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Abstract

Motion Estimationis animportantresearch�eld with many commercialapplicationsincluding

surveillance,navigation, robotics,andimagecompression.As a result,the �eld hasreceived

a greatdealof attentionandthereexist a wide varietyof Motion Estimationtechniqueswhich

areoftenspecialisedfor particularproblems.Therelative performanceof thesetechniques,in

termsof bothaccuracy andof computationalrequirements,is often found to bedatadepend-

ent, andno single techniqueis known to outperformall othersfor all applicationsunderall

conditions.InformationFusionstrategiesseekto combinetheresultsof differentclassi�ersor

sensorsto giveresultsof abetterqualityfor agivenproblemthancanbeachievedby any single

techniquealone. InformationFusionhasbeenshown to beof bene�t to a numberof applica-

tionsincludingremotesensing,personalidentity recognition,targetdetection,forecasting,and

medicaldiagnosis.

This thesisproposesanddemonstratesthat InformationFusionstrategiesmayalsobeapplied

to combinetheresultsof differentMotion Estimationtechniquesin orderto give morerobust,

moreaccurateandmoretimely motion estimatesthanareprovided by any of the individual

techniquesalone.

InformationFusionstrategiesfor combiningmotionestimatesareinvestigatedanddeveloped.

Their usefulnessis �rst demonstratedby combiningscalarmotionestimatesof the frequency

of rotationof spinningbiologicalcells.Thenthestrategiesareusedto combinetheresultsfrom

threepopular2D Motion Estimationtechniques,chosento be representative of the main ap-

proachesin the�eld. Resultsarepresented,from bothrealandsynthetictestimagesequences,

which illustratethepotentialbene�tsof InformationFusionto Motion Estimationapplications.

Thereis oftena trade-off betweenaccuracy of Motion Estimationtechniquesandtheircompu-

tationalrequirements.An architecturefor InformationFusionthatallows faster, lessaccurate

techniquesto beeffectively combinedwith slower, moreaccuratetechniquesis described.

This thesisdescribesa numberof novel techniquesfor both InformationFusionandMotion

Estimationwhichhavepotentialscopebeyondthatexaminedhere.Theinvestigationspresented

in this thesishavealsobeenreportedin a numberof workshop,conferenceandjournalpapers,

whicharelistedat theendof thedocument.
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Chapter1
Intr oduction

1.1 Intr oduction

InformationFusiontechniquesseekto combineinformationfrom different sourcesso as to

provide informationof betterquality thancanbe provided by any of the individual sources

alone[4]. InformationFusion[5–11]hasbeenshownto improvethequalityof resultsfor awide

varietyof classi�cation,detectionandestimationproblemsincludingremotesensing[12–15],

personalidentity recognition[16–19],handwritingrecognition[20], targetdetection[21–24],

imagesegmentation[25], forecasting[26] andmedicalimaging[27,28]. Motion Estimation

from imagesequencesis an importantresearch�eld with many applicationsincluding image

sequencecompression[29–32],surveillance[33,34], navigation[1,35] andtracking[36,37].

This thesisinvestigatestheapplicationof InformationFusionto combinetheresultsof Motion

Estimationtechniquesandshowsthatthiscanleadto moreaccurate,robustandtimely motion

estimates.Theremainderof this chapteris structuredasfollows: Section1.2 presentsmotiv-

ationsfor this work andSection1.3 outlinesthemaincontributionsof the thesis.Section1.4

describesthestructureof thethesisandthechaptercontents.A summaryof thechapteris given

in Section1.5.

1.2 Moti vations

In commonwith most ImageProcessingalgorithms,Motion Estimationtechniquesrely on

assumptionsaboutthe imagesequencesandwhentheseassumptionsarebrokentheaccuracy

of themotionestimatescanbepoor. A typical assumption,for example,is thattheappearance

of an imagedobject will not changeover time and motion. Different techniquescan have

differentunderlyingassumptionsand usetheseassumptionsin differentways, and so their

relativeperformancemayvarydependingontheimagesequence.

Figure1.1(a)shows an exampleframefrom a real testsequencein which a planarobject (a

photograph)moveshorizontallyat constantvelocity from right to left acrossthe�eld of view.
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(a)

(c)

(b)

(d)

Figure 1.1: Motionestimatesfromtwodifferenttechniquesappliedto a testsequencein which
a planarobjectmovesat constantvelocityfromright to left in frontof a motionless
background. (a) exampleframefromthetestsequence,(b) resultsfromtechnique
A, (c) resultsfrom techniqueB. d) A comparisonbetweenthe performancesof
the techniques. Whitepels indicate that techniqueA gavesmallererrors, black
indicatesthat techniqueB gavesmallererrors.
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Figures1.1(b)and1.1(c)illustrateresultsfrom applyingtwo differentMotion Estimationtech-

niques,A and B, to this test sequence.TheseMotion Estimationtechniqueswill be fully

describedin Chapter3. Qualitatively, it can be seenthat the relative performanceof these

techniquesis datadependent,with A performingbetteron thebackgroundandB giving more

accurateresultson theforegroundobject.

As this testsequenceis verysimple,it is easyto manuallydeterminethetruemotionandhence

obtaina quantitative measureof performance.Performanceis judgedusinganerror measure

whichwill bedescribedin Chapter3 againstthegroundtruthmotion�eld for thetestsequence.

Figure1.1(d) illustratesthe relative performanceof the techniquesby showing pelswhereB

performedbetterin black andpelswhereA performsbetterin white. Quantitively, A gives

moreaccuratemotionvectorsfor only ����� of pelson theforegroundphotographbut for �����

of thebackgroundpels.

Thereexist a varietyof Motion Estimationstrategiesincludingcorrelationmethods[1,34,37–

40], differentialmethods[2,3,41] andfrequency domainapproaches[42–46]. Thesedifferent

strategiesmakedifferentassumptionsandso the relative performanceof thesetechniquesin

termsof both accuracy andcomputationalrequirementsis often datadependent.As Motion

Estimationis an importantcomponentof many applications,thereis a needto �nd techniques

thatcancopewell on a rangeof problems.This thesisis motivatedby thedesireto combine

differentMotion Estimationstrategiessoasto give goodresultsover a moregeneralrangeof

problemsthancanbecopedwith by any singlestrategy alone.

1.3 Contrib utions

The maincontribution of this thesisis to identify, expandandapplyappropriateInformation

Fusionstrategiesfor representingandcombiningmotionestimates[47–49]. This researchhas

moregeneralapplicationsoutsideMotion Estimationandhassincebeenappliedto combining

theresultsof differentNeuralNetworks[50].

An importantproblemwhenfusingmotionestimatesis thatdifferenttechniquesoftenhavedif-

ferentcomputationalrequirements.Thereis oftenatrade-off betweenthespeedandaccuracy of

Motion Estimationstrategies.This thesisalsoproposesanddemonstratesa fusionarchitecture

whichcanhelpsolve thisproblem[51,52].
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The backgroundchaptersof this thesisgive an overview of InformationFusionandMotion

Estimationresearch.Thesechaptersalsopresentnovel techniquesfor usein MotionEstimation

in thefrequency domain[53] andfor trackingobjects[54].

1.4 Structur e

Thestructureof this thesisis asfollows:

� Chapter2givesanintroductionto InformationFusionresearch.Applicationsandstrategies

for InformationFusionaredescribed,andanappropriatestrategy for fusingmotiones-

timatesis identi�ed.

� Chapter3 givesa brief overview of Motion Estimation.Motion Estimationalgorithms

usedin the remainderof the thesisto illustratethe fusion strategiesaredescribedand

examplesof theirapplicationto syntheticandrealdatasequencesarepresented.

� Chapter4 presentsan illustrativeexamplewhereInformationFusiontechniquesareap-

plied to combineestimatesof the frequency of rotationof spinningcells. The motion

estimatesin this examplearescalarvaluesratherthanthe2D motionvectorsconsidered

by theremainderof thethesis.

� Chapter5 considersthehypothesisthatInformationFusioncanhelpprovidemoreaccur-

ateandrobust2D motionestimates.Novel techniquesfor improving the robustnessof

InformationFusionareproposedandapplied.Empiricalresultsfrom syntheticandreal

dataarepresentedto supportthehypothesis.

� Chapter6 considersthehypothesisthatInformationFusioncanhelpprovidemoretimely

motionestimates.To this endit is shown that InformationFusioncanhelpto overcome

theaccuracy-ef�ciency trade-off problemin Motion Estimation.

� Chapter7 presentsconclusionsandasummaryof thethesis,adiscussionof its limitations

andsuggestionsof topicsfor futureresearch.
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1.5 Summary

The themeof this thesisis the applicationof InformationFusionto improving the quality of

Motion Estimationresults.This is motivatedby theneedfor moreaccurateandrobustmotion

estimates,by existing researchwhichhasshown that InformationFusioncansigni�cantly im-

prove thequalityof resultsin other�elds, andby theobservationthattherelativeperformance

of differentMotion Estimationalgorithmsis oftendatadependent.

This thesismakesa numberof contributionsto both the InformationFusionandMotion Es-

timationresearch�elds. Empiricalresultsarepresentedwhichcon�rm thatInformationFusion

cancombinetheresultsof differentMotion Estimationalgorithmsto givemoreaccurate,robust

andtimely motionestimates.
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Chapter2
Information Fusion

2.1 Intr oduction

Resultsfrom differentsensorsor classi�erscanoftenbecombinedto giveestimatesof a better

quality thancould be obtainedfrom any of the individual sourcesalone. Luo andKay give

a comprehensive survey of the InformationFusion�eld in [5], their paperalsoappearswith

a collectionof otherfusion survey papersin [7]. An introductionto the �eld with particular

interestin the in�uence of defenceresearchis given by Hall andLlinas in [9]. Surveys of

multisensordecisionfusionstrategiesaregivenby Dasarathyin [6] andby Varshney in [10].

An overview of Millimeter-Wave andInfraredMultisensorDesignis givenby Klein in [24].

Bloch [8] reviews a varietyof combinationoperatorsandclassi�es themdependingon their

behaviour.

Thischapterpresentsanoverview of theInformationFusion�eld. Thestructureof thischapter

is asfollows: Section2.2 givesexampleapplicationsof InformationFusionandSection2.3

describessomepopularfusionstrategiesidenti�ed from theseexamples.Theappropriateness

of thesestrategiesfor Motion Estimationis discussedin Section2.4, which identi�es an ap-

propriatestrategy for combiningmotion estimates.This strategy is describedmore fully in

Section2.5anda summaryof thechapteris givenin Section2.6.

2.2 Applications

InformationFusionhasa wide varietyof applicationsincluding remotesensing[12–15],per-

sonalidentity recognition[16–19],handwritingrecognition[20], targetdetection[21–24],im-

agesegmentation[25], forecasting[26] andmedicalimaging[27,28]. As well asbeingapplied

to combineinformationfor differentpurposes,InformationFusioncanbeappliedat thesensor

(data)level, pel level, featurelevel anddecisionlevel,with thefuseddecisioneitherat thesame

level or atahigherlevel [10,55]. To acertainextenttheapplicationdictatesthechoiceof fusion
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strategy. Wald [4], who reportstheresultsof a Europeanworking groupsetup to harmonise

referencetermsin the�eld, givesthefollowing de�nition of datafusion:

Datafusionis a formal framework in whichareexpressedmeansandtoolsfor the
allianceof dataoriginatingfrom differentsources.It aimsat obtaininginforma-
tion of greaterquality; theexactde�nition of “greaterquality” will dependon the
application.

Theapplicationconsideredby this thesisis thatof Motion Estimation.Althoughtherehasbeen

someinterestin combiningStereoVision techniqueswith Motion Estimation[56,57], theredo

notappearto beexamplesof InformationFusiontechniquesbeingappliedtoMotionEstimation

in theliterature,andsotheremainderof thissectionbrie�y discussesotherapplicationsin order

to identify themethodsthey use.Theapplicationsconsideredare:personalidentityrecognition,

remotesensing,imagefusionandtrainingneuralnetworks.

2.2.1 PersonalIdentity RecognitionSystems

The problemof establishingthe identity of individualsfrom their biometric featureshasre-

ceivedagreatdealof attention[16,18,19,58]. Suchsystemsovercomemany of thedisadvant-

agesof passwordbasedsecureaccesssystems.Typicalbiometricfeatureswhichcanbeusedfor

identi�cation includevoice,iris, �ngerprints,gaitandfaceappearance.Theadditionalinforma-

tion thatis availableto multi-modalityapproachescanleadto morerobustidentity recognition

systems.Furthermore,the useof multiple modalitiescan reducethe risk of malevolent in-

dividualsgainingaccessto a protectedsystemby imitating authorisedusers,for exampleby

playinga voicerecordingto fool a voicerecognitionsystem.As well ascombiningtheevid-

encefrom multiple biometricmodalitiesin a featurelevel strategy, theclassi�cationsgivenby

differenttechniquescanthemselvesbecombinedin adecisionlevel strategy.

The identity recognitionproblemis an
�

hypothesisclassi�cationproblemwherethe
�

hy-

pothesesarethe individualsin a client database.A simplerversionof the problemis thatof

personalidentity authentication,wherethe identity of an individual is proposedandmustbe

veri�ed. This is a binaryhypothesisproblemwith thehypothesesof eitheracceptingor reject-

ing theproposedidentity.

Chatziset al. [16] useclusteringalgorithmsandfuzzy settheoryto combinethedecisionsof
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singlemodalitypersonalidentityauthenticationalgorithms.Thefuseddecisionsarereportedto

have signi�cantly fewer errorsthanthe individualdecisions.Ben-Yacoubet al. [19] combine

theclassi�cationsof a voicerecognitionsystemanda facerecognitionsystemin their identity

authenticationapproach.They reportthataBayesianbasedfusionstrategy usingtheMinimum

Probabilityof Error costfunctionandanArti�cial NeuralNetworkstrategy yield thebestres-

ults. Kittler et al. [17] usea Bayesian[59] basedfusion methodologyto combineevidence

from comparingthe imageof an individual's faceagainsta numberof differentimagesof the

candidateheldonadatabase.They reporta ����� reductionin errorrateover usingjusta single

imageper candidatedatabase.This work is extendedto a full identity recognitionsystemin

[18].

Speakerrecognitionis itself often treatedas an information fusion problem,whereby the

speechsignalis dividedinto small subbandsandindividual decisionsmadefor eachsubband

arecombined[60]. Higgins et al. [58] describea personidenti�cation systembasedon this

ideawhichusesaBayesianbasedfusionstrategy.

2.2.2 RemoteSensing

Remotesensingfrom satellitesandaircraftis appliedto anumberof applications,in particular

to the classi�cationof land use. Multisensorandhyperspectralimagescancontainmorein-

formationthansinglesensorimages.This informationcanbeusedto signi�cantly improve the

performanceof suchclassi�er systems[12–15,25].

KermadandChehdi[25] describean approachto the locationandclassi�cationof seaweed

usingan airbornemultispectralimager. They usea decisionlevel fusion strategy wherethe

individualbandsare�rst independentlysegmentedby multi-thresholding.Bandsfoundto have

similar resultsare groupedand classrepresentativeschosen. Thesesegmentationsare then

combinedusingclusteringalgorithms.Hegárat-Mascleet al. [15] alsofuselandclassi�cation

resultsfrom differentsensors.They useDempster-Shaferevidencetheory [61] to combine

classi�cationsfrom individual sensorsandreportsigni�cant improvementsover singlesensor

results.Leeet al. [12] comparetheperformancesof probabilisticandDempster-Shaferfusion

strategiesappliedto combiningdifferentsourcesof remote-sensingdata. They concludethat

both strategies lead to improved classi�cation accuracy and that therearemany similarities

betweenthem.
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2.2.3 ImageFusion

In ImageFusion,multiple imagesarecombinedinto a single image. The individual images

may be formedby differentsensors,from differentviewpoints,or by a singlesensorat dif-

ferenttimes. ImageFusionis an increasinglyimportantresearchareawith many applications

includingmedicalimaging[28], surveillance[62] anddefence[63]. A survey of imagefusion

strategiesis givenby ZhangandBlum in [64]. The improved “quality” in Wald's [4] sense

relatesto theclarity andamountof informationin thefusedimage;XydeasandPetrovic [65]

proposean imagefusion performancemetric basedon the preservation of edgeinformation

from theindividual images.

Differencesbetweenthesensorpositionsandin imagingcharacteristicsrequirethe individual

imagesto beregisteredbeforethey canbefused[66]. Physicalregistrationstrategiesuseselec-

tedlensesandmirrorsto separatethedifferentsignals.Thedesignof dualaperturesensorsfor

millimetre radarandinfraredis describedby Klein in [24]. Toetet al.[63] useda germanium

mirror to separatewavelengthsin theirdualapertureForwardsLooking Infrared/ visible light

sensor. Algorithmic registrationstrategiesidentify pointsof correspondencebetweenthe im-

agesandusetheseto determinetheparametersof anappropriatetransform.

In controlledenvironments,suchasmedicalimaging, it may possibleto usearti�cial refer-

encepointswhich arevisible to all sensors.Matsopouloset al. [28], for example,registered

MagneticResonanceandX-ray ComputedTomographyimagesby placingmaterialsevidentto

bothsensorson thesubject.Li et al. [67,68] proposedanautomaticvisual/ infraredregistra-

tion systembasedonintensitycontoursin theimages.A consistency checkingstepwasusedto

discardfeatureswhich did not appearin both images.Joneset al. [62] usehalogenspotlights

ascalibrationtargetsto enablethe coregistrationof imagesfrom visual andthermalinfrared

cameras.

Objectsandfeaturesof interestcanappearat differentscalesin theimage,dependingon both

theobjectsizeandits distancefrom the imagingdevice. To ensurethat the fusedimagecap-

turesdetailsat all scales,a Multi-ResolutionDecomposition(MRD) canbe used. A survey

of multiscalebasedfusionstrategiesis givenby ZhangandBlum in [64]. Early work useda

MRD basedontheGaussianPyramiddeconstruction[28,63,69], laterthewaveletbasedMRD

cameinto use[70]. TheGaussianPyramidis a MRD basedon successively low pass�ltering

andsubsamplingtheoriginal image.The initial imageforms thebottomlevel of thepyramid
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Figure 2.1: TheMixtureof Expertsarchitecture for combiningneural networks.A gatingnet-
workdeterminesthecontributionsof individualexperts.

with subsequentlevelsformedby thelow pass�ltering andsubsamplingof thepreviouslevel.

The wavelet transform[71,72] can alsobe usedto give a multiresolutiondecompositionof

an image[73]. The transformusessuccessive applicationof high and low pass�lters with

subsampling.Thewaveletcoef�cients correspondingto thehigh passimagecaptureedgefea-

tures. By fusing imagesin thewaveletdomain,theseperceptuallysigni�cant featurescanbe

preserved.

2.2.4 Training Neural Networks

Fusionstrategiesarealsoappliedto trainingArti�cial NeuralNetworks[74]. In theCommittee

of Expertsapproach,a numberof individual networksor expertsaretrainedandtheir outputs

combined.This hasa numberof advantages,particularlybecausetherelative performanceof

differentnetworkstendsto vary over theinput space.Edwardset al. [75], who usea commit-

teeof neuralnetworksto improve quality predictionin papermaking,taketheaverageof the

individual networkoutputsasthe fusedoutput. Hinton's Productsof Experts[76] technique

for trainingsetsof neuralnetworksusesacombinationstrategy basedontakingtheproductsof

individualexpertmodels.

The Mixture of Experts[77,78] approachmakesuseof the naturaldecompositionof certain

tasks.A setof neuralnetworksaretrainedon individualsubtasks,andtheoutputsof theseex-

pertsarecombined.A gatingnetworkis trainedto determinethecontributionsof theindividual

expertsfor a giveninput pattern.Theinput to thegatingnetworkmayor maynot bethesame

astheinput to theindividualexperts.Thisapproachis illustratedin Figure2.1.
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Figure2.2: A canonicalarchitecture for InformationFusion.

A popularalternative to usinga gatingnetworkis thecompetitivelearningapproachin which

individualexpertscompeteto beselectedfor particularinputpatterns.A varietyof competitive

strategieshave beenproposed,oneof the simplestof thesechoosesthe expert whoseweight

vectoris thesmallestEuclideandistancefrom the input vector[79]. Theweightsof the win-

ning expert areupdatedto be moresimilar to the input vector. McNeill et al. [80] compare

4 competitive learningstrategiesappliedto train anautonomousrobot to track the motionof

a point light source.They concludethat theperformanceof competitive learningstrategiesis

bestwhenratherthana “winner takesall” strategy thecontributionsof individualexpertsto a

particularinputpatternareweighted.

2.3 Methodsof Information Fusion

In thecanonicalInformationFusionarchitectureillustratedin Figure2.2,aphenomenonis ob-

served andprocessedby a numberof individual techniques.Informationfrom the individual

techniquesis combinedat a FusionCentre. The individual techniquesmight be sensors[22,

23,81–83]or differentclassi�ers [18,84–86]. A wide variety of fusion methodshave been

proposedand implementedin the literature including committeemethods[87,88], cluster-

ing algorithms[16], weightedaverage,techniquesbasedon Fuzzysettheory[27,47,89,90],

Dempster-Shaferevidencetheory[12,15] andStochasticmethods.

A review of decisionfusionoperatorsis givenby Bloch[8] whichclassi�esoperatorsascontext

dependent,whereglobal knowledgeis takeninto account,or context independentwherethe

fusionisdependentonlyontheindividualvalues.Context independentoperatorsaresubdivided

into variablebehaviour, wherethefusionvariesdependingontheindividualvalues,or constant

behaviour.
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Theremainderof this sectiongivesanoverview of thepopularapproachesto InformationFu-

sionidenti�ed in theapplicationsof theprevioussection:committeemethods,clusteringmeth-

ods,methodsbasedonfuzzysettheoryandmethodsbasedonDempster-Shaferevidencetheory

andonBayesiandecisiontheory.

2.3.1 CommitteeMethods

A key problemin InformationFusionis how to enablethe different informationsourcesto

contributeto a result.Votebaseddecisionfusionmethodsgroupindividualexpertsor discrim-

inating functionsinto a set termeda committee. In this approach,the individual expertscast

votesfor thecorrecthypothesis.A varietyof voting ruleshave beenproposed,in the Major-

ity Vote rule the hypothesiswith the mostvotesis chosen.A summaryof the backgroundto

committeetheoryis givenby Mazurov etal. in [87].

Yussoff et al. [88] describea committeebasedfusion methodto combineexperts for shot

changedetectionin videosequences.Thedetectionproblemis a binary hypothesisproblem.

They usetheMajority Voteruleto combineindividualexpertdecisionsfor aframe,anddescribe

experimentsto �nd goodparametersfor theindividualexpertsunderthis fusionstrategy.

Althougheffective classi�erswould beexpectedto allot high ranksto correcthypotheses,as

the numberof hypothesesincreases,the likelihood of an incorrectchoicebeingrankedtop is

alsoincreased.By fusingrankingsof choicesfrom individualclassi�ersratherthanjust thetop

decisions,therisk of completelyrejectingthecorrecthypothesiscanbereduced.Ho etal. [86]

describemethodsto reducethehypothesissetto assmallasubsetthatstill containsthecorrect

hypothesisaspossible.Ho etal. alsodiscussclasssetreordering,wheretheclassrankingsare

alteredto placethetrueclassascloseto thetoprankaspossible.

2.3.2 Clustering Methods

In someclassi�cationapplications,especiallyat the featurelevel, individual resultscantake

valuesfrom arangeratherthanmakingabsolutedecisions.For example,theindividualpersonal

authenticationalgorithmsusedby Chatziset al. [16] give estimatesin the range
�

�
�

��� with

the limits � and � indicating rejectionandacceptanceof the proposedidentity respectively.

Clusteringfusionmethodscombinesuchresultsby forming observationvectors ��� from the

� individualclassi�ersthenby groupingthevectorsinto
�

clusters,where
�

is thenumber
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of hypotheses.For anobservation � � , thefuseddecisionis thehypothesisassociatedwith the

clusterto whichtheobservationis allocated.

The well known
�

-meansclusteringalgorithm[91] partitionsdatainto
�

subsetsseekingto

minimisetheEuclideandistance
�

between
�

vectors� � andtheclustercentroids� � :

�

�

�����

�

�
	��




�

��	��

�

� � 	�� �

���

(2.1)

Chatziset al. [16] use
�

-meansclusteringto combineresultsof personalauthenticational-

gorithmsby setting
�

�

�

� � , with the binary hypothesesof acceptingor rejectingthe

proposedidentity.

Clusteringis alsoa popularapproachto accumulatingevidencefor locatingandrecognising

objects[92,93]. In this approach,featuresdetectedin an imageare usedto strengthenor

weakensupportfor elementsin anaccumulatortableof posehypotheses.This is alsoreferred

to astheGeneralisedHoughTransform[94].

2.3.3 FuzzySetMethods

Often the membershipof an element 	 of a class
�

is ambiguous.For example, it can be

dif�cult to consistentlyseparategroupsof peopleinto classesof “tall”, “mediumheight” and

“small”, as the classi�cationsare not crisply de�ned. Fuzzyset theory, �rst introducedby

Zadeh[95], associatesa “membershipfunction” ���

�

	

� with elementsto representthedegree

of their membershipto a set
�

. Often �
�

�

	

� is constrainedto lie in the range
�

�
�

��� so that

the closer �
�

�

	

� is to 1, the greaterthe degreeof membership.The choiceof membership

function is usuallysubjective andparametrisedby somecon�dencemeasureassociatedwith

theclassi�cation.

A widevarietyof operatorsfor fuzzysetshavebeenproposedin theliterature,andthechoiceof

operatorisusuallysubjectiveandapplicationdependent[96]. Thesimpleunionandintersection

operatorsproposedby Zadeh[95] areillustrativeexampleswhosemembershipfunctions,given

to classes
�

and
�

, areasfollows:
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�

�����

�

	

� � ����� �

� �

�

	

� �

�	�

�

	

� � (2.2)

�

��
��

�

	

� � ����
 �

� �

�

	

� �

� �

�

	

� � (2.3)

NejataliandCiric [27] usefuzzy setsto representbothclassmembershipandsensornoisein

their multisensorimagefusionapproach.They give a simulatedexamplewhereelectricalim-

pedancetomographyis appliedatdifferentfrequenciesto detectbiologicalorgansin asubject.

A membershipfunctionbasedon pel intensityis usedto classifypelsin theindividual images

formedby eachfrequency band. Theseindividual classi�cationsarethencombinedusingan

operatorwhich is similar to ( 2.2)but whichalsotakesaccountof sensoruncertainty.

Schnatter[97] suggeststhat the inaccuracy of a measuringprocessis bestexpressedby fuzzy

ratherthan stochasticmethods. Accordingly, Hong and Wang [89] usefuzzy theory to ex-

pressuncertaintydueto themeasuringprocessin theirmultisensorfusionstrategy basedonthe

KalmanFilter [98].

2.3.4 Dempster-ShaferEvidenceTheory

Dempster-ShaferEvidencetheory[61] offersanalternativemethodof dealingwith uncertainty

in which a basicprobability numberor massfunction �

�

�

� is associatedwith every element
�

of thesetof subsets��� of thehypothesisspace
�

sothat[15]:

�

���
�

� � (2.4)
�

���

���

�

�

�

�
� � (2.5)

Themassfunction �

�

�

� is a measureof thebeliefexactly in
�

, thetotalbeliefBel �

�

� in
�

is

thesumof its massfunctionandthemassfunctionsof all its subsets
�

:

Bel �

�

�
�

�

��� �

�

�

�

� (2.6)
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Anotherusefulfunctionis thePlausibilityfunctionPls�

�

� , whichmeasuresthedegreeto which
�

is not doubted:

Pls�

�

� �

�

� 
 �

�

	��

�

�

�

� (2.7)

PlausibilityandBelief functionsrepresentthemaximumandminimumuncertaintyin
�

. As
�

may beany subsetof
�

, uncertaintyaboutsetsof hypothesescanbe represented.Two mass

functions� � and � � canbecombinedto givea third massfunction ��� usingtheorthogonal

sum,de�ned asfollows[61]:

���

�

�

�
�

�

�	� 
 ��


	

�

�
�

�

�

�
�

�
�

�

�
�

�

�
	

�

�	� 
���


		�

� �

�

�

� �

� �

�

�
�

�

(2.8)

if thedenominatoris � thentheorthogonalsumis saidnot to exist.

Hegárat-Mascleetal. [15] useDempster-Shaferevidencetheoryin theirmulti-sensorlandclas-

si�cation approach.They describean unsupervisedmethodfor allocatingmassfunctionsto

hypothesessetsandcombinetheseusingtheorthogonalsum.

2.3.5 Probabilistic Methods

Bayesiandetectiontheoryoffersa well understoodframework whichcanbeusedfor Informa-

tion Fusionin whichuncertaintyin theindividualresultsis expressedby probabilities.Classical

Bayesiandetectiontheorywas�rst extendedto thedistributedsensorcaseby Tenney andSan-

dell [23], who developedoptimal decisionfunctionsfor the individual detectors.However,

they did not developrulesfor thefusioncentre.ChairandVarshney [22] extendedthework of

Tenney andSandellby developinganoptimaldecisionfusionstrategy for a binaryhypothesis

detectionproblem.Thomopouloset al. [81] developedanoptimaldecisionfusiontechnique

usingtheNeyman-Pearsontest. Out et al. [99] appliedtheBayesianfusionapproachto com-

binepredictionsfrom neuralnetworks.

