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Fault diagnosis method for switch control circuit
based on SVM-AdaBoost
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Abstract: In order to realize the fault diagnosis of the control circuit of all-electronic computer interlocking system (ACIS) for
railway signals, taking a five-wire switch electronic control module as an research object, we propose a method of selecting the
sample set of the basic classifier by roulette method and realizing fault diagnosis by using SVM-AdaBoost. The experimental
results show that the proportion of basic classifier samples affects classification accuracy, which reaches the highest when the
proportion is 85%. When selecting the sample set of basic classifier by roulette method, the fault diagnosis accuracy is
generally higher than that of the maximum weight priority method. When the optimal proportion 85% is taken, the accuracy is
highest up to 96. 3%. More importantly, this way can better adapt to the critical data and improve the anti-interference ability
of the algorithm, and therefore it provides a basis for fault diagnosis of ACIS.
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0 Introduction

Nowadays, the railway station signal control

system have entered the stage of vigorous
development of the fourth generation all-electronic
computer interlocking system (ACIS)!, which can
implement the interlocking function of station signal
equipment by electrical or electronic equipment. In
this research, taking the control circuit of five-wire
( switch

module)? in ACIS as a research object, the fault

switch all-electronic  control module
diagnosis method is studied by using a large amount
of historical operation and debug fault data.

As an important part of ACIS, switch module can
realize all-electronic real-time control of the switch.
Because of large  operation  current  and
electromagnetic interference, the fault frequency of
the control circuit of switch module is high. In
ACIS, switch module acts as real-time security
systems, in which the relationship between multiple
performance parameters is complex and the fault has
random uncertainty and fuzziness, therefore the fault
is difficult to distinguish. At present, diagnosis of

the ACIS mainly relays on artificial experience.
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Researchers also have paid attention to intelligent
diagnosis methods of control circuit™*!, such as neural
network "*!, support vecotr machine (SVM)'!,
Bayesian network'”, etc. However, there is no
successful application in fault diagnosis of ACIS,
Therefore, it is of great significance to study the
intelligent fault diagnosis method of control circuit
based on  multi-performance  parameters for
production debugging and fault repairing of ACIS, as
well as to improve the intelligence of railway signal
control system.

Adaboost™ can adaptively adjust the accuracy of
the classifier by choosing the samples of the basic
classifier in the way of maximum weight priority,
which changes the data distribution of training
samples. Each iteration will obtain a basic classifier
with the best classification and its weight in the
overall classifier., As iterations increase, the final
strong classifier generated by the basic classifier
iteration has the smallest classification error, while
SVM has greater advantages in solving small
sample, non-linear and high-dimensional problems.
In this paper, based on the fault data accumulated by

switch module in ACIS for a couple of years, a
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method of selecting basic classifier samples by
roulette method and diagnosing them by combining
the advantages of SVM and AdaBoost algorithm"'* is
proposed, and then the fault diagnosis simulation of
switch module control circuit is carried out. The
results show that it can provide a basis for fault

diagnosis of ACIS.

1 Analysis of switch module control circuit

Switch module drives AC five-wire switch machine
to control the switch. The operation circuit structure
is shown in Fig. 1. The circuit interfaces X1, X2,
X3, X4 and X5 are control wires connected with the
switch machine through the distributor to realize
switch driving and state acquisition. A, B and C are
three-phase power source, K1 to K7 are electronic
control switches. Besides, main switch breakdown

inspection circuit, phase supervision device and
current detection circuit are set up to monitor the

working state of the circuit in real time.
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Fig. 1  Structure diagram of switch module main operation
circuit

The operating flow of switch operation circuit is as
follows: When the switch is in reverse position and
the switch module receives the normal operation
command from interlocking system, switches K1,
K2, K3, K4 and K6 are turned on and then X1, X2
and X5 are connected, which drives the switch
machine to rotate towards normal position. When the
switch is in normal position and the switch module
receives reverse operation command, switches K1,
K2, K3, K5 and K7 are turned on and then X1, X3
and X4 are which

conversion and drives the switch machine to reverse

connected, leads to phase
position,

Switch module indication circuit structure is shown
in Fig. 2. It consists of transformer, current limiting
resistance R1, normal indication detection circuit,
reverse indication detection circuit, power source for
switch indication, etc. It can monitor the switch

position in real time.

