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Abstract. Experimentsin infant category formation indicatea strongrole for
temporalcontinuityandchangein perceptualcategorization.Computationalap-
proachesto modeldiscovery in visionhavetraditionallyfocusedonstaticimages,
with appearancefeaturessuchasshapeplayingan importantrole. In this work,
we considerintegrating agentbehaviours with shapefor the purposeof agent
discovery. Improved algorithmsfor video segmentationandtrackingunderoc-
clusionenableusto constructmodelsthatcharacterizeagentsin termsof motion
andinteractionwith otherobjects.Wepresentapreliminaryapproachfor discov-
eringagentsbasedon a combinationof appearanceandmotionhistories.Using
uncalibratedcameraimages,we characterizeobjectsdiscoveredin thesceneby
their shapeandmotion attributes,andclustertheseusingagglomerative hierar-
chical clustering.Even with very simplefeaturesets,initial resultssuggestthat
theapproachformsreasonableclustersfor diversecategoriessuchaspeople,and
for verydistinctclusters(animals),andperformsabove averageonotherclasses.

1 Intr oduction

Our conceptscarve natureinto chunksthatform morecompactandef�cient represen-
tationsof theworld. It is possiblethatmuchof our earlycategoriiesarelearnedfrom
a singlesystemof knowledge,basedultimatelyon perception[1]. If so,how doesone
go aboutdiscovering thesecategoriesfrom the passingshow? This is clearly oneof
the centralproblemsof perception,andwe attemptto approachthis problemfrom a
computationalstandpoint.

Temporalcontinuityandchangeplaysastrongrole in category formation.By three
months,infantsbegin to payattentionto coherentlymoving blobs(Spelkeobjects[2]),
andby six monthsthey aresensitive to thespatiotemporaldynamicsof occlusion[3].
Indeed,in signi�cant respects,thebehaviourof objectsmayconstituteamoreimportant
hallmarkof their categorization(e.g.animacy) thanappearancealone[4].

Computationalmodelsof objectcategorizationandobjectrecognition,on theother
hand,have focusedtraditionallyon clusteringbasedon appearanceattributesin static
images[5]. While appearanceattributesmay be prior (e.g.faces),category formation
seemsto bestronglytied to dynamicscenes.

In this work, we considerdynamicimagesequencesanduseimprovedalgorithms
for videosegmentationandtrackingunderocclusionto constructcoherentmotionhis-
toriesandocclusionrelationssimulatingthesecognitiveaspectsof infantcategory for-
mation.The aspectsof the scenethat characterizeagentsmay involve motion, shape
and their interactionswith other objects,andwe presentan attemptto form clusters



basedon the �rst two elements,andto form a setof featuresfor the third. Thus,we
obtainshapeandmotioncharacteristicfor eachagentinstanceanduseanaverage-link
hierarchicalclusteringalgorithm to clusteragentsin this combined-featurescenario.
Comparingour resultswith thoseobtainedbasedon appearancealoneshows signi�-
cantimprovementsin recognizingcertainheterogeneousgroupssuchasPeople.Thus,
throughthis work, we presentan initial approachfor discovering agentsbasedon a
combinationof appearanceandmotionhistories.

(a) (b) (c) (d)

Fig.1. Imagesequenceshowing multi-agentactivity in traf�c (uncalibratedstaticcamera).Ve-
hicles,people,andanimalsaretracked acrosspartial andcompleteocclusionsandidenti�ed as
agentinstances.Frames(a)-(d)shows acrowd of peopleembarkingastatictempo(markedasan
erstwhilemoving object)in theforeground,while motorcycles,rickshaws,bicyclesandpedestri-
ansareseeninteractingalongthemainroad.

