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H I G H L I G H T S

• A city-scale information model with renewable and storage for energy resilience.
• A GIS-MCDM approach for optimal BESS deployment with locations and capacities.
• Urban-scale resilience with geological, safety, energy flexibility and accessibility.
• Spatiotemporal resolution urban energy simulation for power shortage reduction.
• Guidelines for designers and planners with energy resilience and power survivability.
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A B S T R A C T

Climate change and extreme weather events are imposing threats to city power systems with regional power
shortages. To enhance urban power system’s resilience amid climate change, photovoltaic (PV) and battery
energy storage systems (BESS) are crucial for maintaining self-sufficient power during outages. However, the
optimal installation location and capacity sizing of BESS remain uncertain when considering multi-criteria,
including safety, energy flexibility, accessibility and energy resilience. This study proposes a new approach, i.
e., Geographic Information System (GIS) integrated with Multi-Criteria Decision-Making (MCDM) and capaci-
tated p-median problem, to identify optimal installation locations and capacity allocation of BESS. This approach
comprehensively considers geographical conditions (such as slope, land use, open space), safety, energy flexi-
bility, accessibility and energy resilience, while accounting for the entire distribution network’s granularity,
intermittent solar supply, and unstable electricity demand. The methodology can guide the optimal BESS siting
and sizing for energy resilience under future climate change and associated extreme weather events. Results
indicate that suitable installation locations based on the proposed GIS-MCDM method are concentrated in central
and southern regions in Yau Tsim Mong. Subsequently, BESS with the optimal and specific installation location
and capacity allocation is in districts with high electricity demand and favourable safety geographical conditions.
Compared to BESS without GIS-MCDM, the optimal BESS deployment with GIS-MCDM decreases the power
shortage from 13,184 MWh to 12,931 MWh. Additionally, it increases the maximum power shortage reduction
density from 176.04 kWh/m2 to 364.2 kWh/m2, and the area with a power shortage reduction above 100 kWh/
m2 expands from 1.24 × 105 m2 to 2.17 × 105 m2. This study contributes a new approach to determine optimal
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BESS installation locations and capacity allocation in urban-scale information modelling, planning and
deployment, with frontier guidelines for system designers and urban planners to collaboratively develop resil-
ience and survivability of urban power systems under extreme events.

1. Introduction

Climate change has become a major issue for sustainable develop-
ment goals [1], leading to increased energy consumption and energy
shortage crisis [2,3]. Energy resilience is critical for sustaining power
systems under future climate change risks and the associated extreme
events [4,5]. To address these challenges, high penetration of renewable
energy sources and energy-efficient utilization are essential strategies to
mitigate climate change and enhance climate-adaptive resilience [6].
However, it still remains a significant challenge to determine where to
locate and how to design clean energy supply and battery storage sys-
tems with high energy resilience to withstand the impacts of extreme
weather events.

Addressing the challenges posed by climate change requires
comprehensive approaches in many aspects, particularly in terms of
management strategies with renewable energy. One of the major issues
with solar power generation is its sensitivity to climate and weather-
induced intermittency, which makes it particularly vulnerable to
extreme weather events and compromises the resilience of power sys-
tems [7]. For onsite renewable integrated building prosumers, climate
change will not only affect the dynamic electricity consumption, but also
affect the onsite renewable energy supply. For example, from the energy
consumption aspect, Moazami et al. [8] quantified the building perfor-
mance under long-term climate change and extreme weather conditions.
They indicated that typical database would underestimate peak load,
and the extreme weather will improve the robust design in buildings.
Berardi and Jafarpur [9] studied the change of cooling and heating loads
under climate change. The case study indicates that rise in temperature
will reduce the Heating Degree Days by 30 %, reduce the energy use
intensity (EUI) for heating by 18–33 %, and increase EUI for cooling by
15 %–126 %. Flores-Larsen et al. [10] investigated the impact of climate
change on energy consumption from 2020 to 2050, and concluded that
heating energy is decreased by 6.0–7.6 kWh/m2⋅decade, while the
cooling energy is increased by 1.7–8.4 kWh/m2⋅decade. From the clean
energy supply aspect, Feron et al. [11] assessed the variation of PV

production with global climate models (RCP4.5 and RCP8.5). They
found that, during summer days, PV power outputs are expected to
double in the Arabian Peninsula by mid-century, while PV power out-
puts can be reduced by half in southern Europe over the same period,
even under a moderate-emission scenario. Zhao et al. [12] evaluated the
impacts of climate change on PV energy potential based on the down-
scaled climate projections in China. Results indicate that PV-energy
potential is likely to have a slight decrease of up to 6 % in most of the
study regions under RCP4.5 and RCP8.5. However, under the urban
scale, the impact of climate change on variations of electricity demands
and PV production has not been considered, especially considering
different building types and forms, leading to suboptimal urban plan-
ning decisions without considering energy resilience and, therefore, the
ineffectiveness of traditional integrated urban energy strategies.

To address this risk, flexible and effective deployment of battery
energy storage system (BESS) is imperative to enable rapid charging/
discharging and offer substantial storage capacity to smooth fluctuations
in electricity supply across various locations and strategies [13,14].
Some studies have already highlighted the importance of BESS deploy-
ment in power systems. For instance, the deployment of energy storage
systems can help reduce carbon emissions by facilitating renewable
energy integration and improving the overall efficiency of the power
system [15,16]. Moreover, battery efficiency is significant in improving
energy resilience under power outages and extreme winds, respectively
[17,18]. The primary objective of the BESS in this situation is to enhance
grid resilience by storing excess PV and grid electricity. This stored
energy reduces the risk of power shortages during disasters, ensuring
continuity of power supply to critical loads and essential services during
extreme events. Through the efficient utilization of renewable energy,
the BESS contributes to the stability and resilience of the energy system,
particularly in high-risk scenarios. However, traditional methods for
battery deployment under the theoretical modelling approach fail to
consider geographical conditions (like slope, land use, public open
space, and so on), safety, energy flexibility, accessibility and energy
resilience, leading to the ineffectiveness in practical applications.

Geographic Information System (GIS)-assisted site selection on clean

Nomenclature

Variables (units)
C Cost for BESS investment (HK$)
CCAPEX Capital expenditure cost of BESS (HK$/kWh)
Cshortage Power shortage cost (HK$/kWh)
Cap Capacity of BESS (MWh)
d Euclidean distance (m)
e Entropy value
h Bandwidth (m)
Lossshortage Economic losses for power shortage (HK$)
NPBESS Net profit of BESS (HK$)
K Gaussian kernel function
Pcharging(t) Charging power at time step t (MW)
Pdischarging(t) Discharging power at time step t (MW)
Pshortage(t) Power shortage at time step t (MW)
Prgrid(t) Time-of-use grid price in Hong Kong (HK$/kWh)
R Power shortage ratio
RevenueBESS Revenue of BESS (HK$)
t Time duration of extreme events (h)

v Wind speed (m/s)
w Weight of each criterion

Abbreviations
BESS Battery energy storage system
CPMP Capacitated P-Median Problem
ED Electricity demand
EUI Energy use intensity
GIS Geographical information system
KDE Kernel density estimation
MCDM Multi-criteria decision-making
POI Point of interest
PV Photovoltaic
SCR Self-consumption ratio
SSR Self-sufficiency ratio

Sets
n Set of candidate BESS installation locations
p Set of selected BESS installation locations
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energy supply and energy storages under the urban scale can improve
the practical applications [19] and efficiency of decision-making pro-
cesses [20], with comprehensive considerations on various factors, such
as geography, topography, land use, etc. Precise site selection on clean
energy supply and energy storage through spatial analysis and model-
ling based on GIS can consider the geological conditions, accessibility,
and regional energy demand, enabling its effectiveness and practica-
bility [20]. Additionally, GIS can be used to assess potential risks and
initiate emergency response plans, so as to improve energy resilience of
the entire power system [21]. Researchers have already applied GIS for
site allocation on clean energy systems. Alhamwi et al. [22] introduced a
GIS-based platform to optimize the allocation of distributed battery
storage in urban areas. Wei et al. [23] proposed a city-scale PV
deployment decision-making model and evaluated the deployment po-
tential that 100 % deployment targets can achieve 20.6 % of the city’s
electricity demand considering the real installation conditions under the
urban scale. Ren et al. [24] proposed a 3D-GIS and deep learning inte-
grated approach to solve the high-dimensional rooftop PV planning
problem and the non-linear PV and battery sizing problem with the
minimum payback period. Zhou et al. [25] proposed a practical model
for the location decision of PV charging stations, combining GIS with
multi-criteria decision-initiate emergency response plan-making
methods. As intermediate battery storage between clean energy supply
and end-users’ demand, the effective BESS deployment has to consider
not only geographical conditions, but also complex interactions among
PV, end-users, and the local power grid. Challenges of battery deploy-
ment arise from the complexity of multi-directional power interactions
among multi-agents, especially for large city-scale information. A
climate-adaptive PV-BESS power system with high energy resilience is
highly necessary to guide battery deployment in terms of optimal
installation locations and capacity allocation on an urban scale.

