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Abstract. Experimentsin infant categyory formationindicatea strongrole for
temporalcontinuity andchangen perceptuatateyorization.Computationabp-
proacheso modeldiscoveryin vision have traditionallyfocusednstaticimages,
with appearancéeaturessuchasshapeplaying animportantrole. In this work,
we considerintegrating agentbehaiours with shapefor the purposeof agent
discovery. Improved algorithmsfor video segmentationand trackingunderoc-
clusionenableusto constructmodelsthatcharacterizeagentsn termsof motion
andinteractionwith otherobjects We present preliminaryapproacHor discov-
ering agentshasedon a combinationof appearancandmotion histories.Using
uncalibrateccameramages we characterizebjectsdiscoreredin the sceneby
their shapeand motion attributes,and clustertheseusing agglomeratie hierar
chical clustering.Evenwith very simplefeaturesets,initial resultssuggesthat
theapproactormsreasonablelustersfor diversecateyoriessuchaspeople and
for very distinctclusterg(animals),andperformsabove averageon otherclasses.

1 Intr oduction

Our conceptsare natureinto chunksthatform morecompactandef cient represen-
tationsof the world. It is possiblethatmuchof our early catgyoriiesarelearnedfrom

a singlesystemof knowledge,basedultimately on perception1]. If so,how doesone

go aboutdiscovering thesecateyoriesfrom the passingshow? This is clearly one of

the centralproblemsof perceptionandwe attemptto approachthis problemfrom a

computationastandpoint.

Temporalcontinuityandchangeplaysa strongrole in category formation.By three
months,nfantsbegin to payattentionto coherentlymoving blobs(Spelle objects[2]),
andby six monthsthey aresensitve to the spatiotemporatlynamicsof occlusion[3].
Indeedjn signi cant respectsthebehaiour of objectsmayconstituteamoreimportant
hallmarkof their catgyorization(e.g.animag) thanappearancalone[4].

Computationaimodelsof objectcateyorizationandobjectrecognition,onthe other
hand,have focusedtraditionally on clusteringbasedon appearancattributesin static
images[5]. While appearancattributesmay be prior (e.g.faces)catgory formation
seemdo bestronglytied to dynamicscenes.

In this work, we considerdynamicimagesequenceanduseimproved algorithms
for video segmentatiorandtrackingunderocclusionto constructcoherenimotion his-
toriesandocclusionrelationssimulatingthesecognitive aspectof infantcategory for-
mation. The aspectf the scenethat characterizeagentsmay involve motion, shape
andtheir interactionswith other objects,and we presentan attemptto form clusters



basedon the rst two elementsandto form a setof featuresfor the third. Thus,we
obtainshapeandmotion characteristidor eachagentinstanceandusean average-link
hierarchicalclusteringalgorithmto clusteragentsin this combined-featurescenario.
Comparingour resultswith thoseobtainedbasedon appearancaloneshaows signi -
cantimprovementsn recognizingcertainheterogeneougroupssuchaspeople.Thus,
throughthis work, we presentan initial approachfor discovering agentsbasedon a
combinationof appearancandmotionhistories.

Fig. 1. Imagesequenceshaving multi-agentactvity in trafc (uncalibratedstaticcamera) Ve-
hicles, people,andanimalsaretracked acrosspartial andcompleteocclusionsandidenti ed as
agentinstancesFrameqa)-(d) shavs acrawd of peopleembarkinga statictempo(markedasan
erstwhilemoving object)in theforeground,while motorg/cles,rickshavs, bicyclesandpedestri-
ansareseeninteractingalongthemainroad.

1.1 Dynamic Image Characterization

We use an uncalibratedstatic cameraimage sequenceanvolving simultaneousnter
actionsof tensof agentsin atrafc scenejnteractingwith andoccludingeachother
(gure 1). Agentsareidenti ed asconnectedlobsthatarecapableof motion,includ-
ing thosethatarecurrentlyatrest. Agentsconstitute -manifoldsin the image time
spacewhichis reducedo asetof featurescoveringappearancandbehaiour.

