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+e evaluation of the railway operation safety situation is important for managers to ensure transportation safety and make
control decisions. In this study, first, six situation indicators are designed from a regional perspective based on the characteristics
of railway operation accidents, and the quantitative methods of these indicators are determined. Second, an improved technique
for order of preference by similarity to ideal solution (TOPSIS) method is developed to evaluate the railway operation safety
situation against the situation indicators. Based on the set-pair analysis (SPA) theory and cosine similarity measure (CSM), the
comprehensive evaluation values and rankings of the safety situation are first calculated from the distance and trend levels for each
period. Game theory is then employed to determine a more reasonable combined weight, and the values of the parameters
involved in the situation indicators are also estimated.+e real-life statistical accident data in a regional area of China from 2016 to
2018 are chosen as a case study to verify the proposed method. A brief analysis is conducted, resulting in suggestions for the
evaluation results. Two groups of comparative experiments are designed to demonstrate the feasibility and effectiveness of the
method. Finally, the quality of the evaluation results is verified through actual conditions and expert scoring. Some extensions and
potential practical applications of this work are discussed.

1. Introduction

Safety is always the first priority of railway operation. By the
end of 2018, the railway operating mileage in China reached
131,000 km and the railway network density was
0.01369 km/km2. In addition, the total converted turnover
was as high as 3,986.495 billion ton-km [1]. As a result,
China Railway needs to undertake heavy and large-scale
transportation tasks each day. At the same time, the complex
operation characteristics and environment, such as con-
tinuous and dynamic train running processes, require op-
erators to perceive and control the operational safety
situation at the macroscopic level. Moreover, the goal of
controlling the safety situation is to constantly strengthen

railway operation safety and improve the security system.
Railway operation management in China is divided by re-
gion.+erefore, railway operation safety situation evaluation
(ROSSE) from a regional perspective is of great significance
for operators to prevent and control operation risks, assist
the decision-making process, improve the level of safety
management, and ensure continuous and normal activities.

Safety situation evaluation fuses data and information at a
high level, including time and space dimensions. In particular,
safety situation evaluation has been widely used in military
[2], road traffic [3, 4], energy [5], and other fields involving
safety management [6]. With the rapid growth of passenger
flow in China, the railway system, as a medium- and long-
distance public transport mode, faces new challenges in safety
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management, especially considering the heterogeneous
transportation activities and complicated network structure
on a regional scale. At present, research on railway operation
safety management mainly covers (i) multifactor integrated
management and (ii) accident analysis and modeling. +e
former mostly analyzes the influencing factors of safety sit-
uations by integrating multiple elements, such as humans,
equipment, organizations, and the environment. Several
theoretical frameworks and indicator systems have been
established [7–10]. By analyzing and modeling accident data,
the latter are mostly used to design indicators of safety sit-
uations, determine the causes of accidents, and predict the
state [11–14]. With the fast-paced development of data an-
alytic technology, railway managers in China are payingmore
attention to the applications of accident statistics, which
provide useful, high-level views of safety situations [15].
+erefore, in this study, situation indicators were designed
starting from the analysis of the multiattribute characteristics
of accidents, where the ROSSE is performed based on these
indicators through appropriate methods.

In terms of indicator design, many Chinese researchers
select the number of accidents, the monthly average accident
rates, and the accident-correlated coefficients as the main
indicators to measure the safety situation [16–18]. +e de-
sign of these indicators is mainly aimed at a certain type of
operating line. However, only a few studies simultaneously
integrated high-speed lines, normal-speed lines, and pas-
senger and freight transportation within a certain region for
holistic research. +erefore, the previous studies have lim-
ited practical meaning for managers when there is need to
understand the overall safety situation. +e number of sit-
uation indicators also needs to be supplemented.

In terms of evaluation methods, the multicriteria deci-
sion-making (MCDM) approach is widely used. It considers
the assessment and ranking of multi-indicator solutions in a
certain time series [19, 20]. +e most well-known method in
the MCDM problem is the technique for order of preference
by similarity to ideal solution (TOPSIS) method developed
by Hwang and Yoon [21]. According to this technique, the
relative distances close to the ideal solution can be seen as the
comprehensive evaluation results. +e method has achieved
good results in practical applications [22–24]. However,
because the traditional TOPSIS method calculates Euclidean
distance, it is easy to encounter a rank reversal problem
(RRP) [25], which can lead to unstable evaluation results.
Furthermore, most existing TOPSIS methods do not con-
sider the similarities of trends between alternatives and the
ideal solution.+erefore, themainmotivation of this study is
to develop an improved TOPSIS method to compensate for
these two shortcomings.

+e TOPSIS method needs to be applied in conjunction
with the method of calculating indicator weights. +e ra-
tionality of weights is critical to the validity and applicability
of the evaluation results. To obtain the appropriate relative
importance of indicators, the calculation of weights should
combine the benefits of subjective and objective judgment
methods. Hence, this is another focus of this study. In view
of the above discussion, the contributions of this research
can be summarized as follows:

(1) Six situation indicators for evaluation were designed
considering the multiattribute characteristics of
railway accidents for evaluating the railway safety
situation from a regional perspective. Given the
situation indicators, an improved TOPSIS method is
proposed based on the distance and trend levels.
Meanwhile, game theory (GT) is applied to deter-
mine the combined weight.

(2) A real-life case study based on the actual data of
railway accidents in China is introduced, where the
situation indicators and the ROSSE are calculated.
Comparative experiments and analyses were per-
formed to verify the effectiveness and evaluation
quality of the proposed evaluation method.

+e remainder of this paper is organized as follows.
Section 2 provides a comprehensive literature review. +e
situation indicators for ROSSE are designed and quantified
from a regional perspective, and this is discussed in Section
3. In Section 4, an improved TOPSIS method along with
preliminary estimation of the values of the parameters in-
volved are discussed. Section 5 presents a case study that is
based on the real-life accident statistics in a certain regional
area of the China Railway, including the calculation of in-
dicators, results, and ranking of the ROSSE, model com-
parison, and performance. In Section 6, the quality of the
evaluation work is further verified, and the extensions and
potential practical applications of the proposed method are
discussed. Conclusions and possible further research di-
rections are provided in Section 7.

2. Literature Review

Following the research ideas of the ROSSE and the process of
approach formulation, in this section, the literature is
reviewed from three aspects: (i) railway safety management
and evaluation, (ii) the TOPSIS method and its improve-
ment, and (iii) combined weight.

2.1. Railway Safety Management and Evaluation. Li and
Guldenmund [6] provided a broad overview of safety
management systems in 2018. +ey studied the literature,
focusing on five core aspects: definition, evolution, models,
purpose, and common elements. Based on this research, the
methods of safety management can be carried out using (i)
organizational models and (ii) accident-related models.
Moreover, railway safety organizations mainly manage
multiple factors, such as human behavior and the operating
environment. +erefore, a brief review of these two direc-
tions was conducted.

For multifactor integrated management, a framework
was presented in Morant et al. [8] to evaluate the safety and
availability of the railway operation. +ey quantified the
probability that railway traffic is not supervised by the
signalling system. Hu et al. [10] established an index system
for evaluating the high-speed railway of the environmental
safety situation in China by analyzing the impact mechanism
of severe weather. Wang et al. [26] applied the cusp ca-
tastrophe model to describe the dynamic changing process
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of railway system safety, and a framework for the system risk
was constructed. Crawford et al. [27] aimed to raise
awareness of potential health and safety risks emerging in
the railway industry. +ey found two mechanisms of risk
that can impact the success of an integrated railway: human-
automation design and progressive integration efforts.

