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Abstract

We describea systemfor detectionandclassi�cationof moving targets.
Thesystemincludeschangedetectionandtrackingmodules,whicharebased
onadaptivebackground,updatedwith informationfrom targetlevel process-
ing. The classi�cation moduleperformshybrid classi�cation which com-
binesmotion andappearancefeatures.The systemis able to performreal
timedetection,trackingandclassi�cationof differenttypesof targetsin nat-
ural, real life setting.Experimentsdemonstratethat theproposedhybrid ar-
chitectureof classi�ersimprovesclassi�cationsigni�cantly.

1 Intr oduction

In this paperwe presenta surveillancesystemthat is able to detect,track andclassify
moving targets. Our systemextractsstaticanddynamiccharacteristicfeaturesof mov-
ing targetsandusesthemto assignthe targetsto oneof several prede�nedcategories.
The systemrequiresminimal userinput, andis ableto work underdiverseillumination
conditions,includingnoisybackground,while usingvarioustypesof videosensors.The
systemprovidesreal-timevideoperformancedueto shortdetection,lock-onandclassi�-
cationtime for eachtarget.We canlogically divide thesysteminto threemajorparts:the
targetdetectionmodule,thetargettrackingmoduleandtheclassi�cationmodule.These
modulesweredesignedto supportclassi�cationof thefollowing categories:vehicle, an-
imal, human,groupof people, crawling manandothers.Thesystemsupportsclassi�ca-
tion of activities andcomplex motions(humanwith a carriage,humanon a bicycle). To
provide reliable,view independent,classi�cationwe combinefeaturesbasedon motion
characteristicswith featuresbasedon target'sshape.By sodoingwe createa hybridsys-
temthatusesshapeandmotionfor classi�cation.Reliableclassi�cationstronglydepends
onthequalityof objectssegmentation,sosigni�cant effort wasput into improving targets
segmentationandtracking.In subsequentsectionswe describeindividualmodulesof the
system.In Section2 webrie�y describethetargetdetectionandtargettrackingmodules.
Detaileddescriptionof thesemodulescanbe found in [14]. In Section 3 we give a de-



scriptionof the target classi�cationprocess.In Section 4 we presentour experimental
results.Section 5 containsconclusionsanddiscussionof perspectivesfor futurework.

2 TargetDetectionand Tracking

Backgroundsubtractionand temporaldifferencingof consecutive framesare popular
methodsfor target detectionin object tracking[8], intruderdetection[6], traf�c moni-
toring [11] andothers. While temporaldifferencingis adaptive to changesin the envi-
ronment,it doesnot detectthe entireobject. On the other hand,backgroundsubtrac-
tion canprovide more reliable informationaboutmoving objects,but it requiresmore
complex processingfor onlineadaptationof thebackgroundto changesin environmental
conditions,mainly for illumination. It mayalsoleadto ”holes” whenstationaryobjects
attributedto thebackgroundstartto move. Therefore,in someworks [5] a combination
of bothapproachesis applied.

Global thresholdingis thesimplestmethodfor changedetection;it canbeimproved
by local thresholding,particularlywhenthesceneillumination varieslocally over time.
A review onbackgroundsubtractionin videosurveillancesystemscanbefoundin [13].

Creationof aninitial backgroundmodelis animportantnot entirelysolvedproblem.
The generalassumptionthat the backgroundcanbe extractedby usinga scenewithout
moving objectsis not alwaysvalid for outdoorsequences.For backgroundinitialization
weusethefollowing assumptions:eachpixel in theimagewill revealthebackgroundfor
at leastashortinterval in thesequence;thebackgroundis approximatelystationary;only
smallbackgroundmotionmayoccur;anda shortprocessingdelayis allowedsubsequent
to acquiringthetrainingsequence.In our algorithmthebackgroundinitialization is done
in the�rst 1 ( 3 secondsof theprocessing,whenthebackgroundmodelis learnedby the
system.We initialize thebackgroundimageby the �rst frameandcreatea binarymask
by thresholdingthedifferencebetweenthetwo consecutiveframes.Thenthebackground
imageandthe binary maskareupdatedusinginformationobtainedby thresholdingthe
differencebetweenevery two consecutive frames.An adaptiveupdateof thebackground
is adesirablefeatureto havedueto changesin thebackgroundthatarecausedby moving
objects,or by illumination �uctuations (stochasticmotion of plants,cloudsandsoon ).
In our system,theassignmentof speci�c pixel to theforegroundor to thebackgroundis
madeusinginformationabouttheassignmentof its neighborsto thebackgroundor to the
foreground.This methodshows suf�cient improvementin moving objectssegmentation
in comparisonwith standardmethods(seealso[9]). Consequentlyour implementationof
backgroundadaptationalgorithmis deeplyembeddedin our motionandtargetdetection
algorithms.