1.1 Dynamic ImageCharacterization

We usean uncalibratedstatic cameraimagesequenceinvolving simultaneousinter-
actionsof tensof agentsin a traf�c scene,interactingwith andoccludingeachother
(�gure 1). Agentsareidenti�ed asconnectedblobsthatarecapableof motion,includ-
ing thosethatarecurrentlyat rest.Agentsconstitute

�

-manifoldsin the � image� time�

space,which is reducedto asetof featurescoveringappearanceandbehaviour.
Behaviour of an agentcaninvolve many aspects.Herewe distinguishsolitary be-

haviours (motions)from multi-agentbehaviours (interactions).Basedon the assump-
tion thatinteractioninvolving proximity in 3D spacemayresultin visualocclusion,we
useocclusion,asoneof theindicatorsof interaction.Thesethreesetsof features,then,
arecentralto agentrecognition:

– Appearance:attributesincludeshape,which is capturedvia thesummaryattributes
of area,aspectratio,anddispersedness(Perimeter� / Area).

– Motion : attributesincludespeed,directionchangesequences,velocitychange,well
asthequadratic-splinedcurveof thetrajectory.

– Interactions:Thesearecomputedbasedon occlusionprimitives(section2.3) such
asisolated,occluded-by-background,occluded-by-agents,etc.

Next wehighlightourapproachto multi-agenttrackingin crowdedscenarios.Since
thesealgorithmshavealreadybeenpresentedelsewhere[6] only aminimalsummaryis
presentedbelow.



2 Multiple Agent Tracking

Connectedregionsin theforeground(2.1) thatareseento persistcoherentlyover time
constituteagents.Agentsare tracked acrossmultiple frames,andpartial or complete
occlusionsare handled.The part of the imagecorrespondingto an agent(called its
supportregion) is tracked acrossframesby associatingthepredictedagentregionsto
foregroundblobsobtainedfrom �gure-groundsegmentation(2.1).

Severalagentsmaycorrespondto thesameblob (crowding),or a singleagentmay
mapto severalblobs(fragmentation),etc;andthenatureof this mappingis alsostored
in termsof severalocclusionprimitivessec:??.The agentsarefurther localizedby an
iterativecentroidupdatealgorithm,wheretheirappearance(positionandcolor)features
areusedto re-estimatetheagentcentroids(2.2).For thepurposeof prediction,agent-
blob associationsare re-computedand agentmodelsupdatedonly for thoseagents
whichareunoccludedby others.

Agentswhich have beensuccessfullytrackedat the ���	� instantcomprisetheactive
setof agents
���


���������

��� , whereasagentswhich have disappeared(occludedby others,
etc)constitutetheset 
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��� - whicharematchedwith new agentswhenthey arise
in thescene.Thesysteminitializesitself with emptysetsandagentinstancesareadded
(removed)asthey appear(disappear)in the�eld of view.

2.1 Foreground Extraction

Agentsareidenti�ed asforegroundregionsbasedononeof two kindsof evidence:�rst,
asregionsof changewith respectto alearnedbackgroundmodel;andsecond,asregions
exhibiting motion.Learningthebackgroundmodelin presenceof agents,achallenging
problemin itself, is handledusinga pixel-wisemixtureof Gaussians[7], which incre-
mentallylearnsthebackgroundscenemodelin thepresenceof agents.However, such
anapproachis proneto transienterrorspersistingovera numberof frames(depending
on the learningrate),resultingin two typesof errors.First, if agentslearnedaspart
of the backgroundsuddenlystartmoving, ghostsandholesappearin the foreground
segmentation.Second,whenamoving agentcomesto stasis,it is eventuallylearnedas
a part of thebackground,which may not be desirablein itself, andalsoin the transi-
tion period,objectsinteractingwith it wouldnotbeidenti�ed. Both theseproblemsare
avertedin thepresentapproachby combiningbackground-modelandmotionevidence,
andupdatingbasedon tracking/ previousmotion-historyfeedback[6].

2.2 Agent Localization

Trackingmultipleagentsinvolvetheuseof theirappearancemodelsalongwith thetra-
jectory information.The appearanceof the ���	� agenthaving region of support � �
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(a) (b) (c) (d)

Fig.2. Resultsof foregrounddetection.(a) The tempoin the red boundingbox startsmoving
(Frame1628),andthetempohighlightedby bluehasalreadycometo rest;Foregroundextraction
results(b) usingonly perpixel Gaussianmixturemodelwith traditionalexponentialforgetting;
(c) with motiondetectiononly ( GIH ) and(d) combiningmotionevidencewith trackingfeedback
( GKJ ).
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Where, { is a weighingmatrix and A
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astheweightedaverageof suchexpectedcentroidpositionsderivedin |,�	� iterationas
shown in equation5.
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 is satis�ed.Theresultsof multi-agent
trackingona traf�c videoareshown in �gure 1.