In terms of accident analysis and modeling, Kyriakidis
et al. [7] presented a framework to identify the most-sig-
nificant human performance factors, which were derived
from an analysis of 479 railway operational incidents.
Ouyang et al. [11] applied an approach called “system-
theoretic accident models and process” to analyze railway
accidents and discussed the accident spreading processes.
According to Li and Wang [12], the causal factors of acci-
dents in a railway system are divided into several error types,
and a model was proposed based on a complex network for
risk monitoring. +e risks of accident causal factors were
quantified. Mirabadi and Sharifian [13] analyzed the data
from past accident data of the Iranian Railway by applying
association rule data-mining techniques to discover and
reveal unknown relationships and patterns in data. +is
research considered accident conditions and relationships
discovered among the most common accident factors. Using
a Bayesian network model, Bearfield et al. [28] made local
risk estimates from boarding and alighting incidents at
railway stations, and they analyzed the data with expert
judgments about causal factors. Liu et al. [29] focused on
employing the fault tree analysis method combined with
quantitative analysis to present a more comprehensive view
of high-speed railway accidents. In China, 407 railway ac-
cident/incident reports were collected and studied by Zhou
and Lei [30] using the human factor analysis and classifi-
cation system framework. +e results showed that the four
most common errors in the railway system were “organi-
zation process,” “inadequate supervision,” “personal readi-
ness,” and “skill-based errors.”

Accident data provide a wealth of resources to discover
the causes, correlations, spreading mechanisms, and com-
prehensive performance to measure the railway safety sit-
uation or other characteristics. Combining big data analytics
to handle this moderate size of data, one can better un-
derstand the safety situation. In terms of problems specific to
China, the railway operation safety situation has attracted
the attention of some researchers. For example, Wei et al.
[16] divided different operational safety levels of normal-
speed railway lines using the system clustering method.
Railway operation safety situation indicators and their
spatiotemporal distribution characteristics were analyzed by
Xu et al. [17]. +ey proposed a safety situation prediction
model for a high-speed railway based on the back-
propagation neural network (BPNN). Gao et al. [18] in-
troduced the industrial data classification method to explore
the adaptability of BPNN and gray theory further in safety
situation prediction.

For evaluation from a regional perspective, compre-
hensiveness and integrity are emphasized. Yang et al. [4]
designed a series of qualitative and quantitative indices to
determine the overall safety level of two highways in China.
Laureshyn et al. [31] proposed a framework for organizing

all traffic encounters into a severity hierarchy to describe the
safety situation and trade-off between safety and efficiency in
the traffic system. Relatively few studies have addressed this
aspect in the field of railway safety evaluation.

2.2. TOPSIS Method and Its Improvement. In the past few
decades, the application of the MCDM approach has dra-
matically increased in the areas of evaluation theories and
assessment methodologies. According to Zavadskas et al.
[19], the ROSSE of each period based on multiple situation
indicators is a discrete MCDM problem. +e ranking of
decision-making choices can also be treated as a result of
comprehensive evaluation. +e TOPSIS method is a classic
MCDM approach and a privileged technique in multiple
solutions. It is created by selecting the best choice with the
shortest Euclidean distance to the positive ideal solution
(PIS) and the farthest Euclidean distance from the negative
ideal solution (NIS), respectively. +e traditional TOPSIS
method can be used directly for evaluation purposes. For
instance, Huang et al. [23] applied the entropy-TOPSIS
method to evaluate urban rail transit system operation
performance through an index system with eight indicators
and 41 subindicators. Despite the great growth and evolution
of the TOPSIS method, it has an RRP, for which De Farias
Aires et al. [25] have given an interpretation.+e RRPmeans
that a decision-making preference ordering between two
alternatives changes when an alternative is added or re-
moved, which clearly contradicts the principle of inde-
pendence from irrelevant alternatives. +e RRP in the
TOPSIS method results from the normalization procedure
as well as the modifications in the PIS and NIS. +erefore,
many researchers have improved the traditional TOPSIS
method.

+e most effective way to solve the RRP is to replace the
calculation of Euclidean distance, such as the Mahalanobis
distance used by Wang and Wang [32]. More studies have
introduced other relatively complex theories to improve the
TOPSIS method. Mousavi-Nasab and Sotoudeh-Anvari [33]
integrated TOPSIS and data envelopment analysis (DEA)
methods as an auxiliary tool to solve the material selection
problem. Liu et al. [34] improved the risk evaluation in
failure mode and effect analysis combining a cloud model
with the TOPSIS method. Considering that the fuzzy-
MCDM is a crucial topic in expert system and operations
research, Salih et al. [22] conducted a survey on the state of
the art of the fuzzy TOPSIS methods between 2007 and 2017.
+ey further clarified the applicability and limitations of the
method. Li et al. [24] applied the fuzzy TOPSIS method to
evaluate the service quality of the Beijing metro system and
analyzed the stability of the results by the ranking change for
a line from different comparison sets of metro lines.

+e frequently used normalization methods for TOPSIS
were summarized [35]. It was proved that vector normali-
zation does not change the diversity of the attribute data, and
it is suitable for improving TOPSIS. +is is also the reason
for choosing the set-pair analysis (SPA) theory to construct
the connection vectors. Herein, the application of SPA
theory in the TOPSIS method is reviewed further. Kumar
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and Garg [36] attempted to rate the different preferences of
an object using the connection number, a major component
of the SPA. An extension of the TOPSIS method was de-
veloped, based on the proposed connection number, to
calculate the relative closeness of sets of alternatives. +ey
further discussed the application of the SPA-TOPSIS
method under an interval-valued intuitionistic fuzzy set
environment. It was verified through a real-life numerical
example in the literature [37]. Yuan and Luo [38] developed
a comprehensive system of evaluation criteria and an im-
proved SPA-TOPSIS method to assess the regional energy
security performance in China from 2013 to 2017.

+e above research demonstrates that improvement is
mainly concentrated on the relative distance. +erefore, the
cosine similarity measure (CSM) is introduced in this work
to study the trend characteristics of solutions. +e CSM is a
simple and effective metric for learning similarity, and it has
been widely used in the fields of machine learning, pattern
recognition, and fuzzy strategic decision-making [39]. Ye
[40] proposed a weighted CSM based on intuitionistic fuzzy
sets, and Wei [41] applied weighted cosine function simi-
larity measures in picture fuzzy sets to select the optimal
production strategy. +e applications in fuzzy decisions
guided the formulation of the approach used in this study.

2.3. Combined Weight. For the TOPSIS approach used for
the ROSSE, the weights of the situation indicators reflect the
relative importance of different indicators in the decision-
making process. In general, there are two categories of
weighting methods: subjective and objective. +e subjective
methods determine weights solely according to the prefer-
ences or judgments of decision-makers. By contrast, the
objective methods determine weights by solving mathe-
matical models automatically without any consideration of
subjective preferences, such as natural weight and Shannon
entropy weight. As discussed byWang [42], there are certain
limitations in considering a single weighting method in the
MCDM approach. +e subjective weight is strongly influ-
enced by expert experiences that could also contain some
prejudices. In contrast, the objective weight neglects the
knowledge of the decision-makers and the actual situation.
+erefore, the comprehensive weight, combining the sub-
jective and objective weights with an effective algorithm, is
more reasonable in the approach formulation.

GT, focusing on the research of strategic interaction, is
used to obtain the optimal equilibrium solution. In many
studies on MCDM methods, GT has been chosen as the
preferred method to determine the combined weight. Lai
et al. [43] applied a combined weight integrating subjective
and objective weights based on GT in a fuzzy comprehensive
evaluation. +ey also showed the rationality of the results.
Analogously, the fuzzy analytic hierarchy process (AHP)
weight and entropy weight were combined by Sun et al. [44].
In addition, Liu et al. [45] improved the method for de-
termining the combination weight using GT together with
the decision-making trial and evaluation laboratory ap-
proach, which adjusted the weights of criteria to make the
result more reasonable. Although the combined weight has

been used frequently, it is generally composed of one
subjective weight and one objective weight, and less research
has been performed on the combinations of multiple
weights.

