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ABSTRACT

In orderto summarizea videoconsistingof a sequenceof different
activities,therearethreefundamentalproblems:trackingtheobjects
of interest,detectingthe activity changetimesandrecognizingthe
new activity. Thispaperpresentsanalgorithmfor achieving all these
threetaskssimultaneouslyandpresentsresultson how it canused
for indexing andsummarizinga real-life video sequence.Human
activitiesarerepresentedby amodelfor thedynamicsof theshapeof
thehumanbodycontour. Measuresaredesignedfor detectingboth
gradualtransitionsandsuddenchangesbetweenactivity models.

1. INTRODUCTION

In orderto index andsummarizehumanactivity sequences,it is nec-
essaryto i) tracktheactivities,ii) detectthechangefrom oneactivity
to the next andii) recognizethe next activity. We develop a novel
framework for persistentand simultaneoustracking and recogni-
tion of humanactivitiesconsistingof thefollowing stepswhich take
placein aloop: (i) modelingtheappearanceandmotionof singleac-
tivity sequencesandtrackingthem,(ii) detectinga changefrom one
activity to thenext, and(iii) classifyingwhich is thenext activity to
changeto andstarttrackingit. This paperpresentsanalgorithmfor
achieving all thesethreetasksandpresentsresultsonhow it canused
for indexing andsummarizinga long sequenceconsistingof differ-
ent humanactivities. Humanactivities arerepresentedby a model
for thedynamicsof theshape[1] of thehumanbodycontour(shape
of k landmarksuniformly chosenon theoutercontour).This is mo-
tivatedby the fact that theshapeof thebodychangesin thecourse
of variousactivities. Moreover, theshaperepresentation[1] makes
the methodinsensitive to camerazoom(scalechanges),translation
andin-planerotation.

Trackingis performedusinga particle�lter that usesa motion
model taken from [2] anda piecewise stationaryshapedynamical
model [3]. A nonlinearobservation equationrelatesthe predicted
landmarkcon�gurationwith theinput image.Thepiecewisestation-
ary modelusedhereis similar in spirit to switchedlinear dynamic
systems[4], but in our casethestatespacemodelis nonlinear. Note
that in our framework, the tracked observationsareusedto recog-
nizeanactivity, thecorrespondingdynamicalmodelof whichdrives
thetrackingfor thenext frame.Thetrackingalgorithmis thussimi-
lar in spirit to thewell-known CONDENSATION algorithm[5], but
differs from it in (i) the useof local shapedeformationmodels(as
comparedto only af�ne deformationmodelingin [5]); (ii) perform-
ing simultaneousrecognitionand tracking using changedetection
statisticslike ELL [6] andtrackingerror [7]. Thesemeasurescan
handleboth slow and suddenchangesof activities and serve as a
feedbacksignal,which initiatesa searchfor switchingto a new ac-
tivity model,andthewholeprocessrepeats.A diagramexplaining
our overall approachis shown in Figure1. We presentexperimen-
tal resultson automaticallytrackingand indexing a real life video

sequenceof differentactivities.
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Fig. 1. Overall approachfor simultaneoustrackingandrecognition.
The recognitionmodulefor usingTrackingError is shown on the
right. An analogousmoduleoperatesfor usingELL aswell.

1.1. Relation to PreviousWork

Therehasbeenmuch recentwork on humanactivity recognition
[8, 9, 10,11]. Key-framesegmentationmethods[12] only detectthe
switching instancesandoften requirethe entirevideo to be avail-
ablea-priori. Videosurveillancemethodsalsoaddresstheproblems
of trackingandrecognition,but usuallythetracksareobtained�rst,
followedby recognition[13, 2]. Weproposeanalgorithmfor simul-
taneoustrackingand recognitionin humanactivity sequencesand
show its applicationto summarizationandindexing.

Simultaneoustrackingof themoving personsandrecognitionof
activitieshasbeenperformedin many applicationsusingaDynamic
BayesianNetwork (DBN) model tracked by a Rao-Blackwellized
particle �lter [14, 15, 4, 16]. The eventsare recognizedby track-
ing discretestatespacevariables(whosedynamicsis de�ned by the
DBN) usinga particle�lter (PF)andmoving objectmotionis mod-
eledby a lineardynamicalsystemtrackedby a Kalman�lter inside
thePF. [4] performs�gure trackingby de�ning aDBN to switchbe-
tweenvariouslinear dynamicalsystems(alsocalledSwitchedLin-
earDynamicalSystemor SLDS).Discretestatespacevariableshave
alsobeenusedin many otherjoint recognitionandtrackingcontexts
in videoanalysis[15, 17,18].

