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As a key mode of transportation, urban metro networks have significantly enhanced urban traffic environments and
travel efficiency, making the identification of critical stations within these networks increasingly essential. This study
presents a novel integrated topological-functional (ITF) algorithm for identifying critical nodes, combining topological
metrics such as K-shell decomposition, node information entropy, and neighbor overlapping interaction with the functional
attributes of passenger flow operations, while also considering the coupling effects between metro and bus networks. Using
the Chengdu metro network as a case study, the effectiveness of the algorithm under different conditions is validated.
The results indicate significant differences in passenger flow patterns between working and non-working days, leading to
varying sets of critical nodes across these scenarios. Moreover, the ITF algorithm demonstrates a marked improvement
in the accuracy of critical node identification compared to existing methods. This conclusion is supported by the analysis
of changes in the overall network structure and relative global operational efficiency following targeted attacks on the
identified critical nodes. The findings provide valuable insight into urban transportation planning, offering theoretical and
practical guidance for improving metro network safety and resilience.
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1. Introduction

Urban rail transit systems are integral to the public trans-
portation framework of large cities, playing a crucial role
in driving urban economic growth.!l:?l With the continuous
expansion of urban populations and the increasing demand
for transportation, surface transportation systems, such as
buses, face considerable pressure.l’! Due to their high capac-
ity and operational efficiency, metro systems are indispensable
in alleviating urban traffic congestion and enhancing travel
efficiency.*! However, the rapid expansion of metro lines
and stations has led to a substantial increase in the complex-
ity of metro networks.!®! This growing complexity, coupled
with fluctuating passenger flow demands, exacerbates the risk
of operational disruptions.!”] For instance, on July 20, 2021,
a severe rainstorm in Zhengzhou caused extensive flooding at
Wulongkou station on metro line 5, significantly damaging the
metro network infrastructure and impairing its functionality.®!
Thus, to enhance the resilience and reliability of metro sys-
tems, it is critical to identify and prioritize key stations. These
critical nodes are essential in maintaining the network’s in-
tegrity and functionality during disruptions, ! while also serv-
ing as focal points for future development and strategic plan-
ning, thereby ensuring the sustainable and reliable operation
of metro systems.[!?]

The identification of critical nodes in networked systems
has evolved considerably over time.!'!l Initial methods were
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based exclusively on network topological structures, utilizing
both local and global centrality measures. By calculating node
centrality indices and ranking nodes, the critical nodes could
be identified. These approaches include local information-
based measures such as degree centrality!'?! and eigenvector
centrality,!'3] as well as global information-based measures
such as betweenness centrality,!'*! closeness centrality!'?! and
K-shell decomposition.[!3] As research progressed, it became
evident that a node’s significance is influenced not only by its
intrinsic properties and its immediate neighbors but also by

16171 To improve the

its overall position within the network.!
accuracy of local indices while mitigating the computational
complexity of global indices, hybrid methods that integrate
both local and global information have been employed in var-

(18] For example, Engsig et al. proposed the Domi-

ious fields.
Rank centrality metric,!'! which integrates local and global
topological information through a tunable parameter to iden-
tify fragile neighborhoods in networks, emphasizing the dom-
inance of specific nodes. Based on the three dimensions of
self-centrality, local centrality and global centrality of network
nodes, Ai et al. proposed the SLGC method??! for identifying
influential nodes in a network. In addition, Huang et al. intro-
duced the adjacency information entropy method, which iden-
tifies critical nodes by considering both the node’s position and
the positions of its neighboring nodes within the network.?!!
Duan et al. developed a network connectivity model based

© 2025 Chinese Physical Society and IOP Publishing Ltd. All rights, including for text and data mining, Al training, and similar technologies, are reserved.

http://iopscience.iop.org/cpb http://cpb.iphy.ac.cn

028902-1


https://doi.org/10.1088/1674-1056/ad9734
https://cstr.cn/32038.14.CPB.ad9734
mailto:zengziqiang@scu.edu.cn
http://iopscience.iop.org/cpb
http://cpb.iphy.ac.cn

Chin. Phys. B 34, 028902 (2025)

on a random connection matrix and minimal low-dimensional
structure, employing information entropy to rank the signifi-
cance of the network nodes. %!

However, in transportation networks, while the topolog-
ical structure is relatively stable, the role of these networks
in satisfying urban travel demands is highly complex.>3! Par-
ticularly in metro systems, the distribution of passenger flow
around stations varies significantly across both spatial and
temporal dimensions, with passengers having diverse route
choices from origin to destination.?*! From this perspec-
tive, identifying critical nodes based solely on topological
structures, 2! without considering the network’s functional
characteristics as a transportation system, may fail to accu-
rately capture real-world conditions. Consequently, hybrid ap-
proaches that combine topological features with functional at-
tributes have been developed to address these limitations. %]
In the context of urban rail transit systems, researchers have
increasingly focused on methods that incorporate passenger
flow and network functionality. Xu er al. developed a dy-
namic travel network model based on the tripartite graph con-
cept and proposed a node centrality ranking method that inte-
grates origin-destination flow.!?’! Jing et al. introduced a prob-
ability metric based on path redundancy to identify critical
nodes in urban rail networks, proposing the probability degree
method to quantify node importance.?®! Xia er al. examined
subway passenger flow patterns and developed the SIRank
algorithm, ) an improved PageRank model, to identify criti-
cal nodes by incorporating human mobility data. Zhang et al.
proposed the comprehensive vote-rank algorithm,*% which
integrates mutual information and clustering techniques to an-
alyze passenger flow patterns and identify critical stations un-
der various scenarios. Wang et al. further extended this work
by proposing the modified weighted K-shell model, which
identifies critical nodes in multimodal transportation networks
by considering both traffic demand and the interactions be-
tween multi-order neighbor nodes.*!)

