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摘要 

普悠瑪事故發生後，鐵路安全的議題再次浮上檯面，其中風險評估對鐵路安

全至關重要。本研究提出了一個自動化程序，讀取列車自動保護系統（Automatic 

Train Protection，ATP）之行車記錄以辨識六種高風險駕駛行為。所提出的模組不

僅能應用於司機員安全表現評估，亦能針對高風險行為發生之路段進行分析。除

此之外，更提出一高風險駕駛行為綜合風險指標，整合六種高風險行為表現以分

析並比較不同司機員與路段之間的風險高低程度。在案例分析中，本研究利用實

際的行車資料，分別對司機員與路段進行分析，結果顯示若以高風險駕駛行為而

言，高達 74%的總體風險來自於 20%的司機員；又以路段而言，高達 80%的總

體風險來自於 15%的高風險路段。本研究的模組成功的根據 ATP 行車記錄辨識

高風險駕駛以及路段，可便於營運單位對症下藥，有效地提升鐵路系統安全性。 

關鍵字：鐵路運輸、鐵路安全、自動列車保護、駕駛行為、司機員評估、 

路段評估、風險指標 
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ABSTRACT 

Risk assessment is an important process for railway safety. This research proposes 

an automatic process to access operational record from Automatic Train Protection 

(ATP) system, and identifies six high-risk driving behaviors. With the integrated risk 

index for driving behaviors (IRIDB), the proposed modules can successfully identify 

high-risk drivers and sections in the railway system. Empirical study demonstrates that 

20% of high-risk drivers contribute to 74% of the total risk, while 15% of high-risk 

sections contribute to 80% of the total risk. The proposed modules identify the drivers 

and sections with high risk to enable the operators of railway systems to take 

countermeasures, thereby enabling them to efficiently improve the safety of railway 

systems. 

Keywords: Rail Transportation, Railway Safety, Automatic Train Protection,  

Driving Behavior, Driver Assessment, Section Assessment, Risk Index 
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CHAPTER 1 INTRODUCTION 

1.1 Background 

The overspeed derailment of the Puyuma express train is the deadliest railway 

accident in Taiwan for the past 20 years. According to the investigation report, 

switching off of the automatic train protection (ATP) system is one of key contributing 

factors of the accident (Executive Yuan 1021 RAAIT, 2018). 

The Puyuma derailment revealed that no safety equipment can guarantee 100% 

safety without safety culture and corresponding procedures. By contrast, safety culture 

and corresponding procedures are the key to the safety of railway systems (Jong et al., 

2020). Taiwan Railways Administration (TRA), the operator of conventional railways 

in Taiwan, has long been criticized for lacking safety cognition in its typical practices. 

After the Puyuma derailment, the unsafe practices should be improved for safety 

purposes. 

The main purpose of the ATP system is to make sure that trains follow the signals 

and the speed restrictions. ATP can help drivers identify correct signal aspect and ensure 

brake are applied properly, if drivers are unconscious due to other factors. The two main 

functions of ATP are monitoring the train speed and providing the driver information 

such as the permitted speed, distance to next signal (TRA Electrical Engineering 

Department, 2005). Although the ATP system is introduced to reduce railway accidents, 

it may, reversely, increase the risk of train operations. 

Two types of human factors, distrust of ATP and over-trust of ATP, that are 

potential hazards to railway system safety may arise because of the complete function 

of ATP. Both of them increase risk of train operations (ITSRR, 2005). 

The assessment of drivers’ performance is one of the key approaches to ensure 

safety operations. Figure 1-1 shows that on October 14, 2018, one week before the 
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accident, the driver drove the same train through the accident site (near Xinma Station). 

The driver did not start to decelerate the train before hearing the warning from the ATP 

system. By contrast, a normal driver would decelerate the train at Wulaokeng Bridge 

(as shown in Figure 1-2). On October 21, 2018, when the accident driver switched off 

the ATP system, he did not decelerate the train at all, thereby resulting in the overspeed 

derailment (Executive Yuan 1021 RAAIT, 2018). A suspicious aspect is that drivers 

tend to operate trains by relying on ATP, which is supposed to be a protection system 

instead of a guiding system. TRA drivers should operate trains by following wayside 

signals. However, some drivers have been found to rely on the continuous and 

convenient information on speed limit from the display panel of the ATP system. 

Consequently, the current research proposes an automatic process to access ATP records 

to identify high-risk driving behaviors. 

 

Figure 1-1: Record of the accident driver on October 14, 2018 

(one week before the derailment) 
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Figure 1-2: Record of a normal driver 

The Puyuma derailment revealed two safety concerns existing in TRA: hardware 

problems and human factors. The solution for the former is to improve the hardware of 

the ATP system, which is out of scope of this research. This research focuses on the 

solution to the latter concern: to improve the driver performance in train operations. 

This objective can be achieved by evaluating the driver performance and retraining 

those with worse performance.  

In the past, the assessment of driver performance was a manual process. Driving 

instructors who were responsible for assessment checked the figures output from ATP 

one by one and inspected if any driver had violated regulations. This process is not only 

inefficient but also likely to overlook some small mistakes. Furthermore, it’s impossible 

for several experienced drivers to monitor about 1,000 trains operated every day. Since 

early 2020, TRA introduced an overspeed detection system for driver assessment. The 

system can process ATP data and identify approach signal overspeed. However, the 

overspeed detection system is only designed to identify one specific behavior.  
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The other focus of safety improvement is the high-risk sections. After the Puyuma 

derailment, TRA also planned to reconstruct sections with sharp curves in the network 

of TRA. However, there is no practical methodology to identify sections with high risks. 

As mentioned in previous paragraphs, it is urgent to develop modules 

automatically identifying high-risk driving behaviors and sections, so that the operators 

can take countermeasures to improve the safety of train operations. 

1.2 Research Objectives 

As was mentioned in the previous section, this research aims to develop a process 

to identify the high-risk driving behaviors based on the ATP driving record data, and 

calculates the frequency of the high-risk driving behaviors for each driver and section. 

An integrated index of high-risk driving behaviors is also proposed to evaluate the 

performance of the drivers and the safety of the sections. At first, ATP record figures 

are input and transferred into numerical data for further analysis. Every ATP driving 

record data is categorized by drivers and sections separately afterwards. With the pre-

processed ATP driving record data, six identification modules are established to 

discover six different types of high-risk driving behaviors. Moreover, this research also 

establishes an index that mixes all six high-risk driving behaviors for safety assessment. 

One case study involving 540 drivers and the other involving 142 sections in TRA are 

applied by this assessment process to evaluate safety on practical scenarios. The 

evaluation of risk index reveals the drivers and sections with higher risk, and TRA can 

take actions to improve safety accordingly. 

1.3 Contribution Summary 

The contributions of this research could be summarized into the following three 

points: 

(1) Define and discover six high-risk driving behaviors that may be latent risk to future 
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accidents. 

Although no injuries or property damages are caused by these high-risk driving 

behaviors, they probably trigger to serious accidents in combination with other 

failures. Once these high-risk driving behaviors are identified and improved, 

possibility of accidents would also decrease. 

(2) Develop an automatic process to identify high-risk driving behaviors with the ATP 

record figures. 

The framework of high-risk driving behavior identification process, including the 

figure transformation and the analysis modules for the drivers and sections, are 

fully automatic processes. No extra human resource is required in this process. It 

not only greatly improves the manual assessment process in TRA but also provides 

more functions for risk evaluation. 

(3) Propose an integrated risk index for quantifying high-risk driving behaviors for 

each driver and section. 

An integrated risk index of high-risk driving behaviors and sections can provide a 

quantified score of the risk to high-risk driving behaviors and sections. It can 

reflect danger and urgency parts of the whole railway system. With this index, 

operators can establish an improvement plan accordingly. 

1.4 Thesis Organization 

This thesis is organized into five chapters. CHAPTER 1 describes the background 

and objectives of this research. Afterwards, literature related to the railway driver 

performance and safety and evaluation of risk index is reviewed in CHAPTER 2. 

CHAPTER 3 introduces the framework and modules of the high-risk driving behaviors 

and high-risk sections identification and risk evaluation process. Two case studies, one 

for analysis of drivers; the other for analysis of sections, are demonstrated in 
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CHAPTER 4. Finally, CHAPTER 5 concludes this research and shows the possible 

ways of future work. Figure 1-3 summarizes the organization of this research. 

 

Figure 1-3: Thesis Organization 
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CHAPTER 2 LITERATURE REVIEW 

The purpose of this chapter is to review literature on driver performance and risk 

evaluation. It begins with reviewing researches about analysis on railway driver 

performance and safety. In Section 2.1, three types of methodologies about railway 

driver performance: human factor analysis, accident review, and driving data analysis 

are reviewed in Sections 2.1.1 to 2.1.3 separately. Afterwards, section 2.2 reviews the 

literature about railway risk evaluation and risk index. Finally, in Section 2.3, the 

reviewed literature is summarized, and innovation of this research is also discussed in 

the section. 

2.1 Safety and Performance of Railway Drivers 

Numerous studies have discussed the railway safety. This section focuses on the 

studies related to safety and performance of railway drivers. These studies can generally 

be categorized into three types according to research methodology: human factor 

analysis, accident data analysis, and train operation data analysis, discussed in Sections 

2.1.1 to 2.1.3 respectively. 

2.1.1 Human Factor Analysis 

In terms of railway driver safety and performance, the methodologies of human 

factor analysis are mostly used for research (Wilson and Norris, 2005). Typically, these 

studies use experiments or interviews to evaluate driving performances and one or some 

factors that may affect driving safety. Thereafter, the relationship and effect between 

them are analyzed. Among them, workload and fatigue are popular factors that are of 

interest to researchers. Dorrian et al. (2007) used driving simulators to compare driving 

behaviors of nighttime shift after two consecutive nighttime shift to daytime shift after 

normal sleep. Jay et al. (2008) observed driver fatigue of the driver relays (alternative 

shifts of two set of crews) by assessing fatigue levels before and after each shift. Dorrian 
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et al. (2011) assessed fatigue levels of drivers, controllers, and maintenance crew before 

and after the shifts. Apart from workload and fatigue, driver distraction and inattention 

are other key factors worth studying. Naweed (2013) collected several signals passed 

at danger (SPAD) scenarios and analyzed SPADs with psychology models to find the 

relationship between SPAD-risk and distraction. There are also studies focus on drivers’ 

personality. Hickey and Collins (2017) examined driving performance and driving-

related incidents. Other studies have integrated several of the preceding factors to 

establish a considerably general model for driving behavior. Myrtek et al. (1994) 

assessed physical and mental conditions of train drivers of different type of railway 

systems, and figured out factors that may affect driving performance. McLeod et al. 

