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Abstract

Infrastructure is critical for mitigating flood impacts and supporting post-disaster recovery.
However, comprehensive and validated approaches for evaluating urban infrastructure
resilience (UIR) remain limited. A novel composite index system is developed based on
the resilience dimensions of resistance, recovery capability, and adaptability, with both
engineering and social infrastructure incorporated into the evaluation framework. An
integrated AHP&EWM&KL-TOPSIS model is proposed to evaluate the UIR levels of nine
cities in Fujian Province, China, over the period 2012–2021. The effectiveness and reliability
of the integrated evaluation model were validated through cross-validation and compar-
ative sensitivity analysis. Key findings reveal that the Environmental Protection System
consistently exhibits the highest resilience with minimal inter-city variation across Fujian
Province, whereas other infrastructure systems show significant disparities, suggesting
effective province-wide environmental policies. In 2021, Fuzhou had the highest UIR, while
Putian and Nanping showed the lowest. The UIR of Fujian exhibited a “higher in the south,
lower in the north” spatial pattern, with enhanced regional coordination in Southern Fujian,
and widening disparities within Eastern Fujian. This study provides practical guidance for
policymakers and urban planners for identifying critical system-level vulnerabilities and
spatial disparities, thereby supporting targeted resilience enhancement, balanced regional
development, and improved flood preparedness.

Keywords: AHP&EWM&KL-TOPSIS; composite index system; flood; Fujian province;
urban infrastructure resilience

1. Introduction
With the acceleration of global climate change and urbanisation, cities are experiencing

an increasing frequency of flood disasters, causing significant losses to people’s lives and
property [1]. Fujian Province incurred RMB 166.7 billion (USD 23.1 billion) in damages to
properties and critical infrastructure systems, including transportation, communication,
and drainage, due to flood between 2006 and 2021 [2]. In 2021, the economic losses in the
Netherlands caused by flood disasters were estimated to range between €350 million and
€600 million (USD 406 million–696 million) [3]. In times of emergency, the functionality
of infrastructure system can be a determining factor for timely relief and rescue missions,
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which can mitigate the impact of flood on people and properties, as well as the post-
disaster recovery effort [4]. The traditional concept of flood prevention only focuses on
strengthening the physical facilities for flood prevention, such as reinforcing levees and
improving drainage systems [5]. These measures require high financial and ecological costs.
With the gradually increasing rainfall intensity in recent years, it is timely to reconsider
the application of traditional flood prevention measures for a more cost-effective and
sustainable measure for managing flood in cities.

The word resilience originated from a Latin word “resilio,” meaning “return to original
state,” and was first used in material sciences for the ability of metals to restore their original
state after being deformed by external forces [6]. The concept of resilience has gradually
extended from the field of engineering to the field of humanities and society, including
engineering resilience, ecological resilience, and social–ecological system resilience [5].
Cities have historically acted as centres of innovation and economic expansion, making
substantial contributions to regional and national development trajectories [7]. In the
context of global environmental changes and rapid urbanisation, various uncertain risks
(for example: natural risk, social risk, political risk, economic risk and technological risk)
have become important obstacles to urban security and sustainable development. Against
this backdrop, the concept of urban resilience emerged as a response to growing urban risks
and was first introduced by the International Council for Local Environmental Initiatives
(ICLEI) in 2002 [8]. The concept of urban resilience emphasises proactive prevention
and control from a dynamic developmental perspective, while also proposing alternative
approaches to urban disaster risk management. In 2013, the Rockefeller Foundation
initiated the 100 Resilient Cities programme to support cities in strengthening their capacity
to cope with emerging challenges, including climate change, economic disruptions, and
social instability, thereby improving their ability to adapt to and recover from various
disturbances [9].

A city’s resilience to flood disasters demands concerted coordination among various
construction works, including flood control facilities and urban transportation, communica-
tion, environmental protection, and medical care systems. This integrated approach serves
as the foundational component for a resilient urban system. In contrast to traditional flood
protection concepts, researchers have begun to focus on urban infrastructure resilience
(UIR), emphasising the ability of urban infrastructure itself to adapt and transform crises
while safeguarding physical facilities [10,11]. The concept of UIR is still not universally
defined. Nonetheless, most studies concurred on three dimensions: resistance, recovery
capability, and adaptability [12,13]. Drawing from the literature, UIR refers to the ability
of urban infrastructure systems to resist damage, absorb negative impacts, and maintain
the operation of critical functions when exposed to external disturbances such as natural
events or human-induced disruptions. Through adaptation and learning, these systems
can gradually restore their original functionality or even improve beyond their original op-
erational state. The three dimensions of resistance, recovery capability, and adaptability are
complementary rather than independent. Strong resistance can reduce the extent of damage
and facilitate subsequent recovery, while effective recovery capability enables the rapid
restoration of critical functions following disruption. Adaptability, in turn, strengthens
both resistance and recovery capability by promoting learning, technological improve-
ment, infrastructure upgrading, and institutional adjustment. Consequently, UIR can be
understood as a continuous process of resisting disturbances, recovering functionality, and
adapting to future challenges.

While previous UIR evaluations have focused on specific infrastructure compo-
nents [7,14,15], they often lack an intrinsic perspective that comprehensively integrates both
engineering and social infrastructure and fully captures the complex interdependencies and
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dynamic capabilities (resistance, recovery capability, adaptability) of disaster-resistant sys-
tems. Social infrastructure like healthcare and education are vital for human well-being and
community recovery, yet often overlooked in purely engineering-focused assessments. For
example, Kapucu et al. [14] applied a network governance perspective to study interdepen-
dent infrastructure systems such as water supply (wastewater), electricity, transportation,
and telecommunications. Wang et al. [15] assessed the resilience levels of urban infras-
tructure systems in 283 Chinese cities from 2010 to 2019, which focused on energy supply,
water supply and drainage, road transport, postal and telecommunications, landscaping
and sanitation, and disaster prevention facilities. Alizadeh and Sharifi [7] analysed the
resilience of critical water, electricity, and gas infrastructure networks in Ahvaz, Iran. Ex-
isting studies predominantly focused on engineering systems and emphasised resistance
resilience. Consequently, the synergistic and interdependent relationships between social
and engineering infrastructure, as well as comprehensive discussions on recovery capability
and adaptability resilience, have received limited attention. This study addresses this gap
by incorporating ten diverse infrastructure systems that collectively encompass resistance,
recovery capability, and adaptability resilience, thereby offering a more comprehensive
reflection of UIR and representing a key innovation of this research.

Considering the complexity of urban development, it is necessary to establish a
comprehensive evaluation model to serve as the foundation for the synchronised and
coordinated development of cities. A resilience evaluation model that considers the overall
infrastructure system as the research object refers to the quantification of resilience through
the construction of an index system and the selection of specific evaluation methods, to
gauge the resilience level of different cities in different periods based on a standardised cri-
terion. Determining the weighting of individual indicators or dimensions is a challenging
process, as it reflects the relative importance of each indicator to the subject. The commonly
used index weighting methods are mainly divided into three categories: subjective weight-
ing method, objective weighting method and combined weighting method. The subjective
weighting method is mainly applied for evaluating qualitative data such as personal judge-
ment of experts or decision-makers. The common subjective weighting methods include
Delphi method [16], Analytic Hierarchy Process (AHP) [17], Ordinal Priority Approach
(OPA) [18], and Analytic Network Process (ANP) [19]. The objective weighting method uses
mathematical methods to calculate the weight of indicators, focusing on the information
provided by the numbers themselves, independent of the subjective perspective of people.
Common objective weighting methods mainly include entropy weight method (EWM) [20],
Criteria Importance Through Intercriteria Correlation (CRITIC) [21], standard deviation
method [22] and so on. It is necessary to integrate objective and subjective weights, as sub-
jective weighting methods ignore the performance ratings of the alternatives with respect
to different criteria, while objective weighting methods overlook the decision-maker’s ex-
perience [23]. Existing studies employed various combinations to determine weights, such
as AHP–EWM [24], ANP–EWM [25], and AHP–CRITIC [26]. The advantage of such combi-
nations lies in their ability to integrate expert judgments with objective data characteristics,
thereby producing weight results that more accurately reflect real-world conditions. The
combination of AHP and EWM can effectively reduce the deviation in evaluation results,
making it one of the most widely used weight integration approaches [27]. Hence, this
study integrated AHP and EWM to determine the comprehensive weights of the indicators.

Various resilience evaluation methods are customised for specific applications, making
it necessary to validate their applicability when used in a new context [1]. The academic
community commonly employed methods such as the Delphi survey approach [12], In-
tegrated Assessment Model (IAM) [21], VlseKriterijumska Optimizacija I Kompromisno
Resenje (VIKOR) [28], Technique for Order Preference by Similarity to an Ideal Solu-
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tion (TOPSIS) [25], fuzzy comprehensive evaluation [29], and BP neural network [30] to
evaluate resilience.

