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Abstract: 

Health monitoring systems with low-cost sensor networks and smart algorithms are always needed in both passenger trains and 

heavy haul trains due to the increasing need for reliability and safety in the railway industry. This paper focuses on an overview of 

existing approaches applied for railway vehicle on-board health monitoring systems. The approaches applied in the data 

measurement systems and the data analysis systems in railway on-board health monitoring systems are presented in this paper, 

including methodologies, theories and applications. The pros and cons of the various approaches are analyzed to determine 

appropriate benchmarks for an effective and efficient railway vehicle on-board health monitoring system. According to this 

review, inertial sensors are the most popular due to their advantages of low cost, robustness and low power consumption.  

Linearization methods are required for the model-based methods which would inevitably introduce error to the estimation results, 

and it is time-consuming to include all possible conditions in the pre-built database required for signal-based methods.  Based on 

this review, future development trends in the design of new low-cost health monitoring systems for railway vehicles are 

discussed.  
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I. INTRODUCTION 

 

Health monitoring systems are highly desirable in the railway 

industry to meet the growing needs of safety, reliability and 

lower cost operations. Such systems may offer real-time state 

estimation, fault diagnosis and determination of the timing and 

extent of necessary maintenance [1]. Modern railway vehicle 

health monitoring  systems are categorised as either track-side 

or on-board systems. In track-side health monitoring systems, 

sensors are mounted around the track for wheel profile 

monitoring, wheel impact load detection and bogie 

performance evaluation [2,3]. The main drawbacks of the 

track-side health monitoring systems are that sensors can only 

provide monitoring at selected positions along the track. On-

board monitoring systems have traditionally been focused on 

the other major condition monitoring task of railways that of 

track defects; but there is growing interest in the on-board  

monitoring  for detection  of wagon defects. On-board  health 

monitoring systems can provide continuous  monitoring  with 

real-time detection of defects and early warning alarms. 

Sensors, typically including accelerometers, gyros, noise 

sensors (e.g. microphones)  and  global position  system 

(GPS), are carried  on  a railway vehicle to identify track 

irregularities, vehicle dynamic behaviour, vehicle location and 

speed. Smart algorithms  have been developed to  analyse the  

data  from  sensor networks for offering an accurate realtime 

state estimation and fault detection and isolation (FDI) [4]. 

Health monitoring systems for passenger trains normally have 

complex sensor networks to acquire the realtime information 

of vehicle dynamic behaviour with high precision transducers 

arranged around the components in the vehicle suspension 

system. Such sensor networks could provide accurate health 

evaluation of vehicle dynamic behaviour with high cost, 

additional energy and low robustness. For example, the life 

cycle of the transducers around the wheelsets is limited due to 

the severe wheel rail interaction. Hence, such systems are not 

suitable to be applied in freight trains. Research has been done 

to develop new health monitoring systems with low-cost 

transducers (e.g. accelerometers) and smaller numbers of them 

to offer accurate health monitoring estimations in both 

passenger trains and freight trains. It is suggested that in 

railway applications, on-board vehicle health monitoring 

systems should focus on four aspects: wheel rail health 

monitoring,  suspension health monitoring, vehicle component 

health monitoring and running state monitoring. Wheel rail 

health monitoring aims to provide the state estimation of 

wheel rail contact force, low adhesion detection, track 

irregularity detection, wheel flat detection, rail corrugation 

detection and early stage derailment detection. Suspension 

health monitoring  aims to provide real time monitoring of the 

suspension parameter degradation. Vehicle component health 

monitoring  aims to provide defect detection in vehicle 

components, such as axle-bearing defect detection, cold and 

hot wheel detection, axle crack detection and wheel crack 

detection. Running state monitoring  mainly focuses on 

vehicle realtime speed monitoring. Among these four different 

health monitoring  aspects, the running state monitoring 

system is the easiest to implement with on-board GPS 

elements to identify the real time location and compliance 

with pre-set vehicle speed restrictions [5,6]. More complicated 

systems are needed for the other three conditions. In vehicle 

component health monitoring systems, thermal sensors, 

microphones and ultrasonic sensors are mounted either near 

axle boxes and wheelsets on vehicles or beside the track. 

Because of the periodicity of the fault signal in axles, axle 

boxes and wheels, data from sensors are normally analysed in 

the frequency domain to extract characteristic frequencies of 

faults. There are many vehicle component health monitoring 

systems in service, such as Pegasus, Harbin VEIC’s HTK 499, 

MULTIRAIL and Track-side Acoustic Detection System [7–

9]. 
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Figure.1. Health monitoring system schematic 

This paper provides an overview of existing on-board health 

monitoring techniques for suspension health monitoring and 

wheel rail health monitoring. Section 2 presents an 

introduction of on-board health monitoring systems including 

data measurement techniques and data analysis techniques. 

Section 3 presents a review of the model-based approaches 

used in railway vehicle on-board health monitoring systems. 

Section 4 presents a review of the signal-based techniques 

which are used to detect faults in suspension systems and 

wheels. 

 

II. HEALTH MONITORING SYSTEMS FOR 

RAILWAY VEHICLES 

 

As shown in Figure 1, an on-board health monitoring system 

normally consists of two main stages: data acquisition and 

data analysis. 

