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ABSTRACT

The issue of wheel tread defects has become a major challenge for the health

management of high-speed rail in recognising the fact that a defect with small radius

deviation has the potential to give rise to severe damage on both train bogie

components and track structures. It is therefore important to detect the defects soon

after their occurrence and then conduct wheel re-profiling for the defective

wheelsets. There have been a variety of methods for wheel defect detection, among

which a promising solution is the trackside wheel–rail interaction detector which can

assess the wheel condition when the train is in operation.

This research aims to develop an online monitoring system deployed on rail tracks

to detect wheel local defect and wheel polygonisation with the rail response data

collected during the passage of in-service high-speed trains. For this purpose, two

analytical models for analysing the dynamic response of the vehicle and track

structure under the impact excitation of wheels with local defects and polygonal

wears. The first model which is developed with accounting for the rotation of the

flat-defect wheel, predicts the dynamic strain response of a periodically supported

rail under the impact excitation of a wheel with flat-defect in the time domain. With

this model, the features of localised anomalies caused by wheel flats are revealed in

the time history of rail dynamic strain response. In recognition of this, a fibre Bragg
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grating (FBG) sensor array is devised for deployment on rail tracks to detect wheel

flat defects through capturing the localised response features resulting from wheel

flats. The devised monitoring system is then deployed on a railway to verify its

capability in detecting single and multiple wheel flats.

The second model, as a vehicle–track–bridge coupling model, is developed to

analyse the wheel-rail interaction and the dynamic responses of car body, bogie

frames, wheelsets, rail, trackbed and bridge deck under the input of user-defined

wheel roughness spectrum in the frequency domain. With this model, a full

understanding of the effect of wheel roughness on different structural components in

vehicle-track system can be obtained and a method to assess wheel polygonisation is

developed. On this basis, a new sensing paradigm is proposed with three layouts of

FBG arrays for wheel polygonisation detection: 1) FBG rosettes installed on the rail

web; 2) vertical FBG array deployed on rail web above the sleeper; and 3)

longitudinal FBG arrays mounted on rail base.

A defect detection algorithm is then developed to identify both potential wheel local

defects and polygonal wears based on the online-monitored rail response data. This

algorithm consists of four steps: (i) strain data pre-processing by a data smoothing

technique to remove the response component which corresponds to the ideal

response excited by round wheel; (ii) diagnosis of localised anomalies using

Bayesian learning method and outlier analysis technique; (iii) identification of local
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defects by a further analysis of the localised anomaly features extracted in Step (ii);

and (iv) assessment of wheel polygonisation based on the frequency domain analysis

of the normalised response data.

To verify the methods for both wheel local defect detection and polygonal wear

detection, two blind tests are conducted by operating a train with potential wheel

local defects and wheel polygonal wears on the instrumented rail, respectively. No

information about the locations of defective wheel(s) is provided during the tests.

The test results indicate that both the local defects and polygonal wheels can be

identified with high fidelity, which are in good agreement with the offline

measurements of wheel radius deviation taken in a depot. A comparison is also made

in terms of polygonal wheel identification capability of the aforementioned three

layouts of FBG arrays, and the results show that all three layouts can successfully

identify the polygonal wheel with a roughness of 26 dB (re 1 μm, radius deviation =

0.05 mm) at low train speed. Particularly, the rail base FBG longitudinal layout can

even identify the polygonal wheel with roughness lower than 20 dB (re 1 μm, radius

deviation = 0.02 mm). Compared with the other two layouts, the rail base

longitudinal layout, which can also be used in detection of local defects, is more

cost-effective.
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Chapter 3

Fg The vertical wheel loading (including self-weight of the wheel)

ω0 The angular velocity of the wheel

v Wheel speed

Rw Wheel radius

x Wheel excitation point coordinate

x0 Initial point coordinate of wheel

t Time

f(x, t) Wheel dynamic load

st Half of the flat angle

ω Wheel angular velocity

 Wheel rotation angle

mw Wheel mass

f Resistance coefficient of the wheel

AB Buffer coefficient

bst Flat size (length)

xwh The moving distance of one-cycle rotation

twh The passing time of one-cycle rotation

w(x, t) The vertical dynamic displacement of the rail

 Density of rail material

A The cross-sectional area of rail

E Elastic modulus of rail

I Second moment of rail cross section

cb Rail damping coefficient

ksk The stiffness of the kth support (fastener)

csk The damping of the kth support (fastener)

xsk The coordinate of the kth support (fastener)

() Dirac delta function

N1 The support (fastener) numbers on the left of the coordinate origin
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N2 The support (fastener) numbers on the right of the coordinate origin

L1 The effective length of left rail segments from the coordinate origin

L2 The effective length of right rail segments from the coordinate origin

y0 The distance between the point in concern and the neutral axis

λB The wavelength of reflected light from grating

ne The effective refractive index of fibre core

Ʌ The period of grating

Chapter 4

Sxx(ω) Wheel tread roughness in frequency domain

v Train speed

a0 The longitudinal location of the 1st wheel

n0 Degrees of freedom (DOFs) between two sleepers

Er Elastic modulus of rail

ρr Density of rail material

Gr Shear modulus of rail

κ Timoshenko shear coefficient of rail

Ar Cross section area of rail

Ir Second moment of rail cross section

ηr Loss factor of rail

Es Elastic modulus of track slab

ρs Density of track slab material

As Cross section area of track slab

Is Second moment of track slab cross section

ηs Loss factor of track slab

Ls Length of track slab

Eb Elastic modulus of bridge deck

ρb Density of bridge deck material

Ab Cross section area of bridge deck

Ib Second moment of bridge deck cross section
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ηb Loss factor of bridge deck

Lb Length of bridge deck

d0 Interval of sleepers

kf Stiffness of fasteners

ηf Loss factor of fasteners

Msp Mass of sleeper

ksp Stiffness of sleepers

ηsp Loss factor of sleepers

d1 Interval of bridge piers

kba Stiffness of bridge pier

ηba Loss factor of bridge pier

kp Stiffness of bridge pier

ηp Loss factor of bridge pier

P0 Axle load

Rw Radius of wheels

Ew Elastic modulus of wheels

L1 1/2 of fixed wheelbase

L2 1/2 distance between bogie pivot centres

MC Mass of car body

JC Pitch inertia moment of car body

MB Bogie mass

JB Pitch inertia moment of bogies

Mw Wheel mass

Ks1 Vertical stiffness of primary suspension

Cs1 Vertical damping of primary suspension

Ks2 Vertical stiffness of secondary suspension

Cs2 Vertical damping of secondary suspension

ur(x) Displacement of rail at location x

us(x) Displacement of track slab at location x
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ub(x) Displacement of bridge deck at location x

Gr(xm,x) Green’s function of rail

Gs(xm,x) Green’s function of track slab

Gb(xm,x) Green’s function of bridge deck

F f
m The support reaction of fastener

F d
m The support reaction of CA mortar

F p
m The support reaction of bridge pier

Kf The complex stiffness of fastener

Kd The complex stiffness of CA mortar

Kp The complex stiffness of bridge pier

xs The location of the start point of the slab

y(x,t) The displacement of the beam

f(x,t) The external excitation load

Y(x, ω) The displacement at x on frequency ω

),( sY
 The Laplace transformed solution of Eq. (4.23) with respect to

position variable x

ure(x, t) The rail response to harmonic moving load

ur,ejk The rail displacement at jth wheel-rail contact point under the

excitation of a unit force at kth contact point

ljk The distance between two wheels

zR(Ω) The rail displacement vector at contact points

zR1(Ω) The rail displacement at the 1st contact point

zR2(Ω) The rail displacement at the 2nd contact point

zR3(Ω) The rail displacement at the 3rd contact point

zR4(Ω) The rail displacement at the 4th contact point

[AR] Track structure flexibility matrix at the four contact points of one car

δij Track flexibility value at location i when the excitation is at location j

P(Ω) External load (wheel–rail interaction force) in frequency domain

[H(Ω)] Frequency response matrix (in system dynamics)
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[Sxx(Ω)] The excitation PSD matrix

[Syy(Ω)] The response PSD matrix

Sxxi(Ω) The roughness PSD of the ith wheelset (i = 1,2, ..., M) and M is the

total wheelset number on the track

Svi(Ω) The time PSD of input roughness of wheelset i

)(f~ t The pseudo excitation (in time domain) on the system

)(F~  The pseudo excitation (in frequency domain) on the system

 )(~ P The pseudo wheel roughness excitation

 )(~ z The pseudo displacement response of system

Lw The roughness level of the wheel at a specified frequency band

â The RMS of radius deviation at the specified frequency band

aref The reference RMS value of wheel radius deviation

fc The centre frequency of the specified frequency band (in 1/m)

fl The low limit of the specified frequency band (in 1/m)

fu The upper limit of the specified frequency band (in 1/m)

Cw The circumference of wheel

nj(t) The time history (with RMS value â) inverted from the roughness

level at jth polygon order

pi(t) The random envelope in Gaussian noise generation

φi(t) The random phase in Gaussian noise generation

r(t) The inverted wheel roughness time history (inverted from the

roughness spectrum)

P Wheel-rail normal force

R Sleeper reaction force (to wheel-rail normal force)

M Rail bending moment caused by wheel-rail interaction

PN Wheel–rail normal forces acting on the head of north-side rail

PS Wheel–rail normal forces acting on the head of south-side rail

b The thickness of rail web at the neutral axis
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S The first moment of area of upper or lower part of rail neutral axis

K The sensitivity of the FBG (in μɛ/pm)

γN The output strain signals of the FBG rosette on north-side rail

γS The output strain signals of the FBG rosette on south-side rail

∆λNWOi The wavelength changes of ith FBG in the rail web rosette mounted

on north-side rail (i = 1, 2, ..., 8)

∆λSWOi The wavelength changes of ith FBG in the rail web rosette mounted

on south-side rail (i = 1, 2, ..., 8)

PN1 Wheel–rail normal contact forces acting on rail head of north-side

rail above sleeper 1

PN2 Wheel–rail normal contact forces acting on rail head of north-side

rail above sleeper 2

PS1 Wheel–rail normal contact forces acting on rail head of south-side

rail above sleeper 1

PS2 Wheel–rail normal contact forces acting on rail head of south-side

rail above sleeper 2

∆λNWVi The wavelength changes of ith FBG in the rail web vertical FBG

array mounted on north-side rail (i = 1, 2, 3, 4)

∆λSWVi The wavelength changes of ith FBG in the rail web vertical FBG

array mounted on south-side rail (i = 1, 2, 3, 4)

MNi The cross-sectional bending moment of north-side rail at location i (i

= 1, 2, 3, 4, 5)

MSi The cross-sectional bending moment of south-side rail at location i (i

= 1, 2, 3, 4, 5)

y The height difference between neutral axis and array

∆λNBLi The wavelength changes of the ith FBG installed on the north-side

rail (i = 1, 2, 3, 4, 5)

∆λSBLi The wavelength changes of the ith FBG installed on the south-side

rail (i = 1, 2, 3, 4, 5)
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Chapter 5

s Rail strain data collected by one FBG

Th Threshold to determine the peak response in rail strain time history

tmin Minimum interval of responses excited by two wheels

np 2np+ 1: Data points needed for single-wheel response

fs Sampling frequency for acquisition of rail strain response

lb Fixed wheelbase of train

sp Strain data that have the value exceed the Th·max(s)

u The data points refer to sp

vp The peaks in rail strain response corresponding to all the passing

wheels

lp The location of the peaks in time history (corresponding to vp)

v Passing speeds of all bogies

s(l) The strain response excited by lth wheel (in subsection 5.1.1)

s(0) The raw strain response data (in subsection 5.1.2)

s(m) The result of m times smoothing (m=1,2,...) conducted on raw strain

data

s Normalised rail strain response data

A The matrix of coefficients specified by 5-point quadratic polynomial

µ An unknown parameter to determine distribution of normalised rail

strain response

σ An unknown parameter to determine distribution of normalised rail

strain response

y The distribution of normalised strain response (obtained by Bayesian

updating)

D The input dataset (the normalised strain response data) in Bayesian

updating

p(μ, σ2| D) The joint posterior PDF

p(μ, σ2) The joint prior PDF
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p(D |μ, σ2) The likelihood function

n Length of input dataset D (expression shown in Eq. 5.13a)

ȳ Mean of input dataset D (expression shown in Eq. 5.13b)

s2 variance of input dataset D (expression shown in Eq. 5.13c)

IG() Inverse-gamma distribution

N() Normal distribution

p(σ2| D) The marginal posterior distribution of σ2

p(μ| D) The marginal posterior distribution of μ

αi-1 A parameter determined by prior information before ith Bayesian

updating (expression shown in Eq. 5.12a)

βi-1 A parameter determined by prior information before ith Bayesian

updating (expression shown in Eq. 5.12b)

μi-1 A parameter determined by prior information before ith Bayesian

updating (expression shown in Eq. 5.12c)

ki-1 A parameter determined by prior information before ith Bayesian

updating (expression shown in Eq. 5.12d)

α1 A parameter in 1st Bayesian updating (expression shown in Eq. 5.14a)

β1 A parameter in 1st Bayesian updating (expression shown in Eq.

5.14b)

μ1 A parameter in 1st Bayesian updating (expression shown in Eq. 5.14c)

k1 A parameter in 1st Bayesian updating (expression shown in Eq.

5.14d)

pi(y| Di) The posterior density of strain response after ith Bayesian updating

gi,j The proximity measure of two datasets Di and Dj

p(k, i) The kth point of posterior PDF curve of strain response

corresponding to datasets Di

p(k, j) The kth point of posterior PDF curve of strain response

corresponding to datasets Dj

P The similarity matrix of all the datasets
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xu The upper limits of the probability band (for jump changes detection)

xl The lower limits of the probability band (for jump changes detection)

F-1 The normal inverse function (for jump changes detection)

N The sample size of single strain response (for jump changes

detection)

ODj The jth outlier dataset

NO The total number of outlier dataset

γS Output signal of rail web FBG rosette

γ˘S The normalised output signal of rail web FBG rosette
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1
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2
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4, 5)

ɛ˘SBLi The normalised rail foot longitudinal strain of south-side rail at

location i (i = 1, 2, 3, 4, 5)

v Wheel passing speed

D Diameter of wheel

f(h) The sensitive frequency corresponding to hth polygonisation

fl(h)
The lower limit of sensitive frequency band corresponding to hth

polygonisation

fu(h)
The upper limit of sensitive frequency band corresponding to hth

polygonisation

xs Discrete signal (strain samples) (s = 0, 1, …, n - 1)

Xk The discrete Fourier transform (DFT) of signal xs

Y(k, fl, fu) The output DFT spectrum after band-pass filtering in which the
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CHAPTER 1

INTRODUCTION

1.1 Research Motivation

As a reliable and efficient alternative to long drives and short- and medium-haul

flights, and with the advantages of excellent energy conservation, environmental

protection and short travel time, high-speed rail (HSR) has become an attractive

choice in intercity travel. In Hong Kong, the Hong Kong section of the

Guangzhou–Shenzhen–Hong Kong Express Rail Link (XRL) will be open for

operation in the third quarter of 2018. The 26-km rail line is vitally important, as it

will link Hong Kong with major mainland cities with significantly reduced

travelling times. Besides, the expected economic benefits also include new job

opportunities, development of local service industry and tourism, benefits of

re-allocating transport resources, environmental benefits, among others (LegCo

2009). The latest estimated overall return is HKD 270 billion over 50-year-period

(AD Internet Limited 2017). While we are acclaiming the great benefits brought by

HSR, concerns about how the expected operating profit will become a reality are
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also growing since the cost of the project has risen substantially to HK$84.4 billion

(MTR 2015).

As per increasing demands for national HSR network, safety issue has become a

critical challenge in operation because an incident could cause more severe

consequences when trains run at higher speed. This raises new challenges for safety

and health management in operation. In China, up to 2,500 high-speed electric

multiple units (EMUs) are in active service on around 22,000 km long HSR network

every day. Crucial to the success of HSR operation, therefore, is the excellent

control of operation costs. Reducing the operating costs thus becomes a key issue,

especially for the maintenance cost, as one of the major operating costs. In Europe,

the expenditure on maintenance accounts for 38% of total operating expenses (CER

2016). Moreover, maintenance can also be a high-risk job for employees. In the U.S.,

annually 7.5 casualties and 2689 injuries in average are caused by railway

maintenance, according to the Federal Railroad Administration (FRA)’s reports

(FRA 1998–2013). Significant maintenance costs are spent to tackle the faults on

vehicle components that can compromise operation safety or at least reduce the

service life of vehicle and track. Annually around 200 accidents were caused by

wheel defects between 1997 and 2012, comprising over 40% of total accidents and

resulting in property damage of approximately $30 million per year (FRA

1998–2013). Therefore, the health management of railway vehicle wheelsets

accounts for a significant proportion of rail vehicle maintenance activities and can
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be a key driver for determining the vehicle or bogie maintenance periodicity (Bevan

et al. 2013).

For high-speed rail and train, wheel tread roughness is the prime factor leading to

faults and failures of both vehicle components and track structure during operation.

Wheel wear rate can increase quickly due to the high operation speed and the

high-stiffness track structure, and dynamic wheel-rail load is growingly sensitive to

high-order polygonal wear with increased speeds. Due to high running speed, minor

damage to railway structures and abnormal interactions between trains and

structures have given rise to increasingly serious accidents. The wheelsets, thus need

to be re-profiled frequently and the operating costs rise rapidly (Jin, 2014). The need

to ensure safety and reduce maintenance costs under high-speed rail operation

condition calls for new and more stringent specifications about railway wheel wear.

Therefore, there has been a clear need and a large economic incentive for developing

a well organised condition-based maintenance (CBM) scheme which can

significantly reduce the maintenance cost and ensure operation safety by providing

necessary information about condition of wheelsets as well as other key components

to the railway operators. The advantages from the online monitoring systems have

benefited both operators and infrastructure owners, as shown by statistics

(Lagnebäck 2007). In Europe, the number of broken springs has decreased by 90%

since the deployment of the systems and an expected drop in maintenance cost for
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minor switches with €2 million per year due to the new usage-based inspections

(Lagnebäck 2007). In the U.S., the railway industry saves more than $40 million per

year by removing high impact wheels based on the wheel impact load detector

(WILD) (Lundgren 2005).

Online wheel condition monitoring is such an efficient method that can detect

potential defective wheels in a real-time manner and provide early warnings for

prevention of potential incidents. Furthermore, the online detectors would also

facilitate the adoption of a predictive maintenance regime for mission critical

components of the railway vehicles (Lee et al. 2015), such as axle box, bolts and

joints on bogie frame, gearbox, motor, etc. With the help of a wheel condition

monitoring scheme, the wheelset maintenance activities can then be optimised,

thereby allowing whole life costs to be reduced based on a life-cycle cost

assessment.

However, the application of such a smart railway vehicle health management

scheme is rarely reported in HSR. This is mainly because the existing wheel

condition monitoring techniques have not yet reached a mature state to meet the

needs of HSR operation and management. In many cases, the trackside monitoring

system would not be economical as the cost of monitoring could be costlier than

handling the faults directly due to increased system complexity and the limitation of

sensor technology (Lagnebäck 2007). More efforts should be devoted to improving
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the performance of the existing detection methods, from the perspective of the

system configuration design, performance of sensors, data acquisition system, and

defect identification algorithms in light of online monitoring data. There is still a

long way to go for the implementation of these technologies in real HSR operation.



6

1.2 Research Objectives

This dissertation aims to solve the aforementioned important and fundamental

problems in the context of modern high-speed train operation and maintenance and

to develop a novel online wheel condition monitoring method with advanced

sensing technique and monitoring-based defect identification method for both wheel

local defect and wheel polygonisation with small radius deviation. The final aim is

to provide practical engineering solutions to improve the current strategies of

maintenance and increase safety level of the high-speed railway network. The

specific objectives are:

1. To develop an online wheel condition monitoring method for high-speed trains.

This method is developed based on a precise wheel–rail contact model which

analyses the localised responses under the excitation of flat-defect wheel and can

assess the wheel tread condition in a real-time manner and capture the local

defects.

2. To analyse the vehicle–track–bridge dynamics in the presence of wheel

roughness by a frequency-domain coupling model and further develop an online

wheel polygonisation identification method with high reliability for high-speed

train wheels with small radius deviation.



7

3. To develop a series of signal processing methods for identification of both wheel

local defect and wheel polygonisation in light of online rail response monitoring

data. These algorithms can not only identify the defective wheels from all the

passing wheelsets (healthy, with local defects, or with polygonal wears), but also

predict the relative amplitude of wheel local defects and the roughness levels

corresponding to all the polygon orders.
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1.3 Outline of the Thesis

This thesis is composed of seven chapters, and is organised as follows.

Chapter 1 introduces the motivation for the thesis, expounds its objectives, and

states the outline.

Chapter 2 reviews the previous research work on relevant topics. The overview of

wheel out-of-roundness (OOR)/defects, including the mechanism of initiation and

development of wheel local defects and polygonal wear, the effects of wheel defects

on vehicle–track system dynamics, hazards imposed by wheel defects, and

countermeasures to control and minimise the defects as well as their influence, is

stated first. And then, the research efforts on vehicle–track dynamic simulation

taking into account wheel defects are reviewed including several important issues,

such as wheel tread defect simulation, wheel–rail contact model, the time-domain

and frequency-domain approaches in numerical simulation and different kinds of

vehicle and track models. Subsequently, the existing in-depot wheel roughness

measurement methods and online wheel condition monitoring systems based on

trackside WILD, accelerometers, acoustic detectors, laser, video cameras and

onboard sensing systems are discussed. Some commercially available devices, are

also introduced. Finally, the current research progress on related issues are
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summarised and the research gap in developing a reliable wheel defect detection

method for high-speed train is analysed.

Chapter 3 proposes a precise time-domain wheel–rail contact model for flat-defect

wheels in which a modelling strategy comprising three phases is chosen for

describing the motion of wheel flat. Then a parametric study is conducted to

evaluate the rail dynamic strain response subject to the excitation of a wheel with

local defect, from which specific and localised anomalies caused by the wheel local

defects can be revealed in the dynamic strain response curves of the underlying rail.

In recognition of this, a Fibre Bragg Grating (FBG) sensor array is devised for

deployment on rail tracks to detect wheel flat defects through capturing the localised

anomalies resulting from wheel flats. A wheel defect detection system comprising

two FBG strain gauge arrays, a high-speed interrogator and a computer is presented.

Chapter 4 presents a frequency-domain vehicle–track–bridge coupling model, to

analyse the wheel-rail interaction and the dynamic responses of car body, bogie

frames, wheelsets, rail, trackbed and bridge deck under the excitation of

user-defined wheel roughness spectrum based on wheel tread radius deviation

measurement samples in the frequency domain. Based on this model, a full

understanding of the effect of wheel roughness on different structural components in

vehicle–track system can be gained and a method to assess wheel polygonisation is

developed. On this basis, a new sensing paradigm with three layouts of FBG arrays
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for wheel polygonisation detection is proposed: 1) FBG rosettes installed on the rail

web; 2) vertical FBG array deployed on the rail web above the sleeper; and 3)

longitudinal FBG arrays mounted on the rail base.

Chapter 5 develops a four-step defect detection algorithm which uses the online

monitoring rail response data to identify both the potential wheel tread local defects

and polygonal wear. The algorithm is carefully designed in an attempt to reduce the

incidence of both false alarms and missed hits, and consists of: (i) strain data

pre-processing using a data smoothing technique to remove the response component

which corresponds to the response excited by ideally round wheel; (ii) diagnosis of

localised anomalies using a Bayesian learning method and an outlier analysis

technique; (iii) identification of local defects by a further analysis of the features

extracted in Step (ii); and (iv) assessment of wheel polygonisation based on the

frequency domain analysis of the normalised response data.

Chapter 6 provides validation for the defect detection methods proposed in Chapters

3, 4 and 5. Two in-situ online blind tests for wheel local defect detection and wheel

polygonisation detection are carried out using the methods developed in Chapter 5,

and the results are validated using offline wheel check measurements. In the first test,

the test train with some unknown flat-defect wheels ran at different speeds on the

instrumented track. By using the proposed algorithm to process the monitoring data,

the wheel condition is assessed and potential defects are detected. By comparing the
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online detection results with in-depot measurement results of wheel radius deviation,

the performance of the detector is evaluated. A comparison is also made for the

detection accuracy under different running speeds of the test train. In the second test,

the proposed three layouts of sensor arrays for wheel polygonisation (in Section 4.3)

were realised in the same test site. The test train, equipped with polygonal wheels

ran at low speed when passing the instrumented segment to examine the

performance of the proposed polygonisation assessment and detection method.

Chapter 7 draws conclusions of this research, including the main contributions and

plans for further improvements and future work.
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CHAPTER 2

LITERATURE REVIEW

2.1 Overview of Wheel Defects

2.1.1 Initiation and Development of Wheel Local Defects and Polygonal Wear

2.1.1.1 Main types of wheel tread defect

Various types of wheel out-of-roundness (OOR)/defects occur on railway wheel

tread in service, which influence operational safety and give rise to high

maintenance cost. These defects take on many patterns, such as flats, eccentricities,

polygons, corrugations on block-braked wheel treads, missing pieces of tread

material owing contact to fatigue cracking and other random irregularities

(Johansson and Nielsen 2003; Wu et al. 2017). Generally, they can be categorised

into two major types: local defects and periodic OOR all around the wheel, as shown

in Figure 2.1. The former can cause severe repeated wheel-rail impacts while the

latter one leads to abnormal vibrations of vehicle–track system at certain frequencies

(Nielsen 2009).
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This section reviews the studies on the mechanisms of initiation and development of

both wheel local defects and wheel polygonal wear.

Figure 2.1 Wheel local defect (left) and wheel polygonisation (right)

2.1.1.2 Initiation of wheel local defects

Wheel treads are subject to different types of damages such as wear, rolling contact

fatigue (RCF), thermal cracks, plastic deformation, and flats caused by wheel sliding

(Handa et al. 2010). These types of damage result in a change in the tread profile,

which aggravates wheel–rail contact forces vertically by the wheel OOR and

laterally by the impaired vehicle dynamics.
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It is generally believed that wheel local defects are mainly caused by poorly adjusted

or defective brakes, or incorrect braking procedures. Once the wheels of a vehicle

become locked during braking, they slide along the track. The friction initiated

during the process adhesively wears a flat spot on the wheel. The flat spot, possibly

starting as a chord of the wheel circumference, tends to get longer and rounded after

a few cycles of wheel rotation (Dukkipati and Dong 1999). The high temperatures

reached during sliding, followed by a rapid cooling into the adjacent material when

the wheel starts rolling again, leading to the formation of brittle martensite within

the steel beneath the wheel flat (Ahlström and Karlsson 1999). The thermal impact

and the phase transformations will generate large residual stresses and the residual

stress field will interact with the rolling contact stresses and will promote crack

formation and growth (Jergéus 1998). As a result, damage to the wheel tread can

occur, involving cracking and spalling, which is the loss of relatively large pieces of

metal (Jergéus 1998). Mutton et al. (1991) explain that rolling contact fatigue alone

can cause crack growth and subsequent spalling to wheels under high axle loads

(30–40 tonnes) with certain wear resistant profiles, developed for operation on

tangent track.

When it comes to the detailed mechanism of initiation and development of wheel

tread local defects, a basic understanding is that two major causes behind these

phenomena are rolling contact fatigue and thermal cracking. The combined effect of

rolling contact and increased temperature will increase the plastic deformation in the
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wheel tread as compared to the case of loadings acting separately (Vernersson et al.

2010). Considerable research efforts have been made mainly in view of rolling

contact fatigue (RCF) and thermal cracking to understand the mechanisms and the

tribological characteristics of wheel tread and rail head corrugations. However, the

mechanism of wheel defect is more difficult than that of rail defect because a wheel

runs in both directions, which means it will experience a wide range of curve radii

and traction as well as braking forces.

2.1.1.3 Studies on the development mechanism and prediction of wheel wear

Three important issues related to development mechanism and prediction of wheel

wear will be discussed: thermal cracking, prediction of wheel RCF and wheel tread

damage, and the effects of some factors on wheel defect development.

