
Statistical motion-basedobject indexing using optic flow field

R. Fablet
�

P. Bouthemy
��

IRISA/CNRS
�
IRISA/INRIA

CampusuniversitairedeBeaulieu,35042RennesCedex, France

e-mail:
�
rfablet,bouthemy� @irisa.fr

Abstract
In this paper, we propose an original approach for

content-basedvideoindexing andretrieval. It relieson the
tracking of entitiesof interestand theanalysisof their ap-
parentmotion.To characterizethedynamicinformationat-
tached to theseobjects,we considera probabilistic mod-
eling of the spatio-temporal distribution of the optic flow
field computedwithin the tracked area after cancelingthe
estimateddominantmotiondueto camera movement.This
leadsto a general statistical framework for motion-based
videoclassificationandretrieval. Wehaveobtainedpromis-
ing resultsona setof variousreal imagesequences.

1 Intr oduction and problem statement

In orderto copewith theincreasingdevelopmentof dig-
ital video libraries, new methodsare to be definedto ac-
cessand manipulatethis tremendousamountof informa-
tion, which impliesa content-basedanalysisof thesevisual
documents[1]. Thefirst stepconsistsin extractingtheele-
mentarytemporalunits (shots)which composethe video.
Then, the contentof eachextractedshot is characterized
basedon key-frameselection[4], mosaicimageconstruc-
tion [7], extractionandtrackingof entitiesof interest,[2, 5].
The descriptionof the motion contentattachedto entities
of interestusuallyconsistsin determiningthe trajectoryof
theseobjectsexploiting 2D parametricmotion modelsand
in extractingqualitativepertinentfeaturessuchasthedirec-
tion of thedisplacement[5]. However, in caseof complex
motion (fluid motion, crowds,sportevents),motion infor-
mationcannotbeeasilyhandledin sucha way. Therefore,
we aim at deteriminninga new characterizationof themo-
tion distribution attachedto the consideredentitiesof in-
terest.We computethe residualoptic flow field within the
trackedareaaftercancelingtheestimateddominantmotion
due to cameramovement. Exploiting a statisticalframe-
work, we considera hierarchicalmotion-basedclassifica-
tion stage,andwe definea statisticalretrieval schemewith
queryby example.

This paperis organizedasfollows. Section2 describes
how weinteractivelyextractentitiesof interestandautomat-
ically trackthemin avideoshot.In Section3, thestatistical
modelingof themotiondistributionbasedontheestimation

of residualoptic flow fields is presented.We introducethe
statisticalframework for motion-basedclassificationandre-
trieval in Section4. Finally, Section5 containsexperimen-
tal resultsandconcludingremarks.

2 Tracking entitiesof interest

Thefirst stepof our indexing schemeconsistsin extract-
ing entitiesof interestin the video shots. To this end,we
considerthesemi-automatictrackingtechniquepresentedin
[6]. A region is specifiedby theuserthroughaninteractive
interfaceby pointingtheverticesof theboundingpolygon.
Then,ateachinstant,thedominantmotion,representedby a
2D affine motionmodel,is estimatedover this region using
a robustestimator(seesubsection3.1) andusedto project
thepolygonin thenext imagewhichconstitutesthenew po-
sition of thetrackedentity andthenew supportto compute
againthedominantmotionat thenext instant.
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Figure 1. Resultsof trackingof a hockeyplayer(a-b-
c) andof a specifiedareaof a rugbyplayingfield (d-
e-f). Theboundingpolygonencompassingthetracked
areais displayedin white.

This trackingtechniquecancopewith a varietyof chal-
lengingsituationssuchascomplex motions,changesin illu-
minationor partialocclusions[6]. In Fig. 1, wedisplaytwo
examplesof tracking.Thefirst oneinvolvesahockey player
andthe secondonea specificareaof a rugbyplayingfield
in a video shotacquiredwith a mobile camera. Whereas
the first casecould also be processedusing a motion de-



tectionmoduleevenif it representsa not soeasysituation,
the secondonecannotbe addressedwith usualtechniques
developedfor motion segmentation.This trackingmodule
offersnew functionalitiesin thecontext of video indexing,
especiallyconsideringtheformulationof videoqueries.In
many situationssuchassportevents,theinformationof in-
terestcanbe not only a single playerbut alsoa group of
playersor moregenerallya givenzoneof thescene.

3 Motion distrib ution characterization

We aim at adaptingstatisticaltools presentedin [3] to
copewith motion characterizationwithin a trackedareain
the video shot. In [3], our approachrelieson the analysis
of the spatio-temporaldistribution of local motion-related
measurementsdirectly computedfrom the spatio-temporal
derivativesof theimageintensityfunction. Whenfocusing
on an areaof interest,theuseof denseoptic flow field be-
comesreasonablew.r.t. requiredcomputationalload,while
providing completemotion information in termsof direc-
tion andmagnitude.Besides,wewantto evaluatetheactual
motionof the trackedobject. To this end,we computethe
residualopticflow field aftercancelingtheestimateddomi-
nantimagemotionassumedto bedueto cameramovement.