Kittler et al. [84,85,100] developeda theoreticalframework basedon Bayesiantheory, and
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Observation SpaceX

Phenomenon

Decision h 0

2X

X1

0X
3X

Figure 2.3: Theobservationspace
�

is split into disjoint regions � � , so that givenan obser-
vation � , if � ��� � thenhypothesis	
� is chosen.

show that many popularfusion strategiesarespecialcasesof this framework. Anandaligam

and Chen[26] describeda generalBayesianmodel for a linear combinationof biasedand

correlatedestimateswith applicationto forecasting.

The decisionfusion problemmay be seenasan
�

hypothesisdetectionproblem[22] with

hypotheses	�� �

�

where � individualdetectordecisions	�� form theobservation �

1:

��� �

	

�
�

�����
�

	��

���

�

T
�

�

(2.9)

whereT denotesthe transpose.Thetaskcanthenbeapproachedusingclassicaldecisionthe-

ory [59]. As illustratedin Figure2.3,theobservationspace
�

is split into disjoint regions � � ,

so thatgivenanobservation � , if � � ��� thenhypothesis	
� is chosen.Theexpectedcostor

risk
�

for thedecisionsystemis then:

�

�

�

�

� �

�

�

�


 �

�

� �

�

� 	
�
�

	

�

�

���

�

�

� �
	 	

�

���
� (2.10)

1Theindividualhypothesesmaythemselvesbevectors,asis thecasefor Motion Estimation,andsoby conven-
tion shouldbein bold font. However, for thesakeof clarity they havebeenleft in normalfont.
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where
�

� 	
� � 	

�

� is thecostassociatedwith choosinghypothesis	 � when 	

�

is true,and
� �

�

�

� 	

�

� is the a priori probability of hypothesis	

�

. �

� � 	 	

�

� is the probability distribution of

observing� giventhat 	

�

actuallyoccurred.Rewriting Equation(2.10)andusing:

�

�

�

� � 	 	

�

� � � (2.11)

gives [59]:

�

�

�

�


 �

�

� �

�

� 	

�

� 	

�

� �

�

�

���

�

� �

�

�

�


 �

�

���

�

� �

�

�

� 	
� � 	

�

� 	

�

� 	

�

� 	

�

� �

�

� �
	 	

�

��� � (2.12)

The�rst sumis the�x edcostof thedecisionsystemandthesecondtermis thecostdependent

on thechoiceof decisionregion boundaries.
�

� 	

�

�
	

�

� is thecostassociatedwith choosingthe

correcthypothesis,andis typically � . Theminimumof this risk functionis whenthedecision

regions � � areassignedto minimisetheintegrandsin ( 2.12)(assigning��� to coverobservation

� is equivalentto choosinghypothesis	 � given � ), andso 	 is chosenif:

	�� ����� � � 


�

�

�

�


 �

�

���

�

�
�

�

�

� 	
� �

	

�

�
	

�

� 	

�

�
	

�

� �

�

� �
	 	

�

� (2.13)

Sincethe observation � is comprisedof the decisions	

�
�

�����
�

	��

��� with individual distribu-

tions �

�

	

� 	 	
� , �

� � 	 	
� canbedeterminedif the�

�

	

� 	 	
� distributionsandtheir inter-dependencies

areknown.

In many fusionproblems,theestimate
�




� �
� is a valuefrom a continuousrange


�

�

rather

thana discretehypothesis.This issuecan be avoidedby quantisingthe rangeinto discrete

hypotheses[47]. However, treatingtheproblemasestimationfusionratherthandecisionfusion

enablesa more naturalrepresentationfor certainapplications. The risk associatedwith the

decisionsystem( 2.10)maybere-formulatedasfollows [59]:
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� � � �




�

�

�




� � ��� � �


 (2.14)

�

� �

�

�

�

� � �

� �

�

�

�

�

�




� � � �




�

�

�




	 � � �




� � (2.15)

with
�

minimisedwhen
�




� � � is assignedto minimisetheinnerintegral.

2.4 Discussion

The choiceof fusion strategy is typically applicationdependent.Theprevious sectionshave

examinedanumberof InformationFusionapplicationsreportedin theliteratureandhave iden-

ti�ed a variety of fusion strategies from theseexamples. The applicationconsideredby this

thesisis Motion Estimation,this sectiondiscussesthe relative meritsof the differentfusion

strategiesfor this task.

Sincea key motivation for the work in this thesisis to takeadvantageof the differencesin

performancebetweenMotion Estimationtechniquesunderdifferentconditions,it is important

thatthechosenfusionstrategy shouldbeableto takecon�dencemeasuresinto account.Simple

committeevotingmethodsdonottakeaccountof uncertaintyin theindividualdecisions.Rank

basedmethodsgo someway to dealingwith this, but still do not allow for differencesin the

performanceof individual techniques.Fuzzy, Dempster-ShaferandProbabilisticmethodsdo

enablecon�denceto betakeninto account.

Classi�cationfusionstrategiessuchascommitteemethods,clusteringmethodsandDempster-

Shaferevidencetheorywork with discretehypotheses,howevermotionestimatesarein general

continuousvalues. The motion vectorscould be quantisedto enablediscretevaluemethods

to be applied. However asprecisionrequirementsincrease,the numberof hypothesesmust

increaseaccordinglyand large numbersof hypothesescan be problematicfor classi�cation

fusionstrategies,especiallyasthe differencebetweenclassesbecomesnegligible. FuzzySet

andBayesiantheory, however, arebotheasilyextendedto theestimationfusionproblem.

Fuzzytheoryis sometimesreportedto subsumeprobability theoryandenablerepresentations

of uncertaintiesthatcannot beexpressedby probabilities[97]. However this is a very conten-

tiousissue.LavioletteandSeaman[101] arguethatFuzzySetTheorydoesnot offer anything
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morethanprobability theory. Applying fuzzy settheoryto a problemrequiresthat fuzzy rep-

resentations,operatorsanddefuzzi�cationoperatorsbede�ned. It is not clearhow this should

bedoneandin theliteraturethechoiceis oftensubjectiveandapplicationdependent[96].

Theperformanceof Bayesianbasedfusiontheoryis typically reportedfavourablycomparedto

othermethodsin the literature.LavioletteandSeaman[101] notethatwhencomparisonsare

madein theliterature,techniquesbasedonprobabilitytheoryaretypically reportedto equalor

outperformfuzzybasedtechniques.Dasarathyreportspreliminaryresultsfrom acomparisonof

avarietyof fusionstrategiesincludingFuzzyandBayesianbasedstrategiesappliedto decision

makingfor ballistic missiledefenceapplications[102]. Althoughhedraws no strongconclu-

sionsfrom theseearlyresults,theBayesianbasedfusionstrategy givesthebestperformancein

termsof targetID accuracy andfalsealarmrates.Leeetal. [12] compareastatisticalapproach

basedon Bayesiantheoryagainstan evidential approachwhenappliedto land classi�cation

from remoteinfraredandvisible light sensors,they reportsimilar performancefor bothtech-

niques.Ben-Yacoubet al. [19] comparea varietyof fusionstrategiesin their multi-modality

personalidentityveri�cation approachandreportthataBayesianbasedstrategy yieldsthebest

performance.

In summary, a fusionstrategy for Motion Estimationshouldhave somemechanismfor repres-

entinguncertaintyandshouldwork well with a continuousvalueddomainandrange. Com-

mitteebasedmethodsmeetneitherof thesecriteria. ClusteringandDempster-Shafermethods

do takecon�dencemeasuresinto account,but arebasedon discretehypotheses.Information

FusionbasedonBayes'criterionextendsreadilyto continuousvalues,andhasbeencompared

favourablyto alternativetechniquesin theliterature.FuzzySettheorycanbeusedto represent

continuousvalues,but the choiceof fuzzi�cation, aggregationanddefuzzi�cation operators

is subjective andit is not clear that the useof FuzzySettheory leadsto any advantageover

probabilisticmethods.Probabilisticmethodshave alsobeenshown to to be very effective at

representingmotion in imagesequences[103]. For thesereasons,this thesisadoptsa fusion

strategy basedon Bayes' criterion. The following sectiondescribesthe Bayesianbasedap-

proachin moredetail.
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2.5 Information Fusionwith Bayes' Criterion

Bayesianestimationtheory provides a popular framework for Information Fusionwhich is

appropriatefor applicationto fusingmotionestimates.Section2.3.5gave a brief introduction

to thisapproach.Thissectiondiscussestheapproachin greaterdetail.

2.5.1 CostFunctions

ThreecommoncostfunctionsaretheMinimum Probabilityof Error (MPE), AbsoluteDiffer-

ence(AD) andSquaredError (SE)functions.Thesearede�ned below:

�

MPE �

�

�

�

�
�

�

� �

� if �

�

�

� otherwise
(2.16)

�

AD �

�

�

�

�
� 	

�

	

�

	 (2.17)
�

SE �

�

�

�

�
� �

�

	

�

�

�

(2.18)

TheMPE Costfunctionpenalisesall errorsequally, while theAD andSEcostspenaliselarge

errorsmorethansmall errors. All thesecost functionshave zerocostfor a correctsolution,

which is a reasonableassumptionfor mostproblems.

TheAD andSEfunctionsrequireadifferenceoperator, andsocannotalwaysbemeaningfully

appliedto decisionfusion. TheMPE costfunction,however, canbesubstitutedin ( 2.13) to

give:

	 � � ������� � 


�

�

�

�


 �

�

���

�

� �

�

� �
	 	

�

� (2.19)

� ������� � 


�

�

�

�


 �

�

���

�

�

� �
�

�

� 	

�

	 �
� (2.20)

where( 2.20)followsby applicationof Bayes'rule. This is anequivalentstrategy to choosing

thehypothesiswith maximumaposterioriprobability
�

� 	 	 �
� :
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Figure 2.4: Examplecostfunctionsa) theMPE costfunction,b) theAD costfunctionandc)
theSEcostfunction.

	�� ��� �������

�

�

� 	 	 �
� (2.21)

The MPE, AD and SE cost functionscan all be meaningfullyappliedto EstimationFusion

(2.15).TheMPEcostfunctionis re-writtenas:

�

MPE �

�

�

�

�
�

�

�
�

� if
�

�

	

�

�

�

�

� otherwise
(2.22)

with
�

anapplicationdependentvalue,but typically small. This function is illustratedalong

with theAD andSEcostfunctionsin Figure 2.4. TheMPE costfunctioncanbesubstituted

into (2.15)to give:

�

�

�

�

�

�

�

� �
���

�
	

���
�����
	���


�
������	

�




�

�




	 �
� �


�� (2.23)
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which is clearly minimisedwhere
�




� � � is chosento maximise �

�������	 � 


������
	

�




�

�




	 � ���


 . As
�

ap-

proaches� this is equivalentto choosing
�




� � � to maximisetheaposterioridistribution �

�




	 � � :

�




MPE � ��� ��� ���

�� ���
	

�

�

�




� � � 	 � � (2.24)

Assumingscalarestimates,the SE costfunction canbe substitutedinto the inner integral of

(2.15)to give:

�




SE � ��� � � � 


������
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 (2.25)

takingderivativeswith respectto
�




� �
� andsettingtheresultto � gives[59]:
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� � (2.26)
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 (2.28)

where(2.27) comesfrom using
�

�

�

�

�

�




	 �
� �




� � . This is just the averagevalue of the

distribution.

Similarly, substitutingtheAD costfunctioninto theinnerintegralof (2.15)gives:
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AD � ��� � � � 
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 (2.29)
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 (2.30)

Again takingderivativeswith respectto
�




� �
� andsettingtheresultto � gives[59]:
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 (2.31)

whichsuggeststhatthefusedestimateshouldbethemedianof thedistribution.

2.5.2 Combining Distrib utions

The joint conditionaldistribution �

� � 	




� canbe determinedfrom the individual distributions
�

�

	

� 	




� andtheir inter-dependencies.For example,if the individualestimatesarestatistically

independent,thenthejoint probabilitydistributionis just theproductof theindividualdistribu-

tions:

�

� � 	
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���
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�
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� (2.32)

From Equation(2.24)it wasseenthat the MPE cost function leadsto a fusion strategy that

chooses
�




� �
� to maximisethe a posterioridistribution �

�




	 �
� . By applyingBayes' rule and

substituting( 2.32),�

�




	 �
� canbeexpressedasfollows:
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(2.33)

substitutinginto 2.24yields:
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� (2.34)

with �

� �
� removedbecauseit is thesamefor all

�


 . Thiscanbewrittenin termsof theposterior

distributionsfrom theindividualestimatorsasfollows:

23



InformationFusion

�




� � � � ��� ��� ���

�

�

�




�

�

�

�

���

	

�

���

�

�

	��

�

�




	

	

�

� (2.35)

This wasreportedin its discreteform, by Kittler etal. [84,85,100]asfollows:

	�� ��� � � ���
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� (2.36)

Thisproductrule for classi�ercombinationis severein thatif any classi�erallocatesaverylow

or zeroprobability to a hypothesisthentherisk associatedwith that hypothesiswill behigh,

evenif theremainingclassi�ersallocatethehypothesishighprobabilities.

Kittler et al. [84,100] suggestthat it befurtherassumedthat theindividualposteriorprobabil-

itiesarenot signi�cantly differentfrom theprior probabilities,this is formulatedasfollows:
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where �

��� �


 is verysmall. (2.35)cannow bewritten:

�




� �
�

� ��� ��� ���

�

�

�




�

�

���

�

�

	��

� � ���

��� ���

� (2.38)

by expandingthe productandignoring the secondorderandhigherterms,they derive a less

severecombinationstrategy basedonsummingtheindividualdistributions:
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Kittler et al. [84,100] show that this sumrule is lesssensitive to errorsthantheproductrule

for combiningclassi�ers. Similarly, in thestatisticalliteratureaveragingthe individual distri-

butionshasbecomea popularapproachto combiningmodels[104].

Theindependenceassumptionis notgenerallyvalid,andsowill atbestleadto a lossof inform-

ation in the fusionprocessandpossiblyto classi�cationerrors. AnandaligamandChen[26]

describehow biasedand correlateddistributionsmay be combinedfor Information Fusion.

Typically, dif�culties in determininginter-classdependenciesforcethisassumption.However,

Lee et al. [12] notethat the assumptionalsohassomebene�ts for informationfusion,asin-

formationsourcesaretreatedseparatelysonew sourcescaneasilybeaddedandthe lossof a

sourceis easilydealtwith.

2.5.3 Commenton FuzzyApproaches

An importantproblemwhenFuzzyapproachesareadoptedfor InformationFusionis how to

chooseappropriatefuzzi�cation, aggregationanddefuzzi�cationoperators.Although,for reas-

onsdiscussedin Section2.4,a Fuzzyapproachhasnot beenadoptedfor this thesis,theauthor

notesthatananalogywith theBayesianapproachdiscussedin this sectioncanhelpin the the

choiceof thesefunctions.

The a-posteriori probabilities �

�




	

	

�
� representuncertaintyin the individual estimatesand

so areanalogousto fuzzy membershipfunctions,which suggeststhat the fuzzifying function

shoulddescribethelikelihoodof anobservationwith respectto differentevents.Thecombin-

ationof theseto give �

�




	 �
� is analogousto applyingthe fuzzy aggregationfunctionsandso

theinter-dependenciesof solutionsshouldbemodelledby thechoiceof aggregationfunctions.

Finally, thedefuzzifyingfunctionis analogousto solvingEquation(2.14),whichsuggeststhat

the defuzzifyingfunction shouldmodelboth a priori knowledgeandrisk. This analogyhas

beenreportedin [47] and[48].

2.6 Summary

This chapterhasintroducedthe Information Fusionresearch�eld. InformationFusionhas

a wide rangeof applicationsand thereexist a variety of approacheswhich are to an extent

applicationdependent.PopularfusionstrategiesincludeCommitteebasedmethods,clustering
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methods,techniquesbasedonFuzzysettheory, Dempster-ShaferevidencetheoryandBayesian

decisiontheory. Of these,Bayesianbaseddecisiontheorywasfoundto bethemostappropriate

strategy for combiningmotionestimatesascon�dencemeasurescanbetakeninto accountand

thetechniquesadaptwell to a continuousvaluedrangeanddomain.
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Chapter3
Analysisof ImageMotion

3.1 Intr oduction

The problemof detectingand interpretingmotion from imagesequencesis importantfor a

numberof applicationsincluding imagesequencecompression[29,30], robot control [36],

navigation [35] and tracking[37]. A survey of the �eld is given by Mitiche andBouthemy

in [105]. BeaucheminandBarron[106] provide a survey of Motion Estimationin which they

classifytechniquesasDifferential,Correlationor Frequency based.Thiswork waslaterexten-

dedin a technicalreportby Barronet al. [107]. This chapterpresentsanoverview of motion

relatedresearchin imageprocessing,andpresentsthreeexamplesof motiontechniqueswhich

areusedin this thesisasexamplesfor InformationFusion.

Whenthe imageof a scenechangestherearea numberof possiblecauses,includingaltered

illumination,characteristicsof theimagingsystem,noise,andthemotionof objectsin thereal

world relativeto theimagingdevice. Two prominentareasof researchlookingat imagedscene

changesareMotion EstimationandMotion Compensation. Motion Compensationis part of

theimagecompression�eld, thecompressionbene�t comesfrom theremoval of temporalre-

dundancy in framesequences.Motion Estimationresearchis interestedin determiningwhen

imagedscenechangesarecausedby objectmotion,andin determiningwhatrealworld motion

causedthechanges.A simplerversionof Motion Estimationis MotionDetection, wheretech-

niquesdeterminewhenimagescenechangesarecausedby realworld motionbut donot try to

determinewhatmotionoccurred.Figure3.1illustratesthisdecompositionof theresearch�eld.

Althoughthethemeof thisthesisisMotionEstimationratherthanMotionCompensation,many

Motion Estimationtechniquesarederivedfrom theMotion Compensation�eld andsoit makes

senseto considertechniquesaccordingto this taxonomy, which is the basisfor the structure

of this chapter:Section3.2 andSection3.3 give overviews of theMotion Compensationand

Motion Estimation�elds respectively. Section3.4presentstheexampletechniquesusedin this

thesisanddiscussesissuesof timelinessin termsof theAccuracy-Ef�ciency trade-off problem

in Motion Estimation.

27



Analysisof ImageMotion

Estimates of real
world motion

Identify when
changes are due to

Reduced size of
of coded image

real world motion

sequences

Motion Detection

Motion Estimation

Changes in Images

Motion Compensation

Figure3.1: A simpletaxonomyfor research on imagedscenechanges.

3.2 Motion Compensation

Typically, muchof thescenein an imagesequenceremainsconstantover time. Also, theap-

pearanceof themoving partsin theimagetendsto varyslowly. This leadsto temporal(or inter

frame) redundancy in codedimagesequenceswhichanumberof compressionalgorithmssuch

asMPEG-1[31] andCCITT H.261[32] try to utilise. Techniquesfor Motion Compensation

look for waysto predictthepelvaluesin oneframefrom pel intensitiesandmovementdetected

in otherframes[29].

Theeffectivenessof a Motion Compensationtechniqueis measuredby thecompressiongain

it enablesandnot by how well the techniqueestimatesmotion in therealworld. This canbe

evaluatedeitherasafunctionof predictionerroror fromtheentropyof theencodedsignal[108].

Motion vectorswhichaccuratelydescriberealworld motiondonotnecessarilyleadto thebest

compressionbene�ts.For example,if a largeobjectof constantintensityis moving in animage

sequence,thensettingthe motion vectorsinside the objectboundaryto be zerocan give as

goodcompressionbene�ts asthe truemotionvectors,eventhoughthe imageis moving. This

is becausethezeromotionvectorsaresuf�cient to enableagoodreconstructionof theimage.

Most Motion Compensationtechniquescanbe classi�ed asoneof two prominentstrategies:

Correlation BasedandPel-Recursivemethods.A third strategy involvesworking in the Fre-

quencyDomain. This sectiondiscussesthesedifferentapproaches.

3.2.1 Correlation BasedMethods

If it is assumedthatlocalpelmotionis uniform,thenpelsmaybegroupedinto zonesandtheir

motionconsideredtogether. Themotionof a zonemaybeestimatedby searchingfor themost
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similarzone,accordingto somemeasureof similarity, in subsequentframes.Correlationbased

methodsdiffer mainly in their choicesof similarity measure,zoneshapeand in the search

algorithmusedto �nd the mostsimilar zone. The choiceof searchalgorithmmainly affects

speedwhile zoneshapeandthesimilarity measuremoredirectlyaffect accuracy.

Similarity Measures

Onesimplesimilarity measure



is thesumof somepel by pel comparisonfunction
�

over

two isomorphiczones.For squarezonesof width � pelsthis is formulatedasfollows:
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� is the intensityof thepel �
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� at time
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. Dif ferentmotionvectors ���
� �
�

�

areexaminedto �nd the vectorthatyields thegreatestsimilarity to thereferenceblock. This

rectangularblockbasedapproachis commonlytermedtheBlock MatchingAlgorithm (BMA).

CommoncomparisonfunctionsaretheAD (AbsoluteDifference)where
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SD(SquaredDifference)where
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, andtheCC(CorrelationCoef�cient) where
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. With theAD andSD functions,low valuesof



suggestgreatersimilarity, and

soit is moreappropriateto call thesemeasuresof distortion. TheCCmeasurehasa maximum

wherethezonesaremostsimilar.

ZoneShapeand Size

Althoughby far the mostcommonzoneshapein motioncompressionis a squareblock of

pels,usually8x8 or 16x16,a numberof alternativeshave beenused. The generalisedtrans-

formationof SeferidisandGhanbari[109,110], for example,allows blocksto beany convex

quadrilateral,andallows theshapeof thesequadrilateralsto changeover time. This enablesa

moreaccurateportrayalof the motion in the scene,but thereis a complexity trade-off asthe

searchalgorithmmustnow �nd thebestparametersfor thetransformationaswell thetransla-

tion.

Thesizeof theblockaffectsthespatialscaleatwhichmotionmaybedetected[108,110–112].

A numberof schemestakeaccountof thisandadoptvariableblocksizesover theimage.There
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is alsoa tradeoff betweensensitivity to noisewith smallerblocksandcovering differentre-

gionswith largerblocks.KanadeandOkutomi[111] describeamethodfor adaptively selecting

theblock sizebasedon local intensityvariationanddisparityin thecontext of StereoMatch-

ing. Anotherapproachto selectingblock sizeis to startwith largeblocksandsegmentthem

accordingto somesplitting criterion. Typically, a quad-treesegmentationis usedbecausethis

offersagoodtrade-off betweenaccuratesegmentationandrepresentationalcomplexity[110]. A

numberof criteriahavebeensuggestedfor selectingappropriateblocksizes,thesearetypically

basedeitheron thepredictionerroror ona measureof theentropyof thecodedsignal[108].

Li andLin [113] usethepredictionerror in their multi-resolutionblock matchingstrategy. If

the predictionerror is above somethresholdthen the block is split. SeferidisandGhanbari

[110] de�ne theAbsoluteTemporal Differencesplittingcriterionasthesumof absolutediffer-

encesbetweenin correspondingblocksin subsequentframes.If this differenceis above some

threshold,thentheblock is split.

Malo et al. [108] notethat suchcriteriado not takeaccountof the encodingmethod. Com-

pressionalgorithmssuchas MPEG-1 [31] transformblocks into the frequency domainand

transmitthequantisedcoef�cients, asa resultthepredictionerrordoesnot necessarilyre�ect

the compressionperformance.They usea variableblock sizechosenusinga criterion based

on thespectralentropyof the framedifference.Entropybasedmethodsaremoredirectly re-

latedto effectivenessof compressionapproachesthanpredictionerrormethodsandsoaremore

appropriatefor Motion Compensation.

Search Algorithms

Thesimplestsearchalgorithmis to comparethepel zonein thecurrentframeat time
�

with

all potentiallocationsof the zonein the frameat time
�

�

�

�

. Typically, it is assumedthat

thereis somemaximumvelocity thatneedsbeconsidered,andso thesearchradius � canbe

restricted[29]. Thenumberof potentiallocations
�

whichmustbeconsideredis then:

�

� � � � �
�

�

(3.2)

asillustratedin Figure3.2. This searchalgorithmis known astheFull or Exhaustive Search

Algorithm (FSA). The FSA is computationallyexpensive andso too slow for many applica-
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Figure 3.2: Examplesearch window � � � for a � � � pelblockwith theblock locationindexed
by thetop left corner.

tions,andsotherehasbeena greatdealof attentiongivento �nd fastersearchalgorithms.A

commonthemeis to �nd waysto eliminateunlikely matchesfrom thesearch,soreducingthe

requiredcomputation.An interestingconsequenceof suchef�cient implementationsis thatthe

run timeof themethodscanbecomedependentontheimagesequence.Alternatively, methods

of reducingthecomplexity of (3.1)maybesought.

Oneway to speedblock matchingis to �nd fasterimplementationswhich achieve equivalent

accuracy but at lower computationalcost. Examplesof suchfast implementationsincludethe

Successive EliminationAlgorithm (SEA)proposedby Li andSalari [114] andtheBlock Sum

Pyramidalgorithm(BSPA) proposedby LeeandChan[115]. Both theseapproachesidentify

functionsof pel intensitieswhich areeasierto computethan the full similarity measurebut

which canbe usedto rejectmany blocksasbeingvery dissimilar, so saving time calculating

thefull similarity measurefor thoseblocks.

Somefast block matchingalgorithmsaccepta lossof accuracy for improved computational

ef�ciency. A popularmethodis to assumethat thedistortionfunctionusedto compareblocks

increasesmonotonicallyasthe searchmovesaway from the bestmatchposition[116]. Since

many real imageswill not beconsistentwith this monotonicdistortionassumption,a level of

erroris introducedinto suchalgorithms.Figure3.3showsanexampleplot of theAD distortion

measurefor a � � � referenceblockwith a � pelsearchrange.In additionto theglobalminimum,
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Figure 3.3: Exampledistortion surfaceusing the AD as the differencemeasure for a �����

referenceblock anda search rangeof � pels.

thereis alocalminimumwhichmaycauseerrorsin searchalgorithmsthatmakethemonotonic

distortionassumption.

The mostpopularfast searchapproachthat takesadvantageof the monotonicdistortionas-

sumptionis to useasetof searchpatternswhichprogressively re�ne themotionestimate[117].

TheThree-Step-Search(TSS)[118], which usesa �x edpatternof searchlocationsdistributed

over the searchwindow, hasbecomeoneof the mostwell known of thesealgorithms. Li et

al. [119] notethatthedistributionof motionvectorsis typically biasedtowardsnomotionand

sopresenta centre-biasedversionof theTSSwhich givesfasterperformanceon imageswith

small motionvectors,they call this theNew TSS(NTSS).TheNTSSconsidersmoremotion

vectorsthantheTSS,but usesanearlystoppingcriterionto save searchingunlikely locations.

Po andMa [120] presentthe Four-Step-SearchFSSalgorithmwhich usesconceptsfrom the

TSSandNTSSto givesimilar (thoughslightly worse)performanceto theNTSSat lowercom-

putationalcost.NisarandChoi[121] recentlypresentedacentre-biasedsearchalgorithmwhich

appliestheassumptionof monotonicallyincreasingdistortionto reducethenumberof motion

vectorsconsidered.They presentresultswhich show botherrorandspeedimprovementsover

theTSSalgorithm.

The1D Full Searchalgorithmproposedby Chenetal [122] is alsoanapproximatefastversions

of theFSA which makethemonotonicdistortionassumption.Ratherthanusesearchpatterns

to minimisethe distortionmeasure,this approachusessuccessive 1D searchesin alternating

horizontal/verticaldirections,startingeachsearchat from thepel locationwith thebestmatch
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value from the previous step. The searchlength is halved every horizontaliteration,until a

singlepel is identi�ed.

An alternative approximationapproachto speedingblock matchingis to estimatethegeneral

directionof blockmotionusingsomeveryfasttechniqueandthenrestrictthesearchto locations

in thatdirection.YoungandKingsbury [45] proposethattheir frequency-domainbasedMotion

Estimationmethodshouldbeusedto directthesearchfor optimalmotionvectors,andthat�nal

selectionof thebestlocationbeimplementedusingtheMSEdistortionfunction.

Fenget al. [123] de�ne the BitplaneMatching Criterion, in which bit planesareassociated

with blocksso thata pel's bit planeelementis � if thepel valueis lessthantheblock mean,

else � . Bit planeswhich are very dissimilar to the referenceblock are unlikely to provide

goodmatchesso arediscardedfrom the search.In general,the computationalsavings made

by rejectingunlikely matchesarefar greaterthanthesmalladditionalcostof calculatingand

comparingthebit planes.

