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Abstract:Inordertorealizethefaultdiagnosisofthecontrolcircuitofall-electroniccomputerinterlockingsystem(ACIS)for
railwaysignals,takingafive-wireswitchelectroniccontrolmoduleasanresearchobject,weproposeamethodofselectingthe
samplesetofthebasicclassifierbyroulettemethodandrealizingfaultdiagnosisbyusingSVM-AdaBoost.Theexperimental
resultsshowthattheproportionofbasicclassifiersamplesaffectsclassificationaccuracy,whichreachesthehighestwhenthe
proportionis85%.Whenselectingthesamplesetofbasicclassifierbyroulettemethod,thefaultdiagnosisaccuracyis
generallyhigherthanthatofthemaximumweightprioritymethod.Whentheoptimalproportion85%istaken,theaccuracyis
highestupto96.3%.Moreimportantly,thiswaycanbetteradapttothecriticaldataandimprovetheanti-interferenceability
ofthealgorithm,andthereforeitprovidesabasisforfaultdiagnosisofACIS.
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0 Introduction
 Nowadays,therailwaystationsignalcontrol
system have entered the stage of vigorous
developmentofthefourthgenerationall-electronic
computerinterlockingsystem (ACIS)[1],whichcan
implementtheinterlockingfunctionofstationsignal
equipmentbyelectricalorelectronicequipment.In
thisresearch,takingthecontrolcircuitoffive-wire
switch all-electronic control module (switch
module)[2]inACISasaresearchobject,thefault
diagnosismethodisstudiedbyusingalargeamount
ofhistoricaloperationanddebugfaultdata.
 AsanimportantpartofACIS,switchmodulecan
realizeall-electronicreal-timecontroloftheswitch.
Because of large operation current and
electromagneticinterference,thefaultfrequencyof
thecontrolcircuitofswitch moduleishigh.In
ACIS,switch moduleactsasreal-timesecurity
systems,inwhichtherelationshipbetweenmultiple
performanceparametersiscomplexandthefaulthas
randomuncertaintyandfuzziness,thereforethefault
isdifficulttodistinguish.Atpresent,diagnosisof
the ACIS mainlyrelaysonartificialexperience.

Researchersalsohavepaidattentiontointelligent
diagnosismethodsofcontrolcircuit[3],suchasneural
network[4-5],supportvecotr machine (SVM)[6],
Bayesiannetwork[7],etc.However,thereisno
successfulapplicationinfaultdiagnosisofACIS.
Therefore,itisofgreatsignificancetostudythe
intelligentfaultdiagnosismethodofcontrolcircuit
based on multi-performance parameters for
productiondebuggingandfaultrepairingofACIS,as
wellastoimprovetheintelligenceofrailwaysignal
controlsystem.
 Adaboost[8]canadaptivelyadjusttheaccuracyof
theclassifierbychoosingthesamplesofthebasic
classifierinthewayofmaximum weightpriority,
whichchangesthe data distribution oftraining
samples.Eachiterationwillobtainabasicclassifier
withthebestclassificationanditsweightinthe
overallclassifier.Asiterationsincrease,thefinal
strongclassifiergeneratedbythebasicclassifier
iterationhasthesmallestclassificationerror,while
SVM[9]hasgreateradvantagesinsolvingsmall
sample,non-linearandhigh-dimensionalproblems.
Inthispaper,basedonthefaultdataaccumulatedby
switchmoduleinACISforacoupleofyears,a
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method ofselecting basicclassifiersamples by
roulettemethodanddiagnosingthembycombining
theadvantagesofSVMandAdaBoostalgorithm[10]is
proposed,andthenthefaultdiagnosissimulationof
switch modulecontrolcircuitiscarriedout.The
resultsshowthatitcanprovideabasisforfault
diagnosisofACIS.

1 Analysisofswitchmodulecontrolcircuit
 SwitchmoduledrivesACfive-wireswitchmachine
tocontroltheswitch.Theoperationcircuitstructure
isshowninFig.1.ThecircuitinterfacesX1,X2,
X3,X4andX5arecontrolwiresconnectedwiththe
switchmachinethroughthedistributortorealize
switchdrivingandstateacquisition.A,BandCare
three-phasepowersource,K1toK7areelectronic
controlswitches.Besides,mainswitchbreakdown
inspection circuit,phase supervision device and
currentdetectioncircuitaresetuptomonitorthe
workingstateofthecircuitinrealtime.