Thermal cracking

To understand the mechanism of wheel wear development, many research efforts

have been contributed to study the correlation between hot spot on wheel tread and

the resulting roughness, and to identify conditions under which thermal cracks are

initiated, because the key phenomenon in the generation of wheel OOR is the hot

spotting caused by thermomechanical integration between block and wheel tread

(Nielsen 2009). Some researchers (Vernersson 1999a, Ahlström and Karlsson 1999,

Petersson 2000, Vakkalagadda et al. 2015, Caprioli et al. 2016, Esmaeili et al. 2017)
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conduct full-scale tread braking experiments with thorough metallographic

examination to get knowledge about such correlation. Figure 2.2 shows a typical test

rig in Railway Technical Research Institute (RTRI), Japan. Kwon et al. (2015)

investigated the metallurgical transformation of the wheel tread by applying NDT

methods which can measure the hardness along the wheel tread. Others focused on

the numerical simulation to characterise the correlation. Vernersson (1999b)

established a numerical model to simulate wheel/block thermoelastic interaction. FE

models are developed (Jergéus 1998, Wallentin et al. 2005, Handa and Morimoto

2012, Kwon et al. 2015, Zwierczyk and Váradi 2014, Haidari and Hosseini-Tehrani

2014, Caprioli et al. 2016, Esmaeili et al. 2017) to calculate residual stresses

distribution along and below the wheel tread and to study the crack propagation on

wheel tread. Vernersson et al. (2010) presents a numerical study of the impact of

simultaneous thermal and mechanical loading on the railway wheel tread as imposed

by braking and rolling contact using a 3D finite-element model.
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Figure 2.2 Set-up of RTRI brake test rig (taken from Caprioli et al. 2016 and

Esmaeili et al. 2017)

Prediction of wheel RCF and wheel tread damage

The wear of railway wheels is strictly related to rolling contact fatigue (RCF)

damage phenomena, so the prediction of wheel RCF and tread damage can allow

operators to effectively define maintenance schedules for wheel re-profiling and can

also facilitate the design of vehicles and wheelsets that cause reduced wear to both

wheel and rail surfaces (Braghin et al. 2006). A fast and reliable wear prediction

model was presented by Braghin et al. (2006) in which the Derby wear index

approach developed by Pearce and Sherratt (1991) was used. It was validated by

wear tests performed on a full-scale roller rig for mounted wheelsets.
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The mathematical models to predict wheel RCF mainly include those based on

Shakedown theory and frictional energy and use wheel–rail contact forces generated

from the vehicle dynamic simulations as input (Bevan et al. 2013). Ekberg et al.

(2002) developed an engineering model to predict RCF which takes account of

surface-initiated fatigue, subsurface-initiated fatigue and fatigue initiated at deep

material defects. For modern predictive models, the main focus is fast, so that they

can be integrated with multi-body dynamic simulations of train–track interaction

(Ekberg et al. 2014). Examples of integrating railway vehicle and track coupling

dynamics with wear prediction models (e.g. Archard wear model) can be found in

Johansson and Nielsen (2007), Li et al. (2011b), Tao et al. (2017a), Luo et al. (2017),

etc. Some typical predictive models are developed using elasto-plastic finite element

method and submodelling technique (Liu et al. 2006; Liu et al. 2008; Taraf et al.

2010). The stochastic loading in real operation were considered in some of previous

research (Liu et al. 2008; Sandström 2012).

Effects of some factors on wheel defect development

Several factors such as speed, axle load, wheel–rail adhesion, wheel material, and

braking conditions affect the wheel tread damage. The damage rates can be

significantly influenced by traction and braking, friction coefficients, operating

conditions and wheel–rail profiles (Bevan et al. 2013).
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By field experiments in which wheel flats can be formed under controlled conditions

for different wheel loads, train speeds, sliding durations and coefficients of friction,

Jergeus et al. (1999) studied the relation between the development of wheel flat and

the operation conditions.

In high-speed rail operation, wheel wear rate can increase quickly due to the high

operation speed, the high-stiffness track, the wide wheel-rail impact frequency, and

intense vibrations. Vibration characteristics may vary greatly on high-speed trains

(Kouroussis et al. 2014) and the carriages and the bogies are strongly affected by

high-speed airflow (Jin 2014). The effect of wheel velocity on the fatigue life of a

wheel is obvious as the higher velocities cause the reduction of fatigue life in both

mechanical and thermo-mechanical cases (Haidari and Hosseini-Tehrani 2014). It is

worth mentioning that ballastless track structure which offers high stiffness,

accounts for up to 70% HSR worldwide. Increasing track stiffness can lead to higher

force at certain frequecies due to the track irregularities (Nielsen 2009).

The effect of other related factors, such as curving speed, the curved track

super-elevation, the rail cant, short-pitch rail corrugation and stiffness and damping

of fasteners on wheel wear were studied by Jin et al. (2009), Ekberg et al. (2007),

Chen et al. (2016), whereas the role of material imperfections and anisotropy in

development of wheel local defects was investigated by Ekberg (2000), Ekberg and

Marais (2000), Ekberg and Sotkovszki (2001), etc.
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2.1.1.4 Investigations and studies on generation of wheel polygonal wear

The polygonal phenomenon of railway vehicle wheels can also be called wheel

harmonic wear, wheel periodic OOR, or wheel polygonisation (Jin et al. 2012). This

problem can be found on metro trains, locomotives and high-speed trains. The

mechanism of this phenomenon has not yet been explained perfectly, and has

become one of the most difficult problems of vehicle–track system dynamics to be

solved (Li et al. 2011a; Jin et al. 2012).

The polygonal wear includes eccentric, elliptic, the nth order polygonisation, and so

forth (Wu et al. 2017). Polygonal wheels take on the shapes indicated in Figure 2.3

(Wu et al. 2017).

Figure 2.3 Definition of wheel polygons described in polar coordinates: (a) the 1st

order (eccentricity); (b) the 6th order; (c) the 23rd order (Wu et al. 2017)

The studies of wheel polygonisation stated some three decades ago when some of

polygonal wheels were detected on metro trains (Netherland and Sweden) and
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high-speed trains (ICE, Germany) in Europe. Wheel polygonisation with one, three

and four harmonics around circumference have been found on disc-braked wheels in

ICE, in which the third harmonic dominated for solid steel wheels while the second

harmonic was common for rubber sprung wheels (Nielsen 2009). An early survey in

Netherland Railway (NS) was carried out by Kaper (1988) who proposed the

concept “Polygonisation” and found that it can excite unpleasant noise at

frequencies between 60 and 2000 Hz. A thorough investigation into this

phenomenon was carried out by Johansson and Andersson (2005) who analysed a set

of measurement data of peaks and troughs on wheel tread of Stockholm subway

trains. The investigation found that the maximum peak-to-peak deviation in wheel

radius was 1.2 mm and that the dominating wavelength was 0.8 m, which is close to

three wavelengths around the circumference of the wheel. Tao et al. (2017)

investigated the polygonisation phenomenon on electric locomotive in China and

revealed that the main centre wavelength in the 1/3 octave bands is 200 mm and/or

160 mm which has the considerable effect on vehicle vibration as suggested by axle

box vertical vibration.

Similar to the wheel local defect problem, the reason behind wheel polygonisation

has been studied by a number of researchers, who pointed out that the potential

factors that may have effects on polygonisation development are effects of tread

braking, stiffness of axle, wheel material, etc.
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In the study carried out by Brommundt (1997), a simple wheel-rail interaction model

was established to investigate the development of wheel polygonal wear. The

numerical result indicates that the interaction of wheel out of roundness excitation

and moment of inertia wheel increases the development of the wear.

Meywerk (1999) proposed a coupling dynamics model for elastic wheelset and

elastic track to numerically simulate the formation of polygonal wear on the wheel

tread. The numerical results showed that the greater was the polygon phase

difference of the left and right wheels, the faster was the development of polygonal

wear. Furthermore, the first and second bending modes of the wheelset play an

important role in the initiation and development of the polygonisation.

Meinke and Meinke (1999) reproduced the initiation and development of wheel

polygonal wear and stated that root cause is dynamic imbalance of the high-speed

wheelset. The imbalance causes wear due to the short term dynamic behaviour,

which creates creepage and polygonalisation of the wheel surface in the “long term”

behaviour. Even a new pair of wheels on an axle with four discs will become

polygonal, due to the dynamic forces and the radius deviation can be as large as +

0.3 mm (Meinke and Meinke 1999).

Johansson and Andersson (2005) presented simulation on wheel polygonisation and

predicted the development of polygonal wear using Archard wear model based on
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the observation in Stockholm subway train wheels. An interesting finding is that the

third order polygonisation arises from the fixation procedure during machining of

the wheelsets, where the wheelsets were clamped at three equidistant positions on

the inside of the wheel rim.

Ma et al. (2010) studied the cause of out-of-round wheel and the abnormal vertical

dynamic performance of the subway vehicle, and stated that the additional stiffness

of the traction bar in braking condition or running on curve track can be one of the

root causes.

Jin et al. (2012) carried out extensive measurements of the wheel roundness and

conducted investigation into the mechanism of the polygonal wear of metro train

wheels. It was revealed by the dynamic tests and numerical analysis that the

polygonal wear attributed to the first bending resonance of the wheelset.

A tracking observation on wheel roughness conducted by Cui et al. (2013), showed

that the development of polygonisation at initial stage is slow and the root cause of

high-order polygonal wear is the nonuniform material hardening on the wheel

circumference, generated by the wheel-rail impact at high frequencies.

The generation of polygonal wheel of metro trains is found by Ma et al. (2016) to be

related to the dominant frequency of wheel–rail dynamics and running speed.
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However, the polygonisation phenomena presented by most of previous studies are

those with one to five wavelengths around the wheel circumference. The research on

high-order polygonisation (15–25 orders) had not been carried out until recent years,

when new problems and challenges in HSR operation were raised. For high-speed

trains, there is an increasing demand for relative studies on this problem because it is

reported that high-order (15–25 orders) polygonisation with very small radial

deviation (< 0.05 mm, or < 20 dB re 1 μm) can cause abnormal vibration and even

failures to the bogie components.

The high-order polygonisation phenomena on high-speed trains are easy to be

associated with rail corrugation, because both have a dominant wavelength and are

assumed to be the counterpart to each other (Enblom 2009). However, a recent study

presented by Wu et al. (2017) stated that although the irregularities of the track can

increase the growth rate of the wheel high-order polygonal wear, they are not the

root causes of polygonal wear initiation. In fact, a detailed investigation into OOR

phenomena of subway vehicle carried out by Ma et al. (2010), has showed that the

wheel wear of the newly introduced subway vehicle was not serious, which proved

obviously that track quality does not cause big problem. The micro-mechanism of

polygonisation formation was studied by Pan et al. (2017) through experiments and

observations. The results show that non-uniform force on the contact surface, arising

from radial vibration from the shaft, led to uneven plastic deformation of the

outermost layer and wave crests and troughs then formed on the wheel tread.
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To sum up, the mechanism of polygonal wear of wheels of a high-speed train can be

attributed to the excited resonance of the train-track coupling system in operation.

Other effects that influence the polygonisation include rail welding, normal

irregularities of the track, initial rail corrugation caused by initial grinding of new

rails, and initial defects caused by wheel processing.

2.1.2 Hazards Imposed byWheel Defects

2.1.2.1 An overview

Wheel OOR/defects can cause abnormal vibration and have the potential to impose

damage to both track and vehicle components such as sleepers, rails, wheelsets and

bearings, increase the likelihood of derailment and deteriorate operational safety and

comfort owing to high vibration amplitudes (Nielsen and Johansson, 2000;

Johansson and Nielsen 2003; Zhang et al. 2014a; Zhang et al. 2015). Furthermore,

while a wheel may continue to operate if it carries a small flat or polygonal shape, it

is subjected to a cyclic impact load every time it rotates (Barke and Chiu, 2005). The

roundness of the wheel can thus change quickly, and the train cannot keep a good

ride quality for a long period (Jin 2014).

Some of the failures found on wheelsets, bogie components, rails and track

structures, as detailed in Table 2.1, might reduce the service life of the key

components on vehicle–track system (Barke and Chiu 2005).
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Table 2.1 Main consequences of wheel defects

Category Description

Rail infrastructure

Rail fatigue

Rail joint deterioration

Sleeper degradation and failure

Ballast and subgrade failure

Vehicle components

Service life reduction of wheel

Service life reduction of bearing

Degradation of passenger ride comfort

Others
Noise generation both inside and outside the train

Fuel consumption

2.1.2.2 Vehicle vibration

The dynamic force from a wheel defect is detrimental to wheel/axle/bearing

assemblies and the service lives of these components can be reduced. First of all,

wheel defect intuitively shortens the service life of wheel itself, as it can result in

cracks at surface or brittle martensitic layer at tread. Leaving the defective wheel in

service or not adequately reprofiling the defective wheel may lead to further damage

to the wheel, as the stresses caused by abnormal wheel–rail interaction may be

sufficient to initiate fatigue cracks and the existing crack may propagate and new

cracks may develop by the action of the rolling contact stresses (Jergeus et al. 1999,

Dukkipati and Dong 1999). For high-speed trains, the high magnitude impact loads



27

generated by a defective wheel can excite various vibration modes for the wheelsets,

and thereby contribute to abnormal increases in the stress states of wheel axle in

high-speed conditions (Wu and Chi 2016).

It is found by previous research that the load history of axle bearing, and bogie

frame may fluctuate due to the influence of wheel roughness (Barke and Chiu 2005)

and lead to fatigue cracks (Fu et al. 2015). Moreover, the ride comfort can be

compromised by changes of the tread profile (Ma et al. 2010; Ikeuchi 2016).

2.1.2.3 Track and ground vibration

Out-of-round wheels generate impact forces at the wheel–rail interface, which can

be transferred to track components including rail and rail joints, prestressed concrete

sleepers, ballast or track slab and finally to subgrade/bridge/tunnel structures.

It is also important to include ground vibrations affected by vehicle simulations as

part of the problem since the low-frequency vibrations is considered by international

standards (ISO 2631-2 2003) as having the most critical effect on buildings and

human exposure (Kouroussis et al. 2014). A detailed analysis for the influence of

wheel OOR on ground vibration was conducted by Nelain et al. (2013) and results

show that differences of up to 20 dB in vibration level is found between good and

bad wheels.
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2.1.2.4 Noise problem

Wheel tread defects also result in an increase in the noise generated by the

interaction between wheel and rail (Wu and Thompson 2002, Verheijen 2006). It can

cause abnormal noise both inside and outside the train which can be annoying for

both passengers on the train and residents along the rail line. It is found that the

increased roughness level on 50–70 mm wavelength leads to up to 10 dB higher

noise level (Nielsen 2009). Dings and Dittrich (1996) measured the surface

roughness on 150 railway wheels and on the rails of 30 sites in the Netherlands, as

an attempt to survey the range of typical roughness appearing on in-service wheels

and provide an insight into the absolute roughness levels and their contribution to

radiated rolling noise. It is suggested that the most efficient way to decrease the

rolling noise levels should be eliminating or minimising the wheel and rail

corrugation (Petersson 2000).

2.1.2.5 Influence of Polygonal wear

Polygonal wheels cause fierce vibrations of the vehicle–track system in operation, as

well as severe damages to both track and vehicle components, such as sleepers,

fastening systems, rails, wheelsets and bearings (Jin et al. 2012). It is revealed by Li

et al. (2011a) that the wheel-rail impact normal force increases with the deepening

of the wheel polygonal wear, and the amplitude of the normal force fluctuation

depends mainly on the wavelength and depth of the wheel polygonal wear on the

wheel running surface. Cui et al. (2013) found that the high-order polygonal wear of
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the wheels has a great influence on the vertical dynamic performances of the

wheels/rails. The local geometry defects with long wavelengths on a wheel tread

often lead to the large impact loads and acceleration and friction power of the wheel.

Besides, a larger friction power generates on the circumference with littler radius of

a radial runout wheel, which can increase the development of the OOR.

For high-speed trains, the problems arising from wheel high-order polygonal wear

become the main challenges to maintain safety operation (Jin 2014). Even small

wheel radius deviations within the manufacturing/maintenance tolerance cause

considerable variations of the normal forces between wheel and rail on modern

HSRs (Morys et al. 1999). Numerical simulation (Wu and Chi 2016) shows that the

stress load cycles induced by wheel polygonisation can considerably increase the

propagations of the initial crack in the wheel axle.

The noise problems also exist in presence of wheel polygonisation. Zhang et al.

(2014a, 2015) presented a detailed investigation by field tests into the relationships

between wheel polygonal wear and wheel/rail noise, and the interior noise of

high-speed trains. It is found that before and after re-profiling with polygonal wear,

the acceleration level differences of the axle box, the bogie frame, and the car body

reach almost 16–19 dB.
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2.1.3 Countermeasures

2.1.3.1 Countermeasures besides wheel maintenance

Previously, a change to brake blocks seems can be the best solution to combat wheel

defects and the resulting noise radiation problems (Kaper 1988, Nielsen 2009)

because the traditional cast iron blocks can produce higher tread roughness,

compared to the composition blocks (Dings and Dittrich 1996; Petersson 2000). As

suggested by Dings and Dittrich (1996) and Dings (2001), the smoothest wheels are

those with sinter block Brakes, giving the lowest roughness level (as shown in

Figure 2.4), while the purely disc braked trains produce even lower noise levels.

Figure 2.4 Wheel roughness spectra for different brake types (Dings 2001)
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Besides conventional maintenance, other countermeasures include: frequently

changing the running speed of trains to reduce the growth of polygonal wear (Wu et

al. 2017); improving the metallurgical design of wheel by employing improved

material composition to enhance the fatigue resistance of the wheel (Ekberg and

Sotkovszki 2001), conducting wheel flange lubrication to control friction at the

wheel–rail interface (Fröhling 2007); adjusting the sleeper support stiffness (Chen et

al. 2011).

As an attempt to restrict the damage due to wheel tread defects, most railway

administrations have placed limits on the size of the flats and shells that may stay in

service (Dukkipati and Dong 1999). A good example is the current Swedish criterion

for determining if a railway wheel should be replaced or not, which is based on the

length of supposed wheel flat (Johansson and Nielsen 2003). If a wheel by visual

inspection is observed to have a flat with a length of 40–60mm, or if a measured

wheel–rail impact force goes beyond 290 kN, then the train must go to nearest

workshop for repair or replacement of the damaged wheel (Johansson and Nielsen

2003).

2.1.3.2 Wheel re-profiling

Many modern depots are equipped with a wheel re-profiling facility known as a

wheel lathe, which is the most common strategy to control the development of wheel

defects. Normally, the wheelsets are not necessary to be disassembled during
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re-profiling. It is worth mentioning that removing the wheels requires the train to be

lifted and this is an expensive and time-consuming business. To avoid this, the

underfloor wheel lathe or "ground" wheel lathe is developed, as shown in Figure 2.5.

The effect of wheel re-profiling is obvious and the most common strategy to control

the development of wheel roughness is a shortening of the interval between wheel

re-profilings (Nielsen 2009). Previous studies (Li et al. 2011a; Wu et al. 2017)

showed that the wheel re-profiling can efficiently remove the polygonal wear on the

wheel tread. After re-profiling the fluctuation of the normal forces mitigates greatly.

An in-situ test on the in-service train (Zhang et al. 2015) revealed that the vibration

acceleration levels of the bogie can be reduced by 10~20 dB after the wheel

re-profiling and the sound loudness inside the coach can be reduced by 3–19 dB

soon after the wheel re-profiling.
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Figure 2.5 Wheel re-profiling by underfloor wheel lathe

2.1.3.3 Problems of current countermeasures

Almost all the countermeasures, however, can lead to notably high maintenance

costs especially for wheel re-profiling (Ekberg 2000). Moreover, the effect of the

existing countermeasures has received many criticisms:

 Changing the brake block may not work because with the new blocks, the wheel

defects can still develop (Kaper 1988).
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 It is found by some research that some non-condemnable wheel tread defects

(according to the limits stipulated by a certain rule, e.g. the AAR Interchange

Rule 41) may cause higher impact loads than some of the condemnable wheel

tread defects. Often the wheels with long wavelength runout profiles do not

exceed the condemning limits but they may also result in large peak wheel–rail

contact forces (Dukkipati and Dong 1999).

 The wheel out-of-round problem could not be solved by wheel re-profiling

wheels as it was revealed that polishing track and re-profiling wheel only

brought short-term effect. Soon after, wheel out-of-round phenomenon arose

again (Ma et al. 2010).

 Wheel re-profiling may run counter to operator’s design and even cause

eccentricity and third order polygonisation (Johansson and Andersson 2005, Wu

et al. 2015).

Besides these drawbacks, there is a more complicated problem: the wheel

re-profiling always follows a time or mileage-base schedule, and the interval is often

based on earlier experience or on the supplier’s specification. But because

re-profiling can decrease the wheel diameter and thereby shorten the service lives of

the healthy wheels which are scheduled to be re-profiled.
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To overcome this problem, some improved maintenance regulations are adopted

such as the maintenance regulation of China’s high-speed trains which has a

criterion of high-speed wheel re-profiling based on wheel diameter difference due to

uneven wear (Zhang et al. 2014a). However, it requires frequent wheel roughness

measurement. Besides, it does not consider the wheel polygonal wear characteristics

because the current limit is higher than the radius deviation of the wheel with

polygonal wear which have only small radius deviation value but can generate

abnormal vibration. These polygonal worn wheels can thereby avoid re-profiling

according to the present criterion.

Therefore, there is a large economic incentive for detecting and replacing

out-of-round wheels in time, to reduce costs for repair and maintenance of wheelsets

and efficiently preventing the hazards imposed by wheel defects.
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2.2 Simulation of vehicle–track system response due to wheel defects

A great part of the progress in the knowledge of problems related with Railway

Dynamics involves an improvement in the employed simulation methods (Alonso

and Giménez 2008). A variety of methods have been proposed over the past decades

to calculate the dynamic response of railway vehicle and rail track structure affected

by wheel defects. However, the calculation models should be carefully selected and

developed, as the calculated dynamic responses can vary significantly with the used

models.

2.2.1 Wheel–Rail Interaction Modelling Considering Wheel OOR

2.2.1.1 The geometric models of wheel flat and polygonisation

The wheel–rail contact model considering wheel flat-defect is crucial to obtain

accurate dynamic response features (Jin 2014). The widely used model of fresh

(newly formed) wheel flat can be expressed by a piecewise function (Newton and

Clark 1979, Baeza et al. 2008):
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where R is the radius of wheel, d is the depth of fresh flat, L0 is the initial flat length,

and ξ is the coordinate according to the direction of the rail that defines the position

of the point of the wheel under consideration.

The vertex of the fresh flat is a single point at which the contact traction present are

so high that it causes the material to yield so that the initial geometry rapidly

becomes rounded and the function of rounded flat is (Baeza et al. 2008):
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where L is the length of the rounded flat. The geometry of both types of flat with the

same depth can be seen in Figure 2.6a. On this basis, Pieringer et al. (2014) plotted

3D geometry of both wheel flat shape on a section of the cylindrical wheel surface,

as shown in Figure 2.6b and 2.6c.
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a) 2D wheel flat (Baeza et al. 2008)

b) 3D fresh flat (Pieringer et al. (2014) c) 3D rounded flat (Pieringer et al. (2014)

Figure 2.6 Geometry of fresh and rounded flats (2D and 3D)

For wheel polygonisation, it is a special case of wheel tread roughness. Specifically,

wheel polygonisation is wheel roughness with few dominant wavelengths.

Compared to wheel flats or local defects, it is always discussed in frequency domain

through Fourier analysis of the measured radius deviation data. The polygon order θ

is defined by
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 R2

 (2.3)

where λ is the dominant wavelength corresponding to θth -order polygonisation. To

investigate the effects of wheel polygonisation of different orders on wheel–rail

contact and vehicle–track system dynamics, the expression prescribing wheel radius

deviation is required, and it is defined as (Nielsen 2009):
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where i is the order of wheel polygonisation, Ai is the amplitude taken from the

roughness spectrum, ϕi is the phase angle and x is the coordinate on circumferential

direction.

2.2.1.2 Wheel–rail normal contact problems: Hertzian theory

The reliability of the dynamic railway simulations is completely conditional upon

the precision with which the wheel–rail contact problem is solved (Alonso and

Giménez 2008). Because the commonly used wheel defect detection methods only

focus on the vertical wheel–rail interaction force, this research will focus on normal

contact problems, though the tangential contact problem always attracts more

attentions as it relates to the initiation of wheel wear and RCF. The tangential

contact may also have some effects on normal contact, but it is reasonable as the

normal contact is independent of the tangential contact if the contact bodies are
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composed of the same elastic material, such as wheel and rail (steel) (Li et al. 2011a).

For studies on tangential contact problem, one can refer to some state-of-the-art

studies, such as Carter (1926), Kalker (1967, 1982), Knothe et al. (2001), Jin (2014),

Vollebregt (2014), Morys (1999), Braghin et al. (2006), Ayasse and Chollet (2005)

for more information, including the use of the theories of Carter, Vermeulen and

Johnson, Kalker, Semi-Hertzian, etc. in wheel–rail interaction analysis.

Among the existing algorithms for solving the normal problem the Hertz method is

the most widely used in railway dynamic simulations as it combines very low

computational costs with an acceptable accuracy in a wide range of conditions

(Alonso and Giménez 2005). The Hertzian nonlinear elastic contact model which

provides the solution of the normal contact problem in the case of a cylinder rolling

over a flat surface, is the most frequently used model in describing the wheel–rail

interaction. The model considers only normal elastic force and inertia force by wheel

deformation geometry. Hertzian spring is non-linear and proportional to the elastic

contact deflection to the power 3/2, assuming loss of contact does not occur (Wu and

Thompson 2002). As defined by the non-linear Hertz’s contact stress law, the

non-linear relationship between the imposed load N and the material deformation d

is (Kouroussis et al. 2014)

23dKN H (2.5)
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where the coefficient KH depends on the radii of arch between the wheel and the rail,

and the elasticity of material for both bodies. The non-linear contact stiffness is

determined by assuming three-dimensional contact mechanics according to Hertz.

For example, if taking the curve radii 0.45 m and ∞ for the wheel, and ∞ and 0.30 m

for the rail, the Hertzian contact stiffness coefficient will be equal to 9:17×1010

N/m3/2 (Nielsen and Oscarsson 2004).

One of the advantages of Hertzian method is that the solution can be expressed by

means of elliptical integrals whereby the computational cost required to solve the

normal problem is very low (Alonso and Giménez 2008).

A linearised model is often necessary for frequency domain analyses, by considering

small variations Δd around the nominal value d0 (Figure 2.7).
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Figure 2.7 Wheel/rail contact: Hertz’s theory and linearisation (Kouroussis et al.

2014)

2.2.1.3 Limitations of Hertzian theory and improvements

The initial fundamental hypotheses of the Hertzian contact model include the

geometric requirement by which the non-deformed surfaces of the bodies in contact

should be elliptic paraboloids.

Some assumptions using Hertzian method include (Alonso and Giménez 2005):

 consideration that the bodies in contact have perfectly smooth surfaces;

 size of the contact area is significantly small with respect to surface curvature

radii;

 Contact between the surfaces must be frictionless so that only normal forces are

transmitted, or the normal and tangential problems must be independent of each

other;

 The undeformed distance between the bodies in the proximity of the contact

area can be represented by a quadratic function.

Discussions on the whether and how these requirements can be satisfied in realistic

problems have never ceased. It is generally believed that Hertzian theory cannot be
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used to characterise wheel–rail interaction in presence of wheel flat. Detailed

analysis of this problem has been carried out by Nielsen (1999), Enblom and Berg

(2008) and Baeza et al. (2006). Nielsen (1999) pointed out that the theory of Hertz is

based on a second order Taylor expansion of the bodies and the second order

approximation is too primitive to describe a corrugated surface where the size of the

characteristic wave length is small compared to the length of the contact patch,

while Enblom and Berg (2008) stated the geometric conditions of constant curvature

and infinite half-space based on Hertz’s assumption may be violated at certain

locations, such as wheel wear. Baeza et al. (2006) revealed that the peak value of the

force transmitted as calculated by the non-Hertzian model is significantly lower in

most of the cases studied. In the simulations performed, a deviation can be observed

from the results of the Hertzian model that can exceed 30% of the real peak value.

2.2.1.4 Novel contact models

To overcome the limitations of the Hertzian contact model, some improvements

have been proposed by Alonso and Giménez (2005, 2006), Piotrowski and Kik

(2008), Quost et al. (2006), Li et al. (2017b) etc, mainly including the semi-Hertzian

models and FEM. To explore the wheel–rail contact in the presence of wheel wear,

NDT technique (Rovira et al. 2011) and roller rig test (Meymand 2016) has been

used to investigate the contact pressure distribution.
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Baeza et al. (2006) summarised the process for using non-conformal non-Hertzian

normal contact based on Kalker’s theory in vehicle–track dynamic modelling. In

their study, the relationship between force and displacement for each position of the

flat regarding the contact can be fitted by a function type:

a
c KdF  (2.6)

where K and a are parameters determined for a set of positions of the wheel in

relation to the flat, calculated by least square fitting. When the round part of the

wheel impacts on the rail, parameter a has the value of 1.5, which coincides with the

solution given by the Hertzian contact model.

