
OBJECT TRACKING VIA THE DYNAMIC VELOCITY HOUGH TRANSFORM

Pelopidas Lappas, John N. Carter, and Robert I. Damper

Image,SpeechandIntelligentSystems(ISIS)Group,
Departmentof ElectronicsandComputerScience,Universityof Southampton,

SouthamptonSO171BJ,UK.

ABSTRACT

Motion tracking is an important task in computervision.
A new technique,the dynamicvelocity Hough transform
(DVHT), for trackingof parametricobjectsis describedthat
extendsthe velocity Hough transform(VHT) to caterfor
arbitrary motion. Like the VHT, the new techniquepro-
cessesthewholeimagesequence,gatheringglobalevidence
of motion andstructure.However, we do not assumecon-
stantlinearvelocity but ratherallow arbitraryvelocity. The
methodtriesto find anoptimal,smoothtrajectoryin thepa-
rameterspacewith maximumenergy, wherethe latter in-
corporatesboth the structureof the moving objectandthe
smoothnessof motion. Theconstrainedoptimisationprob-
lem is solved usinga temporal(time-delay)dynamicpro-
grammingalgorithm.Trackingin noiseis muchsuperiorto
thestandardHoughtransform.

1. MOTIVATION AND APPROACH

Thetwo mainapproachesfor motionestimationareoptical
flow and feature-basedtechniques.The latter is advanta-
geousin casesof illuminancechangeor when the optical
flow is large. Thechoiceof featuresfor a vision systemis
very important.No suchsystemcanwell work unlessgood
featurescanbeidentifiedandtrackedfrom frameto frame.
Accordingto ourchoice,wecanhaveeithertoomany or too
few features.Anotherproblemis thatexistingmethodscan-
not easilydistinguishmoving andstatic features.A com-
monassumptionin many approachesis that thetrackingor
correspondenceproblemis solved:accordingly, only these-
lectionof featuresand/ortherepresentationof theobjectare
considered.Selectingappropriatefeaturesandcomputing
thecorrespondencebetweenpointsin a sequenceof frames
arebothprovento bedifficult problems.

The standardHoughtransform(SHT) is known for its
robustperformancein noisyenvironmentsandin situations
of occlusion[1]. TheVHT proposedby [2] takesadvantage
of temporalandstructuralinformationsimultaneously, by
incorporatingmotion in the evidence-gatheringprocessof

theHoughtransform,enablingglobalanalysisof thetempo-
ral imagesequence.In its simpliestform it requiresconstant
linearvelocity, which limits its application.

In ourapproach,thefollowingassumptionsaremadefor
the simplificationof the problem. The imagesequenceis
capturedfrom asinglecamera,farenoughfrom themoving
object that we do not needto take scalingfactorsinto ac-
count.Theobjectis rigid undergoingarbitrarymotion. We
demonstrateour algorithmwith respectto a moving circle,
but themethodcaneasilybeadaptedfor any parametricand
arbitrarynonparametricshape[3]. Most object-trackingal-
gorithmsconsiderinformationwithin asingleimageframe:
relatively little work focuseson globalanalysisof a tempo-
ral imagesequence,asusedhere. Using long sequences,
a motion-estimationsystemtoleratesnoiseanddistortions
betterbecausethe global analysisexploits both temporal
andspatialinformation. Hence,the analysisis tolerantof
instanceswherea featureis missingor corruptedin some
frames.Themaindisadvantageis thatuseof a long image
sequenceincreasescomplexity andcomputationcost.

