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Abstract: As climate changes intensify the frequency of severe outages, the resilience of electricity
supply systems becomes a major concern. In order to simultaneously combat the climate problems
and ensure electricity supply in isolated areas, renewable energy sources (RES) have been widely
implemented in recent years. However, without the use of energy storage, they show low reliability
due to their intermittent output. Therefore, this article proposes a methodology to achieve the
optimal sizing of an energy storage system (ESS) to ensure predefined periods of safe operation for
an ensemble consisting of multiple loads, renewable energy sources and controllable generators,
located in a remote microgrid. In this regard, a mixed integer linear programming (MILP) model has
been proposed to reduce the outages impact of critical loads by calculating the optimal ESS capacity
and defining the proper resources management within the off-grid microgrid, while ensuring a
cost-effective operation of its components.

Keywords: energy storage systems; optimization; renewable energy sources; resilience

1. Introduction

Most developed countries worldwide are becoming seriously concerned about global
warming and its devastating effects, the depletion of fossil fuels, and the degradation
of the environment in general. Certainly, the efficient use of energy and the reduction
of greenhouse gas emissions are becoming extremely important objectives for the near
future [1]. In this context, the development and use of renewable energy sources (RES)
have experienced rapid growth in recent years, in the medium- and long-term spectrum as
well [2]. Therefore, it is currently estimated that most energy systems will soon be based
on the rational use of conventional resources and on a greater use of renewable energy
sources [3,4].

On the other hand, there are still numerous remote areas that face the so-called energy
poverty, defined by the lack of access to reliable electricity service [5]. In most cases, the
supply of areas isolated from the main grid is achieved with difficulty through the tradi-
tional power lines. Whether it is the high cost related to the construction of new lines, or the
characteristics of the land that do not allow their construction, it is necessary to implement
new solutions to ensure the electricity supply. In these circumstances, distributed energy
sources and the integration of storage systems can play an important role in overcoming
this problem [6]. Microgrids (MG) have been implemented worldwide with the main pur-
pose of mitigating the negative impact on the environment, by facilitating the integration
of distributed renewable energy generation [7,8]. MGs can supply remote areas as well,
but they are constrained by the inclusion of a key component, namely the energy storage
solutions [9].

