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TurnoutfaultdiagnosisbasedonDBSCAN/PSO-SOM①
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Abstract:Inordertodiagnosethecommonfaultsofrailwayswitchcontrolcircuit,afaultdiagnosismethodbasedondensity-
basedspatialclusteringofapplicationswithnoise(DBSCAN)andself-organizingfeaturemap(SOM)isproposed.Firstly,the
three-phasecurrentcurveoftheswitchmachinerecordedbythemicro-computermonitoringsystemisdealtwithsegmentally
andthenthefeatureparametersofthethree-phasecurrentarecalculatedaccordingtotheactionprincipleoftheswitchmachine.
Duetothehighdimensionofinitialfeatures,theDBSCANalgorithmisusedtoseparatethesensitivefeaturesoffaultdiagnosis
andconstructthediagnosticsensitivefeatureset.Then,theparticleswarmoptimization(PSO)algorithmisusedtoadjustthe
weightofSOMnetworktomodifytherulestoavoid“deadneurons”.Finally,thePSO-SOMnetworkfaultclassifierisdesigned
tocompletetheclassificationanddiagnosisofthesamplestobetested.Theexperimentalresultsshowthatthismethodcan
judgethefaultmodeofswitchcontrolcircuitwithlesstrainingsamples,andtheaccuracyoffaultdiagnosisishigherthanthat
oftraditionalSOMnetwork.
Keywords:turnout;faultdiagnosis;density-basedspatialclusteringofapplicationswithnoise(DBSCAN);particleswarm

optimization(PSO);self-organizingfeaturemap(SOM)

0 Introduction
 Turnoutisoneoftheimportantbasicequipmentin
therailway,andtheoperationsafetyofthetrainis
directlyaffectedbythefaultofturnout.Atpresent,
thepointoffailureofturnoutisanalyzedbycurrent
curveandpowercurverecordedinsignalcentralized
monitoringsystem.Withtherapidconstructionof
the high-speed railway,solely relying on the
experienceofthefieldmaintenancepersonneltojudge
thefaultstateoftheswitchequipmenthasnotmet
thecurrentdevelopmentneeds.
 Withthedevelopmentofintelligentdiagnostic
technology,manynewtechniquesareappliedtofault
diagnosis.Wuetal.[1]establishedthebearingmodel
byfaulttreetoidentifythemechanicalfailure.Taheri
etal.[2]identifiedsixfaultmodesofradiatorby
meansofimageprocessingandneuralnetwork.Inthe
termsofthefaultdiagnosisofrailwayturnouts,
manyscholarshavecarriedout moreresearches.
Wangetal.[3]combinedthegraycorrelationdegree
withtheneuralnetwork,thecommonfailuremodes

ofswitchmachinehavehighdiagnosisaccuracy.In
thismethod,alargeamountofsampledataare
needed to train the neural network,and the
diagnosticabilityispoorinthecaseofsmallsamples.
Zhaoetal.[4]usedthefishercriteriontofilterthe
usefulfeaturesandthecommonfaultmodesofswitch
machinecanbecorrectlydiagnosedbythegray
correlationdegree.Shietal.[5]extractedtheresidual
ofthesignalandweestablishedthefaultdetection
anddiagnosis(FDD)model,andvariousalgorithms
areintroducedtoprocesspredictionanddiagnosethe
switchfailuremodesinparallel.Agreatdiagnostic
resultisgainedbythismethod withlessexpert
knowledge.Leeetal.[6]usedthechanneltorotate
theaudioinformationtojudgetheearlyequipment
failure.Inthis method,theexternalmodulesis
neededtocollecttheaudioinformation,whichis
difficulttouseonalargescale.Ekeretal.[7]

