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Abstract °

As a key part of track circuit, the state of insulation joints is related to safe, and
efficient operation of railway. In order to accurately obtain different degrges<f insulation

joints, a prediction model based on support vector machine§ has bee ed to study
damage to insulation joints. For unbalanced data sets D%f resea@ocess, a KNN
under-sampling is presented to remove redundan A@dr nmseW S. By means of
BSMOTE over-sampling method to further tI advafitage Yof the data, KNN-
BSMOTE-SVM algorithm of hybrid sampling is giveri to acﬁ%bzlanced data sets. The
theoretical analysis and simulation results that the-propbsed algorithm increases
classification performance of SVM el@. Compq(;% with  KNN classifier, the

classification results of SVM are be% upport wector machines used in insulation
damaged joints prediction is feasibleﬁ

ffeci
Keywords: unbalanced d ts; support vector machines (SVM); insulation joints;

track circuit; prediction \
1. Introduction,’ ‘QQ) \\9
' O

Insulation join anin t of railway network infrastructure, which guarantee
the normal | of railway/liie and ensure traffic safety. In the electrical service

system, damaged’ insul 'c@oints are the main cause of track circuit failure. Once rail
insulation joints are d ed by squeezing, trains may be obstructed, which directly
affects the normal &@u of rail transport, causing unnecessary economic losses. The
traditional met@or determining the damaged insulation joints (microcomputer
monitoring, systemy»and Megger) are slower, poor real-time, hysteretic nature and strong
subjective%@eﬂwhile, the judge results only have two states, "normal™ and "abnormal",
not a goo@ cription of the extents for damaged insulation joints. At this stage, the study
of J L@on joints rather focus on polar transposition and damaged reasons [1] than
p%on of damage to insulation joints.

S (support vector machines) is a statistical theory of machine learning method,
which is based on structural risk minimization criterion and VC dimension concept, has
been very successfully applied to prediction field [2-3], fault diagnosis [4], image
recognition and intrusion detection. The basic ideas [5]: To find a hyperplane to correctly
classify two types of sample points, and achieve the maximum class interval. In recent
years, insulation joints prediction has not been reported in domestic and overseas.

SVM is a supervised classification algorithm, training balanced data set samples could
achieve good generalization ability. Therefore, the study on the training data set of SVM,
often assume that all kinds of the number of samples is basically equal, is balanced. But in
most cases, lots of data samples are unbalanced, the SVM is used to directly deal with the
issue of unbalanced data sets, generalization ability is not high. In practical application,
the number of positive sample is often difficult to obtain, but it is the essence of these data
to better reflect the problem very well. All along, many scholars are concerned about how
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to improve the classification performance of SVM algorithm with unbalanced data,
making it better. The [6] puts forward a cost sensitive SVM algorithm based on hybrid
sampling. And [7] proposes a new fault detection algorithm based on border synthetic
minority over-sampling technique combined with cost sensitive SVM. Although to some
extent, under-sampling cost sensitive SVM algorithm has been improved the classification
performance of SVM, it is limited to a subset of the negative sample, not up to the ideal
especially when serious unbalanced data.

Therefore, in order to improve the ability of anti-jamming of noise sample, K nearest
neighbor under-sampling method is put forward to construct SVM algorithm. Meanwhile,
to further strengthen the boundary samples, a KNN-BSMOTE-SVM algorithm, combine
with BSMOTE algorithm, is proposed to achieve balanced data. In the course of the
experiment, the algorithm is applied to predict damage to insulation joints, the results
show that the algorithm has better classification performance with unbalﬁwta,

compared with other algorithms. :

2. Theoretical Background ‘ %)

In this paper, multi-class SVM is devised to predict amage%? lation joints. To
solve this problem, we suppose that there are trai@ data ( w 2,....N), X ERY Vi
e {+1, -1}, where each data is a d-dimensional vector, y is ‘the’Category label, w; class
marks +1, and -1 belongs to w, class. Sar@;?%iven.ar inearly separable, that is, the
hyperplane: g(x)=(w-x)+ b=0, which pr to separ&g II' N samples with no error,
where wE€ R? means weight of Imear minant_f@nction, b is the constant term, (w-x)
represents the inner product % and X. amples could be correctly classified

and hyperplane has classificati rval, re ents are proposed as yi[(w-x)+b]>1,
(i=1,2,...,N), and the class int is ma-xnﬁ:T that is M=2/||w/|, where |\w|| is die of the

weight vector that is, [lw|jz(w:w)"2

Therefore, to solve t |mal h e is to minimize |w||>. The problem could be
solved by Lagran rfrgﬁ ra e coefficient 00, (i=1,2,...,N) is introduced to
each sample obtai eo | on problem of equivalent conversion.
(w bé @(w W) — za {[(w-x)+b]-1} (1)

