
ABSTRACT
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Dissertationdirectedby: ProfessorRama Chellappa
Departmentof ComputerScience

This thesismakescontributionstowardsthesolutionsto two problemsin thearea

of visualhumanmotionanalysis:humanactionrecognitionandhumanbodyposees-

timation. Although therehasbeena substantialamountof researchaddressingthese

two problemsin thepast,theimportantissueof viewpoint invariancein therepresen-

tationandrecognitionof posesandactionshasreceivedrelatively scarceattention,and

formsakey goalof this thesis.

Drawing on resultsfrom 2D projective invariancetheoryand3D mutual invari-

ants,wepresentthreedifferentapproachesof varyingdegreesof generality, for human

actionrepresentationandrecognition. A detailedanalysisof the approachesreveals

key challenges,which arecircumventedby enforcingspatialandtemporalcoherency

constraints.An extensiveperformanceevaluationof theapproacheson2D projections

of motion capturedataandmanuallysegmentedreal imagesequencesdemonstrates

that in additionto viewpoint changes,theapproachesareableto handlewell, varying



speedsof executionof actions(andhencedifferentframeratesof thevideo),different

subjectsandminorvariabilitiesin thespatiotemporaldynamicsof theaction.

Next, wepresentamethodfor recoveringthebody-centriccoordinatesof key joints

andpartsof acanonicallyscaledhumanbody, givenanimageof thebodyandthepoint

correspondencesof speci�c bodyjoints in animage.This problemis dif�cult to solve

becauseof bodyarticulationandperspective effects. To make theproblemtractable,

previousresearchershave resortedto restrictingthecameramodelor requiringanun-

realisticnumberof pointcorrespondences,bothof whicharemorerestrictivethannec-

essary. Wepresentasolutionfor thegeneralcaseof aperspectiveuncalibratedcamera.

Our methodrequiresthat the torsodoesnot twist considerably, anassumptionthat is

usuallysatis�edfor many posesof thebody. Weevaluatethequantitativeperformance

of themethodon syntheticdataandthequalitativeperformanceof themethodon real

imagestakenwith unknown camerasandviewpoints.Both theseevaluationsshow the

effectivenessof themethodat recoveringtheposeof thehumanbody.
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Chapter 1

Intr oduction

Visualhumanmotionanalysisconsistsof problemsthatfall within therealmsof com-

puter vision and computeranimation(or graphics). In computervision the central

problemis the recovery of humanmotion from imagesequenceswhile in computer

animation,the centralproblemis the renderingof realisticlooking humanmotion to

form imagesequences.This thesisdealswith problemsin thecomputervision realm.

`Recovery of humanmotion' from imagesequencesmay meanrecovery of the 3D

coordinatesof thebodyjoints (referredto asvisualhumanmotioncapture) or a high-

level descriptionof the type of action that the humanis performing(referredto as

visualhumanaction recognition). In this thesis,thewordsvisualandhumanwill be

omittedandimplied whenthe terms`motion analysis',`motion capture'and`action

recognition'areused.While interestingin itself, thelargenumberof potentialapplica-

tionsthatcouldbene�t from solutionsto theseproblems,partlyexplainstheexplosion

of interestin the areaover the last decade.Paperssurveying the stateof the art in

thearea([74], [46], [25] [1], [13]) appearevery two to threeyearsandprovide good

summariesof incrementaldevelopmentsin the �eld while servingasstartingpoints

for furtherreading.

In the following sections,we createa context for the thesis: we discussmajor
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applicationsof humanmotionrecovery from imagesequences,describespeci�c prob-

lemsandchallengesinvolved,andsurvey relevantprior work. Finally, wedescribethe

speci�c problemsaddressedandsolvedby thethesis.

1.1 Applications

1.1.1 Human Animation

Currently, thecomputeranimationof humansreliesheavily onhumanmotioncapture,

which provides the 3D coordinatesof variousjoints of the body for a sequenceof

frames. The methodof choicefor humanmotion captureinvolvesstrappingsensors

to variousjoints of a humanandrecordingsignalstransmittedby themasthehuman

performsvariousactions[45]. Thesesignalshelp determinethe 3D coordinatesof

the joints in someframeof reference.Sensorsareintrusive andrestrictthe typesof

actionthat thehumancanperform. A computervision basedsolutioneliminatesthe

needfor intrusive sensorsandprovidesa passive andunrestrictedway of obtaining

motioncapturedata.Further, if thereis aneedto capturehumanmotionfrom archived

video,aswould be the caseif oneneededto animatethe inimitable CharlieChaplin

(aspointedout by Bregler andMalik in [9]), a computervision basedapproachis the

only recourse.

1.1.2 Visual Surveillance

A humanactionrecognitionsystemcanprocessimagesequencescapturedby video

camerasmonitoringsensitiveareasto determineatahigh-level, if oneor morehumans

areengagingin suspiciousor criminalactivity. For example,if theactionhumanpoint-

ing gunwereto bedetected,thesystemwould alertappropriatesecuritypersonnelto
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take action.Similarly, a cameramonitoringa parkinglot coulddo thesamewhenthe

actionhumanbreakinginto car is detected.Automaticidenti�cation of peoplefrom

their gait, or gait recognition, is anotherpossibleapplicationof humanmotion anal-

ysis. Recently, Eng et al [20] reportedon a `drowning-detection'systemconsisting

of multiplecameras,for proactively detectingdrowningbehavior in anoutdoorswim-

mingpool. Visualsurveillanceapplicationssuchastheseconstituteamajorapplication

areaof humanactionrecognition.

1.1.3 Content BasedVideoRetrieval

A queryprocessingsystemfor a video library canhave at its core,a humanaction

recognitionsystemwhich scansthroughvideo takingasinput, anaction-queryspec-

i�ed in high-level languageandproducingasoutput, the sequenceof video frames

wheretheactionwasfoundto occur. Suchanapplicationcouldprove very usefulfor

sportscastersto quickly retrieve importanteventsin particulargames.For example,

whena baseballsportscasterspeci�es the query retrieve all catchesor a basketball

sportscasterspeci�esthequeryretrieveall slam-dunks, thesystemwill retrieve those

speci�c frameswheretheseactionsoccur. Sucha systemwill eliminatetheneedfor

cumbersomemanualannotationof video.

1.1.4 MiscellaneousApplications

A humanactionrecognitionsystemdesignedto respondto speci�c gesturesmadeby

a computerusercanreplaceor augmentspeechcontrolledcomputerinteraction.For

example,verbalcommandsfor manipulatinga virtual graphicalobjectcanbe cum-

bersome,while gesturesmay be a moreappropriateandintuitive medium. Interpre-

tationof lip movementsmayhelpdisambiguatephonemes[25], providing a measure

3



of robustnessto speechcontrolledinteraction. Action recognitioncan also bene�t

theareaof virtual teleconferencingwhere,insteadof raw video,a high-level descrip-

tion of body-movementsis transmittedto thereceiving sidewheretheencodedbody-

movementsareusedto re-createwhat is happenningat the transmissionside. This

model-basedcodingapproach[2] would requirevery low bit ratesfor teleconferenc-

ing.

1.2 Problemsand Challenges

Visualhumanmotionanalysisis largein scopeandcanbedividedinto severaldifferent

areasof research,eachwith its own setof openproblemsandchallenges.In contrastto

earlysurveysthatimplicitly askedthequestionWhatare thecharacteristicsof various

approachesfor visual motionanalysis?, the last two surveys ([74], [46]) asked the

questionWhatis thestructure of an end-to-endsystemthat recovers humanmotion?,

andgroupedpreviouswork into categoriescorrespondingto differentcomponentsof

theend-to-endsystem.Suchanend-to-endsystemwill havesolutionsto theproblems

of segmentation, pose-representationand estimation, andaction-representationand

recognition. We discusseachof theseareasbelow but prior to that,we noteherethat

anend-to-endsystemneednotfollow suchaclear-cutproblemdecompositionandthat

speci�c applicationsmaynot requiresolutionsto all of theseproblems.We will note

suchexceptionsduringthediscussions.

1.2.1 Segmentation

Beforehumanmotioncanberecovered,thesystem�rst needsto detecta humanbe-

ing andinitialize a modelof thehuman.For applicationssuchascontent-basedvideo

4



retrieval, an additionalpre-processingstepof shotdetectionis alsonecessary. Seg-

mentationinvolvestheprocessof extractingthehumanbodyfrom thebackgroundand

optionally, detectingvariousbody-partsandbody-joints.Theconditionsin which the

imagesequencehasbeenshotandtheassumptionsonecouldmake aboutthemdrive

the kinds of approachesthat one could take. Variationson theseinclude: �x ed vs

moving camera,indoorvs outdoorscene,monochromaticvs color images,steadyvs

unsteadybackground,perspective vs weak-perspective projection,singlevs multiple

cameras,calibratedvs uncalibratedcamera(s),loosely-clothedvs tightly-clothedhu-

mans,etc. Clearly, while speci�c combinationsof viewing conditionsaresimplerto

work with (e.g.multiplecalibratedcamerascapturingcolor imagesof atightly-clothed

humanin a steady, unclutteredbackground)thanothers,onewould like to remainas

generalaspossiblewhenseekinga solutionto the problemof segmentationbecause

onecannotalwayscontroltheviewing conditionsor make theseassumptions.

Centralsub-problemsof the segmentationstageinclude�gur e-groundsegmenta-

tion, human-bodydetection, part-detection, and tracking. We discusseachof these

areasbelow.

Figure-ground segmentation

Figure-ground-segmentationis theprocessof identifying thoseregionsin the image,

which correspondto a moving human. While this is a dif�cult problemto solve in

the caseof a moving camera,the �x ed-cameracaseis challengingaswell. Partsof

the backgroundcansometimesmimic partsof the moving humanbody in termsof

intensityandcolor. Fastbackgroundvariations(�ick eringcomputerscreens,moving

cars, �ying birds, swaying treesetc.) make it dif�cult for the systemto focus on

themoving humanbodyandextract it from thebackground.The imagingprocessis
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inherentlynoisy, addingyet anotherchallengeto theproblem.

Human-body detection

Human-body-detectionis theprocessof analyzingmoving regionsto determineif they

correspondto a humanbeing.For systemswhereit is known a priori thattheviewed

objectis a humanbeing,this stepis unnecessary. Distinguishinga humanbeingfrom

otherobjectsis a classi�cationproblem.Thearticulation(non-rigidity) of thehuman

body, anddifferencesin viewpointsleadto anin�nite numberof possibleappearances

of thebody, makingit especiallydif�cult to distinguisha moving humanfrom other

moving objectsin thescene.Color, if available,canhelpby providing additionalcues,

suchasskin-tone,to theclassi�cationprocess.

Part-detection

Part-detectionis the processof identifying the regionsor pointson the humanbody

which correspondto majorbodypartsandjoints, like thehead,hands,feetetc. Body

articulationandviewpoint variationsthatposechallengesfor humanbodydetection,

posechallengesfor part-detectionaswell. A challengealsoarisesfrom self-occlusions

(whereonebodypart lies behindanotherwith respectto thecamera),which arevery

commonin humanmotion. A third challengecomesfrom theunobservability of cer-

tain bodyjoints: veryoften,evenwhennot subjectto self-occlusions,many truebody

joints arenot directly observablefrom the image(e.g. shoulders,kneesandelbows)

andat best,canonly be inferred indirectly throughotherobservableparts,through

supportingedgecuesor throughtracking.
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Tracking

Tracking is the processof incrementallyupdatingthe resultsof the solutionsto the

aboveproblemsperframe,withouthaving to re-calculatethem.In thissense,wetrack

only toaidin asolutionto theaboveproblems.Trackingcanpredictanddealwith self-

occlusionandnon-observability problems,usingprior historiesandespeciallywhena

3D bodymodelis employed.While tracking,weoperateatahigherlevelof processing

in thatwe encodetheresultsof theabove problemsinto a state-representation,make

predictionson themovementof thestateandcorrectthepredictionsusingimagedata.

Thenumberof degreesof freedomof thestatedictatethecomplexity of tracking. If

individual body partsare tracked as imageregions, the degreesof freedomremain

smallandtrackingbecomeseasierbut at theexpenseof increasedcomplexity needed

to aggregatethe imageregions into a solutionto the above problems. On the other

hand,if a complete3D kinematicmodelof thehumanis used,predictionshave to be

madeon the joint-anglechangesfor a large numberof joints makingtrackingmore

challengingbut with thebene�t of aneasymappingto imagejoint locations.

Although humanbody segmentationalgorithmsthat work reasonablywell in re-

strictedenvironmentshave beendevised,a generalsolutionis lacking,andthe�eld is

still developingasis evidencedby thenumberof articlesdevotedto theproblemthat

appeareachyearin leadingcomputervision conferencesandjournals. Nevertheless,

theoutputof asegmentationmodulewouldbe(a)silhouette(s)of thehumanbodyand

optionally, thesetof body-partandjoint locationsin theimageor in the3D world.

1.2.2 Pose-Representationand Estimation

In contrastto `pose'asusedin objectrecognitionwhereit refersto the positionand

orientationof anobjectin a camera-centriccoordinatesystem,a humanbody `pose'
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for our purposesmeansthe con�guration of thevariousbodypartsin a body-centric

coordinatesystem.Quantitatively, poseis completelyde�ned oncethepositionsand

orientationsof thevariousbodypartsareknown. Giventhepositionsof variousbody

parts,in principle,onecancalculatethe joint anglessubtendedby variousbodyparts

aboutthejoints to which they areattached.This would beaninstanceof the inverse-

kinematicsproblemthatariseswithin the�eld of robotics,for whichstandardsolution

approachesexist. Theadvantageof maintainingjoint anglesis thatit facilitateshuman

bodytrackingin the imagesequence,which in turn facilitatesincrementalupdatesof

theposeonceinitializationhasbeendone.Maintainingsucha3D Euclideanor metric

representationof poseis relevant andnecessaryif visual motion captureis the �nal

goal. In this case,it is not unrealisticto requiremanualinput of the 2D joint posi-

tions during the initialization step. A userwould pick joints in the imageand feed

the imagecoordinatesto a motion-capturesystemwhich would initialize a modelof

thesubjectbasedontheimagecoordinates.After thisbootstrapping,thesystemwould

updateits modelfrom frameto framebasedonimagedata(e.g.[9]). For otherapplica-

tionswherethismaybeunrealistic,anautomaticinitializationmechanismis necessary.

Mappingthe2D joint locationsin theimageto a 3D Euclideanrepresentationof pose

is a dif�cult problem. The non-rigidity of the humanbody and its large numberof

degreesof freedom,make searchingfor solutionsin thespaceof degreesof freedom

computationallychallenging.In thecaseof a singleuncalibratedcamera,the lack of

depthinformationandperspectiveeffectsmaketheproblemevenmorechallenging.If

the�nal goal is humanactionrecognition,a complete3D Euclideanrepresentationof

poseis notnecessary. 2D stick �gures, bodysilhouettesor 2D blobs/regionscomputed

from the imagesequencesalone,may suf�ce. For example,in this thesis,we show

thatit is suf�cient to maintain2D and3D projectiverepresentationsof a poseanduse
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themfor actionrecognition.

For humanactionrecognition,themannerin which body-poses(andactions)are

representeddeterminesthe exent of applicability of an approach.Thereare in�nite

viewpointsfrom whichabodyin agivenposecanbeviewed,eachleadingto adiffer-

entappearanceof thebody. While quantizingthespaceof viewpointspossible,leading

to severalview-dependentrepresentationsof asinglebodypose,thisapproachis cum-

bersome.A view-invariantbody-poserepresentationprovides the desiredeconomy

andelegance.