Based on the above literature review, scientific gaps are summarised
below:

(1) Traditional BESS deployment methods only focus on optimizing
storage capacity and cost efficiency from technical and economic
aspects, lacking practical geographical consideration for urban-
scale networks. Up until now, there is no methodology for BESS
deployment under the urban scale, considering the complex
spatiotemporal relationship among PV production, electricity
demand and BESS.

(2) In response to mitigating future climate change and surviving the
power system under extreme weather, the roles of BESS deploy-
ment to enhance the energy resilience of the power system have
not been specifically explored, especially considering the
complexity and sophistication from the perspective of the
spatiotemporal distribution of building electricity demand and
PV production under the urban scale.

(3) Traditional performance assessment for the BESS deployment is
normally limited within the integrated technical criteria, such as
self-consumption ratio and self-sufficiency, which cannot
adequately reflect the spatial performance of BESS deployment.
However, performance assessment for BESS from the spatial
perspective under an urban scale has not been proposed yet.

In order to fill up the identified scientific gaps, the research origi-
nality and novelty of this study are shown below:

(1) A novel GIS-MCDM approach is developed to identify the suitable
BESS installation ranges. Besides considering the geographical
criterion for safety and accessibility, a criterion specifically for
energy resilience (i.e., distance to increased electricity demand)
has been first proposed to emphasize the significant connection
between the BESS deployment and requirement for the electricity
demand in the power system.

(2) Optimal BESS deployment with specific installation locations and
capacity allocation are identified to enhance energy resilience
under climate change and extreme events. It integrates high-
resolution spatiotemporal data (i.e., PV production, building
electricity demand, optimal BESS deployment) to develop a
power system with high energy resilience under urban scale.
Moreover, extreme weather events have been simulated to assess
the effectiveness and robustness of the proposed BESS deploy-
ment strategy.

(3) Power shortage reduction density based on the kernel density
estimation has been innovatively applied to evaluate the energy
resilience of the power system from the spatial perspective.
Furthermore, with the power shortage mitigation as the temporal
assessment criteria, energy resilience of the power system with
the proposed optimal BESS deployment has been thoroughly
evaluated from spatial and temporal aspects.

This study is organised as follows. Research methodology is
described in Section 2. Results and discussion are given in Section 3.
Furthermore, Section 3 also shows the limitations and future outlook.
Lastly, the conclusion of this study is presented in Section 4.

2. Methodology

Fig. 1 illustrates the framework for optimal site selection and ca-
pacity sizing and allocation on battery energy system storage (BESS),
together with a multi-criteria performance assessment. In the first stage,
various data are collected and processed, including environmental data,
building data, and urban infrastructure data, which will be integrated
into a GIS-based platform for spatial analysis. In the second stage, the
energy system simulation is conducted, encompassing building energy
simulation, solar radiance, and PV production simulation. This stage
involves parameter setting (such as building geometry, window-to-wall
ratio, thermophysical properties of materials, etc), meteorological pa-
rameters, and solar-to-power conversions. A comprehensive suitability
map is thereafter generated with suitability criteria, energy resilience
and energy flexibility through GIS-based multi-criteria decision-making
(MCDM). In the third stage, a capacitated p-median problem solution is
employed to optimize the location and allocate the capacity of the PV-
battery systems.

The study aims to minimize the demand-weighted distance between
demand nodes and PV-BESS facilities, considering energy resilience to
survive the power system against extreme weather events. The demand-
weighted distance method was chosen due to its simplicity and effec-
tiveness in prioritizing areas with high electricity demand. This
approach ensures that Battery Energy Storage Systems (BESS) are
located where they will have the greatest impact on grid resilience and
efficiency, especially in urban areas. Unlike other weighting methods
that may only consider proximity or provide equal weight across re-
gions, demand-weighted distance emphasizes demand magnitude,
leading to more effective BESS placement. Compared to multi-objective
optimization methods, demand-weighted distance offers a less compu-
tationally intensive solution while still ensuring that the BESS is placed
in regions of high demand. Although multi-objective methods can
incorporate additional factors, demand-weighted distance directly tar-
gets the most critical parameter, energy demand, which leads to efficient
and impactful storage system placement.

2.1. Geographical information on the study area

(Note: This figure presents a two-part geographic illustration of Yau
Tsim Mong District in Hong Kong. The left panel provides a regional map
highlighting the district’s location within the larger context of Hong
Kong. The right panel offers a detailed urban map of Yau Tsim Mong,
showcasing a dense network of buildings and roads.)

As shown in Fig. 2, Yau Tsim Mong District in Hong Kong is selected
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in this study as a research area. The district is situated at the heart of
Kowloon Peninsula as one of the most bustling regions and is known for
its high density of population and commercial activities. The district
features a diverse array of buildings, including high-rise office buildings,
residential buildings, and commercial buildings, which provides great
potential for PV installation on the rooftop and building façade, thereby
maximumly enhancing the energy resilience of the power system.

2.2. Urban energy simulation and PV production estimation

In this research, offices, hotels, and residences are selected as three
typical buildings to present all types of buildings, and their dynamic
energy use intensity (EUI) is simulated in TRNSYS [26–30], which
temporally provides dynamic electricity demands. Energy use intensity

(EUI) for these three types of buildings is calculated as the baseline, and
actual electricity demand is expanded through the calculated EUI and
scaled according to different building areas and building types. Building
height and building area are obtained from Amap [31], which provides
accurate shape file data from a spatial aspect. Additionally, the identi-
fication of building types was achieved by integrating land cover data
from the Planning Department and Point of Interest (POI) data from
Amap [31]. This comprehensive approach ensures that the energy
electricity models are precise and representative, corresponding to the
actual building conditions from spatiotemporal aspects under the urban
scale.

For the estimation of PV production, the Climate Studio Grasshopper
plugin is utilized to model the hourly solar radiation on building sur-
faces, taking into account the mutual shading effect among the

Fig. 1. Flow chart of research methodology on optimal site selection and multi-criteria performance assessment on battery energy system storage (BESS).
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buildings. Each building is modelled at Level of Detail 1 [32], which is
assumed that 80 % of the building facades and rooftop are covered by PV
installations, with PV energy efficiency rate under the standard testing
condition at 20 % [33]. Furthermore, the impact of shading among
buildings and climate change on the hourly PV production is specifically
quantified.

2.3. Simulation of power shortage under extreme weather event

To estimate the impact of extreme weather events on power short-
ages in Hong Kong, a predictive model is developed utilizing detailed
power outage data from catastrophic windstorms in Miami, United
States [34]. Miami is chosen for several key reasons. First, both Miami
and Hong Kong are frequently affected by intense tropical cyclo-
nes—hurricanes and typhoons, respectively—with similar characteris-
tics such as high wind speeds, heavy rainfall, and storm surges [35,36].
This similarity in storm impact makes Miami’s outage data relevant for
modelling purposes in Hong Kong. Second, both cities share comparable
urban characteristics, including high population density, extensive high-
rise developments, and complex infrastructure systems [37,38]. These
factors influence the vulnerability and resilience of power systems in
similar ways, affecting how extreme weather events impact power
supply [39]. Third, Miami provides detailed and publicly available
power outage data from past windstorms, which is not readily available
for Hong Kong or other comparable cities. This data availability allows
for a more robust modelling approach. It is acknowledged that there are
differences in power system configurations between Miami and Hong
Kong. To address this, the data in Miami-Dade is analysed and then in-
tegrated with Hong Kong’s meteorological and power grid characteris-
tics through linear regression to create a tailored predictive model for
Hong Kong’s power shortage simulation based on its specific conditions.
Specifically, the impact of power outages in Hong Kong during Typhoon
Mangkhut was considered, and the power shortage ratio are modified
accordingly [40,41].

