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Żochowska and Marianna Jacyna

Received: 6 May 2022

Accepted: 11 June 2022

Published: 13 June 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

sustainability

Article

Dynamic Evolution Analysis of Complex Topology and Node
Importance in Shenzhen Metro Network from 2004 to 2021
Yangyang Meng 1,* , Qingjie Qi 1,*, Jianzhong Liu 2 and Wei Zhou 3

1 Institute of Emergency Science Research, China Coal Research Institute, Beijing 100013, China
2 China Coal Technology & Engineering Group, Beijing 100013, China; liujianzhong@ccteg.cn
3 Shenzhen Metro Group Co., Ltd., Shenzhen 518026, China; zw5@shenzhenmc.com
* Correspondence: mengyy17@tsinghua.org.cn (Y.M.); qi_qingjie@163.com (Q.Q.)

Abstract: With the prosperous development of the urban metro network, the characteristics of
the topological structure and node importance are changing dynamically. Most studies focus on
static comparisons, and dynamic evolution research is rarely conducted. It is necessary to track
the dynamic evolution mechanism of the metro network from the perspective of development. In
this paper, the Shenzhen Metro Network (SZMN) topology from 2004 to 2021 was first modeled
in Space L. Five kinds of node centralities in eight periods were measured. Then, the dynamic
evolution characteristics of the SZMN network topology and node centralities were compared.
Finally, an improved multi-attribute decision-making method (MADM) was used to evaluate the
node importance, and the spatiotemporal-evolution mechanism of the node importance was discussed
qualitatively and quantitatively. The results show that, with the spatiotemporal evolution of the
SZMN, the nodes became more and more intensive, and the network tended to be assortative. The
different kinds of node centralities changed variously over time. Moreover, the node importance of
the SZMN gradually dispersed from the core area of Chegongmiao–Futian to the direction of the
Airport and Shenzhen North. The node importance evolves dynamically over time, and it is closely
related to the changes in the node type, surrounding nodes and whole network environment. This
study reveals the dynamic evolution mechanism of the complex topology and node importance in the
SZMN, which can provide scientific suggestions and decision support for the planning, construction,
operation management and resilient sustainable development of the urban metro.

Keywords: complex topology; node centrality; node importance; dynamic evolution; urban metro network

1. Introduction

At present, urban-rail-transit (URT) networks are being vigorously constructed and
developed in many countries and regions in the world to alleviate the increasingly serious
issue of urban traffic congestion. As an important and modern urban public transport
means in daily traveling, the reasonable planning, operation and development of URT con-
tribute to the sustainability of the whole urban public transport system. The metro system
is characterized by high speed, punctuality, a large volume of traffic, a long distance, safety,
efficiency, environmental protection, and little influence from the outside. It undertakes a
large number of passenger transportation tasks and is an important infrastructure guar-
antee for the normal operation of the city. Nowadays, the metro construction is booming
prosperously, and the line network is being increasingly developed. By 31 December 2021,
50 cities in the Chinese Mainland had opened rail transit systems, with 283 lines in opera-
tion, and a total length of 9206.8 km. Among them, the operation length of the metro is
7209.7 km and it accounts for 78.3% [1]. A total of 24 cities have line networks of 100 km
or more, among which Shanghai Metro and Beijing Subway have gradually formed a
super-large line network, and Shenzhen Metro ranks seventh, with a total length of more
than 400 km. URT in China has entered a development era of network operation with the
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characteristics of interconnection and seamless transfer. For the urban metro, the scientific
planning of the network scale and the rational distribution of the spatial structure are
of great significance to the resilient sustainable development of the urban transportation
system [2,3].

The metro system is an intricate network that is composed of multiple nodes and
edges [4,5]. The network topology is very important for the metro network, which is the
skeleton and foundation of the metro-system operation [6,7]. The interaction of dynamic
information between nodes and lines makes the metro network an open nonlinear real-
time dynamic complex system [4,8]. With the development of the metro network, new
lines appear constantly, station types become more and more diversified and the network
topology becomes more and more complex. Accordingly, the redistribution of the passenger
flow that is caused by opening new lines causes the spatiotemporal characteristics of the
network to constantly change [9–11]. Because of this, the topology and node importance
in the actual metro network will be different. In view of this, it is necessary to discuss the
evolution characteristics and mechanism of the metro network, and the node importance.
Then, we can better understand the development law of the metro network at the present
stage to provide a solid foundation for the planning and construction of the metro network
in the future. Meanwhile, scientific suggestions for the optimization and sustainable
development of the metro-network structure can be provided.

Up to now, it has been a mainstream direction to study the spatial topological struc-
ture of the metro network by combining complex network theory [12,13], graph theory,
mathematical statistics and geographic visualization [14–17]. Many studies on this topic
mainly focus on the following aspects: (1) the topological characteristics of the entire net-
work [18], such as the small-world [19,20] and scale-free [21,22] effects, which are analyzed
on the basis of the classical statistical indicators [23] of complex networks, such as the
average shortest path length or diameter, network efficiency, density, assortativity [24,25],
etc.; (2) the topological features or node importance [26,27] of metro stations, which are
evaluated on the basis of the centrality parameters of network nodes [17], such as the
degree centrality (DC) [28], betweenness centrality (BC) [29], closeness centrality (CC) [29],
eigenvector centrality (EC) [8,28] and PageRank (PR) [30]; (3) the vulnerability [31–34], ro-
bustness [35–37] and resilience [38–41] of the metro-complex network, which are evaluated
on the basis of (1) and (2); (4) the dynamic evolution law of a network or node, which is
studied, and the rationality of the network development, which is assessed [42–45]; (5) the
characteristics of the metro complex network with weighted passenger flow and traffic
flow, which are analyzed [4,8,46].

