
https://doi.org/10.31449/inf.v47i3.3942 Informatica 47 (2023) 441–450 441 

Analysis Platform of Rail Transit Vehicle Signal System Based on 

Data Mining 
 

Chunying Li*, Zhonghua Mu 
1Department of Electronic Engineering of Zhengzhou Railway Vocational & Technical College, Zhengzhou, Henan, 

451460, China  

E-mail: chunyingli7@126.com, zhonghuamu6@163.com   
*Corresponding author 

 

Keywords: rail transit, data mining, detection, maintenance, vehicle signal system  

 

Received: January 26, 2022 

 

According to the increasing demand of interactive information of rail transit on-board signal equipment, 

a rail transit on-board monitoring and maintenance system based on data mining is proposed. The 

association rules for operation data acquisition are defined and based on these rules a correlation rules 

algorithm is proposed to obtain more reliable understanding and operation quality evaluation of train 

operation information. A new approach for the safety analysis is proposed for the analysis of failure 

mode of rail braking system. The proposed approach uses Bayes method reasoning to introduce 

reliability and probability analysis of braking system, hence guiding the maintenance strategy of the 

system. From a lot of logs, quickly find key issues, applied in the train test and repair field. The 

simulation experiment results show that after analyzing the simulation data and the curve, the system 

extraction results have certain error in the manual calculation results, and the error value is between 

0.5 and 0.6, but the overall meets the actual work needs, and optimize the invalid data to reduce the 

error. The reliable operation and maintainability of the system are verified. 

 

Povzetek: Razvit je sistem za spremljanje železniškega prometa s podatkovnim rudarjenjem z uporabo 

Bayesove metode za zanesljivost. 

 

 

1 Introduction  
With the rapid development of rail transit, the 

degree of automation and the amount of interactive 

information of on-board signal equipment are increasing, 

while the maintenance time is continuously shortening, 

which puts forward higher requirements for the highly 

reliable operation and safe maintenance of signal 

equipment. The traditional way of tracking the operation 

of software and hardware by separately recording error 

codes in each subunit [1], obviously cannot meet the 

requirements, and requires an intelligent, concise and 

user-friendly human-machine interface, which can grasp 

the overall situation of the vehicle signal equipment in 

real time. It can provide the expected operation data for 

testers and maintenance personnel, and realize rapid 

commissioning and maintenance of trains and lines. At 

present, in the field of urban rail transit, the application 

of on-board monitoring and maintenance systems is still 

relatively rare. In the process of developing the domestic 

vehicle signal system, the existing achievements of many 

parties were used for reference, and the multi-source 

information and data were graded in the data processing. 

Converted into meaningful data, resulting in abnormal 

monitoring to assist debugging and maintenance 

personnel in analyzing equipment failures. 

In this paper, based on data mining, the design of 

rail transit on-board monitoring and maintenance system 

(TIU, Transit-vehicle Interface Unit) is designed. The 

main purpose of the design is to comprehensively record 

the running status of on-board signal equipment), ATO 

(Automatic Train Operation) and other equipment 

operation status real-time display and comprehensive 

analysis, and provide functions such as log download, 

format conversion and offline analysis, so as to achieve 

highly reliable operation and safe maintenance of signal 

equipment. The traffic vehicle monitoring and 

maintenance system is shown in Figure 1.  

In the field of railroad transport, SARM (Security, 

availability, reliability and maintainability) is generally 

used to study the functional unwavering quality of gear. 

In 1986, Sweden gave the primary SARM record 

necessity in a delicate for the acquisition of fast trains, 

expecting providers to focus on their unwavering quality, 

viability and security, and to guarantee that all pointers 

meet a predefined esteem in the wake of dispatching. 

During the 1970s, Shinkansen disappointment 

information was dissected in Japan and enhancements to 

the plan worked on train unwavering quality. The trains 

in France have severe SARM prerequisites at the plan 

stage and their upkeep costs are diminishing step by step. 

