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Prediction of shunting malfunction for track circuit
based on combined analysis
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Abstract: Aiming at fault prediction for track circuit is restricted by data, the six-terminal network model is established based

on the working principle and transmission line theory of ZPW-2000A track circuit to simulate and analyze three kinds of

shunting malfunction signals. A combined analysis method combining variational mode decomposition and convolutional neural

network is proposed. The energy spectrum feature is extracted from the original signal by variational mode decomposition, and

the deep feature is extracted by convolution neural network. Then, the sensitive feature for fault prediction is obtained by

weighted fusion of the two. The simulation experiments indicate that the proposed method can predict the shunting malfunction

accurately and effectively, which can achieve a prediction accuracy of 99. 87% and provide a new idea for the prediction of the

shunting malfunction for track circuit.
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0 Introduction

As important basic equipment of railway signals,
track circuit plays the roles of train occupied
inspection and transmission of train information, and
its working state is directly related to the
transportation efficiency and operation safety. Track
circuit will be short-circuited by train wheelsets when
occupied, so the current flowing through the receiver
is less than its working threshold, so the track relay
falls indicating that the section is occupied by the
train. However, track circuit cannot be shorted well
in shunting malfunction, so the current keeps the
Therefore,

indication of the section being occupied. The

track relay on. it cannot give the
phenomenon of shunting malfunction may threaten
the safety of operation, such as route release in
advance, switch in transition halfway and so on.
According to statistics, there are more than
36 000 shunting malfunction sections in the whole
road in China. Among all kinds of train operation

accidents, more than 30% are caused by shunting

malfunction".
At present, the researches on shunting
malfunction mainly focus on the formation

mechanism. With the development of computer
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technology, many intelligent methods have been
applied to the fault prediction for track circuit. The
research on the fault prediction usually requires a lot
of data, and the existing studies have shown that the
data simulated by track circuit model can replace the
field data®®™. Wang'™ adopted the fuzzy entropy
theory and the principle of asymmetric closeness to
establish an early warning system of shunting
malfunction, which made the early warning more
Feng"*

estimation method based on the received voltage

accurate, proposed a shunt resistance
amplitude of locomotive signal at the transmitter,
which provided a new method for the prediction of

‘Y extracted the feature

shunting malfunction. Zhang
based on wavelet analysis, and the prediction model
of PSO-SVM was used to realize the prediction of
shunting malfunction. However, the prediction
model takes a longer time due to the large amount of
calculation when the experimental samples are too
large.

A six-terminal network model is established by
analyzing the working principle and transmission
characteristics of track circuit to simulate the
current caused by shunting

shunting signal

malfunction. In order to improve the accuracy and
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stability of prediction, the variational mode
decomposition applied in signal processing is
combined with the deep learning of artificial

intelligence algorithm. The feasibility of this method
is verified by the training set data and the test set
data.
analysis method improves the accuracy and stability

And compared with others, the combined

of prediction,

1 Six-terminal network model of
shunting state for track circuit

1.1 Six-terminal network model

In the actual train operation, the frequency shift
signal generated by the transmitter has leakage to the
ground in the transmission process of the rail lines,
so the rail lines can be considered as a three-

conductor transmission line”. The six-terminal
network model is established for the parts greatly
affected by the ground, e. g., the main track circuit
and syntonic sections, and the four-terminal network
model is established for the parts with better ground
insulation protection in the transmission channel and
the receiving channel. By simulating the process of
the train body entering track circuit, it is found that

the the

approximately the same when the train wheelset is

shunt resistances of wheelset are
considered as single wheelset and multiple wheelsets
the track

. Therefore, to simplify the model, single

respectively  entering circuit

[8-9]

same
section
wheelset is used to equivalent the situation that track
circuit has been occupied. The shunting state of
ZPW-2000A track circuit is modelled, as shown in
Fig. 1.
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Fig. 1

In Fig. 1, Zpa, is the equivalent impedance of the
syntonic unit BAl; Zj, is the apparent impedance
between the receiver syntonic unit BAl and the
receiver; R; is the shunt resistance of the first
wheelset of the train; Z,, is the apparent impedance
from the transmitter syntonic unit BA2 to the
receiver of small track. According to Thevenin’s
the the

syntonic unit BAl and the transmitter can be

theorem, circuit between transmitter
equivalent to a series connection of a voltage source
U, and an impedance Z ;.