From the current studies, it can be found that in-depth studies have been conducted
on the static network and node characteristics of the metro system, and many achievements
have been obtained. However, for the real-time evolution of the metro system, the sus-
tainability of dynamic development is particularly important. In addition, for some cities
with prosperous metro constructions, the rationality of subsequent metro-line planning
plays a very important role in the sustainable development of the urban public transporta-
tion system [2]. Therefore, it is necessary to combine the static and dynamic topology
characteristics and expand the research period to a larger scope from the perspective of
development, covering the past, present and even the future. It is better to track and judge
the development of the metro system according to the opening times of lines so that the
analysis results can be more valuable for the construction and planning of the metro system
in the future. However, the current research on the node-importance evolution needs to be
strengthened and deepened further.

Furthermore, it is more meaningful to pay attention to some important key nodes
for the metro operation and safety management. Thus, the node importance needs to be
identified and evaluated, which can be achieved based on the widely used node centrality
indexes. However, there are some shortcomings and limitations in the indexes. For exam-
ple, the DC only uses very limited information and cannot effectively identify important
link nodes. Information on the entire network structure is used by the BC and CC, but the
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calculations need to traverse the entire network in advance and they have high computa-
tional complexity [47–49]. Studies have shown that the multi-attribute decision-making
method (MADM) is superior to a single attribute in the validity and rationality of the
evaluation results [50,51]. Moreover, the key node importance will change in the process
of the network evolution. It is necessary to combine the macronetwork and micronodes.
Investigating the real-time dynamic evolution of the metro network from the standpoint of
development can help to improve our understanding of the metro network’s sustainability.

In view of the above problems, the dynamic evolution characteristics of complex topol-
ogy and node importance are studied in this paper, taking the SZMN as the research object.
First, according to the opening time, SZMN-complex-network modeling was conducted for
all periods of time. Second, the evolution law with the time of the SZMN spatial structure
was quantitatively analyzed in combination with some network topology indexes. Third,
the dynamic-distribution characteristics of the node centrality were analyzed from different
angles, and the development of the network was evaluated. Finally, based on an improved
multi-attribute decision algorithm, the identification, ranking and GIS visualization of the
node importance were realized. Moreover, the evolution mechanism of the node impor-
tance over time was analyzed qualitatively and quantitatively. Furthermore, some key
nodes were taken as examples to analyze the influencing factors of the node-importance
evolution. The research results on the dynamic evolution of the complex topology and node
importance in the Shenzhen Metro Network can provide a scientific basis and decision sup-
port for the planning, construction, operation management and sustainable development
of the Shenzhen Metro, which has important theoretical and practical significance.

The remainder of this paper is organized as follows: In Section 2, the methodology
is described in detail. In Section 3, a numerical analysis and discussions are presented.
Finally, the conclusions and future research are summarized in Section 4.

2. Methodology
2.1. Complex Topology Modeling of Metro Network

Compared with several classical complex network Space models [52] (such as Space
L/P/C/B, etc.), the Space L model emphasizes the adjacent function of nodes, which is
closest to the real metro network. Therefore, Space L was applied in this study to construct
the complex topological model of the SZMN.

The SZM initially opened some stations of L-1 and L-4 on 28 December 2004, and
these slowly developed into today’s SZMN. From 1 January 2004 to 31 December 2021, the
SZM opened 15 new stations. Now, the SZMN owns 12 lines and 289 stations (including
some transfer stations). If all the transfer stations only count once, the SZMN has a total
of 240 stations. Among a total of 42 transfer stations, one is a four-line transfer station
(Chegongmiao), 4 are three-line transfer stations (Futian, Qianwan, Shenzhen North Station
and Fumin), and 37 are two-line transfer stations. Here, we number all the stations from
top to bottom according to the order of L-1/2/3/4/5/6/7/8/9/10/11/20. For instance,
the ID of Luohu Station in L-1 is 0, and Guomao Station’s ID is 1. Moreover, for those
transfer stations, the IDs will be the numbers with the smaller lines. Thus, we can number
all stations as shown in Figure 1.

In the Space L model, each station represents a node, and vi is the ith station. The
SZMN can be converted into a network (G = (V, E)), where V = {vi, i = 1, 2,· · ·, N} is the
node set, and E =

{
eij, i, j = 1, 2,· · ·, N, i 6= j

}
is the edge set. eij =

(
vi, vj

)
represents the

connections that consist of two adjacent nodes (i, j). If two nodes (i, j) are adjacent, eij = 1;
otherwise, eij = 0. Thus, an adjacency matrix (A =

[
aij
]
) is generated, and the dimension of

the A is the network size (N). The Space L model of the SZMN is shown exactly in Figure 1.
From the website https://en.wikipedia.org/wiki/Shenzhen_Metro (accessed on

1 January 2022), the specific opening time of the SZMN can be known. The SZMN has
evolved into an increasingly complex transportation network over time, and the passenger
flow volume has increased year by year (except for the decline in 2020 due to COVID-19).

https://en.wikipedia.org/wiki/Shenzhen_Metro
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Specifically, only one station opened in 2007, and so the SZMN during 2004–2021 can be
divided into eight periods (as shown in Table 1), which each represent the end of the year.
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Figure 1. Shenzhen Metro System Map in January 2022.

