Pre prints.org

Article Not peer-reviewed version

Cascading Failure and Resilience of
Urban Rail Transit Stations Under Flood
Conditions: A Case Study of Shanghai
Metro

Dekui Li * , Fan Zhou : , Yuru Hou , Shubo Du

Posted Date: 20 August 2024
doi: 10.20944/preprints202408.1386.v1

Keywords: cascading failure; urban rail transit; resilience; flood; coupled map lattice (CML) model

Preprints.org is a free multidiscipline platform providing preprint service that
is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This is an open access article distributed under the Creative Commons
Attribution License which permits unrestricted use, distribution, and reproduction in any
medium, provided the original work is properly cited.



https://sciprofiles.com/profile/3778111
https://sciprofiles.com/profile/3778112

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 20 August 2024 d0i:10.20944/preprints202408.1386.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article
Cascading Failure and Resilience of Urban Rail

Transit Stations Under Flood Conditions: A Case
Study of Shanghai Metro

Dekui Li ¥*, Yuru Hou !, Shubo Du? and Fan Zhou *

1 School of Computer Science, Liaocheng University, Liaocheng 252000, China

2 School of Architecture, Liaocheng University, Liaocheng 252000, China

* Correspondence: jerryinkoreal@gmaill.com; Tel.: +86-18063512250 (D.L); zhoufan@lcu-cs.com;
Tel.: +86-15266816303 (F.Z)

Abstract: The increasing frequency of urban flooding, driven by global climate change, poses
significant threats to the safety and resilience of urban rail transit systems. This study systematically
examines the cascading failure processes and resilience of these networks under flood conditions,
with a specific focus on the Shanghai Metro. A comprehensive resilience evaluation model was
developed by integrating geographic information, static network characteristics, and dynamic
passenger flow indicators. This study employs an improved Coupled Map Lattice (CML) model to
simulate cascading failures, considering the coupling effects of station centrality, geographic
elevation, and passenger flow dynamics. Results indicate that stations with higher degree centrality
are more likely to trigger rapid cascading failures across the network. However, incorporating
dynamic passenger flow and geographic elevation data helps mitigate these effects, emphasizing
the need for multi-dimensional resilience strategies. The findings provide valuable insights for
urban transit management, offering a scientific foundation for developing targeted disaster
response strategies to enhance network resilience against floods. This study advances the
understanding of the vulnerability of urban rail transit systems and offers practical guidance for
improving disaster preparedness in urban transportation infrastructure.

Keywords: cascading failure; urban rail transit; resilience; flood; coupled map lattice (CML) model

1. Introduction

Urban rail transit systems are essential components of modern cities, facilitating the daily
movement of millions of passengers. However, these systems are increasingly vulnerable to
disruptions caused by extreme weather events, particularly urban flooding, which has become more
frequent due to global climate change. The Sixth Assessment Report of the Intergovernmental Panel
on Climate Change (IPCC) indicates that human activities have led to an unprecedented rate of
climate warming, resulting in more intense precipitation events and elevated sea levels, especially in
coastal cities [1].

Flooding poses significant risks to urban rail transit systems, especially those characterized by
enclosed spaces, high passenger density, and extensive underground infrastructure. Historical
incidents, such as the flooding of New York City's subway during Hurricane Sandy in 2012, which
caused $359 million in damages, and the catastrophic flooding of the Zhengzhou Metro in 2021,
which resulted in multiple fatalities, highlight the critical need for resilience in these networks [2].
These events demonstrate the potential for cascading failures, where the disruption of a single station
can propagate throughout the entire network, leading to widespread service interruptions, economic
losses, and threats to public safety.

Existing research on the resilience of transportation networks often focuses on static network
indicators and risk assessments. Bo et al. developed a vulnerability assessment system for bus
networks under heavy rain and flooding, incorporating both static network characteristics and
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dynamic passenger flow indicators [3]. Similarly, Wang et al. utilized the Fuzzy Analytic Hierarchy
Process (FAHP) to construct specific indicators for assessing the flood risk of the Beijing Metro,
integrating disaster environment factors, disaster-inducing factors, and the characteristics of disaster-
bearing bodies [4]. Li et al. studied the transmission rules of disaster chains in urban rail transit,
applying complex network theory to model the evolution of disasters triggered by floods [5].

