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Abstract

Motion Estimationis animportantresearcheld with mary commerciabpplicationsncluding
suneillance,navigation, robotics,andimagecompressionAs aresult,the eld hasreceved
a greatdealof attentionandthereexist a wide variety of Motion Estimationtechniquesvhich
areoftenspecialisedor particularproblems.Therelative performancef thesetechniquesin
termsof bothaccurag andof computationatequirementsis oftenfoundto be datadepend-
ent, and no singletechniqueis known to outperformall othersfor all applicationsunderall
conditions.InformationFusionstratgiesseekto combinethe resultsof differentclassi ersor
sensorso give resultsof a betterquality for a givenproblemthancanbeachiezedby ary single
techniquealone. InformationFusionhasbeenshawn to be of bene t to a numberof applica-
tionsincludingremotesensingpersonaldentity recognition tamgetdetectionforecastingand

medicaldiagnosis.

This thesisproposesanddemonstratethat Information Fusionstratgiesmay alsobe applied
to combinetheresultsof differentMotion Estimationtechniquesn orderto give morerobust,
more accurateand moretimely motion estimateghanare provided by ary of the individual

techniqueslone.

InformationFusionstratgiesfor combiningmotion estimatesreinvestigatecanddeveloped.
Their usefulnesss rst demonstratethy combiningscalarmotion estimatef the frequeng
of rotationof spinningbiologicalcells. Thenthestratgiesareusedio combinetheresultsfrom
threepopular2D Motion Estimationtechniquesgchosento be representatie of the main ap-
proachedn the eld. Resultsarepresentedfrom bothrealandsynthetictestimagesequences,

whichillustratethe potentialbene tsof InformationFusionto Motion Estimationapplications.

Thereis oftenatrade-of betweeraccurag of Motion Estimationtechniquesndtheir compu-
tationalrequirementsAn architectureor InformationFusionthatallows faster lessaccurate

techniquedo be effectively combinedwith slower, moreaccuratdechniquess described.

This thesisdescribesa numberof novel techniquedor both Information Fusionand Motion
Estimationwhich have potentialscopebeyondthatexaminechere. Theinvestigationpresented
in this thesishave alsobeenreportedn a numberof workshop conferenceaindjournalpapers,

which arelistedatthe endof thedocument.
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Chapterl
Intr oduction

1.1 Intr oduction

Information Fusiontechniguesseekto combineinformationfrom different sourcesso asto
provide information of betterquality than canbe provided by ary of the individual sources
along[4]. InformationFusion[5—-11]hasbeenshavntoimprovethequality of resultdor awide
variety of classi cation,detectionandestimationproblemsincludingremotesensing12-15],
personaidentity recognition[16—19], handwritingrecognition[20], tagetdetection[21-24],
imageseggmentation[25], forecasting26] and medicalimaging[27,28]. Motion Estimation
from imagesequenceis animportantresearcheld with mary applicationancludingimage

sequenceompressiofi29-32],suneillance[33, 34], navigation[1, 35] andtracking[36, 37].

This thesisinvestigateshe applicationof InformationFusionto combinethe resultsof Motion
Estimationtechniqguesndshaws thatthis canleadto moreaccuraterobustandtimely motion
estimates.The remainderof this chapteris structuredasfollows: Sectionl.2 presentsnotiv-
ationsfor this work and Sectionl.3 outlinesthe main contritutionsof the thesis.Sectionl.4
describeshestructureof thethesisandthechaptercontents A summaryof thechapteiis given

in Sectionl.5.

1.2 Motivations

In commonwith most Image Processinglgorithms,Motion Estimationtechniquegely on
assumptionsboutthe imagesequenceandwhentheseassumptionarebrokenthe accurag
of themotionestimateganbe poor. A typical assumptionfor example,is thattheappearance
of animagedobjectwill not changeover time and motion. Differenttechniquescan have
differentunderlyingassumptionsand use theseassumptionsn differentways, and so their

relative performancenayvary dependingontheimagesequence.

Figure1.1(a)showns an exampleframefrom a real testsequencen which a planarobject(a

photographmoveshorizontallyat constanivelocity from right to left acrosghe eld of view.
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Figure 1.1: Motion estimate$romtwo differenttechniquesappliedto a testsequencé which
a planarobjectmovesat constantvelocityfromright to left in frontof a motionless
badground. (a) exampleframefromthetestsequence(b) resultsfromtecnique
A, (c) resultsfrom technique B. d) A comparisonbetweenthe performanceof
the techniques. White pelsindicate that technique A gavesmaller errors, black
indicatesthat techniqueB gavesmallererrors.
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Figuresl.1(b)andl.1(c)illustrateresultsfrom applyingtwo differentMotion Estimationtech-
niques,A and B, to this test sequence.TheseMotion Estimationtechniqueswill be fully

describedin Chapter3. Qualitatively, it canbe seenthat the relative performanceof these
techniquess datadependentwith A performingbetteron the backgroundandB giving more

accurateresultson theforegroundobject.

As thistestsequencés very simple, it is easyto manuallydeterminghetruemotionandhence
obtaina quantitatve measureof performance Performanceés judgedusinganerror measure
whichwill bedescribedn Chaptei8 againsthegroundtruthmotion eld for thetestsequence.
Figure1.1(d)llustratesthe relative performanceof the techniquesy showving pelswhereB
performedbetterin black and pelswhereA performsbetterin white. Quantitively, A gives
moreaccuratemotionvectorsfor only of pelson theforegroundphotographbut for

of thebackgroundgels.

Thereexist a variety of Motion Estimationstratgyiesincluding correlationmethodq1, 34,37-
40], differentialmethodq?2, 3,41] andfrequeny domainapproachept2—-46]. Thesedifferent
stratgies makedifferentassumptiongnd so the relative performancenf thesetechniquesn
termsof both accurag and computationalequirementss often datadependent.As Motion
Estimationis animportantcomponenbf mary applicationsthereis a needto nd techniques
thatcancopewell on a rangeof problems.This thesisis motivatedby the desireto combine
differentMotion Estimationstratgiessoasto give goodresultsover a moregeneralrangeof

problemghancanbe copedwith by ary singlestratgy alone.

1.3 Contrib utions

The main contribtution of this thesisis to identify, expandand apply appropriatdnformation
Fusionstratgiesfor representingiandcombiningmotion estimate$47—-49]. Thisresearchas
moregeneralpplicationsutsideMotion Estimationandhassincebeenappliedto combining
theresultsof differentNeuralNetworks[50].

An importantproblemwhenfusingmotionestimatess thatdifferenttechniquesftenhave dif-
ferentcomputationatequirementsThereis oftenatrade-of betweerthespeedandaccurayg of
Motion Estimationstratgies. This thesisalsoproposesnddemonstratea fusionarchitecture

which canhelpsolve this problem[51,52].
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The backgroundchaptersof this thesisgive an overview of Information Fusionand Motion
EstimationresearchThesechapteralsopresennovel techniquegor usein Motion Estimation

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

1.4 Structure

Thesstructureof this thesisis asfollows:

Chapter2 givesanintroductionto InformationFusionresearchApplicationsandstratgies
for InformationFusionare describedandan appropriatestrategy for fusingmotion es-

timatesis identi ed.

Chapter3 givesa brief overview of Motion Estimation. Motion Estimationalgorithms
usedin the remainderof the thesisto illustrate the fusion stratgies are describedand

examplesof theirapplicationto syntheticandrealdatasequencearepresented.

Chapter4 presentanillustrative examplewherelnformationFusiontechniquesreap-
plied to combineestimateof the frequeny of rotation of spinningcells. The motion
estimatesn this examplearescalarvaluesratherthanthe 2D motionvectorsconsidered

by theremaindeof thethesis.

Chaptel5 considerghe hypothesishatinformationFusioncanhelpprovide moreaccur
ateandrobust 2D motion estimates.Novel techniquegor improving the robustnesof
InformationFusionareproposedandapplied. Empirical resultsfrom syntheticandreal

dataarepresentedo supportthe hypothesis.

Chaptei6 considergshehypothesighatinformationFusioncanhelpprovide moretimely
motion estimatesTo this endit is shavn thatInformationFusioncanhelpto overcome

theaccurag-ef ciency trade-of problemin Motion Estimation.

Chaptet7 presentgonclusionandasummaryof thethesis adiscussiorof its limitations

andsuggestionsf 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 the needfor moreaccurateandrobustmotion
estimatesby existing researclwhich hasshown that InformationFusioncansigni cantly im-
prove the quality of resultsin other elds, andby the obsenationthattherelative performance

of differentMotion Estimationalgorithmsis oftendatadependent.

This thesismakesa numberof contributionsto both the Information Fusionand Motion Es-
timationresearchelds. Empiricalresultsarepresentedvhich con rm thatinformationFusion
cancombinetheresultsof differentMotion Estimationalgorithmsto give moreaccuraterobust

andtimely motionestimates.



Chapter2
Information Fusion

2.1 Intr oduction

Resultsfrom differentsensor®r classi erscanoftenbecombinedo give estimate®f a better
guality than could be obtainedfrom ary of the individual sourcesalone. Luo andKay give
a comprehensk suney of the InformationFusion eld in [5], their paperalsoappearswvith
a collectionof otherfusion surwey papersin [7]. An introductionto the eld with particular
interestin the in uence of defenceresearchs given by Hall andLlinas in [9]. Surweys of
multisensorecisionfusion stratgiesaregiven by Dasarathyin [6] andby Varshng in [10].
An overview of Millimeter-Wave and Infrared MultisensorDesignis given by Klein in [24].
Bloch [8] reviews a variety of combinationoperatorsand classi esthemdependingon their

behaiour.

This chapterpresentanoverview of thelnformationFusion eld. Thestructureof this chapter
is asfollows: Section2.2 givesexampleapplicationsof Information Fusionand Section2.3
describesomepopularfusion stratgiesidenti ed from theseexamples.The appropriateness
of thesestratgjiesfor Motion Estimationis discussedn Section2.4, which identi es an ap-
propriatestratgy for combiningmotion estimates. This stratgy is describedmore fully in

Section2.5anda summaryof thechapteris givenin Section2.6.

2.2 Applications

Information Fusionhasa wide variety of applicationdgncludingremotesensing12—-15], per
sonalidentity recognition[16—19], handwritingrecognition[20], targetdetection21—-24],im-
agesegymentatior{25], forecasting26] andmedicalimaging[27,28]. As well asbeingapplied
to combineinformationfor differentpurposesinformationFusioncanbeappliedatthe sensor
(data)level, pellevel, featurdevel anddecisionlevel, with thefuseddecisioneitheratthe same

level or atahigherlevel [10,55]. To acertainextenttheapplicationdictateghechoiceof fusion
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stratgy. Wald [4], who reportsthe resultsof a Europearworking groupsetup to harmonise

referencegermsin the eld, givesthefollowing de nition of datafusion:

Datafusionis aformalframevork in which areexpressedneansandtoolsfor the
allianceof dataoriginatingfrom differentsources.It aimsat obtaininginforma-
tion of greatemuality; the exactde nition of “greaterquality” will dependonthe
application.

Theapplicationconsideredby this thesisis thatof Motion Estimation.Althoughtherehasbeen
someinterestin combiningStereoVision techniquesvith Motion Estimation56,57], theredo
notappeato beexamplesf InformationFusiontechniqueseingappliedto Motion Estimation
in theliterature andsotheremaindeof thissectionbrie y discussestherapplicationsn order
toidentify themethodghey use.Theapplicationsonsideredre: personaidentity recognition,

remotesensingimagefusionandtraining neuralnetworks.

2.2.1 Personalldentity RecognitionSystems

The problemof establishinghe identity of individualsfrom their biometricfeatureshasre-
ceivedagreatdealof attention[16,18,19,58]. Suchsystemsvercomemary of thedisadwant-
agef passwordbasedsecureaccessystemsTypicalbiometricfeaturesvhich canbeusedor
identi cation includevoice,iris, ngerprints,gaitandfaceappearancelheadditionalinforma-
tion thatis availableto multi-modalityapproachesanleadto morerobustidentity recognition
systems. Furthermore the use of multiple modalitiescan reducethe risk of malevolentin-
dividualsgainingaccesgo a protectedsystemby imitating authorisedusers,for exampleby
playing a voice recordingto fool a voice recognitionsystem.As well ascombiningthe evid-
encefrom multiple biometricmodalitiesin a featurelevel strat@y, the classi cationsgiven by

differenttechniquesanthemselesbe combinedn adecisionlevel strategyy.

Theidentity recognitionproblemis an  hypothesiglassi cationproblemwherethe  hy-
pothesesrethe individualsin a client database A simplerversionof the problemis that of
personaidentity authenticationywherethe identity of anindividual is proposedand mustbe
veri ed. Thisis abinaryhypothesigproblemwith thehypothesesf eitheracceptingor reject-

ing the proposeddentity.

Chatziset al. [16] useclusteringalgorithmsandfuzzy settheoryto combinethe decisionsof
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singlemodalitypersonaldentity authenticatiomlgorithms.Thefuseddecisionsarereportedo

have signi cantly fewer errorsthantheindividual decisions.Ben-Yacoubet al. [19] combine
the classi cationsof a voicerecognitionsystemanda facerecognitionsystemin theiridentity
authenticatiorapproachThey reportthata Bayesiarbasedusionstratgy usingthe Minimum

Probabilityof Error costfunctionandan Arti cial NeuralNetworkstratgy yield thebestres-
ults. Kittler et al. [17] usea Bayesian59] basedfusion methodologyto combineevidence
from comparingthe imageof anindividual's faceagainsta numberof differentimagesof the
candidatéheldon adatabaseThey reporta reductionin errorrateover usingjustasingle
imageper candidatedatabase This work is extendedto a full identity recognitionsystemin

[18].

Speakermecognitionis itself often treatedas an information fusion problem, where by the
speectsignalis dividedinto small subbandandindividual decisionsmadefor eachsubband
arecombined[60]. Higgins et al. [58] describea personidenti cation systembasedon this

ideawhich usesa Bayesiarbasedusionstratey.

2.2.2 RemoteSensing

Remotesensingrom satellitesandaircraftis appliedto anumberof applicationsin particular
to the classi cation of land use. Multisensorand hyperspectraimagescan containmorein-
formationthansinglesensolimages.Thisinformationcanbeusedto signi cantly improve the

performancef suchclassi er systemg12—1525].

Kermadand Chehdi[25] describean approachto the locationand classi cation of seaveed
usingan airbornemultispectralimager They usea decisionlevel fusion stratgy wherethe
individualbandsare rst independenthsegmentecby multi-thresholding Bandsfoundto have
similar resultsare groupedand classrepresentaties chosen. Thesesggmentationsare then
combinedusingclusteringalgorithms.Hegarat-Mascleet al. [15] alsofuseland classi cation
resultsfrom differentsensors. They use DempsteiShaferevidencetheory[61] to combine
classi cationsfrom individual sensorandreportsigni cant improvementsover singlesensor
results.Leeetal. [12] comparehe performancesf probabilisticandDempstetShaferfusion
stratgiesappliedto combiningdifferentsourcesof remote-sensindata. They concludethat
both stratgies leadto improved classi cation accurag andthat thereare mary similarities

betweerthem.
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2.2.3 ImageFusion

In ImageFusion,multiple imagesare combinedinto a singleimage. The individual images
may be formedby differentsensorsfrom differentviewpoints,or by a single sensorat dif-
ferenttimes. ImageFusionis anincreasinglyimportantresearctareawith mary applications
includingmedicalimaging[28], suneillance[62] anddefencg63]. A suney of imagefusion
stratgjiesis given by ZhangandBlum in [64]. Theimproved “quality” in Wald's [4] sense
relatesto the clarity andamountof informationin thefusedimage;XydeasandPetrwic [65]
proposean imagefusion performancemetric basedon the preseration of edgeinformation

from theindividualimages.

Differencedetweerthe sensompositionsandin imagingcharacteristicsequirethe individual
imagedo beregisteredbeforethey canbefused[66]. Physicalregistrationstratgjiesuseselec-
tedlensesandmirrorsto separatehedifferentsignals.The designof dualaperturesensorgor
millimetre radarandinfraredis describedoy Klein in [24]. Toetet al.[63] useda germanium
mirror to separatavavelengthsn their dual apertureForwardsLooking Infrared/ visible light
sensor Algorithmic registrationstratgiesidentify pointsof correspondencketweerthe im-

agesandusetheseto determinghe parametersf anappropriatéransform.

In controlledenvironments,suchas medicalimaging,it may possibleto usearti cial refer
encepointswhich arevisible to all sensors.Matsopouloset al. [28], for example,registered
MagneticResonancandX-ray Computedifomographymagedy placingmaterialsevidentto
bothsensor®nthesubject.Li etal. [67,68] proposedan automaticvisual/ infraredregistra-
tion systembasednintensitycontoursn theimages A consisteng checkingstepwasusedto
discardfeatureswhich did not appeaiin bothimages.Joneset al. [62] usehalogenspotlights
as calibrationtarmgetsto enablethe coragistrationof imagesfrom visual andthermalinfrared

cameras.

Objectsandfeaturesf interestcanappeaat differentscalesn theimage,dependingon both
the objectsizeandits distancefrom the imagingdevice. To ensurethatthe fusedimagecap-
turesdetailsat all scales,a Multi-ResolutionDecomposition(MRD) canbe used. A suney
of multiscalebasedusion stratgiesis givenby ZhangandBlum in [64]. Early work useda
MRD basedntheGaussiafPyramiddeconstructiofi28,63,69], laterthewaveletbasediRD
cameinto use[70]. The GaussiarPyramidis a MRD basedon successiely low pass Itering

andsubsamplinghe originalimage. The initial imageformsthe bottomlevel of the pyramid
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Figure 2.1: TheMixture of Expertsarchitecture for combiningneural networks.A gatingnet-
work determineshe contributionsof individual experts.

with subsequerlevelsformedby thelow passltering andsubsamplingf the previouslevel.
The wavelet transform[71,72] canalsobe usedto give a multiresolutiondecompositiorof
animage[73]. The transformusessuccessie applicationof high andlow pass Iters with
subsamplingThewaveletcoefcients correspondindo the high passmagecaptureedgefea-
tures. By fusingimagesin the waveletdomain,theseperceptuallysigni cant featurescanbe

presered.

2.2.4 Training Neural Networks

Fusionstratgiesarealsoappliedto trainingArti cial NeuralNetworks[74]. In theCommittee
of Expertsapproacha numberof individual networksor expertsaretrainedandtheir outputs
combined.This hasa numberof advantagesparticularlybecauseherelative performancef
differentnetworkstendsto vary over theinput space.Edwardset al. [75], who usea commit-
teeof neuralnetworksto improve quality predictionin papermaking,takethe averageof the
individual network outputsasthe fusedoutput. Hinton's Productsof Experts[76] technique
for trainingsetsof neuralnetworksusesa combinatiorstratgyy basedn takingthe productsof

individualexpertmodels.

The Mixture of Experts[77,78] approachmakesuseof the naturaldecompositiorof certain
tasks.A setof neuralnetworksaretrainedon individual subtasksandthe outputsof theseex-

pertsarecombined A gatingnetworkis trainedto determinghecontributionsof theindividual
expertsfor a giveninput pattern.Theinput to thegatingnetworkmay or may notbethe same

astheinputto theindividual experts. Thisapproachs illustratedin Figure2.1.
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Figure 2.2: A canonicalarchitecture for InformationFusion.

A popularalternatve to usinga gatingnetworkis the competitivdearning approachin which
individualexpertscompeteo be selectedor particularinput patterns A varietyof competitive
stratgies have beenproposedpne of the simplestof thesechooseghe expert whoseweight
vectoris the smallestEuclideandistancefrom the input vector[79]. The weightsof the win-
ning expert are updatedo be moresimilar to the input vector McNeill et al. [80] compare
4 competitive learningstrat@iesappliedto train an autonomousobotto track the motion of
a pointlight source.They concludethatthe performancesf competitive learningstratgiesis
bestwhenratherthana “winner takesall” stratgy the contributionsof individual expertsto a

particularinput patternareweighted.

2.3 Methodsof Information Fusion

In thecanonicalnformationFusionarchitecturéllustratedin Figure2.2,aphenomenois ob-
sened andprocessedby a numberof individual techniques.Informationfrom the individual
techniquess combinedat a FusionCentre. The individual techniquesnight be sensorg22,
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 techniquesasedon Fuzzysettheory[27,47,89,90],
DempstetShaferevidencetheory[12,15] andStochastienethods.

A review of decisiorfusionoperatorss givenby Bloch[8] which classi esoperatorascontext
dependentwhereglobal knowledgeis takeninto account,or context independenwherethe
fusionis dependentnly ontheindividualvalues.Contet independenbperatoraresubdvided
into variablebehaiour, wherethefusionvariesdependingntheindividualvalues or constant
behaiour.

11
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The remaindeof this sectiongivesanovervien of the popularapproacheso InformationFu-
sionidenti ed in theapplicationof theprevioussection:committeemethodsclusteringmeth-
ods,methoddasednfuzzy settheoryandmethoddasedn DempstetrShafervidencetheory

andon Bayesiardecisiontheory

2.3.1 Committee Methods

A key problemin Information Fusionis how to enablethe differentinformation sourcesto
contributeto aresult. Vote baseddecisionfusion methodsgyroupindividual expertsor discrim-
inating functionsinto a settermeda committee In this approachthe individual expertscast
votesfor the correcthypothesis.A variety of voting rules have beenproposedjn the Major-
ity Vote rule the hypothesiswith the mostvotesis chosen.A summaryof the backgroundo

committeetheoryis givenby Mazuror etal. in [87].

Yussof et al. [88] describea committeebasedfusion methodto combineexpertsfor shot
changedetectionin video sequencesThe detectionproblemis a binary hypothesigproblem.
They usetheMajority Voteruleto combinendividualexpertdecisiondor aframe,anddescribe

experimentdo nd goodparameterfor theindividual expertsunderthis fusionstratayy.

Although effective classi erswould be expectedto allot high ranksto correcthypothesesas
the numberof hypotheseincreasesthelikelihood of anincorrectchoicebeingrankedtop is
alsoincreasedBy fusingrankingsof choicedrom individual classi ersratherthanjustthetop
decisionstherisk of completelyrejectingthe correcthypothesicanbereducedHo etal. [86]
describemethodgo reducethe hypothesisetto assmalla subsethatstill containghe correct
hypothesisaspossible.Ho etal. alsodiscusslasssetreorderingwherethe classrankingsare

alteredto placethetrueclassascloseto thetop rankaspossible.

2.3.2 Clustering Methods

In someclassi cation applications especiallyat the featurelevel, individual resultscantake
valuesdrom arangeratherthanmakingabsolutedecisions For example theindividualpersonal
authenticatioralgorithmsusedby Chatziset al. [16] give estimatesn the range with
thelimits and indicating rejectionand acceptanc®f the proposeddentity respectiely.
Clusteringfusion methodscombinesuchresultsby forming obsenationvectors  from the

individual classi ersthenby groupingthevectorsinto  clusterswhere is thenumber

12
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of hypothesesFor anobsenation , thefuseddecisionis the hypothesisassociatedvith the

clusterto which the obsenationis allocated.

The well known -meansclusteringalgorithm[91] partitionsdatainto  subsetsseekingto

minimisethe Euclideardistance between vectors andtheclustercentroids

(2.1)

Chatziset al. [16] use -meansclusteringto combineresultsof personalauthenticatioral-
gorithmshby setting , With the binary hypothese®f acceptingor rejectingthe

proposeddentity.

Clusteringis alsoa popularapproachto accumulatingevidencefor locatingandrecognising
objects[92,93]. In this approach featuresdetectedin animageare usedto strengtheror
weakensupportfor elementsn anaccumulatotableof posehypothesesThisis alsoreferred

to asthe GeneralisedHoughTransform[94].

2.3.3 Fuzzy SetMethods

Often the membershipof an element of aclass is ambiguous. For example,it canbe
dif cult to consistentlyseparatgroupsof peopleinto classe®f “tall”, “mediumheight”and
“small”, asthe classi cationsare not crisply de ned. Fuzzysettheory rst introducedby
Zadeh[95], associatea “membershipfunction” with elementgo representhe degree
of their membershigo aset . Often is constrainedo lie in therange so that
the closer is to 1, the greaterthe degree of membership.The choiceof membership
functionis usually subjectve and parametrisedy somecon dencemeasureassociatedvith

theclassi cation.

A widevarietyof operatorgor fuzzy setshave beenproposedn theliterature andthechoiceof
operatoiis usuallysubjectveandapplicationrdependen©6]. Thesimpleunionandintersection
operatorproposedy Zadeh[95] areillustrative examplesvhosemembershigunctions,given

toclasses and , areasfollows:

13
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(2.2)
(2.3)

NejataliandCiric [27] usefuzzy setsto represenboth classmembershindsensomoisein
their multisensolimagefusionapproach.They give a simulatedexamplewhereelectricalim-
pedancdéomographyis appliedat differentfrequencieso detectbiologicalorgansin asubject.
A membershigunctionbasedon pelintensityis usedto classifypelsin theindividualimages
formedby eachfrequeng band. Theseindividual classi cationsarethencombinedusingan

operatomwhichis similarto ( 2.2) but which alsotakesaccountof sensouncertainty

Schnattef97] suggestshatthe inaccurag of a measuringprocessds bestexpressedy fuzzy
ratherthan stochastianethods. Accordingly, Hong and Wang [89] usefuzzy theoryto ex-
presauncertaintydueto themeasuringprocessn their multisensofusionstratgy basednthe
KalmanFilter [98].

2.3.4 DempsterShafer EvidenceTheory

DempstetrShaferEvidencetheory[61] offersanalternatve methodof dealingwith uncertainty
in which a basicprobability numberor massfunction is associatedvith every element

of thesetof subsets of thehypothesispace sothat[15]:

(2.4)

(2.5)

Themasgfunction is ameasuref thebeliefexactlyin , thetotalbeliefBel in is
the sumof its massunctionandthe massfunctionsof all its subsets :

Bel (2.6)

14
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Anotherusefulfunctionis the PlausibilityfunctionPIs , whichmeasurethedegreeto which

is notdoubted:

Pls (2.7)

PlausibilityandBelief functionsrepresenthe maximumandminimumuncertaintyin . As
may be ary subsetf , uncertaintyaboutsetsof hypothesesanbe representedTwo mass
functions and  canbecombinedo give athird massfunction usingthe orthogonal

sum,de ned asfollows [61]:

(2.8)

if thedenominatois thentheorthogonakumis saidnotto exist.