 

2.1 Data measurement systems 

The life cycle of axle box sensors can be very limited 

compared with the sensors mounted above the suspension on 

bogies and car bodies. Because of difficulty in maintaining 

axle box sensors, researchers have suggested that acceleration 

signals be collected by sensors mounted on bogies and/or car 

bodies to ensure the robustness of sensor networks in on-board 

health monitoring systems. For obtaining reliable position 

information, displacement sensors can avoid the problems 

caused by offset drifts during double integration of 

acceleration. Laser-based distance sensors can solve such 

problems with their higher accuracy, but are not as easy to use 

in on-board health monitoring systems because of the higher 

cost and the ‘dirty’ working environment of railway vehicles. 

Microphones are mounted on the underframe [11] (as shown 

in Figure 2) and in the cabin [14] to detect rail corrugation 

with analysis of the noises caused by the rail surface defects. 

 

 
Figure.2. a rail corrugation detection system used in japan 

[11]. 

 

2.2 Classification of signal processing techniques 

Sensor-collected data can be fed into the data analysis unit of 

on-board health monitoring systems. The approaches for 

analyzing these data can be divided into two categories: 

model- based methods and signal-based methods 

 

2.2.1 Model-based methods 

As shown in Figure 3, the model-based methods use 

mathematical methods to find a relationship between the 

excitations and vehicle response. Sensor-collected data are 

then used as input for such models to give predictions of 

vehicle system dynamic behavior. The outputs from the model 

can then be compared with the real-time measured out- puts. 

The residual differences between the measured and predicted 

data are designated to identify faults in railway vehicles as 

well as derailment risk monitoring, low adhesion detection, 

wheel–rail force evaluation and wheel/rail profile estimation. 

Accuracy of these model-based methods will be mainly 

limited by three factors: selection of the initial values during 

partial linearization (or other approximation methods); 

unknown noises; model uncertainty caused by the nonlinear 

suspension parameters and structure flexibility. Common 

model-based methods include inverse modelling method [15–

39], Kalman filter (KF) [40–54], extended Kalman filter 

(EKF) [55–59], unscented Kalman filter (UKF) [60,61] and 

RaoBlackwellised particle filter (RBPF) [62–69]. These will 

be presented and compared in the third section. 

 

 
Figure.3. Model-based health monitoring systems for 

railway vehicles. 

 

2.2.2 Signal-based methods 

Signal-based methods are developed to analyse output signals 

directly by extracting fault- related characteristics in various 

ways, including time-domain [70–77], frequency-domain [78–

87], time–frequency approaches [88] and correlation analysis 

[43,90] or simply peak magnitudes beyond expected ranges. 

Analysis results are fed into a fault classification unit for 

identifying the fault type and level. Figure 4 shows a 

schematic of a signal-based health monitoring  system for 

railway vehicle. Signal-based methods used in on-board health 

monitoring systems are presented and compared in the fourth 

section of this paper. 

 

 
Figure .4. Signal-based health monitoring systems for 

railway. 

 

III. REVIEW OF SIGNAL-BASED METHODS 

Different from model-based methods, signal-based techniques 

use output signals only for analysis focusing on the changes or 
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variations in such output signals. Figure 4 shows the operation 

of a signal based FDI system for railway vehicles. A signal 

based FDI system mainly consists of two main sections: a 

prebuilt fault feature database and a fault classifier. A prebuilt 

database consists of fault features under normal condition and 

possible fault conditions. A fault classifier is used to identify 

the occurring fault using classification algorithms to find the 

most similar fault condition from the pre-built database. 

 

3.1 Fault feature database 

Signal processing methods are used to analyses the outputs of 

railway vehicles under various fault conditions for choosing the 

most indicative features as fault indicators. Signal processing 

methods can be divided into four categories: time-domain 

methods; frequency-domain methods; time–frequency methods 

and correlation-based methods. 

 

3.1.1 Time-domain methods 

In time-domain methods, statistical indices of sensor-collected 

vibration signals include maximum value, minimum value, 

mean value, RMS value, peak factor, shape factor, impulse 

factor, etc. One disadvantage of time-domain methods is that 

analysis results are easily affected by the environmental noise 

and shock vibration such as from wheels hit- ting rail joint. 

These methods can only offer accurate detection when faults 

are sufficiently dramatic [70]. 

 

 
Figure. 5. Operation of signal-based fdi systems. 

 

In [71–74], the concept of consensus principle component 

analysis (CPCA) is used to analyses the acceleration data 

collected by sensors mounted on the car body and bogies for 

detecting faults in primary springs and dampers. As a time-

domain signal processing method, CPCA uses batch data to 

build a model which is more sensitive to disturbances and 

missing data. With CPCA, statistical models from the 

acceleration signals are built and fault detection is operated by 

monitoring T2 and SPE statistics. Simulation results show that 

this time-domain method can successfully detect 5% and 25% 

coefficient reductions of primary springs and dampers 

respectively. A time-domain signal-based method is used in the 

train intelligent monitoring system (TIMS) for track 

irregularity detection [75]. Acceleration data are collected by 

sensors only mounted on the floor of the train. GPS sensors in 

TIMS could acquire the real-time position of the train. RMS 

values of sensor-collected accelerations are compared with pre-

calculated analysis results for track irregularity monitoring. In 

[76,77], a time-domain method is used for predicting wheel- 

climb derailment at low speed. Micro-electromechanical 

system acceleration and angular velocity sensors are mounted 

on the frames of freight wagons. The peak and integral check 

of sensor-collected vibration data are conducted and compared 

with pre-built threshold values. 

