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ABSTRACT

In orderto summarizea video consistingof a sequencef different
actiities, therearethreefundamentaproblemstrackingtheobjects
of interest,detectingthe actwvity changetimesandrecognizingthe

sequencef differentactivities.
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for indexing and summarizinga real-life video sequence.Human
actiitiesarerepresentetly amodelfor thedynamicsof theshapeof
the humanbody contour Measuresaredesignedor detectingboth
gradualtransitionsandsudderchangedetweeractivity models.

1. INTRODUCTION

In orderto index andsummarizénumanactiity sequencest is nec-
essarnytoi) tracktheactvities, ii) detecthechangdrom oneactity
to the next andii) recognizethe next activity. We develop a novel
framework for persistentand simultaneoudracking and recogni-
tion of humanactuities consistingof thefollowing stepswhich take
placein aloop: (i) modelingtheappearancandmotionof singleac-
tivity sequenceandtrackingthem,(ii) detectinga changefrom one
activity to thenext, and(iii) classifyingwhichis the next actvity to
changeo andstarttrackingit. This paperpresentsanalgorithmfor
achieving all thesethreetasksandpresentsesultsonhow it canused
for indexing andsummarizinga long sequenceonsistingof differ-
enthumanactivities. Humanactiities arerepresentedby a model
for thedynamicsof theshapd1] of the humanbodycontour(shape
of k landmarkauniformly choseron the outercontour).This is mo-
tivatedby the factthatthe shapeof the body changesn the course
of variousactvities. Moreover, the shaperepresentatioifil] makes
the methodinsensitve to camerazoom(scalechanges)translation
andin-planerotation.

Trackingis performedusinga particle lter thatusesa motion
modeltaken from [2] and a piecavise stationaryshapedynamical
model[3]. A nonlinearobsenation equationrelatesthe predicted
landmarkcon gurationwith theinputimage.Thepiecevise station-
ary modelusedhereis similar in spirit to switchedlinear dynamic
systemg4], but in our casethe statespacemodelis nonlinear Note
thatin our framework, the tracked obsenationsare usedto recog-
nizeanactvity, thecorrespondinglynamicalmodelof which drives
thetrackingfor the next frame. The trackingalgorithmis thussimi-
lar in spirit to thewell-knovn CONDENSATION algorithm[5], but
differsfrom it in (i) the useof local shapedeformationmodels(as
comparedo only af ne deformationmodelingin [5]); (ii) perform-
ing simultaneousecognitionand tracking using changedetection
statisticslike ELL [6] andtrackingerror[7]. Thesemeasuresan
handleboth slonv and suddenchangesof actiities and sene asa
feedbacksignal,which initiatesa searchfor switchingto a new ac-
tivity model,andthe whole procesgepeats.A diagramexplaining
our overall approachis shavn in Figure1l. We presentexperimen-
tal resultson automaticallytracking andindexing a real life video
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Fig. 1. Overall approachor simultaneousrackingandrecognition.
The recognitionmodulefor using Tracking Error is shavn on the
right. An analogousnoduleoperatedor usingELL aswell.

1.1. Relation to Previous Work

There has beenmuch recentwork on humanactiity recognition
[8,9,10,11]. Key-framesegmentatiormethodq12] only detectthe
switchinginstancesand often requirethe entire video to be avail-
ablea-priori. Videosunweillancemethodsalsoaddresshe problems
of trackingandrecognition but usuallythetracksareobtainedrst,
followedby recognition13, 2]. We proposeanalgorithmfor simul-
taneoudracking and recognitionin humanactvity sequencesnd
shaw its applicationto summarizatiorandindexing.

Simultaneousgrackingof themoving personsindrecognitionof
activities hasbeenperformedn mary applicationausinga Dynamic
BayesianNetwork (DBN) modeltracked by a Rao-Blackwellized
particle lter [14, 15, 4, 16]. The eventsarerecognizedby track-
ing discretestatespacevariableswhosedynamicss de ned by the
DBN) usinga particle lter (PF)andmaving objectmotionis mod-
eledby alineardynamicalsystemtracked by a Kalman lter inside
thePF. [4] performs gure trackingby de ning aDBN to switchbe-
tweenvariouslinear dynamicalsystemgalso called SwitchedLin-
earDynamicalSystemor SLDS).Discretestatespacevariableshave
alsobeenusedin mary otherjoint recognitionandtrackingcontexts
in videoanalysig15, 17,18].

