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Abstract
 Flooding poses a significant risk to urban metro networks, leading to station closures and 
service suspensions. By integrating the flood vulnerability of metro stations, this study 
evaluates the robustness of urban metro networks. Utilizing geographical, topological, and 
socio-economic data, the impact of flooding on the metro network is quantified. A com-
posite index, which combines flood vulnerability with topological properties, is developed 
to evaluate the importance of individual stations under flood conditions. The Changsha 
metro network is analyzed as a case study, with simulations conducted to compare its per-
formance in cascading and non-cascading failure scenarios. Three damage strategies—tar-
geting stations based on degree centrality, flood vulnerability, and station importance—are 
applied to analyze network disruptions. Performance metrics, including the relative size 
of the largest connected subgraph (RS) and the network efficiency (NE), reveal varying 
degrees of network degradation under each damage strategy. The results show that stations 
such as Orange Isle Station and Xiangjiang Middle Road Station are highly susceptible to 
flooding. The network is most vulnerable to importance-based damage, with the removal 
of the top 6% of critical stations leading to a significant reduction in overall performance. 
These findings provide insights for enhancing urban metro network robustness, supporting 
station maintenance, and informing disaster prevention efforts.

Keywords  Urban metro networks · Flood vulnerability · Robustness assessment · 
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Introduction

The accelerated urbanization and global warming have led to a rise in extreme rainfall events 
in many regions (Yang et al. 2021). These developments disrupt the natural water cycle in 
urban environments, further elevating the risk of urban flooding (Hallegatte et al. 2013). 
Metro systems, as vital components of urban transportation, are especially exposed to flood-
ing risks due to their underground structure, complex interconnectivity, and high passenger 
density. China’s metro systems have expanded rapidly in recent years. As of November 
2024, China has 54 cities with a total of 313 urban rail transit lines in operation, covering 
10,522.1 km. A total of 3.4 million train trips were made, carrying 2.71 billion passengers, 
a 5.2% increase year-on-year (China 2024). Nevertheless, their underground and confined 
structure makes them particularly susceptible to urban flooding risks (Lin et al. 2022a, b). 
Recent cases have underscored this vulnerability. On July 11, 2017, heavy rainfall in Paris 
caused the closure of 20 metro stations and the suspension of operations in some sections. 
On June 24, 2024, heavy rainfall in Changsha led to the full suspension of metro Line 2 and 
Line 3. Sudden events, such as intense rainfall, can disrupt the service of individual stations 
or network segments, potentially triggering cascading failures that may disable the entire 
system. As urban populations continue to rise and climate variability increases, the ability 
of metro networks to withstand and recover from such disruptions has become a critical 
concern for urban planning and disaster risk management.

Despite the growing relevance of these risks, current research on metro network robust-
ness tends to focus either on topological indicators or general operational metrics. Most 
studies simulate cascading failures based on overload redistribution or topological attacks 
but rarely integrate flood vulnerability data or real-world environmental hazards into the 
robustness evaluation framework. Moreover, limited attention has been paid to how station-
level flood susceptibility, shaped by geographic and socio-economic factors, interacts with 
network topology to influence cascading dynamics. This presents a significant research gap, 
particularly in flood-prone regions where metro systems are both lifelines and high-risk 
assets.

This study proposes a comprehensive robustness evaluation framework that incorporates 
both network structure and flood vulnerability under disruption scenarios. The goal is to 
better understand how flood-induced disruptions propagate through metro networks and 
how system resilience can be improved through informed planning and risk mitigation. The 
primary contributions of this study are as follows:

(1)	 A method is proposed to quantify the flood vulnerability of metro stations based on geo-
graphic, topological, and socio-economic data. This approach uses the entropy method 
and Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS) to 
assess station importance, incorporating the topological properties of network nodes.

(2)	  A load redistribution-based cascading failure model is proposed to quantitatively eval-
uate the robustness of urban metro networks when subjected to various damage. The 
analysis applies two robustness assessment metrics: the network efficiency (NE) and 
the relative size of the largest connected subgraph (RS).

The structure of the paper is outlined as follows: Sect. “Literature review” presents a detailed 
description of the proposed methodology. Sect. “Methodology” applies the developed model 
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to the Changsha metro network and analyzes the findings. In conclusion, Sect. “Case study” 
summarizes the findings of the study and suggests possible directions for future research.

Literature review

Previous studies have explored metro network robustness from multiple perspectives, 
focusing on structural and functional metrics, modeling and assessment of cascading fail-
ures, design of targeted disruption strategies, and the impact of environmental factors (e.g., 
flooding).

Network robustness is defined as the ability of a network to maintain its essential func-
tions and operational efficiency under various disruptions (Yin and Wu 2023; Zhang et al. 
2024, 2019). Simulated disruptions and associated performance metrics are commonly used 
for assessment. Metrics for assessing metro network robustness can be broadly classified 
into topological and operational categories. Topological metrics analyze the structural char-
acteristics of the network, evaluating its connectivity and the interactions between nodes 
and edges under disruptions. Topological metrics focus on analyzing the structural charac-
teristics of metro networks and their connectivity under disruption scenarios. For example, 
Yu et al. (2019) employed three metrics—network connectivity efficiency, the size of the 
largest connected subgraph, and average subgraph size—to assess the robustness of the 
Nanjing metro network under random and targeted damage. Mussone et al. (2024) assessed 
network robustness by employing the Sum of Weighted Distances Index (SWDI) to analyze 
and measure changes in traveled distances. The SWDI quantifies the percentage change in 
travel distances when a node and all its associated edges are disrupted. Operational metrics 
focus on the functional aspects of the network, assessing its ability to continue provid-
ing services despite disruptions. Ma et al. (2020) introduced a method for assessing metro 
network vulnerability, incorporating metrics such as average shortest path, passenger flow 
intensity, and congestion indicators.