Table 1. The existing lines in eight periods of SZMN from 2004 to 2021.

No. Periods Existing Lines

1 2004 L-1/4
2 2009 L-1/4
3 2010 L-1/2/3/4
4 2011 L-1/2/3/4/5
5 2016 L-1/2/3/4/5/7/9/11
6 2019 L-1/2/3/4/5/7/9/11
7 2020 L-1/2/3/4/5/6/7/8/9/10/11
8 2021 L-1/2/3/4/5/6/7/8/9/10/11/20

2.2. Statistical Measurement of Node Centrality

In graph theory and complex network analysis, the node centrality measurement is
an important and effective method for complex-topological-characteristics analysis and
node-importance evaluation. In URT networks, the node centrality refers to the connection
degree between the stations in the whole network. So far, many topology indicators, such
as DC, EC, BC, CC, PR, etc., have been deeply studied to illustrate the influence of the nodes
in the networks from different perspectives. Table 2 shows the corresponding definitions
and calculation formulas [46] of five node centralities.
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Table 2. The definitions and calculations of node centralities.

Index Definition Formula

DC [28] DC measures the total number of
connected edges of a node. ki = ∑N

j αij, DCi =
ki

N−1

EC [8,28] EC can identify the different effects of
neighbor ones on a node on it.

λei =
N
∑

j=1
αijej

e = [e1 , e2, · · · en]
T

BC [29] BC is the shortest number of paths
through a node. BCi = ∑

i 6=j 6=k

σjk(i)
σjk

CC [29]
CC is used to measure the ability of a
station to affect another node through
the network.

CCi =
N−1

∑N
j=1,i 6=j dij

PR [30]
PR is used to calculate the ranking of
nodes in a graph based on the structure
of incoming links.

PR(i) = (1− λ) 1
n + λ ∑

j:j→k

PR(j)
dj

For the EC, if node i and node j are connected, then node j and node i are more
important. EC is different from DC. For a high-DC node that usually has many connections,
its EC may not be high because the connected nodes may have low ECs. Similarly, a high-EC
node may not have a high DC. If it owns a few but significant connectors, then it also can
have a high EC. Moreover, the BC emphasizes that if a node (i) is in the multiple shortest
paths to other nodes, then the i is the core node and it has a large BC. The CC emphasizes
the position of a node in the whole network. Compared with the BC, the CC is closer to
the geometric center of a network. Comparatively speaking, DC utilizes only the local
characteristics of a network, while BC and CC take advantage of the global characteristics of
the network. Furthermore, the PR calculates the node ranking in the graph (G) based on the
structure of incoming links. It was originally designed as an algorithm to rank web pages.
The PR underlines those nodes with the same degree that may have different importance.
It considers incoming links from strongly linked nodes to be more important than those
links from nodes with fewer connections. Figure 2 depicts a graphic representation of the
five node centralities mentioned above.
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2.3. Identification and Ranking of Node Importance

The basic concepts and calculations of node centralities are explained in Section 2.2.
These node centralities emphasize the positions and roles of the nodes in the network
from different perspectives. However, a single index is insufficient for measuring the node
influence. For instance, DC makes use of very limited information and cannot effectively
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identify the important chain nodes [48,53]. EC utilizes the importance of the adjacent
node. There are some disadvantages and limitations for global metrics, such as CC and
BC [47]. Moreover, the convergence degree of the PR in the iterative process is affected
by the parameter (λ) and the connected state of the nodes. Therefore, it is necessary to
seek an MADM method to comprehensively measure the node importance. Here, we
selected a common multi-objective decision method with limited options, which is, namely,
the Technique for Order of Preference by Similarity to Ideal Solution (TOPSIS) algorithm.
The TOPSIS algorithm is currently widely used due to its superiority in the evaluation
results [54–56], but we need to consider the data-processing problem and the weight of
each index.

In this paper, to eliminate the dimensional and magnitude differences between dif-
ferent indexes, a classic min–max normalization approach [57] was chosen for the lin-
ear transformation of the original data. Then, the weights could be acquired with the
coefficient-of-variation method. Moreover, the weights and normalized data were input
into the TOPSIS algorithm for calculation. Finally, the comprehensive node importance (C)
could be obtained. The specific steps are as follows:

Step 1: Establish the index evaluation matrix: XNm =
[
xij
]
, i = 1, 2,· · ·, n; j = 1, 2,· · ·, m,

where m is the number of evaluation indexes, and xij represents the jth index of the ith node.
Normalize all indexes (XNm) with the min–max-normalization approach, and make their
range into [0, 1]:

x∗ij =
xij − min

1≤k≤n

{
xkj

}
max

1≤k≤n

{
xkj

}
− min

1≤k≤n

{
xkj

} (1)

Step 2: Calculate the standard deviation (Sj). If a negative index exists, it should be
converted into a positive index by inverting it or acquiring its negative. Calculate the
variation coefficient: Vj = Sj/xj (i.e., divide the standard deviation of each indicator by its
mean). Vj is normalized to obtain the weight of each index: Wj = {w1, w2,· · ·, wm}.

