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A KEY STATION IDENTIFICATION METHOD FOR URBAN RAIL
TRANSIT: A CASE STUDY OF BEJING SUBWAY

ABSTRACT

Congestion occurs and propagates in the stations of
urban rail transit, which results in the impendent need to
comprehensively evaluate the station performance. Based
on complex network theory, a key station identification meth-
od is considered. This approach considers both the topology
and dynamic operation states of urban rail transit network,
such as degree, passenger demand, system capacity and
capacity utilization. A case of Beijing urban rail transit is
applied to verify the validation of the proposed method. It
shows that the method can be helpful to daily passenger
flow control and capacity enhancement during peak hours.
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1. INTRODUCTION

With the rapid development of urban rail transit
network operation technique, the increase of passen-
ger volume leads to congestion in stations [1], causing
even safety risk in the network [2]. Besides, the topol-
ogy of urban rail transit network can also aggravate
or relief the congestion situation of subway networks.
Therefore, an effective method identified the key sta-
tion is an imperative to manage the overcrowded ur-
ban rail transit.

For the factors of the station performance, many
of the current approaches focus on the relationship
between passenger flow and facility capacity. Xu et al.
[3] combined queuing theory with facility utilization
evaluation to conduct the station capacity evaluation,
according to the gathering and scattering process of
a station. Kepaptsoglou and Karlaftis [4] proposed
a model to evaluate passenger evolution on subway
station platforms, which usually gathered most pas-
sengers. Wang et al. [5] also used the passenger

evacuation capacity to evaluate the station based on
the facility utilization. If the service level of the facility
is too low, there are big problems in the station.

Besides, passengers’ subjective feelings and oth-
er factors are also used for evaluation. Matulin et al.
[6] proposed a two-level evaluation method to analyze
public transport performances from micro and macro
levels, using performance indicators and quality of
service indicators. Kesten and Ogit [7] developed a
measurement framework of passenger-oriented per-
formance to evaluate rail transportation, using satis-
faction and importance ratings obtained from passen-
ger surveys.

Meanwhile, there are many approaches employed
in the station evaluation. Some typical methods such
as Data Envelopment Analysis (DEA) have played their
great role in the station assessment. Sancha et al. [8]
used the method to estimate the technical, social and
environmental efficiency of transit transfer stations.
Pjevcevi¢ et al. [9] used DEA method to measure and
analyze the efficiencies of ports on the Danube Riv-
er, which can be borrowed for station evaluation. In
addition, simulation is also another method, where
relevant simulation or operation data are provided.
Zhang et al. [10] proposed a cellular automata-based
model to simulate passengers’ alighting and boarding
behaviours in metro stations, aiming to analyze and
evaluate the operation performance of stations. How-
ever, most works above do not consider the influence
of other stations in the subway system, which results
in local rather than global conclusions.

Fortunately, in recent years, a complex network the-
ory has been introduced to the station evaluation from
a global viewpoint. Indexes such as degree centrality,
betweenness centrality, and closeness centrality have
an outstanding ability to identify key nodes from the
network [11-14]. Sheikhahmadi et al. [12] proposed
an improved high degree centrality index to identify the
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most influential nodes, which outperformed other in-
dexes on large-scale networks in terms of maximizing
the spread of influence with acceptable running time.
Yang et al. [13] developed a new weighted composite
index to find out the hub stations in a subway network,
with the combination of degree and betweenness.
Nevertheless, these studies are limited to the topology
property, while the property of the operational state is
neglected. Moreover, the lack of analyses on operation
conditions would considerably influence the station
evaluation, which would be raised in the current study.

The aim of this paper is to present a new method
to identify key stations of urban rail transit networks.
Not only the network topology, such as degree, be-
tweenness, and closeness centrality, but also dynamic
operational parameters, such as passenger volume
and load factor are considered in this method for the
first time. With strong influence on nearby stations,
high passenger flow loads, and congestion propaga-
tion along the network, these key stations should take
measures to keep the subway system safety.

The rest of the paper is organized as follows. Sec-
tion 2 introduces three centralization indexes of the
complex network. Section 3 proposes indexes of key
station identification and gives the evaluation method
and data sources. In Section 4, a case of Beijing urban
rail transit illustrates the application of the proposed
approach. Section 5 gives the conclusions.

2. COMPLEX NETWORK

This section introduces the background and sev-
eral common centralization indexes of the complex
network. It is the base of the method of key stations
identification mentioned in Section 3.