(2005) constructed a psychological situational model for railway drivers to describe 

perception, decision and action of the drivers. Naweed (2014) also used psychological 

methods to investigate driver characteristics, parameterize conventional driver behavior, 

and developed a model of train driving behavior. Tabai et al. (2018) investigated drivers’ 

cognitive and demographic characteristics and their effect on accidents. 

2.1.2 Accident Review 

Another type of method to assess driver safety and performance is based on past 

accidents. These studies have often been based on accident datasets and reports to 

analyze human factors that contributed to accidents. Reinach and Viale (2006) used 

Human Factors Analysis and Classification System (HFACS) to establish a complete 

and formal structure of accident investigation and analysis, and analyzed some remote 

control locomotive accidents and incidents according to the proposed structure. Baysari 

et al. (2008) also applied HFACS to 40 accident investigation report, discussing reasons 

to human errors and approaches for prevention. Kyriakidis et al. (2015) integrated 

previous literature and hundreds of accidents or incidents worldwide, induced 
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contribution factors to accidents, and analyzed effect and relationship of the accidents. 

An index was also proposed to evaluate behavior and performance of drivers. Guo et 

al. (2016) surveyed personality of the train drivers and analyzed the relationship 

between personality and accident involvement, sobriety test and closed-circuit 

television records using correlation analysis and Poisson regression analysis. Punzet et 

al. (2018) analyzed the SPAD reports and researched in the human factors of SPADs. 

Besides researching with conventional accident analysis models, more and more 

researches turned to apply some novel machine learning methods to find latent 

relationships that were ignored previously. Mirabadi and Sharifian (2010) applied data 

mining methodologies to accident dataset and revealed relationships between accidents 

and various factors. Figueres-Esteban et al. (2016) used artificial intelligence to analyze 

text-based records and made the records applicable for railway safety analysis. Kaeeni 

et al. (2018) integrated three kinds of machine learning skills: artificial neural network, 

Naïve Bayes, and decision tree to construct a risk prediction model of derailment 

accidents. Rashidy et al. (2018) collected many factors seemingly not relevant to SPAD 

and examined the factors by big data analysis. A dataset that can automatically upload 

and pre-process data collected is also established. 

2.1.3 Driving Data Analysis 

With the development of big data analysis skills, some studies have started to apply 

train driving records to assess driving performance and safety. Sun (2010) applied ATP 

record data, counting two types of behavior defined as “near miss.” Statistical analysis 

was also performed to analyze the relationship between the near miss behaviors and 

some factors including personalities, train types, track conditions, and environments. 

Zhao et al. (2018) used data from conventional signal systems to detect red signal 

approach for future studies related to SPAD. El Rashidy et al. (2018) applied driving 
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data from on-train monitoring recorders to establish an index to evaluate train driving 

performance. 

2.2 Railway Risk Evaluation 

A variety of techniques can be used to evaluate the risk in railway systems, and 

each of them has different characteristics and suitable conditions. These techniques can 

be categorized into three types: quantitative techniques, semi-quantitative techniques, 

and qualitative techniques (ISO, 2010). 

One of the most well-known concepts of quantitative risk analysis is shown as 

equation (1) (Boehm, 1989): 

 Risk Frequency Consequence= ×  (1) 

Though the concept was firstly used in software risk assessment, it is gradually 

applied in a variety of fields, including railway operation. Macciotta et al. (2016) used 

Monte Carlo simulation to estimate the risk of a slope section. Leitner (2017) 

established a model for railway risk assessment based on the accident database. In the 

model, probability and consequence are calculated by the fault tree analysis and event 

tree analysis, respectively. 

Although the quantitative risk analysis can calculate the precise value of risk, the 

calculation is complicated and arbitrary. Moreover, strong simplifications and 

assumptions are usually necessary for quantitation, thus some important factors may be 

neglected. Instead, qualitative or semi-quantitative risk analysis can be more 

comprehensive, wherein more latent factors that are influential to risk can be considered. 

Furthermore, qualitative or semi-quantitative risk analysis required less resource so that 

it is more practical to adapt with (Aven, 2008). 

Practically, the risk matrix is often used in risk assessment for railway systems, 

and it is a methodology applicable for both qualitative and semi-quantitative risk 
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analysis. In EN 50126 standard, risk matrix is referred as a technique to evaluate the 

risk levels (CENELEC, 1999). Numerous railway operators have adopted risk matrices 

as their risk assessment method, such as London Underground, Hong Kong MTR, 

Taiwan High Speed Rail, Taipei Metro (NTURTRC, 2012). 

Although the risk matrix is a mature technique for risk assessment in railway, the 

analysis is on the basis of apparent deaths and injuries. The hazard events with less risk 

is not considered in the risk matrix. As defined by Health and Safety Executive (2004), 

adverse events can be divided into accidents and incidents. Accidents represent events 

where deaths, injuries or ill health are caused, while incidents include “near miss” and 

“undesired circumstance,” which are events or circumstances potentially result in 

injuries or ill health but no actual harm is caused. However, this research focuses on 

“high-risk driving behaviors of drivers,” and such events are leading indicators before 

accidents and incidents happen. Therefore, common methods for risk evaluation of 

transportation is not applicable in this research. 

In contrast with the risk evaluation methods, little literature proposed methods for 

near miss risk evaluation. Kaplan (1990) proposed a method based on the concept of 

event tree analysis and Bayesian theorem to evaluate the risk of near miss events. Gnoni 

and Lettera (2012) proposed a model to calculate a risk index for near miss events with 

consideration of the hazard of near miss events, effects of location, and feasibility of 

countermeasures. McKinnon (2012) considered the risk as a combination of probability, 

frequency, and severity, where probability is the likelihood that near miss events 

become accidents, frequency is the number of near miss events in a time, and severity 

is the consequence of the worst cases. Conclusively the risk index can be calculated by 

multiplication of these three elements, as shown in equation (2). 

 Risk Probability Frequency Severity= × ×  (2) 
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Although some methodologies for near miss risk assessment have been proposed, 

all of them are inapplicable due to the limitation of accessible data. Consequently, a 

new risk evaluation method for near miss events is necessary in this research. 

MacKenzie (2014) suggested some methods for establishing a risk index in 

different areas: the moments of distribution, the quantiles of a distribution, the disutility 

functions, and the functions of indicators or factors. For the first two methods, there is 

no apparent theory to determine which moments or quantiles should be chosen. For the 

third method, there is no sufficient data for calculating the disutility function. Moreover, 

the research aims to propose an integrated risk index of several high-risk driving 

behaviors. Hence, the last method, the functions of indicators or factors, is the most 

appropriate method for constructing a risk index in this research. 

2.3 Summary of Literature Review 

In this chapter, literature with regard to the driver performance and safety is 

reviewed. In summary, researches of human factor analysis assessed the driver behavior 

via ergonomic and psychological methods. The disadvantages of these studies include 

a high threshold of technique. Professional psychologists are necessary for the majority 

of these studies. Moreover, the majority of these studies are interview-based, thereby 

making it difficult to quantify objectively. For accident review researches, accident 

database is collected to analyze relationship between accidents and driver performance. 

The major problem is that accidents are lagging indicators, analyses can only be done 

after damages have happened instead of preventing damages from happening. Studies 

of the third methodology, driving data analysis, collect historical driving data and 

identify abnormal driving actions for further analysis. This methodology emerged with 

the development of big data analysis. Driving data analysis can directly observe driver 

behavior and analyze it through quantification analysis. Consequently, driving data 
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analysis is chosen as the methodology in the research. 

By reviewing the literature about driving data analysis, it is found that few 

previous studies have used driving data analysis to assess driver performance and safety. 

Some of these researches identified specific actions manually, while the other 

researches did not discuss the relationship between signal information, speed limit and 

driver performance. This research applies the driving record from ATP, which is 

equivalent to the European Train Control System (ETCS) Level 1, to identify the high-

risk driving behaviors. This research proposes an automatic process to analyze the 

interaction between driver and signal information. Moreover, this research not only 

focuses on the high-risk driving behaviors of each driver, but also focuses on the 

sections where these high-risk driving behaviors happens. 

Furthermore, this research also proposes a framework of risk index evaluation for 

the high-risk driving behaviors. Previous studies and standards for railway risk 

evaluation only focused on the risk of accidents, and these methods are difficult to be 

applied for near miss events such as high-risk driving behaviors in this research. This 

research also proposes a framework of calculating an integrated risk index for events 

with relative low damages. 
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CHAPTER 3 METHODOLOGY 

This chapter describes and discusses the methods used in this research. Firstly, 

Section 3.1 introduces the functions and the control logics of the ATP system in TRA. 

In the second part of the section, the defects and the safety concerns of ATP are 

discussed. Sections 3.2 to 3.6 then describe the process of the research in greater detail. 

Section 3.2 provides a brief overview of the overall process and introduces the modules 

used in this research, as well as inputs and outputs of each module. Sections 3.3 to 3.6 

are detailed description of the modules. 

3.1 Introduction of ATP System in TRA 

Since this research applies the driving record data from ATP, this section begins 

with introducing the functions of ATP. Then, the safety concerns of ATP, which is the 

main reason to propose this research, is discussed in the second part of this section. 

3.1.1 ATP System of TRA 

The main function of the ATP system for TRA is to ensure that the train would 

follow wayside signal and speed limit by monitoring train speed continuously. The 

equipment of the ATP system consists of two parts: wayside and onboard equipment. 

Wayside equipment comprises the existing signaling system, encoder and balise (also 

called transponder). Information on train movement, such as moving authority and 

speed limit, are encoded by an encoder and sent to the onboard equipment from balise. 

After receiving information from balise, the onboard computer calculates the permitted 

speed profile and monitors the train speed according to the received information and 

pre-input train characteristics. 

The function of the ATP system in TRA is equivalent to the ETCS Level 1, which 

is an intermittently updated continuously supervised train protection system. Although 

ATP can monitor train speed throughout the journey, signal information can be updated 
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only on locations where balises are installed. In general, 2 to 3 balises are installed 

before each signal. When trains pass through a balise, the onboard equipment receives 

the corresponding signal aspect and rail alignment information of the following block, 

such as speed limit, information on curves, slopes, turnouts, and distance to the next 

signal. The received speed limit is the integrated speed restriction that considers curves, 

slopes, bridges, turnouts, and stations, among others. 

Note that unlike a conventional three-aspect speed restriction, the speed restriction 

of ATP is based on speed profile, which is calculated using the stop point and brake 

performance of the train (see Figure 3-1). ATP calculates five different speed profiles: 

target indication, permitted speed, service warning, service brake, and emergency brake. 