Where L(w,b,a) i agrange functlon, the solution is to find the smallest w and b,

but the largest a, t solution has to be got at the saddle point of L(w,b,«).
Then, to see partial differentiation of w and b, then to zero them, adjust Eq.(1),
getting th roblem of the original problem
6L(W b.a) ijzzai YiXi 2
i=1
@ al_(w b,a) 4
N ) = 0 - V. = 0 3
. Za Y, (3)

To finish Eq.(1), Eq. (2) and Eq (3) Eq.(4) could be obtained.

L= Za ——ZZa ViV X; (@)

i=1 j=1
According to Kuhn—Tucker conditions of optimization theory, Lagrange function has
to satisfy at the saddle point in Eq.(4).
o {y;[(w-x)+b]-1}=0,3=1,2,...,N) 5)
Conditions could be seen from the above Eq.(5), only when o; is zero or ¢; is non-zero
but with condition, yi[(w-x)+b]=1, Eq.(5) is set up, which corresponds to samples are
support vectors.
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For non-linear support vector machine, as long as K(xj-x;) meets Mercer condition,
according to the theory of functional space, function K(x;x;) is the inner product of swap
space. Therefore, the problem to solve non-linear support vector machine by designing
nonlinear transformation could be realized by directly designing the kernel function. At
the same time, taking the situation into account, some samples could not be classified
correctly by the best classified surface, so slack variables ¢; is introduced to optimal
hyperplane, that is, >0, (i=1,2,...,N), then the constraint of optimal hyperplane is as
follows:

yi[WTX—i-b]Zl—gi,i:l,---,N (6)
Then, we have got dual form of optimization problem under non-linear classified

W(a)———Zaa Yy k(X X ,)+Za

| j=1 v
With constraints, 6
N @

Zaiyizo OSOCISC,I=1,
i=1
Finally, SVM decision function is got in th feat sp , namely (N is the
number of support vectors)

sugn{za yilo(x, @?+ bIY A
)
3. Insulation Joints Dem &

Insulation joints are vital for“the safetywand normal transportation of railway, with
insulation roles, to divideZinterval jon, and ensure current transported directly
along the rail in track&?t Abo ‘%as an important part of the track circuit, the
weakest link of li ain p combination of electrical engineering, sensitive
areas of restrlctl |c saf; ‘gjsulatlon joints are broken or damaged, forming a red
belt, causing % t circuit it has affected the normal railway driving, badly
interfered withutransportati Fallure rate of poor insulation joints is high and long delay.
Damaged insulation joi ow the track circuit fault.

To analysis electfical characteristics at both insulation joints ends and influencing
factors, we havi&ﬂd that there are differences on the value of voltage current and
resistance. Researeh shows that different sample value of insulation joints presents
different S%Therefore, the characteristic components (electrical characteristics and

influenci ctors) are selected to identify the conditions of insulation joints. Data
prQ'd@ms two parts, some are track circuit test data, others are glued insulation test

aracteristic components are as shown in Table 1.

Table 1. Characteristic Components

Test data Characteristic components ~ Standard value  Consider or not
Track circuit Weather and ballast No
Sending voltage/V [0.5,1] Yes
Limited resistor voltage /V 1.6 Yes
Track circuit voltage/V [15,24] Yes
Glued insulation Rail voltage/VV Under 1 Yes
Broken trough Yes
Rail joints [8]/mm [6,10] Yes
Measured resistance/ o More than 20 o Yes
Inside voltage/VV 0 Yes
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Yes
No

Outside voltage/V

0
Leakage current/A 0

The effects of weather, ballast and leakage current are not big in the short time, no
consider temporarily. To analysis Table 1, nine characteristic components are selected.
Measured sample data is within the normal range when insulation joints are good. If not,
are broken. As a consequence, to determine what are the statues of insulation joints is to
judge sample characteristic components are normal or not. A wide range of decision rules
are provided to define four states of insulation joints in Table 2.