In order to increase the comprehensiveness and read-
ability of the literature review, we have summarized some of
the publications mentioned above and divided them into
two parts: (i) publications that are relevant on the railway
safety management in Table 1 and (ii) publications that are
relevant on the TOPSIS method in Table 2.

3. Design and Quantification of Situation
Indicators from a Regional Perspective

Forming a series of evaluation indicators after analyzing the
characteristics of railway operation accidents is one of the
ways to measure the safety situation effectively. For the
current status of organizing railway operations by region in
China, the design of indicators should have the following
principles: (i) Situation indicators should be universal within
an operational region, covering all routes and transportation
of passengers and freight. (ii) Situation indicators should
make full use of the multiattribute characteristics of the
accident data to reflect the safety situation and avoid du-
plication between indicator functions. (iii) Situation indi-
cators should exclude the consideration of some extreme
accidents, i.e., accidents that rarely occur but can lead to
serious consequences. Principle (iii) is to consider that the
goal is to develop an evaluation method for the safety sit-
uation that does not consider extreme cases and is more
meaningful and practical. Such extreme accidents would
make it difficult to measure and take advantage of the
multiattribute characteristics of accidents, except for the
severity. In addition, the laws and features of these accidents
have obvious uncertainties [46]. Following the above
principles and based on the most commonly used methods
in the literature, six situation indicators were designed for
ROSSE from a regional perspective and corresponding
quantitative formulas were obtained. Each indicator was
designed for the same period, such as a month.

3.1. Number of Accidents:A. In this study, the term “railway
accidents” refers to all accidents that affect the normal
operations of the locomotive and rolling stocks or other
processes in a certain region. It can be directly adapted to
reflect the safety situation. In China, railway accidents are
divided into three categories, i.e., traffic, off-rail, and labor
accidents. In particular, off-rail accidents involve collisions
between trains and other types of vehicles or pedestrians.
+erefore, At can be quantified as follows:

A � Atraffic + Aoff−rail + Alabor. (1)

3.2. Number of Accidents per Unit Turnover: T. +e amount
of turnover is generally used to reflect the transportation
workload comprehensively because railway operational
products include both transportation objects and distance. It
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is also used by operators to create future operation plans and
economic assessments. +erefore, it is important to analyze
the relationship between turnover and accidents from a
workload perspective. Furthermore, T can be an effective
supplement when the number of accidents is only accessed
from the time dimension. Considering that passenger and
freight transportation are both included in the regional area,
the turnover here is the total weighted-sum turnover of those
two modes of transportation with a unit of 100 million ton-
km. +e quantification method is as follows:

T �
A

Tfreight + αTpassenger 
, (2)

where Tfreight and Tpassenger represent freight and passenger
turnover, respectively, and α is the conversion weight and
takes the value of 1 according to the current statistical system
of railways in China.

3.3. Accident Grades:G. For reasonable ROSSE, in addition
to the number of accidents, one should also consider the
severity of different accidents, the scope of influence, and the
ability of operators to control the situation which are
comprehensively represented as the accident grades. +e

Railway Accidents Investigation and Handling Rules [47] in
China (hereinafter referred to as the “Handling Rules”)
divide accidents into four categories: especially major ac-
cidents, major accidents, slightly major accidents, and
general accidents. Among them, the especially major, major,
and slightly major accidents are extreme accidents that
should not be included during evaluation. For general ac-
cidents, the Handling Rules further classify them into four
grades from high to low severity, abbreviated as A, B, C, and
D. +erefore, only four types of general accidents are
considered. +e specific quantification method of G is given
in

G �  βoAo, o � 1, 2, 3, 4, (3)

where o represents the types of general accident and takes
values of 1 to 4 corresponding to A to D, respectively, Ao
represents the number of accidents of type o, and βo is the
severity grade parameter of the type o accident and is yet to
be estimated.

3.4. Structure of Accident Properties: S. Clarifying the ac-
cident properties is an important part of the investigation.
Specifically, accidents with different properties can have

Table 1: Summary of relevant publications on railway safety management.

Subjects Publications Main contents Methods Weights Data

Multifactor analysis
and evaluation

[7]
Identify the most significant
human performance shaping

factors

Factors identification
framework — Accident statistics

[8]
Evaluate operational safety and
the availability of signalling

systems

Improved Markov
model — State monitoring of

signalling systems

[10]

Evaluate environmental safety
through establishing the
impact index system of

weather

Attribute recognition
model

Natural attribute
weight

Environmental
statistics

Analysis and mining
of accident
characteristics

[11] Analyze the accident and its
spreading processes

System-theoretic
accident models and

process
— Accident reports

(4·28 China-Jiaoji)

[12, 30] Accident causation analysis
Factors identification,

analysis, and
classification model

— Accident/incident
reports

[13]
Discover and reveal

relationships and patterns
among accidents

Association rules
mining techniques Subjective weight Accident records

[29] Present a more comprehensive
analysis of the accident

Fault tree and
quantitative analysis

Expert scoring
weight

Accident reports
(7·23 China-
Yongwen)

Safety state
prediction [14, 17] State prediction based on the

representative index system Neural network — Accident statistics

Risk management

[26]
Describe the dynamic

changing process of system
safety

Cusp catastrophe
model — Accident records

[27] Raise awareness of potential
safety risks

Risk mechanism
analysis — Related literature

[28] Local risk estimation Bayesian network — Incidents records

Safety situation
evaluation +is paper

Evaluate operational safety
situation from a regional

perspective
SPA-TOPSIS-CSM

Combined weight
(subjective, natural,

and entropy)
Accident statistics
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different types of hazard sources, amounts of damage that
can be caused, and identification or control measures. +e
severity of different accident properties can be distin-
guished from the efforts to control, the level of difficulty
for early warning, and potentially dangerous hazards. For
instance, more efforts are required to guarantee and
control the safety of high-speed passenger train opera-
tions. +us, for the structure of accident properties over a
period of time, the smaller the proportion of accidents on
high-speed passenger trains, the better the safety situa-
tion. Considering this, the structure of accident properties
S was designed as a situation indicator, combining the
composition and conversion parameters of different ac-
cident properties. Equation (4) specifies the calculation
method of S:

S � 
n

q�1

λqAq

A
 , q � 1, 2, . . . , n, n � 5, (4)

where q represents the five categories of detailed accident
properties according to the Rules, including high-speed train
accidents, bullet train accidents, ordinary train accidents,
operation line construction accidents, and operation stan-
dardization accidents; Aq is the number of accidents of
property q; and λq is the conversion parameter to be esti-
mated, that is, influence relation of the structure of accident
properties on the regional safety situation.

3.5. Degree of Accident Correlations: C. Regional rail
transportation can simultaneously involve several different
operation activities, such as trains running at different
speeds, heterogeneous operating lines, passenger boarding
or alighting, and freight loading or unloading. Hence, the
occurrence of one accident can easily affect normal opera-
tion activities and directly cause new accidents or become
the inducement of subsequent accidents. For example,
unexpected train accidents can lead to insufficient con-
nection capacity of rolling stock, which may cause delays or
disruptions if handled inappropriately [48]. +erefore, with
the increase in accidents, it is possible to explore the degree
of accident correlations to measure the stability and ro-
bustness of regional safety situations. +e calculation
method for this situation indicator C is shown as follows:

C � 
A

p�1

A
correlation
p

A
⎛⎝ ⎞⎠, (5)

where Acorrelation
p represents the number of accidents that are

affected by the accident p.

3.6. Average Recovery Time of Accidents: R. +e recovery
time of an accident is the time taken from the beginning to
the complete elimination of the adverse effects of the
accident. It reflects the ability and efficiency of the railway

Table 2: Summary of relevant publications on the TOPSIS method.