Figure 3-2 and Figure 3-3 illustrates the relationship of the five speed profiles while 

confronting a stop signal or speed limit reduction. Each of the profiles represents a 

different level of ATP interference, which is discussed in the following section. ATP 

uses an odometer to locate the train and monitor train speed corresponding to the current 

location. 

 

Figure 3-1: Difference of speed restriction between signal and ATP 
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Figure 3-2: Schematic of speed profiles while confronting a stop point 

 

Figure 3-3: Schematic of speed profiles while confronting a speed limit reduction 

Figure 3-2 and Figure 3-3 shows the schematic of the five speed profiles calculated 

by ATP when it detects a stop point or speed limit decrease in front of the train. These 

figures show that static speed profile is the speed limit received from the wayside 

equipment, representing the speed limit of the section. “Target indication” is a reminder 

before the train speed reaches the permitted speed profile. When the train speed reaches 

the target indication profile, the “train would overspeed in 4 seconds with current speed.” 

At this time, the ATP monitor will display the target speed, and the ATP buzzer will 

beep to remind the driver. After 4 seconds with the same speed, the “permitted speed” 

profile will be reached. Permitted speed profile is the speed limit calculated by ATP, but 

nothing happens if the train speed exceeds the permitted speed. After an additional 

second with the same speed, the “service warning” profile is reached. Service warning 

profile aims to warn the driver that the brake should be applied to prevent ATP brake 

interference. The ATP buzzer will continue sounding if the train speed exceeds the 

service warning profile. If the train is operated with the same speed for an additional 9 
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seconds, then it will reach “service brake” profile. At this time, the maximum service 

brake is automatically activated by ATP to slow down the train, until the train speed is 

lower than the permitted speed. If ATP considers that the maximum service brake is not 

sufficient to stop the train before the stop point, then the “emergency brake” will be 

applied by ATP. Not until the train stops can the driver release the emergency brake 

(Bombardier Transportation, 2005). 

Although ATP records train operation data continuously and saves all data in a 

database, all data is encrypted so that the original data is unavailable without keys. The 

accessible data in this research are figures of driving records. Figure 3-4 demonstrates 

part of the driving record figure and the information contained in the figure. 

 

Figure 3-4: Part of the driving record figure and the contained information 
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3.1.2 Safety Concerns of ATP System in TRA 

Although ATP provides a complete safety protection of train operation, ATP 

continues to have some safety concerns. Human factors are key factors that potentially 

threatens the safety of railway operations. Although ATP has been developed and 

applied in operation for decades, only a few studies have discussed the effects of ATP 

on driving performance. The human factors of ATP could be categorized into two types: 

distrust and over-trust of ATP. Distrust of ATP could result because of two reasons: low 

reliability of ATP and different control logic between driver and ATP. In 2018, 332 

failures were recorded out of 6,530 sets of wayside equipment, and 224 of the failures 

were the result of unknown reasons (Executive Yuan, 2019). Moreover, when ATP fails, 

brake is often activated to ensure safety owing to the fail-safe characteristic of ATP. 

Thus, drivers are often aware of ATP malfunction because of its interference of train 

operation, thereby deepening the impression that ATP fails frequently. Consequently, 

drivers become accustomed to the frequent malfunction of ATP. Once problems related 

to power loss or brake activation occur, drivers tend to blame them on ATP malfunction. 

By contrast, over-trust of ATP is also a problem, particularly given that ATP is not a 

cure-all for train operations. ATP cannot handle some situations, such as trespassers and 

foreign objects on the track. If drivers consider that ATP can prevent any disaster, then 

they may lose their concentration. Another concern is the effect over driving skill. 

Given that ATP can integrate every necessary information and generate speed 

restrictions by considering all conditions, drivers may get used to driving dependent on 

the information from ATP, thereby gradually losing their ability to judge train 

operations. Hence, they may be unable to make correct decisions when ATP does not 

work (ITSRR, 2005). 

On the basis of the regulation of ATP usage and management in TRA, ATP cannot 
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be turned off unless the ATP equipment malfunctions. Moreover, once ATP is turned 

off, the driver must contact dispatchers and report some necessary information. 

However, the process after ATP is turned off is not applied properly, thereby resulting 

in disasters, such as the Puyuma derailment (Executive Yuan 1021 RAAIT, 2018). In 

addition, the ATP system in TRA is treated as a safety protection system. Drivers should 

follow the wayside signal instead of ATP onboard information, even though the location 

of the ATP display panel is merely in the middle of the driving dashboard (TRA, 2018). 

The complete information and convenience may trigger drivers’ reliance on ATP. 

3.2 Procedure of High-risk driving behavior Analysis 

Due to the difficulty of inspection and analysis of ATP data, this research proposes 

an automatic process to transform the figure into numerical data and further figures out 

some high-risk driving behaviors. Finally, an integrated risk index for driving behaviors 

(IRIDB) is evaluated. The process is performed with Python programming language on 

Spider integrated development environment (IDE). The flowchart of the research 

method is illustrated in Figure 3-5. 
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Figure 3-5: Flowchart of the research method 
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Figure 3-6: The data used for the high-risk driving behavior identification and the risk 

index evaluation 

Six types of high-risk driving behaviors are identified and discussed in this 

research, namely, “deceleration after target indication,” “approach signal overspeed,” 

“switch signal overspeed,” “operational overspeed,” “ATP service brake,” and “ATP 

emergency brake.” Each of them is applicable under different conditions and identified 

by specific module. Figure 3-6 presents the six high-risk driving behaviors and the data 

used for identification. Deceleration after target indication is an interaction between 

ATP and driver, so the train speed and the ATP reaction are applied for identification. 

With the balise detection, the signal speed restriction and the signal aspect along the 

whole journey can be inferred. Thus, approach signal overspeed and switch signal 

overspeed can be identified with combination of the train speed and the signal condition. 

Lastly, ATP service brake and ATP emergency brake can be identified once the service 

brake or the emergency brake is activated by ATP. Indicators of the six high-risk driving 

behaviors for driver and section analysis are listed in Table 3-1. More detailed 
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information about the high-risk driving behaviors and the process for identification will 

be introduced in Sections 3.5.1 to 3.5.6, respectively. 

Table 3-1: Indicators of high-risk driving behaviors 

High-risk driving behaviors Indicators Units 

Deceleration after 
target indication 

Number of behaviors per 
unit train-distance times/train-km 

Approach signal overspeed 

Time of behaviors per 
unit train-distance seconds/train-km 

Time of behaviors × excessive 
speed per unit train-distance -

s km h
train km
⋅  

Switch signal overspeed 

Number of behaviors per 
unit train-distance times/train-km 

Sum of excessive speed per 
unit train-distance -

km h
train km

 

Operational overspeed 

Time of behaviors per 
unit train-distance seconds/train-km 

Time of behaviors × excessive 
speed per unit train-distance -

s km h
train km
⋅  

ATP service brake Number of behaviors 
per unit train-distance times/train-km 

ATP emergency brake Number of behaviors 
per unit train-distance times/train-km 

 

3.3 Figure Transformation Module 

The first step of analysis is to read the ATP driving record figures and transform 

the figures into a numerical array. In this step, imageio, a Python library, is used to read 

images decrypted by the ATP system and to transform the figures into three-dimensional 

arrays. The x-axis and the y-axis of the array are identical to the size of the input image 

in pixels. The z-axis of the array demonstrates the RGB color corresponding to the 

image. Based on the RGB array constructed, operation data can be obtained by 

analyzing the relative location of each point in the array. Table 3-2 shows the data 
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obtained via this process. After obtaining theses data, operating distance of each data 

point is calculated by integrating train speed over driving time. 

Table 3-2: Data obtained via figure transformation module 

Data type Format 

date numerical (yyyymmdd) 

train number numerical 

driver ID numerical 

time of operation numerical (seconds since beginning) 

train speed numerical (km/h) 

ATP speed restriction numerical (km/h) 

balise/signal detection categorical (none, balise, signal) 

signal speed restriction  categorical (140, 60, 45, 35, 25) 

type of signal categorical (none, mainline signal, turnout signal) 

ATP reaction categorical (none, target indication, service warning) 

ATP brake categorical (none, service brake, emergency brake) 

 

The 11 types of data listed in Table 3-2 is all information that can be applied for 

high-risk driving behavior identification. Among the data, the date, the train number, 

and the driver ID are accessed while inputting ATP record figures, and the time of 

operation is obtained by counting the pixels from the beginning of the journey. The 

parts from which the data of Table 3-2 is identified are depicted in Figure 3-7. The top 

part of the driving record data demonstrates the speed profiles of the train. The blue 

solid line represents the train speed, while the red dashed line represents the ATP 

permitted speed profile. In the part below, a sequence of signal-liked patterns show the 

signal and balise information. The signal-liked patterns represent the locations of the 

balises, and the signal color reflects signal aspects received from the balise. The “*” 

mark under the signal-liked patterns indicates positions of the signal machines. The 

orange part and the blue part in the bottom of the figure show the reaction of ATP. In 
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the orange part, purple blocks appear during the target indication or the service warning. 

Once maximum service brake is activated by ATP, a blue solid line will appear. On the 

other hand, once emergency brake is activated by ATP, a pink solid line will appear in 

the blue part. 

 

Figure 3-7: Parts used for data identification in this module 

With the figure transformation module, the ATP driving record figures are 

transformed into numerical driving record data, which can be further analyzed in the 

following sections. 

3.4 Driving Record Data Categorization 

This research not only targets at the drivers who commits high-risk driving 

behaviors frequently, but also focus on the sections where drivers commit high-risk 
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driving behaviors frequently. Thus, data categorization by both drivers and sections are 

necessary for further analysis. 

Since the driver ID is accessible from previous modules, the driving record data 

categorization by drivers is a relatively easy, where only reading the driver ID and 

categorizing all data accordingly. On the other hand, the process for driving record data 

categorization by sections is much more complex. Figure 3-8 summarizes the process 

for driving record data categorization by sections. The thorough description of this 

process is introduced as follows: 
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Figure 3-8: Flowchart of section high-risk driving behaviors analysis module 
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Step 1: Calculate lengths of every block 

Since locations of signals are accessible in the data, this research decides to categorize 

data by blocks for section analysis. The concept of categorization by section is to 

compare the lengths of blocks in the driving record data with those in the actual data. 

As a result, the first step of this process is to calculate the lengths of blocks (the distance 

between two signals). 

Step 2: Match block lengths of the driving record data and the actual data 

The second step of this process is to fill in the lost signals because sometimes balises 

are not detected by ATP. Let the length of block i in the driving record data be d
il , the 

length of block i in actual data be a
il , and then check if 1

d a a
i i il l l += + . 

