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ABSTRACT

Withtherapiddevelopmentofcomputerintelligencetechnology,themajorityofscholarshavea
greatinterestinthedetectionandtrackingofmovingtargetsinthefieldofvideosurveillanceand
havebeeninvolvedinitsresearch.Movingtargetdetectionandtrackinghasalsobeenwidelyused
inmilitary,industrialcontrol,andintelligenttransportation.Withtherapidprogressofthesocial
economy,thesupervisionoftraffichasbecomemoreandmorecomplicated.Howtodetectthevehicles
ontheroadinrealtime,monitortheillegalvehicles,andcontroltheillegalvehicleseffectivelyhas
becomeahotissue.Inviewofthecomplexsituationofmovingvehiclesinvarioustrafficvideos,
theauthorsproposeanimprovedalgorithmforeffectivedetectionandtrackingofmovingvehicles,
namelyimprovedFCMalgorithm.ItcombinestraditionalFCMalgorithmwithgeneticalgorithm
andKalmanfilteralgorithmtotrackanddetectmovingtargets.Experimentsshowthatthisimproved
clusteringalgorithmhascertainadvantagesoverotherclusteringalgorithms.
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1. INTRoDUCTIoN

Today,vision-basedmovingtargetdetectionandtrackinghasbeenwidelyusedinvideosurveillance,
virtual reality, human-computer interaction, planet detection, behavior understanding and other
fields.Ithasrealizedthefunctionsofpublicsafetymonitoringandmanagement,accidentprevention,
detectionandprocessing,emergencydeduction,monitoringoftheelderly,childrenanddisabled,and
self-navigation.Visual-basedmovingtargetdetectionandtrackinghasgraduallypenetratedintoall
aspectsofpeople’slives,anditsimportancehasbecomeincreasinglyprominent,itattractsmoreand
morescholarsandresearchinstitutionsathomeandabroadtoparticipateinthisfield[YIN,2016].

Atpresent,someconventionalmovingtargetdetectionmethodsinclude:(1)Targetdetection
basedonbackgroundmodelingincludesinitializationofbackgroundmodel,modelmaintenance,and
foregrounddetectionandsegmentation.Forexample,Wangetal.proposedtoimprovetheinitialization
backgroundmodelMedian,andproposedarobustinitializationmodelthatcanaccommodatemore
than50%oftheforegroundtargetsornoise.Itsdisadvantageisthatitcanonlybeusedinafixed
sceneenvironment,anditchangesconstantlyduetochangesinilluminationandthechangingfactors
ofthetargetinthescene.Accurateandvariousbackgroundmodelsneedtobeestablished,sothey
usuallycannotmeetthereal-timeperformancerequestwell.(2)Targetdetectionbasedonforeground
objectmodeling,theforegroundobjectandbackgroundintrainingsamplesarerespectivelyexpressed
byfeatures,theobjectorbackgroundappearancemodelisestablished,andthentheclassifiermodel
isobtainedbyclassifier training.Forexample, theDPMtargetdetectionalgorithmproposedby
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Felzenszwalbisatargetshapedescriptionmodeltrainedbycombininggradienthistogram(HOG)
featureswithLatentSVM.Itsdisadvantageisthattheaccuracyandrobustnessofthealgorithmare
nothighundertheconditionsoflargeocclusion,smallinter-classdifferenceandlargeintra-class
difference,largetargetdeformationandscalechange,andlowimageresolution[Li,2010;Wang,2019].

Thispaperismainlydescribedthetargetdetectionalgorithmbasedonfeatureopticalflow.The
coreideaofthealgorithmistocalculatetheopticalflowofallfeaturepointsineachframeimage
byusingfeaturematchingofaseriesofadjacentimages,andthenperformanimprovedclustering
algorithmontheopticalflowtoseparatethemovingtargetfromthebackground,andlasttrackthe
targetincombinationwithKalmanfilter.Theinnovationofthispaperistoproposeanalgorithmthat
canautomaticallygivethenumberofclusters,whichisasimpleandfastimprovedFCMalgorithm,
andseveralsetsofexperimentsarecarriedoutforcomparativeanalysis.Theresultsshowthatthe
algorithm is adaptive.And thenumberofmoving targets isgivenat eachmoment, successfully
separatingthetargetandbackground.

