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ABSTRACT

Trackingobjectsin thehigh-dimensionaleaturespaces not
only computationallyexpensve andbut alsofunctionallyin-
ef cient. Selectingalow-dimensionatliscriminatve feature
setis acritical stepto improve tracker performanceA good
featuresetfor tracking candiffer from frameto framedue
to the changesn the backgroundagainstwhich the tracked
objectis viewed,andan on-line algorithmto adaptvely de-
terminea distinctive featuresetwould be advantageousin
this paper multiple heterogeneouteaturesare assembled,
andlikelihoodimagesareconstructedor varioussubspaces
of thecombinedeaturespace Then,themostdiscriminative
featureis extractedby PrincipalComponenfnalysis(PCA)
basedon thoselikelihoodimages. This ideais appliedto
the mean-shifttracking algorithm[1], andwe demonstrate
its effectivenesghroughvariousexperiments.

1. INTRODUCTION

There hasbeenintensve researchon tracking algorithms,
andseveralfundamentaframenorkshave beeninvesticated.
The well-known deterministictracking algorithm basedon
mean-shiff1] searches$or alocal maximumof the appear
ancesimilarity. The Kalman Iter and its extensions[2,

3], andpatrticle lters [4, 5, 6] areemployedfor probabilis-
tic trackingto mitigatethe weaknes®f deterministicalgo-
rithms. However, only limited researcthasbeenperformed
onadaptvely nding discriminatiefeaturesetsgventhough
trackersrely on the “contrast” betweenthe appearancesf

thetargetandits surrounding.Therefore we suggest fea-
tureextractionmethodto increaseobustnes®f trackingal-

gorithms.

Tracking can be performedin a multitude of different
featurespaces:color, texture, motion, etc. However, the
high-dimensionakpaceis not appropriatefor real-timeap-
plications, and its effectivenessis reducedby redundang
acrossthe dimensions. The performance- accurag and
speed- of trackerscanbeimproved by adoptinga discrimi-
native featurespaceandreducingthe dimensionality Some-

times, the aggreation of several heterogeneousisual fea-

turesproducesbettertracking results,but the combination
proceduras not straightforvard. Likelihoodimagescreated
by comparingforeground (tracked object) and background
histogramsn eachfeaturecanbe usedto chooseusefulfea-

turesfor tracking.

Previously, Swain andBallard [7] addresshe tamgetlo-
calizationproblemwith the backprojectionalgorithm, and
EnnesseandMedioni[8] modify this algorithmby usinglo-
cal histogrammatching.However, thosemethodsdealonly
with still imagesandhave notbeenextendedo video.

For object tracking, most algorithmsexploit only pre-
selectedeaturesanddo not changethemduring the track-
ing process.Therehave beenonly a few attemptsto adapt
trackingfeatureson-line. SternandEfros[9] improve track-
ing performancey choosingthe bestfrom 5 featurespaces
andswitchingamongsthemin eachframe. In [10], arank-
ing systems proposedo selecthebestfeaturespaceamong
49 candidateacquiredoy linearcombinatiorof 3 likelihood
imagesin R, G, and B space. However, the generationof
49 likelihoodimagesis time-consumingandit is very dif -
cult to extendthis techniqueto higherdimensionaffeature
spaces. On the other hand, the feature selectionand ex-
traction methoddescribedn [11] proposesa featurevalue
weighting schemebasedon the backgroundcolor informa-
tion andfocuseson salienttarget partsfrom the representa-
tion of tamgetandcandidatenodel. However, it ignoresprob-
lemscausedy insufcient samplesn the high-dimensional
featurespace.

In this paper two differentcolor spaces- RGB andnor-
malizedRGB (rgb) — are combinedin a single tracker by
meansof likelihoodimages,andlik elihoodimagesfor var
ious subspacesre constructedo alleviate the information
lossassociatedvith analyzingonly 1D projectionsof these
colorspacesThecurseof dimensionalityroblemis avoided
by equalizingthe numberof binsin the histogramof every
subspaceFeatureextractionis performedby PCA, andthe
numberof dimensionsis determinedby the proportion of
eigevalues.Also, weightshasednthepropertyof thelik e-
lihoodimageareassignedo eachtargetpixel, andthemean-



shift algorithmis utilized for tracking.

Therestof this papetis organizedasfollows. We explain
how to generatahe likelihoodimagesin section2, andthe
featureextractionandthe weight assignmenare addressed
in section3. The mean-shifttrackingalgorithmandexperi-
mentalresultsarepresentedn section4.

2. LIKELIHOOD IMA GES
Log-likelihoodratiosare obtainedfrom histogramsof fore-
groundand backgroundpixels with respectto a given fea-
ture,andlik elihoodimagesareconstructedasednthelog-
likelihoodratio. Then,the salientregion in the target (fore-
ground)canbedetectedy identifyinghighlikelihoodratios.