 

3.1.2 Frequency-domain methods 

In frequency-domain methods, spectral analysis is widely used 

to acquire more intuitive fault-relevant features than time-

domain analysis [78–81]. Power and amplitude spectrums of 

sensor-collected vibration signals are calculated and spectrum 

amplitudes in fault-relevant frequency regions are compared 

for fault detection and identification. Frequency response 

analysis is also used for FDI [82]. A frequency-domain method 

using a matrix inversion approach is applied to suspension 

parameter estimation of road vehicles [82]. A 4-DOF vehicle 

model is developed with bounce and pitch modes considered. 

Frequency response functions of different modes are 

calculated. Frequency variable difference filtering is used for 

deriving a 10m versing longitudinal level directly from the 

measured accelerations with high precision without causing 

any waveform distortion [83]. A combination of time-domain 

and frequency-domain methods is used in [84] for suspension 

FDI. Four time-domain features (mean, standard deviation, 

skewness and kurtosis) and three frequency-domain features 

(frequency center, RMS frequency and root variance 

frequency) are chosen as fault indicators. In [85], suspension 

faults in Shinkansen vehicles are detected by two different 

approaches. In the first approach, the peak distribution of 

acceleration signals with ‘healthy’ and ‘unhealthy’ parts are 

compared to detect suspension faults. In the second approach, 

comparisons of vibration states are made between a ‘healthy’ 

vehicle and an ‘unhealthy’ vehicle with faults in one bogie. 

Faults can be detected based on the ideal fault-relevant 

frequencies. A band-pass filter is used to analyze sensor-

collected data. Differences in the vibration state distribution are 

taken as fault indicators. In [86,87], a band-pass filter is used to 

extract indicative information from sensor-collected vibration 

signals for detecting wheel flats and suspension defects. The 

frequency-domain methods can only offer an effective and 

efficient FDI results for periodic faults. 

 

3.1.3 Time–frequency analysis 

Time–frequency analysis comprises both time-domain and 

frequency-domain analysis with different time–frequency 

representations. Time–frequency analysis methods include fast 

Fourier transform (FFT) [88], short-time Fourier transform 

(STFT) [88], Wigner–Ville transform (WVT) [89], wavelet 

transform (WT) [58] and Hilbert–Huang transform [90]. WT is 

used to extract fault-relevant frequencies for detecting faults in 

bogies. Continuous WT is used in [89] to detect faults of a road 

vehicle suspension system. Estimation results show that WT 

can achieve better results than FFT. In [90], STFT, WVT and 

WT methods are used for detecting rail corrugation and wheel 

flats. Analysis of results shows that all these methods can 

provide a good FDI performance for rail surface defects and 

wheel flats. Among these three time–frequency methods, WT 

can offer a better performance in both time and frequency 

dimensions. 

 

3.1.4 Correlation-based methods 

In [43], the concept of cross-correlation is used to detect faults 

of railway vehicle suspensions based on the fact that a failure 

in suspension will cause an imbalance into vehicle dynamic 

systems, resulting in dynamic interferences between different 

motions. The level of such interferences therefore provides a 
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key indication of suspension conditions. For detecting faults in 

primary springs and dampers, a 9-DOF vehicle model is 

developed considering the bounce, pitch and roll movements of 

one car body and two bogies. Cross correlations of these 

vibration signals are compared between different fault 

conditions. The changes are significant under different fault 

conditions. This correlation-based method is validated to be 

very sensitive to changes in the stiffness and damping. 

 

TABLE.I.COMPARISON OF FAULT CLASSIFIATION 

METHODS 

Method Sensitivity Response 
speed 

Complexity Limitation 

Observer 

 

GLRT  

 

PCA  

 

CVA 

Worst  

 

Bad  

 

Good  

 

Best 

Slow  

 

Slowest  

 

Fast 

 

Fast 

Complex  

 

Complex  

 

Simple  

 

Simple 

Precise 
model 
required 
Precise 
model 
required 
Fault 
isolation is 
difficult 
Fault 
isolation is 
difficult 

 

TABLE.2. COMPARISON OF FAULT 

CLASSIFICATION METHODS 

Method Accur

acy rate 

Sensiti

vity 

Param

eter tuning 

Comple

xity D–S 

evidence 

Best Best Simple Simple 

SVM + 

PCA 

FDA 

Good 

Good 

Worst 

Good 

Compl

ex 

Simple 

Comple

x 

Simple 

 