Despite these contributions, there remains a significant gap in the literature regarding the
dynamic interactions between geographic factors, network topology, and real-time passenger flow
during flood events. Most existing studies do not simulate the actual impact of cascading failures
within the network, nor do they consider the three-dimensional spatial characteristics of urban
flooding and their effects on rail transit systems [6]. This lack of comprehensive analysis limits the
ability to fully understand and mitigate the risks associated with urban flooding in rail transit
networks.

This study addresses this gap by systematically analyzing the cascading failure mechanisms of
urban rail transit systems under flood conditions, with a focus on the Shanghai Metro. By integrating
geographic information systems (GIS), complex network theory, and dynamic passenger flow data,
this research seeks to develop a robust framework for evaluating the resilience of rail transit
networks. Specifically, the study incorporates three-dimensional geographic information and time-
varying passenger flow dynamics to assess the impact of flooding on network resilience and to
explore the variations in resilience under different scenarios.

The research findings are expected to provide critical insights into the vulnerability and
resilience of urban rail transit systems in the face of extreme weather events. By offering a
comprehensive analysis of cascading failure processes, this study aims to inform the development of
more effective disaster response strategies and contribute to the enhancement of urban rail systems'
capacity to withstand and recover from flood-induced disruptions.

2. Evaluation Indicators for the Resilience of Rail Transit Networks Under Flood Conditions

2.1. Rail Transit Network Characteristics

Among the various methods for constructing these networks, the Space L and Space P methods
are commonly employed [7]. Given that this study emphasizes the spatial characteristics of rail transit
networks within an urban geographic context, the Space L method is selected for network
construction.

In the context of rail transit network resilience, degree centrality is a pivotal factor in determining
the likelihood and impact of cascading failures [8]. Previous studies have examined the characteristics
of the Shanghai rail transit network from a complex network perspective, confirming that the
network exhibits small-world and scale-free properties. These characteristics render the network
particularly susceptible to targeted attacks on nodes with a high degree centrality [9,10]. Further,
cascading failures in the Chengdu Metro have been studied, showing that transfer stations, due to
their central role and high passenger flow, experience greater failure scales and exert a more
significant impact on the overall network when they are disrupted [11].

This study utilizes degree centrality as the primary network characteristic indicator for
analyzing node importance. Figure 1 illustrates the impact on the network following the failure of
stations with varying degrees of centrality. Station A, with a degree centrality of 5, functions as a
crucial transfer point within the network, affecting five other stations when it fails. In contrast, Station
B, with a lower degree centrality of 2, primarily connects to two other stations, and its failure has a
correspondingly smaller impact.
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Figure 1. Impact on the network after the destruction of stations with varying degree centralities.

2.2. Geographic Information of Stations

Existing studies on the resilience assessment of urban rail transit networks have largely focused
on static network characteristics and two-dimensional analyses, lacking a comprehensive, multi-
dimensional, and dynamic approach to network resilience [12]. The impact of urban flooding on rail
transit systems is uniquely challenging, posing significant threats to the resilience of the entire
network. Urban floods typically disperse according to the city's spatial layout, interacting with the
three-dimensional (3D) network structure of roads and railways, thereby influencing the entire
transit network [13]. This mode of impact differs significantly from those caused by deliberate
sabotage or random failures. Flood-induced disruptions in rail transit are heavily influenced by
geographic factors, where localized network interruptions can lead to widespread effects across areas
indirectly affected by the flood.

Current research on transportation networks largely relies on two-dimensional (2D) complex
networks using geographic coordinates, with a limited focus on 3D network topology and the
dynamic effects of geographic elevation [14]. However, existing complex network-based frameworks
for analyzing transportation under flood conditions are not well-suited to account for 3D
disturbances and topologies. The inclusion of geographic elevation as a critical third dimension is
essential for accurately assessing the impacts of floods on transit networks [6]. As illustrated in Figure
2, when stations A and B are damaged by flooding, the elevation of neighboring stations plays a
significant role in influencing the cascading failure effect across the network.

@ Flood Disaster Station
O Geographically High Station
O Geographically Low Station

Figure 2. Impact of stations at different elevations under flood conditions.

