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Abstract

To malke the kernel-basedrackingalgorithmsmorereliable,in this work, we
mainly deal with two major singularcasesn kernel-basedracking, concerned
with kernelobsenability andtrackingstability.

Singularkernelobsenrability indicatesthat the motionsof interestcannotbe
uniquelyrecoveredby thekernel.We presenainovel multiple collaboratve kernel
approachjn which a complex motionis representedby a setof inter-correlated
simplermotions.With this formulation,we presentarigorousanalysison a criti-
calissueof kernelobsenability andobtaina criterion,baseconwhichwe propose
anewv methodusingcollaboratve kernelsthathasthetheoreticaguaranteef en-
hancedobsenability. This new methodhasbeenshavn to be computationally
efcient in both theory and practice,which can be readily appliedto comple
motionssuchasarticulatedmotions.

Another singular case,unstableness tracking, is causedby inappropriate
kernelplacementyhich requiresresearcton optimalkernelplacementThethe-
oreticalanalysigpresentedh thiswork indicateghattheoptimalkernelplacement
canbe evaluatedbasedon a closed-formcriterion, andachieved ef ciently by a

novel gradient-basedlgorithm. Basedon that,nev methoddor temporal-stable



multiple kernelplacemenaindscale-ivariantkernelplacemenarealsoproposed.
Thesenew theoreticalresultsand new algorithmsgreatly advancethe study of
kernel-basedrackingin boththeoryandpractice.Extensve experimentakesults

demonstrat¢heimprovedtrackingreliability.
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Chapter 1

Intr oduction

Kernel-basedhethodg6, 30] have attractednuchattentionin computewision[8,

10, 14,15, 31] andhave recentlyshavn promisingperformancen thechallenging
problemof visual tracking[9]. In this contet, the representatiomf the object
beingtracked is the convolution of the objectfeatureswith a spatiallyweighted
kernel,whichenable®f cient gradientbasedptimizationmethodssuchasmean
shift [8] or closed-formmethod[17], to searchfor the bestmatchto the target
modelbasedon the collectedvisual measurementfr obsenations). Thus,one
of the mostappealingmeritsof kernel-basedraclkersis their low computational
cost,comparedvith othercommonlyemployedtrackingschemessuchasparticle

lters [22] or exhaustve templatematching.
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Sincethe kernel-basedracking methodsare gradient-basedlifferential ap-
proachestheir performancesrelargely affectedby the quality of the searching
directionscalculatedfrom the measurement§.e., the discrepang betweenthe
candidatesndthetargetmodel). However, in practice singularitiesareoftenob-
senedin computingthe gradient which may greatlyimpair the trackingperfor
mance.In this work, we addresghe two major singularities proposealgorithms
associateavith provedtheorieswhich canhelpto achiaze amuchmorereliable
trackingperformance.

Onekind of singularityis aboutthe kernelobservability Thatis, thesearching
directionis indifferentto the measurements.e, the measurementsecomemore
or lessinvariantto somemotionparameterssuchthatthesemotionparameterare
notuniquelyrecoverableor obsenable,indicatingade cient kernelobsenrability.
Regardingthis singularcasethreecritical issuesf boththeoreticalandpractical

importanceneedto beinvesticated:

2 |s therea criterion or a testthat detectssuchsingularitiesand checksthe

obsenability of themotion?

2 |sthereaprincipledway of kerneldesignto preventor alleviate suchsingu-

larities?
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2 Canwe copewith suchsingularitiesn morecomplex motions(e.g.,articu-

lation) while still achieving computationaéf ciency?

Therehave beensomeinitial studiesrelatedto thesequestions.For example,
in [7], to dealwith the problemthatmostkernels beingscale-iwvariant,cannotre-
coverthescalechange®f thetamget,a methodwasproposedo combinemultiple
kernelsof differentresolutions.An outstandingnitial investigation on multiple
kernelswaspresentedn [17], whereanunconstrainedinearleastsquareformu-
lationwasgivenandthe motionsingularitycanberevealedby therankde ciency
whenapproachingts solution,basednwhich a multiple kernelmethodwaspro-
posedo possiblyreducetherisk of rankde ciency.

Theseinitial investigationson multiple kernelsare meaningful,but they are
inadequate.For example,althoughsereral suggestionfave beenmadein [17]
on designingmultiple kernels, it is desirableto have a morerigoroustheoretical
guaranteen motion recoverability anda more principledandgeneralizablep-
proachto kerneldesign.In addition,complex motions(e.g.,motionsof articulated
bodies)posea greatchallengeto mostexisting kernel-basedrackingalgorithms
which arelargely con ned by singletargetandsimplemotions,andthisis a topic

remainedargely unexploredamongthe literaturesof kernel-baseanethods.Al-
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thoughmary top-davn algorithmshave beenexploredfor complex motion[4, 33],
they arein generakcomputationallydemanding.Thus,it will be very meaningful
if thebottom-upkernel-basedolutionscanbefound.

Inspiredby [17, 33], we presenainovel multiplecollaborativekernelapproach
to visualtracking. This approachreatskernel-basedrackingin a moregeneral
formulation, i.e., a relaxationand constraintsformulation, in which a comple
motion can be representedby a setof inter-correlatedsimpler motions. In this
new formulation, the stateequationdescribeghe constraintsamongthesesim-
pler motions, and the measuremengéquationcharacterizeshe independenvi-
sualmeasuremenmrocessesf thesesimplermotions.With this formulation,our
work presenta rigoroustheoreticalanalysison the singularityissue,i.e., kernel
obsenability, andpresentshe obserability criterion. Basedon this, we propose
the multiple collaboratve kernelmethodthathasthe theoreticalguarante®f en-
hancedobsenability. This new methodhasbeenshavn to be computationally
ef cient in boththeoryandpractice.

The proposeddesignof “multiple collaboratve kernels”closelyfollows the
theoreticalconcernson “k ernel-obserability”, i.e., singularityin motion detec-
tion, and substantiallybroadenshe applicability of kernel basedmethodsfor
tracking of multiple targetswith complex motions,suchasthe articulatedbody
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motions.

Besideghesingularcaseof kernelobservability anotheikind of majorsingu-
larity is aboutthe tracking stability. All the representate kernel-basedracking
methodg[7, 9, 13, 17] assumethat uniqueand stablemotion estimationcan be
obtainedasin thewell-conditionedcaseslin otherwords,a smallperturbatiorof
the placemenbf the kerneldoesnot changemuchthe motionestimation.Unfor-
tunately evidencefrom the practicechallengeghis assumptionFor example,in
meanshift tracking,it is oftenobsenedthatdifferentinitializationsof thetracker
(i.e., delineatethe region to track and placethe kernelaccordingly)may largely
in uence the performance.If we put the samekernelat one place,the tracker
maywork well; but whenchoosinga slightly differentplace,the tracker mayfail
unexpectedly e.g., even a small perturbationcan changethe estimatedmotion
signi cantly, thusbringingunstablenesmto thetracking. This raisesanotherin-
terestingandcritical question:is there an optimal placementfor the kernelsto

achievereliabletracking? Speci cally:

2 How canwe evaluatethe sensitvity of aplacement?

2 Doesthereexist a computationallyef cient wayto nd theoptimalkernel

placement?
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2 How canwe placemultiple kernelsif atrainingsequencés available?

2 Doesthereexist a scale-ivariantkernelplacement?

In this work, we alsopresenbur studyin searchof the answerdo the above
intriguing questionsn orderto achieve morereliabletrackingresults.Our study
startswith a conjecturethat subrgyions of the target may play differentrolesin
tracking, sincesomesubrgions of the target may be morereliablefor tracking
while othersmay not. We provide a detailedanalysisin orderto identify those
regions,andderive a closed-forncriterionfor evaluatingthe sensitvity of kernel
placement.To make the optimalkernelplacementeasible we derive a gradient-
basedalgorithmto ef ciently searchfor anoptimal placementwhich greatlyre-
ducesthe computationabostcomparedwith a bruteforce way of examiningall
the possibleplacementon the image exhaustvely. We also proposea method
to discover temporal-stabléernelsfor multiple kernelplacementandstudythe
issueof scale-ivariantkernelplacement.

Advancingthe stateof the art, the contritutionsof this work include:

(1) thetheoreticakesultsthatunify the studyof the motion obsenrability issue

in mostkernel-basednethodsncludingsingleandmultiple kernels;

(2) a principled way of designingobserable kernels,i.e.. the multiple col-
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laboratve kernels,that can be easily generalizedo complex objectsand

motions;

(3) anefcient computationaparadigmto copewith complex objectsandmo-
tionsdueto the“collaboration”amongasetof inter-correlateckernels.each

of which only takeschage of recaveringa simplermotion;

(4) aclosed-forncriterionfor choosingheoptimalkernelplacementpnwhich

amuchmorereliabletrackingperformanceanbeachieved,;

(5) a gradient-basedearchingalgorithmto nd such optimal kernel place-
ments,which greatly reducesthe computationalcost comparedwith the

commonlyusedexhaustve searching.

Theremainderof thethesisis organizedasfollows. Chapter2 introduceghe
relatedwork andthe two major singularitiesin kernel-basedracking. Chapter
3 presentur detailedanalysison multiple collaboratve kerneltracking, which
dealswith the singularcaseof kernelobsenrability. Chapter4 presentour study
on the issueof optimal kernel placementwhich dealswith the singularcaseof

trackingstability. Conclusionsaremadein chapters.
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Chapter 2

RelatedWork

2.1 Kernel-basedTracking

2.1.1 Mean shift analysis

Mean shift analysisis mainly usedfor exploring the maximalor minimal prop-

dimensionakpaceR ¢, the multivariatekernel densityestimatewith kernelK (x)

andwindow radius(band-width)h, computedn the pointx is givenby

ERAPASIRS
nhd h

i=1

f\(x) = (2.1.1)

19



where K (x) canbethemultivariateEpanechnikv kernel

8
2 et (d+ 2)(1i kxk?) if kxk- 1
Ke®) =, 2.1.2)

0 otherwise

andcy is the volumeof the unit d-dimensionakphere.Anothercommonlyused

kernelis the multivariatenormal

T
Kn(X) = (241 exp ékxk2 (2.1.3)

Denotethe pro le of akernelK asafunctionk suchthatK (x) = k(kxk?).

For example,the Epanechnikv pro le is

8
0 2 et (d+ 2)(1i x) if x- 1 214
e(X) = .
-B 0 otherwise

andthenormalpro le is givenby

M 1 )l
kn (X) = (2% exp 5 (2.1.5)
So,thedensityestimatecanbewritten as
o M1
£\ (x) = n_id Kk K X (2.1.6)

i=1

By denotingg(x) = i kYx), thederivative of f (x) is computedasfollows,
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P it
P 1 (X)) = =25 (i xi)KO KXk

P P ¢

= e e (X0 ><)@1'k%k2 (2.1.7)
P i ¢°. Pon ok >

= e Lo kel O

" o(kRe)
Note that the derivative of the Epanechnikv pro le is the uniform pro le,

while thedervative of thenormalpro le remainsanormal.