In summary, the identification of critical nodes in trans-
portation networks has progressed from purely topological ap-
proaches to more integrated methods that account for both
structural and functional characteristics. This holistic perspec-
tive is crucial for ensuring the resilience and reliability of ur-
ban rail transit systems, especially given the increasing com-
plexity and rising passenger demands. Aligned with this con-
cept, this paper first evaluates the topological significance of
metro stations by examining their position within the overall
network and the influence of neighboring stations. In terms
of functional importance, the study assesses station signifi-
cance by analyzing passenger flow intensity and incorporates
the coupling effect of the bus transit system on metro passen-
ger flow. By integrating these structural and functional dimen-
sions, a comprehensive framework for identifying key nodes

in the urban transportation network is constructed. The identi-
fied critical nodes are then subjected to continuous disruption
simulations to examine the metro network’s reliability in terms
of structural integrity and functional operational capacity. Fi-
nally, this method is applied to the Chengdu rail transit system,
and practical recommendations are proposed for future metro
development. The primary contributions and innovations of
this study are as follows:

(1) Establishing an integrated topological-functional algo-
rithm for critical node identification. This approach compre-
hensively incorporates both network structure and functional-
ity, significantly enhancing the accuracy of identifying critical
nodes.

(i1) Proposing a method for evaluating the functional op-
erational importance of metro networks. This method defines
the functional importance of nodes based on passenger flow
through metro stations and the weight proportion of their cor-
responding paths, effectively capturing the dynamic functional
attributes of the metro network.

(iii) Expanding the understanding of the interaction ef-
fects in multimodal traffic. In exploring the functional impor-
tance of metro systems, this study considers the coupling and
interaction effects of the public transportation system, inte-
grating multimodal traffic evaluation into metro network anal-
ysis. This broadens the scope for future research in this field.

(iv) Defining a relative global operational efficiency eval-
uation index. A new index is introduced to assess the opera-
tional level of metro systems, offering a more precise and ef-
fective representation of the transportation system’s capacity.

The rest of this paper is organized as follows. Section 2
outlines the problem statement concerning the identification
of critical nodes in urban metro networks. Section 3 proposes
the integrated topological-functional algorithm and details the
network performance evaluation metrics. In Section 4, a case
study of the Chengdu metro network is presented to validate
the effectiveness of the proposed algorithm. Finally, Section 5
concludes with a summary of the findings and provides rec-
ommendations for future research directions.

2. Problem statement

Current research on identifying critical nodes in metro
networks predominantly relies on topological metrics such as
degree centrality, betweenness centrality and K-shell decom-
position. While these approaches offer valuable insight into
the structural importance of nodes, they often fail to capture
the functional dynamics of metro systems, particularly passen-
ger flow variations and the interactions between metro stations
and other transportation modes. This oversight limits the real-
world applicability of these methods, as metro networks are
not merely static structures but dynamic systems characterized
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by fluctuating demand patterns and intricate intermodal inter-
actions. Therefore, developing a new model that can evaluate
both the static network topology and the dynamic functional
operations is a crucial step towards accurately identifying key
nodes in metro networks.

This study seeks to address these limitations by intro-
ducing an integrated topological-functional (ITF) algorithm,
which synthesizes both structural and functional dimensions
of metro networks. The primary research question guiding this
study is: How can critical nodes in a metro network be identi-
fied more accurately by integrating topological properties with
real-time operational data? By answering this question, the
research aims to develop a more comprehensive and realis-
tic framework for critical node identification, ultimately en-
hancing the resilience and operational efficiency of metro sys-
tems. This investigation is crucial for future urban transporta-
tion planning and for strengthening the robustness of metro
networks in the face of potential disruptions.
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Fig. 1. The framework of the study.

The research framework is divided into three main steps,

as illustrated in Fig. 1. First, an urban metro network model
is constructed using structural data from metro stations and
lines, alongside operational traffic data and passenger flow
characteristics. In the second step, a comprehensive algorithm
is developed to identify critical nodes by assessing both the
topological significance and functional operational capacity of
metro network nodes, utilizing corresponding evaluation met-
rics. Finally, in the third step, the Chengdu metro network is
used as a case study to analyze the impact of removing critical
nodes on the network’s structural integrity and functionality.
The performance of the proposed algorithm is then compared
with traditional methods for critical node identification to val-
idate the model’s effectiveness.