Extreme events concern high-impact and low-probability incidents, such as hurricanes,
earthquakes, and even human attacks, which lead to extensive power outages [10]. In
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February 2021, severe winter storms across the state of Texas led to blackouts experienced
by up to 10 million citizens, some for more than 72 h [11], while the recent power outage that
occurred in Pakistan in January 2023 has once again brought to attention the vulnerability
of power grids to modern threats, namely cyberattacks [12]. To reduce damage, resilience
enhancement has become the main driver in power systems development. Given the vast
disruptions following the extreme events, resilience strategies must focus on restoring high
rates of critical loads such as medical units, transportation, and telecommunications [13].
Various resilience-driven planning approaches have been proposed in recent research, with
microgrids and energy storage systems representing the most promising solutions due to
their unique functions [14,15]. Intrinsically, microgrids have two main operating modes: on-
grid and off-grid. As studies targeting the grid-connected MGs mainly concentrate on the
benefits brought to the main grid in terms of losses and operating costs reduction [16-18],
off-grid mode became the focal point for resilience enhancement strategies. However, as
the main energy sources within microgrids, RESs raise new challenges in terms of MG
operation considering their intermittent nature and unpredictable behavior. Due to these
drawbacks of solar and wind energy in particular, the deployment of additional flexible
energy sources (such as diesel generators and microturbines) is required to overcome the
RES uncertainties and enhance the operational stability [19-21]. Fast-responding gener-
ators serve as a practical solution to unpredicted generation deficit and mitigate the risk
of supply interruption caused by solar and wind production variability. On the other
hand, the time-shifting properties of energy storage systems make them indispensable in
order to deal with power demand uncertainties. Energy storage systems provide various
improvements in power system operation, including frequency and voltage regulation,
power stability and quality, increased reliability, contingency service, etc. A bi-level MILP-
based energy management system is proposed in [22] for grid-connected battery energy
storage systems (BESS), where the first level schedules the BESS participation in an ancillary
service market and the second level optimally distributes the power set-points previously
computed among the single batteries that make up the BESS. In [23], a hierarchical energy
management strategy is proposed to properly coordinate multiple small-scaled battery
energy storage systems to regulate power systems frequency, while a two-stage optimiza-
tion approach based on a Neural Network Optimization Algorithm is proposed in [24] for
voltage regulation in low-voltage distribution networks embedded with high residential
rooftop PV systems. Nevertheless, to properly serve their functionality, energy storage
devices require sizing and allocation according to the system’s interest needs and objectives.
In ref. [25], two meta-heuristic algorithms, namely genetic algorithms (GA) and particle
swarm optimization (PSO), are used for optimally siting and sizing of BESS in distribution
networks in order to mitigate the effects of RES fluctuations on energy supply reliability
and quality. Meta-heuristics are explored as well in [26], where the BESS sizing problem
is solved based on a bi-level hybrid PSO-quadratic programming algorithm, which con-
siders the cooperative operations of controllable components in a microgrid. In terms
of resilience-related goals, authors of [27] investigate design aspects in low-voltage grids
focusing on various BESS capacities and voltage level control with active power regulation
in energy communities, while [13] proposes a centralized shared energy storage capacity
optimization model that aims to minimize the operational costs in resilience microgrids
using a two-layered approach. Similar methodologies are presented in [28,29], where the
first stage focuses on the optimal sizing of ESS, while the second stage analyzes the ESS
efficiency in ensuring high resilience in terms of load supply by optimal scheduling under
abnormal operation circumstances. Previous studies focused on the normal operating
conditions of the microgrid to determine the size of the storage system, following the ESS
efficiency evaluation in maintaining the power supply during emergency conditions at a
later stage. Under these circumstances, the ESS sizing is mainly influenced by the initial
design conditions, which may affect its supply capacity during fault scenarios. On these
grounds, we propose a robust algorithm that simultaneously considers both the optimal
sizing and operation of an energy storage system in a remote microgrid aiming to reach a
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predefined level of resilience. The goal is to mitigate for pre-established periods (in terms of
safe operation days) the impact of prolonged outages on critical loads after the occurrence
of an extreme event, combined with a cost-effective allocation of MG resources during the
disruption. The main contributions of this research are summarized as follows:

e A novel formulation for the resilience-driven ESS sizing problem that provides the
optimal capacity of energy storage devices to ensure the critical loads survivability for
predefined time intervals. Simultaneously, the proposed algorithm optimizes the other
MG resources scheduling in order to achieve an economically efficient operation.

e  Validation of the proposed methodology effectiveness by conducting multiple simula-
tions implying high and low values for the MG load and generation availability. To
verify the advantages of using the proposed algorithm to enhance the MG resilience,
the load restoration rates are investigated for both with and without ESS cases.

e  Evaluation of the ESS impact on the MG resilience improvement by defining two new
indices, precisely the restoration index and the resilience index.

The remainder of this paper is organized as follows: Section 2 includes the optimization
problem formulation for the resilience-oriented ESS sizing method and the resilience indices
definition, Section 3 introduces the analyzed case studies, and Section 4 contains the
simulations and the results discussions. Finally, Section 5 concludes the paper.

2. Problem Formulation

In this study, the resilience enhancement for a remote microgrid is achieved by en-
suring the reliable power supply for the critical loads. The resilience-driven ESS sizing
problem is solved using a mixed integer linear programming (MILP) approach. In this
regard, the optimal sizing of the energy storage system is identified by minimizing the
total operation cost of a remote microgrid, while properly managing the local resources to
provide the critical loads supply during the entire outage period. It should be mentioned
that along with the energy storage system and three types of loads (i = 1,3) with three
different levels of criticality, the microgrid will include photovoltaics and a wind turbine as
main energy sources, as well as a microturbine (MT) and a diesel generator to mitigate the
RES generation uncertainties.

