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ABSTRACT

Motion trackingis an importanttaskin computervision.
A new technique,the dynamicvelocity Hough transform
(DVHT), for trackingof parametriobjectsis describedhat
extendsthe velocity Hough transform(VHT) to caterfor
arbitrary motion. Like the VHT, the new techniquepro-
cessethewholeimagesequencegatheringglobalevidence
of motion andstructure.However, we do not assumecon-
stantlinearvelocity but ratherallow arbitraryvelocity. The
methodtriesto find anoptimal, smoothtrajectoryin the pa-
rameterspacewith maximumenegy, wherethe latter in-
corporatedoth the structureof the moving objectandthe
smoothnessf motion. The constrainedptimisationprob-
lem is solved using a temporal(time-delay)dynamicpro-
grammingalgorithm. Trackingin noiseis muchsuperiorto
the standardHoughtransform.

1. MOTIVATION AND APPROACH

Thetwo mainapproachefor motionestimationareoptical
flow and feature-basedechniques. The latter is advanta-
geousin casesof illuminancechangeor whenthe optical
flow is large. The choiceof featuredor a vision systemis
very important.No suchsystemcanwell work unlessgood
featurescanbeidentifiedandtrackedfrom frameto frame.
Accordingto our choice we canhave eithertoo mary or too
few features Anotherproblemis thatexisting methodscan-
not easily distinguishmoving and staticfeatures. A com-
monassumptiorin mary approachess thatthetrackingor
correspondengeroblemis solved: accordinglyonly these-
lectionof featuresand/ortherepresentatioof theobjectare
considered.Selectingappropriatefeaturesand computing
thecorrespondenceetweerpointsin asequencef frames
arebothprovento bedifficult problems.

The standardHoughtransform(SHT) is known for its
robustperformancen noisy ervironmentsandin situations
of occlusion[1]. TheVHT proposedy [2] takesadvantage
of temporaland structuralinformation simultaneouslyby
incorporatingmotionin the evidence-gatheringrocessof

theHoughtransformenablingglobalanalysisof thetempo-
ralimagesequenceln its simpliestform it requiresconstant
linearvelocity, which limits its application.

In ourapproachthefollowing assumptionaremadefor
the simplification of the problem. The imagesequenceés
capturedrom asinglecamerafar enoughfrom themoving
objectthat we do not needto take scalingfactorsinto ac-
count. The objectis rigid undegoingarbitrarymotion. We
demonstrat®ur algorithmwith respecto a moving circle,
but themethodcaneasilybeadaptedor ary parametriand
arbitrarynonparametrishapd3]. Mostobject-trackingal-
gorithmsconsiderinformationwithin a singleimageframe:
relatively little work focuseson globalanalysisof atempo-
ral image sequenceas usedhere. Using long sequences,
a motion-estimatiorsystemtoleratesnoise and distortions
better becausehe global analysisexploits both temporal
and spatialinformation. Hence,the analysisis tolerantof
instanceswherea featureis missingor corruptedin some
frames. The main disadwantagds thatuseof along image
sequencéncreasesompleity andcomputatiorcost.

2. OBJECT TRACKING ALGORITHM

Here, we explain the proposedalgorithmfor objectdetec-
tion in along imagesequenceConsideringthe whole im-
agesequencasathree-dimensiongbrocesd (z, y,t) with
spatialvariables(z, y), wheret representthetime index of
aframe,we cantransformthedatasequencénto a parame-
terspaceP(u,v, a1, as, ... ,t):

SHT
I(.Z’,y,t) — P(u;v,al,a2,... 7t)

where (u,v) is the position of the object described by
ai,as,--., attime t. In the caseof a circle, a, is its ra-
dius.

EachHoughimage, P(u, v, a1,as,. .. ,t), consistsof
a setof weightedfeaturepoints. Motion trackinginvolves
finding the correspondencef thesefeaturesbetweenfra-
mes. The correspondencproblemis combinatoriallyex-
plosive: consideringall possibletrajectorieswill notbefea-
sible even for a moderatenumberof framesand feature
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Fig. 1. Smoothnes®f motion is definedrelative to peak
accumulatowaluesfor adjacenframes.

points.Evenif we know all possiblerajectorieshow dowe

determinewhichis the correctone? To copewith thecom-

plexity of this problem,we utilise constraintof maximum
andminimumvelocity. If anupperboundonthevelocityis

known a priori, thengivena positionin oneframe,we can

limit the searchfor possiblematchesn the next frameto

asmallneighbourhooaf the positionin the presenframe.