Hegarat-Mascletal. [15] useDempsterShaferevidencetheoryin theirmulti-sensotandclas-
si cation approach.They describean unsuperviseanethodfor allocatingmassfunctionsto

hypothesesetsandcombinetheseusingtheorthogonalsum.

2.3.5 Probabilistic Methods

Bayesiandetectiortheoryoffersawell understoodramevork which canbe usedfor Informa-
tion Fusionin whichuncertaintyin theindividualresultss expressedby probabilities.Classical
Bayesiardetectiontheorywas rst extendedo the distributedsensorcaseby Tenng andSan-
dell [23], who developedoptimal decisionfunctionsfor the individual detectors. However,
they did notdeveloprulesfor the fusioncentre.ChairandVarshng [22] extendedthe work of
Tenng and Sandellby developingan optimal decisionfusion stratgy for a binary hypothesis
detectionproblem. Thomopoulosetal. [81] developedan optimal decisionfusiontechnique
usingthe Neyman-Pearsotest. Out et al. [99] appliedthe Bayesiarfusion approactto com-

bine predictiondrom neuralnetworks.

Kittler et al. [84,85,100] developeda theoreticalframeavork basedon Bayesiantheory and

15



InformationFusion

[ — -

- Decision h0

Phenomenon

Observation Spack

Figure 2.3: Theobservatiorspace is split into disjointregions , sothat givenan obser
vation , if thenhypothesis is chosen.

showv thatmary popularfusion stratgiesare specialcasesof this framevork. Anandaligam
and Chen[26] describeda generalBayesianmodel for a linear combinationof biasedand

correlatedestimatesvith applicationto forecasting.

The decisionfusion problemmay be seenasan  hypothesisdetectionproblem[22] with

hypotheses where individualdetectordecisions form theobsenation

T (2.9)

whereT denoteghetransposeThetaskcanthenbe approachedisingclassicaldecisionthe-
ory [59]. As illustratedin Figure2.3,the obserationspace is splitinto disjointregions
sothatgivenanobsenation , if thenhypothesis is chosen.The expectedcostor

risk for thedecisionsystemis then:

(2.10)

Theindividual hypothesesnaythemselesbevectors asis the casefor Motion Estimationandsoby corven-
tion shouldbein bold font. However, for the sakeof clarity they have beenleft in normalfont.
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where is the costassociateavith choosinghypothesis when istrue,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 sumisthe x edcostof thedecisionsystemandthe secondermis the costdependent
onthe choiceof decisionregion boundaries. is the costassociateavith choosingthe
correcthypothesisandis typically . Theminimumof this risk functionis whenthe decision
regions areassignedo minimisetheintegrandsn (2.12)(assigning tocoverobsenation

is equivalentto choosinghypothesis given ), andso is choserif:

(2.13)

Sincethe obseration is comprisedof the decisions with individual distribu-
tions , canbedeterminedf the distributionsandtheirinter-dependencies

areknown.

In mary fusion problems the estimate is a valuefrom a continuougrange rather
than a discretehypothesis. This issuecan be avoided by quantisingthe rangeinto discrete
hypothesef47]. However, treatingtheproblemasestimatiorfusionratherthandecisiorfusion
enablesa more naturalrepresentatioffior certainapplications. The risk associatedvith the

decisionsystem( 2.10)may bere-formulatedasfollows [59]:
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(2.14)

(2.15)

with  minimisedwhen is assignedo minimisetheinnerintegral.

2.4 Discussion

The choiceof fusion strateyy is typically applicationdependent.The previous sectionshave
examineda numberof InformationFusionapplicationgeportedn theliteratureandhave iden-
tied avariety of fusion stratgiesfrom theseexamples. The applicationconsideredy this
thesisis Motion Estimation,this sectiondiscusseshe relative merits of the differentfusion

stratgiesfor thistask.

Sincea key motivation for the work in this thesisis to take advantageof the differencesn

performancédetweenMotion Estimationtechniquesinderdifferentconditions,it is important
thatthechoserfusionstratgy shouldbeableto takecon dencemeasureto account.Simple
committeevoting methodsdo nottakeaccounbf uncertaintyin theindividualdecisionsRank
basedmethodsgo someway to dealingwith this, but still do not allow for differencesn the
performanceof individual techniques.Fuzzy DempstetShaferand Probabilisticmethodsdo

enablecon denceto betakeninto account.

Classi cationfusionstratgjiessuchascommitteemethodsgclusteringmethodsandDempster
Shaferevidencetheorywork with discretenypothesediowever motionestimatesrein general
continuousvalues. The motion vectorscould be quantisedo enablediscretevalue methods
to be applied. However as precisionrequirementsncreasethe numberof hypothesesnust
increaseaccordinglyand large numbersof hypothesean be problematicfor classi cation
fusion stratgies, especiallyasthe differencebetweenclassebecomesigyligible. FuzzySet

andBayesiartheory however, arebotheasilyextendedo the estimatiorfusionproblem.

Fuzzytheoryis sometimeseportedto subsumerobability theoryandenablerepresentations
of uncertaintieshatcannot be expressedy probabilities]97]. Howeverthis is a very conten-

tiousissue.LavioletteandSeaman[101] amguethatFuzzySetTheorydoesnot offer arything
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morethanprobabilitytheory Applying fuzzy settheoryto a problemrequiresthatfuzzy rep-
resentationspperatorsanddefuzzi cationoperatordede ned. It is notclearhow this should

be doneandin theliteraturethechoiceis oftensubjectve andapplicationdependent96].

The performancef Bayesiarbasedusiontheoryis typically reportedavourablycomparedo
othermethodsdn the literature. Lavioletteand Seaman[101] notethatwhencomparisonsre
madein theliterature techniquedbasedn probabilitytheoryaretypically reportedto equalor
outperformfuzzybasedechniquesDasarathyeportgreliminaryresultsfrom acomparisorof
avarietyof fusionstrat@iesincludingFuzzyandBayesiarbasedstratgiesappliedto decision
makingfor ballistic missiledefenceapplicationg102]. Althoughhe draws no strongconclu-
sionsfrom theseearlyresults the Bayesiarbasedusionstratey givesthebestperformancen
termsof targetID accurag andfalsealarmrates.Leeetal. [12] comparea statisticalapproach
basedon Bayesiantheory againstan evidential approachwhenappliedto land classi cation
from remoteinfraredandvisible light sensorsthey reportsimilar performancdor bothtech-
niques. Ben-Yacoubet al. [19] comparea variety of fusion stratgiesin their multi-modality
personaldentity veri cation approactandreportthata Bayesiarbasedstratgy yieldsthebest

performance.

In summaryafusionstrategy for Motion Estimationshouldhave somemechanisnior repres-
entinguncertaintyand shouldwork well with a continuousvalueddomainandrange. Com-
mittee basedmethodaneetneitherof thesecriteria. Clusteringand DempstetShafermethods
do takecon dencemeasurednto accountbut arebasedon discretehypothesesinformation
Fusionbasedn Bayes'criterionextendsreadilyto continuousvalues,andhasbeencompared
favourablyto alternative techniquesn theliterature.FuzzySettheorycanbeusedto represent
continuousvalues,but the choiceof fuzzi cation, aggreationand defuzzi cation operators
is subjectve andit is not clearthatthe useof Fuzzy Settheoryleadsto ary adwantageover
probabilisticmethods. Probabilisticmethodshave alsobeenshawn to to be very effective at
representingnotionin imagesequencefl03]. For thesereasonsthis thesisadoptsa fusion
stratgly basedon Bayes' criterion. The following sectiondescribeghe Bayesianbasedap-

proachin moredetail.
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2.5 Information Fusionwith Bayes' Criterion

Bayesianestimationtheory provides a popularframevork for Information Fusionwhich is
appropriatdor applicationto fusingmotion estimates Section2.3.5gave a brief introduction

to thisapproachThis sectiondiscusseghe approachin greaterdetail.

2.5.1 CostFunctions

Threecommoncostfunctionsarethe Minimum Probabilityof Error (MPE), AbsoluteDiffer-

ence(AD) andSquarecError (SE)functions.Thesearede ned below:

if
MPE _ (2.16)
otherwise
AD (2.17)
SE (2.18)

The MPE Costfunction penalisesll errorsequally while the AD and SE costspenalisdarge
errorsmorethansmall errors. All thesecostfunctionshave zerocostfor a correctsolution,

whichis areasonablassumptiorfior mostproblems.

The AD andSEfunctionsrequireadifferenceoperatoyandso cannot alwaysbe meaningfully
appliedto decisionfusion. The MPE costfunction, however, canbe substitutedn ( 2.13)to
give:

(2.19)

(2.20)

where( 2.20)follows by applicationof Bayes'rule. Thisis anequivalentstratey to choosing
the hypothesisvith maximuma posterioriprobability
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Figure 2.4: Examplecostfunctionsa) the MPE costfunction,b) the AD costfunctionand c)
the SEcostfunction.

(2.21)

The MPE, AD and SE costfunctionscanall be meaningfullyappliedto EstimationFusion
(2.15). The MPE costfunctionis re-writtenas:

if
MPE _ (2.22)
otherwise

with  anapplicationdependenvalue, but typically small. This functionis illustratedalong

with the AD and SE costfunctionsin Figure 2.4. The MPE costfunction canbe substituted
into (2.15)to give:

(2.23)
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which is clearly minimisedwhere is chosento maximise . As ap-

proaches thisis equivalentto choosing to maximisethe a posterioridistribution

MPE (2.24)

Assumingscalarestimatesthe SE costfunction canbe substitutednto the inner integral of
(2.15)to give:

SE (2.25)
takingderivativeswith respecto andsettingtheresultto gives[59]:
SE (2.26)
SE (2.27)
SE (2.28)
where (2.27) comesfrom using . This is just the averagevalue of the

distribution.

Similarly, substitutinghe AD costfunctioninto theinnerintegral of (2.15)gives:

AD (2.29)

(2.30)

Againtakingderivativeswith respecto andsettingtheresultto  gives[59]:
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(2.31)
which suggestshatthe fusedestimateshouldbe the medianof thedistribution.
2.5.2 Combining Distrib utions
The joint conditionaldistribution canbe determinedrom the individual distributions

andtheir inter-dependencied-or example,if the individual estimatesare statistically
independenthenthejoint probabilitydistributionis justthe productof theindividual distribu-

tions:

(2.32)

From Equation(2.24)t was seenthat the MPE costfunction leadsto a fusion stratgy that
chooses to maximisethe a posterioridistribution . By applyingBayes'rule and

substituting( 2.32), canbeexpressedsfollows:

(2.33)

substitutingnto 2.24yields:

(2.34)

with removedbecausd isthesamefor all . This canbewrittenin termsof the posterior

distributionsfrom theindividual estimatorsasfollows:
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(2.35)

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

(2.36)

Thisproductrule for classi ercombinatioris severein thatif ary classi erallocatesaverylow
or zeroprobability to a hypothesighentherisk associatedvith that hypothesiswill be high,

evenif theremainingclassi ersallocatethe hypothesiigh probabilities.

Kittler etal. [84,100] suggesthatit befurtherassumedhattheindividual posteriomprobabil-

itiesarenot signi cantly differentfrom the prior probabilities thisis formulatedasfollows:

(2.37)

where is very small. (2.35)cannow bewritten:

(2.38)

by expandingthe productandignoring the secondorderand higherterms,they derive a less

severecombinatiorstratgy basedn summingtheindividual distributions

(2.39)
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Kittler et al. [84,100] shav that this sumrule is lesssensitve to errorsthanthe productrule
for combiningclassi ers. Similarly, in the statisticalliteratureaveragingthe individual distri-

butionshasbecomea popularapproactio combiningmodelg[104].

Theindependencassumptiolis not generallyvalid, andsowill atbestleadto alossof inform-
ationin the fusion processandpossiblyto classi cationerrors. Anandaligamand Chen[26]
describehow biasedand correlateddistributions may be combinedfor Information Fusion.
Typically, dif culties in determiningnter-classdependencief®rce thisassumptionHowever,
Leeetal. [12] notethat the assumptioralsohassomebene ts for informationfusion, asin-
formationsourcesaretreatedseparatel\so new sourceaneasilybe addedandthe lossof a

sourceis easilydealtwith.

2.5.3 Commenton Fuzzy Approaches

An importantproblemwhenFuzzyapproacheare adoptedor InformationFusionis how to

chooseappropriatduzzi cation, aggrgationanddefuzzi cationoperatorsAlthough,for reas-
onsdiscussedn Section2.4,a Fuzzyapproacthasnot beenadoptedor this thesistheauthor
notesthatan analogywith the Bayesianapproachdiscussedn this sectioncanhelpin the the

choiceof thesefunctions.

The a-posteriori probabilities representuncertaintyin the individual estimatesand
so areanalogoudo fuzzy membershigunctions,which suggestshatthe fuzzifying function
shoulddescribethe likelihood of anobsenationwith respecto differentevents. The combin-
ation of theseto give is analogoudo applyingthe fuzzy aggrgationfunctionsandso
theinter-dependenciesf solutionsshouldbe modelledby the choiceof aggregationfunctions.
Finally, the defuzzifyingfunctionis analogougo solving Equation(2.14),which suggestshat
the defuzzifyingfunction shouldmodelboth a priori knowledgeandrisk. This analogyhas
beenreportedn [47] and[48].

2.6 Summary

This chapterhasintroducedthe Information Fusionresearcheld. Information Fusionhas
a wide rangeof applicationsandthereexist a variety of approachesvhich areto an extent

applicationdependentPopularfusion stratgiesinclude Committeebasednethodsglustering
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methodstechniquebasedn Fuzzysettheory DempstetShaferevidencetheoryandBayesian
decisiontheory Of these Bayesiarhasedlecisiontheorywasfoundto bethe mostappropriate
stratgy for combiningmotionestimatesscon dencemeasuresanbetakeninto accountand

thetechniquesdaptwell to a continuousraluedrangeanddomain.
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Chapter3
Analysis of Image Motion

3.1 Intr oduction

The problemof detectingand interpretingmotion from imagesequencess importantfor a
numberof applicationsincluding image sequenceompressiorf29,30], robot control [36],
navigation [35] andtracking[37]. A surnwy of the eld is given by Mitiche and Bouthemy
in [105]. BeauchemirandBarron[106] provide a surwey of Motion Estimationin which they
classifytechniquessDifferential,Correlationor Frequeng based.This work waslaterexten-
dedin atechnicalreportby Barronetal. [107]. This chaptempresentsan overvienv of motion
relatedresearchn imageprocessingandpresentshreeexamplesof motiontechniquesvhich

areusedin thisthesisasexamplesfor InformationFusion.

Whenthe imageof a scenechangegsherearea numberof possiblecausesincluding altered
illumination, characteristicef theimagingsystemnoise,andthe motionof objectsin thereal
world relative to theimagingdevice. Two prominentareaf researctiooking atimagedscene
changesare Motion Estimationand Motion Compensation Motion Compensatioris part of
theimagecompressioneld, thecompressiomene t comesfrom theremoval of temporalre-
dundang in framesequencesMotion Estimationresearchs interestedn determiningwhen
imagedscenechangesrecausedy objectmotion,andin determiningvhatrealworld motion
causedhechangesA simplerversionof Motion Estimationis Motion Detection wheretech-
niguesdeterminavhenimagescenechangesrecausedy realworld motionbut do nottry to

determinevhatmotionoccurred Figure3.lillustratesthis decompositiorof theresearcheld.

Althoughthethemeof thisthesisis Motion EstimationratherthanMotion Compensatiormary
Motion Estimatiorntechniquesirederivedfrom theMotion Compensatioreld andsoit makes
senseto considertechniquesaccordingto this taxonomy which is the basisfor the structure
of this chapter:Section3.2 and Section3.3 give overviews of the Motion Compensatiomand
Motion Estimation elds respectrely. Section3.4 presentshe exampletechniquesisedin this
thesisanddiscussesssuesf timelinessin termsof the Accurag-Ef ciency trade-of problem

in Motion Estimation.
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[ Changes in Images}

: Reduced size of
Es\;&l)nrwlgttrensott)ifo;eaL - { Motion Estimation } [ Motion Compensatio%r -~ of coded image
sequences

Identify when
changes are due to '{ Motion Detection }
real world motion

Figure 3.1: A simpletaxonomyfor reseach onimagedscenechanges.

3.2 Motion Compensation

Typically, muchof the scenein animagesequenceemainsconstanbover time. Also, the ap-
pearancef themoving partsin theimagetendsto vary slowly. This leadsto temporal(or inter
framé redundang in codedimagesequencewhich anumberof compressiomlgorithmssuch
asMPEG-1[31] andCCITT H.261[32] try to utilise. Techniquegor Motion Compensation
look for waysto predictthe pelvaluesin oneframefrom pelintensitiesandmovementdetected
in otherframes[29].

The effectivenessof a Motion Compensatiotechniqueis measuredy the compressiomgain
it enablesandnot by how well the techniqueestimatesnotionin the realworld. This canbe
evaluateceitherasafunctionof predictionerroror from theentropyof theencodedignal[108].

Motion vectorswhich accuratelydescribeealworld motiondo not necessarilyeadto the best
compressiotbene ts. For example,if alargeobjectof constanintensityis moving in animage
sequencethen settingthe motion vectorsinside the objectboundaryto be zerocan give as
goodcompressioibene ts asthe true motion vectors,eventhoughtheimageis moving. This

is because¢hezeromotionvectorsaresufcient to enableagoodreconstructiorof theimage.

Most Motion Compensatioechniquesanbe classi ed asoneof two prominentstratgies:
Correlation Basedand Pel-Recursivamethods.A third stratgy involvesworking in the Fre-

guencyDomain This sectiondiscusseshesedifferentapproaches.

3.2.1 Correlation BasedMethods

If it is assumedhatlocal pel motionis uniform,thenpelsmaybegroupednto zonesandtheir

motion consideredogether Themotion of azonemaybe estimatedy searchingor the most
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similarzone,accordingo somemeasuref similarity, in subsequerftames.Correlationbased
methodsdiffer mainly in their choicesof similarity measurezoneshapeandin the search
algorithmusedto nd the mostsimilar zone. The choiceof searchalgorithmmainly affects

speedvhile zoneshapeandthe similarity measurenoredirectly affect accurag.

Similarity Measures
Onesimplesimilarity measure is the sumof somepel by pel comparisorfunction over

two isomorphiczones.For squarezonesof width  pelsthisis formulatedasfollows:

(3.1)

where is the intensity of the pel attime . Differentmotionvectors
areexaminedto nd the vectorthatyieldsthe greatessimilarity to the referenceblock. This

rectangulablock basedapproachs commonlytermedthe Block MatchingAlgorithm (BMA).

Commoncomparisorfunctionsarethe AD (AbsoluteDifference)where , the
SD (Squaredifferencewhere , andthe CC(CorrelationCoefcient) where

. With the AD andSD functions,low valuesof  suggesgreatersimilarity, and
soit is moreappropriateo call thesemeasuresf distortion. The CC measurdasa maximum

wherethezonesaremostsimilar.

Zone Shapeand Size

Although by far the mostcommonzoneshapen motion compressioris a squareblock of
pels,usually8x8 or 16x16,a numberof alternatveshave beenused. The generalisedrans-
formationof Seferidisand Ghanbari{109,110], for example,allows blocksto be ary corvex
guadrilateralandallows the shapeof thesequadrilateraldo changeover time. This enablesa
more accurateportrayalof the motionin the scene but thereis a compl«ity trade-of asthe
searchalgorithmmustnow nd the bestparametersor thetransformatioraswell thetransla-

tion.

Thesizeof theblock affectsthe spatialscaleat which motionmaybedetected108,110-112].

A numberof schemesakeaccounbf thisandadoptvariableblock sizesovertheimage.There
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is alsoa tradeoff betweensensitvity to noisewith smallerblocks and covering differentre-
gionswith largerblocks.KanadeandOkutomi[111] describeamethodfor adaptiely selecting
the block sizebasedon local intensityvariationanddisparityin the context of StereoMatch-
ing. Anotherapproacho selectingblock sizeis to startwith large blocksand segmentthem
accordingto somesplitting criterion. Typically, a guad-treesegmentationis usedbecauséhis
offersagoodtrade-of betweeraccuratesegmentatiorandrepresentationa@ompleity[110]. A
numberof criteriahave beensuggestefor selectingappropriatédlock sizes thesearetypically

baseckitheronthe predictionerroror on a measuref the entropyof the codedsignal[108].

Li andLin [113] usethe predictionerrorin their multi-resolutionblock matchingstrateyy. If
the predictionerror is abore somethresholdthenthe block is split. Seferidisand Ghanbari
[110] de ne the AbsoluteTempoal Differencesplitting criterionasthe sumof absolutediffer-
enceshbetweenn correspondindplocksin subsequenframes.If this differenceis abore some
thresholdthentheblockis split.

Malo et al. [108] notethatsuchcriteriado not takeaccountof the encodingmethod. Com-
pressionalgorithmssuchas MPEG-1[31] transformblocksinto the frequeng domainand
transmitthe quantiseccoefcients, asaresultthe predictionerror doesnot necessarilye ect
the compressiomperformance.They usea variableblock size chosenusinga criterion based
on the spectralentropyof the framedifference.Entropybasedmethodsare moredirectly re-
latedto effectivenes®f compressiompproachethanpredictionerrormethodsandsoaremore

appropriatdor Motion Compensation.

Search Algorithms

Thesimplestsearchalgorithmis to comparehepel zonein the currentframeattime  with
all potentiallocationsof the zonein the frameat time . Typically, it is assumedhat
thereis somemaximumvelocity thatneedsbe consideredandso the searchradius canbe

restricted29]. Thenumberof potentiallocations which mustbe considereds then:

(3.2)

asillustratedin Figure 3.2. This searchalgorithmis known asthe Full or Exhaustve Search

Algorithm (FSA). The FSA is computationallyexpensve and so too slow for mary applica-
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Search window of

potential locations
(top left pel of block)

Location of reference
block in previous frame

Figure 3.2: Exampleseach window fora pelblodk with theblodk locationindexed
bythetopleft corner

tions, andsotherehasbeena greatdealof attentiongivento nd fastersearchalgorithms.A

commonthemeis to nd waysto eliminateunlikely matchedrom the searchsoreducingthe
requiredcomputation An interestingconsequencef suchef cient implementationss thatthe
runtime of the methodscanbecomedependentn theimagesequenceAlternatively, methods

of reducingthe compleity of (3.1) maybe sought.

Oneway to speedblock matchingis to nd fasterimplementationsvhich achieve equivalent
accurag but at lower computationatost. Examplesof suchfastimplementationsncludethe
Successie Elimination Algorithm (SEA) proposedy Li andSalari [114] andthe Block Sum
Pyramidalgorithm(BSR\) proposeddy Lee andChan[115]. Both theseapproacheglentify
functionsof pel intensitieswhich are easierto computethanthe full similarity measurebut
which canbe usedto rejectmary blocksasbeingvery dissimilar so saving time calculating

thefull similarity measurdor thoseblocks.

Somefast block matchingalgorithmsaccepta loss of accurag for improved computational
efciency. A popularmethodis to assumehatthe distortionfunctionusedto compareblocks
increasesnonotonicallyasthe searchmaoves awvay from the bestmatchposition[116]. Since
mary realimageswill not be consistentvith this monotonicdistortionassumptiona level of
erroris introducednto suchalgorithms.Figure3.3shavs anexampleplot of the AD distortion

measurdor a referencédlockwitha pelsearctrange.ln additionto theglobalminimum,
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Figure 3.3: Exampledistortion surfaceusingthe AD as the differencemeasue for a
refelenceblock anda search rangeof pels.

thereis alocal minimumwhich maycauseerrorsin searchalgorithmsthatmakethemonotonic

distortionassumption.

The most popularfast searchapproachthat takesadvantageof the monotonicdistortion as-
sumptionis to usea setof searctpatternsvhich progressiely re ne themotionestimatg117].

The Three-Step-Seardf SS)[118], which usesa x ed patternof searchocationsdistributed
over the searchwindow, hasbecomeone of the mostwell known of thesealgorithms. Li et
al. [119] notethatthe distribution of motionvectorsis typically biasedowardsno motionand
so presenta centre-biasedersionof the TSSwhich givesfasterperformanceon imageswith

small motionvectors,they call this the New TSS(NTSS).The NTSSconsideramoremotion
vectorsthanthe TSS,but usesan early stoppingcriterionto save searchingunlikely locations.
Po and Ma [120] presenthe Four-Step-SearclrSSalgorithmwhich usesconceptsrom the
TSSandNTSSto give similar (thoughslightly worse)performanceo the NTSSatlower com-
putationakost.NisarandChoi[121] recentlypresenteadcentre-biasedearchalgorithmwhich

appliesthe assumptiorof monotonicallyincreasingdistortionto reducethe numberof motion
vectorsconsideredThey presentesultswhich shov both errorandspeedmprovementsover
the TSSalgorithm.

The 1D Full Searctalgorithmproposedy Chenetal [122] is alsoanapproximatdastversions
of the FSA which makethe monotonicdistortionassumptionRatherthanusesearchpatterns
to minimisethe distortionmeasurethis approachusessuccessie 1D searchesn alternating

horizontal/\erticaldirections startingeachsearchat from the pel locationwith the bestmatch
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value from the previous step. The searchlengthis halved every horizontaliteration, until a

singlepelis identi ed.

An alternatve approximationapproacho speedingblock matchingis to estimatethe general
directionof blockmotionusingsomeveryfasttechniqueandthenrestrictthesearcho locations
in thatdirection. YoungandKingshury [45] proposédhattheirfrequeng-domainbasedviotion
Estimationmethodshouldbeusedto directthesearctfor optimalmotionvectors,andthat nal

selectionof thebestlocationbeimplementedisingthe MSE distortionfunction.