1.2.3 Action-Representationand Recognition

Johannson's [35] experimentswith MLDs (Moving Light Displays)havebeenwidely

cited in the literatureon visualhumanmotionanalysis.They involvedsubjects,out-

�tted in black in a darkbackgroundwith lights attachedto their joints, performinga

varietyof actions.Whenpresentedwith an imageof a subjectshowing a �x edsetof

lights,observerswerenotableto discernthepresenceof ahuman,but whenpresented

with an imagesequenceshowing the lights in motion,observerswereableto realize

that thelights camefrom a humanandthey wereableto recognizetheactionaswell

asthegenderof thesubjectusingonly imageinformation.This resultcouldbeinter-

pretedin two ways[13] : that theobserversrelied purelyon the motion information

to recognizethe action,or that they reconstructeda modelfrom the 2D datauncon-

sciouslyandthenusedthat to recognizetheaction.Researchhasfollowedboththese

interpretationsin devisingusefulwaysfor representinghumanaction.

A humanactioncanbe thoughtof in termsof a startingpose��� , anendingpose

��� , anda sequenceof continuoustransitionsthat take thebodyfrom pose��� at time
� �"!

to pose ��� at time
�#�%$

. We canthink of a phaseof an action,
�

that takes
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on a value in the interval &

!

�

$('

. A phasevaluemapsto a body pose �*)

�,+

. An ac-

tion thenbecomesthefunction �*)

�,+

�

�.-

&

!

�

$('

. Representationof anactionis tied to

the representationof thepose� . An importantissueto dealwith is thespeedof the

actionor equivalently, the framerateof the video. The actionrepresentationshould

beindependentof thesequantities.Anotherissueinvolvesdecidingwhatpartsof the

bodyareabstractedby theposerepresentation.Basedon theapplicationdomain,for

someactions,it maynotbenecessaryfor theentirebodyto beabstractedinto thepose

representation.For example,whetheror not a walking personswingshis/herarms,

the personcould be consideredto be performingthe actionwalking. Incorporating

the armsinto the representationof the posewill bring in irrelevant detail. On the

otherhand,if theapplicationrequiresdistinguishingbetweentheactionswalkingand

walkingwhile carrying a brief-case, thearmpositionbecomesrelevant,andthepose

representationwould needto incorporateit. Yet anotherissueis the concurrency of

bodypartmovements.Theabove formalismessentiallyabstractsanactionasa con-

tinuousstatemachine- thebodyis consideredto bein onestateat a giveninstant.In

reality, humanbodypartsmove concurrentlywith possibleperiodicsynchronization.

For instance,it would be very dif�cult to representthe actionhumanjuggling three

balls with theabove formalismbecausewhile juggling, theright andleft handsmove

independently- from theperspectiveof eachhand,theball is thrown immediatelyaf-

ter it is caught.Hence,it is impossibleto assigna singlestateto theentirebodyat a

giventime. A formalisminvolving CoupledHiddenMarkov Models[8] or PetriNets

[18] wouldbebettersuitedfor representingsuchactions.Anotherchallengearisesdue

to variability in actions:thesameactionexecutedmultiple timesby thesameperson,

or by differentpersonswill exhibit variationbecausehumansarenot consistentwhen

they performa givenaction.Theactionrepresentationandrecognitionsystemshould
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beableto accountfor this variability andberobustto it.

1.3 Prior Work

In this sectionwe describeprior work donefor eachproblemareawe discussedin

section1.2. We follow the sameorderas in section1.2. We describedifferentap-

proachesfor solving problemsin the areain termsof their key ideas,and cite and

review representativepublicationsthatillustratethekey ideas.

1.3.1 FigureGround Segmentation

Therearethreemainapproachesfor separatingthehumanbodyfrom thebackground

from asequenceof imagesandthesearediscussedbelow.

Background Modeling and Differencing

By far, a majority of methodsdevelopedfor solving the �gure-ground-segmentation

problemhave beenfor (a) �x edcamera(s)which enable(s)theuseof backgrounddif-

ferencing, apopulartechnique,for its solution.Backgrounddifferencingis theprocess

of estimatingandmaintainingpixel valuesof thebackgroundandperformingadiffer-

enceoperationbetweenthebackgroundandinputimages.Thestraightforwardprocess

is error-pronebecausein additionto fastvariationsin thebackgroundsasdescribedin

section1.2, slow long-termvariations(moving clouds,diurnalchangesetc.) posean

additionalchallenge.Imagenoisecontributesto errorsin thestraightforwardprocess

of differencingaswell. Many heuristicshave beenproposedfor robust background

maintenanceusingpixel statistics.Haritaogluetal [29] maintaintheminimum,maxi-

mumandmaximumper-framechangein intensityateachpixel to determineif apixel
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is partof thebackgroundor foreground.Stauffer andGrimson[67] modela pixel in-

tensityasa randomprocessarisingfrom a mixtureof adaptive Gaussians.A mixture

of Gaussiansis usedto capturemultimodality(e.g.�ick eringscreens,specularitieson

watersurfacesetc.) andtheadaptive naturemodelstemporalbackgroundvariations.

A similar exampleis theP�nder (shortfor `PersonFinder') system[80] which main-

tainstheYUV meanandcovariancematricesat eachpixel andallows for theseto be

updatedrecursively asthescenechangesslowly.

Temporal Differencing

Another techniquefor detectingmoving areasin the sceneis temporaldifferencing,

which is the imagedifferenceoperationappliedto successive frames. The resulting

imagerevealsareasof motion. By its very nature,themethodworkswell only if the

motion is small andit canonly detectthe outlinesof moving objectsif they exhibit

little internal texture or intensityvariation. An improvementof the basictwo-frame

differencingoperationis theuseof threeconsecutive frames[38]. TheVisual Surveil-

lanceand Monitoring (VSAM) work doneat Carnegie Mellon University combined

background-differencingandtemporal-differencingto detectmoving objectsin arela-

tively staticbackgroundandgoodresultswerereportedusingthecombinedapproach

[15].

Optical Flow

Optical�o w basedapproachesform athird wayfor detectingmoving regions.Assume

thatintensitychangesbetweenconsecutive framesarecausedonly by moving regions

andthat the imageregionsareof smoothlyvarying intensity. Let � denotethe pixel

intensityat location )0/1�32

+

at time
�

. Let ussaythatat time
�14

�

�

, theregion at )5/1��2

+
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undergoesa small translation,)6��/1���72

+

. The location )5/1��2

+

will now beoccupiedby

thepixel thatoccupied)0/98:��/1��2;8<�72

+

at time
�

. Theintensityof thatpixel is

�=8?>

�

>

/

��/@8A>

�

>

2

�72

Therateof changeof intensityat )5/1��2

+

will thenbegivenby

>

�

>

�

�

8

>

�

>

/

��/

�

�

8

>

�

>

2

�72

�

�

(1.1)

Denotingthe �ow , i.e. )B��/DCE�

�

���72�CE�

�,+

as )BF1��G

+

we have the brightnessconstraint

which is anequationthatthecomponentsof the�o w satisfyateachpixel:

>

�

>

�

4

>

�

>

/

F

4

>

�

>

2

G

�H!

(1.2)

This is an ill-posedproblembecause)BF1��G

+

areboth unknown but we only have one

equationthat they satisfy(notethat the partial derivativescanbe approximatelycal-

culatedfrom theimageusing�nite differencing).Oneway is to assumea parametric

form for optic �o w in a region,whichwill provideanoverdeterminedsetof equations

in theparametervalues(e.g. [65]). For humanbodysegmentation,theseregionscor-

respondto moving bodyparts.Theparametricform for �o w is dictatedby thehuman

kinematicmodel. Ju et al [37] describea 2D approachwheremajor body partsare

approximatedasplanarpatchesconnectedto eachotherat joints. Bregler andMalik

[9] employ a moreelaborate3D kinematicmodelof thebodyanduseoptical �o w to

track thehumanbody. Both approachesrequiremanualinitialization afterwhich the

optical�o w basedapproachtracksthebody.

1.3.2 Human Body Detection

Virtually all systemsfor which this is anecessaryproblemto solve,simplify theprob-

lem by designinga view basedapproach.Mohanet al in [47] useHaarwaveletsand
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SupportVectorMachinesto detectthe humanbody andthe head,legs, andarm lo-

cationsfrom the front, sideandrearviews. They usea two stageapproach:the �rst

stageinvolvestestingsmall windows throughoutthe imagefor the presenceof each

consideredbodypart while thesecondstageinvolvescombiningthe resultsto deter-

mineif thereis ahumanin theimage.Collinsetal [15] reportaview dependentneural

network basedclassi�er and a Linear DiscriminantAnalysis [19] basedclass�er to

distinguishbetweentheclasseshuman, humangroup, andvehicle. In contrastto these

shapebasedclass�cationmethods,motion basedmethodshave also beenreported.

Lipton in [41] de�nes residual�ow at a pixel as the differencebetweenthe overall

body(or `blob') displacementandtheoptic �o w. He usestheheuristicthat theresid-

ual �o w will behigherfor a humanbodydueto its articulation,thanfor a rigid body,

to performclassi�cation. Similarly, Stauffer in [66] usesbinarymotionsilhouettesto

discriminatebetweenavehicleandahumanbeing.

1.3.3 Part Detection

Oneof theearliestattemptsto detectbodypartsfrom animagesequenceof a moving

humanin a generalscenariowasby LeungandYang[40]. They �rst detected̀ 2D

ribbons' in eachimage,whichwerecalculatedusinga robustedgedetectorandwhich

correspondedto the limbs, torso,andheadof the body. Following this, a seriesof

heuristicswereappliedto the 2D ribbonsto detectthe head,torsoandlimbs. Ghost

[28] wasa systemdevelopedby Haritaogluet al for labelinga humanbody silhou-

ettewith locationsof thebodypartsandjoints. By applyinga seriesof heuristicson

recursive convex hull computationson thebodysilhouette,they wereableto identify

several bodypartsandjoints. The P�nder system[80] mentionedin section1.3.1is

ableto detectandtrack theheadandhandsof thehumanbodyusing�esh-color asa
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prior. RosalesandSclaroff in [60] describean interestingneural-networksbasedap-

proachfor mappinga 2D silhouetteto a setof 2D joint locations.A 2D silhouettein

theircaseis abinaryimage(i.e. theintensityis 1 insidethesilhouetteand0 outside)as

obtainedby �gure-groundsegmentation.Thesilhouetteis representedby Hu moments

[32] which arequantitiesderived from momentsof inertia of a �gure (which in this

caseis thesilhouette).An appealingquality of Hu momentsis their invarianceto 2D

translation,rotationandscaling.Thetrainingphaseinvolvedsynthesizinganumberof

silhouettesof anaveragehumanwith averageclothing,from a numberof views, from

motioncapturedata.Thesearegroupedinto a �x ednumberof clustersusingunsuper-

visedlearning.A neuralnetwork is trainedto mapHu momentsfrom thesilhouettes

of eachclusterto the2D positions,which areknown. Thengivenanunknown image

sequence,�gure-groundsegmentationis appliedandtheneuralnetwork is usedto map

thebinarysilhouetteto the2D joint positions.

If available,multiple camerasprovide moreinformationfor thedetectionof body

partsandlocalizationof joints. For example,Gavrila andDavis in [24] describeasys-

temfor thedeterminationof the3D positionsof variousjointsusingmultiplecalibrated

cameras.After �gure-groundsegmentation,principalcomponentsanalysis(PCA)[36]

is appliedto the silhouette,which allows the determinationof the head-torsoaxis in

theimage,from eachview. Giventhatthecamerasarecalibrated,thisallowsthedeter-

minationof the3D locationof thehead-torsoaxis.Thereafter, throughasearchbased

procedure,variousvaluesfor the3D joint anglesarehypothesizedandveri�ed by syn-

thesizingthe hypothesizedappearanceandverifying it againstthe true appearances

from eachview. Anotherrepresentativepaperusingamulti-cameraapproachis thatof

Graumanetal [26] who recentlypresentedaprobabilisticapproachfor estimatingthe

3D coordinatesof differentjoints of the body from imagesfrom multiple calibrated
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cameras,of a walking human.They �rst useananimationpackageto rendervarious

posesfrom variousphasesof a humanwalking to obtainsilhouettesaswould appear

from thecamerasin the real scenario.Thesilhouettesarerepresentedby a vectorof

2D coordinatesof their contours.Sincethe 3D joint positionsareknown during the

trainingphase,they augmentthe2D contourswith 3D joint positions.Usingtraining

data,they clustertheinputspaceof multiple2D contoursand3D joint positions.When

presentedwith imagesfrom realcamerasat thesamelocations,usinga Bayesianap-

proach,silhouettesfrom multiple views of a bodyin anunknown posearemappedto

the2D contoursandtheassociated3D coordinates.

1.3.4 Tracking

As we mentionedearlierin this section,trackingaidsin �gure-groundsegmentation,

humanbodydetectionandbodypartdetectionbecauseoncetheseareinitialized,track-

ing enablestheincrementalupdateof theiroutputs.Trackingat thelevel of bodyparts

is helpedby the useof a humanbody model,which encodesa state(or pose)of the

humanbody. Given the stateof the body modelin an image,trackingthenamounts

to estimatingtheamountof changein statein thenext imageof thesequence.Given

thenoisynatureanduncertaintiesinherentin thebodydetectionandstateestimation

process,probabilisticstateestimationtoolssuchastheKalman�lter [78], its variants,

particle�lters [4] andthe relatedCondensationalgorithm[34] have found gooduse

in humanbody tracking. The modelcould be two dimensional,as in the useof 2D

stick �gures (e.g. [27]) and2D contours(e.g. [40], [37]), or threedimensional.Three

dimensionalmodelsareadvantageousfor theirhelpin predictinganddealingwith oc-

clusions.An exampleis thework of Rohr[59] who modeledthebodyasa collection

of fourteenelliptical cylinders. His work dealtwith detectingthe poseof a walking
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humanasviewedfrom theside,usinga calibratedcamera.After searchingin onedi-

mension(thephaseof thewalkingaction),heusedtheKalman�lter to trackthehuman

andhis pose.Bregler andMalik [9] usedideasfrom roboticsandmodeledthehuman

body asa kinematicchainandmodeledthe �esh asellipsoids. After initializing the

modelby handthey proceedto usetheprojectionequationsandoptic �o w to guidethe

incrementalupdateof the model. Trackingapproacheswith lesssophisticatedor no

explicit humanmodelshave alsobeenreported.McKennaet al [44] modelthebody

asa collectionof regionswith color distributions. The P�nder [80] work discussed

earliermodelsbody partsas2D blobsandtracksthemseparatelyusingthe Kalman

�lter . FabletandBlack [21] usea view basedrepresentationfor humanmotionusing

optical �o w. For training,they usemotioncapturedataof subjectswalking to render

optic �o w from several views andusePCA to bring down the dimensionalityof the

representation.Whenpresentedwith a novel sequence,they calculateoptic �o w and

calculatethe posteriordistribution of the model (i.e. action)parameters.They use

particle�lters to tracktheposteriorprobability.

1.3.5 Pose-Representationand Estimation

For visualmotioncaptureapplications,whereit is necessaryto recover thebodymo-

tion in 3D, ametricrepresentationof poseis necessary. Whendealingwith amonocu-

lar imagesequencefromanunknowncamera(aswouldbethecasefor archivedvideo),

theinput, aswe describedin section1.2.2,is typically a setof imagelocationsof the

body, fromwhichaninitial estimateof theposeis required.Todealwith thelargenum-

berof degreesof freedomof thehumanbody, researchershave resortedto assuming

a scaledorthographiccameraor requiringan unrealisticnumberof point correspon-

dences.For example,LeeandChenin [39] work with asinglecamera.However, they
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assumethata minimumof six point correspondencesof theheadbeknown (e.g.both

eyes,bothears,neckandnose),whichallowsthemto recover thetransformationfrom

a head-centeredcoordinatesystemto the imageplane. While it is possibleto obtain

thesecorrespondencesfor motioncapturebasedinput (which wasthe only modality

of input thatthey testedtheir approachon), it is unrealisticto assumethatall of these

headfeatureswill bevisible in a real imageof a humanbody. In [71], Taylor usesa

scaledorthographicuncalibratedcameramodelandrelatesthe foreshorteningin the

imageplaneof a body limb to its 3D depthfrom the camera.The projectionmodel

relieson an unknown scalefactorwhich is �x ed to an arbitraryvalue. After �xing

the scalefactor, he shows how onecancalculatethe relative depthsof all the joints

of the body. Even so, therearean exponentialnumber(in the numberof limbs) of

possiblesolutionsbecauseof theforwards-backwards�ipping ambiguity, wheregiven

thata limb is foreshortenedit is not clearwhich joint is closerto thecamera(see�g-

ure 1.1). Theseambiguitiesareresolvedby additionaluser-input. In [6] Barronand
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Figure1.1: Foreshorteningof aLimb in theImage

Kakadiarisusethe scaledorthographiccameraassumptionandusersuppliedimage

joint locationsto estimateanthropometryandposefrom a singleuncalibratedimage.
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In orderfor thescaledorthographicassumptionto apply, they requireatleasttwo limbs

to bealmostparallelto theimageplaneandrequiretheuserto specifythelimbs. They

calculatethe mostplausiblelimb lengthratiosthat explain the imageusinga search

basedprocedure,constrainedby anthropometricstatistics.Bregler andMalik' s work

[9], cited earlier in this chapter, alsohasan initialization stepwherethe joint angles

of thebodyarecalculated.They usethescaledorthographicprojectionapproximation

andalsorely onmanualinputof joint locationsin theimageandreportasearchbased

procedureto recover the body lengthsandjoint angles.Recently, Sminchisescuand

Triggs[64], reportedonanapproachfor monocular3D humantrackingassumingthat

cameraparametersareknown. Manuallyinput joint positionsof theimageareusedto

searchfor thesetof 3D joint anglesthatbestexplain theimage.