2.3 Interactions: OcclusionPrimiti ves

Interactionsbetweenobjectsin 3D cannotbedealtwith, but onemayassumethatob-
jectsin closeproximity arelikely to occludeoneanother(givenasupra-horizonview).
Thenatureof thisocclusionandits transitionsconstituteapartialsignatureof theinter-
action.Four typesof occlusionsituationsaredistinguished:

– Isolation( —

�‘˜

� ): Singleagentassociatedto singleforegroundblob(No occlusion).
– Crowding( —

�š™

� ): Morethanoneagentsareassociatedto asingleforegroundblob
(Occludingor occludedby otheragents).

– Fragmentation( —

�‘›

� ): Agentappearsasfragmented,beingassociatedto multiple
foregroundblobs(partialocclusions).

– Disappearance( œ

�	•

� ): Agentunassociatedto any foregroundblob (Completeoc-
clusionby backgroundobjects).

In crowding/emphfragmentationsituations,only theagenttrajectoryis updated.Ap-
pearancemodelsare updatedonly for thoseagentswhich are unoccludedby other
agents/backgroundobjects.Disappeared agentsaremoved from 
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Foregroundblobs(or fragments)unassociatedto any agentin 
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, arecompared
againstthosein 
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����� - if amatchis notfound,anentranceof anew agentis declared,
otherwisethematchedagentis reinstatedin 
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. Clearly, sinceour recognitionis
2D,many agentswhichre-emergeafternear-completeocclusionmaynotberecognized
- andindeedthis is thecasein approximatelyhalf of suchsituations.

3 Agent Characterization
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� . This agentmodelencodesboththeappearanceandbehavior andconstitutes
partof thecognitive perceptof theagent;theotheraspectsbeingits interactionswith
otheragents/backgroundobejcts/scenelandmarks.

Thiswork focusesonunsupervizedagentcategorizationbasedonlow level features
derivedfrom theshapeandthemotion.As shapefeatures,weconsiderthearea(number
of pixels in the supportregion), aspectratio (vertical to horizontallengthratio of the
minimumboundingof theagent)anddispersedness(ratioof perimetersquaredto area).
Collinsetal. [8] havesuccessfullyclassi�edpeopleandvehiclesusingthesesimpleset
of features,albeit in a supervisedlearningframework. Themotionfeaturesincludethe
set of speeds,directionsof motion and pointwisecurvaturesof the trajectoryin the
imagespace.Suchfeaturescanassistusin handlingqueriessuchas“List all highspeed



vehicles”, “List all agentsmoving in a straight pathfromleft to right”, “Groupagents
of similar size” etc.Thedistributionsof theshapeandmotionfeaturesof all theagents
areshown in �gure 3. Categorizingagentswith respectto their low level featuresare
describedin furtherdetailsin sub-section3.1.
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Fig.3. Low level shapefeaturesprojectedon the(a) aspectratio - dispersednessplane,(b) area-
aspectratioplaneand(c) dispersedness- areaplane;(d) Agentspeeddistributionin imageplane;
(e)Distributionof directionsof motionin imageplane;(f) Agenttrajectoriesobtainedtill the�rst
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frames.

Apart from theselow level features,onecanalsocategorizetheagentsin termsof
their behavioral featuresderivedfrom their interactionswith otheragents/background
objects/scenelandmarks.Interactionsin realworld oftenleavetheir imprintsin termsof
imagespaceocclusions.Thus,theinteractionswith otheragentsor backgroundobjects
canberepresentedby observingtheO-primitive transitionsequencesof theconcerned
agents.This might leadto behavioral descriptionslike “Theagentthat walkedaccorss
the tree”. More so, onemight also representthem in termsof the traversalof scene
landmarkregionsforming categorizationsbasedon situationslike “Theagentswhich
eneterd fromtheleft andtravelledon theroad”. Representationswith higherlevel fea-
turedescriptorsarediscussedin sub-section??.