2.1. Objective Function

To ensure the resilience of the microgrid for a specified period of N days, the overall
operation costs are considered as the ESS sizing criterion. In this regard, the objective
function of the model defined in (1) comprises the operation costs of the controllable
generators (consisting of the microturbine and the diesel generator) denoted by Cc¢ [30], the
annual cost of energy storage capacity investment defined by Cggss [31], the MG equipment
maintenance cost Cog, the emissions costs for the MT and diesel C,issions [28], and the
load shedding penalties Cgpegging [32]-

T
F=). (Ccc(f) + CoeM(t) + Cemissions () + CShedding(t)) + Ckss 1
i—1
Cea(t) = (062 - Pieser” () + 1 - Pieser (£) + “o) + (B1 - Pmr(t) + o) )
r-(1+7)k

(Xzb;ss - Pess + xE5° - EESS) : + xESu - Pess + xE35 - Pess 3)

(1+nt-1
Coem(t) = Vaiesel * Paiesel (t) + ymt - Pmar () + ywr - Pwr(t) + vpy - Ppy (f) 4)

NOx 50 co
CEmissions(t) = (IIJNOX *Hiesel + lpSOz : Vdi;sel + IPCOZ : .udjgzsel) . Pdiesel(t)

" ©)
(480 1355+ 5% 55+ 905 - Part)
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In (2), the controllable generators’ (CG) operational costs during time frame ¢ are
computed based on the diesel power output P, fixed coefficients related to the diesel
generator operation cost xy, &1, and &g, and the microturbine power production Py;r and
its exploitation costs defined by coefficients $; and 9. The ESS costs for the analysis
duration are computed by dividing the annual investment to the number of days within
a year of operation (Ny, = 365 days) and multiplying by the number of operating days,
N.In (3), Prss and Eggg represent the power and energy capacity that resulted following
the optimization calculation, )(ESS and )(ESS represent unit power and energy capacity
cost coefficients, r is the discount rate, and L is the ESS lifespan in years. Based on the
obtained power capacity, the operation and maintenance costs, and the installation costs
are considered based on Xg%fM and )(ESSS coefficients. The maintenance costs for the diesel
generation, microturbine, wind turbine, and photovoltaics are calculated in (4) for each
time frame t using the cost coefficients Ygjese1, YMT, YWT, and ypy. Here, Ppy and Pyt
are solar and wind generation during time frame ¢. The pollutants’ emissions costs are
computed for the two types of conventional generators in (5) based on the price coefficient
1 and emission factor . In order to prioritize sensitive users, a shedding cost 7; will be
assigned to each load i in (6), while Py, ; defines the shedding power applied to each load i.

2.2. Constraints

The power balance of the microgrid during each time frame t is denoted by (7), while
(8), (9), and (10) represent the load shedding and RES curtailment limits.

Mo

(PLi(t) = Pshi(t)) =Paiesr (1) + Prrr (£) + (P () = PESS(8) ) + Pwr(8) + Pov (1) (7)
1

0 < Psh;(t) < PLi(t),i =1,3 (8)
0 S PPV(t) S PVmax(t) (9)
0 < Pyr(t) < WTnax(t) (10)

Here, PL; represents the demand of each of the three types of loads i considered in
this study, while P55 and PES® define the ESS charging and discharging power during
time interval . The PV and WT production after curtailment measures must not exceed the
maximum generation forecasting, PVmax and WTnax.

To establish the optimal operation scheduling for the microgrid, the physical con-
straints of the generators (Pmax diesel aNd Pmax,mT) must be considered. Equations (11) and (12)
define the output limits of the CG units, while (13)-(16) indicate their ramp up and down
capability boundaries, based on their capabilities RUP and RDOWN [33].

0< Pdiesel(t> < Pmax,diesel (11)
0 < Pyt (t) < Pmax,MT (12)
Pdiesel(t) - Pdiesel(t - 1) < Rupdieselrt =2.T (13)

Pdiesel(tL - 1) - Pdiesel(t) < RDOV\H\]diesel/i'L =2.T (14)
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Pur(t) — Pyr(t — 1) < RUPyr, t = 2.T (15)
Pyr(t— 1) - PMT(t) < RDOWNpyrt,t =2..T (16)

To simulate the ESS operation, the generic model presented below has been used [34].