Usinga discretemodeasa statevariablerequiresknowledgeof
its dynamics. In caseswhenthis is not known, onecanchooseto
detecta changeby usingtrackingerror(TE) [7] or therecentlypro-
posedELL statistic[6] andthenrecognizethenew activity bymatch-
ing it with theactivities in thedatabase.TE basedmodelswitching
andre-initialization[7] is a commontechniquein systemsandcon-
trol literature. But in computervision it hasbeenusedwith only
limited successbecauseof the dif�culty of re-initialization. In the
currentapplication,we are able to do this successfully. Also, for
gradualchanges,we areableto prevent largelossof trackfrom oc-



curringby usingELL which is ableto detecta changebeforecom-
pletelossof track.

We start by describingthe statespacemodel (Section2), fol-
lowed by tracking using �lters, changedetectionand recognition
strategy (Section3). We thenshow detailedexperimentsandana-
lyze theresults(Section4).

2. STATE SPACE MODEL FOR ACTIVITY SEQUENCES

Ourstatespaceis theshapeandglobalmotion(scale,rotation,trans-
lation) of k landmarkpointsusedto representthe outercontourof
theobjectof interest.In pastwork [2, 3], we have extendedthesta-
tistical theoryfor landmarkshapes[1] to de�ne stochasticdynamic
modelsfor shapedeformation.Wemodelthemotion/deformationof
achangingcon�gurationof landmarkpointsasscaledEuclideanmo-
tion (translation,rotation,isotropicscaling)of a “meanshape”plus
its non-rigid deformation.The term “shapeactivity” is usedto de-
notea particularstochasticmodelfor shapedeformation.We de�ne
a“stationaryshapeactivity” (SSA)asonefor which themeanshape
remainsconstantwith time andthedeformationmodelis stationary
[2]. A piecewisestationaryshapeactivity (PSSA)model[3] models
ashapeactivity with slowly varying“meanshape”(approximatedas
piecewise constant).It is representedby a sequenceof SSAswith
nonstationarytransitionswhich we detectusingELL [6] or tracking
error[7].

The statevectorX t = [vt ; st ; � t ; at ; bt ] wherevt = v(zt ; � )
denotesthe tangentcoordinates[1] of the shape,zt , computedin
the tangentspaceof � andst ; � t ; at ; bt denotethe isotropicscale,
rotation,x andy translation,respectively. Complex notationtaken
from [1] is usedsimplify writing of equations.� denotesconjugate
transposeof a complex vectorandj =

p
� 1. Thepredictedcon�g-

urationof landmarkpointsat timet is h(X t ) = zt st ej � t + at + j bt

wheretheshape,zt = (1 � v�
t vt )1=2 � + vt .

Weusethesameglobalmotionmodelasin [2]. Wedescribethe
shapedynamicalmodelbelow.

2.1. PiecewiseStationary ShapeActivity (PSSA)Model

We refer the readerto [3] for moredetailsaboutthe PSSAmodel.
Let the“meanshape”changetimesbet � 1 ; t � 2 ; t � 3 ; ::: andthecor-
respondingmeansbe � 1 ; � 2 ; � 3 ; :::. Betweent � j � 1 � t < t � j ,
� t = � j � 1 andthusvt = vt (zt ; � j � 1). During this interval, the
dynamicsis similar to thatfor anSSA,i.e.,

vt (zt ; � j � 1) = A v vt � 1(zt � 1 ; � j � 1) + n t ; n t � N (0; � v ;t )

zt = (1 � v�
t vt )

1=2 � j � 1 + vt : (1)

At the changetime instant,t = t � j , � t = � j andso the tangent
coordinatevt � 1 needsto be recalculatedin the new tangentspace
with respectto � t = � j . This is achievedasfollows [3]:

vt � 1(zt � 1 ; � j ) = [I � � j � �
j ]zt � 1ej 6 z �

t � 1 � j ) (2)

Oncethis is done,theequationsof (1) applywith meanshape� j .

2.2. Observation Model

We performedgedetectionon the imageI t andusethe edgemap,
Gt = �( I t ), to obtain the observed landmarks,� t � Gt . Our
methodis inspiredby [5]. Giventhepredictedlocationof landmarks,
Ŷt = h(X t ) = zt st ej � t + at + j bt , we searchalongthe normal
directionto eachpredictedlandmarkuntil we �nd anedgepointand

wetreatthisastheobservedlandmarklocation.Thustheobservation
likelihoodis

p(� t jX t ) / expf�
KX

k =1

1
2r k K

jjqk � f (qk ; Gt )jj
2g; (3)

whereK is the shapevector dimension,r k is the varianceof the
k th landmark,qk is thek th predictedlandmark,i.e., qk = Ŷt;k and
f (qk ; Gt ) = � t is the nearestedgepoint of qk along its normal
direction.