Fenget al. [123] de ne the Bitplane Matching Criterion, in which bit planesareassociated
with blockssothata pel's bit planeelementis if the pel valueis lessthanthe block mean,
else . Bit planeswhich are very dissimilarto the referenceblock are unlikely to provide
good matchesso are discardedrom the search.In general the computationabavings made
by rejectingunlikely matchesarefar greaterthanthe smalladditionalcostof calculatingand

comparinghebit planes.

A numberof techniquesiseknowledgeof the compressiorproblemto improve on the FSA
speed.Suchapproachesanleadto Motion Compensatiomechniquesvhich yield goodcom-
pressiorbene ts but often give motion estimatesvhich do not correspondo real world mo-
tion. For example,CobanandMersereayl24] describea fastimplementatiorof the FSA for
Motion Compensatiompplicationswherethe bit rate for the compressedmagesequencés
constrained.The rate constraintcan be usedto reject potentialmotion vectorswhich would
adwerselyaffect the bit rate,evenif thosevectorsaccuratelyportraythe realworld motionin

thescene.

FanandGan[125] notethattherearesomecasesvheremotioncompensatiogannotimprove
the compressiomate,for examplewheremuchof theinterframedifferenceis dueto new ob-
jectsbeinguncovered. By identifying suchcasesusing simple correlationmethodsthetime

expensve FSA canbe avoidedaltogether

Camug[1] notesthatif the searchareaandblock width are x ed but the numberof frames
is allowedto vary, thenthe computationatompleity of the searchis linearin  ratherthan
guadraticin . This enablesubpel accurag in the motionvectors. However, in realterms

this mathematicalrick givesnoimprovementto FSArun-times.
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3.2.2 Pel-Recursive

Inthemid 1970's,Limb andMurphy[126,127]developedavery simpletechniqueor estimat-
ing themotionof a singletranslatingobjectbasedn the obsenationthatthe magnitudeof the
FrameDifferenceSignal (FDS) (or temporalintensity gradient)increasedinearly with speed
at low speeds.They shaved how to calculatethe horizontaland vertical component®f the
motionvectorsfrom afunctionof theFDSandElementDifferenceSignal(EDS) (or spatialin-
tensitygradient). The methoddevelopedby Limb andMurphy waslatershavn to be a special
caseof the Pel-Recursivenethods[30128].

Pel-Recursie techniquestartwith theassumptiorthatpel motionover moving areass trans-

latory. It followsthat:

(3.3)
whereagain is the intensity of the pel attime and representshe
motion of the pel. The FDScanthenbe calculatedasfollows:

(3.4)

(3.5)

— — (3.6)

(3.7)
where( 3.6) comesfrom expandingthe lastterm asa Taylor seriesabout andignoring
the higherorderterms. This is known asthe Motion Gradient Constaint. is the spatial
gradientof , and is the motionvector This canbe solvedusinglinearregression
to give [30]:

(3.8)
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wherethe sumsareoverthemoving area.This canbeusedto determingheappropriatenotion

vectorfor the pelsin themoving area.

Pel-Recursie methodsform the basisof the Motion EstimationDifferentialmethodswhich

will bediscussedh moredetaillaterin this chapter

3.2.3 Working in the FrequencyDomain

In a numberof popularcompressioralgorithmssuchas MPEG-1[31], imagesare corverted
to the Discrete CosineTransform(DCT) domain. As a result, a lot of hardwarehasbeen

developedfor this corversion,which in turn hasleadto interestin estimatingmotionin the

frequeng domain[129]. The2D DCT is de nedfor an block of pelsasfollows[130]:
DCT c0S —— c0S ——— (3.9)
—iff
— (3.10)
— otherwise
The DCT coefcient is just the averageintensity of the imageblock andis commonly

termedthe DC coefcient. The remainingcoefcients, termedthe AC coefcients, may be
interpretedas convolution masks(or basisfunctions)with the horizontalandvertical
spatialfrequenciesncreasingwith and . The masksfor an DCT areillustratedin

Figure3.4,wherethecoefcients have beenrescaledo lie in therange andinterpreted

asgreyscaleimages.

If afeaturemovesfrom onepointto anotherinsidethe window of a frequeng domaintrans-
formationthenthe transformedsignalwill incorporatethis shift. Koc andLiu [42—44]usethis
shift propertyof the discreteCosineandSinetransformg131] to detectthe movementof high
intensity pels on a zerointensity background. By applying an edgedetectorto the original

image thistechniquecanbeusedto determinehemotion of theedges.
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3.2.3.1 Motion Direction Estimatesfrom DifferencedDCT Images

The pixel differencedbetweersubsequerframestypically have large magnitudesit the edges
of moving objects.For example,a rectangulaobjectmaoving horizontallythroughanimaged
scenewill yield differenceframescontainingvertical high magnitudebars. Motion canbe es-
timatedby detectingandclassifyingsuchfeaturesin this sectiona motiondirectionestimation
stratgly developedby the author(andreportedin [53]) that operatesn the DCT domainis

described.

As the AC coefcients canbe interpretedas corvolution masks,they may be usedto detect
spatialfeaturesn theimages.Kim andD.Lee[132] usedthe signsof DCT AC coefcients to
distinguishbetweeredgepatternsn theirVectorQuantisatiotechnique LeeandCrebbin[133]
shoved thatthe DCT AC coefcients, normalisedoy one of the coefcients, canbe usedto
detectedgefeaturesndependenthfrom the pixel intensityvalues. Pagliari and Dennis[134]
useDCT coefcients to classifyedgefeaturesn their disparityestimationalgorithmfor stereo

vision.

As in the BMA, it is assumedhat frame differencesare dueto the translatorymovementof
an object, with respectto the imagingdevice, in front of a still backgroundunderconstant
and uniform lighting[116]. A high intensity objectmoving horizontallyin front of a darker
backgroundwill have a barof positive valuesat the leadingobjectedgeandnegative valuesat
thefollowing edge. It is desirablethat the featureclassi cationshouldbe independenof the
relative intensitiesof the backgroundandobject, this canbe achiezed by normalisingthe AC

coefcients usingthe DC coefcient.

Featureclassi cationis achievedby patternmatching of theDCT coefcients against

featuremodels.Thechoiceof featuress applicationdependent,.eeandCrebbin[133] used

24 edgemodelswhile PagliariandDennis[134] foundthat8 modelswveresufcient. Theresults
presentedn this sectionuse8 modelfeaturesfrom a DCT and6 coefcients

. Themodelfeaturesareillustratedin Figure3.5and

correspondo theedgefeatureghatwouldbeexpectedrom objectsmoving in (a,b)horizontal,

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

Previous authorshave only appliedthe DCT featureclassi cationto areasof high detail[133,
134]. Similarly, in thedifferencedmagesconsideredhereareasof low detailcorrespondo no-

motionareas.Themagnitudeof the DC coefcient canbeusedto checkthatthereis sufcient
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Figure 3.5: Model EdgeFeatutesfor (a,b) Horizontal, (c,d) \Vertical, (e,f) and(g,h)
motion.
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Figure 3.6: Blodk diagramillustrating an techniquefor estimatingmotiondirectiondirectly
fromdifferencedDCT images.TheLookUp Table (LUT) comprises modeledge
featureswhich areillustratedin Figure 3.5.

differencebetweerthetwo framesto suggesmotionhasoccurred.

It canbereadilyveri ed thatfor ary two pixel blocks and

DCT DCT DCT (3.11)

Giventhis result,thereis no needto know the original intensityvalueswhencreatingthe dif-
ferencedDCT coefcients, andsoall processingnay bedonein the DCT domain.Figure3.6

shavs a block diagramthatillustratesthetechnique.

Figure3.7(a)shavs anexampleframefrom anexperimentaimagesequence whicharectan-
gulartestcardwith a checkeregatternmovesat constanspeecdhorizontallyfrom right to left

acrosghe eld of view. Figure3.7(b)shavs resultsfrom detectingnotionusinga 4x4 DCT to
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Figure 3.7: Resultsshowing(a) an exampleframefromthe horizontaltracked sequence(b)
the estimatedmotionat this frame,(c) an exampleframefromthe Hamhurg Taxi
sequencegd) the estimatednotionat thisframe

classifythe framedifferencesasarisingfrom horizontal,vertical, or motion. Arrow

headsaredravn to makethe motionvectorsclearer howeverthevectorsshouldbeinterpreted
asbi-directional. Thetechniquehasidenti ed thehorizontalmotionof theobject.Figure3.7(c)
shows an exampleframe from the well knowvn Hamhurg Taxi sequencg135], Figure 3.7(d)
shaws a typical resultfrom applyingthe motion estimationtechniqueto this sequence.The

techniguehasdetectecandappropriatelyclassi edthe motion of thethreevehicles.

Clearlythe motionestimategrom this stratgyy arenot very preciseandcontainno magnitude
information. It is proposedthat this techniquemight have applicationin fast BMA search
algorithmsfor Motion Compensatioby giving avery fastthoughroughestimateof thegeneral
motion directionwhich can be usedto restrictthe searchspace. In particular the technique

might be usedwith compressiorstandardsuchas MPEG-1wherethe DCT coefcients are

easilyavailable.

3.3 Motion Estimation

The themeof this thesisis the applicationof InformationFusionto Motion Estimationrather

than Motion Compensation.The purposeof Motion Estimationtechniqueds to determine
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whenchangesn theimageof arealworld scenearecausedy the motionof objectsrelativeto
theimagingdevice, andto determinewvhatrealworld motion causedhosechangesAlthough
historically Motion Estimationtechniquesare often derived directly from Motion Compensa-
tion approacheghe underlyingaimsandparadigmf thetwo elds arevery differentandso

leadto importantdifferencesn thetechniques.

To measurdhe effectivenesof a motionestimationtechniquethe estimatednotion elds for
animagesequencenustbecomparedvith theknown realworld motionfor thatscenelt is dif-
cult to createarealdatasetfor which groundtruth motionis known, andsocomparisonsend
to be qualitative or basedon arti cially generatedlatasequencessuchasthe Diverging and
TranslatingTree sequences[10736]. However, the performanceof a techniqueon arti cial

dataonly shavshow thetechniqueperformunderideal conditions.

As with Motion CompensatiomnostMotion Estimationtechniquesanbe classi edaseither
Correlationor Pel-Recursie methods.In Motion EstimationtheseareusuallytermedFeature

Correspondencer Differentialmethodsespectiely. This sectiondiscussetheseapproaches.

3.3.1 Feature Correspondence

Featurecorrespondencenethodssearchfor correspondindgeaturesbetweenone frame and
successie frames. Methodsdiffer mainly in their choiceof feature. The choiceof feature
affects the searchalgorithmsusedto nd correspondindeaturesand the functionsusedto

decidecorrespondence.

Zone Correspondence Thezonecorrespondencapproacho Motion Estimationis aspecial
caseof featurecorrespondenceayherethe featurebeingmatcheds the pelintensitypatternof
the zone. This techniqueis directly derived from the Correlationbasedapproachto Motion

Compensatiodlescribedn Section3.2.1.

The SD andAD zonesimilarity measuresresensitive to uniform changesn intensity, this is
usefulfor imagesequenceompressiowheresuchintensitychangesre of interest,but can
be problematidor Motion Estimationwhererealworld motionandhencentensitystructureas
moreimportant.Similarly, the CC measurés sensitve to changesn intensitymagnitudeand
thefollowing normalisedorm of the CorrelationCoefcient (NCC)is generallypreferred130,
137]:
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Figure 3.8: (a) Intensitiesof anexample pelblodk and(b) thecorrespondingankmatrix.

_ (3.12)
wherethesumsareoverthepels inthezone, is meanintensityfor thezoneattime
and is the displacementThis measuréhasthe advantageof beingindependent

of scalechangesn theintensitiesof the block pels.

An alternative classof similarity measurearetheordinalmeasuresyhicharebasedn determ-
ining differencedetweertherankmatricesof comparedlocks. Figure3.8 shavs anexample
pixel block andit' s correspondingank matrix. A key advantageof differencemeasures
basedntherankmatriceds thatchangeso singlepels,whichmightsigni cantly affectmeas-
uressuchasthe NCC, may have little or no changen the rank matrix. BhatandNayar[138]
shonvedthatordinal measuresutperformboth SD andNCC measurefn the context of stereo
matching(arelatedproblem)with saltandpeppemoise.However, in Gaussiamoisetheirrank

basedapproactperformssigni cantly worsethanthe SD andNCC measures.

Thefastalgorithmsdiscusseth Section3.2.1canalsobeappliedto Motion Estimation.However,
someassumptionsvhich wereappropriatéor Motion Compensatioranleadto performance
degradationin Motion Estimation. Typically, for example, the distortion measuredoesnot
increasemonotonicallyfrom the global minimum, indeedthe distortionsurfacecanbe multi-
modal. In suchcasedastsearchalgorithmscaneasilyfall into local minima, leadingto errors
in the motion estimates.Decrooset al. [34] describea fast block matchingsearchalgorithm
intendedor suneillanceapplicationsTheiralgorithmintroducesanew checkingpoint pattern
which includespointsbetweerlocal minimaratherthanjust looking at the neighbourhooaf

singlelocal minimumat eachstep.
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RegionCorrespondence Segmentedmagesproduceregionswhich canbe usedasfeatures
for correspondencel heseareregionswith respecto theimagedscene andnotin the sense
of the regular pel zonesfrom Zone Correspondencmethods.Kalivasand Savchuk [38] use
theregion formedby thecentralprojectionof anobjectasa featurefor featurecorrespondence.
They modelmotionin termsof af ne transformationsf thesezones.Theiralgorithmassumes

pre-sgmentedmages.

As only a nite numberof matchpositionsare searchedmotion estimatesfrom region cor
respondencenethodsare typically discrete. For a techniquethat appliesblock matchingto
estimatethe motionof a block of pixelsin thenext frame,the precisionof the estimatewill be
limited to 1 pel/frame.Camug[1] notesthatif thesearchs over subsequenframesthenthe

precisionof theestimatewill increaséo  pel/frame.

Camus'techniqués ageneralisationf correlationtechniquesising x edblock shapeandsize.
As thistechniques very illustrative of the correlationbasedmnotion estimatingnethodd1], it

is usedn thisthesigto testthe InformationFusionapproachewhenit is referedto asCAMUS.

3.3.2 Tracking with Zone Correspondence

The Block MatchingAlgorithm (BMA) is a popularcorrelation-basedpproacto motiones-
timation[116] andtracking[37,39,40]. In thisapproachthemotionof ablock of pels,termed
a RefeenceBloc, is estimatedby looking for the most similar block of pelsin subsequent
frames.Sincetheappearancef trackedobjectscanchangeovertime, thereferenceblock must

be updatedo takeaccounif thesechanges.

3.3.3 Differential Approaches

Differentialapproache#o Motion Estimationarederived from Pel-Recursie work in the Mo-
tion Compensatioreld, andstartwith theassumptiorthattheintensityof animagedpointis

constanbvertime andoverthemotionof therealpoint. This maybeformulatedasfollows[2]:

- (3.13)
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A

true motion

untextured and
unpatterned object

aperture

observed
motion

Figure 3.9: lllustration of the apertuie problem. Whek a local area of the edgeis observed,
onlythe motioncomponenperpendiculartto the edgecanbe known.

Expandingheleft handsidegives:

- (3.14)
where — and — arethe horizontalandvertical motion component®f the motion
vector respectrely. This is known asthe Motion GradientConstaint (), or the

Optical Flow Constrint [105,106,139,140]. ( 3.14)is identicalto ( 3.7) usedin the Motion

Compensatiofel-Recursiompproachwith FDS —.

(3.14)is theequationof aline in velocity space.The problemof solving( 3.14)is ill-posedin
the sensahatthe solutionsareconstrainedo thisline, notto a singlepoint. Thisis commonly
known asthe Aperture Problem[2] andhasa simplephysicalinterpretatiorthatif only alocal
areaof anedgecanbeobsenedthenonly themotioncomponenperpendiculato theedgecan
beknown. Thisis illustratedin Figure3.9. Additional regularisationconstraint@arerequiredto
determinea motionvectorfor apoint[41]. Differentialtechniquesliffer mainlyin theirchoice

of additionalconstraints.

Horn and Schuncl2], who wereoneof the rst to reportthe applicationof Pel-Recursie al-

gorithmsfrom the Motion Compensatioreld to Motion Estimation proposedhe Smoothness
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Constaint (), which assumeshatmotionvariesslowly over theimage. This is formulated

asfollows:

_ _ _ _ (3.15)

Themotion eld is thendeterminedy minimisingthefollowing errorfunctionovertheimage:

(3.16)

where is chosento weightthe error in the Motion GradientEquationwith respectto the
smoothnessf the o w. This hasthe following multi-frameiterative solution(a discretederi-

ationfor theseequationss givenin AppendixB.1):

(3.17)
(3.18)
where and  aretheintensityderivativeswith respecto , and respectiely at
pellocation . and arethehorizontalandverticalmotioncomponentatpellocation

and arethe averagehorizontalandvertical motion componentaroundthe pel

location

Sincethis cantakesometime to corverge, Horn and Schunckproposehatit is allowedto run
just onceperframe. Over sufcient frames,a goodapproximatiorto the o w will be found.
As this techniqueis a well known and popularillustration of the differential basedmotion
estimatingmethods[105-107136], it is the secondtechniqueusedin this thesisto testthe

InformationFusionapproacheandis referedto asHORN.

A numberof techniquegackle the ApertureProblemby assuminghat the secondorderde-

rivativesof the Motion GradientConstraint( 3.14)arealsoconstant.Takingthe secondorder
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derivativesyieldsthe following systemof equations:

(3.19)

thematrixontheLHS istheHessian of . Thereexistsauniquesolutionfor and solong

as hasaninverse:

o - (3.20)

. - (3.21)

Urasetal. [3] calculateghepartialderivativesof ( 3.19)from theimagesequencandsolvefor

and by nding theinverseof H. Thedependencef secondrdertechnique®nthenumerical
secondieriativeslearesthemparticularlysusceptibléo noise.Althoughsmoothingheimage
intensitiescanreducethe effectsof noise,techniquedor identifying anddiscardingerroneous

valuesareusuallyrequired.

This techniqueis alsoa well known and popularmotion estimationtechnique[35,106,136],
andis thethird exampletechniquausedin this thesisto testthe InformationFusionapproaches
andis referedto asURAS.

3.3.4 Hierarchical Approaches

Motion canoccurat mary scalesin aimagesequencendsoit makessenseo estimatethe
generamotionin scenesitcoarsescalesandre ne theseestimatesvith informationfrom ner
scales.Suchhierarchical approachesave beenappliedbothto differentialandto correlation
basedViotion EstimationtechniquesGlazeretal. [141] describeahierarchicalersionof Horn
andSchuncks [2] differentialtechniquewhich usesa Gaussiatow passpyramidto construct

views of thesceneat differentresolutions.
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Anandan[142] proposesa frameavork for hierarchicalmotion estimationwhich consistsof
threestages.In the rst stage,imagesare ltered into low andhigh frequeng resolutions.
In the secondstage which Anandantermsthe matding step motionis calculatedcalculated
at the coarsesscaleusing somepreferredMotion Estimationstratey, given the application
athand. In the nal stagethe Motion Estimatesrom coarserscalesare projectedonto ner
scalesthenre ned. The secondwo stagesareiterateduntil motion estimatesare known for
the nest scale. Anandanusesa correlationbasedapproachin the matchingstep,but notes
that differentialtechniquessuchas that of Glazeret al. [141] are also compatiblewith the

frameawvork.

3.4 Example Techniques

This sectionpresentexperimentalresultsfrom applyingthe threeexampletechniquesvhich
areusedlater in this thesisto testinformationfusion stratgies. The CAMUS techniqueis
chosenasillustrative of correlationapproacheso Motion Estimationwhile the HORN and
URAS techniquesareselectedasillustrative of differentialapproachesTheseechniqueshave
beenchoserover alternatvesbecausehey provide simpleandintuitiveimplementationsf the
correlationanddifferentialapproachesaandarethereforeagoodillustrationof the characterist-

ics of theapproaches.

3.4.1 Con dence Measures

The performanceof a Motion Estimationalgorithm canvary considerablydependingon the
imagesequencédeingprocessedThis performancecanvary even over regions of theimage
sequencelor example,correlationbasedechniquegperformpoorly wheretherearefew fea-
turesto matchto, soin themoving photosequenceesultsarevery pooron thebackgroundut

goodonthemoving photo.

Motion estimatesreknown to be error proneand muchattentionhasbeenpaidto providing
con dencemeasure$l143,144]. Differentialapproachesequirenumericalevaluationof the
imageintensity derivatives,andtypically con dencemeasuregor differentialtechniquesare
basednthesederivatives[107]. A comparisorof con dencemeasureby Bainbridge-Smitlet
al. [143] suggestshatthemagnitudeof thedeterminanof theHessiarof the spatialintensities

is a good con dence measurewith larger valuessuggestingoetteraccurag of the motion
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estimates.

Con dencemeasuresiave beenproposedor block matchingtechniquesvhich arebasedon
the topology of the similarity measurevalues[36]. An exampledistortion surfacetopology
is illustratedin Figure 3.3. If the surfaceis at, thenthis would suggesthatthereis little to
distinguishbetweerpossiblebestmatchpositionsandthe motion estimatss likely to be poor.

A simplemeasuref the atnessof thetopologyis thevarianceof the similarity values.

Con dencemeasuresire often usedby Information Fusionstratgiesto gaugethe reliability
of individualresultsandsocon dencemeasurearealsodescribedor thethreeexampletech-

niguespresentedn this section.

3.4.2 Accuracy-Ef ciency Trade-Off

Asreportedoy Liu etal. in [136], thereis oftenatrade-of betweertheaccurag andef ciency
of motion estimationtechniques.The trade-of arisesbecausenoreaccuratdechniquegend
to have greatercomputationatequirementsMarny techniquedave parametersvhich canbe
variedto in uence the trade-of, for examplethe time rangeconsideredn CAMUS or the
maximumnumberof iterationsn HORN canbeincreasedo improve accurag but atthecostof
greatettimerequirement$52]. Liu etal. characteris¢histrade-of by the Accumacy-Efciency
(AE) curve, which plotsan errormeasureon the X-axis againsta run-timemeasureon the Y-
axis. Givensimilar computationatesourcesthosetechniquego the top left of the AE-space

will makelessfrequentbut moreaccurateestimate®f motionthanthoseto the bottomleft.

In orderto calculatethe AE curwe for a given Motion Estimationalgorithm, the algorithm
mustbe run on a datasequencédor which the groundtruth motionis known. Syntheticdata
sequencessuchasthe Diverging Tree sequencevhich wasusedby Liu etal. in their study
can be usedfor this purpose. Figure 3.10(a) shavs an example frame from the Diverging
Treesequencavith the true motion for the frameillustratedin Figure 3.10(b). It is harderto
determinethe groundtruth for realdatasequenced-igure3.10(c)shavs a sampleframefrom
a simple experimentaltestsequencavherea photographmoves from right to left acrossthe
frameat a constanspeed Groundtruth motionfor this simpleTranslatingPhotosequencean
easilybe calculatednanually andis shovn in Figure3.10(d). A descriptionof this sequence

is givenin AppendixC.
A popularmeasuref accuray is thedifferencemeasuraisedin the suney of Motion Estima-
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(d)

Figure 3.10: (a) Imagefromdivemingtreesequencgp) correctmotionfromframe (c) Image
fromtranslatingphotosequence(d) correctmotionfor frame
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tion techniquedy Barronetal. [107]. This measuravasalsousedby Liu etal. [136] in their
work onthe Accurag-Ef ciency trade-of, andsois usedn thisthesis. Thismeasurénterprets
2D motionvectorsas 3D vectorswherethe third dimensionis time, setas to indicatemo-
tion perframe. Thedifferencemeasuras the angularerror betweerthe correctmotionvector

andthe estimatedrector

angularerror arccos (3.22)

It is dif cult to estimatealgorithm’ef ciency' empirically asruntime canbevery dependent
onthe systemarchitecture For the AE curvesdescribedn thisthesis,atheoreticakstimateof
complity wasgivenusing notation. describeghe asymptoticupperboundof a

functionandis de ned asfollows[145]:

thereexist positive constants and  suchthat

for all (3.23)

where and arefunctionsexpressinghecomputationatequirementsn this caserun

time, of analgorithmwith respecto avariable , for exampleblockwidth in the BMA.

The compleitieswerealsoveri ed empiricallyby runningthealgorithmsona SUN Ultra60
with 768M RAM andtwin 295MHz SunUItraSRARC-II processorsAll theimplementations
discussedn this thesiswere codedby the authorin C++. AppendixD describeghe coding
style and corventionsemployed. The remainderof this sectionpresentsand discusseAE
curvescalculatedor the CAMUS, HORN, andURAS techniques.

3.4.3 CAMUS

The CAMUS techniques a correlationapproachtto Motion Estimationusingan extensionof
the Block Matching Algorithm with a searchover subsequenframes. The accurag of the
CAMUS techniquds mainly affectedby theblock size which determinesvhatfeaturescanbe

matchedandthetime range which enablesub-pelaccurag in themotionvectors.Thesearch
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Figure 3.11: Results(at frame 10) of applyingthe FSAwith MAD distortion functionto the
Hamlurg taxi sequenceBlodk sizea)4 4b)8 8,c)16 16,d)32 32.

radius( ) shouldbe x edtothemaximummotionexpectedn thesequence.

3.4.3.1 Varying the Block Size

Figure 3.11illustratesthe effects of usingdifferentblock sizeswhenapplyingthe FSA with
AD distortionfunctionto the Hamhurg Taxi sequenceln eachcasethe searchareaaroundthe
blockwas x edat pels. Motion vectorshave beencalculatedfor eachpel by applying
the CAMUS techniqueto a block centredon the pel. It canbe seenfrom theseresultsthat
wheretheblock sizeis too small,themotionvectorstendto be very inaccuratewhenthey are

toolarge,pelsnearmoving objectsareerroneouslyeportedasbeingpartof themoving object.