2.3. Stations Dynamic Characteristics of Passenger Flow

In the study of cascading failures within urban rail transit networks, changes in passenger flow
are considered critical indicators. Chen Feng et al. utilized Automatic Fare Collection (AFC) data
from the Beijing Metro to construct an Origin-Destination (OD) matrix for passenger flow, applying
an all-or-nothing assignment based on the shortest path. They assessed the reliability of the Beijing
Metro network with and without passenger flow weighting, concluding that the network is more
vulnerable when passenger flow is factored into the analysis [15]. Similarly, Liu Chaoyang et al.
employed the Floyd algorithm to calculate the shortest path from the origin to the destination,
assuming that when a node fails, its passenger flow automatically redirects to the nearest alternative
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path until no further nodes fail. Their model primarily addresses congestion failures caused by the
failure of specific nodes [16].

Moreover, Huang Ailing et al. used the Coupled Map Lattice (CML) model, incorporating
passenger flow as a weighted parameter, to construct a stability analysis model for the passenger
flow-weighted complex network in 2014 and 2018, analyzing the stability evolution of the Beijing
Metro network [17]. Zhu Yan et al. developed a passenger flow-weighted reliability evaluation index
using AFC data from the Shanghai Metro and employed the Dijkstra shortest path algorithm to
determine the passenger flow weight of network nodes. They built a dynamic model of the Shanghai
rail transit network based on the CML model and conducted a comprehensive network reliability
analysis [18]. However, these studies often consider passenger flow as a static weighting indicator
for nodes, which does not fully capture the dynamic impacts of passenger flow fluctuations across
the entire network due to station failures.

In the event of a real flood disaster, the failure of a rail transit station can lead to two primary
scenarios: one where the station is closed and trains bypass the station, causing passengers to alight
at the preceding or subsequent stations, and another where the train halts at the previous station and
resumes service only after the affected station is cleared for safety. The likelihood of passengers
continuing to search for the shortest path within the disrupted rail transit system is minimal.
Therefore, this study constructs a dynamic matrix of station passenger volume based on time-varying
AFC data, establishing dynamic weighting indicators for passenger flow. This approach is then
utilized to calculate the cascading failure effects on the dynamic impact of network passenger
capacity following station failures due to flood conditions.

3. Modeling and Analysis of Cascading Failures in Rail Transit Networks Based on CML

3.1. Coupled Map Lattice (CML)

Current research on cascading failures in networks primarily utilizes complex network models,
load-capacity models, and coupled map lattice models [19]. The Coupled Map Lattice (CML) model
discretizes time and space variables while keeping state variables continuous. It reflects the degree
of chaos at nodes and the diffusion effects of cascading failure processes within the system, making
it suitable for analyzing the spatiotemporal dynamics and patterns of networks [20]. This study
employs the CML model to investigate cascading failures in rail transit networks.

In real-world scenarios, when a rail transit station is affected by flooding, the failure of the
station could be caused by its geographic characteristics, changes in the overall network topology, or
dynamic variations in passenger flow. Subsequently, both the network topology and the flow
distribution within the entire rail transit system are affected, leading to the sequential failure of
stations due to the combined effects of the "geographically weighted topological network" and the
"dynamic passenger flow network." In essence, the "dynamic passenger flow network" is a result of
the dynamic changes in passenger flow triggered by the failure of the topological network.

Therefore, considering the impact of dynamic passenger behavior on network resilience in
reality, this study incorporates actual passenger flow data into the geographically weighted
topological network of rail transit stations. By analyzing the behavior of cascading failures in the
entire rail transit system under different coupling strengths of these two networks, this research has
significant implications for improving the resilience of actual rail transit networks. The formula
commonly used in CML for networks is as follows Equation 1:
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In the formula, x;(t)represents the CML state of node i at time t, € is the coupling coefficient
introduced for the unweighted topological network, k; denotes the degree of node i, which refers to
the number of other nodes directly connected to it. a;; is the element in the adjacency matrix
corresponding to the i row and j column, and f(x) is a nonlinear mapping function, which can be
physically interpreted as the evolution of node i’s capacity or operational constraints, with a value
range between (0,1).

