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Abstract

Support Vector Tracking (SVT) integrates the Support
Vector Machine (SVM) classifier into an optic-flow based
tracker. Insteadof minimizingan intensitydifferencefunction
betweensuccessiveframes,SVT maximizestheSVM classi-
ficationscore. To accountfor large motionsbetweensucces-
siveframeswebuild pyramidsfrom the supportvectors and
usea coarse-to-fineapproach in theclassificationstage. We
showresultsof usinga homogeneousquadratic polynomial
kernel-SVT for vehicletracking in imagesequences.

1 Introduction
Tracking algorithmsfind how doesan imageregion move
from oneframeto thenext. This implies theexistenceof an
error function to be minimized,suchasthe sumof squared
differences(SSD) betweenthetwo imageregions.Thiserror
function is the resultof makingthe “constantbrightnessas-
sumption”, i.e. pixel valuesdoesnot changefrom frameto
frame. This paradigmmakesno assumptionsaboutthe na-
tureof the trackedobject. Yet, quiteoftenwe areinterested
in trackinga particularclassof objectssuchaspeopleor ve-
hicles.In this casewe cantrain aclassifierin advanceto dis-
tinguishbetweenanobjectandthebackground.Thequestion
thenis how to integratethetrackerandtheclassifier. Oneap-
proachis to usethetrackerandtheclassifiersequentially. The
trackerwill find wheredid theobjectmove to andtheclassi-
fier will give it a score. This schemewill repeatitself until
the classificationscorefalls below somepredefinedthresh-
old. Thedisadvantageof suchanapproachis thatthetracker
is not guaranteedto move to the bestlocation(the location
with the highestclassificationscore)but ratherfind the best
matchingimageregion. Furthermore,suchanapproachrelies
heavily on thefirst frame.Evenif a betterimagefor classifi-
cationpurposeswill appearlater in the sequencethe tracker
will not lock on it asit tries to minimize theSSD errorwith
respectto the first imagewhich might have a low classifica-

tion score. Our solution is to replacethe error function of
thetracker. Insteadof minimizing theSSD error, thetracker
will try to maximizethe classificationscore. This way, all
the prior knowledge,capturedby the classifier, is integrated
directly into thetrackingprocess.

Black and Jepson[6] integrated eigen-imagesinto an
optic-flow tracker calling it Eigentracking. Eigentracking
works by minimizing the distancebetweenthe image re-
gion and a predefinedset of eigenvectors(insteadof mini-
mizing the SSD error betweensuccessive frames). To ac-
count for larger motionsthe entire schemeis implemented
in a coarse-to-finemanner, usingEigenPyramids. However,
eigen-imagesarenot a generalclassificationschemeandso
far they have beenapplicablemainly for faces.SupportVec-
tor MachinesSVM, on theotherhand,wasprovenusefulin a
wide varietyof applications,includingcharacterrecognition
[12], facedetection[11], text classification[13] andmedical
applications[14] to namea few.

Our systemdetectsand tracks the rear-end of vehicles
from a video sequencetaken by a forward looking camera
mountedonamoving vehicle(seeFigure1). Vehiclescannot
be well spannedby eigen-imagesandthereforthe detection
moduleof theapplication(which is not describedin this pa-
per)relieson akernel-SVM thatwastrainedon thousandsof
imagesof vehiclesandnon-vehicles.Oncedetected,thesys-
temtracksthevehicleover time. Naturally, we would like to
leveragethepowerof theclassifierfor tracking.

Optic-flow [5] is theparticulartrackerwe will usehere.It
assumesthatpixel valuesdo not changefrom frameto frame
(“constantbrightnessconstraint”),and that transformations
suchasa 2D affine transformationaresufficient for tracking
purposes.To accountfor large motion betweensuccessive
framesit usesa coarse-to-fineframework in which a rough
alignmentis achievedin thecoarserlevelsof thepyramidand
arefinedsolutionis obtainedin thefine levels.

ForclassificationweusetheSVM technique[1]. SVM is a
generalclassificationschemethathasbeensuccessfullyused
in thepast[10, 11, 12]. Givena setof positive andnegative
examples,SVM findsthebestseparatinghyperplanebetween



Figure 1. Illustration of SVT operation. SVT takes as input
the initial guess of the position of the vehic le (dashed rect-
angle) and finds the position with the highest SVM score
(solid rectangle).

thetwo classes.Thesupportvectorsaretheexamplesclosest
to theseparatinghyperplane.Testimagesareclassifiedbased
on their signeddistanceto theseparatinghyperplane.