Previous studies have found that power shortage caused by the
catastrophic windstorm is highly related to the wind speed and time
duration of the disaster [39]. This model incorporates two variables (i.e.,
wind speed and time duration) to quantify the power shortage during
catastrophic windstorms. Power shortage ratio (R) is defined as the
percentage of the population in the power shortage area affected by the
catastrophic windstorm relative to the total population. It is modelled as
a two-variable function related to wind speed (v) and time duration (t),
as shown in Eq. (1):

RMiami− Dade,U.S = 0.0040 × v + 0.0078 × t − 0.081 (1)

where R refers to power shortage ratio [40]. v refers to the wind speed
(m/s), and t refers to the time duration (h) of the extreme event.

Based on the principles of external validity, power shortage data
from Miami during catastrophic windstorms can be extrapolated to
predict power shortage conditions in Hong Kong under extreme events.
Therefore, power shortage ratio in Hong Kong (RHong Kong) can be ob-
tained by multiplying power shortage ratio in Miami by a coefficient (as
shown in Eq. (2)).

RHong Kong = a × (0.0040 × v + 0.0078 × t − 0.081) (2)

This coefficient a is calculated as the ratio of the proportion of
population affected by power outages in Hong Kong to that in Miami,
which is expressed as:

a=

(
PopulationunderpowershortageHongKong

/
TotalpopulationHongKong

)

(Populationunderpower shortageMiami/TotalpopulationMiami )

(2.1)

where population under power shortage equals to 10,800 in Hong Kong
[41] and 898,340 in Miami [34], while total population equals to
7,346,000 in Hong Kong [42] and 2,701,767 in Miami [43]. In Eq. (2.1),
the metric “population under power shortage” refers primarily to power
shortages caused by catastrophic wind storms. These storms are
considered the dominant factor affecting grid resilience in this study,
given their high likelihood and severe impact in the regions. Other
causes of shortages are not explicitly included, as during such large-scale
outages, other causes like equipment malfunctions or random failures
are statistically insignificant.

Fig. 3 shows the power shortage ratio in Miami-Dade overtime
during a storm event. Miami-Dade experiences a sharp increase in
outage ratios, peaking early in the event, followed by a gradual recovery
over approximately 260 h. This trend can be used as the benchmark for
the resilience evaluation of Hong Kong’s power infrastructure during
extreme events.

2.4. Urban BESS deployment through GIS-MCDM

After identifying the spatiotemporal electricity demand and PV
production under urban scale, BESS requires to be deployed to max-
imumly increase the energy resilience of the power system. Fig. 4 shows
the schematic diagram of the optimal BESS deployment, which follows a

Fig. 2. Geographical location of Yau Tsim Mong in Hong Kong.
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three-stage sequence (i.e., Stage I: data preparation stage for evaluation
perspectives and criteria, Stage II: GIS-based multi-criteria decision-
making for the identification of rough feasible installation range, and
Stage III: bi-objective optimal site selection for the optimal and specific
installation location and capacity allocation). By following this method,
optimal deployment of BESS can effectively enhance the system’s energy
resilience, ensuring a robust and adaptable power infrastructure that can
withstand and recover from various disruptions. Later subsections will

elaborate on each step in details, respectively.

2.4.1. Multi-criteria decision-making (MCDM) and entropy weight method
for feasible BESS installation locations

Before identifying the specific optimal location, feasible installation
locations need to be roughly determined to ensure alignment with actual
urban geographic conditions and to reduce the computational load of
the subsequent BESS optimization. This helps to streamline the process

Fig. 3. Power shortage ratio in Miami and Hong Kong under catastrophic windstorm.

Fig. 4. Flow chart of the optimal BESS deployment process.
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by narrowing down potential sites, thereby making the final selection
more efficient and practical.

In order to firstly identify the rough feasible BESS installation loca-
tions, criteria for feasible installation locations need to be identified, to
exclude those infeasible installation locations from the map. Table 1
outlines the standard utilized in this research to exclude infeasible lo-
cations based on slope, land use, public open space, and proximity to
critical water sources. These standards ensure that only physically
suitable and safe locations are considered for BESS installations. Loca-
tions that do not follow the standard should be excluded to avoid the
installation accident.

After excluding infeasible areas based on the standards shown in
Table 1, remaining feasible areas should be further evaluated to identify
more suitable sites. To achieve this target, a robust multi-criteria deci-
sion-making (MCDM) framework is further developed to evaluate the
suitability potential of remaining locations based on criteria such as
safety, accessibility, flexibility, and resilience (as shown in Table 2).
Fig. 5 shows the source geographical data for assessing the feasibility
and suitability of urban BESS installation related to criteria, as listed in
Table 2. Criteria for safety, flexibility and accessibility are regulated
from standards [44,45]. Furthermore, criterion for energy resilience is
measured as the distance to the increased electricity demand, which
indicates that distance closer to the increased electricity demand should
be considered with a high priority, while distance far away from the
increased electricity demand is considered with a low priority.

In order to identify areas that are more susceptible to climate change,
spatial differences in building electricity demands under typical and
2060 are quantified. These differences are primarily driven by meteo-
rological parameters’ change, variations in air temperature and building
density. Fig. 6 demonstrates the detailed calculation process for the
energy resilience criterion. First, land surface temperature in Yau Tsim
Mong is collected from Landsat-8 Land Surface Temperature (LST)
product [46]. Based on a temperature conversion model [47], land
surface temperature can be converted to the air temperature. Then, air
temperature datasets from several key weather stations in Kowloon,
including King’s Park, Kowloon City, Sham Shui Po, and the Hong Kong
Observatory, are selected to obtain high-resolution (10-min interval)
temperature records from July 18 to August 1 in 2022. These air tem-
perature datasets are used to calibrate and validate the temperature
conversion model. Afterward, Yau Tsim Mong (study area in this
research) is divided into 100 m × 100 m grids, and each grid’s building
density is determined using detailed urban planning datasets, including
building areas and counts. The converted air temperature for Yau Tsim
Mong is mapped to each grid, and combined with building models.
Electricity demand for the typical year and 2060 are simulated using
TRNSYS [26], which accounts for the building density and dynamic air
temperature within each grid. Lastly, by comparing the differences in
electricity demand across grids between the typical year and 2060,
distance to the increased electricity demand can be clearly identified as
one of the important criteria for energy resilience assessment.

Based on the criteria above, the spatial suitability distribution of

each criterion can be calculated. All criteria need to be comprehensively
considered and evaluated, while the priority and rating level of each
criterion determine the final decision making to generate more reliable
BESS locations. In this research, the Entropy Weight Method is intro-
duced, which is an objective weighting method used in multi-criteria
decision making (MCDM) analysis to score the potential locations.
This method determines the weight of each criterion by calculating the
entropy value, which reflects the uncertainty or variability of the in-
formation for each criterion. A higher entropy value indicates that the
criterion carries more uncertainty and variability, which gives it more
importance in the final decision-making process. Conversely, a lower
entropy value suggests that the criterion is more stable and, therefore,
less significant in influencing the final decision. Once the weights are
determined using the entropy values, the next step is to multiply the
score of each individual criterion by its corresponding weight. Based on
this process, each criterion’s contribution to the overall evaluation is
adjusted according to its importance. The higher the weight of a crite-
rion, the more influence it has on the final suitability score. For example,
if proximity to demand points has a higher weight, locations closer to
high electricity demand areas will score significantly higher compared
to those further away. This ensures that critical criteria, such as energy
resilience or safety, play a central role in the decision-making process,
while less critical criteria exert less influence. Finally, the weighted
scores of all the criteria are summed up to obtain a comprehensive score
for each potential location, allowing us to prioritize the most suitable
sites for BESS deployment. This comprehensive score provides a more
accurate and holistic assessment of the suitability of each location based
on multiple criteria. Detailed steps and calculation expressions are listed

Table 1
Standards to exclude infeasible installation locations [44].

Standard Constraint Description

Slope
Construction
accessibility

The site location should be physically
suitable for installation and should
have a minimum drainage slope of 0.5
%.

Land use
Construction
accessibility

The site should not occupy land that is
not available for development, such as
farmland or green areas.

Public open space
Prevent damage or

adverse effect
The site should not occupy public open
spaces.

Distance to the
river and
reservoir

Safety
The site location should not be close to
important water sources or water
protection areas.

Table 2
Criteria for determining suitable installation locations [44,45].

Category Criteria Quantitation Descriptions

Safety

Drainage
Distance to storm
water inlet

The station site should
meet the requirements for
flood and waterlogging
prevention, and it’s better
to be close to drainage
facilities [45].

Landslide

Distance to
location of
landslide
incidents

The station site should be
far away from areas
directly threatened by
debris flows and landslides
[44].