A numberof techniquesuseknowledgeof the compressionproblemto improve on the FSA

speed.Suchapproachescanleadto Motion Compensationtechniqueswhich yield goodcom-

pressionbene�ts but often give motion estimateswhich do not correspondto real world mo-

tion. For example,CobanandMersereau[124] describea fast implementationof theFSA for

Motion Compensationapplicationswherethe bit rate for the compressedimagesequenceis

constrained.The rateconstraintcanbe usedto rejectpotentialmotion vectorswhich would

adverselyaffect the bit rate,even if thosevectorsaccuratelyportraytherealworld motion in

thescene.

FanandGan[125] notethattherearesomecaseswheremotioncompensationcannot improve

thecompressionrate,for examplewheremuchof the interframedifferenceis dueto new ob-

jectsbeinguncovered. By identifying suchcasesusingsimplecorrelationmethods,the time

expensiveFSAcanbeavoidedaltogether.

Camus[1] notesthat if the searchareaandblock width are�x ed but the numberof frames
�

is allowed to vary, thenthe computationalcomplexity of the searchis linear in
�

ratherthan

quadraticin � . This enablessubpel accuracy in themotionvectors.However, in real terms

thismathematicaltrick givesno improvementto FSArun-times.
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3.2.2 Pel-Recursive

In themid 1970's,Limb andMurphy[126,127]developedaverysimpletechniquefor estimat-

ing themotionof a singletranslatingobjectbasedon theobservationthatthemagnitudeof the

FrameDifferenceSignal(FDS) (or temporalintensitygradient)increaseslinearly with speed

at low speeds.They showed how to calculatethe horizontalandvertical componentsof the

motionvectorsfrom afunctionof theFDSandElementDifferenceSignal(EDS)(or spatialin-

tensitygradient).Themethoddevelopedby Limb andMurphywaslatershown to bea special

caseof thePel-Recursivemethods[30,128].

Pel-Recursive techniquesstartwith theassumptionthatpelmotionover moving areasis trans-

latory. It followsthat:

�

�

	

�




�

�

�
�

�

�

	

	 �
�




	
� �

�

	

�

�

� (3.3)

whereagain
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� � at time
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and � �
����� � representsthe

motionof thepel. TheFDScanthenbecalculatedasfollows:
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where( 3.6) comesfrom expandingthe last term asa Taylor seriesabout �
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� andignoring

the higherorderterms. This is known asthe Motion GradientConstraint. �

�

is the spatial

gradientof
�

, and ��� ���
� �
� is themotionvector. This canbesolvedusinglinearregression

to give [30]:

�

��� 	

�

�

�

�

�

	

�




�

�

���
�

�

�

	

�




�

�

�	�

���

�

�

� 


�

�

	

�




���
�

�

�

	

�




�

�

�
� (3.8)

34



Analysisof ImageMotion

wherethesumsareover themoving area.Thiscanbeusedto determinetheappropriatemotion

vectorfor thepelsin themoving area.

Pel-Recursive methodsform the basisof the Motion EstimationDifferentialmethods,which

will bediscussedin moredetaillaterin thischapter.

3.2.3 Working in the FrequencyDomain

In a numberof popularcompressionalgorithmssuchasMPEG-1[31], imagesareconverted

to the DiscreteCosineTransform(DCT) domain. As a result, a lot of hardwarehasbeen

developedfor this conversion,which in turn hasleadto interestin estimatingmotion in the

frequency domain[129]. The2D DCT is de�ned for an � � � blockof pelsasfollows[130]:
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� if f ��� �

�

�

� otherwise
(3.10)

The DCT ���
�

�
� coef�cient is just the averageintensityof the imageblock and is commonly

termedthe DC coef�cient. The remainingcoef�cients, termedthe AC coef�cients, may be

interpretedas � � � convolution masks(or basisfunctions)with thehorizontalandvertical

spatialfrequenciesincreasingwith � and 	 . The masksfor an � ��� DCT are illustratedin

Figure3.4,wherethecoef�cients havebeenrescaledto lie in therange
�

�
�

����� � andinterpreted

asgreyscaleimages.

If a featuremovesfrom onepoint to anotherinsidethewindow of a frequency domaintrans-

formationthenthetransformedsignalwill incorporatethisshift. Koc andLiu [42–44]usethis

shift propertyof thediscreteCosineandSinetransforms[131] to detectthemovementof high

intensitypelson a zero intensitybackground.By applyingan edgedetectorto the original

image,this techniquecanbeusedto determinethemotionof theedges.
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Figure3.4: DCTbasisfunctionsfor an ����� transform.
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3.2.3.1 Motion Dir ectionEstimatesfrom DifferencedDCT Images

Thepixel differencesbetweensubsequentframestypically have largemagnitudesat theedges

of moving objects.For example,a rectangularobjectmoving horizontallythroughanimaged

scenewill yield differenceframescontainingverticalhigh magnitudebars.Motion canbees-

timatedby detectingandclassifyingsuchfeatures.In thissectionamotiondirectionestimation

strategy developedby the author(andreportedin [53]) that operatesin the DCT domainis

described.

As the AC coef�cients canbe interpretedasconvolution masks,they may be usedto detect

spatialfeaturesin theimages.Kim andD.Lee[132] usedthesignsof DCT AC coef�cients to

distinguishbetweenedgepatternsin theirVectorQuantisationtechnique.LeeandCrebbin[133]

showed that the DCT AC coef�cients, normalisedby oneof the coef�cients, canbe usedto

detectedgefeaturesindependentlyfrom thepixel intensityvalues.Pagliari andDennis[134]

useDCT coef�cients to classifyedgefeaturesin theirdisparityestimationalgorithmfor stereo

vision.

As in the BMA, it is assumedthat framedifferencesaredueto the translatorymovementof

an object, with respectto the imagingdevice, in front of a still backgroundunderconstant

anduniform lighting[116]. A high intensityobjectmoving horizontally in front of a darker

backgroundwill have a barof positivevaluesat theleadingobjectedgeandnegativevaluesat

the following edge. It is desirablethat the featureclassi�cationshouldbe independentof the

relative intensitiesof the backgroundandobject,this canbeachievedby normalisingtheAC

coef�cients usingtheDC coef�cient.

Featureclassi�cationis achievedby patternmatching
�

� �

�

of theDCT coef�cients against
�

featuremodels.Thechoiceof featuresis applicationdependent,LeeandCrebbin[133] used

24edgemodelswhilePagliariandDennis[134] foundthat8modelsweresuf�cient. Theresults

presentedin this sectionuse8 modelfeaturesfrom a ��� � DCT and6 coef�cients ���
�����

�

�

���
�

�
� �

���
�

�
� �

���
�

�
���

� �
�

�
� �

���
�

�
� �

� �
�

�
��� . Themodelfeaturesareillustratedin Figure3.5and

correspondto theedgefeaturesthatwouldbeexpectedfrom objectsmoving in (a,b)horizontal,

(c,d)vertical,(e,f) ������� and(g,h) ����� directions.

Previousauthorshave only appliedtheDCT featureclassi�cationto areasof high detail[133,

134]. Similarly, in thedifferencedimagesconsideredhereareasof low detailcorrespondto no-

motionareas.Themagnitudeof theDC coef�cient canbeusedto checkthatthereis suf�cient
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Figure 3.5: ModelEdgeFeaturesfor (a,b) Horizontal,(c,d) Vertical, (e,f) ����� � and(g,h) ��� �

motion.

DCT - LUT
Estimate

Motion

Image Sequence

Figure 3.6: Block diagram illustrating an techniquefor estimatingmotiondirectiondirectly
fromdifferencedDCT images.TheLookUp Table(LUT) comprises� modeledge
featureswhich are illustratedin Figure3.5.

differencebetweenthetwo framesto suggestmotionhasoccurred.

It canbereadilyveri�ed thatfor any two pixel blocks
�

and
�

:

DCT �

�

	

�

�
� DCT �

�

�
	 DCT �

�

� (3.11)

Giventhis result,thereis no needto know theoriginal intensityvalueswhencreatingthedif-

ferencedDCT coef�cients, andsoall processingmaybedonein theDCT domain.Figure3.6

showsa blockdiagramthatillustratesthetechnique.

Figure3.7(a)showsanexampleframefrom anexperimentalimagesequencein whicharectan-

gulartestcardwith a checkeredpatternmovesat constantspeedhorizontallyfrom right to left

acrossthe�eld of view. Figure3.7(b)showsresultsfrom detectingmotionusinga4x4DCT to
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(b)

(c) (d)

(a)

Figure 3.7: Resultsshowing(a) an exampleframefromthe horizontaltrackedsequence,(b)
theestimatedmotionat this frame,(c) an exampleframefromtheHamburg Taxi
sequence,(d) theestimatedmotionat this frame.

classifythe framedifferencesasarisingfrom horizontal,vertical, � � � or ��� ��� motion. Arrow

headsaredrawn to makethemotionvectorsclearer, however thevectorsshouldbeinterpreted

asbi-directional.Thetechniquehasidenti�ed thehorizontalmotionof theobject.Figure3.7(c)

shows an exampleframefrom the well known Hamburg Taxi sequence[135], Figure3.7(d)

shows a typical result from applyingthe motion estimationtechniqueto this sequence.The

techniquehasdetectedandappropriatelyclassi�edthemotionof thethreevehicles.

Clearly themotionestimatesfrom this strategy arenot very preciseandcontainno magnitude

information. It is proposedthat this techniquemight have applicationin fast BMA search

algorithmsfor Motion Compensationby givingaveryfastthoughroughestimateof thegeneral

motion directionwhich canbe usedto restrict the searchspace.In particular, the technique

might be usedwith compressionstandardssuchasMPEG-1wherethe DCT coef�cients are

easilyavailable.

3.3 Motion Estimation

The themeof this thesisis the applicationof InformationFusionto Motion Estimationrather

than Motion Compensation.The purposeof Motion Estimationtechniquesis to determine
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whenchangesin theimageof a realworld scenearecausedby themotionof objectsrelativeto

theimagingdevice,andto determinewhatrealworld motioncausedthosechanges.Although

historicallyMotion Estimationtechniquesareoften deriveddirectly from Motion Compensa-

tion approaches,theunderlyingaimsandparadigmsof thetwo �elds arevery differentandso

leadto importantdifferencesin thetechniques.

To measuretheeffectivenessof a motionestimationtechnique,theestimatedmotion�elds for

animagesequencemustbecomparedwith theknownrealworldmotionfor thatscene.It is dif-

�cult to createarealdatasetfor whichgroundtruthmotionis known,andsocomparisonstend

to be qualitative or basedon arti�cially generateddatasequences,suchasthe Diverging and

TranslatingTreesequences[107,136]. However, the performanceof a techniqueon arti�cial

dataonly showshow thetechniquesperformunderidealconditions.

As with Motion Compensation,mostMotion Estimationtechniquescanbeclassi�edaseither

Correlationor Pel-Recursive methods.In Motion EstimationtheseareusuallytermedFeature

Correspondenceor Differentialmethodsrespectively. Thissectiondiscussestheseapproaches.

3.3.1 FeatureCorrespondence

Featurecorrespondencemethodssearchfor correspondingfeaturesbetweenone frame and

successive frames. Methodsdiffer mainly in their choiceof feature. The choiceof feature

affects the searchalgorithmsusedto �nd correspondingfeaturesand the functionsusedto

decidecorrespondence.

ZoneCorrespondence Thezonecorrespondenceapproachto Motion Estimationis aspecial

caseof featurecorrespondence,wherethefeaturebeingmatchedis thepel intensitypatternof

the zone. This techniqueis directly derived from the Correlationbasedapproachto Motion

Compensationdescribedin Section3.2.1.

TheSD andAD zonesimilarity measuresaresensitive to uniform changesin intensity, this is

usefulfor imagesequencecompressionwheresuchintensitychangesareof interest,but can

beproblematicfor Motion Estimationwhererealworld motionandhenceintensitystructureis

moreimportant.Similarly, theCC measureis sensitive to changesin intensitymagnitude,and

thefollowingnormalisedform of theCorrelationCoef�cient (NCC)isgenerallypreferred[130,

137]:
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Figure 3.8: (a) Intensitiesof anexample� � � pelblockand(b) thecorrespondingrankmatrix.
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wherethesumsareoverthepels��� �

	

�




� in thezone, �

���

is meanintensityfor thezoneattime
�

and ��� ���
� �
� � is thedisplacement.This measurehastheadvantageof beingindependent

of scalechangesin theintensitiesof theblockpels.

An alternativeclassof similaritymeasuresaretheordinalmeasures,whicharebasedondeterm-

ining differencesbetweentherankmatricesof comparedblocks.Figure3.8showsanexample

� ��� pixel block andit' s correspondingrankmatrix. A key advantageof differencemeasures

basedontherankmatricesis thatchangesto singlepels,whichmightsigni�cantly affectmeas-

uressuchastheNCC, mayhave little or no changein therankmatrix. BhatandNayar[138]

showedthatordinalmeasuresoutperformbothSD andNCC measuresin thecontext of stereo

matching(arelatedproblem)with saltandpeppernoise.However, in Gaussiannoisetheirrank

basedapproachperformssigni�cantly worsethantheSDandNCCmeasures.

Thefastalgorithmsdiscussedin Section3.2.1canalsobeappliedtoMotionEstimation.However,

someassumptionswhich wereappropriatefor Motion Compensationcanleadto performance

degradationin Motion Estimation. Typically, for example,the distortion measuredoesnot

increasemonotonicallyfrom theglobalminimum,indeedthedistortionsurfacecanbemulti-

modal. In suchcasesfastsearchalgorithmscaneasilyfall into local minima,leadingto errors

in the motion estimates.Decrooset al. [34] describea fastblock matchingsearchalgorithm

intendedfor surveillanceapplications.Theiralgorithmintroducesanew checkingpointpattern

which includespointsbetweenlocal minimaratherthanjust looking at the neighbourhoodof

singlelocalminimumateachstep.
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RegionCorrespondence Segmentedimagesproduceregionswhich canbeusedasfeatures

for correspondence.Theseareregionswith respectto the imagedscene,andnot in thesense

of the regular pel zonesfrom ZoneCorrespondencemethods.KalivasandSawchuk [38] use

theregion formedby thecentralprojectionof anobjectasa featurefor featurecorrespondence.

They modelmotionin termsof af�ne transformationsof thesezones.Theiralgorithmassumes

pre-segmentedimages.

As only a �nite numberof matchpositionsaresearched,motion estimatesfrom region cor-

respondencemethodsare typically discrete. For a techniquethat appliesblock matchingto

estimatethemotionof a block of pixelsin thenext frame,theprecisionof theestimatewill be

limited to 1 pel/frame.Camus[1] notesthatif thesearchis over
�

subsequentframesthenthe

precisionof theestimatewill increaseto ���

�

pel/frame.

Camus'techniqueis ageneralisationof correlationtechniquesusing�x edblockshapeandsize.

As this techniqueis very illustrativeof thecorrelationbasedmotionestimatingmethods[1], it

is usedin this thesisto testtheInformationFusionapproacheswhenit is referedto asCAMUS.

3.3.2 Tracking with ZoneCorrespondence

TheBlock MatchingAlgorithm (BMA) is a popularcorrelation-basedapproachto motiones-

timation[116] andtracking[37,39,40]. In thisapproach,themotionof ablockof pels,termed

a ReferenceBlock, is estimatedby looking for the mostsimilar block of pels in subsequent

frames.Sincetheappearanceof trackedobjectscanchangeovertime,thereferenceblockmust

beupdatedto takeaccountof thesechanges.

3.3.3 Differ ential Approaches

Differentialapproachesto Motion Estimationarederivedfrom Pel-Recursive work in theMo-

tion Compensation�eld, andstartwith theassumptionthat theintensityof an imagedpoint is

constantovertimeandoverthemotionof therealpoint. Thismaybeformulatedasfollows[2]:

�

�

�

�

� � (3.13)
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Figure 3.9: Illustration of theaperture problem. Where a local areaof theedgeis observed,
only themotioncomponentperpendicularto theedgecanbeknown.

Expandingtheleft handsidegives:
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where � ���

�

�

� and �
�

�

�

�

� arethe horizontalandverticalmotioncomponentsof the motion

vector ���
�����

� respectively. This is known as the Motion GradientConstraint (
� �

), or the

Optical Flow Constraint [105,106,139,140]. ( 3.14)is identicalto ( 3.7)usedin theMotion

CompensationPel-Recursionapproach,with FDS �

���

�

� .

( 3.14)is theequationof a line in velocityspace.Theproblemof solving( 3.14)is ill-posedin

thesensethatthesolutionsareconstrainedto this line, not to a singlepoint. This is commonly

known astheApertureProblem[2] andhasa simplephysicalinterpretationthatif only a local

areaof anedgecanbeobservedthenonly themotioncomponentperpendicularto theedgecan

beknown. This is illustratedin Figure3.9.Additionalregularisationconstraintsarerequiredto

determineamotionvectorfor apoint [41]. Dif ferentialtechniquesdiffer mainlyin theirchoice

of additionalconstraints.

Horn andSchunck[2], who wereoneof the�rst to reporttheapplicationof Pel-Recursive al-

gorithmsfrom theMotion Compensation�eld to Motion Estimation,proposedtheSmoothness
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Constraint (
� �

), which assumesthatmotionvariesslowly over theimage.This is formulated

asfollows:
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(3.15)

Themotion�eld is thendeterminedby minimisingthefollowingerrorfunctionover theimage:
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(3.16)

where
�

is chosento weight the error in the Motion GradientEquationwith respectto the

smoothnessof the�o w. This hasthefollowing multi-frameiterativesolution(a discretederiv-

ationfor theseequationsis givenin AppendixB.1):
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where
�

����� ,
�

� ��� and
�

�

��� arethe intensityderivativeswith respectto 	 , 
 and
�

respectively at

pel location �

�

�

�

� . �

��� and �

��� arethehorizontalandverticalmotioncomponentsatpel location

�

�

�

�

� .
�

�

��� and
�

�

��� arethe averagehorizontalandverticalmotion componentsaroundthe pel

location �

�

�

�

� .

Sincethis cantakesometimeto converge,HornandSchunckproposethat it is allowedto run

just onceper frame. Over suf�cient frames,a goodapproximationto the �o w will be found.

As this techniqueis a well known and popular illustration of the differentialbasedmotion

estimatingmethods[105–107,136], it is the secondtechniqueusedin this thesisto test the

InformationFusionapproachesandis referedto asHORN.

A numberof techniquestacklethe ApertureProblemby assumingthat the secondorderde-

rivativesof theMotion GradientConstraint( 3.14)arealsoconstant.Takingthesecondorder
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derivativesyieldsthefollowing systemof equations:
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(3.19)

thematrixontheLHS is theHessian� of
�

. Thereexistsauniquesolutionfor � and � solong

as � hasaninverse:
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Urasetal. [3] calculatethepartialderivativesof ( 3.19)from theimagesequenceandsolvefor �

and � by �nding theinverseof H. Thedependenceof secondordertechniquesonthenumerical

secondderivativesleavesthemparticularlysusceptibleto noise.Althoughsmoothingtheimage

intensitiescanreducetheeffectsof noise,techniquesfor identifying anddiscardingerroneous

valuesareusuallyrequired.

This techniqueis alsoa well known andpopularmotionestimationtechnique[35,106,136],

andis thethird exampletechniqueusedin this thesisto testtheInformationFusionapproaches

andis referedto asURAS.

3.3.4 Hierarchical Approaches

Motion canoccurat many scalesin a imagesequenceandso it makessenseto estimatethe

generalmotionin scenesatcoarserscalesandre�ne theseestimateswith informationfrom �ner

scales.Suchhierarchical approacheshave beenappliedbothto differentialandto correlation

basedMotion Estimationtechniques.Glazeretal. [141] describeahierarchicalversionof Horn

andSchunck's [2] differentialtechniquewhich usesa Gaussianlow passpyramidto construct

viewsof thesceneatdifferentresolutions.
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Anandan[142] proposesa framework for hierarchicalmotion estimationwhich consistsof

threestages. In the �rst stage,imagesare �ltered into low andhigh frequency resolutions.

In the secondstage,which Anandantermsthematching step, motion is calculatedcalculated

at the coarsestscaleusingsomepreferredMotion Estimationstrategy, given the application

at hand. In the �nal stage,the Motion Estimatesfrom coarserscalesareprojectedonto �ner

scalesthenre�ned. Thesecondtwo stagesareiterateduntil motion estimatesareknown for

the �nest scale. Anandanusesa correlationbasedapproachin the matchingstep,but notes

that differential techniquessuchas that of Glazeret al. [141] are also compatiblewith the

framework.

3.4 ExampleTechniques

This sectionpresentsexperimentalresultsfrom applyingthe threeexampletechniqueswhich

areusedlater in this thesisto test informationfusion strategies. The CAMUS techniqueis

chosenas illustrative of correlationapproachesto Motion Estimationwhile the HORN and

URAStechniquesareselectedasillustrativeof differentialapproaches.Thesetechniqueshave

beenchosenoveralternativesbecausethey providesimpleandintuitiveimplementationsof the

correlationanddifferentialapproaches,andarethereforeagoodillustrationof thecharacterist-

icsof theapproaches.

3.4.1 Con�dence Measures

The performanceof a Motion Estimationalgorithmcanvary considerablydependingon the

imagesequencebeingprocessed.This performancecanvary even over regionsof the image

sequence.For example,correlationbasedtechniquesperformpoorly wheretherearefew fea-

turesto matchto, soin themoving photosequenceresultsareverypooron thebackgroundbut

goodonthemoving photo.

Motion estimatesareknown to beerrorproneandmuchattentionhasbeenpaid to providing

con�dencemeasures[143,144]. Dif ferentialapproachesrequirenumericalevaluationof the

imageintensityderivatives,andtypically con�dencemeasuresfor differentialtechniquesare

basedonthesederivatives[107]. A comparisonof con�dencemeasuresby Bainbridge-Smithet

al. [143] suggeststhatthemagnitudeof thedeterminantof theHessianof thespatialintensities

is a good con�dencemeasure,with larger valuessuggestingbetteraccuracy of the motion
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estimates.

Con�dencemeasureshave beenproposedfor block matchingtechniqueswhich arebasedon

the topologyof the similarity measurevalues[36]. An exampledistortionsurfacetopology

is illustratedin Figure3.3. If the surfaceis �at, thenthis would suggestthat thereis little to

distinguishbetweenpossiblebestmatchpositionsandthemotionestimateis likely to bepoor.

A simplemeasureof the�atnessof thetopologyis thevarianceof thesimilarity values.

Con�dencemeasuresareoften usedby InformationFusionstrategiesto gaugethe reliability

of individualresultsandsocon�dencemeasuresarealsodescribedfor thethreeexampletech-

niquespresentedin thissection.

3.4.2 Accuracy-Ef�ciency Trade-Off

As reportedby Liu etal. in [136], thereis oftena trade-off betweentheaccuracy andef�ciency

of motionestimationtechniques.The trade-off arisesbecausemoreaccuratetechniquestend

to have greatercomputationalrequirements.Many techniqueshave parameterswhich canbe

varied to in�uence the trade-off, for examplethe time rangeconsideredin CAMUS or the

maximumnumberof iterationsin HORNcanbeincreasedto improveaccuracy butatthecostof

greatertimerequirements[52]. Liu etal. characterisethis trade-off by theAccuracy-Ef�ciency

(AE) curve, which plotsanerrormeasureon theX-axis againsta run-timemeasureon theY-

axis. Givensimilar computationalresources,thosetechniquesto the top left of theAE-space

will makelessfrequentbut moreaccurateestimatesof motionthanthoseto thebottomleft.

In order to calculatethe AE curve for a given Motion Estimationalgorithm, the algorithm

mustbe run on a datasequencefor which the groundtruth motion is known. Syntheticdata

sequences,suchasthe Diverging Treesequencewhich wasusedby Liu et al. in their study,

can be usedfor this purpose. Figure 3.10(a)shows an exampleframe from the Diverging

Treesequencewith the truemotion for the frameillustratedin Figure3.10(b). It is harderto

determinethegroundtruth for realdatasequences.Figure3.10(c)showsa sampleframefrom

a simpleexperimentaltestsequencewherea photographmoves from right to left acrossthe

frameata constantspeed.Groundtruthmotionfor thissimpleTranslatingPhotosequencecan

easilybecalculatedmanually, andis shown in Figure3.10(d).A descriptionof this sequence

is givenin AppendixC.

A popularmeasureof accuracy is thedifferencemeasureusedin thesurvey of Motion Estima-
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(a)

(c) (d)

(b)

Figure 3.10: (a) Imagefromdivergingtreesequence,(b) correctmotionfromframe. (c) Image
fromtranslatingphotosequence,(d) correctmotionfor frame.
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tion techniquesby Barronet al. [107]. This measurewasalsousedby Liu et al. [136] in their

work ontheAccuracy-Ef�ciency trade-off, andsois usedin this thesis.Thismeasureinterprets

2D motionvectorsas3D vectorswherethe third dimensionis time, setas � to indicatemo-

tion perframe. Thedifferencemeasureis theangularerrorbetweenthecorrectmotionvector

��� ������� � � � � � �

� andtheestimatedvector ��� ��� ��� ��� � � � �

� :

angularerror � arccos� ��� � ��� � (3.22)

It is dif�cult to estimatealgorithm`ef�ciency' empirically, asrun time canbevery dependent

on thesystemarchitecture.For theAE curvesdescribedin this thesis,a theoreticalestimateof

complexity wasgivenusing
�

notation.
�

�	� ��
 � � describestheasymptoticupperboundof a

functionandis de�ned asfollows[145]:

�

�	� ��
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�

�

�

��

�
� thereexist positiveconstants� and 
 � suchthat ���

�

��

�

����� ��

�

for all 
���
 �
� (3.23)

where� ��

� and

�

��

� arefunctionsexpressingthecomputationalrequirements,in thiscaserun

time,of analgorithmwith respectto avariable
 , for exampleblockwidth in theBMA.

The
�

complexitieswerealsoveri�ed empiricallyby runningthealgorithmsonaSUNUltra60

with 768M RAM andtwin 295MHzSunUltraSPARC-II processors.All theimplementations

discussedin this thesiswerecodedby the authorin C++. AppendixD describesthe coding

style and conventionsemployed. The remainderof this sectionpresentsand discussesAE

curvescalculatedfor theCAMUS, HORN,andURAStechniques.

3.4.3 CAMUS

TheCAMUS techniqueis a correlationapproachto Motion Estimationusinganextensionof

the Block MatchingAlgorithm with a searchover
�

subsequentframes. Theaccuracy of the

CAMUS techniqueis mainlyaffectedby theblocksize,whichdetermineswhatfeaturescanbe

matched,andthetimerange,whichenablessub-pelaccuracy in themotionvectors.Thesearch
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c)

b)

d)

a)

Figure 3.11: Results(at frame10) of applyingthe FSAwith MAD distortion functionto the
Hamburg taxi sequence. Block sizea) 4 � 4 b) 8 � 8, c) 16 � 16,d) 32 � 32.

radius( � ) shouldbe�x edto themaximummotionexpectedin thesequence.

3.4.3.1 Varying the Block Size

Figure3.11 illustratesthe effectsof usingdifferentblock sizeswhenapplyingthe FSA with

AD distortionfunctionto theHamburg Taxi sequence.In eachcasethesearchareaaroundthe

block was�x edat � �
� pels. Motion vectorshave beencalculatedfor eachpel by applying

the CAMUS techniqueto a block centredon the pel. It canbe seenfrom theseresultsthat

wheretheblocksizeis too small,themotionvectorstendto bevery inaccurate,whenthey are

too large,pelsnearmoving objectsareerroneouslyreportedasbeingpartof themoving object.

Figure3.12shows AE curvesderived from applyingtheCAMUS techniqueto theDiverging

TreesequenceandtheTranslatingPhotosequencewhile varying theblock sizewith the time

rangeandspatialsearchradius�x ed.Resultsareshown for thetimerange�x edatboth1 frame

and5 frames.In all casesthespatialsearchrangewas�x edat5 pels.
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From (3.1) it follows that the costof estimatingthemotionof a squarepel block of width �

for asearchradius� is:

���

��� ��� � � �

�

� � �

�

�

���

� �

�

� �

�

� (3.24)

where
���

is the time requiredto compute
�

. This wasusedto calculatethe theoreticalcom-

plexity estimatesin Figure3.12.A numberof observationscanbemade:

� Largerblock sizestendto give smallererrorsbut have largercomputationalcomplexity

andsoresultsfor largeblock sizesaretowardsthetop left of theAE graph.Resultsfor

smallerblock sizeslie towardsthebottomright of thegraph.

� AE trade-off performanceon the arti�cial datasequenceis betterthanon the realdata

sequence,in that theAE curvescomecloserto theorigin. Curveswhich comecloseto

theorigin offer bothlow errorandhighspeed.

� Thesmallesterror ratesareobtainedon the realdatasequence.This is partly because

the motion in the diverging treesequenceis not constantover any blocks,andso the

assumptionsunderlyingtheCAMUS algorithmarenot valid.

� Although the theoreticalandempiricalgraphshapes(greenandred lines respectively)

aresimilar, thetheoreticalcomplexity tendsto underestimatetheempiricalrun time re-

quirements,especiallyfor smallblock sizes.This is dueto the lesssigni�cant termsin

(3.24).

