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Abstract

The growing frequency and severity of extreme events, both natural and human-induced,
have heightened concerns about the resilience of power systems. Enhancing the resilience
of power systems alleviates the adverse impacts of power outages caused by unforeseen
events, delivering substantial social and economic benefits. Energy storage systems play
a crucial role in enhancing the resilience of power systems. Researchers have proposed
various single and hybrid energy storage systems to enhance power system resilience.
However, a comprehensive review of the latest trends in utilizing energy storage systems
to address the challenges related to improving power system resilience is required. This
critical review, therefore, discusses various aspects of energy storage systems, such as type,
capacity, and efficacy, as well as modeling and control in the context of power system
resilience enhancement. Finally, this review suggests future research directions leading to
optimal use of energy storage systems for enhancing resilience of power systems.

Keywords: energy storage system; extreme events; power outage; power system resilience

1. Introduction

Due to climate change, the frequency and intensity of natural disasters are increasing.
Natural disasters such as wildfires, floods, earthquakes, and ice storms are significant
causes of extensive, prolonged power outages that adversely affect industrial production,
human health, and the economy [1]. Table 1 shows the large-scale power outages caused
by some recent natural disasters. Power system resilience refers to the capacity to minimize
the severity, impact, and duration of degradation, ensuring the continuity of essential
services after an extreme event [2]. Traditionally, diesel generators were used to provide
backup power during prolonged outages for resilience enhancement. However, concerns
regarding environmental impacts, fuel accessibility during natural disasters, and fuel costs
have shifted the focus toward using energy storage systems (ESSs) instead [3].
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Table 1. Some recent natural disasters and their power outages.

Number of Power

HILP Event Year Reference
Outages

Los Angeles (LA) Wildfire 2025 425,000 [4]

Hurricane Beryl in Texas 2024 2,700,000 [5]

Hualien Earthquake in Taiwan 2024 308,000 [6]

US Spring Storm and Flood Event 2024 400,000 [7]

Northern Michigan Ice Storm 2025 100,000 [8]

The deployment of ESSs is an effective strategy for improving power system resilience.
They can bridge the gap between demand and supply, improving power system stability,
reliability, and power quality [9]. Moreover, ESSs provide the initial energy during the tran-
sition from grid-connected mode to isolated mode of operation for microgrids (MGs). ESSs
can be installed at all levels of the power system including generation (large-scale ESSs),
transmission, distribution, and load side [9]. They can be utilized for system hardening,
distributing, smartening, and building purposes against natural disasters [10]. Researchers
have explored various single and hybrid ESSs in stationary and mobile configurations,
each offering unique advantages in terms of performance, scalability, and cost-effectiveness.
However, with evolving grid dynamics and increasing penetration of renewable energy
sources, a comprehensive understanding of the latest advancements in ESS applications for
resilience enhancement is essential.

This study aims to address the knowledge gap by critically reviewing recent literature
about the impact of ESSs on power system resilience. It examines key aspects, such as
the optimal sizing and placement of ESSs as well as the techno-economic implications of
various topologies, to improve power system resilience against natural disasters.

The role of ESSs in enhancing power system resilience has been reviewed by several
authors. The authors in [1] have reviewed the allocation and economic evaluation of mobile
energy storage systems (MESSs) in improving power system resilience against natural
disasters. However, most of the research on MESSs has been published in the last two
years, which needs to be critically reviewed. In [11], the role of ESSs in providing black start
services has been reviewed. Nevertheless, the role of ESSs in resilience improvement is a
broader concept, which covers not only black start, but also some other roles performed by
ESSs, before, during, and after the occurrence of extreme events. The review in [3] focuses
exclusively on electric vehicles (EVs) and examines their role in enhancing resilience.
However, this work is limited to EVs, and most of the reviewed literature was published
before 2021. Since then, many additional research studies on this topic have emerged. To
address these gaps, this paper offers a comprehensive review of the impacts of ESSs on the
resiliency of power systems. The contributions of this paper are outlined below:

e  To assess the role of optimally sized and placed stationary ESSs (SESSs) in enhancing
power system resilience.

e Toinvestigate the optimal utilization of MESSs in providing emergency support during
natural disasters.

e To highlight the effectiveness of stationary-mobile-integrated ESSs (SMI-ESSs) for
improving resilience.

e To evaluate the impact on resilience by combining the ESSs with complementary
characteristics to form hybrid energy storage systems (HESSs).

e  To elaborate the correlation between resiliency indices and ESSs.

The paper is organized as follows: Section 2 explains the methodology used for this
literature review. Section 3 discusses different aspects of power system resilience. Section 4
discusses the role of ESSs in enhancing power system resilience. Section 5 covers the
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impact of natural disasters on ESSs. Section 6 provides the conclusions, whereas the
recommendations for future research are presented in Section 7.

2. Literature Review Methodology

This work aims to provide a comprehensive review of the critical role of ESSs in
enhancing power system resilience. For this study, a step-by-step procedure has been
followed for shortlisting the most relevant and recent articles. The selection and screening
approach is depicted in Figure 1.

¢ Appropriate keywords are used to
find literature in Scopus, IEEE

Initial Search Xplore and Google Scholar (646)

e Articles written in languages other than

. ) English are excluded along with articles
First Screening involving cyber attacks (575)

eSubject areas other than Engineering and Energy
) are excluded (526)
Second Screening

*Only journal articles and review papers are retained (251)

Third
Screening

*Only the most relevant and recent articles are retained for the
final review (100)

Sc ng

Figure 1. Step-by-step search and screening methodology.

The final collection of articles comprises those published over the last five years, as
this timespan covers most of the research carried out on improving power system resilience
through ESSs.

Initially, the documents related to ESSs and power system resilience were searched
in eminent scientific databases including Scopus, IEEE Xplore, and Google Scholar. Spe-
cific keywords, such as (“energy storage” AND “power system” AND (“resilience” OR
“resiliency”)) were used as the primary selection criteria. Initially, 646 documents were
found using the search terms. The first screening stage reduced the total number of papers
to 575 by eliminating the papers related to cybersecurity and languages other than English.
Cybersecurity-related studies were excluded from this review, which focuses specifically
on power system resilience to natural disasters—such as wildfires, floods, earthquakes,
and windstorms—as outlined in the previous section. In the second screening stage, papers
unrelated to engineering and energy subjects were excluded, resulting in 526 remaining
papers. In the third screening stage, only the journal articles and review papers were
retained, thereby limiting the number to 251. The distribution of articles over the last
decade is depicted in Figure 2.

It can be observed that a sharp rise in the publications has occurred since 2023. In the
final screening stage, the manual elimination of the less relevant articles was carried out,
and 100 most relevant and recent articles, published in the last five years, were shortlisted
for review.
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Figure 2. Distribution of 251 articles obtained from the third screening stage over the last decade
(2016—January 2025).

3. Power System Resilience
3.1. Definition and Indices

Power system resilience refers to “the ability of power systems to withstand low-
probability high-impact incidents in an efficient manner while ensuring the least possible
interruption in the supply of electricity, and further enabling a quick recovery and restora-
tion to the normal operation state” [12]. Resiliency within power systems can be broadly
classified into two main categories: short-term operational resiliency and long-term infras-
tructural resiliency [12-14].

Short-term operational resiliency pertains to a system’s capacity to maintain electricity
supply to end-users during and immediately after extreme events. This classification
emphasizes the system’s dynamic response across the different phases of a disturbance
before, during, and after the disruptive event. The level of resilience in such situations is
shaped by real-time operational strategies, the flexibility of load demand profiles, and the
responsiveness of generation assets to adapt to changing conditions [15,16].

Long-term infrastructural resiliency, on the other hand, focuses on the robustness
of physical components within the power system to endure and withstand high-impact
low-probability (HILP) events. This aspect involves strategic planning and system design
to strengthen the grid against future threats, often utilizing historical data from past events
to guide infrastructure upgrades and network expansion [15].

These two types of resiliency also correspond to different power system layers, includ-
ing [17]

e  Generation system resiliency, which involves measures such as securing fuel supply
chains, incorporating on-site fuel storage, ensuring resilient transport infrastructure,
and maintaining grid interconnections.

e Transmission system resiliency, which includes adopting energy storage at the trans-
mission level, applying preventive and corrective actions, and deploying robust trans-
mission technologies.

e  Distribution system resiliency, which involves integrating distribution-level storage
and resilient technologies that enhance local grid adaptability.

e  Customer-level resiliency, which can be achieved using distributed energy resources
(DERs), demand-side flexibility, and thermal or battery storage systems.

This section explores advancements in resilience metrics by examining their general
attributes and characteristics.
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3.1.1. General Characteristics of Power System Resilience Indices

Resilience metrics in power systems are generally classified into two categories:
attribute-based and performance-based metrics [18,19]. Attribute-based metrics focus
on identifying the characteristics that enhance or diminish system resilience compared to
its current state. These metrics assess various attributes, such as robustness, adaptabil-
ity, resourcefulness, and recoverability [12,14]. Conversely, performance-based metrics
provide a quantitative measure of system resilience by evaluating infrastructure outputs,
disturbances, and resilience indicators.

Several key recommendations for developing resilience metrics have been proposed
in [15,18,19]. These recommendations suggest that resilience metrics should

e  Focus on HILP events and their consequences, such as loss of load, financial losses,
recovery costs, the number of affected individuals, critical load disruptions, and
business interruptions;

e  Be performance-oriented rather than solely attribute-based;

e Incorporate intrinsic uncertainties influencing response and planning activities;

e  Be straightforward, applicable for both retrospective and predictive analysis, and
highly consistent;

e  Account for the spatial and temporal correlations of natural disasters in their impact
on power system resilience;

e  Provide assessments at both the system-wide and component-specific levels.

3.1.2. Reliability-Based Indices

Several reliability-based metrics have been introduced in [20-23] to assess power
system resilience. In [20], a time-series analysis approach was developed to establish a link
between system resilience and factors such as loss of load frequency (LOLF), energy not
supplied (ENS), loss of load expectation (LOLE), capacity margin, and the occurrence of
severe storms. Meanwhile, the work in [21] evaluated resilience by analyzing the extent of
load loss following catastrophic events. In [22], four key metrics were proposed to assess
the impact of extreme events on MGs:

e  Metric-K—estimates the expected number of line outages caused by destructive events.

e LOLP (loss of load probability)—quantifies the probability of load loss during ex-
treme conditions.

e  EDNS (expected demand not supplied)—measures the anticipated shortfall in demand
due to disruptions.

e  Metric-G—evaluates the complexity of grid recovery following an event.

3.1.3. Indices Based on Resilience Features

Numerous resilience metrics have been developed based on power system attributes,
such as resourcefulness, rapid recovery, robustness, and adaptability [24]. One study [25]
proposed five key metrics: (i) load-shedding investment costs (resourcefulness), (ii) restora-
tion savings costs (rapid recovery), (iii) algebraic connectivity (robustness), (iv) betweenness
centrality (robustness), and (v) adaptability percentage (adaptability). These parameters
are weighted to determine an overall resilience metric. Another study introduced three
resilience metrics [26]: (i) flexibility metrics, which measure the proportion of load served
after each recovery iteration through topology control relative to total demand; (ii) outage
cost recovery metrics, assessing regained customer interruption costs after corrective ac-
tions; and (iii) outage recovery capacity metrics, evaluating the percentage of recovered
load in each recovery step relative to the total lost demand.
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The concept of resilience curve has been used to model and quantify resilience as a
time-dependent function relative to disruptive events [15]. Based on this framework, a set
of metrics, known as FLEP, has been proposed [13,27]:

F (Fast): How quickly resilience declines during the initial disturbance;

L (Low): The extent of resilience degradation in the first phase;

E (Extensive): The severity of system impairment in the post-disturbance phase;
P (Prompt): The speed at which the system recovers.

According to [28], the FLEP-based approach allows quantifying resilience as an area-
under-curve, providing a comprehensive measure of system performance across disruption,
restoration, and post-restoration phases—something traditional reliability metrics are
structurally unequipped to handle. Hence, FLEP metrics offer granularity, dynamic insight,
and actionable data for resilience planning, making them superior for evaluating power
systems’ response and adaptability to HILP events [27].