3. Methodology
3.1. Metro network model

Previous approaches for constructing metro networks
have typically employed methods such as space L, space P,
space R and space C.3? The topological structure of metro
networks in different cities varies depending on the method
used.?3! In the space L model, metro stations are represented
as nodes, and the intervals between two adjacent stations are
depicted as edges in the corresponding topology. Compared
to the other three methods, space L more accurately captures
the overall structure of metro networks. Therefore, in this pa-
per, we adopt the space L model to construct the metro net-
work since it is better suited for representing the real-world
metro system. A metro network can be represented as an
(V,E,F), where V = {v;|li € (1,n)}
and E = {e;;|i # j} are the node and edge sets, respectively,

undirected network G =

which correspond to the stations and tracks between stations
in the metro network. When nodes v; and v; are connected,
e;j = 1, otherwise e;; = 0. As a vital form of urban transporta-
tion, the passenger flow served by the metro is a key indica-
tor of its operational efficiency. To maintain consistency, we
define the passenger flow intensity set of a metro network as
F ={fili € (1,n)}, where f; represents the number of passen-
gers served by a given station v;. Based on the constructed
metro network, we introduce several widely used methods for
identifying node importance, including degree centrality (DC),
betweenness centrality (BC), node information entropy (NIE)
and K-shell decomposition, which are described as follows.
(i) Degree centrality (DC) is the simplest measure of a
node’s influence within a network. A node with a higher de-
gree is considered more influential because it can extend its

impact to a greater number of neighboring nodes. The nor-
malized degree centrality is defined as
ki
DC (i) = j 1
()= - i 1)
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where N is the number of nodes in G, k; is the degree of a
node v;, which is defined as the number of directly connected
neighbors of node v;.

(ii) Betweenness centrality (BC) shows the hub charac-
teristics of the node in the network, which is described as the
number of shortest paths that pass through a node. The larger
the number of shortest paths that pass through the node, the
larger the betweenness of the node is, the more important the
node in the network is. The normalized betweenness centrality
is defined as

0
BC(i)= ) —*, Vi )

it st
where ny represents the total number of shortest paths between
node v, and node v;, and nil represents the number of those
paths that pass through node v;. However, as a path-based cen-
trality measure, betweenness centrality emphasizes finding the
shortest paths within the network. This may not be consistent
with the actual operations of metro systems, where the same
route can carry varying passenger volumes at different times,
corresponding to different transportation functions.*¥ Rely-
ing solely on the static network topology, while overlooking
the dynamic changes in the functional roles of routes, suggests
that betweenness centrality may be less suitable for evaluating

metro networks.

(iii) Node degree-based information entropy In in-

formation theory, the concept of entropy, as proposed by

Shannon, !

is used to quantify the uncertainty of informa-
tion. The greater the entropy, the more uncertain or unpre-
dictable the information. To evaluate the influence of neigh-
boring nodes on a given node, the concept of entropy is ex-
tended to complex networks, referred to as node information
entropy (NIE). Node degree-based information entropy cap-
tures the local properties of nodes; the higher the entropy,

[36] Assuming that the degree of

the more influential the node.
node v; is k;, the information content contained in node v; is
I =ki/ Z;?: 1 kj, where n is the number of nodes in G, so the

node information entropy is defined as

NIE(i)=— Y I;-Inl;, Vi, 3)
Jer()
where j € I'(i) is the set of neighbors of node v;.

(iv) K-shell decomposition The K-shell decomposition
method is used to quantify the importance of nodes by catego-
rizing them into different shells.[*”! The algorithm begins by
removing all nodes with a degree of 1, iteratively repeating the
process until no such nodes remain. All the nodes and edges
removed in the first iteration form the 1-shell. This procedure
is repeated to obtain the 2-shell, 3-shell, and so on. Ultimately,
each node is assigned to a specific shell, and all nodes within
the same shell have an identical core value.*®! The core value

reflects a node’s structural importance and spreading capabil-
ity. Nodes in higher shells are considered to have a greater
influence within the network.

3.2. Integration of the topological-functional algorithm

The aforementioned methods for identifying node impor-
tance primarily focus on the topological characteristics of the
network. Metrics, such as betweenness centrality and the K-
shell decomposition assess node importance from a global net-
work perspective. However, relying solely on betweenness
centrality, which identifies critical nodes based on the short-
est paths between nodes in the network, falls short of reflect-
ing the dynamic changes in passenger flow along routes within
the metro system as a transportation network due to the fixed
route structure of these systems. The K-shell method, while
stratifying nodes based on their position within the overall net-
work, does not effectively distinguish between the importance
of nodes within the same layer. In contrast, degree central-
ity and information entropy focus on node importance from a
local network perspective. Degree centrality is useful for iden-
tifying highly connected nodes, but in metro networks, only a
few nodes exhibit high degrees, and this metric does not accu-
rately capture the importance of most nodes. Information en-
tropy, which takes into account both the degree of a node and
the degrees of its neighboring nodes, provides a more nuanced
assessment of critical nodes. Nevertheless, a comprehensive
evaluation of a node’s importance requires considering both
global and local properties, as well as the mutual influence be-
tween nodes. For urban metro networks, which serve not only
a transportation function but also possess significant social at-
tributes, topological structure alone is insufficient to capture
the full importance of a node. The functional characteristics,
particularly the dynamics of passenger flow, are essential fac-
tors in determining the criticality of a node within the network.