For targetdetectionwe performa numberof standardoperations:down samplingof
theimagebeforeprocessing;backgroundsubtraction;connectedcomponentanalysis,and
morphological�ltering.

The processof thresholdadaptationsetsthe thresholds'valuein orderto maximize
the detection's SNR. At this processingstagewe needonly blob-like silhouetteof the
target. Only blobswhoseareaexceedsa thresholdaretakenfor furtherprocessing.The
informationabouta blob,whosesizefalls below threshold,doesnot enterinto thetarget
detectordatabase(DB) andtheirpixelsareconsideredaspartof thebackground.

Two of themostimportantvariablesin thepartof thealgorithmdescribedabove,are



thebackgroundsubtractionthresholdfor eachpixel andtheminimalblob'sarea(received
from theconnectedcomponentanalysisof an imageresultingfrom backgroundsubtrac-
tion) thatpermitsfurtherprocessing.We calculatelocal SNRasa ratio of thetotal area

Figure1: Targetdetection:toprow - theoriginal frames,targetsarewithin theirbounding
boxes;bottomrow - extractedandscaledtargetsfrom the�rst row

in pixelsof all detectedblobs(thosethatpassarea�ltering) to thesumof total number
of pixels”turnedon” by backgroundsubtractionalgorithm. Backgroundsubtractionhas
severalseriousproblems,suchassensitivity to changesin illumination,or handlingmov-
ing backgroundobjects(MBO), which areobjectsthatwereinitially associatedwith the
backgroundandstartedto move while leaving a constantdifferencesilhouetteon a sub-
tractionimageandothers.To overcometheseproblemsweuseadditionalalgorithms.To
dealwith sensitivity to smoothbackgroundchangesdueto changesin illuminationweuse
dynamicbackgroundmodellingandupdatingwhich is a simpleIIR �lter . To dealwith
MBO, we developedanalgorithmbasedon localizedtemporalsubtraction.We �nd the
motionof ablob,producedby MBO, assoonasit appearsby thebackgroundsubtraction
algorithmandstoretheblob's initial positionin a DB. While processingeachnew frame
we calculate”speed”,measuredin objectsizeunits. If thedistancebetweencurrentpo-
sition of theobjectandtheplace,whereit wasobservedat the�rst time, is largeenough
to let it leave its initial location,all pixelsof thebackgroundthatbelongto object's initial
locationarereplacedwith correspondingpixels from currentframe(i.e. hopefully real
background)andobject's initial location areais removed from the MBO's list. Fig. 1
presentsseveralexamplesof detectedtargetsandtheir segmentation.

Thetrackingmodulecollectsinformationaboutthe target to enabletrackingin sub-
sequenttime stepsandin order to producefeaturesfor reliableclassi�cation. The �rst
goal demandsknowledgeof targetpositionandvelocity in the frame. The secondgoal
demandsgoodsegmentationof the trackedtarget. Trackingandsegmentationof targets
areperformedin thefollowing steps:selectionof optimalsearchwindow, motiondetec-
tion in thesearchwindow andsegmentation.

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

For detectionof moving objectswe apply backgroundsubtractionwith individual
thresholdsfor eachimagepixel for every target. For eachpixel that is marked by the
motiondetectoraspossiblyforegroundwe calculatethelikelihoodthatthispixel belongs
to thetarget.Thisprocedurecombinesinformationavailablefrom local(pixel) andglobal
(target)levelsof analysisto providemoreaccurateandrobusttrackingandsegmentation.
It permitsreliablesegmentationand trackingof targetsin noisy imagesequenceswith



(a) (b) (c)

Figure2: Detectionandtrackingof targetsin noisygrayscalesequence:(a)A scenewith
noisybackground;(b) and(c) Detectedandtrackedtargets

changingillumination conditionswithout specialparametertuning. To dealwith very
small targetswe addtemporalsubtractionthat appearedto be quite effective in caseof
smallmoving objects.In Fig. 2 weshow detectionof targetsin noisygrayscalesequence
with signi�cant motionin thebackground.

