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Abstract. In order to improve the precision of fatigue life prediction of bal-
lastless track, a method for predicting fatigue life of ballastless track based on
big data is proposed. The big data model is constructed to analyze the fatigue
life cycle of ballastless track. Big data mining and feature extraction are used to
extract the fatigue life cycle of ballastless track. Combining with the particle
swarm optimization method, the feature classification of the failure state trend of
ballastless track construction is carried out, and the information fusion is carried
out according to the characteristic parameters of the failure state of ballastless
track construction. The expert system model for predicting fatigue life of bal-
lastless track construction is established and the fatigue life of ballastless track is
predicted by association rule mining method. The simulation results show that
the precision of fatigue life prediction of ballastless track is high, and the
strength and life cycle of ballastless track are analyzed.
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1 Introduction

With the development of high-speed railway in China, ballastless track is more and
more used in new railway. The construction practice of high-speed railway shows that
both ballastless track and ballastless track can ensure the safe operation of high-speed
train, but because of the difference in technology and economy between the two kinds
of track structure, they have their own advantages and disadvantages. Therefore, in
order to obtain the best technical and economic benefits, the rail structure selection of
our country should be reasonable according to our own national conditions and railway
characteristics. The fatigue life of ballastless track is the key to determine the track
quality [1]. It has great significance to study the fatigue life prediction method of
ballastless track.

In order to ensure high comfort and high safety, high-speed railway requires high
ride comfort to track geometry precision. Through the investigation and understanding
of the high-speed railway lines that have been opened to traffic and are in the process of
fine-tuning the long rail, in the early stage of high-speed rail construction, the tool-track
method or rail-row frame method was used for the fine-tuning of the construction [2].
After the track plate construction is completed, the seamless long rail will be laid. In the
long track fine adjustment, there are some precision overruns in the constructed track
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bed plate, such as gauge, elevation, center line, orbit direction, etc. In order to meet the
requirements of high-speed railway for rail ride comfort, the accuracy problem in
construction must be solved by replacing non-standard fasteners. If the precision
control is not in place in the construction, the construction cost will be wasted greatly in
the replacement of the fastener in the later period [3]. The short rail with the same
specifications as the long rail must be used in the rail row processing, and the
machining precision must be the same as that of the track, so as to ensure that the rail
row can meet the requirements in the course of its use. The rail-row frame should have
enough stiffness and enough stability to prevent the rail-row frame vibration deviation
caused by the construction load, which has a negative effect on the track accuracy. Rail
support system should be supported on a stable basis to prevent the sinking and
dislocation of the supporting member [4].

The fatigue life prediction of ballastless track casting in digital machining mode is
carried out. Combined with big data information processing and fatigue life charac-
teristic detection method, the accuracy of fatigue life prediction for ballastless track
casting is improved, at present, The fatigue life prediction methods for ballastless track
casting in digital machining mode can be divided into two methods: time domain
analysis based fatigue life data mining method, frequency domain analysis based
fatigue life data mining method, and fatigue life data mining method based on fre-
quency domain analysis [5]. The fatigue life prediction model of ballastless track
casting based on statistical characteristic extraction, etc., combined with nonlinear time
series analysis and signal detection algorithm, can predict the trend of fatigue life state
of ballastless track casting. Based on data mining and feature extraction of fatigue life,
this paper presents a fatigue life prediction model for ballastless track casting based on
genetic KNN clustering. Firstly, big data association rule mining method is used to
collect the fatigue life characteristic information of ballastless track casting, and then
the feature classification of fatigue life state trend of ballastless track casting is carried
out by combining particle swarm optimization (PSO) evolution method. According to
the characteristic parameters of fatigue life of ballastless track casting, the expert
system model for fatigue life prediction of ballastless track casting is established, and
the fatigue life prediction of ballastless track casting is realized. Finally, simulation
experiments are carried out to show the superior performance of this method in
improving the accuracy of fatigue life prediction of ballastless track casting.