Step 3: Interpolate the missing signal 

If 1
d a a
i i il l l += + , a missing signal is within block i. Add a signal in block i with linear 

interpolation. 

Step 4: Compare the difference of block lengths between the driving record data and 

the actual data 

After interpolating the missing signals, compare the new list of block lengths of the 

driving records to that of actual data again. If less than 80% of the block distances are 

close to the actual block distances, filter out this driving record because it is out of the 

analysis scope. 

Step 5: Data categorization 

Finally, divide the driving record data by the signal positions. Categorize the data by 

the number of blocks for further analysis. 
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3.5 High-risk driving behaviors Analysis Module 

In accordance with safety concerns described in the previous sections, this 

research proposes some modules to identify high-risk driving behaviors based on 

driving records accessed from ATP. In this research, six types of high-risk driving 

behaviors are identified and discussed: “operational overspeed,” “ATP service brake,” 

“ATP emergency brake,” “approach signal overspeed,” “switch signal overspeed,” and 

“deceleration after target indication.” Attributes and logic of identification will be 

described in the following sections. 

Overspeed is the most intuitive in terms of high-risk driving behaviors of railway 

drivers. Overspeed can be categorized into overspeed of ATP and overspeed of signals, 

representing train speed exceeding the speed restriction of ATP and signal, respectively. 

The overspeed of ATP includes “operational overspeed,” “ATP service brake,” and 

“ATP emergency brake.” These behaviors are classified in accordance with the severity 

of the speed limit violation. For operational overspeed, train speed is between the 

permitted speed profile and ATP service brake profile, while ATP either has no reaction 

or warns the driver. When train speed exceeds the ATP service brake profile, service 

brake is activated to slow down the train, and the driver can relieve the brake when the 

speed is slower than the permitted speed. Once the train speed exceeds the ATP 

emergency brake profile, the emergency brake is activated immediately and not until 

the train comes to a full stop can the driver relieve the brake. 

In general cases, the speed limit of ATP and signals are identical, except for two 

conditions: “approach signals” and “switch signals.” Under these conditions, lower 

speed limits are set after passing through signals, while ATP calculates a smooth speed 

limit profile from red signals or turnouts (see Figure 3-1). Despite the efficiency of the 

ATP speed restriction, it is a violation of regulations because drivers should follow 
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signals instead of ATP in TRA. Moreover, it can be an indicator of reliance on ATP. 

Apart from identifying the violation of rules, this research also attempts to identify 

leading indicators of safety. The proposed leading indicator is “deceleration after target 

indication,” representing driver slowing down the train speed after ATP had sent target 

indication. Although this action does not violate TRA’s regulations, it is not a safe 

behavior because it is considerably late to decelerate after ATP had sent the target 

indication. Speed profiles calculated by ATP are close to the limitations of train 

performance, while drivers should drive trains smoothly in practical operation. 

Moreover, deceleration after target indication can be treated as an indicator of ATP 

reliance considering that these drivers probably slow down the train after receiving ATP 

target indication. 

3.5.1 Deceleration after Target Indication 

Deceleration after target indication indicates that the train driver moves the master 

controller from accelerating or constant speed to decelerating after hearing the warning 

from the ATP, as depicted in Figure 3-9. This action can be an indicator of driver 

reliance on ATP, despite not violating operation regulations in TRA. The speed profile 

of the target indication is close to the speed restriction profile. Hence, drivers should 

start deceleration earlier than the target indication. Another concern is on reliance on 

ATP. Evidently, every important decision and judgement can be done by ATP and easily 

accessible for drivers. Given that ATP provides a considerably easy way for driving and 

not violating regulations, some unscrupulous drivers may inevitably manipulate trains 

relying on ATP. In this research, deceleration after target indication is considered an 

indicator of reliance on ATP because drivers slow down the train significantly earlier 

than the target indication in general cases. Consequently, the current research defines 

deceleration after target indication as a type of high-risk driving behavior. 
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Figure 3-9: Schematic of deceleration after target indication 

In deceleration after target indication identification, Theil–Sen regression, which 

is a method for robust simple linear regression, is used to fit two trend lines. This 

estimation approach is named after Theil (1950) and Sen (1968). Theil–Sen regression 

is insensitive to outliers and easy to calculate (Wilcox, 2010). The formula to calculate 

slope of the Theil–Sen regression model is shown in equation (3): 

 j i

j i

y y
m median

x x
 −

=   − 
 (3) 

where (xi,yi) and (xj,yj) are all pairs of sample points in a two-dimensional space. With 

slope m determined, the y-intercept b is calculated thereafter using the equation (4): 

 ( )i ib median y mx= −  (4) 

where (xi,yi) represents every sample point in the space. Lastly, the regression function 

can be expressed as equation (5): 

 y mx b= +  (5) 
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Figure 3-10: Comparison of Theil–Sen regression (TS) and ordinary least squares 

regression (OLS) 

Figure 3-10 shows the comparison between the Theil–Sen regression and ordinary 

least squares regression (Ohlson and Kim, 2015). Such robust regression technique is 

applied in this module to develop the trend lines, in order to avoid the effects of outliers. 

Figure 3-11 demonstrates an example of deceleration time identification. In this figure, 

the blue points are the train speed before ATP target indication started; the orange points 

are the train speed after ATP target indication started; and the blue line and orange line 

respectively represents the trend lines of train speed before and after ATP target 

indication started. The time of the intersection of the two straight lines is defined as the 

time point that the train started to decelerate. Once the time of the intersection is later 

than the time that ATP target indication started, deceleration after target indication is 

then identified accordingly. Two exceptions are considered in the process. The first one 

is that the behaviors will not be identified as a high-risk driving behavior if time of the 

intersection train speed is lower than 25 km/h because it is acceptable to stop and then 

pass the permissive stop signals under 25 km/h in TRA. The second consideration is to 
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prevent false judgement in the process. To ascertain that the action is under the 

beginning of deceleration, two more criteria are added: the acceleration of “before 

target indication” must not be negative, while the acceleration of “after target indication” 

must be negative. 

 

Figure 3-11: An example of deceleration time identification 

Deceleration after target indication is checked intermittently. This process is 

performed for all target indications. The total number of deceleration after target 

indications is collected as an indicator of high-risk driving behavior for further analysis. 

The number of deceleration after target indications per kilometer is considered an 

indicator of deceleration after target indication. 

Deceleration after target indication identification is achieved via Scikit-learn, a 

Python library (Pedregosa et al., 2011).  

In this research, the definition of deceleration after target indication is that the 

point of acceleration change is later than the time target indication starts. Figure 3-12 

shows the flowchart of the identification process. The detailed process is shown as 

follows: 
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Figure 3-12: Flowchart of deceleration after target indication identification 
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Step 1: Identify start time of the target indication 

To identify deceleration after target indication, the first step is to iterate through every 

target indication and determine the start time of each. 

Step 2: Obtain data before and after target indication starts 

After determining the start time of the target indication, two sections of data are 

obtained: data between start time of target indication and 10 seconds before it, and data 

between start time of target indication and 10 seconds after it. The former section is 

defined as “Before target indication starts,” while the latter section is “After target 

indication starts.” 

Step 3: Make two regression lines before and after the start time of the target indication 

Make two Theil–Sen regression lines for before and after target indication starts, and 

separately determining two trend lines representing before and after target indication 

starts. 

Step 4: Determine the interception of trend lines for identification 

Find the intersection point of two trend lines, which represent the time point of 

acceleration change. If the start time of the target indication is earlier than acceleration 

change, then it is identified as deceleration after target indication. 

3.5.2 Approach Signal Overspeed 

Owing to the different concept of speed limit of ATP and wayside signal, a gap in 

speed limit exists between them while confronting the approach signals. For wayside 

signal, a stair-shaped profile of speed limit is used. That is, an approach signal with 

speed limit of 60 km/h is in advance of a stop signal to ensure that trains can stop before 

it. However, speed restriction for ATP is the speed that the train will not pass stop signal, 

as shown in Figure 3-13. 
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Figure 3-13: Schematic of approach signal overspeed 

Owing to the gap of speed restriction between wayside signal and ATP, approach 

signal overspeed can be an indicator of reliance on ATP. If a driver operating a train 

relies on ATP, then he may be unaware of the wayside approach signal and overspeed, 

which is also a violation of regulation in TRA. 

The definition of approach signal overspeed is that a train speed exceeds 60 km/h 

during sections of approach signal. The operation regulations of TRA document an 

exception: it is permissible to pass the approach signal exceeding 60 km/h during 

deceleration if there is no sufficient sight distance for the block signal (TRA, 2016). 

Nevertheless, this condition is not considered in the current research because sight 

distance data are inaccessible. Moreover, the majority of the signals with insufficient 

sight distance are complemented with approach signals. 

Approach signal overspeed is checked continuously. This process is executed for 

all approach signals. The total time of approach signal overspeed in seconds per 

kilometer and the severity rate of approach signal overspeed are considered indicators 

of the approach signal overspeed. The severity of approach signal overspeed is defined 

as cumulative sum of the excessive train speed over 60 km/h times the time of approach 

signal overspeed (see equation (6)), where ti is the unit time interval, and vi is the train 

speed. The unit of severity of approach signal overspeed is s km h⋅ . The severity rate 
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of approach signal overspeed is the severity of approach signal overspeed divided by 

driving distance, and the unit of severity rate of approach signal overspeed is 
-

s km h
train km
⋅ . 

Figure 3-14 shows the process of approach signal overspeed. The detailed process is 

shown as follows: 

 ( 60)i i
i

t v⋅ −∑ ,  identified as approach signal overspeedi∀  (6) 

 

Figure 3-14: Flowchart of approach signal overspeed identification 

Step 1: Identify the approach signals 

In order to identify the approach signal overspeed, the first step is to iterate through 

every approach signal, and to find out the train speed while confronting approach 

signals. 
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Step 2: Check if overspeeding 

If the approach signal and the train speed higher than 60 km/h are detected 

simultaneously, it is identified as approach signal overspeed at that time. Cumulative 

time of approach signal overspeed and cumulative sum of the excessive train speed over 

the ATP speed restriction times the time of approach signal overspeed are calculated as 

indicators of high-risk driving behavior. 

3.5.3 Switch Signal Overspeed 

Four types of switch signals in TRA have speed limits of 25 km/h, 35 km/h, 45 

km/h, and 60 km/h. When passing a switch signal, the train has to slow down to pass 

through a turnout. Similar to the approach signal overspeed, a gap between ATP and 

wayside signal also exists for switch signals. The reason to set the switch signal apart 

from the approach signal is that the stop points of former are turnouts. 