2. FCM CLUSTeRING ALGoRITHM

ThefuzzyC-meansclusteringalgorithm(FCM)issimpleinprinciple,easytobeoperatedandwidely
used.Thecore idea is tominimize theobjective function, and to find the final classcenterand
membershipmatrix.AgivendatasetX x x x

N
= { }1 2

, , ,� ,whichcontainsNsamples,thenumber
ofclustersisC, u

ij
isthedegreeofmembershipforthefirstjsample x

j
j N=( )1 2, , ,� which
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Amongthem,Misthefuzzycoefficient,usuallymistaken2.AccordingtotheLagrangemultiplier
methodweobtaintheclusteringcentersandmembershipdegreeexpressionsasfollows[Tang,2014]:
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Thestepsofthealgorithmareasfollows:
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1. GivethedatasetX,thenumberofclustersC,fuzzycoefficientm,themaximumiterationsof
t_maxanditerativeaccuracy ε ;

2. Randominitializetheclustercenterandmembershipdegree;
3. UpdatetheclustercentersandmembershipdegreesaccordingtotheFormula(2)(3);
4. Repeatthefirst(3)step,untiltheconditionsofiterationterminationaresatisfied.

3. IMPRoVeD FCM ALGoRITHM

3.1. Algorithm Introduction
TheimprovedFCM,whichcombinestraditionalFCMwithgeneticalgorithmGA,canavoidbeing
limitedtolocalsolutionsbecauseGAisnotlimitedtoonepointinthesolutionspace,buthandlesa
groupofpointsatthesametime.However,becauseofitspoorsearchabilityandconvergencespeed,
itisdifficulttohittheextremepoint,andonlytheapproximatesolutionclosetotheglobaloptimal
solutioncanbefound.Thegeneticalgorithmisusedtoobtaintheapproximatesolutionoftheglobal
optimalsolution.ThentheapproximatesolutionisusedastheinitialvalueoftheFCMalgorithm,
andtheFCMalgorithmisusedtosegmenttheimagetoachieveadaptiveimagetargetdetection.

Usually,thedetectionandtrackingofmovingobjectsarereal-time,butthenumberoftargets
inthesceneisuncertain,anditislikelytochangeallthetime.Thisrequirestheclusteringofthe
opticalflowwithfast,adaptivecapacity.Itcanautomaticallydeterminethenumberoftargetsfor
eachmoment.ThissectionwillbebasedontheclassicFCMalgorithm,andimproveit,sothatithas
afastconvergenceandcanautomaticallydeterminethenumberofclusters[Li,2012].

3.1.1. The Determination of the Number of Cluster C
Asmentionedinthefirstsection,themainideaofautomaticallydeterminingthenumberofclusters
istousesomespecificcriteriafunctionstodeterminetheoptimalnumberofclusters.Ingeneral,the
purposeofthecriterionfunctionistoensurethattheinternalspacingofclassesisverysmall,space
betweenclassandclassislarge.HereweusetheDBIfunctiontodeterminethenumberofclustering,
DBIclusteringalgorithmisakindofmeasurement,andthespecificunderstandingisasfollows.

Givetheclustercenterv
i
andv

j
,botharethePdimensionalvector,thedistancebetweenclasses

isdefinedasfollows:
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Inner-distanceofclassisdefinedasfollows:
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xisthedatasampleoftheIclass, v
i
istheclasscenter, v
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DBIindicatorsaredefinedasfollows:
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Note:WewillgetdifferentDBIvalueforthedifferentclusteringnumberC,thesmallertheDBI
valueis,thebettertheobtainedclusteringeffectofthecorrespondingpartitionis.

