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Abstract.
Motivatedby applicationssuchasautomatedvisual surveillance

andvideomonitoringandannotation,therehasbeena lot of interest
in constructingcognitive vision systemscapableof interpretingthe
high level semanticsof dynamicscenes.In this paperwe presenta
novel approachfor automaticallyinferring modelsof objectinterac-
tionsthatcanbeusedto interpretobservedbehaviour within ascene.
A real-timelow-level computervisionsystem,togetherwith anatten-
tionalcontrolmechanism,areusedto identify incidentsor eventsthat
occurin the scene.A datadriven approachhasbeentaken in order
to automaticallyinfer discreteandabstractrepresentations(symbols)
of primitiveobjectinteractions;effectively thesystemlearnsasetof
qualitative spatialrelationsrelevant to thedynamicbehaviour of the
domain.Thesesymbolsthenform the alphabetof a VLMM which
automaticallyinfersthehigh level structureof typical interactivebe-
haviour. The learntbehaviour modelhasgenerative capabilitiesand
is also capableof recognizingtypical or atypical activities within
a scene.Experimentshave beenperformedwithin the traffic mon-
itoring domain;however the proposedmethodis applicableto the
generalautomaticsurveillancetasksinceit doesnot assumea priori
knowledgeof aspecificdomain.

1 INTRODUCTION

In recentyearstherehasbeena lot of interestin constructingcogni-
tive vision systemscapableof interpretingthe high level semantics
of dynamicscenes[3, 6, 13, 19,2, 7, 8]. However, whereasprevious
authorshave generallyselectedin advancewhich typesof interac-
tionsto model/recognise,theaim of this paper(asin [6, 2]) is to not
to predeterminetheseactivities,but to learnthemautomatically.

Our proposedmethod has some similarities with the work of
BrandandKettnaker [2]. First, they bothproduceonesinglemodel,
that descibesthe entire behaviour spaceas comparedto the usual
practiceof having separatemodelsfor each(usuallypredefined)be-
haviour. Weproposetheuseof VLMMs [20,10] to infer thestructure
of the underlyingtraining dataautomatically;similarly, the entrop-
ically estimatedHMMs developedby Brandarecapableof extract-
ing theunderlyinghiddenstructureof thedata.Finally, bothmodels
arecapableof encodingthe high order temporaldependenciesthat
are presentin complex behaviours. A major differencehowever is
that Branduseslow level, continuousvariables,whereasour learnt
VLMM is essentiallya symbolicpredictive model: the underlying
�
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continousvariablesarefirst abstractedto adiscretespace,analogous
to thesetof finite relationsin aqualitativespatialrelationrepresenta-
tion suchasthatusedby [6]. In somecases,thishastheadvantageof
beingrathermoreimmuneto theproblemsof noisewhilst still man-
agingto preserve the essentialunderlyingpatternsor dependencies
thatgovernbehaviour in theobserveddomain.Arguablyit alsopro-
ducesa moreunderstandablemodelsinceits componentsarehigher
level abstractions.

Ourapproachis alsosimilar to thatof [6] which learnsqualitative
spatio-temporalmodelsof events in traffic scenes(e.g. following,
overtaking).However, whereasthatsystemrequireda predefinedset
of qualitative spatialrelations,our approachessentiallylearnsthese
automaticallyandmoreover explicitly computesprobabilitiesasso-
ciatedwith thebehavioural patterns.

Thus we usea datadriven approachto automaticallyinfer dis-
creteandabstractrepresentations(symbols) of primitive object in-
teractions.Thesesymbolsarethenusedasan alphabetto infer the
high level structureof typical interactive behaviour usingVLMMs
[20, 10]. It is worth pointing out explicitly that the useof proba-
bilistic reasoningherecontrastswith conventionallow level useof
probabilities– this Markov modelconcernshigh level semanticno-
tions.

Thesescenefeaturedescriptorsare invariantof the absolutepo-
sition anddirectionof the interactingobjectswithin a scene.They
constitutethe input to a statisticallearningframework [15] where
discreterepresentationsof interactive behaviours canbe learnedby
modelling the probability distribution of the featurevectorswithin
theinteractionfeaturespace.