Thelastbracletin Eq.(2.1.7)containghe samplemeanshift vector

P e
M (X) oz Xig | ke
U g

i X (2.1.8)

The meanshift procedue is de ned recursvely by computingthe meanshift
vectorM.x (x) andtranslatingthe centerof kernelby My« (X).
Lety;;j = 1,2;::: represnethesequencef successie locationsof kernelK
where
P Xig wix L krz:t

i=1
yj+1 = P i rEEvI—
in:]_ g ky] :']XI k2

(2.1.9)

is the weightedmeanat y; computedwith kernelK andy; is the centerof the
initial kernel. The correspondinglensitycomputedwith kernelK in the points

Eqg.(2.1.9)are

21



n 0 n
fu= k@ _ ° fy) (2.1.10)
j=1;2 2

.........

A theoremis provedin [9], which stateghat

Theorem 1 If the kernelK hasa corvex and monotonicdecreasingpro le, the

sequencekq.(2.1.9)and(2.1.10)are corvergent.

Accordingto Eq.(2.1.7),the y;+1 in Eq.(2.1.9)is actually the point, which
yields zewo in the derivative of densityestimatedat pointy;. Therefore the den-
sity estimatedty; .+, is alocal optimumin the neighborhooafy;. Thecorver
geng of the point sequencef Eq.(2.1.9)andthe densityestimationsequencef
Eq.(2.1.10)actuallytells that the local extremity of densitycanbe found by the

meanshift iteration.

2.1.2 Mean shift tracking

Theabove meanshift analysiscanbeusedfor ef cient objecttracking[9]. In this
subsectionthe notationsmostlyfollow thatin [9].

Assumef x;gi-1.-n be the pixel locationsof the target. For eachpixel x;,
a binning function b(x;) mapsa prede nedfeature,e.g., the color, of x; onto
a histogrambin u, with u 2 f1:::mg. Let K be a spatially weightedkernel.
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Then,a histogramrepresentationf thetargetq= [oi;;:::;qn]" 2 R™ canbe
computedas,

1 xn
Q= K(Xii c)x(b(x;);u); (2.1.11)

) E i=1
wherezxis theKroneclerdeltafunction,cis thekernelcenterandC is thenormal-
izationfactor Usinga decayingkernelK actuallymeanghatthe pixelscentered
atthecenterof thekernelcontributemoreto thecolor histogramywhile peripheral
pixelsaretheleastreliable.
Givenaninitial startat locationcg, the core problemin trackingisto nd a

bestdisplacement c suchthatthe measuremeri(co + ¢ c) atthenew location

bestmatchegshetametq, i.e.,
¢ c” = argmin O(q; p(co + ¢ C)); (2.1.12)
¢c

whereO(¢ @ is the objective function for matching. For example,it canbe the

Bhattacharyya&oefcient [9]:

_______ p_p
0@t inPa  peregi=i a plet €O

: e L . .
Denotec = ¢o + ¢ ¢, we canapproximate qu p(c) by usingTaylorseries
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expansion,

—p_— 1Xp 1 X r——
q" p(c) Y Pu(Co)au + z  pu(c) a (2.1.13)
2 u=1 2 u=1 pU(CO)
Then,introducingEq.(2.1.11)n Eq.(2.1.13)we obtain
_ X X0 Hooo o
q” p(c) 1/4} P Pu(Co)a + 1 wik kS iy (2.1.14)
2 2C h
u=1 u=1
where
Xn r
Wi = H(b(x;); u) il (2.1.15)
u=1 pU(CO)

In Eq.(2.1.14) sincethe rst termis independenbf c, andthe secondterm
representshe densityestimatecomputedwith kernelpro le k atc, with thedata
beingweightedby w;. Therefore the maximizationof this densitytheminimiza-
tion of the objectve function Og (¢ c), canbe ef ciently achiezed basedon the
meanshift iteration, i.e., given the currentcenterof kernelcy, the directionto

searchfor maximumis alongthe meanshift vector

P i oG

Din=1 Xig. kahX. ki‘
T n T N N hd
o1 g kC0|hX| k2

i Co

sincethis directionis just the gradientof the currentdensityestimate.
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2.1.3 Closed-brm tracking

A moreconcisematrix form of the objecthistogram Eq.(2.1.11)canbe written

as[17]:
q(c) = UTK(c); (2.1.16)
where 2
Hb(x1);u1) it HB(X1); Um)
U= E 5 : : 2 R,
Hb(Xn);u) i Hb(Xn); Um)
and 2 3
K(X1i )
- 1 n.
K = c 2 R™
K(Xni ©)

This expressiorfacilitatesa closed-formmethodfor objecttracking.
In generalfor the targetmodel,the kernelis centeredat 0, andwe denoteit
by g = UTK. By thesametoken, we canrepresenthe histogramobseredat a

givencandidateegion centeredtc as:
p(c) = UTK (c): (2.1.17)

The Matusitametric, which is equvalentto the Bhattacharyyaoefcient, is
usedin [17] astheobjective function,whichis:
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[ ©
Om(tc) 2 kpqi p(c+ ¢ c)k?:

LinearizingEq.(2.1.18)we obtain

p

I «
Mc¢c="qi p(c);

p

where G;p p(c) 2 R™, ¢c2 R,M 2 RM",

M = idiag(p(c))' zUT Ik (c);

2 3
r K(x1i c)
r K(x2i c)
Jk(c) = ;
r K(Xni c)

(2.1.18)

(2.1.19)

anddiag (p) representshe matrix with p onits diagonaly is thedimensionality

of themotion parameters.

Thus,thesolution¢ c, Whichminimizesthedifferencebetweer{J qi P p(c),

canbecomputedn closed-formby solvingthe above linearequationas

¢cc=M™M)MTPq; IC)@):
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2.2 Singularities in Kernel-basedTracking

Sincethekernel-basetrackingmethodsareessentiallygradient-basedifferential
approachegheirperformancesaregreatlyin uencedby thequality of thesearch-
ing directionscalculatedoasedon the local measurementdn practice greatde-
teriorationscanbe obseredduringtracking,becausehereexist singularcasesn
computingthe gradient

Onekind of singularityis aboutthe kernel observability Thatis, we some-
timesareplaguedn thesingularsituationwherethe sameoptimalvalueof O(¢ c)
canbe achiezed over a continuousrange,i.e., ary candidateregion inducedby
the movementin this rangematcheghe target equallywell. In otherwords,the
motion parametergannot be uniquelydeterminedpr cannot be fully observed
throughthekernel. Thiskind of singularityis dueto theinadequat&erneldesign,
whichimpairsthekernel's obsenrability to theunderlyingobjectmotions.We will
furtherinvestigateinto thisissueandpresenbur solutionin Chapter3.

Anotherkind of singularityis aboutthe tracking stability. Whenwe put the
kernelinto someplaces,it is possiblethat even a small perturbationcanchange
the estimatedmotion signi cantly, thus bringing unstablenesasito the tracking.

To addresshisissue we presenbur studyin Chapted, wherea detailedanalysis
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is givento identify thegoodregionsto track,a closed-formcriterionis derivedfor
evaluatingthesensitvity of kernelplacemenandfor choosingheoptimalkernel
placement. To make the optimal kernel placementieasible,we also proposea
gradient-basedlgorithmto ef ciently searclfor suchaplacementwhichgreatly

reduceshe computationatostcomparedvith the exhaustve search.

2.2.1 Kernel-obsewability and improvementon kernel design

Kernelsare consideredas measuringools to obtain observationf the feature
spacewhich canguideoptimizationalgorithms oftengradientoasedapproaches,
to solve a certainproblem.Here,the designof the kernelplaysakey role. Inade-
guatekerneldesignwill impairthekernel's obsenrability to theunderlyingparam-
etersneededo be estimatedwhich will misleadthe optimizationprocedureand
resultsin very poor performance .The recentawarenes®f theinadequatéernel
designcallsfor moreappropriateschemeso construckernels.

Onetypeof theinadequat&erneldesignis abouttheresolutionof thekernel's
sensitvity. Whenexploringthecolor spacdor imagesegmentatiori8], in orderto
malke thekernelsbeingableto acquireamorepreciseandpertinentmeasurement,

kernelshaving variousbandwidthq10, 29] or shape$31] have beenproposed.
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Anothertype of theinadequatéerneldesignis aboutthe lack of the measur
ing tools, i.e., kernelsassociateavith a certainpropertyin the featurespaceare
missing. In the kernel-basedrackingproblem[9], traditionalkernelscannotre-
actto the scalechangesf thetarget. A setof kernelsin the scalespaceis thus
constructedn [7] to accountfor this limitation.

An interestinginadequatekernel designencounteredecentlyin the kernel-
basedrackingproblemposesew challengego theissueof kernel-obserability:
whetheror nottheunderlyingobjectmotionscanbeuniquelydeterminedrom the
kernelobsenation?Thisis alsothe maintopic of our studyin Chapter3. Pointed
outin theinitial work by Hageret.al. [17], the measuremenbbtainedfrom the
kernelswith somede ciency is insensitve to certainobjectmotionsandthuswill
inducesingularitiesin the “unique recovery” of thosemotion parametersMore
intuitively, somekernels,by construction,are blind to somecertainobjectmo-
tions,which will leadto trackingfailures. Multiple kernelsarethenusedin [17]
to increasehe measuremergpacewhichis supposedo accommodatéhosepre-
viously unobserablemotions.

In this thesis,we give anin-depthandmorerigorousinvestigationinto theis-
sueof “kernel-obserability”. A criterionis dervedfrom amoregeneraldescrip-
tion of the tracking problems,which not only superviseghe “unique recovery”
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of the objectmotion, but alsobringsout a collaborative kerneltracking scheme
This schemeoffers substantiabdvantagesover the previous singleindependent

kernelmethod.

2.2.2 Tracking stability and optimal kernel placement

Besidegthe issueof kernel-obserability, anothercritical issuein trackingis the
stability. Signi cant changesn kernel positionscausedoy small perturbations
from obsenationis an undesirablgphenomenaf unstableness tracking. Dif-
ferentkernelplacementsave differentstabilitiesin tracking. We will presenbur
studyon analyzingthe stability, or in otherwords,sensitvity, in choosingkernel
placementand proposethe criterion to selectregions, which are optimal by the
constructiorof thekernel-basedracker.

To the bestour knowledge,the questionthat “what is the optimal region to
placea kernelfor tracking?” hasremainedargely unexploredamongthe litera-
tures.In [5][24][25][28], the problemof selectinggoodfeatuie pointfor tracking
hasbeenstudiedbasedn eigervalueanalysis.Somework alsoextendsthe point
matchingframework to addres®thergeometricafeaturessuchaslines[20][32].

