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Abstract

Monitoring activities using video data is an important
surveillanceproblem.A specialscenariois to learnthepat-
tern of normal activitiesand detectabnormaleventsfrom
a very low resolutionvideowhere the moving objectsare
smallenoughto bemodeledaspointobjectsin a 2D plane.
Insteadof tracking each point separately, we proposeto
modelanactivitybythepolygonal̀ shape'of thecon�gura-
tion of thesepointmassesat anytime � , andits deformation
overtime. Welearnthemeanshapeandthedynamicsof the
shapechangeusinghand-pickedlocationdata(noobserva-
tion noise)andde�ne anabnormalitydetectionstatisticfor
thesimplecaseof a testsequencewith negligible observa-
tion noise. For themore practical casewhere observation
(point locations)noiseis large and cannotbe ignored,we
usea particle �lter to estimatetheprobability distribution
of theshapegiventhe noisyobservationsupto the current
time. Abnormalitydetectionin this caseis formulatedasa
changedetectionproblem.We proposea detectionstrategy
thatcandetectboth`drastic' and`slow' abnormalities.Our
framework canbedirectlyappliedfor objectlocationdata
obtainedusinganytypeof sensors- visible, radar, infra-red
or acoustic.

1 Intr oduction

Monitoring activities from video data is an important
surveillanceproblem.A specialscenariois to learnthepat-
tern of normalactivities anddetectabnormaleventsfrom
very low resolutionvideo where the moving objectsare
smallenoughto bemodeledaspoint objectsin a 2D plane.
In [1], the authorsproposedbuilding a trackingandmon-
itoring systemusinga forestof sensorsdistributedaround
the site of interest. Their approachinvolved tracking ob-
jects in the site, learningtypical motion patternsand co-
occurrencestatisticsof differentobjectsfrom extendedob-
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servationperiodsandusingtheseto detectunusualevents.
In [2], the authorsusedBayesiannetworks to represent
multi-agentevents. The above approachesuse the mo-
tion tracksof individual objectsand their interactionwith
otherobjectsin thescene.Insteadof trackingpoint objects
separatelyandthenlearningtheir interactions,we propose
a different approachwhich models`group activity' using
Kendall's statisticalshapetheory [3]. A `group activity'
is representedby the polygonal`shape'formedby joining
the locationsof thepoint objects(henceforthreferredto as
`points') or `landmarks'at any time � andits deformation
over time. This providesa compactglobal framework to
jointly modelthemotionof all themoving objectsperform-
ing anactivity (groupactivity). Weareableto identify “spa-
tial” abnormalities,e.g. deviations from the normalpath,
aswell as“temporal” abnormalities[1], e.g. suddenstop-
pingfor prolongedperiodsof timewhenthenormalactivity
shouldbe continuousmotion. The advantageof usingthe
shapeof the con�guration of objectsis that it is invariant
to translationandin-planerotationof thecamera(assuming
orthographicprojections).

Shapeis de�ned as all the geometricinformation that
remainswhenlocation,scaleandrotationaleffectsare�l-
teredout [4]. Someof theearliestworksin shapetheoryare
Fourierdescriptors[5] andextendedGaussianimagemodel
[6] bothof which modelshapeof continuouscurves.Also,
thereexistsahugebodyof work in thevisioncommunityon
shapetracking,analysisandsimilarity [7, 8, 9, 10]. Statisti-
cal shapetheory[3] for theshapeformedby discretepoints
or landmarksbeganin the late1970sandhasevolved into
practicalstatisticalapproachesfor analyzingobjectsusing
probability distributionsof shape.Of late, it hasbeenap-
plied to someproblemsin imageanalysis,objectrecogni-
tion andimagemorphing(Chapters11 and12 of [4]). All
theseexamples,however, model the shapeof a singleob-
ject in staticimages.Ourwork presentsanapproachfor ex-
tendingthismethodfor modelingthedynamicsof theshape
formedby thelocationsof agroupof objectsperformingan
activity.
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For a “static shapeactivity” (explainedin section3), the
meanshapeof the object con�guration remainsconstant
with timeandthis is thecasethatwedealwith in thispaper.
Considerasanexampleof “staticshapeactivity”, thevideo
sequenceof passengersgettingout of a planeandmoving
towardsthe terminal(see�gure 1 (a)). All passengersare
supposedto follow thesamepathfrom theplaneto theter-
minal. If onewereto look at theshapeformedby connect-
ing thelocationsof all thepassengersat any time instantit
would look similar, except for deformationsdue to varia-
tionsin thepathtakenby eachindividual. Suspiciousactiv-
ity in thisexamplewouldbeany personwalkingin anunex-
pecteddirectionthuscausingtheshapeof thecon�guration
of passengersto change(�gure 1(b)) or a personstopping
in betweenwhich would alsocauseshapeto changewhen
thepersonbehindthestoppedpersongoesaheadof him.