According to the transmission line theory, the
transmission matrix equation of the six-terminal

network model can be obtained as

U, Uss
U2l U26
:Nzgl (l)NR (Rf)NZgg (fl,')NJ'S(ZjS)lex(l')

Ill Il6
Iy Iy

(D

where U,, and U, are the ground voltages of rails at
both ends of U, and Z, respectively; I, and I, are
the current of rail at both ends of Uy and Z»,
respectively; U,s and U,; are the ground voltage of
rails at both ends of Zjay5 115 and 4 are the current
of rails at both ends of Zpys; N, (x) (I =1,2)

Six-terminal network model of shunting state for track circuit

represents the transmission characteristic matrix of
the main track circuit with length x; Ni (R;)
represents the transmission characteristic matrix of
R[; st ( st ) the

characteristic matrix of Zi; N;, (x) represents the

represents transmission
transmission characteristic matrix from Zj, to Zpa,.
For the transmitter syntonic section, Kirchhoff’s

law shows that

U/ll U/]2
U, U,
7 =N (2) . , (2)
I]l IlZ
I, I,
U,
1 —1 —Zuu/2 Zunw/2] U,
{ 115A2/ JBAA/} /_z =0, (3)
0 0 1 1 I,
LI/22

where U}, and U,, are the ground voltages of rails at
both ends of Uy and Z, respectively; I;,and I,, are
the current of rail at both ends of U, and Z.,
respectively; Uy, and Us, are the ground voltage of
rails at both ends of Zjps 5 I, and I, are the current
of rails at both ends of Zigar; Ny (x) represents the
transmission characteristic matrix from U, to Zp,.

For the transmitter syntonicunit, Kirchhoff’s law
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shows that

Uis
1 —1 7ZjBA2/2 ZjBAZ/Zj[ Uszs
=0,.,. (4
{o 0 1 1 I o (4)
126

The voltage and current on both sides of the
transmitter satisfy the relationship of

1 0 0 0 Uy,
0 1 0 0 U n
0 0 1 1 I,
1 —1 Zef/Z 7Zef/2 121
1 0 o0 0 Uil o
0 —1 0 0 U. 0
A = . (5)
0 0 1 1 I, 0
0 0 Z4/2 —Z4/2) |1, Ud

The transmission equation between the transmitter
and the shunt resistance can be expressed as

Ull UlZ
UZl U??
N | 7|, (6)
Iy @t Iy
I I,
where N,; (x ) represents the transmission

characteristic matrix from U to R;.
U,, and U,, can be obtained from simultaneous
Eq. (1) to Eq. (6), so the shunting current I is

IC:(Ulg_ng)/Rf. (7)

I. can reflect the shunting condition of rail lines,
so it plays an important role in the prediction of
shunting malfunction. The shunting current signal is
electromagnetically induced with the receiving coil of
the locomotive signal, which is converted into the
locomotive induced voltage signal to generate the
train control information. There is only difference in
amplitude coefficient between shunting current signal
and locomotive induced voltage signal, so the
detection of locomotive induced voltage signal is

transformed into shunting current detection.
1.2 Influence of shunting malfunction

The model is simulated based on the line data of a
certain electricity section. The length of the main
track circuit is 1176 m and the carrier signal is
1 700 Hz.
shunting current obtained by simulation, which is

Fig. 2 shows the envelope curve of

compared with the actual induced voltage envelope
curve after normalization to verify the correctness of
the six-terminal network model. The leakage to the

ground is considered by the six-terminal network
model of track circuit established, so the obtained
envelope curve of shunting current is more consistent
with the actual data, which improves the accuracy of
equivalent model. There are many reasons for
shunting malfunction. It is thought that the shunt
resistance increases, which causes the track circuit
not to short well.
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. —— Simulation of shunt current
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025
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Fig. 2 Three signal amplitude normalization comparison