Figure 1. SystemOverview



Figure 1 givesan overview of the systemincluding the learning
elementof the architecturewherebythe typical behaviour patterns
arelearned,storedandusedto drive interpretation.Thesystemcan
currentlybe usedto recognizetypical interactive behaviour within
thetraffic domainandidentify atypicalevents.

2 LEARNING QUALITATIVE
SPATIO-TEMPORAL RELATIONS

2.1 Detecting and tracking objects

A real time computervision system[18] is usedthat detectsand
tracksmoving objectswithin a scene.The tracking system,which
is tolerant to slight lighting changes,usesa modified version of
theStauffer andGrimson[23] adaptive backgroundmodelto detect
moving objects.In addition, it makes explicit useof a foreground
modelfor size,colourdistributionandvelocity (which is assumedto
be locally invariantin time) invariantsfor a particularobject.Fore-
groundpixelsidentifiedby thebackgroundmodelarecomparedwith
various instancesof the foregroundmodel to determineto which
modelthey belong.A Kalmanfilter is usedto propagatethesemodels
over time (for moredetails,see[18]).

Figure 2. Exampletraffic scene

The tracker assignsa unique ID to eachnewly detectedobject
in the sceneandtrackschangesin the object’s positionandveloc-
ity. It shouldbe notedthat tracking is performedon an estimated
groundplane.Thus,for eachvideoframe,thetracker returnsthees-
timatedpositionandvelocity of eachtrackedobjectin groundplane
co-ordinates.Figure2 illustratesascenefrom theexampletraffic do-
mainapplication.

2.2 Feature space representation for object
interaction

Modelling object interactionis of particularinterestsinceit allows
reasoningto be extendedfrom individuals to groupsof objects.In
this paperwe are interestedin modelling the joint (combined)be-
haviour of pairsof interactingobjects.Within thisscheme,candidate
interactionsareidentifiedto yield asetof interactivejoint behaviours
for training by usingan attentionalmechanismbasedon proximity
cues.

For eachimageframe,we assumethateachtrackedobjectis cen-
teredwithin arectangulararea(attentionalwindow), andits direction

of motionisalignedwith thelongestaxisof therectangle.An interac-
tive eventbetweentwo objectsis signalledwhenever anobjectfalls
within the attentionalwindow of anotherobjectwhich we call the
referenceobject.Thesizeof therectangularareais currentlysetby
hand,however anappropriatesizefor theattentionalwindow could
belearnedautomaticallyfrom thetrainingdata.

Many interactionsaretypifiedby theevolving spatialrelationships
betweeninteractingobjectsandthussuchrelationshipsmustbeen-
codedwithin anappropriatefeaturevectordescribingtheobjectin-
teraction.In addition,sincethe locationwithin a sceneat which an
interactivebehaviour occursis probablyof lessrelevancethanthein-
teractionitself,webelievethatnon-scene-specificfeaturevectorrep-
resentationsareprobablymoreappropriate.Thus,ourchosenfeature
spacerepresentationis invariantof the absolutepositionanddirec-
tion of theinteractingobjectswithin ascene.

The featurevector representationdescribesthe relative velocity
(magnitudeanddirection)andthespatialrelationshipbetweena ref-
erencecar andanothercar that falls within its attentionalwindow.
The featurevector consistsof the velocity magnitudeof the refer-
enceobject,thevectorrepresentingtherelativedistancebetweenthe
two objects(in thelocalco-ordinatesof thereferenceobject)andthe
velocity vectorof theotherobject(again in local co-ordinates):
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It shouldbenotedthatevery featurevectoris normalisedsothat the
directionof motionof thereferenceobjectis alignedwith they-axis.