Similarly, if theobjectis moving, it mustchangepositionby

someminimal amountbetweenframes. Theseconstraints
enableusto performalimited searchin a smallertemporal
neighbourhoodso reducingcomplexity. We alsoconstrain
the sizeandthe shapeof the objectsto befixedalongeach
possibletrajectory

In [4], an approachis proposedor establishingcorre-
spondencé amonoculaimagesequencesingthesmooth-
nessof motion. The algumentis that the speedand direc-
tion of a givenpointwill berelatively unchangedrom one
frameto the next for all moving objects rigid andnonrigid,
providedthesamplingrateis high enough.Thisapproachs
usedhere.

Our costfunctionuseghefollowing criteria: themotion
mustbe smoothin velocity anddirection,andthetrajectory
must passthroughthe points of the accumulatowith the
maximumpeakvalue. The velocity anddirectionbetween
framest — 1 andt aredenotedV;_; and¢;_; respectiely
(Figure1). So,to assesshe fitnessof ary trajectory we
considerthreeconstraints Thefirst addsthe peakvaluesof
theaccumulatospacehroughwhich thetrajectorypasses:

N
FE, = Z Peak; (1)
t=1

whichensureshatthetrajectorywill passhroughthepoints
of the parameterspacewith the maximum structureevi-
dence. The secondconstraintexpresseshe smoothnesn
directionbetweerntwo consecutre framesas:

N-1
Ey=) |pi-1— 2
t=2

30

j Standard Hm}gh transform (S}-‘T) -

Dynamic velocity Hough transform (DVHT) --6--
Velocity Hough transform (VHT) -

i

20 | / 4

Ve /
15 | I'd ! 4
/ i
/ i
/ i
/’// rl %
10 + { / % q
S ,/
)
/

Ly

Error

L}
|
beiso_

- ) -
20 25 30 35 40 45 50
% Mean Noise

Fig. 2. Comparisorof the noiseperformancef SHT, VHT
andDVHT with constantinearvelocity (syntheticimage).

Thethird constraintpenalisepointsin the parametespace
which correspondo large changesn velocity:

N-1
By=>Y Vi1 —Vi ©)
t=2

Combiningequationg1), (2) and(3) givesthe costfunction
to be maximised:

E=wE —wEy —w3ks

wherew;, w, andws are weightsthat can be adjustedto
vary therelative contribution of eachterm.

To find the optimal trajectorymaximising &, we apply
a dynamic programming(DP) scheme. Despitethe hard
constraintsintroduced,the computationcost of the direct
enumeratioris still high, andincreasegxponentiallyasthe
numberof framesincreases DP overcomesall thesediffi-
culties, alwaysyielding the absolutemaximumand allow-
ing hardconstraintgo be enforced.DP dividesthe optimi-
sationprobleminto stages.correspondingo frames,with
apolicy decisionrequiredat each,namelyto maximisethe
costfunction. Eachstagehasa numberof associatedta-
te variables. In our case,theseare the weightedfeatures
(i.e., the peaksof eachaccumulatorarray). Our network
is not fully connectedbecausewe perform a constrained
searchin a smalltemporalneighbourhoodBecauseof the
smoothnessf motionconstraintsequationg?) and(3), we
introducea delay or time lag, in our systemso we can-
notapplythe standardorm of dynamicprogramming This
meansthat the policy decisionin the currentstatedepends
uponthat of the previous state: therefore,the principle of
optimality is notapplicable[5]. To overcomethisdifficulty,
we implementa temporal,or time-delayed DP algorithm
in which thetwo-elementsectorof the currentandthe next
statevariables(x;, ;1) is fixed.
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Fig. 3. Definingcurvatureangle.

3. EXPERIMENTS

Thealgorithmwastestedon bothsyntheticandrealimages.
Following [2], we have chosera moving circle of fixedra-
diusto evaluateour algorithm. With syntheticimages,we
performedwo trials with increasingevelsof noise:onefor
constantlinear motion and onefor curvilinear motion. In
both,the sequenceonsistedf 10 frames,eachof whichis
abinaryimage.The addednoisehada uniform probability
densityfunction; affectedpixelshadtheir polarity inverted.