Figure3.12shavs AE curvesderived from applyingthe CAMUS techniqueto the Diverging
Treesequencandthe TranslatingPhotosequenceavhile varying the block sizewith thetime
rangeandspatialsearchradius x ed. Resultsaareshown for thetimerange x edatboth1 frame

and5 frames.In all caseghe spatialsearctrangewas x edat5 pels.
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From (3.1)it follows thatthe costof estimatingthe motion of a squarepel block of width

for asearchradius is:

(3.24)

where is thetime requiredto compute . This wasusedto calculatethe theoreticalcom-

plexity estimatesn Figure3.12. A numberof obsenationscanbe made:

Largerblock sizestendto give smallererrorsbut have larger computationatomplexity
andsoresultsfor large block sizesaretowardsthetop left of the AE graph. Resultsfor

smallerblock sizeslie towardsthe bottomright of thegraph.

AE trade-of performanceon the arti cial datasequencés betterthanon the realdata
sequencein thatthe AE curvescomecloserto the origin. Curveswhich comecloseto

theorigin offer bothlow errorandhigh speed.

The smallesterror ratesare obtainedon the real datasequenceThis is partly because
the motion in the diveming tree sequenceés not constantover ary blocks, and so the

assumptionsinderlyingthe CAMUS algorithmarenot valid.

Although the theoreticaland empiricalgraphshapeggreenandred lines respectiely)
aresimilar, thetheoreticalcomplity tendsto underestimatéhe empiricalrun time re-
guirementsgspeciallyfor smallblock sizes. Thisis dueto the lesssigni cant termsin
(3.24).

Performancenn the real datasequencavasfoundto be particularly poor on the background

wheretherearefew featuredor the similarity measures$o work with.

3.4.3.2 Varying the Time Range

Figure3.13(a)shavs the AE curve from applyingthe CAMUS techniqueo thediveming tree
sequencearyingthetimerangefrom to frames.For thisexperimentthespatialsearchwas
againsetat pelsandtheblocksize pels.Thetheoreticatomplgity is linearin thetime

range,or . A numberof obsenationscanbe made:
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AE curve for CAMUS on Diverging Tree, time 1fr, varying block size
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Figure 3.12: AE curvesfromapplyingthe CAMUStedhniqueto a) thedivemgingtreesequence

with timerangel frame b) thedivemging treesequencevith timerange5 frames,

¢) thetranslatingphotosequencwith timerangel frame d) thetranslatingphoto
sequencevith timerangeb framesjn all casesvaryingtheblodk sizefrom

to

. Curvescalculatedusingtheotetical computationatequirrmentsare

shownin green,curvesusingempiricalcomputationafequirrmentsre shownin

red.
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Figure 3.13: AE curvesfromapplyingthe CAMUStechniqueto a) thedivergingtreesequence

andb) thetranslatingphotosequencearyingthetimerangefrom to frames.

Largertime rangedendto give smallererrorsbut have largercomputationatompleity.
With a singleframetime rangethe precisionis limited to the nearespel, asthis is in-
creasedhe available precisionincreasesndthe accurag increasesccordingly If the
time rangeis increasedoo far, however, a decreasén performancamay occurdueto

moreincorrectmatchedeingavailable.

Thetheoreticalindempiricalcurvesarevery similar, this showvs thatthetheoreticalrun

timeis agoodestimateof thetrueruntime onthis architecture.

Accurag is greateron the syntheticdatathanon the real data,with the mostaccurate
resultsfor the syntheticandreal databeingapproximately0.2 radiansand 0.6 radians
respectiely. Theresultsin Figure3.12shovedthatwith block sizesCAMUS
is moreaccurateon the real datawhich bettermatcheshe assumptionsinderlyingthe
technique However, the effectsof imagenoisein thereal sequencaregreateron

pelblocksthanon pelblocks,whichleadsto thischangen relative performance.

Theangularerrorson the TranslatingPhotosequencarevery similar for 1 and2 time
steps,which leadsto an unusualshapeof the curve in Figure3.13(b). Thisis because
a singletime stepdoesnot give enoughtime for the small motion vectorsto become

apparentandthe majority of motionestimatesresimply “no motion”.
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CAMUS confidence measure / average error
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Figure 3.14: Plot of a con dencemeasue for CAMUSbasedon the varianceof the AD simil-
arity measue againstthe averageangularerror.

3.4.3.3 Con dence Measures

Local statisticsof the valueof the similarity measureausedfor block matchingcanbe usedasa
con dencemeasurdor CAMUS [36]. A low variancein themeasuramight suggesthatthere
is little differencebetweena numberof possiblemotion vectors,and so the motion estimate
is likely to beinaccurate.Figure 3.14 shaws the varianceof the AD similarity for a matched
block againsthe averageerrorusinga block sizeof pels,asearchadiusof 3 pelsanda
time rangeof 5 framesonthe TranslatingPhotosequencelt canbeseerthatthereis analmost

linearrelationshipat rst but largervaluesarelessmeaningful.

3.4.4 HORN

The HORN techniquds a rst orderdifferentialapproacho Motion Estimation.Resultsfrom
applyingthe HORN methodto the Hamhlurg Taxi sequencevith areshown in Fig-
ure 3.15. Figure 3.15(a)shows the resultafter 10 iteration of the iterative solutionand Fig-
ure 3.15(b)shows the resultafter 200 iterations,the effects of the smoothnessonstraintcan
be seenin the differenceshetweentheseresults. Over regularisationdue to the smoothness
constraintcanleadto regionsof no motion betweermoving regionsto bereportedwith small
motionvectors.Thresholdings oftenusedto remase smallvectorsassumedo be dueto this

overregularisation.
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Figure 3.15: Resultsfrom applyingthe HORN Motion Estimationtechniqueto the Hamlurg
Taxi sequenceq) resultsafter 10iterationsandb) resultsafter 200iterations.

Liu etal. reportthe HORN methodasa pointin AE spacehowever it canbe seenthatthe
trade-of betweernaccurag andspeedgiventhe choiceof the maximumnumberof iterations
allowed,is an AE trade-of andsothetechniquehasan AE curve. Thetheoreticakuntime is
linearin thenumberof iterations , or . Figure3.16shavsthe HORN AE curvesderived
usingthe diverging tree and translatingphoto sequence.To help reducethe effects of over
regularisation,motionvectorswith magnitudedessthan  pel/framewerethresholdedo no

motion. Themotionvectorswereinitialisedto zeroateachframebeforerunningthealgorithm.

is aweightingfactorwith largervaluedeadingto asmoothemotion eld. HornandSchunck
suggesthat shouldbeproportionako the noisein theimagesequenceyut otherthanthisthe
choiceof tendsto be empirical. A numberof authorshave suggestedery differentchoices
of ,rangingfrom to [2,107]. Figure3.16shovsthe AE curve resultsfor (a,c)

andfor (b,d). A numberof obsenationscanbemade:

Thetheoreticalindempiricalcurvesarevery similar, this showvs thatthetheoreticalrun

timeis agoodestimateof thetrueruntime onthis architecture.

After iterations, led to smallererrorsthan . This is becausehe
smoothnesgonstraintis a reasonablessumptiorin both the image sequences.This

resultagreeswith Barronetal. [107] who alsoranthe algorithmon the Diverging Tree

sequence.
For the rst few iterationson the Diverging Treesequence, ledto largererrors
than , thiswasnot notedby Barronet al. [107]. Theinitial poor performances
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Figure 3.16: AE curvesfromapplyingthe HORNMotion Estimationtechniqueto a) thediver

ging treesequencavith , b) thediverging treesequencevith ,C)
the translatingphotosequencavith , d) thetranslatingphotosequence
with , in all casesvaryingthe numberof iterations.
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dueto theiterative natureof the algorithm. As describedn AppendixB.1, the average
horizontal andvertical componentsn Equation(3.18)areapproximatedy the
immediateneighbourgo the pellocation. Thereforeit takesa numberof iterationsfor

thesmoothnessonstrainto have its intendedeffect.

With , HORN performsvery poorly on the translatingphoto sequence.The
relatively low error with 1 iterationis dueto the initialised stateof no motion being
correctover a large portion of theimage. This is dueto noisein the imagesmakingit

hardto accuratelycalculateheintensityderivatives.

Setting led to moreaccurateaesultson bothtestsequencesBarronet al. reportthat

leadsto betterresults howeverthey only allow the algorithmto runfor 100iterations.

is a weightingfactor on the smoothnessonstraintandso for realimagesequenceshere
noisecanbea problemit makessensedo usealargervalueof . For thesereasons,

hasbeenadoptedor theexperimentddescribedn thisthesis.

3.4.4.1 Con dence Measures

The residualerror from (3.16) gives an intuitive con dence measurdor HORN motion es-
timates. Figure 3.17 shows a plot of the residualerror againstthe meanangularerror for the
translatingphotosequencelt canbe seenthatalthoughthereis a trendtowardslarge residual

errorssuggestindargerangularerrors therearemary outliers.

3.45 URAS

The URAS techniqueis a secondorder differential approachto Motion Estimation. Fig-
ure3.19(d)shavs atypical resultfrom the Hamhurg Taxi sequencesingthe URAStechnique.
Theimagesveresmoothedisinga Gaussiarkernelof standardleviation 5 pelsspatiallyand1

peltemporally Thesecondierivativeswerefoundusingcascaded pointintensitydifferences.

Urasetal. usethe conditionnumberof the Hessian asa con dencemeasure.Barronet
al. [107] suggesthat the determinanbf  is alsoa good con dencemeasure.Bainbridge-
Smithetal. [143] comparehedeterminanbf favourablyto theconditionnumberandsince
this mustbe calculatedanyway, thisis themeasureisedin thisthesis.Figure3.18shovsaplot

of thedeterminantf  againsthe meanangularerror, illustratingthatwherethe determinant

57



Analysisof ImageMotion

HORN confidence measure / average error

N
o
T
|

=
3

Average Angular Error (radians)

0 100 . 200 300 400
Confidence measure (Residual Error)

500 600

Figure 3.17: Plot of a con dencemeasue for HORNagainsttheavergeangularerror.

is smallthe errortendsto be large. To reducethe occurrencenf spuriousmotionvectors,the
imageis dividedinto blocksandfor eachblock arepresentate vectoris selectedasthe vector
with the mostcon dence (largest . A typical resultusing blocksis givenin
Figure3.19(c).

Vectorswith verylow con dencemeasuresanbediscardediserroneousBarronetal. suggest

discardingary vectorwith . A typicalresultfromthisis shavnin Figure3.19(a).

The applicationof temporalsmoothingis particularlyinterestingasit meansthatthe motion
for a given frame cannotbe determineduntil informationfrom subsequentramesis made
available. The needfor temporalsmoothingis illustratedby Figure3.19(b),which shows the

resultswithouttemporalsmoothing.

3.5 Summary

This chapterhaspresenteda review of imageprocessingechniguedor analysingmotionin
imagesequencesTechniquediave beenclassi ed accordingto whetherthey arebeingused
for Motion Compensatiorin imagecompressionor for Motion Estimationwherethe aim is
to determinethe realworld cause®of imagechanges.This is a usefultaxonomybecausehe
paradigmaunderlyingtheseclassesrevery differentandso even whentwo techniqguegrom

differentclassesrebasedn similar conceptgheirimplementationsandiffer signi cantly.
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Figure 3.18: Plot of a con dencemeasue for URASagainsttheavemgeangularerror.

Figure 3.19: Resultgat framel5) of applyingURASto the Hamhurg taxi sequencea) Typical
resultb) no tempoal smoothingc) no thresholding d) No thresholdingor best
block representative
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The themeof this thesisis the applicationof InformationFusionstratgiesto Motion Estim-
ation. The two main groupsof Motion Estimationtechniquesrethe differentialandthe cor
relationbasedapproachesA few approachealsowork in thefrequeng domain,this is more
popularfor Motion Compensatioproblemsbecause numberof compressiomlgorithmsuse
transformsuchastheDCT. Thischaptemlsodescribednovel techniqudor fastthoughrough

motionanalysisn the DCT domain.

As the main classeof Motion Estimationtechniquearethe differentialandcorrelationbased
approachestechniquedrom thesetwo classeswill be usedin subsequenthaptersto illus-
tratethe effectsof InformationFusionmethods.ThreepopularMotion Estimationtechniques,
CAMUS, HORN andURAS, have beenchoserfor this purpose CAMUS is a block matching
techniquethatis illustrative of correlationapproachewhile HORN andURAS aredifferential

methods.

ThethreeexampleMotion Estimationstratgieshave beenillustratedby applyingthemto syn-
theticandrealtestimagesequencesThe performancesf the HORN andCAMUS stratgjies
have beenanalysedn termsof the AE trade-of, with the computationarequirementson-
sideredboth theoreticallyand empirically Previously HORN hasonly beenreportedin the

literatureasa pointin AE space.

Methodsfor providing con dencemeasuresor the Motion Estimationresultshave beeniden-
ti ed anddescribedThesewill benecessarin subsequenthapterdo enablethe contributions

of individual estimatego the fusedestimateo beweightedappropriately

The review presentedn this chapterhasshowvn thattherearea wide variety of techniquedgor
analysingmotionin imagesequencesndin particularfor Motion Estimation. The perform-
anceof thesetechniquedothin termsof accurag andspeedcanbe datadependentMotion
Estimationhasa variety of applicationsandso the provision of accuraterobust andtimely
estimatess animportantproblem.Theremaindeiof this thesiswill considethow Information

Fusionmight be usedfor this purpose.
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Chapterd
Fusion of Electrorotation Frequency

Estimates

4.1 Intr oduction

The previous chapterdhave givenan overview of the InformationFusionand Motion Estima-
tion researchelds. Thischaptemgivesanexampleof theapplicationof someof thesedeas by
applyingInformationFusionstratgiesto the problemof fusing estimate®f the speedf rota-
tion of rotatingcells. This is a simplerfusion problemthanwill be consideredn subsequent

chaptersasthe motionestimatesrescalarvalues.

Whena nonuniformelectric eld is appliedto neutralbiological cells, the polarisatioreffects
canresultin translationaimotion of the cells. This effect is called dielectophotesisand is
describedby Pohl [146]. Carefularrangementf electrodesand their polaritiescanalsobe
usedto causethe cells to rotate, this effect is called electiorotation The electrorotationof
cells provides sensitve measurementsf their physiologcal states[147,148]. As a result,
measuringhespeedf rotationis animportantproblemwith aavarietyof commerciabpplic-
ations[149,150]. For example this canbeusedto determinecell viability andhasbeenapplied

to evaluatingwaterquality by measuringhestatesof cellsexposedo thewater

Cellsundegoing electrorotatiorcanbeimagedusinga cameraattachedo a microscope An
exampleimagetakenfrom atypical electrorotatiorsequencé shovnin Figure4.1,thedimen-

sionsof theframeare pels.

Although eachcell is constrainedo rotateaboutan axis thatis normalto the viewing plane,
thereareinevitable perturbations.This, togethemwith the fact thatthe cells arethreedimen-
sionalandthelimited depthof eld of theimagingoptics,producesmagesequencethatare
not simplerotationsof atwo dimensionaprojection.Perturbationsutsidethis 2D rotationare

not of interestto the electrorotatioranalysis.

Thefrequeng of rotationis currentlyestimatednanually which is bothtediousandtime con-

suming.Zhouetal. [147] reporta methodfor automaticallydeterminingthe speedof rotation
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Figure4.1: An exampleframefroma typical electiorotationsequence
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from imagesof therotatingcells. Their methodrelieson a goodinitial sggmentatiorof cells
from theimageswhichis usedtio nd theprincipalaxisof thecell. By examiningthechanging
anglebetweenthe principal axis and the horizontalaxis over time, the frequeng of rotation
canbedeterminedThis methodassumethatcellsarestationaryandnon-circular;however, in

practicecellsusuallyalsoundego sometranslation.

Thischapterdescribesnovel methodfor automaticallydetermininghe speef rotationfrom
imagesof the rotating cells. The methodconsistsof two parts,trackingthe cells over a se-
guenceof framesandthendetermininghefrequeng of rotationfrom thecell appearancever
thetrackedsequenceThreemethoddor determiningthe frequeny of rotationarepresented,;
the rst is anextensionof the principalaxisbasednethodof Zhouetal., the secondechnique
rotatesrackedcellimagesandusescorrelationtechniquedo determinghe bestangleof rota-
tion. The nal techniquedetermineshefrequeng of rotationfrom the changingappearancef

thecell with respecto areferencdrame.

Althoughthe individual techniquegperformwell on certainexamples,noneof the techniques
performadequatelyn all cases As discussedn Chapter2, InformationFusionstratgiescan
be employedto combinethe relative strengthsof individual sensorsaandclassi ersto provide
systemswhich performrobustly over a moregeneralrangethanthe individual systemsalone.
In this chapterestimatiorfusionis usedto combinetheresultsof thedifferentindividual elec-
trorotationfrequeng techniquego producea systemwhich performsmorerobustly over the

dataset.

Theremaindewof this chapteiis organisedasfollows: Sectiord.2 presentshetrackingmethod
usedto accountfor the translatorymotion of cells. Section4.3 describeghe individual tech-
niquesfor estimatinghefrequeny of rotationof thecells,resultsfor theindividualtechniques
arepresentedn Section4.4,andSection4.5 describeghe fusion processandpresentgesults
from combiningtheindividualestimatesSectiord.6 givesasummaryof thechaptemwith some

conclusionsThework presente@nddiscussedn this chapteris reportedn [54] and[49].

4.2 Tracking the cells

Framedrom atypical electrorotationmagesequencareshownnin Figure4.2. As canbeseen
from this gure, thereareoftenmultiple similar cellsin a givenimagesequenceClearlythe

cellscantranslateaswell asrotate,andsoatrackingsystemis requiredto remove thetranslat-
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Figure 4.2: Typical electorotation framesequenceshowingthe rst, secondand last frames
with tradkedblodk.

ory motion. Thecellsmove independentiandso canbe trackedandanalysedndividually.

TheBlock MatchingAlgorithm (BMA), describedn Chapter3, is a popularcorrelation-based
approachto tracking objects[37], and wasadoptedfor this problem. In this approachijt is
assumedhatthe appearancef a block of pixelswill vary slowly over time. An objectcan,
therefore be trackedfrom frameto frameby taking a referenceblock of pixels on the object
imagein thecurrentframeandsearchingor themostsimilar block of pixelsin thenext frame.
A popularsimilarity measurdoetweera square referenceblock andapixel block

in thenext frameis the AbsoluteDifference(AD):

AD 4.1)

where and aretheintensitiesof the pixelsatindex of blocks and
respectrely. The new locationof the trackedreferenceblock in the next frameis thatof the
pixel block whichyieldsthesmallestAD value.As thespeedf atrackedobjectis typically

limited, the searchcanberestrictedo awindow aroundthe original referencevlock location.

In the BMA [116], it is assumedhatthe appearancef a block of pelsremainsconstaniover
timeandmotion. Thisis areasonablassumptiogivenhighframeratesandshorttime periods.
Themotionof ablock of pelsis estimatedy looking for the mostsimilar block in subsequent
framesaccordingo somesimilarity measureWhenthe BMA is usedor tracking,thereference
block mustbe alteredto takeaccountof changesn the appearancef thetarget object. This

extendedalgorithmis termedthe Adaptive Block MatchingAlgorithm (ABMA).
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Thereare a numberof choicesin the ABMA including the block size, the block shape the
similarity measureselectiorof initial blockandthereferencélockupdatestrateyy. Thesearch
is typically constrainedo a window whosesizemustalsobe chosenErrorsin trackingcanbe
dueto numerouscausesncluding cameranoiseandinappropriatechoiceof theseparameters.
However, astheelectrorotatioimagesequencearecapturedinderstrictlaboratoryconditions,
backgrounahoiseis smallandhaslittle effectonthetrackingandrotationanalysis.Theaverage
backgroundchoiseestimatedver a typical imagesequencevith 256 grey levels wasfoundto

have avarianceof just0.8grey levels.

Occlusioncanalsobea problemfor trackingalgorithms asoncethetargetis hiddenfrom view
thetrackis quickly lost. However, in the electrorotatiorsequencethe cellsareconstrainedo

lie ona 2D planeandsoocclusionwasnotfoundto beanissue.

Sub-peimotioncanalsocausdhetrackto belost: theproblemis dueto smallchangen object
appearanceeinginsufcient to causethe track positionto follow the motion, meanwhilethe
referenceblockis updatedandsoslowly comesgo nolongerresembldéhetarget. Thereference
block updatingstratey is an importantproblem,bothin the electrorotatiorexampleandin

general.This hasnotreceved muchattentionin the pastandsois consideredn detailnext.

4.2.1 TestData Sets

For thisinvestigatiorof referencélock updating testimagesfrom moretypicaltrackingprob-
lemswerechosenFourtestdatasetsareusedn thefollowing sectionto enableacomparisorof
differentupdatestratgies. Thesearethe well known Hamhurg Taxi sequencetwo sequences
from a car park securitycameraanda sequencéakenfrom one car following another The
Hamlurg Taxi sequences too shortto be informative, but is includedto assistthe readerin
replicatingtheresults. Thecarfollowing andcarpark sequencearenew sequencewhich are
describedn AppendixC. Sinceonly thereferencéblock updatestrateyy is consideredhere the
sequencewerechoserto have noneof the missingor unintelligible frameswhich canappear

in realdatasequences.

In the car following dataset, both the target andthe cameraarein motionandsotherearea
lot of small quick movementsdueto unevenroads. Car park sequencé\ shovs a pedestrian
walking, while B shawvs a car moving behinda fence. Coming from a real securitycamera

ratherthan controlledlaboratoryconditions,the car park datasetis quite poor quality and
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so no singlereferenceblock is ever a particularly good representationf the tamget. Due to
format corversionswhen capturingthe data,therearealsosomeblocking artifactspresentn
the sequencetheseare describedn AppendixC. Figure 4.3 shaws typical framesfrom the
datasetswith arravs indicatingthetrack points.In thesethreedatasets theappearancef the

targetvariesconsiderablyverthesequence.

For eachdatasequencea point on the target objectwas chosenandits position,at 5 frame
intenvals, wastrackedmanuallyover the sequenceThe manualestimatesare accurateo ap-
proximatelyl pel. Thesemeasuremeniare usedasgroundtruth to enablecomparisorof the
stratgiesdiscussedelon. The meanerrorsanderror variancedor all testedmethodswith

respecto this manuattracking,aregivenin Table4.1.

4.2.2 Update Strategies

This sectiondescribes numberof updatestratgiesanddiscussesesultsfrom applyingthese
stratgiesto thetestsequencedescribedibore. Theresultspresentedhereareall from square
blocksof width pels.TheAD similarity measurevasused.Appropriatesearchwindowsand

startblocksweremanuallychoserfor eachsequence.

Single Frame Strategy The simplestupdatestratey is to updatethe referenceblock every
framesby replacingit with the block atthe currenttrack position. With , therefer
enceblockis replacedcevery frame,with , theblockis neverreplacedlf thereference
block is changedoo frequentlythenthe small errorsdueto cameranoiseandroundingerror
accumulateandcancausethe trackingto belost. If it is not changedrequentlyenoughthen
theappearancef the objectmay changeoo muchfor agoodmatchto be foundandagainthe

trackingmaybe lost.

As the resultsin Table4.1 shaw, the performanceof this stratgy is highly dependenbn the
choiceof . ThelargeerrorandvariancemeasuresntheCarPark A sequencevith
aredueto thetrack beinglost during the sequencéut regainedwhenthe objectpositionand
the track estimatehappenedo coincidelater on. In all casessetting led to poor
performancelLargevaluesof  requirelongtermmemory whichis problematidor analogue

implementation.

Althoughresultsfor thisarenot presentedhere Jargerblock sizescontainmoreinformation,so
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reducingthe effectsof noiseandenablingthe referenceblock to be changednorefrequently
However, the complity of thealgorithmis quadratidn theblock size.Also, large block sizes
canoftenincludealot of backgroundmage,which canbe problematidf thereferenceblock

startsto matchto thebackgroundatherthanto thetrackedobject.

Multi Frame Strategy The Multi Framestratgy 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 given positionis a weightedsumof thesevalues. Sinceolder matchesareless
likely to correspondo the currentblock, aweightingstrateyy which prefersmorerecentblocks

is appropriateTheresultspresentedhereuse with weights

(4.2)

where  is the bestmatchedblock attime and is block at time being checkedfor
similarity. This stratgy requiresthatmemorybe provided for the referenceblocks,and
alsorequires additionalmatchingoperations.The resultsin Table4.1 shaw thatthis

approachperformsbetterthanthe Singleupdatestratayy.

FIR Strategy Theuseof FIR Iters for trackingpurposess well known [98]. Herethe lter
is usedto trackthechangingblock appearanceatherthantheobject'scoordinatesThe Iter is

describedelow in its intuitivenon-recursieformfor  non-zerocoefcients

NORM (4.3)

where isthereferencéblock attime . Sothereferenceblock at ary time is dependenbn
alinearcombinationof thelast  blocks. Norwm is a normalisatiorterm usedto
preventlighteningor darkeningof thereferenceblock. Typically, andthe coefcients

getsmallerover time sothatolder referenceblockscountlessthanmorerecentblocks. Thus
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the Itered referenceblock adaptgo thechangingarmgetappearancdyut is stablein thefaceof

noise.Theresultspresentedhereuse and

Again, memorymustbe providedfor the previousblocks. Only one matchingoperationis
required,but an additional block multiply-accumulateoperationamustbe performed. The
resultsin Table4.1show thatin generathis approactperformsbetterthanthe SingleandMulti

Frameupdatestratgies.

Kalman Filter Strategy AlthoughtheMulti FrameandFIR Framestratgiesaremoreeffect-
ivethantheSingleFramestrata@y, they alsoincurgreatercomputationatost.In bothcasesthe
computationatompl«ity of theadditionaloperationss linear. Theuseof aKalman Iter [98]

(seeAppendixB.2) canreducehe additionalcostto asmallconstant.

In this stratey, the referencélockattime isrepresentetlythe  statevector and
theobsenationattime isthebestmatchblockrepresentelythe  vector . Asthestate
andobsenationspaceareidentical,the corversionfrom statespaceo obsenationspace  is
justtheidentity matrix. Sincethe BMA modelassumeshatthe appearancef a block of pels
is constanbver time, the statetransitionmatrix  is alsotheidentity matrix. If it is assumed
thatthe dynamicmodelnoiseandmeasuremerdrrorparameterareconstantthentheKalman
Gain canbe calculatedbff-line [98] by runningthe Iter untii  becomesonstant.Under

theseassumptiongpnly a singleupdateequatiorfor thereferencelockis required:

(4.4)

thus the additional costis very small. The resultsin Tables4.1 show that this is the most
accurateandrobustof the testedstratgjies. Only a singlereferenceblock is maintainedvhich

is updatedat eachframe,andsothe memoryrequirementarealsorelatively minor.