Cascading failures is a key manifestation of system vulnerability when the network struc-
ture or function is disrupted. Cascading failures occur as the failure of a node or link initiates 
a chain reaction, leading to subsequent failures caused by redistributed overload (Motter 
and Lai 2002). This phenomenon is prevalent in transportation networks, where the failure 
of high-load nodes and/or links can lead to the collapse of the entire network. Thereby, the 
robustness and vulnerability of transportation systems has often been studied after cascad-
ing failures (Huang et al. 2021; Lu et al. 2022; Yang et al. 2022; Yin et al. 2022). Shen et al. 
(2024) proposed a cascading failure model incorporating node load and passenger behavior 
to examine the vulnerability of metro networks. Wang and Tian (2021) adopted a weighted 
composite index, combining demand loss and travel time delays during cascading failures, 
to assess the robustness of metro networks. Li et al. (2024) utilized an enhanced Coupled 
Map Lattice (CML) model to simulate cascading failures in metro networks, incorporating 
factors such as station centrality, geographic elevation, and passenger flow dynamics. This 
approach offers a comprehensive understanding of how these elements interact and contrib-
ute to network vulnerabilities.

In terms of disruption targeting, existing studies often select network nodes or edges as 
disruption objects, with the disruption sequence determined by their topological metrics. 
Current studies often rank nodes or links by calculating topological metrics such as degree 
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centrality and betweenness centrality, to determine damage strategies (Frutos Bernal et al. 
2019; Liu et al. 2021; Mouronte-Lopez 2021; Qi et al. 2022). Yang et al. (2015) proposed a 
method combining node degree and betweenness to address the limitation of single-factor 
approach for assessing node importance. Some studies also incorporate station operational 
conditions and environmental factors, along with topological metrics, to provide a more 
comprehensive assessment of metro station importance. For instance, Ma et al. (2023) 
ranked stations in the Xi’an metro network under cascading failure scenarios based on met-
rics like the passenger flow loss rate, the node centrality, and the network efficiency loss 
rate. Zhang et al. (2024) described station importance in urban metro networks based on the 
station evacuation capacity and passenger volume. Studies on targeted damage strategies 
often simulate network damage under extreme conditions to determine damage sequences. 
Two approaches are prevalent: one considers changes in network functionality when nodes 
fail due to overload, while the other analyzes node vulnerability to define failure probabili-
ties. Khazeiynasab and Qi (2021) analyzed the sequence of events to study the resilience 
of power systems under extreme temperatures. Dong et al. (2019) determined the sequence 
of targeted damage based on road damage probabilities and assessed network robustness in 
terms of the connectivity of critical nodes.

Beyond structural and functional factors, environmental disruptions, especially flood 
risk, should also be considered in metro network robustness studies. Flooding can simulta-
neously disable multiple stations and lines, triggering large-scale cascading failures. Flood 
vulnerability indicators are well-developed by researchers using geographical factors, 
including slope and precipitation (Li et al. 2023; Lyu et al. 2018; Ma et al. 2021). These geo-
graphical factors are fundamental, but recent studies have expanded the scope to consider 
a broader range of elements. Additionally, Wang et al. (2024a, b) incorporated economic 
and social factors and applied the Light Gradient Boosting Machine (Light GBM) model to 
analyze flood vulnerability. After determining the assessment indices, various methods are 
employed to assign weights, including both subjective and objective weighting approaches 
(Cabrera and Lee 2020; Mahmoodi et al. 2023; Roopnarine et al. 2022). Diriba et al. (2024) 
used the Analytic Hierarchy Process (AHP) to determine indicator weights and then incor-
porated remote sensing with GIS technologies to analyze regional disaster risk. Chen et al. 
(2023) integrated the AHP and the entropy method to evaluate urban flood vulnerability. 
Wang et al. (2024a, b) proposed nine flood risk-related indicators encompassing hazard, 
exposure, and vulnerability, and then applied the entropy method and Euclidean distance 
to estimate the flood risk. This integrative method considers both environmental and social 
dimensions, offering a more holistic assessment method of flood risk.

Most previous studies on targeted network damage determine damage order based on 
topological properties, such as degree centrality. This approach may limit the accuracy of 
robustness assessments for metro networks, as it fails to account for practical operational 
and environmental influences on network functionality. Studies on network robustness have 
primarily focused on evaluating the resilience of road transportation systems under extreme 
scenarios, such as natural disasters. However, studies specifically examining the effects of 
flood-related cascading failures within urban metro networks remain limited. Floods can 
severely impact metro systems by causing cascading breakdowns across multiple stations 
and lines, seriously affecting the efficiency of urban transportation operations. Therefore, 
considering flood risk when studying the robustness of metro networks holds practical sig-
nificance. So this study expands upon existing network resilience models by incorporating 
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traditional topological properties (e.g. network efficiency) and performance indicators (e.g. 
passenger flow). By considering the specific impacts of urban flood risk on urban metro 
networks, this study provides a more comprehensive framework for assessing metro system 
robustness.

Methodology

Flood vulnerability assessment

Assessment indicators

This study applies the Airlie House Vulnerability (AHV) model (Turner et al. 2003) to 
define the vulnerability of metro stations under urban flooding scenarios. The analysis con-
siders the susceptibility of metro stations and passengers to flood impacts, focusing on three 
aspects: exposure to flood hazards, sensitivity to disaster factors, and the adaptive capacity 
to recover from flood events. Based on indicators illustrated in Fig. 1, the flood vulnerability 
of metro stations was assessed across three aspects: exposure, sensitivity, and adaptability.

Exposure indicators capture the potential impact of flooding on metro stations in terms 
of passenger flow (Rafiul et al. 2023), the number of entrances and exits (Lyu et al. 2019), 
the density of nearby schools, and the proportion of vulnerable populations (Wang et al. 
2024a, b). High passenger flow exacerbates flooding by increasing the load on stations and 
surrounding areas, while reducing the effectiveness of flood control measures. Entrances 
and exits serve as interfaces between the internal and external environments of buildings. 
During rainfall, particularly intense or sustained precipitation, rainwater may infiltrate the 
interior of buildings through these openings. An increase in the number of entrances and 
exits provides more pathways for rainwater to enter the building, thereby elevating the risk 

Fig. 1  Indicators for flood vul-
nerability assessment
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of water infiltration. The concentration of schools in the area intensifies safety concerns, as 
flooding could interfere with the commuting and safety of students, teachers, and parents. 
Additionally, vulnerable groups, including children and the elderly, are more susceptible to 
the impacts of disasters and face heightened risks.