When choosing a method to solve contact between bodies, the computational time is

of high importance (Johansson and Andersson 2005). However, a major challenge

for adopting non-Hertzian contact in vehicle–track coupling models is the

computational efficiency which is limited by the process of determine the contact

area. In contrast to their good precision, non-Hertzian contact models can be much

more time consuming and demand high computational resources, whereby it cannot

be applied to vehicle–track dynamic simulations (Quost et al. 2006, Alonso and

Giménez 2008). To solve this problem, some simplified formulations for

determination of contact points have been proposed by Remington and Webb (1996),
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Shabana et al. (2004, 2005), Alonso and Giménez (2005), Piotrowski and Chollet

(2005), Pombo et al. (2007), Piotrowski and Kik (2008), etc.

2.2.2 Numerical Models to Analyse Vehicle–Track Dynamics due to Wheel

Defects

2.2.2.1 Time and frequency domain simulation

As discussed earlier, the impact and vibration caused by wheel defects/OOR, are

associated with a vehicle–track coupled dynamic phenomenon. The dynamic

simulation to study the effects of wheel OOR can be conducted either in time

domain or frequency domain. Each of the two modelling approaches offers both

advantages and drawbacks when compared to the other (Nielsen 2009). The

frequency-domain models are linear, generally with higher computational efficiency,

whereas the time domain approach, generally has some inclusion of non-linear

behaviour, particularly the wheel-rail contact (Grassie 1996) and some non-linear

suspension features such as bumpstop impacts and friction damping (Evans and

Berg 2009).

Frequency-domain models: they offer shorter computing times compared to the

time-domain models, especially when the frequencies of excitation are high,

frequency domain excitation may be the most appropriate solution (Wu and

Thompson 2002). However, when the system dynamics is studied in the frequency
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domain, all the included models must be linear and the linearisation of wheel-rail

contact can be a big challenge.

Time-domain models: Time domain solution of the equation system allows spring

and damping elements to remain nonlinear. This is important in some cases,

including most contact conditions with corrugations which are highly nonlinear

(Baeza et al. 2011), and the deterioration analysis of the track which depends on the

local situation and on a correct treatment of the nonlinear contact mechanics (Ripke

and Knothe 1995). The drawback is the computation cost, especially in the cases that

require the size of the time step must be small enough to capture the frequencies of

interest (Barke and Chiu 2005). There are also some research efforts made to

overcome this problem, like Nielsen et al. (2005), which make use of

Craig-Bampton method (1968) to reduce the computational time with a limited loss

of accuracy.

Nielsen et al. (2015) made use of a combination of time- and frequency-domain

model to investigate the influence of discrete wheel/rail irregularities on ground

vibration. In their research, time-domain model is responsible for the calculation of

wheel-rail force, while frequency-domain model is used to predict ground vibration.

Examples of computer programs for vehicle–track system dynamic simulation in

frequency domain in combination with the moving roughness model are TWINS and
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TRACK, whereas DIFF, VIA and VICT are computer programs of time-domain

models (Nielsen 2009).

As for simulations to study the effects of wheel defects, the prediction of impact

forces caused by wheel flats requires the application of time-domain models

(Pieringer and Kropp 2008), whereas the investigation of wheel roughness at certain

frequency ranges (e.g. wheel polygonisation with few dominant wavelengths) can be

done by a frequency-domain model.

2.2.2.2 Simplified wheel–rail coupling model

Simplified wheel-rail coupling model is always used in time-domain approach in

which the computation cost need to be reduced. Wu and Thompson (2002) stated

that the vehicle system above the primary suspension can be simplified to a static

load. This is because the vibration frequency of interest here is within the

audio-frequency range, whilst the natural frequency of the vehicle suspension

system is only a few Hertz, and thus the low-frequency vibration of the vehicle body

and bogie is effectively isolated from the high-frequency vibration of the wheel and

track.

Therefore, it is frequent to consider only the unsprung masses of the vehicle, only

the vertical dynamics and lateral symmetry (left–right) is assumed in numerical

simulation. This is the simplest wheel-rail coupling model, called as
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mass-spring-beam approach (Zhao et al. 2011), in which rails are represented by

different beam elements (Bernoulli beam, Timoshenko beam, etc.). In this approach,

wheels are approximated as rigid masses and connected to flexible rail beams

through simplified contact springs when the dynamic vehicle–track interaction has

to be treated (Zhao et al. 2011).

The simplified wheel-rail interaction models are widely used in studying the effects

of wheel local defect because: 1) the primary suspension filters the high frequency

vibration originated in the wheel–rail contact; 2) there generally exists a weak

coupling of the lateral and vertical dynamics; 3) lateral symmetry (left–right) is

assumed and established with respect to the track axis, since the wheel defects often

appear symmetrically on both wheels (Baeza et al. 2006).

However, the simplest model cannot describe the dynamics of bogie, car body,

sleeper or track slab and subgrade/bridge/tunnel due to wheel defect. Yet these

structure components do have considerable effects on wheel and rail dynamics. It is

found that the track flexibility influences the frequency content of the wheel–rail

forces significantly (Chaar and Berg 2006).

In recognition of this, there are some improvement based on mass-spring-beam

approach. To consider more on vehicle components or more on track structure,

based on different research demands.
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A basic improvement in vehicle modelling is to take the effects of primary

suspension into consideration. It is regarded as the ‘a quarter vehicle’ model (Zhai et

al. 2001, Nielsen et al. 2005). The back half of the vehicle is assumed to be

sufficiently distant from the front that it does not need to be included, based on the

extent of motion of the vehicle body (Barke and Chiu 2005).

For track modelling, multi-layer mass or beam model can be used to characterise the

rail and sleeper, or further to the ballast or track slab and elastic foundation. An

example can be seen in Figure 2.9.

Figure 2.8 A theoretical model

of a quarter vehicle (Zhai et al.

2001)

Figure 2.9 A two-layer track model (Wu and

Thompson 2002)

2.2.2.3 Track and vehicle modelling

Many models make improvement for both vehicle and track based on

mass-spring-beam approach. A typical model is composed of: 1) the vehicle,
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consisting of two or three masses representing the car body (if only two masses

considered, its load is used), bogie and wheel, plus primary and secondary

suspensions, 2) a non-linear Hertzian contact spring between the wheel and the rail,

and 3) the track, consisting of an infinite rail supported by discrete masses (sleeper)

which are also discretely supported by foundation. Different types of dynamic

models used in wheel defect dynamic analysis will be summarised in Subsection

2.2.3.

It is reasonable to divide the entire system into two subsystems: vehicle and track,

because the gross motion of a train and a track is dominated by motion in different

frequency ranges: low frequencies for the vehicle, 0–100 Hz, while frequencies up

to 1500 Hz can be interesting for the track structure dynamics (Andersson and

Abrahamsson 2002). Track structure should be modelled carefully based on the

desired frequency range of the analysis. In some models, the lateral dynamics can be

considered, such as Zhu et al. (2007).

Figure 2.10 Schematic of the two-layer 3D track system (Zhu et al. 2007)
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To analyse the vehicle dynamic responses at mid- and high-frequencies, the vehicle

structural flexibility should be considered in the modelling. For vehicle modelling, a

lot of models have been developed in previous studies on vehicle dynamics. The

vehicle modelling mainly depends on the rigid multi-body system dynamics theory,

where the components of the vehicle are treated to be rigid bodies, and they are

connected with springs and damping elements (Jin 2014). Some typical lumped

vehicle models contain 5 DOFs, 6 DOFs (Figure 2.11), 10 DOFs, 27 DOFs, etc.,

determined by the need of dynamic analysis. In the model developed by Li et al.

(2013), the vehicle is modelled as a multi-body system with 35 DOFs.

Figure 2.11 Six-DOF roll-plane vehicle model (Zhu et al. 2007)

The simulation can be easily conducted based on several commercial codes

available for the low-frequency domain, such as GENSYS, NUCARS, ADAMS

SIMPACK, and VAMPIRE. However, these commercial codes are generally used to

analyse railway vehicle dynamics responses at frequencies below 20 Hz, where the
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influence of rigid motions of the vehicle on wheel–rail contact forces is dominant

(Nielsen et al. 2005).

Another important issue to be discussed is the rotation effect of wheel. In Baeza et

al.’s (2008) paper, it has also been reported that under certain conditions, the rotation

of the wheel may also play an important role in the high-frequency vehicle–track

dynamics. The calculations allow us to compare rigid, non-rotating flexible, and

rotating flexible wheelset approaches. It is revealed by the wheel flat calculations

that the rigid wheelset model overestimates the peak wheel–rail contact force. A

more general method, which considers the rotation about the two end points of the

wheel flat and calculates the vertical impact force derived from the corresponding

momentum in line with gravity centre height change, has been proposed by

Steenbergen (2007, 2008).

2.2.2.4 Wheel–rail interaction and wheel defect modelling by FEM

One of the advantages of FEM in wheel defect analysis is that it can simulate

flexibility of wheel and rail more realistically than multi-body-system

(MBS)-programs which neglect the elasticity of the wheel and are valid only for low

frequency analysis (Ripke and Knothe 1995). Furthermore, the FEM can represent

the actual geometrical and kinematic characteristics of the wheel–rail system when

characterising the contact problems (Jing and Han 2017).
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The wheelset modes and corresponding natural frequencies were obtained through

the modal analysis of the finite element (FE) model by using commercial software,

and they were input into the simulation by means of the commercial codes

(SIMPACK, NEWEUL) (Meinders and Meinker 2003) or some non-commercial

multibody dynamic system codes.

Dong et al. (1994) studied wheel-rail impact due to wheel flats using an FE track

model, in which the loss of contact between the rail and rail pads and between the

sleepers and ballast was taken into account, although the pads and ballast were

assumed to be linear. Wu and Thompson (2004) studied the wheel-track impacts

using a non-linear track model in which the rail is represented by a finite element

(FE) model and supported by a non-linear track foundation and interacts with the

wheel through a non-linear Hertzian contact spring. A relative displacement

excitation model is used to calculate wheel-track impact.

Relying on current computing technique, it is feasible to use commercial codes to

simulate wheelset and rail track where the actual geometrical sizes of the wheel, the

rail and the vehicle’s unsprung mass, and the parameters of the track characteristics

can be considered. Liu et al. (2006) established a FE model to describe wheel–rail

contact in which the wheel and rail were simulated using SOLID45 element and area

contact elements (CONTACT 174 and TARGET 170 in ANSYS) are used

corresponding to the geometry mesh of the wheel. However, since the aim of that
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study is to obtain the wheel–rail contact force for the prediction of RCF, the wheel

wear was not considered in contact behaviour. Zhao et al. (2011) evaluated the

wheel–rail interaction at singular rail surface defects using a validated

three-dimensional (3D) transient finite element model. The 3D FE model has been

validated in the normal and the tangential contact solutions against Hertz theory and

Kalker’s CONTACT. In this model, the wheel set, the rail, and the sleepers are all

meshed using 3D solid elements to include all the important eigen characteristics of

the vehicle–track system and the transient wheel–rail rolling contact is solved using

a surface-to-surface contact algorithm in the time domain, as shown in Figure 2.14.

The surface-to-surface contact is also used by Bian et al. (2013) and Han et al.

(2017). However, the model calculation speed is very slow, and cannot meet the

requirements of high-speed and efficient numerical simulation raised by parametric

studies (Wu et al. 2014).

Figure 2.12 Wheel-rail contact

modelling by FE (Liu et al. 2006)
Figure 2.13 Wheel flat modelling by

surface-to-surface contact (Han et al.
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2017)

Figure 2.14 The representation of the 3D vehicle–track FE model (taken from Zhao

et al. 2011)

2.2.3 Summary

A lot of research efforts have been made to characterise the effects of wheel OOR on

different components in vehicle–track system and to facilitate the prediction of

wheel wear and RCF. There are various combinations of contact models, vehicle

models and track models in these proposed modelling approaches. This thesis cannot

discuss every study in detail and here a summary of these studies is given, including

the models of wheel-rail contact, vehicle and track structure they used, as listed in

Table 2.2.
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Table 2.2 A summary of research efforts on numerical simulations to study the

effects of wheel defects

Author(s)
and year

Defect
type Aim/remarks Contact

model
Vehicle
model Track model

Zhai and
Sun
(1994)

wheel
flat

Investigate the vertical
interactions between railway
vehicles and tracks

Hertzian
nonlinear
contact

A multi-body
system with 10
DOFs

Infinite Euler
beam supported
on a discrete
continuous
foundation

Baeza et
al. (2008)

wheel
flat

modelling the kinematics
associated with the elastic
wheelset for high-frequency
analysis

-

wheelset
(FE-3D solid
to obtain the
mode shape)

rail and sleeper

Baeza et
al. (2006)

wheel
flat

compare Hertzian and
non-Hertzian contact

Hertzian
nonlinear
contact;
Kalker's
non-conf
ormal
normal
contact

- rail and sleeper

Ripke and
Knothe
(1995)

wheel
flat

To outline the numerical
algorithm of the used time
domain model and to
demonstrate its capabilities
for nonlinear contact
mechanics; high frequency
vehicle–track interaction
etc.

Hertzian
nonlinear
contact

A rigid
carbody with
two rigid
bogies and
four elastic
wheelsets
(FEM to obtain
the mode
shape)

rail, sleeper,
ballast

Johansson
and
Andersson
(2005)

wheel
polygon
isation

Develop a tool for
investigation of wheel tread
polygonalization with
radial irregularities including
1 to 20 wavelengths around
the circumference of the
wheel

modified
FASTSI
M to
allow for
general
profiles

A bogie with
two wheels (6
DOFs) (FEM
used)

Rail, sleepers
(3D FEM)

Wu and
Chi

wheel
flat and

Evaluate the stress states of
wheelset axle due to wheel

Hertzian
nonlinear

vehicle with
flexible

Rail, track slab
(3D FEM)
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(2016) wheel
polygon
isation

defects contact wheelsets
(SIMPACK &
FE)

Wu et al.
(2015)

wheel
polygon
isation

Analyse the high-frequency
oscillation and dynamic
stress of wheel set axle
induced by the polygonal
wear

Hertzian
nonlinear
contact

vehicle with
flexible
wheelsets
(SIMPACK &
FE)

Rail, track slab
(3D FEM)

Han et al.
(2017)

wheel
flat

Parametric studies (train
speed, flat length and axle
load)

surface-to
-surface
contact
algorithm

Wheelset
(Hypermesh,
LS-DYNA
3D/explicit
code)

Rail
(Hypermesh,
LS-DYNA
3D/explicit
code)

Bian et al.
(2013)

wheel
flat

thoroughly investigate the
effect of wheel flats on
impact forces

surface-to
-surface
contact
algorithm

Wheel (FE
code: ANSYS)

Rail, sleeper,
ballast (FE
code: ANSYS)

Pieringer
and Kropp
(2008)

wheel
flat

Parametric studies (train
speed, the wheel flat depth
and the type of wheel flat)

non-linea
r contact
springs,
allowing
for loss of
contact

wheel, 1st
suspension

Rail, sleeper

Wu and
Thompson
(2002)

wheel
flat

Predict the consequent noise
radiation due to wheel flat

Hertzian
nonlinear
elastic
contact

wheel Rail, sleeper

Zhu et al.
(2007)

wheel
flat

propose an adaptive contact
model for prediction of
wheel–rail normal contact
force due to wheel flat

novel
contact
model

A bogie with
two wheels (6
DOFs)

two-layer 3D
track system

Uzzal and
Alam
(2012)

wheel
flat

Predict the impact forces and
the resulting component
stresses in the presence of
wheel flats

nonlinear
Hertzian
contact

17-DOF
lumped mass
model

3D rail
(Timoshenko),
sleeper (mass),
ballast

Uzzal et
al. (2009a)

multi
flats

Study impact forces at the
wheel–rail interface in the
presence of wheel flats

nonlinear
Hertzian
contact

5-DOF pitch
plane model:
car body, one
bogie, two

three-layer
track system:
rail, sleeper,
ballast
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wheelsets

Liu and
Zhai
(2014)

wheel
polygon
isation

Investigate vertical dynamic
wheel/rail interaction
resulting from a polygonal
wheel at high speed

nonlinear
Hertzian
contact

A multi-body
system with 10
DOFs

Euler beam
flexibly
supported by a
discrete-elastic
foundation
of three layers

Fesharakif
ard et al.
(2013)

distribut
ed and
local
defect

Establish an efficient
dynamic model to study the
dynamic response of a
railway track under wheel
defect excitation

non-Hertz
ian model
based on
Winkler
bedding
method

A half body
vehicle model
with 5 DOFs

A
pinned-pinned
beam with
discretely
supports
(3-layer)

Jing and
Han
(2017)

wheel
flat

Study the wheel–rail impact
response induced by a
single wheel flat considering
strain rate and thermal stress

surface-to
-surface
contact
algorithm

Wheel
(modelling by
FE LS-Dyna
and ANSYS)

Rail (modelling
by FE LS-Dyna
and ANSYS)

Uzzal et
al. (2013)

wheel
flat

Present 3-D vehicle-track
system model considering
the effects of wheel flat and
track structure nonlinear

Hertzian
nonlinear
elastic
contact

17-degrees of
freedom
lumped mass
vehicle

rail
(Timoshenko
beam), sleeper,
nonlinear rail
pad and ballast
considered

Johansson
and
Nielsen
(2003)

wheel
flat,
long
local
defect,
wheel
polygon
isation

Quantify the vertical
wheel-rail contact force and
track response for different
types of OOR

Hertzian
nonlinear
elastic
contact

two wheels

rail (undamped
Timoshenko
beam), sleeper
(mass)

Song et al.
(2013)

wheel
polygon
isation

Analyse the effect of
periodic non-roundness of
wheel on the dynamical
behavior of the vehicle
system

nonlinear
Hertzian
contact

Whole-passeng
er car (via
ADAMS/rail)

rail:
Euler-beam
with limit
length lying on
an elastic point
support

Wu and wheel Explore the effects on nonlinear wheel rail



59

Thompson
(2004)

flat wheel/track impact of the
non-linearity of the railway
track supports

Hertzian
contact

(Timoshenko
beam), sleepers,
considering the
non-linear
stiffness of rail
pad and ballast

Pieringer
et al.
(2014)

wheel
flat

Study the influence of
contact modelling on
simulated impact forces due
to wheel flats in order to
determine the
errors introduced by
simplified approaches

3D
non-Hertz
ian
contact
model
based on
Kalker’s
variationa
l method

2 DOFs
containing the
wheelset and
the primary
suspension
stiffness and
damping

Rail
(Timoshenko
beam), sleepers
(discrete mass)

Nielsen et
al. (2015)

discrete
wheel/r
ail
irregula
rities
(includi
ng flat)

Propose a hybrid model for
the prediction of
ground-borne vibration due
to discrete wheel and rail
irregularities

nonlinear
Hertzian
contact

3-DOF
wheelset

Rail, sleeper
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2.3 Wheel Roughness Measurement and Detection

There are two main types of CBM approaches: in-service (online) condition

monitoring and in-depot (offline) inspection (Alemi et al. 2017). The former one

provides real-time condition information for maintenance planning, while the latter

approach, normally done at a fixed interval can offer accurate measurement for

condition assessment of vehicle components.

2.3.1 Wheel Roughness Measurement

Wheel defects are not always easily detected by visual inspection of the wheel (Jin

et al. 2012), so advanced detection methods are needed. In-depot inspection (wheel

tread roughness measurement) is a direct way of collecting wheel condition

information for maintenance, monitoring profiles in conjunction with wear problems

and optimising profiles from the point of service life. With wheel roughness

measurement data, the wheel re-profiling strategy can be optimised using

data-driven wear model (Wang et al. 2015a). The technologies employed by

roughness measurement include ultrasonic techniques, infrared camera, magnetic

methods, etc (Alemi et al. 2017).

Dings and Dittrich (1996) used an LVDT transducer clamped on a stand, to measure

the amplitude of roughness while the wheel was turned by hand. The roughness was
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sampled at a rate provided by a tachometer signal from a small wheel running on the

turning train wheel; see Figure 2.15. The sample interval was 0.5 mm.

Figure 2.15 The set-up for the wheel roughness measurement (taken from Dings and

Dittrich (1996))

Besides, the mechanical displacement probe, the rotation sensor (Petersson 2000),

Electromagnetic Acoustic Transducer (EMAT) (Kappes et al. 2000, Salzburger et al.

2009), Laser-ultrasonics (Cavuto et al. 2016), Laser-Air Hybrid Ultrasonic

Technique (LAHUT) (Kenderian et al. 2006) and other novel NDT techniques (Pohl

et al. 2004, Hwang et al. 2009, Brizuela et al. 2010, Brizuela et al. 2011) are

employed to record wheel tread roughness. Some (Kenderian et al. 2006, Brizuela et

al. 2010) even allow the trains run at a low speed during inspection. However, for

measurement methods using ultrasound pulse-echo technique (Salzburger et al. 2009,

Brizuela et al. 2010) it is sometimes difficult to detect wheel flats because they

usually have smooth edges that do not generate echoes (Brizuela et al. 2012).
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There are now many commercial devices that allow the measurement to be done in

depot with high efficiency. Examples are ØDS measurement instrument, Miniprof,

MÜLLER-BBM, etc.

ØDS measurement instrument (Ødegaard and Danneskiold-Samsøe 2006) conducts

measurement of wheel radius as a function of a co-ordinate around the wheel

circumference. Three probes in contact with the wheel tread measure the deviation

from the mean wheel radius (Nielsen 2009). This instrument, with only 0.05%

uncertainty level, has been employed in high-speed train wheel roughness

measurement (Wu et al. 2015).

Miniprof measurement was used by Palo et al. (2010), Palo (2014) and Johansson

and Andersson (2005). The measurement results can serve as input of 3D

vehicle–track dynamic model to analyse the effect of wheel wear on system

response (Johansson and Andersson 2005).

MÜLLER-BBM wheel roughness measurement device (Müller-BBM 2015) is a

contact measuring method to measure the wheel tread roughness, as shown in Figure

2.16 (Fu et al. 2015). To ensure that, the wheel can be free to rotate around the axis

during the test process, the wheel is lifted 3–5 mm away from the rail surface. The

device is fixed on the rail surface, and the wheel's out-of-round value is the radius

difference of the maximum value minus the minimum one. Another application of
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this device can be found in Tao et al. (2017), in which it is employed to measure the

roughness of locomotive wheels.

Figure 2.16 Test site for wheel tread roughness measurement using MÜLLER-BBM

device (Fu et al. 2015)

2.3.2 Online Detection of Wheel Roughness and Defect

Compared to research on numerical simulation of wheel defect, the studies on

development of an effective sensing system for defect detection is relatively few.

Several types of detectors based on different sensing techniques already exist,

among them are some typical commercial products, such as WheelChex® system

(Conn 2004), GOTCHA system (Optic fibre-based wheel-flat detection and Axle

load measurement system) (Xu et al. 2014).
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2.3.2.1 Trackside wheel impact load/wheel–rail interaction detector

By deploying strain gauges and accelerometers on the rail, it is possible to measure

wheel–rail contact force or rail acceleration response when a train pass over the

instrumented rail section. These devices report impact as either a force at the

wheel–rail contact interface or a relative measure of the defect (Barke and Chiu

2005).

The original and most common wheel impact load detector (WILD) is composed of

a series of strain gauge load circuits mounted on the neutral axis of the rail between

two adjacent fasteners in several consecutive sleeper bays to quantify the wheel–rail

interaction force. A typical setup of this detector uses strain gauges configured into a

full bridge circuit as shown in Figure 2.17 (left). A series of strain gauge load

circuits, micro-welded directly to the neutral axis of a rail, create an instrumented

zone for the measurement of vertical forces exerted by each wheel of a passing train

(Stratman et al. 2007). It can provide an exact measure of the load (dynamic or static)

applied to the rail and, as there is a conceptual link between large applied loads and

damage, strain-based systems have won favour in some circles (Barke and Chiu

2005). The time history of wheel–rail force can then be reconstructed as (Lee and

Chiu 2005; Stratman et al. 2007):
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where Fout(t) is the output force and ɛ1(t), ɛ2(t), ɛ3(t) and ɛ4(t) are the output dynamic

strains of rail. GF is the gauge factor as specified by the manufacturer of the strain

gauges, V is the input excitation voltage, and CF is a calibration factor.

Johansson and Nielsen (2003) made use of this set-up to build a detector on the rail

web in nine consecutive sleeper bays. Some other strain gauges and accelerometers

were deployed on monoblock sleepers, rail foot. Figure 2.17 (right) illustrates the

time history of output wheel-rail force excited by two adjacent wheels (the 1st wheel

has a 100 mm wheel flat).

Figure 2.17 (left) Rail web strain gauge rosette for wheel load measurement

(Stratman et al. 2007, Lee and Chiu 2005) and (right) the output time history of

wheel-rail force

Nielsen and Oscarsson (2004) used both rail web and rail foot strain gauges to

measure the wheel impact load and rail bending moment. In the test, a freight train

with six four-axle wagons was equipped with wheelsets having different types of
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defect including wheel flats, polygonal wheels and spalls from surface or subsurface

initiated rolling contact fatigue. Stratman et al. (2007) proposes new criteria for

removal of wheels with high likelihood of failure, based on two real-time structural

health monitoring trends that were developed using data collected from in-service

trains. Wang et al. (2015b) presented an online fast evaluation technique for train

wheel flats based on the FBG sensors of array-type. Lunys et al. (2016) presented

the application of WILD on Lithuanian Railway lines.

Filograno et al. (2010) developed an FBG-based sensing system, a total number of

20 FBG sensors have been installed, 10 per track, as shown in Figure 2.18. This

configuration comprising FBG strain gauges mounted at both rail web and rail foot,

enables train identification, axle counting, speed and acceleration detection, wheel

imperfections monitoring and dynamic load calculation (Filograno et al. 2010). They

have expanded the application of this system in the Madrid-Barcelona high-speed

railway line (Filograno et al. 2010, 2013).

Figure 2.18 Disposition of 10 FBG sensors along one of the rails (Filograno et al.

2010)
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An FBG-based wheel imperfection detection system that can provide in-service

measurement of wheel condition was developed by The Hong Kong Polytechnic

University and has been incorporated in Smart Railway System (SRS), which offers

a comprehensive health monitoring scheme for vehicle and track in the entire Mass

Transit Railway (MTR) network of Hong Kong (Tam et al. 2007, Wei et al. 2011,

Lee et al. 2015).

In addition to the strain gauge-based detector, there are other methods for online

wheel load measurement to assess the condition of passing wheels, such as force

gauges installed on sleeper pads (Mueller-Boruttau et al 2012, Zhang et al. 2014b),

distributed sensors based on Brillouin Optical Time Domain Analysis (BOTDA)

(Kouroussis et al. 2015), etc.

Besides, there are also some commercial WILD: GOTCHA Wheel Defect Detection

(WDD)-module (Lloyds Register 2011), MULTIRAIL WheelScan (Schenck Process

2017).

2.3.2.2 Trackside acceleration detector

Accelerometer based systems infer the magnitude of force from the acceleration of

the rail. They can provide 100 per cent coverage of the circumference of a wheel of

any size (Barke and Chiu 2005). Bracciali and Cascini (1997) presented an

accelerometer-based trackside wheel flat detector, which has 6 accelerometers
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deployed on rail cross-section (two on rail head, three on rail foot and one on rail

web). Skarlatos et al. (2004) used two B&K accelerometers type 3470 placed on the

rail foot to pick up the rail vibration signals caused by wheel–rail interaction for

diagnosis of railway wheel defects. Belotti et al. (2006) used four consecutive

accelerometers and an inductive axle-counter block which help to discriminate the

response corresponding to each wheel. Seco et al. (2006) proposed a trackside

detector which has eight accelerometers installed on both bend zone and straight

zone and use RMS method to process the acceleration data.

The accelerometer output always need to be converted to a force (Stratman et al.

2007) to meet the need of current rules that stipulate limits on wheel impact load.