Fig.1 Structurediagramofswitchmodulemainoperation
circuit

 Theoperatingflowofswitchoperationcircuitisas
follows:Whentheswitchisinreversepositionand
theswitch modulereceivesthenormaloperation
commandfrominterlockingsystem,switchesK1,
K2,K3,K4andK6areturnedonandthenX1,X2
and X5areconnected,whichdrivestheswitch
machinetorotatetowardsnormalposition.Whenthe
switchisinnormalpositionandtheswitchmodule
receivesreverseoperationcommand,switchesK1,
K2,K3,K5andK7areturnedonandthenX1,X3
and X4 are connected, which leads to phase
conversionanddrivestheswitchmachinetoreverse
position.
 Switchmoduleindicationcircuitstructureisshown
inFig.2.Itconsistsoftransformer,currentlimiting
resistanceR1,normalindicationdetectioncircuit,
reverseindicationdetectioncircuit,powersourcefor
switchindication,etc.Itcan monitortheswitch
positioninrealtime.

 Indication diode, usually connected to the
distributor,isthemaincomponentofthewhole
circuit.Whenitbreaksdown andisreversely
connected,switchindicationislost,whichcanalso
effectivelypreventX2andX3fromreversingand
resultinginerrorindication.Therefore,indication
diodeisanimportantcomponenttoensurethenormal
operation of switch indication circuit,butits
componentcharacteristicsleadtofrequentfaultsof
thewholecircuit,thereforeitshouldbeincludedin
thewholecontrolcircuitforfaultanalysis.

Fig.2Structurediagramofswitchmoduleindicationcircuit

 Accordingtothefeaturesofthecontrolcircuitof
switchmodule,thefaulttree[11]isdrawn,asshown
inFig.3.Tentypesoffailuremodesaredefinedfrom
A1to A10,aslistedin Table1, which are
representedbylabels-5to5,respectively.

Fig.3 FaulttreeofSwitchmodulecontrolcircuit

Table1 FaultmodesofSwitchmodulecontrolcircuit

ID Label Failuremode

A1 -5 Operationfaultfree
A2 -4 Indicationfaultfree
A3 -3 Normaloperationcircuitfault
A4 -2 Reverseoperationcircuitfault
A5 -1 Indicationdiodeopen
A6 1 Normalindicationcircuitfault
A7 2 Reverseindicationcircuitfault
A8 3 Indicationdiodebreakdown
A9 4 Switchoperationpowerfault
A10 5 Switchindicationpowerfault

 Inordertodiagnoseswitchmodulecontrolcircuit,
13separatedfaultfeaturesareselectedfrom ACIS
andmonitoringmachineaccordingtofaultmodeand
causeanalysis,aslistedin Table2,whichare
recordedasB1toB13.
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Table2 Faultfeaturesdescriptionofswitchmodulecontrol
circuit

ID FeaturesDescription
B1 Aphasecurrent
B2 SwitchK4,K6state
B3 SwitchK5,K7state
B4 Bphasecurrent
B5 Cphasecurrent
B6 Switchnormalindication
B7 Switchreverseindication
B8 Abnormalnormalindicationsignal
B9 Abnormalreverseindicationsignal
B10 Phasedisordering
B11 Operationvoltage
B12 Indicationvoltage
B13 Switchoperationstate

 Therefore,thefaultdiagnosisofswitchmodule
controlcircuittakesthefaultfeaturesshowninTable
2asinputsandthefaultmodesshowninTable1as
outputs.

2 SVM-AdaBoostfaultdiagnosismethod
 The problem studiedinthis paper hasthe
characteristicsofsmallsamplesize,non-linearityand
highdimension,thereforeSVMisusedasthebasic
classifier.AdaBoost[12] method can enhancethe
performanceofclassifieradaptivelybysuperposition,
butintheprocessofAdaboosttraining,thetraining
istoobiasedtowardssuchdifficultsamples,which
makestheAdaboostalgorithmvulnerabletonoise
interference.Becauseroulettealgorithmcanensure
thateachsamplehasacertainprobabilityofbeing
selectedtoformasubsetofthebasicclassifier,itcan
improvetheanti-interferenceabilityoftheclassifier.
Therefore,roulettealgorithmisusedastheselection
methodoftrainingsamplesubsetofbasicclassifier,
SVM-AdaBoostisusedasfaultdiagnosismethod,
andswitchmodulecontrolcircuitistakentostudy
thefaultdiagnosismethodofcontrolcircuitofACIS.