Givena trainingsequencefrom a “static shapeactivity”,
we usetheobservedobjectcon�gurationsfrom a sequence
of framesto learnthe mean“activity shape”. We de�ne a
tangentcoordinatesystemat the meanshapeasdescribed
in [4]. Thetangenthyper-planeis a linearvectorspacethat
approximatesthe nonlinearshapespacein the vicinity of
the meanshape. The shapedynamicsin tangentspaceis
modeledusinga Gauss-Markov modelasdiscussedin our
earlierwork [11]. For the caseof observationswith neg-
ligible observation noise,we evaluatetangentcoordinates
of theshapeof the testsequenceanduselog likelihoodto
detectabnormality.

In this paper, we considerthemorepractical(anddif�-
cult) caseof large observationnoisein the observed point
locations. We now have a partially observed andnonlin-
eardynamicalsystem[12] from whichwe needto estimate
theshape(actuallyits posteriordistribution)andalsodetect
abnormality. This problem�ts into the framework of par-
ticle �ltering. Particle �ltering is a sequentialMonteCarlo
methodthat was�rst introducedin [13] asan approachto
non-linear, non-GaussianBayesianstateestimation.Parti-
cle �lters (PF)havebeenusedin computervision for shape
basedtrackingof a singleobjectusingvariousrepresenta-
tionsof shape[14, 15]. [16] usesparticle�ltering to track
multiplemovingobjectsbut it usesseparatestatevectorsfor
eachobjectandde�nesdataassociationeventsto associate
thestateandobservationvectors.But in our work, we rep-
resentthecombinedstateof all moving objectsusingshape
(tangent)coordinates.We usea PFonly to estimate(�lter
out)the`shape'of thecon�gurationof movingobjectsfrom
noisyobservationsof their locations.

Abnormality detectionin this caseis formulatedas a
changedetectionproblem.Most algorithmsfor changede-
tectionarefor linearsystems.[17] is a referencefor change
detectionin nonlinearsystemsusing PFs but it assumes
an abruptchangeandknown parametersafter the change.
In many situationsan abnormalityis a slow changeand

its parametersare unknown. We proposein this papera
changedetectionstrategy that candealwith both `drastic'
(or abrupt)and`slow' changeswith changeparametersun-
known.

Therestof thepaperis organizedasfollows. In section
2, wegiveabrief review of statisticalshapetheoryandpar-
ticle �ltering. Section3 describesthe`shapeactivity' model
thatwe introducedin [11] andhow to detectabnormalityin
thefully observedcase.In section4, we describea particle
�ltering approachto estimatethe posteriordistribution of
theshapefrom noisyobservationsof thecon�gurationand
a changedetectionstrategy to detectabnormality. Experi-
mentalresultsarepresentedin section5 andconclusionsin
section6.

2 Preliminaries

2.1 Statistical ShapeTheory

We brie�y review the basic tools for statistical shape
analysisas describedby Dryden and Mardia in [4]. We
use Kendall's representationof a shapecon�guration in

� dimensionalspaceas the
���

� matrix formedby the
locationsof

�

landmarkpoints on each specimen. For
����� dimensionalshapeamoreconvenientrepresentation
is a

�

dimensionalcomplex vectorwith realandimaginary
partsrepresentingthe � and 	 coordinatesof thepoint. The
mappingfrom con�guration spacetangentcoordinatesfor
shapeinvolvesthefollowing steps:

Translation Normalization: In order to make the
shapeinvariant to translation,the complex vector of raw
locationdata( 
���
�� ) canbecenteredby subtractingout the
meanof thevector, i.e.
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identitymatrixand
�
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dimensionalvector
of ones.
ScaleNormalization: Preshapeis thegeometricinforma-
tion thatremainsafter locationandscalinginformationhas
been�ltered out. It is obtainedby normalizing 
 by its
Euclideannorm, "