Jing et al. played out an assessment of the difficulty free 

state of SARM on a high velocity rail line [2]. Ma et al. 

brings SARM into metropolitan rail line train checking 

framework [3]. Liu et al. dissected the critical 

components of SARM control in the rail line industry 

[4]. Zhong et al. present a Bayesian technique for the 

development of probabilistic organizations and play out 

an assessment of the framework's credibility [5]. Zhou et 
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al. subjectively dissect the shortcoming tree of the 

pressure driven sponsor in the control arrangement of a 

business vehicle [6]. Wu et al. proposed a Bayesian 

piecewise investigation of a straight model [7]. By 

changing the information, a Bayesian neighborhood 

direct model with prescient and nearby straight 

circulation of boundaries is gotten. Zhong et al. dissected 

the SARM control measures taken at various phases of 

the flagging framework [8]. Vega et al. clear up how for 

use SARM to control a rail route flagging framework [9]. 

Horton et al. introduced a SARM examination of a rapid 

rail route power supply framework [10].  

 

 

 

 
Figure 1: Rail transit vehicle monitoring and maintenance system.

 

The GO technique is broadly utilized in SARM 

examination of rail transport frameworks [11]; Zhang et 

al. [12] apply SARM to 9 electromechanical subsystems 

of travel line 1 of Chengdu Rail, yet there are a few cases 

effectively utilized in air powered brake frameworks.  

Numerous specialists utilize the GO-FLOW strategy in 

rapid rail line security examination [13]. A few 

specialists apply large information to rail line traffic 

activity and the board to direct upkeep techniques [14, 

15]. The rest of this article is organized as: Section 2 

presents the related works in various domains. Section 3 

consists of methods comprising the concept. Results and 

analysis are discussed in Section 4 followed by 

concluding remarks in section 5. 

 

2 Related work 
With the continuous advancement of technology, the 

technology of video collection data has developed 

rapidly. Pedestrian movement trajectories can be 

obtained through video, so as to analyze the 

characteristics of pedestrian traffic behavior. Zhao et al. 

developed video-based Petrack software for automatic or 

semi-automatic identification and determination of 

pedestrian motion positions and trajectories [16]. Wang 

et al. developed a Kinect-based pedestrian trajectory 

extraction technology for long-term high-precision 

pedestrian trajectory extraction [17]. Zhigang et al.  

conducted a long-term study on the microscopic traffic 

behavior of pedestrians. The observed pedestrians need 

to wear hats of different colors. Using the hats as 

recognition conditions, the pattern recognition of the 

captured video images can be used to obtain the motion 

trajectories of ordinary behaviors and specific behaviors 

[18]. Chen et al. propagandized the pedestrian detection 

and tracking technology based on Blob analysis, and 

developed a passenger micro-traffic behavior parameter 

acquisition system (Ped Trace) to extract traffic behavior 

characteristic data such as trajectory, passenger speed, 

pedestrian distance, and acceleration [19]. Ding et al.  

used two-way channel monitoring in urban rail transit 

stations to manually determine the walking trajectory 

according to the projected position of the center of 

gravity of pedestrians' feet, and analyzed the 

characteristics and laws of pedestrians' overtaking traffic 

behavior [20]. With the increase of urban population 

density, the scale of subway construction is also getting 

larger and larger, and the signal system of rail transit is 

facing the challenge of more efficient and safer demand. 

The mobile block train operation control system 

represented by the Communication Based Train Control 

System (CBTC) [21] has been popularized to replace the 

fixed block, and is currently being used for train-to-

vehicle communication and fully automatic operation 

(Fully Automatic Operation, FAO) to further evolve. In 

order to achieve a shorter running interval of trains in 

operation, on the one hand, it is necessary to shorten the 

fault recovery time of the system and make efforts in the 
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direction of immediate maintenance; at the same time, it 

is also necessary to study the status information of the 

system and equipment to achieve fault prediction and 

status repair [22]. 

Domestic research on PHM (Prognostics Health 

Management) started later than foreign countries, but 

relatively speaking, domestic research on PHM in 

military equipment was earlier [23]. Since the 21st 

century, the research related to PHM technology has 

made great progress, mainly reflected in the research of 

health management and other disciplines. In terms of the 

top-level design of the PHM system, the aerospace-

related research is relatively in-depth [24], and some 

progress has been made in the PHM research in the fields 

of machinery, electromechanical, and electronics. The 

operation safety of the subway has become the research 

focus of the subway operating companies. In recent 

years, PHM has gradually been applied to the operation 

and maintenance management of the subway [25]. 