This study develops a composite index system and AHP&EWM&KL-TOPSIS inte-
grated multi-criteria evaluation model to measure the UIR of nine cities in Fujian Province,
aiming to assist decision-makers to inform targeted optimisation strategies. Although the
individual methods employed have been applied in resilience assessment, the methodolog-
ical contribution of this study lies in their systematic integration within a flood-oriented
resilience framework. To ensure the reliability and practical relevance of the proposed
evaluation method, this study integrates cross-validation with existing resilience models
in Fujian Province and conducts a comparative sensitivity analysis against EWM-CIM
and CRITIC-IAM models. This study adopts TOPSIS as the resilience evaluation method,
which orders the solutions based on distance from the ideal solution. Specifically, a smaller
distance to the positive ideal solution indicates higher resilience, while a smaller distance
to the negative ideal solution indicates lower resilience [31]. This method aligns well with
the relative nature of resilience and has the advantages of making full use of the original
data with minimal information loss, making it a commonly used and effective method in
multi-objective decision analysis [32]. However, the TOPSIS method is unable to distin-
guish the distance of the positive and negative ideal points on the vertical line due to the
symmetry of the Euclidean distance formula employed, potentially leading to inaccurate
ranking of alternatives that are equidistant from both ideal points. Therefore, this study
applies the asymmetric Kullback–Leibler (KL) distance formula instead of the Euclidean
distance formula to ensure that the evaluation results are more accurate and reasonable,
hence referred to as KL-TOPSIS.

Due to the high complexity of infrastructure systems and limitations in data availabil-
ity, certain deficiencies remain in the model. Currently, the impacts of dynamic environ-
mental changes (e.g., climate change) and human responses at the individual level are not
incorporated into the model. However, a multidimensional resilience index system was
established based on the concept of infrastructure resilience, with a focus on both engineer-
ing and social infrastructure systems. It should be noted that the AHP&EWM&KL-TOPSIS
model adopted in this study is a multi-criteria decision-making evaluation framework
rather than a predictive modelling approach. The model is designed to evaluate and com-
pare the relative levels of UIR based on historical data from 2012 to 2021. Based on the
evaluation outcomes, targeted resilience enhancement priorities are identified for differ-
ent cities in Fujian Province, providing practical support for disaster risk reduction and
infrastructure planning under increasing flood risks.

2. Methodology
2.1. Framework for the UIR Model

Figure 1 provides the framework for the UIR model. This study uses AHP for subjec-
tive weighting, EWM for objective weighting, and combines AHP and EWM for combined
weighting. The combined weighting approach ensures that both expert opinion and empir-
ical data are accounted for, enhancing the reliability of the model. To address the issue of
distinguishing the distance between the positive and negative ideal points on the vertical
line in the traditional TOPSIS method, the KL-TOPSIS method is applied to evaluate the
UIR of Fujian Province against flood disasters from 2012 to 2021.

2.2. Development of UIR Index System

To more comprehensively reflect the concept of UIR, this study incorporates the
scope of infrastructure systems as defined in the “Standard for basic terminology of urban
planning.” It proposes that the infrastructure systems considered in this research include
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the Energy Supply System (ESS), Water Supply System (WSS), Drainage System (DS),
Transportation System (TS), Disaster Prevention and Safety System (DPSS), Environmental
Protection System (EPS), Post and Telecommunications System (PTS), Medical and Health
System (MHS), Cultural and Educational System (CES), and Science and Technology System
(STS). This study established an UIR evaluation index system for responding to flood
disasters, based on a review of the existing literature, expert consultations, and adherence
to the criterion of scientific, comprehensive, independent, and measurable, as shown in
Table 1. Scientific criterion refers to the ability of indicators to directly or indirectly reflect
the relevance to the content of the study, and to maintain a pragmatic and objective attitude
in the process of indicator selection. Comprehensive criterion is reflected in the need to
cover the full range of characteristics of urban resilience. Independent criterion means that
the boundaries among evaluation indicators should be clear and unambiguous, avoiding
highly correlated indicators with similar meanings and expressions. Measurable criterion
refers to the ability of an indicator to be quantified in terms of specific values and to have
access to data with a high degree of confidence.

This system organises resilience into three main criteria: resistance, recovery capability,
and adaptability. The resistance dimension includes the ESS, WSS, DS, TS, and DPSS.
These systems primarily provide essential protective and operational functions before and
during flood events, helping cities withstand disturbances, maintain basic services, reduce
exposure, and minimise immediate losses. The recovery capability dimension comprises
the EPS, PTS, and MHS. These systems play a critical role in post-disaster response and
restoration by supporting emergency communication, healthcare services, environmen-
tal remediation, and the rapid restoration of normal urban functions. The adaptability
dimension includes the CES and STS. These systems primarily enhance long-term learn-
ing, innovation, knowledge dissemination, technological advancement, and institutional
adaptation, thereby improving the city’s capacity to adjust to future flood risks and evolv-
ing environmental conditions. Although each infrastructure system may simultaneously
contribute to resistance, recovery capability, and adaptability, resilience studies commonly
classify infrastructure components according to their dominant function within the disaster
management cycle. Following this principle, the present study assigns each infrastructure
system to the resilience dimension in which it makes its primary contribution under flood
disaster conditions. This approach facilitates the construction of the index system and the
analysis of resilience dimensions while recognising the interdependent nature of the three
resilience dimensions. The index layer I includes ten infrastructure systems, each com-
prising index layer II representative indicators. Although some indicators may also reflect
the level of socioeconomic development, they were selected based on their established
relevance to the ability of urban infrastructure systems to resist, recover from, or adapt to
flood-related disturbances. Therefore, the indicators were classified according to their dom-
inant contribution to resilience rather than their development attributes alone. For example,
C2 (Electricity usage per capita) reflects the operational capacity and reliability of the ESS,
which supports the continuous functioning of critical infrastructure during flood events
and thereby strengthens resistance to disruptions. C26 (Number of college students per
10,000 people) reflects the level of human capital and educational resources, which enhance
learning capacity and facilitate adaptation to evolving flood risks. C29 (Number of patents
granted per 10,000 people) reflects technological innovation capacity, which supports the
development and adoption of adaptive technologies and strategies for addressing future flood
challenges. Detailed formulas for calculating these indicators and data sources are presented
in Table 1. Existing research has progressed in establishing urban resilience indicators, but has
yet to standardise an evaluation system. The evaluation index system developed in this study
is used for evaluating the UIR of cities in Fujian Province.
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Table 1. Evaluation index system of UIR in response to flood disaster.

Target Layer Criterion Layer Index Layer I Index Layer II Formula Indicator Source Source of Data

UIR Resistance

ESS

C1 Water supply per capita Total water supply/Urban water users
(tonnes/person) [29] (b)

C2 Electricity usage per capita Total electricity usage/City resident
population (kWh/person) [29] (a)

C3 Urban gas penetration rate Number of households using gas/Total
number of urban households × 100% (%) [15,30] (b)

WSS C4 Urban water supply pipe
density

Length of water supply pipe/Urban built-up
areas (km/km2) [33,34] (b)

DS

C5 Urban drainage pipe density Length of drainage pipe/Urban built-up areas
(km/km2) [33–35] (b)

C6 Sewage treatment rate Sewage treatment volume/Total sewage
discharge × 100% (%) [36,37] (b)

TS

C7 Urban road area per capita Total area of urban roads/City resident
population (m2/person) [30,36] (b)

C8 Number of buses per
10,000 people

Total number of buses/City resident
population× 10,000 (vehicles/10,000 people) [15] (b)

C9 Road freight volume per capita Road freight volume/City resident population
(tonnes/person) [21] (a)

DPSS

C10 Number of hydrological
water level monitoring stations
per 100 square kilometres

The number of hydrological water level
stations/Urban areas × 100 (pieces/100 km2) [38] (l)

C11 Public security expenditures
as a percentage of fiscal spending

Public security expenditure/
Fiscal spending × 100% (%) [1,33] (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k)

C12 Investment in water
conservancy as a percentage
of GDP

Investment in water conservancy/
GDP × 100% (%) [38] (b) (m)

C13 Capacity of large and
medium-sized reservoirs per
square kilometre

Capacity of large and medium-sized
reservoirs/Urban areas (10,000 m3/km2) [39] (b) (m)
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Table 1. Cont.