3.2. Fault classification 

Classification methods used in railway vehicle FDI systems for 

identifying the fault type and level include generalized 

likelihood ratio test (GLRT), Dempster–Shafer (D–S) theory, 

Fisher discriminant analysis (FDA), support vector machine 

(SVM), dynamical principal components analysis (DPCA), 

canonical variate analysis (CVA), Bayesian and fuzzy [84]. In 

[84], GLRT is used to detect abrupt faults of urban railway 

vehicle suspension systems by analysis of mean value changes 

of residuals between the measurement and estimation results 

from KF. D–S theory is used to detect faults in light rail vehicle 

suspension systems. The residuals between the measurement 

and estimation results are generated for fault diagnosis. In the 

D–S fault classifier, the Eros and norm distance are used to 

identify the fault type and level from the pre-built fault 

database. The observer-based method, GLRT, DPCA and CVA 

are used and compared to identify faults of railway vehicle 

suspension systems. KF is used to offer estimation results. The 

comparisons are made in four aspects, and comparison results 

are shown in Table 1. D–S evidence theory, FDA and SVM 

techniques are applied to the fault isolation problem in rail 

vehicle suspension systems. Comparisons between these three 

techniques are made and the D–S evidence theory outperforms 

the other two, as shown in Table 2. In signal-based methods, 

the pre-built database is the key important section. In this 

database, fault indicators are required under normal conditions 

and all possible fault conditions including various fault types 

and levels. These fault indicators can be acquired from 

simulation or experiments. There are two main practical 

difficulties of signal-based methods. The first is how to find the 

most effective and efficient fault indicators for different fault 

conditions. The second is the heavy workload for considering 

all possible fault conditions in this database. The database can 

be trained and expanded using approaches such as genetic 

algorithms and neural networks. 

 

IV. DISCUSSION  

 

The GPS sensors can offer effective and efficient information 

of real-time vehicle location and speed. The inertial sensors, 

displacement sensors and noise sensors are carried on vehicles 

to acquire the vehicle response under the wheel–rail 

excitations. The inertial sensors have the advantage of low 

cost, small size, low power consumption and robustness. 

Based on the acceleration signals from these on-board inertial 

sensors, the displacement information of the vehicle 

components can be acquired, but the accuracy still needs some 

improvement. The displacement sensors cost more and the 

accuracy is easily affected by the working environment. The 

noise sensor can be used to detect the faults which can cause 

some frequency response, but often requires advanced filter 

and analysis techniques. Sensors can be mounted on axle 

boxes, bogies or car bodies. The life cycle of the axle box 

sensors and other positions below suspension level is limited 

due to the impacts of higher frequency components of wheel–

rail interaction. The applications of the KF are limited to linear 

systems. Partial linearization methods in railway vehicle 

dynamic systems are needed with KF-based health monitoring 

systems. Such methods will inevitably introduce errors into 

estimation results and these errors are significant in some 

cases. Based on the recursive idea of KF, the EKF, UKF and 

RBPF- based systems extend their applications into nonlinear 

systems but with different methods. Sufficiently small time-

step intervals are required in the EKF-based health monitoring 

systems to ensure accuracy, but such small time-step intervals 

will inevitably increase the data analysis time. With third-

order Taylor series expansion, UKF can offer more accurate 

estimation results with larger time-step intervals. RBPF 

combines the PF with a KF using marginalization to make full 

use of the analytically tractable structure of nonlinear systems. 

Though UKF and RBPF can offer more accurate estimation 

results with less data, the main drawback in these applications 

is the massive data analysis time. In signal-based health 

monitoring systems, data from the sensor network are 

analyzed directly with time-domain, frequency-domain, time–

frequency analysis and correlation analysis methods for 

extracting fault-relevant features. A database should be built 

including these fault-relevant features under normal condition 

and all possible fault conditions. Classification methods are 

used to distinguish the current fault in railway vehicles from 

the pre-built database for making the fault diagnosis. In 

contrast to model-based methods, signal-based methods detect 

the faults in railway vehicles with the analysis of sensor data 

directly. The main drawback in application of such signal-

based methods is that building a comprehensive database 

needs massive simulation or experiment time. 

  

V. CONCLUSION AND FUTURE RESEARCH 

 

An overview of the existing techniques used for railway 

vehicle on-board health monitoring systems is presented in 

this paper. Model-based and signal-based methods are both 

discussed including basic theory, applications and analysis. 

Inertial sensors are the most commonly used in on-board 

health monitoring systems for railway vehicles. This is due 
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mainly due to the robustness of these devices. Axle box accel- 

eration sensors can offer accurate estimation results of wheel–

rail health monitoring, but the maintenance can be an issue 

due to the severe wheel–rail dynamic interaction. Using bogie 

and/or carbody sensors only, health monitoring systems can be 

made more robust and can still offer sufficiently accurate 

estimation of results with smart analysis methods. Among the 

five model-based methods, the inverse can offer an effective 

and efficient wheel–rail interaction estimation and the ‘Health 

Card’ system was developed for heavy haul wagons based on 

this method. KF can only offera solution for linear systems. 