But, therepresentationsf goodfeaturepoints/linesarelargely differentfrom that
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of goodregionsfor tracking,sois theanalyticalresult.
Ourwork onexploring optimalkernelplacements new. Besidesye alsopro-
posea methodto discover temporal-stablé&ernelsfor multiple kernelplacement,

andstudytheissueof scale-ivariantkernelplacement.
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Chapter 3

Multiple Collaborative Kernel

Tracking

3.1 Kernel-obsewability Analysis

Theissueof “kernel-obserability” mentionedn the previous chaptercanbere-
latedto the “system-obsembility” of a moregeneralsystemin Eq.(3.1.1)for a

betterde nition andexplanation.We omit thenoisetermsfor clarity, sinceit does

notaffecttheanalysis. 8
0 = 0 (3.1.1)
5 1.
Yy = MX);



where-( x) representshe inherentpropertyof the statevariablex, suchasthe
compleity, self-containedonstrainior thesystemdynamicsandM denoteshe
obsenationor measuremergrocessin this systemthestatevariablex is hidden
andcanonly be estimatedhroughthe measurement. In the trackingscenario,
the statevariablerefersto the motionto be estimated.Herewe do not limit our
discussion®nly to the 2D displacementdyut generalizet to r dimensionaimo-
tion vector i.e., x 2 R". A critical issueis whetheror not x canbe uniquely
determinedromy, i.e., the observabilityof this system.

In the context of kerneltracking,we treat
x 2 ¢c

Our analysisis basedon the linearizationof the systemat a giveninitial startc,
sincethelocal propertyof ¢ is themostlyconcernedn thetrackingproblem.The
collectedimageevidencefor c + ¢ c is the differencebetweerthetargetandthe

P

candidatei.e.,” Qi P p(c+ ¢ c). Linearizingit w.r.t. ¢ c, we have

_ P —
Pdi " plO=Mcec
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p

where ﬁ;p p(c) 2 R™, ¢c2 R,M 2 RM",

M = idiag (p(c))i 2UT Ik (c);

-2

2 3
r cK (Xli C)
r K(xz2i ©)
Jk (c) = ;
r K(Xni ©)

anddiag (p) representghematrix with p onits diagonal.Thisresultwasactually
obtainedin [17]. In view of this, we treatthe measuremeny £ P qi P p(c),

andthusthelinearizedmeasurementequation canbewritten as:
y=M¢c= Mx: (3.1.2)

Whenthe motion constraintdholdsatc + ¢ c,i.e.,-(c+ ¢ c) = 0, wecan
alwayslinearizeit as
-(c)+-%c)¢c=0:
4

Thus,whenwedenel = j -( ¢), andG . Ac), we have alinearizedsystem

stateequation, or the state constraint equation:
| = - %c)¢ c = Gx; (3.1.3)

wherex 2 R" andG 2 RSt', s is the numberof linear constraints We have the
following theorenthatstipulateghe kernelobsenrability,
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Theorem 2 Kernel-Obserability
Thesystendescribedoy Eq.(3.1.2)and Eq.(3.1.3)is observablei.e., uniquere-

coveryof x is guaranteed jff
rank(M™ + °GTG)=r; 8 >0 (3.1.4)
e, (MT™™ + °GTG) isof full rank.

Proof:
Given the systemstate equationEq.(3.1.3)and the measuremengquation
Eq.(3.1.2),we form an objective function that penalizeshe measurementnis-

matchandthe deviation from the systemconstraints:
L(x) 2 kMx i yk2+ °kGx i Ik
where® > 0. Settingthederiative to zero,we have:
X°=(M™™M +°G'G) M Ty + °GTI):

Thisis equvalentto the leastsquaresolutionto thefollowing system:
2 3 2 3

i b-f
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2

3
M
Thusthesolutionis uniqueiff therankof M TM + °G TG isfull, or§ é has
P o
G

full columnrank.ll
Basedonthistheoremwe demonstratéhreeexamplesontheuniquerecovery
of x, i.e., ¢ c, from the above system,and motivate our proposedapproachof

multiple collaboratve kernelsin Section3.2.

3.1.1 Examplel: asinglekernel

As a specialcase,if we do not considerthe systemstateequation,which means
the contrikution of G vanishesj.e.,G = 0, the obsenrability of a singlekernel,
basednthe Theoren2, is givenby checkingrank (M "M ), or rank (M ).

This conclusioncoincideswith the SSD-based@nalysisin [17], wherea least

squareproblemis formulated:
_ _ P— 1 1
mink” @i p(O)i Sd(P(e) UTIk ()¢ ck?
C

Hageret.al.[17] pointedout therankde ciency of M = 2d(p)’ 2UT I (c) will
notallow a uniguesolutionto ¢ c.

In orderto recover ¢ c in thissystempeforetakingeffort to make M full rank,

LFor matrixH, rank (HTH) = rank (H)

36



it shouldbe notedthatd(p)i 2 andU would not be rank de cient aslong asthe
numberof the non-zerovaluesin the histogramis no lessthanthe numberof the
parameterto beestimatedwhichis solelydeterminedy theimageandthetarget
property

Thus,the pointthatthe obserability gain canfoundits placeis to changethe
kernelrelatedJk (), i.e.,to changahewaysof extractingtherepresentatie infor-
mationfrom the objects,which motivatesthe methodsof usingmultiple kernels.
Two exampleswill begivenin Sec3.1.2andSec.3.1.3,andour proposednethod

in Sec.3.2.

3.1.2 Example2: kernel concatenation

We can concatenatenultiple kernelsto increasethe dimensionalityof the mea-

surement(i.e., the histogram). Supposeaherearew kernels,eachof them pro-

By vertically stackingthesehistogramsnto p anddq, it is easyto shawv thatbased
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onthe Theorem2, the obsenability is givenby checkingrank (M "M ), where
2 32 3

urt Jk,
1, .1
M = éd(p)| 2 e (3.1.5)
ur Jk.,,
which may hopefully have full columnrankto enablea uniquesolutionto ¢ c.
Thismakessensesincemorefeatureshave beenused.Thisis actuallythemultiple

kernel methodsuggestedn [17]. In fact, the kernel concatenationmplies the

optimizationproblemas:

31 " pcr eoKk:

3.1.3 Example 3: kernel combination

Besideskernel concatenation Sec.3.1.2that usesmorefeaturesanotherfea-
sible solutionis kernelcombinationto producenew featuresby aggreating the
histogramvectorsfrom multiple kernels(with normalization):

T - —:XN T ()
U'Ki; p U’ Kj(c):

i=1 i=1

N
I

Thenthe measuremergquationis written as:

p —
dgi p(c)=Mcc;



where

1, . X
M:Ed(ﬁ)'EUT k. (3.1.6)

i=1
This may also make the matrix M "M full rank. In essenceaslong asthe
measuremennatrix M canwell depictthe characteristicaroundc, we can nd

[ ©
pqi p(c+ ¢c).

aproper¢ c in theneighborhoodhatminimizes
Here,we give anillustrative example. For comparisonwe emplgy the same

roof kernelsasin [17], with lengthl, spans, centerc andnormalvectorn.

K oof (X;C; n) = ma)(g i k(X i C) ¢nk; O)Z

(I=s?)

Intuitively, this is a truncatedtriangularkernelwith preferredorientationn.
We implementa singleroof kernel,a concatenatiomf two roof kernelswith or-
thogonalbrientationsasEq.(3.1.5andacombinatiorof thesamewo roof kernels
asEq.(3.1.6)to track a chalkbox asshavn in Fig. 3.1.1. The surfacesof value
1j kp qi P pk? w.r.t ¢ c generatedby thesethreemethodsn oneof thetracking
iterationsareplottedin Fig. 3.1.2.

It is now clearthatbecausef therankde ciency, a singlekernelcannotper
ceive thechange®f ¢ ¢ in somespeci c directions.While concatenatedr com-
binedkernelscanwell approximatethe neighborhoodraluesandensureto nd

P

the ¢ ¢ minimizing the error kP qi Pk, (in Figure3.1.2,thatis maximizing
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(c) Kernelcombination

Figure3.1.1: A comparisorof singlekernel(toprow), kernelconcatenatiofmid-

dle row), andkernelcombination(bottomrow).

1j kP qi P pk?). Concatenatellernelsandcombinedkernelshave shovn sim-
ilarly betterperformance.

However, althoughthesewo multiple kernelmethodsnayoutperfornthesin-
gle kernelmethod neitherof themprovidesa principledway of designingmulti-

ple kernels.
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@ (b) ©

Figure3.1.2: The surfacesof 1 j kp qi P pk? of (a) singlekernel, (b) kernel

concatenatiorand(c) kernelcombination.

3.2 Multiple Collaborative Kernels

As shavn by theexampledn Sec 3.1, it is clearthatwe expectbetterperformance
thansinglekernelmethodsy usingmultiple kernelsin the measuremerygrocess,
Eq.(3.1.2). Basedon the kernelobsenrability Theorem,we noticethat mostex-
isting multiple kernelmethodd7, 17], includingkernelconcatenatiomndkernel
combinationdo not utilize the stateconstraintskEq.(3.1.3) which shouldalsobe
usedto copewith the rank de ciency. The neglect of the stateconstraintswill
largely limit the applicability of thesemethods,especiallyfor complex objects
and motions. This is also onereasonthat holds the kernelmethodsback from
trackingmultiple targets,sincesimply assigningndependenkernelson multiple
targetsis unlikely to solve the problem.

A new schememultiple collaborative kernels is proposedn this sectionby
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exploiting the stateequation( x) = 0. We shaw thatthisis alsoanef cient way
to improve the “obsenability” of the tracking system(Sec.3.2.1), by utilizing
appropriatesystemdescription(Sec.3.2.2).Our analysisalsorevealsthe “collab-

oration”of multiple kernelsghatmakespossibleef cient computatior(Sec.3.2.3).

3.2.1 Enhancingthe obsewability

To startwith, an obvious andcommonlyencounteregbrototypeof -( x) = O for
multiple targetswould be the structual constaint. Takingarigid rod asa simple

example,seeFig. 3.2.1,we now shav theimproved“k ernel-obserability”.

Figure3.2.1: Thelengthconstrainbnarod.

Consideringheslim shapeof therod, it is dif cult to trackit with onesimple
symmetrickernel. Alternatively, we canrelax its motion by representingt as
the joint motion of the two ends,while enforcingthe length constrainton this
relaxed (higherdimensionalmotion. Two simplesymmetrickernelstake chage
of thetwo endsrespecitrely. Thebene t of doingthis, besidesecoveringtherod
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position,is the estimationof therod orientation.
By exploring the structuralconstraint,say the rod is of x edlengthL, we

have?,

kerj cok?= L2 (3.2.1)

where,c; andc, aretheresultingcentersof the kernelsplacedat theends.Then
the objectie function, which jointly considersboth of the two kernels,will be
formulatedas:
: _XZ P P——5 o 2. : 2,2.
O(ci;cr) = ki dii pi(ci)k™+ °KL"j keri cokkS;
i=1

whereq, p1(c;) arethetargetmodelandthe measured¢andidateassociateavith
one of the ends,similarly with g, and p,(c;). This formulation compromises

the featue similarities andthe structumal constaint, with ° beingthe tradeof.

By linearizingit at (cy;cy), we have a linear system(with stateequationand

2This simple constraintis for illustrative purpose. More complex constraintwill be readily

incorporated.
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measuremergquation):

where

8 2 3
? _ G§¢Clé
2* %3
§ y = M §¢ clé
¢c,
2 3 2 2 3
a=§ Lip=§ (CI)Z § pl(cl)é:
0z p(c2) @ i pz(Cz)
2 3
Vi = ng 0 Z
0 M,

M = ddiag (p(c)) 2UTIk () i= 12

G=2 (cii c2)T (C2i €)'

| = L?j kepj cok%:

(3.2.2)

Basedon the kernelobsenrability Theoremin Sec.3.1, the obsenrability of this

formulationis givep by chgckingrank (M ™ + °GTG). Thisis equivalentto

thecolumnrankof § Z whichwill benolessthanthatof M .

pU‘G

Then,we cangeneralizehe above ideaby consideringmultiple kernelswith

a certainstructuralconstraint-( cy;c;:::;cy) = 0. The objective functionwill
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thushave theform,

P b
kp di i pi(ci)k?