2 Fatigue Life Data Sampling and Feature Extraction
of Ballastless Track Casting

2.1 Big Data Analytical Model for Fatigue Life of Ballastless Track
Casting

The first step to predict the fatigue life of ballastless track casting is to construct the
fatigue life model of big data. The fatigue life of big data is divided into vibration data
according to the means of testing and the principle of diagnosis. The noise data and
other fatigue life data of ballastless track casting, considering the input/output para-
metric model of complex ballastless track parts, the big data distribution channel of
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ballastless track casting fatigue life is an extended sampling channel. The multi-path
channel model is used to collect the fatigue life of big data in ballastless track casting.
There are two main characteristics of big data distribution channel of ballastless track
casting fatigue life [6]. One is that big data distribution channel of ballastless track
casting fatigue life is a channel model with limited bandwidth. Second, big data dis-
tribution channel of ballastless track casting fatigue life is constrained by distance,
which has multi-path propagation characteristic and is easily disturbed by ballastless
track vibration, which leads to fatigue life. In ballastless track casting, the multi-path
structure of fatigue life big data distribution channel depends on the array distribution
type of data acquisition nodes [7]. Assuming that the data acquisition nodes are
composed of S array elements, the radial distance of big data distribution of ballastless
track casting is d, and the data receiving model of fatigue life characteristics is as
follows:

xmðtÞ ¼
XI

i¼1

siðtÞejumi þ nmðtÞ;�pþ 1�m� p ð1Þ

Where, siðtÞ is the vibration data sensed by vibration sensor of ballastless track
casting equipment, and xmðtÞ is the series of thermal sensing data received by element
m. Thus, the impulse model of big data distribution channel for fatigue life of bal-
lastless track casting is constructed as:

h tð Þ ¼
X
i

ai tð Þejhi tð Þd t � iTSð Þ ð2Þ

In the above formula, hiðtÞ indicates that the data ETL layer provides radial
deviation of fatigue life data for ballastless track casting to the data analysis layer, and
the width of the time window for sampling vibration sensing information of ballastless
track equipment is T , The quantized set of fatigue life data features distributed in the
extended channel is represented as:

xðtÞ ¼ ½x�Pþ 1ðtÞ; x�Pþ 2ðtÞ; � � � ; xPðtÞ�TN�1 ð3Þ

sðtÞ ¼ ½s1ðtÞ; s2ðtÞ; � � � sIðtÞ�TI�1 ð4Þ

Where, P is the bandwidth of big data’s collection of fatigue life of ballastless track
casting, and I is the number of array elements. Under the digital machining mode, big
data analytical model of fatigue life distribution of ballastless track casting is expressed
as follows:

cðs; tÞ ¼
X
n

anðtÞe�j2pfcsnðtÞdðt � snðtÞÞ ð5Þ

Where, anðtÞ is the closed-loop management characteristic vector of the nth bal-
lastless track fatigue life diagnosis, snðtÞ is the time delay of the nth data channel, the
big data analytical model of fatigue life distribution of ballastless track casting under
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the digital machining mode is constructed. It provides data input basis for fatigue life
prediction of ballastless track casting.

2.2 Fatigue Life Feature Extraction

The abnormal state data of ballastless track during fatigue life cycle are decomposed
and extracted by Hilbert spectrum extraction method, and the information fusion is
carried out according to the extracted value of fatigue life state characteristic parameter
of ballastless track casting. Because the cluster control parameter s0, s0 of ballastless
track fatigue life data is often unknown, the fatigue life characteristics of ballastless
track casting are detected by using the lowest mean square error estimate ŝ0ML, ŝ0ML:

l1ðrÞ ¼
Z

rðtÞ
ffiffiffiffiffiffiffiffiffi
ŝ0ML

p
f �ðŝ0MLðt � ŝ0MLÞÞdt

¼max
s;s

Z
rðtÞ ffiffi

s
p

f �ðsðt � sÞÞdt
����

����
¼max

a;b
Wf rða; bÞ
�� �� [

\

H1

H0

k1

ð6Þ

In the equation, a ¼ 1=s; b ¼ s, k1 is the detection threshold. The statistic of fatigue
life detection for ballastless track casting is a sparse array distribution. Because s0; s0
are unknown, the following formulas are selected to extract fatigue life characteristics.