2.1 SVM
 SVM[13]isamachinelearningmethodbasedon
statistical learning theory. It improves the
generalizationabilityoflearningmachinebyseeking
the smallest structured risk, realizes the
minimizationofexperienceriskandconfidencerange,
andachievesthegoalofgoodstatisticallawinthe
caseoffewersamples.
 Forasetoftrainingsamples

S={(xi,yi)},xi∈Rn,yi∈{1,-1}, (1)

wherexiisthedatapoint,yirepresentsthesample
category.Toclassifythevastmajorityofsamples

correctly, the hyperplane should satisfy the
requirementofmaximizingthesumoftheminimum
distancesfromtwotypesofsamplepointstothe
hyperplane.Theexpressionofthehyperplaneis
givenby

wTx+b=0. (2)

wherewisthe weightvectorandbisbiasof
hyperplane.The distributions ofw andb are
essentiallylinear,andnon-linearityiscausedby
noise,thatis,thereareveryfewoutliersfarfrom
thenormalposition.Using softinterval,good
resultscanbeobtainedas

min12‖w‖
2+c∑

n

i=1
ξi

s.t.yi(wTxi+b)≥1-ξi,

ξi≥0,i=1,2,…,n, (3)

whereξiisaslackvariableandrepresentsthenumber
offunctionintervalsofthedatapointxiallowedto
deviatefromthehyperplane;c>0isapenaltyfactor
andpresentsthetoleranceallowedtomakemistakes.
 Forlinearnon-separableproblems,thedataare
mapped to high-dimensional space by kernel
function,andtheSVMisextendedtothenon-linear
separablecase.SinceEq.(3)satisfiesthekarush-
kuhn-tucher(KKT)condition,theaboveproblemis
transformedinto

max
α ∑

n

i=1
αi-12∑

n

i,j=1
αiαjyiyjK(xi,xj),

s.t.0≤αi≤c,

∑
n

i=1
αiyi =0, (4)

whereαi andαj are Lagrange coefficients and
K(xi,xj)isthekernalfunction.Here,linearand
Gaussiankernelsareused,andtheirexpressionsare
givenby

K(xi,xj)=<xi,xj>, (5)

K(xi,xj)=exp-‖xi-xj‖2
2δ2  . (6)

 Thedecisionfunctioncanbeobtainedby

f(x)=sign∑
n

i,j=1
αiyiK(xi,x)+b  . (7)

 Theaboveparameterscandδaredeterminedby
gridoptimizationmethod.

2.2 SVM-AdaBoostmethod
 ThecoreideaofAdaBoostalgorithmistoincrease
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theweightoferrorsampleandtoreducetheweight
ofcorrectsamples,soastotrainanew basic
classifierunderthenewsampledistribution.Thus
severalbasicclassifiersareobtained,andastrong
classifier is formed by superimposing certain
weights.
 To improve the anti-interference ability of
AdaBoost,theproportionalcoefficientKisset,and
K-ratiosamplesareselectedbyroulettealgorithmto
formasubsetofbasicclassifiersamplesineach
iteration.
 Thebasicideaofroulettealgorithmisthatthe
probabilityofasamplebeingselectedisproportional
tothevalueofitsfitnessfunction.Ifthesamplesize
isNandfit(xi)isthefitnessofsamplexi,the
selectionprobabilityofxiiscalculatedby

p(xi)= fit(xi)

∑
n

i=1
fit(xi)

. (8)

 Rouletteprocessisasfollows.
 1)Producearandom numberR withuniform
distributioninanintervalof[0,1].
 2)IfR≤q1,samplex1isselected;
 3)Ifqn-1≤R≤qn(2≤n≤N),samplexnis

selected, whereqn = ∑
n

j=1
p(xj)is called the

accumulationprobabilityofxn.
 The training process ofthe SVM-AdaBoost
algorithm[14]forselectingthesamplesetofthebasic
classifierbyroulettemethodisasfollows.
 1)Accordingtothetrainingsampleset