For actionrecognitionapplications,a complete3D reconstructionof the body is

helpful if possible,but notnecessary. In thecaseof multiplecalibratedcameraswhere

the body and3D part locationsarerecoveredaspart of the segmentationstage,this

stageis not necessary. For thesinglecameracase,posecanberepresentedasa quan-

tity derivedfrom theimagedomain.FujiyoshiandLipton [23] representposeby way

of a `star-skeleton'of theextractedsilhouettewhich is the�gure obtainedby connect-

ing thecentroidto the local maximaof theboundarydistancefrom thecentroid(see

�gure 1.2).Assumingthatthehumanis in theuprightposture,thebottommaximaare

takento be thefeetandthe top maximumis takento bethehead.They wereableto

distinguishbetweentheactionswalkingandrunningfrom theside-view, basedon the

angleof inclination of the headto the vertical (which is higherfor runningthanfor

walking becausetheheadlungesforwardmoreduringrunning)andthefrequency of

thecyclic motionof thefeet(which is higherfor running).Ali andAggarwal [3] also

usea skeletonbasedrepresentationof posefor actionrecognitionfrom theside-view,
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Silhouette Boundary Distance to Centroid Star Skeleton

Figure1.2: FujiyoshiandLipton's `star-skeleton'

althoughtheirskeletonis thestandardmedialaxisbasedskeletonwhich is obtainedby

joining pointsthatareequidistantfrom theboundary.

1.3.6 Action-Representationand Recognition

An action representationneedsto encodethe evolution of posewith time and deal

with spatiotemporalvariability (recallthediscussionin section1.2.3).Temporalvari-

ability canbe modeledby dynamictime warping (DTW) which hasfound gooduse

in speechrecognition[51]. It involvesthe stretchingor shrinkingof time to match

a giveninput signalto a referencesignal. Thesearchfor thebestsetof stretchesand

shrinkagesof timeis foundusingdynamicprogramming[16]. HiddenMarkov Models

(HMMs) aremoresophisticated,in that they canencodespatial(i.e. pose)variability

aswell by incorporatingprobabilitydistributionsof theposeattributes.Rabiner's tu-

torial [57] providesa gooddescriptionof the theoryandpracticalissuesinvolved in

theimplementationof HMMs. While HMMs abstractthesystemasa �nite statema-

chine,Petrinetsprovidemoresophisticationin beingableto modelthesystemasaset

of concurrentlyevolving sub-states.With theformalismof Petrinets,onecanmodel

concurrency aswell assynchronizationbetweenvariouspartsof thesystem.David and
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Alla provideagoodintroductionto Petrinetsin [18]. CoupledHMMs [8] areanother

choicefor modelingconcurrency becausethey combineHMMs andallow transitions

of oneHMM to beconditionedon thestatesof otherHMMs thatarecoupledto it.

YacoobandBlack [81] build on their parametricoptical �o w method[37] (recall

ourdiscussionof [37] in section1.3.1)andmodelactionsasview-basedtemporaltra-

jectoriesof the optical �o w parametersof the arm, torso,thigh, calf andfoot. After

manualinitialization of thebody, their trackingmodulerecoversandtracksthebody

andoptical �o w of eachpart. They modelandrecover temporalvariationsin theac-

tionsby an`af�ne' transformationof time,
�ONP�RQ1�S4UT

, where
Q

is thetemporalscaling

parameterthatcanmodelspeed-upsandslow-downsand
T

accountsfor changesin the

startingtime of theaction. Brandet al [8] describea coupledHMM for representing

andrecognizingTai-Chigesturesmadeby two hands.In theTai-Chisequencestheau-

thorsconsidered,thetwo handscanmove independentlyaswell asin synchrony with

eachotherwhich makesthe actionssuitablefor beingmodeledby a coupledHMM.

They work with stereo,whichallowsthemto obtainthe3D coordinatesof theleft and

right hands,which areusedfor training their coupledHMM. An exampleof theuse

of Petrinetsfor modelingconcurrency andsynchrony in humanactionis thework by

Nametal whodescribeagesturerecognitionsystemin [52]. Thesubjectwearsaspe-

cial glovewhosesignalsform theinputto theirsystem.Theirgesturedatabaseconsists

of severalcoloredPetri netscorrespondingto eachdistinctgesturethat thehandcan

perform.Unknown gesturesarematchedagainsteachgesturein thedatabase.

Dir ect recognitionfr om ImageFeatures

Severalapproacheshaveavoidedreconstructingor representingtheposeof thehuman

for actionrepresentationandrecognitionandsoughta mappingfrom low level image
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featuresdirectly to anaction.ChomatandCrowley [14] useGabor�lters tunedto spe-

ci�c orientationsandfrequenciesto capturethe spatiotemporaldynamicsof actions.

Whenpresentedwith anunknown imagesequence,their systemcomputestheGabor

�lter responsesandusestheBayesrule to calculatetheactionprobabilities.Their ap-

proachis sensitive to temporalandviewpoint variations. In fact, the walking action

asseenfrom thefront, back,left andright views is consideredasfour completelydif-

ferentactions.Yamatoet al in [82] describeanHMM basedapproachfor classifying

varioustennisstrokeswhenviewed from the side. The humanis extractedand the

imageis binarizedsuchthat the humanis representedin white and the background

is representedin black.They divide eachimageinto pixel-blocksof con�gurablesize

andcalculatethefractionof blackpixelsin eachblock. Thisbecomestheirfeaturevec-

tor which is usedin themodelingof HMMs andin therecognitionof actions.Polana

andNelson[56] describeaway to detectaperiodicactionbasedon its spatiotemporal

appearance.Themoving humanis isolatedinto a boundingbox and�o w is computed

in pixel-blocks. If it is determinedthat the motion is periodic,templatematchingis

performedon theboundingboxesto classifytheaction.Bobick andDavis presentan

interestingapproachin [7] thatusesmotioncuesto representandrecognizeactionsin

aview-dependentmanner. They performbackgrounddifferencingfor eachimageand

createtwo `meta-images'per imagein thesequence:themotionenergy image(MEI)

which is abinaryimageshowing pixelsthathavehadadifferenceandthemotionhis-

tory image(MHI) whereeachpixel hasintensityproportionalto therecency of motion

at the pixel. Hu moments[32] of the MEIs andMHIs form the representationof an

action.
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View-Invariant Action Representationand Recognition

Generallyspeaking,asidefrom multicameraapproacheswheretheissueof viewpoint-

invarianceis not of particularconcernbecausetheactioncanberepresentedandrec-

ognizedin 3D directly, prior work haslargely ignoredtheviewpoint-invarianceissue,

especiallywhereit hasmatteredthemost- wherethe input is monocularvideowith

unknown cameraparameters.Nevertheless,someprior work hasaddressedthe issue

directly. SeitzandDyer in [63] havedescribedanapproachto detectcyclic motionthat

is af�ne invariantassumingthatfeaturecorrespondencebetweensuccessive framesis

known. Their goalof cyclic motiondetectionrequiresthecomparisonof two images

for similarity, so that a repeatingphaseof an actioncanbe detected.They general-

ize theTomasiandKanaderank theorem[72] for theaf�ne case,anduseit to verify

if therearerepeatingshapesin the scene.Rao,Yilmaz andShah[58] considerthe

problemof learningandrecognizingactionsperformedby ahumanhand.They target

af�ne invarianceandapply their methodon real imagesequences,usingskin toneto

segmentthe hand. They characterizean action usingdynamicinstants, which they

de�ne asmaximain the spatio-temporalcurvatureof the handtrajectorywhich are

preserved from 3D to 2D. Their approachdoesnot requirea modelandbuilds up its

own modeldatabasebasedon input actions. Syeda-Mahmoodet. al. [69] represent

actionsas `generalizedcylinders', formulating the action recognitionproblemas a

joint action-recognition/fundamental-matrixrecoveryproblem.Theircorerecognition

modulerequiresthat the startingandendingpositionsof an action are known, and

variousstartingandendingpositionsarehypothesizedexhaustively. Further, their ap-

proachis sensitive to variationsin thespeedof executionof theactionaswell asthe

framerate.Campbellet. al. in [12] considertheproblemof extractingview invariant

featuresfor 3D gesturerecognition. The input is stereodatawhich allows themto
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work on the3D coordinatesof thetwo handsdirectly. They considervariouspossible

featuresfor representingTai Chi movesusinga HiddenMarkov Model andreporton

their performances.

1.4 Contrib utions of this Thesis

This thesismakescontributionsto the last two of the threeproblemareasdescribed

above in section1.2. The contributionsaredriven by threenew ideaswhich arede-

scribedbelow:

1. A new approachfor humanactionrepresentationandrecognitionhasbeende-

vised that is basedon 2D projective invariancetheory. Staticand temporally

varying2D projectiveinvariantsareusedto representthespatiotemporaldynam-

ics of humanactionto enableits recognitionin a quasi-view-invariantmanner.

We presenta detailedanalysisof theapproachwhich revealsweaknessesinher-

entin a straightforwardimplementationof thekey ideas.We proposeheuristics

designedto surmounttheseweaknessesandimproveits robustness.Whatresults

is anactionrepresentationandrecognitionapproachthat is not only resistantto

changesin viewpoint, but is robustenoughto handledifferentspeedsof action

(andhenceframe-rate),differentsubjectsandminor variabilitiesin the action.

We presentresultson 2D projectionsof motion capturesequencesaswell as

manuallysegmentedreal-imagesequences.

2. A 3D approachto thehumanactionrepresentationandrecognitionproblemthat

is moregeneralthanthe pure-2Dapproachoutlinedabove hasbeenalsobeen

devised.Prior work donein theareaof mutualinvariantsfor objectrecognition

is usedas the foundationfor the derivation of two new approachesfor action
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representationandrecognition. We call thesethe restricted-3Dapproachand

the full-3D approach.The theoryandimplementationof the restricted-3Dap-

proacharesimpleandef�cient but theapproachis applicableonly to arestricted

classof humanaction. On the otherhand,the theoryand implementationof

thefull-3D approacharemorecomplex but theapproachcanbeappliedto any

generalhumanaction. A detailedanalysisof the two representationsis pre-

sentedwhich, like in the pure-2Dcase,revealsweaknesseswhich make them

unlikely to work well in thegeneralcase.Heuristicssimilar to thosein thepure-

2D casearedesignedto improve the robustnessof the method.Resultson 2D

projectionsof humanmotion captureand on manuallysegmentedreal image

sequencesdemonstratetheeffectivenessof theapproach.

3. The�nal ideais a contribution to theareaof visualhumanmotioncapture,and

enablestherecoveryof the3Dcoordinatesof variousbodyjointsin acanonically

scaledbody-centriccoordinatesystem,givensimplythelocationsof thosejoints

in a singleperspective imagetakenfrom anuncalibratedcamera.This problem

haspreviously not beenaddressedin a generalway andcan form the initial-

ization stepof a visual humanmotion capturesystem. We make the (usually

plausible)assumptionthattorsotwist is negligible, whichallowsusto applythe

restricted-3Dtheory(outlinedabove) to theproblem.We �rst recover thehead

orientationby settingup a simplesystemof polynomialsin termsof the head

rotationangles.Oncetheheadorientationis recovered,thesystematicrecovery

of all of theotherbodyjoint coordinatesbecomespossible.We performanem-

pirical analysisof the sensitivity of the resultsto modelandimagenoise. We

alsopresentresultsof theapproachonrealimages.
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1.5 Organization

Chapter2 presentsa brief review of thefundamentalsof viewpoint invariancespecif-

ically as it relatesto the thesis. For this reason,the focus is on projective view in-

varianceratherthan invariancefor othercameramodels. Chapter3 describesa 2D

approachto the humanaction representationand recognitionproblembasedon 2D

projective invariants. In chapter4, we describe3D approachesto theproblembased

on mutualinvariants.Chapter5 describesanapplicationof mutualinvariantsfor the

recover of the the humanbody posefrom a singleuncalibratedimagetaken from a

perspective camera.We concludeanddiscussextensionsto thethreecontributionsin

chapter6.
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Chapter 2

View Invariance

2.1 Intr oduction

Theviewpoint is avariablenotparticularto any humanactionthatmaybetakingplace

in a scenebeingobservedby a camera.It is desirable,aswe observedin chapter1, to

make the actionrepresentationandrecognitionsystemindependentof the viewpoint

andthecamera.In many applicationsof humanmotionanalysis,suchascontentbased

video retrieval andvisual motion capture,the viewpoint andcamerainformationare

typically not available. For suchapplications,viewpoint invariancebecomesa good

propertytoseek.Thequestionweseektoansweris : Givenimagesequencesobserving

thesamehumanactionfromdifferentviewpointsanddifferentcameras,do quantities

exist that canbecomputedfromtheimagesequencesandwhosevaluesare preserved

acrossall viewpoints? In this chapter, we brie�y review the necessarybackground

requiredto answerthequestionwhich in turnprovidesa foundationfor thealgorithms

introducedin this thesisanddescribedin laterchapters.
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2.2 ProjectiveGeometry

Perspectiveprojectionenablesthemodelingof theimageformationprocessin themost

generalway, althoughapproximatecameramodelssuitablefor certainsituationshave

alsobeendevisedandused.Thesehave includedtheorthographic, weakperspective

andaf�ne cameramodels.A questionsimilar to whatweposedin theprevioussection,

hasbeenpursuedin thedomainof single-imageunarticulatedobjectrecognitionwhere

severalwell-foundedalgorithmshavebeendevisedin thepast.Thegeneralfoundation

for thesealgorithms,andfor thestudyof perspective effects,is the�eld of projective

geometry. Besides[49], [50] and [48], which provide good startingpoints for un-

derstandingvarioustechniquesfor achieving viewpoint invariantobject recognition,

Horadam[31] provides an accessibleintroductionto the mathematicsof projective

andrelatedgeometries.Whicher [79] providesa complementarynon-algebraicand

purelypictorial descriptionof themainideasandresultsof projectivegeometry.

A key featureof projectivegeometryis theuseof homogenouscoordinates,which

enablestherepresentationof pointsthatareanin�nite distanceaway. Thisis necessary

becausepointsat `in�nity' canmap(i.e. project)to �nite locationsin their image:a

familiar exampleis thatof an imageof a roadwherethe two parallelsidesappearto

meetat a �nite locationin the image[48]. Similarly, �nite pointscanmapto in�nity

aswell. Thehomogenousrepresentationof a point in V dimensionalprojective space

involvesusingavectorof dimensionV
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 whereoneof theelements(typically thelast

one)representsa scalefactor. In otherwords, W and XYW ( X[Z

�\!

