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ABSTRACT

Trackingobjectsin thehigh-dimensionalfeaturespaceis not
only computationallyexpensiveandbut alsofunctionallyin-
ef�cient. Selectinga low-dimensionaldiscriminative feature
setis acritical stepto improve trackerperformance.A good
featureset for trackingcandiffer from frameto framedue
to thechangesin thebackgroundagainstwhich the tracked
objectis viewed,andanon-linealgorithmto adaptively de-
terminea distinctive featuresetwould beadvantageous.In
this paper, multiple heterogeneousfeaturesare assembled,
andlikelihoodimagesareconstructedfor varioussubspaces
of thecombinedfeaturespace.Then,themostdiscriminative
featureis extractedby PrincipalComponentAnalysis(PCA)
basedon thoselikelihood images. This idea is appliedto
the mean-shifttrackingalgorithm[1], andwe demonstrate
its effectivenessthroughvariousexperiments.

1. INTRODUCTION

Therehasbeenintensive researchon tracking algorithms,
andseveralfundamentalframeworkshavebeeninvestigated.
The well-known deterministictrackingalgorithmbasedon
mean-shift[1] searchesfor a local maximumof theappear-
ancesimilarity. The Kalman �lter and its extensions[2,
3], andparticle�lters [4, 5, 6] areemployedfor probabilis-
tic trackingto mitigatethe weaknessof deterministicalgo-
rithms. However, only limited researchhasbeenperformed
onadaptively �nding discriminativefeaturesets,eventhough
trackers rely on the “contrast” betweenthe appearancesof
the targetandits surrounding.Therefore,we suggesta fea-
tureextractionmethodto increaserobustnessof trackingal-
gorithms.

Tracking can be performedin a multitude of different
featurespaces:color, texture, motion, etc. However, the
high-dimensionalspaceis not appropriatefor real-timeap-
plications,and its effectivenessis reducedby redundancy
acrossthe dimensions. The performance– accuracy and
speed– of trackerscanbeimprovedby adoptinga discrimi-
native featurespaceandreducingthedimensionality. Some-

times,the aggregation of several heterogeneousvisual fea-
turesproducesbettertracking results,but the combination
procedureis not straightforward.Likelihoodimagescreated
by comparingforeground(tracked object)andbackground
histogramsin eachfeaturecanbeusedto chooseusefulfea-
turesfor tracking.

Previously, Swain andBallard [7] addressthe target lo-
calizationproblemwith the backprojectionalgorithm, and
EnnesserandMedioni [8] modify thisalgorithmby usinglo-
cal histogrammatching.However, thosemethodsdealonly
with still imagesandhave notbeenextendedto video.

For object tracking, most algorithmsexploit only pre-
selectedfeatures,anddo not changethemduring the track-
ing process.Therehave beenonly a few attemptsto adapt
trackingfeatureson-line.SternandEfros[9] improve track-
ing performanceby choosingthebestfrom 5 featurespaces
andswitchingamongstthemin eachframe. In [10], a rank-
ing systemis proposedto selectthebestfeaturespaceamong
49candidatesacquiredby linearcombinationof 3 likelihood
imagesin R, G, andB space. However, the generationof
49 likelihoodimagesis time-consumingandit is very dif�-
cult to extendthis techniqueto higherdimensionalfeature
spaces. On the other hand, the featureselectionand ex-
tractionmethoddescribedin [11] proposesa featurevalue
weightingschemebasedon the backgroundcolor informa-
tion andfocuseson salienttargetpartsfrom therepresenta-
tion of targetandcandidatemodel.However, it ignoresprob-
lemscausedby insuf�cient samplesin thehigh-dimensional
featurespace.

In this paper, two differentcolor spaces– RGB andnor-
malizedRGB (rgb) – are combinedin a single tracker by
meansof likelihoodimages,andlikelihoodimagesfor var-
ious subspacesareconstructedto alleviate the information
lossassociatedwith analyzingonly 1D projectionsof these
colorspaces.Thecurseofdimensionalityproblemisavoided
by equalizingthenumberof bins in the histogramof every
subspace.Featureextractionis performedby PCA, andthe
numberof dimensionsis determinedby the proportionof
eigenvalues.Also, weightsbasedonthepropertyof thelike-
lihoodimageareassignedto eachtargetpixel, andthemean-



shift algorithmis utilized for tracking.
Therestof thispaperis organizedasfollows. Weexplain

how to generatethe likelihoodimagesin section2, andthe
featureextractionandthe weight assignmentareaddressed
in section3. Themean-shifttrackingalgorithmandexperi-
mentalresultsarepresentedin section4.

2. LIKELIHOOD IMA GES

Log-likelihoodratiosareobtainedfrom histogramsof fore-
groundandbackgroundpixels with respectto a given fea-
ture,andlikelihoodimagesareconstructedbasedonthelog-
likelihoodratio. Then,thesalientregion in thetarget (fore-
ground)canbedetectedby identifyinghighlikelihoodratios.