Jointbehavioursof pairsof interactingobjectsmaybeviewedas
smoothtrajectorieswithin thefeaturespacethataresampledatframe
rategeneratingsequences,!#" , of featurevectors

���$�
. Eachsequence

describesthetemporalevolutionof aninteractivebehaviour:
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(2)

2.3 Learning discrete interaction primitives

In order to learndiscreterepresentationsof object interactions,we
replacethe featurevectors

�2���
with their nearest(in a Euclidean

sense)prototypefrom a finite setof prototypicalobjectinteractions.
Theseprototypicalobjectinteractionsarelearnedusingvectorquan-
tisation.Vector Quantization[9, 12] is a techniqueoriginally used
for datacompressionwhichprovidesamethodof approximatingthe
probability densityfunction of a vectorvariable � �43 � usinga finite
numberof prototypevectors(usually referredto ascodebookvec-
tors) 576 �43 � ��89	;:<�>=<�-, , , � ?

.
A limitation of classicalVQ algorithmssuchasthek-meansalgo-

rithm [22] is thatthefinal distribution of prototypesis very sensitive
to their initial placementwithin the featurespaceand this can re-
sult in sub-optimaldistributions.The usualsolutionis to repeatthe
k-meansalgorithmfor several setsof prototypeinitialisationvalues
andthenchoosetheprototypedistributionthatgivesthebestapprox-
imationfor theprobabilitydensityfunctionof thetrainingdata.

Insteadof taking this approach,we usea variantof theVQ algo-
rithm proposedby JohnsonandHogg[15] which is lesssensitive to
the initial positioningof prototypes.It is basedon the competitive
learningparadigm[21, 17]; however it alsoincorporatesa prototype
sensitivity mechanism.This resultsin a robustVQ algorithmwhich
is lesssensitive to the initial placementof prototypesandgivesap-
proximatelycorrectdensitymatching.

After VQ is performed,eachinteractive behaviour is represented
by asequenceof prototypes:
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Figure 3 illustratesthelearntprimitive interactionsfor thetraffic
domainexampleapplication.Thesecanbe viewed asa qualitative
discretisationof the continuousrelationalspace.Whereasin a con-
ventionalqualitative spatialreasoningrepresentation,thediscretisa-
tion wouldbemanuallypreassigned,weareableto learna represen-
tationwhichmaximisesthediscernabilitygivenagranularity(i.e. the
numberof relationsdesired).Notethat therepresentationis approx-
imatelysymmetricwith respectto anaxisalignedto thedirectionof
motionof thereferenceobject.

Figure 3. Learntprimitive interactions– traffic domainexample.Thetwo
dotsrepresentpairsof closevehicles(distinguishedby thesizeof thedot–
thelargerdotbeingthereferencevehicle).Thearrowsshow their direction

of movementandtheconnectingvectortheir relativeorientationand
distance.Thesepatternsrepresenttypical “midpoints” asresultof clustering

theinputdatainto B differentconceptual“regions”.

2.4 Experimental data

Trainingdatawasgeneratedfrom a10-minvideosequenceof a traf-
fic scene(seeFig. 1), sampledat 25 framesper second.In orderto
reducenoise,the outputof the tracker waslow-passfiltered with a
5Hz cut-off filter (a vehicleneedsto be presentin the scenefor at
leastonefifth of asecond,otherwiseit is ignoredandtreatedasnoise
outputfrom thetracker, ratherthananactualvehicle).

Usingtheattentionalcontrolmechanism,80,000(approximately)
featurevectorsrepresentinginstancesof vehicle interactionswere
generated.A setof 12 prototypicalfeaturevectorscorrespondingto
primitiveinteractionsbetweenvehicleswaslearnedfrom thisdataset
afterperformingVQ. Experimentswereperformedto decidetheap-
propriatenumberof prototypeswith respectto modelperformancein
analyticalandgenerative tasks.A VLMM learntover 12 prototypes
gave thebestperformancefor thisdataset.

3 MODELLING BEHAVIOUR USING
VARIABLE LENGTH MARKOV MODELS

We areinterestedin building modelsof behaviour which areableto
supportbothrecognitionandgenerative capabilitiessuchasthepre-
diction of future behaviours or the synthesisof realisticsamplebe-
haviours.We achieve this by usingvariablememorylengthMarkov

models(VLMMs) [10] to efficiently encodethesequencesof thepro-
totypescorrespondingto observed interactive behaviour in the fea-
turespace.

