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Abstract

In this paper | presenta systemfor real time deformable
templatetracking that tracks line profiles within regions
rather than regions or boundaries. There are two main

contributionsof thiswork: therealisationthattracking line

profilesratherthanareascan be effectiveand efficient; the

extensionof the snale minimisationalgorithmto allow tree
structues. The advantayes of the approad are fourfold:

sincewe are matding only a smallsetof lineswithin a re-

gionthecomputationaloadis greatlyreduceddeformable
region matdingis inherentin themethod;sinceboundaries
are not beingtracked, the problemof badkgroundclutter is

reducedtradking of articulatedstructuesis handlednatu-
rally.

1 Intr oduction

The predominantethodf trackingobjectsin avideose-
guencehave relied on boundaryinformation,usuallyin the
form of active contoursof onesortor another3, 4, 5, 6, 7,
11]. Consequentlysignificantresearcteffort hasbeenap-
plied to solve the problemof backgroundtlutterandocclu-
sionwhich canconfusea boundarytrackingalgorithm[7].
More recently somework hasbeendoneon using region
informationin theform of deformableemplateg10, 12] or
active mesheg9]. However, few of thesetechniqueslaim
to work in realtime.

Recentesearclin facerecognition2] indicateshatsig-
nificantidentifying featuresare containedwithin line pro-
files of faces. Applying similar techniquedo trackingre-
movesthe needfor using all available region datawhen
matchingfrom oneframeto the next andthereforereduces
the computationaloadsignificantly

In thispaper| presentasystenfor realtime deformable
templatetrackingthatis basedon the ideaof trackingline
profileswithin regionsratherthanregionsareas.Thereare
two main contributions of this work: the realisationthat
trackingline profilesratherthanareascanbe effective and
efficient; the extensionof the snale minimisationalgorithm
to allow treestructuregatherthansimply linear structures.

The advantage®f this approacharefourfold: sincewe are
matchingonly a smallsetof lineswithin aregion,the com-
putationalload is greatly reduced;region deformationef-

fectively is a naturalside-efect of the methodthatis pro-
posed;sincewe arenot trying to track boundariesor con-
tours, the problemof backgroundclutter becomegyreatly
reducedirackingof articulatedstructuress handlednatu-
rally. In thiswaywe maintaintheadvantagesf bothbound-
ary trackingandregion tracking - the techniqueis as effi-

cientasboundarytracking,but maintainghe advantage ®f

trackingregions.

2 The Spider Algorithm

The spidertracker forms the heartof the system.A spider
is a generalisatiorof a snale [8, 1] from a 1D linking of
featurego a 2D linking of features.t is calleda spiderbe-
causeit is atreestructurewhich bearssomesimilaritiesto
a spiderwith mary legs. A treewaschosenfor efficiency
reasons.A dynamicprogrammingapproachto minimisa-
tion (the Viterbi algorithm) of the style of Amini et al [1]
canbe appliedto a treewith the samecostcomplexity per
featureasasnale. A singlepathfrom theroot of thetreeto
aleafis equivalentto a singlesnale, soeachnodehasonly
a single predecessoand thereforethe dynamicprogram-
ming approacttanbe appliedin a straightfornardmanner
The optimal value function of the enegy of a spiderthen,
is:

S(vp) = aFext(vp)+ Z

ve€C(vp)

min

Ve [S(ve) + BEint(ve, vp)],

1)
wherethesubscript® andc indicateparentandchild nodes
respectiely, C'(v,) representshe setof children of node
vp, andtheminimumfor v, is calculatedbveralocal neigh-
bourhoodor eachiteration. So,insteadof minimisingover
a single successoms for a snale, we needto minimise
over multiple successorssif we were minimising multi-
ple snales. Figure 1 shows pictorially what happensor
two root nodepositionsin the caseof a simplifiedtreewith
just threenodes,whereeachvertex hasonly two possible
new positions.For eachpossiblepositionof theroot node,