 

Figure 3-15: Schematic of former switch signal overspeed 

The definition of switch signal overspeed indicates that train speed exceeds the 

speed limit of each switch signals. Unlike approach signal overspeed, switch signal 

overspeed is checked intermittently, which is a result of the special speed limit of 

turnouts. Switch signals restrict train speed before and during trains passing through a 

turnout, while speed limit resumes to 60 km/h after passing through a turnout. Given 

that the positions of turnouts are inaccessible, switch signal overspeed is identified 
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intermittently. This process is performed for all target indications. The total number of 

switch signal overspeeds per kilometer and the severity rate of switch signal overspeed 

are considered indicators of switch signal overspeed. The severity of switch signal 

overspeed is defined as cumulative sum of the excessive train speed over the speed limit 

of the switch signal (see equation (7)), where vi is the train speed, and si is the speed 

limit of the switch signal. The unit of severity of switch signal overspeed is km/h. The 

severity rate of switch signal overspeed is the severity of switch signal overspeed 

divided by driving distance, and the unit of severity rate of approach signal overspeed 

is 
-

km h
train km

. Figure 3-16 shows the process of switch signal overspeed. The detailed 

process is shown as follows: 

 ( )i i
i

v s−∑ ,  identified as switch signal overspeedi∀  (7) 
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Figure 3-16: Flowchart of switch signal overspeed identification 

Step 1: Identify the switch signals 

In order to identify the switch signal overspeed, the first step is to iterate through every 

switch signal location, and to find out the train speed while confronting switch signals. 

Step 2: Check if overspeeding 

If the train passes through a switch signal and the train speed exceeds the corresponding 

speed limit of the switch signal simultaneously, it is identified as switch signal 

overspeed. The number of switch signal overspeed and cumulative sum of the excessive 

train speed over the speed limit of the switch signal are calculated as indicators of high-

risk driving behavior. 
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3.5.4 Operational Overspeed 

Operational overspeed indicates that train speed exceeds the speed limit calculated 

by ATP. In TRA’s regulation, a 3-km/h leeway is provided for overspeeding and has 

been included in ATP. However, train speed less than 25 km/h is excluded. 

 

Figure 3-17: Schematic of operational overspeed 

The definition of operational overspeed indicates that train speed exceeds ATP 

permitted speed during train operation. Operational overspeed is checked continuously, 

and this process is executed throughout the journey. The total time of operational 

overspeed in seconds per kilometer and the severity rate of operational overspeed are 

considered indicators of operational overspeed. The severity of operational overspeed 

is defined as cumulative sum of the excessive train speed over the ATP permitted speed 

times the time of operational overspeed (see equation (8)), where ti is the unit time 

interval, vi is the train speed, and ri is the ATP permitted speed. The unit of severity of 

operational overspeed is s km h⋅  . The severity rate of operational overspeed is the 

severity of operational overspeed divided by driving distance, and the unit of severity 

rate of operational overspeed is 
-

s km h
train km
⋅  . Figure 3-18 shows the process of 

operational overspeed. The detailed process is shown as follows: 

 ( )i i i
i

t v r⋅ −∑ ,  identified as operational overspeedi∀  (8) 
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Figure 3-18: Flowchart of operational overspeed identification 

Step: Identify operational overspeed 

The process for operational overspeed identification is to iterate along the whole 

journey. If train speed exceeds ATP permitted speed and over 25 km/h, operational 

overspeed is identified. Cumulative time of operational overspeed and cumulative sum 

of the excessive train speed over the ATP permitted speed times the time of operational 

overspeed are calculated as indicators of high-risk driving behavior. 

3.5.5 ATP Service Brake 

ATP service brake means that the maximum service brake is activated by ATP. 

Once train speed exceeds the service brake profile calculated by ATP, the maximum 



doi:10.6342/NTU202001876

 

42 

service brake would be activated automatically to lower the train speed. Not until train 

speed is slower than ATP speed limit could the driver release the ATP service brake. 

The definition of ATP service brake is that there exists a maximum service brake 

record triggered by ATP. ATP service brake is checked continuously, which is executed 

throughout the entire journey. The total number of ATP service brakes per kilometer is 

considered an indicator of ATP service brake. Figure 3-19 shows the process of ATP 

service brake. The detailed process is shown as follows: 

 

Figure 3-19: Flowchart of ATP service brake identification 

 

 



doi:10.6342/NTU202001876

 

43 

Step: Identify ATP service brake 

The process for ATP service brake identification is to iterate along the whole journey. 

ATP service brake is identified by brake activation record. The number of ATP service 

brakes is calculated as an indicator of high-risk driving behavior. 

3.5.6 ATP Emergency Brake 

ATP emergency brake means that emergency brake is activated by ATP. Once train 

speed exceeds the emergency brake profile that is calculated by ATP, emergency brake 

would be activated automatically to stop the train. Not until the train had stopped could 

the driver release the ATP emergency brake. 

The definition of ATP emergency brake is that there exists an emergency brake 

record triggered by ATP. ATP emergency brake is checked continuously, and this 

process is executed throughout the entire journey. The total number of ATP emergency 

brakes per kilometer is considered an indicator of ATP emergency brake. Figure 3-20 

shows the process of ATP emergency brake. The detailed process is shown as follows: 
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Figure 3-20: Flowchart of ATP emergency brake identification 

Step: Identify ATP service brake 

The process for ATP emergency brake identification is to iterate along the whole journey. 

ATP emergency brake is identified by brake activation record. The number of ATP 

emergency brakes is calculated as an indicator of high-risk driving behavior. 

3.6 Integrated Risk Index for Driving Behaviors (IRIDB) Evaluation Module 

In section 3.5, six indicators of high-risk driving behaviors are obtained. However, 

it is difficult to assess high-risk drivers or sections with these six indicators because 

they are not comparable. This research proposes an integrated risk index for driving 
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behaviors (IRIDB) combining the six indicators and then generates a score of risk that 

can be applied to compare risk between different drivers or sections. Weighted mean is 

used to determine the risk index. IRIDB evaluation module will be discussed in the 

forthcoming paragraphs.  

3.6.1 Normalization of High-risk Driving Behavior Indicators 

In section 3.5, six high-risk driving behavior indicators are calculated for risk 

assessment. However, the units and scales of indicators vary with each high-risk driving 

behavior. To integrate all indicators into a single index normalization is a necessary 

process. Given that every indicator ranges from 0 to ∞, this research normalizes these 

indicators by dividing them by the expected value of each indicator separately. The 

normalization is calculated using equation (9) and (10). 

 
indicator of high-risk behavior  for driver 

expectancy of indicator of high-risk behavior 
d

i
i dr

i
= , ,  i I d D∀ ∈ ∈ , (9) 

 
indicator of high-risk behavior  for section 

expectancy of indicator of high-risk behavior 
s

i
i sr

i
= , ,  i I s S∀ ∈ ∈ . (10) 

The evaluation of risk index is categorized into two parts: analyses of high-risk 

driver and high-risk section. In equation (9) and (10), I is a set of six high-risk driving 

behaviors; D is a set of drivers; S is set of sections; d
ir  and s

ir  are the normalized 

indicators of high-risk driving behavior i for driver d and section s, respectively; d
ir  

and s
ir  = 1 represents that performance is identical to the overall performance. If d

ir  

or s
ir  > 1, then the performance is below average; while d

ir  or s
ir  < 1 representing 

performance is above average. 
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3.6.2 Determination of Weightings 

To determine the weighting of each high-risk driving behaviors, this research 

applies analytic hierarchy process (AHP) as the methodology for evaluation. AHP is a 

structured technique for decision-making in a complex system. Since it was first 

developed in the 1970s, AHP has been applied to solve different problems, such as 

selection, evaluation, planning, ranking, and decision making. AHP has been used in a 

variety of fields, such as economics, management, finance, industry, and transportation 

(Vaidya and Kumar, 2006; Vargas, 1990; Zahedi, 1986). Moreover, AHP is applicable 

to measure risks between hazard events. Moreover, AHP is applicable to measure risks 

between hazard events. Raviv et al. (2017) used AHP to determine the weighting of 

different near-miss events and accidents in the proposed risk assessment model. 

The purpose of AHP is to transfer a complex system into a hierarchy structure, 

decomposing it in different layers. Thereafter, pairwise comparisons are used to 

measure priorities or importance of each factors in a layer. Lastly, a quantified 

evaluation of the overall system can be obtained (R. W. Saaty, 1987; T. L. Saaty, 1988, 

1990). 

The evaluation is based on the concept of pairwise comparisons. AHP uses ratio 

between factors to evaluate their weighting. If there are n factors to be analyzed in a 

layer, then 2
nC  pairwise comparisons are needed. The scale of pairwise comparison is 

listed in Table 3-3 (T. L. Saaty, 2008). 
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Table 3-3: Scale of pairwise comparisons in AHP 

Intensity of 
importance Definition 

1 Equal importance. 

3 Moderate importance. 

5 Strong importance. 

7 Very strong importance. 

9 Extreme importance. 

2, 4, 6, 8 Intermediate between two neighboring scales. 

Reciprocals 
of above 

If i has one of intensity of importance compared to j, then j has 
the reciprocal value of intensity of importance compared to i. 

 

The result of pairwise comparisons can form an n×n positive reciprocal matrix A. 

the elements aij in A are the intensity of the importance values of i compared with j for 

all i, j = 1, …, n. The reciprocal characteristic provides that aij = 1/aij for all i, j = 1, …, 

n, as shown in equation (11). 
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 (11) 

The relative importance (weighting) between different factors can be obtained by 

calculating the maximum eigenvalue λmax and the corresponding eigenvector of matrix 

A. The eigenvector represents the weightings of each factor. 

Based on the assumption of AHP, the relative importance in the matrix should 

fulfill transitivity. A consistency check is often used to ensure transitivity of the 

evaluation. T. L. Saaty (2000) explained that consistency can be evaluated using 
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consistency index (C.I.) and consistency ratio (C.R.). Equation (12) and (13) show the 

calculation of C.I. and C.R. 

 max. .
1

nC I
n

λ −
=

−
, (12) 

 
. .. .
. .

C IC R
R I

= . (13) 

The random index (R.I.) in equation (13) is the average C.I. of the randomly 

generated reciprocal matrices (Forman, 1990). Table 3-4 presents R.I. values for 

different number of judgements n. T. L. Saaty (2000) suggested that it is tolerable if 

C.R. < 0.1. Given this process, the values of weightings can be obtained to evaluate the 

severity of high-risk driving behaviors. 

