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Abstract

This paperpresentaniterative maximumlik elihood framework for motion
segmentatiorvia the pairwisecheckingof pixel blocks.We commencdrom

acharacterisationf the motionblocksin termsof a matrix of pairwisesim-
ilarity weghtsfor their motion vectors. The eigervectorsof this similarity

weightmatrix representheinitial pairwiseclusters,.e theindependanino-

tions presentin the scene. We develop a maximumlik elihood framework

which allows to updateboththelink weightmatrix andthe associatedetof

pairwiseclusters.We experimentwith the resultingclusteringmethodon a
numberof real world motion sequencesHere groundtruth dataindicates
thatthemethodcanresultin motionclassificatiorerrorsaslow as3%.

1 Introduction

Therehasrecentlybeenconsiderablénterestin the useof probabilisticmethodsor mo-
tion sggmentatiorandanalysis.At the sggmentation-lgel severalauthorshave exploited
the apparatusf Markov randomfields[1]. For instance KonradandDuboishave devel-
opeda maximuma posteriori probability framework for simultaneousgnotionestimation
and moving objectsggmentation2]. Theselow-level approachesely on the similarity
in motion, grey-level andappearancamonggroupsof pixelsfrom theimagesequence.
At higherlevel several authorsincluding Macleanand Jepson3], Black and Anandan
[4], and AdelsonandWeiss[5] have usedthe EM algorithm[6] to detectindependently
moving objects. Focussingon the issueof optmisation,lsard and Blake [7] have de-
velopeda maximumlik elihood samplingmethodknown as CONDENSATION to track
independentlynoving objects.

Therearetwo difficulties which mustbe overcomein motion analysis. The first of
theses thatof definingmotioncoherenceMost approacheadopta modelbasedn cen-
tral clustering.Whenthe EM algorithmis usedtheneachindividual objectis represented
by aseparat&aussiardistribution of motionvectors.Eachdistribution hasits own mean
motion vectorand covariancematrix which needto be estimated.The secondproblem
is that of controlling the numberof independenimotion componentsin the caseof the
EM algorithm, the setof moving objectsis representedising a mixture modelandthe
orderof the mixture modelis equalto the numberof moving objectsin the scene.There
aretwo aspectgo the problemof settingthe orderof a mixture model. Thefirst of these
is to choosea utility measurewvhich measureshe tradeof betweendata-closenesand
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modelcompleity [8, 9]. The possibilitieshereincludethe minimumdescriptionlength,
the Aikake criterionandlik elihoodratios. The secondaskis how usetheutility measure
to controlthe splitting or meiging of mixturecomponent$10].

Becauseof the dual problemsof estimatingthe parametersf the motion mixture
modelandof controllingits structure the EM algorithmhasprovedto be cumbersoméo
usein practice. In this paperwe describea more easily controlledmotion segmentation
stratgly. The methodusesa maximum-likelihood methodto detectmoving objectsby
performingpairwiseclusteringon a setof motionvectors.We commencdrom aninitial
characterisationf themotionstructureusinga matrix of motionblock similarity weights.
The elementf the matrix are calculatedfrom the scalarproductsof local motion vec-
tors. Thesemotion vectorsare obtainedusinga block matchingalgorithm. The number
of clusters,.e. the numberof independentlynoving objects,is controlledusingthe set
of same-sigrpositive eigervectorsof the motion block similarity weightmatrix. Thisis
anideathathasits rootsin spectralgraphtheory[11]. In particulay we draw onthework
of SarkarandBoyer [12] who have usedthe leadingeigervectorof the similarity weight
matrix to performline-grouping.In the so-callednormalisedcut method,Shi andMalik
[13] usethe secondsmallesteigervalueto thresholdthe similarity matrix to preformim-
ageseggmentation PeronaandFreemarj14] extendthis work by shaving thatthe second
largesteigervectorof theaffinity matrix canbeusedfor bothpoint-setclusteringandline-
grouping. Weisshasshavn how eachof thesemethodscanbe improved by nomalising
the elementof the similarity weight, or affinity, matrix[15].