Target Layer Criterion Layer Index Layer I Index Layer II Formula Indicator Source Source of Data

UIR
Recovery
capability

EPS

C14 Green coverage in built-up
areas

Green coverage areas of urban built-up
areas/Urban built-up areas × 100% (%) [1,36] (b)

C15 Per capita park green space Park green space/Urban population in built-up
areas (m2/person) [40] (b)

C16 The number of days that the
city air quality meets the standard

The number of days that the city air quality
meets the standard (days) [29,41] (n) (o) (p) (q) (r) (s)

(t) (u) (v) (w)

C17 Domestic waste harmless
treatment rate

Harmless treated domestic waste/Domestic
waste × 100% (%) [13,35] (b)

C18 Comprehensive utilisation
rate of industrial solid waste

Volume of industrial solid wastes
utilised/(Volume of industrial solid wastes
produced+ Industrial solid wastes utilised in
stocks) ×100% (%)

[42] (b)

PTS

C19 Internet coverage Internet users/City resident population ×
100% (%) [42] (b)

C20 Number of internet
broadband users per
10,000 people

Number of internet broadband users/City
resident population× 10,000
(households/10,000 people)

[15] (a) (c) (d) (e) (f) (g)
(h) (i) (j) (k)

C21 Mobile phone coverage Mobile phone users/City resident population
× 100% (%) [28,37] (a) (b)

MHS

C22 Number of medical technical
personnel per 10,000 people

Total number of medical technical
personnel/City resident population× 10,000
(persons/10,000 people)

[1] (b)

C23 Number of beds in health
institutions per 10,000 people

Total number of beds in health
institutions/City resident population × 10,000
(beds/10,000 people)

[13,31] (b)

C24 Social security expenditure as
a share of fiscal spending

Social security expenditure/
Fiscal spending × 100% (%) [41] (b) (c) (d) (e) (f) (g)

(h) (i) (j) (k)
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Table 1. Cont.

Target Layer Criterion Layer Index Layer I Index Layer II Formula Indicator Source Source of Data

UIR Adaptability

CES

C25 Expenditure for education as
a percentage of fiscal spending

Education expenditure/
Fiscal spending × 100% (%) [41] (b)

C26 Number of college students
per 10,000 people

Number of college students/City resident
population ×10,000 (persons/10,000 people) [35] (x)

C27 Number of teachers per
10,000 people

Number of teachers/City resident population
×10,000 (persons/10,000 people) [38] (a)

STS

C28 Expenditure for science as a
percentage of fiscal spending

Science expenditure/
Fiscal spending × 100% (%) [41] (b)

C29 Number of patents granted
per 10,000 people

Total number of patents granted/City resident
population× 10,000 (pieces/10,000 people) [40] (a) (b) (o)

C30 R&D expenditure as a
percentage of GDP R&D expenditure/GDP × 100% (%) [37] (b)

Note: All indicators are positive indicators for determining objective weighting using EWM (Section 2.3.2). Source of data: (a) China City Statistical Yearbook; (b) Fujian Statistical
Yearbook; (c) Fuzhou Statistical Yearbook; (d) Xiamen Statistical Yearbook; (e) Putian Statistical Yearbook; (f) Sanming Statistical Yearbook; (g) Quanzhou Statistical Yearbook;
(h) Zhangzhou Statistical Yearbook; (i) Nanping Statistical Yearbook; (j) Longyan Statistical Yearbook; (k) Ningde Statistical Yearbook; (l) Hydrological Data Yearbook; (m) Fujian
Provincial Department of Water Resources Official Website; (n) Fujian Province Ecological Environment Status Bulletin; (o) Fuzhou City Statistical Bulletin on National Economic
and Social Development; (p) Xiamen City Statistical Bulletin on National Economic and Social Development; (q) Putian City Statistical Bulletin on National Economic and Social
Development; (r) Sanming City Statistical Bulletin on National Economic and Social Development; (s) Quanzhou City Statistical Bulletin on National Economic and Social Development;
(t) Zhangzhou City Statistical Bulletin on National Economic and Social Development; (u) Nanping City Statistical Bulletin on National Economic and Social Development; (v) Longyan
City Statistical Bulletin on National Economic and Social Development; (w) Ningde City Statistical Bulletin on National Economic and Social Development; (x) Fujian Provincial
Department of Education Official Website.
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2.3. AHP&EWM&KL-TOPSIS Evaluation Model
2.3.1. Subjective Weighting Using AHP

Subjective weighting assesses the relative importance assigned by experts to the
systems and indicators of UIR. The subjective weighting obtained through AHP is helpful
for evaluating the significance of various infrastructure systems and analysing differences
in UIR based on perception. The basic steps of AHP [43] are as follows (see Figure 1).

First, a judgement matrix compares indicators to show their relative importance.
Twenty experts were invited to assign importance scores to the various factors affecting
UIR through the “Wenjuanxing” online survey platform. The experts come from fields such
as resilient cities, flood disaster management, emergency management, urban governance,
engineering management, and urban planning. Based on the experts’ ratings, this study
makes two-by-two judgements on the same layer of elements affecting the UIR, and
establishes a judgment matrix, as shown in Equation (1). A square judgement matrix for
a criterion layer (e.g., Resistance) is constructed based on the number of sub-criteria in
index layer I (e.g., five systems for Resistance, requiring a 5 × 5 matrix). Similarly, for each
system in index layer I (e.g., ESS), a judgement matrix is constructed based on the number
of indicators in index layer II (e.g., three indicators for ESS, requiring a 3 × 3 matrix). The
judgement matrix constructed for each expert’s rating must pass the consistency test prior
to calculating a comprehensive judgement matrix A using the geometric mean (Files S1–S3).

A =
(
aij

)
n×n (1)

where n represents the number of evaluation indicators; aij denotes the relative importance
of indicator i compared to j, based on a 1–9 scale (see Table 2).

Table 2. AHP evaluation scale description [43].

Evaluation
Scale Definition Importance Comparison Explanation

1 Equal importance Contributions of the two comparative factors are equally important
3 Weak importance Experience and judgement are slightly inclined to think of a certain factor
5 Essential importance Experience and judgement are slightly inclined toward a certain factor
7 Great importance Actually shows an intense tendency toward a certain factor
9 Demonstrated importance Enough evidence to be absolutely certain about a certain factor

2,4,6,8 Intermediate value When a compromise value is required

After constructing the judgement matrix, weighting coefficients of the indicators can
be determined using the square root method:

AW = λmaxW (2)

Then, the weighting, ωj, of the indicators can be calculated from:

ωj =
ωj

∑n
i=1 ωj

(3)

The eigenvectors of the judgement matrix, W =
[
ω1, ω2, · · · , ωn

]T
, can be next

computed, where ωj = n
√

∏n
i=1 aij , (j = 1, 2, . . ., n).

Following this, the maximum eigenvalue of the judgement matrix (λmax) is subse-
quently used in the consistency test to ensure the logical coherence of the pairwise comparisons.
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λmax = ∑n
j=1

(AW)j

nωj
(4)

Subsequently, a consistency test is performed on the judgement matrix.
CI denotes the consistency index calculated using:

CI =
λmax − n

n − 1
(5)

CR denotes the consistency ratio obtained from Equation (6), which is used to assess
the consistency of the judgement matrix.

CR =
CI
RI

(6)

When CR < 0.1, the consistency test is satisfied. Otherwise, the judgement matrix
needs to be reconstructed.

Once the consistency requirement is satisfied, the weighting relative to the target layer
(ωs

j ) is calculated.
Based on the structural hierarchies in Table 1, the hierarchical weighting of the criterion

layer, index layer I, and index layer II are multiplied to obtain the subjective weighting
relative to the target layer, ωs

j . For example, the weighting of Resistance, ESS, and C1 in
the corresponding criterion layer are multiplied to obtain the subjective weighting of C1
relative to the target layer. In this study, SPSSAU software (Version 25.0) is utilised to
compute the subjective weighting.

2.3.2. Objective Weighting Using EWM

Objective weighting methods utilise statistical or information-theoretic approaches
to determine the relative importance of each indicator based on the evaluation data, by
calculating the variability or information contribution of each indicator within the dataset.
EWM is applied for determining the objective weighting, computed using Microsoft Excel.
And EWM focuses on the uncertainty factors of the evaluation database, which helps
to build a stable comprehensive evaluation system. The specific determination steps of
EWM [20] are as follows (see Figure 1).

The raw indicator data matrix, X, is first constructed as the basis for subsequent
normalisation and entropy calculations.

X =
(
Xij

)
m×n (7)

where m denotes the number of evaluation objects, n represents the number of indicators,
and Xij is the raw data of the i-th object on the j-th indicator.

Since the chosen indicators differ in units and scales, they are normalised to transform
them into a common measurement basis. The vector normalisation method is applied, using
Equation (8) for positive indicators and Equation (9) for negative indicators. For positive
indicators, higher values indicate better performance, whereas for negative indicators,
lower values indicate better performance.

Zij =
xij√

∑m
i=1

(
xij

)2
(8)

Zij =
xij

−1√
∑m

i=1
(

xij
−1

)2
(9)
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where Zij is the normalised matrix; i represents the evaluation object; and j is the evaluation
indicator.