) representthesame

point. The`true' coordinatesof thepoint areobtainedby dividing eachhomogenous

coordinateby the scalefactor. For example,given the homogenouscoordinatesof

a pixel as )5/1��2D�

�,+

, the true pixel location is given by )0/DC

�

��2�C

�,+

. Pointsat in�nity

correspondto
�]�^!

. With this representation,pointsat in�nity are representedin
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the sameway as points not at in�nity - a key departurefrom Euclideanand af�ne

geometries.

2.3 Mapping the World to an Image
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Z
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Figure2.1: Transformationfrom World to Image

Throughoutthisthesis,W denotesthevector3D coordinatesof apoint in theworld

and _ , thevector2D coordinatesof a point in theimage. ` , a , b denotethecompo-

nentsof W while / , 2 denotethecomponentsof _ . W and_ will representhomogenous

or non-homogenouscoordinatesdependinguponthecontext of discussion.

Theprojectionof a3D world ontothe2D imageplane(�gure 2.1)canbedescribed

by aprojectivetransformationc whichmapsa3D world point W to a2D imagepoint

_ . Taking both, W and _ ashomogenouscoordinateshere,this makes W a 4-vector
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and _ a3-vector. Giventhis,thetransformationc is necessarilya3 d 4 matrix. c has

eleven parametersin the generalcase.We areparticularly interestedin caseswhere

we do not know beforehandtheobjectsin thescene,andtheproperties,positionand

orientationof thecamerain theworld. Thismeansthat c is unknown andwill assume

differentvaluesfor differentviewpointsandcamerasobservingthesameworld point

W . Transformationsbetweenspacesof unequaldimensions,suchas c , aredif�cult

to work with becauseof their non-invertibility andtheresultinginherentlossof infor-

mationin the transformationprocess.On the otherhand,projective transformations

betweenspacesof equaldimensionsareeasierto studybecausethereis no suchloss

of information. Giventhis, it is not surprisingto notethat the literatureon thecalcu-

lation of projectively invariantquantitiesthat arisein 2D-2D transformations(�gure

2.2) is rich (e.g. [61], [49]). Givena setof world pointsin homogenouscoordinates

=
11

y

x

P

Camera Center

x

y

(2) (1)

Figure2.2: TransformationBetweenTwo Planes

Wfe , g

�


���
�hihjhlk that lie on a plane,andgiventhehomogenousimage-coordinatesof

thepointsfrom two differentviews,namely_nm

�6o

e

and _pm

�qo

e

, it is well-known thatthetwo
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viewsarerelatedby a transformationr suchthat

_sm

�qo

e

�

rt_pm

�6o

e

r is a �#du� matrixwith eightdegreesof freedom,alsocalledtheplanarhomography

(AppendixA providesa proof of this). Transformationsbetweenspacesof equaldi-

mensionlike v canbegeneralizedto V dimensions,wherethetransformationmatrix

is of size )BV

4




+

d<)BV

4




+

andis alsocalledacollineation.

2.4 Invariants

Thesearchfor invariantsbecomesthesearchfor quantities,givenaspeci�c con�gura-

tion of points1 thatarepreservedfor all possiblevaluesof the transformationmatrix,

be it c or v . Burnset al [10] answeredthe questionin thenegative for c . In other

words,they provedthatthereexist nonon-trivial quantitiesthatcanbecomputedfrom

animageof asetof 3D world points,thatareinvariantto c . For collineationssuchas

v , however, theredoexist invariants,afactwhichhasbeenknown for centuriesatleast

for thecaseof 1D projectivespace.In termsof metricquantities,it canbeshown that

collineationsdo not preserve lengths,anglesandratiosof lengths. However, ratios

of ratiosof speci�c quantities(alsocalledcross-ratios) are preserved. Thenatureof

the quantitieswhosecross-ratiosare taken, dependsupon the dimensionof the un-

derlying projective space.For 1D they aredistances,for 2D they areareas,for 3D

they arevolumeswhile for higherdimensionalspace(which is not particularlyrele-

vantfor computervision),they arehypervolumes.Figure2.3showsthe1D cross-ratio

1We mentionpointsherebut thesearchfor invariantsis not exclusive to points- lines,curvesand

surfacescanandhavebeenconsideredaswell. We talk aboutpointsfor easeof presentation.
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Figure2.3: 1D Cross-Ratiorequiresfour points.

constructionwhich requiresfour pointsandproducesoneinvariantwhich is givenby:
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where g{z is the signeddistancebetweenpoints g and z . For a plane,� ve pointsare

requiredwhich resultin two invariantscalculatedasfollows:
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where
|

e…„,† is thesignedareaof pointsg , z , and ‡ givenby thedeterminant2 ˆ

_1‰#_�Šu_Œ‹

ˆ .

A proof of this resultcanbefoundin AppendixA. In general,V dimensionalprojec-

tivespacerequiresV

4


 pointsto form aprojectivebasisandrequiresV

4

� pointsto

form invariantsresultingin V invariants.

2This requiresthatno threepointsarecollinear.
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As is speculatedin [49], all typesof invariantscalculatedin thesespacescanper-

hapsultimatelybetracedto somecross-ratioconstruction.Besidestheabovequantita-

tive invariants,thereexist qualitative invariantsaswell: c and v mappointsto points

andlinesto lines,preservingcollinearity, incidenceandconcurrency, all of which can

beusedfor viewpoint invariantrepresentationsof objects.

2.5 Viewpoint Invariant Representationand Recogni-

tion

A bulk of prior work in theobjectrecognition�eld hasconcerneditself with 2D pro-

jective spaceusing2D invariantsto representobjects(e.g. severalpapersin [49] and

[50], [61]). Besidespoint basedconstructionsthat lead to two invariantsfor a � ve

point tuple, invariancefor 2D curveshasalsobeenstudied.Four pointsde�ne a 2D

projective basis.Any four pointson a planecanbechosento form a projective basis

andbe mappedto a canonicalcoordinatesystem )

!

�

!

�•


+

�J)O
��

!

�•


+

�J)

!

�S
��•


+

�J)O
��S
��S


+

.

The coordinatesof any otherpoint expressedin the transformedcoordinatesystem

will thenbeinvariantto all collineationsof theplane.Thisfacthasbeenusedby Roth-

well et al in [62] to matchnon-algebraicplanarcurves. Given a curve, their points

of bitangency arecalculated�rst, (which arepreserved by collineations). Tangents

formedby rayscastfrom thetwo pointsontothecurvearecalculatednext to givefour

total points. Thesepointsarechosento form a projective basis,into which theentire

curve is mapped(see�gure 2.4). By de�nition, all viewsof thecurvewill give riseto

thesamecurve in thecanonicalframe,makingthecanonicalframecurveaninvariant.

Rothwell in [61] describesa machinevision systemcalledLEWIS wheretheseideas

areput to use. Weiss[76] describestheconstructionof a differentkind of canonical
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Figure2.4: Rothwellet al'scanonicalframeconstructionusingbitangents

referencesystem.He �rst �ts aquarticto thegivensetof pointson theplanarcurveto

berepresentedor recognized.Next, anosculatingcurve3 of known form is calculated

ateachpoint. A seriesof transformations(includingprojectivetransformations)is ap-

plied to the osculatingcurve so that it takeson a standardform. The sameseriesof

transformationsis appliedto thegivencurve. Thecoef�cients of thetransformedcurve

areby de�nition projectively invariantbecausethesamecoef�cients will bearrivedat,

no matterwhichview of thecurvewestartedwith.

2.6 View invariant 3D object recognition

Thenegativeresultof Burnsetal [10] for c doesnotnecessarilyimply that3D object

recognitioncannotbe donein a view-invariant way. Model basedinvariants, also

calledmutualinvariantsis arelatively newerareaof study([75], [68], [77]), wherethe

objective is to developcompatibilityrelationshipsbetweenquantitiescalculatedfrom

3Osculatingcurvesgeneralizethe conceptof tangency: an osculatingcurve to a given curve at a

givenpoint is thatcurvewhichhasthesamesetof the�rst Ž derivativesat thepoint asthegivencurve.

Ž is calledtheorderof contact.
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3D coordinatesandquantitiescalculatedfrom their image.Ratherthanthequantities

themselves,it is therelationshipsbetweenthemthatareinvariantto viewpoint. These

ideasextend the applicability of viewpoint invariant representationand recognition

approachesfrom points,linesandcurveson aplane,to 3D objects.

In this thesis,we extendandapplysomeof theideasfrom theseviewpoint invari-

ant representationandrecognitionschemesto the taskof humanmotion recovery. A

uniquechallengefor humanmotion recovery is the requirementthat the systemdeal

with thenon-rigidityandthedynamicsof thehumanbodyandits movement.
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Chapter 3

2D Approachesfor Action Representationand

Recognition

3.1 Intr oduction

In thischapter, weshow how ideasfrom prior work in 2D-2Dprojectiveinvariantscan

beadaptedandappliedto our goalof representingandrecognizinghumanactionin a

view-invariantmanner. Weobservedin thepreviouschapterthatbasedonthecounting

argument,for 2D projective transformationsthat have eightdegreesof freedom,� ve

pointswill giveriseto two invariants.Therearethreedifferenttechniquesto obtainthe

invariants:(1) 2D cross-ratios,(2) the canonicalcoordinatesystemtechniquewhere

the �rst four pointsaremappedto known positionssuchthat the two coordinatesof

�fth point in thesystembecomeinvariantand(3) thecross-ratiosof two pencils,where

the�rst two pointsareconnectedto everyotherpoint therebyforming two pencilsand

the crossratiosof any two lines intersectingthe pencilsbecomethe invariants. We

choosethe2D cross-ratiosbecauseunliketheothertwo techniques,theassociated�•d��

determinantscanbecalculatedrathereasilyandtheexpressions(equation3.1)have a

simplegeometricinterpretationin termsof cross-ratiosof areas.In our discussions,
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wewill usetheterm`invariants'for theabovevalueswhenthey referto themodeland

theterm`area-cross-ratio'whenthey referto thecalculatedquantitiesfrom theimage.

For convenience,we repeattheexpressionsfrom chapter1 here:
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where
|

e…„,† is thedeterminantˆ

_1‰•_�Š‘_’‹

ˆ .

3.2 Key Ideas

We canrepresentthe actionin a view independentway by choosingkey posessuch

thatatleast� vebodyjointsalignthemselvesapproximatelyin aplane(wesayapprox-

imate, herebecausewecanshow (aswedo in section3.3.3)thatwecanachievegood

resultsevenwith approximateratherthantotal planarity).We call suchposescanoni-

cal poses.This is indeedpossiblefor a varietyof humanactions.Let usconsiderthe

exampleof theactionwalking. Duringwalking,thepalms,feetandheadof theperson

fall in a vertical planeperiodically(e.g. �rst imagein �gure 3.2). Figure3.1 shows

thedistancesof theright-foot andtheheadto theplaneformedby theright-shoulder,

left-shoulderandtheleft-foot of awalkingpersonfrom motion-capturedata.Thedis-

tanceshavebeennormalizedby thehead-to-toelength.A zero-crossingof two curves

indicatesthatthe� ve jointsareonaplane.Let usdenotethiscanonicalposefor walk-

ing, wherethepalms,feetandheadlie approximatelyona planeas �t� . Thedetection

of �.� by itself providesus a strongcuethat a `walk-like' actionis taking placeand

canbecomepart of the actionmodel for walking. In addition to the �t� pose,each

correspondingleg andhandof thebodytraceareaslying approximatelyonaplane.In

otherwords,theleft handandleg aswell astheright handandleg lie approximatelyin

aplanein eachwalk cycle. Further, thereexist two poseswherethebodylimbsswing

37



0 50 100 150 200 250 300
-1

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1
Planarity

Frame Number

N
or

m
al

iz
ed

 D
is

ta
nc

e 
fr

om
 P

la
ne

Head
Right Foot

Figure3.1: �.� Planarity

to their maximalpositionsandtheendeffectorsattaintheir maximumdistancesfrom

the torso. Call thesecanonicalposes�“� and ��� (see�gure 3.2). Thereexist many

Figure3.2: Canonicalposes��� , ��� and ���

joint combinationsthatcouldbeusedto represent�	� , ��� and ��� . Therequirementto

be satis�ed of a joint combinationis that the joints lie approximatelyon a planefor

the correspondingpose. We canpick tuplesof � ve suchjoints anduse(3.1) to pre-

computea pair of invariantsfor eachtuple. Pairsof invariantsfor several � ve-tuples

canbeusedto representa particularbody-posewhich occursat a singleinstantof an

action.For theactionwalking, a simpleactionmodelwould thusbetherepeatingse-

quence��� , ��� , �.� , ��� . Clearly this type of abstractionof an actionin termsof the
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invariantsfrom a planardecompositionis possibleonly if we canlocatea signi�cant

numberof posesin theactionwhere� ve or morejoints lie approximatelyon a plane

andis notacompletelygeneralmethodfor representingany arbitraryaction.However,

in practice,this is possiblefor many otheractionsincludingjumping,waving, running,

sitting-down etc.For achieving viewpoint invariance,besidescanonicalposes,wecan

also exploit stationarityof one or more joints acrossframesbecausestationarityis

alsoviewpoint-invariant(aqualitativeinvariantsimilar to thosediscussedin chapter1,

section2.4).

3.3 Analysis

Faugerasin [22], drawing on Marr andNishihara's [42] threecriteria for judging the

effectivenessof a 3D shaperepresentation,lists four criteriafor judgingtheeffective-

nessof a geometricprimitive representation:minimalism,completeness,continuity

anduniqueness. We believe that in additionto beingdesirablequalitiesof a geomet-

ric primitive representation,thesecriteria canserve asqualitative benchmarksfor an

actionrepresentationaswell. In the following sectionswe brie�y considereachof

theabovecriteriaandseehow ourhumanbodypose(andhenceaction)representation

measuresagainstthem. We alsoconsiderthesourcesof variability in the2D `invari-

ants'andtheeffectivenessof theuseof invariantsfor classi�cation.

3.3.1 Minimalism

A representationshouldbe minimal; i.e. it shoulduseno more than the required

numberof parameters.A humanbody poseis completelydescribedby the values

of all joint anglesof the body. But becausethis cannotbe donein a view-invariant
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manner, ourapproachpicks� vejoints thatlie approximatelyonaplaneandrepresents

their relative con�guration by useof two numbers,�E� and �S� . Whetheror not the

� ve chosenjoints suf�ciently capturethe poseof the body is a questionanswerable

only relative to the speci�c poseandspeci�c � ve-tupleof joints used. However, if

the chosenjoints do capturetheposeeffectively, two scalarsareindeedthe minimal

numberof parametersneededto representtheposebecausetherearetwo degreesof

freedomfor � vepointsin 2D projectivespace.

3.3.2 Completeness

Therepresentationshouldbecomplete;i.e. for eachcon�guration, thereshouldexist

arepresentation.Clearly, our representationdoesnotallow therepresentationof every

poseof thebodybecausenot all poseswill have a suf�cient numberof joints that lie

closeto a plane. Secondly, for degeneratepositionswherethreejoints arecollinear,

theredoesnot exist a representation.Thesetwo problemsare not of consequence

for usbecauseour choiceof pointsspeci�cally avoidsthem- we only pick canonical

poses(i.e. thosewith a suf�cient numberof joints on a plane)andthe setof joints

in non-degeneratepositionsfor our representation.For suchposes,thereis indeeda

representation.

3.3.3 Continuity

In�nitesmal deviationsin therepresentedentityshouldresultin in�nitesmal deviations

in therepresentation.This is a critical requirementfor us to satisfybecausewe have

beenonly insistingontheapproximateplanarityof thejoint combinations.Whenthere

aresmalldeviationsfrom aplane,wewould likethecalculatedinvariantsto alsodiffer

only by asmallamount.
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We establishthecontinuityrequirementfor oneinvariant, ��� andfor a smalldevi-

ation in onepoint. Establishingtherequirementfor �x� andfor deviationsin theother

pointscanbedonein thesamefashion.We assumethat thepointsarein generalpo-

sition andtheinvariantsare�nite to begin with. Let W”‰ denotetheworld coordinates

of the g th point. Let usassumethatthe�fth point, W–• hasdeviatedfrom a planeby a

smallamount,—•W˜• . Let ��� bethevalueof theinvariantwith the�fth point W”•š™ taken

asthepoint of normalon theplanespannedby theotherfour pointsfrom W›• . Let c

be the world-to-imagetransformsuchthat _s•

�

c=W˜• . Setting W˜• as W]•S™

4

—•W˜• ,

afteralgebraicmanipulationanddroppinghigherorderterms,we obtainthedeviation

in _1• : œ
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Hence,assumingthat the coordinatepositionsare �nite to begin with, it canbe

seenthatthedeviation in the�fth imagepoint is smallfor asmalldeviationof the�fth

world point.