At Akss () < P® (1) < PR Apss(t) (17)

M- (1= Apss () < PR (1) < PR™- (1= Agss(t)) (18)
SOC(t) = SOC(t—1) + [Wch -PEe (1) - Pa}lgifs/ﬂdis} -At/Egss (19)
SOCumin < SOC(H) < SOCumax (20)

SOC(t) - Egss — fais - Pris° (t) - At < DOD - Eggs (21)

The discharging and charging powers are constrained based on the ESS boundaries,
as shown in (17) and (18). Here, Pcr;l‘i“ and P37, P;lrl-‘;“, and PJi?, respectively, represent the
minimum and maximum limits for the charging and discharging powers. The binary vari-
able Aggs is introduced to avoid the simultaneous charging and discharging of the system,
where 1 will define the discharging mode while 0 will model the charging or standby mode.
The energy storage system dynamics (state of charge—SOC) are modeled through a linear
model as shown in (19), where 7., and 74;; represent the charging/discharging efficiency
of the ESS. Further, Equation (20) restricts the maximum allowable SOC of the ESS. In this
paper, the time period length At is of 1 h.

Several studies have proposed detailed modeling of the ESS state of health degra-
dation [35,36]. However, the presented approaches imply non-linear models defined by
numerous variables, which in terms of optimal planning problems lead to unacceptable
computational effort and local optima risks [37]. Therefore, this study focuses on a more
suitable method that considers the cycle-life degradation characteristics of energy storage
systems in terms of corresponding maximum allowable cycles and the depth of discharge
at which it will be operated during the project lifetime.

[AEss(t—1) — Apss(t)| < wess(t) (22)
Y wess(t) < Ogss (23)
ieT

SOC(l) = GEss - SOCmax (24)

Each ESS technology presents a limited lifespan given by an estimated number of
charging cycles. There are multiple factors that affect the ESS performance and state of
health, including temperature, moisture, and deep discharging [38]. To make sure the ESS
achieves the considered L lifespan, a series of measures are applied in the ESS operation.
Along with constraint (21), which eliminates the risk of deep discharging by limiting the
depth of discharge (DOD), Equations (22) and (23) are introduced to prevent the energy
storage system from being charged and discharged frequently. In this regard, a limited
number of allowable charging/discharging cycles is established as Q)gss. To quantify the
operation mode changes, the binary variable wrss will be 1 when Aggg shifts its value
during two consecutive time intervals, according to (22). Otherwise, wgss will be 0 due to
the minimization nature of the problem. Finally, Equation (24) defines the state of charge at
the beginning of the analysis based on a predefined coefficient, &ggs.
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2.3. Resilience Indices

As the main goal of this study is to evaluate the resilient performance of the microgrid
against extreme phenomena, two resilience indices have been defined to quantify the
effectiveness of the ESS sizing and operation planning.

Firstly, the restoration index, defined by (25), is calculated as the ratio of the total
supplied (restored) load to the total demand.

(25)

Irestoration =1-

= | L0
Mo |LDTw

w
Il

—_
Il

—_

The resilience index, defined by (26), is calculated similarly to the restoration index,
the difference involving the integration of the restored load importance into the equation by
considering the shedding cost. Thus, in unfavorable cases where load shedding maneuvers
are mandatory, this index monitors the extent to which the priority of the restored load has
been taken into account.

T 3
Y X (Pshi(t) - T)

Lesitience = 1 — t:Tl l:; (26)
L X (PLi(t) - )

*
Il

—_
I

—

For both indices, the values vary between 0 and 1, where 0 describes worst case
scenarios (no supply is provided) and 1 represents the best scenario when all loads are
fully supplied.

The CPLEX (IBM ILOG CPLEX Optimization Studio V12.6.3) optimizer integrated
in the MATLAB R2022a environment has been used in this paper to solve the optimiza-
tion model.