Sensitivity indicators evaluate the influence of environmental and geographical fac-
tors on metro stations, encompassing rainfall (Chen et al. 2014), Digital Elevation Model 
(DEM) (Hoque et al. 2019), slope (Sahu 2014), Normalized Difference Vegetation Index 
(NDVI) (Sar et al. 2015), river density (Roy et al. 2021), and road density (Guan et al. 
2024). Excessive rainfall, particularly in areas with poor drainage systems, exacerbates 
waterlogging and backflow risks. Low elevations (Tayyab 2021) and gentle slopes (Hamidi 
et al. 2020) around stations increase flood susceptibility by facilitating water accumula-
tion, while higher slopes enable faster runoff. Dense vegetation mitigates runoff and helps 
manage flood risks, whereas high river and road densities elevate the likelihood of flooding 
through rapid water level rises and limited absorption of rainwater.

Adaptability indicators focus on the capacity of metro stations to manage and recover 
from flooding, factoring in local government fiscal revenue (Duan et al. 2022) and the den-
sity of nearby hospitals (Pu et al. 2024). Higher fiscal revenue reflects greater economic 
resources for disaster preparedness, efficient response, and robust flood prevention infra-
structure. The presence of hospitals within proximity enhances emergency response effi-
ciency, ensuring timely evacuation and medical support during flooding events. These 
exposure, sensitivity, and adaptability indicators provide a comprehensive framework.

Assessment method

Due to the varying scale of different assessment indicators, direct comparison was challeng-
ing. To tackle this issue, the indicators were normalized using consistent methods, thereby 
removing any dimensional discrepancies. Indicators were classified into two categories: 
positive and negative (refer to Fig.  2). For positive indicators, higher values represent 
increased flood vulnerability, while for negative indicators, higher values signify reduced 
flood vulnerability. The normalization formulas used are as follows (Wu et al. 2021):

	
rp

ij =
xij − xmin

j

xmax
j − xmin

j

� (1)

	
rn

ij =
xmax

j − xij

xmax
j − xmin

j
� (2)

Fig. 2  Indicator categories for flood vulnerability assessment
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where rp
ij  represents the ith value of the jth positive assessment indicator (i = 1, ..., m; j 

= 1, ..., n), rn
ij  denotes the jth value of the jth negative assessment indicator. Where xmax

j  
represents the maximum value of the jth indicator, and xmin

j  denotes the minimum value of 
the jth indicator.

The entropy method (Zhang et al. 2023) effectively reflects the importance of each indi-
cator through its distribution characteristics. It assigns weights to indicators based on the 
dispersion of their data values. Compared with subjective approaches, the entropy method 
reduces human bias by deriving weights objectively. Indicators with greater variability con-
tain more information and are given higher weights, while indicators with low variability are 
assigned lower weights. Lower entropy indicates stronger discriminative ability and results 
in a higher weight. The entropy method provides a more comprehensive representation of 
the interconnections between various dimensions of urban form disaster vulnerability. Thus, 
this method is employed to determine the relative weight of different factors influencing the 
flood vulnerability of metro stations. To begin, the target matrix R = (rij)m×n, represent-
ing m evaluation objects and n evaluation indicators, is normalized using Eqs. (1) and (2). 
The weight ωj  is calculated through the following equations:

	




ej = −K ·
m∑

i=1
pij ln pij

pij = rij∑m

i=1
rij

, i = 1, ..., m; j = 1, .., n

K = 1
ln m

Ej = 1 − ej

ωj = Ej∑n

j=1
Ej

� (3)

where pij  represents the weight of the ith object relative to all objects under the jth indicator. 
A positive constant K is introduced to ensure that 0 ≤ ej ≤ 1 is the number of assessment 
objects. The constant K serves solely as a unit of measurement. ej  denotes the entropy value 
of the jth indicator, while ωj  represents its corresponding weight.

The weight vector of the evaluation indicators W = (ω1, ω2, ..., ωn) can be obtained 
through the calculations described above. The calculation of the weight vector facilitates the 
subsequent application of TOPSIS analysis for evaluating and ranking alternatives. TOPSIS 
(Majumdar et al. 2020) is a multi-criteria decision-making method that assesses and ranks 
alternatives by measuring their closeness to the ideal solution and their distance from the 
negative ideal solution. This method integrates all indicators to provide a comprehensive 
score for the assessed object. TOPSIS was applied to integrate the weighted indicator values 
and assess flood vulnerability for each station.

The steps of the TOPSIS method are as follows:

(1)	 Weighted Scoring
	  The weighted scoring matrix is calculated by combining the target matrix R = (rij)m×n 

with the weight vector W  of the evaluation indicators, as shown in Eq. (4):

	 Z = (zij) = (rij ∗ ωj)� (4)

(2)	 Construct Positive and Negative Ideal Solutions

1 3



Transportation

	  The positive ideal solution Z+ is a vector composed of the maximum values of each 
column in the weighted scoring matrix Z, while the negative ideal solution Z− consists 
of the minimum values of each column in Z. The formulations for Z+ and Z− are 
shown in Eqs. (5) and (6), respectively:

	 Z+ =
(
z+

1 , z+
2 , ..., z+

n

)
� (5)

	 Z− =
(
z−

1 , z−
2 , ..., z−

n

)
� (6)

(3)	 Calculate the Distances to the Ideal Solutions.
	  The distances of each evaluation object from both the positive and negative ideal solu-

tions are calculated using Eqs. (7) and (8), respectively:

	
d+

i =
√∑n

j=1

(
z+

j − zij

)2� (7)

	
d−

i =
√∑n

j=1

(
z−

j − zij

)2� (8)

(4)	 Calculate the TOPSIS Scores for Each Object.
	  The TOPSIS score for each evaluation object is calculated using Eq. (9), as demon-

strated below:

	
si =

d−
i

d−
i + d+

i

� (9)

Topology network construction

In complex network analysis, three primary methods exist for constructing network topolo-
gies: the Space-L, Space-P, and Space-R methods. The Space-L method is based on the 
principle that if two nodes are adjacent on the same line, they are directly connected by an 
edge. This method accurately reflects the adjacency relationships between subway stations 
and the alignment of subway lines. This is crucial for analyzing the robustness of the metro 
network and facilitates the calculation and analysis of its key characteristics. In contrast, 
the Space-P method may overlook direct connections between adjacent stations, while the 
Space-R method lacks widespread recognition and application in subway network construc-
tion. Consequently, this study utilized the Space-L approach to construct the topological 
network structure.