If

œ

�J� is thedeviation in �§� , wehave:
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Figure3.3: EuclideanNormof InvariantDistancesfor �	�

Hence,if the invariantvalueis �nite to begin with, we seethat it variesin�nites-

imally for small deviationsfrom a plane. This resultjusti�es theuseof thresholding

for determiningif thebodyis in a particularcanonicalpose.However, this is a quali-

�ed justi�cation becausealthoughin�nitesimal, thedeviationsin the invariantvalues

(

œ

�J�š�

œ

�S� ) aredependentupontheviewpoint
$

. In theextremecase,if thecamerais

very closeto thesubject,the denominator
Q

will be small andthedeviationswill be

large.However, for moderatelydistantcamerapositions,weareableto getreasonably

goodresultswith only a singlethresholdfor all viewpoints.Figure3.3shows theEu-

clideandistancesbetweenthewalking ��� invariantsandthearea-cross-ratiosagainst

eachframefor a walking subject.Thedistanceshave beenplottedfor threedifferent

viewpoints: a side-view, a front-view anda top-view (notethat theseareviewpoints

1, 3 and5 in �gure 3.15which we shall describelater in this chapter). The datais
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for the sameactionsequenceshown in �gure 3.1. It canbe observed from the data

that while thereis no correlationbetweenthe area-cross-ratiosfor frameswherethe

bodyis not in the ��� pose,all thecurvesmeetwhenthebodyis in the �	� pose.Note

alsothat thecorrelatingframescorrespondto thezerocrossingsin �gure 3.1. For all

theviewpoints,thedistancebetweenthearea-cross-ratiosandtheinvariantsis closeto

zerowhenthebodyis in the ��� pose.

3.3.4 Uniqueness

A representationshouldbeunique,i.e. one-to-one.Ourrepresentationdoesnotsatisfy

theuniquenessrequirementon two counts.Firstly, joint projectionsof differentbody

con�gurationscouldpotentiallybeidenticalif therespective jointshappento lie along

thesameline of sight from thecamera.This maynot alwaysbe possiblebecauseof

integrity constraintson thebody(e.g. �x ed limb-lengths,joint anglelimits etc.),but

such`spurious'posescanoccur. Secondly, only � ve joints areusedin representing

eachcanonicalpose.Theotherjointsareeffectively abstractedoutandthiscouldpose

a problembecausethebodycouldbein a differentposeof a differentactionthanthe

oneto which it is classi�ed if the`abstracted-in'joints arein thesameposewhile the

`abstracted-out'jointsarein adifferentpose.

3.3.5 Fixing Non-Uniqueness

Therearetwo strategiesfor reducingthe probability that spuriousposeswill be de-

tected.First, we canrepresenta canonicalposeby morethanone� ve-tupleof joints

with theobservationthatthelikelihoodthattwo setsof � ve jointsarebothin spurious

positionsimultaneouslyis small.Secondly, wecanexploit planarityof jointsspanning

severalframes- we alreadynotedthatcertainlimbs traceareason aplaneduringsev-
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eralactions.We canconsiderthe temporalevolution of the invariantsformedby � ve

suchjointsateachphaseandmakethatpartof therepresentationof anaction,with the

observationthatwhile adifferentactioncanresultin matchesata few phases,only the

correctactionwill matchat all phases.Finding� ve joints in a planefor all thephases

of anactionis quitedif�cult. Consideringwalking onceagain,theleft/right armsand

legs tracefour differentplanesand on eachplane,thereare atmostthreejoints we

canidentify - shoulder-elbow-handandhip-knee-foot.We solve this problemby �rst

identifyingarangeof framesdelineatedby alternateoccurrencesof thecanonicalpose

�.� (see�gure 3.4). Two joints (saytheright-hip andright-foot) for thestartandend

framesgive us four points. The two invariantsformedby a �fth moving point (say

Figure3.4: ISTs

the right-knee)will tracetwo trajectorieswhich we call invariancespacetrajectories

(ISTs). We thusobtainthe� ve pointsnecessaryfor computingtwo invariantsat each

phaseandstill needto identify only threejoints in eachphase. The useof ISTs is

advantageousfor anotherimportantaspect:Recall from our continuity analysisthat

thecloserthejointsareto aplane,themoreaccurateis therepresentation.Theoverall

distancesbetweenthe points for which we calculateinvariantsin an IST, are larger
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thandistancesbetweenpointsin a singleframeandsotheplanarityof the� ve points

in anIST is better. Othernicepropertiesthat ISTsbuy usareindependencefrom the

framerateandspeedof theaction,becausethestartingandendinginstants(andhence,

duration)of the ISTs arenot �x ed upfront. Rather, they areeventdriven (i.e. deter-

minedby theoccurrenceof speci�c canonicalposes).Notethat ISTscanbesuitably

employedfor otheractionssuchasrunning,sitting-down,waving, etc.

3.3.6 Variability

Zatsiorsky [83] describesdifferent modelsof the humanbody suitablefor geomet-

ric analysis. The simplestisometrymodelassumesthat body partsof differentsub-

jects,whenscaledby a referencebody part (i.e. the relative body proportions)will

besubject-invariant.Theallometrymodelassumesthatrelativebodyproportionsvary

with overall body sizeand is considereda betterapproximation.For instance,chil-

drenhaveaproportionallybiggerheadthanadults.In additiontheproportionsvaryby

af�ne transformations[83]. Our representation)0�����3�S�

+

is invariantto projective trans-

formationsof theconsideredjoints (which includesaf�ne transformations)but dueto

allometry, therewill bevariationsin thesevaluesacrosssubjects.For thesamereason,

ISTswill alsoexhibit somevariability. Thesevariabilities,though,arequitesmalland

in section3.5.3wepresentempiricalevidenceof this fact.Wedealwith thesevariabil-

itiesby calculatingtheempiricalmedians)0¯1°•±���¯’°B²

+

andstandarddeviations )0³P°´±���³©°B²

+

of the invariantsfrom motioncapturedata,andusea normalizeddistancemeasureas

follows:

�

� µ¶

¶

· ¸

���p8:¯’°´±

³©°
± ¹

�
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¸

�S�¬8:¯’°B²

³©°
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3.3.7 Using Invariants For Classi�cation

Cross-ratiosarenotuniformly distributedover theline or theplaneandtherehasbeen

someresearchin understandingand formulatingdecisionrules that accountfor the

non-uniformity. Maybankin [43] andAstrom andMorin in [5] have independently

derived expressionsfor the probability distribution of the 1D cross-ratioandshown

that therearelogarithmicsingularitiesat 0 and1. AstromandMorin have suggested

theuseof thecumulativedistribution to weighttwo invariantsbeforecomparingthem

to eliminateany biasintroduceddueto thenon-uniformdistributionof thecross-ratio.

Maybank[43], suggestsa simpleclassi�cationrule basedon onethreshold
�

andthe

standarddeviationof image-spacenoiseV :

Acceptif º�³˜8‚»pº�¼ªV

�

F (3.3)

Rejectif º�³˜8‚»pº�½¦V

�

F

where³ is themodelcross-ratio,» is themeasuredcross-ratiofrom theimageand F is

thegradientof thecross-ratiow.r.t. theimagecoordinates.Heshowsthatastraightfor-

wardapplicationof thisrulefor objectclassi�cationwill likely fail becauseof thelarge

numberof falsematches: thesystemwill essentiallỳ hallucinate'thepresenceof an

objectgivenasetof randomfeature-points.This is indeedasigni�cant limitation of a

projective-invariancebasedapproachwhichweneedto work around,andtheproblem

it presentsis moreacutefor our casecomparedto Maybank's applicationdomainof

1D objectclassi�cation. In our case,we have additionalproblemscausedby errors

arisingfrom thenon-planarityof thebodyjointsandnon-uniqueness.Weaddressthis

problemusingthe following threeheuristicsthat imposespatialandtemporalcoher-

enceconstraintson a candidateaction-instance,beforeit canbeclassi�ed asa model

action:
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1. Clearly, a simple thresholdingrule suggestedby Maybankwill not work be-

causewhenthebody is in a posecloseto thecanonicalpose,thedifferencein

the invariantswill be small. For example,in �gure 3.3, if onewereto choose

a thresholdof 0.5, a large numberof frameswould satisfy the threshold. A

straightforwardwayof dealingwith thisproblemis to imposeanadditionalcon-

straintthatthedistancebea local minimum. With this constraint,in this exam-

ple,wewouldperformnon-minimasuppressionandpick only � veframeswhich

indeedcorrectlycorrespondto the ��� pose.

2. Theuseof oneor moreISTsprovidesfor atemporalcoherency constraint:while

theremayberandommatchesat a few framesof theIST, thechancesthatthere

is a randommatchfor every framein an IST will be small andthis is indeed

borneoutby ourexperiments.

3. Representinga poseby the invariantsof multiple � ve-joint setsprovidesfor a

measureof robustnessagainstrandommis-matches: while one� ve-joint tuple

maymatchspuriously, thelikelihoodof all � ve-joint tuplesmatchingis small.

3.3.8 Dynamic Programming on the ISTs

Fromanempiricalanalysisof motioncapturesequences,we found that the ISTsex-

hibit minor variabilitieswhenan actionis performedrepeatedlyby the samesubject

andalsowhenthe sameactionis performedby differentsubjects.Figure3.5 shows

the ��� walking IST for onesubjectperformingthewalk-cycle action� ve timeswhile

�gure 3.6shows the �§� walking IST for � ve differentsubjects.It canbeobservedthat

the ISTs arefairly similar but thereareminor variabilities,both, in thevaluesof the

invariantaswell asits temporalcharacteristics.We employeddynamicprogramming
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Figure3.5: Walk-cycle IST, samesubject,� ve instances

[16] for matchingagiventrajectoryof invariantswith anIST whichwedescribebrie�y

below.

Let F be a sequenceof framescontainingarea-cross-ratioswhich we would like

to matchwith P the setof IST invariants.Let ¾§e

-R¿

and Ày„
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v where g
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�hih

|

. In otherwords, k is thenumberof framesand
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We seekthe optimal mapping Â Ã=v Ä
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suchthat the cumulative distancebe-

tweenthe invariantvaluesof eachframewith thephasethat it is mappedto, namely
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Figure3.6: Walk-cycle IST, sameaction,� vesubjects

For notationalconvenience,we think of Â asmappingthe phasenumberz to a

framenumberg . We �rst calculatea linearform for Â (call it ÂnÐ ):

ÂsÐ�)iz

+¬�
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|
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ž

)jz=8[


+

(3.4)

Ouruseof dynamicprogrammingnow is to enableusto pick theoptimalvaluewithin

awindow Ó oneithersideof Â¢Ð . Wehave
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Proceedingfrom phaseno. 1 towardsM, let Ý›)iz���g

+

denotetheminimumcumula-

tivedistanceof themappinguptophaseno. z with phaseno. z mappedto frameno. g .

Wecanthenwrite down thefollowing dynamicprogrammingrecurrencerelation:
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for all ‡ in thewindow:

ÂsÔ•eÖÕ©)jz
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½ ‡ ½ ÂsÔs×q �)jz

4




+

Oncetherecursionis calculatedandtheoptimizingframenumberis foundfor thelast

phase,z
�

|

, we backtrackto the�rst phase,z
�


 andreadoff theframenumbers

ateachphasez .

3.4 Algorithm Details

We �rst make precisea few termsthatwe discussedin earliersectionsandwhich will

beusedin describingthealgorithm.Following that,wedescribethealgorithm.

3.4.1 De�nitions

A canonicalposeconsistsof � ve orderedjoint names,two invariant valuesand a

thresholdfor matchingpurposes.The area-cross-ratios(3.1) that we computefrom

the imagecoordinateswill be closeto the two referenceinvariantswhenthebody is

in the canonicalpose.We declarea matchwhentheEuclideannormof the distance

betweenthe invariantsandthe area-cross-ratiosis below the thresholdandis a local

minimum. Besidesthe canonicalpose,we alsode�ne a stationaryposewhich con-

sistsof oneor more joint names,a window-sizeanda thresholdwith the following

semantics:Thestationaryposeis declaredasdetectedif thecombinedmotionof the

joints within a window of the speci�ed sizeis below the threshold. We refer to the

canonicalposeand the stationaryposesimply aspose. An IST consistsof two de-

lineatingposesdeterminingthe startandendof the trajectory, threejoint namesand

�ags indicatingwhetherthejointsare�x edor moving (recallthediscussionin section

3.3.5),two sequencesof invariantvaluesanda thresholdfor matching.We represent
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the two sequencesat discretepointsin non-dimensionalizedtime that runsfrom 0 to

1. Givena trajectoryof observedarea-cross-ratios,dynamicprogrammingis carried

out thatmapseachpoint in the trajectoryto an optimumpoint on the IST andif the

averageinvariantdistanceperpoint of thetrajectoryis smallerthanthethreshold,the

trajectoryis declaredasmatchedto the IST. An action modelconsistsof canonical

posesor stationaryposesandoneor moreISTs.

3.4.2 Algorithm

The input to thealgorithmis anactionmodel Þ anda sequenceof frames
¿

. Rather

thanan image,in our case,eachframe ¾

-ß¿

consistsof body joint namesandtheir

2D imagecoordinates.Theoutputis a sequenceof thestructure)6à���á����

+

with thefol-

lowing semantics:theaction Þ wasfoundto occurstartingat frameno. à andending

at frameno. á with anoveralldistanceof � . Thesmaller� is, thebetterthematch.The

following is thepseudocodefor theactionrecognitionalgorithm:

Recognize(ActionÞ , Frame â

¿�ã

)

Initialize list
T

to â

ã

for each pose À

-

Þ

Initialize list ä to â

ã

for each frame ¾

-

â

¿�ã

Compute Euclidean norm V of invariant distances

if ( V < À .threshold)

push ( ¾P��V ) into ä ;

end if

end for
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smooth ä based on field V

äŒå local minima of ä based on field V

end for

for frame numbers )6à7��á

+æ-

ä where à=çßá

boolean detected=TRUE

�#å

!

for each IST g

-

Þ with delineators à and á

calculate area-cross-ratios between )Üà���á

+

get optimal distance V by dynamic programming

if ( V > g .threshold)

detected=FALSE;

break;

end if

�;å �

4

V

end for

if (detected)

Push ( à , á , � ) into
T

end if

end for

output
T
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3.5 Creatingan Action Model Database

3.5.1 Data Acquisition

We obtainedhumanmotion capturedatafrom public andcommercialsources.The

datasetsincludedseveralsubjectswalking, runningandsitting-down. Thesedatasets

were in different formats, including the BioVision Hierarchy(BVH) format (from

CredoInteractive[33], acommercialsource),Acclaimformat(from theCarnegieMel-

lon Universitypublicdomainmotioncapturerepository[73]) andin raw formatwhere

the3D coordinatesof eachjoint werelistedper frame(from theGeorgia Instituteof

Technologypublicdomainmotioncapturerepository[53]). Wedecomposedeachmo-

tion capturesequenceinto a personpartandanactionpart. Thepersonpartconsisted

of theskeletalmodelof thepersonwhile theactionpartconsistedof thejoint anglesof

theaction.This way, we wereableto mix subjectsandactionsfrom differentsources

creatingmoremotioncapturesequences.Thebodymodelwe employedconsistedof

�fteen joints (see�gure 3.7) namelythe head,hip, chest,shoulders,elbows, hands,

hips,kneesandfeet.