3. Case Study

Figure 1 shows the schematic of the test microgrid configuration considered for this
study. As previously reported in Section 2, the system is composed of three types of loads,
renewable energy sources (one photovoltaic installation and one wind turbine), two con-
trollable generators, and an energy storage system. It must be mentioned that controllable
generators refer to dispatchable diesel and microturbine generation units able to modify
their production according to the microgrid control center request. The consumption within
the microgrid is categorized into three different classes based on the supply reliability re-
quirements. Thus, Load 1 refers to critical consumers who require a high availability of
electricity supply; therefore, they will be prioritized in case of emergency. Load 2 refers to
preferential consumers, who accept short-term outages, and Load 3 consists of standard
(non-critical) consumers, who accept the available reliability level provided by the MG
operation conditions. The microgrid is connected to the main power system through the
point of common coupling (PCC). However, the remote location of the microgrid—outside
the expandable areas of the power network—makes the only line connection to the main
grid prone to failures that cause supply interruptions, lasting from a few hours up to
several days. During this analysis, prolonged disruptions are considered to occur on the
MG’s main grid connection, leaving the microgrid in stand-alone operation mode. Under
these circumstances, the energy storage system becomes essential in maintaining the bal-
ance between generation and demand. For the proper islanded operation, proper control
strategies are required. The MG-associated resources are coordinated by means of local
controllers (LC) according to the microgrid central controller (MGCC) commands in order
to achieve the power balance within the islanded microgrid. For the integration in the
alternating current microgrid of the ESS, PV, and WT, DC/AC converters are used to insure
the interface.
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Figure 1. The analyzed microgrid.

According to authors’ previous work, the uncertainties of energy production and
demand represent risk factors in the proper operation of microgrids. As presented in [39],
solar production variations can fluctuate by up to 0.186 p.u. during generation peak and
by 0.405 p.u. for wind generation, respectively. In order to overcome these inaccuracies in
RES generation forecasting, alternative sources (diesel generators and microturbines) were
integrated as backup resources in the microgrid to satisfy the power deficit. The character-
istics of the diesel generator, namely the costs of generation and maintenance, maximum
generation capacity, and ramp up/down capabilities, are shown in Table 1. Likewise, the
microturbine specifications are provided in Table 2. To reduce the MG’s environmental
impact, greenhouse gas emissions costs are considered as well, which corresponds to the
current trends regarding the intrusion of a carbon tax in many jurisdictions [40,41]. There-
fore, Table 3 provides the pollutant components and emission factors used in this paper.

Table 1. Diesel generator parameters.

xg 1 1123 Vdiesel P Ramp Up/Down Rate
Parameter  \on w1 [ekWl  [€/kWI  [€/kWh]  [kWI [KW/h]
Value 04073 02193 00695  0.1433 125 50

Table 2. Microturbine parameters.

Bo B1 YMT PyT Ramp Up/Down Rate
Parameter — renw]  [€kW]  [€/kWh] (kW] [KW/h]
Value 0.2368 0.0155 0.0419 125 50

Table 3. Pollutant emissions components and costs.

Hdiesel BMT 4
Pollutant [kg/kWh] [kg/kWh] [€/kg]
Co, 0.00131 0.000991 0.0309
S0, 0.00041 0.000005 2.1847
NOx 0.02005 0.000027 9.2656

The parameters of the energy storage system are represented in Tables 4 and 5 and
include the maximum rated power, charging/discharging efficiency, minimum and maxi-
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mum state of charge, investment and maintenance costs, and maximum number of charg-
ing/discharging cycles per day. The depth of the discharge (DOD) is considered 0.8 [42],
while the initial SOC at the beginning of the outage ({fss) is considered 0.4, based on
authors’ previous work, for the improved operation performance of the microgrid [43]. The
technology considered for the energy storage system is lithium-ion batteries.

Table 4. Energy storage system economical parameters [29].

b XESS XESS XESS ESS B L
ins
arameter 4w [€/kWh] [€/W] [KW1 [%] [years]
Value 250 450 60 150 5 10
Table 5. Energy storage system technical parameters [13].
P& Henai SOCpin/SOCmax QFss CEss
ESS c is min
Parameter (kW] [%] [%] [cycles/day] [%]
Value 1000 90/90 20/100 2 0.4

Furthermore, the load curtailment costs implemented for the three types of loads are
centralized in Table 6.

Table 6. Cost of short-duration electricity outages [32].