Additionally, the resilience curve has been employed to develop a metric that evaluates
critical load supply in restorative and post-restorative states [28]:

t+T0
R = t F(t)dt (1)

In (1), F(t) represents the system performance function, while ¢, denotes the point
in time when the restoration phase begins, and T° signifies the total duration of both
the restoration and post-restoration phases. Comparable metrics have been introduced
in prior research [29-31]. The resilience curve (Figure 3) is segmented into four distinct
states and three transitions between these states. The four states include resilient state,
post-event degraded state, post-restoration state, and infrastructure recovery state [12].
The three transitions consist of event progress, restoration, and maintenance. The system’s
resilience level before an event occurs is represented by Ry, where R denotes an appropriate
resilience metric. The first state, known as the resilient state (fy — t.), continues until the
disruptive event impacts the network at time t,. During this state, preventive strategies
are recommended, and the system should exhibit robustness to maintain a high level of
resilience. The degradation transition (Ry — Rp) is illustrated as a curve over the duration
(te — tpe), reflecting the decline in resilience. To enhance operational flexibility, the post-
event degraded state (t,. — f) is introduced as the second state, incorporating network
reconfiguration strategies that leverage resourcefulness and redundancy. Following this,
the restoration process (t, — t,r) marks the system’s gradual return to an intermediate
resilience level R, assuming a recovery process. The post-restoration state (f,, — t;;)
accounts for logistical delays, such as the travel time of repair crews and the procurement
of spare components, while the system remains at the intermediate resilience level R,.
Finally, during the maintenance period (t; — t,;r), the system undergoes full restoration,
ultimately reaching the infrastructure recovery state and regaining its original resilience
level Ry.

Studies in [32,33] define power system resilience as the ratio of the area under the target
performance curve to that of the actual performance curve. Typically, the target performance
curve is modeled as a constant, whereas the actual performance curve fluctuates over time
due to system restoration efforts and the impact of major disruptions. Additionally, a
resilience metric based on the maximum decline in system performance and associated
losses has been introduced in [34,35], formulated as follows:

R =100 (1 - LM’”) 2)

max



Energies 2025, 18, 3883

7 of 54

Resilience Level (R)

pe

Robustness/
Resistance

where Ly, represents the maximum observed decline in system performance, while
Linax denotes the total loss experienced by the operator in a scenario where all loads and
distributed generators are completely disconnected.

A separate resilience metric, which considers the duration and profile of an event, has
been introduced in [36] and is defined as follows:

T; + FATf + RAT;

Resili =
esilience T,+ AT, 1 AT,

)

where F represents the failure profile, while R denotes the recovery profile. Additionally,
T; corresponds to the time of incident occurrence, ATy indicates the duration of system
failure, and AT, represents the recovery period.

A resilience metric grounded in the Cobb-Douglas Production Function—incorporating
the factors of anticipation, adaptation, perception, and response—has been introduced
in [37] and is defined as follows:

CR = AP + ADP + P7 + RD? 4)

where CR represents collective resilience, while A, AD, P, and RD correspond to the
system’s ability to anticipate, adapt, perceive, and respond, respectively. The exponents (p,
B, v, and @) denote the relative importance of each ability, with their sum constrained by
ptp+r+e=1

o ional Resili Infrastructural

perational Resilience Resificiice

Resourcefulness/ Redundancy/ Response/ Robustness/ Infrastructure
Adaptive self-organization Recovery Resistance Recovery State

Maintenance

1 1
Resilient State |
1 1
1
1 ) 1 . \ 1
1 Event Restoration 1 Post-restoration | 1
1 Progress : State 1 :
! 1
1 1 1 1
1 1 | 1
1 1 | 1
-------- bo---- : : .
1 : Post Event Degraded State : | i I
] 1 E 1 -
to te tpe tr tpr tir tpir

Time
Figure 3. Resilience vs. time curve [38].

In [39], resilience was quantified as the inverse of the average comprehensive load
loss, with a focus on critical loads. A separate metric introduced in [40] assessed resilience
in multi-microgrid (MMG) systems by computing the average total energy curtailment
during disruptions. In [41], a resilience metric was formulated to measure functional service
degradation during extreme events. Graph theory and the Choquet integral were utilized
in [42] to develop a resilience metric for distribution networks (DNs). This approach
incorporates seven key factors: overlapping branches, path redundancy, repeated energy
sources, switch operations, penalty factors, probability of availability, and the dominance
of an aggregated central point. Moreover, ref. [43] proposed a resilience evaluation metric
specifically for earthquake scenarios. This metric is based on the ratio of discharged energy
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from a battery energy storage system (BESS) during emergencies to the energy required by
critical loads.

Despite the existence of numerous metrics to assess power system resilience, these
metrics often fall short of fully capturing the resilience of power systems [25,44]. The
limitations include (i) an underestimation of high-impact events while primarily focusing
on normal operating conditions, thereby failing to adequately address outages caused by
severe natural disasters; (ii) the use of a flat-rate pricing scheme for lost load, which does
not account for the compounded cost when outages caused by natural disasters persist
for extended periods [45]; (iii) relying solely on the probability of system failure may
not be sufficient, as evaluting HILP probability using historical data can be difficult [46];
and (iv) focusing on short-range timescales to assess system performance during a single,
isolated HILP event, cannot account for the entire temporal span and progression of the
disruption [44].

To effectively capture power system resilience, resilience metrics should (i) address
the realistic and comprehensive impacts of HILP events such as extreme weather events;
(ii) adjust the cost of lost load based on the duration of the outage caused by natural
disasters; (iii) account for social, geographical, and safety consequences of disruptions;
and (iv) adopt a time-dependent quantification of resiliency that captures a wide range of
disruption scenarios across the entire duration of a HILP event [44-46].

3.2. Challenges Associated with Power System Resilience

Aging infrastructure, rapid demand growth, environmental concerns, diverse gen-
eration sources, and political and regulatory challenges may compromise the resilient
operation of power systems during HILP events [47]. Several challenges to the power
system resiliency and their enabling factors are presented in Figure 4. A brief description
of these challenges is given below.

AGING INFRASTRUCTURE DIVERSITY OF GENERATION

Time and wear

Technological obsolescence

Lack of maintenance and

e Resource availability
e  Energy policies and regulations

e  Technological advancement

upgrade e  Environmental concerns
Environmental factors e Energy security and equity
Overloading CHALLENGES e  Economic factor

Population growth

POLITICAL AND REGULATORY

e  Regulatory framework

Economic development e  Policy coherence

Urbanization

Energy transition

e  Public-private partnership

e  Political drive

Quality of life improvement e Cross-sector collaboration

Figure 4. Challenges for power system resilience [10].

3.2.1. Aging Infrastructure

Several power plants and their infrastructure are decades old, leading to higher failure
frequencies compared to similar new components. In addition, they require regular, costly
maintenance, which may be difficult due to the geographical disparity of the components
and strict budget constraints.



Energies 2025, 18, 3883

9 of 54

Smartening

loT-enabled Technology

3.2.2. Growing Demand

The growing demand is putting additional pressure on the existing infrastructure and
necessitating its expansion.

3.2.3. Diversity of Generation

The integration of renewable-based resources, DERs, and storage is increasing the
complexity of power systems. The power system nature is becoming more distributed and
diversity of DERs is enabling several vulnerabilities in the network.

3.2.4. Political and Regulatory

Due to climate change and global warming, extreme weather events such as floods,
earthquakes, and wildfires are increasing worldwide [48]. Lack of awareness and insuffi-
cient policies and regulations for power system resiliency pose major challenges in ensuring
the resiliency of the power grid.

The increasing frequency of extreme weather events due to climate change demands
greater power system resilience [48]. However, inadequate regulatory frameworks and
limited policy awareness hinder the deployment of multi-energy storage systems. Existing
grid codes often lack clarity on multi-energy storage systems’ participation in ancillary
services and impose classification issues that restrict market access [49]. Additionally,
regulatory inconsistencies in interconnection and licensing may delay projects, particularly
for distributed and community-based ESSs.

Social equity is another critical issue for underserved communities which often lack
access to energy storage due to limited funding and policy support [50]. The Victorian
Neighbourhood Battery Initiative in Victoria, Australia, offers a promising model by sup-
porting local battery deployment and grid resilience in disadvantaged areas [51]. Early
outcomes demonstrate improved community engagement and equitable energy access [52].
Addressing these regulatory and equity gaps is essential for inclusive, system-wide re-
silience planning.

3.3. Measures to Enhance Power System Resilience

Enhancing power system resiliency is crucial to combat extreme events across generation,
transmission, and distribution levels. The enhancement strategy of power system resilience
can be categorized into four pillars—smartening the network, hardening the structure, inte-
grating distributed generation, and building efficiency, as shown in Figure 5 [10].

Hardening/Reinforcing Distributing Building

Renewable energy

Undergrounding generation

Energy efficient structure

Automatic outage detection Upgradation Forming microgrid Large storage technology

Reliable forecasting

self-healing mechanism

Expansion and

. - Passive solar
reconfigureation

Redundancy
Vegetation management Ancillary services Mobility service

Control methods Mini and micro generation

Demand side management

Figure 5. Categories of enhancement strategies of power system resiliency [53].
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3.3.1. Smartening

Smart power systems integrated with emerging technologies, smart metering infras-
tructure, communication protocols, and digitalization and interconnected structures enable
real-time monitoring, situational awareness, smart control, and adaptive protection of the
network [54]. Moreover, automatic outage detection and reliable forecasting can signifi-
cantly reduce power system vulnerability and enhance resilience in the face of disasters.

3.3.2. Hardening/Reinforcing

Hardening/reinforcing measures ensure robust and resistant infrastructure that can
minimize the physical consequences of extreme events on the power system. Poles and
towers can be upgraded, critical overhead lines can be replaced by underground lines,
and substations can be elevated as resiliency enhancement measures to combat against
disasters. For example, the failure probability of overhead lines is 0.3, whereas the failure
probability of underground pipelines is 0.1 against natural disasters [55]. In addition,
designing redundant transmission routes and vegetation management help to minimize
power disruption.

3.3.3. Distributing

Distributing plays a significant role in enhancing resiliency through various planning
and operational schemes such as renewable integration, MG formation, restructuring
ancillary services, reconfiguring networks, and adopting control algorithms [53]. MGs
with sufficient levels of generation capacity and ESSs can exchange power to the main
grid and can be self-sustained during outages of the main grid, as shown in Figure 6. As
shown in Figure 6a, consumers outside MGs experience degraded system performance and
may suffer from outages during extreme events until the restoration process is completed.
On the other hand, as shown in Figure 6b, consumers within MGs benefit from a more
sustained power supply during extreme events, due to the strategic management of DERs
and ESSs, until reconnection to the main grid.

Extreme event  Condition Restoration  Restoration
Normal  Degraded Degraded = Normal
Time
Before During After
(a) Outside microgrids
Extreme event Disconnection Reconnection
Normal  Degraded Sustained Normal
Time
Before During After

(b) Inside microgrids
Figure 6. Operating conditions of MG during critical events: (a) outside MG (b) inside MG [53].

3.3.4. Building

Building mini and microgrids with energy-efficient structures, energy storage backup
facilities, passive solar utilization, and use of thermal mass can reduce the dependencies on
the power grid and accomplish a resilient power system. PV and BESS can be integrated to
support the grid during emergencies and improve overall resilience [56]. In addition, during
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emergencies, power can be provided using MESSs. Furthermore, recent developments in
EV charging infrastructure have excellent potential for enhancing resiliency during extreme
events [57].

4. Role of Energy Storage Systems in Enhancing Resilience

ESSs in various configurations, such as SESSs, MESSs, SMI-ESSs, and HESSs, play
a vital role in enhancing resilience. They enhance power system stability; support MG
development; and offer black start capability, energy arbitrage, and ancillary services,
thereby improving overall power system resilience.

4.1. Role of Stationary Energy Storage Systems (SESSs)

Several researchers have proposed optimal sizing and placement of SESSs to improve
power system resilience against HILP events, as discussed below.

