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Abstract

Monitoring activities using video data is an important
surveillanceproblem.A specialscenariais to learnthe pat-
tern of normal activities and detectabnormaleventsfrom
a very low resolutionvideo whele the moving objectsare
smallenoughto be modeledaspoint objectsin a 2D plane
Insteadof tracking eadh point sepaately, we proposeto
modelan activity by the polygonal shape'of thecon gura-
tion of thesepointmassesit anytime , andits deformation
overtime Welearnthemeanshapeandthedynamicof the
shapechange usinghand-pidkedlocationdata(no observa-
tion noise)andde ne an abnormalitydetectiorstatisticfor
the simplecaseof a testsequenceavith negligible observa-
tion noise For the more practical casewhele observation
(point locations)noiseis large and cannotbe ignored, we
usea particle Iter to estimatethe probability distribution
of the shapegiventhe noisy observationaipto the current
time Abnormalitydetectionin this caseis formulatedasa
change detectionproblem.We proposea detectionstrategy
thatcandetectboth drastic' and slow' abnormalities Our
frameavork can be directly appliedfor objectlocation data
obtainedusinganytypeof sensos- visible radar, infra-red
or acoustic.

1 Intr oduction

Monitoring activities from video data is an important
suneillanceproblem.A specialscenarids to learnthe pat-
tern of normalactivities and detectabnormaleventsfrom
very low resolutionvideo where the moving objectsare
smallenoughto be modeledaspoint objectsin a 2D plane.
In [1], the authorsproposedbuilding a trackingand mon-
itoring systemusinga forestof sensordistributedaround
the site of interest. Their approachinvolved tracking ob-
jectsin the site, learningtypical motion patternsand co-
occurrencestatisticsof differentobjectsfrom extendedob-
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senation periodsandusingtheseto detectunusualevents.
In [2], the authorsused Bayesiannetworks to represent
multi-agentevents. The above approachesise the mo-
tion tracksof individual objectsand their interactionwith
otherobjectsin thescene.Insteadof trackingpoint objects
separatehandthenlearningtheir interactionswe propose
a differentapproachwhich models group actiity' using
Kendalls statisticalshapetheory[3]. A “group actiity'
is representetby the polygonal shape'formedby joining
thelocationsof the point objects(henceforthreferredto as
‘points’) or “landmarks'at any time andits deformation
over time. This providesa compactglobal framework to
jointly modelthe motionof all the moving objectsperform-
ing anactiity (groupactvity). We areableto identify “spa-
tial” abnormalitiese.g. deviationsfrom the normal path,
aswell as“temporal” abnormalitied1], e.g. suddenstop-
ping for prolongedperiodsof time whenthenormalactivity
shouldbe continuousmotion. The advantageof usingthe
shapeof the con guration of objectsis thatit is invariant
to translationandin-planerotationof thecamergassuming
orthographigrojections).

Shapeis de ned as all the geometricinformation that
remainswhenlocation, scaleandrotationaleffectsare I-
teredout[4]. Someof theearliestworksin shapaheoryare
Fourierdescriptorg5] andextendedGaussiaimagemodel
[6] both of which modelshapeof continuouscurves. Also,
thereexistsahugebodyof work in thevisioncommunityon
shapdracking,analysisandsimilarity [7, 8,9, 10]. Statisti-
cal shapeheory[3] for theshapeormedby discretepoints
or landmarksbeganin the late 1970sand hasevolvedinto
practicalstatisticalapproache$or analyzingobjectsusing
probability distributions of shape.Of late, it hasbeenap-
plied to someproblemsin imageanalysis,objectrecogni-
tion andimagemorphing(Chaptersl1 and12 of [4]). All
theseexamples,however, modelthe shapeof a single ob-
jectin staticimages.Ourwork presentanapproachor ex-
tendingthis methodfor modelingthedynamicsof theshape
formedby thelocationsof agroupof objectsperformingan
activity.