S={(xi,yi)},i=1,2,…,N, (9)

wechoosetheproportionpofbasicclassifiersamples
tototalsamples,theiterationnumberM,theexit
accuracyA,andtheindividualfitnessfit(xi)of
smaplexi,wherefit(xi)isthecurrentweightofthe
samplexi.
 2)Initializesampleweights

v1=(v1,1,…,v1,i,…,v1,N),v1,i =1N. (10)

 3)Forthenumberofiterationsm=1,2,…,M,
 ① Accordingtothecurrentsampleweightvm,i,
thetrainingsamplesubsetSm⊂Sofbasicclassifier
Gm(x)isobtainedbyroulettealgorithm;
 ② Usingthetraining dataset with weight
distributionvm,thebasicclassifierGm(x)isobtained
bySVMlearning.
 ③TheclassificationerrorrateemofGm(x)onthe
trainingdatasetiscalculatedby

em =∑
N

i=1
vm,iIm,i, (11)

whereIm,i =
1,Gm(xi)≠yi,
0,Gm(xi)=yi. 

 ④ TheweightofGm(x)inthefinalclassifieris
calculatedby

αm =12ln
1-em

em
, (12)

whereαmdenotestheimportanceofGm(x)inthefinal
classifier,anditspurposeistoobtaintheweightof
thebasicclassifierinthefinalclassifier.
 ⑤Theweightdistributionofthetrainingdataset
isupdateby

vm+1,i =vm,i

zm
exp(-αmyiGm(xi)), (13)

zm =∑
N

i=1
vm,iexp(-αmyiGm(xi)), (14)

wherezmisthenormalizationfactor,makingvm+1

obey a probability distribution. The updating
increasestheweightsofthesamplesmisclassifiedand
reducestheweightsofthesamplescorrectlyclassified
bythebasicclassifier.Thus,theAdaBoostmethod
canfocusonthe moredifficultsamples.Then
Eq.(12)isreducedto

vm+1,i =

vm,i

2em
, yiGm(xi)=-1,

vm,i

2(1-em)
,yiGm(xi)=1,

􀮠

􀮢

􀮡

􀪁􀪁
􀪁􀪁 (15)

whereyiGm(xi)=-1representsthatthesampleis
misclassifiedbythebasicclassifier,andyiGm(xi)=1
representsthatthesampleiscorrectlyclassified.
 ⑥ Thetrainingprocessiscompletedafterthe
classification accuracy reaches the established
thresholdAoriterationhasperformedMtimes.
 4)ThedecisionfunctionF(x)ofthefinalclassifier
isobtainedas

F(x)=sign∑
M

m=1
αmGm(x)  . (16)

 Thealgorithmclassificationprocessisdescribedas
follows.
 1)Weakclassifiersarecascadedintostrong
classifiersas

F(x)=∑
M

m=1
αmGm(x). (17)

 2)SubstitutingthesamplevaluesintoEq.(16),
classificationresultsareobtainedas

f(x)=
1, F(x)>0,
-1, F(x)<0. (18)
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 Theabove processisa binary classification
problem.Tosolvethemulti-classificationproblem,a
pairof multi-classification methodsare usedto
constructa multi-classifier.Theapproachisto
designaclassifier between anytwo classes of
samples,thereforethel-classsamplesneedtodesign
l(l-1)/2classifiers.Whenclassifyinganunknown
sample,thecategorythatgetsthemostvotesisthe
categoryoftheunknownsample.
 Selcetingthesamplesofbasicclassifierbyusing
roulettealgorithmcanensurethatthealgorithmpays
attentiontothedifficultsamples,whilesmaller
weightsamplescanalsohaveacertainprobabilityto
participateinthetrainingprocess,whichimproves
theintegrityofthebasicclassifiersamples,makes
the basic classifier after severaliterations not
completelyconcentratedonthedifficultsamples,and
improves the anti-interference ability of the
classifier.Atthesametime,thedifferentsample
setsensuretheheterogeneityofthebasicclassifier.