4.1.1. Specific Natural Disasters

Some researchers have modeled a typical natural disaster and its impact on power sys-
tem to develop resilience against it. Using SESSs to enhance resilience against windstorms,
hurricanes, typhoons, earthquakes, wildfires, and ice disasters is discussed in this subsec-
tion. Figure 7 illustrates natural disasters considered in the reviewed SESS-related studies.

Extreme Cold/Ice Disaster

Wildfires

Earthquakes

LA

Extreme Winds/Hurricanes/Typhoons

Figure 7. Disastrous events considered in the reviewed studies related to SESSs.

The techno-economic feasibility of the hybrid system comprising solar PV, ESS, and
diesel generator, as well as optimal sizing of solar PV and BESS, is provided in [58] to
enhance the resilience of three critical buildings (high schools, fire stations, and residential
areas for the elderly) against hurricanes. The results reveal that the addition of ESS makes
the system more economical in improving resilience as it reduces the reliance on utility for
meeting load demand. Moreover, although diesel generator has a lower initial cost, the
lifecycle cost of solar PV and storage is lower than a diesel generator. In [59], the Hydrogen
Storage System (HSS) is used to improve resilience against hurricanes, earthquakes, and
extreme cold weather. Each of these events occurs once during the 20-year planning horizon
in that study. Information-gap decision theory (IGDT) is used to model the uncertainty
of extreme events. The simulation-based results indicate that a resilience improvement of
over 93% can be achieved with a 10% increase in the resilience budget. Similarly, the work
in [60] improves short-term resilience against hurricanes using a three-stage optimization
strategy. The first stage minimizes the installation cost of MGs. The second stage minimizes
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electrical demand deviation from optimal value to implement demand side management
(DSM). Lastly, the third stage minimizes operation cost and loss of power supply probability
(LPSP) while ensuring that ESSs are charged by local generation and their stored energy
is consumed locally [60]. Consequently, the LPSP for an integrated energy hub (EH)
comprising electricity—heat—gas is improved by 52.2%.

Resilience against windstorms for interconnected EHs is improved using ESSs in [61].
The stochastic optimization scheduling maximizes profit during normal operation hours
and minimizes load shedding during outage duration. A 64% and 76% reduced load
shedding was achieved using peer-to-peer (P2P) energy trading alone and P2P with the
use of ESSs, respectively. The authors in [62] have proposed convex formulation for line
hardening and outage probability modelling against windstorms, incorporating the use of
ESSs. The proposed joint planning and operation strategy has brought 46.15% reduction in
load shedding cost and 42.45% reduction in investment cost as compared to planning-only
results. Similarly, compared with only operational methodology, a 40.63% and 25.32%
reduction in load shedding cost and investment cost is achieved. Hence, it is concluded
that the combined planning and operation optimization provides improved results in terms
of economy and resilience as compared to applying planning and operation individually.
A two-stage optimization model is presented in [63] to improve distribution system (DS)
resilience against extreme winds by optimally placing BESSs. The impact of critical period
(from one hour to several hours after the disaster, obtained from historical data) on re-
silience index was plotted, which shows that for a shorter critical period, batteries with less
power cost (USD/MW) perform better in improving resilience index (RI). Conversely, for a
longer critical period, batteries with low energy price (USD/MWh) perform better. The
authors in [64] propose a risk-averse three-stage robust reliable and resilient DS expansion
planning model. The optimal location and sizing of BESSs has been suggested for resilience
enhancement against the risk from extreme winds. Moreover, hourly reconfiguration de-
sign has been proposed. The results reveal that a higher resilience requires more investment
as well as more penetration of BESSs. In [65], resilience against windstorms of an active
distribution network (ADN) is improved by optimal placement of steam turbines, wind
turbines (WTs), and BESS. The results suggest that the proposed scheme enhances resilience
by 57.03% for IEEE 33-bus network.

In [66], a two-stage optimization was performed for optimized planning and operation
of underground ESSs (UESSs) against ice and typhoon. The planning stage determines
optimal capacity and power of UESS, and the operation stage performs daily optimal
dispatch. The study suggests, although UESSs are more expensive than above-the-ground
ESSs, they become economically justifiable in the case of severe extreme events. Resilience
against typhoons is improved through restorative actions using the optimal number and
location of PV—energy storage—charging station (PV-ES-CS) in [67]. A bi-level strategy for
hybrid AC/DC DNs was used. The combined balancing of resilience and economy for
finding the optimal size and location of BESSs increased resilience by 62.29% and economic
benefit by 63.33% as compared to using individual single-objective models. A tri-layer
stochastic robust optimization (SRO) strategy is proposed in [68] for pre-disaster planning
of a hydrogen-electricity integrated energy system (H-EIES) to enhance resilience against
typhoons. The outer layer determines the capacity and location of H2Ps. The middle
layer finds out the most severe typhoons scenario, whereas the inner layer determines
the optimal system operation. Wasserstein generative adversarial network with gradient
penalty and the spectral clustering method to model the typhoon behavior were used. The
simulation shows that 95.7% reduction in losses related to load shedding is achieved by the
proposed strategy.
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The work in [69] combines grid side and demand side hardening by using SESSs
to improve resilience against earthquakes. In the first level, the probabilistic model of
earthquake is based on the Monte Carlo method, where peak ground acceleration (PGA)
and fragility-curve-based vulnerability assessment is performed along with determination
of optimal clusters. The cost optimization is performed in the second level. In [70], the
investment and operational costs (during normal and abnormal operating conditions) of
photovoltaic distributed generation (PVDG) and BESS are minimized while minimizing
load curtailment. Moreover, the impact of minimum state of charge (SOC) threshold during
normal operating conditions on resilience against earthquakes is evaluated. The results
reveal that the combined use of BESS and PVDG decreases load curtailment up to 55.46%,
but with an 8.57% increase in total cost as compared to the use of PVDG alone. Moreover,
the increase in minimum SOC during normal operation improves resilience by ensuring
energy backup for certain minimum number of hours, albeit requiring more investment in
BESS. The work in [71] uses the released seismic energy from an earthquake to estimate
PGA. The proposed dynamic generator resiliency model determines the impact of PGA
on the mechanical power of generators and evaluates the impact on synchronism status
of generators and transient stability of the power system. Resilience against wildfires
is enhanced in [72] through the use of ESSs. The impact of wildfire is modeled using
radiative heat gain to impact the dynamic thermal rating of the lines. The same wildfire
modeling approach is also adopted in [73]. The operation cost is minimized by formulating
the problem as a mixed-integer linear programming (MILP) optimization model. The
authors in [74] have proposed a fire danger index forecast methodology using a novel deep
feature selection neural network and a forecasting engine neural network. The study in [75]
reviews the direct and indirect impacts of wildfires on power systems. It highlights that
wildfires can impact energy resources, damage transmission lines and poles, and reduce
the capacity of transmission and distribution lines. The BESS and thermal energy storage
(TES) have been listed as the resilience enhancement measures.

Figure 8 presents a structured framework for analyzing the impacts of specific natural
disasters on power systems, categorizing them into four primary types: earthquakes,
extreme winds or windstorms, extreme cold or ice disasters, and wildfires.

Each disaster type is associated with a particular modeling approach tailored to
capture its unique characteristics. For earthquakes, a fragility model is employed to
evaluate seismic activities, specifically estimating the damage probability of electrical
infrastructure [62,63]. Extreme cold or ice disasters are typically analyzed through snowfall
intensity, frost depth, and duration and severity of sub-zero temperatures, focusing on, e.g.,
overhead line failures and wind turbine blade damages. Wildfires are assessed based on
the effects of radiation and convection, with dynamic line rating considerations [65,71]. As
conduction contributes to an increase in conductor temperature only when the fire is in
direct contact with the conductor, only convective and radiative heat transfer mechanisms
are considered here [76]. In the case of extreme winds or windstorms, the analysis focuses
on wind speed and gusts using fragility models to assess line outages [61]. Although the
Weibull distribution function remains the most commonly used method due to its simplicity,
it may not accurately capture the uncertain and distinct statistical behavior of wind [54,55].
As a result, some researchers have proposed non-parametric distribution models [77],
though studies in this area remain limited. To address these challenges more effectively, a
more robust approach involves the use of zonal-wind-speed-specific uncertainty sets [74],
which better account for spatial and probabilistic variations of wind behavior, thereby
enhancing resilience assessments.

The hierarchical framework in Figure 8 provides a comprehensive approach to eval-
uating the impacts of natural hazards on power system infrastructure, emphasizing the
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Figure 8. Modeling the impact of natural disasters on power systems.

4.1.2. Community-Level Solutions

Community-level storage projects provide benefits such as lower energy costs for the
community, participation in ancillary services and energy arbitrage, provision of backup
supplies to enhance resilience, and support in integration of renewable generations. The
Victorian Neighbourhood Battery Initiative is a good example of community-level storage,
where batteries ranging from 100 kW to 5 MW, located at street level, are connected in front
of the meter to the DS. They are also referred to as grid-scale batteries [51].

The work in [78] uses BESS as a cloud energy storage to enhance the resilience of the
IEEE 69-bus system. This multi-stage resilience strategy covers pre-avoidance, avoidance,
survival, and post-disaster phases of resilience. In [79], optimal sizing of distributed battery
energy storage (DBES) and community battery energy storage (CBES) has been obtained to
improve resilience against outages while minimizing net present cost (NPC). The results
reveal that despite higher capacity requirement, CBES outperforms DBES in terms of NPC
and resilience enhancement as it can participate in energy arbitration due to its larger
size. The work in [80] uses a geographical information system (GIS) integrated with multi-
criteria decision making to obtain optimum location and sizing of BESS to improve the
resilience of an urban area. The results show that while maintaining a total BESS capacity
of 1033 MWHh, the power shortage is reduced from 13,184 MWh in the baseline scenario
(without GIS-supported optimal deployment) to 12,931 MWh when using a GIS-informed
deployment strategy. This is attributed to the optimized spatial distribution of BESSs,
which ensures that regions with higher electricity demand are allocated sufficient storage
capacity. Based on the analysis reported in [80], the central and southern regions of Yau
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Tsim Mong, Hong Kong are found to be more suitable for BESS installation, while the
northern and peripheral areas are found to have lower suitability.

4.1.3. Behind the Meter Energy Storage

Nowadays, most of the behind the meter (BTM) ESSs are integrated with solar PV,
with BESS as the leading storage technology [81]. BTM ESSs are utilized by many critical
facilities to be used as a backup supply. BTM ESSs, when coupled with rooftop solar PV, can
provide longer backup during public safety power shutoffs (PSPSs) lasting for several days
depending on the size of these systems and rating of the loads [82]. Their installed capacity
is expected to approach 20 GW by the year 2025 [81]. However, most of the research works
have focused on the use of grid-side hardening solutions for resilience enhancement as
compared to demand-side hardening. Some research works highlighting the effectiveness
of BTM ESSs are discussed here.

In [83], BTM ESSs are analyzed in improving the resilience of mission critical facilities.
It is observed that by selecting the ESSs rated at 75% of the peak demand of the facility and
4 h discharge capacity, 70% of the critical loads can be served. The Brute force enumeration
method has been used for scenario generation in that study. This work uses data from
24 facilities across diverse sectors, such as hospitals, residential buildings, and commercial
buildings, to propose BTM ESS as a strategy for resilience enhancement. The work in [69]
combines grid side and demand side hardening by using BESSs to improve resilience
against earthquakes. The results suggest that the use of home batteries along with grid side
ESSs provides improved resilience as compared to the use of grid-side batteries alone.