2.1 Background

Most social, biological, and technological networks
display substantial non-trivial topological features,
which makes complex network theory arise to discover
the character of the network. A complex network can
be modelled as a directed or undirected network (or
graph) consisting of nodes and links. Not all nodes
(stations) are equivalent in the network [13], which
are ranked based on the topology of the network and
the location of each node. Especially, many centrali-
ty indexes have been proposed to rank nodes in the
networks. Those with the highest/lowest indexes are
taken as influential nodes of the network.

There are well-known indexes that mostly deal
with the location of nodes in the network, which have
strong ability to find the key nodes in the network. A
simple one is the degree centrality, considering only
very limited information. Another group of indexes con-
sidering the global information gives better ranking

results, such as betweenness centrality and closeness
centrality [11].

2.2 Centralization indexes

Degree centrality
Degree centrality describes the direct influence of a
node by the number of connections with other nodes.
For a directed network, the degree centrality of
node i (C,(i)) is defined as:

Cali) = d(i)" + d (i) (1)

where d(i)" is in-degree denoted by the number of con-
nections from other nodes to node i; d(i)°“ is out-de-
gree denoted by the number of connections from node
i to other nodes.

A node with a larger degree is likely to have high-
er influence than a node with a smaller degree. This
index is a straightforward and efficient metric; howev-
er, in some cases, it fails to identify important nodes
since it considers only very limited information.

Betweenness centrality

Betweenness centrality, an index of the influence
of a node over the information spread through the
network, is defined as the fraction of shortest paths
between node pairs that pass through the node of in-
terest.

In a network, the betweenness centrality of node i
(Cy(0) is formulated as follows:

; 8k (i)
N JEk 2
Cb(l) Z g (2)

j#k

where gj, is the number of shortest paths from node j
to node k; g (i) is the number of shortest paths, which
pass through node i from node j to node k.

According to this indicator, influential nodes are
those that are visited by the largest number of shortest
paths from all nodes to all others within the network.

Closeness centrality

Closeness centrality, an index indicating how long
it will take to spread the information from a node to
all other nodes, is calculated by the average distance
from the evaluation node to all other nodes in the net-
works.

In a network with n nodes, the closeness centrality
of node i is defined as:

n
2 dj
N =L (3)
Ce(i) n-1
where dj; is the shortest distance from node i to node j.
A node is considered as an influential (key) node by
the closeness strategy if its total distance to all other
nodes is the lowest.
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3. KEY STATION IDENTIFICATION METHOD

This section combines the above-mentioned cen-
tralization indexes with the dynamic operational state
to identify key stations in urban rail transit network. In
addition, the evaluation procedure and data sources
are given in details.

3.1 Notation

In this study, stations are regarded as nodes, and
sections are denoted by links, similarly described in
[15]. Notations of the urban rail network are as follows:
V={i|i=1,2,...,N} - the set of nodes, where N refers to
the number of nodes in the network;

E={e;1ij=1,2,...,N, i#j} - the set of edges, where
e;=(ij) refers to the edge from node i to its
adjacent node j;

0] - the set of origin nodes, D is the set of
destination nodes, and O,DEV;

R - the set of all feasible paths in the network;

SR - the set of all the shortest paths in the
network;

R.q - the set of feasible paths from node 0,0€0 to
node d,de=0, and R=UR,;
- the set of the shortest paths from node o to

node d, |SR,, is the number of elements in
the set, and SR=USR,;

r,g - afeasible path from node o to node d,
Sroy - one shortest path of SR,

3.2 Key station identification index

Throughput Degree (TD)

The degree centrality of the station only reflects
its importance in the network structure, but it does
not consider the passenger volume. To overcome the
above shortcoming, a new index TD, which integrates
the passenger volume and degree centrality, is pro-
posed. The TD of station i is defined as follows:

DI=Z(VU+Vji) (4)
j

where Vj; is the passenger volume of section ey, and V;
is the passenger volume of section e;. These parame-
ters can be obtained by the Automatic Fare Collection
(AFC) data.

Not only connecting sections from the complex net-
work perspective, but also the served passengers from
the operation view, are considered in the TD. It is used
to identify stations that have a strong local influence
on nearby stations.