3. TRACKING, CHANGE DETECTION, RECOGNITION

3.1. Tracking usingParticle Filters

In thispaper, weuseaparticle�lter for “tracking”, i.e.,for obtaining
observationson the�y by tracingalongthenormalsof thepredicted
con�guration,Ŷt , to searchfor theclosestedge(asdescribedin Sec-
tion 2.2).Theparticle�lter (PF)is asequentialMonteCarlomethod
(sequentialimportancesamplingplusresampling)whichprovidesat
eacht, an N sampleMonte Carlo approximationto the prediction
distribution, � t j t � 1(dx) = Pr (X t 2 dxjY1: t � 1), which is used
to searchfor new observed landmarks.Thesearethenusedto up-
date� t j t � 1 to get the �ltering (posterior)distribution, � t j t (dx) =
Pr (X t 2 dxjY1: t ). We usea particle�lter becausetheobservation
modelis nonlinearandtheposteriorcantemporarilybecomemulti-
modalwhentherearefalseedgesdueto backgroundclutter.

3.2. ChangePoint Detection

As explainedearlier, eachactivity is representedby an SSA or a
PSSA(sequenceof SSAs)model, for examplethe bendingacross
activity shown in Figure2 is composedof 3 SSA pieces. The se-
quenceof activitiesformsalongPSSA.WeuseELL [6] andtracking
error[7] describedbelow to detectthechangetimefrom oneSSAto
thenext. If thechangeis gradualas,for examplewithin anactivity
(e.g. seebendingacrossactivity andtheELL plot in Figure2), the
lossof trackis smallandslow. For suchexamples,ELL detectsthe
changefasterthantrackingerror. For our statespacemodel,ELL is
computedas

E LL N
t =

1
N

NX

i =1

v( i ) T

t � � 1
v v( i )

t + constant (4)

whereN is thenumberof particlesand� v is thecovariancematrix
of thetangentcoordinatesfor thecurrentstationarypiece.

If theactivity changeis sudden,it will causethePF, andtunedto
thedynamicalmodelof a particularactivity, to losetrackwhenthe
activity changes.This is becauseunderthe existing activity model
with which the PF operates,the new observationswould appearto
have very largeobservationnoise.Thusthe trackingerror (TE) [7]
(Euclidiannormof theerrorbetweenthemeanpredictedlandmark
con�guration andtheobservedone)will increasewhentheactivity
changesandthiscanbeusedto detectthechangetimes.

3.3. Model Switching to a NewActivity

Oncethe changehasbeendetected,the next problemis to deter-
minethecorrectactivity from theclassof previously learnedactiv-
ity models.This is known astheproblemof modelswitching. This
is doneby projectingtheobservedlandmarkcon�guration,� t , onto
the meanshapefor eachof the learnedactivities andchoosingthe



onewith thelargestprojectionor thesmallestprojectionerror(mea-
suredusingProcrustesdistance[1]). In practice,this is donefor a
few framesbeforea�nal decisionis made,sinceindividualframesof
differentactivities maybesimilar. If thedistanceis above a certain
thresholdfor all activities in thedatabase,wedecidethatthecurrent
activity is notwithin thelearneddatabaseandthis is indicated.

3.4. SimultaneousTracking, ChangeDetectionand Recognition
(Simul-TraCR) Algorithm

We now outline the main stepsof the simultaneoustracking and
recognitionalgorithm, incorporatingchangedetectionand model
switching. For simplicity, let us assumethat thereare two activi-
tiesin thesequence,A 1 andA2 . For the�rst framein A 1 , theregion
of interest(a personor a groupof people)is detectedbasedon the
applicationrequirements(notpartof thispaper)andthecorrespond-
ing modelfor theactivity is determinedasin Section3.3. After this
initialization, thealgorithmnow proceedsasfollows.

Track Basedon the detectedregion andthe chosendynamical
model,the particle�lter is usedto track the activity. Measuresfor
determiningthe accuracy of the trackingalgorithm(TE andELL)
arecomputedfor eachframe.

Change Detection When the �delity measuresexceeda cer-
tain threshold(detailsin Section4) for a few consecutive frames,
achangeis detected.

