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Abstract

We describea systemfor detectionandclassi cationof moving targets.
Thesystenmincludeschangedetectiorandtrackingmoduleswhicharebased
onadaptie backgroundupdatedwvith informationfrom targetlevel process-
ing. The classi cation module performshybrid classi cation which com-
binesmotion and appearancéeatures. The systemis ableto performreal
time detectionfrackingandclassi cationof differenttypesof targetsin nat-
ural, reallife setting. Experimentdemonstrat¢hatthe proposechybrid ar-
chitectureof classi ersimprovesclassi cationsigni cantly.

1 Intr oduction

In this paperwe presenta suneillancesystemthat is ableto detect,track and classify
moving targets. Our systemextractsstaticand dynamiccharacteristideaturesof mov-
ing targetsand usesthemto assignthe targetsto one of several prede nedcateyories.
The systemrequiresminimal userinput, andis ableto work underdiverseillumination
conditions,including noisy backgroundwhile usingvarioustypesof videosensorsThe
systemprovidesreal-timevideo performancelueto shortdetectionJock-onandclassi -
cationtime for eachtarget. We canlogically divide the systeminto threemajorparts:the
targetdetectionmodule,the targettrackingmoduleandthe classi cationmodule. These
modulesweredesignedo supportclassi cationof the following categories:vehicle an-
imal, human,group of people crawling manandothers.The systemsupportsclassi ca-
tion of actwvities andcomplex motions(humanwith a carriage humanon a bicycle). To
provide reliable,view independentclassi cation we combinefeatureshasedon motion
characteristicsvith featureshasedn target's shape By sodoingwe createa hybrid sys-
temthatusesshapeandmotionfor classi cation. Reliableclassi cationstronglydepends
onthequality of objectssggmentationsosigni cant effort wasputinto improving targets
segmentatiorandtracking.In subsequergectionsve describendividual modulesof the
system.In Section 2 we brie y describehetargetdetectionandtargettrackingmodules.
Detaileddescriptionof thesemodulescanbe foundin [14]. In Section 3 we give ade-



scriptionof the target classi cation process.In Section 4 we presentour experimental
results.Section 5 containsconclusionsanddiscussiorof perspectiesfor future work.

2 TargetDetectionand Tracking

Backgroundsubtractionand temporaldifferencingof consecutre framesare popular
methodsfor target detectionin objecttracking[8], intruderdetection[6], trafc moni-
toring [11] andothers. While temporaldifferencingis adaptve to changesn the envi-

ronment,it doesnot detectthe entire object. On the other hand, backgroundsubtrac-
tion can provide morereliable information aboutmoving objects,but it requiresmore
comple processindor onlineadaptatiorof the backgroundo changesn ervironmental
conditions,mainly for illumination. It may alsoleadto "holes” whenstationaryobjects
attributedto the backgroundstartto move. Therefore,in someworks[5] a combination
of bothapproachess applied.

Globalthresholdings the simplestmethodfor changedetection;it canbeimproved
by local thresholdingparticularlywhenthe sceneillumination varieslocally over time.
A review on backgroundsubtractiorin videosuneillancesystemsanbefoundin [13].

Creationof aninitial backgroundnodelis animportantnot entirely solved problem.
The generalassumptiorthat the backgroundcanbe extractedby usinga scenewithout
moving objectsis not alwaysvalid for outdoorsequenceskor backgroundnitialization
we usethefollowing assumptionseachpixel in theimagewill revealthebackgroundor
atleastashortinterval in the sequencethe backgrounds approximatelystationaryonly
smallbackgroundnotionmayoccur;anda shortprocessinglelayis allowed subsequent
to acquiringthe training sequenceln our algorithmthe backgroundnitialization is done
inthe rst 1 3 second®f theprocessingwhenthebackgroundnodelis learnedby the
system.We initialize the backgroundmageby the rst frameand createa binary mask
by thresholdinghedifferencebetweerthetwo consecutie frames.Thenthe background
imageandthe binary maskare updatedusing information obtainedby thresholdingthe
differencebetweerevery two consecutie frames.An adaptve updateof the background
is adesirabldeatureto have dueto changesn thebackgroundhatarecausedy moving
objects,or by illumination uctuations (stochastianotion of plants,cloudsandsoon).
In our systemthe assignmenbf speci c pixel to the foregroundor to the backgrounds
madeusinginformationaboutthe assignmenof its neighbordo thebackgroundr to the
foreground. This methodshaws sufcient improvementin moving objectssegmentation
in comparisorwith standardnethodgseealso[9]). Consequentlpurimplementatiorof
backgroundhdaptatioralgorithmis deeplyembeddedn our motionandtargetdetection
algorithms.