In machinelearningtheproblemtackledby theSVT is of-
tenreferredto astransformationinvariance(i.e.,how to make
theclassificationprocessinsensitive to transformationsin the
imageplane). Simardet al. [7] usedthe nearest-neighbor
classifierwith a “tangentdistance”metric. Thekey ideabe-
ing that the setof all imagesof a transformedimageforms
a non-linearmanifold in somehigh-dimensionalspacethat
canbe locally approximatedby a “tangentplane”. The dis-
tancebetweenan exampleimageandtest imageis thende-
finedasthedistancebetweentheir tangentplanes,andnot as
thedistancebetweenthetwo images.Thisapproachwassuc-
cessfullyappliedfor characterrecognitionpurposes.Later,
NunoandLippman[8] workedonfaceimages(thataremuch
largerthancharacterimages)by extending“tangentdistance”
to work in a multi-resolutionframework. Finally, Scholkopf
et al. [9] introduced“tangentdistance”to SVM by deriving
a kernelthatenforcesa local transformationinvariance.This
hastheadvantageof keepingtheclassificationspeedhigh,at
the costof complicatingthe learningstage. Moreover, it is
not clearhow multi-resolutiontreatmentcanbeincorporated
into theirscheme.

Our approachis similar to that of [6] in that we find the
transformationparametersaspart of the classificationstage.
We extend their work by using SVM insteadof eigenvec-
tors. This doesnot complicatethe learningphaseto achieve
transformationinvarianceandfalls naturallywithin a multi-
resolutionframework.

2 Support Vector Machine
For thepaperto beself containedwe givea brief description
of SVM. Theinterestedreaderis referredto [1, 3] for amore
detaileddescription.Considerthesimplecaseof two linearly
separableclasses.Givena dataset
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Figure 2. (a) A separating hyperplane with small margin.
(b) A separating hyperplane with a large margin. A better
generalization capability is expected from (b). The filled
squares and cir cles are termed “suppor t vector s”.���
with labels
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, we wish to find a separating

hyperplanebetweenthe two classes.Formally, we consider
thefamily of decisionfunctions� � �"!$#�%'&)( �+*-, �.�0/1!

(1)

andwish to find
* ��/

suchthat
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.
This problemis in generalill-posedbecausetheremight be
aninfinite numberof separatinghyperplanes.Thequestionis
which onehasa low generalizationerror(i.e. which onewill
do a good job in classifyingnew examples). It wasshown
by Vapnik[1] thatchoosingthehyperplanewith theminimal
normof

*
minimizesthe“StructuralRisk” whichis anupper

boundon the generalizationerror. Intuitively, this
*

is the
one to maximize the margin betweenthe two classes(See
Figure2). Practically, this amountsto solving the following
quadraticoptimizationproblem(QP)576�8:9 �; * , *%�<=/�>)?�@1ABA�CD�
	 �E* , * �F/1!HGI�
�J #K��LML�L � (2)

thatcanbesolvedquiteefficiently. Theexamplevectorsclos-
estto theseparatinghyperplanearecalled“supportvectors”.
Theclassificationitself is performedby measuringthesigned
distanceof thetestimagefrom theseparatinghyperplane.

But how can the SVM be extendedto handledecision
functionsthat are not linear in the data? The answeris to
usea nonlinearmapping N of the input dataandmap it to
somehigh-dimensional(possiblyeven with infinite dimen-
sions)feature spaceO . The linear SVM is thenperformed
in O andwill thereforbenonlinearin theoriginal input data.
Formally, let N2PRQ.SUTVO (3)

beanonlinearmappingfrom inputspaceto featurespaceand
thedecisionfunctionswe dealwith becomes� � �"!$#2%'&4( � 
WX ��� � X'Y=X N � �"! , N � �4Z1!��0/1![L

(4)



where \=] is a setof parameterscomputedby solvingtheQP
problem. However, working in featurespacecan be pro-
hibitively expansive to compute. Thereforwe useMercer
kernelson the input datato avoid computingthe dot prod-
ucts in featurespace. Mercer kernels ^=_E`bac`4d'e satisfy that^=_E`bac`4d[egfihj_+`"e�kbhj_El ] e . Thus,in kernel-SVM we usethe
following decisionfunctionsm _E`"enf o'p)qr_�sut]cv�wyx ]�\=]zhj_+`"e�kbhj_E` d e"{0|1ef o'p)qr_ s t]cv�wyx ] \ ] ^�_E`ba�`4d1e"{0|1e (5)

andthequadraticprogrammingproblembecomes:}�~ l�� } ������ _+\ e$f s t � v�w \ ]�� w� s t �+� ]cv�w \ � \ ] x � x ] ^=_+`���a�`4d[eo'�=|��)�z�[�B��� \ �b��� a�� f��
���M� ��a~ q�� s2t� v�w \ � x � f � � (6)