The EKF, UKF and RBPF extend to nonlinear vehicle 

dynamic systems with different linearisation methods. Errors 

are inevitable during the linearisation process and the 

estimation accuracy will be affected by initial values or state 

vectors, or even algorithm non-convergency. In these model-

based methods, compromise must be made between accuracy 

and analysis time. This needs more researches in the context 

of on-board monitoring. Signal-based methods only utilised 

the sensor-collected data by extracting the fault- related 

characteristics. Compared with model-based methods, there is 

no need to develop the vehicle dynamic estimation  model in 

signal-based methods.  Equally challenging, however, it is that 

signal-based methods require a pre-built fault database which 

is time- consuming to produce and must include all possible 

fault conditions. 

 

VI. REFERENCES 

 

[1]. Goodall R, Roberts C. Concepts and techniques for railway 

condition monitoring.  IET international conference on railway 

condition monitoring; 2006 Nov 29–30; Birmingham.  

 

[2]. Lagnebäck R. Evaluation of wayside condition monitoring 

technologies for condition-basedmaintenance of railway 

vehicles [Licentiate thesis]. Luleå: Luleå University of 

Technology, Department of Civil Mining and Environmental 

Engineering, Division of Operation and Maintenance 

Engineering; 2007. 

 

[3]. Brickle B, Morgan R, Smith E, et al. Identification of 

existing and new technologies for wheelset condition 

monitoring; Jul 2008 (TTCI Ltd UK RSSB Report for Task 

T607). 

 

[4]. Ngigi RW, Pislaru C, Ball A, et al. Modern techniques for 

condition monitoring of railway vehicle dynamics. J Phys Conf 

Ser. 2012; 364:012016. 

 

[5]. Weston P, Roberts C, Yeo G, et al. Perspectives on railway 

track geometry condition monitor- ing from in-service railway 

vehicles. Veh Syst Dyn. 2015;53(7):1063–1091. 

 

[6]. Allotta B, D’Adamio P, Malvezzi M, et al. An innovative 

localisation algorithm for railway vehicles. Veh Syst Dyn. 

2014; 52:1443–1469. 

 

[7]. Liang Y. Approaches to bearing fault diagnosis and on-

board diagnosis system for subway trains [PhD thesis]. Beijing: 

Beijing Jiaotong University; 2014. 

 

[8]. Wang J. Research of the key technologies for the train’s 

wheelset fault vibration characteristics and diagnosis method 

[PhD thesis]. Changsha: Central South University; 2012. 

[9]. Yao D. Research on the fault diagnosis algorithms for the 

bearings of urban rail train running gear [PhD thesis]. Beijing: 

Beijing Jiaotong University; 2014. 

 

[10]. Ward C, Goodall R, Dixon R. Creep force estimation at 

the vehicle wheel–rail interface. Proceedings of 22nd 

international symposium on dynamics of vehicles on roads and 

tracks; 2011 Aug; paper 13.1; Manchester. p. 14–19. 

 

[11]. Hayashi Y, Kojima T, Tsunashima H, et al. Real time 

fault detection of railway vehicle and tracks. International 

conference on railway condition monitoring; 2006; 

Birmingham, UK. p. 20–25. 

 

[12]. Jesussek M, Ellermann K. Fault detection and isolation 

for a full-scale railway vehicle suspension with multiple 

Kalman filters. Veh Syst Dyn. 2014;52(12):1695–1715. 

 

[13]. Cameron T, Paul R, Dingyang Z, et al. Predictive 

maintenance approaches based on continu- ous monitoring 

systems at Rio Tinto. Conference on railway excellence 2016; 

2016 May 16–18; Melbourne. 

 

[14]. Tsunashima H, Naganuma Y, Matsumoto A, et al. 

Chapter 12: Condition monitoring of railway track using in-

service vehicle. In: Perpinya X, editor. Reliability and safety in 

railway. Croatia: InTech; 2012. p. 333–356.  

 

[15]. Xia F, Cole C, Wolfs P, et al. Method for generating track 

irregularity data from power spectral density plots, the 

workshop of rail CRC. Theme 1 ‘Smart Train’ intelligent 

system; 2013 Jun10; Rockhampton. p. 24–30. 

 

[16]. Steven SB. Time frequency analysis of railway wagon 

body accelerations for a low-power autonomous device 

[Master’s thesis]. Rockhampton: Central Queensland 

University; 2006. 

 

[17]. Cole C, Sun Y, McClanachan M, et al. Evaluation of on-

wagon performance data measur- ing systems. Proceedings of 

international heavy haul conference specialist technical 

session: high tech in heavy haul; 2007 Jun 11–13; Lulea: 

International Heavy Haul Association Inc. p.589–597. 

 

[18]. Xia F, Cole C, Wolfs P. Improving wagon running safety 

predicting wagon instability in nor- mal freight operations. 

Proceedings of conference on railway engineering; 2016 Apr 

30–May 3; Melbourne. 

 

[19]. Xia F, Cole C, Wolfs P. The dynamic wheel–rail contact 

stresses for wagon on various tracks. Wear. 2008;265(9–

10):1549–1555. 

 

[20]. Shafiullah GM, Thompson A, Wolfs P, et al. Review of 

wireless communications applications used for railway 

monitoring. Proc Annu Rev Commun: Int Eng Consort. 2008; 

61:379–389. 

 

[21]. Shafiullah GM, Thompson A, Wolfs P, et al. Reduction 

of power consumption in sensor network applications using 

machine learning techniques. TEN CON 2008; Nov 2008; 

Hyderabad. 

