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Abstract

In this paper, I presenta systemfor real time deformable
templatetracking that tracks line profiles within regions
rather than regions or boundaries. There are two main
contributionsof thiswork: therealisationthat tracking line
profilesratherthanareascanbeeffectiveandefficient; the
extensionof thesnakeminimisationalgorithmto allow tree
structures. Theadvantagesof the approach are fourfold:
sinceweare matching only a smallsetof lineswithin a re-
gionthecomputationalload is greatlyreduced;deformable
regionmatchingis inherentin themethod;sinceboundaries
are not beingtracked,theproblemof backgroundclutter is
reduced;trackingof articulatedstructuresis handlednatu-
rally.

1 Intr oduction

Thepredominantmethodsof trackingobjectsin avideose-
quencehavereliedon boundaryinformation,usuallyin the
form of active contoursof onesortor another[3, 4, 5, 6, 7,
11]. Consequently, significantresearcheffort hasbeenap-
plied to solve theproblemof backgroundclutterandocclu-
sionwhich canconfusea boundarytrackingalgorithm[7].
More recently, somework hasbeendoneon usingregion
informationin theform of deformabletemplates[10, 12] or
active meshes[9]. However, few of thesetechniquesclaim
to work in realtime.

Recentresearchin facerecognition[2] indicatesthatsig-
nificant identifying featuresarecontainedwithin line pro-
files of faces. Applying similar techniquesto trackingre-
moves the needfor using all available region datawhen
matchingfrom oneframeto thenext andthereforereduces
thecomputationalloadsignificantly.

In thispaper, I presentasystemfor realtimedeformable
templatetrackingthat is basedon the ideaof trackingline
profileswithin regionsratherthanregionsareas.Thereare
two main contributions of this work: the realisationthat
trackingline profilesratherthanareascanbeeffective and
efficient; theextensionof thesnakeminimisationalgorithm
to allow treestructuresratherthansimply linearstructures.

Theadvantagesof this approacharefourfold: sincewe are
matchingonly asmallsetof lineswithin a region,thecom-
putationalload is greatly reduced;region deformationef-
fectively is a naturalside-effect of the methodthat is pro-
posed;sincewe arenot trying to track boundariesor con-
tours, the problemof backgroundclutter becomesgreatly
reduced;trackingof articulatedstructuresis handlednatu-
rally. In thiswaywemaintaintheadvantagesof bothbound-
ary trackingandregion tracking- the techniqueis aseffi-
cientasboundarytracking,but maintainstheadvantagesof
trackingregions.

2 The Spider Algorithm

Thespidertracker forms the heartof the system.A spider
is a generalisationof a snake [8, 1] from a 1D linking of
featuresto a 2D linking of features.It is calleda spiderbe-
causeit is a treestructurewhich bearssomesimilaritiesto
a spiderwith many legs. A treewaschosenfor efficiency
reasons.A dynamicprogrammingapproachto minimisa-
tion (the Viterbi algorithm)of the style of Amini et al [1]
canbeappliedto a treewith thesamecostcomplexity per
featureasasnake. A singlepathfrom therootof thetreeto
a leaf is equivalentto a singlesnake,soeachnodehasonly
a singlepredecessor, and thereforethe dynamicprogram-
ming approachcanbeappliedin a straightforwardmanner.
The optimal valuefunction of the energy of a spiderthen,
is:
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wherethesubscripts2 and 3 indicateparentandchild nodes
respectively, 4 ��� � � representsthe set of children of node� �

, andtheminimumfor
� %

is calculatedoveralocalneigh-
bourhoodfor eachiteration.So,insteadof minimisingover
a single successoras for a snake, we needto minimise
over multiple successorsas if we wereminimising multi-
ple snakes. Figure 1 shows pictorially what happensfor
two root nodepositionsin thecaseof a simplifiedtreewith
just threenodes,whereeachvertex hasonly two possible
new positions.For eachpossiblepositionof theroot node,
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we find theminimumenergy locationsof its children- the
energy of the root nodein this position is the sum of the
minimum energiesof the childrenandthe externalenergy
of theroot nodeasindicatedin Equation1. Theminimum
energy locationsof thechildrenarefound in a similar way
if they arenot leaf nodes,or aresimply the minimum ex-
ternalenergy locationsin thecaseof leaf nodes.In Figure
1, thesolid line representstheminimumenergy configura-
tion andthedashedlinesrepresentotherpositionsthatwere
tested.Thisprocessoccursin arecursivemannersothatwe
calculatethebestpositionof eachchild nodeprior to each
parent.Theminimumenergy positionof thespideris then
calculatedby settingthe root nodeto thepositionof mini-
mumenergy andchoosingthe positionof eachchild node
giventhepositionof theroot. This changefilters down the
treeto all leaf nodes.Theoptimisationalgorithmis shown
in Algorithm 1 and the spiderupdatealgorithm is shown
in Algorithm 2. Thesetwo algorithmsarecontinuouslyap-
plieduntil thespiderreachesa local energy minimum.

Algorithm 1 (Spider Optimisation)
procSpiderNodeMinimise(SpiderNodecurrent)

foreachchild 5 current.childrendo
SpiderNodeMinimise(child)

end
foreachnew pos 5 current.neighboursdo

current.energy[new pos] 687
foreachchild 5 current.childrendo

current.energy[new pos] 6
current.energy[new pos]�

CalculateEnergy(current,child, new pos)
end

end
.
funct CalculateEnergy(parent,child, new parentpos)

min energy 6:9';=<
foreachnew child pos 5 child.neighboursdo

energy 6 child.energy[new child pos]
�

InternalEnergy(parent,child,
new parentpos,new child pos)

�
ExternalEnergy(parent,child,
new parentpos,new child pos)

if energy > min energy
then

child.bestpos[new parentpos] 6 new child pos
min energy 6 energy

fi
end
return(min energy)

.

Algorithm 2 (Spider Update)
procUpdateRootPosition

�
root

�
min energy 689';?<
foreachnew pos 5 root.neighboursdo

energy 6 root.energy[new pos]
if energy > min energy

then
bestpos 6 new pos
min energy 6 energy

fi
end
foreachchild 5 root.childrendo

UpdateChildPosition
�
child

-
bestpos

�
end

.
procUpdateChildPosition

�
current

-
parentpos

�
current.position6 current.bestpos

&
parentpos

/
foreachchild 5 current.childrendo

UpdateChildPosition
�
child

-
current.position

�
end

.

As for thecaseof snakes[1], eachiterationhascomplex-
ity of @ ��A)BDCE� for

A
featurepointsand

B
neighboursusing

afirst orderinternalenergy term.This is not truefor amore
generalgraphstructurewhoseworstcasecomplexity would
be @ ��A)B $ �

. Hencethereasonfor restrictingthespiderto a
treestructure.

3 Inter nal Energy

The internal energy usedsimply attemptsto maintainan
equaldistancebetweenaspidernodeandits parentnode:

� "'$ �#�GF�HJI�KMLNF $ �.O
F(HJI�K (2)

where
� "'$ � is theinternalenergy and F�H�IPK and F $ �.O arethe

old andnew distancesbetweenanodeandits parentrespec-
tively. An angleconstraint,similar to the original snake
smoothnessconstraint,canalsobe employedby eitherat-
temptingto maintainequalanglesfor the arc joining two
childrenandtheir parent,or for thearc joining a grandpar-
ent, parentandchild, or by maintaininga positionanddi-
rectionateachnodeandmaintainingequalanglesbetweena
parentandchild. However, all of thesesolutionsrequirean
orderof magnitudeincreasein theefficiency of themethod.
So,we caneitheracceptsomewhat poorermaintenanceof
shapeandimprovedspeed,or goodshapemaintenancewith
poorerspeedperformance.Here,we have decidedon the
formerto satisfyrealtime constraints.
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4 External Energy

Prior to thecommencementof tracking,thespidermustbe
initialised in someway. This includesspecifyingboth the
structureof thespider(its physicallayout),andthecontents
of the spider. In this case,the structureis specifiedand
a profile of colourvaluesis learnedfrom a singleexample
image.Thisprofileis learnedsimplyby samplingtheimage
atunit pixel incrementsalongthelegsof thespider.