Network topological metrics

Analyzing the structural properties of a network is essential for comprehending its function-
ality, resilience, and vulnerability, especially when considering metro networks. Topologi-
cal metrics provide quantitative tools to assess various aspects of a network’s structure and 
behavior, enabling a comprehensive evaluation of its performance and robustness. Existing 
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studies commonly utilize metrics such as degree and betweenness, as shown in Table 1. 
These metrics offer valuable insights into the roles of individual nodes and the network’s 
overall stability. Therefore, these metrics are also involved in this study.

(1)	 Degree and Degree Centrality.
	 The degree of a node represents the number of links between a station and other stations. 

A higher node degree corresponds to a greater degree centrality, indicating the node’s 
significance within the network. The degree of a node is calculated using Eq.  (10), 
while the degree centrality is computed using Eq. (10):

	
Ck(i) =

∑
aij

N − 1
� (10)

	 where aij = 1 indicates that the node i is directly connected to the node j; other-
wise,aij = 0; N − 1 signifies the theoretical maximum number of connections that the 
node i could establish with all other nodes in the network.

(2)	 Betweenness and Betweenness Centrality.
	 Betweenness quantifies the number of shortest paths in a network that pass through 

a specific node. A station with more shortest paths passing through it has a higher 
betweenness value, reflecting its greater importance and influence within the network. 
The betweenness centrality of a node is calculated using Eq. (11), as follows:

	
CB(i) = 1

(N − 1)(N − 2)/2
∑

m̸=i ̸=n

σmn(i)
σmn

� (11)

	 where σmn represents the total number of shortest paths between the node m and the 
node n, while σmn(i) indicates the number of those paths that pass through the node 
m(m ̸= i ̸= n&1 ≤ m < n ≤ N ).

(3)	 Shortest Path Length.
	 In urban metro networks, the shortest path length is the path that connects these two 

nodes with the least number of edges. The average shortest path length represents the 
mean value of the shortest distances between all station pairs. The calculation method 
is provided in Eq. (12).

	
L =

∑
i̸=j lij

Nd

� (12)

	 where Nd denotes the total number of nodes in the network, and lij  represents the short-
est path distance between the node i and the node j.

Topological metrics Sources
Degree and degree centrality Pei et al. (2024) and 

Huang et al. (2024)
Betweenness and betweenness centrality Xu et al. (2019) and 

Chen et al. (2024)
Shortest path length H. Lin et al. (2022a, b)
Clustering coefficient Hieu et al. (2019)

Table 1  Topological metrics of 
changsha metro network
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(4)	 Clustering Coefficient.
	 The clustering coefficient of a node is the ratio of the actual number of edges between 

its neighbors to the maximum number of edges that could potentially connect them. Its 
calculation is provided in Eq. (13):

	
Vi = Ei

ki(ki − 1)/2 � (13)

	 where Ei represents the actual number of edges between the neighbors of the node i, 
and ki(ki − 1)/2 denotes the maximum number of edges that could exist between the 
node i and its neighbors.

The clustering coefficient of the entire network is determined by calculating the average of 
the clustering coefficients of all nodes, as shown in Eq. (14):

	
V =

∑N
1 Vi

N
� (14)

Robustness assessment metrics

The robustness of an urban metro network indicates its ability to sustain regular operations 
in the face of unexpected disruptions. In this study, both network efficiency and the relative 
size of the largest connected subgraph, as proposed by Holme and Kim (2002), are utilized 
to evaluate network performance following damage.

(1)	 Network Efficiency (NE).
	 In an urban metro network, the efficiency between two stations is defined as the inverse 

of the distance separating them. A shorter distance between stations indicates higher 
efficiency, which is commonly used to assess the operational efficiency between sta-
tions in a metro network. The overall efficiency of an urban metro network is deter-
mined by calculating the average of the inverse distances between all pairs of stations. 
The calculation formula is given in Eq. (15):

	
E = 2

N(N − 1)
∑

i ̸=j

1
dij

� (15)

	 where N  is the total number of nodes in the network, and dij  represents the distance 
between node the i and the node j. If the node i and the node j are not connected, 
dij → ∞, and hence 1

dij
→ 0.

(2)	 Relative size of the largest connected subgraph (RS)
	 A network may break into several disconnected subnetworks under damage. The sub-

network containing the largest number of nodes is referred to as the largest connected 
subgraph and is commonly used to assess the network’s overall connectivity. The RS 
is defined as the ratio of its nodes to the total number of nodes in the network after the 
damage. The formula for this calculation is presented in Eq. (16):
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R = N

′

N
� (16)

	 where N ′ is the number of nodes in the largest connected subgraph, and N  is the total 
number of nodes in the original network.

Station importance assessment

Current studies often assess node importance using centrality measures such as degree cen-
trality and betweenness centrality. Although degree centrality reflects a node’s local connec-
tivity, it overlooks its impact on non-adjacent nodes and the overall network. Betweenness 
centrality describes a node’s influence on the overall network, but it may miss key nodes not 
located on the shortest paths.

Station importance relates to transportation network efficiency as well as public safety 
and emergency response. Metro stations face a risk of inundation during extreme weather 
conditions like heavy rain or flooding. Integrating urban flood vulnerability into station 
importance assessment allows for a more comprehensive assessment of a station’s role and 
risk within the network. This study incorporates urban flood vulnerability into the compos-
ite assessment of station importance, as shown in Eq. (17):

	 Fi = Si(λCK(i) + µCB(i))� (17)

where Fi represents the composite importance score of the node i,Si denotes the flood 
vulnerability score of the node i,CK(i)​ is the degree centrality of the node i,CB(i) is the 
betweenness centrality of the node i,λ and µ are the weight coefficients assigned to degree 
centrality and betweenness centrality, and λ + µ = 1.

To accurately reflect a station’s importance, an optimal set of weight coefficients λ and 
µ must be selected. This study determines these weight coefficients by experimenting with 
various values of λ and µ. It assesses station importance and conducts targeted damage on 
the top 10% of stations based on their importance ranking. By analyzing the changes in 
NE and RS under each combination of λ and µ, the combination resulting in the greatest 
variation in E and R is chosen as the optimal set of weight coefficients for assessing station 
importance.

Cascading failure model

When a node or edge fails, it becomes non-functional. The impact extends beyond the failed 
node or edge, affecting surrounding components and potentially the entire network. If cer-
tain nodes or edges become overloaded, successive failures may occur, potentially leading 
to partial or complete paralysis of the metro network.