User Load 1 Load 2 Load 2
Shedding cost [€/kWHh] 37.52 23.41 0.53

4. Results and Discussion

To evaluate the model performance, multiple scenarios are analyzed. Firstly, Case a
focuses on microgrid operation without the energy storage system. Therefore, the gener-
ation units (diesel generator, photovoltaics, micro- and wind turbine) must be optimally
scheduled in order to supply the load demand. Case b implies the integration of an optimal-
sized ESS in the microgrid, based on the proposed algorithm. To compute the ESS capacity
and MG resilience enhancement, three off-grid operation periods are considered: 1 day
(Scenario 1), 3 days (Scenario 2), and 7 days (Scenario 3), respectively.

4.1. Scenario 1

The first case study focuses on a 24 h analysis for the post-fault operation of the
microgrid. The load demand profiles and the forecasted PV and WT maximum generation
are shown in Figure 2. Load 1, representing the most critical users in this study, features a
quasi-constant consumption during the day, while Loads 2 and 3 present demand peaks
during daytime and low consumption during nighttime. On the other hand, the PV
generation reaches its peak between 11:00 and 14:00, while consistent wind production is
considered for the entire day.

By running the proposed algorithm, the optimal sizing of the ESS needed to ensure
maximized load supply for the specified time interval of 1 day resulted to be 601.79 kW
rated power. It must be mentioned that for the ESS sizing, a 4:1 ratio of rated energy to
rated power was considered. The optimal scheduling of the ESS operation can be observed
in Figure 3. It can be observed that charging occurs mostly due to the photovoltaics’
excess generation, while discharge hours are scheduled during the morning (5.00-9.00) and
evening peaks (19.00-24.00). However, to be able to cover the morning peak, additional
charging takes place during the first hours of the day. To validate the algorithm’s efficiency
in terms of optimal resource planning, the scenarios with and without an energy storage
system are further compared in Figure 4, where positive values depict the generation and
negative values represent the power consumption within the MG.
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Figure 2. The MG load curves (a) and forecasted PV and WT production (b) for Scenario 1.
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Figure 3. The ESS operation scheduling (Scenario 1).
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Time [h] Time [h]
WT mPL1 mPL2 EPL3 MDiesel BMT PV mWT m Pdis mPL1 m PL2 B PL3 W Diesel 8 MT B Pch
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Figure 4. Optimal power dispatch during 24 h resilient operation: (a) without ESS, (b) with ESS.

The comparison of the two scenarios reflects a series of problems encountered in the
microgrid that are solved in the latter case. First of all, the high production from renewable
energy sources that exceeds the total power demand in several time intervals requires for
Case a the implementation of curtailment actions between 11.00 and 17.00 to ensure the
generation-consumption balance within the microgrid. Also, the high demand during
the morning (05.00-09.00) makes it necessary to start the diesel unit to provide the users’
supply. Similarly, during the evening, the diesel generator is used once again to cover the
evening peak. However, in the second case (Case b), the cooperation between RES and ESS
leads to less production curtailment, which demostrates the efficiency of storage devices in
solving the temporary discrepancy problem between generation and consumption. Also,
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P [kW]

300
250
200

100
50

by integrating the ESS, the use of polluting energy production technologies is drastically
reduced—especially the diesel generator, which, in this case study, is not started at all.

4.2. Scenario 2

For this case study, the desired survivability period as a goal in the optimal sizing of
the energy storage system is 3 days (N = 3). In this case, the obtained capacity of the ESS is
759.22 kW. The considered hourly demand and maximum generation of RES are depicted
in Figure 5. For PV production, similar profiles are considered for the 72-h analysis, while
for wind generation, both high and very low production hours will be considered.

500
400
< 300
=
o, 200
100
0
1 4 7101316192225283134374043464952555861646770 1 4 7101316192225283134374043464952555861646770
Time [h] Time [h]
PL1 PL2 PL3 PV WT
(a) (b)

Figure 5. The MG load curves (a) and forecasted PV and WT production (b) for Scenario 2.

Figure 6 illustrates the ESS behavior over the 3-day period. It can be observed that
during the first day, longer charging periods take place to ensure the necessary reserve
to supply the critical load during the second operation day, which consists of low wind
generation. On the other hand, prolonged charging periods occur during the last day of
analysis in order to achieve the demand-production balance without resorting to wind and
solar curtailment, as total power demand decreases while RES production is high.