Table 3-4: Table of random index (R.I.)  

n 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

R.I. 0.00 0.00 0.52 0.89 1.11 1.25 1.35 1.40 1.45 1.49 1.51 1.54 1.56 1.57 1.58 

 

The established structure of AHP is presented in Figure 3-21. Based on the 

structure, a questionnaire with the concept of pairwise comparisons is made for 

assessment. The research process of AHP is presented in Figure 3-22. 
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Figure 3-21: Hierarchy structure of the high-risk driving behavior severity analysis 

 

Figure 3-22: Flowchart of AHP in this research 

Based on the established hierarchy structure, this research conducts an expert 

survey to evaluate severity of the six high-risk driving behaviors. The participants in 

this survey are experts from academic, practical, and supervision units. This survey was 

conducted via questionnaire. The extensive knowledge and experience of these experts 
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form the basis for the establishment of an integrated risk index. Once questionnaires 

were recovered, consistency tests were implemented. Only questionnaires that pass the 

consistency test would be analyzed. 

3.6.3 Evaluation of IRIDB 

To further assess the overall performance of each driver or in each section, this 

research also proposes an index to integrate the six high-risk driving behaviors. The 

method of weighted mean is applied for integrated index calculation, as shown in 

equation (14) and (15) for driver and section analyses, respectively: 

 
d d

i i
i

IRIDB w r= ⋅∑ , ,  i I d D∀ ∈ ∈ , (14) 

 
s s

i i
i

IRIDB w r= ⋅∑ , ,  s S d D∀ ∈ ∈ . (15) 

IRIDB of each driver is calculated using the weighted average of the normalized 

indicators of high-risk driving behaviors. In equation (14), IRIDBd represents IRIDB 

for driver d; wi is the weighting of high-risk driving behavior i, which is obtained from 

the AHP questionnaire analyzed in section 3.6.2; and d
ir  is the normalized indicator 

of high-risk driving behavior i for driver d, the calculation method of which is 

mentioned in section 3.6.1. The IRIDB formula for sections is the same as those for 

drivers (see equation (15)). The only difference is using the normalized indicator of 

high-risk driving behavior i for section s. 

For approach signal overspeed, switch signal overspeed, and operational 

overspeed, two indicators, the cumulative time and the severity of each high-risk 

driving behavior, are calculated. Since the distribution of the two indicators for all high-

risk driving behaviors are similar, only the cumulative time is used for IRIDB 

evaluation. 
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CHAPTER 4 CASE STUDY 

In this chapter, two case studies, one for high-risk driving behaviors and the other 

for high-risk sections, are performed to demonstrate the application of the proposed 

analysis framework. At first, Section 4.1 introduces the Puyuma express trains, which 

is chosen for high-risk driving behaviors analysis and high-risk sections analysis. The 

sections between Shulin and Hualien, which is chosen for high-risk driving behaviors 

analysis and high-risk sections analysis, is also introduced. The case study for high-risk 

driving behaviors analysis is exhibited in Section 4.2. And then the case study for high-

risk sections analysis is exhibited in Section 4.3. Finally, Section 4.4 briefly summarizes 

and discusses the results of these two case studies. 

4.1 Trainsets and Network of TRA 

TRA started operating conventional railway in Taiwan since 1887. The railway 

network in Taiwan forms a big circular mainline surrounding Taiwan with nine branch 

lines goes deep into plains and hills. 

Until 2018, 256 locomotives and 1,235 multiple-unit trains had been under 

operation in TRA. The Puyuma express is serviced by TEMU 2000 electrical multiple 

unit trainset, which is made by Nippon Sharyo. The Puyuma express trains was 

imported from Japan in 2012 and started operation in 2013, aiming to improve the 

connection between eastern and western Taiwan. As a tilting train, the Puyuma express 

trains operates faster than non-tilting trains in curving areas, so the Puyuma express 

trains are suitable to operate in curving Yilan Line and North-link Line. In July 2019, 

12 routine trains were operating in Eastern Main Line (between Shulin and Taitung, one 

to two extra trains on weekends), two operating in Western Main Line (between 

Nangang and Chaozhou, has been extended to Fangliao in December 2019), and three 

cross-line trains every day. 
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In 2018, there were totally 241 stations and 1,065 km operation mileages in TRA 

network (TRA, 2019). The network of TRA can roughly be divided into four parts: 

Western Main Line, Eastern Main Line, South-link Line, and the branch lines. Figure 

4-1 shows the section for the case study of high-risk section analysis. This section starts 

from Shulin and ends at Hualien, composed of three lines. The section between Shulin 

and Badu is a part of Western Main Line, which is the busiest section in TRA because 

the trains in both Western Main Line and Eastern Main Line are operating here. The 

section between Badu and Su’aosin belongs to Yilan Line. The northern half of this 

section is in a mountainous region, having numerous sharp curves; while the southern 

half of this section is in a plain region. Xinma station, the location where the Puyuma 

derailment took place, is also in this section. The section between Su’aosin and Hualien 

is North-link Line. Although this section crosses a mountain range, long tunnels and 

bridges make it a relative straight section compared with the other two parts. 
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Figure 4-1: Analysis network of Puyuma express train 

4.2 Analysis of High-Risk Driver 

This research collects the ATP driving record figures of Puyuma express trains 

from May 2019 to July 2019. There are 4,586 effective data with 540 drivers and 

811,004.7 train-km operation mileage. The driving distance of a single driver ranges 

between 24.1 train-km and 6708.7 train-km. The average driving distance is 1501.9 

train-km and the standard deviation is 1207.1 train-km. Table 4-1 and Figure 4-2 shows 

basic statistics of the operation mileage of the drivers collected. 
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Table 4-1: Statistics of driving distance of drivers 

Average 1501.9  train-km  

Standard deviation 1207.1  train-km  

Minimum 24.1  train-km  

1st quartile 622.5  train-km  

Median 1175.8  train-km  

3rd quartile 1941.0  train-km  

Maximum 6708.7  train-km  

 

 

Figure 4-2: Circle graph of the operation mileage of the drivers collected (train-km) 

4.2.1 Deceleration After Target Indication 

Among the 811,004.7 train-km operation distance of the 540 drivers, 5,507 times 

of decelerations after target indication are committed in total. The overall frequency of 

deceleration after target indication is 6.79×10-3 times per train-km. 
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Figure 4-3: Histogram of the frequency of deceleration after target indication 

 

Figure 4-4: Scatter plot of deceleration after ATP warning and driving distance 

Figure 4-3 depicts the distribution of frequency of deceleration after target 

indication. Incidence of deceleration after target indication is discretized by 1×10-3 

times/train-km for all drivers. This figure shows that 78% of drivers commits 

deceleration after target indication less than 0.01 times/train-km. On the other hand, 
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there are some outliers whose frequency of deceleration after target indication are much 

higher than other drivers. Figure 4-4 shows the relationship between the number of 

deceleration after target indication and the driving distance for each driver. Although 

the trend for most drivers is concentrated, there are some extreme drivers with much 

higher incidence of deceleration after target indication than the average. Moreover, 

most of these extreme drivers had operated trains for more than 1,000 train-km, which 

means that the outliers in Figure 4-3 are not the drivers with small samples. With these 

two figures, it is found that there are some drivers who are accustomed to decelerate 

after target indication are existing in TRA. 

4.2.2 Approach Signal Overspeed 

Among the 811,004.7 train-km operation distance of the 540 drivers, 72,797 

seconds of approach signal overspeed are committed in total. The train speed exceeds 

the approach signal speed limit by 1.44 km/h averagely. The overall frequency of 

approach signal overspeed is 8.98×10-2 seconds per train-km. 

 

Figure 4-5: Histogram of the frequency of approach signal overspeed 
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Figure 4-6: Scatter plot of approach signal overspeed and driving distance 

Figure 4-5 depicts the distribution of frequency of approach signal overspeed. The 

incidence of approach signal overspeed is discretized by 0.01 seconds/train-km for all 

drivers. Similar to deceleration after target indication, there are about 85% drivers 

whose frequency of approach signal overspeed is less than 0.15 seconds/train-km. 

Figure 4-6 also illustrates the relationship between the time of approach signal 

overspeed and the driving distance for each driver. It is noted that the distribution of 

approach signal overspeed is the most concentrated among the six high-risk driving 

behaviors. It may represent that the overall performance of drivers on approach signal 

overspeed is more coherent than the other high-risk driving behaviors. 
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Figure 4-7: Histogram of the severity rate of approach signal overspeed 

 

Figure 4-8: Scatter plot of severity of approach signal overspeed and driving distance 

Figure 4-7 and Figure 4-8 show the result of severity of approach signal overspeed. 

According to Figure 4-6 and Figure 4-8, there is no significant difference of distribution 

between the two figures. It can be inferred that excessive train speed over the speed 

limit of approach signal does not varies significantly by drivers. For the normal drivers, 
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excessive train speed over the speed limit of approach signal is quite similar. Only a 

few drivers who drives relying on ATP have much more severity of approach signal 

overspeed compared with the others. 

4.2.3 Switch Signal Overspeed 

Among the 811,004.7 train-km operation distance of the 540 drivers, 686 times of 

switch signal overspeed are committed in total. The overall frequency of switch signal 

overspeed is 8.46×10-4 times per kilometer. 

 

Figure 4-9: Histogram of the frequency of switch signal overspeed 
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Figure 4-10: Scatter plot of approach signal overspeed and driving distance 

Figure 4-9 illustrates the distribution of frequency of switch signal overspeed. The 

incidence of switch signal overspeed is discretized by 2.5×10-4 times/train-km for all 

drivers. In this figure, 48.9% of drivers have no records on switch signal overspeed. 

Still, some outliers with much higher frequency of switch signal overspeed can be found 

in the figure. Figure 4-10 presents the relationship between switch signal overspeed and 

the driving distance. Moreover, this figure shows no significant trend for switch signal 

overspeed, and some extreme value might result from low total driving distance. 

According to the high percentage of non-identified data and low overall frequency, it 

could be derived that the data is not sufficient to find a trend line. 
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Figure 4-11: Histogram of the severity rate of switch signal overspeed 

 

Figure 4-12: Scatter plot of severity of approach signal overspeed and driving distance 

Figure 4-11 and Figure 4-12 show the result of severity of switch signal overspeed. 

According to Figure 4-10 and Figure 4-12, there is no significant difference of 

distribution between the two figures. Similar to approach signal overspeed, it can also 

be inferred that excessive train speed over the speed limit of switch signal does not 
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varies significantly by drivers. For the normal drivers, excessive train speed over the 

speed limit of switch signal is quite similar. Only a few drivers who drives relying on 

ATP have much more severity of switch signal overspeed compared with the others. 