However, our novel contribution hereis to castthe spectralapproachinto a proba-
bilistic settingandto exploit it for independenmotiondetection.Startingfrom a model
in which the independentlymoving objectsare representedby a Bernoulli distribution,
we develop a dual-stepapproachto moving objectdetection. This dual-stepalgorithm
is closely akin to the EM algorithm[6]. In the E-stepwe updatethe clustermember
ship probabilitiesin the M-stepwe locaterevisedmotionblock similarity weightswhich
maximizethe expectedog-likelihoodfunction. The algorithmiteratesuntil corvergence.
In this way we circumwentthe problemof defining motion coherenceo group motion
blocks. Our methodis basedon the pairwisesimilarity of velocity vectors,ratherthan
their proximity to the centreof a cluster Moreover, the numberof motioncomponentss
controlledusingthe distinct eigenmode®f the pairwisesimilarity matrix for the motion
vectors.

The outline of this paperis asfollows. In Section2 we discussthe useof block-
matchingfor motion vectorestimation.We introducethe useof segmentatiorby matrix
factorizationin Section3. In Section4 we describeour maximumlik elihoodframework
for pairwise clustering. Section5 detailsa hierarchicalrefinementwhich canbe used
to improve the motion field sggmentationgeturnedby the pairwise clusteringmethod.
Experimentafesultson real-world motion sequencewith groundtruthh areprovidedin
Section6. Finally, in Section7 we concludethe paperand offer somesuggestiongor
futurework.

2 Computing Motion Vectors

The motion vectorsusedin our analysishave beencomputedusing a single resolu-
tion block matchingalgorithm [16]. The method measureghe similarity of motion
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blocksusingspatialcorrelationand usespredictive searchto efficiently computeblock-
correspondenceis differentframes. The block matchingalgorithm assumeghat the
translationaimotion from frameto frameis constant. The currentframeis divided into
blocksthatwill becomparedvith thenext framein orderto find thedisplacedtoordinates
of the correspondindplock within the searchareaof the referencérame. Sincethe com-
putationalcomplexity is muchlower thanthe optical flow equationandthe pel-recursie
methods,block matchinghasbeenwidely adoptedas a standardfor video coding and
henceit providesa goodstartingpoint.

However, the drawvbackof the singleresolutionblock-matchingschemes thatwhile
the high resolutionfield of motion vectorsobtainedwith smallblock sizescapturedine
detail, it is susceptiblgo noise. At low resolution,i.e. for large block sizes,the field
of motion vectorsis lessnoisy but the fine structureis lost. To strike a compromisebe-
tweenlow-resolutionnoisesuppressiomndhigh resolutionrecovery of fine detail, there
have beenseveralattemptgo developmulti-resolutionblock matchingalgorithms.These
methodshave provided good predictive performanceand also improvementsin speed.
However, oneof the major problemswith the multi-resolutionblock matchingmethodis
thatrandommotionscanhave a significantdegradationakffect on the estimatednotion
field. For thesereasonsye have useda singlehigh-resolutiorblock matchingalgorithm
to estimatethe raw motionfield. This potentiallynoisyinformationis refinedin the mo-
tion sggmentatiorstep,wherewe exploit hierarchicainformation.

3 Motion Modesby Matrix Factorization

We posethe problemof groupingmotion blocksinto coherentmoving objectsasthat of
finding pairwiseclusters.This procesof pairwiseclusteringis somevhatdifferentto the
morefamiliar oneof centralclustering. Whereascentralclusteringaimsto characterise
clustermembershipisingthe clustermeanandvariance,n pairwiseclusteringit is the
relationalsimilarity of pairsof objectswhich are usedto establishclustermembership.
Althoughlesswell studiedthancentralclusteringtherehasrecentlybeerrenavedinterest
in pairwise clusteringaimedat placing the methodon a more principled footing using
techniquesuchasmean-fieldannealind17].