Wj = Vj/ ∑m
j=1 Vj (2)

Step 3: Multiply the columns of the normalized matrix by the weights: Z = SWj,
zij =

{
sijwj

}
. For each column Zi of Z, the maximum of Zi (i.e., Zimax) is the ith dimension

of the positive ideal solution (Z+), and the minimum of Zi (i.e., Zimin) is the ith dimension
of the negative ideal solution (Z−). Then, separately calculate the distance D+ and D−:

D+ =

√
∑n

j=1

(
Zimax − zij

)2 (3)

D− =

√
∑n

j=1

(
zij − Zimin

)2 (4)

Step 4: Calculate the relative closeness to the ideal solution (C), and rank the C
according to its value. Finally, the assessment results (C = {C1, C2, · · · , Cn}) of all indexes
can be output:

C =
D+

D+ + D−
∈ [0, 1] (5)

3. Numerical Analysis and Discussions
3.1. Dynamic Evolution Analysis of Network Topology

By analyzing the topology structure of each period in the SZMN (as shown in Figure 3),
the network characteristics can be obtained and described by several of the parameters in
Table 3. These parameters are defined and calculated as follows: N, E and L are the numbers
of nodes, edges and lines, respectively. APL is the average shortest path length, which
means the average distance between all the pairs of nodes. D is the diameter of the network,
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and ρ is the density of the network. δ and θ are the local and global efficiencies of the
network, respectively. σ is the degree assortativity coefficient. The above parameters can
be computed by the programming package Network X in Python. Moreover, we introduced
two additional parameters: β and γ. β is the type of network and it can be obtained by
β = E/N. γ is the number of loops and it can be calculated with γ = E− N + L.

By combining Figure 3 and Table 3, it can be seen that the number of nodes (N), number
of edges (E) and number of lines (L) gradually increased from 2004 to 2021, indicating that
the network was gradually developing and expanding. Here, the parameter β = E/N is
introduced. If β > 1, then the network tends to be a loop-type network, and the number of
loops can be described as γ = E− N + L, while if β < 1, then the network is more likely to
be a tree-type network [2]. With the evolution of time, the β gradually increases; that is, the
SZMN tended to be a loop network before 2011, and it then developed to a tree network.
At the same time, the number of loops increased over time, indicating that the SZMN has
been increasingly developed.

The APL and D are used to measure the network distance. What needs illustration
is that the results of the APL and D of 2010 cannot be gained because L-3 could not be
connected to other lines. There will be errors in the calculation when the graph (G) is not
connected. On the whole, the APL showed a fluctuating trend, and then rose to 13.7 in 2021.
The D basically remained between 42 and 43 after 2011. The APL is much smaller than the
network size (N), indicating the small-world effect [17,58,59] in the SZMN. The network
density (ρ = 2E/N(N − 1)) is used to describe the intensive degree of interconnecting
edges between nodes and it ranges from 0 to 1. Generally speaking, the density of large-
scale networks is less than that of small-scale networks. The ρ of the SZMN gradually
decreased from 0.111 to 0.096, which indicates that the network nodes were becoming
denser and denser.

Table 3. The topology parameters of SZMN from 2004 to 2021.

Period N E L β γ APL D ρ δ θ σ

2004 18 17 2 0.944 1 5.19 14 0.1111 0 0.3179 −0.2289
2009 22 21 2 0.955 1 6.16 17 0.0909 0 0.2799 −0.0194
2010 49 47 4 0.959 2 — — 0.0400 0 0.1281 −0.0066
2011 118 126 5 1.068 13 13.62 43 0.0183 0.0042 0.1239 0.1534
2016 166 190 8 1.145 32 11.64 43 0.0139 0.0026 0.1323 −0.0431
2019 181 207 8 1.144 34 11.70 43 0.0127 0.0024 0.1292 −0.0283
2020 236 271 11 1.148 46 13.60 42 0.0098 0.0037 0.1110 0.0603
2021 240 275 12 1.146 47 13.70 42 0.0096 0.0036 0.1099 0.0608

The local efficiency (δ) measures how information is efficiently transmitted through
the direct neighbors of a node and it reflects the network’s ability to defend against random
attacks to a certain extent. As can be seen from Table 3, the δ before 2011 was 0, and it
then decreased from 0.0042 to 0.0024, and finally rose to 0.0036 in 2021. The trend indicates
that the information transmission between the nodes was more and more efficient and the
fault-tolerant ability was stronger. The global efficiency (θ) describes the network’s ability
to process information in parallel. The APL and θ measure the global transmission capacity
of a network. The shorter the APL and higher the θ, the faster the information transfer
rate between nodes. The θ of the SZMN gradually decreased over time, indicating that
the global efficiency of the information transmission between the nodes decreased, but the
information transmission efficiency of the local network became higher.
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The degree assortativity coefficient (σ) is used to measure the similarity in the links
and the changes in [−1, 1]. If a network is assortative in degree (i.e., σ ∈ [0, 1]), then the
high-degree nodes tend to connect with the high-degree ones. In contrast, if the network is
disassortative (i.e., σ ∈ [−1, 0]), then the high-degree nodes tend to be associated with the
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low-degree ones. The σ results of the SZMN show that the network was assortative in 2011,
2020 and 2021, and that the rest were disassortative. It can be concluded that the similarity
in the network connections changed dynamically in the process of the SZMN construction.
This is due to the fact that the opening of new lines leads to more low-degree nodes around
the high-degree nodes. With the reasonable planning of lines in the future, the SZMN will
become more and more assortative.

To sum up, it can be seen from the indexes of the β, γ, APL, D, ρ, δ and σ that the
topological structure parameters of the SZMN changed greatly around 2011. This is because
all of the lines could be connected through transfer stations, and the network changed from
the tree type to the loop type, with the nodes becoming much closer.