However, due to the late start, mature system-level 

products have not yet appeared. Therefore, in order to 

improve the operation safety of the subway, improve the 

maintenance and maintenance efficiency of key 

equipment, and achieve the purpose of reducing the cost 

and increasing the efficiency of the subway, the subway 

system equipment, especially the signal The PHM 

research of the device is extremely critical [26]. PHM's 

research in the field of subway is mainly about the health 

management of high-speed rail equipment, and the 

application of fault prediction and health management 

technology to achieve equipment maintenance. For 

example, algorithms such as VQ and DTW are 

introduced in the detection of vehicle axle temperature, 

and the technology originally used in voice signal 

processing is applied to train health management. 

To sum up, based on the current status of 

maintenance methods of subway equipment at home and 

abroad and the experience of other industries, combined 

with the characteristics of domestic rail transit 

technology, it is proposed to study the maintenance and 

management technology of rail transit on-board 

equipment supported by rail transit big data information. 

development direction [27]. The proposed work can 

further be extended by using integration approaches of 

Artificial Intelligence and Machine learning as studied 

from several studies [28-30]. A technique which 

considers wavelet frames for micropolar fluid flow is 

used for high mass transfer [31]. The vibration over the 

sandwich plates of laminated skew is studied through 

finite element [32]. The numerical simulation based on 

space time fractional equation are evaluated [33].  

 

3 System design 
In this section, the system structure, functions and 

association rules based on data mining technique is 

provided. 

3.1 System structure  

The system includes a vehicle-mounted unit (lower 

computer) and a portable maintenance terminal (upper 

computer), and its hardware and software both adopt a 

modular design [34]. The on-board unit is placed in the 

signal cabinet of the train, and has various modes such as 

network interface, RS-232/422 serial interface, MVB bus 

interface, etc. It can adapt to the LAN connection method 

required by ATP, ATO and other equipment, and the 

required RS-232/422 serial cable connection method, and 

the MVB bus method used by the vehicle's train 

management system, etc. The portable maintenance 

terminal is realized by using a notebook computer. When 

necessary, it can be connected to the maintenance port of 

the TIU vehicle-mounted unit by using the RJ-45 

network interface. The system structure diagram is 

shown in Figure 2. 

 
Figure 2: System structure diagram. 

 

A. Hardware structure 

CPCI bus technology has the technical 

characteristics of high openness, high reliability, high 

versatility, hot swap ability, and good anti-vibration and 

heat dissipation. Therefore, the CPCI bus architecture is 

adopted in the hardware design of the vehicle-mounted 

unit. All TIU boards are installed in a 3U cage. It mainly 

includes power board, CPU motherboard, analog/digital 

mixed I/O board, Ethernet card, etc. [35]. 

The power supply board supplies power for the 

whole system, selects DC110V/±12V/5V/3.3V standard 

power module, and sets up galvanic isolation device and 

filter voltage regulation protection circuit to ensure stable 

and safe voltage to ATO equipment.  

 

i. The power supply board supplies power for the 

whole system, selects DC110V/±12V/5V/3.3V 

standard power module, and sets up galvanic 

isolation device and filter voltage regulation 

protection circuit to ensure stable and safe 

voltage to ATO equipment. 

 

ii. The CPU board is the core of computing and 

control. The TIU needs to exchange data 

externally, and it needs to output display and 

input data for the convenience of debugging. 

Therefore, the CPU board has high reliability 

with standard serial port, USB interface, VGA 

interface and external keyboard and mouse. 
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equipment. 

 

iii. The analog/digital I/O board is the input and 

output interface of the TIU, so the analog/digital 

I/O board has enough input and output channels, 

including digital input and output, analog output 

and pulse input. 

 

iv. The Ethernet card is the network interface for 

the communication between the TIU and other 

on-board components, and a device with a 

sufficient number of ports and a firm and 

reliable port connection is selected. All TIU 

components are designed according to the wide 

temperature standard of -40℃～+85℃, and the 

environmental adaptability and electromagnetic 

compatibility characteristics conform to the 

relevant technical standards of rail transit on-

board equipment. 