Subjects Publications Main contents Methods Weights Data

Overviews
[19] Describe the situation with

reviews of MCDM methods — — Related literature

[20, 22] Development, classification, and
comparison of TOPSIS methods

Clustering and
comparative analysis — Related literature

Traditional
TOPSIS [23] System operation performance

evaluation

TOPSIS method based
on the Euclidean

distance
Entropy weight Operational

statistics

Fuzzy-TOPSIS [24, 42] Introduce fuzzy numbers to solve
the uncertainty problem

TOPSIS method with
fuzzy theory

Combined weight
(subjective and

entropy)
Surveys

SPA-TOPSIS

[36, 37]
Introduce connection number of

SPA and IFS to handle the
uncertainty problem

SPA-TOPSIS-IFS Subjective weight Numerical
examples

[38]
Evaluate energy security

performance from a regional
perspective

SPA-TOPSIS MTGS weight Environmental
statistics

Comprehensive
application

[33]
Provide a comprehensive
framework for solving the
material selection problem

TOPSIS-COPRAS-
DEA

Multiple weights
(subjective, entropy,
and digital logic)

Numerical
examples

[34]
Develop a novel integrated

model to improve the
conventional FMEA technique

FMEA-TOPSIS-cloud
model Subjective weight Numerical

examples

Safety situation
evaluation +is paper

Evaluate operational safety
situation from a regional

perspective
SPA-TOPSIS-CSM

Combined weight
(subjective, natural,

and entropy)
Accident statistics

IFS, intuitionistic fuzzy set; MTGS, Mahalanobis–Taguchi Gram–Schmidt method; COPRAS, complex proportional assessment; FMEA, failure mode and
effect analysis.
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system to resume normal operations. On this basis, the
average recovery time of all accidents can better indicate
this situation from the perspective of the entire region.
For instance, a shorter average recovery time means that
the entire system has a more optimized maintenance
scheduling or advanced incident handling technology
[49]. As a result, R is used as the last situation indicator of
the design and its quantification method is provided as
follows:

R � 
A

r�1

T
recovery
r

A
 , (6)

where T
recovery
r represents the time required to recover from

accident r.
+us far, six situation indicators have been designed

for ROSSE from a regional perspective. For intuitive
display, the information of the indicators is summarized in
Table 3.

4. Approach Formulation and
Parameter Estimation

As discussed previously, the set of designed situation in-
dicators was used to create the ROSSE of each time period.
An appropriate MCDM approach for evaluation is proposed
in this section. More than 60 MCDM methods have been
applied previously [19]. However, it is challenging to choose
a suitable MCDM technique for a given problem. Mousavi-
Nasab and Sotoudeh-Anvari [33] conducted a detailed lit-
erature review and analysis of this selection problem. +ey
pointed out that an increasing number of studies have used
at least two MCDM methods for decision-making-related
content and emphasized the straightforwardness and un-
derstandability of technique application. Mulliner et al. [50]
concluded that the choice of a method should be adaptable
to the goal. In the present research, each indicator can only
measure one aspect of the overall safety situation, and there
may be a certain trade-off relationship between indicators.
For example, an increase in the number of accidents may
reduce the average recovery time of accidents because of the
effective rescue measures. +erefore, the comprehensiveness
and integrity of the evaluation results are of the highest
value.

Fortunately, TOPSIS has an easier calculation pro-
cedure than other well-knownMCDM techniques, such as
AHP and the analytic network process (ANP). It is also a
compensatory method and provides clear trade-offs
among the criteria. +is good compromise between var-
ious indicators can better serve the goals of this work.
However, the shortcomings of the traditional TOPSIS
method cannot be ignored, as mentioned in Section 2.2.
To this end, an improvement strategy combining two
different methods was formulated to make the work self-
contained.

On the one hand, SPA theory was used to construct
the connection vectors of the situation sets in all periods.
+us, one can replace the Euclidean distance calculated in
the TOPSIS method by calculating the distance of the

connection vectors between the alternatives and the ideal
solution. On the other hand, the CSM was employed to
estimate the degree of consistency at the trend level
between the situation set vectors and the ideal solution
vectors. +e vectors are all transformed with the NIS as
the origin. It is worth mentioning that CSM is also a
commonly used metric to replace the Euclidean distance
and usually provides good results; however, it is not
always advantageous [39]. For instance, two sets with
different attribute values may have a very high similarity
measure. +is outcome is undesirable. +erefore, these
two metrics are applied together to compensate for their
shortcomings, instead of completely replacing one of
them.

Mousavi-Nasab and Sotoudeh-Anvari [33] summarized
the commonly used techniques, such as AHP, Shannon’s
entropy, and the Simos approach, to determine the indi-
cator weight. Expert scoring and entropy weighting are the
most popular subjective and objective methods for com-
bination. However, in determining the objective weight, the
entropy weight method focuses on the discreteness or
uncertainty of the information involved in an indicator, but
it ignores the numerical value of the indicator. +erefore,
natural weight that focuses more on the value of indicator
was introduced to avoid this bias. GT was applied to de-
termine the combined weight of the subjective, natural, and
entropy weights.

+e above processes of improvement were organized in
steps, described as follows. +e parameters involved in the
situation indicators were preliminarily estimated. +e
implementation details are illustrated in Figure 1.

4.1. EvaluationModel Based on the Improved TOPSISMethod

Step 1. Construction and dimensionless processing of
evaluation matrix
First, an initial evaluation matrix X is constructed that
contains m time periods according to the six situation
indicators described in Section 3, where the railway
operation safety situation of any period can be de-
scribed by the situation set A, T, G, S, C, R{ }. For con-
venience, variable xij is introduced to represent the j-th
indicator in the i-th period uniformly, where
i � 1, 2, . . . , m, j � 1, 2, . . . , n, and n � 6:

X �

x11 · · · x1n

⋮ ⋱ ⋮

xm1 · · · xmn

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ � xij mn. (7)

+en, the matrix X is dimensionless processed by the
min-max method to obtain a standardized evaluation
matrix Y. If the indicators are of the benefit type, the
calculation for standardization can be expressed as
equation (9). Otherwise, if the indicators are of the cost
type, the calculation for standardization can be for-
mulated as equation (10):
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Y � yij mn, (8)

yij �
xij − minj xij 

maxj xij  − minj xij 
, (9)

yij �
maxj xij  − xij

maxj xij  − minj xij 
, (10)

where yij represents the dimensionless form of xij and
yij ∈ [0, 1] and maxj(xij)and minj(xij) are the max-
imum and minimum values for thejth column indi-
cators in X, respectively.
After dimensionless processing, the values of the PIS set
Y+ and NIS set Y− of the standardized evaluation
matrix are fixed, as shown in equation (11), which can
be used to simplify the construction of subsequent
models:

Table 3: Names, symbols, quantification methods, and units for all situation indicators.

Indicator Symbol Quantification method Unit
Number of accidents A A � Atraffic + Aoff−rail + Alabor —
Number of accidents per unit turnover T T � A/(Tfreight + αTpassenger) —/hundred million ton-kilometers
Accident grades G G �  βoAo —
Structure of accident properties S S � n

q�1(λqAq/A) —
Degree of accident correlation C C � 

A
p�1 Acorrelation

p /A —
+e average recovery time of accidents R R � 

A
r�1 (T

recovery
r /A) Hour

Standardized evaluation matrix

Evaluation matrix
(Step 1)

Dimensionless processing Fix PIS and NIS

Relative closeness
(Step 3)

Cosine similarity
(Step 4)

Establish connection vectors 
using SPA theory

(Step 2)

Subjective 
weight
(Step 1)

Natural 
weight
(Step 2)

Entropy 
weight
(Step 3)

Combined weight
(Step 4)

Game theory

Combined weight based on the game theory (Section 4.2)

Situation indicators (Section 3)

Case study (Section 5)

Evaluation model based on an improved 
TOPSIS method (Section 4.1)

Evaluation results
at the distance level

Evaluation results
at the trend levelParameter estimation (Section 4.3)

Figure 1: Implementation framework of the improved TOPSIS method.
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Y
+

� 1, 1, 1, 1, 1, 1{ },

Y
−

� 0, 0, 0, 0, 0, 0{ }.