Capacity Utilization Betweenness (CUB)

According to the betweenness concept in Section
2, the CUB of station i is denoted as follows:

Z [u(sroa)- @i(srod)]

_ (0,d)e{0,D} srod € SRod (5)

5= Z Z u(srod)

(0,d)€{0,D} srod € SRod

where a certain shortest path sr,4 goes through sta-
tion i, then @(sr,y)=1, otherwise ¢(sr,y)=0; u(sry,) is
the capacity function of sr,4, which will be defined by
the following Formula 6.

Generally, the path with least sections is consid-
ered as the shortest path for an O-D pair. However, in
subways, highly utilized, with large load factors should
be also considered in the shortest paths. So, a new
identification method of the shortest paths is pro-
posed:

max(ae-fBe)
SRod = roa| max —24————
rod €Rod |rod|
max(ae - fe) ()
U(Srog) = 2= —
|srod|

where e is a section in path sr,, o, is the real num-
ber of trains through the section, S, is average section
load factor in a certain period, |ry4l, |sr.4l is the ac-
tual topology length of path r,,, sr,q, respectively, that
can be calculated by the section length, max(a/e Be)
is the maximum capacity utilization of th|s path

CUB is designed for identification of stations that
have a broader range of influence. Note that if a sta-
tion has large CUB value in an emergent situation, a
huge passenger flow will widely propagate in the net-
work. To reduce the range of crowded stations effec-
tively, these stations with high values of CUB should
be considered first.

Connection Closeness (CC)
According to the Closeness concept in Section 2,
the CC of station i is denoted as follows:

> > c(sri)

deD,d#i srid € SRid (7)
n-1
where c(sr;y) is the spare capacity function of the short-
est path sr;;, and its value will be defined by Formula 8.
Analogously, not only the distance between them
but also the spare capacity of the path is considered
in the process of finding the shortest path. Unlike the
similar set mentioned in the previous subsection, the
set of the shortest paths and their function length for
CC is given as follows:

Ci=

ergi,nd[a’e‘(ﬁmarﬁe)]
SRog = | fog| Max ° .
rod € Rod | od | @)
e (Bmax-Be)l
Y = eesn
C(Sl’,d) |srid|

where f... is the largest load factor of all sec-
tions in the network for the evaluation period,
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min[ae:(Bmax-Be)] is the remaining capacity of path
Fog-

CC is used to identify stations that have a strong
spreading ability. If CC value is larger in one station,
passengers of this station will reach other stations
more easily, which means that congestion at this sta-

tion will spread faster.

3.3 Evaluation production

The evaluation is conducted by the following steps:

Step 1: Data preparation. Network topology, the set of
feasible paths, the set of the shortest paths, section
length, section load factor, section passenger volume,
and actual train diagram are included. The relation-
ship between data and indexes is shown in Figure 1.
Step 2: Index calculation. TD, CUB, and CC are calcu-
lated by the above-mentioned approaches in section
3.2, respectively.
Step 3: Key station identification. The Technique for Or-
der of Preference by Similarity to Ideal Solution (TOP-
SIS) is applied to make a comprehensive evaluation
[16]. If a station ranks high by this method, the station
will be the key station.

4. CASE STUDY
4.1 System description

The Beijing subway has a total of 18 lines, 279 sta-
tions, 41 transfer stations and a mileage of more than
544 km by 2014 (Figure 2). The number of stations
with routine passenger flow control amounted to 65,
including 58 stations in the morning and 19 stations
in the evening peak hours. So, it is urgent to identify

Network
topology

Section
passenger
volume

...................................

............

feasible
paths

the key stations to improve the operation quality of the
Beijing subway.

The actual operational data of March 3, 2014, are
collected to conduct this evaluation, especially the
data from between 7:00 and 9:00. The details of data
sources are shown in Table 1:

Table 1 - Sources of data

Data Source

Section load factor
Section passenger volume

Simulation/
Data statistics platforms

Network topology
Section length
Actual train diagram
The set of feasible paths

Operation data

The set of the shortest paths Calculation platforms

4.2 Key station identification

First, the results of each station are calculated re-
spectively by each index, and then a comprehensive
evaluation is made. Finally, the set of key stations is
achieved.

Throughput Degree (TD)

The TD result is shown in Figure 2. Note that the
top 20 stations are marked in black in the descending
order, while stations ranked from 215t to 40 are
marked in dark gray. The following facts can be seen
from this result:

1) Most large TD stations are located in the circular
region of Line 10, including 38 in the top 40 sta-
tions with large TD. Both many commuters and the

train
diagram

Set of
shortest
paths

...................................

