Statistical motion-basedobject indexing using optic flow field
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Abstract

In this paper we proposean original appmacd for
content-basedideoindexing andretrieval. It reliesonthe
tracking of entitiesof interestand the analysisof their ap-
parentmotion.To characterizethe dynamicinformationat-
tachedto theseobjects,we considera probabilistic mod-
eling of the spatio-tempoal distribution of the optic flow
field computedwithin the tracked area after cancelingthe
estimatecddominantmotiondueto camea movement.This
leadsto a genesl statistical frameavork for motion-based
videoclassificatiorandretrieval. We haveobtainedpromis-
ing resultson a setof variousreal image sequences.

1 Intr oduction and problem statement

In orderto copewith theincreasingdevelopmenbf dig-
ital video libraries, nev methodsare to be definedto ac-
cessand manipulatethis tremendousamountof informa-
tion, whichimpliesa content-basednalysisof thesevisual
documentgl]. Thefirst stepconsistdn extractingthe ele-
mentarytemporalunits (shots)which composethe video.

Then, the contentof eachextractedshotis characterized

basedon key-frame selection[4], mosaicimageconstruc-
tion [7], extractionandtrackingof entitiesof interest]2, 5].

The descriptionof the motion contentattachedo entities
of interestusuallyconsistsin determiningthe trajectoryof

theseobjectsexploiting 2D parametriomotion modelsand
in extractingqualitative pertinentfeaturesuchasthedirec-
tion of the displacemenf5]. However, in caseof complex

motion (fluid motion, crowds, sportevents), motion infor-

mationcannotbe easilyhandledin suchaway. Therefore,
we aim at deteriminninga new characterizatiomf the mo-
tion distribution attachedto the consideredentities of in-

terest. We computethe residualoptic flow field within the
tracked areaaftercancelingthe estimatedlominantmotion
due to cameramovement. Exploiting a statisticalframe-
work, we considera hierarchicalmotion-basedlassifica-
tion stage andwe definea statisticalretrieval schemewith

queryby example.

This paperis organizedasfollows. Section2 describes
how weinteractively extractentitiesof interestandautomat-
ically trackthemin avideoshot.In Section3, the statistical
modelingof themotiondistribution basedntheestimation

of residualoptic flow fieldsis presentedWe introducethe
statisticaframenork for motion-basedlassificatiorandre-
trieval in Section4. Finally, Section5 containsexperimen-
tal resultsandconcludingremarks.

2 Tracking entities of interest

Thefirst stepof ourindexing schemeconsistdn extract-
ing entitiesof interestin the video shots. To this end,we
considethesemi-automatitrackingtechniquepresentedh
[6]. A regionis specifiedby the userthroughaninteractve
interfaceby pointingthe verticesof the boundingpolygon.
Then,ateachinstantthedominantmotion,representetly a
2D affine motionmodel,is estimatedver this region using
arohustestimator(seesubsectiorB8.1) andusedto project
thepolygonin the next imagewhich constitutegshenew po-
sition of thetracked entity andthe new supportto compute
againthedominantmotionatthe next instant.
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Figure 1. Resultof tradking of a hodey player(a-b-
¢) and of a specifiedareaof a rugby playingfield (d-
e-f). Theboundingpolygonencompassinthetradked
areais displayedn white

This trackingtechniquecancopewith a variety of chal-
lengingsituationssuchascomplex motions,changesdn illu-
minationor partialocclusiong6]. In Fig. 1, we displaytwo
examplesof tracking. Thefirst oneinvolvesahoclkey player
andthe secondonea specificareaof a rugby playing field
in a video shotacquiredwith a mobile camera. Whereas
the first casecould also be processedising a motion de-



tectionmoduleevenif it represents not so easysituation,
the secondone cannotbe addresseavith usualtechniques
developedfor motion segmentation. This trackingmodule
offersnew functionalitiesin the context of videoindexing,
especiallyconsideringhe formulationof video queries.In
mary situationssuchassportevents,the informationof in-
terestcan be not only a single player but alsoa group of
playersor moregenerallya givenzoneof thescene.

3 Motion distrib ution characterization

We aim at adaptingstatisticaltools presentedn [3] to
copewith motion characterizationvithin a tracked areain
the video shot. In [3], our approachrelieson the analysis
of the spatio-temporadistribution of local motion-related
measurementdirectly computedfrom the spatio-temporal
derivativesof theimageintensityfunction. Whenfocusing
on an areaof interest,the useof denseoptic flow field be-
comesreasonablev.r.t. requiredcomputationaload, while
providing completemotion informationin termsof direc-
tion andmagnitude Besideswe wantto evaluatetheactual
motion of the tracked object. To this end,we computethe
residualoptic flow field aftercancelingthe estimatediomi-
nantimagemotionassumedo bedueto cameramovement.