3.1 Variable length Markov models

Variable length Markov modelsdeal with a classof randompro-
cessesin whichthememorylengthvaries,in contrastto ann-thorder
Markov models.They have beenpreviously usedon the datacom-
pression[4, 1] and languagemodelling domains[20, 10, 11] and
recently, they have beensuccessfullyintroducedin thecomputervi-
siondomainfor automaticallyinferringstochasticmodelsof thehigh
level structureof complex and semanticallyrich humanactivities
[7, 8]. Their advantageover a fixed memoryMarkov model is the
ability to locally optimisethe length of memoryrequiredfor pre-
diction. This resultsin a more flexible and efficient representation
which is particularly attractive in caseswherewe needto capture
higher-ordertemporaldependenciesin somepartsof the behaviour
andlower-orderdependencieselsewhere.

AssumeC is a string of tokensusedasa memoryto predict the
next tokenDFE accordingto anestimateGH
� DFE�I C � of

H�� DFE�I C � . Themain
ideabehindthevariablelengthmodellingmethodis thatif theoutput
probability GH
� D(E�I DAC � thatpredictsthenext token D(E is significantly
differentfrom GH�� DFE�I C � , thenthelongermemoryDAC maybea better
predictor than C . A weightedKullback-Leiblerdivergence[20] is
usedto measurethe additionalinformation that is gainedby using
thelongermemoryDAC for predictioninsteadof theshortermemory
C :

J#K � DAC � C � 	 GH�� DAC �
L�M GH
� D E I D7C ��NPORQ GH�� DFE�I DAC �

GH
� D E I C � ,
(4)

If
J#K � DAC � C � exceedsagiventhresholdS , thenthelongermemory

DAC is used,otherwisetheshortermemoryC is consideredsufficient
for prediction.

The transitionprobabilitiesandpriorsarederived from estimates
of

H
� D�TUI D � DWV , , , D�T(X � � and
H�� D � D�V , , , D�T � calculatedfor various

valuesof Y (Y 	;:<�>=<� , , , ��Z
). Theestimatesaregivenby:

GH
� D�TUI D � DWV , , , D�T(X � � 	 [ � D � D�V , , , D�T(X � D�T �
[ � D � D�V , , , D�T(X � �

�
(5)

and

GH�� D � D�V , , , D�T � 	 [ � D � DWV , ,>, D�T �
[(\

�
(6)

where [ � D � DWV , , , D�T � is the numberof times the string of tokens
D � D�V , , , D�T appearsin the training dataand [F\ is the total length
of thetrainingsequences.

The training algorithminvolvesbuilding a prefix tree [10] where
eachnodecorrespondsto a string up to a predeterminedlength

Z
.

Thetransitionfrequenciesarecountedby traversingthetreestructure
repeatedlywith stringsof length

Z
wherethestringsaregenerated

by sliding a window of fixed length
Z

alonga trainingsequenceof
tokens.Transitionprobabilitiesarecomputedusingequation6 anda
pruningprocedureis thenapplied,while theprefix treeis converted
to a predictionsuffix tree[20]. For eachnodeY�] in theprefix tree,a
correspondingnodeY
^ in thesuffix treeis createdif andonly if the
Kullback-Leiblerdivergencebetweenthe probability distribution at
Y�] andtheprobabilitydistribution at its ancestornodein theprefix
tree is larger than thresholdS . Finally, the suffix tree is converted
to an automatonrepresentingthe trainedVLMM. A moredetailed
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description_ on building andtrainingvariablelengthMarkov models
is givenby Ronetal. [20].

Thus,a VLMM is equivalent to a Probabilistic Finite StateAu-
tomaton(PFSA) representedby ` 	a��bc�>d2��e���f���g � where

d
is

a finite alphabet–thesetof tokens–and
b

is a finite setof model
states.Eachstatecorrespondsto a token string of length at mostZ

, (
Zihkj

), representingthe memoryfor a conditionaltransition
of the VLMM. The transition function is

emlnbpoqdsrtb
andful0bvowdxrzy j��>:*{

is the output probability function represent-
ing the memoryconditionedprobabilitiesof the next token Dq| d

.
Finally,

g}l~b�r�y j��>:*{
is the probability distribution over the

start states. The functions
f

and
g

aresuchthat for every �q| b
,

L��R� f�� � � D � 	;:
and � �7� g
� � � 	;:

.