O(C1;Cp; it Cw) =
i=1 (3.2.3)

8
E | = G¢c
5 : (3.2.4)
-y = M¢c
where 2 3 2
P
¢cy P qii  p(cy)
N © J—
¢ co P qz i p(c2)
¢c= ;Y= :
[ © J—
¢c, Pawi = plow)

2 3
M, 0 0 O
(3.2.5)
0 M, 0 O
M = ;

G= © ©_ @
@ @ ¢ee @w
| =i -(cy;Caiii;C0)



2 3

M
Similarly, the unique motion can be estimated provided thatg é hasfull
P o
G

columnrank.
Now, it is worth pointing out thatwithout the introducedconstraint-( 9, i.e.,

G = 0, thesolutionwill bereducedo
y=M¢c; (3.2.6)

whichis equialentto solvingthew kerneltrackingproblemsindependentlyre-
quiringM to have full columnrank,i.e., every kernelneedgo be obsenrable.
The advantageof the collaboratve kernelsis thatit doesnot requireall the
kernelsto befully obserable.Evenif someof thekernelsgetbad,e.g.,distracted
by theclutters,theotherkernelsmaystill beableto “pull” theill-behavedkernels
backto thetrackaccordingto theinherentconstrainembeddedn Eq.(3.2.4).As
longas(M ™™ + °GTG) is of full rank, our methodcan toleratethoseunob-

senabjekerngls. In theory sucha good propertyis guaranteedy the fact that

rank(gpwI Z), rank(M).
°G
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3.2.2 The systemdescription

The systemdescriptioncan have variousforms in differentapplications. Two
prototypesof the systemdescriptionof multiple kernelplacementsvould be the
globalsubspacelescriptionandthe local component-wisdescription.

In the exampleof trackingarod in Sec.3.2.1,the x ed-lengthmodelis ac-
tually a component-wisalescription. It is rigid in its form becausat is really
dif cult to learnacomprehensie modelof amoving rod. Assumingoneend,e;,
of therodis x edin theimage,theimagecoordinate®f theotherend,e,, canbe
ary pointin the circle, with e; beingthe centerandL beingthe radii. However,
given shortinter-frame intenval, the length betweenthe two endswill not vary
much. So, the component-wis&lescriptioncan help multiple kernelssearchfor
the optimaldisplacementsf instantaneousotions.

A moregeneralform of the multiple kernelplacementsvould be a subspace
model. Thesubspacenodelarewidely emplo/edin computewision[11, 21] and
graphics[27] for representinghe datapatternswhich is especiallyusefulwhen
a lower dimensionalcompactrepresentatios neededor a higherdimensional
data.Thesubspacenodelis learnableln [3], thesequencef joint angletrajecto-

ries of humangaits aremodelledinto a lower dimensionaldatastreamgenerated
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by an“ARMA” model,which is essentiallythe projectionresultsonto a learned
lower dimensionakubspaceln [11], a subspacenodelis learnedasthe Active
AppearancéModelfor interestpointson theface.

In this sectionwe give the formulationof the systemequationusingthe sub-
spacemodel. Givena setof training dataor learnedprior knowledgeof multiple
interestpointson an object,wherewe wish to placekernelsfor tracking,the co-
ordinatesof thesemultiple kernelsin all the frames,c 2 R canbe compactly
modelledby a lower d-dimensionalsubspaces® ¥ R2¥. Obviously, the dif-
ferencebetweenthe coordinateswhich is the kerneldisplacementve seekfor,
residedn thesamesubspacaswell, ¢ ¢ 2 S¢.

It is not our intentionto corvince the readerthatthe subspaceepresentation
offers an optimal modelling for structuredobjecttracking, we just to illustrate
thatthesubspacenodelis valid in somecommondatasetsandthusofferingmore
e xibility in designingandimplementingmultiple collaboratve kernelsfor such
tracking tasks(suchas a part-basedracker with kernelsplacedon eachpart),
which cannotbe handledby single,independenkernels.

We assumethat the multiple kernelsare placedon the interestpoints with

eliminatethe translationby subtractingthe meanvectorfrom thosecoordinates,
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pj = Pji Pmean:

p
}N:j_ Pj

wherepmean =

In thefollowing, thescript,f (f = 1;2;:::), will representheframenumber
e.gff denote< atframef , [J; representshevectorcollectedat framef . After
obtaininga setof concatenatedectorsof kernel coordinatescollectedfrom a

seriesof frames,

¢ = [p5p%: P = [P1i PreaniP2i PmeaniiiiiPwi Pmeanll 2 R?";
(3.2.7)
we canapply PCAto T.f = 12::to obtaina lower d-dimensionakubspace
representationS?. For example,the subspacef the in-planerigid motion will
be of dimension2. An afne motion modelwill yield an even higher motion
subspaceThen,the concatenatetterneldisplacemenin eachframe, ¢ c f =

1, 2;:::, residesin the samesubspacaswell, ¢ T 2 s RecallEQ.(3.2.7),it
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shouldbeclearthat

—f 4 i
¢T =[¢chec eI =¢CT | €T eans
¢ch = [¢cycoiiiicul]
¢ Thean = [€ Cmean; € Cmean; <15 ¢ Crean]

F,W

i=1 ¢

where¢ Crean = —2—. The notation¢ ¢, which hasthe meanvector sub-
tracted,s usedhereto differentiatewith ¢ T, thevectorwithoutmeansubtraction,
in Sec.3.2.1.

This brings a practicalconstrainton ¢ T whenwe solve for the kerneldis-

placementsn eachframef. Theimposedsubspaceonstraint,or the system

equation, is formulatedasfollows, (we omit framenumberf for brevity.)

(i VW T)¢Ti ¢Cmean)=0; (3.2.8)

SY by usingPCA on the setof vectors¢ T withf = 1, 2;::: beingthe frame
number Thedimensiord is determinedy checkinghesteepestiropin thesorted
eigevalues. ThusVV T is the projectionmatrix to the subspaces?, and (I j
VV T) representshe residualafterthe projection. Eq.(3.2.8)actuallyrepresents

thatthevector¢ Tj ¢ Cnean residein thesubspacepannedy V.
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CombingEq.(3.2.8with Eq.(3.2.6) we have
8
20

3

(I'i VWT)¢Tj €¢CTrean)
: (3.2.9)

y M¢T
It canalsobeshavn thattheconstraintwvill improvethekernel-obserability, since

thesolutionto Eq.(3.2.9)is

¢c=(MTM+°(i VW HTUi W )M Ty+° (17 VW )T (1 VW T)C Crean):
(3.2.10)
It is seenthatl). therankof matrixM ™™ + °(1j VW D)T(l i VV T)isno
lessthanthatof M, thustheoverall“k ernel-obserability” is improved;ll). theso-
lution Eq.(3.2.10notonly looksfor thelocationto minimizethe color histogram
difference,but also shavs the consenton the subspacealescription. The effec-
tivenesf subspacenodellingandtheencouragingrackingperformancevill be
demonstrateth the experimentsection.
Theglobalsubspacenodelandthelocal component-wisenodelarejust two
prototypesof the systemdescription;( x) = 0, theabove paradigmof designfor
multiple collaboratve kernelscanbereadilyextendedo othersystendescriptions
with different physical meaningsaswell, suchasthe more complicatedmotion

dynamicsor thelearnedmotionpriors.
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3.2.3 The collaboration

Thesolutionto thelinearsystemin ourformulationEq.(3.2.4for multiple collab-

orative kerneltrackingis givenby:

¢c=(M™M +°GTG) {MTy + °G"l): (3.2.11)

Speci cally, for thecomponent-wiseescriptionn Sec.3.2.1,

5

@ @: @w
(3.2.12)
=i -(ciCaiiicu)
For thesubspacelescriptionn Sec.3.2.2,
G=1j w'T
(3.2.13)

= (i VV T)¢ Crean
Dueto therelaxatiorof thesystenstatesthedimensiorof thematrix(M "M +
°GTG) canbe quite large (the sumof motion parametersf all individual ker-
nels).Thus,it is computationallydemandingo calculateits inverse.Considering
the specialstructureof M , we obtaina muchmoreef cient method,which pre-

ciselyrevealsthe collaboratioramongmultiple kernels.
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By applyingmatrix inversionlemma, we canobtain,

¢c=(i DY (MTM)IMTy + °GTI); (3.2.14)

whereD = °(MTM)I IGT(°G(MTM)I IGT + )i 1G

Providing thatM ™M is non-singularthis equatiormeanghatwe cansave the
computationatoston (M ™™ + °GTG)i ! by computing°G(M TM)i 1GT +
1)i tand(MTM)i tinstead Generallythedimensionalityof (°G(M TM )i 1G T+
1), which equalghenumberof constraintjs smallerthanthe parameterso bees-
timated,i.e., thedimensionalityof (M TM + °GTG). Moreover, the calculation
of (MTM)i L is notdif cult sinceit hasablock-diagonaktructureform (recalling
thestructureof M in Eq.(3.2.5)).All of thesecountto a potentialdecreasén the
computationatost.

Noticing thatthe solutionto theunconstrainegroblem(i.e.,independenker-
nels)is givenby:

¢c,=(M™M)I M Ty = MYy; (3.2.15)

whereMY is the pseudo-imerseof M. This unconstrainegolutioncanbe cal-

culatedeasilywith linear costw.r.t. the numberof kernels,sinceM is a block

S(A+BD)il=Ail; ATIB(DAIIB + 1)i IDAT 1 whereA isan by n matrix,B is a
y

n by m matrixandD is am by n matrix
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diagonalmatrix. Any singlekerneltrackingmethodcanbeappliedhere.
Usingtheunconstrainedolution¢ T,, we canrewrite the solutionto the con-

strainedproblem,Eq.(3.2.14)as:
¢c=(lj D)¢c,+ z(c); (3.2.16)

wherez(c) = °(I i D)Y(MTM)i 1GTI. The mechanisnof the collaboration
amongmultiple kernelsis pronouncedeachindividual single-lerneltracker fol-
lows its designatedarget (a small partof the entiretarget of interest)by its own
means,and exchanges'corrections”to othersingle-lerneltracker. Sucha col-
laborationendsup with anequilibriumwherethe entiretargetis tracked andthe
structuralconstrainteamongmultiple kernelsaresatis ed.

Thecollaboratioractuallysuggests very ef cient recursve methodof calcu-
lating the constrainedolution. We canalternatéwo stepsuntil convergence: rst
relaxthe constraintdo solve the unconstrainedneby Eq.(3.2.15) andthenad-
justtheunconstraine@stimatesccordingo Eq.(3.2.16)with lesscomputational
cost.