This study uses the enhanced coupled map lattice model proposed by Huang Ailing et al. [17]
and Yi Shen et al. [21], as shown in Equation 2.
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£4r is the coupling coefficient introduced for the unweighted topological network, &4, is the
deep coupling coefficient, and &, €4, is the coupling coefficient for the weighted distribution of
inflow and outflow at the stations, which respectively represent the differences in network coupling
relations caused by the presence or absence of depth and the loading of flow.

a;;j indicate the connection status between node i and node j. If there is an edge connecting nodes
i and j, then a;;= a;;=1 otherwise, a;;=a;=0. k; is the degree of node i, d; i is the depth-normalized

value of the node, s/" represents the inflow strength at node i, s?** represents the outflow strength

in out
ij ij
strength at other nodes. R represents the perturbation intensity.

at node i, w{' represents the inflow strength at other nodes, and w** represents the outflow

3.2. Spatiotemporal State of Network Stations Under Different Conditions

The CML model describes the state of network nodes and their interactions. At each time step,
the state of a particular node is influenced by its state at the previous time step and the states of
surrounding nodes. Initially, at time =0, each node is randomly assigned a value between 0 and 1.
At the next time step =1, a new state value is calculated according to Equation 1. Over time, the CML
values of network nodes across all time steps are obtained. When the network is not disturbed, the
node states remain within the range of 0 to 1. Taking Station 45 of the Shanghai rail transit as an
example, its CML state without applying any disturbance R is shown in Figure 3.

1.0+
0.8

0.6

CML

0.4+

0.2+

0.0 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

Time
Figure 3. CML state of station 45 (without disturbance).

When a node in the network is disturbed at a certain time ¢ (R>1), this node fails and is removed
from the network at the next time step #+1. The neighboring nodes of this failed node are affected,
potentially leading to their failure and causing the failure to propagate to adjacent nodes until no
more nodes fail, at which point the cascading failure in the network stops. According to Equation 2,
different coupling coefficients result in different states, affecting the speed and extent of the failure.
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Taking Station 45 as an example, with external disturbance R=1 applied at time step 27, the CML state
under different combinations of coupling coefficients (Combination 1: &4 = 0.5; Combination 2:
&qr =03, €, =0.1, g, =0.1;, Combination 3: g4 =0.3, g4, = 0.2, &, =0.05, £, =0.05) is
shown in Figure 4.

2.0m
—— Edr:O-S
159 ~ £4=0.3,6,=0.1 £4,=0.1
g 104 —— £4=0.2,£4¢=0.2,£;,=0.05 ¢,,,=0.05
3]
0.5+
0.0 L) 1 L) L) 1 I | | I | I | T | T T | T |
0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95

Time
Figure 4. CML state of station 45 under different coupling coefficients.

When a node in the network is disturbed at a certain time ¢, it can trigger cascading failures
throughout the network. The effect of cascading failures varies under different disturbances. Taking
Station 45 as an example, with external disturbances R=1,2,3,4,5,6 applied at time step 27, and the
coupling coefficients set to Combination 1: €4, = 0.5, the cascading failure effect on other nodes in
the network is shown in Figure 5. As R increases, the number of failed nodes increases, and the failure
speed accelerates. Due to the cascading failures in the network, the impact on passenger flow is
illustrated in Figure 6, where the number of affected passengers increases with higher values of R.
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Figure 5. (a) Condition of failed stations at station 45 under different disturbance;(b) Impact on

passenger flow at station 45 under different disturbance.

3.3. Resilience Algorithm Process for Cascading Failures in Rail Transit Based on CML

The CML state values of network stations, the number of failed nodes, the geographically
weighted topological network, and the stability of the dynamic passenger flow network at different
time points during the cascading failure process can be obtained through the following algorithmic
process:
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Step 1: Determine the initial values by calculating the network centrality, geographic weighted
intensity, and passenger flow weighted intensity of each station, and set the CML state values for all
stations in the network.

Step 2: Select a specific time point and deliberately disturb the stations with the highest degree
centrality, stations at lower geographic elevations, and stations historically affected by flooding to
cause failure. Record the attribute values at the current time point.

Step 3: Assess the CML state values of all stations from the previous time point. If the state value
x;(t)=1, the station is considered failed and is removed from the network. Update the CML state
values for the remaining network stations and record the attribute values at the current time point.

Step 4: Repeat Step 3 until the number of failed stations in the network no longer changes. The
network reaches a new stable state, and the new attribute values are recorded.

Step 5: Repeat Steps 2 through 4, output the results for each time point, and record the
corresponding statistical data.

4. Results Cascading Failure Process and Resilience Analysis of the Shanghai Rail Transit
Network Under Flood Conditions

4.1. Data Source

Due to the varied sources of data, this study maximizes the use of data from the same time
period.