However, the wheel–rail impact load, which is widely used as wheel local defect

indicator, is difficult to be quantified by accelerometers (Nielsen 2009) as the

measured acceleration signal could not directly refer to the excitation of each wheels,

and sometimes an additional axle counter is needed (Alemi et al. 2017). Furthermore,

their performance might be limited by their repeatability and by the analysis applied

to the accelerations acquired.

2.3.2.3 Wheel–rail noise indicator

Theoretically, the noise radiation due to wheel roughness can also be served as an

indicator for wheel defect detection. Previous research (Wu and Thompson 2002)
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revealed that the overall A-weighted sound power level radiated by a flat defect

wheel is much higher than the rolling noise radiated by a normal tread-braked wheel.

The commonly used noise detector is called Trackside Acoustic Array Detectors

(TAADs), which make use of arrays of high-fidelity microphones to listen to the

audible noises produced by the passing rolling stock (Amini 2016). The operating

frequency of the microphones is normally between 22–44 kHz which however,

means that they are prone to errors arising from the sounds of the surrounding

environment as well as the measured train itself (e.g. wheel flats or noise from the

engine) (Amini 2016).

There are also some commercially available techniques, such as Trackside Acoustic

Detection System (TADSTM) and the RailBAMTM. However, as it is well known that

bearing defects produce vibrations at frequencies that can be connected to the

characteristics of the defect (Lagnebäck 2007), the monitoring systems are

specialised in wheel bearing fault diagnosis (Dybała et al. 2013; Lu et al. 2014;

Wang et al. 2014; Chen et al. 2014; Cao et al. 2016; Liu et al. 2017) rather than

wheel tread defect detection.

However, it can be seen from Wu and Thompson (2002) that the level of radiated

noise by wheel flat increases at an average of only around 20 log10V (V is the train

speed), whereas the noise from a normal wheel increases with train speed at a rate of



70

approximately 30 log10V. For the slight flat defect of high-speed train wheel (flat

depth < 0.5mm), this method may not be applicable because when the train runs at

high speed (> 200km/h), the prediction accuracy can be limited, according to this

research.

2.3.2.4 Detection methods based on laser and video cameras

There are various types of trackside detector based on laser and video cameras, they

may have very different the detection principle. This review covers some typical or

well-known detectors, including Wheel Profile Detectors (WPDs), MBV-systems,

wheel profile measurement system (WPMS), and those based on light illumination

devices, light sensing devices, charge coupled device (CCD) camera, laser

displacement sensors (LDS).

WPDs are based on a combination of lasers and video cameras to automatically

measure the wheel profile while rolling stock is in motion. With the use of WPDs,

some prediction is possible with respect to the time remaining prior to re-profiling

(Amini 2016). The data acquired from WPDs include, wheel profile and wear, wheel

diameter, height and thickness of the flange, back-to-back distance and wheel

inclination (Danneskiold-Samsoe et al. 1993).
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A prototype of a condition monitoring system called MBV-systems is presented by

Lagnebäck (2007) for measuring the profile of the wheels with a laser and a camera

and validated by MiniProf.

A further development in the application of light illumination devices and light

sensing devices can be seen in Mian et al. (2004), Nayebi (2005), as shown in Figure

2.19 (left). The assorted data processing methods are also proposed (Mian et al.

2009, Mian and Foss 2012, 2014, Mian and Mullaney 2012, Mian et al. 2012).

An automatic wheel profile measurement system (WPMS) based on laser and

high-speed camera was installed on an iron ore Line in Sweden in 2011 and can

measure the wheel profile for speeds up to 140 km/h (Asplund et al. 2015), as shown

in Figure 2.19 (right). This system, which is in a CBM manner, has been attracting

more and more interest from maintenance engineers in the Swedish railway sector

(Asplund and Lin 2016).
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Figure 2.19 Trackside wheel profile detector based on laser and video cameras: (left)

light sensing devices (Mian et al. 2004), (right) on-site WPMS (Asplund et al. 2015)

Zhang et al. (2011) presented an online non-contact method for measuring a wheel

set’s geometric parameters based on the opto-electronic measuring technique. The

system contains a charge coupled device (CCD) camera with a selected optical lens

and a frame grabber which was used to capture the image of the light profile of the

wheel set illuminated by a linear laser.

Some newly designed of laser-based online detectors which are immune to vibration

and on-site noise, easy to calibrate, with high efficiency of data acquisition and with

high accuracy of positioning are presented by Chen et al. (2015, 2017), Xing et al.

(2016), Wang et al. (2016a).

2.3.2.5 Onboard detection

Examples of available techniques to measure wheel–rail contact forces include strain

gauges mounted on the wheelset axle or on the wheel web (Johansson and Nielsen

2003).

Experimental study conducted by Li et al. (2017f) with accelerometers installed on

the axle box. Uzzal et al. (2009b) designed a micro electro mechanical system

(MEMS) based accelerometer by numerical simulation to detect the presence of a

wheel flat in the railway vehicle. Wang et al. (2016b) presented long term on-board
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tracking tests on several HSRs in China to investigate the deterioration of wheels

and provide evidence for wheel re-profiling interval optimisation. JR East (2016) is

currently developing a system (see Figure 2.20) that will allow constant monitoring

of onboard devices and wayside equipment by trains in operation and the

performance of the system is still under testing.

Figure 2.20 A novel onboard system for condition monitoring of vehicle

components (JR East 2016)

However, an innate drawback for onboard sensing system is that a sensing unit is

only responsible for condition monitoring of a single wheelset, or bogie, or car,

while it is not economical to have sensors on every vehicle to monitor the entire

vehicle condition (Lagnebäck 2007).
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2.3.2.6 Other online detection methods

Many devices and methods for automatically sensing the wheel and roller condition

and wear state have been proposed over the past few decades.

Hot box detectors have been put in use since the 1960s and are designed to detect

overheated journals (hot boxes) since a bearing failure can have catastrophic

consequences if it happens when the vehicle is in service. It is often equipped with

an infrared camera that is used to detect the heat build-up at the contact point on a

sliding wheel (Lagnebäck 2007). An acoustic emission (AE)-based trackside sensing

system was developed by Birmingham Centre for Railway Research and Education

(BCRRE) to detect wheel flat (Papaelias et al. 2016, Amini 2016, Huang 2017), as

shown in Figure 2.21.

Figure 2.21 Acoustic emission (AE)-based wheel defect detection system (Amini

2016)
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Advanced sensing techniques such as wireless sensor networks (WSNs),

piezoelectric sensors (for both vibration and ultrasonic measurement), fibre optic

sensors, can be used for wheel condition monitoring (Hodge et al. 2015).

2.3.3 Signal Processing Methods and Defect Identification Algorithms

For the monitoring data collected by online WILD, currently most railway owners

only use the information of wheel load amplitude to decide when an impact is too

great for the vehicle to remain in service (Barke and Chiu 2005). For some cases

which need detailed analysis of wheel defect features, basic signal processing

methods including time-domain (e.g. root mean square (RMS) method),

frequency-domain (e.g. Fast Fourier Transform (FFT) method) and time-frequency

methods (e.g. SDFT, WT, HHT) are widely used for extraction of useful information

from the monitoring data. With these methods, some features can be extracted, such

as the maximum load, the peak-to-peak value, the dynamic load increment and

dynamic load factor (Nielsen 2009). For example, RMS method and Fourier-based

inverse analysis method are used by Lee and Chiu (2005) to deal with the online

wheel condition monitoring data. Lee et al. (2015) use a vibration index based on

time-domain analysis of acquired rail strain data to characterise the wheel condition

and the time variation condition index can reflect the deterioration of wheel and the

effect of wheel re-profiling (as shown in Figure 2.22).
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Figure 2.22 Vibration index: (left) calculation method based on time-domain

analysis, (right) the variation of index with time

Compared to data collected from WILD, many more data processing techniques are

proposed for acceleration data, both on rail and axle box or bearing. In rail

acceleration data processing, applications of the signal processing techniques

include: cepstrum analysis to discriminate the wheel flat from other defects

(Bracciali and Cascini 1997), fuzzy-logic method for decision making based on

monitoring data (Skarlatos et al. 2004), discrete wavelet transform (DWT) to capture

the wheel flat damage signature (Belotti et al. 2006).

For most of the real-time monitoring data, especially for acceleration data, there is a

need extract features of defect signal from other signal components, such as noise,

the innate vibration, and other defects. A filter is required to process the raw

monitoring data and extract the effective information that is sensitive to the specific

faults. An adaptive multi-scale morphology filter (AMMF) was proposed by Li et al.

(2015, 2017f) to detect potential wheel flats based on axle box vibration data.



77

2.4 Conclusions and Research Needs

This Chapter reviews the research relevant to this thesis, including causes and

consequences of wheel defects, numerical simulations to study the effects of wheel

defects on vehicle–track system dynamics and different techniques for wheel

roughness measurement and defect detection. This section will give a summary on

some important aspects and discuss further research needs.

2.4.1 Wheel Defects in HSR

Though quite a few investigations have been conducted into the phenomena of

polygonal wear for both metro trains and high-speed trains, the mechanism of their

occurrence and development, is not fully understood. This is a major limitation in

development of the defect prediction and early warning scheme.

There are some detector systems already installed on the track, but they are mainly

used as reactive go/no-go systems with the focus on protecting the infrastructure

from extensive damage (Lagnebäck, 2007). Moreover, most of the existing

technologies and defect detection methods only focus on the amplitude of impact

load. It is suitable for detection of large defects which often occur during trains

running on normal-speed railway, metro lines and freight lines. However, for

high-speed trains, as small as 0.5 mm (radius deviation) local defect and 0.04 mm
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polygonal wear can be critical. As such, a more sophisticated system is needed for

high-speed trains monitoring.

2.4.2 Wheel–Rail Contact and Vehicle–Track System Dynamics Due to Wheel

Defects

Wheel–rail contact problems

The Hertzian contact model is acceptable in most wheel-rail contact positions and

therefore the solution based on non-Hertzian contact theory shall not differ too much

from the Hertzian solution (Alonso and Giménez 2005). But for wheel flat with big

size, this model may not be suitable. While the position change of wheel gravity

centre and the corresponding vertical inertia of wheels with flat-defect including

both non-round flat (fresh flat) and round flat have been accounted for, this model

underestimates the impact excitation at low wheel speed and yields overestimation

at high wheel speed.

On wheel–rail contact simulation in the presence of wheel local defects, although

the contact model has been improved by many studies, these models have not

considered the rotational inertia of wheel rolling from round segment to flat segment

contacting the rail, nor the two impact actions of flat-defect wheel on rail from

rolling to rotation and from rotation to rolling. Among the various models on

wheel-rail dynamic simulation, few have taken the rotational inertia of wheel rolling
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into account, wheel-rail transient behaviour, wheel-rail environment boundary

factors and changes in material properties. Thus, using them cannot effectively solve

some problems in the service condition of wheel-rail, such as wheel high-order

polygonal wear, rail short pitch corrugation, strong vibration noise, and wheel-rail

rolling contact fatigue (Jin 2014).

Wheel defect and vehicle–track system modelling

Wheel local defect and polygonal wear have a lot in common and in many cases the

initiation and development mechanism of them is similar. However, they are so

different when serve as excitation source. To achieve both computational accuracy

and efficiency, different models should be chosen to simulate the dynamic response

of vehicle and track due to wheel local defects and polygonisations. Even the contact

theory should be carefully considered. If non-linear behaviour needs to be included

in the model, then time domain simulations are preferable; if the system can be

assumed linear, then frequency domain simulations are suitable due to their reduced

computational demand (Kouroussis et al. 2014). Models developed for vehicle–track

dynamic simulation should be characterised by the aim of their intended use. In

short, models are made as simple as possible and should be accurate enough

regarding the task they serve for (Andersson and Abrahamsson, 2002). This research

will use two different models to simulate structure response to wheel impact load in
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the presence of wheel local defect and polygonal wear, which are two very different

excitation sources.

For HSR operation, there has been a need in prediction of the effects wheel defects,

especially polygonal wear on both the vehicle components and track infrastructure.

However, simulations conducted to investigate the influence of actual wheel wear

collected from wheel roughness measurements on vehicle–track–bridge system have,

to the author’s knowledge, rarely been reported before.

2.4.3 Development of Wheel Defect Detection System

Although numerical simulations evolved as a fast and inexpensive tool for

investigating and prediction the development of wheel tread defects, online wheel

condition monitoring is still considered as the best way to provide support for

maintenance and health management for wheelsets. It is more reliable than

prediction by numerical simulations, and has much higher efficiency in defect

detection than offline wheel roughness measurement. In this thesis, vehicle–track

dynamic simulation is only used to analyse the effect of wheel tread effect on the

system response features and find important indicators which are most sensitive to

specific defect type, for the development and a better design of online monitoring

system.

Wheel condition monitoring strategies
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Online monitoring is more effective than offline/static inspection for wheel

condition assessment and defect detection from the aspect of detection time. The

existing offline inspection scheme can provide accurate result for wheel radius

deviation measurement but it can cause more than 1 min for one wheelset. For a

16-car EMU (64 wheelsets), it will cost two hour to finish the measurement for all

the wheelsets. The trackside detector, however, can monitor and assess the wheel

condition during train passage (the duration for 16-car train pass over the

instrumented section at 300 km/h is less than 5 s). This is extremely attractive and

favourable in CBM in HSR: there are approximately 4000 high-speed EMU in

service everyday and it is impossible to assess the wheel condition frequently via

offline inspection.

Compared with the vehicle-borne wheel defect detection method (Wei and Chen

2013) and accelerometer-based detector (Müller-BBM 2015), the trackside wheel

impact load detector (WILD) can be more suitable for massive wheel inspections, as

discussed in Subsection 2.3.2. But the adaptability of the proposed WILD in

high-speed trains still need further investigations, and the defect identification

methods based on wheel impact load monitoring data need further development,

especially in slight defect detection or when trains pass over at low speed.

Challenges for developing online detector for high-speed trains
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The existing WILDs are used to detect faulty wheels by identifying the high-impact

loads that are induced by wheel local defects. But the wheel defects they

investigated are deep (around 1 mm) or long (up to 0.5 m) flats. Wheel

polygonisation has already cause severe problem in HSR operation, but this issue

has not received enough investigations by previous research. These polygonal wears

usually have even lower radius deviation level (< 0.05 mm) so the detection of these

wheel defects is a challenging task. In high-speed train monitoring, however, a

major challenge of the existing trackside wheel defect detection systems, including

various types of WILDs, TAADs, hot box detector and laser-based systems etc., to

be applied in HSR, is the clearance required for the equipment to be installed, the

need of power supply for sensors and data acquisition system claims more space and

this can be particularly problematic for HSR operation. Furthermore, most online

detectors are designed for metro trains (Madejski and Gola 2006) and heavy haul

trains (Palo 2012 Palo et al. 2012), and both the resolution and accuracy in wheel

radius deviation quantification cannot meet the need of high-speed trains.

Research need for signal processing methods in defect detection

To make a rational decision about whether a wheel is healthy or not based on data

collected by online monitoring system, a well-developed data processing procedure

is required.
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Research efforts on development of signal processing method for wheel defect

detection based on online monitoring data are rarely reported. It appears that the

condition monitoring system setup and sensing technique used to develop such a

system is excellent and the monitoring data can directly tell whether the

corresponding wheel is healthy or not. However, that is not the case because the

existing codes or rules only stipulate the limits on maximum wheel–rail force and

only a basic amplitude analysis is enough. For high-speed trains, as aforementioned,

the defect detection should focus on slight defects with very low level of roughness,

and the variation of wheel load cannot reveal this kind of slight defects, so the wheel

defect detection method should be carefully designed to extract valuable information

from rail response signals that are sensitive to the defects. This research will propose

detection algorithms for both local defect and polygonisation.
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CHAPTER 3

WHEELTREAD LOCALDEFECT: DYNAMIC

SIMULATIONAND ONLINE DETECTION SYSTEM

3.1 Wheel Local Defect Modelling and Rail Response Simulation

To develop an online wheel condition monitoring system, specifically to find a

better arrangement of the sensor array, this Chapter proposes a precise wheel–rail

contact model which accounts for the effect of wheel rotation. Through this model,

the rail dynamic strain response subject to the excitation of a wheel with local defect

is accurately evaluated, from which the features of localised anomalies caused by

the wheel local defect can be revealed.

As stated by many research works reviewed in Chapter 2, wheel tread local defect

can generate high-frequency vibration for both wheel and rail. For high-speed train

with slight defects, to capture features of the high-frequency response and features

of potential localised defect behind the phenomenon is crucial for online detector.

Therefore, an analytical model for predicting the rail dynamic strain response due to

wheel local defect should be developed to investigate the feature of the localised
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response to a simulated local defect. In numerical modelling to analyse the effects of

wheel local defect, three aspects are considered:

 The effect of wheel rotation: as mentioned in Chapter 2, the rotation of the

wheel should be considered to achieve a more precise result of localised

anomaly feature caused by wheel local defect.

 Simplification in modelling: the time-domain model for high-frequency analysis

should be simplified to achieve a satisfactory computational efficiency, and

simplification should meet the requirement of intended use. For most types of

wheel local defects, since the primary suspension and fasteners filter the high

frequency vibration originated in the wheel–rail contact, only the gravity loads

of car body and bogies should be taken into consideration in dynamic

simulation. It is normal to only consider the unsprung masses of the vehicle and

rail with discrete supports.

 Wheel local defect modelling: it should be noted that wheel flat is the most

frequently reported wheel local defect. Even though the appearances of other

local defects (e.g. wheel shells) are different from those of wheel flats, the

measured radius deviation values are similar (Dukkipati and Dong, 1999).

Therefore, to develop trackside wheel local detection sensing system, the
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present simulation work, like most of others, use wheel flat as the excitation

source to investigate structure response features.

On this basis, the wheel–rail contact model with flat-defect wheel is developed by

dividing the impact of flat-defect wheel on rail in three phases: (i) round wheel tread

rolling on rail, (ii) rotation about the leading edge of local flat until the overlapping

of flat plane with rail surface, and (iii) rotation about the trailing edge of local flat

until resuming the rolling of round wheel tread. Then by a parametric analysis on the

localised anomaly features caused by the wheel flat, we can answer whether it is

feasible to employ a rail foot strain gauge array for online condition assessment of

passing wheels and detection of potential wheel flats.

3.1.1 Modelling of Impact Excitation of wheel with Local Defect

Figures 3.1 and 3.2 illustrate a flat-defect wheel situated in two typical positions:

round wheel tread in contact with rail and out-of-round wheel tread in contact with

rail. As shown in Figure 3.1, Fg is the vertical loading (including self-weight of the

wheel) at the wheel centre transmitted from the rail vehicle, and v is the running

speed of the wheel in normal position. It should be noted that the speed at the wheel

centre would change when it comes to the OOR wheel-rail contact zone. As

aforementioned, the whole process of a flat-defect wheel on the rail can be divided

into three phases: (i) round wheel tread rolling on the rail; (ii) rotation of the wheel
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about the leading edge A of the flat from vertical AC to horizontal AB; and (iii)

rotation of the wheel about the trailing edge B of the flat from horizontal AB to

vertical BC. In the first phase, the round part of the wheel tread rolls on the rail as

shown in Figure 3.1. The horizontal speed of the wheel gravity centre is equal to v

and the angular velocity of the wheel is:

wR
v

0 (3.1)

where Rw is the wheel radius. The excitation point coordinate x in the expression of

f(x, t) is defined as the initial coordinate x0 plus the moved distance vt.

Figure 3.1 Round wheel-rail contact

zone
Figure 3.2 OOR wheel-rail contact zone

In the second phase, the initial position is that the leading edge A of the flat begins to

contact rail head. Then the wheel rotates about point A from vertical AC to

horizontal AB as shown in Figure 3.2. The terminal position is that the flat AB fully
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contacts the rail. In this phase, the wheel excitation to the rail is retained at point A

and therefore has a constant coordinate. The excitation amplitude decreases rapidly

but the angular velocity of the wheel increases. By considering the rotational

resistance, the differential equation of the wheel rotation in this phase is expressed

as

 wwgf RmF
2
3sin)1(  (3.2)

where  is the angle of rotation, mw is the wheel mass, f is the resistance coefficient

incorporating the rotational inertia effect. By integrating both sides of Eq. (3.2) with

respect to , the angular velocity of the wheel is obtained as
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It can be seen from Eq. (3.3) that the angular velocity of the wheel in the second

phase monotonically increases with respect to  , and is larger than the velocity in

the first phase. By considering the buffer effect, the wheel excitation to the rail can

be obtained from the vertical dynamic equilibrium as
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where  AB is the buffer coefficient. It can be seen from Eq. (3.4) that the wheel

dynamic load instantaneously decreases at the beginning of the second phase with 

= 0 from the end of the first phase (f = Fg). Thus, an impact excitation is generated

by the wheel with local flat-defect. When the flat plane AB reaches the rail head, the

rotation angle is

w

st
st R

b
2

arcsin (3.5)

where bst is the flat size (length). At this moment, the wheel rotation about point A is

switched to the rotation about point B, which is the beginning of the third phase.

Because the excitation point is changed from A to B, an impact action on the rail is

generated by the wheel.

In the third phase, the initial position is that the trailing edge B of the flat is just on

the rail and the wheel begins to rotate about point B. Then the wheel rotates about

point B from horizontal AB to vertical BC. The terminal position is that the radius

BC gets perpendicular to the rail head. The wheel in this phase goes through the

inverse process of the second phase. The excitation amplitude increases and the

angular velocity of the wheel decreases. The wheel excitation to the rail has a

constant coordinate. When the status of the wheel rotating about point B is switched

instantaneously to the rolling of the round wheel tread on the rail, the rotation about
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point B is changed to plane motion of the wheel. An impact excitation to the rail is

generated by the wheel.

After one-cycle rotation of the flat-defect wheel on the rail, the moving distance and

the passing time of the excitation point are

ABRx stwwh  )(2  (3.6)
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Eq. (3.6) indicates that the moving distance of the excitation point of a flat-defect

wheel is shorter than that of a round wheel, while Eq. (3.7) indicates that the time

taken by a flat-defect wheel in one rotating cycle is less than that by a round wheel

due to the increase of the angular velocity.

3.1.2 Dynamic Equation of Rail Excited by defective wheel

As shown in Figure 3.3, rail is modelled as a straight beam with periodic supports

(the support action is represented by equivalent stiffness and damping). Such beam

is called period-parametric beam, which is a parameter-varying structure different

from a linear beam with constant parameters; and therefore, the rail dynamics and

responses are more complicated than the linear beam. By ignoring the shear
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deformation and rotational inertia of the beam, the dynamic equation of a

periodically supported rail subject to the excitation of flat-defect wheel can be

described as
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where w(x, t) is the vertical dynamic displacement of the rail,  is the density of rail

material, A is the cross-sectional area, E is the elastic modulus, I is the second

moment of rail cross-sectional area, cb is the rail damping coefficient, ksk is the

stiffness of the kth support, csk is the damping of the kth support, xsk is the coordinate

of the kth support,  (  ) is the Dirac delta function, f(x, t) is the wheel excitation

whose expression has been obtained in the previous section, and N1 and N2 are the

support numbers on the left and right of the coordinate origin.

Figure 3.3 Periodically supported rail under excitation of flat-defect wheel
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Eq. (3.8) is a partial differential equation with periodic-parameters. Its boundary

conditions can be considered as the displacement and its second derivative equal to

zero at the ends of a long rail. The first derivative of displacement equal to zero can

be used for determining the effective length if we use truncated numbers of N1 and

N2 which will be determined by the effective length for an extremely long rail. In

this study, the Galerkin method is applied to obtain an accurate steady-state response

solution of Eq. (3.8) and its accuracy can be controlled by the number of expansion

terms. The displacement response w(x, t) of the rail is expressed as
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where Ai and Bi are functions of time, M0 is the term number, L1 and L2 are the

effective lengths of left and right rail segments measured from the coordinate origin.

Substituting Eq. (3.9) into Eq. (3.8) and using the orthogonality relationship of

modal functions yield
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where QA = {A1, A2,    , AM0}T and QB = {B1, B2,    , BM0}T are the modal

displacement vectors. The expressions of all the sub-matrices/vectors in the mass
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matrix (MA and MB), damping matrix (CA, CAB, CBA and CB), stiffness matrix (KA,

KAB, KBA and KB) and load vector (FA and FB) can be analytically obtained.

With the expression of the wheel excitation force f(x, t) obtained in the previous

session and a set of system parameters given, Eq. (3.10) can be solved using a

conventional numerical method such as the Runge–Kutta algorithm. Then the

dynamic displacement response w(x,t) of the rail can be obtained by substituting Q =

[QAT, QBT]T into Eq. (3.9). The horizontal normal strain of the rail at a flange point

concerned is calculated by

2

2

0 x
wyfy 


 (3.11)

where y0 is the distance between the point in concern and the neutral axis.

To verify the proposed analysis method, the flat defect size measured by offline

wheel tread inspection is used as the parameter of a flat-defect wheel to calculate the

strain response of the rail. The parameters of the wheel, track and train speed used in

the simulation are consistent with the test condition. The simulation result is shown

in Figure 3.4. The simulation response agrees well with the measurement response.

Thus the proposed analysis method can be used for predicting the dynamic

responses and response features of rails under flat-defect wheel excitations. The

proposed averaging technique and relative response can be used for detecting the
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novel response features of the rail and then the wheel flat defect. The detection of

the wheel flat defect through the strain response features of the rail is a practical

strategy during the train running.

Figure 3.4 Measured and simulated strain responses of the rail under the flat-defect

wheel versus time (blue solid line: simulation response; black dotted line:

measurement response)

3.2 Localised Response Features Analysis by Parametric Studies

3.2.1 Specifications of Parametric Studies

Previous studies (Zhai and Cai, 1997; Zhai et al., 2001) have revealed that the

magnitude of impact force is a non-linear function of the vehicle’s speed and the
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size of the defect. To evaluate the capability of a sensing system in capturing the

localised response features caused by a slight defect, this section will study the

influences of flat size and vehicle’s speed on the localised anomaly features using

the analytical model developed in Subsection 3.1.1 and 3.1.2, and will pay more

attention on the inverse problem: the capability of a rail foot strain gauge array in

online condition assessment of the passing wheels and detection of potential wheel

flats.

This research will conduct two parametric studies to analyse the effects of both

wheel speed and flat size on the features of the localised rail anomaly responses

which are extracted from the output dynamic strain response time history of the rail

at its foot (y0).

The system parameters are as follows:

 = 7.85×103 kg/m3, E = 206 GPa, A = 7.745×10-3 m2, I = 3.217×10-5 m4, ksi =

6.0×107 kN/m, csi = 3.625×104 Ns/m, xi = 0.6 m, y0 = 0.075 m, Fg = 6.5g kN, v =

10 m/s (fixed in parametric analysis of flat size), mwh = 310 kg, R = 0.44 m, bst = 26

mm (fixed in parametric analysis of wheel speed),  f = 0.01, AB = 0.5/v, and the

modal damping ratio is 0.002.
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3.2.2 Localised Rail Response Caused by Wheel Flat

Figure 3.5 shows the dynamic strain response time histories of the rail foot situated

in the middle of two supports under the excitation of both a round wheel and an

out-of-round wheel. By comparing the two response curves, it is found that a

downward-jump response near the response peak (caused by sagging moment)

exclusively appears in the rail response caused by the out-of-round wheel compared

with the round wheel case. This localised anomaly caused by the impact excitation

of the flat-defect is an observable feature with a drop of 0.56×10-5 (5.6 μɛ) and a

time interval of 0.0042 s, and therefore can be used for the detection of wheel

flat-defect. In Figure 3.5, the localised anomaly caused by flat-defect appears near

the response peak, indicating that the wheel flat runs over the response point. Figure

3.6 shows the dynamic strain response time histories of the rail foot situated near a

support under the excitation of both a round wheel and an out-of-round wheel. In

this case, an upward-jump response near the response valley (caused by hogging

moment) exclusively appears in the rail response caused by the out-of-round wheel

in comparison with the round wheel case. This localised anomaly exhibits a different

pattern from that appearing near the response peak: it has two upward-jump changes

with a jump magnitude of 0.40×10-5 (4.0 μɛ) and total time interval of 0.0034 s. It is

an alternative which can be used for the detection of wheel flat-defect. It is worth

mentioning that since the localised anomalies appear near the response peaks or
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valleys, the effect of the excitation due to the neighbouring wheels on the response

features is very limited and can be neglected.