��#$#




#%# , i.e.
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(2)

Distancebetweenshapes: A conceptof distancebetween
shapesis requiredto fully de�ne the non-Euclideanshape
metric space. The shapespaceis non-Euclidean(it is a
sphericalmanifold)becauseof thescalingto normone.The
full Procrustesdistance[4] of a centeredcomplex con�gu-
ration 
-, from 
�. is given by the Euclideandistancebe-
tweenthe full Procrustes�t of the preshapeof 
/, , ( &('(0 ),
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ontothepreshapeof 
�. , ( &('�� ). Full Procrustes�t is chosen
to minimize
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Full Procrustesdistance,
�����
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 ,�� is this minimum dis-
tancei.e.
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preshapes& ' 0 and & ' � have alreadybeennormalizedfor
translationandscale,the translationvalue that minimizes
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Forapopulationof similarshapes,afull Procrustesmean

shape( %

1 ) is obtainedby minimizing (over 1 ) the sum of
squaresof full Procrustesdistancesfrom eachobservation


�2 in thepopulationto theunknown meanshape,1 , i.e.
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For 2D shapes,the full Procrustesmean %

1 can be found
asthe eigenvectorcorrespondingto the largesteigenvalue
of the matrix @

�BA

=

2�? ,

&('�C &+*

'
C [18]. Obtainingthe full

Procrustesmeanand aligning all preshapesin the dataset
to it (by �nding their full or partial Procrustes�t to the
mean)is known asGeneralizedProcrustesAnalysis. Partial
Procrustes�t is obtainedby setting � �

�

andsolvingonly
for the rotation angle in (3) to align the preshapeto the
mean.(Seechapter3 of [4] for details).

Shape Variability in Tangent Space: To examine
the structureof shapevariability from the averageshape,
we de�ne a linearized space(tangentspace)about the
meanshapeand considervariation from the meanin this
linearizedspace. The preshapeformed by

�

points lies
on a complex hypersphereof unit radius. The aligned
preshapes(after generalizedProcrustesanalysis) of a
datasetof similar shapeswould lie close to each other
and to their Procrustesmeanon this hypersphere. The
tangenthyperplaneto the hyper-sphereat the meanis an
approximatelinear spaceto representthis datasetand in
this space,standardlinear multivariateanalysistechniques
canbeapplied.

The partial Procrustestangentcoordinates[4] of a pre-
shape( & ), taking the Procrustesmean, 1 , as the pole for
the tangentprojection,areobtainedby projectingthe par-
tial Procrustes�t (w.r.t. 1 ) of a preshape,into the tangent
spaceat themean.They areevaluatedas[4]
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where & is thepreshape.Note that the tangentcoordinates
lie in a �

�

�GF dimensionalrealhyperplane(two dimensions
reduceddueto X andY translationnormalization,onedue
to scaleandonedueto rotationnormalization).

Theinverseof theabovemapping(tangentspaceto pre-
shapespace)is
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The con�guration is given by scalingthe preshapeby its
scale( " ), K

�

"

& .

2.2 Particle �ltering (PF)

Let thestateprocessL

�NM

LGOJP bean Q

=SR

-valuedMarkov
processwith a Feller transitionkernel [12] TUO

�

��O �

�

�VOXW ,��

(where M

� O P is a realizationof the randomprocessL O ).
Let the observation process
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 O P be an Q

=9Z

-valued
stochasticprocessde�ned as 
 O

�\[
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�N]

O . The
initial statedistribution is denotedby ^$_

�

�5� and the ob-
servation likelihoodat time � given the stateby

/

O

�

	 O

#

� O � .
The particle �lter [12] recursively approximatesthe opti-
malposteriordistributionof thestateatany timet giventhe
pastobservations,by Monte Carlo sampling. It works for
any non-linear, non-Gaussiandynamicalsystemfor which

^
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�VO!� is known.
The�lter [12] startswith samplinga timesfrom theini-
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�5� to approximateit by ^
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� . Thustheempericaldistribution of this
new cloud of particles, ^
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the probability distribution of LvO given observationsupto
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. For eachparticle, its weight is proportional
to the likelihoodof the observationgiven thatparticle,i.e.
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is an estimateof the probability distribution of the state
given observations uptil time � . We resample a times
with replacementfrom n^

=

Osk O

�

�$� to obtainthe empericales-

timate ^

=

Osk O

�
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�

,

=
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=
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e
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l
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�$� . Note thatboth n^

=

Osk O

and
^

=

Osk O

approximatê
Osk O

but the resamplingstepincreasesthe
samplingef�ciency by eliminatingsampleswith very low
weights.