Passenger Flow Data: Based on the Shanghai Metro AFC (Automatic Fare Collection) card data
publicly available through the Shanghai Open Data Applications (SODA) competition, data from
Tuesday, March 8, 2016, was used. After cleaning the data, a 15-minute interval was adopted, with
96 time steps recorded from 00:00 to 24:00 as the basis for time and passenger statistics.

Metro Station Data: By the end of 2016, the Shanghai Metro had 14 lines with a total of 326
stations.

Station Elevation Data: Elevation data for Shanghai Metro stations was obtained using the
publicly available 50-meter DEM (Digital Elevation Model) data from the Geospatial Data Cloud.
Only the gravitational influence on water flow direction was considered. The ArcGIS Hydrology
Analysis module was used to generate a flow direction map and extract catchment basins. Combined
with raster data of Shanghai Metro stations, the depth information of metro stations was extracted.
For stations without catchment basin information, the DEM elevation data was directly used [22].

4.2. Analysis of Stepwise Weighted Resilience Changes During the Cascading Failure Process of the Rail
Transit Network Under Flood Conditions

The initial values were determined by calculating the network centrality, geographic weighted
height, and passenger flow weighted intensity for each station, and subsequently setting the CML
state values across the entire network. In this study, three stations with the highest degree centrality,
three stations at lower geographic elevations, and three stations with a history of flood damage were
selected. The disturbances were introduced starting at 7:00 AM, corresponding to the 29th time step.

4.2.1. Stations with the Highest Degree Centrality

Stations with higher degree centrality values are more important within the network. In a metro
network, stations with high degree values are often located in central areas of the network, while
those with lower values are usually on the periphery. To study the impact of stations with different
degree values on the cascading failure process of the network, three metro stations were selected:
Shanghai Rail Transit Station 41 (degree centrality 7, depth 0.96), Station 19 (degree centrality 6, depth
0.96), and Station 45 (degree centrality 6, depth 0.93). Under different combinations of coupling
coefficients  (Combination 1: &4 = 0.5 ; Combination 2: &3 =03, &,=01, &, =01;
Combination 3: g4, = 0.3, €4, = 0.2, &;, = 0.05, &, = 0.05) the same disturbance R=4 was applied.
The resulting network station failure process, the number of failures, and changes in passenger flow
are shown in Figures 6-8.
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Figure 6. (a) Cascading failure process under different coupling coefficients of Station 41; (b)
Passenger flow changes under different coupling coefficients of Station 41.
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Figure 7. (a) Cascading failure process under different coupling coefficients of Station 19; (b)
Passenger flow changes under different coupling coefficients of Station 19.
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Figure 8. (a) Cascading failure process under different coupling coefficients of Station 45; (b)
Passenger flow changes under different coupling coefficients of Station 45.

Stations with high degree centrality are often more important stations, and the overall network
damage process varies with different coupling coefficients. Among the 41 stations, when the
passenger flow coefficient is added (Combination 2), the entire network's damage rate increases.
When both the passenger flow and depth coefficients are added (Combination 3), the network's
damage rate slows down, and some stations remain undamaged at R=4 (Figure 6 a). However, from
the perspective of passenger flow, if the damage begins at 7 a.m., after the morning peak, the
passenger flow is significantly affected (Figure 6 b).

Among the 19 stations, when the passenger flow coefficient is added (Combination 2), the overall
network damage rate decreases, and some nodes remain undamaged at R=4. When both the
passenger flow and depth coefficients are added (Combination 3), the overall network damage is
reduced, with only a dozen nodes being destroyed (Figure 7 a), and the affected passenger flow is
minimal (Figure 7 b).

In the experiment with 45 stations, adding the passenger flow coefficient (Combination 2) slows
down the network damage compared to when only degree centrality is considered, but the number
of damaged stations increases (Figure 8 a). When both the passenger flow and depth coefficients are
added (Combination 3), similar to the 19 stations, the overall network damage is reduced, with only
a dozen stations being destroyed, and the impact on passenger flow is minimal (Figure 8 b).