Flexibility

Proximity to
demand

Distance to
buildings

The station site should be
close to the points of
electricity demand and
renewable energy
production. The farther the
distance from the
connection, the slower the
response.

Proximity to
Infrastructure

Distance to
power grid

The station site should be
close to the substation or
land with power lines. The
farther the distance from
the connection, the slower
the response and the
higher the cost of the
project [45].

Accessibility Ease of access to
roads

Distance to road
network

The site should have
convenient and cost-
effective transportation
conditions for installation
and maintenance, with
short and direct
connections to the external
roads [44,45].

Resilience
Vulnerability of
energy use

Distance to
increased
electricity
demand

The site should near
buildings that are more
prone to shortages in
extreme weather, such as
extreme heat.
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below:

1. Normalized distance performance for each criterion

Transform the distance to a dimensionless scale to facilitate com-
parison. The formula is expressed as:

zij =
xij − min

(
xij
)

max
(
xij
)
− min

(
xij
) (3)

where xij refers to the distance of sample i and criteria j (as shown in
Table 2).

2. Calculate the proportional value

Compute the proportional value pij of the ith sample in the jth crite-
rion. The formula is:

pij =
zij
∑n

i=1
zij

(4)

where pij is the normalized distance of sample i and criteria j ranging
from 0 to 1.

3. Calculate the entropy value

Determine the entropy value ej for each criterion. The formula is:

ej = −
1

ln(n)
∑n

i=1

[
pij • ln

(
pij

) ]

(5)

where n refers to the total amount of sample, and pij refers to the
normalized distance (as shown in Eq. (4)).

4. Determine the weight of each criterion

Calculate the weight wj for each criterion. The formula is:

wj =
1 − ej

∑m

j=1

(
1 − ej

) (6)

where ej refers to the entropy weight of criterion j (as shown in Eq. (5)).

5. Compute the comprehensive evaluation score

Calculate the comprehensive evaluation score Si for each sample. The
formula is:

Si =
∑m

j=1
wj⋅pij (7)

where wj refers to the weight of criterion j (as shown in Eq. (6)), and pij
refers to the normalized distance (as shown in Eq. (4)).

Using these five steps above, entropy weight method can be applied
to the geographical data (as shown in Fig. 5) for multi-criteria decision-
making (MCDM) analysis with the criteria listed in Table 2 to create a
comprehensive suitability map with weighted criteria for evaluating the
optimal site.

2.4.2. Optimal BESS deployment with capacitated P-median problem
(CPMP)

Battery capacity sizing focuses on ensuring the maximum energy
resilience by meeting electricity demand during power shortage periods.
In our analysis, the estimated battery energy storage system (BESS)
capacity is designed to cover the total power loss over the entire dura-
tion of a disaster event, as shown in Fig. 12. This capacity represents the
cumulative hourly power loss during a windstorm and assumes that the
total storage capacity of the BESS should be at least equal to the

Fig. 5. Geographical data for multi-criteria decision-making (MCDM) analysis based on: (a) land use; (b) slope; (c) power infrastructure; (d) storm water manhole;
(e) landslide.

D. Ping et al. Applied Energy 378 (2025) 124813 

8 



potential power loss. Although the actual state of charge (SOC) of the
batteries at the onset of a disaster may not always be at 100 %, the stored
energy will still mitigate a significant portion of power outages,
providing critical backup power. This approach ensures that the grid can
handle the cumulative impact of power shortages over the entire disaster
period, rather than focusing solely on short-term. It is determined based
on anticipated future risks rather than economic efficiency. Therefore,
total capacity of BESS (TCBESS) is designed as the maximum magnitude
of the hourly power shortage, which is defined as the maximum

difference between electricity demand and PV production:

TCBESS =

∫ tend

tstart

(PED(t) − PPV(t) )dt (8)

where tstart represents the start time of the extreme event. tend represents
the end time of the extreme event. PED(t) refers to the electricity demand
at time step t, and PPV(t) refers to the PV production at time step t. This
ensures that the BESS can fully address the most critical power short-
ages, thereby maximizing energy resilience during grid disruptions.
Based on above, sufficient energy services can be fully guarantee during
significant grid disruptions.

Capacitated P-median problem [51] aims to solve the optimal BESS
deployment, considering distances and capacities for the service be-
tween each battery and each building. The objective of the optimized
BESS deployment is to determine p (BESS installation locations) in a
predefined set with n (n > p) candidate BESS installation locations in
order to satisfy a set of electricity demands, so that the total sum of road
network distances between each electricity demand point (i.e., each
building) and its nearest BESS is minimized, which is expressed as:

Min
∑n

i=1

∑n

j=1
ai⋅dij⋅xij (9)

s.t.

∑n

j=1
xij = 1, i = 1, 2,…,n (9.1)

xij ≤ yj, i, j = 1, 2,…,n (9.2)

∑n

j=1
yj ≤ p (9.3)

xij, yj ∈ {01}, i, j = 1, 2,…,n (9.4)

CapBESS,j ≤ TCBESS (9.7)

where n refers to the number of proposed BESS installation locations,
and p refers to the candidate BESS installation location selected from
proposed BESS installation locations n. ai refers to the electricity de-
mand of ith building. dij refers to the road network distance from ith

building to jth BESS installation location. xij is defined as a Boolean
variable, where it equals to 1 when electricity demand of ith building is

Fig. 6. Flow chart of the calculation process for the energy resilience criterion
(i.e., the distance to the increased electricity demand).

xij =

{
1,when electricity demand of ith building is assigned to jth candidate BESS

0,otherwise
(9.5)

yj =

{
1,when jth candidate BESS is selected as one of the optimal BESS locations

0, otherwise
(9.6)
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assigned to jth installed BESS. TCBESS refers to the total BESS capacity
that requires to be allocated. CapBESS,j refers to the allocated BESS ca-
pacity for each BESS installation location.

Compared to traditional distance metrics or equal weighting
methods, demand-weighted distance offers significant advantages.
Simple distance-based methods may place BESS near low-demand areas
simply due to their proximity, which would lead to inefficient use of
energy storage. Likewise, equal weighting across regions risks ignoring
critical high-demand areas, misaligning BESS deployment with actual
energy needs. By focusing on demand magnitude alongside proximity,
we ensure that BESS placement is directly linked to the areas where the
energy grid faces the highest loads. This is especially important in urban
settings where electricity demand is often concentrated in specific lo-
cations, such as large residential buildings, hospitals, or commercial
districts. Consequently, BESS capacity allocation follows the proportion
of power shortage, which is defined as:

CapBESS,j =
Pshort,i

∑m

i=1

(
Pshort,i

) (10)

where Pshort,i refers to the electricity demand shortage when PV pro-
duction cannot meet the electricity demand of the ith building.

When BESS interacts with the grid, following power network con-
straints need to be met, including power line constraints, energy balance
and storage constraints [52].

(1) Power line constraints: Power line constraints are governed by
Kirchhoff’s Voltage Law (KVL) in AC networks. Power flows are
constrained by power line capacities to prevent overloads, which
is expressed as:

⃒
⃒Pflow,l

⃒
⃒ ≤ Pmax,l (11)

where Pflow,l refers to the power flow through line l, and Pmax,l is the
maximum allowed power capacity of that line.

(2) Energy balance: The power injected into the grid is equal the total
demand at each bus. This balance is essential to ensure that
supply meets demand:

∑Total number of buildings

i=1
Pimp,i ≤ Pgrid reduced (13)

Pgrid reduced(t) = Pgrid normal × R (14)

where PPV,i(t) and PED,i(t) refer to the the on-site PV generation, elec-
tricity demand of building i at time step t, PBESS i,charging(t) and

PBESS i,discharging(t) refer to the charging and discharging power of BESS to
building i at time step t. Pimp,i(t) refers to the import electricity from the
local power grid for shortage electricity demand, and Pdumped,i(t) refers
to the dumped solar energy generated by PV due to the limited BESS
capacity. During the extreme event, the maximum grid import power is
reduced from the original transmission capacity

(
Pgrid normal) to a

reduced grid import power (Pgrid reduced), which is calculated by applying
the power shortage ratio (R). Power shortage ratio is calculated in Eq.
(1).

(3) Storage Constraints: BESS also follow storage-specific constraints
to ensure that their charge and discharge cycles respect capacity
limits. The state of charge (SOC) evolves over time as:

SOCi(t)×CapBESS,i = SOCi− 1(t)×CapBESS,i + ηchar ×PBESS i,charging(t)
− ηdischar ×PBESS i,discharging(t)

(15)

where SOCi(t) refers to the state of charge of battery of building i at time
step t. PBESS i,charging(t) and PBESS i,discharging(t) refer to charging and dis-

charging power at time step t. ηchar and ηdischrefer to the charging and
discharging efficiency, which equal to 95 % [53].