For target detectionwe performa numberof standarcperations:down samplingof
theimagebeforeprocessingbackgroundubtractionconnectedomponenanalysisand
morphological ltering.

The processof thresholdadaptatiorsetsthe thresholds'valuein orderto maximize
the detections SNR. At this processingstagewe needonly blob-like silhouetteof the
target. Only blobswhoseareaexceedsa thresholdaretakenfor furtherprocessing.The
informationabouta blob, whosesizefalls below threshold doesnot enterinto thetarget
detectodatabase(DB) andtheir pixelsareconsideredspartof thebackground.

Two of themostimportantvariablesin the partof the algorithmdescribedabore, are



thebackgroundubtractiorthresholdfor eachpixel andtheminimalblob'sarea(receved
from the connecteccomponentinalysisof animageresultingfrom backgroundsubtrac-
tion) that permitsfurther processing We calculatelocal SNR asa ratio of thetotal area

Figurel: Tarmgetdetection:toprow - theoriginalframes targetsarewithin theirbounding
boxes;bottomrow - extractedandscaledargetsfrom the rst row

in pixelsof all detectedblobs (thosethat passarea Itering) to the sumof total number
of pixels”turned on” by backgroundsubtractioralgorithm. Backgroundsubtractiorhas
severalseriougproblems suchassensitvity to changesn illumination, or handlingmov-
ing backgroundbjects(MBO), which areobjectsthatwereinitially associateavith the
backgroundandstartedto move while leaving a constantdifferencesilhouetteon a sub-
tractionimageandothers.To overcometheseproblemswe useadditionalalgorithms.To
dealwith sensitvity to smoothbackgrounachangesiueto changesn illuminationwe use
dynamicbackgroundnodellingandupdatingwhich is a simplelIR Iter. To dealwith
MBO, we developedan algorithmbasedon localizedtemporalsubtraction.We nd the
motionof ablob, producedoy MBO, assoonasit appeardy the backgroundsubtraction
algorithmandstorethe blob's initial positionin a DB. While processingachnew frame
we calculate’speed”, measuredn objectsizeunits. If the distancebetweencurrentpo-
sition of the objectandthe place,whereit wasobsenedatthe rst time, is largeenough
to letit leaveits initial location,all pixelsof thebackgroundhatbelongto objectsinitial
locationare replacedwith correspondingoixels from currentframe (i.e. hopefully real
background)and objects initial location areais removed from the MBO's list. Fig. 1
presentseveralexamplesof detectedargetsandtheir sggmentation.

The trackingmodulecollectsinformationaboutthe targetto enabletrackingin sub-
sequentime stepsandin orderto producefeaturesfor reliable classi cation. The rst
goaldemandsnowledgeof target positionandvelocity in the frame. The secondgoal
demandgyoodsegmentationof the tracked target. Trackingandsegmentationof targets
areperformedin thefollowing steps:selectionof optimal searchwindow, motion detec-
tion in the searchwindow andsegmentation.

Searchfor optimalwindow sizeandlocationis performedbasedon previoustarget's
size,variationsin time, previouslocation,andvelocity. Therestof the processings per
formedlocally within this window.

For detectionof moving objectswe apply backgroundsubtractionwith individual
thresholdsfor eachimage pixel for every target. For eachpixel thatis marked by the
motiondetectoraspossiblyforegroundwe calculatethelik elihoodthatthis pixel belongs
to thetarget. This procedureeombinesnformationavailablefrom local (pixel) andglobal
(target)levelsof analysiso provide moreaccurateandrobusttrackingandsegmentation.
It permitsreliable sggmentationandtracking of targetsin noisy imagesequencesvith



(b)

Figure2: Detectionandtrackingof targetsin noisygrayscalesequencefa) A scenewith
noisybackground(b) and(c) Detectedandtrackedtargets

changingillumination conditionswithout specialparametettuning. To dealwith very
small targetswe addtemporalsubtractionthat appearedo be quite effective in caseof
smallmoving objects.In Fig. 2 we shav detectiornof targetsin noisygrayscalesequence
with signi cant motionin the background.

While tracking,the systemaccumulateshe datarequiredfor classi cationbasedon
the currentappearancef thetargetandits dynamicalbehaior.