we find the minimum enegy locationsof its children- the
enegy of the root nodein this positionis the sum of the
minimum enegiesof the childrenandthe externalenegy

of theroot nodeasindicatedin Equationl. The minimum
enegy locationsof the childrenarefoundin a similar way
if they arenot leaf nodes,or are simply the minimum ex-

ternalenepy locationsin the caseof leaf nodes.In Figure
1, the solid line representshe minimum enegy configura-
tion andthedashedinesrepresenbtherpositionsthatwere
tested.Thisprocesccursin arecursie manneisothatwe

calculatethe bestpositionof eachchild nodeprior to each
parent. The minimum enegy positionof the spideris then
calculatedby settingthe root nodeto the positionof mini-

mum enegy andchoosingthe position of eachchild node
giventhe positionof theroot. This changefilters down the
treeto all leaf nodes.The optimisationalgorithmis shavn

in Algorithm 1 and the spiderupdatealgorithmis shavn

in Algorithm 2. Thesetwo algorithmsarecontinuouslyap-
plied until the spiderreaches local enegy minimum.

Algorithm 1 (Spider Optimisation)
proc SpiderNodeMinimise(SpiderNodeirrent)
foreachchild € current.childrerdo
SpiderNodeMinimise(child)
end
foreachnew_pose current.neighbourdo
current.enggy[new_pos] « 0
foreachchild € current.childrerdo
currentenegy[new_pos] «
current.enagy[new_pos]
+CalculateEnagy(currentchild, new_pos)
end

end
funct CalculateEnagy(parentchild, new_parentpos)
min_enegy « inf
foreachnew_child_pose child.neighbourglo
enepgy «—child.enegy[new_child_posh-
InternalEnegy(parentchild,
new_parentpos,new_child_posH-
ExternalEnegy(parentchild,
new_parentpos,new_child_pos)
if enegy < min_enegy
then

child.bestpos[nav_parentpos] < new_child_pos

min_enegy < enegy
fi
end
return(min_enegy)

Algorithm 2 (Spider Update)
proc UpdateRootPositigmoot)
min_enegy « inf
foreachnew_pose root.neighbourslo
enegy < root.enegy[new_pos]
if enegy < min_enegy
then
bestpos« new_pos
min_enegy < enegy
fi
end
foreachchild € root.childrendo
UpdateChildPositiofthild, bestpos)
end

proc UpdateChildPositiofturrent parentpos)
current.position— current.bespogparentpog
foreachchild € current.childrerdo
UpdateChildPositiofchild, current.position
end

As for thecaseof snales[1], eachiterationhascomple-
ity of O(nm?) for n featurepointsandm neighboursising
afirst orderinternalenegy term. Thisis nottruefor amore
generabraphstructurevhoseworstcasecomplexity would
beO(nm™). Hencethereasorfor restrictingthespiderto a
treestructure.

3 Internal Energy

The internal enegy usedsimply attemptsto maintainan
equaldistancebetweera spidernodeandits parentnode:

dold - dnew
By = 20—t 2
‘ dnld ( )

whereL;,,; is theinternalenegy andd,;q andd,, ., arethe
old andnew distancedetweeranodeandits parentrespec-
tively. An angle constraint,similar to the original snale
smoothnessonstraint,canalsobe employed by eitherat-
temptingto maintainequalanglesfor the arc joining two
childrenandtheir parent,or for the arcjoining a grandpar
ent, parentand child, or by maintaininga positionanddi-
rectionateachnodeandmaintainingequalanglesetweera
parentandchild. However, all of thesesolutionsrequirean
orderof magnitudencreasen theefficiengy of themethod.
So, we caneitheracceptsomavhat poorermaintenancef
shapeandimprovedspeedpr goodshapeamaintenancevith
poorerspeedperformance.Here, we have decidedon the
formerto satisfyrealtime constraints.