Table 2. Rules
&
States of insulation joints Description ‘
Normal All characteristic components value were no
Slight damage One of characteristic components was abn I
Medium damage Two were anarmal.
Serious damage At least thréwe abnormel. )

4. KNN-BSMOTE-SVM Algorithm Q

For SVM research, the number of samples rious ty @training sample data sets
is assumed to roughly equal, that is, t r probé i distribution is balanced or
misclassification cost is equal of each type\But thereds lotS of normal data, abnormal data
is very limited during the study, t %eri a is an unbalanced data set. For
research of damage to insulatio d@ ith urnr% ed data sets, the damaged data better
reflects states. Although i ation asymmetry has higher overall classification
accuracy, increasing error_rate of the itive sample information, the classifier
generalization capabiligté?not hi refore, to research insulation joints with

,;\)\),

unbalanced data set$ cial. Cu , unbalanced research mainly focuses on the
level of algorithm& data, a SMM classification algorithm based on combination of
KNN and Is pro to remove redundant and noise samples to improve
classificatio yracy. @

4.1 KNN Under-Sa

KNN, K-Neargst Weighbor, is promotion to nearest neighbor method, with rules, to
observe k neare own samples of unknown sample, x belongs to category of a greater
number a k nearest neighbors. The nearest neighbor is calculated according to
Euclidearq nce. In KNN algorithm the value of the parameter k is determined by
experi . Algorithm idea can be described as follows.

%@F o calculate the distance d(x;, X,) between each unspecified sample x, and X;.
2: To Select k smallest distances sample with, named X,Xo,. .., X.

Step3: The categories of k samples reference numeral category label of x,.

KNN under-sampling method is divided into four subdivisions, that is, NearMiss-1,
NearMiss-2, NearMiss-3 and “most remote”. NearMiss-1 selects the negative sample with
average minimum distance to the nearest three positive sample. While NearMiss-2 elects
the negative sample with average minimum distance to the farthest three positive sample.
NearMiss-3 gives each positive sample for a given number recent the negative to ensure
the positive is surrounded by negative. The “most remote” method selects the negative
sample with the maximum average distance to the nearest three positive sample.
Experimental results have shown NearMiss-2 method have a better unbalanced optimal
performance [9].
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4.2 BSMOTE Over-Sampling

In addition to the negative by reducing the data to achieve a balanced, over-sampling
method could also be used to increase the positive to complete balanced. Over-sampling
method has two kinds of random replication and synthetic. Random copying method
achieves a balanced by copying positive sample randomly, but is easy to over-fitting. To
improve this deficiency, synthetic oversampling method is proposed which generated with
a new algorithm, currently, more using this method. SMOTE is a powerful method in
over-sampling, to use the positive sample to generate artificial ones, but with a certain
blindness. Therefore an improved algorithm border SMOTE (Border Synthetic Minority
Over-sampling Technique) is proposed on the basis of SMOTE, the algorithm is more
attention to the distribution of the sample. w

Support vectors are the main concepts of SVM algorithm, which de the
classification boundary, the algorithm could be used to copy only the posi e near
the classification boundaries to achieve equalization of training samples @

BSMOTE oversampling algorithm specifically desc%%s follo t
the positive sample F={f,f,,....,f.}).

ramlng set,

Stepl: According to k nearest neighbors of ple e posmve in the
training sample set T to classify F sample. If k n neig J&u& the negative sample,
set as the noise sample, then put into set they are th sitive ones away from

classification boundaries, put into B. If mixj tinto*S.
Step2: Take out boundaries sample s t 1,F>,....fp } MO0 calculate k nearest neighbors

fi; of each boundaries sample in the ive F, aﬁﬂe domly select s nearest neighbors,
where s e (1,b). Then to cou nce pg)f rties, dy=f;i-fj, j=1,2,...,5s. And to
multiply by a random numbgr t, Which is ta 0 between 0 and 1. Final artificially

generates positive sample hj, hj fi'+rijx@ .,S. In addition, when the k nearest

neighbors sample belong t@ithe collecti or S r.J €(0,0.5).