Initial load and maximum capacity

(1)	 Initial Load
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	 In this study, passenger flow (total entries and exits at a station on a typical workday) 
is used as the initial load for each node. This approach more accurately represents the 
operational conditions of the Changsha Metro. Traditional metrics such as degree or 
betweenness focus mainly on node connectivity and positional importance, but cannot 
fully capture the actual load on nodes. In contrast, passenger flow reflects the real load 
distribution of nodes within the subway network, providing a more accurate simulation 
and analysis of the network’s performance during operation. In turn, this offers valuable 
support for optimizing operational strategies and enhancing passenger experience. The 
initial load is calculated using Eq. (18):

	 Li (0) = Qi� (18)

	 where Li(0) represents the initial load of the node i. Qi is the total number of passen-
gers entering and exiting the node i on a given workday.

(2)	 Maximum Capacity
	 Each station in the urban metro network is assumed to have a certain passenger flow 

capacity. Based on the model proposed by Motter and Lai (2002), a station’s maximum 
capacity is positively correlated with its initial load and is influenced by a tolerance 
parameter. The maximum capacity is calculated using Eq. (19):

	 Ci = 1 + αLi (0)� (19)

	 where Ci denotes the maximum capacity of the node i;α is the tolerance parame-
ter(α > 0).

Load redistribution model

When a node fails or exceeds its capacity, it becomes inoperable which triggers the load 
redistribution across the network. ∆Lj  denotes the load redistributed to each adjacent node 
after a node failure. Equation (20) defines the load redistribution model:

	

∆Lj =




(Li − Ci) · Cj−Lj∑
j∈ϕi

(Cj−Lj)
, Ci < Li ≤ γCi

Li · Cj−Lj∑
jεϕi

(Cj−Lj)
, Li > γCi

0, Li ≤ Ci

� (20)

where ∆Lj  is the load increment for the nodej;γ is the overload capacity adjustment param-
eter (γ ≥ 1), and ϕi is the set of adjacent nodes to the failed nodei. When the load of the 
node i is less than its capacity (Li ≤ Ci), the node remains in a normal state, and no load 
is redistributed to its neighboring nodes. When the load exceeds its capacity but is less than 
its overload capacity (Ci < Li ≤ γCi), the node enters a suspended state, and the load 
distribution to any of its neighboring nodes is(Li − Ci) · Cj−Lj∑

j∈ϕi
(Cj−Lj)

. When the load 

exceeds its overload capacity (Li > γCi), the node fails, and the load distribution to any of 
its neighboring nodes is Li · Cj−Lj∑

j∈ϕi
(Cj−Lj)

.

1 3



Transportation

Cascading failure propagation process

Based on the load redistribution model, the real-time load of neighboring stations at the 
time step t is the sum of their previous load and the redistributed load, as shown in Eq. (21):

	 Lj(t) = Lj(t − 1)∆Lj � (21)

where Lj(t) represents the real-time load of node j.
The load redistribution necessitates a status reassessment for each node due to affecting 

the load of neighboring nodes. If a node fails or enters a suspended state, load redistribu-
tion continues until the load aligns with the nodes’ capacity constraints. If a node reaches a 
normal state, no further load redistribution occurs. The node state expression is defined by 
Eq. (22):

	
Γj (t) =

{
0, Lj (t) ≤ Cj

1, Cj < Lj (t) ≤ γCj

2, Lj (t) > γCj

� (22)

where Γj(t) denotes the state of node j at time t.Γj(t) = 0 indicates that the node is in a 
normal state;Γj(t) = 1 indicates that the node is in a suspended state;Γj(t) = 2 indicates 
that the node is in a failed state.

Cascading failure algorithm and simulation process

Using the cascading failure model for urban metro networks, the simulation process has 
been systematically organized and is illustrated in the flowchart shown in Fig. 3. This model 
captures the propagation of failures within the network when disruptions occur, providing 
a step-by-step framework for analysis. The cascading failure process includes initial failure 
triggering, load redistribution, and the evaluation of network performance under cascading 
effects.

Case study

As shown in Fig. 4, the daily average passenger flow in Changsha showed a continuous 
growth trend, increasing from 6.728 million to 27.784 million from 2018 to 2024, a rise of 
approximately 3.13 times. This reflects the rapid growth in demand for metro transporta-
tion. The Changsha metro network operates six lines. The network spans Changsha’s main 
urban area and Changsha County, with 161 stations, including 19 transfer stations, and an 
operational length of 236.47 km. This study focuses on the Changsha metro network within 
the main urban area, excluding the two intercity railways. Specifically, it considers Lines 1 
through 6, including 127 stations, as shown in Fig. 5.

(1)	 The study used operational data from the Changsha metro network up to 2024, covering 
127 stations.
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Fig. 4  Changsha metro annual average daily passenger flow

 

Fig. 3  Cascading failure simulation flow
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(2)	 The metro network is modeled as an undirected, unweighted graph, which disregards 
the travel directions, train schedules, and train categories.

Network characteristics analysis

A 127 × 127 adjacency matrix was constructed to represent the connectivity between stations 
in the Changsha metro network, with a value of 1 indicating adjacency and 0 otherwise. The 
adjacency matrix was then imported into Python to compute the topological metrics of the 
network. The results are summarized in Table 2. The network consists of 127 nodes and 142 
edges. And the average shortest path length is 11.1976, indicating that about 11 nodes must 
be traversed to connect any two nodes. However, the network exhibits low global efficiency, 
connectivity, and clustering coefficients. Figure 6 illustrates the node degree distribution, 
where over 70% of the nodes have a degree of 2, and the maximum degree is 4. The average 
node degree of the network is 2.2362, indicating that each station is, on average, connected 
to approximately two other stations.