 

[22]. Thomas A, Cole C, Bosomworth C. A train health 

advisory system for freight trains. Pro-ceedings: 9th 



International Journal of Engineering Science and Computing, May 2017         11478                                                                  http://ijesc.org/ 

international heavy haul conference (IHHC 2009); 2009 Jun 

22–24; Shanghai. Beijing: China Railway Publishing House. 

 

[23]. Shafiullah GM, Thompson A, Wolfs P, et al. Application 

of machine learning techniques for railway health monitoring. 

In Shawkat Ali ABM, Xiang Y, editors.  Dynamic and 

advanced data mining for progressing technological 

development: innovations and systemic approaches. Hershey 

(PA): IGI Global; 2009. p. 396–421. 

 

[24]. Xia F, Cole C, Wolfs P. A method for setting wagon 

speed restrictions based on wagon responses. Veh Syst Dyn. 

2006;44(Suppl 1):424–432. 

 

[25]. Xia F, Cole C, Wolfs P. An inverse railway wagon model 

and its applications. Veh Syst Dyn. 2007;45(6):583–605. 

 

[26]. Xia F, Bleakley S, Wolfs P. The estimation of wheel–rail 

interaction forces from wagon accelerations. 4th Australia 

congress on applied mechanics; 2005; Melbourne. p. 333–338. 

 

[27]. Xia F, Cole C, Wolfs P. Wheel rail contact forces 

prediction and validation with field tests. Conference on 

railway engineering; 2008 Sep 7–10; Perth. 

 

[28]. Xia F, Cole C, Wolfs P. Grey box-based inverse wagon 

model to predict wheel–rail con- tact forces from measured 

wagon body responses. Proceedings of the 20th symposium of 

the international association for vehicle system dynamics. Veh 

Syst Dyn. 2008;46(Suppl 1):469–479. 

 

[29]. Spiryagin M, Cole C, Sun YQ. Adhesion estimation and 

its implementation for traction control of locomotives. Int J 

Rail Transp. 2014;2(3):187–204. 

 

[30]. Sun YQ, Cole C, Spiryagin M. Monitoring vertical 

wheel–rail contact forces based on freight wagon inverse 

modelling. Adv Mech Eng. 2015;7(5):1–11. 

 

[31]. Shafiullah GM, Simson S, Thompson A, et al. Monitoring 

vertical acceleration of railway wagon using machine learning 

technique. Proceedings of the 2008 international conference on 

artificial intelligence, ICAI 2008, including proceedings of the 

2008 international confer- ence on machine learning, models, 

technologies and applications; 2008 Jul 14–17; Las Vegas 

(NV). 

 

[32]. Shafiullah GM, Ali A, Thompson A, et al. Predicting 

vertical acceleration of railway wagons using regression 

algorithms. IEEE Trans Intell Transp Syst. 2010;11(2):290–

299. 

 

[33]. Shafiullah GM, Ali A, Thompson A, et al. Rule-based 

classification approach for railway wagon health monitoring. 

In: Prieto A, editor. 2010 IEEE world congress on 

computational intelligence (WCCI 2010); 2010 Jul 18–23; 

Barcelona. p. 1–7.  

 

[34]. Shafiullah GM, Simson S, Thompson A, et al. 

Forecasting vertical acceleration of railway wagons – a 

comparative study. DMIN08 – international conference on data 

mining; 2008 Jul 14–17; Las Vegas (NV). p. 137–143. 

 

[35]. Tao Z. Load identification technology for high-speed 

train dynamic force and its application [PhD thesis]. Chengdu: 

Southwest Jiaotong University; 2012. 

[36]. Zhu T, Xiao S, Yang G, et al. An inverse dynamics 

method for railway vehicle systems. Transport. 2014; 29(1): 

107–114. 

 

[37]. Wei L, Zeng J, Wu P, et al. Indirect method for wheel–

rail force measurement and derailment evaluation. Veh Syst 

Dyn. 2014;52(12):1622–1641. 

 

[38]. Zhu T, Xiao S, Ma W, et al. Research of inverse 

mathematical model to high-speed trains. J Cent South Univ. 

2014; 21:428–438. 

 

[39]. Zeng J, Wei L, Wu P. Safety evaluation for railway 

vehicles using an improved indirect measurement method of 

wheel–rail forces. J Mod Transp. 2016;24(2):114–123. 

 

[40]. Yusuke H, Hitoshi T, Yoshitaka M. Fault detection of 

railway vehicle suspensions using multiple model approach. 

SICE, 2007 annual conference; 2007; Takamatsu, Japan. p. 

1540–1543. 

 

[41]. Wei X, Liu H, Jia L. Fault detection of urban rail vehicle 

suspension system based on acceleration measurements. 

Proceedings of the international conference on advanced 

intelligent mechatronics; 2012 Jul 11–14; Kaohsiung. p. 1129–

1134. 

 

[42]. Tsunashima H, Mori H. Condition monitoring of railway 

vehicle suspension using adaptive multiple model approach. 

International conference on control, automation and systems in 

KINTEX; 2010. Korea: Gyeonggi-do. 