For a “static shapeactivity” (explainedin section3), the
meanshapeof the object con guration remainsconstant
with time andthisis thecasehatwe dealwith in this paper
Considerasanexampleof “static shapeactiity”, thevideo
sequencef passengergettingout of a planeand maoving
towardsthe terminal(see gure 1 (a)). All passengerare
supposedo follow the samepathfrom the planeto theter
minal. If onewereto look atthe shapgformedby connect-
ing thelocationsof all the passengerat ary time instantit
would look similar, exceptfor deformationsdueto varia-
tionsin the pathtakenby eachindividual. Suspiciousactiv-
ity in this examplewould beary persorwalkingin anunex-
pecteddirectionthuscausingthe shapeof thecon guration
of passenger® change( gure 1(b)) or a personstopping
in betweenwhich would also causeshapeto changewhen
the persorbehindthe stoppedhersongoesaheadf him.

Givenatrainingsequencérom a “static shapeactivity”,
we usethe obseredobjectcon gurationsfrom a sequence
of framesto learnthe mean“activity shape”. We de ne a
tangentcoordinatesystemat the meanshapeas described
in [4]. Thetangentyperplaneis alinearvectorspacethat
approximateghe nonlinearshapespacein the vicinity of
the meanshape. The shapedynamicsin tangentspaceis
modeledusinga Gauss-Markv modelasdiscussedn our
earlierwork [11]. For the caseof obsenationswith neg-
ligible obsenation noise,we evaluatetangentcoordinates
of the shapeof the testsequencanduselog likelihoodto
detectabnormality

In this paper we considerthe more practical(anddif -
cult) caseof large obsenation noisein the obsened point
locations. We now have a partially obsened and nonlin-
eardynamicalsystem[12] from which we needto estimate
theshapdactuallyits posteriordistribution) andalsodetect
abnormality This problem ts into the framework of par
ticle ltering. Particle Itering is a sequentiaMonte Carlo
methodthatwas rst introducedin [13] asanapproacho
non-linear non-GaussialBayesianstateestimation. Parti-
cle Iters (PF)have beenusedin computervision for shape
basedrackingof a single objectusingvariousrepresenta-
tionsof shap€g14, 15]. [16] usesparticle Itering to track
multiple moving objectsbut it usesseparatstatevectorsfor
eachobjectandde nes dataassociatioreventsto associate
the stateand obsenationvectors.But in our work, we rep-
resenthe combinedstateof all moving objectsusingshape
(tangent)coordinates We usea PF only to estimate( Iter
out)the shape'of thecon gurationof moving objectsfrom
noisyobsenationsof their locations.

Abnormality detectionin this caseis formulatedas a
changedetectionproblem. Most algorithmsfor changede-
tectionarefor linearsystems|[17] is areferencdor change
detectionin nonlinearsystemsusing PFs but it assumes
an abruptchangeand known parametersfter the change.
In mary situationsan abnormalityis a slow changeand

its parametersare unknovn. We proposein this papera
changedetectionstrategyy that candealwith both “drastic’
(or abrupt)and’slow' changewith changeparametersin-
known.

Therestof the paperis organizedasfollows. In section
2, we give abrief review of statisticalshapeheoryandpar
ticle ltering. Section3 describeshe shapeactivity' model
thatweintroducedn [11] andhow to detectabnormalityin
thefully obseredcase.ln sectiord, we describea particle
Itering approachto estimatethe posteriordistribution of
the shapefrom noisy obsenationsof the con gurationand
a changedetectionstrategy to detectabnormality Experi-
mentalresultsare presentedn section5 andconclusionsn
section6.

2 Preliminaries

2.1 Statistical ShapeTheory

We briey review the basic tools for statistical shape
analysisas describedby Dryden and Mardia in [4]. We
use Kendall's representatiorof a shapecon guration in
dimensionalspaceasthe matrix formed by the
locationsof  landmarkpoints on each specimen. For
dimensionakhapeamorecorvenientrepresentation
isa dimensionatomplex vectorwith realandimaginary
partsrepresentinghe and coordinate®f thepoint. The
mappingfrom con guration spacetangentcoordinategor
shapdnvolvesthefollowing steps:

Translation Normalization: In order to make the
shapeinvariantto translation,the complex vector of raw
locationdata( ) canbe centeredy subtractingout the
meanof thevector i.e.

whee

— 1)

isa identitymatrixand isa dimensional/ector
of ones.