¢t A (I'i DYIM (¢ THPY" + Z*; (3.2.17)

whichis very similarto the x edpointiterationandcorvergesvery fast.

This collaboratve solutionis usefulto multiple target tracking. Becausewe
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avoid estimatingthe motion statesfrom the joint parametespace. Instead,we
solve the divided problemsin the reducedsolutionspacethenapplyingregular

izedtermsto meetthe certainconstraint.

3.3 Experiments

In this section,we reportour experimentsof the proposednultiple collaboratve
kernelmethodto track structuredbjectsandarticulatedobjects,andthe compar

isonto multipleindependenkerneltracler.

3.3.1 Tracking structur ed object

Objectwith certainspatialstructureis a commonplacan mary tracking tasks.
But someof them,suchasa handsebr arod-shapedbottle, cannotbe easilyhan-
dledby thetracker with a singlesymmetrickernel. SeeFig. 3.3.1andFig. 3.3.2.
Our experimentsvalidatethe proposedmethodof multiple collaboratve kernels
thatcantrackthesetarmgetssuccessfullyandto estimatethetargetorientationasa
byproduct.

Fig. 3.3.1shawvs 4 sampleframesfrom a sequencef arotatinghandsetThe

histogramn theRGB spacas takenasthefeature.We rst applytwo independent
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(b) usingmultiple collaboratve kernels.

Figure3.3.1: Trackinga handset.

normalkernelsat both endsof the handsetcoloredasredandblue, respecirely.
Theresultis shovn in Fig. 3.3.1(a). We shouldnoticethatthe motion alongthe
handsets not fully obserablefor both kernels,andthe appearancesf the two
endsof the handsetareidentical. The two kernelsdrift alongthe handsetand
eventuallylosethetrack.

With the samekernelsbut collaboratingthem basedon our method,we in-
troducea lengthconstraintkc, j c,k? = L2, with L givenby theinitialization.
Theresultis shavn in Fig. 3.3.1(b). As predicted,the collaborationof the two
kerneldeadsto a successfulrackingresult. This experimentshovs aquite mean-
ingful propertyof the collaboratve kernelapproach:althoughnot all the kernels

arefully obsenable,the collaborationcanstill make theensemblebsenable.In
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all experimentswe set® in Eq.(3.2.3)o bel.

(b) usingmultiple collaboratve kernels.

Figure3.3.2: Trackingarod-shapedbottle.

Fig. 3.3.2shavs anotherexperimenton a rod-shapedottle. We rst place
two independennormal kernelsat the ends. The histogramof H-value of the
HSV spaceis usedasthe objectfeature. Sampleframesof the resultof using
independenkernelsare shavn in Fig. 3.3.2(a). Notice that the motion of the
lower-end,indicatedby thekernelin blue,is notfully obsenable,sincetheimage
regionsin thelower partof the bottle aresimilar. Thusthe blue kernelis vulner
ableto distractionwhenthe two kernelsfunctionindependentlyIn contrastithe
collaborationof the two kernelscontritutesto a morereliabletrackingresult,as
shavn in Fig. 3.3.2(b).

The proposedcollaboratve schemealso provides anotherbene t. Whena
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(b) usingmultiple collaboratve kernels.

Figure3.3.3: Trackinga nger.

certaintargetis our focus-of-attentiorbut unfortunatelycannotbe stablytracked,
we canreferto anothereasilytracked objectasanauxiliary to gain a betterresult.
In Fig. 3.3.3,we aimto trackthe ngertip in aclutter By placingakernelonthe
easilytracked wrist, we constrainthe two kernelswith a x edlength. Theresult
of usingour methodis shavn in Fig. 3.3.3(b). In fact, The rolesof the objectof
attentionandthe auxiliary areinterchangeabléhroughouthe processn orderto
amelioratethe potentialtrackingfailure of eitherone. Two independenkernels,
asshawn in Fig. 3.3.3(a),0of courseareunableto recover from trackingfailurein

theclutter
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3.3.2 Tracking articulated objects

Another useful applicationof multiple collaboratve kerneltrackingis to track
articulatedargets,suchashumanbodyarticulation.To thebestof ourknowledge,
thisis the rst work extendingkernelmethodsnto thistask.

Fig. 3.3.4shavs sampleframesof an experiment,in which a personmoves
his two arms. We apply two pairsof collaboratve kernelson the elbovs andthe
hands. The tracking result of our approachis shavn in Fig. 3.3.4(b). On the

contrary the methodbasedon four independenkernelsleadsto a muchinferior

performanceasshovnin Fig. 3.3.4(a).

= ——————

(b) usingtwo pairsof collaboratve kernels.

Figure3.3.4: Trackingthearticulatedoodywith two arms.

Another experimenton an articulatedstructureconsistingof an arm and a
bottle in handis shavn in Fig. 3.3.5. We apply threekernelsto the elbow, the

handandoneendof the bottle,respectrely. Comparedvith theresultyieldedby
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independenkernels(in Fig. 3.3.5(a)),two pairsof collaboratve kernels(elbov
& hand,hand& bottletip) provide a muchmorerobustperformancesshavn in

Fig. 3.3.5(b).

(b) usingtwo pairsof collaboratve kernels.

Figure3.3.5: Trackinganarticulatedstructure.

The structuralconstraintusedhere senes as a basic meansfacilitating the

implementatiorof multiple collaboratve kernelson morecomplex trackingtasks.

3.3.3 Usingthe subspacanodel

In this section,we demonstratehe advantagesrovided by usingthe subspace
constraintmodel.

First, we needto learnthe subspacenodelfrom the training data. Fig. 3.3.6
shawvs the sampleimage,in which a staticboxis beingviewedby a moving cam-

era. We manuallylabelledthreeinterestpoints denotedby red “x” througha
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sequenc®f 50 frames. A subspacenodelis thenobtainedby applyingPCA on
theconcatenatedectorsof kernelpositionsc = Tj Cmean (With meanvectorsub-
tracted).Thedimensionof the subspacés determinedy examiningthe sharpest

dropin the sortedeigervalues.

Figure3.3.6: Labelledinterestpointsfor subspacenodellearning.

Then, the solution Eq.(3.2.16)is usedto guidethe collaboratve kernelsfor
tracking. This formulamakescleara two-stepapproachOneis anunconstrained
kernelshifting: ¢ T, andthenext is a constrainegubspaceegularization.In ex-
perimentweimplementhistwo-stepmethodfor computationaéf ciency, aswas
describedn Sec.3.2.3. If the resultingkerneldisplacementeviatesa lot from
thesubspacenodel,a mappingto thelearnedsubspaceés takenfor regularization
purpose.

For all of the sequencesye alsotestthe singleindependenkernelmethod.
Both methodsare appliedfor every otherframe. The comparisorresultfor this
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“box” sequenceés shavn in Fig. 3.3.7. We canseethatin presencef fastscene
changessinglekernelsaremorevulnerableto distractionsandaremoreproneto

losethetrack. In contrastthe enforcedsubspaceonstrainis capableo stabilize
the kernelmovementsthushaving an overall betterability to avoid distractions

for eachkernel.

(a) usingthreeindependenkernels.

(b) usingthreecollaboratve kernelsundersubspaceonstraint.

Figure3.3.7: Trackingthreepartsof intereston a box.

We have alsocomparedhe resultsof singleandcollaboratve kernelsagainst
the groundtruth, which is obtainedby manuallylabelling. Fig. 3.3.8(a)shaws
the error of kernelpositionsobtainedthrough 150 frames. Fig. 3.3.8(b)shavs
the error of histogrammatchingin the samesequence.The robustnessof the
collaboratve kernelsis shavn.

Fig. 3.3.9shaws the resultof anothermoving box sequence.The subspace
modelis learnedfrom a sequencef 50 frames. It canbe seenthat the single
kernelsare subjectto drifting alonga certaindirection. For instanceJook at the
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(a) Errorsin kernelposition. Left: independenkernels.Right: collaboratve kernels.

(b) Errorsin histogrammatching.Left: independenkernels.Right: collaboratve kernels.

Figure 3.3.8: Error comparisonof single and collaboratve kernelsagainstthe

groundtruth.

orangestripe at the bottom of the box. The kernelscannotobsene the precise
movementalongthis stripebecausall thelocationsin this stripeyield the similar

histogramasthatof theoriginaltarget. For comparisonthe subspaceonstrainis

shawn to be ableto discriminateandregularizethe invalid kernelpositions,thus
morerobustresultis obtained.

Fig. 3.3.10shaws the resultfor trackingthe headand shouldersof a person.
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(a) usingfour independenkernels.

(b) usingfour collaboratie kernelsundersubspaceonstraint.

Figure3.3.9: Trackingfour partsof intereston a box.

As shawn in Fig. 3.3.10(a),the performanceof independenkernelsis not war-
rantedby neglectingthe spatialconstraintamongthem. Drift anddeviation are
obsered. In contrastsincethetrainingdatawe collectedfor subspacenodelling
admitsnoisemeasuremenrdind variations,to someextent, in the scale,the sub-
spacemodelcanhelpto toleratesomescalechangef tracked object,e.g.,the
personwentdown or camecloserto the cameraasshawvn in Fig. 3.3.10(b). A

morestableperformances obtained.

(a) usingthreeindependenkernels.

(b) usingthreecollaboratve kernelsundersubspaceonstraint.

Figure3.3.10: Trackingthe headandshoulders.
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A morechallengingtaskis shavn in Fig. 3.3.11. We wantto track somein-
terestregionson amagazinecover, whichis undegoingdeformation A subspace
modelis learnedfrom 75 frames. Fig. 3.3.11(a)shaws the trackingresultof six
independenkernels.Their ability of toleratingdistortionis poor. Severalkernels
easilydrift away. The collaboratve kerneltracking,asshovn in Fig. 3.3.11(b),
achiezesmorerobust performance By framingin the subspacenodel,both his-
togramsmatchingandsubspacenodelregularizingcontrilbuteto stabilizetheker-
nel positionsagainstlarge distortions. The resultingkernelscanwell graspthis

structurednagazinecover.

(a) usingsix independenkernels.

(b) usingsix collaboratve kernelsundersubspaceonstraint.

Figure3.3.11:Trackinga magazinecover with deformation.

To summarizeby usingmultiple kernelswe caneaseheburdenof represent-
ing andtrackingaholistic object,possiblywith somedistortionsor deformations,
by usingasetof collaboratve kernels.Thisis afeasibleapproachl, 18], although
somemorechallengingproblemssuchasmodelupdatingareworth beingfurther
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studied.

