is below average,
it is shifted downwards. As it can be seen in Fig. 3, the increase in the
demand variance increases the total cost as expected. However, the
change in the total capacity of ESS is not significant.

4.9. Sensitivity to renewable generation amount

When the output of the renewable generators increases, more de-
mand can be satisfied from these and less energy is bought from the
central grid. This may reduce the total cost. However, due to line ca-
pacities and less demand at some periods, all the generated power may
not be used. Hence, ESS can be utilized to store this excess energy and
use at later periods. To test this, the generation amount (g;,) is increased
gradually up to three times in scenario S5(h) as depicted in Fig. 4. This
change leads to a significant reduction in the total cost. On the other
hand, the change in the total capacity of established ESS is not mono-
tonic. This is because, when generation is lower it may be preferable to
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Fig. 1. Effect of Variable Cost (a) RTS-96-1, (b) RTS-96-3.
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Fig. 2. Effect of Line Capacities (a) RTS-96-1, (b) RTS-96-3.
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Fig. 3. Effect of Demand Variance (a) RTS-96-1, (b) RTS-96-3.

establish ESS so that the excess energy can be stored to satisfy the de-
mand at another period, when the generation is not satisfactory.
However, as the generation increases gradually, after some point, the
generation starts to satisfy the demand (or a large proportion of it) at
these periods also. In this case, instead of establishing ESS with large
fixed costs, the central grid is used to satisfy any necessary energy.

5. Conclusion

In this study, we considered the ESS siting and sizing problem with
multiple ESS types. To capture the hourly, weekly, and seasonal fluc-
tuations of the demand, the renewable generation, and the energy
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Fig. 4. Effect of Generation Increase (a) RTS-96-1, (b) RTS-96-3.

prices, we considered a one-year planning horizon with one-hour time
granularity. We developed the MILP formulation of this problem which
appeared to be a large scale model. To determine solutions in reason-
able times, we developed a heuristic algorithm that first develops an
initial solution and then improves it in an SA algorithm.

We showed the effectiveness of the proposed heuristic by comparing
its solutions with the MILP formulation and the 3-stage solution method
of Pandzic et al. [27] through a numerical study. We also performed
numerical studies to measure the benefits of establishing ESS in a dis-
tribution network. Our results reveal that ESS can reduce the total cost
approximately by 30%. This value is highly dependent on the variable
cost of ESS and the amount of renewable generation in the network.
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Therefore, as the cost per unit capacity of ESS reduces and the share of
renewable generation capacity increases, the value of establishing ESS
throughout the power system will increase in the near future. The cost
benefit of ESS is also moderately dependent on the line capacities and
the demand variance. As opposed to the common belief, increasing
renewable generation capacity does not always imply increased need
for energy storage. There are other factors that should be considered
like the demand and price variabilities, locations as well as the line
capacities. Depending on different requirements, different types of ESS
can be established on different nodes. However, consistent with the
current world practice, LB systems turns out to be the preferred method
of energy storage among the ones considered in the numerical study. In
summary, many factors including the cost of ESS, the spot market en-
ergy prices, the line capacities, the maximum possible ESS capacity,
magnitudes and variances of the demand and generation are affecting
the optimum number, type, location, and size of ESS. Some of them are
more dominant in certain instances but their joint effect must be con-
sidered in making the best decision. This reveals the importance of
having an effective solution procedure, which is one of the contribu-
tions of the current study.

As a future research, the problem can be modeled as a stochastic
programming formulation to handle the inherent uncertainty of gen-
eration, demand, and spot market prices. Furthermore, the problem can
be considered as a power network design problem where the storage
sizing and siting decisions and network expansion decisions are made
simultaneously.
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