3.1 Agent Categorization

Thescenepresenceof theagentsvary leadingto theformationof variablelengthshape
andmotionfeaturesets.Here,theagentOD§ is representedasa setof ceratinpropertÿ
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. Suchformsof agentcharacterizationscan't beef�ciently handled



by the usualapproachof learningmixturesof Gaussians.Thus,we opt for “agglom-
erativehierarchical clusteringalgorithms” [9] which requirea de�nition of a distance
measurebetweentwo suchsets.Considertwo AgentsO § and O
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Weemploy theaverage-linkclusteringalgorithmasit offersacompromisebetween
thesingle-linkandcomplete-linkonesandis morerobustto outliers[9]. Thealgorithm
initializes by assigninga clusterlabel to eachof the agents.Thus,for a collectionof
agentfeaturesets �'O
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, the initial collectionof clustersis given by �
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#¯O
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� .
The dendogramis formedin a bottom-upapproach,whereeachiterationreducesthe
clusternumberby onewhile merging two clusters,until �nally , at the �}�	� iteration,all
theagentsareassignedto a singlecluster.
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3.2 Categorizingwith Shapeand Motion Features

Themultipleagenttrackingperformedontheaforementionedtraf�c surveillancevideo
yielded the discovery of �Ä#

��Å,Æ

agents.The appearancesof the discoveredagents
are manuallyinspectedfor generatinggroundtruthdata,from which we observe the
existenceof ƒsX distinct categoriesalongwith outliers (formedfrom track lossesand
spuriouforegrounddetection)- Ç
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Where, Q Ç � Q is the total numberof instancesof the �;�	� category,
ÒI��³

� denotesthe
category of an agent(from groundtrutheddata), QgÓÔQ determinesthe cardinalityof a
clusterand Ñ

�

ÓV� is the Kronecker Delta function. The sensitivities of clusteringwith
upto °VË clustersfor shapefeaturesandinstancesof theappearancesof thediscovered
agentsareshown in �gure 4.

In asimilarmanner, weconstructtheagenttrajectoryfeaturesetsof speeddirection
�[O -

�

�

§

�




���dÕ

*

.

�

�

*

�

/}1

andform �'O -dÖ

Õ

§)×

.

�

�

*

�

/21

which aresubjectedto hierarchicalcluster-
ing. Manualinspectionof thegroundtruthdatashows theexistenceof

Æ

differentkinds
of trajectoriesalongwith outliers(on accountof track losses)- Ç

�

TRAJECTORY �¶#„�

OUTLIERS ( °VX9Ë ) LEFT TO RIGHT (
ÅVÅ

), FROM BOTTOM TURN LEFT ( Ë ), MOVE UP

( Ì ), RIGHT TO LEFT (
Å,Æ

), U-TURN (
�

), MOVE TO BOTTOM (
Æ

) � . Amongthese,there
wereonly ƒ

ÆV�

L INEAR TRAJECTORIES. Thesensitivities of detectingtrajectoriesupto
ƒsXVX clustersandthethreedistinctly discoveredtrajectories( LEFT TO RIGHT , FROM

BOTTOM TURN LEFT andRIGHT TO LEFT )areshown in �gure 5.

3.3 Behavior As Variable Length OcclsuionSequences

Modelsof single-agentbehaviors aremainly characterizedby its statespacetrajecto-
ries.Agentcategorizationin asurveillancescenarioin termsof its motionfeatureshave
alreadybeendiscussedin sub-section3.2.Agent-objectinteractionsexhibit severaldif-
ferentmodes- the actionsmay involve actualcontact(e.g.riding a bike, boardingor
disembarkinga vehicle,groupingetc.) or may involve interactionsat a distance(e.g.
following, chasing,overtaking,etc.).In termsof imagespace,actualcontactsarenec-
essarilyre�ected in termsof occlusions,but non-contactsituationsdo not necessarily
characterizedby non-overlap.Thus,we believe thatocclusionsequencesexhibitedby
an agentform visual signaturesfor the underlyinginteractions.More so,we identify
thattheocclusionstatetransitionsequenceform a moresigni�cant interactiondescrip-
tion thanthe occlusionstatesequencesthemselves.In this work, we aim to discover
theinteractionsarisingoutof agentsmoving in complex environmentsundergoingboth
staticanddynamicocclusionswith backgroundobjectsandotheragentsrespectively.