ScaleNormalization: Preshapds thegeometridnforma-
tion thatremainsafterlocationandscalinginformationhas
been ltered out. It is obtainedby normalizing by its

Euclideamorm, ,l.e.

— )

Distancebetweenshapes: A concepbf distancebetween
shapess requiredto fully de ne the non-Euclidearshape
metric space. The shapespaceis non-Euclidean(it is a
sphericamanifold)becausef thescalingto normone.The
full Procrustedistance[4] of a centereccomplex con gu-

ration from s given by the Euclideandistancebe-
tweenthe full Procrustest of the preshapeof , ( ),



ontothepreshapef ,( ). Full Procrustest is chosen

to minimize

3)
Full Procrustedlistance, is this minimum dis-
tancei.e. Since the

preshapes and have alreadybeennormalizedfor
translationand scale,the translationvalue that minimizes
, , andthescale, is very

closeto one.Therotationangle, .

For apopulationof similarshapesafull Procrustesnean
shape( ) is obtainedby minimizing (over ) the sum of
squareof full Procrusteslistancefrom eachobsenation

in the populationto theunknovn meanshape, , i.e.

(4)

For 2D shapesthe full Procrusteamean can be found
asthe eigervectorcorrespondingdo the largesteigervalue
of the matrix [18]. Obtainingthe full
Procrustesmeanand aligning all preshapesn the dataset
to it (by nding their full or partial Procrustest to the
mean)is known asGenealizedProcrustesAnalysis Partial
Procrustest is obtainedby setting andsolvingonly
for the rotation anglein (3) to align the preshapeo 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 generalized Procrustesanalysis) of a
datasetof similar shapeswould lie close to each other
and to their Procrustesmeanon this hypersphere. The
tangenthyperplaneto the hypersphereat the meanis an
approximatelinear spaceto representhis datasetand in
this space standardinear multivariateanalysistechniques
canbeapplied.

The partial Procrustegangentcoordinateg4] of a pre-
shape( ), taking the Procrustesnean, , asthe pole for
the tangentprojection,are obtainedby projectingthe par
tial Procrustest (w.r.t. ) of a preshapeinto the tangent
spaceatthemean.They areevaluatedas[4]

(®)

where is the preshape Note thatthe tangentcoordinates
lieina dimensionatealhyperplangtwo dimensions
reduceddueto X andY translationnormalization,onedue
to scaleandonedueto rotationnormalization).

Theinverseof the above mapping(tangentspaceto pre-
shapespace)s

(6)

The con guration is given by scalingthe preshapeby its

scale( ),

2.2 Particle Itering (PF)

Let thestateprocess bean -valuedMarkov
processwith a Feller transitionkernel[12]
(where is a realizationof the randomprocess ).
Let the obsenation process be an -valued
stochasticprocessde ned as . The
initial statedistribution is denotedby and the ob-
senationlikelihoodat time giventhe stateby .
The particle lter [12] recursvely approximateshe opti-
mal posteriordistribution of the stateatary timet giventhe
pastobsenations,by Monte Carlo sampling. It works for
ary non-linear non-Gaussianlynamicalsystemfor which
, is known and canbe sampledfrom and
is known.
The lter [12] startswith sampling timesfrom theini-
tial statedistribution to approximatet by
- . Now assumingthat the distribution of

given obsenations upto time has been ap-
proximatedas - , the pre-

diction stepsamplesthe new state from the distribu-

tion . Thusthe empericaldistribution of this
new cloud of particles, - is

the probability distribution of given obsenationsupto
time For eachpatrticle, its weight is proportional
to the likelihood of the obsenation giventhat patrticle,i.e.

is an estimateof the probability distribution of the state
given obsenations uptil time We resample times
with replacemenfrom to obtainthe empericales-

timate - . Notethatboth and

approximate  but the resamplingstepincreaseshe
samplingef ciency by eliminating sampleswith very low
weights.