3.5.2 Model Building

We built modelsfor four actions:walk-cycle, run-cycle, sit-downandforward-jump.

The walk-cycle andrun-cycle actionsarecyclical in that any particularphaseof the

actionscanbecomethe startingposeof the action. We arbitrarily de�ne the starting

(andending)poseof theactionsasthatwherethebodyis in the �t� poseandwherethe

left foot justpassesby theright foot (see�gure 3.8).For sit-down,wede�ne thestart-

ing poseof theactionwherethefeetbecomestationaryin preparationfor sittingdown

andtheendingposewherethesubjectis �nally seated.For forward-jump,we de�ne

53



HEAD 

CHEST 

LEFT-SHOULDER RIGHT-SHOULDER 

LEFT-ELBOW 

LEFT-HAND 

RIGHT-ELBOW 

RIGHT-HAND 
HIP 

LEFT-HIP RIGHT-HIP 

RIGHT-KNEE 

RIGHT-FOOT 

LEFT-FOOT 

LEFT-KNEE 

Figure3.7: BodyModel

thestartof theactionto betheposewhenthefeetarestationaryandjustaboutto move

upwardsandtheendof theactionwhenthe feetbecomestationaryagain(see�gure

3.9). Model building wasdonein an automaticway with manualsupervisiononly

to verify correctnessof the model. For walking andrunning,a planarityassessment

programwasrunthroughoneinstanceof eachsubject(12subjectstotal)giving frames

wherethejointsof interestfor ��� wereonaplane.In ourcase,speci�cally, thesejoints

werethehead,right-shoulder, left-shoulder, left-foot, andright-foot for bothwalking

andrunning.An invariantcalculationprogramwasrunonthosespeci�c frameswhere

thejointswereclosestto beingplanar, andtheaverageinvariantvalueswereobtained.

Theseframesbecamedelineatorsfor the ISTs. Next, invariancespacetrajectories

wereextractedfor framesbetweenthesedelineatorframesandmedianvaluesof the

invariantsfor eachinterveningframewereobtained.Weusedtwo ISTseachto model
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Figure3.8: Startposefor walk-cycle,run-cycle,sit-down andend-posefor sit-down

Figure3.9: Forward-jumpstartingandendingposes,imagesfrom [73]

walking andrunning.Thespeci�c joints usedwerethesamefor boththeactionsand

they were â left-hip, left-foot, left-knee
ã

and â right-hip, right-foot, right-knee
ã

. Our

choiceof usingthe leg joints for the ISTsfor walking andrunningwasmotivatedby

thefactthatthemotionof thelegsexhibitedmoreplanarityandlessvariability thanthe

motionof thearms.Thetwo ISTsalongwith the �	� invariantvaluesfor eachaction

completedour action-modelfor thewalking andrunningactions( Figure3.10shows

the ISTs). For sit-down a stationarityassessmentprogramwasrun �rst only on the
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feetandthenon the feetandhip. Thesehelpedus to determinethedelineatorposes

for the action. We usedtwo ISTs for representingthe sit-down action. The speci�c

jointschosenwere â left-foot, hip,head
ã

and â right-foot,hip,head
ã

. Wefoundthatthe

trajectoriesformedby theelbows andhandsexhibiteda lot morevariationthanthose

formedby thekneesandfeet: at theendof thesit-down action,somesubjectschose

to resttheir armson the handlesof thechair while othersrestedtheir handson their

upperlegs.By usingthefeet,hip andtheheadfor theIST, we effectively abstractout

thesevariations.Figure3.11shows theleft-sideIST for thesit-down action.
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Figure3.10:MedianISTsfor Walk-cycleandRun-cycle

For forward-jump,we rana stationarityassessmentprogramfor boththefeetand

obtainedthestartandendasconsecutiveminima. For theISTs,we usedthesameset

of jointsusedfor walkingandrunning.Theleft andright sidesaresymmetricandyield

thesameIST. However, bothISTsareusedto increaserobustness.Figure3.12shows

the IST. Theslope-discontinuityseenat approximately)

!

hi
��

!

h

!

�

+

correspondsto the

posewherethebodylandsandthefeetbegin to stabilize.Notethat
�¢�R!

corresponds

to approximately)q
�hÁ�����

!

hè�y


+

.
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Figure3.11: IST for Sit-Down

3.5.3 Variability and Distinguishability of the Invariant Values

For thespeci�c joint combinationsthatwe usedto modelactions,the inter andintra-

subjectvariability in the invariantswasquite small. Figures3.13and3.14show the

probabilitydistributionfor thewalkingandrunning �	� invariantvaluesfor 1745walk-

cycles and 1980 run-cycles respectively from 12 different subjectsand 5 different

viewpoints each. The variability was also an artifact resultingfrom inconsisten-

cies in the placementof sensorson the motion capturesubjectsbecausethesewere

obtainedfrom differentsources.For examplefrom onesource,the`shoulder'sensor

wascalled`upperarm' andwasplacedslightly below theshoulderposition.Similarly

the`knee' sensorwasplacedslightly below therealkneeandwascalled`lower leg'.

We compensatedfor theseinconsistenciessomewhatby addingor subtractingvectors

of small magnitudesfrom thegivenpositionsandvisually verifying thepositionsby

renderingthedata. Inspiteof this, it wasinevitable that somearti�cial variationstill

remained.Nevertheless,theprobabilitydistribution shows that theoverall variability

in the invariantsis quitesmall. We found that themedianvaluesof �7� and �S� for the
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Figure3.12: IST for Forward-Jump

�.� posefor walking were 
�h

!

�7éEê and 
Ehi


!E!

� . Thecorrespondingvaluesfor running

were 
�h

!7ëE!


 and 
�hj


!

�7ê . Clearly, thedifferencesbetweenthevaluesfor walking and

runningarenotdifferentenoughto enablereliabledistinctionbetweenthetwo actions.

However, theISTsweremarkedlydifferent.Figure3.10showsthethemedianleft side

ISTsfor walking andrunning(thetwo invariantsformedby themoving left-kneeare

plottedagainsteachother)andbotharesuf�ciently differentto enablereliabledistinc-

tion betweenthetwo actions.

3.6 Results

Weevaluatedouralgorithmontwomodalitiesof input: arbitraryprojectionsof motion

capturedataandmanuallysegmentedrealimagesequences.A setof unknown actions

observed from differentviewpointsandperformedby differentsubjectsat different

speedswereinput to the actionrecognitionsystem.Theseactionswerecontinuous,

meaningthateachsequencehadoneor moreinstancesof anactionbeingperformed,

andthe startingandendingtimesof the actionwereunknown (to the system). The

58



0 0.5 1 1.5 2 2.5 3
0

100

200

300

400

500

600
I
1
I
2

Figure3.13:ProbabilityDistributionof ��� invariantsfor Walking

systemnot only hadto correctlyclassifythe actionsbut alsodetectwherein the se-

quenceeachactionwasfoundto occur. Therewerethreemetricsthatweevaluatedthe

algorithmagainstfor bothmodalities:

1. Thetrue detectionratede�ned astheratio of correctdetectionsto theexpected

numberof detections.An action is deemedcorrectlydetectedif the startand

endingpositionsaredetectedwithin 25%of thecorrectstartingandendingpo-

sitions(asa fractionof theground-truthedactionlength).

2. Thefalsealarm ratede�ned asthe ratio of falselydetectedactionsto the total

numberof detectedactions.

3. Themisclassi�cationrate de�ned as the ratio of incorrectlyclassi�ed actions

(e.g.awalk-cyclewasclassi�edasarun-cycle)to thetotalnumberof detections.

Thesamethreeactionmodels(i.e. theinvariantsandthresholds)wereusedfor the

motioncapturesequencesaswell asthereal imagesequences.We presentresultson

thesetwo modalitiesin this section.
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Figure3.14:ProbabilityDistributionof ��� invariantsfor Running

3.6.1 Resultson 2d Projectionsof Motion Capture Data

The datasetincluded25 walking sequences,23 runningsequences,18 sit-down se-

quencesand 8 forward-jumpsequencesperformedby 12 different subjects. Each

walkingandrunningsequenceincludedoneto threecompletecyclesof therespective

action. Eachsit-down andforward-jumpsequencehadoneinstanceof eachaction.

The sequencescollectively madeup a total of 1200actioninstancesthat wereto be

detectedby the algorithmfor eachviewpoint. We chose� ve differentviewpointsto

Figure3.15:Walk seq.20, frameno. 100,all viewpoints
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testtheperformanceof thealgorithmon 2d projectionsof motioncapturedata. Fig-

ure3.15shows thesamewalking frameasseenfrom eachviewpoint. Notethat there

wasonly oneactionmodelemployedfor all theviewpoints.For eachactioninstance,

Table3.1: Motion CaptureResults,1200TotalActions

Metric Viewpt. 1 Viewpt. 2 Viewpt. 3 Viewpt. 4 Viewpt. 5

TrueDetections 1145 1126 1057 1105 1012

Falsealarms 73 75 138 42 68

Misclass. 145 108 171 154 185

TrueDet. % 95.42 93.83 88.08 92.08 84.33

FalseAlarm % 5.35 5.72 10.04 3.22 5.37

Misclass.% 10.64 8.24 12.44 11.84 14.62

thealgorithm�rst computedthematchingscore(distance)for eachof thefour action-

modelsandchosethemodelthat resultedin thebestscore(minimumdistance).This

wasevaluatedagainsttheknown ground-truth.Table3.1summarizestheactionclas-

si�cation results.It canbeseenthat theperformanceof thealgorithmfor viewpoints

� and � are the worsethan the other viewpoints. Viewpoint 3 is a frontal view of

the subjectswhile viewpoint 5 is a top view. From both views, severalkey joints of

the subjectarecoincidentor very closeto eachother. ISTs happento representthe

sidewaysmovementof the body for all four actions. Although the representationis

view-invariant,thefrontal andsideviews arenear`end-on'views of theIST, making

themmoresusceptibleto error. Further, from the frontal viewpoint, the area-cross-

ratiosfor the �.� poseof walking andrunningdo not exhibit muchtemporalvariation

becausethe foot doesnot risemuchabove the �oor . In many instances,this resulted
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Figure3.16: Incorrectdetectionof ��� posefor a walkingsequencefrom viewpoint3

in the ��� posebeingdetectedat spuriouslocationswhich increasedthemissesaswell

asfalsealarmsFigure3.16showsanexampleof this: the�gure showsthenormalized

Euclideandistancebetweenthe area-cross-ratiosandthe referenceinvariantsfor the

�.� posefor a walking sequenceasseenfrom viewpoints1 and3. From the ground

truth, a walk-cycle is expectedto be detectedbetweenframes18 and68. While the

start is detectedreasonablyaccuratelyfrom both viewpoints, the endingis detected

correctlyonly from viewpoint 1. The endingis detectedat a spuriouslocationfrom

viewpoint 3. Anotherparticularproblemwas that for the forward-jumpaction, the

subjectscrouchedbeforejumping,mimickingasit-down action.Similarly, uponland-

ing after the jumping, they assumeda similar crouchingposture.Both of thesewere

detectedassit-down actionsby thesystem,increasingthefalsealarmrate.Yetanother

particularproblemwith the approachwasthe performancewhenthe personis rela-

tively still aswasthecaseat theendof all of theforward jump andsit-down actions.

Still, therearesmall joint motionsthat triggerthealgorithmto detectlocal minimaat

62



spuriouslocations,inspiteof temporalsmoothing.Adding a heuristicstipulationthat

thebodytranslatea minimumamountfor themotion to beconsideredasa candidate

action,while not a theoreticallycorrectonebecausethetranslationthresholdwill de-

pendupontheviewpoint,wasneverthelessincorporatedinto therecognitionsystemto

weedout many falsematches.Overall, it canbeobservedthatthedetectionresultsdo

notvary toosubstantiallywith viewpointandthattheresultsarequitegood.

3.6.2 Real ImageSequences

Weobtainedvideosof four differentsubjectswalking,runningandsittingdown. These

videoswere shot from the front, sidesand the top. In all, we chosea total of 40

actioninstancesfor theevaluation.A smallgraphicaluserinterfaceprogramallowed

the manuallocationof the 15 body joints for any given frame. It wasnot necessary

to mark the locationsin every frame. Rather, every alternateframewasmarked and

cubicsplineinterpolationwasusedto maptheentiresequenceinto theinterval &

!

�•


!�!�'

.

Therewereself-occlusionsin almostevery sequenceanda guesswasmadeasto the

occludedjoint positionswherever possiblebasedon their pastandfuturetrajectories.

Thus, it wasnot possibleto be very accuratein the picking of joint locations,with

the result that they exhibited signi�cant spatialand temporaljitter. This somewhat

simulated(albeit incidentallyandnot rigorously)small errorsin the joint locations.

Temporalsmoothingwasemployedto reducetheeffectof noise.

Sampleframes and Invariant Distances

Figure3.17shows a sampleframeof a walking sequencecontainingonewalk-cycle,

shotfrom a front view alongwith the marked joints andskeleton. Besidethe frame

is a plot showing thedistancebetweenthearea-cross-ratiosandthe invariantsfor the
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�.� pose.Notethatsimilar to themotioncapturesequences,theinvariantdistanceap-

proacheszerothrice, re�ecting the fact that the body assumesthe �	� posethrice in

a walk-cycle. Similarly, �gures 3.18and3.19show a sampleframeand �t� invariant

normsfor a sideview andtop-view walking sequence.With regardto the top-view,

althoughthecurvesexhibit severalspuriouslocalminima,theISTswereableto elimi-

nateall of themexceptthecorrectlocalminimacorrespondingto theframeswherethe

�.� posewastruly attained.This is agoodexampleof how the�rst andthird heuristics

outlinedin section3.3.7canbeusedto achievesomerobustnessin thesolution.

Figures3.20, 3.21 and3.22 show a sampleframeand �t� invariantnormsfor a

sampleside-view, front-view andtop-view runningsequence.As in the walking se-

quences,the invariant normsapproachzero periodically re�ecting the fact that the

bodyassumesthe ��� poseperiodically. Figure3.23shows a sampleframeof a top-

view andside-view sit-down sequencethatwereusedfor theevaluation.
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Figure3.17:Front-view walkingsequenceand �	� invariantnorm
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Figure3.18:Side-view walkingsequenceand �	� invariantnorm
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Figure3.19:Top-view walkingsequenceand �	� invariantnorm

Summary of Results

Thetablebelow showsasummaryof results.Intuitively, for therealimagesequences,

onewould expectthat theresultswould besomewhat inferior to thoseobtainedfrom

the motion capturesequencesbecauseof additionalerrorsin the imagelocationsof

the joints. While this wasfound to be true for the front andsideviews, surprisingly,

the top-view sequenceswere detectedcorrectly. It is to be notedthat while it was

easyenoughto simulatea viewpoint directly above the subjectfor the motion cap-

ture sequences(viewpoint no. 5), it wasnot possibleto shoota similar real image
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Figure3.20:Side-view runningsequenceand �	� invariantnorm
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Figure3.21:Front-view runningsequenceand �	� invariantnorm

sequence.Hencethe`top' view for therealimagesequencewasslightly differentthan

thetopview for themotioncapturesequences.Thefront view hadmoremisclassi�ca-

tionsthantheotherviewpointsandthey occuredbecausetwo walkingsequenceswere

classi�ed asrunning. Thenumberof real imagesequencesusedfor theperformance

evaluationis not high enoughto enableus to draw de�nite conclusionsaboutthena-

ture of the failuresandthe differencesin performancebetweendifferentviewpoints.

Theprimarypurposeof thestudywasto demonstratetheapplicabilityof theapproach

to real imagesequencesandit canbeseenthat theoverall performanceis quitegood
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Figure3.22:Top-view runningsequenceand �	� invariantnorm

Figure3.23:Sampleframesfor top-view andside-view sit-down sequences

inspiteof thenoisyinput.