Figure 3.5 Strain response time history of rail under the excitation of (Up) round

wheel and (Down) out-of-round wheel (rail foot in the middle of two sleepers)
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Figure 3.6 Strain response time history of rail under the excitation of (Up) round

wheel and (Down) out-of-round wheel (rail foot near a sleeper)

3.2.3 The Effects of Wheel Speed and Flat Size

The effect of the running speed of the wheel on the features of the localised

anomalies is first observed by fixing the flat length at bst = 26 mm. Figure 3.7 shows

the variation of relative strain difference (blue solid line), time difference (red

dashed line), and relative middle strain difference (black dotted line) versus wheel
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running speed ranging from 5 m/s to 50 m/s. The ‘relative strain difference’ is

defined as the quotient of the strain difference and the maximum strain response,

where the ‘strain difference’ is the difference between the averaged value of the left

and right inflexion points and the value of the bottom in the downward-jump pattern,

or the difference between the averaged value of the two tops and the averaged value

of the two inflexion points in the upward-jump pattern; the ‘time difference’ is

defined as the difference of time between the right and left inflexion points in either

the downward-jump pattern or the upward-jump pattern; and the ‘relative middle

strain difference’, existent only in the upward-jump pattern, is defined as the

quotient of the relative strain difference and the maximum strain response, while the

‘relative strain difference’ is the difference between the value of the middle bottom

and the averaged value of the two inflexion points.

It is seen that in both downward-jump and upward-jump patterns, the relative strain

difference increases nonlinearly with the wheel speed and the time difference

decreases nonlinearly as the wheel speed increases. The time difference tends to be a

steady value when the wheel speed exceeds a certain value. The change of relative

strain difference becomes slow for high wheel speeds. It is observed that the relative

middle strain difference curve in the upward-jump pattern merges to the relative

strain difference curve when the wheel speed exceeds certain value (about 30 m/s in

this example). It implies that the two upward-jump changes near the response valley

reduce to single upward-jump change in high running speed.
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Figure 3.7 Variation of localised anomaly features versus running speed: (Up)

relative strain difference and time difference (10-2) for downward-jump pattern and

(Down) relative strain difference, time difference (10-2) and relative middle strain

difference for upward-jump pattern

The effect of the flat length of the wheel on the localised anomaly features is then

observed by fixing the running speed at v = 20 m/s. Figure 3.8 shows the variation of
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relative strain difference (blue solid line), time difference (red dashed line), and

relative middle strain difference (black dotted line) versus flat length ranging

between 5 mm and 40 mm. It is seen that in both the downward-jump and

upward-jump patterns, the relative strain difference increases monotonically with the

wheel flat length. When the flat length exceeds a certain value, however, the relative

strain difference tends to be a constant. The time difference slowly increases with

the wheel flat length in a nearly linear proportion. It is observed that the relative

middle strain difference curve in the upward-jump pattern merges to the relative

strain difference curve when the flat length is less than a certain value (about 25 mm

in this example). It means that the two upward-jump changes appear near the

response valley only when the wheel flat size is big enough.
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Figure 3.8 Variation of localised anomaly features versus flat length: (Up) relative

strain difference and time difference (10-2) for downward-jump pattern and (Down)

relative strain difference, time difference (10-2) and relative middle strain difference

for upward-jump pattern

From the analysis of localised anomaly in rail strain response and the effects of both

wheel speed and flat size, it is seen that localised anomaly, as the signature of

potential wheel flat defect can be captured if there is a strain gauge mounted on the

rail foot and near the wheel flat impact location. In next Section the development of

sensing system will be presented which can meet the need of the realistic online

wheel monitoring for high-speed trains.
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3.3 Development of Trackside Wheel Condition Monitoring System

3.3.1 Application of Fibre Bragg Grating (FBG) Sensing Technique

On selection of sensing techniques, the specifications of sensors, methods of

installation, temperature change, and the signal-to-noise ratio (SNR) of the sensing

system should be considered carefully because there are many uncertainties in

on-site railway environment. In this research, an FBG-based sensing technology is

employed to develop the trackside rail strain response detector for wheel local defect

detection.

FBG sensing technique has gained increased acceptance in the railway engineering

in recent years. In opposition to strain gauges, FBG sensors offer many advantages

over conventional electrical sensors, such as immunity to EMI, long life-time,

remote sensing self-referencing, compact size, massive multiplexing capability, high

reliability and durability, low cost and easy installation.

The following features of FBG-sensing system are particularly favourable to the

online monitoring for modern HSR:

 Assurance of immunity to electromagnetic fields: optical sensors are immune to

EMI making them ideal to be employed in HSR which is electrified with high
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EMI. While most of the conventional wheel condition monitoring systems,

either resistance strain gauges or accelerometers are electronic based, which is

vulnerable to EMI induced by high voltage overhead power lines (Tam et al.

2007).

 Massive multiplexing capability: HSR always has strict requirements on

clearance which would be difficult to satisfy by conventional sensing systems

when considerable measuring points are needed. FBG-based sensing system

allows the use of hundreds of sensing points (FBGs) sensors in a single fibre

cable. This ability facilitates easy installation on HSR track with light-weight

trackside equipment. For example, the detector developed for wheel local defect

detection (to be detailed later in this Section) has up to 42 sensors which only

take up 2 channels, namely only two fibres are needed for 42 measurement

points.

 High reliability and durability: the FBG-based sensing system can operate for

more than 20 years without losses in performance even in extreme climate, such

as heavy rains and snows, strong wind, or extremely hot summer days, and

corrosion environment and large shocks caused by track maintenance work

(Filograno et al. 2010). This feature is crucial to detectors applied in long-term

monitoring for HSR, because both false alarms and missed hits generated by

fault of the sensing system may induce considerable cost.
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 Long conduction distance: the fibre optic based sensing system can offer up to

100 km distant detection (Tam et al. 2007), because the optical fibre has a large

advantage in long-distance transmission with much lower signal attenuation.

This allows the monitoring equipment to be installed far away from the

instrumented rail section where the sensors are deployed and both the sensors

and connecting fibres at that location require no power supply.

FBG strain gauges can measure the wavelength changes of gratings caused by

external load, eg. wheel–rail contact force. The principle of FBG sensing system is

simple: when a broadband light transmits from interrogator through the optical fibre,

the FBG written in the fibre core reflects a wavelength (λB) depending on the Bragg

condition (Filograno et al. 2010):

 eB n2 (3.12)

where ne is the effective refractive index of the core and Ʌ is the grating period. The

shift in the reflected wavelength λB of the Bragg grating sensor is approximately

linear to any applied strain or temperature. With the innate ability of self-referencing,

FBG interrogator measures the wavelength change and the measured value is an

absolute parameter and does not need recalibrations.
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3.3.2 FBGArray Deployment forWheel Local Defect Detection

Based on the features of localised anomalies on rail strain response caused by wheel

flat-defects, as revealed in Section 3.1, a strain gauge mounted on the rail would

capture these anomalies, as the signature of potential wheel defects when a

flat-defect wheel runs over it. As the location of wheel defect excitation on the rail

head is randomly distributed with a period of the wheel tread perimeter, a strain

gauge array is needed, and the length of the array should not be shorter than the

wheel circumference to guarantee a full coverage. The interval of FBGs on the array

can be determined by the identifiability of the localised anomalies. An online

monitoring system with a fibre Bragg grating (FBG) sensor array deployed on rail is

thereby designed which, by densely distributing the FBG sensors along a rail

segment, can capture with high fidelity the localised anomaly caused by flat-defect

if it exists.

As shown in Figure 3.9, to achieve reliable monitoring results with high fidelity, the

FBG sensors are densely distributed along the rail at about 0.15 m intervals. This

can ensure that no less than three FBGs can detect the localised anomaly when a

potential defect hits at any location on the instrumented rail segment. Each FBG can

measure the longitudinal strain of rail foot caused by bending moment of the

cross-section under the excitation of the wheel dynamic load. As illustrated in

Figure 3.9, the FBG sensor array covers a rail segment of 3 m (slightly longer than
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the distance rolled over by the wheel for a complete cycle) when a wheel radius of

0.45 m is considered.

Figure 3.9 Deployment of an FBG sensor array along a rail segment

3.3.3 FBG-based Wheel Condition Monitoring System

A typical trackside rail response detector comprises of strain gauges, power supply,

digital data acquisition card (DAQ) and signal processing unit (Amini 2016).

Because FBG sensors are used, power supply is not required at the railway site, and

the transmission distance of fibre optic sensing system can be up to 100 km. The

interrogator, as data logger can thereby be installed with computer in a control

room/office far away from the instrumented rail section with the use of a multi-core

armoured fibre optic cable to realise data transmission. Figure 3.10 shows the

configuration of the devised online monitoring system which consists of (i) two

FBG strain gauge arrays installed on the foot of the parallel rails, as described in

3.2.2, (ii) a high-speed interrogator, and (iii) a computer with data acquisition and

processing software.
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For local defect detection, the online detector collects rail response data at a

sampling rate of 5000Hz. The high sampling rate renders the time interval of

sampling much shorter than the predicted time difference of localised anomalies

with either downward-jump or upward-jump pattern (as discussed in Section 3.2),

thereby the desired features can be captured. For automatically defect detection, the

signal processing algorithms have been embedded into the software system and the

algorithms will be introduced in Chapter 5.

Figure 3.10 Configuration of the online monitoring system
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3.4 Summary

The recognition of specific response features of rail caused by wheel flat-defect and

the detection of wheel flat-defect based on the online monitoring of dynamic strain

response of the rail have been addressed in this Chapter. A precise analytical model

of the impact excitation on rail generated by a wheel with local flat-defect has been

proposed, from which the localised anomaly features of the long rail with periodic

supports under the impact excitation of the wheel with local defect have been

revealed. The expressions of the angular velocity and impact excitation of the

flat-defect wheel on the rail have been obtained based on the distinctive rigorous

analysis. The features and patterns of localised anomalies appearing near the global

response peaks and valleys caused by wheel flat are revealed. Because the localised

response features appear near the global response peaks or valleys, the effect of the

excitation due to the neighbouring wheels on the response features is ignorable. This

is one of the major advantages of strain gauge-based detector over the

accelerometer-based system. In recognition of the advantages of FBG-based sensing

technique in high-speed train monitoring, an online monitoring system using FBG

sensor arrays has been developed to capture the potential localised anomalies and

identify wheel flat-defect.



110

To sum up, it is feasible to employ a trackside rail strain response detector for wheel

local defect detection. To automatically detect wheel local defects in a real-time

manner, a series of algorithms which are employed to process the monitoring data

collected by the proposed detector is developed and will be introduced in Chapter 5.

The validation of the proposed wheel local defect detection method will be

presented in Chapter 6.
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CHAPTER 4

WHEELTREAD ROUGHNESS SIMULATIONAND

ONLINE POLYGONISATION DETECTION SYSTEM

4.1 Wheel Roughness Simulation by Vehicle–Track–Bridge

Frequency-domain Model

4.1.1 Basic Description and Assumptions

As mentioned in Section 2.2, model selection requires a trade-off between

computational accuracy and efficiency. For effect analysis of wheel defects on

vehicle-track system, therefore, the feature of specific defects should be considered

carefully before numerical simulation in this research. The wheel polygonal wear,

unlike wheel local defect which is high-frequency excitation, mainly leads to an

increased low- or mid-frequency dynamic wheel–rail contact force. These may

cause further abnormal vibrations on bogie, car body, track slab and bridge (or

tunnel, subgrade) as the low- and mid-frequency vibration is difficult to be filtered

by suspension system and rail pad. A comprehensive analysis of wheel

polygonisation, therefore should account for the resulting vibration of whole
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vehicle-track system. However, a coupling model of vehicle, track and bridge,

involves a high computational cost if it is simulated and solved in time domain. In

view of that wheel polygonisation is always the roughness with a few dominating

harmonics, as mentioned in Chapter 2, it is reasonable to use a frequency-domain

model which has the advantage in computational efficiency, to investigate the effect

of wheel polygonisation on system dynamics. This chapter presents a

frequency-domain vehicle–track–bridge model which can be generally used in

dynamic interaction between vehicle and rail infrastructure in many realistic railway

operation conditions. This model can not only predict the influence of wheel

roughness on track and vehicle structure, but also provide system response features

which can serve as indicators to assess wheel condition if only track and vehicle

vibration data is available. Some basic specifications and assumptions of this model

include:

 As a frequency-domain coupling model, all the excitations and responses are

expressed in frequency domain. The vehicle is described as a multi-body system

with 10 degrees of freedom (DOFs) running on the track with a constant

velocity, and the track structure as three-layer beam, accounting for the rail, the

track slab and the bridge deck.

 This model simulates ballastless track structure, in which the rail is simulated as

an infinite-length Timoshenko beam and the track slab and the bridge are
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simulated as finite-length Euler beams. The fasteners and sleepers, CA mortar,

and the bridge pier are simulated as discrete viscoelastic supports.

 The track slab and the bridge deck are considered as homogeneous, though they

are made of reinforced concrete, which is not homogeneous.

 Although the proposed model can be extended to multi-span and multi-car

track-bridge dynamics problems, this research only considers the single car and

single span case.

 To carry out analysis in frequency domain, 1) the nonlinear characteristics of

the actual vehicle’s suspension system is treated as linear springs and viscous

dampers; 2) the wheel–rail contact is treated as linearised Hertzian contact using

the contact stiffness near the static axle load P0. The linearisation of Hertzian

contact will be detailed in Sub-subsection 4.1.3.3.

 Only vertical vibration effect of the vehicle–track coupling system is considered.

And since the vehicle and the slab track are bilaterally symmetrical about the

centre line of the track, only half of the coupling system is used for ease of

calculation.

 The rail is assumed with no short-pitch corrugation so that the system dynamics

are only affected by wheel roughness.
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 Because Cement emulsified asphalt mortar (CA mortar) is widely used in many

HSR ballastless track (Yuan et al. 2015), such as Bögle slab track, CRTS I,

CRTS II, etc., “CA mortar” will serve as spring–damper elements that

connecting between track slab and support layer in this model. The equivalent

stiffness and damping of CA mortar layer can be represented by kba and ηba as

shown in Table 4.1.

The model has 47 input parameters, as shown in Figure 4.1 and Table 4.1.

Table 4.1 The input parameters of vehicle–track–bridge coupling model

Variable Category Description

Sxx(ω) Excitation parameters Power spectrum density (PSD) of wheel
tread roughness

v Excitation parameters Train speed

a0 Excitation parameters The longitudinal location of the 1st wheel

n0 Simulation parameter DOF(s) between two sleepers

Er Rail parameters Elastic modulus of rail

ρr Rail parameters Density of rail material

Gr Rail parameters Shear modulus of rail

κ Rail parameters Timoshenko shear coefficient of rail

Ar Rail parameters Cross-sectional area of rail

Ir Rail parameters Second moment of rail cross section

ηr Rail parameters Loss factor of rail

Es Track slab parameters Elastic modulus of track slab

ρs Track slab parameters Density of track slab material

As Track slab parameters Cross-sectional area of track slab

Is Track slab parameters Second moment of track slab cross section
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ηs Track slab parameters Loss factor of track slab

Ls Track slab parameters Length of track slab

Eb Bridge deck parameters Elastic modulus of bridge deck

ρb Bridge deck parameters Density of bridge deck material

Ab Bridge deck parameters Cross-section area of bridge deck

Ib Bridge deck parameters Second moment of bridge deck cross section

ηb Bridge deck parameters Loss factor of bridge deck

Lb Bridge deck parameters Length of bridge deck

d0 Fastener parameters Interval of sleepers

kf Fastener parameters Stiffness of fasteners

ηf Fastener parameters Loss factor of fasteners

Msp Sleeper parameters Mass of sleeper

ksp Sleeper parameters Stiffness of sleepers

ηsp Sleeper parameters Loss factor of sleepers

d1 Bridge pier parameters Interval of bridge piers

kba Bridge pier parameters Stiffness of CA mortar

ηba Bridge pier parameters Loss factor of CA mortar

kp Bridge pier parameters Stiffness of bridge pier

ηp Bridge pier parameters Loss factor of bridge pier

P0 Vehicle parameters Axle load

Rw Vehicle parameters Radius of wheels

Ew Vehicle parameters Elastic modulus of wheels

L1 Vehicle parameters 1/2 of fixed wheelbase

L2 Vehicle parameters 1/2 distance between bogie pivot centres

MC Vehicle parameters Mass of car body

JC Vehicle parameters Pitch inertia moment of car body

MB Vehicle parameters Bogie mass

JB Vehicle parameters Pitch inertia moment of bogies

Mw Vehicle parameters Wheel mass

Ks1 Vehicle parameters Vertical stiffness of primary suspension

Cs1 Vehicle parameters Vertical damping of primary suspension
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Ks2 Vehicle parameters Vertical stiffness of secondary suspension

Cs2 Vehicle parameters Vertical damping of secondary suspension

Figure 4.1 The input parameters in vehicle–track–bridge coupling model

The output responses of the vehicle–track–bridge system, as shown in Figure 4.2,

mainly include 1) the displacement, velocity and acceleration at car body, two

bogies and four wheelsets; 2) angle, angular velocity and angular acceleration of car

body and two bogies; 3) the displacement, velocity and acceleration at every point of

rail, track slab and bridge deck along the longitudinal direction.
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Figure 4.2 The output responses of vehicle–track–bridge system

4.1.2 Track Structure Modelling

How the track and bridge is modelled will affect the accuracy of results obtained. To

precisely characterise the dynamic behaviour of track-bridge system, this research

uses a three-layer beam element model to simulate the rail, the track slab(s) and the

bridge.

4.1.2.1 Three-layer beam element model

When discussing the dynamic response of track structure, the excitation of vehicle is

often simplified as a moving load F(x, t)δ(x - x0)eiωt. Under the excitation of a

moving load, the vibration equation of three-layer beam element model can be

expressed as
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where ur(x), us(x) and ub(x) are the displacement of rail, track slab and bridge deck at

location x, Gr(xm,x), Gs(xm,x) and Gb(xm,x) are Green’s functions of rail, track slab
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and bridge deck and F f
m, F d

m and F p
m are the support reactions of fastener, CA mortar

and bridge pier at location xm.
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where Kf, Kd, Kp are the complex stiffness of fastener, CA mortar and bridge pier,

and
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Eq. (4.1) can also be written as

 

 
 
  






























































1

1

0
0

),(

)(0
)(

0)(

N

N

F
r

b

s

r

bpbdbp
NN

sdspsdsd
NN

rfrf xxG

u
u
u

NIaaa
aNIaaa

aNIa
(4.4)

where arf, asd, asp, abp and abd are N × N matrix, and
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It should be noted that the Green’s functions of the rail (Gr(·)), track slab (Gs(·)) and

bridge (Gb(·)) and the complex stiffness of fastener (Kf), CA mortar (Kd) and bridge

pier (Kp) is a discrete function depending on location xi. For the value of xi, this

research specifies that x1 = 0, xi+1 - xi= d0/n0.

For Green’s function of track slab Gs(xm, x), if x is outside the range of the track slab,

the function value should be zero, so it can be expressed as
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where xs is the location of the start point of the slab and Ls is the length of the slab in

the longitudinal direction.

Similarly, for the complex stiffness of fastener, track slab and bridge pier, the

functions should be rewritten as
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where Xf, Xd and Xp are vectors containing the locations of all the fasteners, CA

mortar and bridge piers.

4.1.2.2 Timoshenko and Euler beam model and Green’s function of rail

To solve Eq. (4.1), Gr(·),Gs(·) and Gb(·) should be derived. This section is to present

the derivation of Green’s function of rail. The similar procedure has been presented

in detail by Nordborg (2002) and Hamet (1999), while Green’s function of different

beam elements under different boundary and load conditions has been discussed in

some studies (Mehri et al. 2009, Li et al. 2014, Sun et al. 2014, Hozhabrossadati, et

al. 2015, Rezaiee-Pajand et al. 2017, Li et al. 2017c). The deviation of Green’s

function of track slab and bridge deck will be described in 4.1.2.3.

Since the rail is modelled as Timoshenko beam and the track slab and bridge deck

are modelled as Euler beam, the differential equations of both the Timoshenko beam

and Euler beam will be presented. The vibration equations of Timoshenko beam and

Euler beam are expressed as Eq. (4.10) and (4.11) respectively.



121








































2

2

2

2

4

4

22

4

22

4

4

4

2

2

),(),(),(

),(),(),(),(),(

x
txf

AG
EI

t
txf

AG
Itxf

t
txy

AG
mI

tx
txy

AG
mEI

tx
txyI

x
txyEI

t
txym










(4.10)

),(),(),(
4

4

2

2

txf
x
txyEI

t
txym 







 (4.11)

where I, A, ρ, κ, G and E are the second moment of cross section, cross-sectional

area, density of the material, Timoshenko shear coefficient, shear modulus and

elastic modulus of the beam, respectively; y(x, t) is the displacement of the beam and

f(x, t) is the external excitation load.

Defining Θ = mI/A, B = EI, K = κAG, Θ/B = ρ/E, m/K = ρK/G, Eq. (4.10) and Eq.

(4.11) can also be written as:
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Taking the time Fourier transform of Eq. (4.12) and (4.13) yields:
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Defining kc = ω(Θ/B)1/2, kt = ω(m/K)1/2 and kB = (mω2/B)1/4, for homogeneous cross

sections yields:
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Thus, the homogenous equation for the free Timoshenko and Euler beam can be

expressed as:

0),(2
2

2
2

2

2

































 xYk

x
k

x dp (4.18)

0),(2
2

2
2

2

2

































 xYk

x
k

x BB (4.19)

where:

      2
1

22422222 4
2
1













  tcBtctcp kkkkkkkk (4.20)

      2
1

22422222 4
2
1













  tcBtctcd kkkkkkkk (4.21)



123

Note that for Euler beam, K → ∞, Θ → 0, kc→ 0 and kt→ 0, lead to kp= kd= kB. The

general solution of either Eq. (4.18) or (4.19) is a linear combination of the 4

fundamental solutions. The two general solutions are expressed by Eq. (4.22) and

(4.23) respectively.

xikxkxikxk pdpd ebebeaeaxY   2121),(  (4.22)

xikxkxikxk BBBB ebebeaeaxY   2121),(  (4.23)

where al, a2, b1, b2 are arbitrary constants to be determined from the boundary

conditions associated to each specific problem.

It is frequent to use a pulse load in dynamic analysis of structure response under the

excitation of moving load. Hence, the response of beam can be expressed using its

Green’s function, which is defined as the beam's response to a unit point force. The

differential equations of Timoshenko beam and Euler beam can be expressed as
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For Timoshenko and Euler beam, the displacement at infinity is zero, so Eq. (4.22)

and (4.23) become Eq. (4.26) and (4.27)
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At x = x0, the coefficients in Eq. (4.26) and (4.27) should satisfy the conditions

shown in Eq. (4.28) and (4.29) respectively
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Taking a spatial Fourier transform for Eq. (4.24) and (4.25) and using the residues

method with consideration of the boundary conditions yields the Green’s functions of

infinite Timoshenko beam and Euler beam:
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where:
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According to the assumption, the rail is simulated as infinite Timoshenko beam and

both the track slab and bridge deck are modelled as finite Euler beam. All are on

discrete supports. It is thus necessary to derive the vibration equation of Timoshenko

and Euler beams on discrete supports.

When the beam is on discrete supports, Eq. (4.16) and (4.17) become Eq. (4.33) and

(4.34) respectively.
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Using the superposition principle, the displacement at x is given by
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where:
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where G(·) is the Green’s function of infinite beam and it is given by Eq. (4.30) (for

Timoshenko beam) or Eq. (4.31) (for Euler beam).

4.1.2.3 Green’s function of track slab and bridge deck

So far, the Green’s function of rail as an infinite Timoshenko beam has been

obtained. This part describes the derivation process of Green’s functions of track

slab and bridge deck. The detailed derivation procedure can be found in Abu-Hilal

(2003).

The differential equation of Euler beam under the excitation of a unit point force

δ(x- x0) is shown in Eq. (4.23). The Laplace transformed solution of Eq. (4.23) with

respect to position variable x is
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where s is a suitable transform parameter which is in general a complex variable and

Y(0), Y'(0), Y''(0) and Y'''(0) are the values of the function Y and their derivatives at x

= 0. The inverse transform of Eq. (4.38) is found to be
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where u(x) is the unit step function and
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It is easy to find that:
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So, when x > x0,
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The relationship between the boundary vectors at x = 0 and x = L of the beam are

obtained using Eqs. (4.39) and (4.42):
































































)()(
)()(
)()(
)()(

)0(
)0(
)0(
)0(

)()()()(
)()()()(
)()()()(
)()()()(

04
'''

03
''

02
'

01

'''

''

'

133
2

2
3

2143
2

2
3214

3
4

2
321

xfLY
xfLY
xfLY
xfLY

Y
Y
Y
Y

LLkLkLk
kLLLkLk
kLkLLLk
kLkLkLL

BBB

BBB

BBB

BBB






(4.43)

It can also be written as
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For a simply supported beam, the deflection and the internal bending moment of this

beam must vanish at x = 0, i.e., Y(0) = BY''(0), so the Green’s function for this beam

is obtained from Eq. (4.39) as
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In Eq. (4.45), the unknown parameters Y'(0) and Y'''(0) can be solved, as with

knowing that Y(L) = Y''(L) = 0, Eq. (4.43) becomes
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Solving Eq. (4.47) yields
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Substituting Eq. (4.48) into Eq. (4.46) yields
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Abu-Hilal (2003) also discussed Green’s function under different boundary

conditions. For free-free beam,
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4.1.2.4 Receptance of the track–bridge system

In Sub-subsection 4.1.2.1, the track has been modelled as a three-layer beam and its

response to an external load can be obtained by given Green’s functions of rail, track

slab and bridge deck. Assuming the external load is a harmonic moving load eiΩt,

and it is at origin (x = 0) when t = 0, then the rail response will be:

tie
r

e
r evtxutxu  )(),(

_
(4.51)

where v is the moving speed. For the case that more than one wheel run on the track,

the rail displacement at jth wheel–rail contact point under the excitation of a unit

force at kth contact point is:
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e
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where ljk = aj - ak is the distance between two wheels. When all the four wheels of a

car run onto this span, the rail displacement at contact points is:

         PAzzzzz R
T

RRRRR )()()()()( 4321 (4.53)

where [AR] is track structure flexibility matrix at the four contact points and
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RA (4.54)

where δij = ūre(ljk) is the flexibility value of the track–bridge system at location i

when the excitation is at location j.

4.1.3 Vehicle andWheel–Rail Contact Modelling

4.1.3.1 Vehicle dynamic model

This research presents the vehicle model of a whole car with primary and secondary

suspension system in accordance with the actual situation, as shown in Figure 4.1. In

the vehicle model of a whole car (Lei, 2016), bouncing vibration and pitch vibration

of both vehicle and bogie is considered, so it has ten DOFs. The governing equation

of the moving vehicle vibration is:
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          )()()()( tQtzKtzCtzM VVVVVVV   (4.55)

where [MV], [CV] and [KV] are the mass matrix, damping matrix and stiffness matrix

of the car; {zV(t)}, {żV(t)} and {zᯭ(t)} are the displacement vector, velocity vector and

acceleration vector of vehicle response; {QV(t)} is the external load caused by wheel

roughness. It should be noted that the gravity load of vehicle will not be considered

in the vehicle–track coupling vibration. As described by Lei (2016), the explicit

expressions for the variables in the above equations are shown in Eq. (4.56)~(4.62):

}{][ 4321 wwwwttttCCV MMMMJJMMJMdiagM  (4.56)

   TwwwwttttccV tztztztztttztzttztz )()()()()()()()()()()( 43212121  (4.57)

   TwwwwttttccV tztztztztttztzttztz )()()()()()()()()()()( 43212121   (4.58)

   TwwwwttttccV tztztztztttztzttztz )()()()()()()()()()()( 43212121   (4.59)

   T
V tPtPtPtPtQ })()()()(000000)( 4321  (4.60)
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where:

Mc, Jc - mass and pitch inertia moment of car body;

Mt, Jt - mass and pitch inertia moment of bogie frame;

Mwi (i=1,2,3,4) - mass of wheels;

Ks1, Cs1 - vertical stiffness and damping of primary suspension;

Ks2, Cs2 - vertical stiffness and damping of secondary suspension;

zc - vertical displacement of car body (downward direction is positive);

φc - rotation angle of car body around the horizontal axis (clockwise is positive);

zt - vertical displacement of bogie (downward direction is positive);
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φt - rotation angle of bogie around the horizontal axis (clockwise is positive);

zw - vertical displacement of wheel (downward direction is positive);

2L1 - fixed wheelbase;

2L2 - distance between bogie pivot centres.