3 Classi cation

Our systemperformsclassi cation of moving objectsinto several prede ned classes
which canbe divided into threebasicclasses:Vehicle AnimalandHuman Examples
of sequencewith objectsof thesetypescanbe seenin Fig. 5. The classHumanis sub-
divided further into several sub-classesHuman, Group, Carriage, Crawling, Cyclist
Theseclasseslescriberigid objects(Vehicle), non-rigid objects(Human,Group, Crawl-
ing) andobjectswhich combinerigid and non-rigid characteristic§Carriage, Cyclisi).
The approachwe took usesboth shapeandmotion characteristicswWe foundthatthe hy-
brid approachimprovesthe classi cationsigni cantly. As our basicclassi er we usethe
SVM classi erwith sigmoidkernel[15].

3.1 Appearanceand Similarity Models

The approachwhich we presentereis basedon exploiting the similarity betweenrstatic
silhouettesnf objectsbelongingto the sameclass. As a training setwe usebinary pic-
turesof extractedsilhouetteswithin their boundingboxes, rescaledto standardsize of
N N pixels(N 32). We implementecandtestedthreemachinelearningmethodsor
classifyingan objectbasedon its static silhouettes as extractedfrom the sggmentation
process:the templatebasedclassi er, Mahalanobisdistancebasedclassi er and SVM
classi er. The templatebasedclassi er calculatedthe meansilhouetteof a class,and
computedthe similarity of a testsilhouetteto eachof the N; templatesy countingthe
numberof erosionoperationsieededo identify them. The Mahalanobis-distancbased
classi er calculatedfor eachtestsilhouettethe Mahalanobisdistanceto eachof the N¢
setsof silhouettesgcomprisingthetrainingset. The SVMclassi er usedraw silhouettego
learna non-linearSVM modelwhich optimally separatebetweerclassesConsiderable



experimentatiorwith thesemethodsshovedsigni cant superiorityof the SVMclassi er.
All subsequenteferencego the similarity-basedclassi er refer, therefore to the SVM
versionthereof.

3.2 Motion basedmodel

Thesystemextractsmotionfeaturedrom targetcontourgseeFig. 3). We tried two meth-
ods for obtainingcontoursfrom grey images. The rst methodis the geodesicactive
contours[2],[7], in which a contourof a targetis soughtasa curve C, which should
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Herethe rst termis a geometricfunctionalandthe secondermis anareaminimization
term,known asthe balloonforce [4]. Thefunctiong is a positive edgeindicatorfunc-
tion that dependson the image, it getssmall valuesalong the edgesand highervalues
elsavhere.

In the secondmethodwe apply Canry edgedetector{1]. Excessie edgesobtained
from Canry edgedetectorarethenexcludedby morphologicallters. Our experimenta-
tionsshaw thatcontoursobtainedwith the rst algorithmarecleanerthanthoseobtained
by the secondmethod,but their extractiondemanddarger processingime. Accordingly
we decidedto usethe secondmethodin our system.Our experimentsdemonstratethat
targetclassi cationwasnot effectedheavily from this decision.

Time dependenteaturescarry considerablemountof information concerninghe

Figure3: Targetcontoursareusedfor motionfeaturesextraction

identity of an object. For example,the periodicity of humangait is very effective for
separatinga walking humanfrom a moving car However, real time constraintsenable
usto work with ratherfew, simple,time dependenteatures.We startedwith fteen fea-
tures. Using an exhaustve searchwe found an optimal subsetof eight featureswhich
arebasedon geometricpropertiesof the tted ellipse (Fig. 4 (a)) andthe star skeleton
(Fig. 4 (b)), thatis createdby connectingthe centerof massof the moving objectwith
contourpointscorrespondingo the local maximaof thefunctionmeasuringhe distance
betweerthe contourandthe centerof mass(see[12]). Featuresve usedfor description
of thetemporalcharacteristicef motioninclude,for example thetilt of the”horizontal”
axisof theellipse, (i.e. _.DOX in Fig. 4(a)) andthe anglebetweerthe "legs” of the star



(@) (b) (c)

Figure4: (a) Fitted ellipse(b) Starskeleton(c) Classi cation o w chart

skeleton(_ACB in theFig. 4(b)). The systemaccumulatethosemeasuremeniduring 24
consecutre framesanduseshis informationfor constructiorof the classi cationvector