This paper mainly studies the instantaneous
shunting malfunction or local shunting malfunction
caused by the train passing through the neutral zone,
braking sand or the wet section. Fig.3 shows the
shunting  malfunction of  track circuit at
300 m—470 m. The curve of solid line represents the
other three

represent the situations that shunting malfunction are

normal shunting, and the curves

gradually serious.
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Fig. 3 Part of shunting malfunction of track circuit

It can be seen from Fig.3 that due to rail
impedance, ballast resistance and other reasons., the
signal is attenuated in the transmission process, so
the amplitude envelope curve of shunting current
shows attenuation trend. Due to compensation
capacitance, the transmission channel tends to be
resistive, and the attenuation of signal is slowed
down, ensuring the transmission distance. If there is
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a bad shunting between 370 m —400 m, the signal
amplitude of the fault part is obviously lower than
the normal signal amplitude. And with the increase
of shunt resistance, the signal amplitude is lower,
which indicates that the
malfunction is more and more serious. However, the

impact of shunting
overall change trend of amplitude envelope curve of
current is consistent with that of track circuit in
normal condition,

2 Prediction of shunting malfunction of
track circuit based on combined
analysis

2.1 Combined analysis method

When the train moves into a certain section, the

shunting current signal will be generated.
Considering that the envelope signal of track circuit is
non-linear and non-stationary, a combination of
variational mode decomposition (VMD) and deep
learning composed of cascade block convolutional
neural network (CB-CNN) is proposed to predict the
shunting malfunction for track circuit, as shown in

Fig. 4.

Orignal
signal
| v | | cB-oNN |
Energy Deep
spectrum expression
feature feature
[SCE A A !
[« Y ¢ 3 :
|
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Fig. 4 Framework of combined analysis method

One branch is composed of VMD which is mainly
used to decompose the original signal and extract the
energy spectrum feature. The other is CB-CNN,
which extracts the features through a series of
operations such as convolution, pooling and so on by
constructing filters with different features of the

input data. Then the SCE fusion module fuses the
features extracted from the two branches to get the
sensitive feature p. Finally, the normal signal and
fault signal are classified by the back-end classifier to
predict whether the track circuit has bad shunting.
The reason is that the two branches have
complementary information. The left can reflect the
frequency domain characteristics of signal, and the
right can extract the abstract feature of the original
signal by the multi-layer mapping of CB-CNN. The
feature extracted by deep learning do not have clear
physical meaning, and it is difficult to be analyzed.
Whereas the feature extracted by signal processing
has clear physical meaning. However the extraction
of feature quantity is artificially selected, and the
selection of different feature quantity will also affect
the accuracy of prediction. In order to learn from

each other, the two features are fused.
2.2 VMD

Non-recursive VMD is used to decompose the
original signal into K eigenmode functions u, (t).
The u, (£) can be regarded as a frequency and
amplitude modulation signal, so the original signal

can be expressed as

FO=2u,)=>,A,cos(g, (1)), (8)
k k

where A, (¢) and ¢, () are the instantanecous
amplitude and phase of wu, (7)., respectively.
Therefore, the VMD algorithm can be regarded as
the original signal decomposed into K mode functions
u; (t), and each component is iterated synchronously
to minimize the sum of the estimated bandwidth of
each component. The VMD algorithm consists of the
3 parts.

1) Construction of variational problem

D The single side spectrum of u, (¢) is obtained by
Hilbert transform for each w«, (¢), and the estimated
center frequency w, is mixed with each component to
baseband in

modulate each component to the

frequency shift.
[(é‘(t)Jri) * u;g(t)] e €))
s

where & (¢) is the impulse function; * is a
convolution operator.

@ By calculating the square estimation bandwidth
of L2 norm of each component, the constrained
variational model is obtained.
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where d ¢t is the gradient operation;
{wis wys ***» wg ; is the central frequency;
indicates [.2-norms.