 

[43]. Mei TX, Ding XJ. Condition monitoring of rail vehicle 

suspensions based on changes in system dynamic interactions. 

Veh Syst Dyn. 2009;47(9):1167–1181. 

 

[44]. Wei X, Liu H, Qin Y. Fault diagnosis of rail vehicle 

suspension systems by using GLRT. Chinese control and 

decision conference; 2011; Mianyang. p. 1932–1937. 

 

[45]. Charles G, Goodall R. Low adhesion estimation. Paper 

presented at the Institution of Engi- neering and Technology 

international conference on railway condition monitoring; 

2006; Birmingham. p. 96–101. 

 

[46]. Charles G, Goodall R, Dixon R. Model based condition 

monitoring at the wheel–rail interface. Veh Syst Dyn. 

2008;46(1):415–430. 

 

[47]. Ward CP, Goodall RM, Dixon R, et al. Adhesion 

estimation at the wheel–rail interface using advanced model-

based filtering. Veh Syst Dyn. 2012; 50:1797–1816. 

 

[48]. Ward C, Goodall R, Dixon R. Creep force estimation in 

the railway vehicle wheel–rail interface. Proceedings of 18th 

IFACC world congress; 2011 Aug 28–Sep 2; Milano. 

 

[49]. Hubbard P, Ward C, Dixon R, et al. Real time detection 

of low adhesion in the wheel/rail contact. Proc Inst Mech Eng 

Part F: J Rail Rapid Transit. 2013;227(6):623–634. 

 

[50]. Charles G, Goodall R, Dixon R. Wheel–rail profile 

estimation. International conference on railway condition 

monitoring; 2006 Nov; Birmingham. p. 32–37. 

 



International Journal of Engineering Science and Computing, May 2017         11479                                                                  http://ijesc.org/ 

[51]. Hussain I, Mei TX, Ritchings RT. Estimation of wheel–

rail contact conditions and adhesion using the multiple model 

approach. Veh Syst Dyn. 2013;51(1):32–53. 

 

[52]. Mei T, Hussain I. Detection of wheel–rail conditions for 

improved traction control. Paper presented at the 4th 

international conference on railway traction systems 

(RTS2010) ; 2010; Birmingham. p. 1–6. 

 

[53]. Mei TX, Goodall RM, Li H. Kalman filter for the state 

estimation of a 2-axle railway vehicle. European control 

conference (ECC); 1999 Aug 31–Sep 3; Karlsruhe. 

 

[54]. Tsunashima H, Naganuma Y, Kobayashi T. Track 

geometry estimation from carbody vibration. Veh Syst Dyn. 

2014;52 (Suppl 1):207–219. 

 

[55]. Julier SJ, Uhlmann JK, Durrant-Whyte HF. A new 

approach for filtering nonlinear systems. Proceedings of the 

American control conference; 1995; Seattle (WA). p. 1628–

1632. 

 

[56]. Julier SJ, Uhlmann JK, Durrant-Whyte HF. A new 

method for the nonlinear transformation of means and 

covariances in filters and estimators. IEEE Trans Automat 

Contr. 2000;45(3):477–482.  

 

[57]. Wan EA, van der Merwe R. The unscented Kalman filter 

for nonlinear estimation. Adaptive systems for signal 

processing, communications and control symposium; 2000; 

Lake Louise. p. 153–158. 

 

[58]. Julier SJ, Uhlmann   JK.  Unscented filtering and   

nonlinear   estimation. Proc IEEE. 2004; 92:401–422. 

 

[59]. Antonov S, Fehn A, Kugi A. Unscented Kalman filter for 

vehicle state estimation. Veh Syst Dyn. 2011; 49:1497–1520. 

 

[60]. Gáspár P, Szabó Z, Bokor J. Observer based estimation of 

the wheel–rail friction coefficient. Paper presented at IEEE 

international conference on control applications; 2006; Munich. 

p. 1043–1048. 

 

[61]. Zhao Y, Liang B, Iwnicki S. Friction coefficient 

estimation using an unscented Kalman filter. Veh Syst Dyn. 

2014;52(Suppl 1):220–234. 

 

[62]. Doucet A, de Freitas N, Murphy K, et al. Rao–

Blackwellised particle filtering for dynamic Bayesian 

networks. Proc. uncertainty in artificial intelligence; 2000; 

Stanford. p. 176–183.  

 

[63]. Weston PF, Roberts C, Goodman CJ, et al. Enhanced rail 

contribution by increased reliability (ERCIR) – instrumenting 

in-service rail vehicle to monitor vehicle and track. 

Proceedings of the world congress on railway research, WCRR 

2003; 2003; Edinburgh. p. 963–975. 

 

[64]. Goodman CJ, Ling CS, Li P, et al. Condition monitoring 

of railway track and vehicle suspension using an in-service 

train. Proceedings of IEE international conference on railway 

engineering; 2005; Hong Kong. 

 

[65]. Li P, Goodall RM, Kadirkamanathan V. Parameter 

estimation of railway vehicle dynamic model using Rao–

Blackwellised particle filter. Proceedings of the seventh 

European control conference 2003; 2003; Cambridge, UK. 