A numberof methodologiesemploying hiddenMarkov models,time-delayneural
networks,recurrentnetworksetc.have beenproposedfor modelingandrecognitionof
action/interactionsequencesin a supervisedlearningframework. On the other hand,
unsupervisedlearningof activity patternshave alsobeenproposedby trajectoryclus-
tering [10] or variablelengthMarkov model learning[11]. A goodoverview of such
techniquescanbefoundin [12].
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Fig.4. Resultsof agentappearancediscovery. Area,aspectratio anddispersednessconstitutethe
appearancefeaturesof anagent.However, thecardinalitiesof theappearancefeaturesetsof the
discoveredagentsvary dueto their differentframepresence.Here,we only have a measureof
distancebetweentwo suchsetsandthusthe averagelink clusteringalgorithmis executedon a
collectionof Ø'ÙsÚ (discovered)agentshapefeaturesets.(a) Detectionratesachievedby theaver-
agelink clusteringalgorithmcomputatedby cros-validatingwith groundtruthdata.(b) Instances
of appearancesof discoveredagents(appearancesarescaledfor betterviewing purposes).

Supervisedactivity modelingtechniquesaremostly taskorientedandhencefail to
capturethecorpusof eventsfrom thetime-seriesdataprovidedto thesystem.Unsuper-
viseddataminingalgorithms,on theotherhand,discoverthemodesof spatio-temporal
patternstherebyleadingto the identi�cation of a larger classof events.The useof
VLMMs in thedomainof activity analysiswasintroducedfor automaticmodelingof
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Fig.5. Detectionratesachieved by the averagelink clusteringalgorithm computatedby cros-
validatingwith groundtruthdata.Sensitivity of categorizationof agentsby (a) Trajectorydirec-
tion and(b) Trajectory form (linear versushigherorder);Plotting discoveredtrajectorieswith
respectto form anddirection.Linear trajectories(in imageplane)of agentsmoving (d) Left to
Right, (e) Rightto Left and(f) higherordertrajectoiresof TruningLeft comingfromBottom.

theactionsin exercisesequences[13] andinteractionslike handshaking[11] or over-
taking of vehicles[14] in a traf�c scenario.Theseapproachesproposeto perform a
vectorquantizationover theagentfeatureandmotionspaceto generatetemporallyin-
dexed agent-statesequencesfrom video data.Thesesequencesare parsedfurther to
learnVLMMs leadingto thediscoveryof behavioral modelsof varyingtemporaldura-
tions.

Incr emental Transition SequenceLearning In this work, we employ “ Incremen-
tal TransitionSequenceLearning” to capturethe variablelengthsequencesof occlu-
sionprimitiveswhichdescribedifferentbehavior patterns.Theatomiceventprimitives
(here,the occlusionprimitives) • constitutethe set Û . Our approachto mining in this
spaceinvolvestheconstructionof anactivity tree Ü®Ý whosebranchesrepresentvariable
lengtheventprimitivesequences.

An empty(�rst in �rst out) buffer
Ò

� (of length Þ , themaximumsequencelength)
and the null activity tree ÜfÝ

�

�;� (containingonly the root node ß
� ) are initialized at

the very �rst appearanceof every ���	� agent 
‚� . Eachnodeof Ü
Ý

�

��� is a two tuple
Ü

*áà

�

•[5�âa� containingtheprimitive •Dã±Û anda realnumberâäã

�

X´5sƒ�= signifying the
probabilityof occurrenceof thepath �[ß9��5L¸s¸L¸L5)Ü

*

� amongthesetof all possiblepaths
of thesamelength.
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Where,ê�`