Indication diode, wusually connected to the
distributor, is the main component of the whole
circuit. When it breaks down and is reversely
connected, switch indication is lost, which can also
effectively prevent X2 and X3 from reversing and
resulting in error indication. Therefore, indication
diode is an important component to ensure the normal
operation of switch indication circuit, but its
component characteristics lead to frequent faults of
the whole circuit, therefore it should be included in

the whole control circuit for fault analysis.

Normal indication [—— X4

AC220V B1 detection circuit F—— X2
AC220V Reverse indication [ X5
detection circuit —— X3

X1

Fig. 2 Structure diagram of switch module indication circuit

According to the features of the control circuit of
switch module, the fault tree''" is drawn, as shown
in Fig. 3. Ten types of failure modes are defined from

Al to Al0, as listed in Table 1, which are

represented by labels —5 to 5, respectively.
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Fig. 3 Fault tree of Switch module control circuit

Table 1 Fault modes of Switch module control circuit

1D Label Failure mode

Al —5 Operation fault free

A2 —4 Indication fault free

A3 —3 Normal operation circuit fault
A4 —2 Reverse operation circuit fault
A5 —1 Indication diode open

A6 1 Normal indication circuit fault
A7 2 Reverse indication circuit fault
A8 3 Indication diode breakdown
A9 4 Switch operation power fault
Al10 5 Switch indication power fault

In order to diagnose switch module control circuit,
13 separated fault features are selected from ACIS
and monitoring machine according to fault mode and
cause analysis, as listed in Table 2,
recorded as Bl to B13.

which are
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Table 2 Fault features description of switch module control
circuit

1D Features Description

Bl A phase current

B2 Switch K4,K6 state

B3 Switch K5,K7 state

B4 B phase current

B5 C phase current

B6 Switch normal indication

B7 Switch reverse indication

B8 Abnormal normal indication signal

B9 Abnormal reverse indication signal

B10 Phase disordering

Bl1l Operation voltage

B12 Indication voltage

B13 Switch operation state

Therefore, the fault diagnosis of switch module
control circuit takes the fault features shown in Table
2 as inputs and the fault modes shown in Table 1 as
outputs.

2 SVM-AdaBoost fault diagnosis method

The problem studied in this paper has the
characteristics of small sample size, non-linearity and
high dimension, therefore SVM is used as the basic
AdaBoost"'* method can enhance the

performance of classifier adaptively by superposition.,

classifier.

but in the process of Adaboost training, the training
is too biased towards such difficult samples, which
makes the Adaboost algorithm vulnerable to noise
interference. Because roulette algorithm can ensure
that each sample has a certain probability of being
selected to form a subset of the basic classifier, it can
improve the anti-interference ability of the classifier.
Therefore, roulette algorithm is used as the selection
method of training sample subset of basic classifier,
SVM-AdaBoost is used as fault diagnosis method,
and switch module control circuit is taken to study
the fault diagnosis method of control circuit of ACIS.

2.1 SVM

SVM™* is a machine learning method based on
theory. It
generalization ability of learning machine by seeking

statistical ~ learning improves  the

the smallest structured risk, realizes the
minimization of experience risk and confidence range,
and achieves the goal of good statistical law in the
case of fewer samples.

For a set of training samples
S:{(xmy,->}, x; € R, y,-G{l’*l}’ (D

where x; is the data point, y; represents the sample
category. To classify the vast majority of samples

should

requirement of maximizing the sum of the minimum

correctly, the hyperplane satisfy  the
distances from two types of sample points to the
hyperplane. The expression of the hyperplane is

given by
wix+b=0. (2)

where w is the weight vector and b is bias of
hyperplane. The distributions of w and b are
essentially linear, and non-linearity is caused by

noise, that is, there are very few outliers far from

the normal position. Using soft interval, good
results can be obtained as
min - [|wl* +c20¢
i=1
s. t. y,-(wa, +b) > 1 _E,'a
S,-)O,i:LZa"',na (3)

where & is a slack variable and represents the number
of function intervals of the data point x; allowed to
deviate from the hyperplane; ¢=>0 is a penalty factor
and presents the tolerance allowed to make mistakes.