3 `Shape'Activity Model

We useDrydenandMardia's statisticalshapetheoryideas
(describedabove to representthe shapeof “an” object) to
model the shapeof the con�guration of a group of mov-
ing objectsandits deformationsover time. The notion of
separatingthemotionof a deformingshapeinto motionof
anaverageshapeandits deformationsdescribedby Soatto
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andYezziin [19] canbeextendedto “shapeactivities”. We
de�ne a “static shapeactivity” asonein which theaverage
shapeformedby the moving pointsremainsconstantwith
timeandthedeformationprocessis stationary. A “dynamic
shapeactivity” ontheotherhandhasatimevaryingaverage
shapeand/ora non-stationaryshapedeformationprocess.

Kendall's shapeanalysismethods(discussedabove)de-
scribe the shapeof a �x ed numberof landmarksand so
whenthenumberof pointobjectsis not �x edwith time,we
resamplethecurve obtainedby connectingtheobjectloca-
tions at time � to representit by a �x ed numberof points,

�

. Theorderin whichtheobjectlocationsarejoinedis kept
thesame(shapeis not invariantto changein orderingof the
points).

The complex vectorformedby these
�

points( � and 	

coordinateforming the real and imaginary parts) is then
centeredusing equation(1) to give the observation vec-
tor sequence,M 


O
P . We assumein this sectionthat hand-

pickedor accuratelymeasuredobjectlocationdatais avail-
able(negligible observationnoise).Theobservationvector
is normalizedfor scale(to obtain the preshape)and gen-
eralizedProcrustesanalysis(equation(4)) is performedon
this sequenceof pre-shapesto obtainthe Procrustesmean
shape,1 . Thepreshapesarealignedto 1 andtangentcoor-
dinatesat 1 evaluatedusingequation(5). Thecomplex tan-
gentcoordinatevectoris rewritten asa realvectorof twice
thecomplex dimension.

3.1 ShapeDynamicsin TangentSpace

Let the vector of tangentcoordinatesbe representedby
D

O��
Q

.

�

i�� . Theorigin of thetangenthyperplaneis chosen
to be the tangentcoordinateof 1 andhencethe datapro-
jectedin tangentspacehaszeromeanby construction.The
time correlationbetweenthe tangentcoordinatesis learnt
by �tting astationaryGaussMarkov model asdescribedin
ourearlierwork [11], i.e.

�
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a
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� (7)

wherea0O

1 is a zeromeani.i.d. Gaussianprocessandis in-
dependentof D

Oji , . Thedetailsof evaluatingthecovariance
matrix of D

O , ��� , the autoregressionmatrix � andcovari-
anceof noise �

= (assumingstationarityandergodicity)are
discussedin [11]

Basedon thestationaryGaussMarkov modeldescribed
abovewe have,
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1Note that to simplify notation,we do not distinguishbetweena ran-
domprocessandits realizationin therestof thepaper.

Thusany �

�

�

lengthsequence,M�D

Oji�� �

*%*$*

D

Oji , �

D

O P , will
havea joint Gaussiandistribution.

3.2 Abnormality Detection: Fully Observed
Case

We have assumedin this sectionthatthenoisein theshape
of the observationsis negligible comparedto the system
noise, a0O , andhencewe have a fully observed dynamical
model. For sucha testobservationsequence,we caneval-
uatethetangentcoordinates( D

O ) directly from theobserva-
tions( 
 O ) usingequations(2) followedby (5).

Thefollowing hypothesisis usedto testfor abnormality.
A given testsequenceis saidto be generatedby a normal
activity iff the probability of occurrenceof its tangentco-
ordinatesusingthepdf de�ned by (8) is large(greaterthan
a certainthreshold). Thusthe distanceto activity statistic
for an` �

�

�

' lengthobservationsequenceendingat time � ,
�

�VW ,

�

�!� , is thenegativelog likelihood(withouttheconstant
terms)of thetangentcoordinatesof theobservationi.e.
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(9)

Wetestfor abnormalityatany time � by evaluating
�

��W ,

�

�!�

for the past �

�

�

frames. In the resultssection,we refer
to this asthe `log likelihoodmetric' (even thoughit is not
actuallya `metric').