�

��� is therateof learning‡ -lengthsequencesat the ���	� instantand Ñ is the
Kroneckerdeltafunction.However, in thecurrentimplementationa �x edlearningrate

ê is employedsuchthat êV`

�

���I#–xyw

:ðï

1

�

5�êgñ · ‡ .
Occurenceof anew eventprimitiveresultsin theformationof newervariablelength

sequencesin the buffer. Thus,new nodessignifying this event primitve areaddedat
differentlevelsof thetreetherebygrowingnewerbranches.Eachnew nodeis initialized
with an initial probability of ê `

�

��� , whereasthe older nodeprobabilitiesin the same
levelsarepenalizedby multiplying with a factorof

�

ƒòi$ê `

�

����� . This ensurestheself-
normalizingnatureof nodeprobabilityupdates(asin equation9) suchthatthey addup
to unity at eachdepth.

3.4 OcclusionInteraction: Learning fr om O-Transitions

Considera shortvideosequencewherea personwalksacrossa treefrom left to right
in the imagespacefrom which we sampleƒsÊ framesto illustratetheprocessof agent-
backgroundobjectinteractiondiscovery. Key framesfrom this sequenceareshown in
�gure 6(a)-(e).Incrementaltransitionsequencelearningis performedwith amaximum
depthof Þó#„ƒsX anda learningrate ê inverselyproportionalto theframenumber. The
growth of theactivity treeis shown in �gure 6(f).

Semanticlabelscanbeassignedto thesequencesin theocclusion-primitivespaceto
denotedifferentactivities,andsubsequencesmayconstitutesub-activities.Forexample,
considerthelongestpath ��—

�‘˜

�¶ôõ—

�	ö

�Iô÷—

�‘•

�•ô÷—

�‘ö

�•ôø—

�	˜

��� learnedin the
activity treefrom theaforementionedvideothatcorrespondto theactivity of walking
acrossa tr eefr om left to right . Subsequencesof this pathviz. �,—

�	˜

��ôù—

�‘ö

�Ÿô

—

�‘•

��� and �,—

�	•

�úôû—

�	ö

�úôü—

�‘˜

�0� also correspondto the visually signi�cant
eventsof going to hide fr om left to right andreappearingand moving to the right .

4 Conclusion

In this work we have attemptedto capturesomecognitive notionsof perceptualcat-
egory learningandattemptedto devise computationalanalogsof this process.While
our resultsin termsof category discovery areclearly preliminary, we believe that the
highcorrelationsobtainedin termsof sensitivity matches(�gure ??)do indeedprovide
somejusti�cation for suchan approach,especiallygiven that the systemoperatesin
completelyunsupervisedmode,without any informationaboutthecomplex scenethat
is beingobserved.



(f)

Fig.6. Examplevideosequence:Man walksleft to right behinda tree.FramesandAgentstates:
(a) ý -

¥

: isolated; (b) Ú : partially occluded, (c) Ù - þ : disappeared, (d) ÿ : partially occluded(e)
ý

¦

- ý�þ : isolated. (f) LearningActivity Tree. The left-mostnodesarejust below the root of the
growing tree.Resultsof incrementaltransitionsequencelearningareshown afterframes ý , Ú , Ù ,

ÿ and ý0þ . Branchesencodedifferentvariablelengtheventsequencesalongwith relative frequen-
cies.Thus,in column2 (afterFrameÿ ), thesequence���������	��
���


¦��

þ[ÿ�� correspondsto the
eventprimitive sequence��������������������������
���� ; i.e. theeventsequence“coming from the
left andgettinghidden”occurswith relativefrequency þ[ÿ�� amongobserved Ø -lengthsequences.

Clearly, the resultsare indicative, andmuchwork remains.In particular, charac-
terizing the interactionsbetweenobjectsis a very rich area,of which the occlusion
modelsusedhereonly scratchthesurface.In cognitive terms,thebehaviour of agents
canbedescribedcompactlyin termsof landmarks- andcurrentlywe areexploring the
emergenceof scenelandmarkswith which to characterizesuchinteraction.
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