In this research, the proposed BESS installation locations will be
selected from pre-determined feasible locations through multi-criteria
decision-making and entropy weight method, which greatly increase the
resilient of the proposed BESS deployment. By systematically integrating
GIS data, energy simulations, decision-making frameworks, capacitated p-
median problem for optimal BESS deployment, this study provides a

Fig. 7. Performance comparison under conditions with and without energy
resilience under stochastic disruptions.

Pshort,i =

{
EDi − PVi,when electricity demand of ith building is greater than ith PV production

0,otherwise
(10.1)

∫ T

t=0

(
PPV,i(t) + PBESS i,charging(t) + Pgrid imp,i(t)

)
dt =

∫ T

t=0

(
PED,i(t) + PBESS i,discharging(t) + Ploss,i(t) + Pdumped,i(t)

)
dt (12)

D. Ping et al. Applied Energy 378 (2025) 124813 

10 



comprehensive approach to optimize the installation location and capacity
allocation for BESS deployment under urban scale, therefore enhancing
the resilience of the power system against future extreme weather events.

2.5. Assessment criteria for BESS deployment

In Section 2.4.1, the Entropy Weight Method (EWM) is employed to
determine the weights of various criteria influencing the deployment of
battery energy storage systems (BESS). This method assigns weights to
factors such as proximity to demand points, road accessibility, and
power system vulnerability, reflecting their relative importance in the
multi-criteria decision-making (MCDM) process. The use of EWM en-
sures that criteria with greater significance for enhancing energy resil-
ience are given higher priority in the decision-making process. Then in
Section 2.4.2, these weights are integrated into the multi-criteria deci-
sion-making (MCDM) framework to evaluate the suitability of potential
BESS deployment locations. The resulting suitability scores highlight the
locations most likely to enhance energy resilience. Subsequently, Sec-
tion 2.5.1 employs the total power outage reduction and Kernel Density
Estimation (KDE) to temporally and spatially evaluate the reduction in
power shortages achieved by the deployment of BESS. Then, in section
2.5.2, the economic performance BESS deployments are accessed by
their total revenue, costs, and net profits.

2.5.1. The impact of BESS deployment on energy resilience
In order to assess whether the proposed approach on installation

location and capacity allocation for BESS deployment is good or not,
assessment criteria are proposed from both temporal and spatial per-
spectives for performance evaluations. From the temporal aspect, energy
resilience with the optimal BESS deployment is evaluated with the total
amount of power shortage during off-grid operation periods. Fig. 7
demonstrates the schematic diagram of the performance comparison
between resilient and traditional power systems under stochastic dis-
ruptions. In this research, performance indicator for resilience evalua-
tion is quantified as the accumulated hourly power shortage reduction
between conditions with and without energy resilience. Total power
outage is expressed as:

where F(t)without energy resilience represents the power shortage without
energy resilience, while F(t)with energy resilience represents the power
shortage with energy resilience.

From the spatial aspect, energy resilience with the optimal BESS
deployment is evaluated with kernel density estimation (KDE) for power
shortage analysis. KDE is a nonparametric statistical method for esti-
mating the probability density function of a random variable. For the
power shortage analysis in this research, KDE is used to identify and
evaluate the spatial distribution of power shortages to help identify
hotspots and demonstrate the severity of the power shortage problem in
each location by calculating the spatial density of power shortage
values.

Power shortage reduction kernel density is expressed as:

f(xy) =
1

Nh2

∑N

i=1
K
(

di

h

)

⋅wi (17)

where N refers to the total number of buildings; wi refers to the value of
total power shortages reduced by BESS for building i, and h refers to the
bandwidth (m), which is defined as the self-defined search area. K refers
to the Gaussian kernel function, which is defined as:

K =
1̅̅
̅̅̅̅

2π
√ exp

(

−
1
2
•

(
di

h

)2
)

(17.1)

where di refers to the Euclidean distance (m) between the estimated
point (x,y) and the ith sample point (xi,yi) (sample is defined as building),
which is expressed as:

di =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(x − xi)
2
+ (y − yi)

2
√

(17.2)

With KDE, severity of the power shortage problem can be quantified
from the spatial aspect to develop a more targeted power infrastructure
for further energy resilience improvements.

2.5.2. Impact of the BESS deployment on the economic performance
Besides the impact of the BESS deployment on the energy resilience

Fig. 8. Monthly electricity demand and PV production in typical year (TMY) and year 2060 (RCP 8.5).
(Note: Statistical electricity demand is from the census and statistics department in Hong Kong government [58], while other data are from the simulation results
through TRNSYS [26]. This can effectively prove that simulation data from TRNSYS is reasonable.)

Total power shortage reduction =

∫ Td

0

[
F(t)without energy resilience − F(t)with energy resilience

]
dt (16)
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assessment, economic performance of the cost and benefit of the BESS
deployments requires to be evaluated by calculating the total costs,
revenue, and net profits. Total cost (CBESS) of the BESS refers to the total
investment cost, which is calculated as

CBESS = CCAPEX⋅TCBESS (18)

where CCAPEX refers to the capital expenditure of BESS (HK$/kWh) [54]
and TCBESS refers to the total BESS capacity (MWh).

Revenue (RevenueBESS) is determined based on the opportunities for
energy arbitrage, where the BESS is charged during off-peak hours and
discharged during peak hours no matter under normal conditions or the
extreme event. It is expressed as:

where Pcharge(t) and Pdischarge(t) refers to the charging and discharging
power at time step t, respectively. Prgrid,peak(t) and Prgrid,off− peak(t) refers
to the electricity prices during peak and off-peak hours [55].

Additionally, total economic losses (Lossshortage) during the lifecycle
of BESS is incorporated into the analysis by estimating the power
shortage cost associated with the total power shortage duration, which
calculated as:

Lossshortage =

∫ end of lifecycle

t=1

(
Pshortage⋅Cshortage

)
dt (20)

where Cshortage is the power shortage cost (HK$/kWh) [56], and Pshortage

Fig. 9. Spatial distribution of PV and electricity demand: (a) annual electricity demand in TMY, (b) annual PV production in TMY, (c) self-sufficiency ratio in TMY,
(d) self-consumption ratio in TMY, (e) annual electricity demand in 2060, (f) annual PV production in 2060, (g) self-sufficiency ratio in 2060, (h) self-consumption
ratio in 2060, and the differences between 2060 and TMY scenarios for (i) annual electricity demand, (j) annual PV production, (k) self-sufficiency ratio, and (l) self-
consumption ratio.
(Note: Self-sufficiency ratio (SSR) is defined as the proportion of the total electricity demand met by the self-consumed PV electricity, instead of being covered by grid
import power. Self-consumption ratio (SCR) is defined as the proportion of the PV production that is consumed on-site to meet the electricity demand, instead of
being exported to local power grid.)

RevenueBESS =

∫ end of lifecycle

t=1

(
Pdischarge(t) • Prgrid,peak(t) − Pcharge(t) • Prgrid,off− peak(t)

)
dt (19)
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is the estimated power shortage at time step t [57].
Net profit of BESS (NPBESS) is defined as:

NPBESS = RBESS − CBESS − Lossshortage (21)

where RBESS, CBESS, and Lossshortage are defined as the lifecycle invest-
ment cost of the BESS deployment, revenue from energy arbitrage (peak
valley grid price difference), and economic losses from power shortage,
and are defined in Eqs. (18–20), respectively.

3. Results and discussion

3.1. Urban energy use and PV production simulation

Fig. 8 shows the monthly electricity demand and PV production in
the typical year and year 2060 (under RCP 8.5 scenario). Climate change
has a greater impact on electricity demand than on PV production. For
example, in July, the maximum electricity demand reaches to 2.25 ×

105 MWh in the typical year, while it increases to 2.50 × 105 MWh by 10
% in 2060 under climate change. However, compared to the PV pro-
duction at 5.67 × 104 MWh in July in typical year, it only decreases to
5.27 × 104 MWh by 7.1 % in 2060. The reason is that, in the subtropical
climate with cooling-dominated Hong Kong [6], climate change signif-
icantly increases the cooling load and thus increases the electricity

demand, while climate change has less impact on the intensity and
duration of sunlight [12].