3.4 Remarks

In thischapteracriterionis obtainedntheissueof “k ernel-obserability”, which
leadsto a principledway of kerneldesignwith preventionof singularityin kernel
basedrackingproblems.Basedon this, a multiple collaboratve kerneltracking
schemes proposed.Differentfrom the mostexisting kernel basedalgorithms,
which are con ned by independenkernelsand single target, we showv that by
exploiting theinherentrelationshipamongmultiple kernels,not only the“kernel-
obsenability” is improved, but alsothe applicability of the kernelbasedmethods
is naturallyextendedto copewith articulatedtargetsandcomplex motions. This
helpsto gain moreinsightinto therole thatkernelplaysin thetrackingproblems.
However, the geometricconstraintusedin this chaperis rigid in its current
form. The subspaceonstraintoffers more modelling power andtolerance but
still, lacksanupdateschemewhich aloneis aninterestingresearchopicin visual
tracking. Thefocusof our futurework will be exploring how to incorporateicher
systemmodelsto accountfor more complicatedmotionsand how to make the

kerneldesignadaptabléo variouservironmentalchanges.
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Chapter 4

Ef cient Optimal Kernel Placement

for Reliable Visual Tracking

4.1 Optimal SingleKernel Placement

As mentionedin Sec.2.2.2,the ll-conditioned caseof unstableness tracking
may notablydeterioratehetrackingperformanceDifferentkernelplacementan
yield quite differentstablilitiesin tracking. In this section,we give moredetailed
analysisinto sucha caseand proposea criterion to selectoptimal locationsto
placekernels,which avoids the ill-conditioning to the largestextent. The analy-

sisis moreeasilyapproachablenderthe formulationof closed-formtrackingin
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Sec.2.1.3.For brevity, notations suchasthe histogranrepresentatioandthe so-
lution of estimatednotionfor tracking,arereferredto Sec.2.1.3. Theanalytical
resultfor optimalkernelplacements equialentlyapplicableto thatof meanshift

trackingin Sec.2.1.2.

4.1.1 Applying the condition theory
To analyzethe stablenessor say the sensitvity, of the solution ¢ ¢ for kernel
placementwe rst referto the conditiontheory

To solve x from alinearequation,

Ax = b:

besidegequiringA to beinvertible,it is alsoexpectedthatthe solutionis numer
ically stable. The analysisof how sensitve the x is, given changesn b, canbe

achiezed by examiningthe conditionnumberde ned as,

- (A) = KAKKA! k:

For example,when?2j normis used,- ;(A) = kAkKokAi tk, = 34 (A)=3%(A),

whichis theratio betweerthe largestandthe smallestsingularvalue.
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Forasinglekernel,we needo calculatehemotionparametet c fromM ¢ ¢ =

pqi P p(c). Thesolutionis

cc= MM MTPg; " pe):

So,(M "M )i M T shouldbe considerecisa wholeentity, which tells how sensi-

Pai p@-

tivethe¢ c is, givensmallchangesn
Since(M "M )i IM T is notasquarematrix, its “conditionnumber”is notwell
de ned. However, consideringheessencef this problem,if wetake SVD of the
2£ mmatrix(M M) IMT as(MTM)I tMT = U§VT,
We would expectthatthe 2 singularvaluesin § be comparabléo eachother
suchthatthe (M TM)i *M T is equally sensiblein both directionsof its two or-
thonormalsingularvectors.Otherwisejf thetwo singularvaluesareunbalanced,

P qi g p(c) causedy noisewill changehesolution¢ c signif-

a uctuationin
icantly alongthe singularvectorcorrespondindo the larger singularvalue,and
negligibly alongthe singularvectorcorrespondindo the smallersingularvalue,

bringingin undesirablenumericalinstability, andsucha regionis generallycon-

sideredto bea badplacemenof thekernel.
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Noticethat
(M TM)i 1 = (M TM)i lM T((M TM)i 1M T)T - U§2UT,

andassumé/ and¥, aretwo singularvaluesof (M "M )i 1M T it is easyto verify

that

2((MTM)T) = (%=%)%:

We alsohave - ,(MTM) = -,(MTM)i 1), In view of this, the sensitvity
evaluationof (M TM )i M T is just equivalentto inspectingthe conditionnum-
berof (M TM), since: (M "M ) monotonicallyincreases/decreasetien¥s=%
increases/decreases.

So, thecriterion for areliablekerneltrackingis: we needto putthe kernelto

sucha placethatthe conditionnumberof M "M is minimized.

min - 2(MTM): (4.1.1)
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4.1.2 Interpretation of the condition number criterion using

the 2-norm
Here,we give anintuitive interpretationof the conditionnumbercriterion using
the 2-norm, which requiresto evaluatethe singularvaluesof M "M . Actually,
evaluatingthe singularvaluesof M doesnt affecttheanalyticalresult.
In thefollowing, X; representa datapointwith index i, while x{ denotegoint
i of colorj . Fortheproblemof n pointswithin thekernelrangeandm color bins.

By recallingEq.(2.1.19),

M = Zdiag (p(c) FUT Ik (c):

The it row of then £ 2 matrix J« is (X i c)gik%kzq:, with g(§ = j kY9
andkq ¢ beingthe pro le of the kernelK. Then,by left multiplying them £ n
sifting matrix U T, theresultingm £ 2 matrix,denotecasD = U T Ji (c), hasthe
5 ,
meaningthatthej ! row of D is thesumof x! | ¢ weightedby g kX?thz for
all pixelsx; of colorj,i = 1;:::;n;j = 1;:::;m.
AsforM = %diag(p(c))i 2D, we canseethat eachrow of M is just the

normalizationof the correspondingow in D by afactorof 2p(c) 2, thusgiving a

particularconstrainion ¢ c,
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He oLt

P . i o o
= (digg oSt ec=Pqi Py (4.1.2)
|

Theintuition of theLHS of thisequationj.e.,thej th row of M , Isthatwe sum
5 ,
all thedisplacememlectorx{ i cof colorj,whichareweightedby g kxji%k2 ,
andthenthe summationis scaledby Eplprj Denotethis resultas|d!, djy], which
canbeeffectively considereasthe centerof massof all pixelsof colorj .
Sincea goodkernelplacemenis featuredby a M with comparablesingular
values this requiresthatall therows of M, [d}, d}];j = 1:::;m well spanthe

2D space Thecorrespondingituationis thatall the centerof masse®f thecolor

componentshouldbedistributedevenly aroundthe centerc.

4.1.3 An equivalent condition number
In practice,2-normconditionnumberis not straightforvard to compute. In this
section,we introduceanotherform of conditionnumber beingequialentto the
2-norm condition numberwhenthe matrix is 2£ 2 symmetricpositive de nite.
The new conditionnumberoffers a greateaseof computationandfacilitatesan
ef cient searchingalgorithmfor optimal kernelplacementaswill be derived as
follows.

The Schatteril-norm[2][19][26] is de ned as,
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X
KAks = Y,

de nite matrix, we canhave,

F)
kAks = % = tracdA);
Q (4.1.3)
% = det(A):
Givena2£ 2 symmetricpositive de nite matrix A=f a; g, we canthenhave a

closedform expressiorof S-normconditionnumberas,

-s(A) = kAKkskAi ks = tracdA)tracdAi 1)
(4.1.4)
_ fracea) _ (ann+axn)? .
- trace{A) de'(A) - allalzlzi 62122321'
And equialently,
Yy + ¥)?
s(A)= AT %), (4.1.5)

Y4
Accordingto [16], any two conditionnumbers g(A) and- -(A) areequiva-

lentin thatconstants; andc, canbefoundfor which

cire(A) - - —(A) - Ce(A):
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For example,%-z(A) - -1(A) - n-,(A), for A2 R"E". Here,we canshowv

that,

Proposition1 - ,(A) - -s(A) - n? ,(A), if matrix A is n £ n symmetric

positivede nite.

Proof:

Denote¥s , % , €¢C, 34 aren sortedsingularvaluesof A.

5

S(A) = kAkskA' 1k3

X . . X q
kAks = trac§A) = %; KAT'ks = tracdAi') = 7
i=1 i=1 ﬂ
Since,
xn X 1
Y%, Y4, Bl
i=1 i=1 ?/4 3/ﬁ
SO0,
Ya
s(A), % -2(A)
Also,
xn xn 1 n
3/{1 n3/4.1 -, =
i=1 i=1 ?/fl ?/‘ﬁ
we have,

n
s(A) - n¥ ¢% = n% 5(A)
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Therefore, »(A) - - s(A) - n?-,(A) M
Besideghis interlacingproperty which is existedfor all the conditionnum-

bers,we canfurthershaw that,

Proposition2 - s ismonotonicallyincreasing/decreainghen: ; increases/decreases

if thematrixis 2 £ 2 symmetrigoositivede nite.

Proof:
- g Ismonotoniowith - , aslongasthederwvativeof - s w.r.t - , doesnotchange

sign.We know that- , , 1andaccordingo Eq.(4.1.5),

(Yat+¥p)2 _ YE+2% Yo+ Y3

‘s~ YaYp YaYp
= % Y2 — 1
= %2+2+ A + 2+
SO,
d- 1
—%=1; 5>0 8,, 1m
d.2 5

ThereforesinceM ™M is 2 £ 2 symmetricpositive de nite, if we nd thelo-
cal/globalminimumof its - 5, wein fact nd thelocal/globalminimumof its - ,.

This nice propertyensureghatthe goodkernelmeasuredy - s is just the good
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kernelmeasuredby - ,. Becauseomputing- s only involveselement-wisealcu-
lation, it is muchmorecorvenientandef cient than- ,, whichis non-analytical.

Sotheclaimisthat,- s isanequvalentsubstitutdor - , in all thecase$5][24][25][28]
whenthe2-normconditionnumberof a2£ 2 covariancematrixneededo beeval-
uated.

To summarizegiven

where
. . P - He Wl CZ Zﬂ #
[d d] = »5 (xlicg °p= (4.1.6)
Fib(xi)=
is theweightedsumof the displacemenvectorsof all pixelsof colorj, or called

the centerof massof color component .

We cancomputein closed-form

-s(MTM)

k(M ™M )ksk(M TM )i kg

— (4.1.7)
= e C (o2 (@)??
)2 (d)zi ( (ddy)?”
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Theregion with asmall- s(M TM) is the goodchoicefor kernelplacement,
on which the stability of trackingwill be betterthan thoseregionswith larger
conditionnumbers.Fig. 4.1.1shavs somesynthesizedmagepatternsandtheir
- 21+ 5. The rst onehasthelowestconditionnumbercoincidingtheinterpretation
givenin Sec.4.1.2.Fig. 4.1.2shavsthe - ,, - s andtheir differencesvaluatedn
two imageregions. It is obsenedthatthey exhibit the samepatternof ridgesand

valleys, andtheir differencesaresmallcomparedvith their own magnitudes.

-2 = 1.0, -2 = 83, c2 = 1111, -2 = 10301 2=1

-5 = 40, -5 = 10:4, -s = 132, - s = 10303 g =1

Figure4.1.1:Synthesizedmagepatternsaandtheir - 5; - s.

4.1.4 Find optimal kernel placementef ciently

In practice,only obtainingthe criterion for optimal kernel placements insuf-
cient, sinceit is not attractve to exhaustvely evaluatethis criterion all over the
image. In this section,we derive a gradientdescentalgorithm, which canef-

ciently nd goodplacementor kernels.
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@ (b) (© (d)

Figure4.1.2:column(a): yellow: imageregion, red: kernel.column(b), (c), and

(d)are- ,, - sand- s -, evaluatedn theregionof column(a), respectely.