Supposehe foregroundis given andthe backgrounds
regardedastherectangularegionsurroundingheforeground.
For thegivenfeaturespacelet ¢4(i) and py(i) bethefre-
gueng of pixelswith valuei in theforegroundandtheback-
ground,respectiely. The log-likelihoodratio for a feature
valuei is givenby

max( 1g(i); )

L(1) = max max( og(1); )

1;min 1;log (1)

where is avery small number The likelihoodimagefor
eachfeatureis createcby backprojectingheratio into each
pixel in theimage.

Here, we use every subsetof the RGB and rgb color
channelsasa featureset,sothat 14 differentlik elihoodim-
agesaregeneratedor featureextraction.

Likelihoodimagesfor one-andmulti-dimensionakub-
spacesrecreatedwhichallowsusto nd morediscrimina-
tive featurespacesincemorebasisimagesareprovidedfor
featureextraction. However, the high dimensionakubspace
might suffer from the curse of dimensionality This prob-
lem is alleviated by maintainingthe samenumberof bins
for every subspaceso that eachbin of eachhistogramoc-
cupiesthe samevolumein the featurespace. Speci cally,
thereare 64 bins for every subspacgl 64in 1D,8 8
in 2D,and4 4 4in 3D), andeachbin equallydivides
thefeaturespace With this method the log-likelihoodratio
becomesmore robust, and every likelihoodimageis inde-
pendentof every other Figurel shows thatthe likelihood
imagesderived from multi-dimensionakubspacearemore
distinctive thanthosefrom 1D subspacesNote that every
likelihoodimageis normalizedto the grayscale(0 255
for display Figure2 shavsthebene t of usingrgb aswell
asRGB. Thelikelihoodimagesfrom thergb subspaceare
muchmoredistinctive, eventhoughthetrackedobjectin the
originalrgbimageis hardlyrecognizableo the humaneye.

Sincethemostdiscriminatve featuresetcanchangdrom
frameto frame,trackingin only onefeaturespacemightsud-
denlylosethe object. Our methodcanselectthe featureset

(@) (b) (© (d)

(€) (f) ©) (h)

Fig. 1. Comparisorbetweerlik elihoodimagesfor 1D sub-
spaceandmulti-dimensionakubspacega) original image
(b)R(c) G (d) B () RG (f) GB (g) BR (h) RGB

adaptvely sincethe likelihoodimageprovidesthe method-
ology to combinefeaturespacesandselectbetterfeatures.

Fig. 2. Likelihoodimagesfor 1D subspacesf RGB and
rgb space.Originalimagein RGB spacelikelihoodimages
for R, G, B, RG,GB, BR, RGB, originalimagein rgb space,
likelihoodimagesfor r, g, b, rg, gb, br, rgb (in orderof left

to right andtop to bottom)

3. FEATURE ANALYSIS

3.1. Feature Extraction

Our objectie is to identify the mostdiscriminatve lik eli-
hoodimagewith the lowestdimensionalityin orderto re-
ducethecomputationatompleity andimprovethetracking
accurag. In previousresearch10], the mostdiscriminatve
featureis determinedy evaluatinga smallsetof pre-de ned
linearcombinationof likelihoodimages.In traditionalpat-
tern recognition,Linear DiscriminantAnalysis (LDA) and
PrincipalComponenfnalysis(PCA) arewidely usedto re-
ducethe dimensionality

In the original color image,sincethe histogramsof the



foregroundandthe backgroundegion aremulti-modal, the
linear discriminantmethodmay not be suitable. However,
noticethat pixelsin the foregroundregion mostly have pos-
itive valueswhile the backgroundis mainly composedof
negative value pixelsin the likelihoodimage. Eventhough
theforegroundandthe backgroundcannotbe perfectlysep-
aratedby the linear hyperplane,we can expect that most
pixels would be classi ed correctly by it. Also, the linear
methodsare muchfasterthantheir non-linearcounterparts
suchasKernelLDA [12] andKernelPCA[13].

In this paper we performfeatureextractionwith PCA.
Supposéhat St g andSyg arethe setof n-dimensionalec-
torssampledrom theforegroundandbackgroundareaof n
likelihoodimagesandthatC isthen n covariancematrix

associateavith the eigervalues ; which aresortedin non-
increasingorder The eigensubspaceamposedf k-basis

vectorse;; ;e aretakenfor tracking,wherethek is the
smallestnumbersatisfyingthefollowing inequality
P k
PEL s th )
I

ji=1 i

andth is a pre-de nedthresholdvalue. As aresult,k ex-
tractedlikelihood imagesare usedfor tracking; Figure 3
shaws resultsof featureextractionfor two givenimages.