4.2.2. Centrality Stations with Lower Geographical Positions

The lower the geographical elevation of a station, the more important it becomes to the network
during flood disasters. To study the impact of stations at different depths on the network's cascading
failure process, three subway stations in Shanghai's rail transit system were selected: Station 159
(degree centrality 4, depth 0.99), Station 164 (degree centrality 4, depth 0.99), and Station 189 (degree
centrality 4, depth 0.99). The same disturbance, R=4, was applied under different coupling coefficient
combinations, and the resulting network station damage process and reliability changes are shown
in Figures 9-11.
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Figure 9. (a) Cascading failure process under different coupling coefficients of Station 159; (b)
Passenger flow changes under different coupling coefficients of Station 159.
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Figure 10. (a) Cascading failure process under different coupling coefficients of Station 164; (b)
Passenger flow changes under different coupling coefficients of Station 164.
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Figure 11. (a) Cascading failure process under different coupling coefficients of Station 189; (b)

Passenger flow changes under different coupling coefficients of Station 189.

This study selected three stations with the same depth and degree centrality to conduct the same
experiment, but the overall network damage process varied significantly among the three stations.
For Station 159, when the passenger flow coefficient was added (Combination 2) and when both
passenger flow and depth coefficients were added (Combination 3), the network damage rate
remained the same as when only degree centrality was considered (Figure 9 a). The entire network's
passenger flow would completely cease after the morning peak (Figure 9 b).

In the case of Station 164, adding the passenger flow coefficient (Combination 2) slowed down
the network damage rate, and most stations remained undamaged at R=4. When both passenger flow
and depth coefficients were added (Combination 3), the network damage was reduced, with only a
dozen stations being destroyed (Figure 10 a), and the affected passenger flow was minimal (Figure
10 b).

In the experiment with Station 189, adding the passenger flow coefficient (Combination 2)
resulted in the same network damage as when only degree centrality was considered (Figure 11 a).
When both passenger flow and depth coefficients were added (Combination 3), similar to Station 164,
the network damage was reduced, with only a dozen stations being destroyed, and the affected
passenger flow was minimal (Figure 11 b).

4.2.3. Historical Flood-Prone Stations

Given the numerous conditions that can lead to flood disasters, this study focuses on stations
that have experienced such events in the past. Three stations were selected for analysis: Shanghai Rail
Transit Station 48, which experienced flooding in 2005 (degree centrality 4, depth 0.87); Station 104,
which was suspended during a flood event in 2019 (degree centrality 4, depth 0.71); and Station 197,
which experienced water ingress in 2021 (degree centrality 4, depth 0.98). The same disturbance, R=4,
was applied under different combinations of coupling coefficients, and the resulting network station
damage process and reliability changes are shown in Figures 12-14.
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Figure 12. (a) Cascading failure process under different coupling coefficients of Station 48; (b)
Passenger flow changes under different coupling coefficients of Station 48.
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Figure 13. (a) Cascading failure process under different coupling coefficients of Station 104; (b)
Passenger flow changes under different coupling coefficients of Station 104.
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Figure 14. (a) Cascading failure process under different coupling coefficients of Station 197; (b)
Passenger flow changes under different coupling coefficients of Station 197.

This study examines three stations that have been affected by flood disasters at different times.
Although these stations share the same degree centrality, they differ in depth, leading to significant
variations in the overall network damage process. For Station 48, adding the passenger flow
coefficient (Combination 2) slowed the overall network damage rate, and the number of damaged
stations decreased. When both passenger flow and depth coefficients were added (Combination 3),
most stations remained undamaged at R=4 (Figure 12 a), and the impact on passenger flow was
minimal (Figure 12 b).

For Station 104, the overall network damage rate was similar to when only degree centrality was
considered, regardless of whether the passenger flow coefficient (Combination 2) or both passenger
flow and depth coefficients (Combination 3) were added (Figure 13 a). After the morning peak, the
network was completely destroyed, rendering it unable to sustain any operational capacity (Figure
13 b).

In the experiment with Station 197, adding the passenger flow coefficient (Combination 2)
slowed the network damage compared to when only degree centrality was considered, but the
number of damaged stations increased. When both passenger flow and depth coefficients were added
(Combination 3), the overall network damage decreased, with only a dozen stations being destroyed
(Figure 14 a), and the impact on passenger flow was minimal (Figure 14 b).