In summary, this study proposes a comprehensive algo-
rithm for identifying critical stations in urban metro networks
by integrating topological features with passenger flow dy-
namics. This algorithm combines traditional structural anal-
ysis with the functional operational role of the metro system,
while also accounting for the coupling and interaction effects
of multimodal transportation. The specific details of the algo-
rithm are as follows:

Definition 1: Neighbor overlapping interaction In an
urban metro network, the interaction between adjacent nodes
plays a significant role in the transmission of information be-
tween nodes. For instance, if a metro station experiences a
failure, the interaction with neighboring stations allows pas-
sengers to reroute through adjacent stations, thereby mitigat-
ing the transportation disruption. Therefore, when evaluating
the importance of nodes in a metro network, the interaction be-
tween nodes is irreplaceable. This paper proposes the neighbor
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overlap ratio Ry to characterize the interaction between nodes:

_ Cy
ks—14+k—1—-Cy’

Ry @)
where kg and k; represent the degrees of nodes v, and v;, and
Cy denotes the number of common neighbors between nodes
vy and v,. The more common neighbors two nodes share, the
more similar the nodes are, and thus, the closer their relation-
ship. Each node typically has multiple neighboring nodes,
and these neighbors influence the interaction between nodes.
Therefore, the neighbor overlapping interaction of node v; de-
noted as NO(i) is

NO(i)= Y Ry, Vi 6)
spel (i)

where I' (i) represents the set of neighbors of node v;.

Definition 2: Topological importance In this paper, the
topological importance of a node is measured by consider-
ing three aspects: the global properties of the node within
the network, its local properties, and the interactions between
nodes. Specifically, the K-shell value, node information en-
tropy and neighbor overlapping interaction are selected to rep-
resent these aspects. The topological importance of a node in
the metro network is evaluated as the product of these three
metrics. The topological importance of a network node is rep-
resented as

T (i) = K (i)-NIE (i) - NO (i), Vi, (6)

where K(i) represents the K-shell value of the node, NIE(i)
represents the degree-based information entropy of the node
and NO(i) represents the neighbor overlapping interaction of
the node. These three indicators characterize the structural
importance of a node from three different perspectives: the
global properties of the node within the entire network, the lo-
cal properties of the node, and the mutual influence between
nodes.

Definition 3:

Based on the transportation functionality of the metro net-

Functional operational importance

work, this paper selects the passenger flow through metro
nodes as the key indicator for measuring the functional im-
portance of nodes. In addition, considering the various trans-
portation modes available to urban residents,**! the number
of bus stations within a 300-meter radius of a metro station
is taken into account. The more bus stations within this area,
the greater the increase in metro passenger flow due to bus
transportation, indicating a higher importance of the metro
station.[*?] The functional importance of a network node in
terms of passenger flow is represented as
)y jeLl i

F(i)=(1+Bsy) - fi- Y =, Vi, 7
(l) ( 300) f s;ézi;ét ZkeLﬂ fk l ( )

where Ly represents the set of shortest paths between nodes
vs and vy, and Lf;t represents the subset of those shortest paths
that pass through node v;. In addition, f; represents the pas-
senger flow intensity of node v;, f; represents the passenger
flow intensity through the shortest path in the set of shortest
paths L!, that pass node vj, fx represents the passenger flow
intensity through the shortest path in the set of shortest paths
Ly that pass node vg, while Bgoo denotes the number of bus
stations within a 300-meter radius of a metro station.

To eliminate the dimensional differences between the
topological importance and passenger flow importance of a
node, both measures are standardized as follows:

T (i)

0= o @)
"(7) = Fi(l) i
FO=txror ™ ©)

The final node importance is obtained by assigning weights to
both aspects of importance

ITE (i) = hi - T' (i) + ho - F' (i), Vi, (10)

where h; and hy represent the degrees of focus on structural
stability and functional operational ability of the metro net-
work, and they satisfy h; + hy = 1. Typically, when & > ha,
this indicates a focus on the topological structure of the metro
network, which is often a consideration in future urban plan-
ning and development. On the other hand, when h; < hjy, the
emphasis is on the metro system’s role in alleviating current
urban traffic congestion, serving as a measure of meeting the
present needs of city residents. When hy = hy, this reflects
equal importance given to both the structural and functional
aspects of the metro network.