Performanceon the real datasequencewasfound to be particularlypoor on the background

wheretherearefew featuresfor thesimilarity measuresto work with.

3.4.3.2 Varying the Time Range

Figure3.13(a)shows theAE curve from applyingtheCAMUS techniqueto thediverging tree

sequencevaryingthetimerangefrom � to � frames.For thisexperiment,thespatialsearchwas

againsetat � pelsandtheblocksize � ��� pels.Thetheoreticalcomplexity is linearin thetime

range,or
�

�

�

� . A numberof observationscanbemade:
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Figure 3.12: AEcurvesfromapplyingtheCAMUStechniqueto a) thedivergingtreesequence
with timerange1 frame,b) thediverging treesequencewith timerange5 frames,
c) thetranslatingphotosequencewith timerange1frame,d) thetranslatingphoto
sequencewith timerange5 frames,in all casesvaryingtheblock sizefrom � � �

to ��� ����� . Curvescalculatedusingtheoretical computationalrequirementsare
shownin green,curvesusingempiricalcomputationalrequirementsareshownin
red.
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Figure 3.13: AEcurvesfromapplyingtheCAMUStechniqueto a) thedivergingtreesequence
andb) thetranslatingphotosequencevaryingthetimerangefrom � to � frames.

� Largertimerangestendto givesmallererrorsbut have largercomputationalcomplexity.

With a singleframetime rangethe precisionis limited to the nearestpel, asthis is in-

creasedthe availableprecisionincreasesandthe accuracy increasesaccordingly. If the

time rangeis increasedtoo far, however, a decreasein performancemay occurdueto

moreincorrectmatchesbeingavailable.

� Thetheoreticalandempiricalcurvesarevery similar, this shows thatthetheoreticalrun

time is agoodestimateof thetruerun timeon thisarchitecture.

� Accuracy is greateron the syntheticdatathanon the real data,with the mostaccurate

resultsfor the syntheticandreal databeingapproximately0.2 radiansand0.6 radians

respectively. Theresultsin Figure3.12showedthatwith ��� ����� block sizesCAMUS

is moreaccurateon the realdatawhich bettermatchesthe assumptionsunderlyingthe

technique.However, theeffectsof imagenoisein therealsequencearegreateron �����

pelblocksthanon ��� � � � pelblocks,whichleadsto thischangein relativeperformance.

� Theangularerrorson the TranslatingPhotosequencearevery similar for 1 and2 time

steps,which leadsto an unusualshapeof the curve in Figure3.13(b). This is because

a single time stepdoesnot give enoughtime for the small motion vectorsto become

apparent,andthemajorityof motionestimatesaresimply “no motion”.
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Figure 3.14: Plot of a con�dencemeasure for CAMUSbasedon thevarianceof theAD simil-
arity measureagainsttheaverageangularerror.

3.4.3.3 Con�dence Measures

Localstatisticsof thevalueof thesimilarity measureusedfor blockmatchingcanbeusedasa

con�dencemeasurefor CAMUS [36]. A low variancein themeasuremight suggestthatthere

is little differencebetweena numberof possiblemotion vectors,andso the motion estimate

is likely to be inaccurate.Figure3.14shows the varianceof the AD similarity for a matched

block againsttheaverageerrorusinga block sizeof ��� � pels,a searchradiusof 3 pelsanda

timerangeof 5 framesontheTranslatingPhotosequence.It canbeseenthatthereis analmost

linearrelationshipat �rst but largervaluesarelessmeaningful.

3.4.4 HORN

TheHORN techniqueis a �rst orderdifferentialapproachto Motion Estimation.Resultsfrom

applyingthe HORN methodto the Hamburg Taxi sequencewith
�

� ����� areshown in Fig-

ure 3.15. Figure3.15(a)shows the resultafter 10 iterationof the iterative solutionandFig-

ure 3.15(b)shows the resultafter 200 iterations,the effectsof the smoothnessconstraintcan

be seenin the differencesbetweentheseresults. Over regularisationdue to the smoothness

constraintcanleadto regionsof no motionbetweenmoving regionsto bereportedwith small

motionvectors.Thresholdingis oftenusedto remove smallvectorsassumedto bedueto this

over-regularisation.
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a) b)

Figure 3.15: Resultsfrom applyingthe HORNMotion Estimationtechniqueto the Hamburg
Taxi sequence,a) resultsafter 10 iterationsandb) resultsafter200iterations.

Liu et al. report the HORN methodasa point in AE space,however it canbe seenthat the

trade-off betweenaccuracy andspeed,giventhechoiceof themaximumnumberof iterations

allowed,is anAE trade-off andso thetechniquehasanAE curve. Thetheoreticalrun time is

linearin thenumberof iterations
�

, or
�

�

�

� . Figure3.16showstheHORN AE curvesderived

using the diverging treeand translatingphotosequence.To help reducethe effectsof over-

regularisation,motionvectorswith magnitudeslessthan ��� � pel/framewerethresholdedto no

motion.Themotionvectorswereinitialisedto zeroateachframebeforerunningthealgorithm.

�

is aweightingfactorwith largervaluesleadingto asmoothermotion�eld. HornandSchunck

suggestthat
�

shouldbeproportionalto thenoisein theimagesequence,but otherthanthis the

choiceof
�

tendsto beempirical. A numberof authorshave suggestedvery differentchoices

of
�

, rangingfrom ��� � to ����� [2, 107]. Figure3.16showstheAE curveresultsfor
�

� ��� � (a,c)

andfor
�

� ����� (b,d). A numberof observationscanbemade:

� Thetheoreticalandempiricalcurvesarevery similar, this shows thatthetheoreticalrun

time is agoodestimateof thetruerun timeon thisarchitecture.

� After ����� iterations,
�

� ����� led to smallererrorsthan
�

� ��� � . This is becausethe

smoothnessconstraintis a reasonableassumptionin both the imagesequences.This

resultagreeswith Barronet al. [107] who alsoranthealgorithmon theDiverging Tree

sequence.

� For the�rst few iterationson theDiverging Treesequence,
�

� ����� led to largererrors

than
�

� ��� � , this wasnot notedby Barronet al. [107]. Theinitial poorperformanceis
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Figure 3.16: AEcurvesfromapplyingtheHORNMotionEstimationtechniqueto a) thediver-
ging treesequencewith

�

� ��� � , b) thediverging treesequencewith
�

� ����� , c)
the translatingphotosequencewith

�

� ��� � , d) the translatingphotosequence
with

�

� ����� , in all casesvaryingthenumberof iterations.
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dueto the iterative natureof thealgorithm. As describedin AppendixB.1, theaverage

horizontal
�

�

��� andvertical
�

�

��� componentsin Equation(3.18)areapproximatedby the

immediateneighboursto the pel location. Thereforeit takesa numberof iterationsfor

thesmoothnessconstraintto have its intendedeffect.

� With
�

� ��� � , HORN performsvery poorly on the translatingphoto sequence.The

relatively low error with 1 iteration is due to the initialised stateof no motion being

correctover a largeportion of the image. This is dueto noisein the imagesmakingit

hardto accuratelycalculatetheintensityderivatives.

Setting
�

� ����� led to moreaccurateresultson bothtestsequences.Barronet al. reportthat
�

� ��� � leadsto betterresults,however they only allow thealgorithmto run for 100iterations.
�

is a weightingfactoron the smoothnessconstraint,andso for real imagesequenceswhere

noisecanbea problemit makessenseto usea largervalueof
�

. For thesereasons,
�

� �����

hasbeenadoptedfor theexperimentsdescribedin this thesis.

3.4.4.1 Con�dence Measures

The residualerror from (3.16) givesan intuitive con�dencemeasurefor HORN motion es-

timates.Figure3.17shows a plot of the residualerroragainstthemeanangularerror for the

translatingphotosequence.It canbeseenthatalthoughthereis a trendtowardslargeresidual

errorssuggestinglargerangularerrors,therearemany outliers.

3.4.5 URAS

The URAS techniqueis a secondorder differential approachto Motion Estimation. Fig-

ure3.19(d)showsatypicalresultfrom theHamburg Taxi sequenceusingtheURAStechnique.

TheimagesweresmoothedusingaGaussiankernelof standarddeviation5 pelsspatiallyand1

pel temporally. Thesecondderivativeswerefoundusingcascaded4 pointintensitydifferences.

Uraset al. usethe conditionnumberof the Hessian� asa con�dencemeasure.Barronet

al. [107] suggestthat the determinantof � is alsoa goodcon�dencemeasure.Bainbridge-

Smithetal. [143] comparethedeterminantof � favourablyto theconditionnumber, andsince

thismustbecalculatedanyway, this is themeasureusedin this thesis.Figure3.18showsaplot

of thedeterminantof � againstthemeanangularerror, illustratingthatwherethedeterminant
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Figure3.17: Plot of a con�dencemeasure for HORNagainsttheaverageangularerror.

is small theerror tendsto be large. To reducethe occurrenceof spuriousmotionvectors,the

imageis dividedinto blocksandfor eachblockarepresentativevectoris selectedasthevector

with the mostcon�dence(largest ����� � �
� � . A typical result using ��� � blocks is given in

Figure3.19(c).

Vectorswith verylow con�dencemeasurescanbediscardedaserroneous.Barronetal. suggest

discardingany vectorwith ����� � �
�

� ����� . A typicalresultfrom this is shown in Figure3.19(a).

The applicationof temporalsmoothingis particularlyinterestingasit meansthat the motion

for a given frame cannotbe determineduntil information from subsequentframesis made

available. Theneedfor temporalsmoothingis illustratedby Figure3.19(b),which shows the

resultswithout temporalsmoothing.

3.5 Summary

This chapterhaspresenteda review of imageprocessingtechniquesfor analysingmotion in

imagesequences.Techniqueshave beenclassi�ed accordingto whetherthey arebeingused

for Motion Compensationin imagecompression,or for Motion Estimationwherethe aim is

to determinethe realworld causesof imagechanges.This is a usefultaxonomybecausethe

paradigmsunderlyingtheseclassesarevery differentandso evenwhentwo techniquesfrom

differentclassesarebasedonsimilarconceptstheir implementationscandiffer signi�cantly.

58



Analysisof ImageMotion

URAS confidence measure / average error

A
ve

ra
ge

 A
ng

ul
ar

 E
rr

or
 (

ra
di

an
s)

Confidence measure (Det Spatial Hessian)

0

0.5

1

1.5

2

2.5

0 10 20 30 40 50 60

Figure3.18: Plot of a con�dencemeasurefor URASagainsttheaverageangularerror.

b)a)

c) d)

Figure 3.19: Results(at frame15)of applyingURASto theHamburg taxi sequence. a) Typical
resultb) no temporal smoothing,c) no thresholding, d) No thresholdingor best
block representative.
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The themeof this thesisis the applicationof InformationFusionstrategiesto Motion Estim-

ation. Thetwo maingroupsof Motion Estimationtechniquesarethedifferentialandthecor-

relationbasedapproaches.A few approachesalsowork in thefrequency domain,this is more

popularfor Motion Compensationproblemsbecausea numberof compressionalgorithmsuse

transformssuchastheDCT. Thischapteralsodescribedanovel techniquefor fastthoughrough

motionanalysisin theDCT domain.

As themainclassesof Motion Estimationtechniquearethedifferentialandcorrelationbased

approaches,techniquesfrom thesetwo classeswill be usedin subsequentchaptersto illus-

tratetheeffectsof InformationFusionmethods.ThreepopularMotion Estimationtechniques,

CAMUS, HORNandURAS,have beenchosenfor thispurpose.CAMUS is a block matching

techniquethatis illustrativeof correlationapproacheswhile HORNandURASaredifferential

methods.

ThethreeexampleMotion Estimationstrategieshavebeenillustratedby applyingthemto syn-

theticandreal testimagesequences.Theperformancesof theHORN andCAMUS strategies

have beenanalysedin termsof the AE trade-off, with the computationalrequirementscon-

sideredboth theoreticallyandempirically. Previously HORN hasonly beenreportedin the

literatureasa point in AE space.

Methodsfor providing con�dencemeasuresfor theMotion Estimationresultshave beeniden-

ti�ed anddescribed.Thesewill benecessaryin subsequentchaptersto enablethecontributions

of individualestimatesto thefusedestimateto beweightedappropriately.

Thereview presentedin this chapterhasshown that therearea wide varietyof techniquesfor

analysingmotion in imagesequences,andin particularfor Motion Estimation.Theperform-

anceof thesetechniquesboth in termsof accuracy andspeedcanbedatadependent.Motion

Estimationhasa varietyof applications,andso the provision of accurate,robust andtimely

estimatesis animportantproblem.Theremainderof this thesiswill considerhow Information

Fusionmight beusedfor thispurpose.
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Chapter4
Fusionof Electrorotation Frequency

Estimates

4.1 Intr oduction

Thepreviouschaptershave givenanoverview of the InformationFusionandMotion Estima-

tion research�elds. Thischaptergivesanexampleof theapplicationof someof theseideas,by

applyingInformationFusionstrategiesto theproblemof fusingestimatesof thespeedof rota-

tion of rotatingcells. This is a simplerfusionproblemthanwill beconsideredin subsequent

chapters,asthemotionestimatesarescalarvalues.

Whena nonuniformelectric�eld is appliedto neutralbiologicalcells,thepolarisationeffects

can result in translationalmotion of the cells. This effect is calleddielectrophoresisand is

describedby Pohl [146]. Carefularrangementof electrodesand their polaritiescanalsobe

usedto causethe cells to rotate,this effect is called electrorotation. The electrorotationof

cells provides sensitive measurementsof their physiological states[147,148]. As a result,

measuringthespeedof rotationis animportantproblemwith aavarietyof commercialapplic-

ations[149,150]. For example,thiscanbeusedto determinecell viability andhasbeenapplied

to evaluatingwaterqualityby measuringthestatesof cellsexposedto thewater.

Cellsundergoingelectrorotationcanbeimagedusinga cameraattachedto a microscope.An

exampleimagetakenfrom atypicalelectrorotationsequenceis shown in Figure4.1,thedimen-

sionsof theframeare ����� � � ��� pels.

Althougheachcell is constrainedto rotateaboutanaxis that is normalto the viewing plane,

thereareinevitableperturbations.This, togetherwith the fact that the cells arethreedimen-

sionalandthelimited depthof �eld of the imagingoptics,producesimagesequencesthatare

notsimplerotationsof a two dimensionalprojection.Perturbationsoutsidethis2D rotationare

not of interestto theelectrorotationanalysis.

Thefrequency of rotationis currentlyestimatedmanually, which is bothtediousandtimecon-

suming.Zhouet al. [147] reporta methodfor automaticallydeterminingthespeedof rotation
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Figure4.1: Anexampleframefroma typicalelectrorotationsequence.
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from imagesof therotatingcells. Their methodrelieson a goodinitial segmentationof cells

from theimages,whichis usedto �nd theprincipalaxisof thecell. By examiningthechanging

anglebetweenthe principal axis andthe horizontalaxis over time, the frequency of rotation

canbedetermined.Thismethodassumesthatcellsarestationaryandnon-circular;however, in

practicecellsusuallyalsoundergosometranslation.

Thischapterdescribesanovel methodfor automaticallydeterminingthespeedof rotationfrom

imagesof the rotatingcells. The methodconsistsof two parts,trackingthe cells over a se-

quenceof framesandthendeterminingthefrequency of rotationfrom thecell appearanceover

the trackedsequence.Threemethodsfor determiningthe frequency of rotationarepresented;

the�rst is anextensionof theprincipalaxisbasedmethodof Zhouetal., thesecondtechnique

rotatestrackedcell imagesandusescorrelationtechniquesto determinethebestangleof rota-

tion. The�nal techniquedeterminesthefrequency of rotationfrom thechangingappearanceof

thecell with respectto a referenceframe.

Althoughthe individual techniquesperformwell on certainexamples,noneof the techniques

performadequatelyin all cases.As discussedin Chapter2, InformationFusionstrategiescan

beemployedto combinetherelative strengthsof individual sensorsandclassi�ersto provide

systemswhich performrobustly over a moregeneralrangethanthe individualsystemsalone.

In thischapter, estimationfusionis usedto combinetheresultsof thedifferentindividualelec-

trorotationfrequency techniquesto producea systemwhich performsmorerobustly over the

dataset.

Theremainderof thischapteris organisedasfollows: Section4.2presentsthetrackingmethod

usedto accountfor the translatorymotionof cells. Section4.3 describesthe individual tech-

niquesfor estimatingthefrequency of rotationof thecells,resultsfor theindividualtechniques

arepresentedin Section4.4,andSection4.5 describesthe fusionprocessandpresentsresults

from combiningtheindividualestimates.Section4.6givesasummaryof thechapterwith some

conclusions.Thework presentedanddiscussedin thischapteris reportedin [54] and[49].

4.2 Tracking the cells

Framesfrom a typicalelectrorotationimagesequenceareshown in Figure4.2. As canbeseen

from this �gure, thereareoftenmultiple similar cells in a given imagesequence.Clearly the

cellscantranslateaswell asrotate,andsoatrackingsystemis requiredto remove thetranslat-
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Figure 4.2: Typical electrorotation framesequenceshowingthe �rst, secondand last frames
with trackedblock.

ory motion.Thecellsmove independentlyandsocanbetrackedandanalysedindividually.

TheBlock MatchingAlgorithm (BMA), describedin Chapter3, is apopularcorrelation-based

approachto trackingobjects[37], andwasadoptedfor this problem. In this approach,it is

assumedthat the appearanceof a block of pixels will vary slowly over time. An objectcan,

therefore,be trackedfrom frameto frameby takinga referenceblock of pixelson theobject

imagein thecurrentframeandsearchingfor themostsimilarblockof pixelsin thenext frame.

A popularsimilarity measurebetweena square� � � �
� referenceblock

�

anda pixel block
�

in thenext frameis theAbsoluteDifference(AD):
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� aretheintensitiesof thepixelsat index �
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� of blocks
�

and
�

respectively. Thenew locationof the trackedreferenceblock in the next frameis thatof the

pixel block
�

whichyieldsthesmallestAD value.As thespeedof a trackedobjectis typically

limited, thesearchcanberestrictedto a window aroundtheoriginal referenceblock location.

In theBMA [116], it is assumedthat theappearanceof a block of pelsremainsconstantover

timeandmotion.Thisis areasonableassumptiongivenhighframeratesandshorttimeperiods.

Themotionof a blockof pelsis estimatedby lookingfor themostsimilarblock in subsequent

framesaccordingtosomesimilaritymeasure.WhentheBMA isusedfor tracking,thereference

block mustbealteredto takeaccountof changesin theappearanceof the target object. This

extendedalgorithmis termedtheAdaptiveBlock MatchingAlgorithm (ABMA).
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Therearea numberof choicesin the ABMA including the block size, the block shape,the

similaritymeasure,selectionof initial blockandthereferenceblockupdatestrategy. Thesearch

is typically constrainedto a window whosesizemustalsobechosen.Errorsin trackingcanbe

dueto numerouscausesincludingcameranoiseandinappropriatechoiceof theseparameters.

However, astheelectrorotationimagesequencesarecapturedunderstrictlaboratoryconditions,

backgroundnoiseis smallandhaslittle effectonthetrackingandrotationanalysis.Theaverage

backgroundnoiseestimatedover a typical imagesequencewith 256grey levelswasfound to

have avarianceof just0.8grey levels.

Occlusioncanalsobeaproblemfor trackingalgorithms,asoncethetargetis hiddenfrom view

thetrackis quickly lost. However, in theelectrorotationsequencesthecellsareconstrainedto

lie ona 2D planeandsoocclusionwasnot foundto beanissue.

Sub-pelmotioncanalsocausethetrackto belost: theproblemis dueto smallchangesin object

appearancebeinginsuf�cient to causethe trackpositionto follow themotion,meanwhilethe

referenceblock is updatedandsoslowly comesto no longerresemblethetarget.Thereference

block updatingstrategy is an importantproblem,both in the electrorotationexampleand in

general.Thishasnot receivedmuchattentionin thepastandsois consideredin detailnext.

4.2.1 TestData Sets

For this investigationof referenceblockupdating,testimagesfrom moretypical trackingprob-

lemswerechosen.Fourtestdatasetsareusedin thefollowingsectionto enableacomparisonof

differentupdatestrategies.Thesearethewell known Hamburg Taxi sequence,two sequences

from a car park securitycamera,anda sequencetakenfrom onecar following another. The

Hamburg Taxi sequenceis too short to be informative, but is includedto assistthe readerin

replicatingtheresults.Thecarfollowing andcarparksequencesarenew sequenceswhichare

describedin AppendixC. Sinceonly thereferenceblockupdatestrategy is consideredhere,the

sequenceswerechosento have noneof themissingor unintelligibleframeswhich canappear

in realdatasequences.

In thecar following dataset,both the target andthe cameraarein motionandso therearea

lot of small quick movementsdueto unevenroads.Car parksequenceA shows a pedestrian

walking, while B shows a car moving behinda fence. Coming from a real securitycamera

ratherthan controlledlaboratoryconditions,the car park dataset is quite poor quality and
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so no single referenceblock is ever a particularlygoodrepresentationof the target. Due to

format conversionswhencapturingthe data,therearealsosomeblockingartifactspresentin

the sequence,thesearedescribedin AppendixC. Figure4.3 shows typical framesfrom the

datasets,with arrows indicatingthetrackpoints.In thesethreedatasets,theappearanceof the

targetvariesconsiderablyover thesequence.

For eachdatasequence,a point on the target objectwaschosenand its position,at 5 frame

intervals,wastrackedmanuallyover the sequence.Themanualestimatesareaccurateto ap-

proximately1 pel. Thesemeasurementsareusedasgroundtruth to enablecomparisonof the

strategiesdiscussedbelow. Themeanerrorsanderror variancesfor all testedmethods,with

respectto thismanualtracking,aregivenin Table4.1.

4.2.2 UpdateStrategies

This sectiondescribesa numberof updatestrategiesanddiscussesresultsfrom applyingthese

strategiesto thetestsequencesdescribedabove. Theresultspresentedhereareall from square

blocksof width � pels.TheAD similarity measurewasused.Appropriatesearchwindowsand

startblocksweremanuallychosenfor eachsequence.

SingleFrame Strategy Thesimplestupdatestrategy is to updatethereferenceblock every
�

�

framesby replacingit with theblock at thecurrenttrackposition.With
�

�

��� , therefer-

enceblock is replacedevery frame,with
� �

��� , theblock is never replaced.If thereference

block is changedtoo frequentlythenthesmallerrorsdueto cameranoiseandroundingerror

accumulateandcancausethe trackingto be lost. If it is not changedfrequentlyenough,then

theappearanceof theobjectmaychangetoo muchfor a goodmatchto befoundandagainthe

trackingmaybelost.

As the resultsin Table4.1 show, the performanceof this strategy is highly dependenton the

choiceof
� �

. ThelargeerrorandvariancemeasuresontheCarPark A sequencewith
� �

���

aredueto the trackbeinglost during thesequencebut regainedwhenthe objectpositionand

the track estimatehappenedto coincidelater on. In all cases,setting
�

�

� � led to poor

performance.Largevaluesof
�

�

requirelongtermmemory, whichis problematicfor analogue

implementation.

Althoughresultsfor thisarenotpresentedhere,largerblocksizescontainmoreinformation,so
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reducingtheeffectsof noiseandenablingthereferenceblock to bechangedmorefrequently.

However, thecomplexity of thealgorithmis quadraticin theblocksize.Also, largeblocksizes

canoftenincludea lot of backgroundimage,which canbeproblematicif thereferenceblock

startsto matchto thebackgroundratherthanto thetrackedobject.

Multi Frame Strategy TheMulti Framestrategy uses
� �

referenceblocks,which arethe

blocks at the track positionsof the previous
� �

time steps. For eachsearchposition, the

similarity function
�

is appliedseparatelywith all referenceblocks. The similarity measure
�

�����

�

� for a givenpositionis a weightedsumof thesevalues.Sinceoldermatchesareless

likely to correspondto thecurrentblock,aweightingstrategy whichprefersmorerecentblocks

is appropriate.Theresultspresentedhereuse
� �

� � with weights� � � ��� �

�

���

:
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where
�

� is the bestmatchedblock at time � and
� �

is block at time
�

beingcheckedfor

similarity. This strategy requiresthat memorybeprovided for the
� �

referenceblocks,and

alsorequires
� �

	 � additionalmatchingoperations.The resultsin Table4.1 show that this

approachperformsbetterthantheSingleupdatestrategy.

FIR Strategy Theuseof FIR �lters for trackingpurposesis well known [98]. Herethe�lter

is usedto trackthechangingblockappearanceratherthantheobject'scoordinates.The�lter is

describedbelow in its intuitivenon-recursive form for
�

non-zerocoef�cients �

� :

���

�

�

NORM

�

�

��	

�

�

�

�

���

� (4.3)

where
�

�

is thereferenceblock at time
�

. Sothereferenceblock at any time is dependenton

a linearcombinationof the last
�

blocks. �

NORM �

�

�

��	

�

�

� is a normalisationtermusedto

prevent lighteningor darkeningof thereferenceblock. Typically, �

� � � andthecoef�cients

getsmallerover time so thatolder referenceblockscountlessthanmorerecentblocks. Thus
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the�ltered referenceblockadaptsto thechangingtargetappearance,but is stablein thefaceof

noise.Theresultspresentedhereuse
�

� � and �

� � ��� �

�

���

.

Again, memorymustbeprovidedfor the
�

previousblocks. Only onematchingoperationis

required,but an additional
�

block multiply-accumulateoperationsmustbeperformed.The

resultsin Table4.1show thatin generalthisapproachperformsbetterthantheSingleandMulti

Frameupdatestrategies.

Kalman Filter Strategy AlthoughtheMulti FrameandFIR Framestrategiesaremoreeffect-

ivethantheSingleFramestrategy, they alsoincurgreatercomputationalcost.In bothcases,the

computationalcomplexity of theadditionaloperationsis linear. Theuseof aKalman�lter [98]

(seeAppendixB.2) canreducetheadditionalcostto asmallconstant.

In thisstrategy, the � � � referenceblockat time
�

is representedby the �

�

statevector �

�

and

theobservationat time
�

is thebestmatchblock representedby the �

�

vector �

�

. As thestate

andobservationspaceareidentical,theconversionfrom statespaceto observationspace
�

� is

just theidentitymatrix. SincetheBMA modelassumesthat theappearanceof a block of pels

is constantover time, thestatetransitionmatrix
�

is alsothe identity matrix. If it is assumed

thatthedynamicmodelnoiseandmeasurementerrorparametersareconstant,thentheKalman

Gain
�

canbecalculatedoff-line [98] by runningthe �lter until
�

becomesconstant.Under

theseassumptions,only asingleupdateequationfor thereferenceblock is required:

�

�

�

�

�

���

�

�

�

�

�

���

	

�

�

���

� (4.4)

thus the additionalcost is very small. The resultsin Tables4.1 show that this is the most

accurateandrobustof thetestedstrategies.Only a singlereferenceblock is maintainedwhich

is updatedateachframe,andsothememoryrequirementsarealsorelatively minor.

4.2.3 Tracking Cells

TheKalman�lter updatewasfoundtobethemostrobustof thedifferentreferenceblockupdate

strategiesandsowasusedto trackcells in theelectrorotationtestsequences.A typical track

sequencefrom theelectrorotationdatasetis illustratedin Figure4.2,with thepositionof the
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c)

b)a)

d)

Figure 4.3: Exampleframesfromtrack sequences(not to samescale)with arrowsindicating
trackedpoints,(a) Hamburg Taxi, (b) Car Following,(c) Car Park A (pedestrian),
(d) Car Park B (car)

Sequence Single Single Single Multi FIR Kalman
� �

���

� �

� �

� �

� �

Hamburg Taxi 2.6 2.8 2.3 2.0 2.0 2.0
(0.5) (0.5) (0.3) (0.2) (0.2) (0.2)

CarFollowing LOST 3.4 LOST LOST 3.7 2.8
(1.1) (1.9) (0.9)

CarPark A 10.5 2.0 LOST 2.3 2.3 1.7
(24.0) (0.7) (0.7) (0.9) (0.5)

CarPark B 4.2 4.1 LOST 2.9 2.5 1.2
(6.3) (4.1) (3.0) (1.9) (0.3)

Table 4.1: Mean Tracking errors (in pels) with variancein parentheses,“LOST” indicates
track lost.
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referenceblock outlinedin red. In mosttrackingapplicationsit is alsonecessaryto �lter the

locationestimates.However theperformanceof theBMA with a Kalman�lter updatestrategy

wasfoundto bewithin 1 pel of themanualestimateon theelectrorotationsequencesandsoit

wasnot foundnecessaryto usea �lter on thecell locationestimate.

In the �nal system,track initiation wasperformedby a humanobserver selectinga particular

cell to analyseby giving its startpositionandappropriateblocksizeto thetrackingsubsystem.

Typical frame,referenceblock andsearchwindow dimensionsare � ��� � ����� pixels, ����� ���

pixelsand�
� � �
� pixelsrespectively. Thetrackingalgorithmwasappliedto theelectrorotation

sequencesto extractsequencesof cell subimageswith thetranslatorycomponentof themotion

removed.Thetechniquesdescribedin thefollowingsectionscouldthenbeappliedtodetermine

thefrequency of rotation.