3.1 Dominant motion estimation

We modelthedominantmotionbetweentwo successive
imagesas a 2D affine motion model. The estimationof
thesix affinemotionparametersis achievedwith therobust
gradient-basedestimationmethoddescribedin [10]. The
useof a robustestimatorensuresthemotionestimationnot
to besensitive to secondarymotionsdueto mobileobjects
in the scene.The minimizationis performedby meansof
aniterative reweightedleast-squaretechniqueembeddedin
amultiresolutionframework.

3.2 Residualoptic flow estimation

To estimatethe residualoptic flow field, we exploit the
techniquedescribedin [8]. The problemis statedas the
global minimizationof an energy function which involves
robustestimatorsboth in the regularizationenergy term to
preserve motion discontinuitiesand in the data-driven en-
ergy term to discardthe optic flow constraintwhen not
valid. This minimization is efficiently performedthrough
a multigrid algorithmwhich exploits differentlevelsof lo-
calparameterizationof theflow field.

In practice,whenconsideringtwo successiveimagesof a
video,we first computethedominantimagemotion. Then,
focusingontheareaof interest,theflow field resultingfrom
theestimated2D affine motion modelis usedasan initial-
izationfor thedenseopticflow field estimationin thisarea.

Finally, theresidualopticflow field to beusedin themotion
characterizationstageis the differencebetweenthe com-
puteddenseoptic flow field andthedominantmotionfield.

3.3 Statistical motion distrib ution modeling

The characterizationof motion information within the
areaof interestrelieson a statisticalmodelingof the dis-
tribution of theoccurrencesof thecomputedresidualoptic
flow field. Sucha statisticalrepresentationwill bedenoted
asmodel � . Theconditionallikelihood �	��
��� of sequence
of residualoptic flow fields � computedwithin the tracked
areaover theshotis givenby:

�	��
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where $ is thelengthof theshot, % � thetrackedregion in
image & of the shot, � � 
'!�� the residualvelocity at point !
in image & and � � 
(� � 
"!��#� theconditionallikelihoodof the
occurrenceof velocity � � 
'!�� w.r.t model � .

To estimatemodel )� for agiventrackedareaoverashot,
we exploit a Parzenwindow densityestimator. Sincewe
considera simplekernelestimate,it comesto computethe
histogram*,+ of theoccurrencesof a quantizedversionof
residualoptic flow fields � within the trackedarea.Let us
note - the rangeof quantizedresidualvelocities(in prac-
tice, thehorizontalandverticalcomponentsof theresidual
optic flow vectorsarequantizedover sixteenlevelswithin.0/�132#1�4

). Model estimate )� is then definedby the set of
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In addition,given a model � anda sequenceof resid-
ual optic flow fields � , the conditional log-likelihood,M�N � 
�����BOQP�� � 
��� issuedfrom relation(1), canbesimply
expressedasa dot productbetweenhistogram*R+ andthe
setof modelpotentials�TSHOUP��	��
(7@��V ; ��< :M�N � 
�����WF; ��< * + 
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4 Statistical motion-based object classifica-
tion and retrieval

Thestatisticalrepresentationof thespatio-temporalmo-
tion distribution within thetrackedregion canbeexploited
for motion-basedvideoindexing andretrieval usingpartial
query. Consideringa setof videosequences,theassociated
storedsetof extractedregionsof interestandtheir associ-
atedmotion distributions, we aim at retrieving, from this



database,examplessimilar to avideoqueryin termsof mo-
tion content. The generalidea is to definean appropriate
similarity measurebetweenshotsandto determinetheclos-
estmatchesaccordingto this measure.

As far asquery formulation is concerned,we can also
supplythe userwith an interactive interfaceto expressthe
video query. Using the trackingmodulepresentedin Sec-
tion 2, the usercanspecifyan areaof interestin the first
imageof the query shot and this region is automatically
trackedalongtheshot. Then,the residualoptic flow fields
within the tracked region are computedat the successive
instantsof the shot. We will considerthis tracked areaas
thevideoqueryin thesequel.This schemeallows theuser
to formulatea wide rangeof partial video queriessuchas
tracking specificentities (objects,characters)or focusing
onaparticularareaof thesceneinvolving differententities.