4 Partially Observed `Shape' Activ-
ity Model

In theprevioussection,wede�nedanabnormalitydetection
statisticfor the caseof negligible observation noise(fully
observedsystem).But,whennoisein theobservations(pro-
jectedin shapespace)is comparableto the systemnoise,
theabovemodelwill fail (See�gure 2(c)). This is because
tangentcoordinatesestimateddirectly from this very noisy
observation datawould be highly erroneous.Observation
noisein the point locationswill be large in mostpractical
applicationsespeciallywith low resolutionvideo. In this
case,we have to solve thejoint problemof �ltering out the
actualcon�guration( K;O ) andthecorrespondingshapefrom
thenoisyobservations( 


O

�

K
O

��]

O ) andalsodetectingab-
normality(asachangein shape).SinceK

O is now unknown,
so is thecorrespondingD

O andwe thushave a partially ob-
servednon-lineardynamicalsystem[12] with thefollowing
system(statetransition)andobservationmodel.

The systemmodel includesthe shapespacedynamics
(theGauss-Markov modelon tangentcoordinates)andalso
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the dynamicsof the scaleandrotation2. Even thoughwe
are interestedonly in shapedynamics,modelingthe rota-
tion andscaledynamicsasa �rst orderstationaryprocess
helpsto �lter outsuddenchangesin scale/rotationcausedby
observationnoise,which would otherwiseget confusedas
suddenchangesin shapespace.Also, thisdynamicalmodel
on scale,rotation(or translation)couldmodelrandommo-
tion of a cameradueto its beinginsidea UAV (unmanned
air vehicle)or any otherunstableplatform.

The observation model is a mappingfrom statespace
(tangentcoordinatesfor shape,scaleand rotation) back
to con�guration space,with noiseaddedin con�guration
space.

4.1 SystemModel

The statevector, L`O is composedof L`O

�

3
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�

O

�

,

O ��� O

4

�

where D

O arethe tangentcoordinatesof the unknown con-
�guration K;O ,
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� is therotationnormalization
angle,and �
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� #%#

K;O

#$# is thescale.Thetransitionmodelfor
shape( D

O ) isdiscussedin section3.1.Thescaleparameterat
time � is assumedto follow a Rayleigh3 distribution about
its pastvalue. Therotationangleis modeledby a uniform
distributionwith thepreviousangleasthemean.We have
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with initial statedistribution
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The modelparameters�

�
�

=

�
��� arelearntusinga single

trainingsequenceof anormalactivity andassumingstation-
arity for D

O asdescribedin 3.1. Theparameter
�

is learntas
�

��
`6��

O

#

,

O

�

,

Oji ,

# . Note that in this paperwe have as-
sumedastationarysystemmodelfor D

O . But in general,the
framework describedhereis applicableeven if �

�

�

�

�
�

=

aretimevarying(non-stationaryprocess).

4.2 Observation Model

In ourcurrentimplementation,weassumethatindependent
Gaussiannoisewith variance�

.

�

#�� is addedto theactuallo-

2In our currentimplementation,we have not modeledtranslationdy-
namics(weuseatranslationnormalizedobservationvector)assumingthat
observationnoisedoesnotchangethecentroidlocationtoo much.

3Rayleighdistribution chosento maintainnon-negativity of the scale
parameter

cationof thepoints,i.e. 4
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where[

�

LGOs� is thefunctiongivenby equation(6) followed
by scalingby "�O .

In general,both �

.

�

#�� and 1 canbetime varyingandthe
observation noiseneednot be i.i.d. in all the point object
locations.Also, to take careof outliers,onecouldallow a
smallprobability (�

���

O ) of any point
�

occurringanywhere
in theimagewith equalprobability(uniformdistribution).

4.3 Particle Filter

We usethestatetransitionkernelgivenin (10) andtheob-
servation likelihood given by (12) in the particle �ltering
framework describedin section2.2. The PF provides at
eachtime � , an a sampleempericalestimateof thedistribu-
tion of thestateat time � givenobservationsuptotime �

�

�

(prediction)andthedistribution of thestategivenobserva-
tionsuptotime � , ^

=

Osk O

�

D

O
�

"�O
�

,

O!� (update).For abnormality
detection,only themarginalof shape,̂

=

Osk O

�

D

O
� is used.