4.2.3 Tracking Cells

TheKalman Iter updatevasfoundto bethemostrobustof thedifferentreferenceévlockupdate
stratgiesand sowasusedto track cellsin the electrorotatiortestsequencesA typical track

sequencdrom the electrorotatiordatasetis illustratedin Figure4.2, with the positionof the
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Figure 4.3: Exampleframesfromtrack sequenceénot to samescale)with arrowsindicating
trackedpoints,(a) Hamhurg Taxi, (b) Car Following, (c) Car Park A (pedestrian),

(d) Car Park B (car)
Sequence Single | Single | Single | Multi | FIR | Kalman
Hamlurg 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 34 LOST | LOST | 3.7 2.8

(1.1) 1.9)| (0.9)

CarPark A 10.5 20 | LOST | 23 | 23| 17
24.0) | (0.7) ©.7) | (0.9)| (0.5)

CarPark B 4.2 41 | LOST | 29 | 25| 12
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 mosttrackingapplicationst is alsonecessaryo Iter the
locationestimatesHowever the performancef the BMA with a Kalman Iter updatestratgy
wasfoundto bewithin 1 pel of the manualestimateon the electrorotatiorsequenceandsoit

wasnotfoundnecessaryo usea Iter onthecell locationestimate.

In the nal system trackinitiation wasperformedby a humanobsener selectinga particular
cell to analyseby giving its startpositionandappropriateblock sizeto thetrackingsubsystem.
Typical frame,referenceblock andsearchwindow dimensionsare pixels,
pixelsand pixelsrespectrely. Thetrackingalgorithmwasappliedto theelectrorotation
sequencew extractsequencesf cell subimagesvith thetranslatorycomponenbf themotion
removed. Thetechniqueslescribedn thefollowing sectionsouldthenbeappliedto determine

thefrequeng of rotation.

4.3 Counting Rotations

Thissectiondescribeshreetechniquegor determininghefrequeng of rotation. The rst tech-
niqueis thatof Zhou et al. [147] basedon extractingthe Principal Axesof cells. The second
techniquearti cially rotateghetrackedcell imagesandusescorrelationto determingheangle
of rotation. The nal techniquadetermineshe frequeng of rotationfrom the changingsimil-

arity valueswith respecto a commonreferenceblock.

4.3.1 Principal Axis Method

Zhouetal. [147] sgmentcells from the backgroundand nd their principal axes, which are

thenusedasafeaturefor determininghefrequeng of rotation.

In the datasequencesxaminedby Zhou et al. the cell borderstendedto be darkerthanthe
backgroundand so could be sgmentedby thresholding. Any region totally surroundedoy
segmentedpelswasthen lled, thussegmentingthe cell centre. An erosionoperator[130]
wasusedto remorve spuriouspels. Finally, the (binary) segmentedmagewascorvolvedwith
the originalimageto sggmentthe cell, asillustratedin Figure4.4. In the datasequenceson-
sideredin this chapter cell borderswere frequentlynot darkerthan the backgroundso the
SUSAN [151] edgedetectorwasusedratherthanthresholdingto detectthe cell boundaryin

the rst stage.The SUSAN operatoydescribedn AppendixB.3 waschosenin preferencdo
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(b)

Figure4.4: (a) A trackedblock, (b) an extractedcell position, (c) the sggmentedcell with
Principal Axis.

otheredgedetectordecausés performances invariantto the edgedirection,whichis useful

for detectinghecircularshapecell edges.

Theprincipalaxisof asegmentectellis themostsigni cant eigervectorof the covariance

matrix  of cell pelpositions

T T (4.5)

where is the meanposition. By usingthe pel intensities to weightthe contribution
of the pel positionsto , the principal axis is madesensitve to featuresinsidethe cell. Fig-
ure 4.4(c)shaws the principal axis of a sgmentedcell. As the cell rotatesso doesthe angle
betweerthe principalaxisandthe horizontalaxis. Thefrequeng of rotationis calculatedrom

the averagedifferenceof this anglebetweersuccessie frames.

4.3.2 Rotation Correlation Method

By rotating the image of a cell and comparingthe resultwith the image of the cell in the
next frame, an estimateof the angleof rotationcanbe determined.The degreeof similarity
betweerthearti cially rotatedcellandthenext cellcanbemeasuredisingthe AD, howeverthe
AD is sensitive to intensityshifts andso the NormalisedCorrelationCoefcient (NCC)[130]
wasused(seealsoEquation3.12). To createan imageof the cell rotatedby an angle , the
original position of eachpixel in the rotatedblock wasfound by multiplying by
the RotationMatrix [152]:
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-40 -20 0 20 40

Figure 4.5: Rotatedcell imagesat anglesof and

cos  -sin
(4.6)
sin cos

Sincethe imagesare discrete, typically lies betweenpixel locationsin the original
image. Theintensityof the rotatedimagepixel wasestimatedoy bilinearinterpolation
of the pixelsaround in the original frame[152]. Exampleresultsof rotatinga cell are

showvnin Figure4.5.

For eachframe,NCC similarity valuesfor integerrotationanglesin  stepsfrom the range
wereextracted. Thesevalueswere averagedover the entireimagesequencand

theanglefor which the similarity wasgreatestvaschosen.

4.3.3 Periodic Similarity Method

As a cell rotates,its appearancehanges.|deally, after a completerotationthe appearance
will be the same.By looking at how the cell's appearancehangesover time, the frequeng
of rotationmay be estimated.Changesn appearancare determinedrelative to a reference
block . Thisreferenceblock is simply chosento bethe rst trackedblock. The changein

appearancbetweerthe currenttrackblock andthereferenceblock is measuredby the NCC.

Figure 4.6 shows the NCC valuesresultingfrom a typical electrorotatiorsequence.Peaks
in the graphcorrespondo pointswherethe cell completesa rotation.

Peakscanbeidenti ed usingathresholdNCC value. The obseredmeanNCC valueoffsetby

the obsened standarddeviation wasfoundto be aneffective thresholdchoice. Peakpositions

areindicatedby symbolsin Figure4.6.

An estimateof the periodof rotation is choserto minimisethetotal time difference pe
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Figure 4.6: Periodic Similarity resultsfor onecell. Peakscorrespondo rotations.

betweeneachpeakpositionandthe closestperiod stepandbetweeneachperiodstepandthe

closesipeakposition:

DIF min min 4.7

The rst termensureghatthe peakpositionsareall closeto periodstepsthe secondensures
thatall periodstepsare closeto peakpositions. The resultingbestperiodfor the examplein

Figure4.6is indicatedby dottedlines.

Alternative spectralestimationtechniquesuchas Fourier Analysis could alsobe usedto es-
timatethe frequeng of rotationfrom the NCC graph. However, unusualcomponentsn the
graphsdueto axesof symmetryand 3D perturbation®f the rotationoftenleadto irregularly
shapedcurveswhich cancauseproblems. Also, for the electrorotatiorapplicationthe speed
of rotationis usuallynot constantbeingsweptto nd whenthecell is stationary Further for
slow rotatingcellsthe numberof obsened cyclescanbe very small,andsotherecanbelittle
dataavailablefor the estimationtechniquego work with. As the rotationtroughsareclearly
visible in thetemporaldomain,it makessenseo estimatethe periodof rotationdirectly from
thesepoints. The proposedechniqueperformswell andhasthe bene ts of beingsimpleand

intuitive.
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Figure 4.7: Graph showingmeanabsoluteestimationerrors for the Principal Axis, Periodic
SimilarityandRotationCorrelationmethodsagainsthe manualestimategtreated
asgroundtruth).

4.4 Individual Results

Resultsof applyingthe threetechniqueso 30 exampledatasequencesf lengthsfrom to
framesaregivenin Table4.3. In all casegshespeedsreportedn thousandthef a Rotation
perFrame(mRpF).A manuabbsenationof therotationspeeds givenasgroundtruth,thiswas
determinedy countingthe numberof completerotationsin the sequencanddividing by the
numberof framestakenfor theserotations.The precisionof the manualestimatds dependent
ontheimagequality, the cell sizeandonthenumberof rotationsobsened. A 16 mRpFrotation
of a smallcell with radius10 pixels givesa discerniblemotion of 1 pixel perframeatthecell
edge. For larger cellsand/orwith obsenationsover multiple rotationsit is reasonabl¢o give
manualestimatesorrectto at worst . Table4.2 summarisesheseresultswith
the meanestimateerrors. Figure 4.7 shovs meanabsolutemagnitudeestimationerrorsfor
the Principal Axis, PeriodicSimilarity and RotationCorrelationmethodsagainstthe manual

estimates.

ThePrincipalAxis methodaccuratelydeterminedhedirectionof rotation,but gave poorestim-
atesof the magnitude Themethodwasfoundto bevery sensitive to non-uniformillumination,

which biasedthe principal axis to particulardirections,andto noise,which led to poor sey-
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Figure 4.8: MeanNCCvalueagainstaverageerror for the RotationCorrelationmethod.

mentationfor someframes.From Figure4.7 it canbe seenthatthe performanceleteriorated

asthemagnitudeof the speedf rotationincreased.

TheRotationCorrelatiormethodaccuratelydeterminedhedirectionof rotationandperformed
well on slow rotationspeedsbut poorly on fasterrotatingcells. The poor performancenf the
techniqueon fastrotatingcellswasdueto thelarge changen appearancef thecell in success-
ive frames.This wasa resultof both non-uniformlighting conditionsandlarger perturbations
of thecell. In theseconditions therotatedcell referencémageappearancdifferssigni cantly
from the true appearancegndso the methodfails to makea correctmatch. The magnitudeof
the NCC valuecanbe usedto identify suchpoor correlations.Figure4.8 shows a scattemplot
of the NCC measureggainstabsoluteerror for the RotationCorrelationmethod.If estimates
with NCC arediscardedthenthe averageerroris ~ mRpFK whichis comparabldo

the PeriodicSimilarity result(seeTable4.2).

WhereaghePrincipalAxis methodgivesasingleanguladifferencebetweersubsequerftames,
the RotationCorrelationmethodgives a relative con dence measurdor all the considered

angles.This makeshe RotationCorrelationmethodrelatively morerobustin dif cult frames.

In general,the Periodic Similarity approachperformedwell. However, the techniquedoes
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Figure 4.9: Determiningthe speedf rotationof cells.

not calculatea directionof motionand,in a numberof sequencesambiguitiesin the MAD

similarity graphdeadto worseestimateshanthe RotationCorrelationmethod.

4.5 Classi er Combination

The relative performanceof the techniquesat estimatingthe magnitudeof the rotationspeed
variesconsiderablyover thetestcases Overall, the PeriodicSimilarity methodperformsmost
accuratelybut thetechniquedoesnot give a directionof rotationandin somecasegperforms
worsethanthe othertechniques.The RotationCorrelationmethodaccuratelydetermineghe
directionof rotationandperformswell on slow speedsbut performspoorly on fastspeedof

rotation.

It makessensdo useanInformationFusionstratgy to combinetheabsolutespeecdestimate®f
thesetwo individual techniques The poor performancef the Principalaxis methodsuggests
that therewould be little to gain from including it, andso its estimatedare discarded. The
completesystemis illustratedin Figure4.9. The magnitudeof the fusedrotationestimates a
combinationof the magnitudef the PeriodicSimilarity andRotationCorrelationestimates,
while the directionof rotationis just that given by the RotationCorrelationapproach. This

sectiondescribesheinformationfusion stratgy usedat the fusioncentre.

It is assumedhat anglesof rotationlie in the range per frame and so the prior
probability of estimatesoutsidethis rangeis 0, estimatesnside the rangehave equal prior
probabilities. This rangecoversall speedsn the dataset. Limiting the rangeis a reasonable
for the electrorotatiorproblemas, by Nyquist's Theorem,the maximumanglethat could be
measureds perframe. Sincelarge errorsareworsethansmallerrors,the sg
costfunctionis chosen.As discussedn Chapter2 usingthe SE costfunctionleadsto a fused

estimatethatis the meanof the posteriordistribution.

76



Fusionof ElectrorotatiorFrequeng Estimates

The posteriordistribution is comprisedof the individual distributions ps and

rRc , Where psand gc areindividual estimate®f thespeedf rotation from the Peri-
odic Similarity andRotationCorrelationapproachesespectiely. For simplicity the posterior
PeriodicSimilarity distributions areassumedo be Gaussiarwith mean ps( rc) MRpFand
variance mMRpF Following previous authors[84], the individual distributionsare combined

by averaging.

TheresultsillustratethattheRotationCorrelatiortechniqueperformswell insidecertainranges

andpoorly outsidethoseranges As illustratedin Figure4.8,the meanNCC canbeusedto in-

dicatewhetherthetechniques performingwell or poorly. Wherethe techniquds performing

poorly, the obsenationgivesno informationaboutthe likely speedf rotationandsothe pos-

teriordistributionis uniform. Suchestimatesremarked in Table4.3. Wherethecon denceis

high, theindividualdistributionsareassumedo be Gaussiawith mean mRpFandvariance
MRpFE

Table4.3 shows resultsfrom applyingthis combinationstratgy to the data. Theresultssum-
maryin Table4.2 shows thatthe fusedstratey in generalperformsmoreaccuratehthanary
of theindividualtechniqueslone. The fusionapproachs successfubecausét cancombine
thebestestimate®f theindividualtechniquesvhile rejectingary poorestimatesrom the Ro-
tation Correlationtechnique.Sincethe fusedestimates effectively a weightedaverageof the
individual estimatesit is never worsethanbothindividual estimatesHowever, if the signsof
the individual estimateerrorsarethe same thenthe fusedestimatecan be no betterthanthe

bestindividual estimate.

The fusedestimategivesonly a small accurag improvementover the PeriodicSimilarity ap-
proach,however, unlike the PeriodicSimilarity methodthe fusedestimatealsoincorporates

directionof rotation.

4.6 Summary

This chaptethaspresente@nexamplein which InformationFusionis appliedto a simpleMo-
tion Estimationproblemwherethe motionestimatesarescalarvaluesratherthanmotionvec-
tors. Theapplicationis determininghe speedf rotationof cellsundegoingdielectrophoresis,
andthis chapterthaspresented novel methodto automaticallyachieve this. The methodhas

two stages, rstly trackingthe cells to remove the translatorycomponeniof the motion and
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Technique AverageError
MRpF
PrincipalAxis 23.0
PeriodicSimilarity 1.9
RotationCorrelation 13.6
FusedVethod 1.7

Table 4.2: Summarnyof results.

secondlydetermininghefrequeng of rotationfrom thetrackedcell sequence.

The Adaptive Block Matching Algorithm wasusedto track the cells. An importantproblem
whenusingthis approachis how to updatethe referenceblock. This hasnot receved much
attentionin the past,andso this chapterhaspresentedesultsfrom an investigationinto dif-

ferent updatestratgyies which concludedthat Itering the referenceblock led to signi cant

improvementsn trackingperformance.

Threemethoddor thedetermininghefrequenyg of rotationwereconsideredThe rst is based
on a previous solutionto the problem,the othertwo are novel solutions. Although the two
novel solutionswerefoundto be morerobustat estimatinghe magnitudeof therotationspeed
than the previous method, neitherperformedadequately By applying an estimationfusion
stratgy to combinetheindividualresults,a morerobusttechniquevasdeveloped.Thechosen
fusionstratgly wasbasedn Bayesiarestimatiortheory in whichtheindividualestimatesvere

representedly probability distributions
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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 manually calculatedfrequencief rotation in
thousandthef a Rotationper Frame(mRpF).Entriesmarked haveRotationCor-
relationmeanNCCvalue . Wheegiven, and indicateclockwiseand
anti clockwiserotationrespectively
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Chaptes

Information Fusionfor Accurate and
Robust Motion Estimation

5.1 Intr oduction

The previous chapterdescribedthe applicationof Information Fusionstratgiesto combine
estimate®f thespeedf rotationof cellsundegoingdielectrophoresisThesemotionestimates
werescalar unlike the 2 dimensionakstimate®f thetechniquepresentedn Chapter2. This
chapterconsiderdiow InformationFusionstratgiesmaybe usedto combinetheresultsof the
individual2D Motion Estimationtechnigueso give moreaccurateindrobustmotionestimates

in termsof theangularerrors,asde nedin Chapter3.

Theremaindeof this chaptelis organisedasfollows: Section5.2 describegepresentationgf
motion vector estimatesand of uncertaintiesn thoseestimatesvhich enableBayesiarbased
Information Fusionto be appliedto Motion Estimation. Experimentakesultsfrom applying
theresultantffusion stratgy are presentedn Section5.3. Section5.4 looksat how the choice
of costfunction affectsfusion performanceandsuggests novel costfunctionto reducethe
effectsof outliers.Resultdrom applyingthis new costfunctionarealsopresentedA summary
of thechapteiis givenin Section5.5. Thework presentednddiscussedh this chapteris also
reportedn [47,48,50].

5.2 RepresentingMotion Estimatesfor Fusion

As discussedn Section2.2, Information Fusionhasbeenadaptedor a wide variety of ap-
plicationsandthe choiceof fusion strat@y is to a certainextent applicationdependentThis
sectiondiscussefiow InformationFusionmay be appliedto Motion Estimationandpresents

techniquedo represenimotionvectorsanduncertaintyin theindividual motionestimates.
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Figure 5.1: Examplequantisationof polar motionvectorsto give discretemotionhypotheses
whidh couldthenbe usedin a decisionfusionstrategy. An examplemotionvector
is shownwith the associatednotionhypothesishaded.

5.2.1 RepresentingMotion Estimates

Mary fusiontechniquesuchascommitteemethodsglusteringmethodsandtechniquedased
on DempstetShaferevidencetheorywork with discretenypothesesAlthoughresultsfrom cor
relationbasednotionestimatiortechniguesuchasCAMUS arenaturallydiscretejn general,

motion estimatesakevaluesfrom acontinuougange.

Motion estimategouldbequantisednto asetof hypotheseghis would enableheapplication
of classi cation fusion stratgjies. A quantisationbasedon motion vectorsin 2D Cartesian
coordinatesioesnot yield anintuitive partitioningof therange. A polarrepresentatioof the
vectorsenableghe direction andmagnitude of motionto be treatedseparatelyandgives
riseto amorenaturalpartitioningby individually quantisingheangulardirectionanddistance
components.The useof this polar representatioffior fusing motion estimateds reportedin

[47,48]. A typical partitioningandexamplemotionvectorareillustratedin Figure5.1.

This quantisatiorapproachhasa numberof disadwantages Firstly, from Figure5.1it canbe
seenthat the rangeof potentialmotionvectorsin eachhypothesisandthe hypothesishapes
arenotuniform. This could be partially recti ed by having a non-uniformquantisatiorof the

magnitudecomponenthowever the hypothesesvould still have non-uniformshapesAlso, as
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precisionrequirementsncreasethe numberof hypothesesnustincreaseaccordingly Large
numbersof hypothesesanbe problematidor classi cationfusionstratgies,especiallyasthe
differencebetweenclassedbecomengligible. The representationalif culties which arise
from enforcingthis arti cial quantisatiorsuggesthatit would be simplerandmoreelegantto

choosdusionstratgieswhich operatedirectly on the continuousestimates.

As discussedn Chapter2, stochastidusiontechniquedbasedn Bayescriterionareeasilyad-
aptedto continuousralues . Inthisapproachtheindividualmotionvectors

form anobsenationvector . Thefusedestimate pysep  is madeto minimisethe risk
associatedvith the decisionsystemwhichis givenby Equation(2.15).Therisk is minimised

whenthefusedestimatds choserto minimisethefollowing integral:

FUSED (5.1)

Since is comprisedf theindividualmotionestimates with individual distribu-
tions , canbedeterminedf the distributionsandtheirinter-dependencies
areknown. This suggesta representatioffor the 2D motion estimates using

stochastidistributions

5.2.2 RepresentingUncertainty

Wherea singledistribution shapds usedto represenall motionvectorsin animageor image
sequencethe CentralLimit Theorem[153] suggestghatit is reasonabléo assumehatthe
distributionis GaussianAs theperformancef Motion Estimationtechniquess typically data
dependentheaccurayg of estimateprovided by aparticularmethodis likely to vary over pels
in theimagesandimagesequencest is thereforedesirabldgo usedifferentdistributionsfor the
motion estimatedgrom differentpartsof animage. Assumingthatthe decisionanadeby indi-
vidual techniquesaremorelikely thannotto correspondo thetrue motion, suitablefunctions
shouldhave a maximumat the estimatednotion vectorandbe decreasinglymonotonic. As-
sumingthaterrorsin individualestimationsareequallylikely in all directions thedistributions

would alsobe expectedto be symmetric.

A simpletriangularshapedlistributionsatis estheserequirementsandtriangularshapedunc-
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Figure 5.2: Example probability distribution for a motion estimate
usinga Gaussiandistribution with elementvariances  pelsand
covariances pels.

tionscanbeusedto representnotiondirectionandmagnitudeestimateuncertaintyasseparate
distributions.However, the directionandmagnitudeof motionarenottypically estimatedsep-
arately andsoarenotindependentA triangulardistribution couldalsobe appliedin 2 dimen-
sionsdirectly to the motionvector Thisfunctionis notavery naturalprobability distribution,
andits derivativeis notcontinuousA bivariateGaussiamlistributionalsosatis estheproposed

requirementandfurthermorehaving a continuousierivative simpli es treatmenof (5.1):

o - (5.2)

where is the covariancematrix of the 2D vector and s the distribution mean. In this
thesisit is further assumedhat the horizontaland vertical errorsare independentand their
variancesareidentical. An exampledistribution with  setto be a hypotheticalmotion es-
timate anda diagonalcovariancematrix with variances pelsis illustratedin

Figureb.2.

Figure5.3 shaws a histogramof errorsfor CAMUS appliedto the TranslatingPhotosequence
with a scaledGaussiartistribution plottedover the histogram.Clearlythe assumptiorthatthe
distribution is Gaussiardoesnot hold in general.Futurework may considerfusion stratgjies

which takeaccounbf differencedetweerthe shape®f individual distributions For example,
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Figure 5.3: Histogramof CAMUSerrors on TranslatingPhototestsequence

the apertureproblemwould suggesthat on edgesn the imagethe distribution would favour
motion estimateghatlie alongedgesHowever, astheresultsin Section3.4.1suggestcon d-
encemeasuresor Motion Estimationtechniquesrenot very reliableand so the useof more

comple distributionsis misleading.

The distribution is determinedby the individual distributions andtheir inter-
dependenciesnter-dependenciesetweerdifferentmotionestimatiortechniquesnaybevery
complex andvaried.Following Kittler etal. [84] thedistributionswill combinedby averaging,

asthisreduceghe effectsof errors.

5.2.3 Prior Knowledge

An importantaspectof the Bayesianapproachis the ability to take prior knowledgeinto ac-
count. For example,in mary Motion Estimationproblems the no motion hypothesids most
likely. This obsenationhasleadto a numberof centrebiasedmotion estimationapproaches
[119,121]. However, this assumptiordoesnot hold for the testsequencegivenin this thesis,

andsothe prior assumptionthatall motionvectorsareequallylikely will be adopted.

5.2.4 SectionSummary

To summarisethis sectionhasdiscussechow motion vectorsmay be representedo that a

fusionstratgly canbeapplied.A numberof dif culties ariseif themotionvectorsarequantised,
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and so 2D Gaussiardistributionsare to be usedto representhe individual motion vectors
with the estimatesand error in the estimatesepresentedhy the meansand variancesof the
distributions. An estimationfusion approachbasedon Bayescriterionis to be adopted.The
individual distributionswill thenbe combinedby averagingand a fused estimatechosento

minimisethe Bayes'risk, asdescribedn Chapter2.

5.3 Examples

This sectionpresentsheresultsof applyingestimatiorfusionstratgiesto combinetheresults
of differentmotion estimationtechniques.The individual motion estimationstratgies con-
sideredin theseexperimentsare CAMUS, HORN andURAS, asdescribedn Chapter3. The
parametersisedfor the techniquesn theseexperimentsarelistedin Table5.1. The estima-
tion fusion stratgies are derived from Bayesestimationtheory usingthe MPE, SE and AD
costfunctions,asdescribedn Chapter2. The motion estimatesrerepresentethy Gaussian
probability distributions asdiscussedn the previous section. A fourth fusion strateyy, which
chooseghe estimatein which mostcon denceis placed(MAXCONF), is givenasa baseline

result.

5.3.1 Implementation Issues

The SE costfunction leadsto a simple averagingstratgy which is easily implementedor
2D motion vectors. However, stratgies suchasthosederived usingthe MPE and AD cost
functionsrequiresomeevaluationof the probabilitydistributions This canbecomputationally

expensve.

As the individual distributionsare assumedo be unimodaland symmetricaboutthe estim-
ate, whenfusing just two resultsthe fusedresultmustlie on a straightline betweenthe in-

dividual estimates.This can be usedto reducethe computationarequirements.In general,
theseassumptionsonstrainthe fusedresultto lie in aregion de ned by the corvex hull of the

individual estimatesasillustratedin Figure5.4.
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Fused estimate
constrained to this area

Figure5.4: Thefusedestimatewill lie in the corvex hull of theindividual motionestimates.

Technique Parameters
CAMUS : :
HORN , maxiterations= 5

URAS | temporalsmoothing  frames,
spatialsmoothing  pel

Table 5.1: Techniquesandrespectivgparametersisedin experiments.