establishedafailuremodediagnosisclassifierforthe
commonswitchcontrolcircuitbasedonsupport
vector machine (SVM),and SVM can only
implementtwoclassifications.Inthecaseofmulti-
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modeclassifications,severalSVMsareneeded.
 Inourstudy,basedonthetrackactioncurrent
curverecordedbythesignalcentralizedmonitoring
system,anintelligentdiagnosistechnologybasedon
density-basedspatialclusteringofapplicationswith
noise(DBSCAN)andself-organizingfeaturemap
(SOM)networkisproposed,andseven kinds
commonfailuremodesofswitchcontrolcircuitare
diagnosedandclassified.This method doesnot
requirealargenumberofsamplestotrainthe
classifiernetwork,andthediagnosisaccuracyis
high,whichreducestheriskofhumanfactorscausing
misjudgmentoffaultmodesandprovidesreference
forfaultlocationandmaintenanceofswitchcontrol
circuits.Thecurrentcurveissegmentedaccordingto
theprincipleinSection1.Thediagnosismethod
basedonDBSCANandSOMisdetailedinSection2.
TestandanalysisarepresentedinSection3.The
conclusionispresentedinSection4.

1 Analysisofactionprocessofswitch
machine

 Atpresent,mostoftheswitchmachinesusedin
thespeed-increasingsectionoftherailwayareAC
switch machines. We mainly analyzetheaction
currentcurvedataofZYJ7ACswitchmachinewith
single machinetraction.Thethree-phasecurrent
curveoftheZYJ7ACswitchmachineinnormalmode
isshowninFig.1.

Fig.1 Three-phasecurrentcurveofZYJ7ACswithmachine

 AsshowninFig.1,thecurrentcurveduringthe
rotationofswitchcanbesplitintothreestages.
 1)Int1stage,1DQJissuckedup,theballast
currentcurvestartstoberecorded,andthen2DQJis
suckedup,theactioncurrentcurveshowsalarge
peak,andtheballaststartstorotate.
 2)Int2stage,switchmachineactsandtherotation

currentcurveisrelativelystraight,thethree-phase
currentvalueisbalanced,thenormalworkingcurrent
oftheZYJ7switchmachineisnotmorethan1.8A,
andtheactiontimeisslightlydifferentdependingon
themodelofequipment,usuallybetweenintherange
of6s-12s.
 3)Int3 stage,therotation oftheswitchis
completed,andthestartcircuitisdisconnected.The
1DQJself-closingcircuitenterstheslow release
state.Thetwo-phasecurrentisnotzero,andthe
currentcurveformsa“smalltail”current.
 Inthesignalcentralizedmonitoringsystem,the
samplingperiodoftheswitchingprocesscurrentis
400ms,andtheZYJ7switch machinehasabout
190samplesundernormalconditionspoints.The
7kindsofswitchcontrolcircuitcommonfaultsare
showninTable1.

Table1 Switchcontrolcircuitfailuremodes
Mode Phenomenon Causes

A1
Therecordedthree-phase
currentisonly0.5A

Thefirststartrelysucksup,
butthesecondstartrelydoes
notreturn

A2

“Smalltail”currentlasts
toolongaftertheswitch
iscompleted

Phasefailureprotectorfailure
causestheself-closingcircuitof
the first start rely to be
disconnected

A3

Thecurrentofonephase
isreducedto0,andthe
other two phases are
increased

Insufficientoilpressureonthe
railofthe switch leads to
prolonged operation of the
circuit

A4 Turnout action time
reachesabout13s

Poorcircuitcablecausesthree-
phasecurrentloopabnormality

A5 Turnoutactiontimelasts
onlyabout1s

Protectionrelayfailure

A6 Sudden rise in three-
phasecurrent

Mechanicaljammingofswitch
machine

A7 Thevalueofonephase
currentisdithered

Synchronouscircuitfailureof
three-phasecurrent

2 Designofactivedisturbancerejection
depthcontroller

 Thefaultdiagnosisprocessoftheswitchcontrol
circuitmainlyincludestwoparts:featureextraction
andfaultclassification.Featureextraction mainly
extractsfeaturedatabasedonactioncurrentcurve.
ThesensitivefeaturesareseparatedbyDBSCAN,
andthesensitivefaultfeaturesetisconstructed.
FaultclassificationismainlybasedonSOMneural
network,anditsweightrulesareadjustedbyparticle
swarmoptimization (PSO).Afterthetrainingis
completed,theSOMnetworkdividesthetestsamples
accordingtolearningrulesandthencompletesfault
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diagnosis.Thestructureofthediagnosticsystemis showninFig.2.