Fig. 9 shows the spatial distribution of the electricity consumption,
PV production, self-sufficiency ratio and self-consumption ratio. From
the overall perspective, average self-sufficiency ratio (SSR) decreases
from typical year to 2060. For example, on average, SSR is 11.65 % in
the typical year, while it slightly decreases to 11.33 % in 2060 (as shown
in Fig. 9(c), (g)). The reason for only a slight decrease in the SSR is that
although the total electricity demand increases by 1.87 × 108 MWh from
TMY to 2060 (as shown in Fig. 9(i)), the increase in PV production by
5.26 × 106 MWh (as shown in Fig. 9(j)) is sufficient to maintain a
relatively stable proportion of direct PV utilization against the energy
demand.

However, morphological difference of buildings leads to great dif-
ferences in spatial distribution of PV production and electricity demand,
as well as the corresponding self-sufficiency ratio (SSR) and self-
consumption ratio (SCR). For example, compared to the SSR for whole
system at 11.65 % in the typical year and 11.33 % in 2060, the
maximum SSR of a single building can reach to 79.79 % in the typical
year (as shown in Fig. 9(c)) and 90.68 % in 2060 in some low-rise
buildings (as shown in Fig. 9(g)), respectively. This highly emphasizes
the differences caused by the spatial distribution of energy consumption
under urban scale, resulting in significance and necessity of the optimal
battery deployment from the spatial aspect to optimize overall energy
efficiency and resilience of the power system.

3.2. Battery energy storage system (BESS) installation location based on
geographic information system with multi-criteria decision making (GIS-
MCDM)

Based on the above analysis, the optimal battery deployment is sig-
nificant and necessary to optimize the overall energy efficiency and
resilience of the power system. Since BESS is important to balance the

Fig. 10. Spatial distribution of the normalized distance with each criterion: (a) roads; (b) buildings; (c) electricity infrastructure; (d) water manholes; (e) landslides;
(f) increased electricity demand.
(Note: Normalized distance for each criterion is formulated in Eq. (3). For criteria with roads, buildings, electricity infrastructure, water manholes and increased
electricity demand (as shown in Fig. 10(a-d, f)), closer normalized distance (smaller value) demonstrates a better performance. For criteria with landslide (as shown
in Fig. 10(e)), further normalized distance (larger value) demonstrates a better performance.)

Table 3
Weights of criteria for BESS suitability analysis.

Criteria Quantitation Weight

Drainage Distance to storm water inlet 0.160
Landslide Distance to location of landslide incidents 0.156
Proximity to demand Distance to buildings 0.168
Proximity to infrastructure Distance to power grid 0.156
Ease of access to roads Distance to road network 0.173
Vulnerability of energy use Distance to increased electricity demand 0.187
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spatiotemporal mismatch between renewable supply and electricity
demand in Hong Kong, practical installation conditions for large-scale
battery deployment need to be considered under urban scale in re-
ality. High quality installation locations are required to be selected
following multi-criteria. In the GIS-MCDM approach, multiple spatial
criteria are derived from the raw GIS data based on the specific factors
(Table 1 and Table 2). These criteria include geographical conditions
(such as slope and land use), accessibility, and safety measures. The
process begins with the collection of raw GIS data layers, which provide
foundational geographic information of each criterion. The criteria used
for the analysis are then derived and selected based on their relevance to
the study (Table 2). These criteria are weighted using the entropy weight
method to reflect their relative importance in the local context of the

Yau Tsim Mong district. After filtering the initial possible locations
based on exclusion criteria (Table 1), the weighted criteria are overlaid
to generate a suitability score map, which identifies the most suitable
locations for BESS deployment.

Fig. 10 shows the spatially suitable distribution of BESS based on
each criterion as proposed in Table 2. From the perspective of flexibility
and accessibility, most regions are suitable for BESS installation. How-
ever, from the perspective of safety and resilience, regions that are
suitable for BESS installation significantly decreases. For example, as
shown in Fig. 10(a)-(d), most regions are close to roads, buildings, and
electricity infrastructure with high flexibility and accessibility, which
are suitable for BESS installation. The reason is that, highly densified
buildings and well-established road networks in Hong Kong provide

Fig. 11. (a) Feasible regions for BESS with installation conditions in reality; (b) Composite weighted suitability of BESS installation; (c) Feasible regions with
suitability scores for BESS installation under urban scale.
(Note: Feasible regions for BESS are selected through feasible installation criteria (as shown in Table 1), which excludes regions with restricted geographical areas.
Composite weighted suitability is calculated from the individual suitability (as shown in Fig. 10) using entropy weight (as shown in Table 3). Practical regions with
high suitability are defined as the overlapped regions between feasible regions and high suitability regions, and the following optimal BESS deployment are selected
from those regions.)

Fig. 12. Impact of extreme weather event on the maximum supply power from local power grid in typical year and 2060.
(Note: The maximum supply capacity under the original operational mode is defined as the maximum electricity demand at 684 MW in the typical year. Power loss
refers to the decreased power supply from local power grid due to the extreme weather events. More detailed description for the simulated power outage can be found
in Methodology.)
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excellent infrastructures to support geographical conditions for BESS
installations. However, as shown in Fig. 10(e)-(f), considering the safety
of topographic condition and resilience, BESS installation locations are
strictly restricted in regions far from landslides and close to incremental
cooling loads, resulting in fewer suitable areas. The reason for the
landslide is that Hong Kong’s terrain is marked by steep slopes and hilly
areas, while higher magnitude of the increased cooling load is due to the
concentration of high-density buildings in that area.

The weight distribution for the multi-criteria decision-making pro-
cess is determined using the entropy method, which objectively assigns
weights based on the variability of each criterion across the study area.
As shown in Table 3 and Fig. 10, the criteria with higher variability have
higher weights, indicating their greater influence on the BESS installa-
tion location decision-making process. For example, the vulnerability of
energy use criterion reaches the highest weight at 0.187. This criterion
measures the proximity to high-demand areas, which exhibited

Fig. 13. Spatial distribution and capacity allocation of the BESS deployment:
(a) Case 1 (1033 MWh BESS without GIS-MCDM method);
(b) Case 2 (Optimal case: 1033 MWh BESS with GIS-MCDM method);
(c) Case 3 (800 MWh BESS with GIS-MCDM method);
(d) Case 4 (600 MWh BESS with GIS-MCDM method);
(e) Case 5 (400 MWh BESS with GIS-MCDM method);
(f) Case 6 (200 MWh BESS with GIS-MCDM method).

Fig. 14. Hourly dispatch sources and stage of charge of total BESS during 2-day extreme weather event under:
(a) Case 1 (1033 MWh BESS without GIS-MCDM method);
(b) Case 2 (Optimal case: 1033 MWh BESS with GIS-MCDM method);
(c) Case 3 (800 MWh BESS with GIS-MCDM method);
(d) Case 4 (600 MWh BESS with GIS-MCDM method);
(e) Case 5 (400 MWh BESS with GIS-MCDM method);
(f) Case 6 (200 MWh BESS with GIS-MCDM method).
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substantial variation across the region (as shown in Fig. 10(f)). The high
demand areas are crucial for ensuring energy resilience, particularly
during extreme weather events, as they are most susceptible to power
shortages [48]. Prioritizing these regions ensures the optimal placement
of BESS to enhance the system’s emergency response capacity and
reduce disruptions, aligning with the study’s goal of improving urban
energy resilience.

Moreover, ease of access to roads is assigned the second-highest
weight at 0.173, reflecting the considerable variability in road accessi-
bility across the study area, as seen in Fig. 10(a). Locations with better
access to roads are preferred for BESS deployment because they reduce
installation and maintenance costs, enhancing the long-term feasibility
of the project. Urban regions with dense infrastructure benefit from
better road networks, which simplifies logistics and operational effi-
ciency [49,50]. On the other hand, criterion like landslide risk has a
relatively lower weight at 0.156, as its spatial variation is less significant
(as shown Fig. 10(e)). While landslide risk is an important safety
consideration, fewer regions in the study area are significantly affected,
reducing its overall impact on the BESS deployment. These weight dis-
tributions underscore the importance of prioritizing criteria that exhibit
greater spatial variability, as they provide more meaningful contribu-
tions to the optimization process. Criteria that show greater spatial

differences, such as energy demand vulnerability and road accessibility,
are assigned to higher weights, as their variability has a larger influence
on the spatial distribution of the BESS.