4.4 Abnormality Detection

We testfor abnormalitybasedon thefollowing hypothesis.
A testsequenceof observations, M
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P is said to be gener-
atedby anormalactivity iff
(a) It is “correctly tracked” by theparticle�lter trainedon
the dynamicalmodel learnt for a normalactivity. We test
this by thresholdingthe distancebetweenthe observation
andits predictionbasedon pastobservationsi.e. for nor-
malcy,
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and
(b) The expectationunder ^

Osk O

�

D

O
� of the negative log-

likelihoodof normalcy of thetangentcoordinates(expecta-
tion under̂

Osk O

of
�

,

�

�!� from equation(9)) is below acertain
normalcy threshold," , i.e.

�$#

�

�
�

l%� l

3

�

��&

/
	

_

�

D

O!�

4

�

" (14)

ThePFestimatê
=

Osk O

will approximatê
Osk O

correctlyonly if
theobservationsare“correctlytracked”by thePFandhence
only in the “correctly tracked” case,

�

can be estimated
usingthePFdistribution. Also, notethat

�

is actuallythe
KullbackLeiblerdistancebetweenthepdf correspondingto

^

Osk O

andthenormalactivity pdf of tangentcoordinates,
	

_ ,

4 ')(+*-,�.0/2143 is the complex versionof '2(5,76839/:1�; (inverseof
operationdescribedin theparagraphjustbeforesection3.1)
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astheK-L metric5 in theresultssection.
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Now, a `drastic' abnormalitywill causethe PF to lose

track andhencewill get detectedusing (a). If the abnor-
mality is a `slow' one(sayapersonslowly moving away in
a wrong direction), the PF will not losetrack. But a sys-
tematicallyincreasingbiasis introducedin the tangentco-
ordinates(they no longerremainzeromean)andhencethe
expectednegative log likelihoodof normalcy will be large
in this casecausing(b) to be violated. Sincethe PF does
not losetrackin this case,thePFdistributionestimateŝ

Osk O

correctlyandhence
�

canbe estimatedusinga PF in this
case.

5 Experimental Results

A videosequenceof passengersgettingout of a planeand
walking towards the terminal (�gure 1) was usedas an
example of “static shapeactivity” to test our algorithm.
Sincethenumberof passengersvaryovertime,thepolygon
formedby joining their locations(in thesameorderalways)
is resampledto obtain a �x ed numberof landmarks. We
have testedtheperformanceof thealgorithmon simulated
`spatial' and`temporal'abnormalities[1], sincewe do not
have real sequenceswith abnormalbehavior. `Spatial' ab-
normality(shown in �gure 1(b)) is simulatedby makingone
persondeviate from his original path. This simulatesthe
caseof a persondecidingto not walk towardstheterminal.
`Temporal'abnormalityis simulatedby �xing the location
of onepersonthussimulatinga stoppedperson(which can
be a suspiciousactivity too). Whenthe personbehindthe
stoppedpersongoesaheadof him, the loop formedcauses
theshapeto change.Notethatsinceweareusingtheshape
of discretepoints,orderingmattersandit is for this reason
thatastoppedpersongetsdetectedasanabnormalshape.

We �rst show resultsfor thecaseof low (negligible) ob-
servation noise,usingthe log likelihoodmetric de�ned in
section3.2. Given a test sequence,at every time instant

� we apply the log likelihoodmetric to the past � frames
with �

� �9( i.e.
�
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Reducing� will detectabnormalityfasterbut will reduce
reliability. In �gure 2(a),thecyandashedline plot is for the
caseof zeroobservation noise(hand-picked points). The
bluecircles(`o') plot showsthemetricfor anormalactivity
with �

.

�

#��

� F ( �

� � pixel) Gaussiannoiseaddedto the
5eventhoughit is notactuallya `metric'

hand-pickedpoints,while thegreenstars(`*') plot is for a
spatialabnormality(alsowith thesameamountof observa-
tion noise)introducedat �

��� for 40 frames.2(b) shows
thesameplotsfor a temporalabnormality(plottedwith red
triangles).Thespatialabnormalitygetsdetected(visually)
around�

���9( while thetemporalonetakesa little longer.
Someof thelag in bothcasesis becauseof �

���9( . In 2(c)
we show the sameplots but with �

.

�

#��

�
	

�

. The metric
now confusesnormalandabnormalbehavior, asdiscussed
in section4.