To commencewe requiresomeformalism. The 2D velocity vectorsfor the extracted
motion blocks are characterisedisinga matrix of pairwisesimilarity weights. Suppose
thatn; andn; aretheunit motionvectorsfor theblocksindexeds and;. Theelementsof
thisweightmatrix aregivenby

w0 _ {%(Hﬁi.ﬁj) if i # j O

b 0 otherwise

The aim in pairwiseclusteringis to locatethe updatedsetof similarity weightswhich
partition the imageinto regions of uniform motion. To be moreformal, let V' denote
theindex-setof the detectednotion blocksin theimageandsupposéhat2 is the setof
pairwise-clustersi.e. distinctmoving objects,to which theseblocksareto be assigned.
Theinitial setof clustersaredefinedby the eigenmodesf the link-weight matrix W (®)
Herewe follow SarkarandBoyer [12] who have shovn how the positive eigervectorsof
thematrix of link-weightscanbe usedto assignobjectsto perceptuatlusters.Usingthe
Rayleigh-Ritztheoremthey obsenethatthe scalarquantityx! W (%) x is maximisedwvhen

125



x is the leadingeigervectorof (). Moreover, eachof the subdominantigervectors
correspondso a disjoint pairwisecluster They confinetheir attentionto the same-sign
positive eigervectors(i.e. thosewhosecorrespondingigervaluesarereal andpositive,

andwhosecomponentsreeitherall positive or areall negative in sign). If acomponent
of a positve same-sigreigervectoris non-zerothenthe correspondingbjectbelongs
to the associatedtlusterof motion blocks. The eigervaluesiy, As.... of W arethe

solutionsof the equation|IW (%) — \I| = 0 whereI isthe|V| x |V| identity matrix. The
correspondingeigervectorsx, , X, , ... are found by solving the equationW(O)xAi =

AiX,,. With this notation,the setof positve same-sigreigervectorsis representedby

Q = {w|Au > 0A[(XE5(3) > 0Vi) V XX (i) < OVi])}.

4 Maximum Likelihood Framework

In this paperwe areinterestedn exploiting thefactorisatiorpropertyof SarkarandBoyer
[12] to developa maximumlik elihood methodfor updatingthe motion block similarity
weight matrix W with the aim of developingan easily controlledmotion segmentation
method.We commencéy factorisingthelikelihoodover the setof modalclustersof the
motionblock similarity weightmatrix. Sincethe setof modalclustersaredisjointwe can
write,

PW) = [] P(®.) ey

we2

whereP(®,,) is theprobabilitydistribution for the setof motionblock similarity weights
belongingto the modal-clusteindexedw. Next, we assumehatthereare putative links
betweeneachpair of motion blocks (z, j) belongingto the cluster The setof putative
linksis @, =V, x V,, — {(4,7)]i € V}. If themotion block similarity weightsfor the
individual clustersareindependendf oneanotherwe canwrite

p@,)= [[ PWi,) €)

(iaj)e<1>“1

To proceedwe requireamodelof probabilitydistribution for themotionvectorsimilarity
weights. To developthis model,we introducea clustermembershipndicator s;,, which
representshe degreeof affinity of the objectindexed to the clusterwith modalindex
w. Ourmodelis developedundertheassumptionhatthemotionblocksassociatéo form
objectsor clustersundera Bernoulli distribution. The parameterof this distribution is
the similarity weight W; ;. The probability that the block associatioris correctis W; ;
while the probability thatit is in erroris 1 — W; ;. To gaugethe correctnessf the block
associationywe checkwhetherthe blocks: andj belongto the samepairwisecluster To
testfor clusterconsisteng we make useof thequantitys;, s;.,. Thisis unity if bothblock
belongto the sameobjector clusterandis zerootherwise.Usingthis switchingproperty
theBernoullidistribution becomes
P(Wij) = Wb (1 — Wi j) ! %o (4)

Thisdistributiontakesonits largestvalueswheneitherthemotionvectorsimilarity weight
Wi is unity ands;, = sj, = 1, orif W; ; = 0ands;, = sj, = 0.

With theseingredientsthe log-likelihood function for the obsened obsened set of
motionvectorsimilarity weightsis
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L= Z Z {Siwsjw In Wij + (1 — siwsjw) ln(l - Wi,j)} (5)

wER (1,j)EPw

After somealgebrato collectterms,the log-likelihoodfunction simplifiesto

=% > {sws]w I_/VW”—l—ln( W,-,j)} (6)

weR (i,7)EPw

Posedn this way the structureof thelog-likelihoodfunctionhasseveralfeatureghat
arereminiscentof that underpinningthe expectation-maximisatioalgorithm. First, the
modesof the motionvectorsimilarity weightmatrix play therole of mixing components.
Secondthe productof clustermembershiprariabless;,, s;., playstherole of ana pos-
teriori measuremenprobability. Third, the similarity weightsarethe parametersvhich
mustbeestimatedHowever, thereareimportantdifferencesThemostimportantof these
is thatthe modalclustersaredisjoint. As aresultthereis no mixing betweerthem.