2) Solution of variational problem

By introducing the quadratic penalty factor « and
Lagrange multiplier A (¢), the constrained variational

problem of Eq.(10) can be transformed into
unconstrained variational problem, shown as
L({uk(t)},{wk},/\) —

2
+

2

@)

13

o1 {(a(t) +é) * g <z>} e

lro =S|+ a0 — Saw).
k k

The three parameters u, (t), w, and A (z) are
updated by alternating direction multiplier method.
When the condition of Eq. (12) is satisfied, the final
solution of Eq. (11) can be obtained.

> u
k

ntl
k

() —u} ()P
(12)

A e,
up (w)

where u} (w) is the Fourier transform of «} (), and
the convergence error e 0.

3) Extraction of feature

The signal decomposed by VMD can reflect the
distribution characteristics in different frequency
bands®', whereas the energy of fault signal in
different frequency bands fluctuates greatly, so the
energy spectrum feature of signal is used as the input
of fault prediction. The energy value of each

frequency band can be expressed as

E(u,'):<u,')21 (13)

where u; represents the i-th component.
Therefore, the energy spectrum feature of the

an signal can be expressed as
E(ul) E(ug) E(uk)
m — k Tk P :I:m Ry /] ] . (14)
MNEw) DEw) D EGw) ‘ e
i=1 i=1 i=1
2.3 CB-CNN layer, then through the regularization layer,

The structure of CB-CNN is shown in Fig. 5. The
original signal is convoluted through the convolution

activation layer and maximum pooling layer, and
finally into the subsequent cascade block.

- — Maximum

| Input |—>| Convolution |—>| Regularization |—>| Activation I—P pnxollirlllg
Cascade Maximum Cascade

P block pooling block

Fig. 5 Structure of CB-CNN

The cascade block has eight layers of operation,
including three layers of convolution calculation, two
layers of activation, one layer of upsampling, one
layer of concatenate calculation and one layer of batch

normalization. The detailed structure is shown in
Fig. 6.

Concatenate

Bach Nom
oF

Math Add

Fig. 6 Structure of cascade block

Since the non-stationary signal has a strong time
correlation, this characteristic will gradually weaken
as the depth of the cascade deepens. There are two
bridging branches in the cascade block to preserve the
temporal correlation of shallow features.

2.4 SCE module

The SCE module consists of four steps: squeeze,
connect, excitation and reweight.

1) Squeeze. The feature matrix X =
T X1
extracted by CB-CNN is squeezed
41 Lab ] axp

by the global average pooling method to obtain
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feature n.

L
n; :qu(X):iz.Tﬁ»j:172»"%1)7 (15)

< i=1

n:(n“nz"“,n,,). (16)

2) Connect. The squeezed feature n is connected
with the feature m extracted by VMD to obtain the
fusion feature q.

q:Fco(man) :(mls'“vmk 77717"'9”/7,) -
((J1 9"'9(](-)9 an

and ¢ =k +0.
3) Excitation.
estimated by feature dimension reduction.

w=F,(q W) =6(g(qg.W)) =c(W,0(W,q)) .
(18)

The weight w of feature q is

where W, and W, are the mapping matrices obtained
by learning; ¢ and § are the mapping functions.

4) Reweight. The feature q is weighted to obtain
the sensitive feature p for prediction.

p:Fxcalc(q7U)) :wq- (19)

3 Simulation and discussion

3.1 Data source

In order to verify the feasibility and effectiveness of
the proposed method in shunting malfunction
prediction, the model established in 1. 1 is adopted to
simulate the shunting current under normal
conditions and faults, and White Gaussian Noise is
introduced to replace the environmental disturbance
of the train. The four kinds of signals in Fig. 3 are
simulated by setting different line parameters of
track circuit, each type of signal has 2 500 sets, with
a total of 10 000 sets of data,

7 000 sets are training set samples, and 3 000 sets

Among them,

are test set samples.
3.2 Selection of parameters

1) Selection of mode decomposition number K

Since the classification accuracy of the prediction
model will be affected by the number of mode
decomposition in VMD algorithm, the appropriate
number of K is selected first. As shown in Fig. 7,
the classification accuracy curve is obtained by using
different mode decomposition numbers and training
times on the training set. When the decomposition
number K =4, the classification accuracy is relatively
stable compared with other decomposition numbers.

The performance of each mode decomposition

number in the training set and test set is shown in
Table 1.