3.2 Modelling interactive behaviour using a
VLMM over prototypes

Temporaldependenciesin behaviour arelearnedby usinga VLMM
to capturethe memoryconditionedprobabilitiesof transitionsbe-
tween the learnt prototypes.The choice of VLMMs as a mathe-
matical framework for modelling interactive behaviour is basedon
their ability to capturebehavioural dependenciesat variabletempo-
ral scalesin asimpleandefficientmanner.

Initially, the training sequencesof featurevectorsare converted
into sequencesof prototypicalobject interactionsby observingthe
closestprototype,in a nearestneighboursense,to thecurrenttrain-
ing featurevector at eachtime instant.The output sequencesare
then used to train a VLMM representedby the PFSA `�] 	
��b ] ������e ] ��f ] ��g ] � where

�
is thefinite setof prototypicalobjectin-

teractionsand̀�] representsthelearntinteractivebehaviour model.
Thealgorithmfor trainingvariablelengthMarkov modelsof be-

haviour hastwo parameters,themaximalorderN of themodeland
thethresholdvalueS controllingtheaccuracy of thelearntbehaviour
model.Thechoiceof theseparametersplaysanimportantrole in the
performanceof thelearntbehaviour model(especiallythatof S ).

Thechoiceof parametersfor the trainingalgorithmcanbebased
on a measureof how well the learnedmodeldescribesthe training
data.Onesuchmeasure,traditionally usedin text compression[1]
andlanguagemodelling[10,11],canbethemodelcross-entropyrate
(or modelentropy) [5, 11] G���

:

G���k	�� :
Y NPORQ H
���4� � (7)

where
�

is asamplestringof symbolsof lengthY .
In our case,� 	 `�] ,

��	�@�� ) , , ,*@����
is a sequenceof proto-

typelabelsof lengthY , and
HW���7�4� � is theprobabilityof

�
accord-

ing to theVLMM model̀�] :

H����A�4� � 	 T
64� �

H���@���� I � ��� � � (8)

and
H
��@��$� I � ��� � 	�f ] � � ���*�*@���� � .

Usingequation(8) togetherwith (7),anestimateof modelentropy
for thelearntVLMM model�q] is givenby:

G�0����	�� :
Y

T
64� �

NPORQ H���@�� � I � � � � , (9)

A measureof how well thelearnedVLMM describesthetraining
datais givenby calculatingthemodelentropy (Eq.9) over thetrain-
ing data.A goodaproximationof observedbehaviour is indicatedby
a low modelentropy value.

3.2.1 Performinggenerativetasks

The trainedmodel `�] representsthe learnt interactive behaviour
model and has generative capabilities. Behaviour generationis
achieved by traversing the PFSA, selectingeither the most likely
transition(maximumlikelihoodbehaviour generation)or sampling
from the transitiondistribution (stochasticbehaviour generation)at
eachstate,and emitting the correspondingprototypevectors.This
resultsin an orderedset � of prototypevectors

@ ��  which are the
outputof thetransitions� �*¡ � 	�e7¢�� � �£�*@ ��  � betweenstates� � , � ��¡ � .

In orderto usethemodel `�] for behaviour prediction,it is first
necessaryto locatethecurrentmodelstate.Sincemodelstatesmay
encodea history of previous behaviour, the model is initially used
in a recognitionmode,acceptingsuccessive prototypesrepresent-
ing observed behaviour andmakingthe correspondingstatetransi-
tions. Having locatedthe currentmodel state,predictionof future
behaviour canbeachievedusingthemodeleitherasastochasticor a
maximumlikelihoodbehaviour generator.

A VLMM needsto beableto handletheproblemof unseenevents
– caseswheretokensequenceswhich might have not appearedpre-
viously in the training data,appearduring the recognitionprocess.
Problemsrelatedto thesparsenessof thetrainingdataarewell stud-
ied in the speechrecognitionandlanguagemodellingdomainsand
variousmethodsfor handlingunseeneventshave beenproposedto
compensatefor thescarcityof trainingdata(seefor example[14] for
anin-depthdiscussionon thesubject).Oneof thebestknown meth-
odsof handlingunseeneventsis thebacking-off method[16], which
is quiteprevalentin state-of-the-artspeechrecognisers.