2. OBJECT TRACKING ALGORITHM

Here,we explain the proposedalgorithmfor objectdetec-
tion in a long imagesequence.Consideringthe whole im-
agesequenceasa three-dimensionalprocess
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EachHough image, 
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, consistsof
a setof weightedfeaturepoints. Motion trackinginvolves
finding the correspondenceof thesefeaturesbetweenfra-
mes. The correspondenceproblemis combinatoriallyex-
plosive: consideringall possibletrajectorieswill notbefea-
sible even for a moderatenumberof framesand feature
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Fig. 1. Smoothnessof motion is definedrelative to peak
accumulatorvaluesfor adjacentframes.

points.Evenif weknow all possibletrajectories,how dowe
determinewhich is thecorrectone? To copewith thecom-
plexity of this problem,we utilise constraintsof maximum
andminimumvelocity. If anupperboundon thevelocity is
known a priori, thengivena positionin oneframe,we can
limit the searchfor possiblematchesin the next frame to
a smallneighbourhoodof thepositionin thepresentframe.
Similarly, if theobjectis moving, it mustchangepositionby
someminimal amountbetweenframes. Theseconstraints
enableusto performa limited searchin a smallertemporal
neighbourhood,soreducingcomplexity. We alsoconstrain
thesizeandtheshapeof theobjectsto befixedalongeach
possibletrajectory.

In [4], an approachis proposedfor establishingcorre-
spondencein amonocularimagesequenceusingthesmooth-
nessof motion. The argumentis that the speedanddirec-
tion of a givenpoint will berelatively unchangedfrom one
frameto thenext for all moving objects,rigid andnonrigid,
providedthesamplingrateis highenough.Thisapproachis
usedhere.

Ourcostfunctionusesthefollowingcriteria: themotion
mustbesmoothin velocityanddirection,andthetrajectory
must passthroughthe points of the accumulatorwith the
maximumpeakvalue. The velocity anddirectionbetween
frames
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(Figure1). So, to assessthe fitnessof any trajectory, we
considerthreeconstraints.Thefirst addsthepeakvaluesof
theaccumulatorspacethroughwhich thetrajectorypasses:
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whichensuresthatthetrajectorywill passthroughthepoints
of the parameterspacewith the maximum structureevi-
dence.The secondconstraintexpressesthe smoothnessin
directionbetweentwo consecutive framesas:
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Fig. 2. Comparisonof thenoiseperformanceof SHT, VHT
andDVHT with constantlinearvelocity (syntheticimage).

Thethird constraintpenalisespointsin theparameterspace
which correspondto largechangesin velocity:
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Combiningequations(1), (2) and(3) givesthecostfunction
to bemaximised:
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are weightsthat can be adjustedto
vary therelativecontributionof eachterm.

To find theoptimal trajectorymaximising
9

, we apply
a dynamicprogramming(DP) scheme. Despitethe hard
constraintsintroduced,the computationcost of the direct
enumerationis still high,andincreasesexponentiallyasthe
numberof framesincreases.DP overcomesall thesediffi-
culties,alwaysyielding the absolutemaximumandallow-
ing hardconstraintsto beenforced.DP dividestheoptimi-
sationprobleminto stages,correspondingto frames,with
a policy decisionrequiredat each,namelyto maximisethe
cost function. Eachstagehasa numberof associatedsta-
te variables. In our case,theseare the weightedfeatures
(i.e., the peaksof eachaccumulatorarray). Our network
is not fully connectedbecausewe perform a constrained
searchin a small temporalneighbourhood.Becauseof the
smoothnessof motionconstraints,equations(2) and(3), we
introducea delay, or time lag, in our systemso we can-
notapplythestandardform 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-elementvectorof thecurrentandthenext
statevariables,
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, is fixed.
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Fig. 3. Definingcurvatureangle.

3. EXPERIMENTS

Thealgorithmwastestedonbothsyntheticandrealimages.
Following [2], we have chosena moving circle of fixedra-
dius to evaluateour algorithm. With syntheticimages,we
performedtwo trialswith increasinglevelsof noise:onefor
constantlinear motion andone for curvilinearmotion. In
both,thesequenceconsistedof 10 frames,eachof which is
a binaryimage.Theaddednoisehada uniform probability
densityfunction;affectedpixelshadtheir polarity inverted.