3 “Shape'Activity Model

We useDrydenandMardia's statisticalshapetheoryideas
(describedabove to representhe shapeof “an” object)to
model the shapeof the con guration of a group of mov-
ing objectsandits deformationsover time. The notion of
separatinghe motion of a deformingshapeinto motion of
an averageshapeandits deformationgdescribedcby Soatto



andYezziin [19] canbe extendedo “shapeactiities”. We
de ne a“static shapeactvity” asonein which theaverage
shapeformed by the moving pointsremainsconstantwith
time andthedeformationprocesss stationary A “dynamic
shapeactiity” ontheotherhandhasatime varyingaverage
shapeand/ora non-stationarnghapedeformationprocess.

Kendall's shapeanalysismethodgdiscussedbove) de-
scribethe shapeof a x ed numberof landmarksand so
whenthe numberof pointobjectsis not x edwith time,we
resampldahe curve obtainedby connectinghe objectloca-
tionsattime to representt by a x ed numberof points,

. Theorderin whichtheobjectlocationsarejoinedis kept
thesame(shapéds notinvariantto changean orderingof the
points).

The complex vectorformedby these points( and
coordinateforming the real and imaginary parts) is then
centeredusing equation(1) to give the obsenation vec-
tor sequence, . We assumadn this sectionthat hand-
pickedor accuratelyneasureabjectlocationdatais avail-
able(negligible obsenationnoise). The obsenationvector
is normalizedfor scale(to obtainthe preshapepnd gen-
eralizedProcrustesinalysis(equation(4)) is performedon
this sequencef pre-shapeso obtainthe Procrustesnean
shape, . Thepreshapesrealignedto andtangentcoor
dinatesat evaluatedusingequation(5). Thecomplex tan-
gentcoordinatevectoris rewritten asareal vectorof twice
thecomplex dimension.

3.1 ShapeDynamicsin TangentSpace

Let the vector of tangentcoordinatesbe representedy

. Theorigin of thetangenthyperplanés chosen
to be the tangentcoordinateof andhencethe datapro-
jectedin tangentspacehaszeromeanby construction.The
time correlationbetweenthe tangentcoordinatess learnt
by tting astationaryGaussMarkov model asdescribedn
ourearlierwork [11], i.e.

(7
where !isazeromeani.i.d. Gaussiarprocessandis in-
dependenof . Thedetailsof evaluatingthe covariance
matrixof , , the autorgressionmatrix and covari-
anceof noise  (assumingstationarityandergodicity) are

discussedh [11]
Basedon the stationaryGaussMarkov modeldescribed
aborewe have,

(8)

INote thatto simplify notation,we do not distinguishbetweena ran-
domprocessandits realizationin therestof the paper

Thusary length sequence, , will

have ajoint Gaussiardistribution.

3.2 Abnormality Detection: Fully Obsewed
Case

We have assumedn this sectionthatthe noisein the shape
of the obsenationsis negligible comparedto the system
noise, , andhencewe have a fully obsened dynamical
model. For sucha testobsenation sequenceywe caneval-
uatethetangentcoordinateg ) directly from the obsena-
tions( ) usingequationg?2) followedby (5).
Thefollowing hypothesiss usedto testfor abnormality
A giventestsequencés saidto be generatedy a normal
activity iff the probability of occurrenceof its tangentco-
ordinatesusingthe pdf de ned by (8) is large (greaterthan
a certainthreshold). Thusthe distanceto actiity statistic
foran” ' lengthobsenationsequencendingattime ,
, isthenegativelog lik elihood(withouttheconstant
terms)of thetangentcoordinate®f the obsenationi.e.

(9)

We testfor abnormalityatarny time by evaluating

for the past frames. In the resultssection,we refer
to this asthe “log likelihood metric' (eventhoughit is not
actuallya “metric").