3.3 Combining appearanceand motion basedfeatures

It is well known thatmeming severalclassi cationmethodgesultsin improvementof ac-
curag androbustnes®f classi cation[10]. Theperformancef boththeclassi er based
on appearancéaturesdescribedn Subsection3.1,andtheclassi er basedntime de-
pendentfeatures,describedn Subsection 3.2, suggestedhat a combinationthereofis
required. Fig. 4 (c) describeghe architectureof our classi er. Appearancéaseddata
is processedy SVM classi er in the rst layer of the classi cation system. Features
vectorsusedby the hybrid classi er containprocessedesultsof the rst-layer classi er,
which we call shapeandsimilarity featuresandthe motion-basedeaturesdescribedn
the Subsection 3.2. Eachcycle of the second-layeclassi cation requires24 frames,
the numberof framesneededor accumulatiorof motion basednformation. First-layer
classi cationcouldin principle be doneevery frame, but dueto real-timeperformance
considerationg is activatedonceevery 8 frames.This meanghatfor every classi cation
donein the second-layepnehas3 rst-layer classi cation results. For every classwe
calculatethe relative fraction p of votesV obtainedfor this classby rst level classi -
cationsnamelypk V k T k 1 N whereT denoteghetotal numberof rst
level classi cationsof thistarget. It followsthatthek th componenof thefeaturevector
is thelikelihoodthatthetargetbelonggothek thclass.ThecomponentromN. 1to
N: 8 of thefeaturevectorareassignedo the motion-basedeaturesThefeaturevector
constructedn this way is usedasaninputto the second-laye6VM classi er. As canbe
seenfrom the experimentsprovidedin the Section 4, the classi cationresultsachiesed
by the hybrid classi er wereconsiderablybetterthanthe resultsachiezed by eachof the
basicclassi ersseparately

The combinedclassi er alsoprovedto be morerobustin noisy target segmentation
conditions.For makingthe classi cationrobustfor occlusionsandothersourcef mis-
classi cationwe usea multiple hypothesisapproachwhich is similar to the approactof
[12]. All potentialtargetsareclassi edaccordingo theschemedepictedn Fig. 4 (c) and
theresultis recordechsa classi cationhypothesi k for eachtarget. Every 24 frames
this hypothesids updated.We accumulatehe statisticsfor targetsover a periodof time
(3 secondspy building a classi cationhistogramfor eachmaoving object. A decisionis
madeatthe endof the periodbasedn this histogram.



4 Experiments

We performedexperimentswith varioustypesof objectsn differentoutdoorscenesMore
than 100 sequencesvere analyzed. Examplesof sequencesre shavn in Fig. 5. To

Figure5: Sequencewvith targetsof all classes:\ehicle Animal, Human,Group, Car-
riage, Crawling and Cyclist

demonstratéhe performancef our classi cationsystemwe compareconfusionmatrices
which were calculatedfor threetypesof classi ers: SVM classi er which usedmotion
featureonly; SVM classi er whichwasgivenshapednformationonly, andhybrid classi-
er asshawvnin Fig. 4 (c). For all SVM classi erswe usedthe LIBSVM library [3]. The
resultsquotedbelon areobtainedby m-fold crossvalidationwith m 3. Cautionwas
takento performthe splitting of the setof examplesobject-wise namelythatall frames



of eachobjectbelongto eitherthetrainingsetor the validationset.

We testedthe classi ers on threedifferentcombinationsof tamget classes.The rst
combinationconsistsof threeclassesvehicle Animal, Human Examplesof sequences
areshown in Fig. 5. The classi cation confusionmatricesfor theseclassesregivenin
Table 1.

Tablel: Motion BasedClassi er ShapeBasedClassi er CombinedClassi er
I | Veh | Ani | Hum | Veh | Ani | Hum || Veh | Ani | Hum ||
Veh | 80.00| 13.13| 6.67 || 81.86| 10.55| 7.59 || 95.77| 2.82 | 141

Ani | 26.92| 69.23| 3.85 || 16.00| 65.00| 19.00| 3.57 | 96.43| 0.00
Hum | 3.09 | 2.06 | 94.85| 1.13 | 0.85 | 98.02|| 1.00 | 0.00 | 99.00

As canbe seenin Table 1, both shapebasedand motion basedclassi cation have
somedif culties in classifyingAnimal, while VehilceandespeciallyjHumanareclassi ed
relatively well by both classi ers. A possibleexplanationto this phenomenomight be
relatedto the smallvariability in the Animal class(mainly dogsandcats)in the database
andto thelargevariability in thesceneange . Howeverthe combinedclassi er gave good
resultsfor all thedifferentgenericclasses.