3.7 Summary

Thekey ideapresentedin this chapteris theexploitationof thegeometryof a human

actionandtheuseof 2D invariancetheoryfor view-invariantrepresentationandrecog-

nition. We modeledactionsasstaticcanonicalposesanddynamictrajectoriesin 2D
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Table3.2: RealImageSequences,40 TotalActions

Metric Front-View Side-View Top-View

No. of Sequences 13 14 13

TrueDetections 11 12 13

Falsealarms 0 1 0

Misclass. 2 1 0

invariancespace.We evaluatedthe representationschemetheoreticallyandshowed

why a straightforward applicationof the ideawill generatemany falsealarms. We

showedhow we couldenforcespatialandtemporalcoherency constraintson theso-

lution to bring down the falsealarmratewithout sacri�cing the detectionrate. We

evaluatedtheapproachonarbitraryprojectionsof motioncapturedataandonrealim-

agesequencesarisingfrom differentsubjectsperformingdifferentactionsat different

speedsand from differentviewpoints. Our useof the two modalitiesof input - 2D

projectionsof motioncapturedataandmanuallysegmentedreal imagesequencesef-

fectively simulatedfor us, the outputof a body-joint detectionandtrackingmodule.

Wedemonstratedthatasingleview-independentrepresentationof anactionwassuf�-

cientto recognizeanddistinguishit from otheractionswith goodsuccessonbothinput

modalitiesanddifferentviewpoints. A weaknessof the2D approachwe presentedis

thatwhile it canbeappliedsuccessfullyon a varietyof actions,it is not a completely

generalsolutionandwill not work for thoseactionsthat cannotbe decomposedinto

approximatelyplanarpatches.To complementthe2D approachandrelaxthis require-

ment,we present3D approachesbasedon model-basedinvariants,in the following

chapter.
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Chapter 4

3D ApproachesusingMutual Invariants

4.1 Intr oduction

In this chapter, weovercomea fundamentallimitation of 2D approachesandpropose,

analyze,and evaluatethe performanceof, two variantsof a 3D approachbasedon

mutualinvariants.Thelack of generalcaseview-invariantsfor anarbitrary3D point-

cloudwasprovedin [10]. However, this doesnot imply that recognizinga 3D object

in a view-independentmanneris not possible. Ratherthansearchingfor quantities

computedfrom imagesequencesof ahumanactionthatarepreservedacrossdifferent

viewsof theaction,themutualinvariantsapproachsearchesfor relationshipsbetween

quantitiesderivedbasedon the3D representationof theactionandthosederivedfrom

imagesequencesof theaction,thatarepreservedacrossdifferentviews. We startoff

by describingthe theoryof mutual invariantsin section4.2 andshow how a human

actioncanbemodeledusingmutualinvariantsin section4.3. In section4.4,we ana-

lyze therepresentationin relationto thesamequalitativebenchmarksthatweusedfor

analyzingour 2D approachfrom thepreviouschapter. Model building is discussedin

chapter4.5. In section4.6, we presentresultsof the approachon the samedatathat

wasusedto evaluatethe2D approachpresentedin thepreviouschapter.
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4.2 Mutual Invariants

Mutual invariantsarequantitiesderived from a 3D objectand its imagethat satisfy

compatibility relationships.Suchinvariantsandtheir 3D-2D relationshipshave been

derived andusedfor view-independent3D objectrecognitionin the past. Theseare

derivedby eliminatingtheunknown parametersrelatingtheworld-to-imagetransform.

Given � ve world points, g
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hjhÁ� , we canset W]Ð

�£ì
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�£ì
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of generality. For scaledorthographicprojection,applicablewherethe depthsof the

objectsalongtheline of sightis muchsmallerthantheir distancesto thecamera,
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where à is thescaleand
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„O† aretheelementsof the3D rotationmatrix ô . Weinshall
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andeliminatingtheunknown rotationparametersandthescalingparameterproduces

thefollowing relationship:
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thatholdsregardlessof theviewpoint. Themethodwasextendedto theaf�ne caseto

obtainadifferentrelationship.

Similarly, in [68], Stiller et. al. derived camera-parameterindependentrelation-

shipsamong� ve world pointson a rigid objectandtheir imagedcoordinatesfor an
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af�ne camera.WeissandRay in [77] simpli�ed andextendedthis result to the full-

projective caseshowing that thereexists oneequationrelatingsix world pointsand

theirimagecoordinates.Weproceedalongthelinesof WeissandRayandderiveasim-

pler relationshipthantheirsaftermakinganapproximation.Five points( W›‰0��g

�


Ehihl�

in homogenouscoordinates)in 3D projective spacecannotbe linearly independent.

Assumingthatthe�rst four pointsarenot all coplanarthey will make a 3D projective

basis.Wecanwrite the3D coordinatesof the�fth point in thisbasisasfollows:
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The X�e are the unknown projective scalefactorsand
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are the unknown

projectivecoordinatesof thepoint W–• in thebasisof the�rst four points.

4.2.1 Restricted3D Case

Wewould like to modelapoint con�gurationwherefour pointslie on thesameplane.

Given that we needthe �rst four form a basis,we can choosea labeling suchthat

points1,2,4and5 form aplanewhile points3 and6 lie outsidethisplane1. Wecall this

con�guration a restricted3D con�guration becauseof the restrictionthat four points

lie onaplane.In thiscon�guration,point3 doesn't contributeto point5'scoordinates,

making
�

€

zero.
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Here
Û


 ,
�


 ,
�


 and ��
 arethebasiscoordinatesfor W�� .

1We assumethepointsarein generalpositionandfor now, ignoredegeneratecaseswherepoints3

or 6 lie on theplane
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Figure4.1: Six pointcon�gurationusedfor analysis.Points 
���
�������� form aplaneand

����� lie outsidethisplane

If c is theworld to imagetransformsuchthat _s‰

�

X

™

e

c=W˜‰ , where X

™

e

is anunknown

scalefactor, theimagecoordinatefor the�fth point, _p• is givenby:
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as
Q

e , andrepeatingthesamealgebrafor point6, wehave thefollowing

two equationsrelatingtheimagecoordinates:
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Wewouldliketo eliminatetheprojectivecoordinatesandthescalefactors.Let
|

�

denotethe determinant&¨W��•W	�•W�
JW˜•

'

(the notationis suchthat we index
|

by the

point left out from the� ve-pointset( W��J�3W��E��W	�7��W�
7�3W˜• ). Substitutingfor W]• from
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(4.3)andnotingthatdeterminantswith two equalcolumnsvanishwehave:
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Wesimilarly have thefollowing two relationshipsaswell:
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Theprojectivecoordinatesandscalefactorscanbeeliminatedby takingcrossratiosto

obtaintwo 3D invariants(asopposedto threein [77]):

���

�

Û

€

�




Û




�

€

�

|

�

|

™

�

|

™

�

|

�

�¬�S�

�

Û

€

��


Û


��

€

�

|

�

|

™

~

|

™

�

|•~

Any projective transformationappliedto thesix-pointcon�gurationcancelsout in the

expressionsfor ��� and �S� andso theseareinvariantto 3D projective transformations.

Notethatthissubsumes3D translations,rotations,anisotropicscalingandaf�ne trans-

formationsappliedto thecon�guration.

For the imagecoordinates,we follow the sameapproachof taking determinants

andtheir cross-ratios.Using the `points-left-out'notationasin the 3D case,let
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Letting
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Similar to the 3D case,we obtainexpressionsfor the otherdeterminants
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in termsof them,

equatethemto �§� and �S� respectively to obtainthefollowing �nal relationship:

)

Ú

�B�

Ú

~q€

Ú

™

�B�

8

Ú

�B�

Ú

�

€

Ú

™

�

~

+(4

���š)

Ú

�B�

Ú

�

€

Ú

™

�

~

8

Ú

�B�

Ú

�

€

Ú

™

�

~

+

4

�S�x)

Ú

�

~

Ú

�

€

Ú

™

�B�

8

Ú

�B�

Ú

~q€

Ú

™

�B�

+ÿ�H!

(4.10)

Notethatthe
Ú

e…„ arequantitiescomputedfrom imagecoordinatesandwecanrewrite

theaboveequationsin termsof coef�cients,
Û��

�

���

�

���

as

Û��u4����

���

4 ���

� �

� !

(4.11)

The
ó

subscriptdenotestherestricted3D scenario.Denoteby
Q��

thevector )

Û��!���!�"��+

and by #

�

the vector )B���]�S�

+

. Equation(4.11) expressesa view-invariant compati-

bility relationshipbetweensolely the 3D coordinatesand their 2D imagepositions

for the six pointsshown in �gure 4.1. The six-point con�guration is effectively rep-

resentedby two scalars,�§� and � � in a 3D-invariant way, and (4.11) describesthe

mutual-invariantrelationshipsatis�edby any imageof thecon�guration. Theadvan-

tageof therestricted-3Dformulationis thatthecompatibilityequationis linear in the

3D invariants,a factthatwewill uselater. Theobviousdisadvantage,of course,is that

it canmodelonly a restrictedclassof 3D objects.
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4.2.2 Full 3D Case

If point 5 lies outsideof the planespannedby points1,2 and4 we have the full 3D

caseconsideredin [77], whereinsteadof just two invariants,wehave threeinvariants,

because
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Thecompatibilityequationis a quadricsurfacein �E�š��� �•���S� space:
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The subscript ¾ denotesthe full-3D scenario. It canbe veri�ed that aspoint 5 ap-

proachestheplanespannedby points1, 2 and4, (4.13)approaches(4.11).Thus,if the

points1, 2, 4 and5 lie approximatelyon a planethe left handsideof (4.11)will be

closeto zero.Denotethevector )

Û'$(�"$)�*$

�

$

á

$

¾

$J+

by
Q�+

andthevector )0�§�p�S�ÿ�S�

+

by

#

$

.

4.3 Key Ideas

In this section,we show how we canapply the resultsof the previous sectionto the

representationandrecognitionof humanaction.

4.3.1 Action Modeling

Recallfrom our discussionin section1.2.3,thata humanactioncanbethoughtof in

termsof a startingpose�“� , anendingpose�(� , anda sequenceof continuoustransi-

tions that take the body from pose �.� at time
�#� !

to pose �(� at time
�#� $

. We

caneliminateratevariationsby non-dimensionalizingtimesuchthattheactionoccurs
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from
��� !

to
���


 . Thephaseof anactioncanberepresentedby
�

that takeson a

valuein the interval &

!

�•


'

. A phasevaluemapsto a bodypose�*)

�,+

. An actionthen

becomesthe function �f)

�,+

�

�=-

&

!

�•


'

. In orderto arrive at a view invariantrepresen-

tationof thepose�*)

�,+

, we canchooseany six joints of thebodyandcalculatetheir

3D invariantsat eachphaseof the action. Consideringfor the momentthe full-3D

case,an actioncanbe modeledin termsof threetemporallyvarying 3D invariants,

#

$

)

�,+˜�

)B���S)

�,+

��� �J)

�,+

���S�x)

�,+3+

. The action representationis a parametriccurve in 3D

invariancespace,parameterizedby time
�

: eachpoint on the curve correspondsto a

phaseof theaction.For cyclical actionslikewalkingor running,this is aclosedcurve,

while for non-cyclicalactionslikesitting-down,thisis anopencurve. Theactioncurve

(denoteby , ) canbe discretizedand representedat someresolution: ,

�

â�#�m

eÈo

$

ã

,

g

�


�hjhÁk .

4.3.2 Action Recognition

Givenanimagesequencewherethejointsof thebodyhavebeenestimatedandtracked

in eachimage,the imagebasedquantities
Q�+

canbecalculated.Thebodypose,#

$

is

unknown but satis�es thecompatibility (4.13). The compatibilityequation,which is

a quadricsurfacein �§�š��� �•���S� space,will potentiallyintersectseveralactioncurvesat

severalpoints,asshown in �gure 4.2.Thepointsof intersectionarehypothesesof can-

didateposesamongcandidateactions.As successiveframesareprocessed,asequence

of quadricswill intersectseveral actioncurvesat several phases.However, only the

trueactioncurve would beintersectedin sequence.Hence,theactionrecognitional-

gorithminvolvescalculatingthepointsof intersectionof eachphase#�m

eÉo

$ of theaction,

with the quadricsurfacedeterminedby
Q�+

. In practicethe surfacemaynot intersect

theactioncurve andin thatcase,we �nd thepointon thesurface,closestto thephase
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Figure4.2: Action-curvesandaction-recognition

usingstraightforwardminimizationwith Lagrangemultipliers.Weminimize:
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Equatingthepartialderivativesof
-

with respectto �
m/.
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m0.

o
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andeliminatingthem

in termsof X givesasixthdegreepolynomialin X whichcanbesolvedto yield uptosix

stationarypoints.Direct substitutionof thesolutionsbackinto (4.14)will enablecal-

culationof thepointof closestapproach,)B�21
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. Wecanthencalculateamatching

scoreor distance, d as
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As an example,�gure 4.3 shows the distancefor phase0 of the walk-cycle action

computedfromanarbitraryviewpoint,for asubjectwalkingcontinuously. Theminima

of thecurvearetheframeswherethesubjectis actuallyatphase0 of theaction.
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Figure4.3: � for asubjectwalking,phase=0,viewpoint=1

Theactionmodelingandrecognitionaresimplerin therestricted3D casebecause

thereareonly two invariants.An actioncanbemodeledasa curve in 2D space(see

�gure 4.4). Furthermore,thecompatibility(4.11)is linear, whichmakesactionrecog-

nition far simplerthanin thefull-3D case.

4.3.3 Temporally Distrib uted Joints

It is rarely the casethat the actioncurvesasdescribedabove arebounded.If a de-

terminantin thedenominatorof any componentof #

$

becomeszero,aswould bethe

casewhenthe associatedquadrupletof points is coplanar, the curve passesthru in-

�nity - this is not a theoreticalproblembecausea point at in�nity is a valid point in

3D projective space(recall our discussionin chapter2). However, this posespracti-

cal problemsfor implementation.Oneway to dealwith suchcasesis to de�ne the

reciprocalinvariant, �

™

e

�


JC§�še if ˆ

� e

ˆ

¼ 
 etc. andobtainanequivalentcompatibility

equationin thereciprocalinvariant. In sucha case,we would tagpointson theaction

curve with booleanvariablesindicatingwhetherthecompatibilityat thatpoint refers
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Figure4.4: Restricted-3Dcase:Action-curvesandaction-recognition

to oneor morereciprocalinvariants.Theadvantageis thattheactioncurveswouldall

be boundedwithin a cubeof side2 in 3D projective space.However, this increases

theeffectivedegreeof thecompatibilityequation,andstraightforwardLagrangemini-

mizationleadsto apolynomialsystemof equationsthatrequirestheheavy machinery

of Grobnerbases[17] for a solution. Ratherthan follow this path, we can instead

exploit temporalaspectsof the action: Onecandetectthe startingandendingof an

actionusingtheapproachof theprevioussection(choosingjoint combinationswhere

the #

$

for the startandendposesdo not containin�nities). Ratherthanrestricting

the six-joint set to oneparticularpose,we candistribute themacrossmultiple poses

betweenthestartingandendingposesuchthatat all timesduringtheaction,noneof

the quadruplets[2346], [1345], [1245], [1235] arecoplanar, ensuringthat in�nities

areavoided. This methodof distributing pointsacrossdifferentframesparallelsthe

conceptof an invariancespacetrajectory(IST) that was introducedfor the 2D case
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Figure4.5: Temporallydistributedjoints for thewalk-cycleaction

in the previous chapter. For the walk-cycle action, �gure 4.5 shows one particular

distribution of joints suchthat in�nities areavoided,andthe resultingaction-curves

arebounded.Note that in this case,somejoints arealwaysheld �x ed at the startor

endof theactionwhereasothersmaybemoving. We would thustageachjoint used

with thesymbolsà for start, á for endand
Ú

for moving. For example,in �gure 4.5,

joint 6 would betaggedwith thesymbol
Ú

. Notethatsucha representationprovides

for robustnessagainstratevariationsin the actionsincewe aremodelingcurvesde-

lineatedby the startingandendingposesof the action. Delineationof the action is

`event-driven', i.e. determinedby theoccurrencesof thestartingandendingposesof

theactionandnotby thepassageof a �x edamountof time.