⎧⎨

⎩ (11)

Step 2. Establishment of connection vectors using SPA
theory
+e basic definition and description of the SPA
theory can be found elsewhere [51]. In this study, the
SPA theory mainly works on the set pairs between the
situation set of each period and the corresponding
PIS or NIS set, which are denoted as Yi ∼ Y+ and
Yi ∼ Y− . Considering the “identity,” “discrepancy,”
and “contrary” features of each set pair, the con-
nection degrees are calculated as follows:

η+
i � a

+
i + b

+
i h + c

+
i k � 

n

j�1
ωjη

+
ij, η

+
ij � a

+
ij + b

+
ijh + c

+
ijk,

η−
i � a

−
i + b

−
i h + c

−
i k � 

n

j�1
ωjη

−
ij, η

−
ij � a

−
ij + b

−
ijh + c

−
ijk,

(12)

where η+
i and η−

i are the connection degrees of Yi ∼ Y+

and Yi ∼ Y− in the i-th period, respectively, and ωj

represents the combined weight of each indicator in the
situation set, which is determined in Section 4.2. In
addition, ωj ∈ [0, 1] and 

n
j�1 ωj � 1; η+

ij and η−
ij are the

subconnection degrees between yij and the corre-
sponding j-th column indicators in Y+ and Y− . +e
specific calculation rules can be further elaborated as

η+
ij

whenyij � 0, a
+
ij � b

+
ij � 0, c

+
ij � 1,

whenyij ∈ (0,1], a
+
ij � yij, b

+
ij � 1 − a

+
ij, c

+
ij � 0,

⎧⎪⎨

⎪⎩

η−
ij

whenyij � 0, a
−
ij � 1, b

−
ij � c

−
ij � 0,

whenyij ∈ (0,1), a
−
ij � 1 − yij, b

−
ij � 1− a

−
ij, c

−
ij � 0,

whenyij � 1, a
−
ij � b

−
ij � 0, c

−
ij � 1.

⎧⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎩

(13)

+us, the connection vectors η→+

i and η→−

i of Yi ∼ Y+

and Yi ∼ Y− in the i-th period can be obtained using
equation (14). +e connection vectors between the PIS
or NIS set and itself are both equal to (1, 0, 0):

η→+

i � a
+
i , b

+
i , c

+
i( ,

η→−

i � a
−
i , b

−
i , c

−
i( .

⎧⎨

⎩ (14)

Step 3. Evaluation and ranking at the distance level:
relative closeness
+e distances D+

i and D−
i of connection vectors in the

set pairs Yi ∼ Y+ and Yi ∼ Y− are calculated, i.e., the
distances between η→+

i or η→−

i and vector (1, 0, 0). Based
on the TOPSIS method, the relative closeness between

the situation set and ideal solution is RC+
i given by

equation (16):

D
+
i �

��������������������

1 − a
+
i( 

2
+ b

+
i( 

2
+ c

+
i( 

2


,

D
−
i �

��������������������

1 − a
−
i( 

2
+ b

−
i( 

2
+ c

−
i( 

2


,

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(15)

RC+
i �

D
+
i

D
+
i + D

−
i( 

, RC+
i ∈ [0, 1]. (16)

+us, the results and ranking of railway operation
safety situation can be achieved based on RC+

i at the
distance level.+e larger the value of RC+

i , the better the
railway operation safety situation. It is not difficult to
see that the closer the connection vector distance is
between the situation set and the PIS, the farther away
is the situation set from the NIS. Because the ideal
solutions have fixed values, the results and ranking will
not change because of the increase or decrease in the
number of the situation sets to be evaluated. +erefore,
it can effectively solve the RRP.
Step 4. Evaluation and ranking at the trend level: cosine
similarity

+e idealized vector ρ→+ is constructed using Y+ and Y−

with the NIS Y− as the origin. +en, the situation set in the
i-th period is transformed into a space vector ε→i combining
the combined weight ωj. By calculating the cosine similarity
CS+

i of vectors ε→i and ρ→+, one can measure the consistency
between the situation set and idealized target at the trend
level. As part of the improved TOPSIS method, it is nec-
essary to sort the calculation results. +e larger the value of
CS+

i , the smaller the angle between these two vectors, which
means that the trend of the railway operation safety situation
is better:

ρ→+
� ρj|j � 1, 2, . . . , n  � Y

+
− Y

−
,

ε→i � ωjεij|j � 1, 2, . . . , n  � ωj Yi − Y
−

( ,

CS+
i � cos ε→i, ρ

→+
  �


n
j�1 ωjεijρj 

�����������


n
j�1 ωjεij 

2
 ������


n
j�1 ρ

2
j


 

, CS+
i ∈ [0, 1].

(17)

+e calculation process can be partially simplified by
substituting the values of Y+ and Y− as follows:

ρ→+
� (1, 1, 1, 1, 1, 1),

ε→i � ωjYi.
(18)

4.2. Combined Weight Based on GT

Step 1. Determine subjective weight ψj

+e expert evaluation method is a common method for
obtaining subjective weights. Several operators were
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invited to score each situation indicator according to
the importance of their influence on the railway op-
eration safety situation, and the average value of each
situation indicator was calculated to obtain the weight
ψj. +is weight is given directly in the case study, and it
is stipulated that



n

j�1
ψj � 1, ψj ∈ (0, 1). (19)

Step 2. Determine natural weight μj
+e natural weight objectively reflects the importance
of the index in the evaluation to a certain extent. +e
variable yij represents the attribute value of the jth

situation indicator in the ith period in the standardized
evaluation matrix Y. +erefore, the quantification
method for the natural weight μj of each indicator is as
follows:

μj �

�������


m
i�1 y

2
ij




n
j�1

�������


m
i�1 y

2
ij

 , μj ∈ (0, 1). (20)

Step 3. Determine entropy weight φj

+e entropy weight method calculates the indicator
weights based on the information entropy (IE) of in-
dicators, which was originally developed by Shannon
[52]. Generally, a smaller value of IE indicates a higher
diversity of the corresponding data and a larger weight,
and vice versa [53]. After normalizing yij into y’

ij in the
standardized evaluation matrix Y, the IE Ej for each
indicator can be defined as follows:

yij
′ �

yij


m
i�1 yij

, (21)

Ej � 1 +
1

lnm


m

i�1
yij
′ lnyij
′ . (22)

Moreover, the entropy weight φj obtained from IE is
finally expressed as

φj �
Ej


n
j�1 Ej

. (23)

Step 4. Determine combined weight ωj

In GT, multiple types of weight can reach a compromise
through a process of dispersion minimization [44]. After
obtaining the above three weights, one can calculate the
combined coefficient δ of each weight, which decides the
method of linear combination of different weights. If the

combination coefficients of the three weights are δψ , δμ, and
δφ, the optimal equilibrium weight vector ω of the combined
weight can be expressed as

ω � δψψ + δμμ + δφφ, δψ > 0, δμ > 0, δφ > 0, (24)

where ψ, μ, and φ are the weight vectors of each weight—for
example, ψ � (ψj|j � 1, 2, . . . , n).