3.1.2. Genetic Algorithm
Geneticalgorithmisalsoknownasevolutionaryalgorithm.Thecoreideareferstothebiological
theoryofevolution,theproblemtoberesolvedissimulatedintoabiologicalevolutionprocess,and
isproducedthenextgenerationofsolutionsthroughreproduction,crossoverandmutationoperations,
andthesolutionofthelowfitnessfunctionvalueisremovedinturn,keepthesolutionwhichhashigh
valueoffitnessfunction.Accordingtotheserules,aftercontinuousevolutionofNgenerationsitwill
havegreatchancetohaveevolvedindividualswithhighervaluesofadaptivefunction.Algorithm
flowchartisshowninFigure1[Zhang,2017].

Themainstepsofgeneticalgorithmareasfollows:

1. Initialization:Set thealgebraiccounter t=0,andTas themaximumevolutiongenerations,
randomlygeneratedMindividualsastheinitialpopulationP(t);

2. Individual evaluation:CalculatethefitnessvalueofeachindividualinP(t);
3. Selection operation:Theselectionoperatorisusedtothegroup;
4. Crossover operations:Thecrossoveroperatorisappliedonthegroup;
5. Mutation operation:Themutationoperatorisactedonthegroup,andgetthenextgeneration

ofP(t+1)throughtheaboveoperations;
6. Determine the termination conditions: If meet the maximum number of iterations, then

terminateandoutputthesolution,otherwiseturntothestep2.

3.1.3. The Improved FCM Algorithm
ConsideringthattheclassicalFCMalgorithmissensitivetotheinitialposition,italsoneedstobegiven
thenumberofclustersinadvance,whichisnotadaptive.Inthispaper,GAandFCMarecombined.
TheGAalgorithmisfirstusedtoobtaintheinitialclasscenters,andthentheFCMalgorithmis

Figure 1. Flow chart of GA algorithm
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executedtoobtaintheclusteringresult.Inaddition,theDBIcriterionfunctionisusedheretooptimize
thenumberofclustersandfinallyappropriatenumberofclustersaregiven.

TheexecutionflowoftheGA-FCMalgorithmisasfollows:

1. Initializesomeparameters,includingthenumberofclustersC,thefuzzyparameterq(1≤q≤
∞),theaveragevaluet’ofthedata,andtheiterationterminationparameterβ;

2. InitializeCclustercentersvi0(i=1,2,.....,C)usingtheGAalgorithm;
3. Calculateuij,thefunctionexpressionis:
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4. Calculatethenewclustercenters,thatisvi1,andthecorrespondingfunctionisexpressedas:
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InFormula(8),ihasavaluerangeof[1,C],andaneighborhoodfactorisaddedtothefunction.The
addedvariablesetis{θt’1,θt’2,θt’3.......θt’n},theupdatedclustercenterpointisrepresentedasvi1.

5. Ifthedifferencebetweentheoldandnewclusteringcentersislessthanβ,thenalltheclustering
centersareoutput,otherwiseisreturnedtostep3andfurtherexplorethecorrelationbetween
dataobjects;

6. Outputthefinalclustercenters(a,b).

TheflowchartoftheimprovedFCMalgorithmproposedinthispaperisshowninFigure2.
Asabove,therangeofthenumberofclusterCisstillgivento 2, ,… N ,andthemaximum

numberofclustersC is N .The initialvalueof theclusternumberC is taken2, first runGA
algorithmonthetotalsample,andgettheoptimalclusteringnumberCandclusteringcenter.Then
theoptimalnumberofclusternumberCisastheinitialclusteringnumberofFCMalgorithmfor
clustering,andthentheclusterresultisobtained.CalculatetheDBIvalueaccordingtotheresultsof
thisclusteringatthistime.Andthelike,calculate N −1 timesDBIvalue.ComparetheseDBI
values,andfindthenumberofclusterCcorrespondingtheminimumDBIvalueandthatCisthe
finaloptimalnumberofclusters.