It turnsout that \ ] is equalto � for exampleson the border
betweenthe two classesandzerootherwise. In typical ap-
plicationsabout � �)� of theexampleshave \ ] equalto � and
theseexamplesarecalledsupportvectors. Therestof theex-
amplesarenot importantbecausethey do not help separate
betweenthe two classes.The only differencebetweenker-
nel andlinearSVM is that thedot productof linearSVM is
replacedwith a kernelfunction.

Typical kernels used in the SVM literature include^=_E`bac` d e�f���l
��_ � ` � ` d�� e � which leadsto a Gaussian
RBF, ^�_E`ba�` d e-f _E`�k�` d {¡��ec¢ which representpolynomial
of degree � and ^=_+`ba�` d eHfI� ~ q"£�_E`�k�` d �F¤ e which leadsto
multi-layer perceptron.Extensionto non-separableclassifi-
cationproblemexist [2], wheretheideais thatapenaltyterm
is usedto governthepricewe arewilling to payfor misclas-
sifiedexamples.

3 Support Vector Tracking
Trackingalgorithmsassumesomedivine interventionto sup-
ply themwith an initial guessasto thepositionof theobject
to be tracked. But a working systemmust take careof the
detectionstepaswell. This is usuallydoneby exhaustively
searchingthe imagefor candidatesandclassifyingthemas
objectsor non objects. Our systemusesa forward looking
camera,mountedon a moving vehicleto detectandtrackthe
rear-endof moving vehicles.Oncethe vehicleis detectedit
is trackedover time. Sincemucheffort wasalreadyput into
building thedetectionmoduleit is only naturalto try anduse
it for othertasksaswell, taskssuchastracking.

Theframework in whichSVT will work is asfollows. The
detectionmodulewill detectpossiblecandidatesin the cur-
rent frame and handthem over to the SVT. The SVT will
refinetheir positionso thata local maximumof SVM score
is achieved. If thescoreis positive thecandidatewill bede-
claredavehicleanda trackingprocesswill start.Therefined
positionin thecurrentframewill serve astheinitial guessin

thenext frameandsoon. In thiswork wewill concentrateon
thetrackingmodulealoneandwill not describethedetection
module.

We introducethenotationsanddevelopSVT for thesim-
ple caseof 2D translationmodel. Thenwe extendSVT to
work on pyramidsby introducingthe SupportVectorPyra-
mid. Extensionsto a more generaltransformationmodel
(suchas 2D affine transformation)are straightforward and
will notbepresentedhere.

As for notations,we denotevectorsusingbold facefonts` to distinguishthemfrom scalarsl . Whenusingthe SVT
equationsweassumetheimagedatato bevectorized.

3.1 Support Vector Tracking
Kernel-SVM is givenbyt¥]cv�w x ]�\=]�^=_§¦Ra�`¨]�e�{F| (7)

where `¨] arethe � supportvectors,x ] aretheir sign and \�]
aretheir distancefrom thehyperplane.̂�_+¦Rac`¨]�e is thekernel
wechooseto use,and © is theimageregionwe wish to test.

Now, let ¦ �«ª�� ¬ representsomeinitial guessof theposition
of theobjectin agivenimage.Furthermore,letusassumethat
the initial guessis not too distantfrom the correctposition
of the object,definedas ¦�­4ª�®�¯ (Figure1). Using first-order
Taylorexpansionwe havethat¦ ­4ª�®�¯ fu¦ �«ª
� ¬ {°�y¦[±�{°²4¦�³ (8)

where ¦ ± a´¦ ³ are the l and x derivativesof (sub-)image¦ �«ª
�µ¬ and ��ac² arethemotionparameters.By assumptionwe
have thattheSVM scoreof ¦ ­)ª
®�¯ is higherthanthatof ¦ �«ª
�µ¬ .
In factwe assumetheSVM scoreof ¦ ­4ª�®�¯ to bea localmax-
imum. Putformallyt¥]cv�w x ] \ ] ^=_+¦[­)ª�®�¯�a�` ] erf }¶~ l"·�¦
¸ t¥]cv�w x ] \ ] ^=_§¦Ra�` ] e�¹ (9)

where ¦ areall possible(sub-)images(in vectorform) in the
neighborhoodof (sub-)image¦[­)ª�®�¯ (we drop the constant|
asit doesnot affect thesolution).