4.1.4. Integrated Energy Systems (IESs)

In [84], EES, TES, and cooling energy storage (CES) were used for improving the
resilience of an EH. N-1 contingencies were simulated to assess the efficacy of the design.
The work in [85] increased resilience of EHs by 16.86% by combining electrical, heating,
and cooling ESSs. Small, medium, and large EHs have been used as case studies. The
work in [86] proposed the use of HSS-TES-BESS for enhancing the resilience of isolated
MGs. In that work, a customized Benders Decomposition Algorithm for solving the cost
minimization problem was used. A resilience-oriented planning strategy was adopted
in [87] to utilize EES-TES for integrated electricity and heat systems (IEHSs). An SDRO
model was converted to a three-level min-max—-min model and solved using a customized
column-and-constraint generation (C&CG) algorithm. Optimal sizing of HSS-EES-TES was
demonstrated in [88] for improving the resilience against extreme weather events, such as
hurricanes, for an integrated multi-energy system. This work considers life degradation
models of ESSs while formulating a two-layer optimization problem. The upper layer of
this problem determines the optimal capacity of the equipment, such as ESSs, whereas the
lower layer minimizes daily operating cost including cost of load shedding. The results
suggest that the inclusion of extreme disaster scenarios, such as hurricane, in the upper
layer results in the higher capacity of ESSs, while leading to improvement in resilience.
The resilience of a regional IES was improved by using TES in [89]. A two-stage rolling
optimization for minimizing the operation cost and required storage capacity was used,
which ensures that load-shedding does not exceed the users’ satisfaction level. As a result,
the number of interruption intervals was decreased from 47 to 15 in summer and from 22
to 4 in winter.

4.1.5. Other Resiliency-Related Applications of SESSs

The planning work in [90] improves resilience against natural disasters of a DS using
a bi-level stochastic optimization approach. It performs day-ahead scheduling of MG
excluding uncertainties in the first stage, while the stage-two performs real-time scheduling
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including uncertainties. The results of this study reveal that a 25% increase in operational
cost improved the resilience of the MG by 70%. The resilience against multi faults increased
in [91] using a two-layer optimization strategy. The location and capacity of ESSs is
optimized in the outer layer, while fault recovery is optimized in the inner layer. Random
sampling and k-mean clustering are used for scenario generation. Consequently, 13.36%
and 8.25% improvement in resilience was obtained for 33-bus and 118-bus systems. In [92],
a flexible planning model equipped with ESSs was used to decrease the load shedding of
an IEEE 24-bus test system and a practical test system using a two-layer flexible model.
The work in [93] proposes composite RIs as well as using a three-stage optimal dispatch
and reconfiguration to improve resilience of a campus building against extreme weather
events. The first stage performs energy-level DER scheduling while optimizing Rls. The
second stage adjusts system reconfiguration to satisfy grid codes. The third stage verifies
the dynamic performance of the model considering uncertainties and fluctuations. The
results outperform three existing strategies used for the same purpose.

The work in [94] proposes a two-level multi-stage optimization to improve the re-
silience of DSs against external shocks. The first level determines optimal bidding for
day-ahead and real-time in two stages. The second level performs optimal scheduling for
day-ahead and real-time in the first two stages, whereas the third stage optimal dispatch of
system resources is carried out in case of an external shock. The resilience, in this work, is
improved using MMG formation. The operation cost is minimized considering day-ahead
and real-time optimal energy arbitrage, and considerable cost reduction is achieved. More-
over, a three-stage robust planning is performed in [95] for optimal sizing and location of
WTs, BESSs, and diesel generators. The first stage minimizes the annual investment and
operation cost. The second stage minimizes operational costs including wind uncertainty
and operational constraints. The third stage minimizes the line outage under emergency
conditions. The results show that the installation of BESS using the proposed strategy
reduces total cost as well as the unserved critical loads as compared to the case that deploys
the same capacity of BESS, but at different locations.

The resilience of a substation is improved using BESS in [96]. Machine learning is
used for outage prediction, which is up to 78% accurate, and a multi-objective chance
constraint optimization model is developed, with the objective function as weighted sum
of cost reduction and outage prevention, for the scheduling of BESS. The authors in [97]
have suggested a two-stage coordinated approach for high-voltage (HV)-medium-voltage
(MV) systems using a combination of deep learning and optimization to obtain the optimal
siting and sizing of ESSs while improving economy as well as resilience of the power
system. The first stage minimizes investment and operation cost and calculates optimal
rated power and capacity of ESS. The second stage determines ESS charge/discharge while
optimizing HV and MV DNs. Moreover, this work combined K-means clustering with
deep-learning-based scenario generation and clique spatial distribution to improve the
uncertainty modeling. The proposed methodology provides superior results than stochastic
and robust optimization (RO) methods. In [98], the impact of offshore wind farms’ (OWEF)
configuration on the optimal size of BESS is determined while maximizing resilience.
The results of this combined planning and operation study using a two-stage stochastic
formulation suggest that the optimal size of BESS is 16% of the daily wind generation
at full capacity. The work in [99] uses a two-level deep reinforcement learning (DRL) to
optimally utilize ESSs for maximizing load restoration. This novel data-driven approach,
which incorporates load and generation uncertainties, performed better than model-based
methods in terms of restoration and running time as demonstrated by the results. Similarly,
the resilience of a DS was improved using ESSs in [100], where an analytic hierarchy
process was used to evaluate different combinations of BESS and solar PV generation
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to improve resilience against extreme events. The optimal sizing and location of BESS
were found while minimizing investment and operational costs. The cost-effectiveness
of the solutions against coverage levels was analyzed in that study. A fuzzy-logic-based
variable charging rate of BESS is proposed in [101] for improving resilience of a DS against
natural disasters, and it is demonstrated that variable charging rate results in a better RI as
compared to using fixed charging rate. The authors in [102] improved the resilience of a
DS using stochastic MILP optimization for finding optimal sizing and placement of ESSs.
This planning strategy minimizes investment and operational costs. In [103], a new MG
resilience index (MRI) is developed, and the impact of increasing the installed capacity of
BESS on MG resilience is evaluated. The results show that BESS has a significant impact on
resilience. An increase in capacity from 40 kW to 60 kW brought an increase in MRI from
0.86 to 0.97. A further increase in BESS capacity did not bring considerable improvement in
resilience. BESS was used as a part of VPP to increase resilience of the IEEE 85-bus system
against extreme weather events in [104]. Hunting Prey Optimization (HPO) was used
to find optimal location and size of VPP components. In [105], a coordinated water and
power recovery is proposed for the DS. The DN uses BESS to facilitate recovery. An 8.9%
reduction in energy curtailment cost was achieved by this strategy. Supercapacitor (SC)
was suggested and validated in [106] to improve the resilience of an autonomous DC-MG
against severe weather conditions. In [107], power-to-hydrogen (P2H) was used for resilient
day-ahead scheduling of a DS. The results show a 40.89% cost reduction for a risk-neutral
case and 40.32% cost reduction for a risk-averse case due to the use of P2H. The work
in [108] uses BESS with a run-of-river plant for a black-start service of a regional power
system. The BESS with grid-following (GFL) droop control provides frequency support,
whereas BESS with grid-forming (GFM) control can provide black-start service by operating
alone. In [109], network resilience was maximized while finding the optimal placement
and sizing of dispatchable generation, renewable generation, and BESS. The problem is
formulated as MILP. The role of ESSs in resilience enhancement is feeding load during
faults as well as increasing the renewable integration. The work in [110] used BESS and EV
to improve resilience of a MG against natural disasters. A resilient day-ahead two-stage
scheduling strategy is adopted to minimize operational cost. The resilience of a hospital is
improved in [111] by using BESSs in a MG. It is demonstrated that the increased duration of
outages requires increased sizes of ESSs to maintain resiliency. The work in [112] suggests
a strategic placement of phase change materials (PCMs) in building structures to reduce
energy loss. Thus, an improved TES contributes to power system resilience by lowering
grid stress and supporting demand-side management. Table 2 summarizes key information
from the reviewed literature on SESSs for enhancing power system resilience.

Table 2. Summary of SESS applications for improving power system resilience.
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4.2. Role of Mobile Energy Storage Systems (MESSs)

MESSs, due to their mobility, provide more flexibility in operation as compared to
SESSs. During natural disasters, MESSs demonstrate higher effectiveness in load recovery
compared to SESSs [113]. They are generally vehicle mounted, where vehicles serve the
purpose of storing and transporting ESSs [114]. MESSs are generally truck-mounted
ESSs; however, they can also be rail-based ESSs [113,115,116]. Rail-based transportation
offers higher carrying capacity than other transportation means, as a single train can
transport 1 GWh of battery storage, a capacity that would otherwise require 1000 semi-
trailers [113]. A typical vehicle-mounted MESS is shown in Figure 10. Some researchers
have considered EVs, plug-in EVs (PEVs), battery electric buses (BEBs), and hydrogen
vehicles as MESSs [117-120]. However, EVs utilizing vehicle-to-grid (V2G) feature require
incentives for their owners to participate in grid support, whereas typical MESSs are
usually utility owned and connected to a substation, unlike EVs that connect at charging
stations [1]. MESSs can be fully charged and pre-allocated at optimum locations as a
preventive measure to enhance the resilience of DSs [121]. They can effectively help meet
the local demand during outages and be part of post-disaster restoration schemes [122].
They have the capability to provide backup power as well as black-start services [117].
They are particularly useful for MMGs, where they can store energy from operational
MGs and transfer this energy by reaching the MGs under disasters [114,123]. However,
the storage capacity of MESSs is generally lower than SESSs, making them more suitable
for short-term resilience enhancement [114]. Optimal sizing and allocation of MESSs is
required to maximize resilience within affordable cost. In this regard, some researchers
have designed MESSs for typical natural disasters, while others have designed MESSs for
resilience enhancement against generalized extreme events. Both categories are discussed
in the following subsections.

Bidirectional Power Converter

Battery
Discharging
—

b\ P

Charging

Transformer Grid
=

Figure 10. A typical vehicle-mounted MESS [114].

4.2.1. MESSs in Specific Natural Disasters

Several recent studies have explored the role of MESSs in enhancing power system
resilience against extreme weather events such as hurricanes, typhoons, earthquakes, floods,
wildfires, and winter storms. These works examine various MESS technologies, deployment
strategies, and their combined use with other mobile resources, demand response, line
repairs, and DS reconfiguration for resilience enhancement. Figure 11 displays the number
of reviewed research works related to resilience enhancement using MESSs for different
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natural disasters. It is suggested by the figure that most research works are related to
extreme winds and earthquakes.

WILDFIRES

WINTER STORMS

FLOODS

EARTHQUAKES

HURRICANES/TYPHOONS

I I
N
(°8)

Figure 11. Number of MESS-related reviewed works for different natural disasters.

In [121], the EH-integrated power system’s resilience against hurricanes has been
improved using MESS and demand response. The placement of MESS acts as a preventive
strategy in this work. The impact of MESS size on the resilience has been evaluated, which
indicates that by increasing MESS size, the resilience increases almost linearly; however,
after a certain value (250 MWh in that study), an increase in the MESS size does not improve
resilience any further. Moreover, a 2.4% improvement in resilience was observed using
MESS in that study. Notably, demand response acting as a corrective action resulted in
a 7.1% improvement in resiliency. In [113], a rail-based MESS was used to enhance the
resilience of joint power transmission and rail transportation system against hurricanes.
Numerical simulations were performed on IEEE RTS-79 with a six-node railway network.
As a result, the value of EENS, which was 109.9268 without using ESSs, was reduced to
101.5547 using SESSs and became 28.1408 if MESS and repairing of failed lines were used
together. The resilience against typhoons was improved in [116] using a transportable
battery energy system (TBES). It was demonstrated that the MESS-based unit commitment
(UCQ) is superior in improving resilience than SESS-based UC for IEEE RTS-24 and 118-
bus systems. The authors in [120] used HSS and hydrogen vehicles as MESS to improve
resilience against typhoons. The operation cost was minimized using MILP formulation
while finding the optimal deployment of pre-disaster and post-disaster resources along
with DS reconfiguration. It was found that the recovery using hydrogen vehicles is more
effective during the daytime than the nighttime. Notably, among the studies mentioned
above, only [113] considered the impact of wind speed on the speed of vehicle carrying ESS.