3 Simulationandanalysis
 Faultdiagnosisiscarriedoutbyusing1784fault
data accumulated from more than 400 railway
stationsand production debugging.Thesample
distributionisshowninTable3.
Table3 Samplesdistributionofswitchmodulecontrolcircuit
faults

ID Label
Numberof
totalsamples

Numberof
trainingsamples

Numberof
testsamples

A1 -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
A10 5 40 25 15

3.1 Samplesacquisitionofbasicclassifier
 Thebasicclassifiersamplesareselectedbythe
maximum weight priority and roulette method,
respectively.Thetwomethodsselectalltheunified
samplesanduseSVM-AdaBoosttoclassifyfaults.
Thestrategiesareasfollows.
 1)Whensampleproportionpis55%,65%,75%,
85%,95%and100%,respectively,thesamplesare
trained.
 2)Themaximumweightprioritymethodranksthe

samplesaccordingtotheirweights,andtakesthetop
pdataasthesubsetofthebasicclassifier.The
roulettemethodchoosesthesamplesubsetinthe
roulettemethoddescribedinSection2.2.
 3)SVM-AdaBoostisusedtotrainthetwoway,
andresultsareverifiedbytestdata,asshownin
Fig.4.

Fig.4 Impactofsampleacquisitionmethodsonbasicclassifiers

 Theexperimentalresultsshowthatthediagnosis
accuracyoftheclassifierwhichusesroulettemethod
isgenerallyhigherthanthatofthemaximumweight
prioritymethodwhentheproportionofsamplesis
lessthan85%.Whenp>85%,thediagnosis
accuracyofthemaximumweightprioritymethodis
slightlyhigherthanthatoftheroulettemethod,and
whenp=85%,theSVM-AdaBoostalgorithmhas
thehighestdiagnosisaccuracy whentheroulette
methodisusedtoselectthebasicclassifiersamples.
Therefore,theoptimalproportionisp=85%.

3.2 Analysisoffaultdiagnosisaccuracy
 Thediagnosisexperimentsarecarriedoutbyusing
themethodsshowninTable4.Becauseofsmall
samplesize,SVMshowsbetteraccuracythanBP
neuralnetwork.Theaveragefaultdiagnosisrateof
linearkernelSVM and BP neuralnetwork are
approximatelyequal,about80%.ForGausskernel
SVM,theoptimalclassificationparameterscandδ
arechosenbygridoptimizationmethod.WhenCbest=
4andδbest=12.8,theclassificationresultisthebest,
andtheaccuracyis89.4%.
 LinearkernelSVMhasastrongabilitytoclassify
singlefeaturefaultsuchasoperationpowerfault
represented by A9 and indication power fault
representedbyA10,andallofthemareclassified
correctly.ComparedwithlinearkernelSVM,Gauss
kernelSVM,whichhashigherfaultdiagnosisrate
forothernon-singlefeaturefaults.ForA6,A7and
A8faultmodes,GausskernelSVMshowslower
resolutionthanothermodesbecausebasedontrain
stationfaultdata,experiencedengineerscanhardly
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distinguishthesethreetypesoffaultsfrom the
monitordataandcurves.Theaverageaccuracyof

GausskernelSVMishigherthanthatoflinearkernel
SVMandBPneuralnetworkmethod.

Table4 FaultrateofSwitchmodulecontrolcircuit

Diagnosismethods
Accuracy(%)

A1 A2 A3 A4 A5 A6 A7 A8 A9 A10
Averageaccuracy(%)

BPNeuralNetwork 78 82 72 80 84 78 76 84 86.7 93.3 80
LinearkernelSVM 82 76 74 76 82 78 76 80 100 100 79.5
GausskernelSVM 96 92 92 94 90 86 82 82 93.3 86.7 89.4
SVM-AdaBoost 94 100 96 100 96 92 94 98 93.3 100 96.3

 FortheSVM-AdaBoostmethod,itusesroulette
algorithmtoselectbasicclassifiersamples.Taking
intoaccountthefactthatlinearkernelSVMhasa
highfaultdiagnosisrateforsinglefearturefaults,
thefirstbasicclassifieruseslinearkernelSVM,and
subsequently uses Gaussian kernel SVM.Each
GaussiankernelSVMusesgridoptimizationmethod
todetermineparameterscandδ.
 LettheaccuracythresholdA=95%,thenumber
ofiterationsM=10,andthentheexperimentis
carriedout.Wheniterationperforms4times,the
accuracymeetstheloopiterationexitrequest.At
thispoint,theSVM-AdaBoostfaultdiagnosisresult
isshowninFig.5,andtheaccuracyisupto96.3%
(414/430), which is much betterthan other
methods.Itisprovedthatthismethodhasbetter
resolutioninSwitch modulecontrolcircuitfault
diagnosis.