Usingadiscretemodeasa statevariablerequiresknowledgeof
its dynamics. In caseswhenthis is not known, one canchooseto
detecta changeby usingtrackingerror (TE) [7] or therecentlypro-
posecELL statistic[6] andthenrecognizehenew activity by match-
ing it with the actiities in the databaseTE basednodelswitching
andre-initialization[7] is acommontechniquen systemsandcon-
trol literature. But in computervision it hasbeenusedwith only
limited succes$ecausef the dif culty of re-initialization. In the
currentapplication,we are able to do this successfully Also, for
gradualchangeswe areableto preventlargelossof track from oc-



curringby usingELL which is ableto detecta changebeforecom-
pletelossof track.

We startby describingthe statespacemodel (Section2), fol-
lowed by tracking using Iters, changedetectionand recognition
stratgyy (Section3). We thenshov detailedexperimentsand ana-
lyzetheresults(Sectiord).

2. STATE SPACE MODEL FOR ACTIVITY SEQUENCES

Our statespacas theshapeandglobalmotion(scale rotation,trans-
lation) of k landmarkpoints usedto representhe outercontourof

theobjectof interest.In pastwork [2, 3], we have extendedthe sta-
tistical theoryfor landmarkshapeg1] to de ne stochastiaynamic
modelsfor shapaleformation We modelthemotion/deformatiorof

achangingcon gurationof landmarkpointsasscaledeuclidearmo-

tion (translationrotation,isotropicscaling)of a “meanshape”plus
its non-rigid deformation. The term “shapeactuvity” is usedto de-
notea particularstochastianodelfor shapedeformation.We de ne

a“stationaryshapeactvity” (SSA)asonefor whichthemeanshape
remainsconstanwith time andthe deformationmodelis stationary
[2]. A piecavisestationaryshapeactivity (PSSA)model[3] models
ashapeactiity with slowly varying“meanshape’(approximateds
piecavise constant). It is representedby a sequencef SSAswith

nonstationaryransitionswhich we detectusingELL [6] or tracking
error[7].

The statevectorX¢ = [v;St; t;ar; ] wherevy = v(z:; )
denotesthe tangentcoordinateq1] of the shape,z;, computedin
thetangentspaceof ands:; t;a:;h denotetheisotropicscale,
rotation,x andy translation respectrely. Complex notationtaken
from [1] is usedsimplify writing of eqHaEns. denoteonjucte
transposef acomple vectorandj = 1. Thepredictedcon g-
urationof landmarkpointsattimetish(X) = zisi€ '+ a + j b
wheretheshapez: = (1 v, w)¥™ + w.

We usethe sameglobalmotionmodelasin [2]. We describehe
shapedynamicalmodelbelow.

2.1. PiecewiseStationary ShapeActivity (PSSA)Model

We refer the readerto [3] for more detailsaboutthe PSSAmodel.
Let the “meanshape”changetimesbet ,;t ,;t ;;::: andthecor
respondingneansbe 1; 2; 3;:. Betweent ; | t<t,,
t = j 1andthusvy = v¢(z; j 1). During thisinterval, the
dynamicsis similarto thatfor anSSA,i.e.,

vi(ze, 1) At 1(ze 15 j 1)+ nene N(O; vi)
zZ = (1 wvv)'T? o+ v (1)
At the changetime instant,t = t ,, + = ; andsothetangent

coordinatev; 1 needsto berecalculatedn the new tangentspace
with respecto ¢ = ;. Thisis achievedasfollows [3]:

Vi 1(ze 15 4) = I i j]Zl lé Sz, 1 ) @)

Oncethisis done,the equationf (1) applywith meanshape ;.

2.2. Obsevation Model

We performedgedetectionon the imagel ; andusethe edgemap,
G: = ( It), to obtainthe obsered landmarks, G;. Our
methods inspiredby [5]. Giventhepredictedocationof landmarks,
Yi = h(X:) = zist€  + a + j b, we searchalongthe normal
directionto eachpredictedandmarkuntil we nd anedgepointand

wetreatthisastheobsenedlandmarKocation. Thustheobsenation
likelihoodis

. 1 . -
p( X))/ expf S =rjiac f(a;Goi’e ()
k

k=1

whereK is the shapevectordimension,r is the varianceof the
k" landmark,g is thek™ predictedandmarki.e.,q = Y and
f(k;Gt) =  is the nearestedgepoint of gx alongits normal
direction.