Topological metrics Value
Node 127
Edge 142
Mean of degrees 2.2362
Network efficiency 0.1359
Average shortest path length 11.1976
Clustering coefficient 0.0407

Table 2  Topological metrics of 
changsha metro network
 

Fig. 5  Topology of Changsha metro network
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Using the method in Eq. (11), we intentionally damage the top 20 most important sta-
tions to investigate the impact of single station failure on network performance. Figure 7 
and Fig. 8 show the NE and RS under single station failure. As seen in Table 3, among the 
top 10 most important stations, the failure of Liugoulong Station and Renmin East Road 
Station, despite being transfer stations, leads to significant changes in both NE and RS. This 
is because these two stations serve as the only connection for many other stations, and their 
failure disconnects parts of the network, drastically reducing NE and RS. The remaining 
eight stations are transfer points between two metro lines, and while they handle high pas-
senger volumes in operation, their failure can cause cascading effects, increasing the load on 
adjacent stations and potentially leading to network collapse. Some nodes, despite their high 
importance ranking, show smaller changes in NE and RS due to dense surrounding connec-
tions, where failure does not disrupt connectivity, and alternative paths alleviate congestion.

Analysis of station flood vulnerability

This study utilized various datasets, including topographical information, population data, 
government fiscal revenue data, Points of Interest (POI) data, and station passenger flow 
data. The sources of these datasets are provided in Table 7. All data used in this study were 
collected before 2024, with the passenger flow data representing the number of entries and 

Fig. 6  Changsha metro network degree distribution
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exits at each metro station in Changsha on a typical workday in 2024. Figures 19, 20 and 21 
illustrate the spatial distribution of the data.

Based on the comprehensive assessment indicators for station flood vulnerability pro-
posed earlier, the weights of each assessment indicator were calculated using the entropy 
method. The results are presented in Table 4. Notably, within the sensitivity indicators, the 
weight values for slope and normalized vegetation coverage, as well as the exposure indica-
tor for station passenger flow, are relatively high. This indicates that these factors signifi-
cantly influence the flood vulnerability of the stations.

Flood vulnerability at each metro station was assessed using the TOPSIS method for 
information fusion. The Jenks natural breaks classification (Sujithlal et al. 2024) was then 
applied to categorize flood vulnerability into four levels: low, medium–low, medium, and 
high vulnerability. The distribution of flood vulnerability levels across metro stations is 
shown in Fig. 9. Among the stations, 9 were classified as low vulnerability, 17 as medium–
low vulnerability, 28 as medium vulnerability, and 72 as high vulnerability. The data indicate 
that stations such as Orange Isle, Xiangjiang Middle Road, Wangchengpo, and Changsha 
Railway Station exhibit high sensitivity to flooding. These stations have previously expe-
rienced flooding events that led to service suspensions or station closures. For example, on 
July 28, 2024, heavy rain caused waterlogging at the entrances, triggering a station closure 
alarm. Consequently, Wangchengpo Station and Changsha Railway Station were temporar-
ily closed, and Orange Isle Station experienced a temporary service suspension. On June 

Fig. 7  Rate of change of NE at single station failure
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24, 2024, a heavy rainstorm caused severe waterlogging in the plaza of Changsha Railway 
Station, affecting passengers’ access to Exit 6 of the metro station. On July 3, 2017, flooding 
in Changsha led to the suspension of service at Orange Isle Station and Xiangjiang Middle 
Road Station.

Stations such as Orange Isle Station and Xiangjiang Middle Road Station are located 
near the Xiangjiang River and are classified as riverside metro stations. Due to their low 
elevation and proximity to the river, these stations are highly susceptible to flooding, par-
ticularly during heavy rainfall events that lead to a rise in the river’s water level. This can 
result in waterlogging around the metro station entrances. Transportation hubs like Chang-
sha Railway Station and Wangchengpo Station, which experience high passenger volumes, 
are situated in areas with relatively low vegetation coverage. Additionally, factors such as 
aging drainage systems can exacerbate the issue. During intense, short-duration rainfall, 
these stations may struggle to remove waterlogging quickly.

Station importance analysis

Based on the comprehensive assessment indicators for station importance presented earlier, 
the network performance under various weight combinations is summarized in Table 5. ∆R 
is the change rate of RS, and ∆E is the change rate of NE. As shown by the bolded data in 
the table, when the weights are set at λ = 0.9 and µ = 0.1, the results are as follows: R is 

Fig. 8  Rate of change of RS at single station failure
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0.1826, ∆R is 0.8174, E is 0.0333, and ∆E is 0.1026. The maximum change in network 
performance occurred with this weight combination. Therefore, this set of weights is chosen 
as the optimal coefficients for assessing station importance in the Changsha metro network.

Using the formula for calculating station importance in the Changsha metro network and 
the Jenks natural breaks classification, stations were categorized into four levels: low, mod-
erately low, medium, and high importance. 11 stations were classified as low importance, 60 

Vulnerability assess-
ment indicators

Weight-
ing 
values

Sensitivity Slope 0.1697
Rainfall 0.1191
DEM 0.1233
Normalized difference vegetation 
index

0.1781

River density 0.0396
Road density 0.0396

Exposure Passenger Flow 0.1776
Number of entrances and exits 0.0227
Density of nearby schools 0.0418
Proportion of vulnerable 
populations

0.0396

Adaptability Government fiscal revenue 0.0396
Density of nearby hospitals 0.0092

Table 4  Flood vulnerability as-
sessment indicators and weight-
ing values

 

Order Station name R ∆R E ∆E

1 Liugoulong 0.8346 16.5400 0.1090 19.7940
2 Chaoyangcun 0.9921 0.7900 0.1284 5.5188
3 Wenchangge 0.9606 3.9400 0.1216 10.5224
4 Yingbin Road 0.9921 0.7900 0.1273 6.3282
5 Furong District 

Government
0.9921 0.7900 0.1298 4.4886

6 Renmin East Road 0.8976 10.2400 0.1176 13.4658
7 Shawan Park 0.9370 6.3000 0.1211 10.8904
8 Fubuhe 0.9528 4.7200 0.1229 9.5659
9 Huangtuling 0.9291 7.0900 0.1209 11.0375
10 Yingwanzhen 0.9370 6.3000 0.1221 10.1545
11 Railway Station 0.9921 0.7900 0.1293 4.8565
12 Guitang 0.9528 4.7200 0.1232 9.3451
13 North Yuehu Park 0.9213 7.8700 0.1227 9.7130
14 Wanjiali Square 0.9921 0.7900 0.1295 4.7093
15 South Martyrs Park 0.9921 0.7900 0.1318 3.0169
16 Xiangya Hospital 0.9449 5.5100 0.1178 13.3186
17 Houjiatang 0.9921 0.7900 0.1312 3.4584
18 Wuyi Square 0.9921 0.7900 0.1313 3.3848
19 Dongtang 0.9921 0.7900 0.1313 3.3848
20 The Third Xiangya 

Hospital
0.8976 10.2400 0.1210 10.9639

Table 3  Network metric values 
at single station failure
 

1 3



Transportation

stations as moderately-low importance, 41 stations as medium importance, and 14 stations 
as high importance. The distribution of station importance levels is illustrated in Fig. 10. As 
shown in Fig. 10, stations such as Changsha Railway Station and Liugoulong Station are 
categorized as high importance. These stations are major transfer hubs with high passenger 
volume and, in some cases, significant flood vulnerability. Failure of such high-importance 
stations could result in substantial degradation of the overall metro network performance.