4.1.3.2 Receptance of vehicle

Assuming the wheel tread has harmonic roughness, the external load acting on

vehicle should be a harmonic load:

    t
VV eQtQ  i)()( (4.63)

and the response should also be harmonic:

    t
VV eztz  i)()( (4.64)

Substituting Eq. (4.63) and (4.64) into Eq. (4.55) yields:

                


VVVVVVV QAQMCKz 12i)( (4.65)

Defining the dynamic wheel–rail interaction force {P(Ω)} as:
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    )()()()()( 4321 PPPPP (4.66)

and wheel vertical displacement {zw(Ω)} as

    )()()()()( 4321 WWWWW zzzzz (4.67)

and it has

     )()(   PHQV (4.68)

    )()(  WV zzH (4.69)

where [H] = [[0]4×6 [I]4×4] for the vehicle having ten DOFs.

Substituting Eq. (4.68) and (4.69) into Eq. (4.65) yields:

          )()()(   PAPHAHz WVW (4.70)

where [AW] is the flexibility of vehicle at the wheelset points. It can be extended to

multiple-car case, and the flexibility of a N-car train at wheelset points will be

 NWiWWTW AAAdiagA ][,,][,][][ 1  (4.71)

where [AW]i is the flexibility matrix of the ith car at its wheelset points.
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4.1.3.3 Wheel–rail contact modelling

To make the analysis in frequency domain, the nonlinear Hertzian normal contact

should be treated as linear elastic contact. The difference between the nonlinear and

linear interactions is found to be small if the roughness level is not extremely high

and a typical static contact preload exists (Wu and Thompson, 2000). The

amplitudes of the radius deviation of the polygonal wheels are normally very low (<

0.1 mm for high-speed trains), so it is reasonable to use a linear model to describe

the wheel–rail contact.

The nonlinear Hertzian contact model is expressed as

23
0uCP H (4.72)

where P is the wheel–rail interaction force, CH is the stiffness of nonlinear contact

which depends on the material properties and geometry of wheel and rail and u0 is

the deformation caused by contact. The normal contact stiffness can then be

linearised near P = P0, (P0 is the static axle load):

3231
0

21
0

0 2
3

2
3

HHH CPuC
du
dPk  (4.73)

In a single vehicle model, relative displacement amplitude {η(Ω)} at wheel–rail

contact point is:
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      )()()()()()( 4321   PAT (4.74)

where [A∆] = diag(1/kH 1/kH 1/kH 1/kH)T is the contact receptance.

Let the tread roughness of the lth wheel ∆zl(x) be harmonic function:

   x
ll

leAxz  /2i (4.75)

In the single car model, the amplitude of wheel tread roughness at wheel–rail contact

point is

    )()()()()( 4321 zzzzz (4.76)

For HSR wheels, the contact loss rarely occurs. Supposing the wheel always keeps

contacting with the rail, the displacement constraint condition at wheel–rail contact

point is

       )()()()(  zzz RW  (4.77)

Substituting Eq. (4.53), (4.70), (4.74) and (4.76) into Eq. (4.77) yields

         )()(   zPAAA RW (4.78)
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From Eq. (4.78), amplitude of dynamic wheel–rail contact force generated by wheel

tread roughness can be derived, and dynamic wheel–rail contact force can be

calculated by {P(t)} = {P(Ω)}eiΩt. Hence, dynamic response can be obtained for all

parts of the vehicle–track–bridge system under dynamic wheel–rail force generated

by the irregularities of all the wheels.

4.1.4 Wheel–Rail Interaction Force Solved by Pseudo-excitation method (PEM)

This model enables solutions to be obtained relatively easily in the frequency

domain. The response of multi-degree-of-freedom (MDOF) system to

multi-excitation can be expressed as:

        T HSHS xxyy )()()( * (4.79)

where [Sxx(Ω)] and [Syy(Ω)] is the excitation and response PSD matrices, and [H(Ω)]

is the frequency response matrix. As the excitations at the interaction points between

the wheelsets and the rail are correlated, the random vibration analysis is very time

consuming (Lu et al. 2008). To overcome the calculation problem, pseudo-excitation

method (PEM), which is proposed by Lin et al. (1994a, 1994b) as the fastest way to

deal with random multi-excitation problems is used. According to this method, the

random multi-excitation problem can be transferred into a deterministic harmonic

excitation problem. If the vehicle has M wheelsets and the roughness PSD of all the
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wheels are Sxx1(Ω), Sxx2(Ω), ..., SxxM(Ω), then the vehicle–track–bridge system is

assumed to be subjected to a pseudo excitation:
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(4.80)

With the use of PEM, Eq. (4.78) can then be written as

         )(~)(~
  zPAAA RW (4.81)

Solving Eq. (4.81) yields the pseudo wheel–rail contact force spectrum

corresponding to pseudo wheel roughness excitation  )(~ P . According to PEM,

the PSD of wheel–rail dynamic force can be obtained as:

   T)(~)(~)( 

PPSPP (4.82)

where  )(~P and  T)(~
P are the conjugate and transpose of  )(~ P .

A further important thing to notice is that the wheel roughness is represented as

one-side PSD with respect to spatial frequency, while {Svi(Ω)} is PSD with respect
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to time. Therefore, the input wheel roughness PSD should be transformed to time

PSD by

v
SS xx

v
)()( 

 (4.83)

where β is the spatial frequency, Ω is the time frequency, v is the train speed and Ω =

βv. Substituting Eq. (4.83) into Eq. (4.80) and solving Eq. (4.81) and (4.82) yields

the PSD of wheel–rail dynamic force excited by one-side spatial roughness PSDs of

all the wheels. Then by substituting the PSDs of wheel–rail dynamic forces into Eq.

(4.53) and Eq. (4.70), the responses with respect to all the DOFs in the vehicle-track

system can be obtained.
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4.2 Wheel Tread Roughness Measurement andAnalysis of The

Effects on Vehicle and Track Components

4.2.1 Procedure

With the vehicle–track–bridge coupling model developed in previous section, the

roughness-excited dynamic forces at the wheel–rail interface and vibrations in

different components of vehicle–track–bridge system can be evaluated in the

frequency domain. A computational program is designed for dynamic analysis of the

high-speed train and rail track response due to wheel tread roughness and

polygonisation, as shown in Figure 4.3.

The input track-bridge structure parameters will be subject to the calculation of both

the global track-bridge system receptance and the flexibilities at the contact points

(the number of contact points is equal to the number of wheels on the track), while

the input vehicle component parameters will be used in the calculation of both the

global vehicle system receptance and the flexibility at the same contact points. Then,

the flexibilities of both track-bridge and vehicle at contact points as well as the input

excitation roughness will be used to calculate the PSDs of wheel-rail interaction

forces at all the contact points. Finally, the responses with respect to all the DOFs of

both track-bridge system and vehicle system can be obtained from PSDs of

wheel-rail forces and the receptances of track-bridge system and vehicle system.
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Figure 4.3 The procedure of dynamic analysis of the vehicle–track–bridge system

under the excitation of wheel roughness

This procedure, with low computational cost, allows parametric studies of some

crucial parameters, such as train speed, input wheel roughness spectrum, stiffness of

fastener, CA mortar, bridge pier, primary and secondary suspension systems, etc.

Specifically, the computational cost is decided by the resolution of frequency (input

roughness spectrum vector) and DOFs of track-bridge system (parameter n0).

4.2.2 Wheel Roughness Datasets and Input Parameters

4.2.2.1 Measured wheel roughness datasets

The wheel tread roughness around the wheel circumference can be accurately

obtained by offline in-depot wheel radius deviation measurement, and results can
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serve as input excitation in vehicle–track dynamic simulation. Furthermore, through

results from wheels in different states (roughness levels), one can get a basic

knowledge of the roughness distribution at different frequency ranges in actual

situation of high-speed trains.

Wheel roughness can be expressed by wheel irregularity level spectrum Lw (in dB re

1 µm) which is defined by ISO 3095 (2013) as:













ref
w a

aL
ˆ

log20 10 (4.84)

where Lw is the roughness level of wheel at a specified frequency band, â is the

RMS of radius deviation at the same frequency band, aref is the reference radius

deviation value which is specified by ISO 3095 (2013) as 1 µm. With this definition

an effective roughness amplitude of 10 µm gives a roughness level of 20 dB, and 1

µm is equivalent to 0 dB.

As such, the PSD and roughness level with respect to each polygon order can be

obtained from the radius deviation data, as shown in Figure 4.4.
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Figure 4.4 Measured wheel roughness and corresponding PSD and roughness versus

polygon order

A wheel tread roughness measurement was carried out for both healthy wheelsets

and wheelsets with polygonal wear. There are 23 samples obtained using a same

wheel roughness measurement device. Figure 4.5 illustrates the measurement results

represented in roughness level with respect to polygon order.
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Figure 4.5 Wheel roughness measurement results of a typical high-speed EMU: red

line - the mean values at all orders, blue line - the maximum values at all orders, green

line - the minimum values at all orders

It is seen that the dominant polygon shapes for this type of EMU is 1st -order

(eccentricity) and 20th -order at which the roughness levels are relatively high. The

measurement results are very similar to another measurement conducted by Wu et al.

(2015) on high-speed trains. In that research, the effects of wheel polygonisation on

vehicle–track system dynamics are also studied, but instead of using the measured

wheel roughness spectrum, the input wheel roughness is an ideal 20th -order

polygonal wear. This research will study the effect of polygonisation based on

stochastic wheel roughness in accordance with actual measurement results, and
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input roughness datasets for parametric analysis will be formed in Sub-subsection

4.2.2.2.

4.2.2.2 Wheel roughness input for parametric analysis

For frequency domain model, because it is linear, the excitation and response at

every frequency are independent of those at other frequencies. Therefore, to

investigate the effects of wheel roughness on system dynamic responses, this

research creates 20 new samples of roughness spectrum curves, which graduate

evenly from the minimum values to the maximum values at all polygon orders, as

shown in Figure 4.6.
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Figure 4.6 Wheel tread roughness samples generated for parametric analysis on the

responses of vehicle–track–bridge system

It should be noted that although the roughness level versus polygon order is in

frequency domain, it cannot be input as excitation in the model, and only the PSD

versus frequency (or wavelength) can serve as an input. However, due to the output

specification of wheel tread inspection devices, in many cases, only the roughness

levels versus polygon order, as shown in Figure 4.5 can be obtained, while the radius

deviation data around the wheel circumference are not stored. To further generate

the PSDs of all the wheel roughness samples (as required by the frequency-domain

model proposed in Section 4.1, input wheel roughness data should be PSDs of wheel

irregularities), a two-step transform algorithm is presented.

First, conducting inverse of Eq. (4.84) yields the RMS value at each polygon order:

2010ˆ
wL

refaa  (4.86)

The corresponding centre frequency (1/m) is:

w
c C

nf  (4.87)
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where n is the polygon order and Cw = 2πRw is the circumference of the wheel. And

the lower (fl) and upper limits (fu) of the frequency band can be defined as:

w
l C

nf 5.0
 (4.88a)

w
u C

nf 5.0
 (4.88b)

A time history of Gaussian noise with an RMS value of â in frequency band (fl, fu)

can be formed:

 
i

iiij tttptn ))(cos()()(  (4.89)

where nj(t) is the time history (with RMS value â) inverted from the roughness level

at jth polygon order (j = 1, 2, 3, ..., 40), 2πfl < ωi < 2πfu, pi(t) is a random envelope to

generate Gaussian noise, φi(t) is a random phase and the interval i is decided by

resolution in frequency domain. Then the time history of wheel roughness can be

obtained:





40

1

)()(
j

j tntr (4.90)

With Eq. (4.89) and (4.90), the time history of wheel radius deviation inverted from

measured wheel roughness levels can be generated. To validate the proposed
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inversion process, we choose a measured wheel radius deviation around the wheel

circumference and use Eq. (4.84) to calculate its roughness levels at polygon orders

from 1 to 40. Then with Eq. (4.89) and (4.90), the inverted radius deviation can be

obtained. Figure 4.7 shows the time histories of both measured and inverted radius

deviation. It is seen that the inversion result can generally fit the original measured

sample. It should be noted that because the random phase and envelope is

considered in inversion process, the time histories and corresponding PSDs of the

wheel roughness are uncertain. Furthermore, the frequency range of inverted time

history is below 40.5/Cw.

Figure 4.7 Time history of measured (blue line) and inverted (green line) wheel

radius deviation

By conducting the inversion procedure on the roughness levels shown in Figure 4.6,

and using FFT, the PSD of the input wheel tread roughness can be obtained, as
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shown in Figure 4.8. Note that for wheels with radius of 0.4575 m, the 40th -order

polygon corresponds to a spatial frequency of 13.92 (1/m) and the 20th -order

polygon corresponds to 6.96 (1/m).

Figure 4.8 Input PSDs of wheel tread roughness for parametric analysis

A further thing to be mentioned is that for the sake of achieving a clear parametric

analysis of different wheel roughness levels, this research assumes that the four

wheels excited on the track have the same wheel roughness spectrum with random

phase differences. This assumption is also reasonable because the wheel

polygonisation conditions on all the wheelsets of the same car always roughly have

a same level, as reported by actual wheel maintenance records.
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4.2.2.3 The structural parameters of vehicle, track and bridge

A typical track structure and vehicle applied in HSR is selected. The system

parameters are as follows (Lei 2016): v = 60 m/s (216 km/h), a0 = 22.75 m, n0 = 2,

Er = 206 GPa, r = 7.85×103 kg/m3, Gr = 7.7×1010 Pa, κ = 0.4, Ar = 7.745×10-3 m2, Ir

= 3.217×10-5 m4, ηr = 0.01, Es = 39 GPa, s = 2500 kg/m3, As = 0.51 m2, Is = 0.0017

m4, ηs = 0.25, Ls = 25m, Eb = 30 GPa, b = 2500 kg/m3, Ab = 4.132 m2, Ib = 1.033 m4,

ηb = 0.25, Lb = 25 m, d0 = 0.6m, kf = 6.0×107 kN/m, ηr = 0.25, Msp = 250 kg, ksp =

3.0×108 kN/m, ηsp = 0.25, d1 = 0.625 m, kba = 9.0×108 kN/m, ηba = 0.25, kp =

3.39×109 kN/m, ηp = 0.25, P0 = 160 kN, Rw = 0.4575 m, Ew = 206 GPa, L1 = 1.25 m,

L2 = 9 m, MC = 52,000 kg, JC = 2.31×106 kg/m2, MB = 3,200 kg , JB = 3,120 kg/m2,

Mw = 1,400 kg, Ks1 = 1.87×103 kN/m, Cs1 = 5×102 kN s/m, Ks2 = 1.72×103 kN/m, Cs2

= 1.96×102 kN s/m.

In terms of selection of parameters and model computation, it is worth mentioning

that:

 As n0 = 2, (DOFs between two sleepers), there are 243 DOFs in track–bridge

system, including 81 on rail beam, 81 on track slab and another 81 on bridge

deck.

 To facilitate the roughness effect analysis, the nodes selected for responses

collection are at the section of the excitation points of the first wheel (at 22.75
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m from origin), and the 1st wheel (axle box) and the 1st bogie are selected for the

acceleration analysis of the axle box and bogie frame.

4.2.3 Simulation Results

By inputting the wheel roughness shown in Figure 4.8 and the structure parameters

into the computational program described in Figure 4.3, the PSDs of all the DOFs in

the coupling system can be obtained (with respect to the 253 DOFs). The PSDs of

wheel–rail interaction force, the acceleration of rail, track slab, bridge deck, wheel

axle, bogie frame and car body at selected nodes are shown in Figure 4.9–Figure

4.15. To clearly show the effect of wheel polygonisation on the system dynamics,

the vibration level (in dB re 10-6 N for force, in dB re 10-6 m/s2 for accelerations,

refer to ISO 2631 2003) in the frequency range (Fl, Fu) corresponding to each

polygon order is also presented in these figures, where Fl = fl·v and Fu = fu·v.
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Figure 4.9 Wheel–rail interaction force: PSD (left) and vibration level

corresponding to 1st –40th polygon orders (right)

Figure 4.10 Rail acceleration: PSD (left) and vibration level corresponding to 1st

–40th polygon orders (right)

Figure 4.11 Track slab acceleration: PSD (left) and vibration level corresponding to

1st –40th polygon orders (right)
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Figure 4.12 Bridge deck acceleration: PSD (left) and vibration level corresponding

to 1st –40th polygon orders (right)

Figure 4.13 Wheel axle acceleration: PSD (left) and vibration level corresponding to

1st –40th polygon orders (right)
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Figure 4.14 Bogie frame acceleration: PSD (left) and vibration level corresponding

to 1st –40th polygon orders (right)

Figure 4.15 Car body acceleration: PSD (left) and vibration level corresponding to

1st –40th polygon orders (right)

It is seen from Figure 4.9~4.15 that:
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 The effects of wheel eccentricity (1st-order polygonisation) are obvious on

wheel-rail force and accelerations on wheel axle, bogie frame and car body, but

not obvious on the acceleration of rail, track slab and bridge deck.

 The effects of 20th -order polygonisation are obvious on wheel-rail force and

accelerations on rail, track slab, wheel axle, but have little influence on car body

vibration. This finding agrees with previous research that the high-frequency

vibrations are filtered by the primary suspension and fasteners.

 The wheel roughness at 7th -order polygon is not high, but the corresponding

acceleration levels (at the same frequency range) on track slab and bridge deck

are outstanding. It is because of the receptance of track-bridge system which

determines that there is low vibration reduction from rail to slab and further to

bridge.

In HSR operation, the high-order polygonisation (17th–23rd order) attracts more

attentions. Therefore, this research further investigates the variance of the vibration

levels of all the structure components at these polygon orders, as shown in Figure

4.16. It is seen that:

 The vibration levels of different structure components increase linearly with as

the wheel roughness level at these polygon orders.
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 For all polygon orders, the vibration levels of different structure components in

descending order is listed as: rail (both wheel-rail force and acceleration) >

wheel axle ≈ track slab > bogie frame > bridge deck > car body.

a) 17th -order b) 18th -order

c) 19th -order d) 20th -order
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e) 21st -order f) 22nd -order

g) 23rd -order

Figure 4.16 The relationship between system dynamics and wheel roughness at

different polygon orders (17th–23rd orders): R1 - wheel-rail interaction force (re 10-6

N), R2 - rail acceleration (re 10-6 m/s2), R3 - track slab acceleration (re 10-6 m/s2), R4
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- bridge deck acceleration (re 10-6 m/s2), R5 - wheel axle acceleration (re 10-6 m/s2),

R6 - bogie frame acceleration (re 10-6), R7 - car body acceleration (re 10-6 m/s2)

From the numerical simulation and parametric studies, it can be concluded that both

the rail acceleration and wheel–rail interaction force are sensitive to high-order

wheel polygonisation. However, because the strain response caused by neighbouring

wheels can be easily distinguished, it is more suitable to use strain gauge to develop

online wheel polygonisation detection system. Furthermore, the accelerometer-based

trackside detector always need an additional wheel axle counter, the function of

which has been incorporated in WILD or other strain gauge based detector (Wei et al.

2010). In recognition of this, in the next section the development of different layouts

of sensing arrays to measure the rail response related to wheel-rail interaction force

will be presented.
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4.3 SensorArray Setup forWheel Polygonisation Detection

Based on the parametric studies presented in Section 4.2, this section will develop a

rail response detector related to wheel-rail interaction force to capture the response

features on the corresponding frequency range of the specific polygon orders.

Considering that an FBG-based trackside monitoring system for wheel local defect

detection has already been presented in Section 3.3, this section will also make use

of the FBG-based sensing system and incorporate different FBG arrays specially

designed for wheel polygonisation detection into this system.

A proper distribution of sensor arrays is important for developing an efficient strain

gauge-based wheel polygonisation detector. Based on the methodologies of

wheel–rail dynamic interaction measurement, this section proposes three layouts of

FBG arrays: i) FBG rosettes installed on the rail web, ii) vertical FBGs installed on

rail web above the sleeper, and iii) longitudinal FBG arrays mounted on rail base.

The deployment of FBGs and the configuration of a hybrid detector for both wheel

local defect detection and polygonisation detection will be detailed in Subsection

4.3.1 and 4.3.2 respectively.
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4.3.1 FBG Strain Gauge Instrumentation

When a train passes over the instrumented section, the wheel–rail normal force P

will cause reaction force R provided by sleepers and bending moment M at rail

cross-section. Either wheel–rail normal force or bending moment can be used as

indicator of the condition of passing wheels.

4.3.1.1 FBG strain gauge for wheel-rail interaction monitoring

For wheel polygonisation detection, a section of rail between two adjacent sleepers

as the instrumented section. The length of instrumented section is only around 0.6 m,

much shorter than that for wheel local defect detection. This is because that the

wheel polygonisation is periodic OOR all around the wheel, and theoretically the

roughness condition at any location on wheel tread can reflect the condition of the

whole wheel circle. Figure 4.17 shows the all three layouts of FBG arrays (assume

that the two side of rails are north-side rail and south-side rail), which will be

detailed in the following Sub-subsections.
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Figure 4.17 Three layouts of FBG arrays for wheel polygonisation detection

4.3.1.2 Rail web FBG rosette

This layout, known as the widely used method for wheel–rail vertical force

measurement, is based on the principle of full Wheatstone bridge with 4 or 8 strain

gauge cribs per rail (Stratman et al., 2007, Milković et al. 2013). The FBG array

consists of 16 FBGs (8 FBG rosettes) instrumented along the neutral axis on both

sides of the rail web, as shown in Figure 4.17 (FBG SWO1~8 and NWO1~8). The

output wheel–rail normal force can be calculated as

r r N
N

r r S
S

I bGP
S

I bGP
S








(4.91)

where PN, PS are wheel–rail normal forces acting on the head of two rails (north-side

rail and south-side rail). Ir is the moment of inertia of the entire rail cross-sectional
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area. b is the thickness of rail web at the neutral axis and S is first moment of area of

upper or lower part of neutral axis. Gr is shear modulus of the rail. K is the

sensitivity of the FBG (in μɛ/pm). The output strain signals of the FBG rosettes on

both rails can then be calculated as:

1 2 3 4 5 6 7 8

1 2 3 4 5 6 7 8

4

4

NWO NWO NWO NWO NWO NWO NWO NWO
N

SWO SWO SWO SWO SWO SWO SWO SWO
S
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(4.92)

where ∆λNWO1~∆λNWO8 and ∆λSWO1~∆λSWO8 are the wavelength changes of all the rail

web FBG rosettes caused by the wheel–rail vertical dynamic force.

4.3.1.3 Rail web vertical FBG array

This layout measures the vertical compressive strain of rail web right above the

sleepers due to the wheel–rail contact force. The array consists of 8 FBGs (2 on both

sides of one rail above one sleeper), as shown in Figure 4.17 (FBG SWV1~4 and

NWV1~4). The output wheel–rail force is proportional to the output strain

responses:
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where PN1, PN2, PS1, PS2, are wheel–rail normal contact forces acting on rail head of

two rails right above sleeper 1 and 2. ∆λNWV1~∆λNWV4 and ∆λSWV1~∆λSWV4 are the

wavelength changes of all the rail web vertical FBGs due to the wheel–rail contact

force. Note that the quantification of exact vertical force using this layout requires an

on-site calibration.

4.3.1.4 Rail base longitudinal FBG array

This layout measures the longitudinal strain of rail base caused by bending moment

of the cross-section. The layout consists of 10 FBGs which form two arrays mounted

on base of both rails, as shown in Figure 4.17 (FBG SBL1~5 and NBL1~5). The rail

bending moment can be obtained as

, 1, 2,3, 4,5

, 1, 2,3, 4,5

r r r r
Ni NBLi NBLi

r r r r
Si SBLi SBLi

E I E IM i
y Ky

E I E IM i
y Ky

 

 

   

   
(4.94)

where MNi, MSi are rail cross-sectional bending moment at location i (refer to Figure

4.17) of two rails. y is the height difference between neutral axis and array. ∆λNBLi

and ∆λSBLi are the wavelength changes of the ith FBG installed on the rail at

north/south side.
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4.3.2 AHybrid System forWheel Local Defect and Polygonisation Detection

An FBG-based trackside monitoring system for wheel local defect detection has

already been developed in Section 3.3, and three layouts of FBG arrays for wheel

polygonisation are presented this section. Therefore, it is possible to combine the

two FBG-based detectors and establish one hybrid system, which would use only

one interrogator and one computer for detection of both local defects and polygonal

wears. Figure 4.18 shows the configuration of the hybrid system. Note that: 1) there

are 66 FBGs (deployed on both rails) in this system, 42 FBGs are used to form two

rail foot FBG arrays, 16 belong to two rail web FBG rosettes and 8 are rail web

vertical FBGs. 2) Among 42 rail foot FBGs, 10 (5 on each rail, inside red rectangle

in Figure 4.18) are responsible for both wheel local defect and wheel polygonisation

detection. 3) all the FBGs will be wired into four channels (Figure 4.18 shows two

out of the four channels and another two channels are used to connect the FBGs on

the other side of rail), two connect the 42 rail foot FBGs and the other two connect

24 rail web FBGs.
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Figure 4.18 The hybrid system for both wheel local defect detection and wheel

polygonisation detection
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4.4 Summary

Although wheel flat and wheel polygonisation have a lot in common, they are very

different from the point of dynamic simulation. Local defect analysis should be

conducted in time domain, while the wheel polygonisation with few dominant

wavelengths should be in frequency domain to achieve both computation accuracy

and efficiency. Different from Chapter 3, this Chapter presents a

vehicle–track–bridge coupling model which is developed in frequency domain. This

helps with a comprehensive analysis of wheel polygonisation effects on different

components of the whole system with high computational efficiency. Parametric

studies show that both wheel–rail interaction force and rail acceleration response are

sensitive to high-order polygonisation. However, because of the advantages of

WILD or strain-gauge based detector over accelerometer-based detector, as

discussed in Chapter 2, this research chooses the strain gauge-based detector for

wheel polygonisation detection. An FBG-based trackside detection system for

high-speed train wheel polygonisation is then presented. Based on the

methodologies of wheel–rail dynamic interaction measurement, three layouts of

FBG arrays have been developed. Because the proposed detector for polygonisation

detection is an FBG-based system, it can be incorporated into the sensing system

developed in Chapter 3 to form a hybrid system which is able to detect both wheel

local defects and wheel polygonisations. The polygonisation identification
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algorithms embedded in the software of this online system will be presented in

Chapter 5, and a field test to validate the performance of this system in

polygonisation detection will be presented in Chapter 6.
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CHAPTER 5

DETECTIONALGORITHMS FORWHEEL LOCAL

DEFECTAND POLYGONISATION

Chapter 3 and Chapter 4 have proposed the online detectors for wheel local defect

detection and wheel polygonisation detection respectively. With the online detectors,

the rail strain responses to the excitation of passing wheels can be collected sensors

deployed on the instrumented section. To identify the defective wheels as well as

assess wheel roughness level in a real-time manner, a signal processing method is

needed. This Chapter will develop a series of algorithms for both local defect and

polygonal defect detection using the online wheel condition monitoring data

acquired by the detection system proposed in previous Chapters. The algorithm

consists of four steps. The monitoring data will be pre-processed using signal

extraction method and data smoothing technique to provide the normalised

responses excited by all of the passing wheels for further analysis. Based on the

normalised response datasets obtained in Section 5.1, a local defect identification

algorithm based on Bayesian learning method and outlier analysis technique will be

presented in Section 5.2. A wheel polygonisation assessment algorithm based on the

frequency domain analysis of the normalised response data will then be presented in
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Section 5.3. With the use of these algorithms, real-time wheel condition monitoring

and defect detection can be realised.

5.1 Data Pre-processing

5.1.1 Strain Response Extraction

The requirement of real-time wheel condition monitoring and defect detection

means a need for signal processing algorithm that can automatically extract response

excited by each wheel from whole time history of rail strain. This algorithm is

included in the data pre-processing procedure which is shared by both wheel local

defect detection and wheel polygonisation detection. To this end, the first step is to

search the peak values and the corresponding time slots, the number of which should

be equal to the number of passing wheelsets. A signal processing strategy

comprising four loops is developed for the response extraction, as shown in Table

5.1.