4 Partially Observed "Shape' Activ-
ity Model

In theprevioussectionwe de nedanabnormalitydetection
statisticfor the caseof negligible obsenation noise (fully
obsenedsystem).But, whennoisein theobsenations(pro-
jectedin shapespace)is comparablgo the systemnoise,
theabose modelwill fail (See gure 2(c)). Thisis because
tangentcoordinateestimatedlirectly from this very noisy
obsenation datawould be highly erroneous.Obsenation
noisein the point locationswill be large in mostpractical
applicationsespeciallywith low resolutionvideo. In this
casewe have to solve thejoint problemof Itering outthe
actualcon guration( ) andthecorrespondinghape&rom
thenoisyobsenations( ) andalsodetectingab-
normality (asachangen shape)Since is now unknawn,
sois thecorresponding andwe thushave a partially ob-
senednon-lineardynamicakystem12] with thefollowing
system(statetransition)andobsenationmodel.

The systemmodel includesthe shapespacedynamics
(the Gauss-Markv modelontangentcoordinatespndalso



the dynamicsof the scaleandrotation?. Eventhoughwe

areinterestedonly in shapedynamics,modelingthe rota-

tion and scaledynamicsasa rst orderstationaryprocess
helpsto Iter outsudderchangedn scale/rotatiowausedy

obsenation noise,which would otherwiseget confusedas

sudderchangesn shapespace Also, this dynamicaimodel

on scale rotation(or translation)could modelrandommo-

tion of a cameradueto its beinginsidea UAV (unmanned
air vehicle)or ary otherunstableplatform.

The obsenation modelis a mappingfrom statespace
(tangentcoordinatesfor shape,scale and rotation) back
to con guration space,with noiseaddedin con guration
space.

4.1 SystemModel

The statevector, is composedof

where arethetangentcoordinatef the unknovn con-
guration is therotationnormalization
angle,and is the scale.Thetransitionmodelfor

shapd )isdiscussedh section3.1. Thescaleparameteat
time is assumedo follow a Rayleigh?® distribution about
its pastvalue. Therotationangleis modeledby a uniform
distribution with the previousangleasthe mean.We have

Unif (10)
with initial statedistribution
Rayleigh
Unif (11)

The model parameters arelearntusinga single

trainingsequencef anormalactivity andassumingstation-

arity for  asdescribedn 3.1. Theparameter is learntas
. Notethatin this paperwe have as-

sumeda stationarysystemmodelfor . Butin generalthe

frameawork describedhereis applicableeven if

aretime varying (non-stationaryrocess).

4.2 Obserwation Model

In our currentimplementationye assumehatindependent
Gaussiamoisewith variance is addedo theactuallo-

2|n our currentimplementationwe have not modeledtranslationdy-
namics(we useatranslatiomormalizedobsenration vector)assuminghat
obserationnoisedoesnot changethecentroidlocationtoo much.

SRayleighdistritution chosento maintainnon-ngatiity of the scale
parameter

cationof thepoints,i.e. *

whee
(12)

where

by scalingby
In general both and canbetime varyingandthe

obsenation noiseneednot bei.i.d. in all the point object

locations. Also, to take careof outliers,onecould allow a

smallprobability( ) of any point occurringanywhere

in theimagewith equalprobability (uniform distribution).

is thefunctiongivenby equation(6) followed

4.3 Particle Filter

We usethe statetransitionkernelgivenin (10) andthe ob-
senation likelihood given by (12) in the particle Itering
framavork describedin section2.2. The PF provides at
eachtime ,an sampleempericakstimateof the distribu-
tion of thestateattime givenobsenationsuptotime
(prediction)andthe distribution of the stategivenobsena-
tionsuptotime , (update).For abnormality

detectionponly the maminal of shape, is used.