MESSs and mobile emergency generators (MEGs) were deployed for improving re-
silience against earthquakes in [124]. A stochastic bi-level optimization problem was solved
using the Branch and Bound (B&B) algorithm that minimizes investment cost as well as
the cost of loss of load. It was found that the combined use of MESSs and MEGs proves
to be more cost-effective than MESSs, MEGs, or SESSs alone. Moreover, the joint opti-
mization including distribution line hardening and investment in MESSs and MEGs is a
more cost-effective scheme than some other combinations discussed in that work. Fur-
thermore, it is shown that the efficacy of MESSs and MEGs is higher than DGs and SESSs
for resilience improvement against earthquakes. In [119], resilience of smart DN (SDN)
having flexible renewable virtual power plant (VPP) against earthquakes and floods was
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improved using EVs as MESS. Operation cost and shut down cost due to natural disaster
were minimized using a hybrid metaheuristic algorithm. The simulation-based results
using a hybrid stochastic-robust method for IEEE 69-bus SDN show a 95.15% improved
resilience (reduced EENS) compared to load flow results. The resilience against earthquake
was increased in [125] by using MESSs and unmanned aerial vehicles (UAVs). The dispatch
of MESSs and UAVs was obtained by minimizing planning and operation costs for a coor-
dinated distribution and transmission system, such as the IEEE 39-bus transmission system
and three IEEE 33-bus DSs. A 15.7% reduction in the reinforcement cost was achieved. So,
MESSs can be combined with MEGs or UAVs to improve their efficacy in increasing power
system resilience against earthquakes.

Along with the flood-related work in [119], as described earlier, resilience against
floods was improved in [126] by using MESSs, and a bi-level stochastic MISOCP model
was solved for optimizing the operation cost. The results were compared with SESSs and
proved to be superior in terms of reduction in lost load and operation cost.

In [127], EVs were used as MESSs to improve resilience against wildfires for a MMG
community. Machine-learning-based graph convolutional networks (GCNs) were intro-
duced to speed up the solution time, which proved to be 120 times shorter than the solution
time of Gurobi. The results indicate that both 15 EVs and 18 EVs can stop the load shedding;
however, 15 EVs require a higher incentive cost to be paid to the EV owners to move their
vehicles among multiple MGs to supply their stored energy.

Resilience against winter storms was improved in [128] using MESS by applying a
three-stage (long-term investment stage, short-term mitigation stage, and post-disaster
response stage) stochastic MILP model to optimize the investment cost as well as resilience
metric. A 2000-bus Texas-based grid was used as a case study to demonstrate the impact
of this strategy. The sensitivity of the investment decision to parameters, such as budget,
MESS cost, and risk aversion, as well as permissible winterization, was evaluated.

4.2.2. MESSs in Generalized Extreme Events

The work in [122] proposed a post-event distribution restoration scheme that utilizes
MESSs and MEGs in the case of HILP events. The optimal dispatching and scheduling,
considering traffic congestion and repair crews, were performed to maximize the load
restoration, while minimizing MEG fuel costs and battery aging costs. Sensors were de-
ployed for extracting information about road conditions. Both MESSs and MEGs could
provide black start services for forming MGs in this study. The optimization problem was
formulated as a MIQCP problem. The efficacy of the proposed methodology was demon-
strated using the modified 15-bus DS. The results suggest that the combined use of MESSs
and MEGs in optimization provides superior results than using MESSs or MEGs alone.
In [123], EVs were used as MESSs for improving the resilience of MMGs. It was illustrated
that EVs controlled by a central energy management system (EMS) can store energy from
healthy MGs and transfer it to islanded MGs to improve the resilience of islanded MGs. The
authors in [129] introduced four resiliency indices: withstand, recover, adapt, and prevent
(WRAP) while optimally allocating MESSs for improving the resilience of a 33-bus ADN.
A two-stage optimization scheme was used, where the first stage minimizes operation
cost while the second stage maximizes critical load restoration. It is demonstrated that
MMGs along with MESSs and tie-lines can enhance the resilience of DS. The work in [130]
suggests optimal location and operation of MESSs in MMGs for enhancing resilience con-
sidering a four-stage RI. The use of IoT reduced the operation cost by providing feedback
in the EMS. PG&E 69-bus MMG power DN was used for validating the usefulness of
this approach. In [131], in the first stage, self-healing index was maximized, and current
through boundary lines and cost of MESS allocation were minimized. In the second stage,
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the impact of external shock was minimized by finding the optimal topology of DS, the
profit of active MGs (AMGs) in the real-time ramp market was maximized, unserved load
was minimized, and operation cost was minimized. The optimization formulations were
modeled as an MILP problem in [131] for enhancing the resilience of an ADN having MGs.
A 49.88% improvement in RI was attained by the proposed strategy. The work in [118]
proposed the use of plug-in electric vehicles (PEVs) as MESSs for enhancing resilience
against extreme events for multi-energy MGs (MEMGs) comprising power-heat-hydrogen
systems. A stochastic optimization of EMS was performed for scheduling of PEVs. A
25% improvement in resilience was demonstrated by the use of the proposed strategy
even without needing any tie-line. A three-stage stochastic distributed control scheme for
routing and scheduling of MESSs for improving the resilience of networked MGs (NMGs)
was suggested in [132]. Although the proposed scheme is faster in terms of computation
time as compared to centralized deterministic and stochastic schemes, its cost of load
shedding is higher. In [115], a two-stage MILP strategy for optimal scheduling of MESSs
was used that decomposes power network and transportation networks. An 86% reduction
in unserved load was achieved by using truck-mounted mobile batteries in the simulation
of IEEE 33-bus DS. The work in [133] proposed a bi-level optimization for scheduling of
MESSs with the objective function of minimizing load loss as well as voltage offset to obtain
post-disaster recovery. A considerable improvement in the resilience of IEEE 33-bus DS was
achieved. The work in [134] used MESSs with PEV-parking lots to improve resilience of
DS by post-disaster restoration and reconfiguration planning. It is formulated as a MIQCP
problem. By solving this problem, a 12.68% higher load restoration was achieved compared
to the case without MESSs and PEV-parking lots. In [135], a MEMG comprising electricity
and gas networks was selected for resilience improvement against natural disasters. N-1
contingency analysis was undertaken to find out the most vulnerable parts of the network,
and post-disaster ENS was estimated. By formulating the optimization problem in the
form of MILP, the optimized cost and resilience-based scheduling were obtained. The
results were compared with three other techniques from the literature, and the superiority
of the proposed methodology in terms of resilience and operation cost was illustrated.
The work in [136] considers the cost of blocked roads and deployment of repair crews
to clear the paths for MESSs to improve the resilience of IEEE 69-bus and 24-bus DSs
against natural disasters. A 13.11% reduction in cost was achieved by using MESSs, and
repair crews brought 12.75% reduction in cost by clearing the obstacles in the routes of
MESSs. The work in [117] utilized BEBs as dispatchable ESSs for enhancing self-healing
and black start capability of a university MG. Electromagnetic transient (EMT) simulation
in MATLAB (R2025a, MathWorks, Natick, MA, USA)was performed to prove the efficacy
of the proposed scheme. In [137], a two-stage stochastic MIP model was developed to
enhance the resilience of DS against severe and extreme weather events. The optimal size
and placement of MESSs were obtained for minimizing load shedding cost. The resilience
of NMGs was improved in [138] by using a two-stage optimization scheme. The first
stage found the optimal size and initial position of MESSs prior to the occurrence of a
natural disaster. The second stage determined the re-allocation of MESSs and adjusted
their active power after the occurrence of a natural disaster. A degradation-aware dispatch
of MESSs was proposed in [139]. The MILP formulation resulted in 42.52% and 34.77%
improvement in the resilience of IEEE 33-bus and 118-bus networks. In [140], mobile
multi-energy storages (MMESs) were adopted for improving DS post-disaster recovery.
The routing and scheduling of mobile multi-ESSs proved very effective in the recovery
process. This energy-to-mobility approach brought about 92.92% improvement in load
restoration, as demonstrated by simulation on the modified IEEE 33-bus test system. The
work in [141] improved the resilience of an ADN using MESSs. In the pre-disaster phase,
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the pre-allocation of MESSs was achieved using the C&CG algorithm. In the post-disaster
recovery phase, the dynamic scheduling was optimized while minimizing scheduling cost
and load shedding cost. The focus of [142] was on optimal pre-allocation of MESSs, which
was obtained by building a novel pre-disaster RO model that considers PV generation
uncertainty and minimizes pre-allocation cost and loss of load cost. The results indicate
that for a DS having a small number of MESSs, the addition of every new MESS improves
resilience by about 20%. The authors in [143] used VPPs in NMGs for joint optimization
involving the weighted sum of resilience, reliability, stability, and emission indices to find
the optimal capacity of VPPs that use EVs as MESSs. The results endorse the efficacy of
the strategy in enhancing resilience against natural disasters. The salient features of MESS
designs are summarized in Table 3.

Table 3. Summary of MESS applications for improving power system resilience.
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4.3. Role of Stationary—Mobile Integrated ESSs (SMI-ESSs)

The integration of SESSs and MESSs is a comprehensive and adaptable storage strat-
egy [144,145]. This combination of the strengths of both the systems is helpful in improving
power system resilience against natural disasters [114]. SMI-ESSs are more flexible and
reliable in ensuring uninterrupted power supply and stablity in case of power outages
than SESSs and MESSs working alone. SMI-ESSs provide an efficient load shifting as
SESSs can manage fluctuating load demands, whereas MESSs can be used during peak
demand periods due to their higher cost than SESSs. Moroever, SMI-ESSs can support
the integration of renewable energy by absorbing the excess energy during low demand
periods and supplying this energy, whenever needed, to the loads directly connected to the
associated MG or even located within neighboring MGs [114]. Some examples of SMI-ESSs’
applications in resilience enhancement are discussed here.

A novel planning scheme using stationary-mobile integrated BESS (SMI-BESS) for
improving DS resilience against severe convective weather (SCW) is presented in [146].
The impact of SCW events, such as extreme wind, lightning, and hail, on DS was assessed
using a pioneering fragility model. This spatially flexible design provides a switching
choice between SESSs and MESSs under normal and abnormal conditions. A two-stage
adaptive distributionally robust optimization (25-ADRO) was performed for the sizing
and placement of SMI-BESSs. The data of a 62-node DN from coastal region of China and
25-node DN in Guangdong Province, China, were used for demonstrating the efficacy of the
design. The results validate the superiority of the proposed scheme in terms of investment
cost and loss of load as compared to two other cases in this study that used SESSs alone or
SESSs and mobile DGs, respectively. Similarly, the work in [114] explores the combined uses
of stationary and mobile ESSs for enhancing the resilience of single and multi-area systems.
Different scenarios of only stationary, only mobile, and combined stationary and mobile
ESSs were evaluated. The best resilience was obtained by deploying both the stationary and
mobile ESSs together. Moreover, the investment cost of MESSs proved to be higher than
diesel generator for emergency operation in this study. The results also suggest that MESS
is more beneficial for multi-area systems than for a single-area system. Moreover, when the
unit price of MESS is not excessively high as compared to SESS, it is advantageous to use
MESS. The resilience against wildfire through reconfiguration was improved in [147] by
deploying both MESSs and SESSs. The battery-swapping station (BSS) acts as an SESS. BSS
can swap a fully charged battery with a depleted battery within a few minutes (e.g., 12 min)
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as compared to charging an EV that can typically take 80 min [148]. A smart resilience
controller was designed using dual rolling horizon optimization (DRHO) that can observe
the spatiotemporal wildfire behavior, take real-time corrective actions before the arrival of
wildfires, and schedule ESSs while minimizing load shedding cost. Real world wildfire
data of Alberta wildfires and a radiation-based wildfire propagation model were used.
The controller demonstrated improved robustness against uncertainties as compared to
stochastic approaches. Moreover, the results demonstrate that the use of DERs is more
cost-effective and provides a higher load restoration as compared to the case that does not
use DERs. In [149], resilience enhancement for a multi-energy DS was performed using
post-disaster joint reconfiguration of heat and power networks and deployment of SESSs
and MESSs along with MEGs and EVs. As a result of the dynamic dispatch, 20.5% more
loads were served through the joint reconfiguration of power and heat networks. Also,
18.9% more loads were served while deploying SESSs and MESSs together.

The research on the optimal sizing and placement of SMI-ESSs for single- and multi-
energy networks provides promising results. This strategy provides more economical and
effective resilience enhancement compared to uncoordinated design of SESSs and MESSs.
Table 4 summarizes this subsection.