4.3 Counting Rotations

Thissectiondescribesthreetechniquesfor determiningthefrequency of rotation.The�rst tech-

niqueis thatof Zhouet al. [147] basedon extractingthePrincipalAxesof cells. Thesecond

techniquearti�cially rotatesthetrackedcell imagesandusescorrelationto determinetheangle

of rotation.The�nal techniquedeterminesthefrequency of rotationfrom thechangingsimil-

arity valueswith respectto a commonreferenceblock.

4.3.1 Principal Axis Method

Zhouet al. [147] segmentcells from the backgroundand�nd their principalaxes,which are

thenusedasa featurefor determiningthefrequency of rotation.

In the datasequencesexaminedby Zhou et al. the cell borderstendedto be darkerthanthe

backgroundandso could be segmentedby thresholding. Any region totally surroundedby

segmentedpelswasthen �lled, thus segmentingthe cell centre. An erosionoperator[130]

wasusedto remove spuriouspels. Finally, the(binary)segmentedimagewasconvolvedwith

theoriginal imageto segmentthecell, asillustratedin Figure4.4. In thedatasequencescon-

sideredin this chapter, cell borderswere frequentlynot darkerthan the background,so the

SUSAN [151] edgedetectorwasusedratherthanthresholdingto detectthe cell boundaryin

the �rst stage.TheSUSANoperator, describedin AppendixB.3 waschosenin preferenceto
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(a) (b) (c)

Figure 4.4: (a) A tracked block, (b) an extractedcell position, (c) the segmentedcell with
Principal Axis.

otheredgedetectorsbecauseits performanceis invariantto theedgedirection,which is useful

for detectingthecircularshapedcell edges.

Theprincipalaxisof asegmentedcell is themostsigni�cant eigenvectorof the � � � covariance

matrix
�

of cell pelpositions�����
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where � is the meanposition. By usingthe pel intensities
�

�

	

�




� to weight the contribution

of the pel positionsto
�

, the principalaxis is madesensitive to featuresinsidethe cell. Fig-

ure4.4(c)shows theprincipalaxisof a segmentedcell. As thecell rotates,so doesthe angle

betweentheprincipalaxisandthehorizontalaxis.Thefrequency of rotationis calculatedfrom

theaveragedifferenceof thisanglebetweensuccessiveframes.

4.3.2 Rotation Correlation Method

By rotating the imageof a cell and comparingthe result with the imageof the cell in the

next frame,an estimateof the angleof rotationcanbe determined.The degreeof similarity

betweenthearti�cially rotatedcellandthenext cell canbemeasuredusingtheAD, howeverthe

AD is sensitive to intensityshiftsandso theNormalisedCorrelationCoef�cient (NCC) [130]

wasused(seealsoEquation3.12). To createan imageof the cell rotatedby an angle
�

, the

original position �

	��

�


��

� of eachpixel �

	

�




� in therotatedblock wasfoundby multiplying by

theRotationMatrix [152]:
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Figure 4.5: Rotatedcell imagesat anglesof 	 �
��� � 	
����� � ��� � ����� and �
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(4.6)

Sincethe imagesare discrete, �

	

�

�




�

� typically lies betweenpixel locationsin the original

image.The intensityof therotatedimagepixel �

	

�




� wasestimatedby bilinear interpolation

of thepixelsaround �

	 �

�


 �

� in theoriginal frame[152]. Exampleresultsof rotatinga cell are

shown in Figure4.5.

For eachframe,NCC similarity valuesfor integer rotationanglesin � � stepsfrom the range
�

	 ���
���

���
�

� wereextracted. Thesevalueswereaveragedover the entireimagesequenceand

theanglefor which thesimilarity wasgreatestwaschosen.

4.3.3 Periodic Similarity Method

As a cell rotates,its appearancechanges.Ideally, after a completerotation the appearance

will be the same.By looking at how the cell's appearancechangesover time, the frequency

of rotationmay be estimated.Changesin appearancearedeterminedrelative to a reference

block
�

. This referenceblock is simply chosento be the �rst trackedblock. Thechangein

appearancebetweenthecurrenttrackblock andthereferenceblock is measuredby theNCC.

Figure 4.6 shows the NCC valuesresultingfrom a typical electrorotationsequence.Peaks
�

�

�

 � �

�
�����

�
� 	 � in the graphcorrespondto pointswherethe cell completesa rotation.

Peakscanbeidenti�ed usinga thresholdNCCvalue.TheobservedmeanNCCvalueoffsetby

theobservedstandarddeviation wasfoundto beaneffective thresholdchoice.Peakpositions

areindicatedby � symbolsin Figure4.6.

An estimateof theperiodof rotation�

�

� is chosento minimisethetotal timedifference� DIF

72



Fusionof ElectrorotationFrequency Estimates

N
C

C
( 

tr
ac

ke
d 

bl
oc

k,
 r

ef
er

en
ce

 b
lo

ck
 )

Blocks above threshold
Calculated best rotation period

Frame Number

2

0 20 40 60 80 100

1.5

1

0.5

120
0

Figure 4.6: PeriodicSimilarity resultsfor onecell. Peakscorrespondto rotations.

betweeneachpeakpositionandtheclosestperiodstepandbetweeneachperiodstepandthe

closestpeakposition:

� DIF �

�

���

�

�

	��

min�

�

	

�

�

	 �

�

	
�

�

�

����������	�


�

� 	��

min�

�

	 �

�

	

�

�

	
� (4.7)

The �rst termensuresthat the peakpositionsareall closeto periodsteps,thesecondensures

that all periodstepsarecloseto peakpositions.The resultingbestperiodfor the examplein

Figure4.6 is indicatedby dottedlines.

Alternative spectralestimationtechniquessuchasFourier Analysiscouldalsobeusedto es-

timatethe frequency of rotationfrom the NCC graph. However, unusualcomponentsin the

graphsdueto axesof symmetryand3D perturbationsof therotationoften leadto irregularly

shapedcurveswhich cancauseproblems.Also, for the electrorotationapplicationthe speed

of rotationis usuallynot constant,beingsweptto �nd whenthecell is stationary. Further, for

slow rotatingcellsthenumberof observedcyclescanbevery small,andsotherecanbelittle

dataavailablefor the estimationtechniquesto work with. As the rotationtroughsareclearly

visible in thetemporaldomain,it makessenseto estimatetheperiodof rotationdirectly from

thesepoints. Theproposedtechniqueperformswell andhasthe bene�ts of beingsimpleand

intuitive.
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Figure 4.7: Graphshowingmeanabsoluteestimationerrors for the Principal Axis,Periodic
SimilarityandRotationCorrelationmethodsagainstthemanualestimates(treated
asgroundtruth).

4.4 Indi vidual Results

Resultsof applyingthethreetechniquesto 30exampledatasequences,of lengthsfrom ����� to

��� � frames,aregivenin Table4.3. In all casesthespeedis reportedin thousandthsof aRotation

perFrame(mRpF).A manualobservationof therotationspeedisgivenasgroundtruth,thiswas

determinedby countingthenumberof completerotationsin thesequenceanddividing by the

numberof framestakenfor theserotations.Theprecisionof themanualestimateis dependent

ontheimagequality, thecell sizeandonthenumberof rotationsobserved.A 16mRpFrotation

of a smallcell with radius10 pixelsgivesa discerniblemotionof 1 pixel perframeat thecell

edge.For largercellsand/orwith observationsover multiple rotationsit is reasonableto give

manualestimatescorrectto at worst � � 	 �

�

�

�

�

. Table4.2 summarisestheseresultswith

the meanestimateerrors. Figure 4.7 shows meanabsolutemagnitudeestimationerrorsfor

the PrincipalAxis, PeriodicSimilarity andRotationCorrelationmethodsagainstthe manual

estimates.

ThePrincipalAxis methodaccuratelydeterminedthedirectionof rotation,but gavepoorestim-

atesof themagnitude.Themethodwasfoundto beverysensitiveto non-uniformillumination,

which biasedthe principal axis to particulardirections,andto noise,which led to poor seg-
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Figure4.8: MeanNCCvalueagainstaverageerror for theRotationCorrelationmethod.

mentationfor someframes.FromFigure4.7 it canbeseenthat theperformancedeteriorated

asthemagnitudeof thespeedof rotationincreased.

TheRotationCorrelationmethodaccuratelydeterminedthedirectionof rotationandperformed

well on slow rotationspeeds,but poorly on fasterrotatingcells. Thepoorperformanceof the

techniqueonfastrotatingcellswasdueto thelargechangein appearanceof thecell in success-

ive frames.This wasa resultof bothnon-uniformlighting conditionsandlargerperturbations

of thecell. In theseconditions,therotatedcell referenceimageappearancedifferssigni�cantly

from thetrueappearance,andso themethodfails to makea correctmatch.Themagnitudeof

theNCC valuecanbeusedto identify suchpoorcorrelations.Figure4.8 showsa scatterplot

of theNCC measuresagainstabsoluteerror for theRotationCorrelationmethod.If estimates

with NCC � ��� ����� arediscarded,thentheaverageerror is ��� � mRpF, which is comparableto

thePeriodicSimilarity result(seeTable4.2).

WhereasthePrincipalAxis methodgivesasingleangulardifferencebetweensubsequentframes,

the RotationCorrelationmethodgives a relative con�dencemeasurefor all the considered

angles.ThismakestheRotationCorrelationmethodrelatively morerobustin dif�cult frames.

In general,the PeriodicSimilarity approachperformedwell. However, the techniquedoes
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Figure4.9: Determiningthespeedof rotationof cells.

not calculatea directionof motion and, in a numberof sequences,ambiguitiesin the MAD

similarity graphsleadto worseestimatesthantheRotationCorrelationmethod.

4.5 Classi�er Combination

The relative performanceof the techniquesat estimatingthe magnitudeof the rotationspeed

variesconsiderablyover thetestcases.Overall, thePeriodicSimilarity methodperformsmost

accurately, but thetechniquedoesnot give a directionof rotationandin somecasesperforms

worsethanthe othertechniques.TheRotationCorrelationmethodaccuratelydeterminesthe

directionof rotationandperformswell on slow speeds,but performspoorly on fastspeedsof

rotation.

It makessenseto useanInformationFusionstrategy to combinetheabsolutespeedestimatesof

thesetwo individual techniques.Thepoorperformanceof thePrincipalaxismethodsuggests

that therewould be little to gain from including it, andso its estimatedarediscarded.The

completesystemis illustratedin Figure4.9. Themagnitudeof thefusedrotationestimateis a

combinationof themagnitudesof thePeriodicSimilarity andRotationCorrelationestimates,

while the directionof rotationis just that given by the RotationCorrelationapproach.This

sectiondescribestheinformationfusionstrategy usedat thefusioncentre.

It is assumedthat anglesof rotation lie in the range
�

	 ���

�

�
���

�

� per frameandso the prior

probability of estimatesoutsidethis rangeis 0, estimatesinside the rangehave equalprior

probabilities.This rangecoversall speedsin thedataset. Limiting therangeis a reasonable

for the electrorotationproblemas,by Nyquist's Theorem,the maximumanglethat could be

measuredis
�

	 �����

�

�
�����

�

� per frame. Sincelargeerrorsareworsethansmallerrors,the
�

SE

costfunctionis chosen.As discussedin Chapter2 usingtheSEcostfunctionleadsto a fused

estimatethatis themeanof theposteriordistribution.
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The posteriordistribution �

�

�

	 � � is comprisedof the individual distributions �

�

�

	

	

PS� and
�

�

�

	

	

RC� , where 	

PS and 	

RC areindividualestimatesof thespeedof rotation � from thePeri-

odic Similarity andRotationCorrelationapproachesrespectively. For simplicity theposterior

PeriodicSimilarity distributionsareassumedto beGaussianwith mean	

PS ( 	

RC) mRpFand

variance� mRpF. Following previous authors[84], the individual distributionsarecombined

by averaging.

TheresultsillustratethattheRotationCorrelationtechniqueperformswell insidecertainranges

andpoorlyoutsidethoseranges.As illustratedin Figure4.8,themeanNCCcanbeusedto in-

dicatewhetherthetechniqueis performingwell or poorly. Wherethetechniqueis performing

poorly, theobservationgivesno informationaboutthelikely speedof rotationandsothepos-

teriordistributionis uniform.Suchestimatesaremarked
�

in Table4.3.Wherethecon�denceis

high, theindividualdistributionsareassumedto beGaussianwith mean	

� mRpFandvariance

� mRpF.

Table4.3 shows resultsfrom applyingthis combinationstrategy to thedata.Theresultssum-

mary in Table4.2 shows that the fusedstrategy in generalperformsmoreaccuratelythanany

of the individual techniquesalone.Thefusionapproachis successfulbecauseit cancombine

thebestestimatesof theindividual techniqueswhile rejectingany poorestimatesfrom theRo-

tationCorrelationtechnique.Sincethefusedestimateis effectively a weightedaverageof the

individualestimates,it is never worsethanboth individualestimates.However, if thesignsof

the individual estimateerrorsarethe same,thenthe fusedestimatecanbe no betterthanthe

bestindividualestimate.

The fusedestimategivesonly a small accuracy improvementover the PeriodicSimilarity ap-

proach,however, unlike thePeriodicSimilarity methodthe fusedestimatealsoincorporatesa

directionof rotation.

4.6 Summary

Thischapterhaspresentedanexamplein whichInformationFusionis appliedto a simpleMo-

tion Estimationproblemwherethemotionestimatesarescalarvaluesratherthanmotionvec-

tors.Theapplicationis determiningthespeedof rotationof cellsundergoingdielectrophoresis,

andthis chapterhaspresenteda novel methodto automaticallyachieve this. Themethodhas

two stages,�rstly trackingthe cells to remove the translatorycomponentof the motion and
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Technique AverageError
mRpF

PrincipalAxis 23.0
PeriodicSimilarity 1.9
RotationCorrelation 13.6
FusedMethod 1.7

Table 4.2: Summaryof results.

secondlydeterminingthefrequency of rotationfrom thetrackedcell sequence.

TheAdaptive Block MatchingAlgorithm wasusedto track the cells. An importantproblem

whenusingthis approachis how to updatethe referenceblock. This hasnot received much

attentionin the past,andso this chapterhaspresentedresultsfrom an investigationinto dif-

ferentupdatestrategieswhich concludedthat �ltering the referenceblock led to signi�cant

improvementsin trackingperformance.

Threemethodsfor thedeterminingthefrequency of rotationwereconsidered.The�rst is based

on a previous solutionto the problem,the other two arenovel solutions. Although the two

novel solutionswerefoundto bemorerobustatestimatingthemagnitudeof therotationspeed

than the previous method,neitherperformedadequately. By applyingan estimationfusion

strategy to combinetheindividualresults,a morerobusttechniquewasdeveloped.Thechosen

fusionstrategy wasbasedonBayesianestimationtheory, in whichtheindividualestimateswere

representedby probabilitydistributions.
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Sequence Principal Periodic Rotation Fused Manual
Cell Length Axis Similarity Correlation Result

(frames) (mRpF) (mRpF) (mRpF) (mRpF) (mRpF)

0 118 - 18 31 - ���

�

- 31 - 32
1 149 - 14 27 - ���

�

- 27 - 31
2 112 - 9 29 - ���

�

- 29 - 30
3 319 - 21 29 - � �

�

- 29 - 30
4 262 - 4 20 - ���

�

- 20 - 20
5 306 - 4 3 - � � - 10 - 13
6 303 - 4 8 - � - 8 - 8
7 282 - 2 8 - � - 8 - 8
8 286 - 2 7 - � - 8 - 8
9 426 - 4 7 - � - 8 - 7
10 324 - 4 6 - � - 7 - 6
11 482 - 3 4 - � - 5 - 4
12 410 + 1 3 - � - 6 - 4
13 881 - 5 9 - � - 8 - 2
14 848 + 3 10 + � + 8 + 3
15 426 + 1 13 + � + 11 + 5
16 451 + 5 10 + � � + 12 + 10
17 112 + 6 13 + � � + 15 + 13
18 379 + 5 17 + ��� + 17 + 17
19 355 + 12 21 + ���

�

+ 21 + 21
20 188 + 4 25 + � �

�

+ 25 + 25
21 322 + 2 31 + ���

�

+ 31 + 32
22 246 + 12 42 + � �

�

+ 42 + 40
23 162 + 8 45 + � �

�

+ 45 + 44
24 204 + 12 56 + �����

�

+ 56 + 55
25 134 + 11 71 + ��� �

�

+ 71 + 70
26 135 + 6 83 + ���

�

+ 83 + 83
27 220 + 9 100 + ���

�

+ 100 + 94
28 223 + 3 100 + ���

�

+ 100 + 96
29 181 + 5 100 + � �

�

+ 100 + 99

Table 4.3: Table showingautomaticallyand manuallycalculatedfrequenciesof rotation in
thousandthsof a RotationperFrame(mRpF).Entriesmarked

�

haveRotationCor-
relationmeanNCCvalue � � ��� ��� � . Wheregiven,� and 	 indicateclockwiseand
anti clockwiserotationrespectively.

79



Chapter5
Information Fusion for Accurate and

Robust Motion Estimation

5.1 Intr oduction

The previous chapterdescribedthe applicationof InformationFusionstrategies to combine

estimatesof thespeedof rotationof cellsundergoingdielectrophoresis.Thesemotionestimates

werescalar, unlike the2 dimensionalestimatesof thetechniquespresentedin Chapter2. This

chapterconsidershow InformationFusionstrategiesmaybeusedto combinetheresultsof the

individual2D Motion Estimationtechniquesto givemoreaccurateandrobustmotionestimates

in termsof theangularerrors,asde�ned in Chapter3.

Theremainderof this chapteris organisedasfollows: Section5.2describesrepresentationsof

motionvectorestimatesandof uncertaintiesin thoseestimateswhich enableBayesianbased

InformationFusionto be appliedto Motion Estimation. Experimentalresultsfrom applying

theresultantfusionstrategy arepresentedin Section5.3. Section5.4 looksat how thechoice

of costfunctionaffectsfusion performance,andsuggestsa novel costfunction to reducethe

effectsof outliers.Resultsfrom applyingthisnew costfunctionarealsopresented.A summary

of thechapteris givenin Section5.5. Thework presentedanddiscussedin this chapteris also

reportedin [47,48,50].

5.2 RepresentingMotion Estimatesfor Fusion

As discussedin Section2.2, InformationFusionhasbeenadaptedfor a wide variety of ap-

plicationsandthe choiceof fusionstrategy is to a certainextent applicationdependent.This

sectiondiscusseshow InformationFusionmaybeappliedto Motion Estimationandpresents

techniquesto representmotionvectorsanduncertaintyin theindividualmotionestimates.
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Figure 5.1: Examplequantisationof polar motionvectorsto givediscretemotionhypotheses
which couldthenbeusedin a decisionfusionstrategy. An examplemotionvector
is shownwith theassociatedmotionhypothesisshaded.

5.2.1 RepresentingMotion Estimates

Many fusiontechniquessuchascommitteemethods,clusteringmethodsandtechniquesbased

onDempster-Shaferevidencetheoryworkwith discretehypotheses.Althoughresultsfrom cor-

relationbasedmotionestimationtechniquessuchasCAMUS arenaturallydiscrete,in general,

motionestimatestakevaluesfrom acontinuousrange.

Motion estimatescouldbequantisedinto asetof hypotheses,thiswouldenabletheapplication

of classi�cation fusion strategies. A quantisationbasedon motion vectorsin 2D Cartesian

coordinatesdoesnot yield an intuitivepartitioningof therange.A polarrepresentationof the

vectorsenablesthe direction
�

andmagnitude� of motion to be treatedseparately, andgives

riseto amorenaturalpartitioningby individually quantisingtheangulardirectionanddistance

components.The useof this polar representationfor fusing motion estimatesis reportedin

[47,48]. A typicalpartitioningandexamplemotionvectorareillustratedin Figure5.1.

This quantisationapproachhasa numberof disadvantages.Firstly, from Figure5.1 it canbe

seenthat the rangeof potentialmotionvectorsin eachhypothesisandthe hypothesisshapes

arenot uniform. This couldbepartially recti�ed by having a non-uniformquantisationof the

magnitudecomponent,however thehypotheseswouldstill have non-uniformshapes.Also, as
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precisionrequirementsincrease,the numberof hypothesesmustincreaseaccordingly. Large

numbersof hypothesescanbeproblematicfor classi�cationfusionstrategies,especiallyasthe

differencebetweenclassesbecomesnegligible. The representationaldif�culties which arise

from enforcingthis arti�cial quantisationsuggestthat it wouldbesimplerandmoreelegantto

choosefusionstrategieswhichoperatedirectlyon thecontinuousestimates.

As discussedin Chapter2, stochasticfusiontechniquesbasedonBayescriterionareeasilyad-

aptedtocontinuousvalues


�

�

. In thisapproach,theindividualmotionvectors	

� � ����� �
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���

form anobservationvector � . The fusedestimate
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FUSED� � � is madeto minimisethe risk
�

associatedwith thedecisionsystem,which is givenby Equation(2.15).Therisk is minimised

whenthefusedestimateis chosento minimisethefollowing integral:
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Since� is comprisedof theindividualmotionestimates	

� �
�����

�

	
�

��� with individualdistribu-

tions �

�




	

	

�
� , �

�




	 �
� canbedeterminedif the �

�




	

	

�
� distributionsandtheir inter-dependencies

areknown. This suggestsa representationfor the 2D motionestimates	

� � ��� �
���

�
�

� using

stochasticdistributions.

5.2.2 RepresentingUncertainty

Wherea singledistributionshapeis usedto representall motionvectorsin animageor image

sequence,the CentralLimit Theorem[153] suggeststhat it is reasonableto assumethat the

distributionis Gaussian.As theperformanceof Motion Estimationtechniquesis typically data

dependent,theaccuracy of estimatesprovidedby aparticularmethodis likely to varyoverpels

in theimagesandimagesequences.It is thereforedesirableto usedifferentdistributionsfor the

motionestimatesfrom differentpartsof animage.Assumingthat thedecisionsmadeby indi-

vidual techniquesaremorelikely thannot to correspondto thetruemotion,suitablefunctions

shouldhave a maximumat the estimatedmotionvectorandbe decreasinglymonotonic.As-

sumingthaterrorsin individualestimationsareequallylikely in all directions,thedistributions

wouldalsobeexpectedto besymmetric.

A simpletriangularshapeddistributionsatis�estheserequirements,andtriangularshapedfunc-
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� usinga Gaussiandistribution with elementvariances��� � pelsand
covariances����� pels.

tionscanbeusedto representmotiondirectionandmagnitudeestimateuncertaintyasseparate

distributions.However, thedirectionandmagnitudeof motionarenot typically estimatedsep-

arately, andsoarenot independent.A triangulardistributioncouldalsobeappliedin 2 dimen-

sionsdirectly to themotionvector. This functionis not a very naturalprobabilitydistribution,

anditsderivativeis notcontinuous.A bivariateGaussiandistributionalsosatis�estheproposed

requirementsandfurthermore,having a continuousderivativesimpli�es treatmentof (5.1):

�

���
�

�

�

det�

�

���
� �

� ��� ��	

�

�

��� 	

�

�

�

���

��� 	

�

� � (5.2)

where
�

is the covariancematrix of the 2D vector � and � is the distribution mean. In this

thesisit is further assumedthat the horizontaland vertical errorsare independentand their

variancesare identical. An exampledistribution with � set to be a hypotheticalmotion es-

timate � ��� ���
�

��� ���
�

� anda diagonalcovariancematrix with variances��� � pelsis illustratedin

Figure5.2.

Figure5.3showsa histogramof errorsfor CAMUS appliedto theTranslatingPhotosequence

with a scaledGaussiandistributionplottedover thehistogram.Clearlytheassumptionthatthe

distribution is Gaussiandoesnot hold in general.Futurework mayconsiderfusionstrategies

which takeaccountof differencesbetweentheshapesof individualdistributions. For example,
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Figure 5.3: Histogramof CAMUSerrorsonTranslatingPhototestsequence.

the apertureproblemwould suggestthat on edgesin the imagethe distribution would favour

motionestimatesthatlie alongedges.However, astheresultsin Section3.4.1suggest,con�d-

encemeasuresfor Motion Estimationtechniquesarenot very reliableandso theuseof more

complex distributionsis misleading.

The distribution �

�




	 �
� is determinedby the individual �

�




	

	

� � distributions andtheir inter-

dependencies.Inter-dependenciesbetweendifferentmotionestimationtechniquesmaybevery

complex andvaried.Following Kittler etal. [84] thedistributionswill combinedby averaging,

asthis reducestheeffectsof errors.

5.2.3 Prior Knowledge

An importantaspectof the Bayesianapproachis the ability to takeprior knowledgeinto ac-

count. For example,in many Motion Estimationproblems,theno motionhypothesisis most

likely. This observationhasleadto a numberof centrebiasedmotionestimationapproaches

[119,121]. However, this assumptiondoesnot hold for thetestsequencesgivenin this thesis,

andsotheprior assumptionthatall motionvectorsareequallylikely will beadopted.

5.2.4 SectionSummary

To summarise,this sectionhasdiscussedhow motion vectorsmay be representedso that a

fusionstrategycanbeapplied.A numberof dif�culties ariseif themotionvectorsarequantised,
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and so 2D Gaussiandistributionsare to be usedto representthe individual motion vectors

with the estimatesanderror in the estimatesrepresentedby the meansandvariancesof the

distributions. An estimationfusionapproachbasedon Bayescriterion is to be adopted.The

individual distributionswill thenbe combinedby averaginganda fusedestimatechosento

minimisetheBayes'risk, asdescribedin Chapter2.

5.3 Examples

This sectionpresentstheresultsof applyingestimationfusionstrategiesto combinetheresults

of differentmotion estimationtechniques.The individual motion estimationstrategiescon-

sideredin theseexperimentsareCAMUS, HORN andURAS,asdescribedin Chapter3. The

parametersusedfor the techniquesin theseexperimentsarelisted in Table5.1. Theestima-

tion fusion strategiesarederived from Bayesestimationtheoryusingthe MPE, SE andAD

costfunctions,asdescribedin Chapter2. Themotionestimatesarerepresentedby Gaussian

probabilitydistributionsasdiscussedin theprevioussection.A fourth fusionstrategy, which

choosestheestimatein which mostcon�denceis placed(MAXCONF), is givenasa baseline

result.

5.3.1 Implementation Issues

The SE cost function leadsto a simple averagingstrategy which is easily implementedfor

2D motion vectors. However, strategiessuchas thosederived using the MPE andAD cost

functionsrequiresomeevaluationof theprobabilitydistributions. Thiscanbecomputationally

expensive.

As the individual distributionsareassumedto be unimodalandsymmetricaboutthe estim-

ate,whenfusing just two resultsthe fusedresultmust lie on a straightline betweenthe in-

dividual estimates.This canbe usedto reducethe computationalrequirements.In general,

theseassumptionsconstrainthefusedresultto lie in a region de�ned by theconvex hull of the

individualestimates,asillustratedin Figure5.4.
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Figure5.4: Thefusedestimatewill lie in theconvex hull of theindividualmotionestimates.

Technique Parameters

CAMUS
�

� � , � � � , � � �

HORN
�

� ����� , maxiterations= 5

URAS temporalsmoothing� � frames,
spatialsmoothing� � pel

Table5.1: Techniquesandrespectiveparametersusedin experiments.

5.3.2 TestData

In additionto thesyntheticDiverging TreesequenceandtherealTranslatingPhotosequence,

two moretestsequencesareused.ThesearethesyntheticTranslatingTreeandrealAdvancing

Photosequence,which areillustratedin Figure5.5 togetherwith their correctmotion �elds.