The secondsetof targetsincludesexamplesof rigid objects- Vehicle non-rigid ob-

Table2:  Motion BasedClassi er ShapeBasedClassi er
I | Veh | Hum | Carr | Cycl | Veh | Hum | Carr | Cycl ||

Veh | 88.52| 1.00 | 1.64 | 3.28 || 87.00| 10.00| 3.00 | 0.00
Hum | 3.09 | 71.13| 15.46| 10.31|| 3.00 | 91.60| 5.00 | 0.40
Carr | 256 | 5.00 | 74.36| 12.82| 3.00 | 12.00| 85.00| 0.00
Cycl | 0.00 | 25.70| 18.60| 55.70|| 11.00 | 12.00 | 22.00 | 65.00

jects - Human and compoundobjects- Carriage and Cyclist Compoundobjectis a
moving targetwhich consistof a non-rigid object(Humar), in somecombinatiorwith a
rigid object(Carriage, Cyclis). Theresultsfor our classi ersaregivenin Tables 2, 3.
Herewe seethatmotionbasedandshapebasectlassi ershave problemsn distinguishing
betweernCyclistandHuman A possiblecausefor this resultmight be relatedto thefact
thatdirectionof motionfor all classesvasnot constrained As a result,a cyclist riding
straighttowardsthe obsener (ascanbe seenin seventhrow of Fig. 5) looks very much
like walking human.Note againthatthe combinedclassi er hasgoodresultsfor all the
differentclasses.

Resultsfor the full setof classesve investigatedare shovn in Table 4. In Fig. 6
we shov examplesof sceneswheremultiple targetsfrom variousclassesveredetected,
tracked,andclassi ed correctly

Comparingall thesetablesone can seethat performanceof the hybrid classi er is
signi cantly betterthanthe performanceof classi ers which useonly motion basedor
shapebasednformation. This conclusionis truefor all typesof consideredargets.



Table3: CombinedClassi er
0 | Veh | Hum | Carr | Cycl ||

Veh | 99.00| 1.00 | 0.00 | 0.00
Hum | 0.00 | 96.60| 0.00 | 3.40
Carr | 497 | 5.00 | 87.00| 3.03
Cycl | 0.00 | 4.00 | 4.00 | 92.00

Table4: CombinedClassi er
I | Veh | Ani | Hum | Gr | Carr | Cranl | Cycl

Veh 91.89| 541 | 1.35 | 0.00 | 1.35 | 0.00 | 0.00
Ani 3.57 | 93.86| 0.00 | 0.00 | 0.00 | 3.57 | 0.00
Hum | 0.88 | 0.00 | 92.11| 6.14 | 0.00 | 0.00 | 0.88
Gr 270 | 0.00 | 0.00 | 89.19| 8.11 | 0.00 | 0.00
Carr 488 | 0.00 | 488 | 2.44 | 87.90| 0.00 | 0.00
Crawl | 270 | 2.70 | 0.00 | 0.00 | 2.70 | 91.89 | 0.00
Cycl 0.00 | 0.00 | 0.00 | 4.00 | 4.00 | 0.00 | 92.00

5 Discussion

We presenta systemwhich is capableof accuratedetection,sggmentationtrackingand

classi cation of moving objectsin realtime. The systemis plannedfor outdoorscenes,
andadaptstself to variousillumination conditions,to variousviewing angles distances
andto previously unknovn and noisy backgrounds.We use sophisticatedackground

Figure6: Detectionandclassi cationof multiple targets

adaptationallowing for high quality segmentatiorandtrackingof severalobjectswithin
frame. Targetsareclassi edinto oneof 7 prede nedclassedy a hybrid classi er, which
combinesmotion basedfeaturesand shapebasedfeatures.Our resultsshav signi cant
superiorityof the hybrid classi er over eachof the motion basedor appearancéased
classi ersseparatelyWe demonstratéhatit is possibleto discriminatebetweenconsid-
erablenumberof classessomeof which arequite similar.

A numberof themediscussedh this work deseresfurtherdevelopmentWe planto
improve the appearancandshapebasedclassi er, to includeadditionalshapefeatures.
We alsoplanto continuetheinvestigationon the optimalcon guration of classi ersade-



guatefor the problemconsidered.
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