Noticethatin Eq.(4.1.6)andEq.(4.1.7)theconditionnumber- s onlyinvolves
d, anddjy, whichareexplicitly presentedsafunctionof thekernelpositionc. So,

we cancomputethe derivativeof - s(M "M ) w.r.t thekernelposition,c. Denote

A2 A2
. T = — = -
s(M'M)= 3 DE| F?’
where
_ P o P P
A= Kd gk =" (d)*+ (d)
P ) P . P o
D= J(de)Z’ E= J(djy)za F= J(djxdjy)’
P P . P . 2 ,
B= ,(d)? (d)?i  (dd) =DE;j FZ

Here,thegoalis to compute
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2
@A . p2@B @G\ . pA2(p CE @ . @F
Gy _ 2BGIA’G _ 2ABGiAOGHERIFF).
@ BZ BZ .

G\ @ G a i i @ — 1@
So,weneedg, &, & andg . Inpracticewewill expressg: = [

E - [E & F - [F @I i :
e - lg &landg =1 @y]. Detailscanbe derivedasfollows,

P i
@dx  dy]
%— | 2 ]
P P
@ — @k @ — @k
@ ~ j 20 &, @ " ZdJX@y'
P P j
& - ay. @& - aly
@ j 24, G, @, 2,
@:Ph@ad“,d@ @:Ph@ﬂde,dJ@'
@ e A
where
i j Z j 221-[ »
dx d&R] _ o Xii Co i
@ & 1 zplﬁj (i Dg . + (X C)T% ;
' | ug j 221-[ | >
; o XiiCo i .
=g (D S+ (i W)@
|
= 1 j
& = 5 (i g
@ _ 1 j
e = F (i g)g:
] Mo o .
ak _ 1 o Xji Co i @
& 5, (i Do h + i Xy i &g,
“2 j zzﬂ H g i gzﬂ
. . . o Xji Co _ o Xji Co
Wheng() is Gaussiarkernel,i.e., g . exp i .

have
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. oxlice® 2(dic)

3o ¢ e a
Hos

@ — . oXJii Co 2(inxi Cx)

@~ EXp i z

@x h h
Hoo o 1

@ = gyp ; oxice® 2xio)

@ -~ ©XP h h2

When Epanechnikv kernelis used,i.e., g(c) = 1 and % = 0, the abore

equationwill bereducedo muchsimplerformsasshavn below.

P o o, P P 37
A= Kd =" z-o (i 0o
j . ] !
=) . P P 5 2
_P 1.P i >’
_P 1-P i P i ’
F = | E i(Xixl Cx)i(xiyl Cy)
P P . P ’
&= m Kio G
P, P . P,
&= @ kiew (D & =0
P, P P
— N — 2 . .
%_O’ %y_jm i(XJinCy) i(ll)
P, P . P o P, P P
&= w  (ie)  GDig = g ke (D)

] I

Notice that all the above valuescan be obtainedby scanningthe pixels in the
kernelregion only once sothe calculationis easyandefcient.
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Fig. 4.1.3shawvs someillustrative examples. In all 3 imagesin (a), we start
from the kernel with red rectangleand end up with the kernelwith the green
one, led by the gradient-basedearch. Fig. 4.1.3(b)shawvs the descending s.
Fig. 4.1.3(c)shawvs theregionscoveredby the kernel,which is moving alongthe

directionof the gradienttowardsthe goodplacement.

4.2 Multiple Kernel Placement

As demonstratedn Chapter3, the kernelbasedtrackingis no longercon ned
to single kernels. Multiple kernelshave several advantagesover single kernel.
For example,multiple kernelscanalleviate the singularityandimprove the ker-
nel'sobsenability to themotions[13][17]. Multiple kernelsarebetterathandling
trackingan objectwith comple structure,while a holistic representatiomased
on a singlekernelis cumbersomeln sucha case distributing the trackingtask
into several correlatedsub-tasksvould be viable. Anotherbene t is the save of
the computatiorsinceeachsub-taskonly needsarelatvely smallkernel.

We think good stratgjiesto place multiple kernelsarel) eachkernelhasa
reliabletrackingperformancei.e., atagoodlocation,andbaseconwhich, 1) the

structureof the multiple kernelsshouldremainstablethroughthe sequencend
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@ (b) (©

Figure4.1.3:column(a): theredrectangleindicatesthe startkernelposition,the
greenoneis the optimizedkernelplacemenfound by the gradient-basedearch-
ing algorithm.column(b): thecorrespondinglescendingalueof the- 5. column
(c): theregionscoveredby the kernel,whichis moving alongthedirectionof the
gradientowardsthegoodplacementTheredline with aspotindicateshe center

of massof eachcolor component.

besimple.
The rst stratgy canbeaddressetly theproposednethodthatis, thegradient-

basedsearchingalgorithmcan nd thegoodplacementseartheinitialized ones.
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The secondstratgy statesthat thosemultiple kernelsare expectedto maintain
aninvariantstructure thusservingasanconsistentlescriptionof the objectwith
good delity but greatsimplicity.

If akernelis goodfor trackingatthebeginning,but is not suitablefor tracking
dueto view or illumination changesfterwards,this kernelis consideredinstable
andshouldbe prunedaway:. It is alsorequiredthatthe stablestructurebe simple,
althoughtheobjectcouldbecomple. By thismeanswe canadoptthe schemeof
multiple collaboratve kerneltrackingin Chapter3 [13], which hassuperioikernel
obsenability thansinglekernel,to coordinatethoserepresentate kernelsfor an
overallreliabletrackingperformance

However, thereis no generalanswerto the questionthatwhatkind of struc-
ture of multiple kernelsshouldbe chosenandthisis in factan ongoingresearch
topicin computervision [12]. For simplicity, we chosetriangle,which is easyto
manipulateandworkswell in mary sequences.

For eachtriangle,we build a 2D histogram,recordingthe 2 internalangles
of that triangle. We obtain the statisticsof this 2D histogramover a training
sequence.The moststabletriangle, with all the internalanglesexhibiting little
variation,is expectedto yield a peakin this 2D histogram.So, for eachtriangle
formedby 3 kernelswe measurghe entroyy of its associate@D histogramand
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choosethe one, which hasthe minimum entropy, to be the moststabletriangle
kernelstructure.

Then, we usethis triangle modelling for collaboratve kerneltracking[13].
This optimal multiple kernel placementand the mining for stablestructureare
fully automaticafter the initialization of a setof kernelsat the very beginning.

Theinitialization canbe doneeithermanuallyor evenly ontheimagegrid.

4.3 Scale-irvariant Kernel Placement

A placementis goodfor kernelif the conditionnumberevaluatedon thatregion
is small. This placements evenbetterif its associatedonditionnumberachieres
alocal minimum,i.e.,it is theonly onethatshouldbe selectedrom its neighbor
hood.However, it is obviousthatthe conditionnumberchangesvhenthe scaleof
the kernelchangestherefore the local minimapropertycouldalsovary w.r.t the
scale.

An interestingquestionis thatif there existsa placemenbf a kernel, whose
conditionnumberis the local minimafor all, or for a large numberof different,
scales?andhow to nd them?

Placinga kernelat sucha placeis invariantto the scalechangesmeaninghat,
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it canyield reliabletrackingperformancavhenchange®ccurin thekernelscale,
orin theimagescale or in thescaleof bothimageandkernel,sincescalechanges
in theimageandin the kernelis just arelatve term. Thisis in facta very nice

property

In orderto nd suchplacementstatherthanbruteforce evaluatingthe condi-
tion numberthroughall the scalesandneighborhoodthe searchingalgorithmin
Sec4.1.4offersconsiderablef ciency.

We canevenly initialize a setof kernelsampleswith differentscaleson the
grid. Then,let thesekernelscorvergeto their correspondindocal minima. When
all the kernel samplesare corverged, a distribution of the placesof corverged
kernelsareobtained.The setof local maximaof sucha distribution indicatethe
setof scale-ivariantkernelplacements.

In experiment,we generalizekernelswith 7 differentscaleseachscalewith
400 evenly initialized kernelsamples. The places,to which a large amountof
kernelsamplesarecorverged,areshavn in thetop rows of Fig. 4.3.1(a)-(h). It
canbeseerthatmostof theseplacesarefeaturedoy aregionwith diversi ed color

pixels' intensityandspatialdistributions.
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@ (b) (© (d).

©) ® ) (h).

Figure4.3.1: In each gure (a)-(h). Top row: scale-ivariantkernelplacement.
Larger circle meanshigher densityof corverged kernel samples. Bottom row:
goodkernelregionswith appropriatescaleselectiorafterpruningtextureregions.

4.3.1 Scaleselection
With scale-ivariantkernel positionsin hand,we canfurther proceedone step.
Thatis, to choosethe appropriate scaleof the kernelfor thatregion. Although

the scale-ivariantregion yields the local minimum of - g in mostof the scales
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within its neighborhooddifferent scalesstill have different - s, and of course,
the scaleassociatedvith a lower - 5 is morepreferred.In the following, denote
Si; i = 1;2; ¢¢¢ thediscretizedscaleswith increasingorder

Onecriterionis to choosehescalewith alow - g, thatis to maximize

1

; 4 .
QS0 = M M)

whereM g ¢ is obtainedat c with scales;.
Anothercriterionshouldalsobeconsideredihatis to maximizethedifference
betweenthe histogramsg, obtainedat the currentscales; andthe immediately
adjacentargerscales;.; . Thisimpliesthatthe objectof interest kernelof scale
si, shoulddiffer from its adjacentbackgroundthe region of scales;.;, to some

large extent. Denote

W(si;c) = d(ds;;c; Asivs ic)

By combiningthe above two functions,the appropriatescaleat positionc is

determinedas

s” = agmax(Q(s;; ¢) W (si;c))
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The attractve propertiesof this approachis that, Q(s;; c) ensureshat the
tracking algorithm can be stableon sucha scale,while W (s;; c) tells the fact
thatthereis sufcient difference,or say discriminancepetweenthe objectand
the backgroundthus preventing the tracking algorithm being distractedby the

background.

4.3.2 Pruning text regions

Here, anotherissueneededo be considereds the texture region, which is the
major sourceof confusionin determiningthe regions' “goodness’by analyzing
eigervalues,or in essencesingularvalues,becausdexture region canalsoyield
comparatre eigervaluesbut is in generalnot the region of interest. To dealwith
this problem,in [28], a thresholdis setto ensurethatthe minimal eigervalueis
large enough. Here, we canusethe S-normto achiese the equvalenteffect of
pruningaway textureregions,but with amuchmoreef cient closed-fornformu-

lation.

As suggestedh [26], k(M TM )i kg = %+ 1= %% gpgl . L4 1.

So,in orderto getalarge %, we shouldselectthoseregionswhich canyield a

Ya+ ¥
Ya¥p !

small andthis canbe computedxplicitly as
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P P
at ¥ _ ,_ﬁdjx)z + @’y)z
Ya% (A2 (d)?i ( (ckd}))?

(4.3.1)

So, afterwe nd thosescale-ivariantkernelregions (Sec.4.3), choosethe
appropriatescale(Sec.4.3.1),we canfurther Iter outtextureregions,whichyield
largevaluesof Eq.(4.3.1).

The resultis shavn in the bottomrows of Fig. 4.3.1(a)-(h). It canbe seen
that,in thetop rows, therearesomedetectedyoodregions,denotecasred points,
locatedat texture regions, suchasin the sky, or in the bushetc., while they are
successfullyprunedaway asshavn in the bottomrows.