To minimize the deviation between ω and the other three
weights, the optimized combined coefficients must be solved
by

ψψT ψμ ψφ

μψ μμT μφ

φψ φμ φφT

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠

δψ
δμ
δφ

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝
⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠ �

ψψT

μμT

φφT

⎛⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎜⎝

⎞⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎟⎠, (25)

+erefore, the final combined weight ωj is given in

ωj �
δψ

δψ + δμ + δφ
ψj +

δμ
δψ + δμ + δφ

μj +
δφ

δψ + δμ + δφ
φj.

(26)

4.3. Estimation of Parameters Involved in Situation Indicators.
+e parameters βo and λq involved in the situation indi-
cators must be preliminarily estimated according to relevant
laws, regulations, studies, and expert experience. Because
the evaluation method adopts a sequential optimization
technique based on the similarity to the ideal target, the
values of the parameters focus on the ratio relationship
rather than the numerical value. +erefore, the estimated
parameters were normalized for the convenience of cal-
culation. +e specific estimation process of these two pa-
rameters is as follows:

(1) Severity grade parameter: βo
+e value of parameter βo mainly depends on the
relative relationship between the severity of different
grades of accidents. To this end, some excerpts from
the Handling Rules were selected for comparison
and are listed in Table 4. +ere is a quantitative
contrast relationship between grades A and B based
on the fuzzy value range. +is relationship can
provide a basis for determining the ratio of the
conversion factors between them. Grades C and D
contain more descriptions of the accident scenarios
without a clear quantitative relationship. Grade C is
more inclined to passenger accidents and train
operation accidents, whereas grade D is more tar-
geted at freight accidents and shunting operation
accidents. +erefore, quantitative and qualitative
analyses were combined to estimate the parameters.
+e results are presented in

βo � β1, β2, β3, β4(  � (0.5, 0.25, 0.15, 0.1). (27)

(2) Property conversion parameter: λq
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Parameter λq reflects the impact of different accident
properties on the railway safety situation. Wang [54]
conducted practical research on the accident prop-
erties in China through an association rule analysis
of operation accident data. +e correlation between
the safety hazard and the accident properties was
quantified using gray theory.+e results of this study
can be used as a basis for parameter estimation. It is
necessary to make some appropriate adjustments to
it with reference to the comments of operators. Fi-
nally, the values of λq are determined as follows:

λq � λ1, λ2, λ3, λ4, λ5( 

� (0.34, 0.28, 0.20, 0.12, 0.06).
(28)

5. Case Study

A real-life case study was conducted by taking a certain
railway operating region in China as a background. +e
statistics of accidents in this region from 2016 to 2018 were
taken as the initial input data, and the time unit for each
period was set as one month. +e original accident statistics
are not presented in this study because of confidentiality
reasons. Considering the limited size of the case, Microsoft
Excel was used as a simple and effective tool to achieve the
indicator calculations and model solving.

5.1. Calculation and Analysis of Situation Indicators. +e
various situation indicators for each evaluation month were
calculated according to equations (1)–(6), and the calcula-
tion results are listed in Table 5. To understand and compare
the trend of the situation indicators better, Figure 2 was
drawn as a supplement considering only the value
fluctuations.

Combining Table 4 and Figure 2 shows that (i) the
fluctuations of indicators A, T, and G are relatively stable
and exhibit a downward trend as a whole, although in-
creasing slightly in the last few months, and (ii) compared
with the fluctuating trends of indicators A, T, and G, the
other three situation indicators have more obvious fluctu-
ations, especially the indicator C. In addition, the indicators
S and C show an increasing trend, while the indicator R

declines steadily from the end of 2017. Judging from the
changes in the above situation indicators, the frequency and

severity of railway accidents in this region have been ef-
fectively controlled and the ability and efficiency of accident
rescue have been improved. However, the structure of ac-
cident properties and the degree of accident correlations
move in a direction that is not conducive to the safety
situation. +is may be related to the continuous increase in
the density of high-speed trains and transportation tasks.
Obviously, the scope of impacts and the degree of coeffects
caused by accidents are constantly expanding. +us, dis-
ruption management under uncertainty [55] is currently
being researched extensively.

5.2. ROSSE Based on the Improved TOPSIS Method.
Based on the calculation of the situation indicators, the
initial evaluation matrix including 36months was con-
structed. All the situation indicators were of the cost type.
According to equations (19)–(26), multiple weights and the
final combined weight were calculated and are presented in
Table 6. +e results show that the combined weights of
different indicators are relatively close, with the indicator T

reaching a maximum value of 0.1812. However, there are still
some obvious differences between different types of weight
rankings. Combining the weight and parameter values,
Table 7 gives the comprehensive evaluation results and their
ranks at the distance and trend levels using the improved
TOPSIS method.

+e overall evaluation results show that the railway
operation safety situation in this region was poor in the first
nine months of 2016; then, it gradually improved. At the
distance level, the maximum relative closeness occurred in
June 2018, which means that, during that month, the safety
situation was the best. +e changing trend of relative
closeness was generally on the rise, but it was sometimes
accompanied by a sudden increase or decrease. In terms of
the trend level, the maximum evaluation value was reached
in March 2017. +e fluctuation range of the cosine similarity
was reduced after October 2016; however, it slightly dete-
riorated after February 2018. In addition, the values of the
situation indicators show that S and C are the main causes of
such fluctuations. +e overall trends of the indicators are
reflected in Figure 3.

+e above results suggest that the development of railway
operation safety situations in regional areas is generally
benign but unstable. With continuous expansion of the
operation scale, especially the rapid increase in high-speed

Table 4: Some useful criteria for parameter estimation in the Handling Rules.

Grades Criteria

A 2 people died; 5–10 people were seriously injured; direct economic losses of 5–10 million yuan; 3–6 h of interruption of busy trunk
traffic, etc.

B 1 person died; 5 people were seriously injured; 100–500 million yuan directly economically lost; busy trunk line was interrupted
for 1–3 h, etc.

C No casualties; direct economic losses below 1 million yuan; train conflicts, derailment, collisions, etc.; passenger train separation;
trains sent to occupied section or line, arrival or departure route is not ready or mistakes are made handling train blocking

D No casualties; direct economic losses of less than 1 million yuan; shunting conflicts, derailment, collisions, etc.; freight train
separation; mishandling in operation due to construction, overhaul; delayed train violation of regulations, etc.
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transportation, the causes and suddenness of accidents are
becoming increasingly complicated, leading to a more sen-
sitive safety situation of the railway system and resulting in
increased difficulty in safety management. +erefore, railway
operators should improve themethods of risk perception and
causation analysis, focus on strengthening the prevention
measures of passenger accidents, and promote the daily
evaluation of safety situations. For example, pattern detection
methods can be used to analyze the effectiveness of safety
control policies when the results of ROSSE change signifi-
cantly, such as in October 2016 in the case study. More
suggestions are obtained by calculating the quartile of the
evaluation results to classify the safety situation levels, as
shown in Table 8. +is can be applied as assistance for op-
erator decision-making in actual operations.

5.3. Comparative Experiments. Two groups of comparative
experiments were designed to verify the effectiveness of the

proposed method. +e experiments were based on the real-
life data of the case study:

(1) To verify the elimination of the RRP, data for
16months were randomly excluded, and the relative
closeness was recalculated at the distance level. Ta-
ble 9 compares the ranking results between the ex-
periment and original case study. +e ranking
comparison includes 20months of data, and the
ranking size relationship of each month is not
reversed.

(2) +e traditional entropy-TOPSIS method was
employed for the ROSSE as a comparison of the
improved TOPSIS method proposed in this study,
and the evaluation performance was analyzed. As
shown in Figure 4, the improved method is the same
as the traditional method for ROSSE. +e changing
trend of relative closeness is similar and Spearman’s
rank correlation index (SRCI) [33] of ranking is 0.98,
which implies that the two types are closely related.
However, the difference is that the value range of the
relative closeness obtained by the improved method
is nearly 20% larger than that obtained by the tra-
ditional method. +is indicates that the improved
method is more sensitive to situation awareness.
+us, the evaluation results are more practical for
detecting slight changes in the safety situation.