For linear non-separable problems, the data are
mapped to high-dimensional space by kernel
function, and the SVM is extended to the non-linear
separable case. Since Eq. (3) satisfies the karush-
kuhn-tucher (KKT) condition, the above problem is

transformed into

maxza; - %ZaiajyiyjK(xi vxj) ’
¢ =1

ij=1

s. t. Oga,'gfy

ia,-y,- =0, 4

=1

where a; and «; are lLagrange coefficients and
K(x;,x;) is the kernal function. Here, linear and
Gaussian kernels are used, and their expressions are

given by
K(x;,)Cj) - <x1‘7xj>7 (5)

- ” Xi —X; ’

5 ). (6)

K(x,-,x;) == exp(
The decision function can be obtained by

F() = sign( D) ay K (xivx) +0). )
ij=1

The above parameters ¢ and ¢ are determined by
grid optimization method.

2.2 SVM-AdaBoost method

The core idea of AdaBoost algorithm is to increase
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the weight of error sample and to reduce the weight
of correct samples, so as to train a new basic
classifier under the new sample distribution. Thus

several basic classifiers are obtained, and a strong

classifier is formed by superimposing certain
weights,
To improve the anti-interference ability of

AdaBoost, the proportional coefficient K is set, and
K-ratio samples are selected by roulette algorithm to
form a subset of basic classifier samples in each
iteration.

The basic idea of roulette algorithm is that the
probability of a sample being selected is proportional
to the value of its fitness function. If the sample size
is N and fit (x;) is the fitness of sample x;, the
selection probability of x; is calculated by

p(x) = ,ﬁt#
D7 fir (x)

i=1

(8

Roulette process is as follows.

1) Produce a random number R with uniform
distribution in an interval of [0,1].

2) If R<q,, sample x; is selected;

3) If g1 <R<q, (2<n<N), sample x, is

selected, where ¢, = Zp(xj) is called the
i=1

accumulation probability of x,.

The training process of the SVM-AdaBoost
algorithm"'" for selecting the sample set of the basic
classifier by roulette method is as follows.

1) According to the training sample set

S:{(x,-,y,-)},i:LZ,"',N, (9)

we choose the proportion p of basic classifier samples
to total samples, the iteration number M, the exit
accuracy A, and the individual fitness fit (x;) of
smaple x;,» where fit(x;) is the current weight of the
sample x;.

2) Initialize sample weights

vV, — (“(}1_1 9"'77)1_1'9"'7‘01“\')9 Ul,i = o (10)

Z|—

3) For the number of iterations m=1,2,+,M,

(D According to the current sample weight v,,.;
the training sample subset S,,CS of basic classifier
G,.(x) is obtained by roulette algorithm;

@ Using the training data set with weight
distribution v,,» the basic classifier G,,(x) is obtained
by SVM learning.

® The classification error rate e,, of G, (x) on the
training data set is calculated by

N
€n — Evm.ilm.[’ (11)
i=1

1, G,(x) # y;»
0, G,(x;)) = y.

@ The weight of G,, (x) in the final classifier is
calculated by

where I,,.; = {

1, 1—e,
21n P (12

Qp

where a,, denotes the importance of G,,(x) in the final
classifier, and its purpose is to obtain the weight of
the basic classifier in the final classifier.
® The weight distribution of the training data set
is update by
Uit = 2 exp(— apy G (X)) 5 (13)

m

N
Ty = va,iexp(— v G, (X)), a4

i=1
where z,, is the normalization factor, making v,
probability distribution. The

increases the weights of the samples misclassified and

obey a updating
reduces the weights of the samples correctly classified
by the basic classifier. Thus, the AdaBoost method
can focus on the more difficult samples. Then

Eq. (12) is reduced to

Um,i ~ .
JZem’ yi(;m(xl») = 1,
(15)

Umt1.i — 0

Ui Al —
tm9 y,-(;,n(xl-) =1,

where y,G,, (x;) = —1 represents that the sample is
misclassified by the basic classifier, and y,G,, (x;) =1
represents that the sample is correctly classified.