Supposethe foregroundis given andthe backgroundis
regardedastherectangularregionsurroundingtheforeground.
For thegivenfeaturespace,let � f g(i ) and� bg(i ) bethefre-
quency of pixelswith valuei in theforegroundandtheback-
ground,respectively. The log-likelihoodratio for a feature
valuei is givenby

L(i ) = max
�

� 1; min
�

1; log
max (� f g(i ); � )
max (� bg(i ); � )

��
(1)

where� is a very small number. The likelihoodimagefor
eachfeatureis createdby backprojectingtheratio into each
pixel in theimage.

Here, we useevery subsetof the RGB and rgb color
channelsasa featureset,so that14 differentlikelihoodim-
agesaregeneratedfor featureextraction.

Likelihoodimagesfor one-andmulti-dimensionalsub-
spacesarecreated,whichallowsusto �nd morediscrimina-
tive featurespacessincemorebasisimagesareprovidedfor
featureextraction.However, thehigh dimensionalsubspace
might suffer from the curse of dimensionality. This prob-
lem is alleviated by maintainingthe samenumberof bins
for every subspace,so that eachbin of eachhistogramoc-
cupiesthe samevolume in the featurespace.Speci�cally,
thereare64 bins for every subspace(1 � 64 in 1D, 8 � 8
in 2D, and4 � 4 � 4 in 3D), andeachbin equallydivides
thefeaturespace.With this method,thelog-likelihoodratio
becomesmore robust, andevery likelihood imageis inde-
pendentof every other. Figure1 shows that the likelihood
imagesderivedfrom multi-dimensionalsubspacesaremore
distinctive than thosefrom 1D subspaces.Note that every
likelihoodimageis normalizedto thegrayscale(0 � 255)
for display. Figure2 shows thebene�t of usingrgb aswell
asRGB. The likelihoodimagesfrom the rgb subspacesare
muchmoredistinctive,eventhoughthetrackedobjectin the
original rgb imageis hardlyrecognizableto thehumaneye.

Sincethemostdiscriminativefeaturesetcanchangefrom
frameto frame,trackingin only onefeaturespacemightsud-
denly losetheobject. Our methodcanselectthefeatureset

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 1. Comparisonbetweenlikelihoodimagesfor 1D sub-
spacesandmulti-dimensionalsubspaces.(a) original image
(b) R (c) G (d) B (e)RG(f) GB (g) BR (h) RGB

adaptively sincethe likelihoodimageprovidesthe method-
ology to combinefeaturespacesandselectbetterfeatures.

Fig. 2. Likelihoodimagesfor 1D subspacesof RGB and
rgb space.Original imagein RGB space,likelihoodimages
for R, G, B, RG,GB, BR, RGB,original imagein rgbspace,
likelihoodimagesfor r, g, b, rg, gb, br, rgb (in orderof left
to right andtop to bottom)

3. FEATURE ANALYSIS

3.1. Feature Extraction

Our objective is to identify the most discriminative likeli-
hood imagewith the lowest dimensionalityin order to re-
ducethecomputationalcomplexity andimprovethetracking
accuracy. In previousresearch[10], themostdiscriminative
featureis determinedby evaluatingasmallsetof pre-de�ned
linearcombinationsof likelihoodimages.In traditionalpat-
tern recognition,Linear DiscriminantAnalysis (LDA) and
PrincipalComponentAnalysis(PCA)arewidely usedto re-
ducethedimensionality.

In the original color image,sincethe histogramsof the



foregroundandthebackgroundregion aremulti-modal,the
linear discriminantmethodmay not be suitable. However,
noticethatpixels in theforegroundregion mostlyhave pos-
itive valueswhile the backgroundis mainly composedof
negative valuepixels in the likelihoodimage. Even though
theforegroundandthebackgroundcannotbeperfectlysep-
aratedby the linear hyper-plane,we can expect that most
pixels would be classi�ed correctlyby it. Also, the linear
methodsaremuchfasterthantheir non-linearcounterparts
suchasKernelLDA [12] andKernelPCA[13].

In this paper, we performfeatureextractionwith PCA.
SupposethatSf g andSbg arethesetof n-dimensionalvec-
torssampledfrom theforegroundandbackgroundareaof n
likelihoodimages,andthatC is then � n covariancematrix
of thesevectors. Let ei (i = 1; : : : ; n) be the eigenvectors
associatedwith theeigenvalues� i which aresortedin non-
increasingorder. The eigensubspacescomposedof k-basis
vectorse1; � � � ; ek aretakenfor tracking,wherethek is the
smallestnumbersatisfyingthefollowing inequality,

P k
i =1 � iP n
i =1 � i

> th (2)

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

(a) (b)VR = 0.5641 (c)VR = 0.5470

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

Fig. 3. Comparisonbetweentwo featureextractionmethods
(2 examples)(a)(d) Original images(b)(d) PCA-basedfea-
tureextraction(likelihoodimagesassociatedwith thehigh-
esteigenvalue),(c)(e)featureextractionby [10],

As suggestedin [10], the degreeof the saliencefor the
foregroundin a likelihood imagecan be measuredby the
varianceratio

VR =
Var(Sei

f g

S
Sei

bg )

Var(Sei
f g) + Var(Sei

bg )
(3)

whereSei
f g andSei

bg arethesetsof valuesprojectedinto 1D
spacespanningtheeigenvectorei .