 

[66] Schon T, Gustafsson F. Particle filters for system 

identification of state-space models linear in either parameters 

or states. Proceedings of the 13th IFAC symposium on system 

identification; 2003; Rotterdam. p. 1287–1292. 

 

[67]. Li P, Goodall RM, Kadirkamanathan V. Estimation of 

parameters in a linear state space model using a Rao–

Blackwellised particle filter. Control Theory Appl. 

2004;151(6):727–738. 

 

[68]. Schon T, Gustafsson F, Nordlund PJ. Marginalized 

particle filters for mixed linear/nonlinear state-space models. 

IEEE Trans Signal Process. 2005; 53:2279–2289. 

 

[69]. Li P, Goodall R, Weston P, et al. Estimation of railway 

vehicle suspension parameters for condition monitoring. 

Control Eng Pract. 2007;15(1):43–55. 

 

[70] Kim PY, Lowe IRG. A review of rolling element bearing 

health monitoring. Proceedings of machinery vibration 

monitoring and analysis meeting; 1983 April 19–21; Houston. 

[71] Xiukun W, Ying G, Limin J, et al. Fault detection of rail 

vehicle suspension system based on CPCA. Conference on 

control and fault-tolerant systems (SysTol); 2013 Oct 9–11; 

Nice. 

 

[72]. Xiukun W, Hai L, Limin J. Fault detection of urban rail 

vehicle suspension system based on acceleration 

measurements. IEEE/ASME international conference on 

advanced intelligent mechatronics (AIM); 2011; Kachsiung. p. 

1129–1134. 

 

[73]. Xiukun W, Limin J, Hai L. Data-driven fault detection of 

vertical rail vehicle suspension systems. 2012 UKACC 

international conference on control; 2012; Cardiff. p. 589–594. 

 

[74]. Xiukun W, Ying G, Limin J, et al. Fault detection of rail 

vehicle suspension system based on CPCA. Conference on 

control and fault-tolerant systems (SysTol); 2013 Oct 9–11; 

Nice. 

 

[75]. Ishii Y, Fujino Y, Mizuno Y, et al. The study of train 

intelligent monitoring system control and monitoring for 

railway vehicle dynamics using acceleration of ordinary trains. 

Proc of Asia-Pacific workshop on structural health monitoring; 

2006; Yokohama. 

 

[76]. Sweet LM, Karmel A. Evaluation of time-duration 

dependent wheel load criteria for wheel- climb derailment. 

ASMEJ Dyn Syst Meas Control. 1981; 103:219–227. 

 

[77]. Hung C, Suda Y, Aki M, et al. Study on detection of the 

early signs of derailment for railway vehicles. Veh Syst Dyn. 

2010;48(S1):451–466. 

 

[78]. Gertler JJ. Fault detection and diagnosis in engineering 

systems. New York (NY): Marcel Dekker; 1998. 

 

[79] .Godfrey K. Perturbation signals for system identification. 

New York (NY): Prentice-Hall; 1993.  

 



International Journal of Engineering Science and Computing, May 2017         11480                                                                  http://ijesc.org/ 

[80]. Pintelon R, Schoukens J. System identification: a 

frequency domain approach. New York (NY): IEEE Press; 

2001. 

 

[81]. Fong KF, Loh AP, Tan WW. A frequency domain 

approach for fault detection. Int J Control. 2008;81(2):264–

276. 

 

[82] Thite AN, Banvidi S, Ibicek T, et al. Suspension 

parameter estimation in the frequency domain using a matrix 

inversion approach. Veh Syst Dyn. 2011;49(12):1803–1822. 

 

[83]. Naganuma Y, Kobayashi M, Okumura T. Inertial 

measurement processing techniques for track condition 

monitoring on Shinkansen commercial trains. J Mech Syst 

Transp Logist. 2010;3(1):315–325. 

 

[84]. Wei X, Jia L, Guo K, et al. On fault isolation for rail 

vehicle suspension systems. Veh Syst Dyn. 2014;52(6):847–

873. 

 

[85]. Oba T, Yamada K, Okada N, et al. Condition monitoring 

for Shinkansen bogies based on vibration analysis. J Mech Syst 

Transp Logist. 2009; 2:133–144. 

 

[86]. Sun Y, Cole C, Bosomworth C. Early detection of wheel 

flats using wagon body acceleration measurements. Conference 

on railway engineering; 2010; Wellington. Rockhampton: 

Centre for Railway Engineering, Central Queensland 

University. 

 

[87] .Bruni S, Goodall R, Mei TX, et al. Control and 

monitoring for railway vehicle dynamics. Veh Syst Dyn. 

2007;45(7–8):743–779. 

 

[88]. Hlawatsch F, Auger F. Time–frequency analysis. 

Hoboken (NJ): Wiley; 2005. 

 

[89]. Qian S. Introduction to time–frequency and wavelet 

transforms. London: Prentice-Hall; 2002.  

 

[90]. Huang NE, Shen Z, Long SR, et al. The empirical mode 

decomposition and the Hilbert spectrum for nonlinear and non-

stationary time series analysis. Proc R Soc Lond A. 1998; 

454:903–995. 