@) (b)VR=0.5641  (C)VR=0.5470

(d) (e)VR=0.6722 (VR =0.5439

Fig. 3. Comparisorbetweertwo featureextractionmethods
(2 examples)(a)(d) Original images(b)(d) PCA-basedea-

ture extraction (likelihoodimagesassociatedavith the high-

esteigervalue),(c)(e)featureextractionby [10],

As suggestedn [10], the degreeof the saliencefor the
foregroundin a likelihood image can be measureddy the
varianceratio

S _e
n e var(s, ~ Sg)
Var(S,) + Var(Sg))

®)

WheresfegJ and Sbegg arethe setsof valuesprojectedinto 1D
spacespanningheeigervectore; .

According to our experimentwith this measurePCA-
basedfeatureextractionis equialentto or betterthanthe
methodsuggestedh [10] in mostcasesasillustratedin Fig-
ure3. Thereforethesubspacspannindes;; ;ex) isprac-
tically a very gooddiscriminative featureset.

3.2. Feature Value Weighting

Comaniciu[11] proposedassigninga weight term to each
pixel in thetargetin proportionto the con dencethatit be-
longsto the foreground. In this section,we explain how to
computesucha eightbasedn thelikelihoodimage.

Typically in thelikelihoodimage,thetametin the origi-
nalimageis transformednto a bright homogeneousegion.
The large bright region in the target areashouldhave large
weight becausamary foreground pixels are spatially con-
densedn thatarea.On the otherhandiit is not desirableto
give alargeweightto smallbrightareassincethey arelikely
to benoise.

Thelikelihoodimageassociatedvith the highesteigen-
valueis usedfor weightingeachpixel. In orderto remove
noisein thatlikelihoodimageand obtainmore robust spa-
tial information,a Gaussianlter is appliedto theimage. If
v(X;) is the featurevalue of pixel x; after Gaussianlter -
ing, the weight is given by using the well-knowvn sigmoid
M-estimator

1

&)= T exp( ¢ Vi)

wherec is a constant. Note that the weight is determined
with respecto the spatialinformationaswell asthe inten-
sity of eachpixel becausesmall bright regionswill disap-
pearwhile pixelsin thelargebrightareaswill still have large
weightsby Gaussianltering.

(4)

4. OBJECT TRACKING

Themethodsuggesteth section3 is embeddedh themean-

tion of the target model centeredat 6,mand b(x?) the color
index of the samplex;. The densityfor the color u in the
targethistogramis givenby

X
& =C k(Ui x7) ul (x)) 5)
i=1
wherek( ) isapro le functionand is theKronecler delta
function. Also thenormalizationconstanC is givenby
1
c=P — 6
K@D D) ©

Similarly, the new candidatecanberepresentedy

- X Y Xilio
Pu(y) = Cn k(i T”) ) [(xi) u] (xi) (7)
i=1



wherethe normalizationconstantCy, is
1
= p 8
tT kYD () ©
After nding the mostdiscriminatve featurein the current
frame,we apply the sametransformatiorto the next frame
andtracktheobjectin thecorvertedimage.Thetargetmodel
in the original spaceshouldbetransformedaccordingto the
extractedfeaturespacein eachstep,andthe mean-shiftal-
gorithmis employedto trackthe object. Whenthethreshold
th is 0.7,the dimensionalityof the featurespaceusedin the
trackingis notmorethan3 in mostcasesn our experiments.
Two differentsequencearetested,andtrackingresults
arepresentedh Figure4.

(a) airportsequencéframe50, 100,150,200,250,300)

(b) tanksequencéframe 30, 60,90, 120,150,180)

Fig. 4. Trackingresults

5. DISCUSSION

In this paper we proposedthe adaptve featureextraction
methodbasedon likelihoodimagesin variousfeaturesub-
spacesThisideamakesit straightforvardto combinemul-
tiple heterogeneousisual featuresand nd a betterfeature
spaceor tracking.Also, theweightis assignedo eachpixel
consideringthe likelihoodratio andthe spatialinformation
of the pixel. We shawved this canimprove tracker perfor
mancegspeciallyin low resolutionvideoandin averynoisy
ervironment.

However, thereare currently several limitations of this
approachFirstof all, somevisualinformationin theoriginal

imagecanbelostin thelikelihoodimageduringthe projec-
tion, evenif this problemis mitigatedby variousprojections
asproposedn section2. Thevarianceratiois usedto evalu-
atethedistinctvenesdetweerforegroundandbackground,
but a morethoroughinvestigation of its validity is required.

Currently only color information is used; the perfor
manceof the tracker could be much betterif other visual
featuressuchasmotionandtexture could be integratedinto
this frameawork.
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