Fig.5 FaultdiagnosisresultsofSVM-AdaBoost

3.3 Analysisofanti-interferencecapability
 IntheprocessofAdaboosttraining,theweightof
difficultsamplesincreasesexponentially,andthe
trainingistoobiasedtowardsdifficultsamples,
whichmakestheAdaboostalgorithmvulnerableto
noiseinterference.Furthermore,thecontrolcircuit
is vulnerable to external complex environment
interference,component performance degradation
andotherfactors,whicheasilycausesfaultfeature
offsetandfaultfeaturedatabeingattheedgeof

normaloperatingconditions,whilesuchdataare
vulnerabletotheperformanceofthealgorithm.
 AsshowninFig.6,non-switchingfeaturesof
switchmoduleareselectedtoanalyzethedistribution
offaultfeaturedata.Thedatamarkedwithcircleis
partofthedatadeviatingfromthenormalvalue.The
classificationresultsshowthatthiskindofdataare
easy to be misjudged by various classification
methodsinTable4.Therefore,outliersfaraway
fromthemostpointsinFig.6andthesimilaroutliers
artificiallysimulatedareselectedtoform atest
samplesetwithatotalof100data.

Fig.6 Characteristicdatadistributionofswitchmodulecontrol
circuit

 TheexperimentalresultsareshowninTable5.
Forthiskindofsamples,theaccuracyofsample
selectionbyroulettemethodis14%higherthanthat
bymaximumweightpriorityway.
Table5 Analysisofanti-interferenceabilityofSVM-AdaBoost

Maximumweightpriority Rouletteblockmethod

Accuracy 74% 88%

 Experimentalresultsshowthatthemethodoffault
diagnosisbasedonSVM-AdaBoostcanbetteradapt
tocriticaldataandimproveanti-interferenceability
whenthesamplesetofbasicclassifierisselectedby
usingroulettemethod.

4 Conclusion
 Inthispaper,theSVM-AdaBoostmethodisused
todiagnosetheswitchmodulecontrolcircuitofthe
ACIS.
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 Theacquisitionwayofbasicclassifiersampleset
affectsthediagnosisaccuracyofSVM-AdaBoost.
Thediagnosisaccuracyisgenerallyhigherthanthe
maximum weightpriority method by usingthe
roulettemethodtoobtainsamples.Simultaneously,
thismethodcanbetteradapttocriticaldataand
improvetheanti-interferenceabilityofthealgorithm.
 Theproportionofbasicclassifiersampleshasa
greatinfluenceontheaccuracyofSVM-AdaBoost
faultdiagnosis.Theproportionofsamplescanbe
determinedbyexperimentaccordingtothesample
data.ThefaultdiagnosismethodbasedonSVM-
AdaBoostforswitchmodulecontrolcircuithasbetter
accuracy.Theresearchcontentcanbeappliedtothe
faultdiagnosisofACIS.
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基于SVM-AdaBoost的道岔控制电路故障诊断方法研究
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摘 要: 为实现铁路信号全电子计算机联锁系统控制电路的故障诊断,以五线制道岔全电子控制模块为

例,提出了采用轮盘赌转法选择基本分类器的样本集,采用SVM-AdaBoost算法实现故障诊断的方法。实验

结果表明,基本分类器样本占比影响分类准确率,样本占比为85%时准确率最高;轮盘赌转法选择基本分

类器的样本集后故障诊断准确率普遍高于最大权重优先的方式,准确率达96.3%;同时该方法能更好地适

应临界数据,提高算法抗干扰能力。因此本论文的研究内容可为全电子计算机联锁系统的故障诊断提供依

据。
关键词: 全电子计算机联锁系统;开关控制电路;支持向量机;AdaBoost;故障诊断
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