Fig.2 Structureofdiagnosticsystem

2.1 Sensitive feature extraction based on
DBSCAN

 DBSCANisakindofwidelyusedmethodsondata
clustering.Itsdisadvantageisthatparametersзand
Minptsaredifficulttodetermine.Zhaoetal.[8]

identifiedthedistributionofshipsbyDBSCAN.Sun
etal.[9]analyzedtheregularpatternofpopulation
movementtosolvethetrafficproblemcausedby
populationgrowth.Kimetal.[10]proposedadata
densitybasedonquadtreestructuretofindthe
similarclustersand achieveadaptive parameters
selection.Inthisstudy,зandMinptsaredetermined
byDBSCAN,andmainstepsareasfollows.
 1)InitialsamplesetisD,andneighborhood
parameters(з,Minpts)andthenumberofclusters
K=0arealsoinitialized.
 2)Findtheз-neighborsubsamplesetNзofthe
sampledjbythedistance,andthesampledjisadded
tothecoresamplesetΩifthenumberofsubsample
setsamplesisgreaterthanMinpts.
 3)Ifthecurrentclustercoresamplesetisempty
andtheunvisitedsamplesetisempty,thealgorithm
endsandtheclusteringresultC={C1,C2,…,Ck}is
obtained.Otherwise,newclusterisgenerated,k=
k+1andturnstostep2.
 Basedonthesegmentationcurveoftheswitch
machine,thefeatureparametersin Table2 are
calculatedforeachphasecurrentineachstage.
 Thefeaturesetofsingle-phaseisrecordedas{Ti|
[T1i,1,T2i,1,…,T3i,3,T4i,3]}.Thecomprehensive
featuresetofthree-phasecurrentisrecordedas
{Pl

j,n|[P11,1,P21,1,P11,2,…,P23,4]}andcalculatedby

P1j,n =13∑
3

i=1
Tn

i,j, (1)

P2j,n =∑
3

i=1
(Tn

i,j-Pn
j,1), (2)

whereIi,j(k)representsthekthsampledataofstage
jofphaseicurrent,andNi,jrepresentsthenumber
ofsamplingpointsofthecurveinthisphase.

Table2 Formulaeoffeatureparameters

Feature Formula

Differenceofmaxandmin T1i,j=max(Ii,j(k))-min(Ii,j(k))

Duration T2i,j=tj

Averagevalue T3i,j= 1
Ni,j∑

Ni,j

k=1
Ii,j(k)

Standdeviation T4i,j= 1
Ni,j∑

Ni,j

k=1
(Ii,j(k)-T3i,j)2

 Insummary,thethree-phasecurrentintegrated
featuresetisrecordedas{Pj,m|[P1,1,P1,2,P1,3,…,
P3,8]},wherePj,mrepresentsthemthcomprehensive
featureofthejthorderinthefeatureset.
 Thecurrentcurvecomprehensivefeaturedataare
extracted,and7sampledatain8modes(7fault
modesandanormalmode)areextracted,andthe
dataarenormalizedby

q(a,b)j,m =
p(a,b)

j,m -min
j
(p(a,b)

j,m )

max
j
(p(a,b)

j,m )-min
j
(p(a,b)

j,m )
. (3)

 The DBSCAN is used to analyze each
comprehensivefeatureinsetQ,thefeaturedataneed
tobetransformedintotwo-dimensionaldataas

(d(a,b)
x ,d(a,b)

y )=(q(a,b)j,m ,q(a,b)j,m ). (4)
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 TheparameterMinptsissetas7(thenumberof
samples).AsshowninEq.(5),theparameterзis
setasthemaximumEuclideandistancebetweenthe
datainsamemode,wherekandlarethetwo
differentsamplesinmodea.