Subsequently, the proportion of the sample value for the i-th city under indicator j
relative to the sum of that indicator across all cities is calculated according to Equation (10).

Pij =
zij

∑m
i=1 Zij

(10)

Based on these proportions, the entropy value of the j-th indicator is determined using
Equation (11). The entropy value, ej, reflects the degree of dispersion of the indicator’s
values across all cities, thereby indicating its information content. The smaller the variation
in indicator values, the larger the ej, indicating that the indicator provides less discrim-
inatory information (and thus a smaller weight). The greater the variation, the smaller
the ej, indicating that the indicator provides more discriminatory information (and thus a
larger weight).

ej = −k∑m
i=1 Pij ln

(
Pij

)
(11)

where k = 1/ln(m) > 0 and m is the total number of cities.
Following this, information entropy redundancy, dj, represents the degree of useful

information provided by the j-th indicator and is calculated as Equation (12). A larger dj

indicates greater discriminatory power of the indicator across the cities.

dj = 1 − ej (12)

Finally, the objective weighting, ωo
j , is obtained by computing the contribution of dj.

A larger dj implies that the indicator contributes more to the evaluation results.

ωo
j =

dj

∑n
j=1 dj

(13)

2.3.3. The Calculation Steps of KL-TOPSIS

The employed specific calculation steps of the KL-TOPSIS method take the following
procedure [20]:

Data normalisation is first performed following the procedure described in the EWM
method. Then, the combined weighting of the resilience index is calculated by averaging
the respective subjective and objective weighting values, as shown in Equation (14). A
subjective weighting of the UIR index for flood disasters is obtained by the AHP method,
denoted as ωs. The objective weight of the UIR index for flood disasters is obtained using
the EWM method, denoted as ωo.

ωj =
ωs

j + ωo
j

2
(14)

Referring to Figure 1, the subjective, objective, and combined weighting of the UIR
evaluation indicators is determined. Subsequently, using the weighted normalisation
method, the combined weighting for both the criterion layer and index layer I are obtained,
as shown in Table 3. Taking ESS as an example, the corresponding index layer I weighting
C1 is obtained by dividing the combined weighting of C1 by the sum of the combined
weighting of C1, C2, and C3.
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Table 3. Combined weighting of indicators for UIR.

Criterion
Layer Index Layer I Index Layer II Subjective

Weighting
Objective
Weighting

Combined
Weighting

Ranking of
Combined
Weighting

Corresponding
Criterion

Layer
Weighting

Ranking of
Criterion

Layer
Weighting

Corresponding
Index Layer I

Weighting

Ranking of
Index Layer I

Weighting

Resistance

ESS
C1 0.035 0.013 0.024 18 0.052 9 0.287 2
C2 0.028 0.077 0.052 7 0.113 4 0.625 1
C3 0.015 0.000 0.007 30 0.016 13 0.088 3

WSS C4 0.053 0.031 0.042 9 0.091 5 1.000 1

DS
C5 0.035 0.032 0.034 11 0.073 6 0.683 1
C6 0.030 0.001 0.016 24 0.034 11 0.317 2

TS
C7 0.022 0.014 0.018 22 0.038 10 0.152 3
C8 0.016 0.117 0.067 3 0.144 1 0.572 1
C9 0.017 0.047 0.032 14 0.069 7 0.276 2

DPSS

C10 0.015 0.111 0.063 5 0.136 3 0.368 2
C11 0.018 0.005 0.012 26 0.025 12 0.067 4
C12 0.015 0.048 0.032 15 0.068 8 0.185 3
C13 0.013 0.117 0.065 4 0.140 2 0.380 1

Recovery
Capability

EPS

C14 0.019 0.000 0.010 28 0.043 10 0.164 4
C15 0.015 0.002 0.009 29 0.039 11 0.148 5
C16 0.023 0.000 0.011 27 0.051 9 0.193 3
C17 0.024 0.001 0.012 25 0.056 8 0.210 2
C18 0.022 0.012 0.017 23 0.076 7 0.285 1

PTS
C19 0.028 0.012 0.020 21 0.089 6 0.298 3
C20 0.021 0.032 0.026 17 0.118 4 0.397 1
C21 0.035 0.005 0.020 20 0.091 5 0.305 2

MHS
C22 0.057 0.009 0.033 13 0.147 2 0.337 2
C23 0.055 0.008 0.031 16 0.140 3 0.321 3
C24 0.059 0.008 0.033 12 0.149 1 0.342 1

Adaptability

CES
C25 0.071 0.005 0.038 10 0.121 5 0.284 2
C26 0.047 0.096 0.072 2 0.228 2 0.536 1
C27 0.047 0.001 0.024 19 0.077 6 0.180 3

STS
C28 0.067 0.048 0.058 6 0.184 3 0.320 2
C29 0.045 0.116 0.080 1 0.256 1 0.445 1
C30 0.053 0.032 0.042 8 0.135 4 0.235 3
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Next, a weighted normalised decision matrix, Yij, is established as Equation (15).

Yij = ωZij (15)

where ω is the weighting matrix and Zij is the normalised matrix, which were de-
fined in Equations (8) and (9); i represents the evaluation object, and j represents the
evaluation indicator.

Following this, the positive and negative ideal solutions are determined. The pos-
itive ideal solution, T+, consists of the best values for each indicator, while the nega-
tive ideal solution, T−, consists of the worst values. For a positive indicator, T+ takes
the maximum value of the indicators and T− takes the minimum value, as given in
Equations (16) and (17).

T+ =
{

max
(
Yij

)}
= {maxYi1, maxYi2, . . . , maxYin} (16)

T− =
{

min
(
Yij

)}
= {minYi1, minYi2, . . . , minYin} (17)

For a negative indicator, T+ takes the minimum value of the indicators and T− takes
the maximum value, as given in Equations (18) and (19).

T+ =
{

min
(
Yij

)}
= {minYi1, minYi2, . . . , minYin} (18)

T− =
{

max
(
Yij

)}
= {maxYi1, maxYi2, . . . , maxYin} (19)

The KL distance is then used to measure the separation of each alternative from T+

and T−.

d+i =
n

∑
j=1

[
T+

j log10

T+
j

Tj
+(1 − T+

j )log10

1 − T+
j

1 − Tj

]
(20)

d−i =
n

∑
j=1

[
T−

j log10

T−
j

Tj
+(1 − T−

j )log10

1 − T−
j

1 − Tj

]
(21)

where T+
j is the positive ideal solution, Tj is the ordinary solution, and T−

j is the negative

ideal solution. d+i is the distance from the positive ideal solution and d−i is the distance
from the negative ideal solution.

Finally, the degree of fit C+
i to the idealised target is calculated using Equation (22).

C+
i =

d−i
d+i + d−i

(22)

The performance evaluation result is expressed by the degree of fit, which ranges
from 0 to 1. When the value is closer to 1, it is closer to the positive ideal point, indicating
that the resilience level of urban infrastructure is higher; when the value is closer to 0,
it is closer to the negative ideal point, indicating that the level of urban infrastructure is
lower. These values are applied for classifying the level of UIR using an ArcGIS 10.2 tool,
which utilises the natural breaks classification method. The natural breaks classification
method is an objective statistical classification technique that sorts and groups data based
on the patterns of its statistical distribution, and determines the optimal breakpoints by
iteratively comparing the sum of squared deviations within and between groups, thereby
achieving homogeneity of attributes within groups and maximising differences between
groups [44]. The ArcGIS 10.2 tool classifies UIR into five levels, i.e., higher resilience, high
resilience, moderate resilience, low resilience, and lower resilience [15]. It is important
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to note that UIR levels are relative to each city’s resilience development within the same
period. Thus, cities with the same resilience category in different years have different actual
resilience values.

2.4. Model Reliability Verification

This study employs cross-validation to evaluate the reliability of the AHP&EWM&KL-
TOPSIS model. Cross-validation is a widely used validation technique that involves
comparing the outcomes of the target model with those obtained from an alternative model
addressing the same matter [31]. Considering that Lin [44] similarly evaluated UIR in Fujian
Province using EWM-CIM (Composite Index Method), a cross-validation is conducted
by comparing the evaluation results of the AHP&EWM&KL-TOPSIS model with those
reported by Lin [44]. The comparison focuses on identical infrastructure systems in both
studies, namely ESS, WSS, DS, TS, EPS, and PTS. A Pearson correlation coefficient, rxy, is
determined to investigate the potential relationship between the two sets of results:

rxy =
∑n

i=1 (xi − x)(yi − y)√
∑n

i=1(xi − x)2∑n
i=1(yi − y)2

(23)

where xi and yi denote the UIR values of the two cities in year i; x and y represent their
respective mean UIR values over the study period; and n is the total number of years
included in the comparison.