3.3. Network evaluation index

When certain edges or nodes are removed from a net-
work, the structure and functionality of the system can experi-
ence significant alterations, potentially leading to network fail-
ure. These components represent the critical nodes and edges
within the network. In the context of an urban metro network,
structural stability reflects the system’s capacity to maintain
normal operations, while functional reliability indicates the

41 To as-

network’s ability to meet passenger traffic demands.
sess the Chengdu metro network, we propose two key evalu-
ation metrics, one focused on the network’s topological struc-
ture and the other on passenger service levels. By deliberately
targeting critical nodes and observing the resulting changes in
these two metrics, we can validate the effectiveness of the crit-
ical node identification method proposed in this study. The
two metrics are as follows:

(i) Scale of largest connected subgraph The robustness

of urban metro networks refers to the network’s ability to
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maintain its function when its components are subjected to at-
tacks. The largest connected subgraph!*?! is used to describe
the local connectivity of urban metro networks and is adopted
as a metric to assess the network’s robustness under attack. It
is defined as follows:

S§=—, (1)
n

where n’ represents the number of nodes in the largest con-
nected subgraph after the network has been attacked, and # is
the total number of nodes in the initial network.

(ii) Relative global operational efficiency Global net-
work efficiency describes the overall connectivity of an urban
metro network. 43! Inspired by this, we propose the global op-
erational efficiency to represent the operational level of pas-
senger flow within the metro network:

oL _yhth .

n(n—1) = dy

where d, represents the shortest distance between nodes v
and v, and f; and f; represent the passenger flow intensities
of nodes vy and v;, respectively. To eliminate the data dimen-
sional differences caused by variations in node passenger flow,
we define the relative global operational efficiency of the net-
work as the ratio of the network’s global operational efficiency
after attacking key nodes to its initial global operational effi-
ciency, which is shown as
0/

OE = o’ (13)
where O represents the initial global operational efficiency and
O' represents the global operational efficiency after the net-
work has been attacked. This results in the relative global op-
erational efficiency, which effectively captures the operational
level of the metro network.

4. Results

In this study, the Chengdu metro system is selected as
the case study. Chengdu, the largest city in southwestern
China, has seen rapid urban transit development. As of July
2024, the Chengdu metro system operates 293 stations across
13 lines, with a cumulative passenger volume surpassing 10
billion trips. Concurrently, the Chengdu bus system, which
interacts with and complements the metro network, has estab-
lished 683 bus routes and 13132 bus stations at the same time.
Figure 2 presents a topological visualization of the Chengdu
metro-bus network in 2024, illustrating the combined efforts
of these two extensive and complex public transportation sys-
tems in supporting the daily travel needs of Chengdu’s resi-
dents.

To better capture the interaction between the metro and
bus systems in meeting passenger transportation demands, and

to account for the contribution of bus stop passenger flow to
metro station ridership, we define a 300-meter radius around
each metro station as a geographic buffer zone (as depicted in
Fig. 3). Within this zone, a higher number of bus stations cor-
relates with a greater positive effect on metro station passen-
ger flow since the distance aligns with most passengers’ pre-
ferred bus-to-metro transfer distance.**! Conversely, beyond
this buffer zone, bus operations tend to reduce metro ridership,
as passengers are more likely to choose buses for their entire
journey.

@ Metro station

0 Bus station .«
l 7 9\

Fig. 2. The Chengdu metro-bus network.

@ Metro station
-+ OBus station i

Fig. 3. Metro station buffer.

To obtain a more accurate and comprehensive under-
standing of the Chengdu metro network, a network model
consisting of 293 nodes and 336 edges was constructed using
Python, as depicted in Fig. 4. The topological characteristics
of the network, including the node degree distribution and the
shortest path length distribution, were subsequently analyzed
(see Fig. 5). The basic features are as follows. (i) Transfer
and non-transfer stations: Of the 293 metro stations, 68 are
transfer stations, while the remaining 225 are non-transfer
stations. Transfer stations are primarily concentrated along
lines 1, 7, 6, 3, 18 and 19, indicating that these lines serve as
major transit routes traversing significant parts of the city. This
highlights the crucial role these lines play in facilitating daily
commutes and activities for Chengdu’s residents. (ii) Node
degree distribution: As shown in Fig. 5(a), most metro sta-
tions exhibit a node degree of 2, accounting for approximately
76.8% of the total nodes in the network. The maximum node
degree is 6, observed at the ”’Sichuan provincial people’s hos-
pital” station, which serves as a transfer hub for lines 2, 4 and
5. Meanwhile, a fitting analysis of the node degree distribu-
tion was performed using Python, and the results are shown
in Fig. 5(b), revealing that the node degree distribution of the
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Chengdu metro network

* Transfer station
e Line 1
® Line 2
Line 3
® Line 4
® Line 5
Line 6
Line 7
Line 8
® Line 9
Line 10
Line 17
Line 18
Line 19

Fig. 4. Topological structure of Chengdu metro network.
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analysis of the Chengdu metro net-

work. (a) Node degree distribution; (b) node degree distribution curve;

(c) shortest path length distribution.