з=max
8

a=1
( (d(a,k)

x -d(a,l)
x )2+(d(a,k)

y -d(a,l)
y )2).

(5)

 Accordingtotheclusteringanalysisofeachfeature
intheQ,thesensitivefeaturescombinationis[P1,3,
P2,4,P2,6,P3,3],andclusteringresultsareshownin
Figs.3-6andTable3.

Fig.3 ClusteringresultofP1,3

Fig.4 ClusteringresultofP2,4

Fig.5 ClusteringresultofP2,6

Fig.6 ClusteringresultofP3,3

Table3 Standardfeatureset

Mode P1,3 P2,4 P2,6 P3,3
A0 0.0277 0.3923 0.0014 0.1615
A1 0.2401 0 0 0
A2 0.0254 0.3854 0.1520 0.6308
A3 0.0285 0.3962 0.1660 0
A4 0.0264 0.3938 0.1500 0.1692
A5 0.1469 0 0 0
A6 0.0269 1 0.0015 0
A7 0.0265 1 0.3100 0

2.2 PSO-SOMnetworkfaultclassifier
 SOM is a self-organizing and self-learning
network.Liuetal.[11]utilizedSOM networkto
classifythecommonfaultsofvacuumcircuitbreaker.
Songetal.[12]sovledthetravelsalesmanproblem
(TSP)byanadvancedSOMnetwork.However,the
problemof“deadneurons”inSOMisneglectedin
abovestudy.Inordertoavoidthisphenomenon,the
PSOalgorithmisintroducedtooptimizetheSOM
networktrainingprocessandpreventtheoccurrence
of“deadneurons”.ThetopologyoftraditionalSOM
networkisshowninFig.7.

Fig.7 TopologyofSOM
 In the traditional SOM network learning
algorithm,theconnectionweightbetweentheinput
layerandthemappinglayerisadjustedby

Δwij =η(t)(xi(t)-wij(t)), (6)

whereη(t)isaconstantbetween0and1,which
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shortenstimeuntilη(t)=0.
 Itcanbeseenfromtheaboveformulathatthe
correctionoftheconnection weightchangeswith
time.Iftheinitialconnectiontimeofeachneuron
connectionweightistoolong,theneuronwillnotbe
abletowinovertime,andthiskindofneuronswill
becalled“deadneurons”.
 Inthisstudy,thePSOisintroducedtopreventthe
occurrenceofthe“deadneurons”.Theoptimization
processisasfollows.
 1)InitializePSOparticleswithweightvectorsWj

ofSOM;
 2)Thedistancebetweeninputvectorsandweight
vectorsisdefinedasthefitnessandexpressedas

f=∑
n

i=1
‖Wj-Xi‖. (7)

 3)TheoptimizedoutputofPSOisassignedtoeach
connectionweightofthenetwork,andtheSOM
networkisiteratedntimes.
 4)Repeatsteps1to3untilthetargetnumberof
iterationsisreached.
 Inthisstudy,theSOMnetworkiterationnumber
nissetto20,whichmeansthenetworktraining
iterationis20times,andtheweightvectorWjis
optimizedbythePSOonce.Bycrosstrainingoftwo
kinds of algorithms,the occurrence of “dead
neurons”canbeeffectivelyavoided.