4.4 Abnormality Detection

We testfor abnormalitybasedon thefollowing hypothesis.
A testsequencef obsenations, is saidto be gener
atedby anormalactivity iff

(a) It is “correctly tracked” by the particle Iter trainedon
the dynamicalmodellearntfor a normalactiity. We test
this by thresholdingthe distancebetweenthe obsenation
andits predictionbasedon pastobsenationsi.e. for nor-
malgy,

(13)

and

(b) The expectationunder of the neggative log-
likelihoodof normalg of thetangentcoordinategexpecta-
tionunder  of from equation(9)) is below acertain
normalg threshold, , i.e.

(14)

ThePFestimate  will approximate  correctlyonly if
theobsenationsare“correctlytracked” by thePFandhence
only in the “correctly tracked” case, can be estimated
usingthe PF distribution. Also, notethat is actuallythe
KullbackLeiblerdistancebetweerthepdf correspondingo
andthe normalactiity pdf of tangentcoordinates, ,

4 is the complex version of
operationdescribedn the paragraphust beforesection3.1)

(inverseof



plustheentroyy of . Hencethis statisticis referredto
astheK-L metric® in theresultssection.

Theexpressiorfor  is approximatedy  asfollows

- (15)

(where ).

Now, a “drastic' abnormalitywill causethe PF to lose
track and hencewill getdetectedusing(a). If the abnor
mality is a slow' one(sayapersorslowly moving avay in
a wrong direction),the PF will not losetrack. But a sys-
tematicallyincreasingpiasis introducedin the tangentco-
ordinategthey nolongerremainzeromean)andhencethe
expectednegative log likelihoodof normalg will be large
in this casecausing(b) to be violated. Sincethe PF does
notlosetrackin this casethe PF distribution estimates
correctlyandhence canbe estimatedusinga PFin this
case.

5 Experimental Results

A video sequencef passengergettingout of a planeand
walking towards the terminal ( gure 1) was usedas an
example of “static shapeactvity” to test our algorithm.
Sincethenumberof passengergary overtime, the polygon
formedby joining theirlocations(in the sameorderalways)
is resampledo obtaina x ed numberof landmarks. We
have testedthe performanceof the algorithmon simulated
“spatial' and ‘temporal' abnormalitied1], sincewe do not
have real sequencewith abnormalbehaior. “Spatial' ab-
normality(shovnin gure 1(b))is simulatedby makingone
persondeviate from his original path. This simulatesthe
caseof a persondecidingto not walk towardstheterminal.
“Temporal'abnormalityis simulatedby xing thelocation
of onepersonthussimulatinga stoppedperson(which can
be a suspiciousactvity too). Whenthe personbehindthe
stoppedpersongoesaheadof him, the loop formedcauses
theshapeto change Notethatsincewe areusingtheshape
of discretepoints,orderingmattersandit is for this reason
thata stoppedpbersongetsdetectechsanabnormakhape.
We rst shaw resultsfor the caseof low (negligible) ob-
senation noise,usingthe log likelihood metric de ned in
section3.2. Given a test sequenceat every time instant
we apply the log likelihood metric to the past frames
with ie. .
Reducing will detectabnormalityfasterbut will reduce
reliability. In gure 2(a),thecyandashedine plotis for the
caseof zero obsenation noise (hand-picled points). The
bluecircles('0') plot shavsthemetricfor anormalactiity
with ( pixel) Gaussiamoiseaddedto the

5eventhoughit is notactuallya metric'

hand-picled points,while the greenstars('*') plotis for a
spatialabnormality(alsowith the sameamountof obsena-
tion noise)introducedat for 40 frames. 2(b) shawvs
the sameplotsfor atemporalabnormality(plottedwith red
triangles). The spatialabnormalitygetsdetectedvisually)

around while thetemporalonetakesa little longet
Someof thelagin bothcasess becaus®f .In2(c)
we shawv the sameplots but with . The metric

now confusemormalandabnormalbehaior, asdiscussed
in section4.