Step3: To repeat Ste il the p achieves a balanced sample set, then to finish
algorithm. %m
4.3 KNN- Bf@ -SVM Al

Combining dbove sa methods, a mixed algorithm, which combines KNN under-

sampling and BSM ver-sampling, the KNN-BSMOTE-SVM is proposed. The
algorithm could e noise and duplicate information of the negative sample,
meanwhile, incr oundary sample information of the positive in the case of retaining
useful im%g;o of the negative, improving the utilization of data and achieving a

balanced . The algorithm flow is as shown in Figure 1.

imental Analysis

According to track circuit and rubber insulation test data, KNN-BSMOTE-SVM
algorithm, named as A-algorithm, is used to forecast the state of insulation joints with
unbalanced data set. In order to verify the feasibility of SVM, SVM and KNN classifiers
are selected to classify experimental data, then compare results.
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Samples determined by x

KNN under-sampling‘ ‘ BSMOTE over-sampling

SVM classifier
Classification
The optimal results

Figure 1. KNN-BSMOTE-SVM Algorithm Flow x)'
5.1 Experimental Data E ’
Data is track circuit and rubber insulation test data th t@e& from )@@} electricity
igl 0

department. We have to convert the raw data into vectoRghat SVM could
recognize. For example, “Broken trough” is a Ch" racterngt aydigital vector, we

make “0” represent normal, “1” is abnormal. Ch @ istic p me ers of the sample data
show in Table 1, and Table 3 shows experlme featuf&g ation. Parameters of
is a multi-classification

SVM could be got through training, damag sulations]
n%t sample in this paper, A, B,

problem. “one-against-one” MSVMs is< aln a
C and D represent one category of n sllg td medium damage and serious
damage. Meanwhile, considering fa %@@ne failure to upgrade, the highest
degree of damage is determ the SHR tag number. So, a SVM prediction
model is established.

Data sets Pr@% Number of Number of
positive sample categories
Track circui 22/17/3 4
Rubber <) 85/4/8 4
insulation b
Mixed data  _ @\ 39 22/17/8 4
N
5.2 Evaluatiq dard
nbalanced data, we tend to be more concerned about the positive sample
but th ortion of it is small, easy to classify wrongly. The traditional sorter usually
takegite-accuracy as the evaluation criteria to pursue high rate of accuracy. This kind of

ation standard in unbalanced study of the question is obviously incorrect. Therefore,
this paper uses accuracy, precision, recall and F-measure to evaluate and compare the
precision model, these performances come from hybrid matrix. The hybrid matrix is as
shown in Table 4.

Table 4. Hybrid Matrix

Forecast number of Forecast number of

negative sample positive sample
Actual number of TN FP
negative sample
Actual number of FN TP

positive sample
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N represents the negative sample, P is the positive, T and F are shorthand of TRUE and
FALSE. TN is the number of forecasting the negative sample correctly. FN is the number
of forecasting the negative sample wrongly. FP is the number of forecasting the positive
sample wrongly. TP is the number of forecasting the positive sample correctly. It is
follows:

Accuracy, the proportion of forecast results and actual.

Accuracy=(TP+TN)/(TN+FP+FN+TP) (10)
Precision, the actual positive samples in prediction.
Precision=TP/(FP+TP) (11)
Recall, the proportion of the positive.
Recall=TP/(FN+TP) (12) .
F-measure, harmonic mean of Precision and Recall. x)

F=2/((1/precision)+(1/Recall)) 13?7
5.3 Simulation Results A%/I. 6
Table 5 shows the new data dealt with KNN-BSMQ&&V itfp’
give performance and training status curve of mi n eqwr) process.
Table 5. NewrRata Sets x
Data set Track circait ber insulat Mixed data
New samples 19 %\ @ " 14
Test samples 80
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Figure 2. Performance Curve
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Figure 3. Training Status Curve

SVM parameters are selected by PSO algorithm, Gaussian function selects as kernel
function. PSO settings: accelerating factor C1=1.5, C2=1.7, population is 20, 200
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iterations. The nearest neighbor parameter k of BSMOTE and KNN algorithm makes 5,
with a 10-fold cross-validation. The results are as shown in Table 6.

Table 6. Comparison of Experimental Results (%)

Data Algorithm  Accuracy Precision Recall F

Track circuit KNN 53.75 85 40 54.4

SVM 75 83.73 73.29 748

A-algorithm ~ 73.33 74.34 73.33 71.13

Rubber insulation KNN 89.07 90 89.09 89.54

SVM 92.75 90.56 90.56 90.45

A-algorithm 93.13 93.57 93.13 931 .
Mixed data KNN 53.99 87.08 35 499

SVM 72.41 62.95 68.54 62.

A-algorithm  88.75 89.33 88.75 .