Chengdu metro network can be approximated by the function
y = 46.63x7>%3 (iii) Shortest path length distribution: From
the perspective of the entire metro network topology, when any
two nodes are selected as the origin and destination for metro
travel, the journey typically passes through multiple nodes and
edges in the network graph. Therefore, the path length for this
trip is represented by the number of edges traversed along the
entire route. Based on the probability distribution of the short-
est path lengths within the Chengdu metro network as depicted
in Fig. 5(c), and excluding extremely short or long travel de-
mands, 80% of the shortest path lengths fall within the range
of 6-24. The average shortest path length is 14.16, meaning
that, on average, a passenger needs to pass through approxi-
mately 14 stations to travel between any two points within the
Chengdu metro network.

4.1. Characteristic analysis of passenger flow

In general, urban metro networks possess a fixed topolog-
ical structure, while passenger flow is dynamic and varies over
time, influencing the operational characteristics of individual
stations. As a result, it is crucial to analyze the fluctuations
in passenger flow and evaluate their impact on station perfor-
mance to more accurately identify critical stations within the
Chengdu metro network.

For this study, we collected operational data from the
Chengdu metro between May 1 and May 31, 2024. The data
set includes the daily total number of passengers entering and
exiting each station. To analyze the relationships in passen-
ger flow across different dates, we calculated the Pearson cor-
relation coefficients based on the daily total passenger flows
of all stations combined. The Pearson correlation coefficients
represent the degree of similarity in passenger flow patterns
between different days. A heatmap was generated to visualize
these correlations, where each cell indicates the correlation co-
efficient between two specific dates, with diagonal items repre-
senting the self-correlation of a given day. Figure 6 illustrates
this heatmap, depicting the Pearson correlation coefficients of
passenger flows between any two days in May 2024 for the
Chengdu metro network.

This figure clearly illustrates the significant variations in
passenger flow between weekdays and non-working days in
the Chengdu metro system. Specifically, the daily passenger
flow remained relatively stable on weekdays throughout May,
whereas it decreased on non-working days such as weekends
and holidays. Moreover, due to the rescheduling of the La-
bor Day holiday, May 11, which was originally a Saturday,
was designated as a working day. A comparison of May 11
with May 12, a non-working day, reveals notable differences
in passenger flow between the two days. These observations
highlight the importance of accounting for the spatiotemporal
variations in passenger flow when identifying critical stations
in urban metro networks.
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Daily passenger flow correlation heatmap
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Fig. 6. Daily passenger flow correlation heatmap in Chengdu metro.
4.2. Identification results based on the ITF algorithm non-working days. From the data in Table I, it can be ob-

Based on the topology and passenger flow data of the
Chengdu metro network, the proposed integrated topological-
functional (ITF) algorithm was applied to identify and rank
the critical stations. To emphasize the importance of the metro
network structure for future urban development while ad-
dressing the necessity of meeting current travel demands, the
weight parameters for the network structure and function were
set at iy = 0.6 and hp =
ble 1 presents the top 10 critical stations for both working and

0.4, respectively. On this basis, Ta-

served that 60% of the top 10 critical stations remain the same
between working days and non-working days, although their
rankings differ. This finding underscores the importance of
considering passenger flow variations when identifying criti-
cal stations. In addition, when examining the number of bus
stations within a 300-meter radius of the top six common crit-
ical metro stations, the “Chunxi road” station experiences the
greatest impact on metro passenger flow due to the travel de-
mand from passengers at six nearby bus stations. In contrast,

Table 1. Critical station identification results.

Rank Working days B3go Non-working days B3po
1 Chengdu east railway station 3 Chengdu east railway station 3
2 Chunxi road 6 Chunxi road 6
3 Chengdu west railway station 4 Tianfu square 3
4 Xipu railway station 2 Xipu railway station 2
5 South railway station 3 South railway station 3
6 Tianfu square 3 Chengdu west railway station 4
7 Century city 4 Western China int’I expo city 2
8 Third Tianfu street 6 Kuanzhaixiangzi alleys 2
9 Sichuan provincial people’s hospital 2 Gaoshenggiao 4
10 Haichang road 4 Chengdu zoo 3
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the remaining critical stations have around 2—4 bus stations in
their vicinity. This highlights the significant coupling effect
between the metro network system and the bus transportation
system.

Similarly, under this condition, figure 7 illustrates the ge-
ographical distribution of the critical stations in the Chengdu
metro network. Orange circles denote critical stations on
working days, green squares represent critical stations on non-
working days, and red stars indicate stations that are critical
on both working and non-working days. Notably, 90% of the
critical stations identified on working days and 80% of those
on non-working days are transfer stations. These results high-
light the importance for the Chengdu metro to prioritize the
protection and efficient management of these key stations dur-
ing daily operation. In addition, the analysis reveals that crit-
ical stations on working days are predominantly concentrated
in the city center, while those on non-working days are dis-
tributed across both the city center and the outskirts. This pat-
tern further reflects Chengdu’s dual role as a city well-suited

for both living and working.

Distribution map of critical stations

% Common critical stations
Working days critical stations

B Non-working days critical stations

Fig. 7. Distribution map of critical stations.