Behaviour of anagentcaninvolve mary aspectsHerewe distinguishsolitary be-
haviours (motions)from multi-agentbehaiours (interactions) Basedon the assump-
tion thatinteractioninvolving proximity in 3D spacemayresultin visualocclusionwe
useocclusion,asoneof theindicatorsof interaction.Thesethreesetsof featuresthen,
arecentralto agentrecognition:

— Appearanceattributesincludeshapewhichis capturedvia the summaryattributes
of areaaspecratio, anddispersedneg®erimeter / Area).

— Motion: attributesincludespeeddirectionchangesequencesglocitychangewell
asthequadratic-splinedurve of thetrajectory

— InteractionsThesearecomputedbasedon occlusionprimitives(section2.3) such
asisolated,occluded-by-backgnand, occluded-by-agentstc.

Next we highlightour approachio multi-agentirackingin crovdedscenariosSince
thesealgorithmshave alreadybeenpresentealsavhere[6] only aminimal summaryis
presentedbelow.



2 Multiple Agent Tracking

Connectedegionsin the foreground(2.1) thatareseento persistcoherentlyover time
constituteagents Agentsare tracked acrossmultiple frames,and partial or complete
occlusionsare handled.The part of the image correspondingo an agent(called its
supportregion) is tracked acrossframesby associatinghe predictedagentregionsto
foregroundblobsobtainedrom gure-groundsegmentation(2.1).

Severalagentanay correspondo the sameblob (crowding), or a singleagentmay
mapto severalblobs(fragmentation)etc; andthe natureof this mappingis alsostored
in termsof several occlusionprimitivessec:??The agentsarefurtherlocalizedby an
iterative centroidupdatealgorithm,wheretheirappearanc@ositionandcolor)features
areusedto re-estimatehe agentcentroids(2.2). For the purposeof prediction,agent-
blob associationsare re-computedand agentmodelsupdatedonly for thoseagents
which areunoccludedy others.

Agentswhich have beensuccessfulltrackedatthe  instantcomprisethe active
setof agents , Whereasagentswhich have disappearedoccludedby others,
etc) constitutethe set - which arematchedwith new agentsvhenthey arise
in thesceneThesysteninitializesitself with emptysetsandagentinstancesreadded
(removed)asthey appear(disappear)n the eld of view.

2.1 Foreground Extraction

Agentsareidenti ed asforegroundregionsbasedn oneof two kindsof evidence: rst,
asregionsof changewith respecto alearnedackgrounanodel;andsecondasregions
exhibiting motion.Learningthebackgroundnodelin presencef agentsachallenging
problemin itself, is handledusinga pixel-wisemixture of Gaussian$7], whichincre-
mentallylearnsthe backgroundscenemodelin the presencef agentsHowever, such
anapproachs proneto transienterrorspersistingover a numberof frames(depending
on the learningrate), resultingin two typesof errors.First, if agentslearnedas part
of the backgroundsuddenlystartmoving, ghostsand holesappearin the foreground
segmentationSecondwhenamoving agentcomedo stasisijt is eventuallylearnedas
a partof the backgroundwhich may not be desirablein itself, andalsoin the transi-
tion period,objectsinteractingwith it would notbeidenti ed. Boththeseproblemsare
avertedin the presentipproactby combiningbackground-modeindmotionevidence,
andupdatingbasedn tracking/ previous motion-historyfeedbacl6].

2.2 AgentLocalization

Trackingmultiple agentsnvolve theuseof their appearanceodelsalongwith thetra-
jectory information. The appearancef the agenthaving region of support

pixels at the instantis representedy , Where
characterizes componenpixel. Thus,the ap-

pearancés a collectionof pixel positions relative to the centroid

of theagentpixel setandthe correspondingolors in the

color space.



Fig. 2. Resultsof foregrounddetection.(a) The tempoin the red boundingbox startsmoving

(Framel628),andthetempohighlightedby blue hasalreadycometo rest;Foregroundextraction
results(b) usingonly per pixel Gaussiarmixture modelwith traditionalexponentialforgetting;
(c) with motiondetectiononly () and(d) combiningmotionevidencewith trackingfeedback

()

Theagent-blokassociatioris performedcamonghe member®f theactive set

andthe setof foregroundblobs . An agent is consideredo be associatedo
theblob  if ( isthemotionpredicted
centroidobtainedatthe  instant).