5.3.2 TestData

In additionto the syntheticDiverging Treesequencandthereal TranslatingPhotosequence,
two moretestsequenceareused.Thesearethe syntheticTranslatingTreeandreal Advancing
Photosequencewhich areillustratedin Figure 5.5 togetherwith their correctmotion elds.
The TranslatingTreesequencés awell known andpopulartestsequenc§l07,136], while the
AdvancingPhotois a new sequencérecordedor this researctanddescribedn AppendixC)
which shaws a rectangulaphotographmoving towardsthe cameraat constantspeed.As the
motion for thesesequencess very similar from frameto frame,the accuray resultsreported

in this chapterarecalculatedor oneframefrom the middle of eachsequence.
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Figure5.5: (a) Imagefromtranslatingtreesequencgp) correctmotionfromframe (c) Image
fromadvancingphotosequencegd) correctmotionfor frame
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TranslatingTree | Diverging Tree | Translating®hoto | 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: Meanangularerrorsin radiansfromapplyingestimationfusionstrategiesto com-
bine motionestimatesromthe HORN,CAMUSand URAStedhniques.Error vari-
ancesare shownin parentheses.For eat combinationof individual results,the
resultwith thesmallestverageerror is highlightedin bold font.
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Technique AverageAngular | AverageAngularError
Erroroverall without the Translating
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/URASFusedVPE 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 differenttechniquesn order
of increasingerror. For eady combinationof individual results,the resultwith the
smallestaverageerror is highlightedin bold font. CAMUSperformedverywell on
the TranslatingTree sequenceandit is inappropriate to fusethis result. Average
errorswithoutthe TranslatingTreesequenceare givenin thelast column.
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5.3.3 Resultsand Discussion

Table5.2 shovsthe meanerroranderrorvarianceof resultsfrom applyingthe differentfusion
stratgiesto combineindividual resultsfrom the HORN, URAS and CAMUS Motion Estim-
ation techniques.Resultsare given from fusing pairs of stratgiesandfrom fusing all three
stratgiestogether A summaryof this tableshowing the averageerrorsover all four datasets
is givenin Table5.3. For eachcombinationof individual results,the resultwith the smallest

averageerroris highlightedin bold font.

FromTables5.3and5.4it canclearlybe seenthatthe MPE fusionstratgly matchesor outper
formsboththe baselinestratggy MAXCONF andtheindividual Motion Estimationtechniques
in almostall casesTheerrorvariancegivenin Table5.2illustratethattherearegenerallyim-
provementsn bothmeanerrorandthe errorvariance.This obsenation suggestshat Inform-
ation Fusioncanbe usedto combinetheresultsof individual Motion Estimationtechniquego

give moreaccurateandmorerobustmotionestimates.

The SE costfunctiongave the poorestperformancef thefusedresults,in somecasedeading
to greateraverageerrorsthan even the worst of individual techniques. This is becausehe
SE basedstratgly doesnot take accountof con dence measuresuppliedfor the individual
estimatesthushighly inaccurateestimatesareweightedequallywith accurateestimatesThe
AD costfunction, which leadsto a stratgy that takesthe medianof the distribution, is more
robustto inaccurateestimatesaandso performsbetterthanthe SE costfunction. However, the
AD canstill affectedby outlierestimatesespeciallyif con dencein theseoutliersis mistakenly
high. Suchoutlier estimatesrecommonin Motion Estimationdataandleadto the AD andSE

fusionstratgiesperformingworsethanthe baselineon average.

Figure5.6 illustratesgraphicallythe differencein performancébetweenHORN and CAMUS
onthe4testsequenceby shoving areasvhereHORN performsbestin white andareasvhere
CAMUS performsbestin black. Whereonestratey performssigni cantly betterthanall other
stratgjies, InformationFusionis not appropriateandin somecasedeadsto a deteriorationn
performance For example,it canbe seenfrom Table5.2 that CAMUS performssigni cantly
betterthaneitherHORN or URAS on the TranslatingTreesequencehowever the Translating
Tree sequences arti cial andsuchexamplesare unusualin real world problems. CAMUS
performswell in this casebecausedhe arti cial translatingtree sequenceés particularlywell

suitedto the assumptiorof uniform motion over a pel zone. Whencombiningthe HORN or
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() (c)
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Figure 5.6: Relativemotionerrors, black indicatestechnigueCAMUSperformedbetter white
indicatesthat technigueHORN performedbetter a) TranslatingPhotosequence,
b) Diverging Photosequence;) TranslatingTreesequence]) Diverging Tree Se-
quence

URAS resultswith the CAMUS on this sequencegerrorswere introduced. Thesewere the
only caseswherethe MPE basedfusion stratgy performedworsethanone of the individual

techniques.

The nal columnin Table5.3 shows the averageerrorswithout consideringhe inappropriate
fusionof CAMUS resultsfrom the TranslatingTreesequenceThis columnmakeghebene ts

thatcanbe gainedfrom applyingthe MPE fusion strateyy evenclearer

Similarly, URAS performspatrticularly poorly on both the real datasequencesAs a result,
thereis little or no improvementin performancevhenthe URAS resultsare fusedwith the
CAMUS/HORNTresults.
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From Table5.2 it canbe seenthatin somecaseshe MAXCONF resultperformsworsethan
someof the individual results. For example, CAMUS hasan averageerrorof 0.22radianson
the Divemging Tree sequencédut the MAXCONF stratgy hasan error of 0.27 radianswhen
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 combineestimatesvhich aresigni c-

antly differentfrom eachother This is particularlyimportantwhen one techniquegivesan
incorrectestimatea high con dencevalue. Thisis a commonproblemin Motion Estimation
dataandcanleadto poor performancef somefusion stratgiesasdiscussedn the previous
section.This sectionproposesiovel costfunctionsto improve the robustnesof fusedmotion

estimates.

Figure5.7(a)shaws a hypotheticalmulti-modal posteriordistribution for a scalarestimation
problem. Sucha distribution may arise when the individual distributions from 3 detectors
are combinedby summing,or whenthe individual distributionsare themseles multi-modal.
Figures5.7(b), 5.7(c) and5.7(d) are graphsshaving the risk associatedvith eachestimate
giventhe MPE, AD andSE costfunctionsrespectiely.

As discussedn Section2.5,the MPE risk is minimumwherethe posteriorprobabilityis max-
imum. If thepeaksn Figure5.7(a)areinterpretedascorrespondingo estimategrom different
detectorsthenit canbeseenthatthe MPE stratgy is similarto choosinghe estimatén which
the mostcon denceis placed. The AD and SE costfunctionsassociatea non zerorisk with
the otherestimatesandsotherisk is minimisedby estimatesomavherein betweerthe peaks.

The SEandAD basedisksareminimisedby the distributionmeanandmedianrespectiely.

In this hypotheticalcase the peakat the estimate units may be dueto onetechniquegiving
anincorrectestimatea high con dencevalue.lt is desirablehata datafusiontechniqueshould

be ableto identify andcompensatéor suchoutlier estimates.

A hybrid of the AD/SE functionswith the MPE canbe usedto solwe this problem. This new
costfunctionassumethatalthoughit is importantto have asmallerror, oncetheerroris above

athresholdvalue the effect of the erroris constant.For example,whentrackingan object
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Figure5.7: Risksassociatedvith the differenthypotheseanderthe differentcostfunctions.

thenit is importantto have asgooda positionestimateaspossible put ary estimatesvhichare
sopoorasto causehetrackto belostareequallycostly, irrespectie of the true position. This

thresholdedtostfunctionis de ned asfollows:

c if
(5.3)
c otherwise

Where ¢ mightbethe AD (giving the TAD cost),SE (giving the TSE cost)or an alternatve
costfunction. Theuseof anabsolutdaifferencefunctionis similarly usedin robuststatisticsto
minimisetheeffectof outliersin thedata[154,155]. Substitutinghethresholdedostfunction

into theinnerintegral of (2.15)givesthefollowing fusedestimate:
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X (5.4)

The effect of this costfunction on the hypotheticalpdf of Figure5.7(a)is illustratedin Fig-
ure 5.8, with ¢ Ap and . It canbe seenthatthe outlier estimatehashadan

insigni cant effect on the estimateminimisingtherisk.

Figure 5.9 presentgesultsfrom a toy problemwheretwo sensoramakeobsenationsof the
speef atagetmoving ata constantelocity of 50mph;inaccurag in thesensoobsenations
is simulatedoy two normaldistributionswith standardleviations3mphand5mphrespectiely.

The obsenationsare fusedby the MPE, SE and TSE fusion strat@ies. It is not surprising
to obsene thatthe performancef the MPE costfunction deterioratessthe accurag of the
con dencemeasuralecreasesyhile the performanceof the SE approachdoesnot. The per

formanceof the TSE approaches¢hat of the MPE with low  valuesandthat of the SE with

large values.Forarangeof valuesthe TSEcanbeseeno outperformboththeindividual
techniquesvhenthecon denceerrorsaresmall. In generalthechoiceof  will beapplication
dependentFor the motionestimationexperimentgeportedn theremaindeof this chapter

ischosertobe  pelsothaterrorsgreatethan  pelareconsiderecquallycostly.
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Figure 5.9: Graph showingthe differencein performancebetweerdifferent fusionstrategies
asnoiseis addedto theindividual estimateprobability distributionsincreases.

5.4.1 Resultsand Discussion

This sectionreportsresultsfrom applyingthe thresholdectostfunction presentedn the pre-
vious sectionto combinethe resultsof different Motion Estimationalgorithms. Again the
Divemging Tree, TranslatingTree,Diverging Photoand TranslatingPhotoareusedastestdata.
As little improvementwas obsened from combiningall threeMotion Estimationtechniques,

only pairsof techniquesreconsideredhere.

Meanangularerrorsanderror variancedor the thresholdedcostbasedfusion stratgieswith
pelsareshowvn in Table5.4. The errorsthatarelessthanor equalto the MPE error
areshavnin bold. It canbe seerthatin all the exampletestsequenceghe TAD costfunction
equalledor outperformedhe MPE stratgy. In mostcasesheimprovementwasvery small,this
is becaus¢he MPE strat@y wasvery effective in mostcasesHowever, whenfusing CAMUS
and HORN on the TranslatingPhotosequencethe TAD was betterthanthe MPE cost

function.

Figure 5.10 illustratesthe individual HORN and URAS motion estimatedor the Diverging
Tree sequenceand resultsachieed by applying datafusion to combinethe two techniques
usingthe MPE, SE, AD and TSE and TAD costfunctions. Large outlier estimatescan be
clearly seenin boththe HORN and URAS individual results(top row). The resultfrom the
SE basedstratgy, which is independenbf the individual distributions, is clearly affectedby
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TranslatingTree | Diverging Tree | Translating®hoto | 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 radiansfromapplyingestimatiorfusionstrategies
usingthethresholdectostfunctionto Motion Estimationdata. Error variancesare
shownin parentheses.

theseoutliermotionestimatesTheotherfusionstratgies,whichdotakeaccounbf con dence
measuresarelessaffectedby the outlierestimatesanddo nothave thelargeerroneousectors.
For the Diverging Tree sequenceesultsillustratedin Figure5.10, the thresholdedl SE and
TAD functionsperformedbest,givinga  improvementover thebaselindMAXCONF.

5.5 Summary

This chapterhasconsiderechow Information Fusionmay be appliedto combinethe results
of differentMotion Estimationtechniques.An estimationfusion stratgy basedon Bayesian
estimationtheorythatcanacton continuousvalueswaschoserto overcomeimitationswhich
ariseif themotionestimatesrequantisedindividualmotionestimatesvererepresentetdy 2D
Gaussiardistributionsandcombinedby averaging. Resultsfrom applyingthe fusion stratgy
to combinemotionestimategrom threetechnique®n four exampletestsequenceshavedthat
in generathefusedestimatefhadsmalleraverageerrorsthantheindividual estimatesandalso
smalleraverageerrorsthancould be achieved by simply choosingthe estimatan which there

wasthe highestcon dence.
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A novel costfunction calledthe ThresholdedCost function hasbeenintroduced. This cost
function is useful for problemswhere,althoughit is importantto have a small error, once
the error is above an applicationdependenthresholdvalue the effect of ary larger error is
constantThiscostfunctionis alsohelpfulin reducingheeffectof outlier peaksn theposterior
distribution, which may be causedby large errorsin estimatedrom individual techniques.
Outliersarecommonin the Motion Estimationdatasetandthis costfunctionwasfoundto give

improvementsover traditionalcostfunctions.

It is not alwaysappropriateo apply InformationFusionto combineMotion Estimates.n the
experimentspresentedn this chapter the CAMUS techniquewas particularly suitedto the
TranslatingTree sequenceand signi cantly outperformedall of the othertechniques.As a
result,fusingthe CAMUS resultswith otherestimateslid notleadto ary improvementsand
evenresultedn aslightdegradationin performanceSimilarly, the URAStechniqueperformed
signi cantly worsethan the the other techniqueson somedatasets,and so combiningthe
URAS estimateglid not leadto ary improvements. Fusingmotion estimatess appropriate
wheretherelative performancef theindividual techniquess datadependentandparticularly
whenindividual techniquegomplementachotherwith one performingwell wherethe other
performspoorly. Whereappropriatehe useof estimationfusion stratgiesto combinemotion

estimatesanleadto moreaccurateandrobustestimates.
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Chaptel6
Information Fusionfor More Timely
Motion Estimation

6.1 Intr oduction

The previous chapterdhave shovn that Information Fusionstratgiescanbe usedto combine
theresultsof differentMotion Estimationtechniquego provide moreaccurateandrobustmo-
tion estimateghanareprovided by the individual techniqueslone. This thesisproposeghat
Information Fusionstratgjiescanalsobe usedto provide moretimely motion estimatesthis

chapterdescribe$ow this canbeachieved.

The remainderof this chapteris organisedasfollows: Section6.2 describeghe motivations
for thiswork. Section6.3 describesiow InformationFusiontechniquesanbe combinedwith

predictorsto solve the AE trade-of problemandso give moretimely motion estimatesthis
is illustratedwith both syntheticandreal examples. A summaryof the chapteris given in

Section6.5. The methodspresentecgnddiscussedn this chapterhave beenreportedin [51]

and[52].

6.2 Motivations

Therelative performanceof differentimageprocessingechniqueften variesdependingon
theimageor imagesequencéeingprocessedin Motion Estimationasdiscusseéh Chaptel3,
thereis oftenatrade-of betweeraccurag andef ciency with moreaccuratéechniquesending
to requiregreatercomputationakesources.This trade-of hasbeencharacterisedby Liu et
al. [136] asthe Accurag-Ef ciency (AE) cune. This is a particularlyimportantissuewhen
processingmagesequencedt is desirableo combinetheaccurag of slowertechniquesvith
the speedof lessaccurataechniquego give not only moreaccuratebut moretimely motion

estimates.

The previous chapterhasshawvn that InformationFusionmethodscanbe usedto combinethe
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resultsof differentimageprocessingechniquesappliedto the sameframe. However, given
thatall reasonablémageprocessingechniquegake sometime to run, in arealtime system
the estimateghey presenimustalwaysrelateto someearliertime point. Differenttechniques
will typically have differentcomputationalequirementsandsoif run concurrentlywill give
estimategor differenttime points. Thetime takenby agiventechniquecanalsovarydepending
on the imagesbeing processedFor example,the numberof iterationsrequiredfor the Horn
and Schuncktechniqueto corverge is not a constant. Somefast searchalgorithmsfor block
matchingtechniquedave early stoppingcriteriawhich canalsoleadto varying searchtimes
(eg.[119,120]). Thusevenwhentechniquesrecloselymatchedn runtime requirementst is
not reasonabléo expectthemto makeobsenationsatthe samefrequeng. Onesolutionwould

betorunall thetechniquesatthe speedf the slowestmethod,obviously thisis notideal.

In the methodproposedy this chapterillustratedin Figure6.1, a predictoris associateavith
eachof theindividual Motion Estimationtechniquego predictthe motion at the currenttime
point. Fusiontechniguesare thenusedto combinethe estimatedor that time point. This

approachs calledthe Predict-Fusemethod,andis describedn subsequergections.

6.3 The Predict-FuseMethod

Sinceall reasonablémageprocessindechniquesakesometime to run, anestimateprovided
by an obserer will alwaysrelateto someearliertime. Given AE considerationsit canbe
expectedthatthe moreaccurateéhetechniquethe moretime it will require.It is assumedhat
techniguescan make predictionsaboutfuture statesof the obsered processand can give a
measuref con dencein thesepredictions.Thisis a reasonablassumptiorif a modelcanbe

foundto describeactivity in thescene.

In this approacha fusion centreperiodically requestdrom all predictorsthe estimatedor a
giventime point andthe con dencein that estimate. Thesecon dencemeasuresrea func-
tion of the expectedestimateaccurag andthe numberof time stepsaheadthe predictionis
for. Thesepredictedestimatesndcon dencesarethencombinedusingthe estimationfusion
methodsdescribedn the previous chapter The proposedsystemis illustratedin Figure6.1.
Thelongerthetime betweerthelastobsenationmadeby atechniqueandthe predictedestim-
ate,the lower the con dencein the individual estimate and so the lessthatit will be valued

in determiningthe fusedestimate.In this way, informationfrom all techniquess usedwhen
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Time Point for Predictor

Technique 0 Predictor 0

Fusion Centre ———

. . # . Fused
amera Technique 1 Predictor 1 —l_. Estimate

L Technique N-1 Predictor N-1

Figure 6.1: TheproposedPredict-Fusearchitecture.

makinganestimateor ary giventime point.

6.3.1 Results- Synthetic Example

To illustratethisidea,this sectionconsiders syntheticexamplewhereanobjectis moving in a
straightline at constant/elocity away from apoint. Thedistance attime of theobjectfrom

its initial positionis describedy thefollowing equations:

(6.1)
(6.2)

where is the velocity of the objectwith arandomvariablerepresentingin-
knownin uencesontheprocessand thetimestep.Two processes, and , makeestimates
of the distanceevery  and  time stepsrespectrely. The estimatesare simulatedby

randomvariables and with:

(6.3)
(6.4)
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Figure 6.2: Simulationof a movingobject's increasingdistancefroma point, showingestim-
atesof the distancemadeby two processeat differentfrequenciesandwith differ-
entaccumcies.

where and arezeromeannormallydistributedvariables.

The predictorfor eachobserer is a KalmanFilter (seeAppendixB.2), which maintainsan
estimate of the currentdistance.At eachtime step,a fusion centretakesan estimateof the
currentdistanceandan error estimatefrom both predictors. The distanceand error estimates
areprovidedby the predictorequation®f the KalmanFilter [156]. The distanceestimatesan
thenbe combinedusingthe estimationfusiontechniqueslescribedn Chapter. For thistoy
problem,equalprior probabilitiesandthe MPE costfunctionareassumedtheindividualresults
arealsoassumedo be statisticallyindependenandsothe pdf's arecombinedby takingtheir
product. Theindividual pdf's areassumedo be normallydistributed,with meanandvariance

givenby thedistanceanderrorvarianceestimate$rom theKalman Iter predictor

Figure6.2shovsexampleestimatesindtruedistancegor a simulationwith , and

,thevarianceof and are and respectiely. Thissimulatesa scenariovhere
two differentprocesseare estimatingthe distance with the more accurateprocessequiring
moretime to run. Underthe Predict-Fusenethod fusedestimatesremadeat every time step,

which is morefrequentlythaneitherof theindividualtechniques.

Figure6.3shownstheerrors(averagedver 300time steps)or this simulationwith
When isequalto ,theaverageestimatefrom is muchmoreaccuratehanthatfrom

andis preferredsothatthefusederrorapproachethatof . When islargerthan ,as
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Figure 6.3: Averageabsoluteerrors for the currentdistanceestimategromtwo different pro-
cessesnd the fusedestimate Graph showsthe effect of changingthe frequency
at which procesB makesbservationsThefusedestimateperformssigni cantly
betterthaneitherindividual estimatedor a rangeof time steps.

would be expectedgiven AE trade-of considerationghe predictionshave to be over alonger
time spanandso givesthebetterestimate Thereis arangeof  valuesin whichthefused
estimateoutperformsothindividual estimatesin thisrange the fusedestimatés mademore

frequentlyandmoreaccurateljthaneitherof theindividualtechniques.

6.3.2 Results- Motion Estimation

The syntheticexample given in the previous sectionis a relatively simple problem,in that
the underlyingprobability distributionsand processeareknown. This sectionshows thatthe
techniquecanalsobe successfullyappliedto Motion Estimation. Theintentionis to combine
techniquedrom differentpartsof AE spaceto createa systemwhich sits closerto the origin,

wherethetime axisis now ameasuref obserationfrequeng.

Motion Estimationhasmary applicationsandthe choiceof modelfor the predictorss applic-
ationdependentFor simplicity andto reducethe computationabverheadof the predictors;t
wasassumedor this examplethatthe optical o w is comprisedof points (the pels) moving
independentlyandwith constanmotion. Sothe motion predictorssimply calculatethe expec-
tedlocationfor eachpelin  time stepsandpredictthatthe motionat thatlocationwill bethe

currentmotion of the pel. This is areasonablenodelof the motionin the TranslatingPhoto
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Figure 6.4: Average angular errors for motionestimatefrom HORN with max 10 and 100
iterationsandthefusedestimate Graphshowsheeffectof changingthefrequency
atwhich HORN100makeobservationsThefusedestimateperformssigni cantly
betterthaneitherindividual estimatedor a rangeof time steps.

sequenceA similarmodelis usedby Singh[157] asthetransitionfunctionin his Kalman Iter
approacho updatingmotionestimatesSinghalsousesheKalman Iter to providecon dence
measuredhowevertheadditionalspatialsmoothnesmodelimposednakeghe Iter unsuitable

for thisfusionapplicationasthe modelmaycon ict with or favour particulartechniques.

As discussedn Chapters3 and5, it is dif cult to nd appropriatecon dencemeasuresnd
probability distributionsto accuratelyportraythe motion estimates.As in Chapter5, uncer
taintyin theindividualmotionestimatess representelly 2D Gaussiamprobabilitydistributions
whosemeansandvariancesretheestimatednotionvector T andcon dencemeasuree-
spectvely. Thusa large varianceindicateslow con dence. For this example,equala priori
probabilitiesandthe MPE costfunctionareassumedTheindividual techniquesrecombined
by averaging.Thefalling con dencein long rangepredictionswasimplementedy assuming

thattheerrorvarianceincrease®y afactorof thetime step .

The Predict-Fusenethodcanbe appliedto combinetwo versionsof the sametechniquefrom

differentpartsof the AE-cune. As discussedn Chapter3, the maximumiterationsparameter
of the differentialHORN techniquecanbe variedto give an AE cune. As the computational
requirementsf HORNwith 100iterationsaregreatethanwith 10iterations;jt canbeexpected
thatHORN 100will requiremoretime to procesobsenationsandsowill makeobsenrations

with lessfrequeng.
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Figure 6.4 shows a graphof the meanangularerror over 30 framesof the TranslatingPhoto
sequencéor thepredictestimate$rom HORNwith 10 and100iterationsandfor thefusedres-
ult. HORN with 10iterationsis assumedo makeobsenationsevery 2 frames.The horizontal
axis givesobsenationfrequenciesor HORN 100 which vary from every 2 framesto every 8
frames.As thefrequeny of obsenationsfor HORN 100decreasesotheerrorin the motion
estimatesncreases.At high frequencieHORN 100 performsbetterthan HORN 10, but at
lowerfrequenciesHORN 10 performsbest.

Theshapeof thegraphin Figure6.4is similar to the syntheticexamplein Figure6.3,andthere
is arangein whichthefusedresultoutperformgheindividualresults.Thefusedresultperforms
slightly worsethanthe betterof theindividual resultsat the extremeendsof thegraph.Thisis

dueto errorsin thefusionbecaus®f inaccuraciesh thecon dencemeasures.

Wherea slow techniquetakesa relatively very long time to makeestimatesresultsfrom the
fastertechniguemaybefar moreaccurate This mayresultin a situationwherethereis nothing

to begainedby includingtheresultsfrom the slower techniqueandFusionis inappropriate.

Figure 6.5 illustratesthe motion estimatedrom the two individual predictorsandthe fusion
centrecorrespondindo the experimentalresultsin Figure 6.4 with HORN 100 obsenations
every 5 frames.Figure6.6 shavsresultsfrom the sameechniquegppliedto the Hamhurg taxi
sequenceAlthougha quantitatve evaluationof theperformancés notpossibleasgroundtruth
is not known, qualitatively, it canbe seenthat the fusedestimatebettercaptureghe motion
of the threevehiclesand pedestriarin the scenethan eitherindividual estimates.Both the
individualtechniquefiave a numberof mistakermotionestimatesvherethereis no motionin

thescene.Therearefewer sucherrorsin the fusedestimate.

The Predict-Fusenethodcan also be appliedto combineresultsfrom differenttechniques.
Table6.1 givesthe meanangularerrorsfrom combiningHORN with max 100 iterationsand
CAMUS with block size pels,searchradius3 pelsandtime range5 framesappliedto
the translatingphoto sequence.The error for HORN is smallerthanfor CAMUS so using
the AE trade-of agumentit wasassumedhatHORN hadgreatercomputationatequirements
thanCAMUS andmadeobsenationsevery 5 frameswhile CAMUS madeobsenationsevery 2
frames.In reality, therelative run-timeof thesetechniquesvould be platformdependentThe
fusedestimatemadeat every frame,is signi cantly betterthaneitherof theindividual results.

Much of thisimprovementis dueto combiningtwo techniquesvhich complemengachother
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Figure 6.5: Motion estimatedsor HORNwith 10 and 100 iterations and the fusedresulton
the Translating photo sequence Observationsare madeby HORN 10 every 2
framesandby HORN100every5 frames A crossindicatesestimatesromthenew
observations.
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Figure 6.6: Motion estimatesor HORNwith 10 and 100iterationsandthefusedresulton the
Hamhurg Taxi sequenceObservationsre madeby HORN10 every 2 framesand
by HORN100every5 frames.A crossindicatesestimatesromthe new 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 parenthesesjrom combiningHORN with max
100iterationsand CAMUSwith block size pels,seach radius3 pelsandtime
rangeb framesappliedto thetranslatingphotosequence

Figure6.7illustratestheindividual andfusedmotion vectorsover 6 framesof the Translating
Photosequenceesultingfrom fusing the HORN and CAMUS estimates. Clearly CAMUS
performedbetteron the foregroundthan HORN, but worseon the background. The fused
estimatebettercaptureghe motionin the scenethaneitherof the individual estimates.Over
thewholeimage,thefusedestimatehasa signi cantly lower error However, closeinspection
of Figure6.7 shavs that someof the fusedestimate®n the foregroundarelessaccuratehan
estimatesrom CAMUS. Thisis dueto thedif culty in nding appropriatecon dencemeasures

for theindividualtechniques.