The interpretation should be contextualised based on the research domain and objec-
tives. Typically, a Pearson correlation coefficient below 0.1 indicates a negligible correlation,
between 0.1 and 0.39 indicates a weak correlation, 0.4 to 0.69 a moderate correlation, 0.7 to
0.89 a strong correlation, and 0.9 to 1.0 a very strong correlation [45].

In addition to cross-validation using Pearson correlation analysis by SPSS Statistics
27.0.1, a comparative sensitivity analysis is performed to further evaluate the robustness of
the evaluation model. Specifically, the results generated by the AHP&EWM&KL-TOPSIS
model are compared with those obtained from the EWM-TOPSIS, EWM-CIM, and CRITIC-
IAM models, which employ different weighting schemes and evaluation approaches. This
comparison is designed to assess the stability and reliability of the AHP&EWM&KL-
TOPSIS model.

2.5. UIR Spatial Distribution Map

A spatial distribution map is then plotted using the ArcGIS 10.2 software to visu-
ally represent the UIR levels of various cities by mapping them onto geographic space
using colours, symbols, and other visual elements. This visualisation helps reveal spatial
disparities and imbalances in UIR across different cities, providing intuitive support and
a decision-making basis for formulating city-specific disaster prevention strategies and
optimising resource allocation.

3. Results and Discussion
3.1. Reliability of Model

To verify the reliability of the AHP&EWM&KL-TOPSIS evaluation model, this study
conducts cross-validation on the empirical results. Based on the same infrastructure system,
the UIR results for 2013–2019 from two studies are shown in Table 4. SPSS Statistics 27.0.1
analysis shows the Pearson correlation coefficient between the two results is calculated to be
0.975 (statistically significant at the 0.01 level), implying that the AHP&EWM&KL-TOPSIS
evaluation model demonstrates strong concordance with existing UIR assessments for
the region.
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Table 4. Comparison of two studies on the level of UIR in Fujian Province.

Comparison 2013 2014 2015 2016 2017 2018 2019

Results of this study 0.1289 0.1522 0.1731 0.2022 0.3480 0.4080 0.4240
Results of Lin [44] 0.1224 0.1249 0.1235 0.133 0.1483 0.1708 0.1772

3.2. Evaluation of Resilience Level

Analysing resilience levels from a systemic perspective helps identify disparities
among different infrastructure systems within the same city and the variations and inter-
connections of the same system across different cities. The resilience level of the system
is evaluated based on the combined computation of expert opinion and statistical data
(Table 1) with weighting of indicators (Table 3). The UIR values of the ten systems in
2021 (Table 5) are obtained using the AHP&EWM&KL-TOPSIS model, and the natural
breaks classification method of the ArcGIS is applied to categorise them into different
levels (Figure 2). The UIR value is a relative indicator specific to the dataset of each system;
therefore, resilience levels are determined by classifying these UIR values using the natural
breaks method in ArcGIS. The resilience levels of different systems within the same city
vary (see Table 5). There are two ways of interpreting the values, i.e., by system and city.
The data for all indicators of the ten systems are from the year 2021, with detailed sources
provided in Table 1.

Table 5. Resilience values of ten infrastructure systems in 2021.

City ESS WSS DS TS DPSS EPS PTS MHS CES STS

Fuzhou 0.805 0.509 0.291 0.586 0.133 0.991 0.436 0.877 0.937 0.776
Xiamen 0.806 0.190 0.224 0.825 0.001 0.992 0.466 0.325 0.788 1.000
Putian 0.635 0.475 0.993 0.108 0.212 0.999 0.316 0.661 0.164 0.115
Sanming 0.836 0.891 0.114 0.189 0.175 0.878 0.344 0.959 0.405 0.124
Quanzhou 0.896 0.956 0.361 0.124 0.037 0.988 0.419 0.551 0.562 0.804
Zhangzhou 0.812 0.411 0.725 0.043 0.513 0.978 0.233 0.858 0.416 0.235
Nanping 0.623 0.266 0.206 0.145 0.169 0.985 0.298 0.918 0.297 0.098
Longyan 0.807 1.000 0.198 0.145 0.449 0.935 0.333 0.950 0.108 0.550
Ningde 0.894 0.084 0.168 0.094 0.331 0.823 0.268 0.691 0.021 0.256

3.2.1. Resilience Level by System

Analysis of resilience level by system can identify the variation in respective systems
in different cities, to facilitate well-informed decisions for inclusive development plans for
the cities in line with the aspiration of the UN Sustainable Development Goals.

(1) ESS

ESS supports the resistance of a city against flood by sustaining operation through a
flood event. The resilience level in ESS ranged from 0.623 (Nanping) to 0.896 (Quanzhou).
Both cities recorded an “Urban gas penetration rate” greater than 98.5%; however, the
variation in resilience level in this case was mainly attributed to the disparity in hydropower
and electricity availability. Power systems are highly vulnerable during extreme events
such as flood, and failures can trigger cascading urban dysfunctions [46]. Specifically,
Quanzhou’s “Water supply per capita” was approximately 1.6 times that of Nanping, and
its “Electricity usage per capita” was about 1.3 times higher. These indicators reflect a more
reliable and redundant energy infrastructure in Quanzhou, enabling more effective support
for critical systems such as healthcare, drainage, communication, and emergency shelters
during flood events. In contrast, Nanping’s lower ESS is reflected by more frequent service
disruptions, slower emergency responses, and prolonged recovery times. For example,
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on 18 June 2022, the operations in Nanping were crippled by a prolonged power outage
resulting from the complete collapse of No. 1 transformer and poles on the 10 kV Helong
Line. Repairs commenced after water levels receded the following day. In the case of
Putian, the ESS resilience value is reflected by other factors such as outdated infrastructure
and limited investment, which indicates that improving these factors can enhance the city’s
ESS resilience.

(2) WSS

WSS supports the resistance of a city by maintaining stable water provision, thereby
ensuring daily household consumption and the operation of critical facilities. The post-
disaster functionality of WSS is vital to public health and other essential services, and
system failures may trigger cascading impacts [47]. Longyan emerged as the leading city in
terms of WSS resilience, whereas Ningde lagged behind and recorded the lowest resilience
level. Longyan’s “Urban water supply pipe density” was approximately three times higher
than that of Ningde, and the denser network proved more effective in sustaining water
supply and public services during flood events. Ningde’s sparse pipeline and low disaster
resistance capacity resulted in pump station inundation, water supply interruptions, and
critical pressure drops across urban areas during heavy rainfall. Alizadeh & Sharifi [7]
conducted a spatial analysis of the resilience of the water supply infrastructure network in
Ahvaz, Iran, and found that water supply resilience increases with greater distance from
the city centre. This pattern is mainly attributed to the fact that infrastructure facilities in
peripheral areas are relatively newer and less affected by ageing. Their case highlights that
infrastructure deterioration is a critical factor influencing the resilience of water supply
systems. In contrast, the present study further emphasises the importance of pipeline
network density and system redundancy in maintaining water supply continuity under
flood conditions. Together, these two studies reveal the driving mechanisms of water
supply system resilience from different perspectives, providing complementary insights
for enhancing the resilience of water supply system in response to flooding.

(3) DS

DS supports the resistance of a city by rapidly discharging stormwater, alleviating
waterlogging pressure, ensuring road accessibility, and maintaining the operation of critical
facilities. Lei et al. [5] emphasised that DS should be placed at the core of urban flood
management planning, given its integral role in mitigating flood risks. Resilience levels of
DS varied considerably across cities, with Putian and Zhangzhou outperforming other cities
and Sanming showing the weakest resilience performance. Although the “sewage treatment
rate” exceeded 98% in Putian, Zhangzhou, and Sanming, differences in “urban drainage
pipeline density” emerged as the primary factor explaining the disparity. Specifically, the
density was approximately 2.8 times higher in Putian and 2.0 times higher in Zhangzhou
than in Sanming. Additional factors influencing DS resilience include the design standard
of waterlogging prevention, the rationality of pipeline network layout, the flood resistance
of pumping stations and sluice gates, the degree of ageing infrastructure renewal, drainage
system management practices, and the application of intelligent technologies. For instance,
Putian and Zhangzhou adopt a 30-year drainage design standard, whereas Sanming follows
a 20-year standard. The higher design standard enhances flood conveyance capacity and
may partly explain the stronger DS resilience observed in Putian and Zhangzhou [48].