According to our experimentwith this measure,PCA-
basedfeatureextraction is equivalent to or betterthan the
methodsuggestedin [10] in mostcasesasillustratedin Fig-
ure3. Therefore,thesubspacespanning(e1; � � � ; ek ) isprac-
tically averygooddiscriminative featureset.

3.2. Feature ValueWeighting

Comaniciu[11] proposedassigninga weight term to each
pixel in thetarget in proportionto thecon�dencethat it be-
longsto the foreground. In this section,we explain how to
computesuchaeightbasedon thelikelihoodimage.

Typically in thelikelihoodimage,thetargetin theorigi-
nal imageis transformedinto a bright homogeneousregion.
The large bright region in the target areashouldhave large
weight becausemany foregroundpixels are spatially con-
densedin thatarea.On theotherhand,it is not desirableto
givea largeweightto smallbrightareassincethey arelikely
to benoise.

The likelihoodimageassociatedwith thehighesteigen-
valueis usedfor weightingeachpixel. In orderto remove
noisein that likelihoodimageandobtainmorerobust spa-
tial information,a Gaussian�lter is appliedto theimage.If
v(x i ) is the featurevalueof pixel x i after Gaussian�lter -
ing, the weight is given by using the well-known sigmoid
M-estimator

� (x i ) =
1

1 + exp(� c � v(x i ))
(4)

wherec is a constant. Note that the weight is determined
with respectto the spatialinformationaswell asthe inten-
sity of eachpixel becausesmall bright regions will disap-
pearwhile pixelsin thelargebrightareaswill still havelarge
weightsby Gaussian�ltering.

4. OBJECT TRACKING

Themethodsuggestedin section3 is embeddedin themean-
shift trackingalgorithm.Let f x ?

i gi =1 ;:::;n bethepixel loca-
tion of the target modelcenteredat 0, andb(x ?

i ) the color
index of the samplex?

i . The densityfor the color u in the
targethistogramis givenby

q̂u = C
nX

i =1

k(( jjx?
i jj )2)� [b(x?

i ) � u]� (x?
i ) (5)

wherek(�) is a pro�le functionand� is theKronecker delta
function.Also thenormalizationconstantC is givenby

C =
1

P n
i =1 k(( jjx?

i jj )2)� (x?
i )

(6)

Similarly, thenew candidatecanberepresentedby

p̂u (y ) = Ch

n hX

i =1

k(( jj
y � x i

h
jj )2)� [b(x i ) � u]� (x i ) (7)



wherethenormalizationconstantCh is

Ch =
1

P n h
i =1 k(( jj y � x i

h jj )2)� (x i )
(8)

After �nding the mostdiscriminative featurein the current
frame,we apply the sametransformationto the next frame
andtracktheobjectin theconvertedimage.Thetargetmodel
in theoriginal spaceshouldbetransformedaccordingto the
extractedfeaturespacein eachstep,andthe mean-shiftal-
gorithmis employedto tracktheobject.Whenthethreshold
th is 0.7,thedimensionalityof thefeaturespaceusedin the
trackingis notmorethan3 in mostcasesin ourexperiments.

Two differentsequencesaretested,andtrackingresults
arepresentedin Figure4.

(a)airportsequence(frame50,100,150,200,250,300)

(b) tanksequence(frame30,60,90,120,150,180)

Fig. 4. Trackingresults

5. DISCUSSION

In this paper, we proposedthe adaptive featureextraction
methodbasedon likelihoodimagesin variousfeaturesub-
spaces.This ideamakesit straightforwardto combinemul-
tiple heterogeneousvisual featuresand�nd a betterfeature
spacefor tracking.Also, theweightis assignedto eachpixel
consideringthe likelihoodratio andthe spatialinformation
of the pixel. We showed this can improve tracker perfor-
mance,especiallyin low resolutionvideoandin averynoisy
environment.

However, therearecurrentlyseveral limitations of this
approach.Firstof all, somevisualinformationin theoriginal

imagecanbelost in thelikelihoodimageduringtheprojec-
tion, evenif thisproblemis mitigatedby variousprojections
asproposedin section2. Thevarianceratio is usedto evalu-
atethedistinctivenessbetweenforegroundandbackground,
but amorethoroughinvestigationof its validity is required.

Currently, only color information is used; the perfor-
manceof the tracker could be much better if other visual
featuressuchasmotionandtexturecouldbeintegratedinto
this framework.
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