l2 ¼max
b

Z
rðtÞ 1ffiffiffiffi

a0
p f �ðt � b

a0
Þdt

����
����

¼max
b

Wf rða0; bÞ
�� �� [

\

H1

H0

k2

ð7Þ

The optimal classification plane of fatigue life characteristics of ballastless track
casting is calculated. Between the data analysis layer and the data processing layer, the
fatigue life characteristic distribution sequence x1; x2; . . .; xn; . . .; the total number of
points is N, Ballastless track vibration data series xif g is evenly sampled by sampling
interval js. The output autocorrelation function is expressed as follows:

RxxðjsÞ ¼ 1
N

XN�1

i¼0

xixiþ js ð8Þ

The characteristic function X
!ðl; niÞ of fatigue life prediction for ballastless track

casting under some kind of fatigue life state is used to calculate the intra-class dis-
persion matrix bSw of fatigue life distribution. The optimal solution to big data’s
acquisition problem of fatigue life can be described by v�. By using the abnormal

Research on Fatigue Life Prediction Method 143



operation and maintenance data management method, the adaptive constraint charac-
teristics are obtained as follows:

x tð Þ ¼ 1� cosð2pf ðrÞs tÞ
h i

1þA cosð2pfstþ/Þ½ �
cos 2pfmtþB sinð2pfstþuÞþ h½ �

ð9Þ

The self-organizing training of big data in ballastless track casting fatigue life was
carried out by multi-source information filtering method. The maximum gradient dif-
ference of fatigue life prediction of ballastless track casting was obtained.

AVGX ¼ 1
m� n

Xn
x¼1

Xm
y¼1

GXðx; yÞj j ð10Þ

Where, m, n are vector quantized autocorrelation coefficients of fatigue life data
digging for ballastless track casting respectively, so that the feature of fatigue life
distribution can be extracted [8].

3 Optimization of Fatigue Life Prediction Algorithm

3.1 Big Data Clustering of Fatigue Life Characteristics

Because of the continuous generation of data over time, the data stored in the database
increases exponentially, and the relationship between the data becomes more complex.
Thus, it is more possible to get some of these relationships through association rules
mining algorithm for those data that do not seem to have any connection. It is applied
to the fatigue life prediction of ballastless track structure, and the expert system model
of ballastless track structure fatigue life prediction is established. The association rule
mining method is used to predict the fatigue life of ballastless track structure. Based on
big data association rule mining method, the fatigue life characteristic information of
ballastless track casting is collected, and the optimal design of fatigue life prediction
model of ballastless track casting is carried out. This paper presents a fatigue life
prediction model for ballastless track casting based on big data clustering. The feature
classification of fatigue life state trend in ballastless track casting is studied by particle
swarm optimization method [9]. In this paper, the method of mining correlation
dimension feature is used to extract fatigue life category feature. It is assumed that there
are n samples in the trend data set of fatigue life state of ballastless track casting, in
which the characteristic vector of sample xi, i ¼ 1; 2; . . .; n is:

xi ¼ ðxi1; xi2; � � � ; xisÞT ð11Þ

The adaptive optimization of multi-dimensional data is carried out by using particle
swarm optimization method, and the data set is divided into 2n subsets. KNN fuzzy
search is carried out in two-dimensional space, and the fuzzy clustering center matrix of
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KNN clustering for fatigue life judgement of ballastless track casting is obtained as
follows:

V ¼ fvij i ¼ 1; 2; � � � ; c; j ¼ 1; 2; � � � ; sj g ð12Þ

According to the feature similarity in the clustering process, the KNN fuzzy par-
tition matrix for fatigue life prediction of ballastless track casting is obtained:

U ¼ flik i ¼ 1; 2; � � � ; c; k ¼ 1; 2; � � � ; nj g ð13Þ

In the K-nearest neighbors of K-means clustering centers, the weight of fatigue life
of each kind of ballastless track casting is calculated in turn. The formula is as follows:

P1J ¼
X

di2kNN
Simðx; diÞyðdi;CjÞ ð14Þ

The clustering objective function matrix of big data KNN for fatigue life of bal-
lastless track casting is obtained as (defining clustering objective function):

JmðU;VÞ ¼
Xn
k¼1

Xc

i¼1

lmikðdikÞ2 ð15Þ

The recall characteristics of fatigue life characteristics of ballastless track are
obtained by using K-valued particle swarm optimization control method and distributed
clustering method: (1) the characteristics of fatigue life in ballastless track casting are as
follows:

W ¼ K
c
¼ 1

c

XK
k¼1

XN
n¼1

kpk;n ð16Þ

The data conversion wait time is:

Wq ¼ W � X ¼ 1
c

XK
k¼1

XN
n¼1

kpk;n � N � 1ð Þlþ r
lr

ð17Þ

In the k subclass of class 1, the fuzzy mean scheduling method is used to perform
adaptive scheduling, and the output of KNN clustering is obtained as follows:

Uutil ¼ cX ð18Þ

According to the above analysis, according to the evolution of particle swarm
optimization and the idea of KNN optimization, the cluster processing of fatigue life
characteristic data of ballastless track casting is realized [10].
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3.2 Fatigue Life Prediction Output

In the process of fatigue life cycle of ballastless track, the fatigue life big data is
clustered by KNN and the convergence is judged [11]. By using the correlation
spectrum analysis method, the directivity characteristics of fatigue life categories are
obtained as follows:

qXY ¼ CovðX;YÞffiffiffiffiffiffiffiffiffiffiffi
DðXÞp ffiffiffiffiffiffiffiffiffiffiffi

DðYÞp ð19Þ

Where, CovðX; YÞ represents the autocorrelation function of the sampled fatigue
life data of two groups of ballastless track casting, and DðXÞ and DðYÞ denote the
average energy respectively.

The method for decomposing the fatigue life of the ballastless track is carried out
by adopting a wavelet scale decomposition method, and the output fatigue life evo-
lution characteristic amount is as follows:

sðtÞ ¼
XN
k¼1

pk sinðxknþUkÞ|fflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflfflfflfflfflfflfflffl}
uðnÞ

þ fðnÞ ð20Þ

Where, fðnÞ is the number of fatigue life categories, Uk is the phase information of
fatigue life distribution, and xk is the recursive characteristic of fatigue life data of
ballastless track casting. Suppose the balanced scheduling model of ballastless track
casting data under the digital machining mode is represented as:

xn ¼ xðt0 þ nDtÞ ¼ h½zðt0 þ nDtÞ� þxn ð21Þ

In the equation, hð:Þ is the sample time window function of fatigue life and xn is the
measurement error. Particle swarm evolution’s sample training set is X ¼ x1;f
x2; . . .; xng, n is the number of ballastless track casting fatigue life data sets X, The
abnormal state data of ballastless track during fatigue life cycle are decomposed by
Hilbert spectrum extraction method and the state parameters are extracted. The results
of feature extraction with multi-parameter fusion are as follows:

yðtÞ ¼ 1
p
K
Z

xðsÞ
t � s

ds ¼ xðtÞ � 1
pt

ð22Þ

Where, K is the characteristic matching coefficient of fatigue life, xðsÞ is the dis-
criminant statistic of fatigue life prediction in ballastless track casting, � is convolution,
and the judgement value of output is:

CT 0 fð Þ ¼
XK
k¼�K

cke
�j2pfkT 0 ð23Þ
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The fatigue life distribution of ballastless track is divided into several IMF com-
ponents by constructing expert system, and the fatigue life distribution of ballastless
track is divided into several IMF components. The fatigue life prediction output of
ballastless track casting with Xk ¼ xk1; xk2; . . .; xkm; . . .; xkM½ �, corresponding to any
training sample is as follows:

Yk ¼ yk1; yk2; � � � ; ykj; � � � ; ykJ
� � ðk ¼ 1; 2; � � � ;NÞ ð24Þ

Based on this data, an intelligent expert system is established, and the fatigue life
prediction of ballastless track casting is realized with big data analysis method [12].

In summary, the implementation process of the improved model is shown in Fig. 1.

Fatigue life information sampling

Feature extraction 

Big data clustering

Information infusion
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Read data and output fatigue life prediction 
results
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Fig. 1. Implementation flow of algorithm
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4 Simulation Experiment and Result Analysis

In order to verify the application performance of this method in the prediction of fatigue
life of ballastless track casting, the simulation experiment is carried out. In the
experiment, the workpiece of ballastless track casting is selected as a ballastless track
hand, and the algorithm design is designed with Matlab 7. The collected fatigue life of
ballastless track casting big data is the oscillation amplitude of ballastless track
vibration, the time interval of data sampling is 20 s, the length of data is 10244. The
number of iterations of particle swarm evolution is 2000, the mutation operator is 0.24,
The crossover operator is 0.15. According to the above simulation environment and
parameter setting, the fatigue life prediction simulation experiment of ballastless track
casting is carried out. First, the original sampling data is given as shown in Fig. 2.

Taking the data of Fig. 2 as the research sample, a set of relatively stable fatigue
life signal analysis models of ballastless track casting are established by means of
spectral characteristic analysis method, and the fatigue life data of ballastless track
casting is processed by this method. The influence of interference component is
effectively suppressed and the prediction ability of fatigue life is improved. On this
basis, the cluster analysis of fatigue life sample data is realized, and the clustering
output results are shown in Fig. 3.

Fa
tig

ue
 li

fe
 c

yc
le

 a
m

pl
itu

de
/V

Time/s
0 1 2 3 4 5 6 7 8 9 10

0

10

20

30

40

50

60

Fig. 2. Oscillation data sampling for ballastless track casting
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According to the result of cluster analysis in Fig. 3, the clustering characteristic
quantity is inputted into the expert system model to realize the fatigue life prediction of
ballastless track casting. In order to compare the performance, different methods are
used to test the accuracy of fatigue life prediction. The comparison results are shown in
Fig. 4.

Fig. 3. Analysis of fatigue life of ballastless track casting by big data
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Fig. 4. Comparison of prediction accuracy

Research on Fatigue Life Prediction Method 149



The analysis of Fig. 4 shows that the big data clustering method proposed in this
paper is more accurate in predicting fatigue life of ballastless track casting, and the
feature extraction and clustering of fatigue life state is better than that of non-ballastless
track casting.

5 Conclusions

In this paper, the fatigue life prediction model of ballastless track casting is studied to
improve the intelligent diagnostic ability of fatigue life of ballastless track casting. The
abnormal state data of ballastless track during fatigue life cycle are decomposed and
extracted by Hilbert spectrum extraction method. The fatigue life of ballastless track is
predicted according to the result of feature extraction, and the fatigue life data of
ballastless track casting is processed. The prediction of fatigue life of ballastless track is
more accurate and clustering is better, so the prediction ability of fatigue life is
improved, and the fatigue life prediction ability of ballastless track casting is higher
than that of non-ballastless track casting. It has good application value in fatigue life
intelligent diagnosis of ballastless track casting.
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