Themainstepsofthealgorithmareasfollows:

1. GiveasetofsamplesX x x x
N

= { }1 2
, , ,� ,andthemaximumupperboundforthenumberof

clusteringCisgivenasC N≤ ;
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2. ForeachclusternumberC N= 2, ,� ,run N timesFCMalgorithm,andget N clustering
results,thatis,forthe N clusternumberC,gettheinitialclustercenteraftertherunningof
theGAalgorithm,usetheFCMalgorithmtocluster,get N clusteringresults;

3. TheFormula(3)isusedtocalculatethevalueofthecriterionfunctionaccordingtothe N 
clusterresultsandcomparethevalueofeachfunction;

4. FindtheclusteringnumberCcorrespondingtotheminimumDBIvalueandthatCistheoptimal
value;

5. Outputthefinalresult.

4. FeATURe oPTICAL FLow BASeD oN IMPRoVeD FCM ALGoRITHM 
AND KALMAN FILTeR FoR MoVING TARGeT TRACKING

4.1. Algorithm Introduction
Inthispaper,animprovedFCMalgorithmaboveandanimprovedopticalflowmethodareproposed
todetectmovingtargets.Afterclusteringthemovingtargets,thecoordinatesandvelocityvaluesof
themovingtargetsareobtained.Furthermore,aKalmanfilterbasedonblockmatchingisusedto
trackthemovingtargets.

Thecoordinatesandthespeedofthefeaturepointsofthemovingobjectscanbeeasilyobtained
throughthefeatureopticalflowalgorithmatanytime.Intheprocessofpracticaltracking,asthe
distancebetweenthefrontandbackframesisveryshort,distancetraveledofthemovingtargetis
veryshort,soitcanbeconsideredthatthemovingobjectismovingataconstantspeedinthefixed

timeinterval.GiveKalmanfiltersystemstatex
k

asavector x y u v
T

, , ,( ) ,inwhichxandyrepresents
thepositionofopticalflowofthetargetintheaxisX,Y,anduandvarethespeedofopticalflow
targetsintheaxisX,Y.Accordingtothegivenconditions,theexpressionofstatetransitionmatrix
isobtained[Meng,2013;CHEN,2018]:

Figure 2. The flow chart of improved FCM
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Amongthem∆t istheintervalfrom t
k−1

to t
k
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Accordingtotherelationshipbetweenthesystemstateandtheobservedstate,theobservation

matrixcanbeintroducedasfollows:
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Inthispaper,theimprovedFCMalgorithminSection2isappliedtofeatureopticalflowmethod
fortargetdetection.Aftergatheringmovingtargets,thecoordinatesandvelocityofmovingtargetsare
obtained,andthenKalmanfiltertrackingiscarriedout.Comparisionbetweenthetraditionalfeature
opticalflowandKalmanfiltermovingtargettrackingandtheimprovedalgorithmisasfollowsin
theflowchartinFigure3[Huang,2015;BouwmansT.,2014].

AsFigure3shows,themethodmentionedinsection1areusedforopticalflowclusterbefore
improvementandweusetheimprovedFCMalgorithmfortheopticalflowclusterafterimprovement.

Figure 3. Flow chart of Comparison process
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5. eXPeRIMeNT AND ReSULT ANALySIS

5.1. experiment
Thecomputerhardwareenvironmentfortheexperimentisthequadcoreclockedat2.6GHzCPU,
4Gmemory,andtheprogrammingenvironmentisVC++6.0andOpenCV3.0imagedevelopment
kit.Theexperimentalobjectisthetrafficvideo,theimageresolutionofthevideosequenceis320*
240,andframerateis25framespersecond,opticalflownumberis200.Howtodetectthevehicles
ofdifferentsizesandshapesandtrackthem,whichisonesubjectoftheexperiment.Thissystem
caneffectivelydetectmovingvehiclesinvideo,andmarkthedetectedvehicleusingrectangle,a
rectangularboxmarksacar.TheinitialinterfaceofthesystemisshowninFigure4.