In �gure 3, weshow resultsfor 9 pixel observationnoise
( �

.

�

#��

��	

�

) but with the observation noisenow incorpo-
ratedinto the dynamicmodel(partially observed dynamic
model as discussedin section4). We show plots for the
moredif�cult caseof `slow abnormality'wherethe track-
ing errorsaresmall even for the abnormalactivity. Hence
theK-L metric(expectedlog likelihood)is neededto distin-
guishbetweennormalandabnormalbehavior. Figure3(a)
shows the plot for a spatialabnormality(greenstars,`*')
introducedat �

��� whichgetsdetectedaround�

��
 while
asshown in 3(b), the temporalabnormality(red triangles)
takesa little longer to get detected.The K-L metric plots
for two instancesof normalactivity with thesameamount
of noiseaddedareshown in both (a) and(b) with bluecir-
cles(`o') andmagentacrosses(`x').

Figure 4 shows the Receiver OperatingCharacteristic
(ROC) plots [20] for spatialabnormality(hypothesis� , )
versusnormalactivity ( �

_ ). ROC plots the probability of
abnormalitydetection( ��� ) againsttheprobabilityof afalse
alarm( �

�

) [20]. Theplots weregeneratedby varying the
normalcy threshold( " ) andcountingthe numberof times
theabnormalitygetsdetectedin a normal(for �

�

) andan
abnormalsequence(for �

� ) , for a given threshold. The
threeplots in the �gure arefor allowing differentamounts
of delay � O for detectionof theabnormality. As canbeseen
from theplots,if onewereto allow only �GO

��� , themaxi-
mumdetectionprobabilityfor �

���

(

*

� will be (

*

	�� while
allowing a delayof � O

�

�

( , increasesthis probability to
1. Actually for changedetectionproblems,the ROC is a
plot of themeandetectiondelay(assumingthatthechange
will eventuallygetdetectedalways)againstthemeantime
betweenfalsealarms.

6 Conclusion

In this paper, we have looked at theproblemof represent-
ing activities in low resolutionvideodatawherethemoving
objectsare small enoughto be modeledas point masses.
Insteadof representingtheactivity by themotiontracksof
eachindividual object,we have proposeda compactglobal
framework to modeltheactivity usingKendall's shapethe-
ory. The activity is representedby the shapeof by the
con�guration of the interactingobjects,and its deforma-

6



(a) (b)

Figure1: (a): A `normalactivity' framewith shapecontoursuperimposed,(b): Contourdistortedby spatialabnormality. Note that
thenormalshapehereappearsto bealmosta straightline, but that is just coincidence;our framework candealwith any kind of polygon
formedby thepoint objects(landmarks).Also, theshapeof landmarksdoesnotdistinguishopenandclosedpolygons.
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Figure2: Plotsof thelog likelihoodmetric( �
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) for normalandabnormalactivities : (a) & (b) comparenormalactivity with spatial
andtemporalabnormality, respectively, for thecaseof smallobservationnoise( 	

3


���
���� ). (c) shows thefailureof thealgorithmfor large
observationnoise( 	

3


���

����� ). Notethattheabnormalitywasintroducedat

�

��� .

tion over time. For test observation sequenceswith non-
negligibleobservationnoise,wehaveproposedto useapar-
ticle �lter to estimatetheposteriordistributionof theshape
giventheobservations.`Drastic' abnormalitiesgetdetected
becausethey causethePFto losetrackwhile for detecting
`slow' abnormalitiesfor which the PF doesnot losetrack,
wehaveproposedto usetheexpectedlog likelihoodof nor-
malcy as the changedetectionstatistic. Sinceour shape
basedalgorithmmodelsobjectsaspoint masses,theobser-
vationscouldaswell beobtainedusingany kind of sensors
- visible, radar, infraredor acoustic.

As part of future work, we intendto extendour frame-
work to “dynamic shapeactivities” wherethe meanshape
doesnot remain�x ed. Also, we areworking on usingthe
predictionof currentstatebasedon pastobservationspro-
vided by the PF to improve the measurementmodel for
trackingthe observations. We intendto quantify the algo-
rithm's robustnessto modeluncertaintyand its sensitivity
to rateof shapedeformationover time. Finally, we hopeto
extendthealgorithmto useobservationsfrom multiple and

possiblymoving sensors.
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