©® The training process is completed after the
established

threshold A or iteration has performed M times.

classification accuracy reaches the
4) The decision function F(x) of the final classifier

is obtained as

M
F(x) = sign( ) a,Gn(x)). (16)

m=1
The algorithm classification process is described as
follows.
1) Weak classifiers are cascaded into strong
classifiers as

M
F(x) = D) a,Gn(x). (17)

m=1
2) Substituting the sample values into Eq. (16),
classification results are obtained as

. o 17 F(x)>0,
SO = {— 1, F(x)<o. (18
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The above process is a binary classification
problem. To solve the multi-classification problem, a
pair of multi-classification methods are used to
construct a multi-classifier. The approach is to
design a classifier between any two classes of
samples, therefore the /-class samples need to design
[(l—1)/2 classifiers. When classifying an unknown
sample, the category that gets the most votes is the
category of the unknown sample.

Selceting the samples of basic classifier by using
roulette algorithm can ensure that the algorithm pays
attention to the difficult samples. while smaller
weight samples can also have a certain probability to
participate in the training process, which improves
the integrity of the basic classifier samples, makes
the basic
completely concentrated on the difficult samples, and
ability of the
classifier. At the same time, the different sample

classifier after several iterations not

improves the anti-interference

sets ensure the heterogeneity of the basic classifier.

3 Simulation and analysis

Fault diagnosis is carried out by using 1 784 fault
data accumulated from more than 400 railway
stations and production debugging. The sample

distribution is shown in Table 3.

Table 3  Samples distribution of switch module control circuit
faults

Number of Number of Number of
1D Label o
total samples  training samples  test samples
Al —5 300 250 50
A2 —4 300 250 50
A3 —3 177 127 50
A4 —2 148 98 50
A5 —1 252 202 50
A6 1 170 120 50
A7 2 182 132 50
A8 3 165 115 50
A9 4 50 35 15
Al10 5 40 25 15

3.1 Samples acquisition of basic classifier

The basic classifier samples are selected by the
maximum weight priority and roulette method,
respectively. The two methods select all the unified
samples and use SVM-AdaBoost to classify faults.
The strategies are as follows.

1) When sample proportion p is 55% . 65%, 75%,
85%, 95% and 100%, respectively, the samples are
trained.

2) The maximum weight priority method ranks the

samples according to their weights, and takes the top
p data as the subset of the basic classifier. The
roulette method chooses the sample subset in the
roulette method described in Section 2. 2.

3) SVM-AdaBoost is used to train the two way,
and results are verified by test data, as shown in
Fig. 4.

100

Nl
[

Accuracy (%)
©
_ S

—@— Roulette rotation
—&— Maximum weight priority

80 L L L |

(o]
W

55 65 75 85 95 100
Sample proportion (%)

Fig. 4 Impact of sample acquisition methods on basic classifiers

The experimental results show that the diagnosis
accuracy of the classifier which uses roulette method
is generally higher than that of the maximum weight
priority method when the proportion of samples is
less than 85%. When p => 85%, the diagnosis
accuracy of the maximum weight priority method is
slightly higher than that of the roulette method, and
when p = 85%, the SVM-AdaBoost algorithm has
the highest diagnosis accuracy when the roulette
method is used to select the basic classifier samples.
Therefore, the optimal proportion is p=85%.

3.2 Analysis of fault diagnosis accuracy

The diagnosis experiments are carried out by using
the methods shown in Table 4. Because of small
sample size, SVM shows better accuracy than BP
neural network. The average fault diagnosis rate of
linear kernel SVM and BP neural network are
approximately equal, about 80%. For Gauss kernel
SVM, the optimal classification parameters ¢ and ¢
are chosen by grid optimization method. When Ci. =
4 and Ohse =12. 8, the classification result is the best,
and the accuracy is 89. 4%3.