Fig. 11 shows the suitable regions for BESS installation. Considering
combined effects of feasible regions with high suitability, central and
southern regions show higher suitability for BESS installation, while the
northern and peripheral regions display lower suitability. This can be
indicated by the distribution of feasible regions for BESS in Fig. 11(a).
The higher suitability in the central and southern regions can be
attributed to the availability of vacant spaces and fewer structural ob-
stacles, as well as their proximity to major transportation and com-
mercial hubs, which facilitate BESS installation due to higher electricity
demands and better infrastructure support. Conversely, the lower suit-
ability in the northern and peripheral regions is due to higher building
density, less available space, and higher risk of landslides, which can
pose challenges to BESS installation. Overall, intricate balance for BESS
installation locations under multi-criteria highlights the necessity for
considering the real-world condition under the urban-scale.

3.3. BESS deployment and performance analysis

Under climate change and extreme weather events, power supply
from the local grid becomes unstable. Power outages simulation under
extreme weather events is necessary for subsequent optimal BESS
deployment to enhance energy resilience. Fig. 12 shows the maximum
supply power from the local power grid under extreme weather events
across different scenarios. Extreme weather events at the current stage
can significantly decrease the energy resilience of the power system,
while extreme weather events in 2060 will further reduce energy resil-
ience. For example, compared to the original mode at 684 MW, the
maximum power supplied from local power grid decreases to 673 MW in
2060 under extreme weather events. This is due to the increased fre-
quency and intensity of extreme weather events in the future [59]. Based
on above, total capacity of the BESS is defined as the total loss energy
under extreme weather events in 2060 at 1033 MWh (as shown in
Fig. 12).

Following the GIS-MCDM method (as introduced in Methodology),
the spatial distribution and capacity allocation of BESS in Yau Tsim

Fig. 15. Violin plot for annual self-consumption ratio (SCR) and self-sufficiency ratio (SSR) in different scenarios.
(Note: Three dashed lines in the violin plot from top to bottom represent the 75th percentile (upper quartile), the median (50th percentile), and the 25th percentile
(lower quartile). Case 1–6 in Fig. 15 corresponds to the cases listed in Table 4.) As for self-consumption ratio (SCR) and self-sufficiency ratio (SSR), optimal BESS
deployment with GIS-MCDM method is more advantageous in terms of both SCR and SSR with a better overall performance. For example, regarding the SSR,
compared to the Case 1 with the maximum SSR at 90.68 %, optimal BESS deployment increases the maximum SSR to 97.11 %. Moreover, distribution of SSR under
optimal BESS deployment demonstrates more stable. Regarding the SCR, optimal BESS deployment shows that the maximum SCR reaches to 99.50 %, which is a little
bite larger than the other scenarios. Therefore, optimal BESS deployment not only maximizes the utilization of renewable energy sources, but also improves the
resilience and reliability of the power supply during extreme weather events, making it a vital strategy for sustainable energy management.

Table 4
Cases for BESS deployment in different capacities with and without GIS-MCDM
method.

Cases Total BESS
capacity
(MWh)

Maximum limit of
charging/discharging
power (MW) [60]

Location siting and
capacity sizing of BESS
approaches

Reference 0 0 \

Case 1 1033 258.25
Random selection
(without GIS-MCDM
method)

Case 2
(Optimal) 1033 258.25 GIS-MCDM method

Case 3 800 200 GIS-MCDM method
Case 4 600 150 GIS-MCDM method
Case 5 400 100 GIS-MCDM method
Case 6 200 50 GIS-MCDM method
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Mong are demonstrated in Fig. 13(b). Meanwhile, Case 1 is designed
with the same battery capacity (1033 MWh) without optimal location
selection. Furthermore, BESS capacities from 200 MWh to 800 MWh
with a resolution of 200 MWh following the GIS-MCDM method are also
designed for comparative analysis. Clearly, BESS with optimal location
and capacity deployment leads to the sufficient usage of BESS to avoid
regions with low electricity demand and oversized BESS installation. For
example, compared to the Case 1 with a scattered distribution with high-

capacity allocation (as shown in Fig. 13(a)), BESS with optimal
deployment (as shown in Fig. 13(b)) concentrates more in regions with
high electricity demand and achieves a more uniform distribution.

In order to demonstrate the effectiveness of the proposed GIS-MCDM
method on BESS deployment, Fig. 14 shows the performance evaluation
of the deployed BESS with the GIS-MCDM method during a 2-day power
outage event. Notable performance improvement can be achieved
through the proposed GIS-MCMD method in optimizing capacity

Fig. 16. Power shortage reduction density and power shortage reduction under different scenarios:
(a) Case 1 (1033 MWh BESS without GIS-MCDM method);
(b) Case 2 (optimal case: 1033 MWh BESS with GIS-MCDM method);
(c) Case 3 (800 MWh BESS with GIS-MCDM method);
(d) Case 4 (600 MWh BESS with GIS-MCDM method);
(e) Case 5 (400 MWh BESS with GIS-MCDM method);
(f) Case 6 (200 MWh BESS with GIS-MCDM method).

Fig. 17. Economic performance of different BESS deployments from Case 1 to Case 6.
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allocation and installation locations for BESS deployment. Even with the
same battery capacity, the GIS-MCMD method in optimizing capacity
allocation and installation locations for BESS deployment can effectively
reduce severe power outages. For example, even with the same BESS
capacity at 1033 MWh, compared to the power shortage at 13184 MWh
in Case 1 (1033 MWh BESS without GIS-MCDM method, as shown in
Fig. 14(a)), optimal BESS deployment decreases the power shortage to
12,931 MWh (as shown in Fig. 14(b)). This is due to the improved spatial
distribution of BESS, which ensures that areas with higher electricity
demand receive adequate storage capacity, thereby enhancing the
overall efficiency and resilience of the power system.

Moreover, higher battery capacities and optimal location selection
significantly mitigate the severity of power shortages. For instance,
compared to the BESS at 200 MWh in Case 6, optimal BESS deployment
in Case 2 decreases the power shortage from 14,159 MWh to 12,931
MWh (as shown in Fig. 14(b), (f)), leading to 8.7 % mitigation of the
power shortage. The reason is that larger battery capacity can provide a
greater buffer to store excess energy, thereby significantly reducing the
occurrence and severity of power shortages. Overall, sufficient capacity
combined with optimal installation and strategic allocation is crucial for
enhancing energy resilience and resisting unexpected disruptions.

For the performance evaluation from the spatial aspects, Fig. 16
shows the density power outage reduced by PV-BESS system to evaluate
to evaluate the effectiveness of BESS deployment in mitigating power
shortages across various regions. Clearly, the higher BESS capacity and
optimal deployments can effectively reduce the incidence and severity
of power shortages, particularly in high-demand areas, thus enhancing
the overall resilience of the power system. For example, compared to
BESS without GIS-MCDM (Case 1) with maximum power shortage
reduction density at 176.04 kWh/m2 and the area of power shortage
reduction density above 100kWh/m2 at 1.24 × 105 m2 (as shown in
Fig. 16(a)), optimal BESS deployment (as shown in Fig. 16(b)) increases
the maximum power shortage reduction density to 364.2 kWh/m2 and
increases the area of power shortage reduction density above 100kWh/
m2 to 2.17 × 105 m2. The colour in Fig. 16(b) shows significantly redder
areas, indicating a larger magnitude of power shortage reduction. This
region in reality corresponds to the zone around the International
Commerce Centre, which includes high density high-rise buildings with
higher energy consumption, while optimal BESS deployment is more
focused on regions with higher electricity demand density, leading to
larger power shortage reduction. Areas with high building density and
electricity demand will experience greater power shortage during out-
ages. Prioritizing energy storage resources in these locations can effec-
tively reduce power shortage density, offering crucial insights for future
planning. Therefore, optimized BESS deployment in these high-demand
areas leads to a significant reduction in power shortages. Furthermore,
the decrease in BESS deployment capacity reduces the power shortage
reduction ability, as indicated by the less densified distribution in Fig. 16
(c-f) with lighter colour. Overall, these findings significantly emphasize
the critical role of adequate BESS capacity and strategic location
deployment in reducing power shortage impacts and increasing the
energy resilience under urban scale.

To further assess the economic performance of BESS with different
capacities in Case 1 to 6, lifecycle costs of BESS, net profit, and power
shortage-related economic losses have been calculated to provide a
comprehensive comparison of the financial feasibility and impact of
each scenario. BESS deployment with optimal capacity allocation and
installation selection contributes to more net profits. For example, as
shown in Fig. 17, compared to the BESS capacity at 1033 MWh in Case 1
with the net profit at 217.37 million HK$, optimal BESS deployment
with BESS capacity at 1033 MWh in Case 2 shows a higher net profit at
1087.91 million HK$. The reason is that the optimal BESS deployment in
Case 2 ensures that the storage capacity is effectively aligned with
buildings that have significant energy demands. This optimal alignment
allows for a better match between the BESS discharge capabilities and
local consumption patterns, leading to higher utilization rates of the

stored energy. As a result, the BESS in Case 2 can participate more
efficiently in peak shaving and energy arbitrage activities, thereby
generating higher revenue compared to the randomly sited BESS in Case
1.