Model Switching Oncethe changeis detected,the new shape
vectoris obtainedfrom the edgemapof imageframeanda search
is initiated for the correctactivity model. Oncethe correctactivity
modelis identi�ed, weusethisandgobackto Track.

Note that changedetectionandswitchingmay be betweendif-
ferentportionsof thesameactivity, speci�cally, for thoseactivities
in whichanon-stationarydynamicalmodelis needed.

4. EXPERIMENT AL RESULTS

We now show examplesof our Simul-TraCRalgorithmfor index-
ing andsummarizing(tracking)a sequenceconsistingof 10 differ-
entactivities capturedin video. The trainingandtestingsequences
werecapturedseparatelyondifferentdays.Thebinarizedsilhouette
denotingthe contourof the personin every frame of the training
sequenceis obtainedusingbackgroundsubtraction.Thelandmarks
were obtainedby uniformly samplingthe silhouettecontour. The
globalmotionandshapeis computedfor thelandmarkcon�guration
at eachframe[1]. This is usedto learn the parametersof the dy-
namicalmodelfor eachSSAactivity asdiscussedin [2]. In thetest-
ing sequence,thesilhouetteis pre-computedonly in the �rst frame
if the backgroundinformation is available; otherwisewe usemo-
tion segmentationover a few initial framesto obtainthesilhouette.
Thereafterit is obtainedasthe outputof the trackingalgorithm,as
explainedabove. Thedatabasewe collectedconsistsof 10activities
(whosecompositionmake up a numberof normaleverydayactiv-
ities), bendingacross,walking towardscameraandbendingdown,
leaningforward and backward, leaningsideward, looking around,
turninghead,turningupperbody, squatting,bendingwith handsout-
stretched,andwalking. Wewill referto then th activity asActn.

In Figure2, we show four framesfrom the 3 stationarypieces
(SSAs)thatconstituteAct1 (BendingAcross)andtheELL andtrack-
ing error plots. The �rst row shows one frame from eachpiece-
StandingStraight(SS),Half Bent (HB) andFully Bent (FB). The
transitionsSS-HBandHB-FB weregradualandhencearedetected
by ELL fasterthanby TrackingError. Thepink horizontallines in
the ELL plot are the averagevalue of ELL for that activity piece
(equal to the effective rank of � v ) and changeis declaredwhen

ELL signi�cantly exceedsthisvalue.ELL is alwayscomputedw.r.t.
the SSA that is beingusedto track the currentframe. ELL detects
changebeforesigni�cant lossof track andhencewe switch to the
next SSApiecewithout thetrackingerrorever increasingapprecia-
bly (variesaboutanaveragevalueof about60). The �rst imagein
thebottomrow is frame54. As canbeseenthelandmarksontheleft
armareverycloseto eachotherandoverlapping(changein topology
of underlyingcontinuouscontour). Thusthereis a changein their
order. Landmarkshapeis sensitive to theorderingof landmarksand
this is detectedasasuddenincreasein ELL.

In Figure3,weshow someframesfrom asetof individualactiv-
ities stitchedtogether(i.e., suddenchangesbetweenactivities) and
theTrackingError plot. This modelsa situationwheredisparateac-
tivity videos(i.e., not a continuoussequence)arestitchedtogether,
like in a digital library. Thesearedetectedeasilyusingtheincrease
in Tracking Error. The plot is for the following sequence:Act3,
Act4, Act8, Act9 andAct7. Oneframefor eachactivity alongwith
thetrackingerroris alsoshown. Thenumberof framesthatareused
to recognizean activity is calledthe “delay” dueto modelswitch-
ing. The following observationsweremadein theexperimentation
process.For Act7, Act8 andAct9, the delayneededto get correct
recognitionwill beverysmall,while Act3 andAct4 needlongerde-
lays to �nd the correctmodel to switch to. This is becauseinitial
posesof thebodyin Act3 andAct4 arevery similar to otheractivi-
ties.

5. CONCLUSIONS

In this paper, we proposeda novel systemfor indexing andsumma-
rizing a videoconsistingof a sequenceof humanactivities. This is
achievedthroughanalgorithmfor simultaneousandpersistenttrack-
ing andrecognition.Weuseanon-linear, piecewisestationarymodel
de�ned on theshapeof humanbodycontourto representactivities.
Theactivity changetimesaredetectedusingELL andTrackingEr-
ror statistics.Theactivitiesarerecognizedby comparingthetracked
observationsagainstaprior database.Wedemonstratetheeffective-
nessof oursystemby showing experimentalresultsonreallife video
of differentactivities.
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