4.2.4 Operational Overspeed 

Among the 811,004.7 train-km operation distance of the 540 drivers, 128,083 

seconds of operational overspeed are committed in total. The overall frequency of 

operation overspeed is 0.158 seconds per kilometer. 

 

Figure 4-13: Histogram of the frequency of operational overspeed 
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Figure 4-14: Scatter plot of operational overspeed and driving distance 

Figure 4-13 depicts the distribution of frequency of operational overspeed. The 

incidence of operational overspeed is discretized by 0.05 seconds/train-km for all 

drivers. This figure presents that approximately 82% of drivers’ frequency of 

operational overspeed is lower than 0.2 seconds/train-km. In contrast, much more 

outliers that overspeed far more frequently compared with ordinary drivers, and these 

outliers greatly affect the overall performance of operational overspeed. This result is 

also illustrated in Figure 4-14. The driving distance of these extreme drivers varies from 

500 to 6000 train-km, and the one with almost twice as much time as the second-most 

overspeed driver had been driving over 4,000 train-km during the period. Such facts 

indicate that some drivers in TRA might be accustomed to overspeeding during 

operation. 



doi:10.6342/NTU202001876

 

64 

 

Figure 4-15: Histogram of the severity rate of operational overspeed 

 

Figure 4-16: Scatter plot of severity of operational overspeed and driving distance 

Figure 4-15 and Figure 4-16 show the result of severity of approach signal 

overspeed. According to Figure 4-14 and Figure 4-16, there is no significant difference 

of distribution between the two figures. It can be resulted from the operation logic of 

ATP. Under the protection of ATP, the train speed cannot exceed ATP permitted speed 
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by 3 km/h, or the brake will be activated to slow down the train speed. Consequently, 

the excessive train speed over the ATP permitted speed is always less than 3 km/h. Thus, 

the distributions of the cumulative time of operational overspeed and the severity of 

operational overspeed are quite similar. 

4.2.5 ATP Service Brake 

Among the 811,004.7 train-km operation distance of the 540 drivers, 173 times of 

ATP service brake are committed in total. The overall frequency of ATP service brake 

is 2.13×10-4 times per kilometer. 

 

Figure 4-17: Histogram of the frequency of ATP service brake 
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Figure 4-18: Scatter plot of ATP service brake and driving distance 

Figure 4-17 presents the distribution of the frequency of ATP service brake. ATP 

service brake is discretized by 1×10-4 times/train-km for all drivers. As shown in this 

figure, nearly 80% of drivers did not experience ATP service brake during this period. 

The trend in Figure 4-18 is not significant, either. Due to the low incidence and 

frequency of ATP service brake, it could be inferred that the sample size for ATP service 

brake is not enough for analysis, and it results in some extreme value in the data. 

4.2.6 ATP Emergency Brake 

Among the 811,004.7 train-km operation distance of 540 drivers, 37 times of ATP 

emergency brake are committed in total. The overall frequency of ATP service brake is 

4.56×10-5 times per train-km. 
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Figure 4-19: Histogram of the frequency of ATP emergency brake 

 

Figure 4-20: Scatter plot of ATP emergency brake and driving distance 

Figure 4-19 presents the distribution of the frequency of ATP emergency brake. 

ATP emergency brake is discretized by 5×10-5 times/train-km for all drivers. According 

to this figure, the characteristics of ATP emergency brake is identical to ATP emergency 

brake. Only 6% of driver had experienced ATP emergency brake during the period. The 
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trend line in Figure 4-20 is not significant. According to the low incidence and 

frequency of ATP emergency brake, it could be inferred that the sample size for ATP 

emergency brake is not enough for analysis, and it results in some extreme value in the 

data. 

4.2.7 IRIDB Evaluation 

Table 4-2: Results of the AHP questionnaire 

High-risk driving behaviors Weighting Rank 

Deceleration after target indication 0.041 6 

Approach signal overspeed 0.064 5 

Switch signal overspeed 0.116 4 

Operational overspeed 0.138 3 

ATP service brake 0.202 2 

ATP emergency brake 0.439 1 

maximum eigenvalue = 6.144 

C.R. = 0.023 < 0.1 

 

An AHP designed questionnaire survey was distributed to 12 experts, including 

driving instructors at the TRA, and experts from the supervision agencies and research 

agencies. The result of AHP analysis is demonstrated in Table 4-2. The weighting of the 

ATP emergency and service brakes are substantially higher than the others among the 

six high-risk actions. Based on the operation logic of ATP, not until an emergency would 

ATP activate the brake to lower the train speed. Thus, these two behaviors have higher 

weightings as expected. The third and fourth most severe behaviors (i.e., operational 

overspeed and switch signal overspeed, respectively) have relatively similar value of 

weightings. The difference in severity may result from train speed. For switch signal 
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overspeed, speed limit does not exceed 60 km/h. Hence, train speed is generally lower 

than operational overspeed, and severity may also be lower. Compared with switch 

signal overspeed, approach signal overspeed is relatively mild. For approach signals, 

the aim of speed limit is to ensure that the train can stop in front of the next stop signal, 

and run through it not necessarily causes accidents. For switch signals, the aim of speed 

limit is to ensure that the train can go through a turnout safely. Derailment is possible 

if a train commits switch signal overspeed. Lastly, the mildest high-risk driving 

behavior is deceleration after target indication. Although “deceleration after target 

indication” is considered an indicator of reliance on ATP, it does not actually result in 

any hazardous outcome. Therefore, deceleration after target indication has the lowest 

value of severity among the six high-risk driving behaviors. 

 

Figure 4-21: Histogram of IRIDB 
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Figure 4-22: Scatter plot of IRIDB and driving distance 

Figure 4-21 presents the performance in terms of the IRIDB. The red dash line 

denotes IRIDB = 1, representing average performance of all drivers. The distribution is 

similar to high-risk driving behaviors, over 80% if drivers whose IRIDB are less than 

1. Nonetheless, there are still some drivers whose IRIDB are much higher than average. 

There are about 5% of drivers with IRIDB bigger than 5. 

Figure 4-22 depicts the relationship between the IRIDB and the total driving 

distance. An inverse proportionality between the driving distance and the IRIDB could 

be observed for drivers with an IRIDB bigger than 5, as the orange line illustrated in 

Figure 4-22. Figure 4-23 indicates the high correlation between the IRIDB and ATP 

emergency brake. Such phenomenon might be resulted from the insufficient operation 

mileage for ATP emergency brake. As discussed in Section 4.2.6, due to the low 

incidence of ATP emergency brake, the indicator of ATP emergency brake varies 

drastically for the drivers with different operation mileage. Moreover, a relatively large 

weighting of ATP emergency brake lets the IRIDB easier to be affected by it. As a result, 

the IRIDB should be applied to driver’s data with a longer driving distance. 
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Figure 4-23: Relationship between normalized ATP emergency brake and risk index 

4.2.8 Summary of High-Risk Driving Behavior Analysis 

In the case study of high-risk driving behavior analysis, the high-risk driving 

behaviors committed by each driver is identified, and the indicators of the high-risk 

driving behaviors are evaluated. Moreover, the IRIDB combines the six indicators and 

provides a method to compare performance considering different high-risk driving 

behaviors between drivers, making it easier for operators to filter low-performance 

drivers and take countermeasures to improve safety.  

Figure 4-24 and Figure 4-25 presents the risk of different types of high-risk driving 

behaviors with top 10% IRIDB, respectively. The red lines in these two figures depicts 

IRIDB = 1, representing average risk of all drivers. Figure 4-24 shows that the 

proportion of the ATP emergency brake is the largest. This may result from the 

insufficient data of ATP emergency brake. As was discussed in section 4.2.6, the 

frequency of ATP service brake is 4.56×10-5 times per train-km. Such low incidence 

results in highly imbalance of ATP emergency brake data. Moreover, according to the 
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AHP survey, ATP emergency brake is the most severe high-risk behavior, and its 

weighting is more than twice as large as the second-most severe behavior. Consequently, 

Figure 4-25, depicts risk composition of drivers with top 10% highest risk index without 

ATP emergency brake to lower bias of it. With Figure 4-25, the operators can identify 

high-risk drivers and high-risk behaviors that the drivers commit frequently. And it can 

be applied to hold trainings for those high-risk drivers. 

Note that IRIDB of the driver with 94th highest IRIDB (17th percentile) is below 

1, representing that the risk of this driver is below average. The summation of IRIDB 

of drivers with the top 20% IRIDB accounts for 73.9% of the summation of every 

driver’s IRIDB. Such a phenomenon fulfills the Pareto principle: 80% of the risk is 

controlled by 20% of the factors. This case study reveals that to improve the overall 

risk of driving behaviors, the minority drivers with high risk index should be targeted. 
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Figure 4-24: Risk composition of drivers with top 10% highest IRIDB 



doi:10.6342/NTU202001876

 

74 

 

Figure 4-25: Risk composition of drivers with top 10% highest IRIDB 

(without ATP emergency brake) 
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4.3 Analysis of High-Risk Section 

In the second case, the analysis of sections is performed to assess sections that 

high-risk driving behaviors occur frequently. Data used for the section analysis is ATP 

driving record figures of Puyuma express trains that passing through Yilan Line and 

North-link Line (Shulin to Hualien is used in this research) from May 2019 to July 2019. 

The data used in this case are data filtered from the same data used in section 4.2. The 

analysis section is 204.5 km in length, containing 142 blocks. The average length of 

blocks is 1.44 km, and standard deviation is 0.56 km. The length of blocks ranges from 

0.61 km to 3.37 km. Figure 4-26 is the box plot of block length in section analysis. 

There are 999 effective data for section analysis, 827 of which are driving records 

between Shulin and Hualien, while the other 172 are the driving records between Qidu 

and Hualien. 