100
80+
60

40l

Accuracy/%
.

20+

0 10 20 30 40 50 60 70 80 90 100
Training times

Fig. 7 Influence of different K on prediction model

Table 1 Classification accuracy of different K

K Training set accuracy/ % Test set accuracy/ %
3 99. 55 97. 00
4 100. 00 99. 85
6 99. 80 98. 75
8 99. 65 98. 55
9 100. 00 99. 20

When the decomposition numbers are 3, 4, 6, 8
and 9, respectively, the classification accuracy of the
prediction model in the training set is not different.
However, when the decomposition number K =4,
the prediction model shows better performance in
both the training set and the test set, and has good
generalization ability.

Therefore, the mode decomposition number K of
the signal is selected as 4.

2) Selection of convolution kernel for each module

The parameters selection of CB-CNN, SCE fusion
module and classifierare shown in Table 2.

Table 2 Selection of parameters for each module

Module Layer Convolution kernel
Convolution 64
CB-CNN First cascade block [32,64]
Second cascade block [128,256]
First fully connected 17
SCE
Second fully connected 272
o First fully connected 100
Classifier
Second fully connected 4

3.3 Simulation

1) Signal decomposition

Fig. 8 shows the decomposition and comparison
diagram of VMD for normal shunting (R;=0. 15 Q)
and fault (R;=0.5 Q).
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Fig.8 VMD comparison diagram

When the track circuit is normal, the decomposed
signals show regular fluctuations without abrupt
signals. Whereas the track circuit has shunting
malfunction, the fluctuation of some sections with
bad shunting is significantly greater than that caused
by noise. In addition, VMD can remove the
attenuation trend of normal signal and smooth the
signal to notice the fluctuation of the fault. Thus,
VMD algorithm is effective for predicting shunting
malfunction.

2) Network training

Fig. 9 shows the relationship between the number
of iterations and the prediction accuracy. The
network learning rate is set as 0.01, and the

parameter fine-tuning is 0. 005",

100 r R

o

Accuracy/%

0 10 20 30 40 50 60 70 80 90 10

Tterations

Fig. 9 Relationship between iterations and accuracy

After several iterations, the highest prediction
accuracy reaches 100% and tends to be stable after
the eighth iteration, indicating that the combined
analysis method of VMD and CB-CNN can effectively
predict the phenomenon of shunting malfunction for
track circuit.

3.4 Discussion

In order to verify the superiority of the algorithm,
the models of Refs. [4] and [14 ] are used to classify
the data to predict the fault, and the average
classification accuracy is shown in Table 3.

Table 3  Comparison results of combined method with other
methods

Method Accuracy/ %
GWO-SVM 94. 82
PSO-SVM 99.5

Combined analysis 99. 87

It can be found that the combined analysis method
is superior to other methods in classification
accuracy, and its classification accuracy can reach
more than 99.8%. Fig.10 shows the prediction
result of shunting malfunction using the combined
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analysis method.

The classification label of normal shunting is 1,
and the other classification labels are bad shunting.
The simulation experiments show that there are
and 1
misclassified respectively when the classification label

2 groups, 1 group group of samples

are 2, 3 and 4 in 3 000 test set samples. and the
classification accuracy is 99. 87 %.

5-
4} X True —
_ ¢ Prediction
£
= 3t o EE— .
£
Z
g
7 2f — .
E
(]
| —
0 750 1500 2250 3000

Test set samples

Fig. 10 Prediction results of shunting malfunction

4 Conclusions

In view of the shunting malfunction of track
circuit, variational mode decomposition is combined
with convolution neural network. The normal
shunting current signal and fault signal are classified
to achieve the effective prediction of shunting
malfunction. By establishing the equivalent model of
track circuit to simulate fault data. The energy
spectrum feature is extracted by the variational mode
decomposition algorithm, and the deep expression
feature is extracted by deep learning. They are fused
to obtain sensitive feature, which can achieve the
effective prediction of bad shunting.

A new idea is proposed for the prediction of similar
non-linear and non-stationary signals, and the
parameters optimization method of VMD is also the

focus of future research.
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