Click“importvideo”,theresultswindowisshowninFigure5.
Itcanbeseenfromtheresultsofthedisplaysystem,opticalflowmethodatthemomentinthe

currentframedetected200pointsofopticalflow,theimprovedFCMalgorithmmarkedtheseoptical
flowpointsinto3clusters,threerectangularboxeswereusedtomarkthem.

5.2. Results Analysis
Herewestillchoosethreerepresentativetrafficvideoastheexperimentalobject,andanalyzethe
clusteringof thevehicles.Thetypesof the threesegmentvideoare:1) thebackgroundissingle
andtherearemanyvehicles;2)thebackgroundisunitary,andtherearenotmanyvehicles;3)the
backgroundiscomplex,therearenotmanymovingvehicle.Thesizesofthethreevideosofvehicles
areall10M,pixelsare320*240,videosampleis24bits,framerateis25frames/sec.Screenshotin
eachvideoisshowninFigure6andTable1.

Ineachsegmentofthevideo,theclusteringaccuracyofeachalgorithmforthemovingobjects
iscalculatedasfollows:

Figure 4. Initial interface of system

Figure 5. The experimental results
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Figure 6. Screenshot of the video scene

Table 1. Clustering results of moving vehicles

Video Total Number of 
Actual Vehicles in 

Video

k-Means FCM The Improved FCM

Videoone 89 23 28 69

Videotwo 22 11 13 17

Videothree 31 10 10 17

Table 2. Clustering accuracy table for moving vehicles

Video Total Number of Actual 
Vehicles in Video

Experimental Results Clustering Accuracy

Videoone 89 69 77.5%

Videotwo 22 17 77.3%

Videothree 31 17 54.8%

Figure 7. Comparison of clustering accuracy of each algorithm
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AccordingtoFormula(13),thevaluesoftheimprovedclusteringaccuracyineachvideocan
becalculatedasshowninTable2.

The clustering accuracyof each algorithm for the three segmentsof videos is compared as
showninFigure7.

Theaboveexperimentalresultscanbeobserved:

1. Inthispaper,theimprovedFCMalgorithmhasbetterclusteringeffect,andtheperformanceof
theclusteraccuracyisbetterthanthatoftheK-means.ThisisduetothattheimprovedFCM
algorithmsacrificesacertainamountoftimetogainahigherclusteringprecision;

2. Intheexperiment,wecanseethatitisworththeincreaseofasmallamountofrunningtime
inexchangefortheincreaseoftheclusteringaccuracy.Aswithinacertainperiodoftimethe
detectionandtrackingofthemovingtargetasaccurateaspossibleisthemostimportant.In
summary,thetargettrackingwillusetheimprovedFCMalgorithmtoclustertheopticalflow.

TheadvantageoftheimprovedFCMisthattheclusteringaccuracyisbetterthanotheradaptive
algorithms,anditcanclusterthenumberoftargetswell.Thedisadvantageisthatitconsumesmore
time,whichisnotbeneficialtosolvethereal-timetrafficproblems.TheimprovedFCMalgorithm
isbetterforthecomplexscene,andithasbettereffectforthetargetdetectionandtrackinginmessy
backgroundinrealtimetrafficscene,andcangetthemovingvehiclesintelligentlyandaccurately
from thecomplexbackground,anddo theeffectivepositioningand tracking.Table3 shows the
clusteringresultsofmovingvehiclesbeforeandafterimprovement.