3. TRACKING, CHANGE DETECTION, RECOGNITION

3.1. Tracking using Particle Filters

In thispaperwe useapatrticle lter for “tracking”, i.e.,for obtaining
obsenationsonthe y by tracingalongthe normalsof the predicted
con guration, Yy, to searcHor theclosestedge(asdescribedn Sec-
tion 2.2). Theparticle Iter (PF)is asequentiaMonteCarlomethod
(sequentiaimportancesamplingplusresamplingwhich providesat
eacht, anN sampleMonte Carlo approximationto the prediction
distribution, ¢ 1(dx) = Pr(X: 2 dxjYwt 1), whichis used
to searchfor new obsenred landmarks. Thesearethenusedto up-
date j; . to getthe ltering (posterior)distribution, j;(dx) =

Pr(X: 2 dxjY1.t). We usea particle Iter because¢he obseration
modelis nonlinearandthe posteriorcantemporarilypbecomemulti-
modalwhentherearefalseedgesdueto backgroundtlutter

3.2. ChangePoint Detection

As explainedearlier eachactvity is representedy an SSA or a
PSSA(sequencef SSAs)model, for examplethe bendingacross
activity shavn in Figure 2 is composef 3 SSA pieces. The se-
guenceof activitiesformsalongPSSA WeuseELL [6] andtracking
error[7] describedelow to detecthechangdime from oneSSAto

thenext. If thechanges gradualas,for examplewithin an actiity

(e.g. seebendingacrossactvity andthe ELL plotin Figure2), the
lossof trackis smallandslow. For suchexamplesELL detectshe
changegasterthantrackingerror. For our statespacemodel ,ELL is

computedas

X YOu

ELLY = v v + constant (4)

i=1

whereN is thenumberof particlesand  is the covariancematrix
of thetangentcoordinategor the currentstationarypiece.

If theactvity changds suddenit will causehePF, andtunedto
the dynamicalmodelof a particularactiity, to losetrackwhenthe
activity changes.This is becausainderthe existing activity model
with which the PF operatesthe new obserationswould appearto
have very large obsenation noise. Thusthe trackingerror (TE) [7]
(Euclidiannorm of the error betweenthe meanpredictediandmark
con guration andthe obsened one)will increasevhenthe actiity
changesndthis canbe usedto detectthe changdimes.

3.3. Model Switching to a New Activity

Oncethe changehasbeendetectedthe next problemis to deter
minethe correctactivity from the classof previously learnedactiv-
ity models.This is known asthe problemof modelswitching. This
is doneby projectingthe obsenedlandmarkcon guration, ¢, onto
the meanshapefor eachof the learnedactiities and choosingthe



onewith thelargestprojectionor the smallesfprojectionerror (mea-
suredusing Procrusteglistance[1]). In practice,this is donefor a
few framesbeforea nal decisionis made sinceindividualframesof
differentactiities may be similar. If thedistancds above a certain
thresholdfor all activities in the databaseye decidethatthe current
activity is notwithin thelearneddatabas@ndthisis indicated.

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

We now outline the main stepsof the simultaneougracking and
recognitionalgorithm, incorporatingchangedetectionand model
switching. For simplicity, let us assumehat thereare two actii-
tiesin thesequenceld; andA.. For the rst framein A1, theregion
of interest(a personor a groupof people)is detectechasedon the
applicationrequirementgnot partof this paper)andthecorrespond-
ing modelfor theactvity is determinedasin Section3.3. After this
initialization, the algorithmnow proceedssfollows.

Track Basedon the detectedregion andthe chosendynamical
model,the particle lter is usedto track the actvity. Measuredor
determiningthe accurayg of the trackingalgorithm (TE and ELL)
arecomputedor eachframe.

Change Detection Whenthe delity measuresxceeda cer
tain threshold(detailsin Section4) for a few consecutie frames,
achanges detected.

Model Switching Oncethe changeis detectedthe nen shape
vectoris obtainedfrom the edgemapof imageframeanda search
is initiated for the correctactvity model. Oncethe correctactity
modelis identi ed, we usethis andgo backto Track.

Note that changedetectionand switching may be betweendif-
ferentportionsof the sameactiity, speci cally, for thoseactiities
in which anon-stationarylynamicalmodelis needed.