TheTranslatingTreesequenceis awell known andpopulartestsequence[107,136],while the

AdvancingPhotois a new sequence(recordedfor this researchanddescribedin AppendixC)

which shows a rectangularphotographmoving towardsthecameraat constantspeed.As the

motion for thesesequencesis very similar from frameto frame,theaccuracy resultsreported

in thischapterarecalculatedfor oneframefrom themiddleof eachsequence.
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(a)

(c) (d)

(b)

Figure 5.5: (a) Imagefromtranslatingtreesequence,(b) correctmotionfromframe. (c) Image
fromadvancingphotosequence,(d) correctmotionfor frame.
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TranslatingTree DivergingTree TranslatingPhoto AdvancingPhoto

HORN 1.01(0.27) 0.41(0.25) 0.36(0.25) 0.56(0.27)
URAS 0.81(0.75) 0.65(0.50) 0.91(0.68) 0.90(0.67)
CAMUS 0.00(0.00) 0.22(0.14) 0.42(0.48) 0.27(0.31)

CAMUS/HORN
MAXCONF 0.00(0.00) 0.27(0.15) 0.35(0.25) 0.27(0.31)
FusedMPE 0.01(0.00) 0.22(0.09) 0.28(0.22) 0.26(0.28)
FusedSE 0.41(0.11) 0.23(0.10) 0.42(0.41) 0.39(0.27)
FusedAD 0.03(0.00) 0.23(0.10) 0.30(0.23) 0.39(0.47)

CAMUS/URAS
MAXCONF 0.00(0.00) 0.23(0.13) 0.42(0.48) 0.27(0.31)
FusedMPE 0.02(0.00) 0.21(0.11) 0.42(0.46) 0.27(0.31)
FusedSE 0.30(0.28) 0.31(0.22) 0.89(0.59) 0.83(0.55)
FusedAD 0.08(0.01) 0.27(0.16) 0.56(0.82) 0.53(0.57)

HORN/URAS
MAXCONF 1.01(0.27) 0.35(0.21) 0.36(0.25) 0.56(0.27)
FusedMPE 0.78(0.68) 0.33(0.18) 0.35(0.25) 0.56(0.27)
FusedSE 0.78(0.72) 0.40(0.28) 0.89(0.65) 0.90(0.52)
FusedAD 0.81(0.76) 0.37(0.22) 0.52(0.68) 0.62(0.59)

All
MAXCONF 0.00(0.00) 0.26(0.14) 0.35(0.25) 0.27(0.31)
FusedMPE 0.10(0.17) 0.19(0.07) 0.33(0.23) 0.27(0.31)
FusedSE 0.29(0.27) 0.28(0.16) 0.88(0.53) 0.81(0.51)
FusedAD 0.37(0.36) 0.26(0.14) 0.38(0.33) 0.38(0.33)

Table 5.2: Meanangularerrors in radiansfromapplyingestimationfusionstrategiesto com-
binemotionestimatesfromtheHORN,CAMUSandURAStechniques.Error vari-
ancesare shownin parentheses.For each combinationof individual results,the
resultwith thesmallestaverageerror is highlightedin bold font.
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Technique AverageAngular AverageAngularError
Errorover all without theTranslating
testsequences Treesequence

HORN 0.59 0.44
URAS 0.82 0.82
CAMUS 0.23 0.30

CAMUS/HORNMAXCONF 0.22 0.30
CAMUS/HORNFusedMPE 0.19 0.25
CAMUS/HORNFusedSE 0.36 0.35
CAMUS/HORNFusedAD 0.24 0.31

CAMUS/URASMAXCONF 0.23 0.31
CAMUS/URASFusedMPE 0.23 0.30
CAMUS/URASFusedSE 0.58 0.45
CAMUS/URASFusedAD 0.36 0.68

HORN/URASMAXCONF 0.57 0.42
HORN/URASFusedMPE 0.51 0.41
HORN/URASFusedSE 0.74 0.73
HORN/URASFusedAD 0.58 0.50

All MAXCONF 0.22 0.29
All FusedMPE 0.22 0.26
All FusedSE 0.57 0.65
All FusedAD 0.35 0.34

Table 5.3: Averageangularerrorsin radiansoverall datasetsfor differenttechniquesin order
of increasingerror. For each combinationof individual results,theresultwith the
smallestaverageerror is highlightedin bold font. CAMUSperformedverywell on
the TranslatingTreesequence,and it is inappropriate to fusethis result. Average
errorswithouttheTranslatingTreesequencearegivenin thelastcolumn.
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5.3.3 Resultsand Discussion

Table5.2showsthemeanerroranderrorvarianceof resultsfrom applyingthedifferentfusion

strategiesto combineindividual resultsfrom theHORN, URAS andCAMUS Motion Estim-

ation techniques.Resultsaregiven from fusing pairsof strategiesandfrom fusing all three

strategiestogether. A summaryof this tableshowing theaverageerrorsover all four datasets

is given in Table5.3. For eachcombinationof individual results,the resultwith thesmallest

averageerroris highlightedin bold font.

FromTables5.3and5.4it canclearlybeseenthattheMPEfusionstrategy matchesor outper-

formsboththebaselinestrategy MAXCONF andtheindividualMotion Estimationtechniques

in almostall cases.Theerrorvariancesgivenin Table5.2illustratethattherearegenerallyim-

provementsin bothmeanerrorandtheerrorvariance.This observationsuggeststhat Inform-

ationFusioncanbeusedto combinetheresultsof individualMotion Estimationtechniquesto

givemoreaccurateandmorerobustmotionestimates.

TheSEcostfunctiongave thepoorestperformanceof thefusedresults,in somecasesleading

to greateraverageerrorsthaneven the worst of individual techniques.This is becausethe

SE basedstrategy doesnot takeaccountof con�dencemeasuressuppliedfor the individual

estimates,thushighly inaccurateestimatesareweightedequallywith accurateestimates.The

AD costfunction,which leadsto a strategy that takesthemedianof the distribution, is more

robust to inaccurateestimatesandsoperformsbetterthantheSEcostfunction. However, the

AD canstill affectedby outlierestimates,especiallyif con�dencein theseoutliersis mistakenly

high. Suchoutlierestimatesarecommonin Motion Estimationdataandleadto theAD andSE

fusionstrategiesperformingworsethanthebaselineonaverage.

Figure5.6 illustratesgraphicallythedifferencein performancebetweenHORN andCAMUS

on the4 testsequencesby showingareaswhereHORNperformsbestin whiteandareaswhere

CAMUS performsbestin black.Whereonestrategy performssigni�cantly betterthanall other

strategies,InformationFusionis not appropriate,andin somecasesleadsto a deteriorationin

performance.For example,it canbeseenfrom Table5.2 thatCAMUS performssigni�cantly

betterthaneitherHORN or URAS on theTranslatingTreesequence;however theTranslating

Treesequenceis arti�cial andsuchexamplesareunusualin real world problems. CAMUS

performswell in this casebecausethe arti�cial translatingtreesequenceis particularlywell

suitedto theassumptionof uniform motion over a pel zone. WhencombiningtheHORN or

90



InformationFusionfor AccurateandRobustMotion Estimation

(b) (d)

(a) (c)

Figure 5.6: Relativemotionerrors,black indicatestechniqueCAMUSperformedbetter, white
indicatesthat techniqueHORNperformedbetter. a) TranslatingPhotosequence,
b) DivergingPhotosequence,c) TranslatingTreesequence,d) DivergingTreeSe-
quence.

URAS resultswith the CAMUS on this sequence,errorswere introduced. Thesewere the

only caseswherethe MPE basedfusionstrategy performedworsethanoneof the individual

techniques.

The �nal columnin Table5.3 shows theaverageerrorswithout consideringthe inappropriate

fusionof CAMUS resultsfrom theTranslatingTreesequence.Thiscolumnmakesthebene�ts

thatcanbegainedfrom applyingtheMPEfusionstrategy evenclearer.

Similarly, URAS performsparticularlypoorly on both the real datasequences.As a result,

thereis little or no improvementin performancewhenthe URAS resultsarefusedwith the

CAMUS/HORNresults.
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From Table5.2 it canbeseenthat in somecasestheMAXCONF resultperformsworsethan

someof the individual results.For example,CAMUS hasanaverageerrorof 0.22radianson

the Diverging Treesequencebut the MAXCONF strategy hasan error of 0.27radianswhen

fusing CAMUS with HORN and0.23whenfusing CAMUS with URAS. This is a resultof

errorsin thecon�dencemeasures.

5.4 CostFunction Selection

An importantproblemin InformationFusionis how to combineestimateswhich aresigni�c-

antly different from eachother. This is particularlyimportantwhenone techniquegivesan

incorrectestimatea high con�dencevalue. This is a commonproblemin Motion Estimation

dataandcanleadto poor performanceof somefusionstrategiesasdiscussedin the previous

section.This sectionproposesnovel costfunctionsto improve therobustnessof fusedmotion

estimates.

Figure5.7(a)shows a hypotheticalmulti-modalposteriordistribution for a scalarestimation

problem. Sucha distribution may arisewhen the individual distributions from 3 detectors

arecombinedby summing,or whenthe individual distributionsarethemselvesmulti-modal.

Figures5.7(b), 5.7(c) and5.7(d) aregraphsshowing the risk associatedwith eachestimate

giventheMPE,AD andSEcostfunctionsrespectively.

As discussedin Section2.5, theMPErisk is minimumwheretheposteriorprobabilityis max-

imum. If thepeaksin Figure5.7(a)areinterpretedascorrespondingto estimatesfrom different

detectors,thenit canbeseenthattheMPEstrategy is similar to choosingtheestimatein which

the mostcon�denceis placed. TheAD andSE costfunctionsassociatea non zerorisk with

theotherestimates,andsotherisk is minimisedby estimatessomewherein betweenthepeaks.

TheSEandAD basedrisksareminimisedby thedistributionmeanandmedianrespectively.

In this hypotheticalcase,thepeakat theestimate� unitsmaybedueto onetechniquegiving

anincorrectestimateahighcon�dencevalue.It is desirablethatadatafusiontechniqueshould

beableto identify andcompensatefor suchoutlierestimates.

A hybrid of theAD/SE functionswith theMPE canbeusedto solve this problem. This new

costfunctionassumesthatalthoughit is importantto haveasmallerror, oncetheerroris above

a thresholdvalue
�

the effect of theerror is constant.For example,whentrackinganobject
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Figure5.7: Risksassociatedwith thedifferenthypothesesunderthedifferentcostfunctions.

thenit is importantto haveasgoodapositionestimateaspossible,but any estimateswhichare

sopoorasto causethetrackto belostareequallycostly, irrespectiveof thetrueposition.This

thresholdedcostfunctionis de�ned asfollows:

�

�

�

�

�

�
�

�

� �

�

C �

�

�

�

�

�

� if 	

�

	

�

	

�

�

�

C �

�

�

�

� otherwise
(5.3)

Where
�

C might betheAD (giving theTAD cost),SE(giving theTSEcost)or analternative

costfunction.Theuseof anabsolutedifferencefunctionis similarly usedin robuststatisticsto

minimisetheeffectof outliersin thedata[154,155]. Substitutingthethresholdedcostfunction

into theinnerintegralof (2.15)givesthefollowing fusedestimate:
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Figure 5.8: Risksassociatedwith thedifferenthypothesesunderthethresholdedcostfunction.
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(5.4)

The effect of this costfunction on the hypotheticalpdf of Figure5.7(a)is illustratedin Fig-

ure 5.8, with
�

C �

�

AD and
�

� ����� . It can be seenthat the outlier estimatehashadan

insigni�cant effect on theestimateminimisingtherisk.

Figure5.9 presentsresultsfrom a toy problemwheretwo sensorsmakeobservationsof the

speedof atargetmoving ataconstantvelocityof 50mph;inaccuracy in thesensorobservations

is simulatedby two normaldistributionswith standarddeviations3mphand5mphrespectively.

The observationsare fusedby the MPE, SE and TSE fusion strategies. It is not surprising

to observe that the performanceof the MPE costfunctiondeterioratesasthe accuracy of the

con�dencemeasuredecreases,while theperformanceof theSEapproachdoesnot. Theper-

formanceof theTSEapproachesthatof theMPE with low
�

valuesandthatof theSEwith

large
�

values.For a rangeof
�

valuestheTSEcanbeseento outperformboththeindividual

techniqueswhenthecon�denceerrorsaresmall.In general,thechoiceof
�

will beapplication

dependent.For themotionestimationexperimentsreportedin theremainderof thischapter,
�

is chosento be ����� pelsothaterrorsgreaterthan ��� � pelareconsideredequallycostly.
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Figure 5.9: Graph showingthe differencein performancebetweendifferent fusionstrategies
asnoiseis addedto theindividualestimateprobabilitydistributionsincreases.

5.4.1 Resultsand Discussion

This sectionreportsresultsfrom applyingthe thresholdedcostfunctionpresentedin the pre-

vious sectionto combinethe resultsof differentMotion Estimationalgorithms. Again the

Diverging Tree,TranslatingTree,DivergingPhotoandTranslatingPhotoareusedastestdata.

As little improvementwasobservedfrom combiningall threeMotion Estimationtechniques,

only pairsof techniquesareconsideredhere.

Meanangularerrorsanderror variancesfor the thresholdedcostbasedfusionstrategieswith
�

������� pelsareshown in Table5.4. Theerrorsthatarelessthanor equalto theMPE error

areshown in bold. It canbeseenthatin all theexampletestsequences,theTAD costfunction

equalledor outperformedtheMPEstrategy. In mostcasestheimprovementwasverysmall,this

is becausetheMPE strategy wasvery effective in mostcases.However, whenfusingCAMUS

andHORN on the TranslatingPhotosequence,the TAD was ����� betterthanthe MPE cost

function.

Figure 5.10 illustratesthe individual HORN and URAS motion estimatesfor the Diverging

Tree sequenceand resultsachieved by applyingdatafusion to combinethe two techniques

using the MPE, SE, AD and TSE and TAD cost functions. Large outlier estimatescan be

clearly seenin both the HORN andURAS individual results(top row). The result from the

SE basedstrategy, which is independentof the individual distributions, is clearlyaffectedby
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Fused TSEFused AD

Fused SEFused MPE

HORN URAS

Fused TAD

Max Confidence

True Motion Field

Figure 5.10: Motion resultsfor the Diverging Tree sequence. Resultsare shownfrom two
Motion Estimationtechniquesand fromcombiningtheestimatesusinga variety
of fusionstrategies.
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TranslatingTree DivergingTree TranslatingPhoto AdvancingPhoto

CAMUS/HORN
FusedTSE 0.01(0.00) 0.22(0.09) 0.32(0.23) 0.27(0.29)
FusedTAD 0.00(0.00) 0.21(0.09) 0.25(0.21) 0.26(0.28)

CAMUS/URAS
FusedTSE 0.02(0.00) 0.21(0.11) 0.41(0.46) 0.27(0.30)
FusedTAD 0.02(0.00) 0.21(0.11) 0.42(0.46) 0.27(0.31)

HORN/URAS
FusedTSE 0.78(0.56) 0.32(0.18) 0.35(0.25) 0.55(0.26)
FusedTAD 0.78(0.56) 0.32(0.18) 0.35(0.25) 0.55(0.26)

Table 5.4: Meanabsoluteangularerrors in radiansfromapplyingestimationfusionstrategies
usingthethresholdedcostfunctionto MotionEstimationdata. Error variancesare
shownin parentheses.

theseoutliermotionestimates.Theotherfusionstrategies,whichdotakeaccountof con�dence

measures,arelessaffectedby theoutlierestimatesanddonothave thelargeerroneousvectors.

For the Diverging Treesequenceresultsillustratedin Figure5.10, the thresholdedTSE and

TAD functionsperformedbest,giving a ��� improvementover thebaselineMAXCONF.

5.5 Summary

This chapterhasconsideredhow InformationFusionmay be appliedto combinethe results

of differentMotion Estimationtechniques.An estimationfusionstrategy basedon Bayesian

estimationtheorythatcanacton continuousvalueswaschosento overcomelimitationswhich

ariseif themotionestimatesarequantised.Individualmotionestimateswererepresentedby 2D

Gaussiandistributionsandcombinedby averaging.Resultsfrom applyingthe fusionstrategy

to combinemotionestimatesfrom threetechniquesonfourexampletestsequencesshowedthat

in generalthefusedestimateshadsmalleraverageerrorsthantheindividualestimates,andalso

smalleraverageerrorsthancouldbeachievedby simply choosingtheestimatein which there

wasthehighestcon�dence.
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A novel cost function called the ThresholdedCost function hasbeenintroduced. This cost

function is useful for problemswhere,althoughit is importantto have a small error, once

the error is above an applicationdependentthresholdvalue the effect of any larger error is

constant.Thiscostfunctionis alsohelpfulin reducingtheeffectof outlierpeaksin theposterior

distribution, which may be causedby large errors in estimatesfrom individual techniques.

Outliersarecommonin theMotion Estimationdatasetandthiscostfunctionwasfoundto give

improvementsover traditionalcostfunctions.

It is not alwaysappropriateto applyInformationFusionto combineMotion Estimates.In the

experimentspresentedin this chapter, the CAMUS techniquewasparticularlysuitedto the

TranslatingTree sequenceand signi�cantly outperformedall of the other techniques.As a

result,fusing the CAMUS resultswith otherestimatesdid not leadto any improvementsand

evenresultedin aslightdegradationin performance.Similarly, theURAStechniqueperformed

signi�cantly worsethan the the other techniqueson somedatasets,and so combiningthe

URAS estimatesdid not lead to any improvements. Fusingmotion estimatesis appropriate

wheretherelativeperformanceof theindividual techniquesis datadependent,andparticularly

whenindividual techniquescomplementeachotherwith oneperformingwell wheretheother

performspoorly. Whereappropriatetheuseof estimationfusionstrategiesto combinemotion

estimatescanleadto moreaccurateandrobustestimates.
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Chapter6
Information Fusion for MoreTimely

Motion Estimation

6.1 Intr oduction

Thepreviouschaptershave shown that InformationFusionstrategiescanbeusedto combine

theresultsof differentMotion Estimationtechniquesto provide moreaccurateandrobustmo-

tion estimatesthanareprovidedby the individual techniquesalone.This thesisproposesthat

InformationFusionstrategiescanalsobeusedto provide moretimely motionestimates,this

chapterdescribeshow this canbeachieved.

The remainderof this chapteris organisedasfollows: Section6.2 describesthe motivations

for thiswork. Section6.3describeshow InformationFusiontechniquescanbecombinedwith

predictorsto solve the AE trade-off problemandso give moretimely motion estimates,this

is illustratedwith both syntheticandreal examples. A summaryof the chapteris given in

Section6.5. Themethodspresentedanddiscussedin this chapterhave beenreportedin [51]

and[52].

6.2 Moti vations

The relative performanceof differentimageprocessingtechniquesoften variesdependingon

theimageor imagesequencebeingprocessed.In Motion Estimation,asdiscussedin Chapter3,

thereisoftenatrade-off betweenaccuracy andef�ciency with moreaccuratetechniquestending

to requiregreatercomputationalresources.This trade-off hasbeencharacterisedby Liu et

al. [136] asthe Accuracy-Ef�ciency (AE) curve. This is a particularlyimportantissuewhen

processingimagesequences.It is desirableto combinetheaccuracy of slowertechniqueswith

the speedof lessaccuratetechniquesto give not only moreaccuratebut moretimely motion

estimates.

Thepreviouschapterhasshown that InformationFusionmethodscanbeusedto combinethe
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resultsof differentimageprocessingtechniquesappliedto the sameframe. However, given

that all reasonableimageprocessingtechniquestakesometime to run, in a real time system

theestimatesthey presentmustalwaysrelateto someearliertime point. Dif ferenttechniques

will typically have differentcomputationalrequirements,andso if run concurrentlywill give

estimatesfor differenttimepoints.Thetimetakenby agiventechniquecanalsovarydepending

on the imagesbeingprocessed.For example,the numberof iterationsrequiredfor the Horn

andSchuncktechniqueto converge is not a constant.Somefast searchalgorithmsfor block

matchingtechniqueshave earlystoppingcriteriawhich canalsoleadto varyingsearchtimes

(eg. [119,120]).Thusevenwhentechniquesarecloselymatchedin runtimerequirements,it is

not reasonableto expectthemto makeobservationsat thesamefrequency. Onesolutionwould

beto runall thetechniquesat thespeedof theslowestmethod,obviously this is not ideal.

In themethodproposedby thischapter, illustratedin Figure6.1,a predictoris associatedwith

eachof the individualMotion Estimationtechniquesto predictthemotionat thecurrenttime

point. Fusiontechniquesare thenusedto combinethe estimatesfor that time point. This

approachis calledthePredict-Fusemethod,andis describedin subsequentsections.

6.3 The Predict-FuseMethod

Sinceall reasonableimageprocessingtechniquestakesometime to run,anestimateprovided

by an observer will alwaysrelateto someearlier time. Given AE considerations,it canbe

expectedthatthemoreaccuratethetechnique,themoretime it will require.It is assumedthat

techniquescan makepredictionsaboutfuture statesof the observed processandcan give a

measureof con�dencein thesepredictions.This is a reasonableassumptionif a modelcanbe

foundto describeactivity in thescene.

In this approach,a fusioncentreperiodicallyrequestsfrom all predictorsthe estimatesfor a

given time point andthe con�dencein that estimate.Thesecon�dencemeasuresarea func-

tion of the expectedestimateaccuracy andthe numberof time stepsaheadthe predictionis

for. Thesepredictedestimatesandcon�dencesarethencombinedusingtheestimationfusion

methodsdescribedin the previous chapter. Theproposedsystemis illustratedin Figure6.1.

Thelongerthetimebetweenthelastobservationmadeby atechniqueandthepredictedestim-

ate,the lower the con�dencein the individual estimate,andso the lessthat it will bevalued

in determiningthe fusedestimate.In this way, informationfrom all techniquesis usedwhen
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Estimate
Fused

Predictor 0

Predictor 1

Time Point for Predictor

Technique 0

Technique 1

Technique N-1 Predictor N-1

Fusion Centre

Camera

Figure6.1: TheproposedPredict-Fusearchitecture.

makinganestimatefor any giventime point.

6.3.1 Results- SyntheticExample

To illustratethis idea,thissectionconsidersasyntheticexamplewhereanobjectis moving in a

straightline atconstantvelocityaway from apoint.Thedistance�

�

at time
�

of theobjectfrom

its initial positionis describedby thefollowing equations:

�

�

�
�

�

���

�

�

�

�

�

��� (6.1)

�

�

�

�
�

�

�

���

�

� �

��� (6.2)

where �

� is thevelocity of theobjectwith
�

��� � ���
�

�
� a randomvariablerepresentingun-

known in�uencesontheprocessand
�

thetimestep.Two processes,
�

and
�

, makeestimates
	 of the distanceevery

�

� and
�

� time stepsrespectively. The estimatesaresimulatedby

randomvariables	
�

�

�

and 	
�

�

�

with:

	
�

�

�

�
�

�

�

�

���

� (6.3)

	
�

�

�

�
�

�

�

�

���

� (6.4)

101



InformationFusionfor MoreTimely Motion Estimation

200
480

Time Step (units)

150 160 170 180 190

520

560

600

640

680

D
is

ta
nc

e 
(u

ni
ts

) Observations A

True Value

Observations B

Figure 6.2: Simulationof a movingobject's increasingdistancefroma point, showingestim-
atesof thedistancemadeby twoprocessesat differentfrequenciesandwith differ-
entaccuracies.

where �

� and �

� arezeromeannormallydistributedvariables.

The predictorfor eachobserver is a KalmanFilter (seeAppendixB.2), which maintainsan

estimate
�


 of thecurrentdistance.At eachtime step,a fusioncentretakesanestimateof the

currentdistanceandanerrorestimatefrom bothpredictors.Thedistanceanderrorestimates

areprovidedby thepredictorequationsof theKalmanFilter [156]. Thedistanceestimatescan

thenbecombinedusingtheestimationfusiontechniquesdescribedin Chapters2. For this toy

problem,equalprior probabilitiesandtheMPEcostfunctionareassumed;theindividualresults

arealsoassumedto bestatisticallyindependentandsothepdf's arecombinedby takingtheir

product.Theindividualpdf'sareassumedto benormallydistributed,with meanandvariance

givenby thedistanceanderrorvarianceestimatesfrom theKalman�lter predictor.

Figure6.2showsexampleestimatesandtruedistancesfor asimulationwith � � � ,
�

�

� � and
�

�

� � , thevariancesof �

� and �

� are ��� and � respectively. Thissimulatesa scenariowhere

two differentprocessesareestimatingthe distance,with the moreaccurateprocessrequiring

moretimeto run. UnderthePredict-Fusemethod,fusedestimatesaremadeatevery time step,

which is morefrequentlythaneitherof theindividual techniques.

Figure6.3showstheerrors(averagedover300timesteps)for thissimulationwith
�

�

�

�

�
�

��� � .

When
�

� is equalto
�

� , the averageestimatefrom
�

is muchmoreaccuratethanthat from
�

andis preferredsothatthefusederrorapproachesthatof
�

. When
�

� is largerthan
�

� , as
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Figure 6.3: Averageabsoluteerrors for thecurrentdistanceestimatesfromtwo differentpro-
cessesand the fusedestimate. Graphshowsthe effectof changingthe frequency
at which processB makesobservations.Thefusedestimateperformssigni�cantly
betterthaneitherindividualestimatesfor a rangeof timesteps.

would beexpectedgivenAE trade-off considerations,thepredictionshave to beover a longer

time spanandso
�

givesthebetterestimate.Thereis a rangeof
�

� valuesin which thefused

estimateoutperformsbothindividualestimates.In this range,thefusedestimateis mademore

frequentlyandmoreaccuratelythaneitherof theindividual techniques.

6.3.2 Results- Motion Estimation

The syntheticexamplegiven in the previous sectionis a relatively simple problem,in that

theunderlyingprobabilitydistributionsandprocessesareknown. This sectionshows that the

techniquecanalsobesuccessfullyappliedto Motion Estimation.Theintentionis to combine

techniquesfrom differentpartsof AE spaceto createa systemwhich sitscloserto theorigin,

wherethetimeaxisis now ameasureof observationfrequency.

Motion Estimationhasmany applicationsandthechoiceof modelfor thepredictorsis applic-

ationdependent.For simplicity andto reducethecomputationaloverheadof thepredictors,it

wasassumedfor this examplethat the optical �o w is comprisedof points(thepels)moving

independentlyandwith constantmotion.Sothemotionpredictorssimply calculatetheexpec-

tedlocationfor eachpel in
�

time stepsandpredictthatthemotionat thatlocationwill bethe

currentmotionof thepel. This is a reasonablemodelof the motion in the TranslatingPhoto
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Figure 6.4: Averageangular errors for motionestimatesfrom HORNwith max10 and 100
iterationsandthefusedestimate. Graphshowstheeffectof changingthefrequency
at which HORN100makesobservations.Thefusedestimateperformssigni�cantly
betterthaneitherindividualestimatesfor a rangeof timesteps.

sequence.A similarmodelis usedby Singh[157] asthetransitionfunctionin hisKalman�lter

approachto updatingmotionestimates.SinghalsousestheKalman�lter to providecon�dence

measures,howevertheadditionalspatialsmoothnessmodelimposedmakesthe�lter unsuitable

for this fusionapplicationasthemodelmaycon�ict with or favourparticulartechniques.

As discussedin Chapters3 and5, it is dif�cult to �nd appropriatecon�dencemeasuresand

probability distributionsto accuratelyportraythe motion estimates.As in Chapter5, uncer-

taintyin theindividualmotionestimatesis representedby 2DGaussianprobabilitydistributions

whosemeansandvariancesaretheestimatedmotionvector � �
�����

T andcon�dencemeasurere-

spectively. Thusa large varianceindicateslow con�dence. For this example,equala priori

probabilitiesandtheMPE costfunctionareassumed.Theindividual techniquesarecombined

by averaging.Thefalling con�dencein long rangepredictionswasimplementedby assuming

thattheerrorvarianceincreasesby a factorof thetimestep
�

.

ThePredict-Fusemethodcanbeappliedto combinetwo versionsof thesametechniquefrom

differentpartsof theAE-curve. As discussedin Chapter3, themaximumiterationsparameter

of thedifferentialHORN techniquecanbevariedto give anAE curve. As thecomputational

requirementsof HORNwith 100iterationsaregreaterthanwith 10iterations,it canbeexpected

thatHORN 100will requiremoretime to processobservationsandsowill makeobservations

with lessfrequency.
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Figure6.4 shows a graphof the meanangularerror over 30 framesof the TranslatingPhoto

sequencefor thepredictestimatesfrom HORNwith 10and100iterationsandfor thefusedres-

ult. HORN with 10 iterationsis assumedto makeobservationsevery 2 frames.Thehorizontal

axisgivesobservationfrequenciesfor HORN 100which vary from every 2 framesto every 8

frames.As thefrequency of observationsfor HORN 100decreases,sotheerror in themotion

estimatesincreases.At high frequenciesHORN 100 performsbetterthanHORN 10, but at

lower frequenciesHORN10performsbest.

Theshapeof thegraphin Figure6.4is similar to thesyntheticexamplein Figure6.3,andthere

is arangein whichthefusedresultoutperformstheindividualresults.Thefusedresultperforms

slightly worsethanthebetterof theindividualresultsat theextremeendsof thegraph.This is

dueto errorsin thefusionbecauseof inaccuraciesin thecon�dencemeasures.

Wherea slow techniquetakesa relatively very long time to makeestimates,resultsfrom the

fastertechniquemaybefar moreaccurate.Thismayresultin asituationwherethereis nothing

to begainedby includingtheresultsfrom theslower techniqueandFusionis inappropriate.

Figure6.5 illustratesthe motion estimatesfrom the two individual predictorsandthe fusion

centrecorrespondingto the experimentalresultsin Figure6.4 with HORN 100 observations

every5 frames.Figure6.6showsresultsfrom thesametechniquesappliedto theHamburg taxi

sequence.Althoughaquantitativeevaluationof theperformanceis notpossibleasgroundtruth

is not known, qualitatively, it canbe seenthat the fusedestimatebettercapturesthe motion

of the threevehiclesand pedestrianin the scenethan either individual estimates.Both the

individual techniqueshave anumberof mistakenmotionestimateswherethereis nomotionin

thescene.Therearefewer sucherrorsin thefusedestimate.

The Predict-Fusemethodcan alsobe appliedto combineresultsfrom different techniques.