4.1 Bayesianretrieval

Similarly to [3], we formulate the retrieval processas
a Bayesianinferenceissue. In fact, consideringa query Z
anda storedsetof videos 
'[��]\ �:^ , we determinethe best
matches[�_ accordingto a MAP criterion expressedusing
theBayesrule asfollows: [�_��a`�bDc	de`�f\ �g
Zih [��j�g
"[��

Thedistribution �g
"[�� representsthea priori knowledge
on the processeddatabase.In our case,we will introduce
no a priori, which implies an uniform distribution �g
'[�� .
Knowing the statisticalmodel � \ attachedto an element[ of thevideobaseandcomputedasdescribedin Section3,�g
'Zih [�� is expressedastheconditionallikelihood �Y��kl
'��m:�
of the quantizedresidualoptic flow fields ��m estimatedfor
query Z , w.r.t. model � \ :[ _ �B`�bDcndg`of\ �Y��kl
��m�� (4)

4.2 Hierar chical classificationand retrieval

To handlelargevideodatabases,it is generallyrequired
to build a hierarchicalstructureof the databaserelatedto
contentsimilarity. To this end,we consideran ascendant
hierarchicalclassificationscheme[3]. It consistsin iter-
atively forming new clustersin the hierarchyof entitiesof
interestwithin videoshotsof theprocessedbaseby merging
in turn pairsof elementswhich minimizea givensimilarity
measure.Thisprocessresultsin abinarytree.

Consideringtwo elementsof the database[ � and [qp ,
their associatedmodels �@\sr and �@\�t and the quantized
residualoptic flow fields �o\sr and �o\ut , the similarity mea-
sure vw
"[ � 2 [qp:� is a symmetricversion of the Kullback-
Leiblerdivergence$ M 
'[ �ux [qp�� :

vw
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$ M 
"[ ��x [qp:� is approximatedusinganempiricalaverageof
theratiosof log-likelihoodfor thedistributionsattachedto
models� \ r and � \ t (see[3] for details).It indeedcomesto
approximate$ M 
"[ � x [ p � by thefollowing ratio:$ M 
"[ � x [ p �n~�OUP��(� � k r 
'� \ r��#C�� � k t 
� \ r��D� (6)

Whenevaluatingthesimilarity measurebetweentwo clus-
ters � � and � p , we exploit thefollowing definitionof v :v,
� � 2 � p �A� dg`of� \sr�� \�t#� �u� r:� � t vw
"[ � 2 [ p � (7)

In the ascendantclassificationprocedure,the creationof a
new clusterin thehierarchyrequiresto attachto thecorre-
spondingnodea statisticalmodelin orderto performlater
the retrieval processthroughthis indexing structure.Since
the occurrencehistogramof the quantizedresidualoptic
flow vectorsfor the regionsof interestof a groupof video
shotsis themergeof individual occurrencehistograms,the
associatedmodelcanbeeasilyestimatedusingrelation(2).

Whenperformingretrieval operationsoveragivenvideo
base,its hierarchicalrepresentationis efficientlyusedto sat-
isfy avideoquery. First, thenodeof thehighestlevel of the
treewhich verifiesthe MAP criterion is chosen.Then,at
eachstep,we selectthe child nodeof the currentselected
node,still usingtheMAP criterion,until a givennumberof
answersor a givenprecisionis reached.

5 Resultsand concluding remarks

We have carriedout experimentson a setof real image
sequences.We have paida particularattentionto choosea
videosetrepresentativeof variousmotionsituations: sport
videos(basket, rugby, hockey,...), rigid motion situations
(cars,train, ...), andlow motionactivity examples.Finally,
weconsidera databaseof 50videosequences.

For eachelementof this database,we have selecteden-
tities of interestoverwhich we have performedtheestima-
tion of their residualoptic flow fields. Then,we have com-
putedtheassociatedoccurrencehistogramsandML statis-
tical models.Afterwards,we have appliedthehierarchical
motion-basedclassificationscheme.In Fig. 2, we report
threeexamplesof retrieval operations.For eachquery, four
answersaresought.Thefirst exampleinvolvesa newspro-
gramwheretheentity of interestis theanchor. It presentsa
very weakmotion activity. The four retrievedanswersbe-
long also to this classof video. The secondexampleis a
shot of a hockey gamewith a close-upon a player. The
proposedanswersinvolvealsovideowith importantmotion
activity anda focuson a particularplayer. The last query
is concernedwith a specificpart of the playing field in a
hockey game.Thesystemagaindeliverscorrectexamples
similar to the queryin termsof motion content,sincethey
alsocorrespondto a wide-angleshotof theplayingfield.
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Figure 2. Examplesof motion-basedretrieval operations.For each queryshotandfor each retrievedshot,wedisplay
thefirst image, andtheentityof interestis delimitedbya whitepolygon.Besides,for each reply, wereportthevalueof
log-likelihood

M
of thequeryw.r.t. statisticalmotionmodel � attachedto this reply.

We havedescribedin thispaperanoriginalapproachfor
motion-basedvideo indexing andretrieval. It relieson the
statisticalanalysisof themotiondistributionof theresidual
optic flow fieldscomputedwithin a trackedregion of inter-
estin the video shot. Exploiting a probabilisticmodeling,
wehaveestablishedageneralstatisticalframework for hier-
archicalvideoobjectclassificationandretrieval with query
by examplebasedon motion content. We have obtained
promisingresultson a setof real videos. In future work,
we will evaluatethis approachon a largerdatabase.We are
alsoinvestigatingothermeansof designatingthe region of
interestinvolving automaticmotiondetectionmodule.
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