3.2. Dynamic Evolution Analysis of Node Centrality

Based on the node centrality indexes (DC/EC/BC/CC/PR) of the SZMN from 2004 to
2021, the dynamic evolution analysis of the node centrality was carried out. Table 4 shows
the average node centralities of the SZMN in each period. In 2010, the EC of the nodes is
missing due to the disconnection of the network. It can be clearly seen that, with the time
evolution, the DC, EC and PR show trends of annual decline, while the average degree
(k) increased year by year. The BC decreased gradually after a sudden increase in 2011.
Moreover, the CC is different from the other indicators: it increased after a sharp decline
in 2010, and then fluctuated slightly. In general, with the expansion of the SZMN, the
connection between nodes became closer, and the overall network structure tended to
be coordinated.

Table 4. The average node centralities of SZMN in each period.

Period DC EC BC CC PR

2004 0.1111 0.1763 0.2618 0.2036 0.0556
2009 0.0909 0.1475 0.2580 0.1715 0.0455
2010 0.0400 — 0.0854 0.0719 0.0204
2011 0.0183 0.0328 0.1088 0.0771 0.0085
2016 0.0139 0.0315 0.0649 0.0915 0.0060
2019 0.0127 0.0294 0.0598 0.0908 0.0055
2020 0.0098 0.0248 0.0538 0.0783 0.0042
2021 0.0096 0.0244 0.0534 0.0776 0.0042

DC. The DCi is proportional to the importance of the node (i) in the network. Figure 4a
shows the frequency-distribution histogram of the node degree (ki) in the SZMN at different
periods. Nodes with k = 2 account for the highest proportion in each period, indicating
that the scale-free characteristics of the SZMN were more obvious. That is, a few hub
nodes played leading roles in the network operation. The proportion of nodes with k = 2
changed with an N-type trend over time. Moreover, it reached the maximum of 82.2%
in 2011, then dropped to 76.5% in 2016, and finally rose to 78.3% in 2021. In contrast,
the proportion of nodes with k = 4 exhibited the И type, with the lowest proportion
of 2.04% in 2010, and the highest proportion of 13.3% in 2016. Meanwhile, nodes with
k = 8 (namely, four-line transfer stations) began to appear in 2016, and their proportion
shows a decreasing trend year by year. In general, the SZMN shows the characteristics of a
small-world network with a small number of high-degree nodes (hubs) [16,21,59]. With
the development of the network, the SZMN tended to be developed, and the proportion of
low-degree nodes gradually decreased. Moreover, after removing the nodes with k = 1, the
fitting result of the accumulative degree clearly shows the truncated power-law distribution
( p(k) ∼ k−λ) in the log–log coordinate system. The fitting accuracy (R2) is 0.98 and
above (as plotted in Figure 4b). The λ decreased from 7.32 in 2010 to 3.67 in 2016, and
then stayed around 3.8. This, combined with the fact that the proportion of nodes with
low degrees (k = 1, 2) decreased from 94% to 83%, shows that the scale-free [60] and
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heterogeneous [4] characteristics of the SZMN become more and more evident with the
expansion of the network.

Sustainability 2022, 14, x FOR PEER REVIEW 10 of 20 
 

Table 4. The average node centralities of SZMN in each period. 

Period 𝑫𝑪തതതത 𝑬𝑪തതതത 𝑩𝑪തതതത 𝑪𝑪തതതത 𝑷𝑹തതതത 
2004 0.1111  0.1763  0.2618  0.2036  0.0556  
2009 0.0909  0.1475  0.2580  0.1715  0.0455  
2010 0.0400  — 0.0854  0.0719  0.0204  
2011 0.0183  0.0328  0.1088  0.0771  0.0085  
2016 0.0139  0.0315  0.0649  0.0915  0.0060  
2019 0.0127  0.0294  0.0598  0.0908  0.0055  
2020 0.0098  0.0248  0.0538  0.0783  0.0042  
2021 0.0096  0.0244  0.0534  0.0776  0.0042  

DC. The 𝐷𝐶௜ is proportional to the importance of the node (i) in the network. Figure 
4a shows the frequency-distribution histogram of the node degree (𝑘௜) in the SZMN at 
different periods. Nodes with 𝑘 = 2 account for the highest proportion in each period, 
indicating that the scale-free characteristics of the SZMN were more obvious. That is, a 
few hub nodes played leading roles in the network operation. The proportion of nodes 
with 𝑘 = 2 changed with an N-type trend over time. Moreover, it reached the maximum 
of 82.2% in 2011, then dropped to 76.5% in 2016, and finally rose to 78.3% in 2021. In con-
trast, the proportion of nodes with 𝑘 = 4 exhibited the И type, with the lowest proportion 
of 2.04% in 2010, and the highest proportion of 13.3% in 2016. Meanwhile, nodes with 𝑘 =8  (namely, four-line transfer stations) began to appear in 2016, and their proportion 
shows a decreasing trend year by year. In general, the SZMN shows the characteristics of 
a small-world network with a small number of high-degree nodes (hubs) [16,21,59]. With 
the development of the network, the SZMN tended to be developed, and the proportion 
of low-degree nodes gradually decreased. Moreover, after removing the nodes with 𝑘 =1, the fitting result of the accumulative degree clearly shows the truncated power-law 
distribution (𝑝ሺ𝑘)~𝑘ିఒ) in the log–log coordinate system. The fitting accuracy (𝑅ଶ) is 0.98 
and above (as plotted in Figure 4b). The 𝜆 decreased from 7.32 in 2010 to 3.67 in 2016, and 
then stayed around 3.8. This, combined with the fact that the proportion of nodes with 
low degrees (𝑘 = 1, 2) decreased from 94% to 83%, shows that the scale-free [60] and het-
erogeneous [4] characteristics of the SZMN become more and more evident with the ex-
pansion of the network. 