(4) TS

TS supports the resistance of a city by maintaining transportation infrastructure
operability, enabling evacuation, ensuring emergency access, and facilitating efficient
logistics. A clear contrast was observed among the cities, with Xiamen achieving the
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highest TS resilience level, whereas Zhangzhou exhibited the lowest level of resilience.
Although both cities have comparable per capita road area, the enhancement of emergency
evacuation and resource allocation during flood events is attributed to Xiamen’s more
advanced public transport and logistics systems. In contrast, Zhangzhou’s TS resilience is
constrained by the relative underdevelopment in these areas. Additional determinants of TS
resilience are considered to include the structure and redundancy of the road network, the
disaster resistance of key infrastructure nodes, the development of multimodal transport
systems, the presence of emergency traffic management mechanisms, and the effectiveness
of maintenance practices. For example, a ring road system composed of the second, third,
and outer ring highways was established in Fuzhou, through which multiple alternative
routes are provided to enhance traffic continuity and diversion capacity during disasters.
Moreover, the integration of diverse transportation modes and the implementation of
a cross-sector emergency traffic coordination mechanism are identified as key factors
contributing to the higher TS resilience observed in Fuzhou.

(5) DPSS

DPSS supports the resistance of a city by providing flood forecasting, enabling emer-
gency response, and facilitating disaster management. Existing studies strengthened DPSS
resilience by optimising reservoir operations [49] and improving flood monitoring capa-
bilities [50], highlighting its role as a critical line of defence during flood events. Among
all cities, Zhangzhou demonstrated the strongest DPSS resilience (0.513), while Xiamen
exhibited the weakest performance (0.001). Although Zhangzhou has a smaller land area
than Xiamen, it demonstrated superior advantages in both hydraulic infrastructure and
financial investment. Specifically, Zhangzhou was equipped with 13 hydrological stations
and a total reservoir capacity of 848 million m3, substantially surpassing Xiamen’s two
stations and 175 million m3. Furthermore, its “investment in water conservancy as a per-
centage of GDP” was approximately 4.5 times that of Xiamen. Enhanced early warning
capacity, increased water storage regulation, and improved construction and maintenance
of flood control infrastructure were facilitated by advantages in hydrological monitoring,
reservoir regulation, and financial input, thereby strengthening emergency dispatch and
flood response efficiency. Xiamen’s limited hydraulic infrastructure and insufficient invest-
ment severely constrained its capacity to effectively respond to extreme rainfall, thereby
weakening its DPSS resilience. Additionally, disparities in factors such as levee height,
monitoring technology, emergency planning, material reserves, and repair capabilities have
been identified as key contributors to inter-city differences in DPSS resilience.

(6) EPS

EPS supports the recovery capability of a city by restoring ecological functions, control-
ling pollution, and ensuring environmental safety. EPS resilience values varied from 0.823
in Ningde to 0.999 in Putian, indicating a high resilience level, likely resulting from the eco-
logical civilisation effort across Fujian Province to increase green coverage in built-up areas
and per capita public green space nationwide. It concurs with the finding by Chen et al. [33]
on the ecological dimension in Fujian Province using a Bayesian network. Komeh et al. [51]
pointed out that unsustainable urbanisation has led to an approximate 2 ◦C increase in
temperature, with the most pronounced rise occurring in areas where forests were cleared
for development, whereas regions with vegetation restoration exhibited almost no change.
Conley et al. [52] indicated that a 10% increase in urban greening coverage could lead to an
approximate 3.8% reduction in stormwater runoff. Damage to the urban environment and
infrastructure during flood events is mitigated by the green infrastructure system through
runoff reduction. A solid foundation is provided for post-disaster ecological restoration,
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water purification, and the recovery of living environments, thereby enhancing the city’s
recovery capability resilience.

(7) PTS

PTS supports the recovery capability of a city by restoring communication services,
ensuring information flow, and supporting emergency coordination. Xiamen recorded the
highest PTS resilience level, whereas Zhangzhou exhibited the lowest. Xiamen demon-
strated higher levels of “Internet coverage,” “Mobile phone coverage,” and “Number of
internet broadband users per 10,000 people” than Zhangzhou, exceeding by 22%, 19.4%,
and 888 users per 10,000 people, respectively. These indicators reflect stronger communi-
cation assurance and emergency coordination capabilities in Xiamen, which have better
supported post-disaster rescue operations, resource allocation, and social order restoration.
Zhangzhou’s relatively weaker communication recovery capacity was found to hinder
rescue efficiency. Following the impact of Typhoon Doksuri, the communication infras-
tructure was damaged in parts of Fujian Province. Due to communication disruptions
in Zhangzhou, emergency repairs were accelerated under provincial supervision, while
Xiamen’s rapid response practices were promoted across the province. In addition, dis-
parities in PTS resilience across cities are attributed to factors such as the resistance of
communication infrastructure, redundancy design, level of intelligence, and emergency
planning. For example, Fuzhou is equipped with a dedicated flood control network, which
enables the rapid activation of satellite communication and multimedia platforms when
trunk lines are disrupted, ensuring high PTS resilience [53].

(8) MHS

MHS supports the recovery capability of a city by ensuring medical services, facilitat-
ing post-disaster treatment and epidemic prevention. MHS showed significant inter-city
differences, with inland cities like Sanming, Longyan, and Nanping scoring 0.959, 0.950,
and 0.918, respectively—higher than those of coastal cities. This aligns with the findings of
Chen et al. [33], who noted that per capita medical resources are a strength of inland cities.
For example, these three cities rank among the top in the province in terms of “Number of
medical technical personnel per 10,000 people” and “Number of beds in health institutions
per 10,000 people,” which enables them to swiftly carry out medical treatment and epidemic
prevention after flood disasters, improve treatment efficiency, relieve pressure on medical
facilities, and effectively respond to secondary risks such as infectious diseases. It was
acknowledged that population characteristics have a direct impact on MHS resilience [54].
According to the Seventh National Population Census of Fujian Province [55], the ratio
of permanent residents in coastal to inland cities was 4.534, up from 4.026 in the Sixth
Census [56]. The continued population outflow from inland areas has eased the pressure
on the demand for medical resources. Xiamen has the lowest MHS resilience value, due
to its attractiveness as a special economic zone, which has drawn a large influx of people,
thereby placing a heavier burden on the medical system.

(9) CES

CES supports the adaptability of a city by enhancing public risk awareness, promoting
disaster education, and strengthening emergency preparedness. Historical educational
strategies are identified as a critical pathway for promoting more sustainable flood risk
mitigation approaches [57]. CES resilience levels varied considerably across cities, with
Fuzhou and Xiamen outperforming other cities, while Ningde exhibited the weakest
resilience performance. The superior performance of Fuzhou and Xiamen can be attributed
to their abundant higher education resources, advanced educational informatisation, and
substantial fiscal investment, which collectively support disaster education, scientific
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innovation, and public risk awareness. For instance, “Number of college students per
10,000 people” reached 459 in Fuzhou and 338 in Xiamen, substantially exceeding the
figure of 54 recorded in Ningde, reflecting the advantages of Fuzhou and Xiamen in talent
cultivation and knowledge dissemination. Ningde has relatively limited cultural and
educational resources, with a small number of higher education institutions and lagging
development in educational informatisation, which hinders the dissemination of disaster
prevention knowledge and the improvement of public emergency awareness, thereby
weakening its ability to adapt to environmental changes and adjust after disasters.

(10) STS

STS supports the adaptability of a city by promoting infrastructure optimisation
and improvement of emergency response mechanisms. Zhong et al. [58] indicated that
technological resilience played a pivotal role in enhancing urban capacity to cope with
flood disasters, potentially outweighing improvements in economic and built environment
conditions. Bukhari et al. [50] emphasised that the adoption of technologies such as the
Internet of Things (IoT), remote sensing, machine learning, and early warning systems could
significantly strengthen disaster monitoring and response capabilities, thereby mitigating
the impacts of flooding. STS resilience showed considerable inter-city variation, with
Nanping recording the lowest value (0.098) and Xiamen achieving the highest (1.000).
These differences were primarily attributed to variations in fiscal investment, industrial
structure, and the allocation of technological resources. Xiamen’s “Expenditure for science
as a percentage of fiscal spending” was six times greater than that of Nanping, and “Number
of patents granted per 10,000 people” was approximately four times higher, reflecting its
strong innovation capacity and substantial R&D investment. Xiamen leverages its high
level of STS resilience to promote intelligent infrastructure upgrades and the optimisation
of early warning systems, while transforming post-disaster experiences into institutional
and technological innovations, thereby fostering a virtuous cycle of “learning–adjustment–
optimisation” and continuously enhancing its post-disaster improvement capability.

Figure 3 compares the 2021 DPSS resilience values calculated using the AHP&EWM&KL-
TOPSIS model proposed in this study with those obtained using the EWM-TOPSIS model by Ji
and Wang [20]. Ji and Wang [20] determined indicator weights using the EWM and applied
the traditional TOPSIS model to evaluate urban flood resilience. Although differences exist
in the resilience values obtained from the two models, the consistency in city rankings
validates the robustness of the AHP&EWM&KL-TOPSIS model in resilience evaluation.
Furthermore, correlation analyses were conducted between the resilience values derived
from both models and the original values of key indicators C10, C11, C12, and C13 (see
Table 6). The results indicate that the AHP&EWM&KL-TOPSIS model exhibits stronger
correlations with these key indicators, suggesting that it outperforms the EWM-TOPSIS
model in terms of data fitting and explanatory power. These findings suggest that the
AHP&EWM&KL-TOPSIS model has stronger explanatory capability and better consistency
with the selected key indicators, supporting its applicability for UIR evaluation.