Table 4. Summary of SMI-ESS applications for improving power system resilience.
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4.4. Role of Hybrid Energy Storage Systems (HESSs)

ESSs can be categorized into high-energy and high-power ESSs. High-energy ESSs
such as pumped storage (PS), compressed air energy storage (CAES), hydrogen fuel cell
(HFC), and BESS can supply energy for hours. On the other hand, ESSs such as SC,
superconducting magnetic energy storage (SMES), and flywheel energy storage (FES) are
high-power ESSs as they can provide high instantaneous power but usually for a few
seconds to minutes [150]. Therefore, to simultaneously meet both high-energy and high-
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power demands, high-energy and high-power ESSs can be combined to form a HESS,
thereby benefiting from their complementary characteristics [151]. By forming a HESS,
high power demands, transients, and fast fluctuations can be handled by high-power ESSs
as they are fast in response and have high lifecycles, whereas base load for long duration can
be served by high-energy ESSs having low self-discharge [152]. A typical HESS formation is
depicted in Figure 12. Table 5 presents a list of real-world HESS projects implemented across
various countries. Table 3 in [151] compares different characteristics of ESSs including
their response times, whereas the advantages, limitations, and applications of different
HESS configurations are presented in Table 5 in [151]. HESSs, by using high-power ESSs,
can save batteries from premature failures caused by high depth-of-discharge due to high-
power loads and frequent charge/discharge cycles caused by demand fluctuations [153].
HESS, such as SMES-BESS, is capable of injecting high instantaneous power and providing
optimized operating conditions to battery, hence being able to provide an economical
solution to improving power system resilience [154]. Similarly, a HESS formed as adiabatic-
compressed air energy storage (A-CAES)-BESS can significantly improve the resilience of
a PV-integrated power system as compared to the absence of ESS or use of a single ESS
for this purpose [155]. Careful consideration must be given to choose suitable ESSs with
complementary characteristics to form a HESS. In this regard, complementary power and
energy densities of ESSs need to be combined for lifetime enhancement of high-energy
ESSs. Other factors such as geographical restrictions, ramping capabilities, investment and
operation costs, efficiencies, self-discharge, and suitability for the desired task also need
to be considered [151]. The work in [156] compares NPC of different HESS configurations
to meet a common yearly load profile. The TES-BESS appears to be the most economical
configuration in that study as represented in Figure 13. Some research studies have
highlighted the impact of HESSs on resilience improvement by proposing their optimal
sizes and locations.

High-Power ESS
(For Transients)

High-Energy ESS
(For Base Load)

Qsc
O SMES
Q FES

Q BESS
O HFC
QPS

Hybrid Energy Storage System
(HESS)

Figure 12. HESS formation exemplified.

Table 5. Globally operational on-grid HESS projects [157-160].

Project Renewable HESS Configuration Location Application Year
Source

Rankin Substation 100 kW /300 kWh United Energy time shift,

Hybrid Energy Storage PV lithium-ion battery (LIB) States power smoothing, 2016

Project and 277 kW /8 kWh SC frequency regulation

Kraftwerksgruppe 12.5 MW /13 MWh LIB Energy arbitrage,

Pfreimd Pumped N/A and 137 MW /600 MWh  Germany frequency regulation, 2018

Hydro Storage Plant PS black start
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Bvstra Batterv Ener 1 MW /0.47 MWh LIB Energy time shift,
Sz)ra o Svs te}r,n 8 Wind and 5 MW /26.9 MWh Poland energy arbitrage, 2020
€Y lead-acid battery voltage support
Energy Superhub N/A ;OMWQSI\%\%[}XV \}Ilaiiiifl United Energy arbitrage, 2021
Oxford Kingdom frequency regulation
redox flow battery
Om Shanti Retreat 614.4 kWh LIB and
Centre Microgrid pPv 480 kWh lead-acid India Peak-shaving 2021
Project battery
II;IIighilPO‘lNe;BMaglev MW /5 MWh LIB and
ywheel + Battery 5 5 an . .
Storage AGC Frequency N/A 2 MW /0.4 MWh FES China Frequency regulation 2023
Regulation Project
Luoyuan Power Plant 15 MW /7.5 MWh LIB
HESS Project N/A gr(ljd 5 MW /7.833 MWh China Frequency regulation 2023
Energy arbitrage,
Zhaoyuan HESS Project N/A igill\?ﬁ/[v\{\?gfglyvt’l}} gé China frequency regulation, 2024
black start
. Energy arbitrage,
Dossi Pumped Hydro 4 MW/8 MWh LIB and .
Storage Plant N/A 43.4 MW PS Italy ﬁi?ﬁir;;ﬁ regulation, 2024

SC-PS

SC-TES

SC-HSS

PS-HSS

HESS Configuration

TES-HSS

TES-BESS

Net Present Cost in Million USD

Figure 13. Comparative net present cost (NPC) of HESS configurations [156].
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A HESS composed of SMES and BESS was suggested in [154] for improving the DC-
bus voltage stability, which is one of the important indicators of DC MG resilience [161].
Dynamic voltage control initially relies on SMES to respond to disturbances, with BESS
serving as a backup source when the energy stored in the SMES becomes insufficient.
This arrangement saves battery from frequent charge—discharge cycles and sudden inrush
current, thereby increasing the service lifetime of battery. The model predictive control
(MPC) is used to share power between SMES and BESS while selecting predicted states,
which minimize the cost function. A HESS formed by A-CAES and BESS was deployed
in [155] to enhance the resilience of a university building against extreme-weather-driven
outages. In this HESS, A-CAES acted as a high-energy ESS due to its long life and high
energy but slow response, while BESS acted as a high-power ESS due to its relatively faster
response for meeting fluctuations in demand. A two-stage sizing and scheduling model was
presented for this HESS. The results indicate 41.1% enhanced annual resilience compared
to the case without using ESSs at all and relying solely on solar PV generation. Moreover,
using A-CAES alone with solar PV provides 94% resilience but needs hybridization with
BESS to boost the resilience to 100%, as demonstrated by simulation of a university building.
The authors in [162] highlighted the effectiveness of a HESS (HSS-BESS) by solving a two-
layer optimal sizing and placement problem to achieve 23.8% higher resilience as compared
to the use of BESS alone. The results were demonstrated on a modified IEEE RTS-96 test
system. The work in [163] suggested the use of HSS-BESS for improving the resilience
of power grids against extreme weather events, such as typhoons and wildfires. Instead
of using fixed minimum SOC for BESS and HSS, a variable minimum SOC adapting the
requirements of the critical loads at each interval (hour) was proposed and validated to
provide superior results in terms of reducing blackout duration under most of the scenarios
compared to the use of fixed SOC. However, the variable SOC strategy proved to be costly
than fixed SOC. A HESS formed by EES and HSS was incorporated for enhancing the
resilience of a 118-bus ADN comprising four MGs and electric buses (EBs) in [164]. A
two-layer RO framework was used for MG planning. The use of all ESSs brought 63.62%
improvement in resilience.

The study of the research works on HESSs reveals that HESSs can produce superior
results as compared to the individual ESSs in terms of improving resilience of power
systems along with enhancing the lifetime of ESSs and providing cost-effective solutions.
However, the promising research on HESSs for resilience improvement requires more
combinations of ESSs to be designed and evaluated, especially the HESSs involving more
than two ESSs. The efficacy of HESSs in improving power system resilience is summarized
in Table 6.

Table 6. Summary of HESS applications for improving power system resilience.

Resilience o
Index/ Optimization
Ref. HESS Objective e Event Model/ Test System
Resilience )
; Formulation
Metric
To minimize Unplanned MG
DC-bus DC-bus operation mode MPC for
[154] SMES-BESS voltage voltage switching, short sharing power A DC MG
devi a%ci on stability circuit faultin the  between ESSs

utility grid
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Table 6. Cont.
{;egzl;/ence Optimization
Ref. HESS Objective Resilience Event Model/ Test System
. Formulation
Metric
A university
To minimize building in
A-CAES- investment Extreme weather A t\./vo.—sta.ge Mor.ltreal, Capada,
[155] . LPSP optimization = having building-
BESS and operation events -
cost model integrated
PV-based energy
systems
oL A formula of -
[162] HSS- BESS To mihiize RI based on Extreme events MILP Modified IEEE
operation cost RTS-96
load loss
To minimize Extreme weather Sgrcl(énd—order IEEE 123-bus test
[163] HSS-BESS operation Blackout time  events, typhoons, .
costs and wildfires programming  system
(SOCP)
A
Ratio of Emergency decentralized
[164] EESand HSS To minimize supplied load conditions (line two-layer 118—.bus AND
operation cost  to total outage, islanding) framework having four MGs
demand, FLS && & based on RO,
MILP
4.5. Correlation Between Resilience Indices and ESSs
Various resiliency indices are explored in the literature to quantify the resiliency of
power systems [12,14,15,18,19]. ESSs are critical elements in a power system that have
significant impacts on improving the system resilience. It is crucial to consider resiliency
metrics alongside the technical and economical metrics to ensure resilience enhancement
due to extreme events. A summary of the correlation between resiliency indices and ESSs
is presented in Table 7 illustrating their impact on resilience.
Table 7. Summary of the correlation between resiliency metrics and ESSs.
Resiliency Index (RI) Impacts of ESSs on
Ref. Definition Range Storage Type Resiliency
For sufficient EVPs and ESSs reduce load
A function of timely awareness resilience. F1. MVI curtailments and thereby
[90] capability regarding the event and LLI should be BESSs and EVPs improve MG resilience. They
occurrence (9), FI, REI, MVI, near to 0. and REI can serve as redundant
and LLL ’ resources, thereby enhancing
should be close to 1. REI
. Energy storage units are used
gﬂii;atl:rr?érer;ffyrse?vjﬁse 0to 1. A higher for optimal hardening of the
[69] NS BENCY 1eSp value represents BESS and EVs grid that provides effectual
time to the expected energy e . I,
demand better resiliency. capacity addition to enhance
' RL
. Optimal operation of
0 to 100%. A higher
[83] ALOL value represents BTM-ESS (Battery BTM-ESS recovers some/all

and EV) parts of critical loads to

better resiliency. enhance RI
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Table 7. Cont.
Resiliency Index (RI) Impacts of ESSs on
Ref. Definition Range Storage Type Resiliency
The dependency index is used
as the R It is an index that Day ahead scheduling of
means “a llnkgge or connection 1, 4 higher BESS is .used fo.r outage
[96] between two infrastructures, value represents BESS prevention, which is directly
through which the state of one e related to enhancing RI (the
. . . better resiliency. . ) ;
infrastructure influences or is withstanding capacity of the
correlated to the state of the grid).
other.”
The ratio of power m]ectlc?n by 0to 1. A higher BESSs are placed optimally to
the total number of batteries to . o
[63] . value represents BESS curtail less critical loads
the total demand for critical e . N,
better resiliency. which maximizes RI.
loads.
The ratio of the total served
load in contingency conditions PHEVs, EES, and thermal
and the dlfferencg between the 0 to infinity. A higher PHEVs, EES, and storage increase the served
[94]  total served load in normal value represents TES loads in contingency
conditions and the total served Dbetter resiliency. conditions which directly
load in the contingency enhances RI
condition.
The ratio of energy served BESSs with other local
during emergen cgyres onse 0to 1. A higher resources are rescheduled to
[61] . & SeNcy resp value represents BESS serve maximum loads during
time to the expected energy e .
better resiliency. emergency response, which
demand. :
directly enhances RL
Resilience score is based on the  0-to-100-mark .
- . BESS improves fault recovery
node voltage deviation, fault system. A higher .
[91] BESS performance that increase
recovery rate, and network loss  value represents s
iy resilience score.
rate. better resiliency.
BESS integration reduces
MRI assesses the MG's ability 0to 1. A higher outage hpgrs and'lost energy
[103] to recover from interruptions value represents BESS that significantly improves
P better resiliency. MRI. Larger BESS provides
higher MRL
The ratio of restored loads to 0% to 100%. A higher Optimal scheduling of ESS
[99]  the total system demand value represents BESS maximizes the restored load,
during the study period better resiliency. thereby enhancing RL
Virtual synchronous
Mlnlmum load supply, total 0% to 100%. A higher generator (VSQ) control of
supplied energy, and ESS can effectively support
[93] . value represents BESS .
recovery-to-degradation slope better resilienc frequency, thereby reducing
ratio. Y the need for load shedding
and enhancing resilience.
T.hree.plan.nmg RIs: voltage Optimal allocation of BESS at
violation risk of bus, coverage
A lower value of selected nodes ensures
rate of reserve power supply, operational RI effective power supply to
571 rzli}allslhty of power supply indicates higher BESS critical loads during extreme
baths. resiliency. faults, thereby enhancing

One operational RI: weighted
load loss.

resilience.
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Table 7. Cont.