3.1 Dominant motion estimation

We modelthe dominantmotion betweertwo successie
imagesas a 2D affine motion model. The estimationof
thesix affine motionparameterss achievedwith therobust
gradient-base@stimationmethoddescribedin [10]. The
useof arobustestimatorensureghe motion estimationnot
to be sensitve to secondarymotionsdueto mobile objects
in the scene.The minimizationis performedby meansof
aniterative reweightedleast-squaréechniqueembeddedn
amultiresolutionframenork.

3.2 Residualoptic flow estimation

To estimatethe residualoptic flow field, we exploit the
techniquedescribedin [8]. The problemis statedas the
global minimizationof an enegy function which involves
robust estimatorsbothin the regularizationenegy termto
presere motion discontinuitiesandin the data-drven en-
ergy term to discardthe optic flow constraintwhen not
valid. This minimizationis efficiently performedthrough
amultigrid algorithmwhich exploits differentlevels of lo-
cal parameterizatioof theflow field.

In practice whenconsideringwo successieimagesof a
video, we first computethe dominantimagemotion. Then,
focusingontheareaof interesttheflow field resultingfrom
the estimated2D affine motion modelis usedasaninitial-
izationfor thedenseoptic flow field estimationin thisarea.

Finally, theresidualoptic flow field to beusedin themotion
characterizatiorstageis the differencebetweenthe com-
puteddenseoptic flow field andthedominantmotionfield.

3.3 Statistical motion distrib ution modeling

The characterizatiorof motion information within the
areaof interestrelieson a statisticalmodelingof the dis-
tribution of the occurrencesf the computedresidualoptic
flow field. Sucha statisticalrepresentatiowill be denoted
asmodelV. Theconditionallikelihood Py (o) of sequence
of residualoptic flow fields o computedwithin the tracked
areaover theshotis givenby:

k=K
Pv(o)= ] ] Pv (ox(r)) @)

k=1 r€Ry

whereK is thelengthof the shot, R, thetrackedregionin
imagek of the shot, o, (r) the residualvelocity at point r
in imagek and Py (o (r)) the conditionallikelihoodof the
occurrencef velocity o, () w.r.t modelV.

To estimatemodelV for agiventrackedareaoverashot,
we exploit a Parzenwindow densityestimator Sincewe
considera simplekernelestimatejt comesto computethe
histogramH ° of the occurrence®f a quantizedversionof
residualoptic flow fields o within the tracked area. Let us
note A the rangeof quantizedresidualvelocities(in prac-
tice, the horizontalandvertical component®f the residual
optic flow vectorsare quantizedover sixteenlevels within
[—8,8]). Model estimateV is then definedby the setof

modelcomponent%P‘A,()\)}A N givenby:
€
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In addition, given a model V' and a sequencef resid-
ual optic flow fields o, the conditional log-likelihood,
LFy(0) = In Py (o) issuedrom relation(1), canbesimply
expressedasa dot productbetweerhistogramH ° andthe
setof modelpotentialslV” {In Py (A)}, 4

LFy(0) = H°(\)-InPy(}) 3)
AEA

4 Statistical motion-based object classifica-
tion and retrieval

The statisticalrepresentationf the spatio-temporaino-
tion distribution within the tracked region canbe exploited
for motion-basedideoindexing andretrieval usingpartial
guery Consideringa setof video sequenceghe associated
storedsetof extractedregionsof interestandtheir associ-
ated motion distributions, we aim at retrieving, from this



databaseexamplessimilarto avideoqueryin termsof mo-
tion content. The generalideais to definean appropriate
similarity measurdetweershotsandto determingheclos-
estmatchesaccordingto this measure.

As far as query formulationis concernedwe canalso
supplythe userwith aninteractive interfaceto expressthe
video query Using the trackingmodulepresentedn Sec-
tion 2, the usercan specify an areaof interestin the first
image of the query shot and this region is automatically
tracked alongthe shot. Then,the residualoptic flow fields
within the tracked region are computedat the successie
instantsof the shot. We will considerthis tracked areaas
thevideoqueryin the sequel.This schemeallows the user
to formulatea wide rangeof partial video queriessuchas
tracking specific entities (objects, characters)r focusing
onaparticularareaof the scendnvolving differententities.