While tracking,thesystemaccumulatesthedatarequiredfor classi�cationbasedon
thecurrentappearanceof thetargetandits dynamicalbehavior.

3 Classi�cation

Our systemperformsclassi�cation of moving objectsinto several prede�ned classes
which canbe divided into threebasicclasses:Vehicle, Animal andHuman. Examples
of sequenceswith objectsof thesetypescanbeseenin Fig. 5. TheclassHumanis sub-
divided further into several sub-classes:Human,Group, Carriage, Crawling, Cyclist.
Theseclassesdescriberigid objects(Vehicle), non-rigidobjects(Human,Group,Crawl-
ing) andobjectswhich combinerigid andnon-rigid characteristics(Carriage, Cyclist).
Theapproachwe took usesbothshapeandmotioncharacteristics.We foundthatthehy-
brid approachimprovestheclassi�cationsigni�cantly. As our basicclassi�er we usethe
SVM classi�er with sigmoidkernel[15].

3.1 Appearanceand Similarity Models

Theapproachwhich we presenthereis basedon exploiting thesimilarity betweenstatic
silhouettesof objectsbelongingto the sameclass. As a training setwe usebinary pic-
turesof extractedsilhouetteswithin their boundingboxes,rescaledto standardsizeof
N ) N pixels(N * 32). We implementedandtestedthreemachinelearningmethodsfor
classifyingan objectbasedon its staticsilhouettes,asextractedfrom the segmentation
process:the templatebasedclassi�er, Mahalanobisdistancebasedclassi�er andSVM
classi�er. The templatebasedclassi�er calculatedthe meansilhouetteof a class,and
computedthe similarity of a testsilhouetteto eachof the Nc templatesby countingthe
numberof erosionoperationsneededto identify them.TheMahalanobis-distancebased
classi�er calculatedfor eachtestsilhouettetheMahalanobisdistanceto eachof the Nc
setsof silhouettes,comprisingthetrainingset.TheSVMclassi�er usedraw silhouettesto
learna non-linearSVM modelwhich optimally separatesbetweenclasses.Considerable



experimentationwith thesemethodsshowedsigni�cant superiorityof theSVMclassi�er.
All subsequentreferencesto the similarity-basedclassi�er refer, therefore,to the SVM
versionthereof.

3.2 Motion basedmodel

Thesystemextractsmotionfeaturesfrom targetcontours(seeFig.3). Wetriedtwo meth-
ods for obtainingcontoursfrom grey images. The �rst methodis the geodesicactive
contours[2],[7], in which a contourof a target is soughtas a curve C, which should
minimizea functional

S+ C ,�*.-

L / C 0

0
g 1 C 2 ds 3 a -

C
da 4

Herethe�rst termis a geometricfunctionalandthesecondtermis anareaminimization
term,known astheballoonforce[4]. Thefunctiong 152 is a positive edgeindicatorfunc-
tion that dependson the image,it getssmall valuesalong the edgesandhighervalues
elsewhere.

In the secondmethodwe apply Canny edgedetector[1]. Excessive edgesobtained
from Canny edgedetectorarethenexcludedby morphological�lters. Our experimenta-
tionsshow thatcontoursobtainedwith the�rst algorithmarecleanerthanthoseobtained
by thesecondmethod,but their extractiondemandslargerprocessingtime. Accordingly
we decidedto usethesecondmethodin our system.Our experimentsdemonstratedthat
targetclassi�cationwasnoteffectedheavily from this decision.