400 100

300 80
= 60 =
EZOO . U
‘\—'100 X 8

20

1 4 7 1013 16 19 22 25 28 31 34 37 40 43 46 49 52 55 58 61 64 67 70
Time [h]
. Pch Pdis SOC

Figure 6. The hourly operation of the ESS (Scenario 2).

Once again, the scenarios with and without the ESS are compared in Figure 7. It can
be easily noted that without the use of ESS, load shedding measures (especially Load 3)
are required for several time intervals throughout the 3 days. Also, the operation of the
microturbine and the diesel generator is intensified, with multiple hours of operation at
maximum capacity. Unlike the previous scenario, due to lower production from RES—even
with ESS installation—it is necessary to start up the diesel generator to guarantee the load
supply during peak demand.
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Figure 7. Optimal power dispatch during 72 h resilient operation: (a) without ESS, (b) with ESS.

4.3. Scenario 3

Finally, a 7-day analysis was performed. For this case study, the obtained sizing of
the ESS is 584.48 kW. The considered load and RES generation curves are illustrated in
Figures 8 and 9. Once again, Load 1 is described by slight variations in consumption,
while Loads 2 and 3 feature peaks and valleys in power demand. During the 7 days of the
analysis, different production conditions for solar and wind were considered.
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Figure 8. The hourly load curves for Scenario 3.
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Figure 9. The hourly RES production curves for Scenario 3.

Figure 10 depicts the ESS operation planning over the 7-day period. It can be observed
that charging mode focuses on RES peak production intervals, while discharging takes
place during low generation hours. In the last two days of the analysis, the overlap of high
wind production periods with the low consumption hours of Load 3 causes the charging-
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discharging cycles of the storage system to intensify in order to avoid RES generation

curtailment.
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Figure 10. The hourly ESS operation (Scenario 3).

The comparative results between the cases with and without the storage system are
illustrated in Figures 11 and 12. In terms of pollutant generation units, it can be observed
that in the first case, the use of diesel is mandatory to ensure critical load supply during
peak intervals. The diesel unit is used along with Load 3 shedding in the second case—
but only during the first hours of the outage—as a correlation between reduced wind
generation and low ESS charge. However, for the rest of the 7-day period, the need of diesel
and load shedding measures is completely eliminated due to the ESS operation.
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Figure 11. Optimal power dispatch during 7-day resilient operation case without ESS.
1000
ill Al
500 | ||| | || ||Inl |I|I

—TA
155
(o1

= o

)

PV mWT mPdis mPL1 mPL2 mPL3 mDiesel mMT mPch

P [kW]
o
= —
=
= 9
=

|

Time [h]

-500

—-1000

Figure 12. Optimal power dispatch during the 7-day resilient operation case with ESS.

4.4. Overall Results

The overall operation costs for the analyzed case studies are centralized in Table 7 for
both cases (with/without ESS). It can be observed that for all cases, the optimal ESS sizing
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and scheduling reduce the MG operation costs by 65.74%, 29.51%, and 62.57%, respectively.
These massive cost reductions are due to a better exploitation of the solar and wind power
potential, which allows the minimization of the load shedding rates, simultaneously with a
decrease in polluting generation technologies use. These aspects are visible in Scenarios 1
and 3, in which the operating costs of controllable generators and GHG emission penalties
decrease by 99.74% and 73.7%, respectively.

Table 7. Main MG operation costs.

. Cce CEmissions Ckss CoeM Csheddin MG Total
Scenario Case €] €] €] €] [€] = Operation Costs [€]
, Without ESS 242435 113.21 0 396.98 826.12 3760.66
Scenario 1 With ESS 17.423 0.2839 760.05 510.3561 0 1288.11
, Without ESS  15,704.58 719.86 0 913.14 15,933 33,270.58
Scenario 2 With ESS 18,674.6 839.73 2876.6 1058.7 0 23,449.63
. Without ESS  27,258.12 1266.65 0 2400.8 16,822 47,747 57
Scenario 3 With ESS 6760.1 333.06 5167.3 2723.9 2886.1 17,870.49

In terms of supply restoration rates, it can be observed in Table 8 that without storage
possibility, full supply of the loads during peak hours cannot be achieved. Despite ensuring
100% supply for Load 1, the load shedding for Load 2 reaches 1.68% for Scenario 2 and
25.84% for Load 3. However, with the improved interaction between the MG components
due to the ESS integration, the reduction in load shedding penalties allows an extension in
MT and diesel use. Without ESS, the sharp load variation and the limited ramp up/down
capabilities of the controllable generation units confine the MT and diesel use, leading to
higher rates of load shedding. Applying the resulting operating plan, the load curtailment
costs are reduced to zero in Scenario 2.