Resiliency Index (RI)

Impacts of ESSs on

Ref. Definition Range Storage Type Resiliency
Rl is related to the supplied 0to 1. A lower value gl})felg:iilzg%};géns% anl(iies
[64]  active power and the priority ~ indicates higher BESS . 5 © PP
of loads resiliency. higher priority loads which
: ’ improves resiliency.
Rl is calculated by using the 0% to 100%. A higher isrlllcrr‘ef;vsaelsl\?\?i?}? :;’1:}; Et\i]mal
[123] survived load without EVs and value represents EVs as MESS scheduling of EVs V\I;)hiCh is
survival load with EVs. better resiliency. s
proportional to RI.
. Optimal allocation of
ig\%;er i‘;ﬂ:ﬁ of MSU /MESS minimizes load
[129] Resilience Indices: WRAP. in dicate}; hicher MESS curtailment, thereby directly
resilience & maximizing the recovery
’ index.
. IoT-based optimal sizing and
A multi-stage event-based A h.l gher vglue of RI placement of MESSs
[130] O . indicates higher MESS .. .
system resiliency index. resilionce minimizes load curtailment
’ and maximizes RI.
. . MESS minimizes the total
[135] ?111 'S Ezzeiliﬁeﬂ:efxiiy not IIT(I) tlsstlln k}/i\gcll)(energy MESS amount of disconnected
PP ' PP ' energy, thereby enhancing RI.
Hydrogen and electrical
. . 0to 1. A higher storage devices reduce FLS
[164] g;zlrgzglgflzupphed load to value represents HSS_EES and increase the supplied
' better resiliency. load, directly enhancing
resiliency.
Rl is formulated based on load Oto1. Ahigher Household Battery HHBES reduces load loss,
[162] loss value represents Energy Storage which directly enhances RI
' better resiliency. (HHBES) y ’

4.6. Critical Evaluation of Modeling Gaps and Methodologies

While extensive research has addressed resilience improvement in DS using ESSs, MGs,
and optimization strategies, most existing models focus on deterministic or scenario-based
stochastic planning with a limited ability to handle real-time uncertainty, coordination
among distributed assets, and multi-dimensional resilience metrics. Many studies, such
as [90-95], propose bi- or multi-stage optimization frameworks that improve resilience
through optimal ESS placement, MG formation, load restoration, and hybrid renewable
integration. However, these approaches often treat planning and operation separately,
assume predefined fault scenarios or load profiles, and lack adaptive mechanisms for
dynamically evolving disturbances or compound events (e.g., cascading faults combined
with renewable intermittency).

Moreover, the integration of data-driven methods such as deep reinforcement learn-
ing [99] or machine learning for outage prediction [96] is still limited to specific applications
without full-system coordination. This indicates a gap in developing unified, real-time,
uncertainty-resilient, and system-wide co-optimization models that can flexibly adapt to
disruptions and optimize performance across multiple resilience dimensions.

Additionally, while [154] proposes a HESS combining SMES with BESS, which offers
fast power injection and helps maintain optimal battery operating conditions, such configu-
rations are rarely integrated into broader planning models. The full resilience potential of
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HESS, especially in multi-hazard and compound-event contexts, remains largely underex-
plored in existing literature, underscoring the need for further research in this direction.

A wide range of optimization-based methodologies have been proposed to enhance
the resilience of power systems against specific natural disasters such as hurricanes, wind-
storms, earthquakes, and wildfires. These methods vary in complexity, robustness, and
practical applicability, and can be broadly categorized based on the optimization architec-
ture (e.g., single-stage vs. multi-stage), uncertainty modeling, and the degree of integration
between planning and operation. Several studies adopt multi-stage or hierarchical opti-
mization frameworks to improve resilience by capturing both planning and operational
perspectives. For instance, Refs. [60,64,68] utilized three-stage models to handle sequen-
tial decision making, from investment planning to post-disruption operations. These
approaches are generally more robust, as they explicitly account for uncertainties (e.g., load
demand and weather severity) and system dynamics over different time horizons. The
use of robust optimization in the resilience enhancement works enables the formulation of
worst-case scenarios (e.g., extreme typhoon paths in [68]), leading to highly resilient, albeit
costlier, solutions. However, the computational complexity of these models may limit their
real-time or large-scale applications.

The application of IGDT in [59] introduces a unique uncertainty handling approach,
suitable for cases where probability distributions of disruptive events are not well-defined.
This enhances the non-probabilistic robustness of the system under severe uncertainty.
However, IGDT’s conservative nature may lead to over-investment in storage resources,
reducing cost-efficiency in normal operation scenarios. In terms of planning-operational
integration, the work in [62] critically demonstrates that joint planning and operation
models outperform standalone strategies in both investment and resilience performance.
This is corroborated by [98], which simultaneously addresses both planning and operational
phases, employing a sequential modelling approach, to enhance resilience in the presence
of OWFs. Yet, such coupled models, while comprehensive, often rely on simplifications
(e.g., linear formulations [62,98]) to remain computationally tractable, which may limit
their accuracy in capturing nonlinear grid behaviors or market interactions.

Some works apply scenario-based or probabilistic techniques (e.g., Monte Carlo sim-
ulations in [69]) to model disaster impacts, such as earthquake impacts. These methods
help assess the reliability of solutions across a spectrum of potential outcomes. Still, they
are sensitive to the representativeness of scenario generation methods. However, these
methods are data dependent, which is typically site-specific and may not be sufficiently
available for all hazards under study. This data dependency presents challenges when
modeling multi-hazard events. For example, to study earthquake—tsunami correlation,
a joint hazard curve with reasonable accuracy using probabilistic approaches is difficult
to construct due to insufficient data availability about tsunami disasters. Furthermore,
probabilistic methods are often computationally intensive, making them less practical
for large-scale or real-time multi-hazard assessments [165]. Another emerging trend is
the inclusion of machine learning and Al for event modeling and forecasting. For exam-
ple, [74] uses deep learning for fire danger index prediction, which improves the accuracy
of pre-event planning. However, the integration of Al with optimization models remains
limited and often lacks transparency and interpretability, making regulatory acceptance
and validation challenging. Lastly, resilience metrics used in these studies vary, from
load shedding reduction ([62,65]) to more holistic RIs ([93]), yet there is still no unified
standard. The selection of metrics can significantly influence optimization outcomes and
perceived robustness.
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5. Impact of Natural Disasters on ESSs

ESSs are vital for improving power system resilience against HILP events. Therefore,
it is crucial to understand their own performance and availability when exposed to natural
disasters. This understanding can be helpful in their optimal design and deployment to
ensure safe and reliable operation, as well as to predict their efficacy under natural disasters.
This section discusses the impact of wildfire and extreme cold on the performance of LIBs,
which are widely being used in EVs, home ESSs, and power systems [166].

The wildfires at Eaton and Palisades in regional LA in January 2025 resulted in as
many burnings of LIBs from home ESSs and EVs as never seen before [167]. Once an LIB
catches fire, excessive water (about ten times) is required just to contain the fire within the
burning cell and save the adjoining cells [167]. A recent research published by EV FireSafe,
which is funded by Australian Government, Department of Defence, indicates that one of
the leading causes of LIB fires is exposure to another fire, such as wildfire [168]. Moreover,
in Australia, out of ten EV battery fire incidents, five were caused by the exposure to
another fire. When an LIB cell is exposed to excessive heat, it suffers short-circuit, leading
to uncontrolled heating up of the cell, which is termed as thermal runaway [168]. As the
heat increases, the tiny droplets of liquid electrolyte begin to boil, eventually vaporizing and
bursting out of the cell. These vapors manifest as a white cloud containing extremely toxic
and flammable gases. Inside the pack, heat penetrates other cells, which results in the same
consequences. This phenomenon is called thermal runaway propagation [168]. Burning
of LIBs created a micro problem in the macro problem of LA wildfire as the intensity and
difficulty to combat LIB fire is high, and the normal firefighting tactics are not effective
against them [169]. Another important aspect of LIB fire is that a partially damaged or
burnt cell is still a fire hazard as it can cause a secondary ignition anytime. For example,
such a secondary ignition has been observed after 68 days of the initial fire incident [168].

From the above discussion, cell temperature appears as a critical factor in thermal
runaway of LIBs that can lead to a fire ignition. Therefore, it is desirable to know the
threshold values of the external temperature that may lead to thermal runaway. In this
context, ref. [170] experimentally studied the impact of spatial distribution of firebrands on
the burning of plywood to replicate a wildfire. The results suggest that a 10 mm proximity
between firebrands results in the most severe fire damage, whereas 20 mm proximity burns
the largest area. Moreover, in this experimental study (the impact of cell temperature on
the 2.6 Ah LIB), thermal runaway under different SOCs was assessed. For this purpose, the
cell was heated by electrical heating tape at a constant heating rate. The results indicate
that the cell voltage drop is the first sign of cell failure due to temperature rise followed by
cell venting, strong gas release, and thermal runaway. It is worth noting that cell voltage
drop occurs at temperatures in the range of 113 °C to 140 °C and does not depend on SOC.
Furthermore, although the dependency of cell venting on SOC is weak for SOCs below
75%, cell venting tends to start at a lower temperature when the SOC is higher than 75%.
Additionally, it is clearly observed that thermal runaway requires lower temperatures at
higher SOCs, which is consistent with other studies such as [171]. Notably, cell content
ejection and intense fires are observed at 75% and 100% SOC during thermal runaway,
posing significant risks to nearby cells and surrounding flammable materials, in agreement
with similar studies such as [172].

An excellent piece of research that can lead to modeling the impact of wildfire on
the behavior of BESSs is presented in [173]. In this experimental study, a correlation
between cell’s internal temperature and external air temperature was established to issue
an advanced warning, 1000 s to 6000 s prior to the thermal runaway of LIB. Advanced
warnings can prevent thermal runaway in batteries [166]. Unlike most of the studies that
are for under 300 Ah batteries, this study investigated a 314 Ah battery. For temperature
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increase, this study used oven heating to represent heat radiation and plate heating for
conductive heat transfer. The plate heating caused thermal runaway earlier as compared
to oven heating. The results indicate that the relationship between internal and external
temperatures is independent of SOC and mainly depends on battery capacity and chemistry.
In the case of plate heating, the linear relationship between cell’s internal temperature and
external temperature can be represented by [173]

T, =111 T, + 161 (5)

where T; represents interior temperature in °C, and T, represents exterior temperature in
°C. A similar relationship is exhibited in the case of oven heating. It is suggested to issue a
warning when the internal temperature is estimated to rise to 50 °C. The LIB station should
be powered down in case of opening of the safety valve [173].

These findings can be used along with wildfire initiation and propagation models
using radiative, conductive, and convective heat transfer models to estimate the cell’s
internal temperature during wildfire to evaluate the performance of BESSs under wildfire.
Moreover, warning signals can be generated to enable safety measures that prevent thermal
runaway and fire initiation, thereby ensuring that ESSs remain part of the solution rather
than becoming part of the problem.

To prevent thermal runaway, the battery thermal management system (BTMS) dissi-
pates heat generated during battery operation, maintaining the battery temperature within
the optimal range of 25 °C to 40 °C and limiting temperature variation between modules
to less than 5 °C [174]. Researchers have proposed several BTMSs, such as air-cooled,
liquid-cooled, PCM-based, and hybrid BTMSs, to prevent thermal runaway [175]. How-
ever, despite the use of BTMS, thermal runaway may still occur, necessitating mitigation
strategies to limit the resulting damage. The development of fire extinguishing methods
has emerged as an effective mitigation approach. Gas-based extinguishing agents have
been proposed in studies such as [176,177]. Some studies have suggested the use of water
and aqueous agents [178,179]. Mist cooling has been investigated and recommended for
mitigating LIB thermal runaway in [180]. PCMs have also been suggested for containing
thermal runaway [181,182]. The design of a cooling plate has been suggested to mitigate
thermal runaway in prismatic LIBs in [183]. Moreover, single-phase and two-phase immer-
sion cooling methods have shown promise in suppressing and containing thermal runaway,
as highlighted in [184].