Time dependentfeaturescarry considerableamountof informationconcerningthe

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 dependentfeatures.We startedwith �fteen fea-
tures. Using an exhaustive searchwe found an optimal subsetof eight featureswhich
arebasedon geometricpropertiesof the �tted ellipse(Fig. 4 (a)) andthe starskeleton
(Fig. 4 (b)), that is createdby connectingthe centerof massof the moving objectwith
contourpointscorrespondingto thelocal maximaof thefunctionmeasuringthedistance
betweenthecontourandthecenterof mass(see[12]). Featureswe usedfor description
of thetemporalcharacteristicsof motioninclude,for example,thetilt of the”horizontal”
axisof theellipse,(i.e. 6 DOX in Fig. 4(a))andtheanglebetweenthe”legs” of thestar



(a) (b) (c)

Figure4: (a)Fittedellipse(b) Starskeleton(c) Classi�cation�o w chart

skeleton( 6 ACB in theFig. 4(b)). Thesystemaccumulatesthosemeasurementsduring24
consecutiveframesandusesthis informationfor constructionof theclassi�cationvector.

3.3 Combining appearanceand motion basedfeatures

It is well known thatmergingseveralclassi�cationmethodsresultsin improvementof ac-
curacy androbustnessof classi�cation[10]. Theperformanceof boththeclassi�er based
onappearancefeatures,describedin Subsection3.1,andtheclassi�er basedon time de-
pendentfeatures,describedin Subsection3.2, suggestedthat a combinationthereofis
required. Fig. 4 (c) describesthe architectureof our classi�er. Appearancebaseddata
is processedby SVM classi�er in the �rst layer of the classi�cation system. Features
vectorsusedby thehybrid classi�er containprocessedresultsof the�rst-layer classi�er,
which we call shapeandsimilarity features,andthemotion-basedfeatures,describedin
the Subsection 3.2. Eachcycle of the second-layerclassi�cation requires24 frames,
thenumberof framesneededfor accumulationof motionbasedinformation. First-layer
classi�cationcould in principle be doneevery frame,but dueto real-timeperformance
considerationsit is activatedonceevery8 frames.Thismeansthatfor everyclassi�cation
donein the second-layeronehas3 �rst-layer classi�cation results. For every classwe
calculatethe relative fraction p of votesV obtainedfor this classby �rst level classi�-
cations,namelyp 1 k2�* V 1 k2�7 T 8 k * 1 494:4 N 8 whereT denotesthe total numberof �rst
level classi�cationsof thistarget.It followsthatthek ( th componentof thefeaturevector
is thelikelihoodthatthetargetbelongsto thek ( th class.Thecomponentsfrom Nc 3 1 to
Nc 3 8 of thefeaturevectorareassignedto themotion-basedfeatures.Thefeaturevector
constructedin this way is usedasaninput to thesecond-layerSVM classi�er. As canbe
seenfrom theexperimentsprovidedin theSection 4, theclassi�cationresultsachieved
by thehybrid classi�er wereconsiderablybetterthantheresultsachievedby eachof the
basicclassi�ersseparately.

The combinedclassi�er alsoproved to be morerobust in noisy target segmentation
conditions.For makingtheclassi�cationrobustfor occlusionsandothersourcesof mis-
classi�cationwe usea multiple hypothesisapproachwhich is similar to theapproachof
[12]. All potentialtargetsareclassi�edaccordingto theschemedepictedin Fig. 4 (c) and
theresultis recordedasa classi�cationhypothesisc 1 k2 for eachtarget.Every24 frames
this hypothesisis updated.We accumulatethestatisticsfor targetsover a periodof time
(3 seconds)by building a classi�cationhistogramfor eachmoving object. A decisionis
madeat theendof theperiodbasedon thishistogram.



4 Experiments

Weperformedexperimentswith varioustypesof objectsin differentoutdoorscenes.More
than 100 sequenceswere analyzed. Examplesof sequencesare shown in Fig. 5. To

Figure5: Sequenceswith targetsof all classes:Vehicle, Animal, Human,Group, Car-
riage, Crawling andCyclist

demonstratetheperformanceof ourclassi�cationsystemwecompareconfusionmatrices
which werecalculatedfor threetypesof classi�ers: SVM classi�er which usedmotion
featuresonly; SVM classi�er whichwasgivenshapeinformationonly, andhybridclassi-
�er asshown in Fig. 4 (c). For all SVM classi�erswe usedtheLIBSVM library [3]. The
resultsquotedbelow areobtainedby m-fold crossvalidationwith m * 3 . Cautionwas
takento performthesplitting of thesetof examplesobject-wise,namelythatall frames



of eachobjectbelongto eitherthetrainingsetor thevalidationset.
We testedthe classi�erson threedifferentcombinationsof target classes.The �rst

combinationconsistsof threeclassesVehicle, Animal, Human. Examplesof sequences
areshown in Fig. 5. Theclassi�cationconfusionmatricesfor theseclassesaregiven in
Table 1.