Network robustness analysis

This study utilized targeted damage strategies to assess the robustness of the urban metro 
network, comparing its robustness under cascading and non-cascading failures. The damage 
strategies were classified into degree centrality-based damage, vulnerability-based damage, 

λ µ R ∆R E ∆E

0 1 0.2000 0.8000 0.0417 0.0942
0.1 0.9 0.2000 0.8000 0.0417 0.0942
0.2 0.8 0.2000 0.8000 0.0417 0.0942
0.3 0.7 0.2000 0.8000 0.0417 0.0942
0.4 0.6 0.1826 0.8174 0.0402 0.0957
0.5 0.5 0.1826 0.8174 0.0402 0.0957
0.6 0.4 0.2000 0.8000 0.0372 0.0987
0.7 0.3 0.2000 0.8000 0.0372 0.0987
0.8 0.2 0.2000 0.8000 0.0372 0.0987
0.9 0.1 0.1826 0.8174 0.0333 0.1026
1 0 0.3739 0.6261 0.0463 0.0896

Table 5  Performance of 
networks with different λ, µ 
combinations

 

Fig. 9  Distribution of station flood vulnerability
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and importance-based damage. These strategies involve the sequential removal of nodes 
based on descending orders of node degree centrality, flood vulnerability, and importance 
values, respectively. Key parameters in the cascading failure model include tolerance and 
overload capacity adjustment.

Figure 11 illustrates the changes in the RS and NE under various damage strategies, for 
both cascading and non-cascading failure scenarios. In the non-cascading failure scenario, 
RS exhibits significant changes under degree centrality-based and importance-based dam-
age, whereas the decline rate is relatively gradual under vulnerability-based damage. This 
observation aligns with the earlier analysis: degree centrality-based and importance-based 
damage primarily target nodes that are crucial to the network’s structure, while vulnerabil-
ity-based damage focuses on nodes that are more susceptible to flooding. In non-cascading 
failures, vulnerability-based damage may not immediately lead to a significant reduction 
in the RS, as the targeted nodes might not be the most critical components of the network.

In cascading failure scenarios, targeted damage based on degree centrality leads to sig-
nificant network degradation. Specifically, the removal of nine nodes reduces the RS to 
0.1496 and the NE to 0.0131, which corresponds to only 9.64% of the initial efficiency. This 
substantial decline indicates that these high-degree nodes are indeed critical to maintain-
ing the network’s integrity. Similarly, under the targeted damage scenario based on flood 
vulnerability, the removal of seven nodes leads to a marked deterioration in network per-
formance. Specifically, the NE drops to 0.0065, representing only 4.73% of the initial effi-
ciency, while the RS declines to 0.0866. However, the vulnerability-based attack strategy 
does not cause significant degradation in the early stages of node removal, suggesting that 
highly flood-vulnerable nodes may not coincide with topologically critical ones. This indi-
cates a structural–functional mismatch: while upgrading these stations may improve the 
network’s resilience to environmental hazards, it may have a limited impact on enhancing 
its structural robustness. Therefore, robustness should be addressed through complementary 
but distinct strategies in metro network planning.

Fig. 10  Distribution of station importance
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When fewer nodes are removed, damage targeting node importance results in signifi-
cant impacts due to the propagation of failures. With the removal of six nodes, a com-
parison across the three targeted attack strategies reveals that the importance-based strategy 
causes the most severe network degradation, as shown in Table  6. This strategy results 
in the lowest NE (0.0101) and the smallest RS (0.0787), outperforming degree central-
ity-based (NE = 0.0725, RS = 0.7008) and flood vulnerability-based damage (NE = 0.0152, 
RS = 0.1890) in terms of disruptive impact.

In relative terms, the importance-based damage reduces NE by 86.07% and 33.55%, and 
RS by 88.77% and 58.36%, compared to the centrality-based and flood vulnerability-based 
damage strategies, respectively. These findings indicate that targeted damage based on node 
importance is markedly more effective in undermining network robustness.

Fig. 11  The RS and NE under different damage strategies
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The performance trends across different damage strategies exhibit similar patterns in 
both cascading and non-cascading failure scenarios. Initially, the network’s connectivity 
and efficiency are substantially impacted, leading to a rapid decrease in the RS and NE. In 
the later stages, the changes diminish, and the overall trend stabilizes.

In Fig. 12, red nodes indicate those that have failed due to the initial damage, with darker 
colors representing nodes that failed earlier in the sequence. When the top six stations—Liu-
goulong Station, Chaoyangcun Station, Wenchangge Station, Yingbin Road Station, Furong 
District Government Station, and People’s East Road Station—are simultaneously damaged 
and fail, neighboring stations are the first to be affected by cascading failures. Due to the 
high significance of these stations, their failure triggers cascading impacts on other stations.

Figures 13 and 14 further demonstrate that the removal of high-importance nodes trig-
gers multiple rounds of load redistribution under cascading failure conditions, resulting in 
extensive station failures and widespread network paralysis.

Both the tolerance parameter α and the overload adjustment parameter γ influence the 
robustness of the network under cascading failures. Based on the parameter settings pro-
posed by Xing et al. (2018), α and γ are varied within a referenced range to simulate failure 
propagation. Figures 15 and 16 demonstrate how varying α (with an overload adjustment 
parameter γ=1.5) affects the network when nodes are removed. When up to five nodes are 
removed, variations in α do not significantly affect the RS. The values and trends of the 
RS remain consistent across varying α values. However, when more than five nodes fail, 

Fig. 12  Cascading failures process for removing the top 6 importance-based stations

 

Damage strategies RS NE
Importance-based damage 0.0787 0.0101
Degree centrality-based damage 0.7008 0.0725
Vulnerability-based damage 0.1890 0.0152

Table 6  The RS and NE after 
removing the top 6 nodes under 
different damage strategies
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Fig. 14  Non-cascading failure result after removing the top 6 importance-based stations

 

Fig. 13  Cascading failures result after removing the top 6 importance-based stations
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increasing α mitigates the decline in both the RS and NE. This occurs because increas-
ing the maximum capacity of nodes reduces the likelihood of cascading failures and their 
impact on the network. Thus, enhancing the capacity of critical stations during urban metro 
network expansion can mitigate the effects of cascading failures, improve network robust-
ness, and ensure safe and reliable urban metro operations.