 

 

B. Software structure 

Due to the different operating platforms, the 

software structure includes upper computer and lower 

computer software. The upper computer software is used 

for data display and analysis, and is developed using the 

Windows platform; the lower computer software plays 

the role of data storage and real-time forwarding, and is 

developed using a tailored version of Linux. Each 

software in turn contains multiple modules [36]. 

The software structure diagram of the lower 

computer is shown in Figure 3. The software of the lower 

computer is divided into the bottom general module, the 

business processing module and the task management 

module. The low-level general module is closely related 

to the operating system and hardware drivers. Through 

the modular programming method, the network port, 

serial port, file IO, etc. are complicated to set up, and the 

complex low-level functions are encapsulated into a 

general module with a simple interface, so as to facilitate 

the calling of the business processing module. The 

business processing module separates the processing sub-

modules of each data type into a process, and establishes 

a separate communication channel for it, so as to ensure 

that the data of different subsystems such as ATP and 

ATO can be processed in parallel inside the TIU without 

affecting each other; The task management module is 

responsible for program startup management, process 

daemon during program operation, and program exit 

management to ensure program execution branching and 

running stability. 

 

 
Figure 3: Lower computer software structure diagram. 

 

 
Figure 4: Host computer software structure diagram. 

 

The software structure diagram of the host computer 

is shown in Figure 4. The upper computer software is 

divided into input management module, business 

processing module and output management module. The 

input management module encapsulates the complex data 

source processing functions such as network ports, file 

IO, and user interaction into sub-modules with simple 

interfaces and convenient calls; the business processing 

module is responsible for classifying and processing 

different input data and opening up independent data 

memory space , establish an independent data processing 

thread to ensure that the data of different subsystems 

such as ATP and ATO can be processed synchronously  
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and independently output on the host computer [37]; the 

output management module is responsible for the module 

encapsulation of the output function, so as to complete 

the processing of the business processing module. The 

data can be classified and displayed, stored and recorded, 

and forwarded through the network. 

3.2 System functions  

3.2.1 Lower computer function 

The lower computer software is responsible for the 

acquisition and forwarding of the underlying data, and 

runs in the on-board TIU host. Real-time forwarding to 

the maintenance terminal; ① Record the operation data 

and alarm data of vehicle-mounted signal equipment 

such as ATP and ATO; ② Relay the operation data of 

vehicle-mounted signal equipment such as ATP and 

ATO to the maintenance terminal in real time; ③ 
transfer the configuration information frame between 

ATP and MNT; ④ cooperate with MNT to complete 

TIU's own parameter configuration; ⑤ receive the time 

synchronization information of ATS and synchronize the 

local clock; Communication information; ⑦ Collect fan, 

vehicle power status, and send power-off protection 

frame to ATO; ⑧ Automatically maintain hard disk 

space to ensure effective storage of records; ⑨ FTP data 

service, provide download function of record files. 

3.2.2 Host computer configuration 

As the window of the system, the host computer 

software runs in the external maintenance terminal 

(MNT), the main functions: ① real-time data display, 

real-time display of the operation and alarm data of ATP, 

ATO and other equipment; ② offline log display, the 

display is saved in the machine ③ TIU data download, 

download the log files stored in the on-board TIU host 

through FTP; ④ Data format conversion, convert the log 

file into Excel form; ⑤ System parameter configuration, 

configuration the system of ATP, ATO, TIU and other 

systems Parameters; ⑥ Log analysis, assist testers to 

analyze log data, during the analysis process, the 

program uses data mining technology to 

comprehensively analyze logs from different sources and 

different time periods, so as to select possible useful 

states or faults [38]. 