In real cases, after Station 48 was flooded in 2005, the metro implemented measures such as
speed restrictions, and related stations only implemented crowd control measures. In 2021, when a
large amount of water flowed into Station 197 due to external construction, the operator's strategy
was to close the station temporarily, conduct necessary operations, and reopen it within three hours.
However, in the case of Station 104 during the 2019 flood, the strategy was to close the related stations
one day in advance, which corresponds to the severity of cascading failure observed in this study.

4.2.4. Comparative Analysis

To better compare the cascading failure effects under the same coupling coefficients for different
stations, this study conducted a cross-sectional comparison of 9 stations. Figure 28 shows the
situation of station failures over time under Coupling Combination 1 for different stations. Figure 29
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Figure 15. Cascading failure process under (a)combination 1 (b)combination 2(c)combination 3after
the failure of different stations.

Figure 15 a illustrates the scenario where the coupling coefficient is only based on degree
centrality. The selected stations all have relatively high degree centrality. According to studies, nodes
with a higher degree centrality tend to lead to faster network failures and more station failures [11,18].
However, Figure 15 a shows that the stations where the network fails fastest are Station 19 and Station
48, with degree centrality values of 6 and 4, respectively. Meanwhile, Station 45, although initially
failing quickly, has some stations that remain intact. Therefore, it can be concluded that degree
centrality does influence the speed of cascading failures in the network, but the overall effect on the
network's cascading failures can vary depending on the station's location.

Figure 15 b illustrates the combined effect of degree centrality and dynamic passenger flow
coefficients. When passenger flow weighting is added, the network failure speed is faster than when
only degree centrality is considered [18]. However, Figure 15 b shows that after adding the dynamic
passenger flow coefficient, since the passenger flow in this study is a real dynamic flow that changes
over time, and the assumption is that when a station fails, its passenger flow is considered lost and is
no longer counted in the network, the impact of passenger flow diminishes as more stations fail. This
results in fewer station failures (e.g., Stations 164, 19, and 48) and slower failure speeds compared to
Figure 15 a. Thus, it can be concluded that, compared to other all-or-nothing passenger flow
indicators, the presence of stations with low overall passenger flow or diminishing passenger flow
during failures can slow down the overall cascading failure speed of the network.
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Figure 15 c illustrates the combined effect of degree centrality, dynamic passenger flow
coefficients, and station elevation coefficients. The results show that after adding the elevation
coefficient, as more stations fail, the overall network failure speed slows down, and fewer stations
are affected (e.g., Stations 19, 45, 164, 189, 48, and 197). However, there are also instances where the
failure speed increases and more stations are affected (e.g., Stations 41, 159, and 104). Therefore, it
can be concluded that adding the elevation coefficient generally weakens the speed and intensity of
network failures, especially when there are stations with higher elevations. However, there may still
be key stations that could affect the entire network. The overall cascading failure effects are
summarized in Table 1.

Table 1: Characteristics of stations and cascading failure sequence.

Station Order of Station Order of Passenger  Order of Cascading
Characteristics Failures Flow Impact Failure Speed
Station
No. Degree Deep C1 C2 C3 C1 C2 C3 C1 C2 C3
41 7 096 1 1 3 1 1 3 4 1 3
19 6 096 1 4 6 1 4 6 1 5 6
45 6 093 3 1 4 3 1 4 3 2 4
159 4 099 1 1 1 1 1 1 8 7 1
164 4 099 1 5 6 1 5 6 7 9 6
189 4 099 1 1 5 1 1 5 6 3 7
48 4 087 1 3 7 1 3 7 2 7 8
104 4 071 1 1 2 1 1 2 9 8 2
197 4 098 2 2 7 2 2 7 5 4 8

Table 1 provides a detailed analysis of the characteristics of various stations within the urban
rail transit network and their corresponding sequence of cascading failures under different coupling
coefficient combinations (C1, C2, and C3). Here, C1 represents a combination that only considers
degree centrality, C2 combines degree centrality with dynamic passenger flow coefficients, and C3
further incorporates station elevation coefficients.

Under these combinations, the stations exhibit different behaviors. Stations with higher degree
centrality, such as Station 41, fail first under C1, significantly impacting passenger flow and the speed
of cascading failures. However, when passenger flow and elevation factors are included, the station’s
failure sequence and impact are somewhat mitigated, highlighting the importance of additional
coefficients in alleviating network vulnerability.