4. EXPERIMENT AL RESULTS

We now shawv examplesof our Simul-TraCR algorithm for index-
ing and summarizing(tracking) a sequenceonsistingof 10 differ-
entactiities capturedn video. Thetraining andtestingsequences
werecapturedseparatelyn differentdays. Thebinarizedsilhouette
denotingthe contourof the personin every frame of the training
sequenceés obtainedusingbackgroundsubtraction.The landmarks
were obtainedby uniformly samplingthe silhouettecontour The
globalmotionandshapéds computedor thelandmarkcon guration
at eachframe[1]. Thisis usedto learnthe parameter®f the dy-
namicalmodelfor eachSSAactvity asdiscussedh [2]. In thetest-
ing sequencethe silhouetteis pre-computednly in the rst frame
if the backgroundnformationis available; otherwisewe use mo-
tion segmentationover a few initial framesto obtainthe silhouette.
Thereafterit is obtainedasthe outputof the trackingalgorithm,as
explainedabove. The databaseve collectedconsistof 10 actiities
(whosecompositionmake up a numberof normal everydayactiv-
ities), bendingacrosswalking towardscameraand bendingdown,
leaningforward and backward, leaning sidevard, looking around,
turninghead turningupperbody, squattingpendingwith handsout-
stretchedandwalking. We will refertothen™ activity asActn.

In Figure 2, we shav four framesfrom the 3 stationarypieces
(SSAs)thatconstituteActl (BendingAcross)andtheELL andtrack-
ing error plots. The rst row shavs one frame from eachpiece-
StandingStraight(SS), Half Bent (HB) and Fully Bent (FB). The
transitionsSS-HBandHB-FB weregradualandhencearedetected
by ELL fasterthanby TrackingError. The pink horizontallinesin
the ELL plot are the averagevalue of ELL for that actiity piece
(equalto the effective rank of ) and changeis declaredwhen

ELL signi cantly exceedshisvalue.ELL is alwayscomputedw.r.t.
the SSAthatis beingusedto track the currentframe. ELL detects
changebeforesigni cant loss of track and hencewe switch to the
next SSA piecewithout the trackingerror ever increasingapprecia-
bly (variesaboutan averagevalue of about60). The rst imagein
thebottomrow is frame54. As canbeseerthelandmarkontheleft
armarevery closeto eachotherandoverlapping(changen topology
of underlyingcontinuouscontour). Thusthereis a changein their
order Landmarkshapds sensitve to the orderingof landmarksand
thisis detectedasa sudderincreasen ELL.

In Figure3, we shav someframesfrom a setof individual activ-
ities stitchedtogether(i.e., suddenchangedetweenactiities) and
the TrackingError plot. This modelsa situationwheredisparateac-
tivity videos(i.e., not a continuoussequenceare stitchedtogether
like in adigital library. Thesearedetecteckasilyusingtheincrease
in Tracking Error. The plot is for the following sequence:Act3,
Act4, Act8, Act9 andAct7. Oneframefor eachactiity alongwith
thetrackingerroris alsoshavn. Thenumberof framesthatareused
to recognizean actvity is calledthe “delay” dueto modelswitch-
ing. Thefollowing obsenationsweremadein the experimentation
process.For Act7, Act8 and Act9, the delayneededo get correct
recognitionwill bevery small,while Act3 andAct4 needlongerde-
laysto nd the correctmodelto switchto. This is becausenitial
posesof thebodyin Act3 andAct4 arevery similar to otheractivi-
ties.

5. CONCLUSIONS

In this paperwe proposed novel systemfor indexing andsumma-
rizing a video consistingof a sequenc®f humanactvities. This is
achievedthroughanalgorithmfor simultaneousndpersistentrack-
ing andrecognition.We useanon-linear piecavisestationarymodel
de ned on the shapeof humanbody contourto represenactiities.
Theactvity changetimesaredetectedisingELL and TrackingEr-
ror statistics.Theactvities arerecognizedy comparinghetracked
obsenationsagainsta prior databaseWe demonstratéhe effective-
nesof our systemby shaving experimentatesultsonreallife video
of differentactuities.

6. REFERENCES

[1] I. DrydenandK. Mardia, Statistical ShapeAnalysis John
Wiley andSons,1998.

[2] N. Vaswani, A. Roy-Chowvdhury, andR. Chellappa, “Shape
Activities: A ContinuousStateHMM for Moving/Deforming
Shapeswith Application to Abnormal Activity Detectior,
IEEE Trans.on Image ProcessingOctober2005.

[3] N. VaswaniandR. Chellappa,“NonStationaryShapeActivi-
ties; in Proc. of IEEE COnf on Decisionand Control, 2005.