The overload adjustment parameter γ affects network robustness during cascading fail-
ures. Figures 17 and 18 demonstrate the impact of varying γ (with a tolerance parameter α
= 0.25) on the Changsha Metro network during cascading failures.

When the number of damaged nodes remains below five, increasing the overload adjust-
ment parameter γ gradually raises both the RS and NE for a given number of failed nodes. 
However, in later stages, the influence of varying overload adjustment parameters γ on the 
network diminishes. This suggests that while increasing γ initially enhances the network’s 
capacity to handle failures, its impact becomes less pronounced as more nodes fail.

The analysis reveals that the Changsha metro network is significantly more vulnerable 
when cascading failures are considered. Regardless of cascading failure, targeted damage 
initially exhibits a similar decreasing trend. In the case of cascading failures, a sudden and 
widespread network collapse occurs after a certain number of nodes fail. Conversely, in the 
absence of cascading failures, the network’s performance tends to stabilize over time. Both 
scenarios demonstrate significant vulnerability to targeted damage.

To enhance the overall robustness of urban metro networks, it is essential to adopt a coor-
dinated governance approach that integrates both structural importance and environmental 
vulnerability of stations. Structurally critical stations should be prioritized for robustness 

Fig. 15  The RS with different tolerance parameters
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enhancements, such as capacity expansion and route optimization. Meanwhile, stations that 
are not topologically central but highly vulnerable to flooding should receive targeted inter-
ventions, including improved drainage, waterproofing measures, and early warning systems. 
By aligning infrastructure investment with both network criticality and environmental risk, 
planners can develop more targeted and cost-effective adaptation strategies. This approach 
helps balance robustness and disaster resilience in metro system planning and flood risk 
management, contributing to more comprehensive and efficient system performance.

Conclusion

This study assessed the impact of flooding on the urban metro network in Changsha, China, 
by integrating a cascading failure model. The main conclusions are as follows:

(1)	 The analysis reveals that network vulnerability increases under cascading failures. The 
cascading failure model, which incorporates flooding vulnerability along with topologi-
cal metrics, provides a more accurate representation of metro network conditions.

(2)	 The network is most vulnerable to damage targeting critical stations. Removing the six 
most important nodes out of 127 causes the RS to drop sharply to 0.0787, while the NE 
declines to 0.01, representing 7.36% of the initial efficiency. This highlights the vital 
role of these nodes in ensuring the stability of the network.

Fig. 16  The NE with different tolerance parameters
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(3)	 The residual capacity coefficient and overload adjustment parameter impact network 
robustness under cascading failures. Although their influence is limited, increasing 
these parameters within a certain range can reduce cascading failures and mitigate 
performance declines. For urban metro station reconstruction and expansion, it is rec-
ommended to increase capacity beyond daily passenger demand to enhance residual 
capacity.

This study introduced a method that combines the entropy method and TOPSIS to quan-
tify the flood vulnerability of metro stations, integrating network topology to assess station 
importance. A cascading failure model was applied to assess the robustness of the metro 
network under damage scenarios, employing metrics such as NE and RS. Future research 
could utilize high-precision hydrodynamic models to simulate water accumulation at metro 
station entrances under different rainfall intensities. This facilitates a comprehensive and 
accurate analysis of the impact of flooding on metro network performance. Additionally, 
integrating the metro network with bus, road, and other transport networks should be con-
sidered to develop a multi-modal transportation network for resilience studies. This integra-
tion would provide valuable insights for the daily maintenance and disaster prevention of 
urban transportation systems.

The evaluation of network robustness is currently based solely on topological indica-
tors—NE and RS. These metrics, although widely used, primarily reflect structural char-
acteristics and may not fully capture the functional performance of the metro system under 
disruption. Future research could incorporate functional indicators such as passenger flow 

Fig. 17  The RS with different overload capacity adjustment parameters
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distribution, travel demand shifts, or accessibility measures to offer a more comprehensive 
understanding of system resilience. In addition, if sufficient hydrological and infrastruc-
ture data become available, future studies could integrate hydrodynamic modeling to simu-
late the internal flooding processes of metro stations under extreme rainfall scenarios. This 
would enable a more accurate and detailed assessment of station-level risk and network-
wide impact under flood conditions. In future research, the restoration sequence of affected 
metro stations could be optimized by jointly considering their flood vulnerability and over-
all importance within the network. Incorporating such post-flood recovery strategies would 
provide valuable insights for improving the efficiency and effectiveness of urban metro 
network resilience planning.

Fig. 18  The NE with different overload capacity adjustment parameters
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Appendix 1

See Table 7.

Parameters Data types Source
Passenger flow Attribute data Changsha Metro 

Group Co.,ltd
Number of entrances and 
exits

Attribute data https://www.
amap.com/

Density of nearby schools POI https://www.
amap.com/

Proportion of vulnerable 
populations

Attribute data Changsha statisti-
cal yearbook

Rainfall Raster data https://data.tpdc.
ac.cn

DEM Raster data https://www.nasa.
gov

Slope Raster data https://www.nasa.
gov

Normalized difference 
vegetation Index

Raster data https://www.nasa.
gov

River density Attribute data https://www.open-
streetmap.org

Road density Attribute data https://www.open-
streetmap.org

Government fiscal 
revenue

Attribute data Changsha statisti-
cal yearbook

Density of nearby 
hospitals

POI https://www.
amap.com/

Table 7  Types and sources of 
data for the study
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Appendix2

See Figs. 19, 20 and 21.

Fig. 19  Spatial distribution of sensitivity indicators
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Fig. 21  Spatial distribution of adaptability indicators

 

Fig. 20  Spatial distribution of exposure indicators
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