3 Experiment
 Basedontheabove56ofsampledata,thestandard
faultfeaturedatainTable4areusedtobetheSOM
networkinputvectors.x1,x2,x3,x4,thestructureof
networkmappinglayerissetas6×6.Whenthe
numberoftrainingstepsNis50,100,200and500,
respectively,theoutputandthetrainingtimeof
SOMnetworkareshowninTable4

Table4 ClassificationresultsofnetworkineachN

Mode
SOM

50 100 200 500

PSO-SOM

50 100 200 500
A0 29 13 14 9 16 9 20 14
A1 2 32 32 4 36 19 32 32
A2 1 16 22 25 31 6 25 8
A3 31 25 29 1 16 28 8 17
A4 29 13 12 14 16 1 14 20
A5 2 31 4 12 30 31 30 29
A6 30 4 1 24 2 24 1 3
A7 30 1 6 32 1 36 3 1
time/s 0.81 1.21 3.55 6.89 1.02 1.64 4.1 8.72

 ItcanbeseenfromTable5thatwhenN=200,the
winingneuronscanbecompletelyseparatedinSOM,

andinPSO-SOMnetnetwork,thewiningneurons
canbecompletelyseparatedwhenN=100.Interms
ofnetworktrainingtime,thetrainingtimeofPSO-
SOMisslightlylongerthanthatofSOMduetothe
optimizationofweightsbyaddingPSOalgorithm.
Overall,theclassificationabilityofPSO-SOMis
betterthanthatofSOM whenNSOM andNPSO-SOM

equal.Whentheclassificationeffectsaresimilar
(NSOM=200,NPSO-SOM=100),thetrainingtimeof
PSO-SOMisshorter.Otherwise,theoccurrenceof
“deadneurons”canbeavoidedbytheoptimizationof
PSO.The winingneuronsofthetwokindsof
networksareshowninFig.8.

(a)SOMwiningneuronin200

(b)PSO-SOMwiningneuronsin100

(c)SOMneurondistance
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(d)PSO-SOMneurondistance
Fig.8 TrainingresultsofSOMandPSO-SOM

 ItcanbeseenfromtheFigs.8(a)and8(b)that
thereisnodirectconnectionbetweentwowining
neuronsinthePSO-SOMnetworkbutthereisdirect
connectioninSOMnetwork.Thereisapossibilityof
misjudgment when the unknown samples are
classified.ComparedwiththePSO-SOMnetwork,
theclassificationeffectisbetter.Figs.8(c)and8(d)
showtheneuronsdistanceoftheSOMnetworkand
PSO-SOM network,respectively,andthedarker
colorareaindicatesthatthe Euclidean distance
betweenthetwoneuronsislarge,andtheshallower
distanceindicatesthatthedistanceissmaller,which
canbeusedasanauxiliaryjudgmentinthesample
classification. The above figures are used to
determine the relationship between each mode
classificationand mapping neuronsasshownin
Table5.

Table5 Mappingneuronclassification

Mode
Mappinglayerneuroncode

SOM PSO-SOM

A0 14,15 9,3,4,8,10,15,16
A1 32,31,25,26 19,13,14,20
A2 22 6,5,11,12
A3 29 28,21,22,27,29,,33,34
A4 12,18 1,2,7
A5 4,10 31,32
A6 1,2 24,23,18
A7 6,5 36,35

AX
3,7,8,9,11,13,16,17,19,
20,21,23,24,27,28,30,
33,34,35,36

17,25,26,30

Note:AXmeansthesampleisunrecognized.

 AsseenfromTable5thatPSO-SOMhastwoor
moreneuronsineachmode,andSOMismuchless,
andtheneuronsbelongtotheunrecognizedmodeis
farmorethanPSO-SOM.Inthetermsofmapping
abilitybetweeninputandoutput,PSO-SOMnetwork
isbetterthanSOMnetwork.

 Toverifythefaultdiagnosisabilityofproposed
method,25setsoftestsampleswerebroughtinto
SOMnetworkandPSO-SOMnetwork,anddiagnosis
resultsareshowninFig.9.