  
(a) (b) 

Figure 4. (a) The frequency-distribution histogram of node degree (𝑘௜) in SZMN; (b) the truncated 
power-law distributions of accumulative degree in SZMN. 

EC. For the node (i), the 𝐸𝐶௜  measures the sum of the importance of its adjacent 
nodes [8]. The frequency-distribution histograms and normal fitting curves of the EC in 

Figure 4. (a) The frequency-distribution histogram of node degree (ki) in SZMN; (b) the truncated
power-law distributions of accumulative degree in SZMN.

EC. For the node (i), the ECi measures the sum of the importance of its adjacent
nodes [8]. The frequency-distribution histograms and normal fitting curves of the EC in
different periods are plotted in Figure 5. It can be clearly seen that the normal fitting curves
of the EC frequency distribution in 2004 and 2009 were flatter, with a larger mean and
standard deviation. Based on the EC distribution in each period, we concluded that the EC
in the initial stage of the network was generally large and then tended to decrease. However,
some key stations, such as Chegongmiao, the Convention & Exhibition Center, Civic Center,
Futian, etc., were still high in EC compared with the others at any period, which is owing
to the fact that the adjacent nodes around these keys were also more important. Nodes
with high ECs tended to make up the key areas of the network.
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BC. According to Figure 2, the BCi is used to determine the middlemost node in
the network, which plays a bridge role in the network. Nodes with larger BCs represent
more critical nodes (such as hub nodes) in the network [4,17,46]. The heat maps of the BC
distribution and the frequency-distribution histograms under each period of the SZMN
are shown in Figure 6a,b. The nodes with high BCs in each period are multiline transfer
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stations, and their control over the physical network is stronger than ordinary stations.
For example, Chegongmiao Station (ID = 10) became the most critical hub of the whole
network after changing from an ordinary station to a four-line transfer station in 2016.
Similarly, Futian Station (ID = 49) changed from a two-line transfer station to a three-line
transfer station, which resulted in the rise in the status of the network. Based on the BC
frequency-distribution histograms of different periods, the network-development period
can be divided into two stages, including [2004, 2011] and [2016, 2021]. As plotted in
Figure 6b, the normal fitting curves are also divided into two groups according to the shape.
Three new lines (L-11/7/9) opened in 2016, and they had greater influences on the entire
network topology.
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CC. The node (i) has high CCi if the shortest distance to any other node in the graph
(G) is small [60]. The CC is closer to the geometric centrality than the BC. From Figure 7a,
we can clearly see the heat map of the CC distribution of all the nodes in the SZMN. With
the dynamic evolution, the nodes at the geometric center of the network changed from
Exhibition Center (ID = 7) to Futian (ID = 49) and Children’s Palace (ID = 63). Moreover,
the region formed around these three stations can be considered the geometric center range
of the SZMN. However, the center position, in the geometric sense, is not exactly equal to
the functional center of the network. It is defective to judge the node importance according
to the single centrality index, which is made up in Section 3.3 by integrating the multiple
indicators. On the whole, the CCs of all the nodes have almost the same development trend
over time. Similar to the DC/EC/BC, the fitting curves of the CC frequency-distribution
histogram of all nodes (as shown in Figure 7b) also show oblate and flat trends for 2004 and
2009. Subsequently, the number of nodes increased, and the shortest travel distance from
one node to other nodes became shorter. Such a network development trend is reasonable
for the time being.

PR. The PR is derived from the webpage rank and is often used to evaluate the
webpage optimization, emphasizing that a more important webpage is often referenced by
other webpages. In the traffic-complex network, the PR is used to identify the key nodes
that have greater impacts on the traffic efficiency in the traffic system [30]. Because the
PRs of the nodes in the early stage of the network differed greatly from those in the later
stage, the PRs of all nodes in each period were normalized based on Equation (1) for better
comparison. Thus, all the PRs of all nodes were between [0, 1], and the specific results are
shown in Figure 8a. With the development of the network, the node with the highest PR
was always the Convention & Exhibition Center Station (ID = 7) from 2004 to 2010, and
it became Shenzhen North Station (ID = 94) in 2011. From 2016 to 2021, Chegongmiao
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Station (ID = 10) owns the highest PR due to its four-line transfer ability. It can be seen
that the nodes with the highest PRs are all multiline transfer stations. At the same time,
these transfer nodes with high DCs and BCs often play greater control roles in the network
and affect other nodes around them. Therefore, these key nodes should be managed and
controlled to prevent the vulnerability caused by the deliberate attack. The normal fitting
curves of the PR frequency distribution shown in Figure 8b are similar to the four index
curves mentioned above, which indicates that the network was very unstable in the early
stage of construction.
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3.3. Dynamic Evolution Analysis of Node Importance

Combined with the centrality-distribution results of all nodes in Section 3.2, and the
multi-attribute decision method proposed in Section 2.3, the identification and ranking of
the node importance were achieved. In this way, five indicators (DC/EC/BC/CC/PR) of all
the nodes in each period of the SZMN could be applied to calculate the node importance
(i.e., XNm =

[
xij
]
, i = 1, 2,· · ·, n; j = 1, 2,· · ·, 5), and the n in each period is the number
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of nodes. The weights (Wj) occupied by the five indicators could be calculated with the
discretization coefficient method and they are shown in Table 5. What needs illustration is
that four indicators (DC/BC/CC/PR) of all the nodes in 2010 were applied to calculate the
node importance (C) due to the missing EC of 2010. Thus, when we take 2010 out of the
picture, the weight proportion in the five indicators in descending order is EC, BC, DC, PR
and CC. Overall, the five indicators increase at first, then decrease and finally maintain a
relatively stable level. Among them, 2010 and 2011 are the two periods that caused large
fluctuations in the data.