In gure 3, weshaow resultsfor 9 pixel obsenationnoise
( ) but with the obsenation noisenow incorpo-
ratedinto the dynamicmodel (partially obsened dynamic
model as discussedn section4). We shaw plots for the
moredif cult caseof “slow abnormality' wherethe track-
ing errorsare small evenfor the abnormalactiity. Hence
theK-L metric(expectedog likelihood)is neededo distin-
guishbetweemormalandabnormalbehaior. Figure3(a)
shaws the plot for a spatialabnormality(greenstars,™')
introducedat which getsdetectedaround while
asshavn in 3(b), the temporalabnormality(red triangles)
takesa little longerto get detected.The K-L metric plots
for two instancef normalactiity with the sameamount
of noiseaddedareshown in both (a) and(b) with blue cir-
cles('0') andmagentarosseg x').

Figure 4 shavs the Recever OperatingCharacteristic
(ROC) plots [20] for spatialabnormality(hypothesis )
versusnormalactvity (). ROC plotsthe probability of
abnormalitydetection ) againstheprobabilityof afalse
alarm( ) [20]. Theplotsweregeneratedy varyingthe
normalg threshold( ) and countingthe numberof times
the abnormalitygetsdetectedn anormal(for ) andan
abnormalsequencdfor ), for a giventhreshold. The
threeplotsin the gure arefor allowing differentamounts
ofdelay for detectiorof theabnormality As canbeseen
from theplots,if onewereto allow only , themaxi-
mumdetectionprobability for will be while
allowing a delay of , increaseghis probability to
1. Actually for changedetectionproblems,the ROC is a
plot of the meandetectiondelay (assuminghatthe change
will eventuallygetdetectedalways)againsthe meantime
betweerfalsealarms.

6 Conclusion

In this paper we have looked at the problemof represent-
ing actiitiesin low resolutionvideodatawherethemoving
objectsare small enoughto be modeledas point masses.
Insteadof representinghe activity by the motiontracksof
eachindividual object,we have proposech compaciglobal
framawork to modelthe activity usingKendall's shapethe-
ory. The actwity is representedy the shapeof by the
con guration of the interactingobjects,and its deforma-
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(a): A “normalactvity' framewith shapecontoursuperimposed(b): Contourdistortedby spatialabnormality Note that

the normalshapehereappeargo be almosta straightline, but thatis just coincidencepur framewvork candealwith ary kind of polygon
formedby the point objects(landmarks) Also, the shapeof landmarksdoesnot distinguishopenandclosedpolygons.
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Figure2: Plotsof thelog likelihoodmetric(

obsenration noise(

tion over time. For testobsenation sequencesvith non-
negligible obsenationnoise we have proposedo useapar
ticle Iter to estimatethe posteriordistribution of theshape
giventheobsenations. Drastic' abnormalitiegetdetected
becausehey causethe PFto losetrackwhile for detecting
“slov' abnormalitiesor which the PF doesnot losetrack,
we have proposedo usethe expectedog lik elihoodof nor-
malcy asthe changedetectionstatistic. Since our shape
basedalgorithmmodelsobjectsaspoint massesthe obser
vationscouldaswell be obtainedusingary kind of sensors
- visible, radar infraredor acoustic.

As part of future work, we intendto extendour frame-
work to “dynamic shapeactiities” wherethe meanshape
doesnot remain x ed. Also, we areworking on usingthe
predictionof currentstatebasedon pastobsenationspro-
vided by the PF to improve the measuremeninodel for
trackingthe obsenations. We intendto quantify the algo-
rithm's robustnesgo modeluncertaintyandits sensitvity
to rateof shapedeformationovertime. Finally, we hopeto
extendthe algorithmto useobsenationsfrom multiple and

(b)

) for normalandabnormalactiities : (a) & (b) comparenormalactivity with spatial
andtemporalabnormality respectiely, for the caseof smallobserationnoise(
). Notethattheabnormalitywasintroducedat

25 20 35 40 5 10 15 20 25 30 35
Time, t

). (c) shaws thefailure of thealgorithmfor large

possiblymoving sensors.
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ROC Plot for the K-L metric
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Figure4: ROC plot usingthe K-L metric