3.3 Application of data mining technology 

in log analysis  

3.3.1 Mining algorithm selection and 

introduction  

The data recorded by TIU has the characteristics of 

being complex, multi-level and uncertain: ① There are 

various sources, including the status of on-board 

equipment such as ATP and ATO, as well as the 

information of vehicles and trackside equipment; ② 

There are many states, including door status and speed 

information , location information, alarm information 

and other thousands of information states; ③ There are 

various types of states, and the data types of different 

information states vary widely, such as Boolean, integer, 

floating point, string, etc.; ④ The dispersion of log 

records, The randomness of the time span, etc. According 

to these characteristics, a one-dimensional simple 

association rule model that is simple in form, easy to 

understand, and can effectively capture the relationship 

between data is adopted in the log analysis algorithm 

[39]. 

3.3.2 Principles of association rules  

Association rule mining can be formulated as 

follows: Let I = (i1, i2, ...in) be a set of items, and T = 

(t1, t2, ...tn) a set of transactions, where each transaction 

ti is a set of items and satisfies 𝑡𝑖. An association rule for 

∈I: X→Y, where X∈I, Y∈I, and X∩Y=. Support and 

confidence are two commonly used indicators to measure 

the strength of association rules. The support of rule 

X→Y refers to the percentage of transactions that 

contain itemset X∪Y in transaction set T, so the support 

of rule Ts represents the frequency of rule use in 

transaction set T [40]. 

 

n

countYX
Ts


=

)( 
 (1) 

where n is the total number of transactions in T. 

Confidence rule, the confidence of X→Y refers to the 

percentage of transactions that contain both X and Y to 

all transactions that contain X. It can be regarded as an 

estimate of the conditional probability P(X|Y). The 

confidence Hs determines the predictability of the rule 

[41]. 

 

countX

countYX
H s




=

)( 
 (2) 

Association rule mining refers to finding out the 

association rules in T whose support and confidence are 

higher than a user-specified minimum support (min-

supp) and minimum confidence (minconf) respectively 

[42]. 

3.3.3 Algorithms of association rules  

The algorithm of association rules, the Apriori 

algorithm that uses candidate item sets to find frequent 

item sets, is mainly divided into two steps: 1. Generate 

all frequent item sets, one frequent itemset is an itemset 

whose support is higher than minsup; 2. From the 

frequent item sets Generate all trusted association rules, a 

trusted association rule is a rule with a confidence greater 

than minconf. Association rules only need to be 

generated based on frequent item sets [43]: extracting all 

association rules from frequent item sets f needs to use 

all non-empty subsets of f, let a be any non-empty subset 

of f, then: (f-a) →a, if the confidence Ts satisfies: 
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conf
countaf
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An association rule generation algorithm similar to 

frequent itemset generation can be used: first generate 1-

association rules with only one item of all consequences 

from the frequent itemset f (k-itemset is a set containing 

k items), and then use the association rule. The rules 

generate consequent 2-association rules, which are 

recursive in turn to generate all frequency sets. 

 

4 Results and analysis 
Through the design method described in the 

previous chapter, in the log-assisted analysis, the 

association rules in data mining can be applied as 

follows. 

The first step is to establish a model, by setting the 

granularity of conditions and conclusions, artificially 

setting intervals, selecting single values, setting fuzzy 

values, and setting the certainty of the rules, mainly in 

the setting of precise rules and conceptual rules, The 

train operation data is used as the training data set, and 

the classification data is tested with the above settings. 

This process can remove redundant data and irrelevant 

attributes, and find all high-frequency item groups. For 

example, if you need to count the data of train stops, you 

need to set the query time period, a certain platform 

number, the stop sign, and whether the distance from the 

stop sign is less than the set value. The above settings are 

a group of high-frequency items, while in another group 

in the project group, such as the door opening process, 

there are also check stop signs and platform numbers. 

The second step is to find the support and 

confidence of the high-frequency item group, set the 

thresholds for both, and discover the association rules. 

As shown in the above example, if the stop sign appears 

in both project groups, the support degree is 0.5, and the 

platform number also appears in the two projects at the 

same time. When the stop sign appears, the confidence 

level is 1. Confidence is always greater than support. If 

the support degree is greater than the user-set value 

(temporarily set to 0.5), then these two items are frequent 

item sets. 