[ ]
The feature is not absolute independence in the predi "%f insul@oints. Analysis
Table 6, concluding: SVM is more suitable for pr og; fdaw nsulation joints,
compared with KNN classification algorithm. ﬁ Igoritgm r equalization has
improved the classification performance of SVM: eanwhﬁx results of three types
data show that sole rubber insulation data cou@etter reflect the state of insulation joints,
we could use these data to predict damage 1@ Iation*js§[J directly. Figure 4 and 5 give
insul

Recall-Precision curve of normal and Nus damage insulation joints based on rubber
data. In summary, it is feasible to a@ M t @damage to insulation joints.

0.9 ¢ %
N\ N

0 0.1 0.2 0.3 0.4 0.5 06 07 0.8 0.9 1

'& Figure 4. Normal Curve

T

0

0 01 02 03 04 05 06 07 08 09 1
Recall

Figure 5. Serious Damage Curve
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6. Conclusion

The more detailed insulation joints state can better reflect the damaged degrees of
insulation joints, it is convenient for on-site staffs to take a more reasonable and timely
response measures according to different extents of damaged. Accurate prediction can
ensure the safety of railway transportation and normal economic benefits. SVM algorithm
is used to handle small sample data, commendably solve nonlinear problems, this paper
applies SVM to predict the extents of damage to insulation joints in the railway. The
experimental data is unbalanced in the prediction process. Therefore, This paper uses the
KNN-BSMOTE-SVM algorithm in terms of data to achieve balanced data. That’s
because, the algorithm combines under-sampling and over-sampling method, making up
the defects of single sampling method, removing redundant and noise samgs?ﬁd
improving utilization rate of the effective data. The experimental results sho VM
algorithm is more suitable for prediction of damage to insulation jO than KNN

algorithm, and balanced data can improve the generalization ability f classifier
from the evaluation results. What’s more, from the ex tal da casting results
of the individual rubber insulation data are better, it 90%. It should

be noted that attribute reduction to original data i@u resg@ ction.

Acknowledgement

The author would like to thank all coI S who co\cl?uted to this study. This work
is partially funded by National Na C|e datlon of Science Fund Projects
under the Project No. 611640&

References

[1] Y. Shiwu, J. X|y| a @Xmgh @ and Simulation Tests of Burning Damage to
Insulation Joint s in Hi h d Railway Stations”, Journal of the China Railway

Society, vol. 35 013) 82-88.

[2] T.Rao, and ajinikanth, “An Efficient Approach for Weather Forecasting
Using S‘Q ctor ” , International Conference on Computer Technology and
Science (

[3] N. LaoutiSami and %an “Combination of Model Based Observer and Support Vector
Machines for Fau ection of Wind Turbines”, International Journal of Automation and
Computing, v 0. 3, (2014), pp. 274-287.

[4] Y He C. Y and C. B. Li, “Sensor Fault Diagnosis of Superconducting Fault Current

aturated Iron Core Based on SVM”, IEEE Transactions on Applied

d Z. Jie, “Wind Speed Forecasting Model Study Based on Support Vector Machine”,

nergiae Solaris Sinica, vol. 31, no. 7, (2010), pp. 928-932.

[@ang, “The Research of Cost Sensitive SVM Supervised Learning”, Nan Jing, Inrolle of

ducation Science, Nanjing Normal University, (2007), pp.26-27.

[7]1 T. Xinmin, L. Furong, T. Zhijing and Y. Libiao, “Novel Fault Detection Method Based on
SVM with Unbalanced Data Sets”, Journal of Bration and Shock, vol. 29, no. 12, (2010), pp.
8-12.

[8] Ministry of Railways, Technical Standards for Railway Signal Maintenance Rules (1), Beijing,
China Railway Publishing House, (2008).

[9] J. Zhang and 1. Mani, “KNN Approach to Unbalanced Data Distributions, A Case Study
Involving Information Extraction”, Proceeding Int’l Conference Machine Learning
(ICML"2003), Workshop Learning From Imbalanced Data Sets, (2003).

Copyright © 2016 SERSC 281



International Journal of Multimedia and Ubiquitous Engineering
Vol.11, No.3 (2016)

Authors

Dong Yu, (1962), male, professor, director of master, engaged in the study on Railway
Signal. His research interests include Computer Interlocking, Railway Signal Applied
Technology etc.

Xiao Zigiang, (1989), female, a student of school of Automation
and Electrical Engineering in Lanzhou Jiaotong University, master,
major in Traffic Information Engineering and Control. Received a
B.S. degree in Automatic Control from Lanzhou Jiaotong University

2013. E-mail: zigiangx@yahoo.com. x) N

282 Copyright © 2016 SERSC