+e above two experiments were mainly aimed at
comparing the relative closeness at the distance level. In
addition, the improved method in this study considers the
cosine similarity at the trend level. +e SRCI of ranking
between these two levels is 0.74, which means that there is a
certain difference between them.+erefore, it makes sense to
take advantage of the cosine similarity to improve the
evaluation model. Together, they make the ROSSE more
comprehensive and reasonable.

6. Discussion

6.1. Quality Verification. In general, it is challenging to
measure the quality of comprehensive evaluation results
because access to relevant information is limited. A small
number of studies achieved this verification by comparing it
with the outcomes in existing or similar assessment reports
[43]. However, to the best of our knowledge, this is the first
time that ROSSE has been performed from a regional
perspective, and therefore, the effect of comparative verifi-
cation is significantly weakened. Nevertheless, the Railway
Safety Announcements from 2016 to 2018 [56] were col-
lected. +ese reports were analyzed, and the main conclu-
sions are as follows:

(1) +e reports show that the entire safety situation of
the national railway has gradually improved from
2016 through 2018, especially for the significant
reduction of accident rates and accident mortality
rates. +is is consistent with the overall trend of the
evaluation results.

Table 5: Calculation results of situation indicators for ROSSE in a
certain region of China from 2016 to 2018.

Year. month A T G S C R

2016.01 52 0.3223 8.60 0.1047 0.32 1.95
2016.02 43 0.2742 7.25 0.1372 1.76 1.99
2016.03 42 0.2471 7.15 0.1427 1.71 1.96
2016.04 50 0.3074 6.85 0.1246 1.62 1.46
2016.05 45 0.2829 7.25 0.0892 0.94 1.85
2016.06 55 0.3653 7.95 0.1154 1.58 1.59
2016.07 57 0.3384 6.90 0.1250 1.65 1.18
2016.08 63 0.3598 7.75 0.1432 1.88 1.20
2016.09 57 0.3522 8.10 0.1600 1.73 1.51
2016.10 38 0.2271 5.95 0.1118 0.87 1.81
2016.11 37 0.2383 5.40 0.0964 0.32 1.59
2016.12 33 0.1982 6.00 0.1633 0.61 2.23
2017.01 45 0.2406 7.80 0.1345 0.46 1.71
2017.02 24 0.1321 4.65 0.1533 0.33 1.88
2017.03 33 0.1865 5.60 0.1514 0.62 1.58
2017.04 29 0.1688 5.60 0.1120 0.28 1.99
2017.05 27 0.1541 5.45 0.2000 0.78 2.10
2017.06 28 0.1690 5.80 0.1954 1.72 2.16
2017.07 16 0.0851 2.80 0.1440 1.06 1.92
2017.08 21 0.1090 4.25 0.1767 2.10 2.08
2017.09 31 0.1793 5.65 0.1440 0.71 1.80
2017.10 25 0.1366 4.95 0.1673 1.08 2.08
2017.11 21 0.1223 3.90 0.1280 1.28 1.86
2017.12 23 0.1352 4.20 0.1813 2.04 1.76
2018.01 26 0.1409 5.05 0.1860 1.42 1.47
2018.02 23 0.1240 4.25 0.1709 1.74 1.30
2018.03 25 0.1175 4.95 0.1963 2.76 1.38
2018.04 26 0.1354 5.25 0.1508 1.12 1.58
2018.05 21 0.1071 3.80 0.1109 1.19 1.55
2018.06 19 0.0971 3.75 0.1300 0.42 1.58
2018.07 25 0.1146 5.10 0.1900 1.96 1.60
2018.08 34 0.1507 6.85 0.1969 1.65 1.47
2018.09 30 0.1492 6.50 0.1618 1.20 1.68
2018.10 25 0.1165 5.20 0.2127 2.24 1.57
2018.11 27 0.1408 4.65 0.1294 1.63 1.45
2018.12 25 0.1322 4.75 0.1700 1.08 1.44
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(2) Although the trend is optimistic, the reports indicate
that the number of exposed security risks has in-
creased exponentially. Deepening the environmental
governance along the railway, especially for high-
speed railways, will become the focus of trans-
portation safety supervision.+is also means that the
safety situation is still unstable, which confirms the
results of this study at the trend level.

In addition to the above macro conclusions, experts were
invited to further score the quality of the entire evaluation
work. Concerning the literature on performance evaluation
[23, 38], the scoring items were designed based on mainly
three aspects, that is, indicator, methodology, and result.
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Figure 2: Value fluctuations of situation indicators.

Table 6: Values of weights for situation indicators.

Weight/indicator A T G S C R

Subjective weight ψj 0.1263 0.1614 0.2010 0.1859 0.1566 0.1688
Natural attribute weight μj 0.1842 0.1863 0.1490 0.1532 0.1752 0.1521
Entropy weight φj 0.1377 0.1900 0.1741 0.1855 0.1239 0.1888
Combined weight ωj 0.1463 0.1812 0.1737 0.1765 0.1449 0.1774

Table 7: Results and ranking of ROSSE in a certain region of China
from 2016 to 2018.

t D+
i D−

i RC+
i Ranking CS+

i Ranking

2016.01 0.7477 0.5745 0.4345 29 0.7544 35
2016.02 0.8931 0.5211 0.3685 35 0.9387 18
2016.03 0.8595 0.5547 0.3922 32 0.9595 13
2016.04 0.7737 0.6405 0.4529 28 0.8917 25
2016.05 0.7117 0.6169 0.4643 27 0.8712 27
2016.06 0.8074 0.5098 0.3870 33 0.7674 34
2016.07 0.7713 0.5612 0.4212 30 0.7940 32
2016.08 0.8300 0.5003 0.3761 34 0.6929 36
2016.09 0.9910 0.4232 0.2993 36 0.7768 33
2016.10 0.6051 0.8091 0.5721 16 0.9668 9
2016.11 0.4585 0.9557 0.6758 9 0.9627 11
2016.12 0.6535 0.6725 0.5072 23 0.8933 24
2017.01 0.7147 0.6995 0.4946 26 0.9171 20
2017.02 0.4575 0.9567 0.6765 8 0.9625 12
2017.03 0.5355 0.8787 0.6213 12 0.9909 1
2017.04 0.4920 0.8388 0.6303 11 0.9486 14
2017.05 0.7088 0.7054 0.4988 24 0.8738 26
2017.06 0.8244 0.5898 0.4171 31 0.8571 29
2017.07 0.3520 0.9369 0.7269 3 0.9389 17
2017.08 0.6476 0.7667 0.5421 22 0.8594 28
2017.09 0.5673 0.8469 0.5989 14 0.9862 3
2017.10 0.6168 0.7974 0.5639 19 0.9223 19
2017.11 0.4261 0.9881 0.6987 4 0.9635 10
2017.12 0.6061 0.8081 0.5714 17 0.9143 21
2018.01 0.5495 0.8647 0.6114 13 0.9455 15
2018.02 0.4422 0.9720 0.6873 6 0.9425 16

Table 7: Continued.

t D+
i D−

i RC+
i Ranking CS+

i Ranking

2018.03 0.5561 0.7847 0.5852 15 0.8396 31
2018.04 0.4833 0.9309 0.6583 10 0.9846 4
2018.05 0.2919 1.1223 0.7936 2 0.9839 5
2018.06 0.2540 1.1602 0.8204 1 0.9891 2
2018.07 0.6069 0.8073 0.5709 18 0.9083 22
2018.08 0.7109 0.7033 0.4973 25 0.8958 23
2018.09 0.6192 0.7950 0.5622 20 0.9675 8
2018.10 0.5909 0.7395 0.5558 21 0.8464 30
2018.11 0.4350 0.9792 0.6924 5 0.9781 6
2018.12 0.4568 0.9574 0.6770 7 0.9700 7
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In terms of the indicator, the main consideration is the
rationality of indicator design (RID) and the completeness of
the indicator system (CIS). In addition, the effectiveness of
the indicator system in reflecting the regional perspective
(ERP) is required. +e effectiveness of the methodology was
verified. Hence, the straightforwardness (STR) and under-
standability (UND) described in Section 4 are important
goals. Furthermore, the scalability of the method (SCM) is
one of the key capabilities to respond to the changes in
practical applications. Finally, the rationalities of weight
calculation results (RWC), evaluation results at the distance
level (RED), and evaluation results at the trend level (RET)
are included in the scoring item design.