Table 5.1 Procedure of rail response extraction

Input: s - Rail strain data collected by one FBG (s = (s1,s2,...,sn)), Th - Threshold (0

< Th < 1), tmin - minimum interval of responses excited by two wheels, 2np +1 - data

points needed for single-wheel response, fs - sampling frequency, lb - fixed
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wheelbase of train

Output*: Rail strain responses corresponding to excitation of all the passing

wheels, passing speeds of all the wheels

Step Procedures

1
Define i = 1, empty vector sp (strain data that have the value exceed the

Th·max(s)), empty vector u (the data points refer to sp), n = length(s)

2 Check if si> Th·max(s): if yes, go to Step 3; otherwise, go to Step 4

3 Conduct sp = [sp, si], u = [u, i]

4 Conduct i = i + 1

5 Check if i > n: if yes, go to Step 6; otherwise, repeat Step 2

6
Define j = 2, empty vector u' (to collect the last point of the peak response

excited by each wheels)

7 Check if u(j) - u(j - 1) > tmin: if yes, go to Step 8; otherwise, go to Step 9

8 Conduct u' = [u', u(j - 1)]

9 Conduct: j = j + 1

10 Check if j > length(u): if yes, go to Step 11; otherwise, repeat Step 7

11
Conduct u' = [1, u'], define k = 2, empty vector vp and lp (store the peak

value and corresponding location in time history)
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12 Conduct lp = [lp, u((u'(k - 1)+u'(k))/2)], vp = [vp, sp((u'(k - 1)+u'(k))/2)]

13 Conduct k = k + 1

14 Check if k > length(u'): if yes, go to Step 15; otherwise, repeat Step 12

15 Define l = 1, empty matrix v (the speeds of all the passing bogies)

16 Define s(l) = s(lp(l) - np : lp(l) + np) as the strain response excited by lth wheel

17
If l is even number, conduct v = [v, lb·fs/(lp(l) - lp(l - 1))],

else conduct v = [v, lb·fs/(lp(l + 1) - lp(l))]

18 Conduct l = l + 1

19 Check if l > length(lp): if yes, end procedure; otherwise, repeat Step 16

Notes:

 In Step 12, the maximum strain value may not be the peak point considering

that the noise in observation data may generate false peaks.

 The user-defined threshold Th is based on knowledge of passing trains (e.g.,

heavy wagon, locomotive, metro trains or high-speed trains). For high-speed

trains in this research, for example, the variance of the peak values is relatively

small, the value of Th can be greater than 0.5, however for the case shown in

Figure 2.17 (right) where a severe wheel local defect presents (not common for

high-speed trains), the value of Th needs to be < 0.2.
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Figure 5.1 shows the measured strain response acquired by an FBG sensor deployed

at rail foot during the passage of an 8-car train. The time history of the strain

response exhibits 32 peaks in accordance with 32 wheels. By conducting the

response extraction procedure, the strain responses corresponding to all the wheels

can directly refer to the excitation of passing wheels. Figure 5.2 illustrates the strain

responses around their peaks obtained from different sensors as a wheel passes by.

Figure 5.1 Measured strain response acquired by an FBG sensor deployed at rail

foot
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Figure 5.2 Strain responses acquired by different FBG sensors

5.1.2 Strain Data Normalisation

The response datasets refer to all passing wheels have been obtained in Subsection

5.1.1. In this subsection, the datasets will be normalised to remove the response

component which corresponds to the ideal response excited by round wheel so that

the effect of tread roughness of the passing wheel can be quantified. Specifically, the

measured strain responses corresponding to the passing wheels are first
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pre-processed by the smoothing technique and then an ideal global response curve

exclusive of the localised response features is derived by fusing the smoothed strain

response curves from all the sensors. A subtraction of the ideal global response curve

from the smoothed response curves obtained by different sensors gives rise to the

normalised data. To smooth the raw monitoring data, this research uses

Savitzky-Golay (S-G) filter. Introducing 5-point quadratic polynomial, the trend

term of the strain data can be obtained. For a strain time series s(0) (s(0) = (s(0),1,

s(0),2, ... , s(0),n) ), it can be smoothed several times until the trend becomes smooth

enough. Then the normalised strain data š can be obtained:

   0 m s s s
(5.1)

where s(m) is the result of m times smoothing (m = 1, 2, ...) and it can be obtained as:

     1 0
m

m m s As A s (5.2)

where A is the matrix of coefficients specified by 5-point quadratic polynomial and

the expression of A can be found in Savitzky and Golay (1964).

Normalising the strain responses shown in Figure 5.2 using Eq. (5.1), the normalised

strain response data of all the FBGs are shown in Figure 5.3 (m = 500).
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Figure 5.3 Normalised rail strain responses
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5.2 Wheel Local Defect Identification

5.2.1 Introduction

Following the signal extraction and data normalisation of rail foot strain responses,

this Section presents a Bayesian approach for localised response feature

identification. The distribution of normalised strain responses can be updated with

newly accumulated monitoring datasets refer to the passing wheels based on

Bayesian learning method. A posterior probability density function (PDF) can then

obtained to characterise the overall feature of rail responses. In the updating

procedure, an outlier removal scheme is adopted to eliminate the influence of

uncertainties generated from measurement error, environmental noise or excitation

of a defective wheel on the PDF updating of rail response. The outlier datasets are

determined by proximity measure results of the posterior density updated from every

single dataset of response excited by each of the passing wheels. With the outlier

removal scheme, one can obtain a more accurate PDF of strain response inferred by

Bayesian learning method. Then a threshold of strain response can be established by

the updated PDF and the Chauvenet's criterion. If normalised strain exceeds the

threshold, it will be recognised as localised anomalies. The overall procedure of

local defect detection is shown in Figure 5.4. and the subprocedure to confirm

potential defect is illustrated in Figure 5.5.
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Therefore, the whole procedure for wheel local defect detection comprises three

steps:

Step I: this step is to conduct data pre-processing for the subsequent wheel defect

detection, as aforementioned in Section 5.1.

Step II: this step conducts anomaly identification based on Chauvenet’s criterion to

find signatures of potential local defects in the time history of the normalised

response data for the passing wheelsets. To place a limit for anomaly identification,

a Bayesian learning method with outlier removal techniques is used to update the

PDF of normalised strain response with the accumulating rail strain monitoring data.

Step III: this step is a further analysis for the anomalies found in step II, mainly to

detect potential defects, as illustrated independently in Figure 5.5. When the

anomaly dataset is not empty (in other words, the dataset contains anomalies

extracted from rail strain response), the anomalies and their features will be subject

to further investigation. If in an anomaly dataset, there are no less than three

anomalies (collected by different FBGs at a same time period), the anomalies in the

dataset are likely the responses to the excitation of a wheel local defect. The features

of the potential defect, including the relative response amplitude and its location on

the wheel tread, can then be obtained subsequently. The wheel defect identification

method will be detailed in Subsection 5.2.5.
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Figure 5.4 The procedure of wheel local defect detection based on monitoring strain

response
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Figure 5.5 The subprocedure for confirming the local defects
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5.2.2 PDF of Strain Response Updated by Bayesian Learning Method

The FBG sensors on the array may have different performances at different locations

because of the errors generated during manufacturing and installation etc. These

factors inevitably have some effects on the monitoring data. Furthermore, the

sensors at different location on rail foot, e.g. at mid-span or above the sleepers, may

have different features in output signals. Therefore, we need to place different

thresholds for each FBG sensor to identify localised anomalies. This research uses a

Bayesian approach with outlier removal technique to acquire the distribution of

strain response of each FBG sensor.

With statistical analysis of the monitoring datasets of rail foot strain responses, it is

found that the strain response approximately follows a Gaussian distribution. When

we assign a Gaussian PDF for the data, the parameters μ and σ can then be obtained

and updated by continuously incoming monitoring data collected by every FBG. The

distribution of strain response, denoted as y can be expressed as

   2
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y
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(5.3)

where μ and σ2 are unknown parameters to be determined. To evolutionarily update

the posterior PDF of normalised strain response with newly accumulated datasets,

the two unknown parameters μ and σ2 are considered as random variables as well. In
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the context of Bayesian inference, the joint posterior PDF p(μ, σ2| D) of the

unknown parameters μ and σ2 given dataset D based on Bayesian Theorem is

(Cowles, 2013)

     2 2 2, , ,p D p p D      (5.4)

where p(D |μ, σ2) is the likelihood function, which, under Gaussian assumption, is

expressed as:
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where n, ȳ and s2 are all constants depending on the dataset D={yj}, j=1,2,...,n, and
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The joint prior PDF p(μ, σ2) depends on prior knowledge or information about data

distribution. When no prior information is available, the non-informative prior PDF



183

based on Gaussian assumption is an ideal choice (Cowles, 2013). The prior

non-informative PDF has following form:

     2 2
2

1, , , , 0,p         


(5.7)

Substituting Eqs. (5.5) and (5.7) into Eq. (5.4) gives rise to a product of an

inverse-gamma and a normal density, which is expressed as:
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2 2
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  (5.8a)

where IG(·) and N(·) are the inverse-gamma and normal distributions, respectively.

Since the marginal posterior distribution of σ2 is the inverse-gamma distribution:

 2 21 1,
2 2
n np D IG s    

 
 (5.8b)

the marginal posterior distribution of μ can be obtained by integrating σ2 , that is
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(5.8c)

When the ith dataset (i = 2, 3, ···, N) is available, a conjugate prior can be chosen for

continuous updating under Gaussian assumption. Thus Eq. (5.4) can be rewritten as:

     2 2 2, , ,i i ii
p D p p D      (5.9)

where Di represents ith dataset. The above equation reveals that the joint posterior

density of μ and σ2 can be successively updated with newly acquired data by taking

the following inverse gamma-normal distribution as the joint prior density
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where four prior parameters, αi-1, βi-1, μi-1, and ki-1, are determined by prior

information; and the posterior density of the parameters remains as an inverse

gamma-normal distribution after ith updating procedure:
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2, , ,i i i i
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p D IG N
k

  
 

   
 

  (5.11a)

Similar to Eqs. (5.8b) and (5.8c), the marginal posterior distribution of σ2 and μ can

be written as:

   2 ,i ip D IG   (5.11b)

 
   2

1
2

2 1
2

i

i

k

i ii
i

i i

p D
k

k



 


   
 
 

  
  




(5.11c)

with

1 2
i

i i
n    (5.12a)

   
 

22
1 1

1
1

1
2 2

i i i i i i
i i

i i

n s k n y
k n


   




 
  


(5.12b)

1 1

1

i i i i
i

i i

k n y
k n
  






 (5.12c)



186

1i i ik k n  (5.12d)

where for given dataset Di = {yi,j}, j = 1, 2, ..., m,

i i in m y (5.13a)

,
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As seen from Eqs. (5.10) and (5.11a), the prior and posterior joint densities of

parameters μ and σ2 are both an inverse gamma-normal distribution, which indicates

that the two densities are conjugate. Comparing Eqs. (5.8a) and (5.10), it can be

found that the prior coefficients α1, β1, μ1, and k1, which are indispensable in the 2nd

updating, can be obtained from the posterior density given in Eq. (5.8a) in the 1st

updating:
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1 1k n (5.14d)

The obtained posterior density from the ith dataset serves as the prior density of

(i+1)th updating. The conjugate property of probability densities of the unknown

parameters allows for the computational tractability in the iterative updating

procedure. The posterior density of strain response pi(y| Di) can be obtained by

integrating with respect to μ and σ2 as (Webb, 2006):

     , ,i i i ip D p p D d d  2 2 2y y       (5.15)

An example of utilising the proposed Bayesian learning approach for strain gauge

distribution updating is illustrated in Figure 5.6, which shows the iterative results of

posterior PDF of the normalised strain responses excited by 32 passing wheels (for

an 8-car EMU). It can be seen clearly from Figure 5.6 that the PDF of normalised

strain response varies with increasing datasets.



188

Figure 5.6 The iterative results of posterior PDF of the normalised strain response

5.2.3 Outlier Removal in Updating Procedure

It can also be seen from Figure 5.6 that there exist some significant shifts in PDF

after inputting some of the datasets (e.g. dataset No. 27). This may be because that

the rail strain response under wheel excitation is vulnerable to many unexpected

factors such as measurement error, environmental noise, and excitation of a wheel

with defects, etc. These factors may lead to the outlier-involved abnormal datasets,

which should be excluded from the data pool because the abnormal datasets can

bring about imprecise PDF estimation results of overall strain response. Therefore,

the datasets with outliers should be removed before Bayesian updating.
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A proximity metric, which measures the proximity of the posterior PDF obtained

from two different datasets, is used to form a similarity matrix representing the

proximity measure of every combination of two different datasets. By calculating

the mean of each column in the matrix, the datasets with relatively lower proximity

with other datasets are determined as outliers. The effect of outlier removal on

estimation of posterior PDF of strain response can be evaluated by comparing the

resulting confidence interval before and after outlier removal practice.

Based on the posterior PDFs of strain response obtained by Bayesian learning

method, the proximity function is defined as (Everitt and Howell, 2005):
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where gi,j is the proximity measure of two datasets Di and Dj, p(k, i) and p(k, j) are

the kth point of posterior PDF curve of strain response corresponding to datasets Di

and Dj , respectively, and A1, A2, A3 are three fill areas divided by two curves as

shown in Figure 5.7. Based on Eq. (5.16), a similarity matrix can then be formed as:
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where P is the similarity matrix of all datasets with the size of N×N, in which N is

the number of datasets.

Figure 5.7 Proximity measure based on probability density

Take the strain response data of all the passing wheel of an 8-car train as an example.

There are 32 datasets of normalised strain response, and the proximity measures of
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all the combination of two datasets are illustrated in Figure 5.8. The mean proximity

value of each dataset with respect to all 32 datasets is shown in Figure 5.9.

Figure 5.8 Proximity measure of all the possible combination of two datasets in 32

normalised strain responses
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Figure 5.9 Mean of proximity measures of each dataset

Based on the proximity measure results, one can determine whether the dataset is an

outlier or not. To be specific, the dataset with relatively lower proximity measure is

identified as an outlier (e.g. dataset no. 27 in above example).

With the proposed Bayesian approach in conjunction with outlier removal technique,

we can conduct successive strain distribution prediction by updating the PDF of

normalised strain responses from the accumulating datasets. Each new dataset will

be classified as an outlier or not by the outlier removal scheme before used for

successive Bayesian updating. The posterior density of unknown parameters from

the previous dataset is utilised as the prior density when updating parameters using

the subsequent dataset. The use of non-informative prior in Bayesian inference

allows for the conjugate property of probability densities of the parameters to be

estimated. This practice enables the computational tractability in the iterative

updating procedure and thus increases the computational efficiency. The

implantation details of the successive strain distribution updating methodology are

given in Figure 5.10.
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Figure 5.10 Flowchart of successive strain distribution updating procedure

For the case shown above, the 95% confidential interval of the posterior density

updated by all 32 datasets is (-1.36, 1.38) μɛ, as shown in Figure 5.6. With the use of

proposed outlier removal method, the dataset no. 27 with a low proximity level (see

Figure 5.8 and 5.9) can be removed, and then the updating the PDF of strain

response again. With the outlier removal technique, the posterior PDF will have no

significant shift after each step of updating, as illustrated in Figure 5.11. It can be
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seen that after removing the dataset no. 27, the 95% confidential interval of the

posterior density updated by remaining 31 datasets is narrowed to (-1.24, 1.24) μɛ.

Figure 5.11 Posterior density of strain response successively updated by using 31

monitoring datasets excluding dataset no. 27

5.2.4 Localised Anomaly Identification by Chauvenet’s Criterion

It is considered that track structures and vehicle components can sustain the dynamic

loads in all but the worst cases, without catastrophic failure (Barke and Chiu, 2005).

Similarly, wheel defects that may generate such wheel-rail interaction force should

be rare. Therefore, since in the realistic situation the wheel defects rarely occur, the
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Chauvenet's criterion is a suitable method in detection of localised anomalies that

may be caused by wheel local defects. For given μ and σ, a threshold (limit) for

judging the outliers from the normalised data can be placed. The upper and lower

limits of the probability band given by Chauvenet’s criterion are expressed in Eq.

(5.18) and Eq. (5.19) respectively.

 1 1 0.25 ,ux F N    (5.18)

 12 1 0.25 ,lx F N     (5.19)

where xu and xl are the upper and lower limits of the probability band, F-1 is the

normal inverse function, and N is the sample size.

Given the lower and upper limits, the anomalies on the time history of normalised

strain data can then be easily detected, as shown in Figure 5.12. Note that in this

research, anomalies are the data points that exceed lower or upper limits and the

adjacent data points within a certain range in time history.
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Note: blue and green curves - normalised strain time history of two different
FBGs;

black straight lines - the upper and lower threshold specified by Chauvenet’s
criterion;

red curves - the anomalies identified using Chauvenet’s criterion

Figure 5.12 Detection of localised anomalies from the normalised strain data: an

example of two strain response datasets

5.2.5 Local Defect Confirmation

In previous Subsections, the localised anomalies are obtained based on Bayesian

learning method and Chauvenet’s criterion. But whether the anomalies come from

actual wheel defect still need further investigation because: 1) the monitoring data

contain noise signal generated from the sensing system and other environmental

interference, so some abnormal data may be mistakenly recognised as anomalies; 2)
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the upper and lower thresholds given by Chauvenet’s criterion is a screening

mechanism rather than a judgement for wheel defect detection and the anomalies are

not necessary to be generated by wheel defects. It is found by previous research (Ni

et al. 2017, Liu and Ni 2017) that another necessary evidence for the existence of

wheel defect is that the novel responses from different strain gauges occur at a same

time period. In the view of this, we can scan the normalised strain data along the

time history and generate several datasets, each of which correspond to a point in

time, called defect excitation time and consists of all the anomalies. These anomaly

datasets are denoted as ODj (j = 1, 2, ... , NO) where NO is the number of anomaly

datasets in the monitoring data of a certain wheel. If in an dataset, there are no less

than 3 anomalies, these anomalies can be considered as generated by a potential

wheel local defect.

Figure 5.13 shows a typical monitoring data that are excited by a wheel with

potential defects. 7 anomaly datasets can be found in the normalised strain response

data collected by an FBG array. Each of the datasets OD1, OD2, OD3, OD4, OD5 and

OD6 consists of no less than 3 anomalies and thus these anomalies can be considered

as generated by potential defects. On the contrary, OD7 has only one anomaly

dataset (detected by only one FBG), so it would not be considered as signature of

wheel local defect.
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Outlier Dataset information:

OD1: 4 novel responses, defect excitation time: 13.83s

OD2: 4 novel responses, defect excitation time: 13.84s

OD3: 6 novel responses, defect excitation time: 13.90s

OD4: 10 novel responses, defect excitation time: 13.92s

OD5: 5 novel responses, defect excitation time: 14.03s

OD6: 5 novel responses, defect excitation time: 14.05s

OD7: 1 novel responses, defect excitation time: 14.12s

Figure 5.13 Anomaly datasets analysis for local defect confirmation (NO= 7)
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5.3 Wheel Polygonisation Detection

5.3.1 Data Pre-processing for Polygonisation Identification

As introduced in Section 4.3, three different layouts of FBG arrays have been

proposed and the output signals from them are different. The use of data

pre-processing method proposed in Section 5.1 in the output signals collected from

three different layouts is presented in this section. Figure 5.14(a) and 5.15(a) shows

the time history of output strain γS calculated by Eq. (4.92), ɛS1 and ɛS2 obtained by

Eq. (4.93) and ɛSBL1~ɛSBL5 collected by rail base FBG array. As shown in Figure

5.14(a) and 5.15(a), the time histories of output strain data from different layouts are

similar, as they all have peaks corresponding to wheel passage. By using the data

extraction and normalisation method proposed in Section 5.1, the normalised rail

web shear strain γ˘S, rail web compressive strain ɛ˘S1, ɛ˘S2 and rail base longitudinal

strain ɛ˘SBL1~ɛ˘SBL5 can be obtained, as shown in Figure 5.14(b) and 5.15(b).
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a) before data normalisation b) after data normalisation

Figure 5.14 Time history of rail web shear strain and compressive strain

a) before data normalisation b) after data normalisation

Figure 5.15 Time history of rail foot longitudinal strain

5.3.2 Formulation of Polygonisation Index (PI)

Based on normalised output strain data, a polygonisation index to assess the wheel

condition can be developed. When an hth-order polygonal wheel passes over the

instrumented monitoring section at a given speed v, the corresponding sensitive

frequency of rail dynamic response will be:

  vhf h
D

 (5.20)
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where D is the diameter of the wheel.

As such, by analysing the normalised rail strain data in frequency domain, we can

identify the polygonal wheel which causes a rail dynamic response on a narrow

frequency band. The vibration level on the specific frequency band would be higher

than the response spectrum of healthy wheels. In recognition of this, we can

decompose the strain data into different frequency bands. Each band has a centre

frequency f (h), the lower and upper limits fl (h), fu (h) which can be defined as:
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(5.21)

The signal in a frequency band (fl, fu) can be obtained by using a band-pass filter:

 , ,l u k kY k f f H X (5.22)

where Xk is the discrete Fourier transform (DFT) of signal xs (s = 0, 1, …, n - 1); Y(k,

fl, fu) is the output DFT spectrum after band-pass filtering, and Hk, the filtering

function, is defined as:
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By inverse Fast Fourier Transform (IFFT), the signal in the frequency band (fl, fu)

can be obtained as:
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With Eq. (5.24), the polygonisation index (PI) is defined as the quotient of dividing

the RMS of the filtered signal by the amplitude of original signal xs:
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5.4 Summary

This Chapter focuses on the development of detection algorithms for both wheel

local defect detection and wheel polygonisation detection. These algorithms are

carefully designed for identification of defective wheels, localisation of wheel local

defects and wheel roughness assessment with the use of monitoring strain data

acquired from the online detector developed in Chapter 3 and Chapter 4.

For wheel local defect detection, a three-step procedure is presented in Section 5.2.

With the proposed algorithm, the wheel with local defect can be identified and the

depth of the defect can be predicted. Furthermore, if more than one local defects

exist, the relative location of them can be fixed.

The data pre-processing method for wheel local defect detection, as illustrated in

Section 5.1 is also used in wheel polygonisation detection. Based on frequency

domain analysis on the normalised data, a polygonisation index PI is developed to

evaluate polygonisation levels of the wheels at all the polygon orders, as introduced

in Section 5.3.

For a hybrid system that can detect both wheel local defect and wheel

polygonisation, a combination of the two proposed algorithms is required. Namely,

when a train passes over the instrumented rail section and the detector is triggered to
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collect data, and a four-step algorithm is used for instant data processing. The

acquired data are pre-processed first (step I), then the normalised data are used to

judge whether the wheel is with local defect or not (step II and III). Lastly, the

normalised data should be used in wheel roughness assessment and polygonisation

detection (step IV or PI calculation).
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CHAPTER 6

WHEELDEFECT DETECTION METHOD

VERIFICATION BY IN-SITU TEST

6.1 In-situ Test: System Operation and Test Procedure

In this Chapter, the hybrid system described in Section 4.3 is deployed on a railway

to verify its capability to detect single and multiple wheel local defects and wheel

polygonisation through two blind tests. The description, specification and results of

the blind tests will be presented in this Chapter. Based on the test results, the

performance of the devised system in the local defect detection and polygonisation

detection will be assessed, including the detection accuracy under different

conditions (e.g. train speed).

6.1.1 On-site Monitoring System

The devised monitoring system has been implemented on a test rail line as shown in

Figure 6.1.
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The monitoring section (instrumented rail section) is located at a straight line on a

test track and there are no rail joints on the 3 m long rail segment. The FBG sensors

on the instrumented section were connected by optical cables to an optical fibre

backbone that runs below tracks to the auxiliary office, as shown in right panel of

Figure 6.1. In this office a PC and the demodulation unit read the sensors, store the

data and display the train footprints. The FBGs along the same array are written in

standard single-mode fibre and have different wavelengths at 1,550 nm region. The

sensitivity of the FBGs used in this system is 1 pm/μɛ.

Figure 6.1 The configuration of online wheel condition monitoring system

6.1.2 Data Acquisition and Processing

The devised system has a trigger module which allows the interrogator to collect

wavelength data from the trackside FBGs automatically when there is a train passing

over the instrumented section. The monitoring data of rail strain response will be
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stored in hard disk and sent to the data analysis module, which integrates the wheel

defect detection algorithms presented in Chapter 5. Therefore, the condition of the

wheel and defect information (if any) can be obtained and displayed in real time.

In wheel local defect detection test, considering that the wheel local defect can

generate high-frequency wheel-rail interaction force, so the scan speed of the

interrogator, which is equal to the sampling frequency, is set to 5000 Hz.

In wheel polygonisation detection test, however, because the operating speed of the

track is < 60 km/h, the 40th -order polygonal wear which is the highest order

concerned, can generate wheel-rail force and track vibration on 231.9 Hz at speed of

60 km/h. The sampling frequency of interrogator is set to 1000 Hz, which is high

enough for wheel roughness assessment and polygonisation detection.

6.1.3 Test I: Wheel Local Defect Detection

To verify the online monitoring system and the defect detection algorithm, a blind

test has been conducted with the use of a new train which was equipped with some

defective wheels. The test train is an 8-car high-speed EMU, as shown in Figure 6.2.

The defective wheels have single or multiple wheel defects on their tread, but the

defects were unknown before the test. The train was instructed to run on the

instrumented track at five different speed levels: 10 km/h, 20 km/h, 30 km/h, 40
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km/h and 50 km/h. At each speed level, the train ran four times. Thus, for detection

of each wheel, we have 20 monitoring datasets.

The data-driven detection method proposed in Chapter 5 is used to detect potential

local defect from the monitoring data collected by online detector which has been

developed in Chapter 3. The wheel tread defect detection results will then be

compared with the results of offline wheel inspection (wheel tread roughness

measurement) conducted later in the depot, as shown in Figure 6.3. The detection

results and performance analysis of the proposed wheel local defect detection

method will be detailed in Section 6.2.

Figure 6.2 The test train: an 8-car high-speed EMU
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Figure 6.3 In-depot offline wheel inspection: radius deviation measurement

6.1.4 Test II: Wheel Polygonisation Detection

The test of wheel polygonisation detection also use a new 8-car EMU as the test

train, which was equipped with wheel(s) with polygonal wear. The test train passes

over the instrumented section 11 times at low speeds (19~22 km/h). After the test,

an in-depot wheel inspection was also conducted to measure the wheel tread

roughness of all 32 wheelsets to evaluate the accuracy of polygonisation



210

identification results. In addition, a comparison is drawn for capability of the three

layouts of FBG arrays proposed in Chapter 4 in polygonal wheel identification.
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6.2 Performance Verification in Local Defect Detection

6.2.1 Localised Anomalies Identified in Normalised Strain Response

The data acquired from the devised system are subject to local defect detection using

the algorithms proposed in Chapter 5. After conducting data pre-processing, there

are 42×32 (42 FBGs, 32 wheelsets) normalised strain responses for one test (one

passage of test train). The novel response identification algorithms presented in

Section 5.2 are then used to capture the feature of jump changes in these response

data. Among the normalised responses corresponding to all 32 wheels, both left

wheel and right wheel of wheelsets no. 1, 6, 24, 27 are found to have local

anomalies, as indicated by most of the monitoring datasets. Figure 6.4~6.7 illustrate

the normalised response data and localised anomalies corresponding to left wheel of

wheelsets no. 1, 6, 24 and the right wheel of wheelset no. 27.
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Figure 6.4 The normalised strain response corresponding to right wheels of wheelset

no. 1~8 (left panel) and the localised anomalies (highlighted in red) captured in

response of wheelset no. 1 (right panel)
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Figure 6.5 The normalised strain response corresponding to right wheels of wheelset

no. 1~8 (left panel) and the localised anomalies (highlighted in red) captured in

response of wheelset no. 6 (right panel)

Figure 6.6 The normalised strain response corresponding to right wheels of wheelset

no. 17~24 (left panel) and the localised anomalies (highlighted in red) captured in

response of wheelset no. 24 (right panel)
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Figure 6.7 The normalised strain response corresponding to left wheels of wheelset

no. 25~32 (left panel) and the localised anomalies (highlighted in red) captured in

response of wheelset no. 27 (right panel)

It is seen from Figure 6.7 that there are several localised anomalies observed in the

responses excited by left wheel of wheelset no. 27, which indicates that the wheel

may have multiple wheel defects. Figure 6.8 shows the comparison of the localised

anomalies obtained by online detection (train speed: 50 km/h) with the actual local

defects found by offline wheel roughness measurement. As illustrated in the lower

panel (‘purple zone’) of Figure 6.8, the localised anomalies appear in the response

curves from more than one sensor. As aforementioned, the localised anomalies

identified by different FBGs happen at the same instant may probably indicate that

there is a local defect hitting the rail. It is seen from the figure that the potential

wheel local defect(s) hit the rail at 3.83 s, 13.92 s and 14.04 s. As the wheel

circumference is around 2.9 m and the train speed is 50 km/h, it costs approximately

0.21 s for the wheel travelling a complete cycle and thus the localised anomalies

displayed at 13.83 s and 14.04 s would be due to the same local defect and another

defect accounts for the localised anomaly appearing at 13.92 s. Such detection

results about the wheel flat defects were validated by comparison with the radius

deviation measurement (offline wheel tread inspection) conducted later in a depot.