Having sometechniquesnakemorefrequentobsenationsthanothershasan importantcon-
sequencen thatthe techniqueswill be betterableto detectmotion at differentspeeds.For
example,a very slow moving objectmay appearto be stationaryto a techniquemaking fre-
guentobsenations,andthe motionwill be more easily detectedby a techniquemakingless
frequentobsenations. This meanghatwheremotionis occurringat differentspeedsn anim-
agesequencesystemsuchasthePredict-Fusenethodthatallow techniqueso run atdifferent

speedsanhave anadwantage.

6.4 Implementation Issues

Theideaspresentedh this chapterandin previouschaptercentrearoundaninherentlyparallel
fusionarchitecture A detaileddiscussiorof parallelarchitecturess beyondthe scopeof this
thesis,however this sectionbrie y describeshow the architecturecanbe implementedusing

the popularMessagédPassingnterface(MPI) standard.
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Figure 6.7: Motion estimatesor HORNwith 100iterations, CAMUSwith
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Figure 6.8: In the MessagePassinginterface(MPI),  processesnakeup a communicatar
Theprocessesun autonomoushandare uniquelyidenti ed by their rank

6.4.1 Brief Overview of MPI

The MPI standard158] providesa framevork for parallelprogramminghatenablesnessage
passingoetweerdifferentprocessewhich mayberunningon differentprocessorsThe stand-
ardwasdesignedo be portableandenablesf cient implementatiorof parallelprogramsover
a rangeof architectures.MPI is suppliedasa library of routines. C, C++ and Fortranim-
plementation®f the standardarefreely availableincluding MPICH [159] which is available
from the Mathematical Information and ComputerSciencedDivision of the US department
of Enegy and CHIMP-MPI [160] which is availablefrom the Edinburgh Parallel Computing

Centre.

In anMPI program asillustratedin Figure6.8, multiple processesachuniquelyidenti ed by
anintegerrank runautonomouslyProcessearegroupedogethelin acommunicatoandcan
exchangemessagewith otherprocessein the communicatowusing functionsfrom the MPI

library.

Communicationganbe Collective wherea groupof processesxchangemessagesr Point-

to-Point whereoneprocessendsa messageo oneotherprocess Communicationsnodesare
describedn termsof how they aresent,but for a messagéo berecevedtherecipientprocess
mustcall a“Receve Message'function. Thereare4 communicatiormodes:Standardsend,
Synchronoussend,Buffered SendandReadySend. Thesemodegdiffer in how their comple-
tion reliesonreceiptof the messageStandardsendcomplete®ncethe messaghiasbeensent

into the communicationsmetwork. This may or may notimply thatthe messagdasbeenre-
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MPI Datatype C Datatype
MPI_CHAR signedchar
MPI_SHORr signedshortint
MPLINT signedint
MPI_LONG signedongint

MPI_UNSIGNED_.CHAR unsignecchar
MPI_UNSIGNED_SHORT | unsignedshortint

MPI_UNSIGNED unsignednt
MPI_UNSIGNED.LONG | unsignedongint
MPI_FLOAT oat
MPI_DOUBLE double
MPI_LONG_DOUBLE longdouble

Table 6.2: MPI andcorrespondindC datatypes.

ceived, dependingon the communicatiorarchitecture Synchronousendscompletewhenthe
messagéasbeenreceved. Bufferedsendscompleteimmediately the messagés storedin a
systembuffer to betransmittedvhenpossible Readysendsalsocompletammediatelybut are
only guaranteedio succeedf a matchingreceve hasbeenposted,otherwisethe behaiour is

unde ned.

All communicationgnodescanacteitherin blocking or non-blodking mode. In non-blocking
mode,a processcan carry on with ary processinghat doesnot affect the sendbuffer while
the messagés sentwhile in blocking modethe procesanustwait until sendhascompleted.
Non-blockingcommunication®iase anassociatedunctionto testfor call completion.Thereis
no advantageo having non-blockingBufferedor ReadySendcommunicationsReceve calls

canalsobeblockingor non-blocking.

Messagesarearraysof elementavhich correspondo a particulardatatype. A numberof data
typesarede nedwhichcorrespondo standardC andFortrandatatypes,includingMPI_CHAR
(correspondingo a C char)and MPI_INTEGER (correspondindo a FortranINTEGER). A
specialdatatype MPI_PACKED enablesepresentationf structures.A list of MPI datatypes
andtheir corresponding. datatypess givenin Table6.2[158].
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6.4.2 Predict-Fuselmplementation

The Predict-Fusearchitecturellustratedin Figure6.1 maybeimplementedvith theindividual
techniquespredictorsandthefusioncentrerunningasparallelprocessegossiblyon different
processorsTheexperimentgeportedn thisthesishave notbeerrunin real-time andsoimage
capturehasbeensimulatedoy readingfrom disk. In areal-timearchitecturea processnayalso
beusedatthecameraasa senerto provide theindividualtechniquesvith imagesasrequired.
Figure6.9illustrateshow the Predict-Fusarchitecturavasimplementedbn the departmental

SunnetworkusingMPI.

The Predict-Fusarchitecturecontainsboth synchronousndasynchronousomponentsThe
processingf imagesby theindividualtechnigquess asynchronousyhile synchronousutputs
from the predictorsare requiredby the fusion centre. Table 6.3 providesa key to Figure6.9
illustrating how the communicatiorwasimplementedisingfunctionsfrom the MPI standard.
BufferedSendsareusedfor asynchronousomponent®f thearchitecturevhile bufferedSyn-

chronousSendsareusedfor synchronougsomponents.

Thearchitectureassumeshatthe predictorprocessearefasterthantheindividual techniques.

Thisis anecessargssumptiorior the Predict-Fusearchitecturdo be of practicaluse.

The messagebeingpassedn this implementatiorareframesand motion estimategrom left
to right (communication®,3 and 5), and requestdor datafrom right to left (communica-
tions 1 and4). For 256 greyscaleimages framescanbe passedsarraysof MPI_CHARs or
MPI_BYTEs. Motion estimatesanbepassedsarraysof MPI_DOUBLEswith alternatingho-
rizontalandverticalmotioncomponentspr MPI_INTs if the motionvectorsareappropriately
scaledandrounded.Communicationshatrequesframesandmotion predictionsrequireonly
MPILINTSs.

6.5 Summary

This chaptethasconsideredhe problemof informationfusionwhereobsenationsof a process
areprocessedty differenttechniquest differentspeedsaandwith differentaccuraciesThis is
atypical situationin Motion Estimationcharacterisethy the Accurag-Ef ciency cune. It is
desirableto combinethe speedf thelessaccurataechniquesvith theaccurag of the slower

oneswhile takingaccountof thefact thatestimategrom theindividualtechniquesnayrelate
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Figure 6.9: Architecture for an MPI implementatiorf the proposedPredict-Fusearchitecture
showingcommunicatiorbetweerthe differentcomponentsf the architectue. A
key to thecommunicatiortomponentss givenin Table6.3

Communication
Label Type Description

1 Blocking Point-to-PointSynchronous| Requesframefor processing
Sendwith Non-BlockingReceve

2 Non-BlockingCollective Synchronous Sendframesto all techniques
Sendwith Blocking Receve thathave requestedhem.

3 Non-BlockingPoint-to-Point Deliverframeto predictor
BufferedSendwith Blocking Receve

4 Blocking Collective Synchronous RequespredictedViotion
Sendwith Non-BlockingReceve Estimatedor time

5 Non-BlockingPoint-to-Point Provide estimateor the
with Blocking Receve FusionCentre.

Table 6.3: Key to communicatiortypesfor the MPI implementatiorof the Predict-Fusearchi-
tectuein Figure 6.9.
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to differentand previoustime points. A methodhasbeenpresentedvhich usespredictorsto
provide estimatedor the individual techniquesat the currenttime point, then combinesthe

estimatesisingInformationFusionmethods.

Resultsfrom applying the Predict-Fusemethodto a syntheticproblemhave illustratedthat
valuableimprovementsmay be madeusing this information fusion stratey, which enables
moretimely estimategin termsof estimatefrequeng) thancanbe achieved from ary single
techniquealone. Improvementsare possiblewhen the differencein computationakequire-
mentsand performancdies insidea (problemdependentjange. The performancef Motion
Estimationtechniquesin termsof accurag andcomputationatequirementsganbe bothdata
andplatformdependentHowever, resultspresentedn this chaptershow thatthe Predict-Fuse
methodcanbeappliedto combinethe resultsof differentMotion Estimationtechniqueso get

moretimely estimates.

Thetechniqueslescribedn this andpreviouschapterdiave inherentparallelism.This chapter
hasalsoprovidedabrief descriptiorof how thePredict-Fusarchitecturdnasbeenmplemented

usingthe MessagdPassingnterface(MPI).
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Chapter7
Summary and Conclusions

7.1 Intr oduction

ThisthesishasconsideredhehypothesighatinformationFusioncanbeappliedto combinethe
resultsfrom differentMotion Estimationtechnigquego give moreaccuraterobustandtimely
motion estimates. Appropriatefusion stratgies for combining motion estimateshave been
identi ed andexpandedandnovel techniquediave beendescribedvhich facilitatetheapplic-

ation of InformationFusionto Motion Estimation.

Theremaindenof thischapteiis organisedasfollows: Section7.2summarisethethesiscontent
andidenti es the main contributions. Section7.3 drawvs conclusiondrom the work presented
in this thesis. Section7.4 discussepossibletopicsfor future work andsome nal comments

aremadein Section?.5.

7.2 Summary

The themeof this thesishasbeenthe applicationof Information Fusionstratgiesto Motion
Estimation.InformationFusionis appliedto awide rangeof applicationsandthe choiceof fu-
sion strat@y is applicationdependentChapter2 discusse@ numberof applicationexamples
andidenti ed from thesea variety of fusion stratgies. Fusionstratgies basedon Bayesian
estimationtheory were consideredparticularly suitablefor Motion Estimationbecausecon-
dence in individual estimatesanbe takeninto accountandbecausehe stratgjiescanwork
with continuousraluedestimatesStratgiesbasedn Bayesiardecisiontheoryhave alsobeen

comparedavourablyto alternatve stratgiesin theliterature.

An alternatve strateyy to Bayesiarestimatiortheoryis FuzzySettheory A importantproblem
whenadoptinga Fuzzyapproactto InformationFusionis the choiceof appropriatduzzi ca-
tion, aggregationanddefuzzi cation operators.Although a Fuzzyapproachwasnot adopted
for this thesis,Chapter2 alsodrewv an analogybetweenthe Fuzzy and Bayesianapproaches

thatmayhelpin thechoiceof thesefunctions.
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Chapter3 presentedin overview of ImageProcessingechniquegor Motion Analysis. Tech-
niqueswere classi ed asbeing primarily designedor Motion Compensationwherethe aim
is to compressmagesequencesyr for Motion Estimation,wherethe aim is to describethe
realworld cause®f imageintensitychangesA novel techniquevasproposedor makingfast
thoughroughestimate®f the directionof motionfrom differencesn the DCT coefcients of
successie images.This work mayhave applicationto reducingthe searctspacen fastimple-
mentationf the Block Matchingalgorithm. Examplesof key Motion Estimationapproaches
(differentialandcorrelatiorbasednethodsyereintroducedandtheir performancénvestigated

usingbothsyntheticandrealtestsequences.

An illustrative estimatiorfusionexamplewasgivenin Chapter4, whereestimate®f the speed
of rotationof cells undegoing electrorotationwvere combinedusing a fusion stratgyy based
on BayesianEstimationtheory The fusedrotation speedestimatesvere shovn to be more
accurateghanthe individual estimatesalone. This work is importantfor the automationand

hencecommercialisationf dielectrophoresimethods.

The electrorotationproblemdescribedn Chapter4 usedthe Block Matching Algorithm to
trackcellssoasto remorve thetranslatorycomponenof theirmotion. Referencélock updating
stratgiesfor thetrackingalgorithmwereinvestigatedandthe useof Iters wasfoundto lead
to signi cant improvementsn trackingperformanceFurtherwork by otherresearcherfl61]

hassinceinvestigatedherobustnes®f the proposedtratgjiesto variationsin their parameters.

The problemof combining2D motion estimatesvas consideredn Chapter5. It was rst
proposedhat motion estimatesnight be quantisednto discretemotion hypotheseso enable
the applicationof classi cationfusion stratgies. However, this arti cial quantisatiorraised
a numberof questionsand was not found to be a natural or intuitive representatiorior the
problem. Instead estimationtheorywasappliedto combinethe continuousmotion estimates

directly.

Chapter5 presentedesultsfrom combiningthree Motion Estimationtechniques.The tech-
niqueswerechosento be representatie of the two main Motion Estimationapproachesdif-
ferentialand correlationbased. It wasfoundthatin generaljust two of the techniquesvere
requiredto getthe bestresults.Thereexist mary Motion Estimationstratgyiesandtherelative
performancef thesestratgyiesis datadependenthowever, dueto the computationatequire-

mentsof Motion Estimationstratgies, it is unlikely thatmary morestratgieswould ever be
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combinedn asinglesystem.

Theissueof costfunctionselectiorfor estimatiorfusionwasconsideredandanovel costfunc-
tion presenteavhichtakesaccounbf thefactthat,althoughit is importantto have asmallerror,
oncetheerroris greatethansomethresholdheeffectsof ary furtherincreasegemainconstant.
This costfunctionalsoimprovesthe robustnes®f the motion estimatego outliers. Chapters
presentedesultsfrom realandsynthetictestdatathat shovedthat InformationFusioncanbe
usedto combinemotion estimatego give moreaccurateandrobustmotionestimatesn terms

of angularerrors.

Thereis oftenatrade-of betweertheaccurag of Motion Estimationtechniquesindtheircom-
putationalrequirementsyith moreaccuratdechniquesendingto have greatercomputational
compleity. Chapter6 shavedthatby fusing predictionsbasedn estimategrom fastbut less
accuratgechniguesvith predictionsrom slowerbut moreaccuratdechniquest is possibleto
getmoreaccuratanotionestimatesnorequickly. Chaptei6 alsodescribedanimplementation

of thefusionarchitecturen parallelusingthe Messagédassinginterfacestandard.

7.3 Conclusions

This thesisproposedhat Information Fusioncan be usedto combinethe resultsof different
Motion Estimationtechniquego give moreaccuraterobustandtimely estimatesThereexist
avarietyof fusionstratgiesthatmightbeadoptedo combinemotionestimatesFromthedis-
cussiongresenteih Chapter2, thisthesisconcludeghatBayesiarEstimationtheoryprovides

an effective andappropriatdramevork for combiningmotionestimates.

Fromtheresultspresenteih Chaptel5, thisthesisconcludeshatwhereonetechnigues found
to consistentlyperformbetterthanthealternatvesit is notappropriatdo applyfusionstrateies.
However, wheretherelative performanceof differenttechniquewaries,andespeciallywhere
theindividual performancearecomplementaryimprovementsn theaccurag androbustness
of motion estimatescan be obtainedby fusing the individual estimates.In one example of
a realimagesequencevheretheindividual performancesf two differentMotion Estimation
techniguesverecomplementanyfusingtheindividual estimatesvasshowvn to give a very sig-
ni cant improvementin accurag over thebetterof theindividualresults.Wherefusionis
not appropriatedueto onetechniquebeingfar moreaccurateandrobustthanthe alternatves,

thefusedmotionestimatesvill besimilarto thosefrom the betterof theindividualtechniques.
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Motion Estimationhasan inherenttemporalaspectand so the timelinessof techniquesjn
termsof thefrequeng atwhich estimateganbe made s important. Thereis oftenatrade-of
betweerthespeedindaccurag of Motion EstimatiortechniquesFromtheresultspresenteéh
Chaptes, thisthesisconcludeshatmotionestimate$rom slowerbut moreaccuratéechniques
canbeeffectively combinedwith estimategérom fasterbut lessaccuratéechniqueso give more

frequentandmoreaccurateestimates.

In thecourseof thisthesisthe choiceof referencélock updatingstratey for trackingwith the
Block MatchingAlgorithm hasalso beeninvestigated.From theseinvestigationsthis thesis
concludeghat the performanceof the Block Matching Algorithm is very dependenbn the
choiceof updatestratgyy andthatappropriatechoiceof updatestratgly canleadto signi cant
improvementsin trackingaccurag. The experimentalresultspresentedn Chapter4 suggest
that the useof a Kalman Iter to updatethe referenceblock is a very robust stratgy which

incursrelatively smallcomputationabverhead.

7.4 FutureWork

The scopeof this thesisis limited in a numberof wayswhich might be developedin future
work. Firstly, only thefusionof 1D and2D motionestimatess consideredThisis nota severe
limitation asthe majority of researchand applicationsof Motion Estimationwork with 2D

vector elds, andextendingthetechniquesievelopedhereto 3D vectorsis straightforwards.

Estimatesderived from applying Motion Estimationalgorithmsto a single sensoronly are
consideredthis avoidstheneedto co-rayistertheresults.This problemwasconsidereautside
the scopeof the thesis. Therearea numberof possibleadvantagego fusingmotionestimates
from differentsensorsncluding bene ts dueto having betterviews of the target and having

differencesn sensomoise.

The fusion stratgjies presentedissumesimple (Gaussianprobability distributionsfor the in-
dividual estimates.Thesewere chosento simplify implementationandbecausehe lack of
accurateon dencemeasuresnakeshe useof morecomple distributionsat bestmisleading.
However, considerationsuchasthe apertureproblemsuggesthat morespeci ¢ distributions
might be appropriateandthesecould be consideredn future work. Furthermorejt wasas-
sumedhattheresultsfrom individualtechniquesreindependentAgain, this assumptionwas

madebecausé is notstraightforwardto nd reliablecorrelationdetweertheindividualtech-
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niquesandbecaus¢heindependencassumptiorsimpli es the fusionframevork by enabling
individualtechniquedo betreatedseparatelyHowever, if two techniquesrebasedn similar
underlyingassumptionshen somecorrelationbetweertheir resultswould be expected,this

mightalsobe consideredn futurework.

Chapter5 presentedh novel costfunction for EstimationFusion. This costfunction wasa
hybrid of the Minimum Probabilityof Errorandthe Squarederror or AbsoluteDifferencecost
functions.This novel costfunctiontakesa thresholdoarameterAlthoughresultsfrom varying
this parametewerepresentedor atoy problem,the effect of this parameteon fusingmotion
estimatesvasnotinvestigatecempirically This wasnot donebecausehe novel costfunction
waspresentedn the contet of a subjectve criterion, namelythatalthoughit is importantto
have a small error, oncethe error is above a thresholdvalue the error is constant. Further
investigationof this novel costfunctionwould not changethe conclusionf this thesis but is

of interestsomaybeconsideredn futurework.

The estimationfusion stratgiesexploredin this thesishave otherapplicationsoutsideMotion
Estimation. Work hasalreadyconsiderechow the techniquesexploredin this thesiscanbe
appliedto combinethe resultsof Arti cial NeuralNetworks,and future work may consider

otherapplicationareas.

The investigationof Block Matching Algorithm updatestratgiespresentedn this thesisdid
not considerthe Block MatchingAlgorithm in the context of a systemthat Iters the position
estimatesAs mostpracticalsystemslter positionestimatesthis wouldalsobeanappropriate

subjectfor furtherinvestigation.

7.5 Final Remarks

Motion Estimationis animportantresearctareawith a numberof applications.As a result,
thereexist a wide variety of techniquedor Motion Estimation. The relative performanceof
thesetechniquess datadependentWherethe performancesf differentMotion Estimation
techniguesare complementarylnformation Fusionstratgies can be usedto combinethe in-
dividual estimatedo give moreaccurateyobust andtimely estimates.This work is likely to
be of mostbene t to Motion Estimationapplicationsthat mustoperateundera wide variety
of conditions,andsoarelikely to provide situationsin which the relative performancef dif-

ferentMotion Estimationtechniquewaries. For example,this work is likely to be of bene t
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to sunweillanceapplicationsvhich areexpectedto operatean a rangeof locationsincludingin-
side buildings, overlooking car parksand on naturaloutdoorsscenes.Outdoorssuneillance
applicationsmustalsodealwith weatherchangesvhich 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 ve Solution

The purposeof this sectionis to setdown all the stepsof the derivation of the optical ow

methodproposedy HornandSchunckn [2]. Whatis presentedhereis the discretederivation
discussedy Horn andKlausin [139], with the approximationsandall derivationstepsmade
explicit.

In theirmethod,Horn andSchunckassumehatthe intensityof animagedpoint remainscon-

stantover time andmotion. Let betheintensityof pixel attime , then:

— (B.1)

which canbe expandedusingthe ChainRulefor differentiationto give:

R (B.2)

where — and — arethe horizontal andvertical component®f the velocity respectrely.

Thisis theMotion Gradientconstraint . Setting— , — , — , (B.2) canbe
writtenas:

(B.3)
Thespatialandtemporalderivatives and areapproximatedy thedifferencesn acube

of pelintensityvalues asillustratedin Figure(B.1) [2, 139] andgivenbelow:
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(B.4)

(B.5)

(B.6)

(B.3) is the equationof a line in velocity space.The motion estimateis constrainedo lie on

this line. To constrainthe estimateto a single point, regularisationconstraintsare required.
Seeg[41] for anoverview of regularisationtechniquesHorn and Schuncksuggesthe smooth-
nessconstaint , Which requiresthe motion vectorsto vary smoothlyover neighbouring

pixels:

_ _ _ _ (B.7)

A weightedcombinatiornof thesmoothnesandmotiongradientconstraintgivesanerror  to

minimiseover all thepellocations in theimage:

(B.8)
where is the weightingterm (oftenexpresseds in the literature). To minimisethis
eguationfor amotionvectorat pellocation , derivativesaretakenwith respecto  and
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y j+1

X j k+1

i i+1

Figure B.1: Cubeusedfor approximatingspatialandtempoal derivativeswith 4 pointintens-
ity differences.

-1/12 -1/6 -1/12

-1/6 1 -1/6

-1/12 -1/6 -1/12

Figure B.2: Corvolutionkernelusedto approximatethe Laplacianof the pelintensities.

, andtheresultsetto :

— - (B.9)

- - (B.10)

The secondermon the RHS is the Laplacianof the pel intensities which Horn and Schunck

[2] approximatéby (seealsoFigureB.2):

S (B.11)

where isde nedas:
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(B.12)
andsofrom ( B.9) and( B.10):

(B.13)

(B.14)
Where( B.8) is ata minimum,thederivativesmustbe , so:

(B.15)

(B.16)
This canberewrittenin matrix form asfollows:

(B.17)
In orderto getthisin termsof ~ and , theinverseof the matrix onthe LHS mustbe
found. Thedeterminanof the matrixis:

(B.18)
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andso( B.17) canbewritten:

(B.19)
This gives2 equationspnefor andonefor :

(B.20)

(B.21)
The Gauss-Seidahethodcanthenbe usedto give aniterative solution:

(B.22)

(B.23)
Noting that:

(B.24)

andsimilary for theverticalcomponentequationgB.22)and(B.23) areusuallyrearrangeas
follows[2,107,139]:
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(B.25)

(B.26)

B.2 The Kalman Filter

The Kalman lter [98,156], originally proposedoy R.E.Kalmanin 1960[162], is a popular
Iter thatis referredto in anumberof placesn this thesis.This sectiongivesa brief overvien

of the Iter equations.

Filtering is usedto maintainestimates  of a statevector attime . The Kalman Iter

assumes modelof the obsenedprocessthis is formulatedasfollows:

(B.27)

where s the statetransitionmatrix. is aninputto the processwhich is often usedto
modelnoiseandsois calledthe dynamicmodelnoise Obsenations  of the statevectorat

time aremodelledby thetrue stateplussomemeasuremergrror

(B.28)

where  modelsthecorversionfrom statespacdo obsenationspace.

Therearetwo setsof equationgor theKalman Iter: predictorequationsvhichpredictthestate
vector anderrorcovariancematrix , andcorrectorequationsvhich correctthe predictions
given a new obsenation. This is illustratedin Figure B.3. The predictorequationsare as

follows, estimatedraluesasopposedo truevaluesareindictedby a :
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Initial State
Estimate

|

E Predict

Measuremem—{ Correct

Figure B.3: The Kalman lter comprisesa predictionstagethat predictsthe stateand error

covariancematrixanda correctionstagethat correctsthe predictionsgivena new
observation.

(B.29)
(B.30)

where isthecovariancanatrix of thedynamicmodelnoise is thepredictedstate

estimateattime , with thesecondermin thesubscripindicatingthatthis predictionis based

onthestateestimateattime . Similarly, is the predictedestimateerrorcovariance

giventheestimatecerrorcovarianceattime

Thecorrectorequationsareasfollows:

(B.31)
(B.32)

where istheKalmangain,calculatedasfollows:

(B.33)
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=— Object Edge

+
USAN mask

Nucleus

@ (b) (c)

Figure B.4: ExampleUSANmasksa) on an edge,b) near an objectedge,c) on an area of
constantintensity

where isthecovariancematrix of the measurementoise.

B.3 The SUSANEdgeDetector

The SUSAN approachto edgedetection,proposedoy Smith and Brady [151], was usedin
Chapter4 to detectthe edgesof cellsin dielectrophoresiimage sequences.This approach
usesa circular maskto identify featuresof interestin images.The intensityof the pelsin the
maskare comparedo the intensity of the middle pel (the nucleus)to determinehow much
of the maskhasa similar intensityto the nucleus. The maskis termedthe Univalue Segment
AssimilatingNucleus(USAN).

As illustratedin FigureB.4, wherethemaskis over anareaof nearconstanintensity mostof
the maskwill have a similar intensityto the nucleus. Wherethe maskfalls on anedge,only
aroundhalf themaskwill have the samentensityasthe nucleus.Thusedgescanbeidenti ed
by nding wherethe USAN hasa smallvalue, this givesrise to the term SmallestUSAN or
SUSAN.