We considerthe generalcasewherethe agents areassociatedvith the
foregroundblobs . Let, be a foregroundpixel characterizedby color
and postionas . We consider to bethe

bestmatchofthe pixelof the associatedgent,f thefollowing aresatis ed.

1)

)

3)

Where, is aweighingmatrix and is the iteratively re-estimatectentroid

of the supportof the  agentin the iteartion. The bestmatchagent-pixel index

two tupplefor is givenby , whichindicateghevisibility of the
pixel of the  agentas . Thus,with respecto , the centroidof

canbeexpectedo beat with acertain

weightedbelief . We re-estimatethe agentcentroidin the iteration

asthe weightedaverageof suchexpectedcentroidpositionsderivedin iterationas
shavn in equations.

(4)

()




The agentlocalizationiterationsareinitialized with andareter-

minatedwhen is satis ed. Theresultsof multi-agent
trackingonatraf ¢ videoareshovnin gure 1.

2.3 Interactions: OcclusionPrimiti ves

Interactionsbetweerobjectsin 3D cannotbe dealtwith, but onemay assumehatob-
jectsin closeproximity arelikely to occludeoneanother(givenasupra-horizorview).
Thenatureof this occlusionandits transitionsconstitutea partial signatureof theinter-
action.Four typesof occlusionsituationsaredistinguished:

— Isolation( ): Singleagentassociatedb singleforegroundblob (No occlusion).

— Crowding ( ): Morethanoneagentsareassociatetb asingleforegroundblob
(Occludingor occludedby otheragents).

— Fragmentatiorg ): Agentappearasfragmentedbeingassociatedo multiple
foregroundblobs(partialocclusions).

— Disappearancé ): Agentunassociatetb arny foregroundblob (Completeoc-
clusionby backgroundbjects).

In crowdingemphfragmentatiosituationspnly theagentrajectoryis updatedAp-
pearancemodelsare updatedonly for thoseagentswhich are unoccludedby other
agents/backgroundbjects.Disappeaed agentsare moved from to .
Foregroundblobs (or fragments)unassociatetb any agentin , arecompared
againsthosein - if amatchis notfound,anentrancef anew agentis declared,
otherwisethe matchedagentis reinstatedn . Clearly, sinceour recognitionis
2D, mary agentsvhichre-emegeafternearcompleteocclusiormaynotberecognized
- andindeedthis is the casein approximatelyhalf of suchsituations.

3 Agent Characterization

An agentinstance is a space-timemanifold characterizedy the time
indexed set of appearanceg collection of position( ) and correspondingcolor
( ) vectors)and the centroid-trajectory during its scenepresence

. Thisagentmodelencodedoththeappearancandbehaior andconstitutes
partof the cognitive perceptof the agent;the otheraspectdeingits interactionswith
otheragents/backgrounabejcts/scen@andmarks.

Thiswork focusenunsupervizedgentcateorizationbasedn low level features
derivedfrom theshapeandthemotion.As shapdeaturesye considetthearea(number
of pixelsin the supportregion), aspectratio (vertical to horizontallengthratio of the
minimumboundingof theagentlanddispersednedsatio of perimetersquaredo area).
Collinsetal. [8] have successfullclassi ed peopleandvehiclesusingthesesimpleset
of featuresalbeitin a supervisedearningframewvork. The motionfeaturesncludethe
setof speedsdirectionsof motion and pointwise curvaturesof the trajectoryin the
imagespaceSuchfeaturesanassistuusin handlingqueriessuchas”List all high speed



vehicles, “List all agentsmovingin a straight pathfromleft to right”, “Group agents
of similar siz€ etc.Thedistributionsof the shapeandmotionfeaturesof all theagents
areshovn in gure 3. Catgyorizing agentswith respecto their low level featuresare
describedn furtherdetailsin sub-sectior8.1.
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Fig. 3. Low level shapefeaturegrojectedon the (a) aspectatio - dispersednegslane,(b) area-

aspectatio planeand(c) dispersednessareaplane;(d) Agentspeedlistributionin imageplane;

(e) Distribution of directionsof motionin imageplane;(f) Agenttrajectorieobtainedill the rst
frames.