Eight experts engaged in railway operation management
scored each item from 1 to 10. +e higher the score, the
higher the recognition of the corresponding item. All scores
of eight experts and the overall average score are illustrated
in Figures 5(a) and 5(b), respectively.

+e scores show that experts are positive about the
quality of the evaluation work. +e average scores of RWC,

RED, and RET are all close to 8, which indicates good
performance. However, CIS and SCM still need to be
strengthened. +ese two scoring items are both closely re-
lated to the extensions of the method; therefore, they are
discussed further in the next section.

6.2. Method Extensions. +e safety of railway operations
depends on various factors, including infrastructure and
rolling stock reliability, emergency rescue rules, natural
environment monitoring, and human factors. If these ele-
ments are to be considered fully, the evaluation indicator
system required must be huge and complex. Because this
work is from a regional perspective, it has been restricted in
the design of accident-based indicators. Hence, the exten-
sions of the indicator system mainly consider the inclusion
of other relatively independent elements, such as natural
environment monitoring and human factors.

Although railway transportation is less affected by the
natural environment than other modes, up to nearly 80% of
passenger transport accidents are caused by bad weather or
sudden natural disasters [10]. Environmental factors that are
likely to cause accidents and equipment failure include heavy
rainfall, lateral wind, lightning, earthquakes, ice disasters,
and dramatic changes in temperature differences. However,
unlike accident-based indicator design, the impact of en-
vironmental factors is uncertain. +erefore, this category of
indicators should reflect the changes brought about by the
environment to safety risks—especially the impact of sudden
natural disasters on the safety situation.
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Figure 3: ROSSE results and overall trends.

Table 8: Divisions of safety situation levels.

Safety situation level Distance: relative closeness Trend: cosine similarity
A 0.6627≤RC+

i 0.9643≤CS+
i

B 0.5674≤RC+
i < 0.6627 0.9305≤CS+

i < 0.9643
C 0.4615≤RC+

i < 0.5674 0.8682≤CS+
i < 0.9305

D RC+
i < 0.4615 CS+

i < 0.8682

Table 9: Ranking comparison of relative closeness at distance level.

Serial number 1 2 3 4 5 6 7 8 9 10
Original ranking 24 31 3 22 14 19 4 17 13 6
Comparative ranking 18 20 3 17 10 14 4 12 9 6
Serial number 11 12 13 14 15 16 17 18 19 20
Original ranking 15 10 2 1 18 25 20 21 5 7
Comparative ranking 11 8 2 1 13 19 15 16 5 7
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+e extension of the indicator system based on human
factors is also similar to that based on environmental factors.
According to Zhou et al. [30], four errors with the largest
percentage of occurrence in the railway system are orga-
nization process, inadequate supervision, personal readi-
ness, and skill-based errors. +ese human factors indirectly
affect the overall safety situation through state changes at the
supervisory and organizational levels. +erefore, human
errors cannot be directly applied to the TOPSIS method, as

in the accident-based approach, to deal with safety situa-
tions. +us, a reasonable conversion process is necessary.

Considering the above possible extension direction of
the indicator system, operation managers can encounter
more incomplete or unobtainable information. For example,
the influence on the safety situation of decision mistakes in
human factors cannot be accurately evaluated using real
numbers. To deal with these uncertainties and ambiguities,
fuzzy theory is suitable for integration as an extension
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Figure 4: Comparison of evaluation results at the distance level between the improved TOPSIS method and entropy-TOPSIS method.
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Figure 5: Radar charts of scoring by experts: (a) all scores of eight experts and (b) average score.
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direction. +is combined method can solve imprecise in-
formation by converting it into linguistic variables while
retaining the effectiveness in decision making.

6.3. Practical Applications. With the increased availability of
data, railway operation safety analysis and management
techniques based on accidents or incidents play an im-
portant role. Operation managers can better perceive safety
situations and discover potential risks through accident data
mining. However, because of different purposes, different
levels of managers have different needs for safety infor-
mation acquisition. Generally, grassroots managers are more
concerned about the specific safety performance and
changes in each link of the system, whereas senior managers
pay more attention to the overall safety situation of the
system and the key features exposed. +e comprehensive
evaluation from a regional perspective in this study mainly
serves the latter.

In actual safety management, railway senior managers
are usually required to make comprehensive and guided
decisions. For example, in China, railway managers in
charge of a regional area are responsible for coordinating
and supervising dozens of operation lines and hundreds of
transportation resources. Faced with a large amount of
available information, they need to avoid falling into data
traps and make top-level decisions directly and efficiently.
+erefore, the basis for making such decisions must also be
regionally comprehensive and capable of judging trends.

+e improved method proposed herein can appropri-
ately meet the requirements in this regard. Distance-level
evaluation results can help managers intuitively judge the
performance of the safety situation throughout the entire
historical period. Trend-level evaluation results can enable
managers to make better judgments about decision-making
directions. +e TOPSIS method also has advantages in
avoiding paying too much attention to the original situa-
tion sets. +e division of the safety situation levels, as
shown in Section 5.2, is also an effective practical
application.

7. Conclusions

In this paper, six situation indicators were designed from a
regional perspective and an improved TOPSIS method was
proposed for the ROSSE. Starting from the multiattribute
analysis of railway accidents, the safety situation can be
characterized by the situation set of indicators, including the
number of accidents, number of accidents per unit turnover,
accident grades, structure of accident properties, degree of
accident correlations, and average recovery time of acci-
dents. Corresponding quantification methods were given,
and the parameters involved in the indicators were pre-
liminarily estimated.

In terms of the evaluation model, the traditional TOPSIS
method was improved by combining SPA theory and the
CSM. However, the SPA theory was used to introduce the
connection vector to calculate the relative closeness as the
evaluation result at the distance level. +rough the

vectorization of the situation set, the cosine similarity be-
tween the situation vector and ideal vector was calculated as
the evaluation result at the trend level. Moreover, a com-
bined weight based on GT was applied in the evaluation
process. +en, a case study using the proposed method was
performed on railway accident statistics in a certain regional
area of China from 2016 to 2018.+e evaluation results show
that the overall safety situation has undergone benign de-
velopment, but it is still unstable. It is necessary to
strengthen the measures of safety management by im-
proving the relative closeness and limiting the fluctuations of
cosine similarity. +e control measures of high-speed rail-
way passenger transportation should also be considered.

+e effectiveness of the improved TOPSIS method was
verified through two groups of comparative experiments.
+e results illustrate that the RRP was effectively solved and
that the improved method is more sensitive to situation
awareness. +e measurement of cosine similarity can also
help to better understand and evaluate the railway operation
safety situation. A quality verification of the entire evalua-
tion work was conducted through the analysis of actual
reports and expert scorings. Method extensions and prac-
tical applications were also discussed. In addition, evaluation
work can be further combined with other transportation
organization or disruption management research to for-
mulate collaborative optimization strategies, such as robust
train timetabling [57], train platforming [58], rolling stock
scheduling [59], and energy saving [60]. +e method of
parameter estimation needs to be improved.
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