[4] T.-J.ChamandJ.M. Rehg, “A multiple hypothesisapproach
to gure tracking, in Proc. of IEEE ComputerSocietyCont
on ComputeMision and PatternRecgnition, 1999.

[5] M. IsardandA. Blake, “Condensation:ConditionalDensity
Propagtion for Visual Tracking; International Journal of
Computenision, pp.5-28,1998.

[6] N.Vaswani, “ChangeDetectionin Partially ObseredNonlin-
earDynamic Systemswith Unknavn ChangeParameters, in
AmericanContmol Confeence 2004.

[7] Y. BarShalomandT. E. Fortmann, Tracking and Data Asso-
ciation, AcademicPress]1988.



ELL

0,

Tracking Ertor

DIAV WOV

- JV

Time

Time

Fig. 2. TrackingActl (BendingAcross).Thetop row hasoneframefrom eachSSA pieceof this actwvity - StandingStraight(SS),Half Bent
(HB) andFully Bent (FB). Bottomrow, rst imageis anotherFB framewherethereis changein the orderingof landmarksnearthe arm
(detectedby theincreasen ELL afterframe50). Secondmageis the ELL plot. ELL detectghe gradualtransitionsSS-HBandHB-FB. The
lastimageis the Tracking Error plot. ELL detectsthe changebeforelarge lossof track andwe switch to the next model. HenceTracking
Error neverincreasesoo much.

Act3

Act9

Act4

Act7

Act8

Tracking Ertor

TrackingError

Fig. 3. Oneframefor eachactvity alongwith superimposetrackingerroris shovn. Trackingerrorto detectswitchesin a multi-actiity
sequenceTheswitcheshetweeractiitiesaresuddenThismodelsasituationwheredisparateactivity videos(i.e.,notacontinuousequence)
arestitchedtogetherlike in a digital library. Thetrackingerrorincreasesvhenanactiity switch happens.Oncethe modelswitch occurs
andthe newv modelis ableto track properly thetrackingerrorgoesdown

(8]

9]

(10]

(11]

(12]

(13]

N. Lobo P. Smith, M. Shah, “Integratingandemploy/ing mul-
tiple levels of zoom for actvity recognitiorf, in Proc. of
IEEE ComputerSocietyConf on Computenision andPattern
Recgnition, 2004.

L. Zelnik-ManorandM. Irani, “Temporaffactorizatiorvs.spa-
tial factorizatior?, in Proc. of EuropeanConfeenceon Com-
puterVision, 2004.

S. M. KhanandM. Shah, “Detecting group actiities using
rigidity of formation; in ACM Multimedig 2005.

D.M. Gavrila, “The Visual Analysisof HumanMovement:A
Suney,” ComputeMision and Image Undeistanding vol. 73,
no.1, pp.82-98,Januaryl999.

Y. ZhaiandM. Shah,"A generaframenork for temporalideo
scenesggmentatiori, in Proc. of InternationalConf on Com-
puterVision, 2005.

W.E.L. Grimson,L. Lee,R. RomanoandC. Staufer, “Using
Adaptive Trackingto ClassifyandMonitor Activitiesin a Site;
in Proc. of IEEE ComputerSocietyConf on ComputeiVision
andPatternRecanition, 1998,pp.22—-31.

(14]

(15]

(16]

(17]

(18]

L. Liao, D. Fox, andH. Kautz, “Location-basedctiity recog-
nition usingrelationalmarkov networks; in Proc. of thelnter-
nationalJJoint Confeenceon Arti cial Intelligence 2005.

Doucet,A.andFreitas,N.deandGordon,N., SequentiaMonte
Carlo Methodsin Practice Springer2001.

D. Wilson andC. Atkeson, “SimultaneousTrackingand Ac-
tivity Recognition(STAR) Using Many Anonymous, Binary
Sensors, in Proceeding®f PERVASIVE 2005.

S.K.Zhou,R. ChellappaandB. Moghaddam,‘Visual Track-
ing and RecognitionUsing Appearance-Adapte Models in
Particle Filters? |IEEE Trans.on Image Processingvol. 13,
no.11, pp.1491-1506November2004.

M. Harville andD. Li, “Fast,integratedpersortrackingandac-
tivity recognitionwith plan-viev templategrom asinglestereo
camerd, in Proc. of IEEE ComputerSocietyConf on Com-
puterMsion and Pattern Recanition, 2004,pp. II: 398-405.