4.3. Metro network performance analysis

In this paper, we identify the critical stations within the
Chengdu metro network by considering both its topological
structure and operational functionality. To validate the superi-
ority of the proposed ITF method over other approaches, de-
liberate attacks were simulated to observe changes in the net-
work’s structure and functionality under attack. Specifically,
the nodes in the metro network were ranked based on their
importance as identified by various critical node identification
methods, including ITF, K-shell, degree centrality, between-
ness centrality, information entropy and passenger flow. Dif-

ferent attack intensities were then applied by selectively dis-
rupting nodes in order of their importance, removing varying
proportions of the most critical nodes. The impact of these
attacks was evaluated using two performance indicators: the
scale of the largest connected subgraph, which reflects the net-
work’s structural integrity and the relative global operational
efficiency, which quantifies the network’s functionality. Un-
der the same attack intensity, the greater the structural disrup-
tion and functional damage, the more important the attacked
nodes are, thereby demonstrating the effectiveness of the cor-
responding critical node identification method. Through these
experiments, the ITF method was shown to outperform other
methods in identifying nodes critical to the Chengdu metro
network.

4.3.1. Structure performance analysis

The robustness of urban metro networks refers to their
ability to maintain functionality when key components are
compromised or subjected to attacks. The largest connected
subgraph is utilized to describe the local connectivity of urban
rail networks and serves as a metric to assess the network’s
robustness under these conditions.
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ITF (h; =0.2, h,=0.8)
~ITF (h, =0.3, hy=0.7)
0.6 ~ITF (hy=0.4, hy=0.6)

«ITF (h,=0.7, h

,=0.
0.4 +ITF (h; =0.8, hy=0.2)
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Scale of largest connected subgraph

2.5 5.0 7.5 10.0 12.5 15.0 17.5 20.0

Percentage of nodes removed

Fig. 8. The largest connected subgraph of Chengdu metro network on
working days.
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Fig. 9. The largest connected subgraph of Chengdu metro network on
non-working days.

Figures 8 and 9 depict the changes in the size of the
largest connected subgraph in the Chengdu metro network un-
der targeted attacks on working days and non-working days,
respectively. It is observed that as the proportion of attacked

028902-9



Chin. Phys. B 34, 028902 (2025)

critical nodes increases, the scale of the largest connected sub-
graph progressively decreases.

On working days, when the proportion of removed nodes
is less than 5.1%, deliberate attacks on the critical nodes iden-
tified by degree centrality cause the greatest damage to the
Chengdu metro network, regardless of the parameter settings
hi and hy. However, when the proportion of removed nodes
exceeds 7.5%, the ITF method proposed in this paper con-
sistently outperforms degree centrality in identifying critical
nodes, regardless of the parameter settings. Attacks on these
ITF-identified nodes lead to a faster reduction in the size of
the largest connected subgraph. Once the proportion of re-
moved nodes exceeds 10%, the scale of the largest connected
subgraph drops significantly, indicating severe structural dam-
age to the entire network. Interestingly, when the proportion
of removed nodes lies between 5.1% and 7.5%, the accuracy
of these two methods in identifying critical nodes within the
metro network is influenced by the parameter settings. Since
h; gradually increases from 0.2 to 0.8, the critical attack inten-
sity at which the ITF method surpasses degree centrality grad-
ually decreases. This highlights that as the importance of the
network’s topological structure grows, the ITF method, which
integrates both network topology and passenger flow opera-
tional functionality, becomes increasingly accurate in identi-
fying critical nodes. In contrast, traditional methods based
solely on topological metrics, such as K-shell, betweenness
centrality and information entropy, perform less effectively.

On non-working days, the size of the largest connected
subgraph in the Chengdu metro network displays similar char-
acteristics under increasing proportions of attacked critical
nodes. The ITF method again demonstrates higher accuracy in
identifying critical nodes. However, methods that rely solely
on passenger flow data are less effective in this context. This
is because, in a megacity like Chengdu, passenger flow de-
mand on working days is strongly correlated with the metro
network structure. On non-working days, however, the vari-
ability in metro travel demand due to residents’ and tourists’
diverse leisure activities introduces a degree of randomness.
As a result, passenger flow-based methods fail to accurately
identify the true critical nodes in the metro network on non-
working days.

4.3.2. Operational efficiency analysis

The global efficiency of a network is a key metric that
characterizes the overall connectivity of an urban metro sys-
tem, indicating whether the metro network can maintain nor-
mal operation. Building on this concept, this paper introduces
a new metric, the relative global operational efficiency, de-
signed to evaluate the overall operational performance of pas-
senger flow operation within urban metro networks.
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Fig. 10. The passenger flow operational efficiency of Chengdu metro net-
work on working days.
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Fig. 11. The passenger flow operational efficiency of Chengdu metro net-
work on non-working days.

Figures 10 and 11 depict the changes in the relative global
operational efficiency of the Chengdu metro network when
subjected to attacks on critical nodes during both working days
and non-working days. As expected, the relative global oper-
ational efficiency decreases progressively as the proportion of
attacked critical nodes increases.