The first experimentquantifiedthe noise performance
of the new trackingalgorithm comparedwith the standard
Houghtransform(SHT) andthe VHT. Eachimageof the
10-framesequenceonsistedf 120 x 120pixels Thecir-
clewasof known radius,r = 10, moving with constantin-
earvelocity in both 2 andy directions For a given noise
level, 60 sequenceweregeneratedwith the level of noise
increasingrom 0% to 50%in 2% incrementsFigure?2 de-
picts the tracking performanceas a function of noisefor
SHT, VHT andthe DVHT. The error measureemployed
hereis the Euclideandistancebetweerthe centreof the de-
tectedcirclesand groundtruth, averagedover 60 different
sequencesis shavnin Figure2,theDVHT offerssuperior
performanceover the SHT andgivescomparablaesultsto
the VHT: until about40% noise,the DVHT andthe VHT
give comparablgessentiallyperfect) robustnesso noise.
For greatellevelsof noise theDVHT isinferiortothe VHT,
but still givesbetterresultsthanthe SHT. However, it avoids
thestrongassumptiorof constantinearvelocity.

In the secondnoiseexperiment,the circle was moving
on a parabolictrajectory(Figure 3), generatedor a range
of cunvatureangles. The smallerthe curvatureangle, the
tighter the curve. Curvatureanglesrangefrom 18%° (a
straightline) to 20, wherethe circle reversesdirectionin
a few pixels. Again, our sequenceonsistsof 10 frames,
each120x 120pixels At eachcombinationof curvature
angleandnoiselevel, we generate30 images. Resultsof
thesimulationaredepictedn Figure4 for theDVHT andin
Figure5 for the SHT. Despitesomesmallcurvatureangles,
implying abruptchangesn motion,the DVHT trackingal-
gorithmis very robust, asseenby thelarge areaof perfect
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Fig. 4. Noiseperformancef DVHT for curvilinearmotion
for differentcurvatureangles.
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Fig. 5. Noise performanceof SHT for curvilinearmotion
for differentcurvatureangles.

performance.

We alsoevaluatedthe performanceof the DVHT track-
ing algorithmon onerealimagesequencethe well-known
tabletennissequencé6]. A ball bounceson atable-tennis
bat,reachesmaximumelevationandthenfallsundergrav-
ity. The sequenceonsistsof 10 framesand eachframe
hasresolution360 x 243 pixels The backgroundtexture)
of the sequences quite comple, as seenfrom the edge-
detectedmage (10th frame) on the left of Figure 6, con-
taining mary potentialbut falsecircle features. The right
imageof the samefigure illustratesthe sameframe of the
sequenceywheretheball is blurredby motionandthe SHT
fails to trackit. Resultswith the DVHT are depictedwith
a circle andthoseof the SHT with arectangle.Theresults
for thewholesequencén arestrictedregion aroundtheball



Fig. 6. 10thframeof table-tennissequenceLeft: edge-detectetnage. Right: ball positionfrom DVHT (circle) andSHT

(rectangle).

Fig. 7. Ball positionobtainedby DVHT (circle) andSHT (rectanglevherepresentfor completetable-tennisequence.

(marked with a white rectanglein the right of Fig. 6) are
depictedn Figure7.

4. DISCUSSION AND CONCLUSION

This work hasadoptedthe conceptof smoothnessf mo-
tion andtheglobalevidence-gatheringf structurefrom ear
lier work. Thereare several advantagesof our approach
relative to othertrajectory-basedlgorithmsusingthe no-
tion of smoothnessf motion. First, our algorithmrequires
no initialisation, sincewe usea Hough-base@pproacHor
evidencegathering. Secondthe whole imagesequencés
processedjlobally and optimally using a temporal(time-
delay)dynamicprogrammingalgorithm. Third, aweighting
schemeensureghat we useonly ‘good’ features. Finally,
themethodcopeswith arbitrarysmoothmotion: noassump-
tions of constantr linear velocity areimposed. Nonethe-
less,we canstill handlerelatively abruptchangesasshavn
in theresultsfor high curvature(i.e. smallcurvatureangle)
motion. Theseadvantagesrereflectedn excellenttracking
performancén highlevelsof noise-considerablybovethe
performancef the standardHoughtransform.The method
is alsosuitablefor tracking parametricand nonparametric
objectsotherthancircles.
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