(a)WiningneuronsofSOM

(b)DiagnosisresultofSOM

(c)WiningneuronsofPSO-SOM

(d)DiagnosisresultofPSO-SOM

Fig.9 diagnosisresultsofSOMandPSO-SOM
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 ItcanbeseenfromFigs.9(c)and9(d)thatthe
samplewiningneuronscoded3,8,17,21and24do
aredifferentfromtheexpectedpositions,butthey
are similar to the desired neuron positional
connectionsandcanbeclassifiedintothecorrect
type.Thedistanceofthesamplescoded18and25
betweenthecorrectneuronandoutputneurondoes
notreachthediagnosticthresholdandisdividedinto
unrecognizedsample.In theterms of winning
neuronsandfaultmodes,theSOMnetworkrelies
moreonthedistancebetweentheneuronstohelp
determinethesamplesclassification,andthePSO-
SOMnetworkhashighermappingsensitivity.
 Therefore,thePSO-SOM hashigher mapping
sensitivitythanSOM.Inthetermsofdiagnosis
results,thediagnosticaccuracyrateofSOMis84%,
thefalserateis0%,andtheunrecognitionrateis
14%,thediagnosticaccuracyrateofPSO-SOMis
92%,thefalserateis0%,andtheunrecognition
rateis8%.ThePSO-SOM networkhasahigher
faultdiagnosisaccuracythanSOMnetwork.

4 Conclusions
 1)Basedonthecurrentcurveoftheswitch
machine,afaultdiagnosismethodoftheswitch
controlcircuitbasedonDBSCANandPSO-SOM
networkisproposed.Theexperimentshowsthatthe
methodhasbetterrecognitioneffectthanSOMonthe
commonturnoutcontrolcircuitfaultphenomenon,
thediagnosticaccuracyrateof25groupstestsample
is92%,thefalserateis0%,andtheunrecognition
rateis8%.Thediagnosticaccuracyishigh.
 2)Basedontheinitialfeatureset,thediagnostic
sensitivefeaturesareseparatedbyDBSCAN,which
reducesthecomplexityoftheclassificationnetwork
andimprovesthetrainingratecaused by high-
dimensionalfeatures.
 3)Inordertoavoidthephenomenonof“dead
neurons”inSOMnetwork,thePSOisintroducedto
optimizeSOMnetwork.Experimentshowsthatthis
method can improve the training rate and
classificationeffectofSOMnetwork.
 4) According to the analysis process and

experimentalresults,this method hasreference
significanceforfaultlocationand maintenanceof
importantrailwaysignalequipment.
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基于DBSCAN/PSO-SOM的道岔故障诊断

杨菊花1,李旭彤1,2,邢东峰2,3,陈光武2,3
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2.甘肃省高原交通信息工程及控制重点实验室,甘肃 兰州730070;

3.兰州交通大学 自动控制研究所,甘肃 兰州730070)

摘 要: 为诊断铁路道岔控制电路中的常见故障,提出了一种基于数据密度聚类算法(Density-based
spatialclusteringofapplicationswithnoise,DBSCAN)与自组织特征映射网络(Self-organizingfeaturemap,

SOM)结合的诊断方法。利用微机监测系统记录转辙机三相电流曲线,以转辙机动作原理为标准对曲线分段

处理并计算三相电流特征参数。针对初始特征维数较高的问题,以DBSCAN算法筛选故障诊断敏感特征,
构建诊断敏感特征集。以粒子群优化算法(Particleswarmoptimization,PSO)调整SOM网络权值修改规则

从而避免网络出现“死神经元”,设计PSO-SOM网络故障分类器并完成待测样本分类诊断。实验表明,该方

法在训练样本较少的情况下,能判断道岔控制电路故障模式。与传统SOM网络相比,其故障诊断准确率更

高。
关键词: 道岔;故障诊断;基于数据密度聚类算法;粒子群算法;自组织特征映射
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