Table 5. The weights (Wj ) of the five indicators in each period of SZMN.

Wj DC EC BC CC PR

2004 0.139 0.353 0.303 0.09 0.116
2009 0.121 0.404 0.29 0.087 0.098
2010 0.155 — 0.569 0.152 0.125
2011 0.077 0.65 0.166 0.049 0.057
2016 0.094 0.527 0.257 0.052 0.07
2019 0.09 0.521 0.274 0.049 0.067
2020 0.088 0.553 0.245 0.053 0.062
2021 0.087 0.551 0.249 0.052 0.061

For a node (i), its node importance (Ci) evolves dynamically over time, which is closely
related to the changes in the node type, surrounding nodes and network environment. The
node-importance-ranking results for the SZMN from 2004 to 2021 can be visualized with
the GIS heat map and they are shown in Figure 9. The redder the color in the picture, the
more important the node. The node with the largest C value in 2004 and 2009, (namely, the
most important node) is the Convention & Exhibition Center Station (ID = 7), and, at that
time, it was the only two-line transfer station. In 2010, two new lines were opened, and
the most important node was the Window of the World station. The Window of the World
Station (ID = 14) realized the connection of the three lines and its importance surpassed
that of the Convention & Exhibition Center. Since 2011, the network topology has become
luxuriant. Opening L-5 in 2011 allowed passengers to reach any station. Thus, Futian
Station (ID = 49) became the most important station because it had the most transfer
stations around it. With Futian as the center, the area became the core place of the whole
network (where the red is more concentrated in Figure 9d).
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After opening three new lines (L-11/7/9) in 2016, Chegongmiao Station (ID = 10)
changed from an ordinary station to a four-line transfer station and became the core of
the entire network topology. Thus, Futian Station turned into the second most important
node due to its connection with Chegongmiao. Compared with 2011, the important areas
began to extend in the airport direction in 2016. Qianhaiwan Station (ID = 21) showed
a dramatic difference in that it transformed from two-line transfer in 2016 to three-line
transfer in 2019. Thus, its node importance rose from 22nd to 17th. Moreover, the newly
opened L-6/10 in 2020 changed the structural importance of some of the nodes. Among
them, the change in Shenzhen North Station (ID = 94) was analogous to Qianhaiwan, and
its node importance rose from 35th to 25th. There were few differences in the overall trends
in the node importance in 2020 and 2021.

With the spatiotemporal evolution of the network, the importance of the same node
may have been variational in different periods. Therefore, for a node (i), we should not
directly compare the Ci value at different periods. To eliminate the defect, the node-sorting
number (RankCi ) is further given the relative value: Rank∗Ci

= RankCi /Nk, i = 1, 2,· · ·, n,
where Nk is the number of nodes in each period, and k = 1, 2,· · ·, 8. It is more reasonable to
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analyze the dynamic evolution law of the node importance based on Rank∗Ci
. To explain

the different influences of the network development on the node importance, the following
are some examples for detailed discussions.

The broken-line trends of the node importance of some stations over time are plotted
in Figure 10. We can see that the Convention & Exhibition Center Station (ID = 7) played
an important role in the whole network from 2004 to 2021, with a relative importance
Rank∗C7

above 94.4%. Meanwhile, the Rank∗C7
of Chegongmiao Station (ID = 10) remained

above 99.4% after it became a four-line transfer station. The broken lines of Rank∗C7
and

Rank∗C10
present upward trends analogously in Figure 10. However, the line of the Window

of the World Station (ID = 14) increases at first, then decreases and the peak value appears
for 2011. Futian Station (ID = 49) emerged in 2011, and its Rank∗C49

decreases first, and then
increases and is maintained above 98.8%. Moreover, the Rank∗Ci

trend lines of Civic Center
Station (ID = 50) and Fumin Station (ID = 89) are similar in shape, and both appear at
the lowest point in 2010 and then maintain a high level. Thus, we can conclude that the
importance of the different nodes may not be the same in a certain period. At the same
time, the importance of the same node may also vary in different periods. Therefore, the
comprehensive analysis should be conducted from the perspective of dynamic development
when we evaluate the node importance, and conclusions that are drawn only from a certain
period may be one-sided.

Sustainability 2022, 14, x FOR PEER REVIEW 16 of 20 
 

decreases first, and then increases and is maintained above 98.8%. Moreover, the 𝑅𝑎𝑛𝑘஼೔∗  
trend lines of Civic Center Station (ID = 50) and Fumin Station (ID = 89) are similar in 
shape, and both appear at the lowest point in 2010 and then maintain a high level. Thus, 
we can conclude that the importance of the different nodes may not be the same in a cer-
tain period. At the same time, the importance of the same node may also vary in different 
periods. Therefore, the comprehensive analysis should be conducted from the perspective 
of dynamic development when we evaluate the node importance, and conclusions that 
are drawn only from a certain period may be one-sided. 