On working days, when the proportion of removed nodes
is less than 5%, the method based on degree centrality iden-
tifies critical nodes more effectively, regardless of the param-
eter settings h; and ;. However, when the proportion of re-
moved nodes exceeds 8.5%, attacks targeting the critical nodes
identified by the ITF method cause the greatest damage to
the Chengdu metro network, regardless of the parameter set-
tings. In this scenario, the passenger operational efficiency
of the metro declines sharply shortly after the node failures.
When the proportion of removed nodes exceeds 10%, the rel-
ative global operational efficiency of the network has already
dropped significantly, leading to severe losses in the metro net-
work’s operational functionality. Similarly, when the propor-
tion of removed nodes lies between 5% and 8.5%, the accuracy
of these two methods in identifying critical nodes is influenced
by the parameter settings. As h; gradually increases from 0.2
to 0.8, the critical attack intensity at which the ITF method
outperforms degree centrality gradually decreases. This indi-
cates that as the topological importance of the Chengdu metro
network increases, the ITF method becomes increasingly ac-
curate in identifying critical nodes. By integrating both net-
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work topology and passenger operational functionality, the
ITF method effectively balances these two aspects. In con-
trast, traditional methods based purely on network topology,
such as K-shell, betweenness centrality and information en-
tropy, demonstrate lower effectiveness in accurately identify-
ing critical nodes within the Chengdu metro network.

On non-working days, the relative global operational ef-
ficiency of the Chengdu metro network shows a similar pat-
tern, with a gradual decrease as the proportion of attacked
critical nodes increases. Once again, the ITF method exhibits
greater accuracy in identifying critical nodes. The primary dif-
ference lies in the critical threshold of removed nodes, which
decreases from 8.5% on working days to approximately 6.7%
on non-working days. Furthermore, the method based solely
on passenger flow performs poorly, lagging significantly be-
hind methods such as betweenness centrality and information
entropy in identifying critical nodes.

5. Conclusions and future research

With the rapid development of urban metro networks and
the swift expansion of transportation infrastructure, develop-
ing a highly accurate, reliable and cost-effective method for
identifying critical network nodes is of both theoretical and
practical significance. Building on traditional methods that
identify critical nodes based on network structural characteris-
tics, this paper proposes the integrated topological-functional
algorithm, which combines network topology and operational
functionality to assess the importance of nodes in urban metro
networks. The ITF method is compared with traditional node
importance identification methods, including degree central-
ity, betweenness centrality, K-shell and node degree-based in-
formation entropy. Subsequently, deliberate attacks are con-
ducted on the identified critical nodes, and the network’s struc-
ture and functionality are evaluated using two key metrics, the
size of the largest connected subgraph and the relative global
operational efficiency. The Chengdu metro network is selected
as a case study to validate the accuracy and reliability of the
ITF method.

The case-based numerical results reveal the following key
findings: (i) Impact of passenger flow distribution: the spatial
and temporal distribution of passenger flow in the Chengdu
metro network significantly affects the identification of crit-
ical nodes. Certain stations, such as Chengdu east station,
consistently rank as important across both working and non-
working days, while other stations, such as Tianfu square sta-
tion, show considerable differences in importance rankings be-
tween these scenarios. (ii) Effectiveness of ITF in network re-
silience: as the proportion of critical node attacks increases,
the ITF method demonstrates a more significant decrease in
both the size of the largest connected subgraph and the rela-
tive global operational efficiency compared to other node im-

portance identification methods. This indicates that the ITF
method more accurately identifies critical nodes, resulting in
greater damage to the network’s structure and functionality
when these nodes are compromised. (iii) Weighted integra-
tion of topology and functionality: the ITF method incorpo-
rates weighted considerations of both network topology and
operational functionality. The results show that as the weight
assigned to topological importance increases, the accuracy of
critical node identification improves. This highlights the supe-
riority of the ITF method over approaches that consider only
topological structure or operational metrics in isolation, under-
scoring the necessity of evaluating both topological and op-
erational attributes when assessing node importance in urban
metro networks.

This study demonstrates that the ITF algorithm offers
clear advantages in accurately identifying critical nodes, pro-
viding valuable insight for future planning and development
of the Chengdu metro system. For larger-scale applications
of the method, future research could explore the following ar-
eas: (i) Impact of multimodal transportation interactions: this
study focuses on the interaction between the metro and bus
systems, using a 300-meter buffer zone around metro stations
to assess the influence on metro passenger flow. However, the
optimal range for coupling interactions between transportation
modes remains unexplored. In addition, other transportation
modes, such as taxis and bicycles, may also impact passen-
ger flow. Future research should investigate the influence of
multimodal transportation systems on node importance within
metro networks. (ii) Optimization of network performance
metrics: while the current study’s network scale is moderate,
allowing for manageable time complexity in numerical anal-
ysis, larger-scale networks with tens of thousands of nodes
present challenges in calculating global network-related met-
rics. Addressing the computational complexity of these evalu-
ations will be crucial in advancing critical node identification
research. Developing more efficient metrics and methods will
be a key focus for future work.
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