Linear kernel SVM has a strong ability to classify
single feature fault such as operation power fault
represented by A9 and indication power fault
represented by Al0O, and all of them are classified
correctly. Compared with linear kernel SVM, Gauss
kernel SVM, which has higher fault diagnosis rate
for other non-single feature faults. For A6, A7 and
A8 fault modes, Gauss kernel SVM shows lower
resolution than other modes because based on train
station fault data, experienced engineers can hardly
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distinguish these three types of faults from the
monitor data and curves. The average accuracy of

Gauss kernel SVM is higher than that of linear kernel
SVM and BP neural network method.

Table 4 Fault rate of Switch module control circuit

Accuracy (%)

Diagnosis methods
Al A2 A3 A4 A5

Average accuracy( %)
A6 A7 A8 A9 A10

BP Neural Network 78 82 72 80 84
Linear kernel SVM 82 76 74 76 82
Gauss kernel SVM 96 92 92 94 90

SVM-AdaBoost 94 100 96 100 96

78 76 84 86.7 93.3 80

78 76 80 100 100 79.5
86 82 82 93.3  86.7 89. 4
92 94 98 93.3 100 96. 3

For the SVM-AdaBoost method, it uses roulette
algorithm to select basic classifier samples. Taking
into account the fact that linear kernel SVM has a
high fault diagnosis rate for single fearture faults,
the first basic classifier uses linear kernel SVM, and
SVM. Each
Gaussian kernel SVM uses grid optimization method

subsequently uses Gaussian kernel
to determine parameters ¢ and 6.

Let the accuracy threshold A=95%. the number
of iterations M = 10, and then the experiment is
carried out. When iteration performs 4 times, the
accuracy meets the loop iteration exit request, At
this point, the SVM-AdaBoost fault diagnosis result
is shown in Fig. 5, and the accuracy is up to 96. 3%
(414/430), than other
methods. It is proved that this method has better
resolution in Switch module control circuit fault

which is much better

diagnosis.
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Fig. 5 Fault diagnosis results of SVM-AdaBoost

3.3 Analysis of anti-interference capability

In the process of Adaboost training. the weight of
and the

training is too biased towards difficult samples,

difficult samples increases exponentially,

which makes the Adaboost algorithm vulnerable to
noise interference. Furthermore, the control circuit
complex environment

is vulnerable to external

interference, component performance degradation
and other factors, which easily causes fault feature

offset and fault feature data being at the edge of

normal operating conditions, while such data are
vulnerable to the performance of the algorithm.

As shown in Fig. 6, non-switching features of
switch module are selected to analyze the distribution
of fault feature data. The data marked with circle is
part of the data deviating from the normal value. The
classification results show that this kind of data are
easy to be misjudged by various classification
methods in Table 4. Therefore, outliers far away
from the most points in Fig. 6 and the similar outliers
artificially simulated are selected to form a test

sample set with a total of 100 data.

A phase current B phase current C phase current

2 2 2
@ &
19 F 15—t - 1§k e 2
00 200 400 00 200 400 00 200 400
Action voltage Indication voltage
400 e 400
200 200
.
00 200 400 00 200 400

Fig. 6 Characteristic data distribution of switch module control
circuit

The experimental results are shown in Table 5.
For this kind of samples, the accuracy of sample
selection by roulette method is 14 % higher than that

by maximum weight priority way.

Table 5 Analysis of anti-interference ability of SVM-AdaBoost

Maximum weight priority ~ Roulette block method

Accuracy 74% 88%

Experimental results show that the method of fault
diagnosis based on SVM-AdaBoost can better adapt
to critical data and improve anti-interference ability
when the sample set of basic classifier is selected by
using roulette method.

4 Conclusion

In this paper, the SVM-AdaBoost method is used
to diagnose the switch module control circuit of the

ACIS.
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The acquisition way of basic classifier sample set
affects the diagnosis accuracy of SVM-AdaBoost.
The diagnosis accuracy is generally higher than the
maximum weight priority method by using the
roulette method to obtain samples. Simultaneously,
this method can better adapt to critical data and
improve the anti-interference ability of the algorithm.

The proportion of basic classifier samples has a
great influence on the accuracy of SVM-AdaBoost
fault diagnosis. The proportion of samples can be
determined by experiment according to the sample
data. The fault diagnosis method based on SVM-
AdaBoost for switch module control circuit has better
accuracy. The research content can be applied to the

fault diagnosis of ACIS.
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