___________________________________

Throughput Degree

Capacity Utilization
Betweenness

Connection Closeness

Evaluation indexes of key stations identification

Figure 1 - Relationship between data and indexes
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complex topology result in large TD values of these
stations in the north and east of this area.

2) The top 20 stations with large TD are transfer sta-
tions except for Yong'anli. Furthermore, non-trans-
fer stations with large TD are usually located near
these transfer stations. These mean that the high
connection of transfer stations are usually along
huge passenger flows [17], and have strong influ-
ences on nearby stations.

Capacity Utilization Betweenness (CUB)
and Connection Closeness (CC)

The evaluation results of CUB and CC are shown in
Figure 3, where the following facts can be concluded:
1) There are 15 transfer stations in the top 20 sta-

tions with high CUB as shown in Figure 3a. The

non-transfer stations between two of these transfer
stations also have a similar CUB because they have

the same opportunity to be passed through by the
shortest paths with these transfer stations.

2) The top 20 stations with high CC values are located
in the circular region of Line 2, which is the central
part of the Beijing subway. Further, two groups of
stations are formed as shown in the circle areas of
Figure 3b.

Comprehensive evaluation

According to these three indexes, the key stations
are located in the central part of the network although
the station set, the rank of stations, and the range of
distribution are not the same. To balance these differ-
ent indexes, an integrated result is achieved by TOP-
SIS, denoted as the Comprehensive importance of
stations (CI-S). The top 10 stations with high CI-S are
shown in Figure 4.

Figure 2 - Stations with large TD values

® L] P=——==Q=—==@
®
L] °
<
® _ 0
® o L
4
@< P—=t=—plly S gnie Pt

a) Stations with large CUB values

)
s . . O
-

b) Stations with large CC values

Figure 3 - Stations with large CUB and CC values
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Table 2 - Comparison of top 10 stations with CTI-N

Rank CTI-N ([18]) Cl-s D cuB cC
1 Guomao Guomao Guomao Guomao Guomao
2 Xizhimen Jianguomen Jianguomen Jianguomen Xizhimen
3 Huixinxijie Nankou Dongdan Hujialou Dongdan Dongdan
4 Hujialou Xidan Huixinxijie Nankou Xidan Fuxingmen
5 Zhichunlu Fuxingmen Dongdan Fuxingmen Xinjiekou
6 Xidan Xizhimen Xidan Xuanwumen Xidan
7 Shaoyaoju Xuanwumen Xizhimen Huixinxijie Nankou Fuchengmen
8 Jianguomen Huixinxijie Nankou Fuxingmen Xizhimen Changchunjie
9 Dongdan Hujialou Zhichunlu Hujialou Xuanwumen
10 Fuxingmen Zhichunlu Xuanwumen Yong’anli Jianguomen

Figure 4 - Top 10 stations of CI-S

4.3 Comparison with existing research

One previous work of the key station identifica-
tion made by Xiao [18] has been applied to compare
the proposed method. In that work, structure degree,
structure betweenness, and flow degree of nodes are
chosen to construct the index comprehensive trans-
portation importance of nodes (CTI-N). Comparison of
top 10 stations is shown in Table 2, and some conclu-
sions are drawn as follows:

1) Most key stations identified by CI-S are similar to
those identified by CTI-N, which shows the accuracy
of the proposed indexes.

2) CTI-N and CI-S can only rank stations from a holistic
perspective, but they cannot tell which aspects are
specifically in trouble. TD, CUB, and CC can iden-
tify stations in a specific view, offering a targeted
guidance to adjustment in the vital part of net-
works. Moreover, some additional non-transfer

stations are considered as the key stations, which
is consistent with the reality.

5. CONCLUSION

The main conclusions of this paper are given as
follows:

1) Three evaluation indexes are constructed to identi-
fy the key stations from the urban rail transit, which
include properties of both the network topology and
operational state. Moreover, an evaluation method
is proposed to easily find out the key stations. A
case study of Beijing subway illustrates the identifi-
cation of the key stations by the proposed method.

2) The key station identification method for the ur-
ban rail transit developed in this study provides a
theoretical account and empirical basis to evalu-
ate the network topology and operation state, and
the method can also be used by an independent
aspect for operation purposes. In addition, the
identification result would be helpful to control the
key station for improving the performance. Espe-
cially, which and how many passengers of stations
should be determined during the morning peak
hours, which is the hot topic of these days in the
field of urban rail transit [3],[19-20].
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