Table1: Motion BasedClassi�er ShapeBasedClassi�er CombinedClassi�er

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 1.41
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 shapebasedandmotion basedclassi�cation have
somedif�culties in classifyingAnimal, while VehilceandespeciallyHumanareclassi�ed
relatively well by bothclassi�ers. A possibleexplanationto this phenomenonmight be
relatedto thesmallvariability in theAnimalclass(mainly dogsandcats)in thedatabase
andto thelargevariability in thescenerange.Howeverthecombinedclassi�er gavegood
resultsfor all thedifferentgenericclasses.

Thesecondsetof targetsincludesexamplesof rigid objects- Vehicle, non-rigidob-

Table2: Motion BasedClassi�er ShapeBasedClassi�er

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 2.56 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. Compoundobject is a
moving targetwhichconsistsof a non-rigidobject(Human), in somecombinationwith a
rigid object(Carriage, Cyclist). The resultsfor our classi�ersaregiven in Tables 2, 3.
Hereweseethatmotionbasedandshapebasedclassi�ershaveproblemsin distinguishing
betweenCyclistandHuman. A possiblecausefor this resultmight berelatedto thefact
thatdirectionof motion for all classeswasnot constrained.As a result,a cyclist riding
straighttowardstheobserver (ascanbeseenin seventhrow of Fig. 5) looksvery much
like walking human.Noteagainthat thecombinedclassi�er hasgoodresultsfor all the
differentclasses.

Resultsfor the full setof classeswe investigatedareshown in Table 4. In Fig. 6
we show examplesof scenes,wheremultiple targetsfrom variousclassesweredetected,
tracked,andclassi�edcorrectly.

Comparingall thesetablesonecanseethat performanceof the hybrid classi�er is
signi�cantly betterthanthe performanceof classi�erswhich useonly motion basedor
shapebasedinformation.Thisconclusionis truefor all typesof consideredtargets.



Table3: CombinedClassi�er
Veh Hum Carr Cycl

Veh 99.00 1.00 0.00 0.00
Hum 0.00 96.60 0.00 3.40
Carr 4.97 5.00 87.00 3.03
Cycl 0.00 4.00 4.00 92.00

Table4: CombinedClassi�er
Veh Ani Hum Gr Carr Crawl Cycl

Veh 91.89 5.41 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 2.70 0.00 0.00 89.19 8.11 0.00 0.00
Carr 4.88 0.00 4.88 2.44 87.90 0.00 0.00
Crawl 2.70 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,segmentation,trackingand
classi�cationof moving objectsin real time. Thesystemis plannedfor outdoorscenes,
andadaptsitself to variousillumination conditions,to variousviewing angles,distances
and to previously unknown andnoisy backgrounds.We usesophisticatedbackground

Figure6: Detectionandclassi�cationof multiple targets

adaptation,allowing for high quality segmentationandtrackingof severalobjectswithin
frame.Targetsareclassi�edinto oneof 7 prede�nedclassesby a hybridclassi�er, which
combinesmotion basedfeaturesandshapebasedfeatures.Our resultsshow signi�cant
superiorityof the hybrid classi�er over eachof the motion basedor appearancebased
classi�ersseparately. We demonstratethat it is possibleto discriminatebetweenconsid-
erablenumberof classes,someof whicharequitesimilar.

A numberof themesdiscussedin thiswork deservesfurtherdevelopment.Weplanto
improve theappearanceandshapebasedclassi�er, to includeadditionalshapefeatures.
We alsoplanto continuetheinvestigationon theoptimalcon�gurationof classi�ersade-



quatefor theproblemconsidered.
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