The third step is to display and evaluate association 

rules. Simple one-dimensional association rules are used 

to calculate frequent item sets, and strong association 

rules are generated from frequency sets, which must 

satisfy both minimum support and minimum confidence 

(temporarily set to 0.5), thus generating two valid values, 

and so on. The item set is calculated, all frequency sets 

are generated, and the calculation results are displayed, 

and finally a subjective screening is carried out. Obvious 

irrelevant information is excluded. In this way, the 

association rule mining of a set of information is 

completed. By mining different information and applying 

association rules for different purposes, possible errors of 

programs and possible failures of equipment can be 

screened out [44]. The abnormal information screened 

out when the transponder fails is shown in Table 1, 

which means that the transponder receives the default 

message at a certain speed and at a certain time. The 

abnormality will not affect the train running in 

continuous mode. Under the formula, the abnormality 

becomes a dominant fault [45].  

 

Table 1: Abnormal information filtered out when the 

transponder fails 

 
Line 

number 
Time Speed 

Transponder 

message 
Transponder 

Screening 

amount 

2711 6:22:54 70.99 default 0x012E004A 1 

2712 6:22:55 70.93 default 0x012E004A 1 

2713 6:22:55 70.96 default 0x012E004A 1 

2714 6:22:56 71.04 default 0x012E004A 1 

2715 6:22:57 70.96 default 0x012E004A 1 

2716 6:22:57 70.74 default 0x012E004A 1 

2717 6:22:58 70.53 default 0x012E004A 1 

2718 6:22:58 70.74 default 0x012E004A 1 

2719 6:22:59 70.58 default 0x012E004A 1 

2720 6:22:59 70.68 default 0x012E004A 1 

 

By monitoring such abnormal signs, it is possible to 

regularly check the running status of the backup system 

equipment, and find the fault of the backup system 

equipment in time. To avoid the situation that when the 

main system is working, the backup system has failed but 

has not been repaired in time, and the backup system 

cannot take over in time after the failure of the main 

system [46]. 

 

 
Figure 5: Following distance feature extraction results. 
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Use the designed rail transit on-board signal system to 

conduct simulation experiments to extract various 

behavioral characteristic parameters, and compare the 

results extracted by the system with the manual 

calculation results, as shown in Figures 5, 6, and 7 

below. After analyzing the simulation data and curves, it 

can be seen that there is a certain error in the extraction 

results of the system compared with the manual 

calculation results, error values are between 0.5 and 0.6, 

but it generally meets the actual work requirements. At 

the same time, the system data mining method can be 

further optimized. Invalid data such as inflection point 

data are cleaned to reduce errors. 

 

 

 
Figure 6: Horizontal spacing feature extraction results. 

 

 

 
Figure 7: Feature extraction results of included angle in 

velocity direction. 

 

 
Figure 8: Results through simulation. 

 

Figure 8 depicts the simulation outcomes of the 

proposed system. The reliability graph before the 

primary failure is equivalent to the typical probability 

graph, however it varies from one another after the 

updating of failure and maintenance. The pattern of the 

typical probability graph after the framework update is 

more awful than before the primary failure. This is on the 

grounds that a few old units stay in their ordinary states 

in the refreshed framework, making it simpler for the 

framework to go into a failure state. The measured 

reliability is additionally lower. After the framework is 

refreshed, the dependability is more awful than the first 

framework, albeit the framework can work typically. 

Over the long haul, the probability of typical activity 

moves toward the dependability of the framework. It 

ought to be noticed that unwavering quality is the 

premise of security, while safety mirrors the continuous 

condition of dependability. 

 

5 Conclusions 
By designing a rail transit on-board system platform 

based on data mining, this paper analyzes the system 

structure and functions required in the process of rail 

transit on-board monitoring and maintenance, and briefly 

introduces the data mining algorithm used in the log-

assisted analysis process. Finally, the reliability and 

maintainability of the system are verified by simulation 

experiments. The application of this system not only 

realizes the centralized recording of the operation status 

and alarm of the vehicle signal system, but also provides 

a powerful tool for the debugging personnel to monitor 

the operation of the equipment and analyze the program 

loopholes, and greatly improve the efficiency of the 

maintenance personnel to analyze the logs. And make 

fault early warning a possibility to prevent problems 

before they happen. 
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