Table 6. Correlation analysis between DPSS (2021) and original indicators.

Model C10 C11 C12 C13

DPSS (AHP&EWM&KL-TOPSIS) 0.997 −0.574 −0.821 0.997
DPSS (EWM-TOPSIS) 0.926 −0.253 −0.769 0.920
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Figure 2. Resilience levels of ten infrastructure systems in 2021.
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Figure 3. Comparison of DPSS resilience value for the two models.

3.2.2. Resilience Level by Dimension

Evaluating resilience through the dimensions of resistance, recovery capability, and
adaptability facilitates the evaluation of an infrastructure’s defensive capacity before dis-
asters, its recovery capability afterward, and its long-term adaptability and optimisation.
Additionally, it enables comparisons of differences among cities within the same dimension,
thereby informing more targeted improvement strategies. Figure 4 illustrates the three-
dimensional resilience levels of Fujian Province and its nine cities in 2021 in response to
flood disasters. Based on Figure 4 and Table 5, an analysis of the three resilience dimensions
was conducted.

Figure 4. Categorical resilience values for nine cities in Fujian Province in 2021.

(1) Resistance

Resistance refers to the ability of a city to defend against flood and to maintain the
functioning of urban infrastructure, which is measured by ESS, WSS, DS, TS, and DPSS.
In the resistance dimension, Longyan, Zhangzhou, and Fuzhou exhibited resilience levels
higher than the provincial level of Fujian, whereas Xiamen, Quanzhou, and Nanping were
below the level. Longyan had the highest resilience in resistance, primarily due to the
higher resilience of its WSS and DPSS, while its DS and TS maintain moderate resilience,
collectively enhancing the city’s resistance. Xiamen recorded the lowest resistance resilience,
mainly due to the low resilience of its ESS, WSS, and DPSS. For example, in 2021, the urban
water supply pipe density in Longyan was 33.8 km/km2, compared to 13.2 km/km2

in Xiamen. The capacity of large and medium-sized reservoirs per square kilometre in
Longyan was 12.628 million m3, while in Xiamen, it was only 431,000 m3. Longyan’s
significantly higher urban water supply pipe density and reservoir capacity per square
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kilometre compared to Xiamen indicate stronger resource availability and infrastructure
robustness, which are critical for enhancing resistance resilience.

(2) Recovery Capability

Recovery capability refers to the ability of a city to recover from a damaged state
to a normal state, measured by EPS, PTS, and MHS. In the recovery capability, Fuzhou,
Sanming, Nanping, and Longyan demonstrated resilience levels above the provincial level
of Fujian, whereas Xiamen and Ningde ranked low. Fuzhou ranked highest in recovery
capability, benefiting from the high resilience of its EPS, PTS, and MHS, whose synergistic
effects significantly strengthened the city’s recovery capability. To address issues such
as urban waterlogging and black-odorous inland rivers, Fuzhou has adopted advanced
technologies, including artificial neural networks, the Internet of Things, and drone patrols.
By integrating foundational data across multiple departments—such as meteorology, water
affairs, transportation, urban construction, water resources, and public security—the city
developed a scientific water system dispatching platform, significantly enhancing recovery
efficiency. Due to the impact of Typhoon Doksuri, Fuzhou experienced 512 instances of
urban waterlogging and flooding in 216 residential communities. Temporary suspension
notices for public bus and metro services were issued at 7:30 am and 9:00 a.m., respectively,
with full service restored by 4:00 p.m. that afternoon. Within just half a day, all bus and
metro lines across the city resumed normal operations, and over 90% of waterlogged
road sections had been drained, demonstrating the city’s strong emergency response and
recovery capabilities. Conversely, Ningde had the lowest resilience recovery capability,
primarily due to the lower resilience of its EPS and PTS. These shortcomings have limited
Ningde’s efficiency in emergency response and resource allocation following flood disasters,
resulting in prolonged recovery periods and delayed restoration of urban functions.

(3) Adaptability

Adaptability refers to the ability of a city to learn from the experience of dealing with
flood disasters and to continuously adjust and adapt to achieve higher UIR, measured by
CES and STS. In the adaptability dimension, Xiamen, Fuzhou, and Quanzhou surpassed
the overall average of Fujian Province, as their CES and STS exhibited high or higher levels.
Influenced by geographical conditions, urban development levels, and functional position-
ing, Xiamen, Fuzhou, and Quanzhou have become the main population inflow cities in
Fujian Province [59]. In response to population growth, these cities have demonstrated
the ability to dynamically adjust the allocation of educational resources and optimise the
structure of technological investment. Cities with high educational resilience can more
effectively disseminate disaster prevention and mitigation knowledge, enhancing public
awareness and self-protection capabilities in the face of flood and other sudden disasters.
Technological systems provide critical support for flood response, such as intelligent hydro-
logical monitoring networks that enable real-time monitoring of rivers, drainage systems,
and waterlogged areas. Therefore, education and technology systems are fundamental
to enhancing a city’s adaptability resilience, enabling better learning, adjustment, and
transformation in the face of uncertainty. In comparison with the overall average of Fujian
Province, the adaptability resilience levels of other cities were relatively lower, with Putian
exhibiting the weakest performance. Both its CES and Science and STS demonstrated
low resilience. This was primarily attributed to the limited support capacity of its ed-
ucational and technological systems, which undermined the city’s ability to effectively
adjust and continuously optimise infrastructure in the face of flood disasters. For instance,
the number of college students per 10,000 inhabitants in Putian was only 111.9 in 2021,
significantly below the provincial level of Fujian of 244.4, indicating a shortfall in higher
education resources. Moreover, expenditure for science as a percentage of fiscal spending
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was merely 0.7%, compared to the provincial level of Fujian of 3.0%, reflecting a marked
deficiency in technological investment. These shortcomings collectively constrained the
city’s capacity for technological innovation and social adaptability, thereby weakening its
adaptability resilience.

(4) Overall UIR Performance

Fuzhou was the only city where resistance, recovery capability, and adaptability
resilience all exceeded the provincial level of Fujian, highlighting its significant compre-
hensive advantage in UIR against flood disasters. This advantage stems from its role
as the provincial capital, benefiting from a strong economic foundation, well-developed
flood control infrastructure, robust scientific and educational resources, and an efficient
emergency management system. These factors collectively contribute to the balanced de-
velopment of resistance, recovery capability, and adaptability. Fuzhou city has successfully
passed multiple severe tests of the flood seasons since 2018, including Typhoon Maria
(196 mm/24 h) in 2018, short-term heavy rainfall on 17 September 2018 (106.7 mm/h), and
continuous heavy rainfall from 15 to 19 May 2019 (87.7 mm/h) [60].

Figure 5 presents the three-dimensional UIR levels of Fujian Province in 2020, cal-
culated using the AHP&EWM&KL-TOPSIS model from this study and the EWM-CIM
model by Lin [44]. The EWM-CIM model, an existing UIR evaluation model for Fujian,
determined indicator weights using the EWM and calculated a composite index through a
weighted average method. The AHP&EWM&KL-TOPSIS model combines both subjective
and objective weighting and evaluates resilience based on the relative closeness to an ideal
solution, resulting in values ranging from 0 to 1. In contrast, the EWM-CIM model relies
solely on weighted summation, producing lower and more concentrated values. There-
fore, the difference in resilience value ranges between the two models stems from their
distinct computational logic and does not affect the comparative validity of their ranking
or trend analysis. The resilience results differ between the two models (see Figure 5). The
dimensions were ranked as resistance > adaptability > recovery capability, according to
the EWM–CIM model. The AHP&EWM&KL-TOPSIS model ranked the three dimensions
as adaptability > recovery capability > resistance, aligning with the findings of Zhuang
et al. [21], which also concluded that recovery resilience surpasses resistance resilience
in Fujian in 2020. Zhuang et al. [21] incorporated key infrastructure systems such as en-
ergy supply, water supply, drainage, and transportation into the evaluation of resistance
resilience. However, their recovery capability resilience primarily focused on economic
investment and the production capacity of construction enterprises, without including
critical systems such as environmental protection, healthcare, and communications. In
this study, these systems are integrated into the evaluation framework to better reflect
the context of flood disasters, highlighting their essential roles in ecological restoration
and pollution control, information transmission and emergency coordination, as well as
medical treatment and epidemic prevention, thereby enabling a more reliable evaluation of
recovery capability resilience. Compared with the EWM–CIM model, the AHP&EWM&KL-
TOPSIS model exhibits greater effectiveness in evaluating resilience. It achieves this by
integrating a broader range of critical systems, balancing subjective and objective weights,
and employing KL-TOPSIS for more nuanced differentiation.
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Figure 5. Comparison of three-dimensional resilience values in 2020 by two models.