The propertyof suchplacemenfor featuredregion selection patternrecogni-

tion will beour mainfuturework.

4.4 Discussions

4.4.1 Regionselectionvs. feature point selection

pﬁi P p(c) is similarto thatof feature

It maybenotedthattheformof M ¢ ¢ =
pointmatching[26][28], in thatthey areall in thegeneraform of solvingalinear
equation,i.e., Ax=b. Actually, the propertyof the matrix A hasbeenactively

studiedin the pastdecadedor point matching,suchas computingthe optical
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o w [5][24][25][28]. Somework alsoextendsthe point matchingframework to
addres®thergeometricafeaturesuchaslines[20][32].

However, our work is differentfrom thosework in thefollowing aspects.

1) The content of matrix A, denotedasA ¢gon in our work, andA pgint in

[26][28].

Aregon =M =8: 4:  Apont =
drdy ¢ g

where[d), djy] is the centerof massof all pixels of colorj, for m color bins,
j = Lzum, and[g, d] beingtheimagegradientof pixel i w.r.t x andy axes,
for n pixelswithin asmallwindow aroundthefeaturepoint,i = 1;:::;n.

Thedifferentcontentdetermineshattheiranalyticalresultsaredifferent. That
is, thereis no certaincorrespondencdsetweeroptimalfeaturepointsandoptimal
regionsfor tracking. We think theseworkshave differentpracticalimpactsin real
applications.

2) The criterion and the analytical method In our work, the criterion is
- s(M TM), which hasthe equivalenteffectasanalyzing- (M TM). In [28], the
criterion is that the smallesteigervalue of A TA is larger than a threshold. In
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[26], K(ATA)i ks is checled, which hasbeenshavn to have the sameeffect
as requiring the smallesteigervalue of ATA to be larger than a threshold. In
contrast,our criterion takesinto accountof both singularvaluesof M, which is
moregeneral.

As for theanalyticalmethod we have shovn that - s is equvalentto - , when
consideringhe 2£ 2 covariancematrix case which leadsto somenice analytical
properties.

3) Gradient descentsearch We provide a gradientbasedsearchingscheme
to nd the optimal regionswithin animageef ciently, which avoids exhaustve

searchBut the selectionof featurepoint hasto be exhaustve.

4.4.2 Inter pretation of condition number criterion usingthe S-

norm
We alreadyknow the structureof M = [vy vy], wherevy = [di;:::;dP]T,
vy = [ ;dg‘]T arethe X-coordinatesandY-coordinate®f the the centersof

colormassesiespectrely. Thenwe have
P . P .
[ (d)? = kvyk?; i (d)? = kvyk?;
P o
((dd)))? = kvgvyk? = kv k?kvyk? cog(p):
wherep is theanglebetweervectorsv, andvy .
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RecallEq.(4.1.7),

(kv k2+ kvy k?)2
kvy kZkvy kZjk vy k2kvy k2 cos? (1)

kvxkrkvy ko
kv x k2kVy k2

4
1j co() > 1j co (W) *

-s(MTM)

4.

It is easyto verify thatthe desirableminimum of the above conditionnumber

is achieredwhen

kvyk = kvyk; and coq) = 0;i.e.vy ? Vvy;

which implies that the roles of X andY coordinatesof thosecentersof color
massesreequivalentandinterchangeableThe optimal casewould bethatthese
masscentersarelocatedsymmetricallyaroundthe centerof kernelc. Thisis ac-
tually the sameastheinterpretatiorwe have givenin Sec.4.1.2,but from another
point of view. A perfectexampleis alreadyshowvn in the left mostcolumn of

Fig.4.1.1.

4.5 Experiment

In this section experimentausingrealvideo sequencedemonstrat¢he effective-
nessandusefulnes®f the proposedalgorithmfor ef cient optimalkernelplace-

ment.
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4.5.1 Singlekernel

For anobjectof interest,arbitrarily labelling a region, which meetssomespecial
standardssuchasowning a high variance strongedgesor a high entroyy, and
assigninga kernelonit, maynot be optimal. In mary casesunexpectediracking
failuresmalke peoplechangehekernelplacementhroughtrial anderror.

Onthecontrary placingkernelsby thecriterionpresenteih Sec.4.1.3andthe
efcient searchingalgorithmderivedin Sec.4.1.4caneasilybring morereliable
trackingperformance.

Fig.4.5.1(b)shavsthetrackingresultwith akernelinitializedasin Fig. 4.5.1(a).
The trackingis not stable,sincethe unidirectionalcolor distribution in the ini-
tial placeyields a large conditionnumber Using the sameinitialization as(a),
we apply the gradient-basedalgorithm and nd a good kernel placementwith
muchlower conditionnumber asshavn in (c), the correspondingrackingresult
is shavnin (d). Morereliableperformances obtained.

Fig.4.5.2(a)shavs anarbitrarilyinitialized kernelplacementthe correspond-
ing trackingresultis in Fig. 4.5.2(b),in which drifting is obsered. In contrast,
the searchingalgorithmmovesthe placefrom (a) to a goodplacemengsin (c).

The tracking performancads instantlyimproved a lot, as shovn in (d). Notice
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(@ (b)trackingresultof akernelplacedarbitrarily.

(c) (d) trackingresultof akernelwith initial locationoptimized.

Figure4.5.1: Trackingwith (bottomrow) andwithout (top row) kernelplacement

optimization.

thatthelocationin Fig. 4.5.2(a)andFig. 4.5.2(c)is very close,andthisis indeed
dif cult for manualinitialization, asheedlesslynarkingaregion, to achiese aro-
bustperformanceThis shavs thatthe searchingalgorithmeffectively helpsusto

discriminategoodandbadregionsfor tracking.

4.5.2 Multiple collaborative kernels
Goodstratgyiesto placemultiple kernelsarethatl) eachkernelis atagoodplace-
ment,ll) thestructureof the multiple kernelsshouldbe stable.

To trackaregion of interest,we initialize a setof kernelson thegrid, andrun

the searchingalgorithmto nd goodplacementsBy this meanswe canhave a
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(@ (b)trackingresultof akernelplacedarbitrarily.

(c) (d) trackingresultof akernelwith initial locationoptimized.

Figure4.5.2: Trackingwith (bottomrow) andwithout(toprow) kernelplacement

optimization.

large coverageof the possiblemultiple kernelcombinationsandsafelyavoid the
risk of having badmanuallylabelledregions.

Thenwe track thesekernelsover a training sequencewhich canbe the rst
several framesof the video. We choosethe most stabletriangle formed by 3
kernels.

In Fig. 4.5.3(a),multiple kernelsare evenly initialized on the grid within the
region of interest. Without the gradientsearchingalgorithm, thatis, we just ac-
ceptandstartfrom theinitial kernellocations,mine for the moststabletriangle

and apply collaboratve tracking scheme. The resultis shavn in Fig. 4.5.3(b).
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Fig. 4.5.3(c)shavs the good kernel placementiound by applying the gradient
searchingalgorithmon the kernellocationsin (a), the correspondingrackingre-
sultis shavn in (d). In all the gures, the boundingbox of the objectof interest
is reconstructedby conferringtheinitial localizationof the kernelsw.r.t. the ob-
ject. How well canwe know the positionand orientationof the original object
measureshe quality of collaboratve tracking. It is seenthatthe performanceof
kernels,whoselocationsare optimized,is muchbetter Thisis becausdhe ker-
nels, without placemenbptimization,are morelikely to have a large condition

numberandthushaving moreexposureto the unstablenesm thetracking.

(a) (b)multiple kernels evenly initialized, trackingwith collaboration.

(c) (d) multiple kernels Jocationoptimized,trackingwith collaboration.

Figure4.5.3: Multiple kerneltracking,with (bottomrow) andwithout (top row)

placemenbptimization.

The next threesequencegwvolve objectscalechangesin which the optimal
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multiple collaboratve kerneltrackingworkswell.

Fig. 4.5.4(a)and Fig. 4.5.4(b)shav the tracking result from the sameini-
tial kernellocations(left most column), after searchingfrom the evenly grid-
dedinitialization. Without collaboratve schemeapplied,the unsatishctoryresult
in Fig. 4.5.4(a)shaws that, althoughall the kernelsare good at the beginning,
they still canlost dueto variousdisturbancesn tracking, suchas, unexpected
abruptmotions,disturbancdrom the objectwith similar appearancer illumina-
tion changes.Sincethe kernelstrack independentlythey cannotrecover them-
seles,suchthatthefaceis losttrack. By collaboratingheinitially goodkernels,
the result of localizing the face by the 3 kernelsis morereliable, as shavn in

Fig. 4.5.4(b).

(a) multiple kernels Jocationoptimized trackingwithout collaboration.

(b) multiple kernels Jocationoptimized,trackingwith collaboration.

Figure4.5.4: Multiple kerneltracking,with (bottomrow) andwithout (top row)

collaboration.
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Fig. 4.5.5and Fig. 4.5.6 have the similar settingsasin Fig. 4.5.4. The re-
sult with collaboration,row (b), again yields much morereliablereconstruction
performancef estimatingthe position,orientationandthe scaleof the magazine

cover.

(a) multiple kernels Jocationoptimized trackingwithout collaboration.

(b) multiple kernels Jocationoptimized trackingwith collaboration.

Figure4.5.5: Multiple kerneltracking,with (bottomrow) andwithout (top row)

collaboration.

4.6 Remarks

To summarizejn this chaptey we presenta detailedanalysisto the criterion of
optimal kernel placement. An equialentcriterion is alsoderved, which hasa
closed-formrepresentatiorand enablesa nice gradient-basealgorithmto nd

optimal kernelplacemenef ciently. Placementf temporal-stablenultiple ker-
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(a) multiple kernels Jocationoptimized trackingwithout collaboration.

(b) multiple kernels Jocationoptimized,trackingwith collaboration.

Figure4.5.6: Multiple kerneltracking,with (bottomrow) andwithout (top row)

collaboration.

nelsandscale-ivariantkernelsarealsostudied.
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Chapter 5

Conclusions

Thepurposeof thiswork is to curethetwo majorandfrequentlyencounteredin-
gularitiesin kernelbasedracking,which areconcernedvith kernelobsenrability
and tracking stability  The contributionsinclude (1) the theoreticalresultsthat
unify the study of the motion obsenability issuein mostkernel-baseanethods
including singleand multiple kernels;(2) a principledway of designingobserv-
able kernels,i.e.. the multiple collaboratve kernels,that can be easily gener
alizedto complex objectsand motions;(3) an ef cient computationaparadigm
to copewith comple objectsand motionsdue to the “collaboration” amonga
setof inter-correlatedkernels,eachof which only takes chage of recovering a

simplermotion;(4) aclosed-forncriterionfor choosingheoptimalkernelplace-
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ment,onwhichamuchmorereliabletrackingperformanceanbeachiered;(5) a
gradient-basedearchinglgorithmto nd suchoptimalkernelplacementswhich
greatly reducesthe computationalcost comparedwith the commonlyusedex-
haustve searching.Thesenew theoreticalresultsand new algorithmshelp usto

betterunderstandndimplementthe kernel-basedrackingmethod.
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