Furthermore, as the capacity of BESS decreases, economic loss for
power shortage gradually increases and net profit of BESS gradually
decreases. For example, BESS capacity at 200 MWh in Case 6 shows the
lowest net profit at 244.51 million HK$ with the highest power shortage
related loss at 57.08 million HK$, while BESS capacity at 1033 MWh in
Case 2 shows the highest net profit at 1087.91 million HK$ with the
lowest power shortage related loss at 18.75 million HK$. The reason is
that, BESS with higher capacity shows higher energy resilience for
power shortage reduction during extreme events periods, and higher
cost-effectiveness for energy arbitrage during the normal conditions,
leading to lower economic losses and higher net profits. These findings
highlight the need to carefully balance the investment in BESS capacity
with energy resilience and economic returns. Optimal BESS deployment
with a larger battery capacity offers a dual advantage, i.e., they not only
deliver higher profits, but also ensure higher energy resilience by
effectively mitigating power outage losses. However, it is worth noting
that the high revenue of high-capacity BESS is based on the premise that
the BESS can fully participate in electricity market arbitrage to obtain
profit from peak and off-peak grid price difference. Intermediate ca-
pacities, such as 800 MWh in Case 3 and 600 MWh in Case 4, may
provide a cost-effective alternative, striking a balance between cost and
performance, without significantly compromising the ability to mitigate
power shortage related losses.

3.4. Research limitations and future outlook

This research provides a complete method for the optimal BESS
deployment under extreme events to improve the energy resilience of
the power system. By systematically analysing optimal locations and
appropriate capacity distribution, energy resilience of the power system
can be significantly increased during extreme events, ensuring reliable
energy supply and reducing the severe impact of disruptions. While the
methodology in this study was developed and tested using data from
Hong Kong, its framework is designed to be highly adaptable to other
regions. The GIS data utilized in this study, including road networks,
land use, digital elevation models (DEMs), and detailed regional power
infrastructure, were sourced from open-source projects, ensuring that
the same methodology can be applied to various urban areas worldwide.
Furthermore, the power flow simulations conducted in this study were
carried out using the open-source PyPSA model [52]. The approach can
be adapted by adjusting local parameters, such as energy demand, grid
characteristics and constraints, while retaining the core framework. The
BESS deployment framework, the resilience metrics and the KDE of
power shortage reductions are suited for urban areas vulnerable to grid
disruptions caused by extreme weather or other factors. However, some
limitations should be noted:

(1) Optimal economic costs and environmental impacts associated
with the implementation of the BESS deployment are not taken
into account. This may result in overlooking significant financial
burdens and potential environmental pollutions, which could
render the BESS deployment to be impractical or unsustainable in
real-world applications.

(2) Resilience assessment for the proposed BESS deployment is
limited to short-term extreme events and does not consider long-
term deployment scenarios. This limitation fails to address the
potential degradation and long-term performance issues of the
PV-BESS system, which may compromise its effectiveness and
reliability over long-term operation.

(3) Method for determining the total capacity of BESS is relatively
simplified and rough, which may not capture the accurate
requirement for the total BESS capacity under the long-term
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operation. This may result in either under-sizing with compro-
mised reliability, or over-sizing with unnecessary costs and
inefficiencies.

(4) The BESS deployment method proposed in this research are
constrained by the dynamic nature of urban development and
climate change. As cities and environmental conditions evolve at
an accelerating pace, these factors may limit the scalability of the
BESS deployment and diminish its long-term effectiveness.

Based on the above limitations, future research will focus on:

(1) Detailed cost-benefit analyses and environmental impact assess-
ments should be integrated into the proposed optimal BESS
deployment method. This will enable a holistic evaluation of the
proposed energy resilience strategies, ensuring they are techni-
cally viable, economically feasible, and environmentally
sustainable.

(2) Long-term performance and sustainability of the PV-BESS system
should be further considered, which will ensure the energy
resilience strategies remain effective over extended periods and
under varying environmental conditions.

(3) Methodology should be refined for determining the optimal total
BESS capacity, considering the dynamic behaviour of electricity
demand and supply in a long-term operation. This refinement will
ensure a more precise and effective BESS deployment, enhancing
the overall resilience and efficiency of the power system.

(4) Integration of real-time data and adaptive learning mechanisms
should be considered to further enhance the flexibility and
responsiveness of the BESS deployment strategy. Real-time data,
such as live energy consumption, weather forecasts, and grid
conditions, could be integrated into the model to allow for dy-
namic adjustments in BESS locations and capacities in response to
immediate changes in urban conditions. Additionally, imple-
menting adaptive learning mechanisms, such as machine learning
algorithms, would enable the system to continuously refine and
optimize deployment strategies based on historical data and
evolving trends. This could improve both the short-term effec-
tiveness and the long-term adaptability of the system, ensuring
that BESS deployment remains robust and scalable across diverse
urban settings.

4. Conclusion

In this research, battery energy storage system (BESS) deployment
under urban scale has been fully developed to enhance the energy
resilience of the power system under future climate change and extreme
weather events. A geographic information system with multi-criteria
decision making (GIS-MCDM) approach has been proposed to identify
the feasible BESS installation locations under the urban scale, consid-
ering practical geographical conditions and the proposed energy resil-
ience criterion (i.e., distance to the increased electricity demand).
Furthermore, BESS deployment based on the Capacitated P-Median
Problem (CPMP) has been provided with the optimal and specific
installation location and capacity allocation under extreme events. Last
but not the least, performance of the proposed optimal BESS deployment
has been thoroughly evaluated from multi-aspects to improve the
effectiveness on enhancing urban energy resilience and maintaining the
stability of the power system. Main conclusions are shown below:

(1) A comprehensive framework for BESS deployment under urban
scale has been proposed to enhance the energy resilience of the
power system. Suitable installation locations can be firstly iden-
tified based on the proposed GIS-MCDM method. It has been
found that central and southern regions in Yau Tsim Mong show
higher suitability for BESS installation, while the northern and
peripheral regions display lower suitability.

(2) BESS deployment based on the Capacitated P-Median Problem
(CPMP) has been provided with optimal and specific installation
location and capacity allocation under extreme weather events.
Compared to the BESS without optimal deployment, BESS with
optimal deployment is mainly distributed in regions with high
electricity demands and achieves a more uniform distribution
with better performances.

(3) Performance of the proposed optimal BESS deployment approach
has been analysed and validated to be superior to other ap-
proaches from both temporal and spatial aspects. From the tem-
poral aspect, the optimal BESS deployment in Case 2 decreases
the power shortage from 14,159 MWh to 12,931 MWh by 8.7 %.
From the spatial aspect, compared to the BESS deployment
without GIS-MCDM, the optimal BESS deployment increases the
maximum power shortage reduction density from 176.04 to
364.2 kWh/m2 and increases the area of power shortage reduc-
tion density above 100 kWh/m2 from 1.24 × 105 to 2.17 × 105 m2

by 75 %. Moreover, compared to the BESS capacity at 1033 MWh
in Case 1 with the net profit at 217.37 million HK$, BESS
deployment with BESS capacity at 1033 MWh in Case 2 demon-
strates better economic performance, with a higher net profit at
1087.91 million HK$.

In addition to the findings specific to Hong Kong, this study has
broader implications for enhancing urban energy resilience globally.
The GIS-MCDM approach proposed in this research offers a flexible and
scalable framework that can be adapted to other cities facing similar
energy challenges, such as increased demand, renewable energy inte-
gration, and vulnerability to extreme events. Cities with diverse
geographic, infrastructural, and environmental conditions can benefit
from this method by tailoring the criteria and weighting factors to their
unique circumstances. By adopting this approach, cities worldwide can
optimize their BESS deployment strategies, improving both energy
resilience and sustainability in the face of growing climate risks and
urbanization pressures. Future studies can work on hydrogen-driven
city-scale energy resilience under climate change, like carbon foot-
print quantificaation [61] and climate change adaptation [62] so on.

Overall, this research significantly highlights the importance of BESS
deployment on an urban scale, providing frontier guidelines on system
designers and urban planners to collaboratively develop a reliable
power system with high energy resilience.
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