Theexternalenergy is calculatedasthesumof squared
differencesbetweenthestoredprofileandthecurrentframe:
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where V is the lengthof theprofile, 2 " is thecolourof the
profile at point ` and\ " is thecolourof theimageat a point
`�T�V partsalongfrom thestartpoint to theendpoint (parent
positionto thechild position).

5 Results

The spidertracker hasbeensuccessfullytestedon several
imagesequences.Here we show two to demonstratethe
strengthsof thetracker.

The spider tracker is ideal for real time applica-
tions such as eye-tracking. Figure 2 shows 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 acb17edef1gc7 pixels
in size(the framesareclippedin the figure) andalthough
they areshown herein greyscaleonly, thesourceimagesare
actuallycolour. Thecentreof eachradialwheelrepresents
thespider’sbestestimateof thepositionof thecentreof the
eye. This is ahighquality imagesequence,with quitesmall
motionbetweenframes,andhencethetrackerhasbeenex-
tremely successful. Executionspeedsof h R i ms/frameor
100 frames/secondwere achieved (PentiumIII, 800MHz,
Linux) notcountingimageacquisitiontime. With suchhigh
qualitydata,thepupilswerecorrectlytrackedacrossthese-
quence,so the techniquecouldalsobeusedfor estimating
gazedirection.

Figure3 showsthreeframesof amuchpoorerquality80
framesequence.Eachframeis

Q bc7jd Q f17 pixelsin sizeand
althoughthey areshown herein greyscaleonly, thesource
imagesare actually colour. This examplewas chosento
highlight thetracker’s ability to trackarticulatedstructures
andits relative insensitivity to backgroundclutter. Execu-
tion speedon this sequencewas

Q 7 R i ms/frame. This se-
quencehasnot beentracked100k successfullyasthenode
attachedto the right handdrifts down the forearm. This is

dueto theuniformity of thecolouralongthearm.A similar
problemis notrealisedin theleft handdueto thewatchband
holdingthatnodein place.

6 Conclusion

In this paper, I have presenteda new methodfor perform-
ing deformabletemplatematchingthat runs in real time
andhavedemonstratedtheefficacy of themethodon track-
ing eyesandarticulatedstructures.For the two imagese-
quencespresentedhere,the executionspeedwasapproxi-
mately

Q 7 ms/frame.The speedof the techniqueis depen-
dentonthecomplexity of thespideritself (numberof nodes
andthe numberof neighbourhoodpositionsto search)and
thesizeof theconnectorsbetweenthenodes.

Although the resultsarepromising,the techniquedoes
have several limitations. Firstly, like many tracking tech-
niques,it doesnot dealwith occlusioneventsparticularly
well. Further, if part of the target undergoeslarge inter-
framemotion,thenthatpartof thetargetwill likely belost
by the tracker. Finally, as with many vision techniques,
thereareseveralparameterswhichneedto besetandthis is
typically necessaryon a per-sequencebasis.Areasfor fur-
therwork includeextendingthetechniqueto handlepartial
occlusionanddevelopingtechniquesto learntheparameter
weightsduringexecution.
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Figure1: Findingthelocally optimalpositionof thespider.

(a)Frame0 (b) Frame81 (c) Frame109

Figure2: Themomsequence.Noticehow thespiderscontinuetrackingsuccessfullydespiteconsiderabledeformationof the
eyeson thepictureplane.

(a)Frame0 (b) Frame16 (c) Frame48

Figure3: An articulatedsequence.Thespiderstill successfullytrackedthestructuredespitethearticulationandbackground
clutter.
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