The first experimentquantifiedthe noiseperformance
of the new trackingalgorithmcomparedwith the standard
Houghtransform(SHT) and the VHT. Eachimageof the
10-framesequenceconsistedof 120 Q 120pixels. Thecir-
clewasof known radius,R ; 5�S , moving with constantlin-
earvelocity in both

�
and

�
directions. For a given noise

level, 60 sequencesweregenerated,with the level of noise
increasingfrom 0%to 50%in 2% increments.Figure2 de-
picts the tracking performanceas a function of noisefor
SHT, VHT and the DVHT. The error measureemployed
hereis theEuclideandistancebetweenthecentreof thede-
tectedcirclesandgroundtruth, averagedover 60 different
sequences.As shown in Figure2, theDVHT offerssuperior
performanceover theSHT andgivescomparableresultsto
theVHT: until about40% noise,theDVHT andthe VHT
give comparable(essentiallyperfect) robustnessto noise.
For greaterlevelsof noise,theDVHT is inferior to theVHT,
but still givesbetterresultsthantheSHT. However, it avoids
thestrongassumptionof constantlinearvelocity.

In the secondnoiseexperiment,the circle wasmoving
on a parabolictrajectory(Figure3), generatedfor a range
of curvatureangles. The smallerthe curvatureangle,the
tighter the curve. Curvatureanglesrangefrom 180

M
(a

straightline) to 20
M
, wherethe circle reversesdirection in

a few pixels. Again, our sequenceconsistsof 10 frames,
each120 Q 120pixels. At eachcombinationof curvature
angleandnoiselevel, we generate30 images. Resultsof
thesimulationaredepictedin Figure4 for theDVHT andin
Figure5 for theSHT. Despitesomesmallcurvatureangles,
implying abruptchangesin motion,theDVHT trackingal-
gorithm is very robust,asseenby the largeareaof perfect
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Fig. 4. Noiseperformanceof DVHT for curvilinearmotion
for differentcurvatureangles.
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Fig. 5. Noiseperformanceof SHT for curvilinearmotion
for differentcurvatureangles.

performance.

We alsoevaluatedtheperformanceof theDVHT track-
ing algorithmon onereal imagesequence:thewell-known
tabletennissequence[6]. A ball bounceson a table-tennis
bat,reachesamaximumelevationandthenfallsundergrav-
ity. The sequenceconsistsof 10 framesand eachframe
hasresolutionT1U S QWV N T pixels. Thebackground(texture)
of the sequenceis quite complex, asseenfrom the edge-
detectedimage(10th frame)on the left of Figure 6, con-
taining many potentialbut falsecircle features.The right
imageof the samefigure illustratesthe sameframeof the
sequence,wheretheball is blurredby motionandtheSHT
fails to track it. Resultswith the DVHT aredepictedwith
a circle andthoseof theSHT with a rectangle.Theresults
for thewholesequencein arestrictedregionaroundtheball



Fig. 6. 10th frameof table-tennissequence.Left: edge-detectedimage.Right: ball positionfrom DVHT (circle) andSHT
(rectangle).

Fig. 7. Ball positionobtainedby DVHT (circle)andSHT (rectanglewherepresent)for completetable-tennissequence.

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

4. DISCUSSION AND CONCLUSION

This work hasadoptedthe conceptsof smoothnessof mo-
tionandtheglobalevidence-gatheringof structurefrom ear-
lier work. Thereare several advantagesof our approach
relative to other trajectory-basedalgorithmsusing the no-
tion of smoothnessof motion. First,our algorithmrequires
no initialisation,sincewe usea Hough-basedapproachfor
evidencegathering.Second,the whole imagesequenceis
processedglobally and optimally using a temporal(time-
delay)dynamicprogrammingalgorithm.Third,aweighting
schemeensuresthat we useonly ‘good’ features.Finally,
themethodcopeswith arbitrarysmoothmotion:noassump-
tions of constantor linear velocity areimposed.Nonethe-
less,we canstill handlerelatively abruptchangesasshown
in theresultsfor high curvature(i.e. smallcurvatureangle)
motion.Theseadvantagesarereflectedin excellenttracking
performancein highlevelsof noise–considerablyabovethe
performanceof thestandardHoughtransform.Themethod
is alsosuitablefor trackingparametricandnonparametric
objectsotherthancircles.
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