 
Figure 10. The broken-line trends of node importance of some stations in SZMN. 

From the analysis above, we can draw the following conclusions: with the dynamic 
evolution of the time, the node importance of the SZMN began to disperse gradually from 
the core area of Chegongmiao–Futian to the direction of the Airport and Shenzhen North 
(high-speed railway station). The network development was reasonable, and it can avoid 
the vulnerability caused by deliberate attack. Furthermore, for some nodes, structural 
changes brought about by opening new lines greatly impacted the node importance. 
Hence, when evaluating the node importance of the metro, we should not only consider 
the spatiotemporal development trend of the entire network, but also take into account 
the changes in the importance of the adjacent nodes [46]. The conclusions drawn by com-
bining various factors are more persuasive. 

4. Conclusions and Future Work 
In this paper, the dynamic evolution of the complex topology and node importance 

of the SZMN from 2004 to 2021 are analyzed and deeply discussed. First, the Space L 
topological network in eight periods of the SZMN were modeled. The node centralities 
(DC/EC/BC/CC/PR) of all nodes in each period were calculated based on the classical 

Figure 10. The broken-line trends of node importance of some stations in SZMN.

From the analysis above, we can draw the following conclusions: with the dynamic
evolution of the time, the node importance of the SZMN began to disperse gradually from
the core area of Chegongmiao–Futian to the direction of the Airport and Shenzhen North
(high-speed railway station). The network development was reasonable, and it can avoid
the vulnerability caused by deliberate attack. Furthermore, for some nodes, structural
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changes brought about by opening new lines greatly impacted the node importance. Hence,
when evaluating the node importance of the metro, we should not only consider the
spatiotemporal development trend of the entire network, but also take into account the
changes in the importance of the adjacent nodes [46]. The conclusions drawn by combining
various factors are more persuasive.

4. Conclusions and Future Work

In this paper, the dynamic evolution of the complex topology and node importance
of the SZMN from 2004 to 2021 are analyzed and deeply discussed. First, the Space L
topological network in eight periods of the SZMN were modeled. The node centralities
(DC/EC/BC/CC/PR) of all nodes in each period were calculated based on the classical
measurement methods. Second, combined with the quantitative comparison of different
parameters, the dynamic evolution analysis of the SZMN network topology in eight periods
was carried out. Moreover, the centrality differences of diverse nodes in the same period
were horizontally analyzed, and the dynamic changes in the node centrality with the
periods were longitudinally compared. Finally, the proposed weighted TOPSIS algorithm
was used to identify and rank the node importance in the eight periods. The characteristics
and mechanism of the spatiotemporal evolution of the node importance are discussed
qualitatively and quantitatively. Based on complex network theory, graph theory and
mathematical statistical analysis, the macroscopic network and microscopic nodes were
combined in this study. The conclusions can be drawn in the following:

(1) With the spatiotemporal evolution of the network, the SZMN gradually developed
from a loop network to a tree network after 2011, and the number of loops grew
linearly. The nodes in the SZMN became more and more intensive. Moreover, the
proportion of low-degree nodes declined gradually, and the small-world effect was
increasingly weakened. For the information transmission between nodes, the global
efficiency decreased over time, but the local efficiency became higher. The fault-
tolerant ability of the SZMN became stronger and the network became more and
more assortative;

(2) The proportion of high-degree nodes gradually increased, and the scale-free and
heterogeneous characteristics of the SZMN become more and more obvious. The
nodes with high ECs tended to form the core areas of the network. The nodes with
high BCs in each period are all multiline transfer stations, and their control over the
physical network is stronger. The three new lines that opened in 2016 (L-11/7/9)
had a significant impact on the network topology. The CCs of all the nodes had
the same overall development trend over time. Generally, the DCs, BCs and PRs of
the transfer stations in the network were usually at a higher level, which should be
focused on management to prevent the vulnerability caused by deliberate attack. The
shortest travel distance from one node to others became shorter with the network
development, and the evolution trend tended to be reasonable;

(3) In the node-importance evaluation, the multi-attribute decision-making method is
better than a single attribute. The EC occupies the highest influence weight of the five
indicators. With the evolution over time, the node importance of the SZMN gradually
dispersed from the core area of Chegongmiao–Futian to the direction of the Airport
and Shenzhen North (high-speed railway station). So far, the network development
trend looks rational, and it can avoid the vulnerability caused by deliberate attack.
Moreover, the node importance is closely related to the changes in the node type,
surrounding nodes and network environment. Thus, we should consider the spa-
tiotemporal development trend of the network and the changes in the importance of
adjacent nodes when evaluating the metro node importance.

The research results on the dynamic evolution of the complex topology and node
importance of the metro network can provide scientific suggestions and decision support
for the planning, construction, operation management and sustainable development of
the urban metro. At the same time, for the policies formulated in the daily operation man-
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agement, future planning and construction process of the Shenzhen Metro, and especially
in key station or regional management, large passenger flow control, local and regional
policies, etc., this study will play an important role in the subsequent improvement in
the policies. This paper has important theoretical and practical significance. However,
there are still some limitations in this study that need to be improved. In future work, we
need to continue to strengthen the optimization of the node centralities and improve the
algorithm of the node-importance evaluation. Next, we should consider more factors, such
as passenger flow and train scheduling, and comprehensively assess the dynamic evolution
mechanism of the metro network. This study provides some suggestions and references for
the resilient sustainability of urban-rail-transit development.
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