FigureB.5 shavs the resultsof applyingthe SUSAN edgedetectorto anexampleframefrom
the Hamhug Taxi sequence.As pels are discreteit is necessaryo approximatethe circular
masksjwo examplemasksizesareshovn. Theintensityof pelsin theresultimagessinversely
proportionato thenumberof pelsin themaskthatsimilarto (within  grayscaléntensityvalues

of) thenucleus High intensitiesn theresultclearlycorrespondo edgesn theoriginalimage.
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Figure B.5: Resultsfrom applying the SUSANedgedetectorto an exampleframefrom the
Hamhurg Taxi sequence Two examplesof approximatedcircular masksare
shown.
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TestData

As well asusingstandarddatasets,this thesishasintroducednew datasets. This Appendix
describeghesedatasetsand explainswhy they wereconsiderechecessaryA list of the data

setswith their dimensionsandlengthsis givenin TableC.1.

C.1 Car Park Sequences

TheCarPark sequencesareusedin Chapte# to testreferencélock updatestratgiesproposed
by the author Thesesequencewerecapturedon a securitycameraover looking a churchcar
park,and2 hoursof footagewerestoredon VHS videotape.As aresult,the sequenceareof
low quality andso aredif cult for trackingsystemso copewith. The authorthanksDr J M

Hannahfor makingthis videotapeavailable.

The authorcorvertedtwo sectionsof the VHS footageto grayscaldPGM les usingcommer
cial imageprocessingrackagesAdobe Premiereand Adobe PaintShopPro.The Car Park A
sequencshons a pedestriawalking acrosghe car park,the CarPark B sequencshavsa car
moving behindthe railingson the car parkborder Exampleframesfrom the CarPark A and

CarPark B sequenceareshovnin FigureC.1.

Numberof
Sequence ImageSize| frames
CarPark A 75
CarParkB 106
CarFollowing 100
AdvancingPhoto 12
TranslatingPhoto 41

Table C.1: New experimentatestimagesequencegsedin thisthesis.
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(a) time>

(b) time>

Figure C.1: Exampleframesfrom the start, middle and end of a) the Car Park A sequence
showinga pedestrianwalking acrossthe car park, b) the Car Park B sequence
showinga car movingbehindtherailings onthecar park border.
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detail
(a) (b)

Figure C.2: pel sectionof the Car Park A sequencea) meanintensityvalues,b)
variancein theintensityvalues,with detail pel block fromthe centie of
thesgment,llustrating the blocking artifacts presentin the data.

As aresultof the format conversions, blocking artifactshave beenintroducedinto the
sequence.Theseareillustratedin Figure C.2 which shavs the temporalmeanand variance
imagesfor a pel sectionof the Car Park sequencavherethereis no motion. The

averagevarianceof the pelintensityvaluesin thissectionis  intensityvalues.

C.2 Car Following Sequence

The Car Following sequencas usedin Chapter4 to testreferenceblock updatestratgies
proposedby the author This sequencavas capturedon a digital video cameralooking out
of the front wind screenof a moving car  The sequenceshavs a car in front also moving
alongtheroad. As aresulttherearea lot of small, quick movementsdue to uneven roads
which makesthe sequencalif cult for trackingalgorithms. This sequencavas capturedby
Mr ShinichiroMatsunagaandthe authorthanksMr S. Matsunagdor makingthis sequence
available. Exampleframesfrom the start,middle andendof the Car Following sequencere

illustratedin FigureC.3.

C.3 Moving Photo Sequences

In orderto makea quantitatve evaluationof the motion estimatesijt is necessaryo nd a

testsequencdor which the groundtruth motionis known. Althoughthis is straightforward
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>
time

Figure C.3: Exampleramesfromthe start, middleand endof the Car Following sequence

for arti cial sequenceghegroundtruth for real sequenceis not easilyavailable. The author

createdhe TranslatingPhotoand AdvancingPhotosequencefor this purpose.

The sequenceshov a moving photographwhich is animageof a clutteredwork bench,cap-
turedin the group's laboratoryand printedon a colourink jet printer. The dimensionf the
photograptare  cm cm. Thephotograptwas x edto asheef cardfor rigidity. The
authorconstructea batterypoweredlego robotwhichmovesin straightlinesatapproximately

m/s. The photograptwascarriedby the robot (which is hiddenby the photographplong
thedesk.In the TranslatingPhotosequencéhe motionis from right to left acrosghe desk,in
the AdvancingPhotosequenceghe motionis towardsthe camera.To provide a simpleback-
ground,abluedividing screerwasplacedbehindthe desk.To minimiseshadevs andchanges
in backgroundighting, lighting wasprovided by a halogenlamp placedapproximately m
above thecameraandfacingdownwards.A planof theexperimentalarrangemenis shavn in
FigureC.4.

The sequencewrere capturedusinga Sory DCR-TRY890E Digital Video Recorderat 25fps.
The automaticfocusfeatureon the camerawasused. The imageswere storedin Sory DV
proprietaryformat,thencorvertedto colourPPMsequenceasingthe commerciaimagepro-
cessingpackagefdobePremiereand Adobe PaintShopPro.The AdvancingPhotosequence
wasstoredas sizedimagesthe TranslatingPhotosequenc&asstoredas
sizedimageswhich werecroppedo for processingExampleframesfrom thetwo

sequenceareshovnin FigureC.5.

Dueto thesimplenatureof thesequencehetruemotionfrom thesceneaneasilybecalculated

directly from the image sequences.This was done by manuallytracking the motion of the
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Blue divider
screen ——

10cm

Tape on desk——

Photograph on
lego robot ~

Desk top — —

Digital video B
camera B

Figure C.4: Plan showingthe experimentalsetup for capturingthe Moving Photogaph se-
quences.

(a) time>
(b) time>

Figure C.5: Exampleframesfrom the start, middleand end of a) the TranslatingPhoto Se-
guenceb) the Diverging Photosequence
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cornerf thephotographthenusingtheresultanmotionvectorgo calculatehevectorsfor the
remainderof the planarsurface.Groundtruth wascalculatedor ~ framesof the Advancing
Photosequenceaind  framesof the TranslatingPhotosequence.ln the TranslatingPhoto
sequencethe photowasfound to be moving at pelsper frame. The magnitudeof the

motionin the AdvancingPhotophotosequencevasfoundto beat most pelsperframe.

Thecolourimagesequencewerecorvertedto grayscalé ) for processingisingthefollowing

corversionfrom spacq130]:

(C.1)

C.3.1 Moving Checkered Card Sequence

A similar sequenceo the Moving Photosequence the Moving CheckeredCardsequence.
This sequencas usedin Chapter3 to illustrate a motion direction estimationtechniquede-
velopedby the author Insteadof a photo,a checkereatardis moved horizontallyin front of
thecameraThissequenc&ascreatedo moreclearlyillustratethe performancef the Motion

Estimationtechnique.
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Software Implementation

D.1 Intr oduction

The Motion EstimationandInformationFusiontechniquesliscussedh this thesiswereimple-
mentedby the authorin C++ [163]. C++ waschosenprimarily becauséhe languagds well
known andis easilyportedbetweenUnix andMicrosoft platforms. Ratherthandevelop code
speci cally for this thesis,the authorhasdevelopeda codelibrary that canbe easilyreused
by otherresearchersvorking in the eld. The encapsulationinheritanceand polymorphism

characteristicef objectorientedanguagesnakeC++ particularlywell suitedfor this purpose.

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

functionalityof thislibrary.

In particular the library wasintendedfor useby the Vision researchgroupin the department
of ElectronicsandElectricalEngineeringat the University of 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 designedo have different classego
represenand implementthe differentcomponentf a typical imageprocessingsystemre-
quired by the researchgroup. Thereare threemain componentdo sucha system:the im-
agesbeing processedthe algorithm being appliedand a mechanisnfor the input/outputof
frames. Thesecomponentsare abstractedn the library asthe VS frame, VS_frameio and
VS_imageprocesslassesTheVS_frame,VS frameio andVS_imageprocesslassegndthe

relationshipbetweerthemareillustratedin FigureD.1.

A fourthclasswhosefunctionalitywasparticularlyimportantin thisthesisvastheVS_framevec
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——4& VS frame o ———@

VS_frame VS_frame_vec
Underlay Image ¢

VS_image_process —— Denotes aggregation

——4& Denotes compostition

Figure D.1: TheVSframe,VSframeio, VSimageprocessandVSframevecclassesandthe
relationshipdetweerthem.

classwhich providespostscripbutputof vector o w elds. Thisclassis alsoillustratedin Fig-
ureD.1.

The following sectionsdescribepublic memberfunctionsof the C++ implementation®f the

VS_frame,VS_frameio, VS_framevecandVS_imageprocesglasses.

D.3 classVS_frame

The VS_frameclassis usedto storean imageand providesfunctionsto accesgixelsin the
image.lmagesarerectangulaarraysof pels.Imagescanhave 1 or morechannelsfor example
anRGBimagewould have 3 channelandamonochromémagewould have 1 channel Motion

vector elds canbestoredin 2 channeNS_frameobjects.

Pixelsarestoredasinteger (int) values.The decisionto avoid realnumbersvasmadebecause
non-integerscannot be displayedin PPMformat, becauseoating point arithmeticslows the
programspeeddown, andbecauseavhererealsare requiredthey cangenerallybe scaledand

roundedo integervalueswith sufcient accurag.

The copyconstructomandassignmenbperatorsare de ned for this class.

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

Constructorfor a frame of width nWidth and heightnHeight, with nNumChannelghannels.

Thedefaulthumberof channelss 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 newv frame. The top left handcornerof
theblock hasimagecoordinategnStartX,nStartY)andhasdimensionsBlckWidth  nBlck-
Height. A framewith zeropixel valuesandthesedimensionsill bereturnedf anerroroccurs

(eg attemptingto accession-«istentpixels).

int Getwidth()

Returngheframewidth.

int GetHeight()

Returngheframeheight.

int GetNumChannels()

Returnghe numberof channelsn theframe.

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

Returnstheintensityvalue of the nC channelat pixel location(nX, nY). If the pixel location

doesnotexist, returnso.

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

Setsthe intensityvalueof the nC channelat pixel location(nX, nY) to be nVal. Returnsl if

successfuklse0.

D.3.1 Examplecode

To illustratethe useof someof thesemembeirfunctions,the following examplecodemight be

usedto implementathresholdoperatoon a grayscaldramefrimage.
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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. >

I

/I Look at each pel in turn, set value to 1 if > nThresh, else
/I set value to O.

I

for ( nX = 0; nX < frimage.GetWidth(); nX++ )
for ( nY = 0; nY < frimage.GetHeight(); nY++ )
frimage.Setintensity( nx, ny,
( frimage.GetlIntensity( nX, nY ) > nThresh )? 0 : 1);

D.4 TheVS.image proces<lass

The VS_imageproces<glassis a baseclassfor all theimageprocessingechniguesn thelib-
rary. The classhasjustonememberfunction,namelythevirtual function Processvhich takes
oneVS_frameamgumentandreturnsthe resultsof processing@sa VS_frame. Imageprocesses

derivedfrom this classreplacethevirtual Processunctionwith onethatdoesarequiredtask.

D.5 classVS._frame._o

The VS_frameio classwaswritten to enableimagesto be written to or readfrom le. The
functionalityprovidedby theVS frameio classs notprovidedinsidethe VS _frameclasstself
becausdor majority of frameobjectsdo notrequirel/O operationsn their lifetimes. Theclass

supportsothasciiandraw PGM (grayscaleandPPM (colour) le formats.

A VS_frameio objectstoresa maximumframeintensityvaluewhich is usedwhendisplaying
frames.If this valueis lessthanthelargestpixel intensityin theimage,thenit will be adjusted
whenthe frameis displayed.This is usefulwhendisplayinga framewhich haspixelsof very
low values. For exampleif all the pixel valuesin a framearelessthan4, thendisplayingthe
framewith maxintensity255would resultin a very darkimagewith few details. Settingthe
frameintensityto 0 thenallowing the displaymemberfunctionto determinethe correctvalue

will give amoremeaningfuimage.

CopyandAssignmentre notde ned for this class.
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VS_frame_io( int nMaxIntensity = 255)

ConstructornMaxIntensityis the maximumintensity of the frameto be output. The default
is 255. For example,to displaya frameandallow the displayfunctionto resetthe maximum

intensity thefollowing codemightbeused:

VS_frame_io( O ).DisplayFrame( frimage, " filename.pgm" );

VS_frame LoadFrame( char* strFileName)

Loadsanimagefromthe le “strFileName”andreturnstheimageasaframe.

int DisplayFrame(frame frimage, char* strFileName)

Displaysaframeobjectfrimagein asciior raw PGM or PPMformatto the le “strFileName”.
Returnsl if successfuklse0. Thechoseroutputformatdepend®nthe numberof channelsn
theframe(1 channefor PGM, 3 for PPM)andon the displaymode(seeSetDisplayMode)If
the numberof channelgloesnot correspondo PGM or PPMthedisplayfunctionwill fail and

returnO.

int MaxIntensity( void )

Returnghe currentmaximumintensityvalue.

int MaxIntensity( int nintensity )

Setsthe maximumdisplayintensityto nintensity If whena frameis displayedary valuesare
greaterthan nintensity thenthe maximumintensity value will be changedo be the largest

valueencountered.

int SetDisplayMode(int nMode)

Setthe display modeto be ascii or raw PXM. Valid modesare VS_frameio::APXM and
VS_frameio::RPXM. Returnghelastmodeif ok else-1.
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D.5.1 Examplecode

A typicaluseof theVS_frameio clasdgstoreadin aframefor processingpy somevVS_imageprocess
derivedclass thenoutputthe resultsof thatprocessingThis s illustratedby the following ex-

ample.

VS_frame frimage; /I frame to process
VS _image_process impProcess;

1

/I Load in the image

1

frimage = VS_frame_io().LoadFrame( “afile.pgm" );

I

/I Process the image

I

frimage = impProcess.Process( frimage );

1

/I Display the processed image

1

VS_frame_io().DisplayFrame( frimage,  “result.pgm" );

D.5.2 classVS_frame_vec

Whenworkingin the eld of Motion Estimation|t is usefulto beableto displaymotionvectors
toillustratemotion elds. TheVS_framevecclassprovidesfunctionalityfor displayingvector

elds.

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

Add thevector( nXVel, nYVel) at pixel position( nXPos,nYPos). Returng0 if successfull.

int AddVectors(int** pnVectorArray, int nNumVectors)

Add nNum\ectors. The vectorsarein the nNum\ectorsby 4 array wherethe pixel position
for the nth vectoris ( nVectorArray[n ][ O], nVectorArray[n ][ 1] ) andthehorizontal/ertical

component®f thevectorarenVectorArray[n ][ 2 ]/nVectorArray[n][ 3].
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int Arr owColour( void)

Returnghecurrentarron coloursetting.CurrentlysupportedoloursareVS_framevec::BLACK,
VS_framevec::WHITE,VS_framevec::RED VS _framevec::GREENandVS_framevec::BLUE.
Thedefaultcolouris VS_framevec::BLACK.

int Arr owColour(int nColour )

Setthe a new arrowv colour. Returnsthe old arrowv colourif successfulelsereturns-1. See

ArrowColour(void) for valid arrav colours.Only supportedor EPSoutput.

int Arr owHeadLn(void)

Returnghecurrentarronv headlength.SeeArrowHeadLn(int nLength) for details.

int Arr owHeadLn(int nLength)

Setthe a new arrov headlength. Returnsthe old lengthif successfulglsereturns-1. The
Arrow headis anisosceledrianglewhosebasewidth is 3/4 of the height. Only supportedor
EPSoutput.

int Arr owWidth( void )

Returnghe currentarron width. SeeArrowWidth(int nWidth ) for details.

int Arr owWidth( int nWidth )

Setthe a new arronv width. Returnsthe old width if successfulelsereturns-1. Thewidth is

usedfor thearraw line. Only supportedor EPSoutput.

int ClearVectors()

Resetthevectorsall to O.
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void Display(char* lename )

Displaythevectorsto the le “lename”.

int DisplaySmall\Vectors(int nVal )

Callwith nVal non-zerao allow vectorswhicharesmallerthanthearrow to bedrawn (in which

caseonly thearron headwill beseen) Returnshelastvalueof nDisplaySmall\éctors.

int SetFrameDims(int nXVal, int nYVal )

Setthe frame dimensiongo heightnXVal andwidth nYVal. Returns0 if successfull. The
defaultframesizeis CIF (312 by 288). If anunderlayimageis used,thenthe underlayand

displaydimensionsnustbethesame.

int FrameHeight(void )

Returngheframeheightin pixels.

int FrameWidth( void )

Returngheframewidth in pixels.

int MaxDisplayLength( void )

Returnghe maximumlengthof displayedvectors.

int MaxDisplayLength(int nVal )

Setthemaximumlengthof displayedvectors mustbeatleastl. Returnsold displaylengthif

successfulelsereturns-1.

int MaxIntensity( void )

Returnthe maximumintensityof pixelsin anunderlayimage.
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int MaxIntensity( int nval )

Setthe maximumlengthof pixelsin anunderlayimage,mustbe at leastl. Returnsold max-

imum intensityif successfulelsereturns-1.

int MaxVectorLength(void )

Returnthelongestvectorlength.

int MaxVectorLength(int nVal)

Thelongestvectorlengthwill usuallybethelongestvectorencounteredofar. This function
setsthelongestvectorlengthto nVal ( mustbe atleastl ), which canbehelpful for looking at
very smallvectorsin a eld containinglarge vectors.Returnsthe old maximumvectorlength

if successfuklsereturns-1.

int SetDisplayType(int nType)

Setthe outputformatto pgm ( nType = framevec::PGM) elseto encapsulategostscript(

nType=framevec::PS)

int SpacingFactor( void)

Returnghe spacingfactor.

int SpacingFactor(int nVal)

For pgmoutput,eachpixel canbescaledup nVal (¢,0)timesto makeit easietto seedensevector
maps.Thisis similarto zoomingin ontheimage.Returnghe old spacingfactorif successfull

else0.

int Underlay( frame frUnderlay )

SetstheframefrUnderlayto appeaunderthedisplayedvectors.Must have samewidth/height

astheframevecobject.Singlechanneframesonly supportedReturnsl if successfulelse0.
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D.6 Coding Style

ISG Visionis aresearclactiity atthe Departmentf ElectricalEngineeringat the University
of Edinburgh. To improve groupefciency andencouragaliscussioncodeand utilities are
sharedbetweemmembersTo enablecodesharingto be effective, commonpracticeshave been
adopted Oneaspecbf this stringly supportedy theauthorhasbeenthe adoptionof auniform
codingstyle,which makest easieffor onememberto understandhe codewritten by another

The purposeof this appendixs to documenthis style.

The purposeof this documentis not to discussgood programmingpractices,andit's scope
is limited mainly to considerationsf readability Nonethelessadheringto a singlestyle and

giving clearcommentss agood rst steptowardsgoodprogramming.

D.6.1 Commentstyle

Commentsaaremainly usedto explain code,but canalsobeusedto improve clarity of thecode
layout. Templatesshaving commentthe layout for source les have beenwritten, theseare

includedatthe endof thisappendix.

Thedouble-slasl{//) comments preferredover the slash-asterix/* */) commenstyle.

Commentson Functions

A commentatthestartof afunctiondescribeshepurposeof thefunctionandclari es whatthe
functionagumentsshouldbe (if thisis notmadeclearby theagumentnamesandtypes).The

stylefor functioncommentss givenlater, with anexample.

Commentson Blocks of Code

Commentsexplaining blocksof codeshouldstartandendwith acommentine consistingonly

of theinitial doubleslash.This makescommentglearerandhelpsdistinguishblocksof code.
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Small Comments

Whereacommenis usedustto explainasingleline of code for exampleto clarify thepurpose

of avariable the commentcanappeaiat theendof theline.

Example

Thefollowing exampleillustratesthesepoints:

1

/I Comment explaining the following block of code
1

for ( nX = 0; nX < 100; nX ++ )

{
< code >
nValue *= 2; // Comment explaining this  line
< code >

}

A singleline of codecanoftenhave sufcient importanceo justify thelongercommentform.

"Commentingout' codeshouldnot be doneusingcomments(!)jnsteadpre-processooperat-

ivesshouldbe usedfor example:

< code >

#f O
< commented out code >
#endif

D.6.2 White Space

White spacegenerallymakescodeeasielto read,andso shouldbe usedgenerouslySpacecan

beincludedhorizontallyandvertically.

159



Softwarelmplementation

Horizontal spacing

Examplesof where spacesshould appearinclude before and after operatorsafter commas
in agumentlists and beforeand after parenthesesOne importantexceptionis in function
calls,wheresyntaxrequiresthe openingparenthesiso directly follow thefunctionname.The

following line of codeillustratesthesepoints:

int  nValue += (int) rint( ( flvalue + 10 ) / 3.142 ),

Without the spacingthisline would look like this:

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

Vertical spacing

Vertical spacingcanbe helpful in distinguishihng oneblock of codefrom anothey andso the
useof emptylinesto separatédlocksof codeis encouragedThe commentandbracingstyles
discussedn this documentare preferredbecausehey encouragehe useof a lot of vertical

space.

Longlinesof codeshouldbesplitoveranumberof lines. Wherecorvenientpointsfor indenting
successielinesexist, suchasan'=' or aparenthesighey shouldbe used.Otherwisetheextra
linesshouldbeindentedatleasttwo spacedurtherthanthe 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++ )
flIMean += frimage.GetIntensity( nX + QuadEl.Pos.nXPos,
nY + QuadEl.Pos.nYPos );

This s far clearerthanthe following, which shouldbe avoided:

for ( nX = 0; nX < QuadEl.nWidth; nX++ )
for ( nY = 0; nY < QuadEl.nHeight; nY++ )
flIMean += frimage.GetIntensity( nX + QuadEl.Pos.nXPos, ny
+ QuadEl.Pos.nYPos );
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No line shouldhave alengthgreaterthan80 characterssincethis causegroblemsfor printers

andcodeshouldbeasreadableon paperason screen.

D.6.3 Indents and Braces

The BSD stylefor positioning braceswherebracesareplacedon separatdines, is preferred.

This styleis illustratedhere:

if ( condition )

{
}

<body>

Codeshouldbeindentedrom theleft magin to indicatenestedlock depth.Theindentsare4

spacesong.

D.6.4 Naming Conventions

Choosingappropriatenamesfor classesyariables,constantsfunctionsand even lenames
helpsotherprogrammerso understanthecode. Thissectiondiscussethenamingcornventions

adoptedby the Vision Systemsyroup.

Variables

Variablenamesshoulddescribeboththetype andthe purposeof the variable. Variablenames
comprisinga numberof wordsshouldbe mademorereadableesitherby usingcapitallettersat

thestartof eachword or by usingunderscorebetweenwords. For example:

int  nVeryLongVariableName = 0;
int nvery_long_variable_name

0;

The choiceof style is not prescribedoy this documentbut as always,programmershould

ensurghatthechoserstyleis consisteninside les.

The rst few character®f variablenamesshouldbe usedto indicatethe type of 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 integersrepresentinghe sumof somevectorlist

mightbe“pnSum”. str- is usedratherthanpc- to suggeshtext string.

Somestyle guidessuggesthat objectsshouldhave pre x 'o', this is not advocatedby this

documentsinceprettymuchary variablecanbeinterpretedasanobject.

Constants

Hard-wiredconstantssuchasa valuefor , shouldshouldbe in capitals. Immutableclass
attributeswhich are initialised by the classconstructorhave the samenamecorventionsas

mutablevariables.

Constantshouldbe declaredf type “const' ratherthan#de ne'd, sincethis enablethe com-

piler to performbettertype checking.For example:

const double Pl = 3.142;

Functions/ Classes

Thechoiceof namingstylefor privatefunctionsandclassess not prescribedy thisdocument.
It is veryimportant,however, to maintaina uniform feelto the API, sothestyle of classesnd

functionsforming partof the API is prescribed.

Classesntendedo form partof the Vision Systemgyrouplibrary shouldstartwith “VS ", the

remainingcharactershouldbein lower casewith long namessplit up by underscores.

Publicmemberfunctionsof theseclasseshouldusecapitallettersto split up long names For
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example,thefollowing memberfunctionscomefrom the VS _frameandVS_framevecclasses:

void VS_frame::Setintensity( e )
int VS_frame::Getintensity( e );
int VS_frame_io::MaxDisplayLength( )

AccessingAttrib utesin the API

Wherepossible functionsshouldbe providedto allow accesgo objectattributes,ratherthan

allowing theattributesto be changedlirectly. This allows greaterscopefor validation.

D.6.5 CodeTemplates

FiguresD.2 andD.3 show templategor C++ sourceandheaderles respectiely.

An importantrole of the commentsat the top of the le is to indicatethe authorsof the code

andary modi cations. This helpsothergroupmembersvho have questionsaboutthe code.

Modi cationsto a le aftercreationshouldbetaggedoy the programmerinitials, for example

asfollows:

1

/I file : VS_program.cc

/I 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 >

M
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/I member function: VS_program::SetVariable

1

/I MR added this function to set the variable.
1

T
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I

I file

/I author :

/I created : DD MMMYYYY
I

/I Description

I

/I Modifications

n

I

/I (c) 2001 Vision Activity (ISG),

n
I
/I Include files

I
I
I
/I Local Defines

n
I
I
/I Local Function Declarations
I
I

Nt
/I constructor function:

NI

Mt
/I destructor function:

I
NI

Mt

/I assignment function:
I

Mt

Nt
/I copy function:
I

Nt
Nt

/I member function:
I

Nt

Nt
/' non-member function:

i

/I End of File
I

the University

of Edinburgh

M

i

i

M

M

M

i

Figure D.2: Templatefor a C++ souice(.cc) le.
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n

I file

/I author :

/I created : DD MMMYYYY
I

/I Description

I

/I Modifications

n

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

#ifndef _ TEMPLATE_H__
#define __TEMPLATE_H__

I i
/I Include files

I
N i

I i
/I Local Defines

n
NI i

Mt
/I class

Nt
class :

{
private:
protected
public
I
/I Constructor
I
I
/I Destructor
I
I
/I Copy
I
I

/I Assignment
n

I
I i
/I Inline  functions

NI T M

#endif //__TEMPLATE_H__

/I End of File
I i

Figure D.3: Templatefor a C++ header(.h) le.
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