4.1 Bayesianretrieval

Similarly to [3], we formulatethe retrieval processas
a Bayesianinferenceissue. In fact, consideringa queryq
anda storedsetof videos(n),car, We determinethe best
matches* accordingto a MAP criterion expressedising
theBayesrule asfollows: n* = arg max P(q|n)P(n)

Thedistribution P(n) representshea priori knowledge
on the processedlatabaseIn our case,we will introduce
no a priori, which implies an uniform distribution P(n).
Knowing the statisticalmodel V™ attachedto an element
n of thevideobaseandcomputedasdescribedn Section3,
P(g|n) is expressedasthe conditionallik elihood Py~ (0,)
of the quantizedresidualoptic flow fields o, estimatedor
queryg, w.r.t. modelV™:

n* = argmax Py (0q) 4)
n
4.2 Hierarchical classificationand retrieval

To handlelarge video databasest is generallyrequired
to build a hierarchicalstructureof the databaseelatedto
contentsimilarity. To this end, we consideran ascendant
hierarchicalclassificationscheme[3]. It consistsin iter-
atively forming new clustersin the hierarchyof entitiesof
interestwithin videoshotsof theprocessethaseby merging
in turn pairsof elementavhich minimize a givensimilarity
measureThis procesgesultsin abinarytree.

Consideringtwo elementsof the databaser; and no,
their associatednodelsV,,, and V,,, and the quantized
residualoptic flow fields o,, ando,,, the similarity mea-
sure D(ny,ny) is a symmetricversion of the Kullback-
Leibler divergencek L(ny ||ns):

Do, na) = 3 (KL(m ) + KL (o)) (5)

K L(nq||n9) is approximatedisingan empiricalaverageof
theratiosof log-likelihoodfor the distributionsattachedo
modelsV,,, andV,,, (se€[3] for details).It indeedcomeso
approximatei L(nq ||n2) by thefollowing ratio:

KL(m|ln2) = n (Py,, (0n,)/Pv,,(0n,))  (6)
Whenevaluatingthe similarity measuréoetweentwo clus-
tersC! andC?, we exploit thefollowing definitionof D:

D(C',C?) =

max

D 7
(n1,m2) €01 X C2 (nl7n2) (7)

In the ascendantlassificationprocedurethe creationof a
new clusterin the hierarchyrequiresto attachto the corre-
spondingnodea statisticalmodelin orderto performlater
theretrieval processhroughthis indexing structure.Since
the occurrencehistogramof the quantizedresidual optic
flow vectorsfor the regionsof interestof a groupof video
shotsis the meige of individual occurrencéhistogramsthe
associatednodelcanbeeasilyestimatedisingrelation(2).

Whenperformingretrieval operationoveragivenvideo
basejts hierarchicatepresentatiois efficiently usedto sat-
isfy avideoquery First,thenodeof the highestievel of the
tree which verifiesthe MAP criterionis chosen. Then, at
eachstep,we selectthe child nodeof the currentselected
node,still usingthe MAP criterion,until a givennumberof
answersr agivenprecisionis reached.

5 Resultsand concludingremarks

We have carriedout experimentson a setof realimage
sequencesWe have paid a particularattentionto choosea
video setrepresentatie of variousmotionsituations: sport
videos (baslet, rugby, hockey,...), rigid motion situations
(cars,train, ...), andlow motion actiity examples.Finally,
we considera databasef 50 video sequences.

For eachelementof this databasewe have selecteden-
tities of interestover which we have performedthe estima-
tion of their residualoptic flow fields. Then,we have com-
putedthe associatedccurrencéhistogramsandML statis-
tical models. Afterwards,we have appliedthe hierarchical
motion-basedlassificationscheme.In Fig. 2, we report
threeexamplesof retrieval operationsFor eachquery, four
answersaresought.Thefirst exampleinvolvesa news pro-
gramwheretheentity of interestis theanchor It presents
very weakmotion actiity. The four retrieved answerse-
long alsoto this classof video. The secondexampleis a
shotof a hockey gamewith a close-upon a player The
proposedanswersnvolve alsovideowith importantmotion
activity anda focuson a particularplayet The last query
is concernedwith a specificpart of the playing field in a
hockey game. The systemagaindeliverscorrectexamples
similar to the queryin termsof motion content,sincethey
alsocorrespondo awide-angleshotof theplayingfield.
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Figure 2. Exampleof motion-basedetrieval operations.For eac queryshotandfor ead retrievedshot,wedisplay
thefirstimage, andthe entity of interestis delimitedby a white polygon.Besidesfor ead reply, wereportthevalueof
log-likelihood L of thequeryw.r.t. statisticalmotionmodelV attachedto this reply.

We have describedn this paperanoriginal approacHor
motion-basediideoindexing andretrieval. It relieson the
statisticalanalysisof the motiondistribution of theresidual
optic flow fields computedwithin atrackedregion of inter-
estin the video shot. Exploiting a probabilisticmodeling,
we have establishe@d generaktatisticaframeawvork for hier-
archicalvideoobjectclassificatiorandretrieval with query
by examplebasedon motion content. We have obtained
promisingresultson a setof real videos. In future work,
we will evaluatethis approacton alargerdatabaseWe are
alsoinvestigatingothermeansof designatinghe region of
interestinvolving automatiomotiondetectionrmodule.
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