Fromtheexperimentalresults,itcanbeobservedthatfeatureopticalflowbasedontheimproved
FCMalgorithmandKalmanfiltermotiontargettrackingmethodproposedinthispapercanachieve
betterdetectionandtrackingofmovingvehiclesintrafficvideo.Specificanalysisisasfollows:

1. Invideoone, thecorrect ratebeforeandafter improvementbotharehigh fordetectionand
trackingofthevehicle.Thisisbecausetheexperimentalsceneissingle,andtheinterference
ofthealgorithmisrelativelylittle.AndalsobecausetheimprovedFCMalgorithmforoptical
flowclusteringhasmuchmoreadvantagescomparedwiththetraditionalmethodofopticalflow
clustering,soitscorrectrateishigherthanthetraditionalalgorithm.Thescenehasmuchtraffic,
detectionandtrackingarepronetohavethefollowingproblems:1)thetwovehiclesormore
carsaretoocloseindrivingprocess,itseemstobeclusteredasoneclass;2)sometimesthelarge
vehicleswillbeclusteredformulticlass;3)whenthevehiclesoverlap,maybeareclusteredas
aclass;

Table 3. Clustering results of moving vehicles before and after improvement

Video The Actual Number 
of the Vehicles in the 

Video

The Result of the Experiment Correct Rate

Before 
Improvement

After 
Improvement

Before 
Improvement

After Improvement

Videoone 22 15 17 68.2% 77.3%

Videotwo 89 66 69 74.2% 77.5%

Videothree 31 16 17 51.6% 54.8%
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2. Thecorrectrateofvideooneandvideotwoareclose,thereasonisthatthebackgroundofthe
videooneandvideotwoisrelativelysimple,andhavelessinterferenceinformation.Andthe
correctrateofvideotwoisabitlowerthanthevideoone,whichisbecausethebackgroundof
thevideotwoisslightlymorecomplex,therearemoreinstructionsinthevideotwo,andthe
interferenceisincreased.Suchastheroadindicationinformationareerrordetectedasfeature
points,butthevastmajorityofsimilarinterferenceintheopticalflowclusteringwillbeshielded,
anditsinfluenceisnotverybig,thusthecorrectrateofthevehiclesdetectionandtrackingin
videooneandvideotwoareclose;

3. Thecorrectrateofthevideothreeisrelativelylow,itismainlybecausethatthevideosceneis
muchmorecomplex,theinterferenceinformationonbothsidesofthevehiclelaneismuch,such
astreesaffectedbythewind,parkedvehicles,pedestrians,etc.Thisfullyshowsthatinterference
hasmuchinfluenceontheexperimentalresults,howtoimprovetheantinoiseandstabilityof
thealgorithmistheproblemweneedtoconsider;

4. Inthethreevideos,thecorrectrateoftheimprovedalgorithmforvehicledetectionandtracking
intrafficvideoisgreaterthanbefore,anditshowsthattheimprovedFCMalgorithminthis
paperhasplayedaverygoodeffectinopticalflowclustering,andtheimprovedfeatureoptical
flowandKalmanfiltermotiontargettrackingalgorithmcanbemoreeffectiveforthedetection
andtrackingofthemovingvehicles.

6. CoNCLUSIoN

Firstly,theimprovedFCMalgorithmisdesignedbycombiningthecharacteristicsofFCMalgorithm
andGAalgorithm.Secondly,theimprovedFCMfeatureopticalflowalgorithmandKalmanfilter
algorithmareelaborated.Finally,thetwoalgorithmsarecombinedtoanalyzetherunningvehicles
intrafficvideo.Experimentsshowthatthecombinedtwoalgorithmscaneffectivelydetectandtrack
movingvehicles.Especiallyinthecaseofcomplexscenes,occlusion,differentvehicletypesandsizes,
itcanaccuratelytrackanddetectthetarget.Thealgorithmhasgoodeffectandstrongrobustness,
andhashighaccuracyindetectingthetarget.However,thealgorithmdoesnothaveanadvantagein
speed,andfurtherimprovementsareneededinimprovingthespeedofthealgorithminthefuture.
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