Table 8. Load shedding rates.

Scenario Case Load 1 [%] Load 2 [%] Load 3 [%]
, Without ESS 0 0 5.74
Scenario 1 With ESS 0 0 0
. Without ESS 0 1.68 25.84
Scenario 2 With ESS 0 0 0
, Without ESS 0 0.61 13.28
Scenario 3 With ESS 0 0 273

To evaluate the algorithm’s performance regarding the MG resilience enhancement,
the restoration and resilience indices defined in Section 2 are further computed in Table 9.
If the restoration index is a quantitative indicator that monitors the loads’ restoration rate
regardless of their type, the resilience index is a qualitative indicator that monitors the
effectiveness of resilience strategies in terms of prioritizing the most important users. On
these grounds, higher values of the resilience index, with respect to the restoration index,
reveal efficient and resilient strategies as the limited generation resources are focused on
the critical loads in the event of a long-term failure.

Table 9. Resilience indexes values.

Scenario Case Irestomtion Iresilience

. Without ESS 0.9872 0.9997
Scenario 1 With ESS 1 1

_ Without ESS 0.9257 0.9943
Scenario 2 With ESS 1 1

, Without ESS 0.9654 0.9978
Scenario 3 With ESS 0.9932 0.9999
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It can be noted that, compared to the scenario without ESS, the use of the energy
storage system leads to indices closer to the maximum value in all three analyzed cases.
However, for both cases, the optimization algorithm concentrates the microgrid resources
on the critical loads supply, resorting to load shedding only among lower priority categories.

5. Conclusions

Energy storage systems are a recent and relevant topic in the field of energy efficiency,
as they can help overcome the dependence on the main grid and can successfully improve
the utilization of renewable energy sources. This paper proposes a deterministic ESS sizing
approach focused on resilience enhancement for the remote users’ supply, as the optimal
coordination of the ESS, renewable energy sources, and controllable generators maximizes
the critical loads operation. In this regard, the total operation costs of a remote microgrid
are considered in order to establish the proper capacity of the ESS. Based on the obtained
results, it can be concluded that the optimal sizing of the energy storage system can provide
the essential flexibility of a remote microgrid to fulfill the electricity demand during a
multi-day interruption, without employing load and generation curtailment strategies.
To prove the algorithm’s efficiency, three scenarios with different survivability periods
set as goals were analyzed for a test microgrid. In all three cases, the integration of an
optimally sized ESS led to an increase in the load restoration rate, despite the low RES
generation conditions. At the same time, the total operating costs of the microgrid were
significantly reduced, with polluting generation technologies being used to a lesser extent.
Within these scenarios, various production and consumption profiles were analyzed to
investigate the efficiency of the algorithm. The resulting sizes of the energy storage system
varied depending on the analyzed case. The largest obtained size, of 759.22 kW rated
power, resulted in Scenario 2, in which a 3-day survivability was desired for the MG.
Here, extreme conditions were considered as operating scenarios by combining days with
low RES production correlated with high consumption and days of high production with
low power demand. To compensate for these sudden variations while maintaining the
power balance in the MG without resorting to load or generation curtailment, a higher
dimensioning of the ESS was necessary. The smallest size of the ESS was obtained in
Scenario 3, where the longer period of operation allowed a more efficient distribution of
resources throughout the 7 days of operation. Since the purpose of the analysis was the
resilience enhancement in terms of operation planning, two quantification indicators were
defined, namely the restoration index and the resilience index. Following their calculation,
higher values were obtained by integrating the optimally sized ESS. However, even without
ESS, the proposed operation scheduling algorithm prioritized the critical users for supply,
at the expense of a higher rate of load shedding from lower-importance categories.
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