In contrast, stations with lower degree centrality but lower geographic elevation, such as
Stations 159 and 164, tend to fail early under any combination. However, when dynamic passenger
flow and elevation coefficients are added, although these stations still fail relatively quickly, the
overall cascading failure process of the network slows down, and the impact becomes more limited.
This indicates that while degree centrality plays a crucial role in cascading failures, the geographic
location and dynamic passenger flow changes of a station are also significant factors.

Moreover, the performance of Stations 48 and 104 is also noteworthy. Despite having lower
degree centrality, they exhibit rapid cascading failure speeds under C1, particularly when
considering the impact of historical flood events. However, as the dynamic passenger flow and
elevation coefficients are introduced in C2 and C3, the failure speed and impact of these stations
decrease, further demonstrating the effectiveness of multidimensional indicators in enhancing
network resilience.

Overall, the data in the table reveal the significant impact of degree centrality, geographic
elevation, and dynamic passenger flow on the overall resilience of the urban rail transit network.
Through the analysis of cascading failures across different combinations, we can conclude that a
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single-dimensional assessment often falls short of fully reflecting a station’s impact on network
stability. A comprehensive consideration of multidimensional factors is crucial for enhancing the
disaster resilience of urban rail systems. These findings not only provide new perspectives for
theoretical research but also offer scientific support for urban transportation managers in developing
more effective disaster prevention strategies.

5. Conclusions

This study systematically investigates the cascading failure mechanisms and resilience of urban
rail transit networks under flood conditions, with a specific focus on the Shanghai Metro. By
integrating three-dimensional geographic information, static network characteristics, and dynamic
passenger flow data, this research offers a comprehensive framework for evaluating the resilience of
urban rail transit systems. The use of the improved CML model allows for a detailed simulation of
cascading failure processes, providing new insights into the interplay between network topology,
geographic factors, and passenger dynamics during flood events.

The findings of this study have significant practical implications for urban transit authorities
and disaster management agencies. The identification of critical nodes within the rail network, which
are highly susceptible to cascading failures, provides a basis for prioritizing infrastructure upgrades
and targeted disaster preparedness efforts. The study's dynamic analysis of passenger flow under
various flood scenarios offers actionable insights for optimizing evacuation routes and improving
emergency response strategies. Moreover, the incorporation of geographic elevation as a resilience
indicator highlights the importance of considering three-dimensional urban topography in the
planning and management of urban rail systems. This approach can be utilized to enhance the
robustness of rail networks in other flood-prone cities, making it a valuable tool for urban planners
and transit operators worldwide.

Compared to previous studies that largely focus on static network characteristics and two-
dimensional analyses, this research advances the field by integrating real-time data and three-
dimensional geographic considerations. While earlier works have laid the groundwork for
understanding urban transit vulnerability under extreme weather conditions, they often overlook the
dynamic nature of passenger flow and the critical role of geographic factors in exacerbating cascading
failures [3,4]. This study addresses these gaps by offering a more holistic and nuanced understanding
of how urban rail networks behave under flood conditions, thereby contributing to a deeper
theoretical and practical understanding of network resilience.

While this study provides a robust framework for analyzing the resilience of urban rail transit
networks under flood conditions, several areas warrant further investigation. Future research could
explore the integration of more sophisticated flood simulation models to account for variable flood
intensities and durations. Additionally, incorporating real-time data analytics and machine learning
algorithms could enhance the predictive capabilities of the model, allowing for real-time monitoring
and adaptive response strategies during actual flood events. Expanding the study to include multi-
modal transportation networks, such as buses and ferries, could also provide a more comprehensive
view of urban mobility resilience under extreme weather conditions. Lastly, the development of
region-specific resilience indicators could help tailor disaster response strategies to the unique
geographic and infrastructural characteristics of different cities. Future research should further
develop modeling methods that are consistent with actual network topologies and establish unified
resilience assessment metrics under uncertain disturbance events, in order to enhance the recovery
capabilities of urban rail transit systems [12].

This research makes several unique contributions to the field of urban transportation resilience.
It is one of the first studies to fully integrate three-dimensional geographic data with dynamic
passenger flow analysis, offering a more complete picture of how urban rail networks respond to
flood events. The study's application of the improved CML model to simulate cascading failures
under various network conditions provides a novel methodological approach that can be adapted to
other contexts. By bridging the gap between theoretical modeling and practical applications, this
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research offers valuable insights that can inform both academic discourse and real-world disaster
management practices.
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