Apart from theselow level featurespne canalsocatayorizethe agentsn termsof
their behaioral featuresderived from their interactionswith otheragents/background
objects/scenandmarksinteractionsn realworld oftenleave theirimprintsin termsof
imagespaceocclusionsThus,theinteractionswith otheragentsor backgroundbjects
canberepresentetty observingthe O-primitive transitionsequencesf the concerned
agentsThis mightleadto behaioral descriptiondik e “ Theagentthat walked accoiss
the tre€’. More so, one might alsorepresenthemin termsof the traversalof scene
landmarkregionsforming categorizationsbasedon situationslike “ The agentswhich
eneted fromtheleft andtravelledon theroad’. Representationsith higherlevel fea-
turedescriptorsarediscussedn sub-sectior??.

3.1 Agent Categorization

Thescenegresencef theagentsvary leadingto theformationof variablelengthshape
andmotionfeaturesets.Here,theagent s representedsa setof ceratinproperty

as . Suchformsof agentcharacterizationsan't beef ciently handled



by the usualapproachof learningmixturesof GaussiansThus,we opt for “agglom-
erative hierarchical clusteringalgorithms [9] which requirea de nition of a distance
measurdetweertwo suchsets.Considetwo Agents and  characterizetby their
respectie featuresets and . We de ne the distance between
thesetwo agentfeaturesetsas,

(6)

We employ theaverage-link clusteringalgorithmasit offersacompromisédetween
thesingle-linkandcomplete-linkonesandis morerobustto outliers[9]. Thealgorithm
initializes by assigninga clusterlabel to eachof the agents.Thus,for a collection of
agentfeaturesets , the initial collectionof clustersis given by
The dendogranis formedi |n a bottom-upapproachwhereeachiteration reducesthe
clusternumberby onewhile memging two clustersuntil nally, atthe iteration,all
theagentsareassignedo a singlecluster

Considethe iteration,wherewe memgetwo of the clustersobtained
from the step.Thediameterof all possible -clustermegersarecomputed
andthe pair minimizingthesameis consideredor meming. We selecttheclusterindex
pair for mewgingin the iteration,if ,

and , Where is the distancebetweentwo clusters
givenby,

(7)

3.2 Categorizingwith Shapeand Motion Features

Themultiple agentrackingperformedontheaforementionedraf c surweillancevideo
yieldedthe discovery of agents.The appearancesf the discoveredagents
are manuallyinspectedfor generatinggroundtruthdata, from which we obsene the
existenceof  distinct catgyoriesalongwith outliers (formedfrom track lossesand
spuriouforegrounddetection) OUTLIERS( ) PeEOPLE( ), TEMPO

( ),BUS (), TRUCK (), TRACTOR ( ), CAR( ), MOTORBIKE ( ), CyCLE ( ),
RICKSHAW (), Cow ( )

We form the collectionof agentshapeeature(areaaspecratio anddispersedness)

sets , which are subjectedto the averagelink clusteringalgorithm. A

certaincluster inthe iterationis declaredo hostacertainagentcatgyory , if



theagentof thatclassoccurwith the highestfrequeng in . Thesensitvity
of catgyorizingtheagentcateggory inthe iterationis thusde ned as,

S N
(8)

Where, is the total numberof instancef the  cataory, denoteghe
catgyory of an agent(from groundtrutheddata), determineghe cardinality of a
clusterand is the Kronecler Delta function. The sensitvities of clusteringwith

upto clustersfor shapefeaturesandinstancef the appearancesf the discovered
agentsareshovnin gure 4.

In asimilarmannerwe constructhe agenttrajectoryfeaturesetsof speediirection

andform which are subjectedo hierarchicalcluster

ing. Manualinspectionof thegroundtruthdatashavs the existenceof  differentkinds
of trajectoriesalongwith outliers(on accountof tracklossesy  TRAJECTORY
OUTLIERS( ) LEFT TORIGHT (), FROM BOTTOM TURN LEFT ( ), MOVE UP
(),RIGHTTOLEFT( ),U-TURN( ), MOVETOBOTTOM ( ) .Amongthesethere
wereonly LINEAR TRAJECTORIES. Thesensitvities of detectingtrajectorieaupto

clustersandthe threedistinctly discoveredtrajectorie§ LEFT TO RIGHT , FROM
BoTToM TURN LEFT andRIGHT TO LEFT )areshawvnin gure 5.