Pluggingequation8 in equation7 we gett¥]cv�w x ] \ ] ^�_+¦${º�¨¦ ± {°²4¦ ³ ac` ] e (10)

which we want to maximize. For readabilitywe will denote¦1�«ª
�µ¬ as ¦ from now on. Takingthederivativeswith respectto� and ² andsettingthemto zerowill giveusasetof (possibly
non-linear)equationsto solve. Thisequationswill dependon
theparticularkernelwe use.



3.1.1 Homogeneous Quadratic Polynomials
In thiswork weusehomogeneousquadraticpolynomialgiven
by thekernel ^=_E`bac` ] e$f»_E`�k�` ] e � , i.e. take thesquareof the
dotproductof thetestvector̀ andthesupportvector̀ ] . The
functionto bemaximizedis¼ _E��a�²½e¾f s t]cv�w x ] \ ] ^=_§¦r{º�y¦ ± {°²4¦ ³ a�` ] ef sut]cv�wyx ]�\�]�_�_§¦${°�y¦[±�{°²4¦�³¨e�k�`¨]ze � (11)

andtakingthe � and ² derivativesgives:¿ ¼¿ � f t¥]cv�w x ]1\�]�¦[± k `¨]�_+¦${º�¨¦[±�{°²4¦�³¨e k `¨] (12)f �¿ ¼¿ ² f t¥]cv�w x ]1\�]�¦�³ k `¨]�_+¦${º�¨¦1±À{º²)¦�³ye k `¨] (13)f �
and after rearrangingterms we arrive at the following

equation: ÁÃÂ wcw Â w �Â � w Â �c�ÅÄ Á � ² Ä f Á |'w| �ÆÄ (14)

Where Â w´wÇf t¥]cv�w \�] x ]�_E` d k ¦[±:e �Â w � f Â � wÈf t¥]cv�w \=] x ]�_+` d k ¦[±:e1_+` d k ¦�³ÉeÂ �´� f t¥]cv�w \ ] x ] _E`4d k ¦ ³ e �|'wÊf � t¥]cv�w \=] x ]�_+` d k ¦[±:e1_+` d k ¦'e| � f � t¥]cv�w \=] x ]�_+` d k ¦�³Ée1_+` d k ¦'e
This equationsresemblesthe standardoptic-flow equa-

tionswith thesupportvectorsreplacingtheroleof thesecond
imagein theequation.This meansthatall computationsare
doneon asingleframeeachtimeandnotonapair of succes-
sive frames.

Using SVT is very similar to usingoptic-flow, with one
majordifference.In SVT theimageregionto betrackedmust
be rescaledto the sizeof the supportvectors. Oncethe im-
ageregion is rescaledto the propersizewe performa num-
ber of SVT iterations,using equation14, to maximizethe
SVM score.Theiterationsstopwhenno improvementin the
scoreis achievedor afterapredefinednumberof iterationsis
reached.This approachcanhandlesmallmotionsin the im-
ageplane.Largermotionsmustbehandledin acoarse-to-fine
manner, asdescribedin thenext subsection.

3.2 Pyramid SVT
Eachtestimagethatneedsto beclassifiedis first sub-sampled
to the sizeof the supportvectorsandthenits SVM scoreis
computed.The goalof SVT is to ensurethat the testimage
is alignedsuchthat the maximumSVM scoreis achieved.
Thus,SVT workson thesub-sampledversionof thetestim-
age.Themisalignmentsmustbesmall sothat thefirst-order
Taylor approximation,usedby SVT, will suffice to lock on
thebestposition. However, if the motionsarelarge,we can
no longerhopefor the approximationto work andpyramids
mustbeused.

Sofarwehavetreatedthesupportvectorsasvectors,notas
images.But recallthatthesupportvectorsarea sub-sampled
imageof themostproblematicimagesin thelearningsetand
thereforwe cansmoothandsubsamplethemto createa sup-
portvectorpyramidfor eachsupportvector. In theclassifica-
tion stagewecreateapyramidof thesamesizeasthesupport
vectorpyramidsfrom the test image. Now we run SVT on
successive levels of the pyramids. First we run SVT on the
top level of the supportvectorpyramid andthe top level of
thetestimagepyramid.Therecoveredmotionparametersare
at thepositionwith thebestSVM score.Thispositionserves
astheinitial guessfor theSVT on thenext level of thepyra-
mid andsoonuntil themotionparametersarerecovered.The
SVM scoreis the scoreof the bottomlevel of the pyramid.
Ideally the position with the highestSVM scoreshouldbe
thesamefor all levelsbut this is not sobecauseof sampling
errorsandnoise.Nevertheless,thebestpositionin thecoarser
level servesasa goodstartingpoint for thenext level.