Table6.1 givesthemeanangularerrorsfrom combiningHORN with max 100 iterationsand

CAMUS with block size ����� pels,searchradius3 pelsandtime range5 framesappliedto

the translatingphoto sequence.The error for HORN is smallerthan for CAMUS so using

theAE trade-off argumentit wasassumedthatHORNhadgreatercomputationalrequirements

thanCAMUSandmadeobservationsevery5 frameswhile CAMUSmadeobservationsevery2

frames.In reality, therelative run-timeof thesetechniqueswould beplatformdependent.The

fusedestimate,madeatevery frame,is signi�cantly betterthaneitherof theindividualresults.

Much of this improvementis dueto combiningtwo techniqueswhichcomplementeachother.
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Figure 6.5: Motion estimatesfor HORNwith 10 and 100 iterationsand the fusedresult on
the Translatingphoto sequence. Observationsare madeby HORN 10 every 2
framesandbyHORN100every5 frames.A crossindicatesestimatesfromthenew
observations.
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Figure 6.6: Motionestimatesfor HORNwith 10and100iterationsandthefusedresulton the
Hamburg Taxi sequence. Observationsare madeby HORN10every2 framesand
by HORN100every5 frames.A crossindicatesestimatesfromthenew observa-
tions.
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MeanAngularError
Technique radians

CAMUS 0.62(0.56)
HORN 0.38(0.31)
FUSED 0.25(0.24)

Table 6.1: Meanangularerrors (variancesin parentheses)fromcombiningHORNwith max
100iterationsandCAMUSwith block size� � � pels,search radius3 pelsandtime
range5 framesappliedto thetranslatingphotosequence.

Figure6.7 illustratestheindividual andfusedmotionvectorsover 6 framesof theTranslating

Photosequenceresultingfrom fusing the HORN andCAMUS estimates.Clearly CAMUS

performedbetteron the foregroundthan HORN, but worseon the background. The fused

estimatebettercapturesthe motion in thescenethaneitherof the individual estimates.Over

thewholeimage,thefusedestimatehasa signi�cantly lower error. However, closeinspection

of Figure6.7 shows thatsomeof the fusedestimateson theforegroundarelessaccuratethan

estimatesfromCAMUS.Thisisdueto thedif�culty in �nding appropriatecon�dencemeasures

for theindividualtechniques.

Having sometechniquesmakemorefrequentobservationsthanothershasan importantcon-

sequencein that the techniqueswill be betterableto detectmotion at differentspeeds.For

example,a very slow moving objectmay appearto be stationaryto a techniquemakingfre-

quentobservations,andthe motion will be moreeasilydetectedby a techniquemakingless

frequentobservations.Thismeansthatwheremotionis occurringatdifferentspeedsin anim-

agesequence,systemssuchasthePredict-Fusemethodthatallow techniquesto runatdifferent

speedscanhave anadvantage.

6.4 Implementation Issues

Theideaspresentedin thischapterandin previouschaptercentrearoundaninherentlyparallel

fusionarchitecture.A detaileddiscussionof parallelarchitecturesis beyondthescopeof this

thesis,however this sectionbrie�y describeshow the architecturecanbe implementedusing

thepopularMessagePassingInterface(MPI) standard.
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Figure 6.7: Motionestimatesfor HORNwith 100iterations,CAMUSwith � ��� pelblock size,
search radius � pelsandtimerange� pels,andthefusedresulton theTranslating
Photosequence. ObservationsaremadebyCAMUSevery2 framesandbyHORN
every5 frames.A crossindicatesestimatesfromthenew observations.
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Figure 6.8: In the MessagePassingInterface(MPI), � processesmakeup a communicator.
Theprocessesrun autonomouslyandareuniquelyidenti�ed by their rank.

6.4.1 Brief Overview of MPI

TheMPI standard[158] providesa framework for parallelprogrammingthatenablesmessage

passingbetweendifferentprocesseswhichmayberunningondifferentprocessors.Thestand-

ardwasdesignedto beportableandenablesef�cient implementationof parallelprogramsover

a rangeof architectures.MPI is suppliedasa library of routines. C, C++ andFortran im-

plementationsof the standardarefreely availableincludingMPICH [159] which is available

from the Mathematical,InformationandComputerSciencesDivision of the US department

of Energy andCHIMP-MPI [160] which is availablefrom theEdinburgh ParallelComputing

Centre.

In anMPI program,asillustratedin Figure6.8,multipleprocesses,eachuniquelyidenti�ed by

anintegerrank, runautonomously. Processesaregroupedtogetherin a communicatorandcan

exchangemessageswith otherprocessesin the communicatorusingfunctionsfrom the MPI

library.

CommunicationscanbeCollective, wherea groupof processesexchangemessages,or Point-

to-Point whereoneprocesssendsa messageto oneotherprocess.Communicationsmodesare

describedin termsof how they aresent,but for a messageto bereceivedtherecipientprocess

mustcall a “Receive Message”function. Thereare4 communicationmodes:StandardSend,

SynchronousSend,BufferedSendandReadySend.Thesemodesdiffer in how their comple-

tion reliesonreceiptof themessage.StandardSendcompletesoncethemessagehasbeensent

into the communicationsnetwork. This mayor maynot imply that themessagehasbeenre-
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MPI Datatype C Datatype

MPI CHAR signedchar
MPI SHORT signedshortint

MPI INT signedint
MPI LONG signedlong int

MPI UNSIGNED CHAR unsignedchar
MPI UNSIGNED SHORT unsignedshortint

MPI UNSIGNED unsignedint
MPI UNSIGNED LONG unsignedlong int

MPI FLOAT �oat
MPI DOUBLE double

MPI LONG DOUBLE longdouble

Table6.2: MPI andcorrespondingC datatypes.

ceived,dependingon thecommunicationarchitecture.Synchronoussendscompletewhenthe

messagehasbeenreceived. Bufferedsendscompleteimmediately, themessageis storedin a

systembuffer to betransmittedwhenpossible.Readysendsalsocompleteimmediately, but are

only guaranteedto succeedif a matchingreceive hasbeenposted,otherwisethebehaviour is

unde�ned.

All communicationsmodescanacteitherin blocking or non-blockingmode.In non-blocking

mode,a processcancarry on with any processingthat doesnot affect the sendbuffer while

the messageis sentwhile in blocking modethe processmustwait until sendhascompleted.

Non-blockingcommunicationshaveanassociatedfunctionto testfor call completion.Thereis

no advantageto having non-blockingBufferedor ReadySendcommunications.Receive calls

canalsobeblockingor non-blocking.

Messagesarearraysof elementswhichcorrespondto a particulardatatype.A numberof data

typesarede�nedwhichcorrespondto standardC andFortrandatatypes,includingMPI CHAR

(correspondingto a C char)andMPI INTEGER (correspondingto a Fortran INTEGER).A

specialdatatypeMPI PACKED enablesrepresentationof structures.A list of MPI datatypes

andtheir correspondingC datatypesis givenin Table6.2[158].
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6.4.2 Predict-FuseImplementation

ThePredict-Fusearchitectureillustratedin Figure6.1maybeimplementedwith theindividual

techniques,predictorsandthefusioncentrerunningasparallelprocesses,possiblyondifferent

processors.Theexperimentsreportedin this thesishavenotbeenrunin real-time,andsoimage

capturehasbeensimulatedby readingfrom disk. In areal-timearchitecture,aprocessmayalso

beusedat thecameraasa server to provide theindividual techniqueswith imagesasrequired.

Figure6.9 illustrateshow thePredict-Fusearchitecturewasimplementedon thedepartmental

SunnetworkusingMPI.

ThePredict-Fusearchitecturecontainsbothsynchronousandasynchronouscomponents.The

processingof imagesby theindividual techniquesis asynchronous,while synchronousoutputs

from the predictorsarerequiredby the fusion centre. Table6.3 providesa key to Figure6.9

illustratinghow thecommunicationwasimplementedusingfunctionsfrom theMPI standard.

BufferedSendsareusedfor asynchronouscomponentsof thearchitecturewhile bufferedSyn-

chronousSendsareusedfor synchronouscomponents.

Thearchitectureassumesthatthepredictorprocessesarefasterthantheindividual techniques.

This is a necessaryassumptionfor thePredict-Fusearchitectureto beof practicaluse.

Themessagesbeingpassedin this implementationareframesandmotionestimatesfrom left

to right (communications2,3 and 5), and requestsfor datafrom right to left (communica-

tions 1 and4). For 256 greyscaleimages,framescanbepassedasarraysof MPI CHARsor

MPI BYTEs.Motion estimatescanbepassedasarraysof MPI DOUBLEswith alternatingho-

rizontalandverticalmotioncomponents,or MPI INTs if themotionvectorsareappropriately

scaledandrounded.Communicationsthatrequestframesandmotionpredictionsrequireonly

MPI INTs.

6.5 Summary

Thischapterhasconsideredtheproblemof informationfusionwhereobservationsof aprocess

areprocessedby differenttechniquesat differentspeedsandwith differentaccuracies.This is

a typical situationin Motion Estimationcharacterisedby theAccuracy-Ef�ciency curve. It is

desirableto combinethespeedof thelessaccuratetechniqueswith theaccuracy of theslower

ones,while takingaccountof thefact thatestimatesfrom theindividual techniquesmayrelate
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Figure 6.9: Architecturefor anMPI implementationof theproposedPredict-Fusearchitecture
showingcommunicationbetweenthe differentcomponentsof the architecture. A
key to thecommunicationcomponentsis givenin Table6.3

Communication
Label Type Description

1 BlockingPoint-to-PointSynchronous Requestframefor processing
Sendwith Non-BlockingReceive

2 Non-BlockingCollectiveSynchronous Sendframesto all techniques
Sendwith BlockingReceive thathave requestedthem.

3 Non-BlockingPoint-to-Point Deliver frameto predictor
BufferedSendwith BlockingReceive

4 BlockingCollectiveSynchronous RequestpredictedMotion
Sendwith Non-BlockingReceive Estimatesfor time

�

.

5 Non-BlockingPoint-to-Point Provideestimatefor the
with BlockingReceive FusionCentre.

Table 6.3: Key to communicationtypesfor theMPI implementationof thePredict-Fusearchi-
tecture in Figure6.9.
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to differentandprevious time points. A methodhasbeenpresentedwhich usespredictorsto

provide estimatesfor the individual techniquesat the currenttime point, thencombinesthe

estimatesusingInformationFusionmethods.

Resultsfrom applying the Predict-Fusemethodto a syntheticproblemhave illustratedthat

valuableimprovementsmay be madeusing this information fusion strategy, which enables

moretimely estimates(in termsof estimatefrequency) thancanbeachieved from any single

techniquealone. Improvementsare possiblewhen the differencein computationalrequire-

mentsandperformancelies insidea (problemdependent)range.Theperformanceof Motion

Estimationtechniques,in termsof accuracy andcomputationalrequirements,canbebothdata

andplatformdependent.However, resultspresentedin this chaptershow that thePredict-Fuse

methodcanbeappliedto combinetheresultsof differentMotion Estimationtechniquesto get

moretimely estimates.

Thetechniquesdescribedin this andpreviouschaptershave inherentparallelism.Thischapter

hasalsoprovidedabriefdescriptionof how thePredict-Fusearchitecturehasbeenimplemented

usingtheMessagePassingInterface(MPI).
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Chapter7
Summary and Conclusions

7.1 Intr oduction

ThisthesishasconsideredthehypothesisthatInformationFusioncanbeappliedto combinethe

resultsfrom differentMotion Estimationtechniquesto give moreaccurate,robustandtimely

motion estimates.Appropriatefusion strategies for combiningmotion estimateshave been

identi�ed andexpanded,andnovel techniqueshave beendescribedwhich facilitatetheapplic-

ationof InformationFusionto Motion Estimation.

Theremainderof thischapteris organisedasfollows: Section7.2summarisesthethesiscontent

andidenti�es themaincontributions. Section7.3 draws conclusionsfrom thework presented

in this thesis.Section7.4 discussespossibletopicsfor futurework andsome�nal comments

aremadein Section7.5.

7.2 Summary

The themeof this thesishasbeenthe applicationof InformationFusionstrategiesto Motion

Estimation.InformationFusionis appliedto awiderangeof applications,andthechoiceof fu-

sionstrategy is applicationdependent.Chapter2 discusseda numberof applicationexamples

andidenti�ed from thesea variety of fusion strategies. Fusionstrategiesbasedon Bayesian

estimationtheorywereconsideredparticularlysuitablefor Motion Estimationbecausecon-

�dence in individual estimatescanbetakeninto accountandbecausethe strategiescanwork

with continuousvaluedestimates.StrategiesbasedonBayesiandecisiontheoryhavealsobeen

comparedfavourablyto alternativestrategiesin theliterature.

An alternativestrategy to Bayesianestimationtheoryis FuzzySettheory. A importantproblem

whenadoptinga Fuzzyapproachto InformationFusionis thechoiceof appropriatefuzzi�ca-

tion, aggregationanddefuzzi�cationoperators.Althougha Fuzzyapproachwasnot adopted

for this thesis,Chapter2 alsodrew an analogybetweenthe FuzzyandBayesianapproaches

thatmayhelpin thechoiceof thesefunctions.

115



SummaryandConclusions

Chapter3 presentedanoverview of ImageProcessingtechniquesfor Motion Analysis. Tech-

niqueswereclassi�ed asbeingprimarily designedfor Motion Compensation,wherethe aim

is to compressimagesequences,or for Motion Estimation,wherethe aim is to describethe

realworld causesof imageintensitychanges.A novel techniquewasproposedfor makingfast

thoughroughestimatesof thedirectionof motionfrom differencesin theDCT coef�cients of

successive images.Thiswork mayhave applicationto reducingthesearchspacein fastimple-

mentationsof theBlock Matchingalgorithm.Examplesof key Motion Estimationapproaches

(differentialandcorrelationbasedmethods)wereintroducedandtheirperformanceinvestigated

usingbothsyntheticandrealtestsequences.

An illustrativeestimationfusionexamplewasgivenin Chapter4, whereestimatesof thespeed

of rotationof cells undergoing electrorotationwerecombinedusinga fusion strategy based

on BayesianEstimationtheory. The fusedrotationspeedestimateswereshown to be more

accuratethanthe individual estimatesalone. This work is importantfor the automationand

hencecommercialisationof dielectrophoresismethods.

The electrorotationproblemdescribedin Chapter4 usedthe Block Matching Algorithm to

trackcellssoasto removethetranslatorycomponentof theirmotion.Referenceblockupdating

strategiesfor thetrackingalgorithmwereinvestigated,andtheuseof �lters wasfoundto lead

to signi�cant improvementsin trackingperformance.Furtherwork by otherresearchers[161]

hassinceinvestigatedtherobustnessof theproposedstrategiesto variationsin theirparameters.

The problemof combining2D motion estimateswasconsideredin Chapter5. It was �rst

proposedthatmotionestimatesmight bequantisedinto discretemotionhypothesesto enable

the applicationof classi�cation fusion strategies. However, this arti�cial quantisationraised

a numberof questionsand wasnot found to be a naturalor intuitive representationfor the

problem. Instead,estimationtheorywasappliedto combinethecontinuousmotionestimates

directly.

Chapter5 presentedresultsfrom combiningthreeMotion Estimationtechniques.The tech-

niqueswerechosento be representative of the two mainMotion Estimationapproaches:dif-

ferentialandcorrelationbased.It wasfound that in generaljust two of the techniqueswere

requiredto getthebestresults.Thereexist many Motion Estimationstrategiesandtherelative

performanceof thesestrategiesis datadependent,however, dueto thecomputationalrequire-

mentsof Motion Estimationstrategies,it is unlikely thatmany morestrategieswould ever be
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combinedin asinglesystem.

Theissueof costfunctionselectionfor estimationfusionwasconsidered,andanovel costfunc-

tion presentedwhichtakesaccountof thefactthat,althoughit is importantto haveasmallerror,

oncetheerroris greaterthansomethresholdtheeffectsof any furtherincreaseremainconstant.

This costfunctionalsoimprovestherobustnessof themotionestimatesto outliers.Chapter5

presentedresultsfrom realandsynthetictestdatathatshowedthat InformationFusioncanbe

usedto combinemotionestimatesto give moreaccurateandrobustmotionestimatesin terms

of angularerrors.

Thereis oftenatrade-off betweentheaccuracy of Motion Estimationtechniquesandtheircom-

putationalrequirements,with moreaccuratetechniquestendingto have greatercomputational

complexity. Chapter6 showedthatby fusingpredictionsbasedon estimatesfrom fastbut less

accuratetechniqueswith predictionsfrom slowerbut moreaccuratetechniquesit is possibleto

getmoreaccuratemotionestimatesmorequickly. Chapter6 alsodescribedanimplementation

of thefusionarchitecturein parallelusingtheMessagePassingInterfacestandard.

7.3 Conclusions

This thesisproposedthat InformationFusioncanbeusedto combinethe resultsof different

Motion Estimationtechniquesto give moreaccurate,robustandtimely estimates.Thereexist

avarietyof fusionstrategiesthatmightbeadoptedto combinemotionestimates.Fromthedis-

cussionspresentedin Chapter2, this thesisconcludesthatBayesianEstimationtheoryprovides

aneffectiveandappropriateframework for combiningmotionestimates.

Fromtheresultspresentedin Chapter5, thisthesisconcludesthatwhereonetechniqueis found

toconsistentlyperformbetterthanthealternativesit isnotappropriatetoapplyfusionstrategies.

However, wheretherelative performanceof differenttechniquesvaries,andespeciallywhere

theindividualperformancesarecomplementary, improvementsin theaccuracy androbustness

of motion estimatescan be obtainedby fusing the individual estimates.In oneexampleof

a real imagesequencewherethe individual performancesof two differentMotion Estimation

techniqueswerecomplementary, fusingtheindividualestimateswasshown to give a very sig-

ni�cant ����� improvementin accuracy over thebetterof theindividualresults.Wherefusionis

not appropriatedueto onetechniquebeingfar moreaccurateandrobust thanthealternatives,

thefusedmotionestimateswill besimilar to thosefrom thebetterof theindividualtechniques.
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Motion Estimationhasan inherenttemporalaspectand so the timelinessof techniques,in

termsof thefrequency atwhichestimatescanbemade,is important.Thereis oftena trade-off

betweenthespeedandaccuracy of MotionEstimationtechniques.Fromtheresultspresentedin

Chapter6, thisthesisconcludesthatmotionestimatesfromslowerbut moreaccuratetechniques

canbeeffectively combinedwith estimatesfrom fasterbut lessaccuratetechniquestogivemore

frequentandmoreaccurateestimates.

In thecourseof this thesis,thechoiceof referenceblockupdatingstrategy for trackingwith the

Block MatchingAlgorithm hasalsobeeninvestigated.From theseinvestigations,this thesis

concludesthat the performanceof the Block MatchingAlgorithm is very dependenton the

choiceof updatestrategy andthatappropriatechoiceof updatestrategy canleadto signi�cant

improvementsin trackingaccuracy. The experimentalresultspresentedin Chapter4 suggest

that the useof a Kalman�lter to updatethe referenceblock is a very robust strategy which

incursrelatively smallcomputationaloverhead.

7.4 Futur eWork

The scopeof this thesisis limited in a numberof wayswhich might be developedin future

work. Firstly, only thefusionof 1D and2D motionestimatesis considered.This is notasevere

limitation as the majority of researchand applicationsof Motion Estimationwork with 2D

vector�elds, andextendingthetechniquesdevelopedhereto 3D vectorsis straightforwards.

Estimatesderived from applying Motion Estimationalgorithmsto a single sensoronly are

considered,thisavoidstheneedto co-registertheresults.Thisproblemwasconsideredoutside

thescopeof the thesis.Therearea numberof possibleadvantagesto fusingmotionestimates

from differentsensorsincluding bene�ts dueto having betterviews of the target andhaving

differencesin sensornoise.

The fusionstrategiespresentedassumesimple(Gaussian)probabilitydistributionsfor the in-

dividual estimates.Thesewerechosento simplify implementationsandbecausethe lack of

accuratecon�dencemeasuresmakestheuseof morecomplex distributionsatbestmisleading.

However, considerationssuchastheapertureproblemsuggestthatmorespeci�c distributions

might be appropriate,andthesecould beconsideredin futurework. Furthermore,it wasas-

sumedthattheresultsfrom individualtechniquesareindependent.Again, thisassumptionwas

madebecauseit is notstraightforwardto �nd reliablecorrelationsbetweentheindividualtech-
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niquesandbecausetheindependenceassumptionsimpli�es thefusionframework by enabling

individual techniquesto betreatedseparately. However, if two techniquesarebasedonsimilar

underlyingassumptionsthensomecorrelationbetweentheir resultswould be expected,this

might alsobeconsideredin futurework.

Chapter5 presenteda novel cost function for EstimationFusion. This cost function wasa

hybridof theMinimum Probabilityof ErrorandtheSquaredErroror AbsoluteDifferencecost

functions.This novel costfunctiontakesa thresholdparameter. Althoughresultsfrom varying

this parameterwerepresentedfor a toy problem,theeffect of this parameteron fusingmotion

estimateswasnot investigatedempirically. This wasnot donebecausethenovel costfunction

waspresentedin the context of a subjective criterion,namelythatalthoughit is importantto

have a small error, oncethe error is above a thresholdvalue the error is constant. Further

investigationof thisnovel costfunctionwould not changetheconclusionsof this thesis,but is

of interestsomaybeconsideredin futurework.

Theestimationfusionstrategiesexploredin this thesishave otherapplicationsoutsideMotion

Estimation. Work hasalreadyconsideredhow the techniquesexplored in this thesiscanbe

appliedto combinethe resultsof Arti�cial NeuralNetworks,andfuture work may consider

otherapplicationareas.

The investigationof Block MatchingAlgorithm updatestrategiespresentedin this thesisdid

not considertheBlock MatchingAlgorithm in thecontext of a systemthat �lters theposition

estimates.As mostpracticalsystems�lter positionestimates,thiswouldalsobeanappropriate

subjectfor furtherinvestigation.

7.5 Final Remarks

Motion Estimationis an importantresearchareawith a numberof applications.As a result,

thereexist a wide varietyof techniquesfor Motion Estimation. The relative performanceof

thesetechniquesis datadependent.Wherethe performancesof differentMotion Estimation

techniquesarecomplementary, InformationFusionstrategiescanbe usedto combinethe in-

dividual estimatesto give moreaccurate,robust andtimely estimates.This work is likely to

be of mostbene�t to Motion Estimationapplicationsthat mustoperateundera wide variety

of conditions,andsoarelikely to provide situationsin which therelative performanceof dif-

ferentMotion Estimationtechniquesvaries. For example,this work is likely to beof bene�t
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to surveillanceapplicationswhichareexpectedto operatein a rangeof locationsincludingin-

sidebuildings, overlookingcar parksandon naturaloutdoorsscenes.Outdoorssurveillance

applicationsmustalsodealwith weatherchangeswhich will give rise to a rangeof visibility

conditions.
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AppendixB
Background Derivations/ Algorithms

B.1 Derivation of Horn and Schunck's Iterati veSolution

The purposeof this sectionis to setdown all the stepsof the derivation of the optical �o w

methodproposedby HornandSchunckin [2]. Whatis presentedhereis thediscretederivation

discussedby Horn andKlaus in [139], with theapproximationsandall derivationstepsmade

explicit.

In theirmethod,Horn andSchunckassumethat theintensityof an imagedpoint remainscon-

stantover time andmotion.Let
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Thespatialandtemporalderivatives
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�

�

�

� and
���

areapproximatedby thedifferencesin acube

of pel intensityvalues,asillustratedin Figure(B.1) [2,139]andgivenbelow:
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(B.3) is the equationof a line in velocity space.Themotionestimateis constrainedto lie on

this line. To constrainthe estimateto a singlepoint, regularisationconstraintsarerequired.

See[41] for anoverview of regularisationtechniques.HornandSchuncksuggestthesmooth-

nessconstraint
� �

, which requiresthe motion vectorsto vary smoothlyover neighbouring

pixels:
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A weightedcombinationof thesmoothnessandmotiongradientconstraintsgivesanerror
�

to

minimiseover all thepel locations � �
�

	
� in theimage:
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where
�

is theweightingterm(oftenexpressedas �

�

�

�

in theliterature).To minimisethis

equationfor a motionvectoratpel location �

�

�

�

� , derivativesaretakenwith respectto �

��� and
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Figure B.1: Cubeusedfor approximatingspatialandtemporal derivativeswith 4 pointintens-
ity differences.
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FigureB.2: Convolutionkernelusedto approximatetheLaplacianof thepel intensities.
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Thesecondtermon theRHSis theLaplacianof thepel intensities,which Horn andSchunck

[2] approximateby (seealsoFigureB.2):
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where
�

�

��� is de�ned as:

136



BackgroundDerivations/ Algorithms

�

�

���

�

�

���

�

�

� � 	�� � 	 	 � �

�

� �

�

� � � � � 	 	 � �

�

� �

�

� � 	�� � 	 � � �

�

� �

�

� � � � � 	 � � �

�

��� �

�

�

�

�

� � � 	 	 � �

�

� �

�

� � � 	 � � �

�

� �

�

� � 	�� � 	 �

�

� �

�

� � � � � 	 �

�

��� (B.12)

andsofrom ( B.9) and( B.10):
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Where( B.8) is ata minimum,thederivativesmustbe � , so:
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This canberewritten in matrix form asfollows:
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In orderto getthis in termsof �

��� and �

��� , theinverseof the ��� � matrix on theLHS mustbe

found.Thedeterminantof thematrix is:
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andso( B.17)canbewritten:
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This gives2 equations,onefor � andonefor � :
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TheGauss-Seidelmethodcanthenbeusedto giveaniterativesolution:
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Noting that:
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andsimilary for theverticalcomponent,equations(B.22)and(B.23)areusuallyrearrangedas

follows[2,107,139]:
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B.2 The Kalman Filter

The Kalman�lter [98,156], originally proposedby R.E.Kalmanin 1960[162], is a popular

�lter thatis referredto in a numberof placesin this thesis.Thissectiongivesa brief overview

of the�lter equations.

Filtering is usedto maintainestimates��

� of a statevector � at time 
 . The Kalman�lter

assumesa modelof theobservedprocess,this is formulatedasfollows:
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where
�

is thestatetransitionmatrix. � �

��� is an input to theprocesswhich is oftenusedto

modelnoiseandso is calledthedynamicmodelnoise. Observations �

� of thestatevectorat

time 
 aremodelledby thetruestateplussomemeasurementerror �

� :
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where
�

� modelstheconversionfrom statespaceto observationspace.

Therearetwosetsof equationsfor theKalman�lter: predictorequationswhichpredictthestate

vector �

� anderrorcovariancematrix
�

� , andcorrectorequationswhichcorrectthepredictions

given a new observation. This is illustratedin Figure B.3. The predictorequationsare as

follows,estimatedvaluesasopposedto truevaluesareindictedby a
�

:
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Correct

Predict

Initial State
Estimate

Measurement

Figure B.3: TheKalman�lter comprisesa predictionstagethat predictsthe stateand error
covariancematrixanda correctionstagethatcorrectsthepredictionsgivena new
observation.
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where
�

� is thecovariancematrixof thedynamicmodelnoise�
� . ��

�

�

�

��� is thepredictedstate

estimateat time 
 , with thesecondtermin thesubscriptindicatingthatthispredictionis based

on thestateestimateat time 
 	�� . Similarly,
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��� is thepredictedestimateerrorcovariance

giventheestimatederrorcovarianceat time 
 	 � .

Thecorrectorequationsareasfollows:
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where
�

� is theKalmangain,calculatedasfollows:
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Object Edge

USAN mask
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Figure B.4: ExampleUSANmasks,a) on an edge,b) near an objectedge,c) on an area of
constantintensity.

where
�

� is thecovariancematrixof themeasurementnoise.

B.3 The SUSANEdgeDetector

The SUSAN approachto edgedetection,proposedby Smith andBrady [151], wasusedin

Chapter4 to detectthe edgesof cells in dielectrophoresisimagesequences.This approach

usesa circularmaskto identify featuresof interestin images.The intensityof thepelsin the

maskarecomparedto the intensityof the middle pel (the nucleus)to determinehow much

of themaskhasa similar intensityto thenucleus.Themaskis termedtheUnivalueSegment

AssimilatingNucleus(USAN).

As illustratedin FigureB.4, wherethemaskis over anareaof nearconstantintensity, mostof

the maskwill have a similar intensityto the nucleus.Wherethe maskfalls on anedge,only

aroundhalf themaskwill have thesameintensityasthenucleus.Thusedgescanbeidenti�ed

by �nding wherethe USAN hasa small value,this givesrise to the term SmallestUSAN or

SUSAN.

FigureB.5 shows theresultsof applyingtheSUSANedgedetectorto anexampleframefrom

the Hambug Taxi sequence.As pelsarediscreteit is necessaryto approximatethe circular

masks,twoexamplemasksizesareshown. Theintensityof pelsin theresultimagesis inversely

proportionalto thenumberof pelsin themaskthatsimilarto (within � grayscaleintensityvalues

of) thenucleus.High intensitiesin theresultclearlycorrespondto edgesin theoriginal image.
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Figure B.5: Resultsfrom applying the SUSANedgedetectorto an exampleframefrom the
Hamburg Taxi sequence. Two examplesof approximatedcircular masksare
shown.
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TestData

As well asusingstandarddatasets,this thesishasintroducednew datasets. This Appendix

describesthesedatasetsandexplainswhy they wereconsiderednecessary. A list of thedata

setswith theirdimensionsandlengthsis givenin TableC.1.