Basedon this obsenation, we will exploit an EM-like processo updatethe motion
block similarity weightsandthe clustermembershipvariables.In the “M” stepwe will
locate maximumlik elihood block similarity-weights. In the “E” stepwe will usethe
revisedsimilarity-weightmatrix to updatethe modal clusters. To this endwe index the
similarity weightsandclustermembershipsvith iterationnumberandaimto optimisethe
guantity

(n+1)

QW I™) =3 {Sgw)sg-w) In- —v;/("“) m— +1))} @
ij

wER (i,j) €D,

The revised motion block similarity weightsare indexed at iterationn + 1 while the
clustermembershipareindexedatiterationn.

4.1 Expectation

To updatethe clustermembershipsariableswe have useda gradient-basedethod. We
have computedhe derivativesof the expectedog-likelihoodfunctionwith respecto the
clustermembershiyariable

(n+1) |77 () W("+1)

+1 +1
BSEZ ) JEVL W(n )
Sincethe associatedaddle-poinequationsare not tractablein closedform, we usethe
soft-assigransatzof Bridle [18] to updatethe clustermembershigassignmentariables.
This involvesexponentiatingthe partial derivativesof the expectedlog-likelihoodfunc-
tion in thefollowing manner

as{™

i

(n+1) ) py7(n)
exp [BQ(W W >]

QW+ | W ()
eV, eXP[ o

st

ZOJ

95"

iw

(9)
|
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As aresulttheupdateequationfor the clustermembershipndicatorvariabless

(n ) () S
(n) W, W,
exp [EJEV In — ey [ev, 17W("+1)
ij _

(n+1)

exp [E s 1n L] Wit e
i€V j w °J —wiHD i j woED
> eV, j€Ve “iw 1w Yiev, HJEVw -wirth

We initialise the clustermembershipsisingthe component®f the same-sigrpositive
eigervectors.We set
RONIN . 0] (10)
SR SR ]
Usingthesevariableswe developa modelof probability distribution for the similarity or
link weightsassociatedvith theindividual clusters.

4.2 Maximisation

Oncethe revised clustermembershiprariablesareto handthenwe canapply the max-
imisationstepof the algorithmto updatethe motion block similarity weight matrix. The
updatedentriesof the weight matrix are found by computingthe derivativesof the ex-
pectedog-likelihoodfunction

AQW (1) | () ZC { (m) () 1 B 1 }
aWi(jn+1) = iJw 55 Wi(Jn+1)(1_Wi(]n+1)) I_Wij(n+1)
(11)
andsolvingthe saddle-poinequations

8Q(w(n+1) |W(n)) B

BW.(ﬂ-‘rl) (12)
ij
As aresulttheupdatecelementf the weightmatrix aregivenby
W = 3 ol @)

wEeR

In otherwords, the similarity weight for the pair of blocks (i, j) is simply the average
of the productof individual clustermembershipsver the differentclusters. Sinceeach
modeis associatedvith a uniquecluster this meansthat the updatedaffinity matrix is

composedf non-overlappingblocks. Moreover, the motion block similarity weightsare
areguaranteedb bein theinterval [0, 1].

5 Hierarchical Motion Segmentation

As mentionedearlier, we usea single-lesel high-resolutionblock-matchingmethodto
estimatethe motionfield. Theresultingfield of motion vectorsis thereforelikely to be
noisy To controltheeffectsof motion-vectornoise we have developeda multi-resolution
extensionto the clusteringapproactdescribedibove.

Theadoptedapproachs asfollows.
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Figurel: Motion segmentatiorsystem.

¢ \We obtainthe a high resolutionfield of motion vectorsUg using blocks of size
k-pixelsandalow-resolutionmotionfield U, usingblocksof size2k pixels.

¢ We applyour clusteringalgorithmto the low resolutionmotionfield Uy,. We note
thenumberof clustersNy, detected.

¢ We make a secondapplicationof our clusteringalgorithmto the hight-resolution
motionfield Uy . Herewe selectonly thefirst N, eigervaluesof the motion-vector
similarity matrix asclustercentres.