As illustrated in the upper panel (‘yellow zone’) of Figure 6.8, two flat defects are
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found in the radius deviation measurement and both agree well with the

identification results obtained by the developed online monitoring system.

Figure 6.8 Online wheel flat-defect detection results verified by offline inspection

6.2.2 Defect Confirmation and Localisation

The localised anomalies found in normalised strain responses have been analysed in

Subsection 6.2.1. This Subsection will make use of the defect confirmation method

proposed in Subsection 5.2.5 to further confirm the existence of the local defects and
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fix the relative position of all the local defects in one wheel tread in case that it has

multiple defects.

With the defect detection method proposed in Subsection 5.2.5, the wheelsets with

potential defects can be detected, as shown in Figure 6.9. Table 6.1 lists the results

of both online defect detection and offline measurement. It is seen that both left

wheel and right wheel of wheelsets no. 1, 6, 24, 27 are considered having potential

defects, as indicated by most of the monitoring datasets. Besides, the left wheel of

wheelsets no. 23, the right wheel of wheelset no. 7, 11, 13, 28 and 29 are detected as

defective wheels, which are healthy wheels (radius deviation < 0.05 mm). Though

these results are false alarms, each of the wheels is detected by no more than three

FBGs (the total number of datasets is 20).

Moreover, the wheels on the opposite side of the defective wheels (left wheel of

wheelsets no. 1, 6, 24 and right wheel of wheelset no. 27) which are considered by

some online tests as ‘with defects’, are all non-defective wheels, as found in offline

radius deviation inspection. This is because the defective wheel can affect the

dynamic behaviours of the whole wheelsets including the wheel at the opposite side,

which can then generate novel excitations on the rail and FBG arrays on that rail can

detect the corresponding novel responses. This phenomenon has also been revealed

by previous research (Barke and Chiu, 2005) which found that the opposing wheel
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of the wheelset can experience rapidly fluctuating forces of smaller magnitude to the

impact of a flat-defect wheel.

By comparing the online defect detection results to the offline radius deviation test

results listed in Table 6.1, it is found that the right wheels of wheelsets no. 1, 6, 24

and the left wheel of wheelset no. 27 are the wheels with local defects and they have

all been successfully detected by most of the tests, especially when the train ran at

higher speed levels. Figure 6.10~6.13 show the defect detection results by online

monitoring and the radius deviation by offline wheel radius deviation measurement

for these four wheels respectively. The defect detection results match the radius

deviation measurement results well for most local defects, even in prediction of the

location and depth of the defect.

Furthermore, as shown in Table 6.1, the proposed method can detect the local defect

whose depth is 0.062 mm (right wheel of wheelset no. 6) when the train runs at

speed no less than 20 km/h. The current rule for high-speed train stipulate that the

tolerable limit for radius deviation is 0.25~0.3 mm (CRC, 2013). Therefore, this

capability in local defect detection is high enough for high speed trains.
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Figure 6.9 Defective wheels and local defects detected by online system and

confirmed by offline inspection: left panel - left-side wheels of all the wheelsets;

right panel - right-side wheels of all the wheelsets

Table 6.1 Online defect detection results and offline inspection results for wheel

tread local defects

Defect detection results
(from online monitoring data)

Offline inspection results
(from radius deviation measurement in depot)

Wheelset
No. Side

Number of monitoring datasets from
which defects are detected*

Number
of

defects

Depth of actual wheel tread defects
(unit: mm)

10km/h 20km/h 30km/h 40km/h 50km/h Defect 1Defect 2Defect 3 Defect 4

1
Left 0 0 2 2 1 0 (No defects)

Right 2 4 4 4 4 2 0.353 0.195 - -

6
Left 0 1 1 1 1 0 (No defects)

Right 0 2 4 4 4 2 0.062 0.056 - -
7 Right 0 1 0 0 0 0 (No defects)
11 Right 0 1 0 0 1 0 (No defects)
13 Right 0 0 0 0 1 0 (No defects)
23 Left 0 0 1 2 0 0 (No defects)

24
Left 0 0 0 0 2 0 (No defects)

Right 2 4 4 4 4 2 0.191 0.176 - -

27
Left 2 4 4 4 4 4 0.207 0.294 0.125 0.057

Right 0 2 4 4 4 0 (No defects)
28 Right 0 0 1 0 0 0 (No defects)
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Figure 6.10 Online wheel defect detection results (left panel) verified by offline

wheel radius deviation measurement (right panel): right wheel of wheelset no. 1

Figure 6.11 Online wheel defect detection results (left panel) verified by offline

29 Right 0 0 0 0 1 0 (No defects)

* the total test number at each speed level is 4
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wheel radius deviation measurement (right panel): right wheel of wheelset no. 6

Figure 6.12 Online wheel defect detection results (left panel) verified by offline

wheel radius deviation measurement (right panel): right wheel of wheelset no. 24

Figure 6.13 Online wheel defect detection results (left panel) verified by offline

wheel radius deviation measurement (right panel): left wheel of wheelset no. 27
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6.2.3 Performance of Online Detector in Detection Accuracy

Since the test train passed over the instrumented rail section for 4 times at each of

the 5 speeds, the number of defect detection tests is 256 at each speed. Among the

256 samples, 16 are later proved to be ‘with defects’ and 240 are ‘without defects’. It

should be noted that among the 240 ‘healthy’ samples, 16 correspond to the wheels

on the opposite side of those with defects. The reason that these wheels are more

likely recognised as defective wheels has been discussed above.

To analyse the detection accuracy of the proposed wheel load detector and defect

detection method, we count all the false positive errors (false alarms) in the 1200

tests (240 for each speed level), the false positive errors in 1120 tests (224 for each

speed level) where the samples from wheels on the opposite side of defective wheels

have been excluded, and the false negative errors (missed hits) in 80 tests (16 for

each speed), as shown in Table 6.2 and Figure 6.14. The rates of type I and type II

errors and the detection accuracy are also listed. It is seen that as the train speed

increases, the type I error rate increases while the type II error decreases. The

sensitivity of the detection method is highly related to the train speed when it is 30

km/h or lower. But when the train speed is no lower than 30 km/h, all the defective

wheels can be detected while only few false positives may occur. Thus, it can be

concluded that the proposed wheel defect detection method has high accuracy in
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wheel local defect detection, especially when the train passes the instrumented

section at 30–50 km/h.

Table 6.2 Errors, error rates and accuracy of online wheel local defect detection

10 km/h 20 km/h 30 km/h 40 km/h 50 km/h Overall

Errors
False positive errors1 0 5 9 9 11 34
False positive errors2 0 2 2 2 3 9
False negative errors 10 2 0 0 0 12

Error rates
Type I error rate1 0% 2.1% 3.8% 3.8% 4.6% 2.8%
Type I error rate2 0% 0.9% 0.9% 0.9% 1.3% 0.8%
Type II error rate 62.5% 12.5% 0% 0% 0% 15%

Detection accuracy
Accuracy1 96.1% 97.3% 96.5% 96.5% 95.7% 96.4%
Accuracy2 95.8% 98.3% 99.2% 99.2% 98.8% 98.3%

1: including all the 240 samples later proved “without defects”;
2: including 224 samples (the wheels on the opposite side of the defective wheels are excluded from
240 samples)

Figure 6.14 Error rates and accuracy of online wheel local defect detection under

different train speeds
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6.3 Performance Verification in Polygonisation Detection

The output signals of three different layouts of FBG arrays have been shown in

Figure 5.9 and 5.10. Using the wheel polygonisation detection algorithm proposed in

Section 5.3 to process the normalised data output from the three layouts, the

polygonisation index (PI) can be calculated by Eq. (5.25) for all the passing wheels

in different polygon orders.

Figure 6.15~6.22 show the PI patterns of all the passing wheel (No. 1~32) with

respect to 16th ~ 30th polygon orders obtained from data collected by all three layouts.

The polygonal wheel identification results are summarised in Table 6.3.
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Figure 6.15 PI pattern drawn by rail web FBG rosette

Figure 6.16 PI pattern drawn by rail web vertical FBGs above sleeper 1
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Figure 6.17 PI pattern drawn by rail web vertical FBGs above sleeper 2
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Figure 6.18 PI pattern drawn by rail foot FBG 1 (above sleeper 1)

Figure 6.19 PI pattern drawn by rail foot FBG 2 (1/4 mid-span at sleeper bay)
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Figure 6.20 PI pattern drawn by rail foot FBG 3 (1/2 mid-span at sleeper bay)

Figure 6.21 PI pattern drawn by rail foot FBG 4 (3/4 mid-span at sleeper bay)
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Figure 6.22 PI pattern drawn by rail foot FBG 5 (above sleeper 2)

Table 6.3 Polygonal wheels: online identification results and roughness

measurement results

Wheel No. 9 Wheel No. 10 Wheel No. 12

Actual condition of

wheel profile

Polygon sides: 20,

Roughness: 18 dB

Polygon sides: 20,

Roughness: 26 dB

Polygon sides: 20,

Roughness: 20 dB

Polygon

sides
PI×103

Polygon

sides
PI×103

Polygon

sides
PI×103

Output strain

datasets and

identification

results

γS - - 19 & 20
0.77 &

0.80
- -

ɛS1 - - 19 & 20 4.2 & 3.9 - -

ɛS2 - - 19 & 20 1.5 & 1.7 - -
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ɛSBL1 19 & 20
2.5 &

2.5
19 & 20 6.4 & 6.6

18 & 19

& 20

2.9 & 3.3

& 2.8

ɛSBL2 - -
17 & 18

& 21

3.7 & 3.4

& 3.5
19 2.4

ɛSBL3 19 & 20
2.4 &

2.4

17 & 18

& 21

3.8 & 3.7

& 3.9
- -

ɛSBL4 20 & 21
2.1 &

2.2

19 & 20

& 21

2.8 & 2.9

& 2.6
19 & 20 2.3 & 2.0

ɛSBL5 - - 19 & 20 5.3 & 5.3 19 & 20 2.8 & 2.7

It can be seen that the agreement of online wheel polygonisation identification with

measurement is fairly good: 1) wheel no. 10, the roughness of which on 20th -order

is 26 dB, has successfully been identified by all three layouts; 2) rail web FBG

rosette and vertical FBG arrays can provide a more accurate prediction of dominant

polygon order for wheel no. 10 and the former layout has lower rates of false

positive error than the latter one (see Figure 6.16 which shows almost all the wheels

have 16th -order polygonal wear); 3) it is possible to identify wheel no. 9 and 12, the

roughness levels of which at 20th -order are 18 dB and 20 dB by the rail foot

longitudinal FBGs; 4) compared with the FBGs installed on rail foot at mid-span

between two sleeper (corresponding to datasets ɛSBL2~ɛSBL4), the longitudinal FBGs

installed above sleeper (corresponding to datasets ɛSBL1 and ɛSBL5) are more accurate

in predicting dominant polygon orders.
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6.4 Summary

This Chapter presents two blind tests to verify the capability of the proposed

methods for both wheel local defect detection and wheel polygonisation detection.

The devised hybrid system described in Section 4.3 has been implemented on a test

track. Both tests use the new 8-car high-speed EMU as the test train and both trains

were equipped with several defective wheels, either with local defects or with

polygonal wear. This section summarise the results of online detection and provide

further discussion on performance of proposed defect detection methods.

6.4.1 Summary of Detection Results

On the verification of wheel local defect detection, it can be concluded that:

 Similar to the simulation results presented in Chapter 3, the localised anomaly

features (jump changes) can be easily captured by neighbouring sensors at the

same time, and the developed system is able to identify both single and multiple

local defect(s) once they are incurred at wheel tread. This is because that the

high-reliability sensing technique was used in system development and a

rational model-based sensor layout was chosen which allows the output signal

has a high signal-to-noise-ratio (SNR).
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 With the proposed algorithm to process the monitoring data, all the defects were

identified even when the defect depth is as low as 0.05~0.06 mm (right-side

wheel of wheelset no. 6 in test I) and the results agree well with those from the

radius deviation measurement which is an in-depot offline wheel tread

inspection technique for the wheelsets.

 The comparison drawn for assessing the detection accuracy and the

performance of proposed method under different running speeds of the test train

shows that the proposed method can achieve a satisfying accuracy (> 97%) in

wheel defect detection when the train runs at 30~50 km/h.

Through the verification of wheel polygonisation detection, it can be concluded that:

 All three layouts can identify the polygonal wheel with the roughness of 26 dB

when the train runs at low speed (19~22 km/h), and the polygonal wheels with

the roughness lower than 20 dB can sometimes be identified by longitudinal

FBGs at the rail base. The longitudinal FBGs installed above the sleepers can

provide more accurate prediction of polygon orders.

 The comparison of the three layouts in polygonal wheel identification capability

shows that the rail base longitudinal layout with fewest sensors, however, can

identify the wheel with low level roughness, so it is more suitable to apply this

layout in online wheel polygonisation detection for high-speed trains.
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6.4.2 Further Discussions

It is seen from in-situ verification that the performance of the proposed detection

method can be affected by many factors. The effect of train passing speed has been

discussed in Subsection 6.2.3. The slight defects can be more likely to be detected

under higher passing speed. However, there may be more false alarms because the

excitation can be larger. There exist a trade-off between type I and II errors and it is

seen from the test I that an overall detection accuracy can be higher at 30 km/h and

40 km/h. but for different conditions, especially for different types of wheel defect,

the optimised running speed can be different. For a specific type of high-speed trains,

further investigations on its defects are needed, so that the passing speed of train to

be detected can be optimised. Then, the devised system can be installed on section

where the average passing speed is around that optimised speed. However, in

realistic situation, the train passing speed can be variant, so the performance and

limitations of the proposed technique in extremely low train running speeds and

extremely high train running speeds should be considered. For wheel local defect

detection, in extremely low train running speeds (10 km/h), the type II error rate

would be very high (62.5%). For wheel roughness assessment and polygonisation

detection, this research has not presented test to analyse the effect of train speed. But

it is seen that low speed may not able to generate vibration with great enough to be

detected if the roughness level is below 20 dB (wheel no. 9 and 12 in test II). In

addition, for high-speed condition, another problem is the sampling rate should be
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high enough to detect high-order polygonisation. For example, when the train runs at

speed 350 km/h, the 25-order polygonisation will excite vibration up to 850 Hz. In

this case, the sampling rate should be set to no less than 2000 Hz, which raise higher

requirements for interrogator and data acquisition module.

Apart from train passing speed, the factors that may influence the detection accuracy

of proposed methods can be classified into three categories: rail roughness and track

irregularities, receptance (or stiffness) of both vehicle and track structure and signal

noise due to imperfect of sensing system. The description of these factors are listed

as below, and the methods to minimise the effects of these factors are also discussed.

 rail roughness and track irregularities: the wheel-rail dynamic force and

vibration of vehicle-track system are not only excited by wheel roughness but

also by rail roughness or track irregularities. In this research, the rail is assumed

as an ideal smooth rail without roughness and irregularities. It is thus suggested

that the devised detector should be installed on a segment of smooth rail at a

straight line section. However, in the realistic situation, the rail roughness is

inevitable and the roughness level of rail may even be higher than that of wheel.

In this case, the direct method to eliminate the effect is rail lubrication before

instrumentation of online detector. If this cannot be achieved, this effect should

be carefully considered in signal processing, especially in data normalisation

process.
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 receptance (or stiffness) of both vehicle and track structure: as aforementioned,

there is limited effect of wheel local defect on sprung mass of vehicle (bogie

frame and car body) and track structure under fasteners (slab and subgrade), so

this factor would not influence the performance of proposed local defect

detection method. However, for the detection of wheel polygonisation which

generate low- and mid-frequency vibration, the roughness with respect to

certain polygon orders may have weak signature in the response of track-bridge

system, compared to the effect of system receptance. As an attempt to eliminate

this effect, there may be a need of adjustment of PI calculation depend on the

different polygon orders.

 signal noise due to imperfect of sensing system: for online detectors, the choice

of sensing technology is always the most important issue because the signal

noise level may be higher than the localised anomalies caused by slight defects.

To eliminate the effect of signal noise in detection accuracy, improving the

sensing technique and using the denoising technique in signal processing are

both recommended.

Besides, as an attempt to improve to the performance of proposed detection method,

multiple-segment deployment of FBG array can be used instead of the proposed

single-segment deployment. With the use of multiple-segment deployment, the local

defect can further be confirmed based on the result of defect confirmation algorithm
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presented in Subsection 5.2.5. In addition, if the instrumented sections are placed at

different location along the rail line, it is more convenient to monitor the wheel

defect development during operation. However, the detection cost can also increase

because multiple online detectors are used and the trade-off between detection

accuracy and cost should be further considered.
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CHAPTER 7

CONCLUSIONS AND FUTURE WORK

7.1 Conclusions

This thesis starts with an overview of current and future challenges in HSR

development and realistic demand of novel technologies raised by HSR operation

and maintenance. Due to health management problems of both vehicle and

infrastructure components caused by wheel wear/OOR/defects with increasing HSR

route length, there is a growing need for online wheel condition monitoring, as a

smart CBM approach. In response to this demand, there have been many research

efforts on the mechanism analysis of wheel defect initiation and development,

prediction of the effects of wheel defects on vehicle-track system performance by

numerical simulation, and development of high-efficient wheel roughness

measurement and online wheel defect detectors. Chapter 2 provides a general review

of the research efforts. It can be concluded through this review that the online wheel

detector for wheel-rail interaction measurement can be the best way for vehicle

health management and can offer early warning to ensure safety operation. While

vast improvements made on online detectors in the past decades have significantly
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increased their ability to assess the condition of passing wheels, further

improvements for enhancing their performance to be qualified in HSR application

are still highly desirable. None of the existing wheel defect detection methods, to the

best of the writer’s knowledge, has been proved to be suitable for application in

high-speed trains. The major challenge is that because slight defects can suffice to

impose severe damage in high-speed operation, wheel condition monitoring for

high-speed trains requires the detectors to be capable of detecting slight defects with

small radius deviation (for local defects) or low-level wheel roughness. However,

the WILDs or other online monitoring systems widely used in heavy haul or

intercity railway are designed for detecting defects which may be over ten times

deeper than the condemnable limits of wheel defects of high-speed trains.

In recognition of this research gap, this thesis aims at the development of an online

wheel condition monitoring and defect detection method for high-speed trains. To

overcome the difficulties in slight defect detection, in this thesis a simulation-based

strategy is adopted to develop the online detector. Two numerical models are

proposed for predicting the wheel-rail interaction and vehicle-track dynamics due to

the local defects and polygonal wear. The localised anomalies and increased level of

vibration, as the signatures of local defect and polygonisation respectively can be

predicted in numerical simulations (see Chapter 3 and Chapter 4). Based on the

results of parametric studies for the two kinds of defects, a hybrid system for both

local defect detection and polygonisation detection is developed (see Section 4.3). A
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series of data processing algorithms are proposed in Chapter 5, aiming at using

online rail strain monitoring data generated by passing wheels to identify the

defective wheel and locate the defects, or to assess the roughness with respect to

certain polygon orders. To verify the proposed wheel defect detection methods,

including both online detectors developed in Chapters 3 and 4, and defect

identification algorithms proposed in Chapter 5, two blind tests are presented. The

performance of the proposed local defect detection and polygonisation detection can

be evaluated by operating the test train with defective wheels over the instrumented

rail section where the devised sensing system has been deployed, as detailed in

Chapter 6. Through this system as well as the embedded defect detection algorithm,

the defective wheels are identified, the potential defects are located, and the wheel

roughness is assessed with respect to interested polygon orders. The proposed defect

detection methods are finally validated against offline in-depot wheel inspection

which measures the radius deviation of the wheel tread around the wheel

circumference and a good agreement is achieved when comparing the results from

online detection and offline measurement.

The major contributions of this work are summarised as follows:

(i) Development of an efficient online wheel condition monitoring system with the

capability for detection of both wheel local defect and wheel polygonisation for

high-speed trains
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This thesis develops a hybrid online detector for both wheel local defect and wheel

polygonisation using a simulation-based approach. By numerical simulation, the

vehicle-track dynamic performance in the presence of two types of wheel defects

can be characterised and the feasibility to use strain gauges mounted on rail to

monitor wheel tread condition is demonstrated. The fibre optic sensing technique is

used, thereby the number of sensors will never be a limitation for trackside detector

because of the massive multiplexing capability of FBG. Furthermore, the feature of

long conduction distance allows the data acquisition system to be installed far away

from the instrumented rail section.

For local defect detection, the devised system consists of two FBG arrays mounted

on the rail foot, a high-speed interrogator to collect and store monitoring data, and a

computer with control and signal processing software. The rail foot FBG arrays are

responsible to capture the defect-induced localised anomalies similar to those found

by numerical model presented in Chapter 3. For wheel polygonisation detection,

three different layouts of FBGs are used with different output related to wheel-rail

interaction force, which has been revealed by the frequency-domain numerical

simulation in Chapter 4 to be sensitive to wheel roughness.

The in-situ validation test results show that both single and multiple wheel flats can

be reliably identified, corroborated later through comparison with the results from

offline wheel tread inspection (radius deviation measurement). The validation test
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for polygonisation detection shows that all three layouts can successfully identify

the polygonal wheel with a roughness of 26 dB at low train speed (< 25 km/h) and

the longitudinal sensor layout mounted on rail base can even identify the polygonal

wheel with roughness lower than 20 dB.

(ii) Development of an automatic signal processing method for online defective

wheel identification, wheel defect locating and wheel polygonisation

assessment

The automatic signal processing method, represented as algorithms embedded in

online detection software, allows wheel condition assessment in a real-time manner.

It contains a three-step procedure for wheel local defect detection and a two-step

procedure for wheel polygonisation assessment. With the proposed algorithms, the

wheel with local defect can be identified and the depth of the defect can be predicted.

Furthermore, if more than one local defect exist, the relative location of them can be

determined. The data pre-processing method is the first step in both wheel local

defect detection and wheel polygonisation assessment. The wheel roughness level

with respect to certain polygon orders can be assessed with a polygonisation index

(PI), which can be obtained in the second step of the wheel polygonisation

assessment algorithm.
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An interesting point worth mentioning is that in both blind tests, the process can be

described as a high-speed train with slight defective wheels running at low speeds.

In that case, it can be concluded that the localised anomalies caused by local defects,

or the vibrations induced by wheel polygonisation are not obvious in the monitoring

data (rail strain response signals). However, as revealed by the validation test

presented in Chapter 6, with the proposed signal processing method, both local

defects and polygonisation can be successfully identified by the devised system. The

outstanding performance in detecting slight defect at low-speed condition can be

particularly favourable to high-speed train condition monitoring, because the system

can be installed on branch lines linking the depot where train run at low speeds and

the operation in mainline would not be disturbed.

(iii) Collection of highly valuable in-situ monitoring data in wheel polygonisation of

high-speed trains which can facilitate the future studies on mechanism of

initiation and development of this phenomenon

Wheel polygonisation has become a big challenge in HSR operation but there are

few studies to explain this phenomenon. The mechanism of initiation and

development of wheel polygonisation is important in modern HSR maintenance as it

can offer evidences and supports for prognostic CBM. Through the online detector

proposed by this research, massive data can be collected. Through these online

monitoring data, some findings are available, such as the relationship between the
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development of wheel polygonisation and the running speed, the operation line, the

type of in-service train, etc. These findings can facilitate the research on initiation

and development of wheel polygonisation.

(iv) Contributions to the industries

Online wheel condition monitoring and defective wheel identification can be a

powerful tool for enhancing maintenance effectiveness. Based on the devised

trackside detector in this research, the railway stakeholders and operators can

develop CBM scheme with high efficiency and reliability for their vehicles.

Furthermore, the proposed wheel condition monitoring methods can provide useful

data for prognostic CBM (Asplund et al. 2012, 2014), which can facilitate

investigation of the deterioration over time, and prediction of the future condition

and remaining useful life, thereby further enhancing the safety and reliability of

high-speed train operation.

Besides, upon the development of wheel polygonisation detector, a

vehicle-track-bridge coupling model has been proposed. The frequency domain

model can also be used for controlling the consequences of wheel polygonisation by

some additional parametric studies on vehicle and track structural parameters. In

addition, the fault detection for bogie components and running gears can also be
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realised by another detector developed based on parametric studies on stiffness and

damping of the vehicle suspension systems.
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7.2 Future Work

Although vast efforts including the work presented in this study have been made,

developing reliable scheme for wheel condition monitoring is always an active

research area. To further improve the proposed methodologies and to make the

railway managers benefit more from such a smart CBM approach, more

investigations should be carried out in the future. The recommendations for the

future work are as follows.

(i) To improve the simulation-aided strategy, not only for the development of

online wheel condition monitoring methods, but also for the effect assessment

of wheel roughness

Considerable efforts have been devoted to numerical simulation on wheel-rail

interaction and vehicle-track dynamics, but few have considered the effects of wheel

roughness. This research mainly focuses on development of trackside wheel-rail

interaction detector for wheel tread condition monitoring, so the track structure is

characterised in more detail than the vehicle components. Also, in the

vehicle-track-bridge coupling model, the bridge is simplified as a Euler-Bernoulli

beam simply supported at both ends. However, besides rail and track dynamics due

to wheel roughness, there are still many more relevant aspects that need to be

studied, among which there are two important topics:
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 Further development of online wheel condition monitoring methods: Besides

WILDs and other detectors installed on rail, there are many other methods as

reviewed in Section 2.3. The simulation-aided strategy may further be used for

other tasks such as the development of vehicle-borne monitoring system

(wheel-rail force detector, accelerometer-based system installed on axle and

bogie frame, etc.), analysis of the measurement accuracy of trackside laser- and

camera-based detector influenced by track vibration, etc.

 The effect assessment of wheel roughness: As mentioned in Chapter 2, the ride

comfort deterioration, vehicle component fatigue life prediction, ground

vibration and noise radiation due to wheel roughness need more attentions,

especially for HSR operation.

For future studies on the relevant issues, it should be noted that the calculated

dynamic responses of the concerned components can vary significantly with the

models adopted, so it is imperative that the vehicle and track characteristics be

modelled correctly according to the intended use of the model. Therefore, the

existing models, including the two presented in this research, may need further

improvements to meet the need of intended use when they are used in different

studies.

(ii) To analyse the lateral vibration of vehicle induced by the wheel polygonisation
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The vehicle system lateral dynamics in the presence of wheel defects, especially

polygonal wear should be further studied, though the simulation results given in this

research show that the effect of wheel polygonisation on car body vertical

acceleration is not obvious (see Section 4.2). It is revealed that due to wheel tread

roughness, contact geometry perturbations induce a variation of forces in the vertical

and tangential directions, and the torsional vibration of the wheelset axle may

therefore be excited (Baeza et al. 2011). The imbalance of wheelsets due to

polygonal wear can cause abnormal lateral vibration at 6~10 Hz in car body, which

deteriorates ride comfort of passengers and drivers, as reported recently in actual

HSR operations. This issue needs to be further studied by both field experiments and

numerical simulations.

(iii) To carry out a thorough investigation into wheel roughness of high-speed trains

and make full use of operational and maintenance data

Compared to the number of in-service high-speed trains and wheelsets, the

measurement data of wheel tread roughness are very few. This is one of the major

limitations in the existing studies on the roughness effects or wheel condition

monitoring system development. With sufficient online monitoring data and the

corresponding offline wheel tread roughness measurement data, the correlation

between wheel defect size and the resulting rail response can be drawn, and the

defect detection method can be improved with the use of these training data.
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Furthermore, these data can offer much more information about wheel roughness

mechanism via modern big data techniques (e.g. blind source separation, deep

learning) that allow railway operators and managers to make full use of their

operational and maintenance data. Hence, to achieve a reliable result more

measurements should be performed. It should be aware that for different

stakeholders, there is little chance for the current CBM schemes to be improved

without sufficient tests.
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