It is importantto emphasizethat the pyramid SVT does
not guaranteethat the SVM is transformationinvariant. All
it doesis to performa searchfor the local maximumin pa-
rameterspace.Thiscancausethetracker to getstuckin local
maxima,just like any otheralgorithmthatusesNewton’s it-
erations.Theexperimentsrevealhow robustis SVT to trans-
formationsin theimagespace.

4 Experiments
The classificationenginewas trained on a set of approxi-
mately10000imagesof vehiclesandnon-vehicles.Vehicles
includecars,SUVs andtrucksin differentcolorsandsizes.
Theimagesweredigitizedfrom aprogressivescanvideoata
resolutionof Ë�Ì �-Í Ì�Î � pixelsandat 30 framespersecond.
Typical vehicle size is about Ï �ÐÍ Ï � pixels. The vehicles
andnon-vehiclesweremanuallyselectedandreducedto the
sizeof Ì �jÍ Ì � pixels.Theirmeanintensityvaluewasshifted
to the value � �µÏ (in the range Ñ � �����1Ò ) to help reducethe ef-
fect of variationsin vehiclecolor. We usedanhomogeneous
quadraticpolynomialkernelgivenby ^=_E`bac` d eÓf»_E`�k�` d e � to
performthelearningphase.TheclassificationratewasaboutÔ Ì � for thelearningset,with about Ì �
��� supportvectors.A
similar classificationratewasobtainedfor thetestingsetthat
containedapproximately� �
���
� imagesaswell.

To speedup theclassificationphasewe usedtheReduced
SetMethod[4] to reducethenumberof supportvectorsfrom



(a) Init: ÕÈÖ�× Ø Final: Ù:× Ú Motion: (8.8,2.8) (b) Init: ÕÛÙ½×�Ü Final: Ù:× Ý Motion: (-4.5,2.7)

(c) Init: ÕÈÞ:×µÝ Final: Ü
× Þ Motion: (-1.13,-1.2) (d) Init: ÕÈØ:×«ß Final: Þ�× Ù Motion: (4.4,-8.6)

Figure 3. Examples of the initial guess (dashed line) and the final position (solid line). The image size in all cases is à[á[âHãäá�å1â .
Typical object size is å1âÓã�å1â pix els. The SVM score of the initial guess and the final position as well as the amount of motion
between the initial and final position are sho wn for every example . In example (c) a small chang e in the position (about one
pix el) chang ed the SVM score from negative to positive .

Ù�Þ
Þ�Þ to æ)Þ
Þ . TheReducedSetMethodshows that for homo-
geneousquadraticpolynomialkernel the numberof support
vectorsdoesnot have to exceedthedimensionalityof thein-
put space. The numberof supportvectorscanbe reduced,
throughPrincipalComponentAnalysisonthesupportvectors
in featurespace,to a numberboundedby thedimensionality
of the input space,which is æ�Þ�Þ in our case.In practicewe
foundthatthe Ý
Þ supportvectorswith thelargesteigenvalues
aresufficient for classification. For eachof the 50 support
vectorswecreateda2 level Gaussianpyramidby performing
a 2D smoothingfollowedby sub-sampling.Eachtestimage
wassub-sampledto aGaussianpyramidwith thebottomlevel
of thepyramidbeing Ù
Þ�çäÙ�Þ pixels.WeusedSVT with a Ù�è
translationmodelonthepyramidto refinetheimageposition.
The scoreof the test imagewastaken to be the SVM score
of the bottom level. SVT takesas input an initial position
of theobjectin thefirst frame. It thenappliespyramidSVT
andoutputstheposition,in theimage,with thehighestSVM
score. This position thenservesas the initial guessfor the
next frame.

We conductedfour testson a wide variety of vehicles
of different type, size, color andshape. No parameterwas
changedfrom testto test. In all casesthe initial guessin the
first imagewassuppliedmanually. In therealsystemtheini-
tial guesswill besuppliedby thedetectionmodule.