In thisway we successiely performthemotionestimatioratlow andhighresolution.
The numberof clustersdetectedat low resolutionis usedto constrainthe numberof
permissiblehigh resolutionclusters. This allows the high-resolutionclusteringprocess
to dealwith fine detail motion fields without succumbingto noise. Thereis scopeto
extendthe methodand develop a pyramidal sggmentationstrateyy. The structureof the
hierarchicakystemcanbeseenin Fig 1.

6 Experiments

We have conductedexperimentson motion sequencewith known groundtruth. In Fig-

ure3 we shav someresultsobtainedwith five framesof thewell-known “Hamburg Taxi”

sequence.The top row shavs the hand-labelledyround-truthsegmentationfor the mo-

tion sequenceThe secondrow shaws the correspondingmageframesfrom the motion

sequenceln thethird andfourth rows we respectrely shown the low resolutionandhigh

resolutionblock motionvectors.Thelow-resolutionusesl6 x 16 pixel blocksto perform
motion correspondencand computethe motion vectors;for the high resolutionmotion

field the block sizeis 8 x 8 pixels. Thefifth row shavs the moving objectssegmented
from the motionfield usingpairwiseclustering.In eachframethereare3 clusterswhich

matchcloselyto the groundtruth datashawvn. In fact, the threedifferentclusterscorre-
spondto distinct moving vehiclesin the sequence.Theseclustersagainmatchclosely
to the ground-truthdata. It is interestingto notethatthe resultsarecomparabldo those
reportedn [19] wherea 5 dimensionafeaturevectoranda neuralnetwork wasused.The

proposedalgorithmconvergesin anaverageof four iterations.
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In Table 1 we provide a morequantitve analysisof theseresults. Thetablelists the
fraction of the pixelsin eachregion of the groundtruth datawhich aremisasignedy the
clusteringalgorithm. The bestresultsareobtainedfor the chest-rgion, the taxi andthe
far-left car, wherethe errorrateis afew percent.For thefarright carandthe headof the
Trevor White, the errorratesareabout10%. The problemswith thefar-right carprobably
relateto thefactthatit is closeto the peripheryof theimage.

Figure?2: Toprow: groundtruthfor the 1st,4th, 8th, 12thand16th frameof the "Hamburg Taxi”
sequenceSecondow: original frames; Third andfourth row: resolutionmotion maps;Fifth row:
Final motion sggmentationBottomrow: smoothednotionmaps.
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Sequence Cluster Average% Error

Ham. Taxi Taxi 5.4%
Ham. Taxi Far Left Car 4.8%
Ham. Taxi Far Right Car 11.9%

Tablel: Averageerrorpercentagéor thetwo imagesequences.

Finally, in Figure4 we show the total probability masstu") =D ev s§g> for each
clusterw asfunctionof iterationnumbem. This plot shaovs thatthe clustermemberships

corvergein about3 iterations.

7 Conclusions

We have describeda maximume-likelihoodframework for segmentingfields of motion-
vectorsinto independantlymoving objects. The proposedalgorithm locatespairwise
clustersof motion blocksusingthe similarity of their motion-vectors.We developalog-
likelihood function underthe assumptiorthat the similarity weightsfor motion blocks
belongingto the samepairwise clusterfollow a Bernoulli distribution. We develop an
algorithmfor iteratively updatingthe pairwiseclustersof motion blocks. The algorithm
is reminiscentof the EM algorithm. In the E-stepwe updatethe clustermembership
probabiliiesfor individual motionblocks. In the M-step,the updatectlustermembership
probabilitiesareusedto make revisedestimate®f the pairwisesimilaritiesof the motion
blocks. Whenappliedto realworld imagesequenceshe methodis capbleof delivering
segmentationsvith errorratesof afew pecent.Oneof theadvantage®f the methodover
the corventionalEM lagorithm,widely usedin motionsegmentatiorexperimentsjs that
the numberof motion componentgi.e. moving objects)is controlledusing the eigen-
modesof the matirx of pairwisesimilarity weightsfor the motionblocks. This avoidsthe
needto searcHor theoptimalnumberof mixturecomponentsand,to controlthe splitting
or merging of existingcomponents.

TAXI (HIGH RESOLUTION) ——
TAX| (LOW RESOLUTION) e

05 1 15 2 25 3 35

Figure3: Fractionalclustermassversusterationnumber
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