3.3 Behavior As Variable Length OcclsuionSequences

Modelsof single-agenbehaiors are mainly characterizedy its statespacetrajecto-
ries.Agentcategorizationin asuneillancescenarian termsof its motionfeatureshave
alreadybeendiscussedh sub-sectiorB.2. Agent-objecinteractionsexhibit several dif-
ferentmodes- the actionsmay involve actualcontact(e.g. riding a bike, boardingor
disembarkinga vehicle,groupingetc.) or may involve interactionsat a distance(e.qg.
following, chasingovertaking,etc.).In termsof imagespaceactualcontactsarenec-
essarilyre ected in termsof occlusionsbut non-contacsituationsdo not necessarily
characterizedby non-overlap.Thus,we believe that occlusionsequencesxhibited by
an agentform visual signaturedor the underlyinginteractions More so, we identify
thatthe occlusionstatetransitionsequencéorm a moresigni cant interactiondescrip-
tion thanthe occlusionstatesequencethemseles.In this work, we aim to discover
theinteractionsarisingout of agentsmoving in complex ervironmentsundegoingboth
staticanddynamicocclusionswith backgroundbjectsandotheragentsespectiely.

A numberof methodologieemploying hiddenMarkov models time-delayneural
networks, recurreninetworks etc. have beenproposedor modelingandrecognitionof
action/interactiorsequencefn a supervisedearningframewnork. On the other hand,
unsupervisedearningof actiity patternshave alsobeenproposedy trajectoryclus-
tering [10] or variablelengthMarkov modellearning[11]. A goodoverview of such
techniguesanbefoundin [12].
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Fig. 4. Resultsof agentappearancdiscovery. Area,aspectatio anddispersednessonstitutethe
appearancéeaturesof anagent.However, the cardinalitiesof the appearancéeaturesetsof the
discoreredagentsvary dueto their differentframe presenceHere,we only have a measureof
distancebetweentwo suchsetsandthusthe averagelink clusteringalgorithmis executedon a
collectionof (discovered)agentshapefeaturesets.(a) Detectionratesachiered by the aver-
agelink clusteringalgorithmcomputatedy cros-\alidatingwith groundtruthdata.(b) Instances
of appearancesf discoreredagentgappearancearescaledor betterviewing purposes).

Supervisedctivity modelingtechniquesre mostly taskorientedandhencefail to
capturethe corpusof eventsfrom thetime-serieslataprovidedto the systemUnsuper
viseddatamining algorithms,ontheotherhand,discorerthe modesof spatio-temporal
patternstherebyleadingto the identi cation of a larger classof events.The use of
VLMMs in the domainof actiity analysiswasintroducedfor automaticmodelingof
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Fig. 5. Detectionratesachieved by the averagelink clusteringalgorithm computatedby cros-
validatingwith groundtruthdata.Sensitvity of cateyorizationof agentsby (a) Trajectorydirec-
tion and (b) Trajectoryform (linear versushigher order); Plotting discoseredtrajectorieswith
respecto form anddirection.Linear trajectories(in imageplane)of agentsmoving (d) Left to
Right (e) Rightto Leftand(f) higherordertrajectoiresof Truning Left comingfromBottom

the actionsin exercisesequencefl3] andinteractiondik e handshaking11] or over
taking of vehicles[14] in a trafc scenario.Theseapproachegroposeto performa
vectorquantizatiorover the agentfeatureand motion spaceto generateéemporallyin-
dexed agent-statesequencefrom video data. Thesesequencesare parsedfurther to
learnVLMMs leadingto thediscovery of behaioral modelsof varyingtemporaldura-
tions.