In thefirst testwesuppliedthealgorithmwith aroughini-
tial guessandtestedhow well it maximizedthe SVM score
(Figure3). For eachimagein thefigurewe show how much
did theSVM scoreimprovedandwhatwasthemotion from
the initial guessto the final position. We found that transla-
tionsup to about Ü�Þ4é of thevehiclesizewerehandledby the
algorithm.Moreimportantly, in somecasesamotionof about
onepixel changedthe SVM scorefrom negative to positive
(seeimage(c) in Figure3).

Thesecondcasetesthow the Ù�è translationmotionmodel
we usehandlesan approachingvehicle. In this sequenceofÜ�Þ:Ü framesourcaris approachingaslowermoving whitecar
(Figure4). Notealsothattheview point changes(wecansee
thesideof thecaraswe approachit) but still SVT manages
to keeptrackof therearof thecarwith high SVM scores.



(a)Frame#1 (b) Frame#51
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Figure 4. SVT trac king. (a),(b),(c) are three frames from a 101 frames sequence . (d) sho w the SVM score of the trac ked region
using the SVT trac ker. The x-axis of the graph is the frame number , the y-axis is the SVM score .

In thethird test(Figure5) we comparetheSVT againsta
simpleSSD tracker. The SSD tracker works by minimizing
theSSD errorbetweensuccessiveframes.It usespyramidsto
accountfor largemotionsandit usesthefollowing opticflow
equationto estimatethemotionparameters:ê�ëíì[î , ì[î ëíì[î , ì�ïë ì[î , ì[ï ë ì�ï , ì�ïIð ê < ñ ð # ê � ëòì�ó , ì[î� ë ì�ó , ì�ï�ð

(15)
where

ì î � ì ï
arethe ô �c� derivativesof thefirst imageand

ì ó
is thetime derivative betweenthetwo frames.Thesequence
shows a truck changinglanes. As we cansee,up to frame
10 both trackersperformcomparably. However at frame10,
probablydueto somebackgroundpixelsthetwo trackersdi-
vergeby five pixels. This is enoughto drasticallylower the
SVM scoreobtainedby the SSD tracker. As canbe seenit
neverrecoversfrom this missandit keepsdrifting away. The
SVT trackerontheotherhandkeepsgettinghighSVM scores
throughoutthesequence.

Thelasttestshowsa challengingcaseof changingillumi-
nation(Figure6). Thesequenceis takenon a bridgecovered
with steelpoles.Thesunilluminatesthevehiclein front of us

throughthepoles,causingstrongillumination artifacts. The
SSD tracker fails to track the vehicleand drifts away after
50frameswithoutgettingpositiveSVM scorealongtheway.
The SVT on the otherhandremainsattachedto the vehicle
while maintaininga positive SVM score. It is interestingto
seethat the SVM is somewhat sensitive to the illumination
changesasis evidentfrom thejigsaw shapeof theSVM score
of theSVT.

5 Conclusions

We integratedthe SVM classifierandthe optic-flow tracker
to give a SupportVectorTracking(SVT) mechanism.SVT
works by maximizingthe SVM classificationscore,instead
of minimizing an intensitydifferencefunction betweensuc-
cessive frames. In additionwe createda Gaussianpyramid
from every supportvector, termingit “SupportVectorPyra-
mid”, thatallows SVT to handlelargemotionsin the image
plane.Thealgorithmwastestedon realvideosequencesfor
thepurposeof vehicletracking.

TheSVT paradigmcanwork with variousmotionmodels



(a)Frame#1 (b) Frame#10
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(c) Frame#37 (d) SVM score

Figure 5. (a),(b),(c) are three frames from a 40 frames sequence . The solid rectangle denotes the SVT trac king result, the dashed
rectangle denotes a simple SSD trac ker. (d) sho w the SVM score of the trac ked region using the SVT trac ker (solid line) and SSD
trac ker (dashed line). As can be seen, SVT is far superior to the SSD trac ker. The x-axis of the graph is the frame number , the
y-axis is the SVM score .

up to a 2D affine transformationandvariouskernelssuchas
polynomialor RBF. Herewe usedSVT with a homogenous
quadraticpolynomialkernelsothattheequationswill belin-
ear. However, otherkernelscanbeusedaswell at thecostof
having to solve a non-linearsetof equationsfor the motion
parameters.While this might slow down the computations
for real time trackingit offersa principledmannerto align a
test imagewith the SVM supportvectors,thusSVT canbe
viewedasextendingSVM to have someinherentinvariance
to imagetransformations.
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