C.1 Car Park Sequences

TheCarParksequencesareusedin Chapter4 to testreferenceblockupdatestrategiesproposed

by theauthor. Thesesequenceswerecapturedon a securitycameraover looking a churchcar

park,and2 hoursof footagewerestoredonVHS videotape.As a result,thesequencesareof

low quality andso aredif�cult for trackingsystemsto copewith. TheauthorthanksDr J M

Hannahfor makingthisvideotapeavailable.

Theauthorconvertedtwo sectionsof theVHS footageto grayscalePGM �les usingcommer-

cial imageprocessingpackagesAdobePremiereandAdobePaintShopPro.The Car Park A

sequenceshowsa pedestrianwalkingacrossthecarpark,theCarPark B sequenceshowsa car

moving behindthe railingson the carparkborder. Exampleframesfrom theCarPark A and

CarPark B sequencesareshown in FigureC.1.

Numberof
Sequence ImageSize frames

CarPark A ����� � ����� 75
CarPark B ����� � ����� 106

CarFollowing ����� � � �
� 100
AdvancingPhoto ����� � ����� 12
TranslatingPhoto ����� � ����� 41

Table C.1: New experimentaltestimagesequencesusedin this thesis.
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(b)

(a) time

time

Figure C.1: Exampleframesfrom the start, middleand endof a) the Car Park A sequence
showinga pedestrianwalking acrossthe car park, b) the Car Park B sequence
showinga car movingbehindtherailings onthecar parkborder.
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(b)(a)

detail

Figure C.2: ������� ����� pel sectionof the Car Park A sequence. a) meanintensityvalues,b)
variancein the intensityvalues,with detail ����� ��� pel block fromthecentre of
thesegment,illustrating theblockingartifactspresentin thedata.

As a resultof the format conversions,� ��� blocking artifactshave beenintroducedinto the

sequence.Theseare illustratedin FigureC.2 which shows the temporalmeanandvariance

imagesfor a ������� ����� pel sectionof the Car Park sequencewherethereis no motion. The

averagevarianceof thepel intensityvaluesin thissectionis ��� intensityvalues.

C.2 Car Following Sequence

The Car Following sequenceis usedin Chapter4 to test referenceblock updatestrategies

proposedby the author. This sequencewascapturedon a digital video cameralooking out

of the front wind screenof a moving car. The sequenceshows a car in front also moving

along the road. As a result therearea lot of small, quick movementsdue to uneven roads

which makesthe sequencedif�cult for trackingalgorithms. This sequencewascapturedby

Mr ShinichiroMatsunaga,andthe authorthanksMr S. Matsunagafor makingthis sequence

available. Exampleframesfrom thestart,middleandendof the CarFollowing sequenceare

illustratedin FigureC.3.

C.3 Moving PhotoSequences

In order to makea quantitative evaluationof the motion estimates,it is necessaryto �nd a

testsequencefor which the groundtruth motion is known. Although this is straightforward
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time

Figure C.3: Exampleframesfromthestart,middleandendof theCar Followingsequence.

for arti�cial sequences,thegroundtruth for realsequencesis not easilyavailable.Theauthor

createdtheTranslatingPhotoandAdvancingPhotosequencesfor thispurpose.

Thesequencesshow a moving photograph,which is animageof a clutteredwork bench,cap-

turedin thegroup's laboratoryandprintedon a colour ink jet printer. Thedimensionsof the

photographare � � � � cm � ����� � cm.Thephotographwas�x edto asheetof cardfor rigidity. The

authorconstructedabatterypoweredlegorobotwhichmovesin straightlinesatapproximately

������� m/s. Thephotographwascarriedby therobot(which is hiddenby thephotograph)along

thedesk.In theTranslatingPhotosequencethemotionis from right to left acrossthedesk,in

the AdvancingPhotosequencethe motion is towardsthe camera.To provide a simpleback-

ground,a bluedividing screenwasplacedbehindthedesk.To minimiseshadowsandchanges

in backgroundlighting, lighting wasprovidedby a halogenlampplacedapproximately��� � m

above thecameraandfacingdownwards.A planof theexperimentalarrangementis shown in

FigureC.4.

Thesequenceswerecapturedusinga Sony DCR-TRY890E Digital VideoRecorderat 25fps.

The automaticfocusfeatureon the camerawasused. The imageswerestoredin Sony DV

proprietaryformat,thenconvertedto colourPPMsequencesusingthecommercialimagepro-

cessingpackagesAdobePremiereandAdobePaintShopPro.TheAdvancingPhotosequence

wasstoredas ����� � ��� � sizedimages,theTranslatingPhotosequencewasstoredas � �
� � � ���

sizedimageswhich werecroppedto ������� ����� for processing.Exampleframesfrom thetwo

sequencesareshown in FigureC.5.

Dueto thesimplenatureof thesequence,thetruemotionfromthescenecaneasilybecalculated

directly from the imagesequences.This wasdoneby manuallytracking the motion of the
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lego robot
Photograph on

Desk top

screen
Blue divider

10
cm

�������������������������������������������������������������������

�������������������������������������������������������������������

60
cm

camera
Digital video

Tape on desk
30cm

���������������������������������������������������������������������

���������������������������������������������������������������������

���

���

�� 	�	


�


��

Figure C.4: Plan showingthe experimentalsetup for capturingthe MovingPhotographse-
quences.

(a)

(b) time

time

Figure C.5: Exampleframesfrom the start, middleand endof a) the TranslatingPhotoSe-
quence,b) theDivergingPhotosequence.
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cornersof thephotograph,thenusingtheresultantmotionvectorstocalculatethevectorsfor the

remainderof theplanarsurface.Groundtruth wascalculatedfor ��� framesof theAdvancing

Photosequenceand � � framesof the TranslatingPhotosequence.In the TranslatingPhoto

sequence,the photowasfound to be moving at ��� ��� pelsper frame. The magnitudeof the

motionin theAdvancingPhotophotosequencewasfoundto beatmost ��� ��� pelsperframe.

Thecolourimagesequenceswereconvertedto grayscale(
�

) for processingusingthefollowing

conversionfrom
��� �

space[130]:

�

� ��� ���

�

� ��� � �

�

� ��� ���

�

(C.1)

C.3.1 Moving CheckeredCard Sequence

A similar sequenceto theMoving Photosequencesis theMoving CheckeredCardsequence.

This sequenceis usedin Chapter3 to illustratea motion directionestimationtechniquede-

velopedby theauthor. Insteadof a photo,a checkeredcardis movedhorizontallyin front of

thecamera.Thissequencewascreatedto moreclearlyillustratetheperformanceof theMotion

Estimationtechnique.
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Software Implementation

D.1 Intr oduction

TheMotion EstimationandInformationFusiontechniquesdiscussedin this thesiswereimple-

mentedby the authorin C++ [163]. C++ waschosenprimarily becausethe languageis well

known andis easilyportedbetweenUnix andMicrosoft platforms.Ratherthandevelopcode

speci�cally for this thesis,the authorhasdevelopeda codelibrary that canbe easilyreused

by otherresearchersworking in the �eld. The encapsulation,inheritanceandpolymorphism

characteristicsof objectorientedlanguagesmakeC++particularlywell suitedfor thispurpose.

SectionsD.2 to D.5 providesa brief functionaldescriptionof the key classesunderlyingthe

functionalityof this library.

In particular, the library wasintendedfor useby the Vision researchgroupin the department

of ElectronicsandElectricalEngineeringat theUniversityof Edinburgh. In orderto simplify

codesharing,the authorproposeda setof style guidelineswhich have beenadoptedfor this

library. Theseguidelinesareoutlinedin SectionD.6.

D.2 KeyClasses

The softwarelibrary developedduring this thesiswas designedto have different classesto

representand implementthe differentcomponentsof a typical imageprocessingsystemre-

quiredby the researchgroup. Thereare threemain componentsto sucha system: the im-

agesbeingprocessed,the algorithmbeingappliedanda mechanismfor the input/outputof

frames. Thesecomponentsare abstractedin the library as the VS frame, VS frameio and

VS imageprocessclasses.TheVS frame,VS frame io andVS imageprocessclassesandthe

relationshipsbetweenthemareillustratedin FigureD.1.

A fourthclasswhosefunctionalitywasparticularlyimportantin thisthesiswastheVS framevec
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VS_frame_vec

Underlay Image

VS_frame_io
VS_frame

Denotes compostition
Denotes aggregationVS_image_process

Figure D.1: TheVSframe,VS frameio, VS imageprocessandVSframevecclassesandthe
relationshipsbetweenthem.

class,whichprovidespostscriptoutputof vector�o w �elds. Thisclassis alsoillustratedin Fig-

ureD.1.

The following sectionsdescribepublic memberfunctionsof the C++ implementationsof the

VS frame,VS frameio, VS framevecandVS imageprocessclasses.

D.3 classVS frame

The VS frameclassis usedto storean imageandprovidesfunctionsto accesspixels in the

image.Imagesarerectangulararraysof pels.Imagescanhave1 or morechannels,for example

anRGBimagewouldhave3 channelsandamonochromeimagewouldhave1 channel.Motion

vector�elds canbestoredin 2 channelVS frameobjects.

Pixelsarestoredasinteger(int) values.Thedecisionto avoid realnumberswasmadebecause

non-integerscannot bedisplayedin PPMformat,because�oating point arithmeticslows the

programspeeddown, andbecausewhererealsarerequiredthey cangenerallybescaledand

roundedto integervalueswith suf�cient accuracy.

Thecopyconstructorandassignmentoperatorsarede�ned for thisclass.

VS frame (int nWidth, int nHeight, int nNumChannels= 1 )

Constructorfor a frameof width nWidth andheightnHeight,with nNumChannelschannels.

Thedefaultnumberof channelsis 1.
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VS frame GetBlock( int nStartX, int nStartY, int nBlckWidth, int nBlckHeight )

Returnsthe a block of pixels from the imageas a new frame. The top left handcornerof

theblock hasimagecoordinates(nStartX,nStartY)andhasdimensionsnBlckWidth � nBlck-

Height.A framewith zeropixel valuesandthesedimensionswill bereturnedif anerroroccurs

(eg attemptingto accessnon-existentpixels).

int GetWidth()

Returnstheframewidth.

int GetHeight()

Returnstheframeheight.

int GetNumChannels()

Returnsthenumberof channelsin theframe.

int GetIntensity( int nX, int nY, int nC = 0)

Returnsthe intensityvalueof the nC channelat pixel location(nX, nY). If thepixel location

doesnotexist, returns0.

int SetIntensity( int nX, int nY, int nVal, int nC = 0 )

Setsthe intensityvalueof the nC channelat pixel location(nX, nY) to benVal. Returns1 if

successfulelse0.

D.3.1 Examplecode

To illustratetheuseof someof thesememberfunctions,thefollowing examplecodemight be

usedto implementa thresholdoperatorona grayscaleframefrImage.
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VS_frame frImage( WIDTH, HEIGHT ); // grayscale frame
int nX, nY, // counters

nThresh;

< code to load in an image, and set the threshold value. >

//
// Look at each pel in turn, set value to 1 if > nThresh, else
// set value to 0.
//
for ( nX = 0; nX < frImage.GetWidth(); nX++ )

for ( nY = 0; nY < frImage.GetHeight(); nY++ )
frImage.SetIntensity( nX, nY,

( frImage.GetIntensity( nX, nY ) > nThresh )? 0 : 1 );

D.4 The VS image processclass

TheVS imageprocessclassis a baseclassfor all the imageprocessingtechniquesin thelib-

rary. Theclasshasjust onememberfunction,namelythevirtual functionProcesswhich takes

oneVS frameargumentandreturnstheresultsof processingasa VS frame. Imageprocesses

derivedfrom thisclassreplacethevirtual Processfunctionwith onethatdoesarequiredtask.

D.5 classVS frame io

The VS frameio classwaswritten to enableimagesto be written to or readfrom �le. The

functionalityprovidedby theVS frame io classis notprovidedinsidetheVS frameclassitself

becausefor majorityof frameobjectsdonot requireI/O operationsin their lifetimes.Theclass

supportsbothasciiandraw PGM(grayscale)andPPM(colour)�le formats.

A VS frameio objectstoresa maximumframeintensityvaluewhich is usedwhendisplaying

frames.If this valueis lessthanthelargestpixel intensityin theimage,thenit will beadjusted

whentheframeis displayed.This is usefulwhendisplayinga framewhichhaspixelsof very

low values.For exampleif all the pixel valuesin a framearelessthan4, thendisplayingthe

framewith max intensity255would resultin a very dark imagewith few details.Settingthe

frameintensityto 0 thenallowing thedisplaymemberfunctionto determinethecorrectvalue

will givea moremeaningfulimage.

CopyandAssignmentare notde�ned for thisclass.
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VS frame io( int nMaxIntensity = 255)

Constructor, nMaxIntensityis the maximumintensityof the frameto beoutput. Thedefault

is 255. For example,to displaya frameandallow thedisplayfunctionto resetthemaximum

intensity. thefollowing codemightbeused:

VS_frame_io( 0 ).DisplayFrame( frImage, ``filename.pgm'' );

VS frame LoadFrame( char* strFileName)

Loadsanimagefrom the�le “strFileName”andreturnstheimageasa frame.

int DisplayFrame(frame frImage, char* strFileName)

Displaysa frameobjectfrImagein asciior raw PGMor PPMformatto the�le “strFileName”.

Returns1 if successfulelse0. Thechosenoutputformatdependsonthenumberof channelsin

theframe(1 channelfor PGM,3 for PPM)andon thedisplaymode(seeSetDisplayMode).If

thenumberof channelsdoesnot correspondto PGMor PPMthedisplayfunctionwill fail and

return0.

int MaxIntensity( void )

Returnsthecurrentmaximumintensityvalue.

int MaxIntensity( int nIntensity )

Setsthemaximumdisplayintensityto nIntensity. If whena frameis displayedany valuesare

greaterthannIntensity, then the maximumintensityvaluewill be changedto be the largest

valueencountered.

int SetDisplayMode(int nMode )

Set the display mode to be ascii or raw PXM. Valid modesare VS frameio::APXM and

VS frameio::RPXM. Returnsthelastmodeif ok else-1.
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D.5.1 Examplecode

A typicaluseof theVS frameio classis to readin aframefor processingbysomeVS imageprocess

derivedclass,thenoutputtheresultsof thatprocessing.This is illustratedby thefollowing ex-

ample.

VS_frame frImage; // frame to process
VS_image_process impProcess;

//
// Load in the image
//
frImage = VS_frame_io().LoadFrame( ``afile.pgm'' );

//
// Process the image
//
frImage = impProcess.Process( frImage );

//
// Display the processed image
//
VS_frame_io().DisplayFrame( frImage, ``result.pgm'' );

D.5.2 classVS frame vec

Whenworkingin the�eld of MotionEstimation,it is usefulto beableto displaymotionvectors

to illustratemotion�elds. TheVS framevecclassprovidesfunctionalityfor displayingvector

�elds.

int AddVector( int nXPos,int nYPos,int nXVel, int nYVel )

Add thevector( nXVel, nYVel ) atpixel position( nXPos,nYPos). Returns0 if successfull.

int AddVectors(int** pnVectorArray, int nNumVectors)

Add nNumVectors.Thevectorsarein the nNumVectorsby 4 array, wherethe pixel position

for thenthvectoris ( nVectorArray[n ][ 0 ], nVectorArray[n ][ 1 ] ) andthehorizontal/vertical

componentsof thevectorarenVectorArray[n ][ 2 ]/nVectorArray[n ][ 3 ].
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int Arr owColour( void )

Returnsthecurrentarrow coloursetting.CurrentlysupportedcoloursareVS framevec::BLACK,

VS framevec::WHITE,VS framevec::RED,VS framevec::GREENandVS framevec::BLUE.

Thedefaultcolouris VS framevec::BLACK.

int Arr owColour( int nColour )

Set the a new arrow colour. Returnsthe old arrow colour if successful,elsereturns-1. See

ArrowColour(void ) for valid arrow colours.Only supportedfor EPSoutput.

int Arr owHeadLn( void )

Returnsthecurrentarrow headlength.SeeArrowHeadLn(int nLength) for details.

int Arr owHeadLn( int nLength )

Set the a new arrow headlength. Returnsthe old lengthif successful,elsereturns-1. The

Arrow headis anisoscelestrianglewhosebasewidth is 3/4 of theheight.Only supportedfor

EPSoutput.

int Arr owWidth( void )

Returnsthecurrentarrow width. SeeArrowWidth( int nWidth ) for details.

int Arr owWidth( int nWidth )

Setthe a new arrow width. Returnsthe old width if successful,elsereturns-1. Thewidth is

usedfor thearrow line. Only supportedfor EPSoutput.

int ClearVectors()

Resetthevectorsall to 0.
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void Display( char* �lename )

Displaythevectorsto the�le “�lename”.

int DisplaySmallVectors(int nVal )

Callwith nValnon-zeroto allow vectorswhicharesmallerthanthearrow to bedrawn (in which

caseonly thearrow headwill beseen).Returnsthelastvalueof nDisplaySmallVectors.

int SetFrameDims(int nXVal, int nYVal )

Set the framedimensionsto heightnXVal andwidth nYVal. Returns0 if successfull.The

defaultframesizeis CIF (312 by 288). If an underlayimageis used,thenthe underlayand

displaydimensionsmustbethesame.

int FrameHeight( void )

Returnstheframeheightin pixels.

int FrameWidth( void )

Returnstheframewidth in pixels.

int MaxDisplayLength( void )

Returnsthemaximumlengthof displayedvectors.

int MaxDisplayLength( int nVal )

Setthemaximumlengthof displayedvectors,mustbeat least1. Returnsold displaylengthif

successfullelsereturns-1.

int MaxIntensity( void )

Returnthemaximumintensityof pixelsin anunderlayimage.
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int MaxIntensity( int nVal )

Setthemaximumlengthof pixels in anunderlayimage,mustbeat least1. Returnsold max-

imum intensityif successfullelsereturns-1.

int MaxVectorLength( void )

Returnthelongestvectorlength.

int MaxVectorLength( int nVal )

Thelongestvectorlengthwill usuallybethe longestvectorencounteredso far. This function

setsthelongestvectorlengthto nVal ( mustbeat least1 ), whichcanbehelpful for lookingat

very smallvectorsin a �eld containinglargevectors.Returnstheold maximumvectorlength

if successfulelsereturns-1.

int SetDisplayType( int nType )

Set the output format to pgm ( nType = framevec::PGM) elseto encapsulatedpostscript(

nType= framevec::PS)

int SpacingFactor( void )

Returnsthespacingfactor.

int SpacingFactor( int nVal )

For pgmoutput,eachpixelcanbescaledupnVal (¿0)timestomakeit easierto seedensevector

maps.This is similar to zoomingin on theimage.Returnstheold spacingfactorif successfull

else0.

int Underlay( frame frUnderlay )

SetstheframefrUnderlayto appearunderthedisplayedvectors.Musthave samewidth/height

astheframevecobject.Singlechannelframesonly supported.Returns1 if successfullelse0.
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D.6 Coding Style

ISG Vision is a researchactivity at theDepartmentof ElectricalEngineeringat theUniversity

of Edinburgh. To improve groupef�ciency andencouragediscussion,codeandutilities are

sharedbetweenmembers.To enablecodesharingto beeffective,commonpracticeshavebeen

adopted.Oneaspectof thisstringlysupportedby theauthorhasbeentheadoptionof auniform

codingstyle,whichmakesit easierfor onememberto understandthecodewritten by another.

Thepurposeof thisappendixis to documentthisstyle.

The purposeof this documentis not to discussgoodprogrammingpractices,and it' s scope

is limited mainly to considerationsof readability. Nonetheless,adheringto a singlestyleand

giving clearcommentsis a good�rst steptowardsgoodprogramming.

D.6.1 Commentstyle

Commentsaremainlyusedto explaincode,but canalsobeusedto improveclarity of thecode

layout. Templatesshowing commentthe layout for source�les have beenwritten, theseare

includedat theendof thisappendix.

Thedouble-slash(//) commentis preferredover theslash-asterix(/* */) commentstyle.

Commentson Functions

A commentat thestartof a functiondescribesthepurposeof thefunctionandclari�es whatthe

functionargumentsshouldbe(if this is notmadeclearby theargumentnamesandtypes).The

stylefor functioncommentsis givenlater, with anexample.

Commentson Blocksof Code

Commentsexplainingblocksof codeshouldstartandendwith a commentline consistingonly

of theinitial doubleslash.This makescommentsclearerandhelpsdistinguishblocksof code.
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Small Comments

Whereacommentis usedjustto explainasinglelineof code,for exampletoclarify thepurpose

of avariable,thecommentcanappearat theendof theline.

Example

Thefollowing exampleillustratesthesepoints:

//
// Comment explaining the following block of code
//
for ( nX = 0; nX < 100; nX ++ )
{

< code >

nValue *= 2; // Comment explaining this line

< code >
}

A singleline of codecanoftenhavesuf�cient importanceto justify thelongercommentform.

`Commentingout' codeshouldnot bedoneusingcomments(!),insteadpre-processoroperat-

ivesshouldbeused,for example:

< code >

#if 0
< commented out code >
#endif

D.6.2 White Space

Whitespacegenerallymakescodeeasierto read,andsoshouldbeusedgenerously. Spacecan

beincludedhorizontallyandvertically.
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Horizontal spacing

Examplesof wherespacesshouldappearinclude beforeand after operators,after commas

in argumentlists and beforeand after parentheses.One importantexceptionis in function

calls,wheresyntaxrequirestheopeningparenthesisto directly follow thefunctionname.The

following line of codeillustratesthesepoints:

int nValue += (int) rint( ( flValue + 10 ) / 3.142 );

Without thespacing,this line would look like this:

int nValue+=(int)rint((flValue+10)/3.142);

Vertical spacing

Vertical spacingcanbe helpful in distinguishing oneblock of codefrom another, andso the

useof emptylinesto separateblocksof codeis encouraged.Thecommentandbracingstyles

discussedin this documentarepreferredbecausethey encouragethe useof a lot of vertical

space.

Longlinesof codeshouldbesplitoveranumberof lines.Whereconvenientpointsfor indenting

successivelinesexist, suchasan`=' or aparenthesis,they shouldbeused.Otherwise,theextra

linesshouldbeindentedat leasttwo spacesfurtherthanthe�rst line. For example,theaddition

in thefollowing codehasbeensplit over two lines:

for ( nX = 0; nX < QuadEl.nWidth; nX++ )
for ( nY = 0; nY < QuadEl.nHeight; nY++ )

flMean += frImage.GetIntensity( nX + QuadEl.Pos.nXPos,
nY + QuadEl.Pos.nYPos );

This is far clearerthanthefollowing,whichshouldbeavoided:

for ( nX = 0; nX < QuadEl.nWidth; nX++ )
for ( nY = 0; nY < QuadEl.nHeight; nY++ )

flMean += frImage.GetIntensity( nX + QuadEl.Pos.nXPos, nY
+ QuadEl.Pos.nYPos );
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No line shouldhavea lengthgreaterthan80characters,sincethiscausesproblemsfor printers

andcodeshouldbeasreadableonpaperasonscreen.

D.6.3 Indents and Braces

TheBSD style for positioning braces,wherebracesareplacedon separatelines, is preferred.

This styleis illustratedhere:

if ( condition )
{

<body>
}

Codeshouldbeindentedfrom theleft margin to indicatenestedblockdepth.Theindentsare4

spaceslong.

D.6.4 Naming Conventions

Choosingappropriatenamesfor classes,variables,constants,functionsand even �lenames

helpsotherprogrammerstounderstandthecode.Thissectiondiscussesthenamingconventions

adoptedby theVisionSystemsgroup.

Variables

Variablenamesshoulddescribeboththetypeandthepurposeof thevariable.Variablenames

comprisinga numberof wordsshouldbemademorereadableeitherby usingcapitallettersat

thestartof eachwordor by usingunderscoresbetweenwords.For example:

int nVeryLongVariableName = 0;
int nvery_long_variable_name = 0;

The choiceof style is not prescribedby this document,but asalways,programmersshould

ensurethatthechosenstyleis consistentinside�les.

The �rst few charactersof variablenamesshouldbeusedto indicatethe typeof the variable.

Thefollowing pre�xesareusedby thegroup:
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c char

� �oat

db double

n int

p pointer

pc char*

pn int *

str char*

For example,a suitablenamefor anarrayof integersrepresentingthesumof somevectorlist

might be“pnSum”. str- is usedratherthanpc- to suggesta text string.

Somestyle guidessuggestthat objectsshouldhave pre�x 'o', this is not advocatedby this

document,sinceprettymuchany variablecanbeinterpretedasanobject.

Constants

Hard-wiredconstants,suchasa value for � , shouldshouldbe in capitals. Immutableclass

attributeswhich are initialised by the classconstructorhave the samenameconventionsas

mutablevariables.

Constantsshouldbedeclaredof type`const' ratherthan#de�ne'd, sincethis enablethecom-

piler to performbettertypechecking.For example:

const double PI = 3.142;

Functions / Classes

Thechoiceof namingstylefor privatefunctionsandclassesis notprescribedby thisdocument.

It is very important,however, to maintaina uniform feel to theAPI, sothestyleof classesand

functionsformingpartof theAPI is prescribed.

Classesintendedto form partof theVision Systemsgrouplibrary shouldstartwith “VS ”, the

remainingcharactersshouldbein lowercasewith longnamessplit upby underscores.

Publicmemberfunctionsof theseclassesshouldusecapitallettersto split up longnames.For

162



SoftwareImplementation

example,thefollowing memberfunctionscomefrom theVS frameandVS framevecclasses:

void VS_frame::SetIntensity( ... );
int VS_frame::GetIntensity( ... );

int VS_frame_io::MaxDisplayLength( ... );

AccessingAttrib utesin the API

Wherepossible,functionsshouldbeprovided to allow accessto objectattributes,ratherthan

allowing theattributesto bechangeddirectly. This allowsgreaterscopefor validation.

D.6.5 CodeTemplates

FiguresD.2 andD.3 show templatesfor C++ sourceandheader�les respectively.

An importantrole of thecommentsat the top of the �le is to indicatetheauthorsof thecode

andany modi�cations. This helpsothergroupmemberswho have questionsaboutthe code.

Modi�cations to a �le aftercreationshouldbetaggedby theprogrammersinitials, for example

asfollows:

//
// file : VS_program.cc
// author : Andrew Mark Peacock
// created : 26 MAY 2001
//
// Code implementing the class VS_program.
//
// Modifications :
//
// MR Mike Robinson
//
// 10 JUN 2001 MR Added SetVariable member function
//

//
// (c) 2001 Vision Activity (ISG), the University of Edinburgh
//

< code >

///////////////////////////////
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// member function: VS_program::SetVariable
//
// MR added this function to set the variable.
//
///////////////////////////////
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//
// file :
// author :
// created : DD MMMYYYY
//
// Description
//
// Modifications :
//

//
// (c) 2001 Vision Activity (ISG), the University of Edinburgh
//

/////////////////////////////////////////////////////////////// ////////////////
// Include files

//
/////////////////////////////////////////////////////////////// ////////////////

/////////////////////////////////////////////////////////////// ////////////////
// Local Defines

//
/////////////////////////////////////////////////////////////// ////////////////

/////////////////////////////////////////////////////////////// ////////////////
// Local Function Declarations

//
/////////////////////////////////////////////////////////////// ////////////////

///////////////////////////////
// constructor function:
//
///////////////////////////////

///////////////////////////////
// destructor function:
//
///////////////////////////////

///////////////////////////////
// assignment function:
//
///////////////////////////////

///////////////////////////////
// copy function:
//
///////////////////////////////

///////////////////////////////
// member function:
//
///////////////////////////////

///////////////////////////////
// non-member function:
//
///////////////////////////////

// End of File
/////////////////////////////////////////////////////////////// ////////////////

Figure D.2: Templatefor a C++ source(.cc)�le .
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//
// file :
// author :
// created : DD MMMYYYY
//
// Description
//
// Modifications :
//

//
// (c) 1999 Vision Activity (ISG), the University of Edinburgh
//

#ifndef __TEMPLATE_H__
#define __TEMPLATE_H__

/////////////////////////////////////////////////////////////// ////////////////
// Include files

//
/////////////////////////////////////////////////////////////// ////////////////

/////////////////////////////////////////////////////////////// ////////////////
// Local Defines

//
/////////////////////////////////////////////////////////////// ////////////////

///////////////////////////////
// class
//
//////////////////////////////
class :
{

private:

protected :

public :

//
// Constructor
//

//
// Destructor
//

//
// Copy
//

//
// Assignment
//

};

/////////////////////////////////////////////////////////////// ////////////////
// Inline functions

//
/////////////////////////////////////////////////////////////// ////////////////

#endif //__TEMPLATE_H__

// End of File
/////////////////////////////////////////////////////////////// ////////////////

FigureD.3: Templatefor a C++ header(.h) �le .
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