Incremental Transition SequencelLearning In this work, we employ “Incremen-
tal Transition Sequencé.earning to capturethe variablelength sequencesf occlu-
sionprimitiveswhich describaifferentbehavior patternsTheatomiceventprimitives
(here,the occlusionprimitives) constitutethe set . Our approachto mining in this
spacdnvolvestheconstructiorof anactivitytree  whosebranchesepresenvariable
lengtheventprimitive sequences.

An empty(rst in rst out) buffer  (of length , themaximumsequencéength)
and the null actiity tree (containingonly the root node ) areinitialized at
the very rst appearancef every agent . Eachnodeof is a two tuple

containingthe primitive andarealnumber signifying the
probability of occurrenceof the path amongthe setof all possiblepaths
of thesameength.



Let, be the event primitive obsenedfor attime . If thereis atransition

in this eventprimitive, i.e. if , then is pushedo . Letthe
setof -lengthpaths(originatingfrom ) of , be ,

where isthenumberof -lengthbranchesn thetree.More so,if thesequence
signifythe  pathof , thenthe probabilities of the

nodesof atthe depthareupdatedas,
©)
Where, is therateof learning -lengthsequenceatthe instantand isthe
Kroneclerdeltafunction. However, in the currentimplementatiora x edlearningrate
is employedsuchthat -

Occurencef anew eventprimitiveresultsin theformationof newervariablelength
sequencefn the buffer. Thus, new nodessignifying this event primitve are addedat
differentlevelsof thetreetherebygrowing newerbranchesEachnew nodeis initialized
with an initial probability of , whereasgthe older node probabilitiesin the same
levels are penalizedby multiplying with a factorof . This ensureghe self-
normalizingnatureof nodeprobabilityupdategasin equatior®) suchthatthey addup
to unity ateachdepth.

3.4 Occlusioninteraction: Learning from O-Transitions

Considera shortvideo sequencevherea personwalks acrossa treefrom left to right
in theimagespacerom whichwe sample  framesto illustratethe procesof agent-
backgroundbjectinteractiondiscovery. Key framesfrom this sequencareshown in

gure 6(a)-(e).Incrementatransitionsequencéearningis performedwith amaximum
depthof andalearningrate inverselyproportionalto theframenumber The
growth of theactiity treeis shavnin gure 6(f).

Semantidabelscanbeassignedo thesequenceis theocclusion-primitve spaceo
denotdlifferentactiities,andsubsequencesayconstitutesub-actvities. For example,
considerthelongestpath learnedn the
actvity treefrom the aforementionedideo thatcorrespondo the activity of walking
acrossa treefrom left to right. Subsequencesf this pathviz.

and also correspondo the visually signi cant
eventsof going to hide from left to right andreappearingand moving to the right.

4 Conclusion

In this work we have attemptedo capturesomecognitive notionsof perceptuakat-
egory learningand attemptedo devise computationaknalogsof this processWhile
our resultsin termsof cateyory discovery areclearly preliminary, we believe thatthe
high correlationsobtainedn termsof sensitvity matcheq gure ??)doindeedprovide
somejusti cation for suchan approachgspeciallygiven that the systemoperatesn
completelyunsuperviseanode,without ary informationaboutthe complex scenethat
is beingobsered.
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Fig. 6. Examplevideo sequenceMan walksleft to right behindatree.FramesandAgentstates:
(@) - :isolated (b) : partially occluded (c) - : disappeaged (d) : partially occluded(e)
- :isolated (f) LearningActivity Tree The left-mostnodesarejust belon the root of the
growing tree.Resultsof incrementatransitionsequencéearningareshavn afterframes , ,
and . Branchesncoddlifferentvariablelengtheventsequencealongwith relative frequen-

cies.Thus,in column2 (afterFrame ), thesequence correspondso the
eventprimitive sequence ; i.e.theeventsequencécoming from the
left andgettinghidden”occurswith relative frequeng amongobsered -lengthsequences.

Clearly, the resultsare indicative, and muchwork remains.In particular charac-
terizing the interactionsbetweenobjectsis a very rich area,of which the occlusion
modelsusedhereonly scratchthe surface.In cognitive terms,the behaiour of agents
canbedescribeccompactlyin termsof landmarks andcurrentlywe areexploring the
emegenceof scendandmarkswith which to characterizesuchinteraction.
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