Likewise, extreme cold also has detrimental impacts on the performance of the BESSs.
At lower temperatures than room temperatures, the charging capacity of LIBs decreases,
and mid-point voltage rises. For instance, at —20 °C, the charging capacity of LIB is almost
halved as compared to the capacity at room temperature [185]. Similarly, discharging ca-
pacity drops exponentially with the drop in temperature [186]. Moreover, the degradation
rate of LIBs at very low temperatures can be up to 47 times higher than at room tempera-
ture [186]. To enhance the accuracy of modeling the behavior of LIBs at low temperatures,
circuit-based models can be improved by incorporating the Butler-Volmer equation, Nernst
equation, and Arrhenius equations [187,188]. To improve the performance under extreme
cold, internal heating, external heating, and hybrid heating can be used, as suggested
in [186].

6. Conclusions

ESSs, being part of system hardening, distributing, and building, facilitate the power
system resilience enhancement. SESSs are suitable for long-term resilience enhancement
due to their larger capacity and cost-effectiveness, whereas MESSs are more appropriate
for short-term applications owing to their mobility, smaller capacity, and higher cost. A
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combination of stationary and mobile ESSs along with jointly optimized sizing and place-

ment can improve resilience while maintaining economic feasibility. Furthermore, adopting

a hybrid configuration including multiple ESSs with complementary characteristics can

enhance the lifetime of ESSs and improve resilience and economy. The key findings from

the reviewed literature are outlined below.

A combination of system hardening and operational techniques has been shown to be
more cost effective and resilient than applying these techniques in isolation.
Although, underground ESSs (UESSs) are more expensive than above-the-ground
ESSs, they become economically justifiable in case of severe extreme events.

The combined optimization for resilience and economy provides superior results than
optimizing resilience and economy in isolation.

The use of home batteries (i.e., BTM ESS) along with grid side ESSs provides enhanced
resilience as compared to the use of grid-side ESSs alone.

CBES has been shown to be more cost-effective than DBES to enhance resilience
against grid outage events for residential customers as it has a higher capacity and can
participate in energy arbitrage.

BESSs combined with run-of-river hydropower plants can enhance power system
resilience by enabling localized bottom-up black start, allowing faster restoration of
critical loads compared to conventional top-down methods. Rail-based MESSs are
well-suited to the resilience enhancement solutions that require a large storage capacity,
typically transmission level schemes.

The adoption of an hourly demand-based variable minimum SOC for ESSs, as opposed
to a fixed threshold, has been shown to be more effective in enhancing resilience, albeit
with increased costs.

The public transportation infrastructure is sometimes damaged by extreme events.
Therefore, while designing MESSs to enhance resilience, proper consideration must be
given to the real-time road condition and traffic congestion for a more accurate design.
Moreover, repair crews can provide more economical solution by clearing the road
obstacles for MESSs compared to the cases without crews.

The combined use of MESSs and MEGs proves to be more cost-effective than MESSs,
MEGs, or SESSs alone

Joint resilience enhancement of multi-energy systems has been shown to be more
effective than isolated efforts targeting either the power or heat network individually.
A combination of stationary and mobile ESSs in the form of SMI-ESSs has been
shown to be more effective in improving resilience than utilizing only stationary or
mobile ESSs.

The identification of critical loads to adopt flexible load shedding is a useful tool to
increase resilience of the critical infrastructure.

For LIB cells, the internal temperature is linearly related to the external temperature,
which is about 1.1 times the external temperature plus 1.61 °C. This relationship
is independent of the battery’s SOC. However, thermal runaway occurs at lower
temperatures for higher SOCs in LIBs.

If a wildfire burns an EV containing LIBs or a home ESS with LIBs, partially damaged
battery packs must be carefully identified and managed during recovery efforts, as
they can pose a risk of secondary ignition even months after the initial fire.

Extreme cold has negative impacts on the operation and degradation of LIBs. Im-
proved modeling and performance enhancement approaches have been discussed in
the literature.
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7. Future Research Directions

This study gives valuable insights into the role of ESSs for enhancing power system
resilience. Addressing the following suggestions can further improve the utilization of
ESSs in achieving a more resilient power system.

(@) The current literature lacks comprehensive research on modeling the combined occur-
rence of multiple natural disasters and their collective impact on power systems. As an
example in this regard, firestorm as a combination of wildfire and windstorm can be
mentioned. Future studies should focus on developing robust resilience enhancement
strategies that account for such multi-hazard scenarios.

(b) Most of the research works have considered generalized natural disasters for planning
resilience enhancement strategies. However, to obtain more practical insights, accurate
models of typical natural disasters—encompassing their probability of occurrence,
progression, and impact on the power system—must be evaluated.

(¢) The impact of extreme winds on the speed of MESSs needs to be modeled with more
accuracy to improve the resilience enhancement results.

(d) HESSs can produce improved results than the individual ESSs in terms of improving
the resilience of power systems. However, the promising research on HESSs for
resilience enhancement calls for the design and evaluation of more comprehensive
ESS combinations, particularly HESSs comprising more than two ESS types.

(e) Future research can assess the feasibility of FES and SC as community ESSs.

(f) Instead of relying on fixed efficiency of ESSs, dynamic efficiency can be considered in
the future to perform rolling optimization for the deployment of MESSs considering
prediction errors regarding extreme events.

(g) The role of MESSs for enhancing resilience is well-evaluated. However, their effi-
cacy and economic feasibility under normal circumstances need to be evaluated in
future research.

(h) The impact of large-scale penetration of EVs as MESSs on the resilience and stability
of power systems can be assessed in future research.

(i) SMI-ESSs provide improved resilience when their sizing and placement are optimized
in a coordinated manner. However, few research works have been published on
this strategy, and further research is needed on this relatively new approach for
resilience improvement.

() The deployment of BESSs using GIS and the multi-criteria decision-making process
results in superior resilience and cost-effectiveness as compared to decision making
without GIS and multi-criteria considerations. The deployment of other ESSs using
GIS-informed decision making can be evaluated in future research works.

(k) Equipment degradation is neglected in most of the studies, such as [56,70,79,80,83,101,
108,114,117,143,155,162,163]. For improved resilience planning, accurate degradation
modelling needs to be considered.

(I)  The impact of wildfire on outdoor BESSs needs to be modeled and considered during
resiliency planning studies. This involves the calculations of heat transfer from
wildfire to the BESSs and generating warning signals for precautionary measures to
prevent the BESSs from thermal runaway and ultimately from escalating the wildfires.

(m) The impact of probabilistic weather parameters on the behavior of an ongoing wildfire
must be accurately modeled. Based on this, fire fragility models of DN equipment
should reliably predict potential damage, leading to the development of a mechanism
that suggests dynamic preventive actions for the safety of power equipment and
operating staff.
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(n) Few studies have discussed the role of ESSs in mitigating the impacts of extreme cold
weather on power systems. More research, especially on the role of HESSs and MESSs
in improving resilience against extreme cold weather, is suggested.

(o) Along with identification of partially damaged LIBs, global standard operating proce-
dures (SOPs) need to be established for safely removing wildfire-damaged LIBs and
EVs containing LIBs from the wildfire-impacted area, as well as for their quarantine
period and disposal.
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Abbreviations

The following abbreviations are used in this manuscript:

25-ADRO  Two-Stage Adaptive Distributionally Robust Optimization
A-CAES Adiabatic-Compressed Air Energy Storage

ADN Active Distribution Network

ALOL Avoided Loss of Load

AMGs Active Microgrids

B&B Branch and Bound

BEBs Battery Electric Buses

BESS Battery Energy Storage System

BSS Battery-Swapping Station

BTM Behind the Meter

BTMS Battery Thermal Management System
C&CG Column-and-Constraint Generation
CAES Compressed Air Energy Storage
CBES Community Battery Energy Storage
CES Cooling Energy Storage

CHP Combined Heat and Power

CIES Community Integrated Energy System
CVaR Conditional Value-at-Risk

DBES Distributed Battery Energy Storage
DERs Distributed Energy Resources

DG Distributed Generation

DN Distribution Network

DRHO Dual Rolling Horizon Optimization
DRL Deep Reinforcement Learning

DRO Distributionally Robust Optimization
DS Distribution System

DSM Demand Side Management

EBs Electric Buses

EDNS Expected Demand Not Supplied
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EENS
EES
EH
ELNS
EMS
EMT
ENS
ESS
EVPs
EVs
FES

FI

FLS
GCNs
GFL
GFM
GIS
H-EIES
HESS
HFC
HILP
HPO
HSS
HV
IEHS
IES
IGDT
LA
LIB
LLI
LLR
LOLE
LOLF
LOLP
LP
LPSP
MEGs
MEMG
MERs
MESS
MG
MIP
MILP
MINLP
MIQCP
MISOCP
MMES
MMG
MPC
MRI
MV
MVI
NMGs
NPC
OWFs

Expected Energy Not Supplied
Electrical Energy Storage

Energy Hub

Expected Load Not Supplied
Energy Management System
Electromagnetic Transient

Energy Not Supplied /Served
Energy Storage System

Electric Vehicle Parking Lots
Electric Vehicles

Flywheel Energy Storage

Fragility Index

Forced Load Shedding

Graph Convolutional Networks
Grid-Following

Grid-Forming

Geographical Information System
Hydrogen-Electricity Integrated Energy System
Hybrid Energy Storage System
Hydrogen Fuel Cell

High-Impact Low-Probability
Hunting Prey Optimization
Hydrogen Storage System
High-Voltage

Integrated Electricity and Heat System
Integrated Energy System
Information-Gap Decision Theory
Los Angeles

Lithium-Ion Battery

Lost Load Index

Load Loss Rate

Loss of Load Expectation

Loss of Load Frequency

Loss of Load Probability

Linear Programming

Loss of Power Supply Probability
Mobile Emergency Generators
Multi-Energy Microgrid

Mobile Energy Resources

Mobile Energy Storage System
Microgrid

Mixed-Integer Programming
Mixed-Integer Linear Programming
Mixed-Integer Nonlinear Programming
Mixed-Integer Quadratically Constrained Programming
Mixed-Integer Second-Order Cone Programming
Mobile Multi-Energy Storage
Multi-Microgrid

Model Predictive Control
Microgrid Resilience Index
Medium-Voltage

Microgrid Voltage Index
Networked Microgrids

Net Present Cost

Offshore Wind Farms
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P2H Power-to-Hydrogen

P2pP Peer-to-Peer

PCM Phase Change Material

PEV Plug-in Electric Vehicle

PGA Peak Ground Acceleration

PHEVs Plug-in Hybrid Electric Vehicles

PS Pumped Storage

PSPSs Public Safety Power Shutoffs

PVDG Photovoltaic Distributed Generation
PV-ES-CS  PV-Energy Storage-Charging Station
REI Restoration Index

RTS Reliability Test System

RF Resilience Function

RI Resilience Index

RO Robust Optimization

SC Supercapacitor

SCW Severe Convective Weather

SDN Smart Distribution Network

SDRO Stochastic Distributionally Robust Optimization
SESS Stationary Energy Storage System

SFL Shuffled Frog Leaping

SMES Superconducting Magnetic Energy Storage
SMI-ESS Stationary-Mobile Integrated Energy Storage System
SMIP Stochastic Mixed-Integer Programming
SOC State of Charge

SOCP Second-Order Cone Programming

SOP Standard Operating Procedure

SRO Stochastic Robust Optimization

TBES Transportable Battery Energy System
TES Thermal Energy Storage

UAVs Unmanned Aerial Vehicles

ucC Unit Commitment

UESS Underground Energy Storage System
V2G Vehicle-to-Grid

VPP Virtual Power Plant

VSG Virtual Synchronous Generator

WRAP Withstand, Recover, Adapt, and Prevent
WT Wind Turbine
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