3.2.3. Resilience Level by City

Analysis of resilience level by city can identify disparities among different infrastruc-
ture systems within a city and, hence, facilitate well-informed decisions for prioritised
systems and formulate suitable upgrading strategies. For example, in Fuzhou, TS and
CES exhibited higher resilience, while DPSS had low resilience. The reasons for Fuzhou’s
higher TS resilience have been explained in the TS of Section 3.2.1. As the provincial capital,
Fuzhou led the province in comprehensive educational development, with ample financial
investment ensuring educational resources, infrastructure, and faculty strength. Addition-
ally, strong policy support prioritised educational reforms and pilot projects, contributing
to the high resilience of CES. Located along the southeastern coast, Fuzhou experiences
frequent typhoons and heavy rainfall, placing significant pressure on the flood. However,
insufficient investment in water conservancy led to underdeveloped infrastructure, with
the proportion of water conservancy investment relative to GDP ranking among the lowest
in the province. As flood disasters become more frequent, the city’s reservoir capacity
has not grown accordingly in recent years, potentially falling short of handling extreme
rainfall events. For example, during Typhoon Haikui in 2023, prolonged heavy rainfall
caused water levels in 49 reservoirs across Fuzhou to exceed their flood control limits, and
subsequent flood discharge operations further intensified downstream flooding pressure.
Thus, the identification of DPSS as a low-resilience system by the model aligns well with
the actual situation.

3.3. Spatial Distribution Characteristics of UIR

This study employed the natural breaks classification method of ArcGIS to categorise
the UIR levels of nine cities in Fujian Province from 2012 to 2021 and visualised their spatial
distribution (see Figure 6). From 2012 to 2021, Nanping consistently remained at a lower
resilience level, while Fuzhou, Sanming, Quanzhou, Zhangzhou, Longyan, and Ningde
had a one-level difference in resilience. Xiamen and Putian exhibited greater fluctuations,
with resilience varying by two or three levels. Specifically, Xiamen’s resilience level showed
a gradual decline, whereas Putian experienced an initial increase, followed by a decline. In
2021, Fuzhou (0.5298) exhibited a higher resilience level; Longyan (0.4130) demonstrated a
high resilience level; Xiamen (0.3646), Quanzhou (0.3462), and Zhangzhou (0.3376) fell into
the moderate resilience category; Sanming (0.2706) and Ningde (0.2561) were categorised as
having low resilience; and Putian (0.2349) and Nanping (0.2139) were classified as having
lower resilience.
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Figure 6. Spatial distribution of UIR in nine cities in Fujian Province (2012–2021). Note: Brown represents higher resilience, orange represents high resilience, yellow
represents moderate resilience, dark blue represents low resilience, and light blue represents lower resilience.
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This study divides Fujian Province into four areas, including Eastern Fujian (Fuzhou,
Ningde, Putian), Southern Fujian (Xiamen, Zhangzhou, Quanzhou), Western Fujian
(Longyan), and Northern Fujian (Nanping, Sanming), similar to that by Lin [41]. The
results indicate that from 2012 to 2021, the overall level of UIR in Southern Fujian consis-
tently exceeded that of Northern Fujian, which is consistent with the conclusion drawn by
Lin [44]. This disparity can be primarily attributed to the significant advantages of Southern
Fujian in infrastructure development, disaster prevention capacity, fiscal investment, and
technological support. For example, in 2012, the STS resilience of Xiamen and Quanzhou
were 1.000 and 0.804, respectively, while Nanping registered only 0.098 (see Table 5).

In particular, Xiamen, Zhangzhou, and Quanzhou exhibited a trend of convergence in
resilience levels. The trend of convergence benefited from the increasingly mature coopera-
tion mechanisms within the Xiamen–Zhangzhou–Quanzhou metropolitan area, especially
in infrastructure construction, industrial complementarity, and emergency coordination—
thus accelerating the process of regional integration. In contrast, the spatial differentiation
of resilience within eastern Fujian became increasingly pronounced, with a widening
discrepancy among cities. Specifically, Fuzhou consistently maintained a high or higher
resilience level, Ningde remained at a low or lower level, and Putian fluctuated among
high and lower resilience levels. This reflects the limited “spillover effect” of the core
metropolitan city (Fuzhou) on surrounding smaller cities, resulting in significant disparities
in infrastructure development and disaster prevention capacity. For instance, the design
return period for urban waterlogging prevention in Fuzhou is 50 years, whereas it is only
30 years in Ningde and Putian. Overall, the spatial distribution of overall UIR in Fujian
Province presents a “higher in the south, lower in the north” spatial pattern, with enhanced
regional coordination in Southern Fujian but widening internal disparities in Eastern Fujian.

Figure 7 presents the overall UIR levels of Fujian Province in 2021, calculated using the
AHP&EWM&KL-TOPSIS model from this study and the CRITIC-IAM model by Zhuang
et al. [21]. There are some differences between the resilience results obtained by the two
models. The AHP&EWM&KL-TOPSIS model calculates Fuzhou’s UIR as the highest,
whereas the CRITIC-IAM model places Longyan at the top. Fuzhou, as the provincial
capital, benefits from a stronger economic foundation, more developed infrastructure,
and advanced scientific and emergency management systems, making it more resilient in
terms of infrastructure. Ding and Dong [61] conducted a comprehensive risk assessment
of coastal storm surges in Fujian based on economic, social, ecological, and engineering
resilience, which similarly found that Fuzhou has the highest urban disaster resilience.
This study develops an index system for UIR encompassing the three dimensions of
resistance, recovery capability, and adaptability, grounded in the intrinsic connotation
of resilience. The index system emphasises the continuous process of disaster impact
reduction, functional restoration, and long-term adaptation, offering important implications
for advancing the evaluation of UIR under flood scenarios. Compared with the CRITIC-
IAM model, the AHP&EWM&KL-TOPSIS model developed in this study provides a more
accurate reflection of the actual conditions of cities, demonstrating higher rationality and
applicability in UIR evaluation.
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Figure 7. Comparison of overall UIR values for the two models in 2021 [21].

4. Conclusions
This study developed a composite evaluation model for evaluating UIR against flood

disasters, integrating engineering and social infrastructure systems across the dimensions
of resistance, recovery capability, and adaptability. Using Fujian Province as a case study,
the proposed AHP&EWM&KL-TOPSIS model was applied to evaluate UIR levels and
identify spatial disparities and system-level resilience characteristics. The results revealed
significant differences in resilience performance among infrastructure systems and cities.
The EPS consistently exhibited the highest resilience and the lowest inter-city variation,
whereas several other systems showed pronounced spatial disparities. At the city level,
UIR generally displayed a “higher in the south, lower in the north” spatial pattern, with
increasing regional coordination in Southern Fujian and widening disparities within Eastern
Fujian. These findings provide useful evidence for identifying critical vulnerabilities and
prioritising resilience enhancement measures.

The modular design of the proposed model and its index system offer significant
potential for high adaptability and scalability, allowing for flexible adjustment to local
disaster risk profiles and urban development characteristics, including the removal or
addition of specific systems (e.g., emergency response, digital governance). This facilitates
localised application across diverse contexts and enhances its value for policymaking.

Despite the contributions of this study in developing an evaluation model for UIR
against flood disasters and generating practically meaningful findings, several limitations
should be acknowledged. First, the evaluation is based on historical observations and does
not explicitly account for future climate, socioeconomic, or urban development scenarios.
Second, the study primarily focuses on measuring UIR levels and analysing their spatial
disparities, without explicitly examining the interaction mechanisms among different in-
frastructure systems. Third, the proposed framework does not incorporate simulations
of flood propagation processes, inundation depths, drainage system performance, or the
physical interactions between flood hazards and urban infrastructure systems. Future re-
search could be extended in several directions. First, scenario-based analysis and dynamic
modelling approaches could be integrated with climate change projections, socioeconomic
development pathways, and urbanisation trends to explore the long-term evolution of
UIR. Second, methods such as system dynamics and complex network analysis could be
employed to investigate the interaction mechanisms among infrastructure systems and
their influence on overall resilience. Third, coupling the resilience evaluation framework
with hydrodynamic models would improve the representation of flood processes and in-
frastructure responses under different hazard conditions. In addition, the framework could
be extended to multi-hazard contexts, such as typhoons and earthquakes, to establish a
comprehensive resilience assessment and optimisation framework for urban infrastructure
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under multiple risks, thereby providing more robust support for resilience-oriented urban
planning and disaster risk management.
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