4 External Energy

Prior to the commencemertf tracking,the spidermustbe
initialised in someway. This includesspecifyingboth the
structureof the spider(its physicallayout),andthe contents
of the spider In this case,the structureis specifiedand
a profile of colourvaluesis learnedfrom a singleexample
image.Thisprofileis learnedsimply by samplingtheimage
atunit pixel incrementsalongthelegsof the spider

The externalenepy is calculatedasthe sumof squared
differencedetweerthestoredprofileandthecurrentframe:

N 0.5
Eext = <10/N2(pz - Ii)2> (3)
=0

whereN is the lengthof the profile, p; is the colour of the
profile atpoint: and; is the colourof theimageata point
1/ N partsalongfrom thestartpointto theendpoint (parent
positionto thechild position).

5 Results

The spidertracker hasbeensuccessfullytestedon several
image sequences.Here we shav two to demonstratehe
strengthof thetracker.

The spider tracker is ideal for real time applica-
tions such as eye-tracking. Figure 2 shaws three
framesof a 130 frame sequencewith the resultantspi-
der painted onto the image in white (obtained from
the Signal Analysis and Machine PerceptionLaboratory
at Ohio StateUniversity, http://sampl.eng.ohio-
state.edu/"sampl/ ). Eachframeis 360 x 240 pixels
in size (the framesare clippedin the figure) and although
they areshown herein greyscaleonly, thesourcémagesare
actuallycolour. The centreof eachradialwheelrepresents
thespiders bestestimateof the positionof thecentreof the
eye. Thisis ahigh qualityimagesequenceyith quitesmall
motionbetweerframes,andhencethetracker hasbeenex-
tremely successful. Execution speedsof 9.5ms/frameor
100 frames/secondvere achieved (Pentiumlll, 800MHz,
Linux) notcountingimageacquisitiortime. With suchhigh
quality datathepupilswerecorrectlytrackedacrosghese-
guence sothetechniquecould alsobe usedfor estimating
gazedirection.

Figure3 shavsthreeframesof amuchpoorerquality 80
framesequenceEachframeis 160 x 120 pixelsin sizeand
althoughthey areshowvn herein greyscaleonly, the source
imagesare actually colour. This examplewas chosento
highlight the tracker’s ability to track articulatedstructures
andits relative insensitvity to backgrouncclutter Execu-
tion speedon this sequencavas 10.5ms/frame. This se-
guencehasnotbeentracked 100% successfullyasthenode
attachedo the right handdrifts down the forearm. This is

dueto theuniformity of the colouralongthearm. A similar
problemis notrealisedn theleft handdueto thewatchband
holdingthatnodein place.

6 Conclusion

In this paper | have presentedy nev methodfor perform-
ing deformabletemplatematchingthat runsin real time
andhave demonstratethe efficacy of themethodon track-
ing eyesandarticulatedstructures.For the two imagese-
guencegresentedere,the executionspeedwas approxi-
mately 10ms/frame. The speedof the techniqueis depen-
dentonthecompleity of thespideritself (numberof nodes
andthe numberof neighbourhoogositionsto search)and
thesizeof theconnectorbetweerthenodes.

Although the resultsare promising,the techniquedoes
have several limitations. Firstly, like mary trackingtech-
nigues,it doesnot dealwith occlusioneventsparticularly
well. Further if part of the target undegoeslarge inter-
framemotion, thenthat partof thetargetwill likely belost
by the tracker. Finally, as with mary vision techniques,
thereareseveralparametersvhich needto be setandthisis
typically necessarpn a persequencéasis. Areasfor fur-
therwork includeextendingthe techniqueto handlepartial
occlusionanddevelopingtechniquego learnthe parameter
weightsduringexecution.
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Figurel: Findingthelocally optimal positionof the spider

(a) FrameO (b) Frame81 (c) Framel109

Figure2: ThemomsequenceNotice how the spiderscontinuetrackingsuccessfullydespiteconsiderableeformationof the
eyesonthepictureplane.

(a) FrameO (b) Framel6 (c) Frame48

Figure3: An articulatedsequenceThe spiderstill successfulltrackedthe structuredespitethe articulationandbackground
clutter.