 

Figure 4-26: Box plot of block length between Shulin and Hualien 
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4.3.1 Deceleration After Target Indication 

 

Figure 4-27: Histogram of frequency of deceleration after target indication by block 

The result of deceleration after target indication identification by blocks is 

depicted in Figure 4-27. This figure reveals a section with much higher risk in 

deceleration after target indication, where the frequency is nearly three times as much 

as the section with the second-highest risk in deceleration after target indication. This 

section is located near Sandiaoling station, which is a section containing many curves 

with small radius. Moreover, sections with higher frequency of deceleration after target 

indication are concentrated in block 1 to block 45 and block 85 to block 105, located in 

Shulin to Shuangxi and Erjie to Dong’ao, respectively. Thus, it can be inferred that the 

frequency of deceleration after target indication might be correlated to curving sections. 
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4.3.2 Approach Signal Overspeed 

 

Figure 4-28: Histogram of frequency of approach signal overspeed by block 

The result of approach signal overspeed identification by blocks is depicted in 

Figure 4-28. Blocks with a higher frequency of approach signal overspeed are 

concentrated in three sections: in block 1 to block 18, block 81 to 88, and block 136 to 

block 142, located in Shulin to Nangang, Yilan to Luodong and Jingmei to Hualien, 

respectively. These sections are close to stopping stations of Puyuma express trains, so 

that they may have higher chance to the approach signals in these sections. 



doi:10.6342/NTU202001876

 

78 

4.3.3 Switch signal Overspeed 

 

Figure 4-29: Histogram of frequency of switch signal overspeed by block 

The result of switch signal overspeed identification by blocks is depicted in Figure 

4-29. In this figure, switch signal overspeed only occurred in 6 blocks, and 53 out of 60 

switch signal overspeed occurred in block 4 (near Banqiao station). Generally, switch 

signals are encountered when trains are going to stop at a station. Since the turnouts 

only locate in stations or junctions, switch signal overspeed only take place in these 

specific locations. Moreover, further analysis is necessary to figure out the reason to 

the abnormal number of switch signal overspeed that occur in the block. Due to the low 

occurrence of switch signal overspeed, more data is necessary for further analysis. 
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4.3.4 Operational Overspeed 

 

Figure 4-30: Histogram of frequency of operational overspeed by block 

The result of operational overspeed identification by blocks is depicted in Figure 

4-30. This figure presents the imbalance of sections that operational overspeed occurred. 

From block 1 to block 67, the frequency of operational overspeed is relatively low 

except in a few blocks. Such phenomenon may be resulted from two reasons. The first 

half of this section overlaps with West Main Line. The high frequency of trains results 

in a series of approach signals that slows down train speed. The second half of the 

section is the curving section of Yilan Line. Not only sharp curves make it difficult to 

operate too fast, the frequent change of speed limit also forces drivers to concentrate in 

order to control the train. On the other hand, frequency of operational overspeed rises 

drastically from block 68 to block 142. This section comprises plain section of Yilan 

Line and North-link Line. The relatively straight section with few stopping stations of 

Puyuma express trains makes drivers tend to operate trains in a faster speed, and the 

low control demand results in monotony so that drivers may be less cautious of 

overspeeding. 



doi:10.6342/NTU202001876

 

80 

4.3.5 ATP Service Brake 

 

Figure 4-31: Histogram of frequency of ATP service brake by block 

The result of ATP service brake identification by blocks is depicted in Figure 4-31. 

The blocks where ATP service brake occurred distribute evenly along the whole section. 

However, there are three blocks where ATP service brake occurred more frequently. 

Due to the low occurrence of ATP service brakes, more data is necessary for further 

analysis. 
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4.3.6 ATP Emergency Brake 

 

Figure 4-32: Histogram of frequency of ATP emergency brake by block 

The result of ATP emergency brake identification by blocks is depicted in Figure 

4-32. There are only 7 ATP emergency brakes in the analysis section in total. It is noted 

that 3 ATP emergency brake occurred in block 85, in which most ATP service brake 

take place. Due to the low occurrence of ATP emergency brakes, more data is necessary 

for further analysis. 
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4.3.7 IRIDB Evaluation 

 

Figure 4-33: Histogram of IRIDB by blocks 

The result of IRIDB by blocks is demonstrated in Figure 4-33. Extreme values of 

high-risk driving behaviors revealed in Sections 4.3.1 to 4.3.6 are reflected in the figure. 

Figure 4-34 presents the distribution of the IRIDB by blocks. This figure shows that 

risk indices of a majority of blocks are very low. The IRIDB of 54 out of 142 blocks 

(38.0%) are less than 0.1, and the IRIDB of 99 out of 142 blocks (69.7%) are less than 

0.5. Only 25 out of 142 blocks (17.6%) have an IRIDB is higher than 1. 
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Figure 4-34: Distribution of IRIDB by blocks 

4.3.8 Summary of High-Risk Section Analysis 

In the case study of high-risk section analysis, locations that high-risk driving 

behaviors are often committed are identified, and the indicators of them are evaluated. 

Moreover, the IRIDB, which combines the six indicators, provides a method to compare 

risk considering different high-risk driving behaviors between different sections, 

making it easier for operators to find out sections with higher risk and take 

countermeasures to improve safety. 

Figure 4-35 shows the risk composition of every block along the section between 

Shulin and Hualien. Figure 4-36 illustrates the risk composition of the top 10 sections 

with the highest IRIDB. The red lines in these two figures depicts IRIDB = 1, 

representing the average risk of all blocks. Similar to the analysis of high-risk driving 

behavior, ATP emergency brake and ATP service brake account for the majority 

proportion of the sections with high IRIDB. Another similarity to the analysis of high-

risk driving behavior is the extreme distribution of IRIDB for all blocks. Only 22 out 
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of the 142 blocks (15.9%) have risk above average. 

The summation of IRIDB of the sections with the top 20% IRIDB accounts for 

84.3% of summation of every section’s IRIDB, which also fulfills the Pareto principle. 

It can be summarized that the overall risk of the entire network is controlled by some 

small but critical sections in this case study. Safety improvements to these sections are 

the most efficient means to enhance the overall safety for the network. 
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Figure 4-35: Risk composition of blocks 
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Figure 4-36: Risk composition of top 10 highest IRIDB blocks 

4.4 Summary and Discussion 

In this chapter, the two case studies demonstrate that the modules proposed in this 

research can not only identify the high-risk driving behaviors and compute the 

indicators thereof but also provide an integrated risk index for evaluating the driver and 

section safety. The results show that this proposed framework can assist railway 

operators identifying the high-risk drivers and sections. The integrated risk index for 

driving behaviors (IRIDB) is also computed to evaluate the overall risk for drivers and 

sections, so that antidotes can be taken for safety improvement on those with low 

performance. Moreover, the IRIDB in both cases exhibit the Pareto principle of risk in 

railway operation. For both drivers and sections, the distributions of IRIDB are 

extremely imbalanced. The majority of the drivers and sections are in a low level of 

IRIDB, while the minority of the drivers and sections has an IRIDB much higher than 

average. The result confirms the Pareto principle in high-risk driving behaviors, that 

the top 20% of the drivers and sections with higher IRIDB contains 80% of the risk. 
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The phenomenon reveals that the 20% of drivers and sections with a higher IRIDB are 

important target of safety improvement. If the operators aim to improve the overall 

safety of the railway system, dealing with the 20% of drivers and sections with a higher 

IRIDB is the most efficient approach because the maximum achievement can be 

obtained with the minimum effort. 
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CHAPTER 5 CONCLUSION AND FUTURE WORK 

With the development of railway technology, people gradually emphasize on 

safety of railway transportation. Despite the continuous improvement of safety 

facilities , no facility can guarantee 100% safety. In order to improve safety of railway 

systems other than safety facilities, this research turns to assess human factors during 

train operation. With the development of big data analysis, data collected during 

operation is widely used in different aspects. This research applies the existing data 

from ATP that records information during operation to assess the driver performance 

and section safety. Moreover, the IRIDB proposed in this research summarizes the 

different actions detected and sorts the drivers and sections by risk. Such index can help 

the operators to arrange the priorities of countermeasures. 

5.1 Conclusion 

This research proposes a framework of driver high-risk driving behavior detection 

based on the driving record data. The conclusions and contributions are summarized as 

follows: 

(1) To demonstrate potential application of ATP record data 

The ATP system (or ETCS Level 1 equivalent signaling system) has been 

developed and widely used in a variety of countries for over a decade. The system 

collects and saves much valuable data but few researchers or operators had tried 

to utilize it. This research provides a sample of ATP record data application, that 

assesses driver performance with the data. 

(2) To provide a fully automatic process for driver behavior assessment 

As mentioned in Section 1.1, several driving instructors are responsible for 

oversight of driver behavior. Despite the introduction of the new overspeed 

detection system for driver assessment, the functions of the new system are limited. 
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As a result, this research establishes an automatic process to detect high-risk 

driving behaviors, which is more accurate and efficient. 

(3) To assess sections with higher frequency of high-risk driving behaviors 

Apart from assessing the driving performance for each driver, this research also 

assesses the driver performance in each section. The result can indicate sections 

where drivers tend to commit high-risk driving behaviors, so that the operators can 

take counterparts to improve section safety. 

(4) To develop a model for driver and section risk evaluation 

This research also constructs an AHP model to evaluate the IRIDB of the six high-

risk driving behaviors. With this index, it becomes possible to arrange priorities of 

improvement works by severity. 

5.2 Future Work 

This section summarizes some applications that could be extended in the future. 

Although the developed process can identify high-risk driving behaviors automatically, 

there are still some restrictions and limitations to be improved. These future works are 

listed below. 

(1) Access additional data to obtain a more objective IRIDB 

As mentioned in Section 4.2.6, insufficient data of some high-risk driving 

behaviors with low incidence might result in bias while computing the frequency. 

A more objective IRIDB could be obtained with accessing more data. 

(2) Investigate additional factors related to frequency of high-risk driving behaviors 

for drivers and sections 

In this research, incidence of high-risk driving behaviors for drivers and sections 

is evaluated. However, further discussions such as the relationship between 

frequency and other probable factors are not performed in this research. To further 
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improve safety, more detailed studies should be done. For example, futures studies 

may try to find out factors that may affect driving risk, to analyze the relationship 

between the drivers, the sections and the corresponding characteristics. With such 

analysis, the operators could focus on factors that are highly related to the risks, 

such as age, experience, slope, curvature, to find the right antidote. Apart from 

characteristics of drivers and sections, effects of delay conditions, different time, 

and some other factors are also worth researching in future studies. 

(3) Develop an identification model for more high-risk driving behaviors with more 

detailed data 

The ATP driving record data is applied for analyzing the high-risk driving 

behaviors in this research. Nevertheless, there are some other database that collects 

and stores driving record. For example, some trains in TRA are installed with the 

Train Control and Monitor System (TCMS). TCMS not only records train speed 

but also records the speed command, the brake command and other data. With this 

additional data, it is possible to improve the accuracy of the high-risk driving 

behavior identification and to discover more high-risk driving behaviors. 

Moreover, with the additional command data, it becomes possible to analyze the 

interactions between the drivers, the signals, and ATP. 

(4) Develop a more objective model for risk index evaluation 

In this research, an AHP structure is used to evaluate the weightings of risk index. 

However, the concept of AHP is still based on subjective opinion of experts. More 

detailed quantified risk analysis methods can be applied for the integrated risk 

index evaluation. 
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