We usea simplebacking-off methodwhich is anextensionof the
methodproposedby Guyon et al in [10]. Assumethe model `�]
is presentedwith a prototype

@ 60| �
while in a statewhich emits

this prototypewith probabilityzero,givena history ¤ @ " of previous
prototypes.If thereis a statewithin the modelthat emits

@ 6 with a
non-zeroprobabilitygivenonly thehistoryof thepreviousprototype@ " , thenwe back-off at this stateandemit

@ 6 . Otherwise,we return
to the initial modelstate,loseall thepreviousmemoryandemit

@ 6
with theprior probability GH
��@ 6 � . This backing-off methodis simple
but effective andwasfound to give similar or slightly betterresults
comparedto the methodsproposedby Katz [16] and Guyon et al
[10].

3.2.2 Assessingmodelperformance

Theperformanceof themodelcanbemeasuredby themodelentropy
over the testdata.A modelthat hasachieved a goodgeneralisation
of theobservedbehaviour, will resultin very similar entropy values
over boththetrainingandthetestdata.Otherwise,significantlydif-
ferentvaluesindicatea modelthat is overfit to thetrainingdataand
thereforeis not fully representative of the targetbehaviour andthus
moretrainingdatais required.

For our traffic domainexample,we usedthe12 learntprototypes
asan alphabetto modelVLMMs for different valuesof

Z
and S .

The training and test datasetshad the samenumberof prototype
sequences(940each).Thesequenceswhererandomlychosento be-
long to oneor theotherdataset.

Figures 4 and 5 demonstratethe results when S 	¥j
and

S 	¦j�, jRjRj�:
areusedrespectively. Whenusinga maximummemory

length
Z§	;¨

, thesizesof thecorrespondingVLMMs where13,808
and 266 statesrespectively. In the generalcase,an increasein the
valueof S will resultin an increaseof themodel’s entropy whereas
an increaseon the model’s maximummemory

Z
will decreasethe
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model entropy (however, increasing
Z

doesnot always guarantee
lower modelentropy). As canbeseenfrom thegraphs,S 	¯j

gives
thebestmodel,althoughattheexpenseof alargemodelsize(number
of statesandtransitionswithin VLMM). However, a slight increase
in S candramaticallydecreasethenumberof stateswithin themodel
with only averysmall increasein themodelentropy.

4 CONCLUSION

The main purposeof this paperhasbeento show how a discrete,
andessentiallysymbolicsetof relationshipsrepresentingthespatio-
temporalrelationshipbetweenpairsof closemoving objects,canbe
learnedautomaticallyand then usedas the alphabetfor a VLMM
which learnsthe typical patternsof behaviour in the domain.The
principalnovelty of ourapproachis exactlythis: to proposeamethod
for learningthealphabetof spatio-temporalrelationshipsandto ap-
ply aVLMM to this ratherhigh level setof entitiesratherthanmuch
lower level perceptualartifacts.

Of coursethereremainmany possibilitiesfor furtherwork.Weare
evaluatingthe generative andpredictive powersof the modelsand
wewill applyit to otherdomains.Notethatin orderto bepredictive,
given the normalisedfeaturerepresentation,one may wish also to
learnthetypical paths(c.f. [8, 15]) of motionsothat thebehaviours
can be applied“in context”. We may also considerother kinds of
spatio-temporalrelationshipsapartfrom orientation,distanceandve-
locity. Certainbehavioursmaybepositionor orientationdependent
sowemayalsoneedto experimentwith nonnormalisedfeaturevec-
tures(or rather, with differentnormalisations,sincenormalisationis
a usefulabstractionmechanismin machinelearning).It would also

be useful to experimentwith waysof learning“closeness”(i.e. the
sizeof theattentionalwindow). Howeverwebelieve thepresentsys-
temrepresentsausefulfirst stepin thedirectionof learninghighlevel
“cognitive” modelsof dynamicbehavioursfrom videodata.
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