4.3.4 Fixed Camera

In thecaseof a �x edcamera,anactioncanbeveri�ed rathereasilygivenahypothesis

of thestartingandendingof theaction[55]. Theapproachwouldbeasfollows: Along
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with theinvariantrepresentationof thestartingandendingposesof anaction,wealso

storethe Euclideanrepresentationof the actionin an arbitraryworld frameof refer-

ence.Then,whenahypothesisis madeof thestartingandendingof anaction,thereare

enoughpoint correspondencesto enablethe calculationof the world-to-imagetrans-

formation: six pointsfor thestartingposeandsix for theendingpose.Collectively,

this provides24 equationsin the11 unknownsof theworld-to-imagetransformation

matrix c . Once c is determined,it is a simple matterof projectingthe Euclidean

representationof theactionfrom theworld coordinatesto the imagecoordinatesand

verifying theprojection.Notethat for this �x edcameracase,the2D approachof the

previous chaptercanalsobene�t from this idea,exceptthat therewill be 10 points,

leadingto 20equations,still morethanenoughto recover c .

If thecamerais moving, c becomesa varyingquantity, andwe needto resortto a

projectiverepresentationaswe outlineabove.

4.4 Analysisof the Representation

A pose� of thehumanbodyis completelydescribedby thejoint anglesof every joint

of thebody. Ratherthanjoint angles,we aremodelinga poseby threeinvariants#

$

formedby six jointsof thebody. Similar to whatwedid in our2D approachdescribed

in section3.3,weanalyzethisrepresentationagainstminimalism,completeness,conti-

nuity anduniqueness. We likewiseconsiderthesourcesthatcontributeto variabilities

in the3D `invariants'andtheeffectivenessof theuseof invariantsto representapoint

con�guration.Weconsiderthefull-3D case.
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4.4.1 Minimalism

Six joints cannotbe modeledin a projectively invariantmannerusingtwo invariants

becausethereareindeedthreedegreesof freedom.Hence,we satisfytheminimalism

requirementrathereasily.

4.4.2 Completeness

Thecompletenessrequirementstatesthatevery entity beingrepresentedshouldhave

a representation.While six joints in generalpositionhavea representation,thereexist

degeneratecases,wherethe�rst four lie on a plane,thatdo not resultin a representa-

tion. Secondly, whenspeci�c jointsfall onaplane,thedenominatorsin theexpressions

in (4.12)becomezero,sendingthe invariantsto in�nity . Indeed,theseweresomeof

the problemswe facedin the implementationand we addressedthem by choosing

jointswheresuchdegeneraciesareavoided(asdescribedsection4.3.3).

4.4.3 Continuity

Smallchangesin therepresentedentityshouldresultin smallchangesin therepresen-

tation.This requirementis easilymetbecauseit canbeseenthatthecomponentsof #

$

arebilinearor biquadricpolynomialsin thecoordinateswhichmakesthemcontinuous.

4.4.4 Uniqueness

Thereshouldbea one-onemappingbetweentherepresentedentity andtherepresen-

tation. Thereare two aspectsof uniquenessto consider: (1) whetherthe mapping

betweena pose� andthe resultingrepresentation#

$

is unique,and(2) whetherthe

mappingbetween� andthesatis�ability of (4.13)is unique.Consider(1): A particu-
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lar pose� will alwaysresultin a uniquevaluefor #

$

, makingthemappingfrom � to

#

$

trivially unique.However, if theassociatedsix joints areirrelevantto thepose,the

samevalueof #

$

will occurfor different � . To givea concreteexample,considertwo

posesof aperson:(a) thepersonis sittingdown (b) thepersonhastheleft handraised

while sittingdown. If thefeet,kneesandright handjoints areusedto modelthepose,

#

$

will bethesamefor bothposes.Thus,themappingfrom #

$

to � will benon-unique

if thesix jointsdonotcapturethebodypose.Furthermore,if two differentposesof the

bodyaresuchthatthesix jointsarein projectively equivalentcon�gurations,thesame

valueof #

$

will occur. Now consider(2): Themappingfrom aposeto thesatis�ability

of (4.13) is trivially uniquebut theconverseis not true: The imagebasedquantities,
Q�+

, for two differentposesof the body thatprojectto the samepositionswill be the

sameresultingin thesatis�ability of (4.13)for two differentposes.Hence,uniqueness

is aproblemon bothcounts.

Theway we mitigatetherepresentabilityproblemdueto (1) is a judiciouschoice

of joints for the modeling,as we did for the 2D approach. We mitigate the other

problemdueto (1) (wheretwo truly differentposesarein 3D projectively equivalent

con�gurationsresultingin thesamevaluesof #

$

), andtheproblemdueto (2), is to use

multiple six-joint setsto modela pose: While spuriousposesmayoccurresultingin

matchesfor oneset,it is unlikely thatall six-joint setswill bematched.Besidesthis

spatialredundancy strategy, temporalredundancy (aswe describedsection4.3.3)can

beusedto furthermitigatespuriousmatches.

4.4.5 Variability

Our representation,#

$

, is invariantto 3D projective,af�ne andEuclideantransforma-

tions of the body. However, due to allometry, it canbe expectedthat it will not be
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subject-invariant. Figure4.6 shows the 217-samplehistogramof �7� for a particular

posein thewalk-cycle actiontakenfrom motioncapturedataof 12 subjects.Besides
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Figure4.6: ��� histogram,action=`walk-cycle', phase=0.4,sample-size=217

spatialvariability, therealso is temporalvariability to accountfor becausethe same

action, repeatedmultiple times by a single subjector when performedby different

subjects,will resultin slightly differentactioncurves.We dealwith thesevariabilities

by maintainingtheempiricallyderivedmedian̄ andstandarddeviation ³ for eachin-

variantvalueandstoreit alongwith theinvariantsthemselves.Ratherthanminimizing

(4.14),weminimize:
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Thedistancein (4.3.2)is rede�nedas:
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where )B�%1

�

���%1

�

���%1

�

+

minimize(4.16).
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4.4.6 Representionusing Invariants

As we observed in the previous chapter, Astrom andMorin [5], andMaybank[43]

independentlyshowedthat theprobabilitydensityfunction for the1D cross-ratioex-

hibits logarithmicsingularitiesat 0 and1. The 3D invariants,#

$

, arenot uniformly

distributedacrossthe 3D spaceeither, aswe found by Monte Carlo simulation. Not

surprisingly, the distributionsfor �§� , �S� and �S� wereidentical. Figure4.7 shows the

experimentallycomputeddistributionfor the3D caseusingsix 3D pointswhosecoor-

dinatesareuniformly distributedin &

!

�S


'

. Also shown is theanalyticallyderivedpdf

for the1D cross-ratiousingtheformulasin [5]. It canbeseenthattherearesingulari-

tiesat 0 and1 for the3D caseaswell andthatthecurvesarevery similar. Onecould,

in principle, proceedalongthe lines of [5] andextendthe 1D cross-ratioanalysisto

the3D caseandderiveanalyticalexpressionsfor the3D invariants.For our purposes,

however, it is suf�cient to maketheobservationthatpdfsfor the3D casearesimilar to

the1D case,andthatproblemsintroduceddueto thenon-uniformityof thepdf in the

1D casewill alsoapplyto our3D case.
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Figure4.7: ProbabilityDistributionsof Invariants
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Noting that thesearethevery sameproblemsthatwe encounteredfor our 2D ap-

proachof thepreviouschapterwhich we mitigatedby usingspatialandtemporalco-

herency constraints,weusethesameapproachhere:

1. While decidingwhethera body is in a given phaseof a given action,we not

only thresholdthedistance� (givenby equaton4.16)but alsostipulatethat the

distancebea local minimumin time.

2. Representinga poseby the invariantsof multiple six-joint setsprovides for a

measureof robustnessagainstrandommis-matches: while one six-joint set

maymatchspuriously, thelikelihoodof all six-joint setsmatchingspuriouslyis

small.

3. Theuseof actioncurvesprovidesfor temporalredundancy: while theremaybe

spuriousmatchesatafew posesof thecurvesthechancesthatthereis aspurious

matchfor everyposeof thecurvewill besmall.

4.5 Model Building

Model-building (i.e. estimationof the action curves for speci�c actions)was done

empirically, usingmotion-capturedatawhich provide the3D coordinatesfor selected

bodyjointsfor eachframeof ahumanaction.Thebodymodelweemployedconsisted

of �fteen joints: (see�gure 3.7)namelythehead,hip, chest,shoulders,elbows,hands,

hips,kneesandfeet.Wetriedseveraljoint combinationsthatwouldachievehighinter-

classandsmall intra-classvariationin theactioncurvesandchosethefollowing joint

combinations:
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4.5.1 Full-3D

For walking and running, the joint combination â Left-hand,Right-hand,Left-knee,

Right-knee,Left-foot, Right-foot
ã

wasusedfor detectingthe startingandendingof

theaction.Wemodeledthetemporalaspectsof theactionsby usingtwo actioncurves

madeup of the following joints (recall section4.3.3wherethe tags à , á and
Ú

are

explained).

1. Right-shoulder(s), Left-shoulder(e), Left-shoulder(s), Right-hip (s), Left-hip

(e),Left-hand(m)

2. Right-hip(s), Right-hip(e), Left-hip (s), Right-foot (s), Left-foot (e), Left-foot

(m)

For sitting down, thestartof theactionwasmodeledusingrelative stationarityof

the feet (which is preserved from 3D to 2D, althoughonly for a �x ed camera).The

endwasmodeledusingthefollowing joints: Left-knee,Left-hip,Left-shoulder, Right-

shoulder, Right-foot,Left-foot. Thetemporalaspectsweremodeledwith thefollowing

joint combination:Right-shoulder(e), Left-shoulder(e), Left-shoulder(s), Right-hip

(e),Right-knee(e),Left-hip (m).

For forward-jump,thesubject's feetarestationaryrelative to theotherjointsat the

startandtheendof thejump. This relativestationaritywasusedto detectthestarting

andendingof the action. For the temporalaspects,we usedthe following two joint

combinations:

1. Right-shoulder(s) Left-shoulder(s) Right-knee(s) Right-shoulder(e) Left-hip

(e)Left-knee(m).

2. Left-shoulder(s)Right-shoulder(s)Left-knee(s)Left-shoulder(e)Right-hip(e)

Right-knee(m).
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Figure4.8 shows theactioncurves(thecurve arisingfrom the�rst setof joints is

shown for walkingandrunning).

-2
-1

0
1

2
3

4
5

0

2

4

6

-0.5

0

0.5

1

1.5

2

I
2

I
1

I 3

Walk-cycle Run-cycle 

Forward-jump 

Sit-down 

Figure4.8: Full-3D MedianAction Curves. Notethatonly walk-cycle andrun-cycle

deserve to be comparedbecausethey correspondto thesamesetof joints. Sit-down

andforward-jumpusedifferentjoint setsandareshown for illustrativepurposesonly.

Thefactthatthey aredifferentthantheothercurvesin the�gure is not signi�cant.

Restricted3D

For walkingandrunning,for detectingthestartingandendingof theaction,thesetof

jointsusedwerethesameasin thefull-3D case.However, for thetemporalcomponent

of theactions,restricted-3Dactioncurvesarisingfrom thefollowing two setsof joints

wereused:

1. Left-shoulder(s),Right-shoulder(s),Hip (m), Right-shoulder(e),Left-shoulder

(e),Left-hand(m)

2. Left-shoulder(s), Right-shoulder(e), Right-foot (s), Right-shoulder(s), Left-

shoulder(e),Left-hand(m)
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Notethatpoints1,2,4and5 of theabovetwo joint combinations,whichcorrespondto

theshoulderpositionsat thestartandendof theaction,lie approximatelyon a plane

for walkingandrunning.

For sit-down, for detectingthe startingand endingposes,the set of joints used

were the sameas in the full-3D case. For the temporalaspect,we usedoneaction

curve arisingfrom thejoint combination: â Right-shoulder(e),Right-hip(e),Left-hip

(e),Right-knee(s),Right-shoulder(s),Left-shoulder(m)
ã

. As in thewalking/running

case,points1,2,4and5 of thejoint combinationlie approximatelyonaplane,allowing

usto usetherestricted-3Dformulation.

For forward-jump,thestartingandendingof theactionweremodeledin thesame

way as in the full-3d case. The temporalaspectsof the actionweremodeledusing

actioncurvesarisingfrom thefollowing two setsof joints:

1. Left-shoulder(s)Right-shoulder(s)Right-hip(e)Right-shoulder(e)Left-shoulder

(e)Left-hip (m)

2. Right-shoulder(s)Left-shoulder(s)Left-hip (e)Left-shoulder(e)Right-shoulder

(e)Right-hip(m)

Figure4.9 shows theactioncurves(thecurve arisingfrom the�rst setof joints is

shown for walk-cycle, run-cycleandforward-jump).

In all, 217walk-cycles,204run-cycles,108sit-down actionsand96forward-jump

instanceswereusedto build the actioncurves. The modelstoredthe medianaction

curvesaswell astheir standarddeviations. As in the 2D approach,we observe here

that therewasarti�cial variability introduceddueto inconsistenciesin theplacement

of sensorson themotioncapturesubjectsbecausethesewereobtainedfrom different

sources.Theseinconsistencieswerepartially compensatedby addingor subtracting
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Figure4.9: Restricted-3DMedianAction Curves.Only walk-cycle andrun-cycle use

thesamesetof jointsandcanbecompared.

vectorsof small magnitudesfrom the given positionsandvisually verifying the po-

sitions by renderingthe data. Inspite of this, it was inevitable that somearti�cial

variationstill remained.

4.6 Results

We testedthe approacheson the samedataas for the 2D case,so we could draw

comparisonsbetweenthe2D and3D approaches.Wealsousedthesamemetricstrue-

detection-rate, false-alarm-rate, andmisclassi�cation-rate(asdescribedin chapter3

section3.6).
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4.6.1 Motion Capture

Recall that the dataset included1200 instancesof actionsfor detection. Table4.1

shows the resultsfor the full-3D approachwhile table4.2 shows the resultsfor the

restricted-3Dapproach.

Table4.1: Full-3D Results,Motion CaptureSequences,1200TotalActions

Metric Viewpt. 1 Viewpt. 2 Viewpt. 3 Viewpt. 4 Viewpt. 5

TrueDetections 1096 1077 1039 996 1012

Falsealarms 74 94 124 36 42

Misclass. 131 113 151 159 124

TrueDet. % 91.33 89.75 86.58 83.00 84.33

FalseAlarm % 5.69 7.32 9.43 3.02 3.57

Misclass.% 10.07 8.80 11.49 13.35 10.53

Thenumbersraiseseveralquestions:

1. Why dowe notget100%detection,0% falsealarmsand0%misclassi�cation?

2. Why is thereviewpointdependency on theresults?

3. Why aresomeviewpointsbetterthanothers?

To answerthesequestions,we needto considerthevarioussourcesof error.

Firstly, thereis the issueof distinguishability. We notedthat thereis intra and

inter-subjectvariability in theactionsuchthat the`same'actionwill resultin slightly

differentcurvesin invariancespace.We addressedthis by choosingthemediancurve

andstoredthestandarddeviationsof theinvariantvaluesat eachphase.We calculate
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Table4.2: Restricted-3DResults,Motion CaptureSequences,1200TotalActions

Metric Viewpt. 1 Viewpt. 2 Viewpt. 3 Viewpt. 4 Viewpt. 5

TrueDetections 973 1038 999 1033 1067

Falsealarms 77 91 71 47 42

Misclass. 211 65 130 87 96

TrueDet. % 81.08 86.5 83.25 86.08 88.92

FalseAlarm % 6.11 7.62 5.92 4.03 3.46

Misclass.% 16.73 5.44 10.83 7.46 7.91

weighteddistancesto this mediancurve andclassifyan unknown instanceof action

basedon distanceto this mediancurve. Given this, it is possiblethat an instance

of action happensto be closer to a different action model, leadingto an incorrect

classi�cation,affectingboth,thedetectionaswell asthemisclass�cationrates.

Secondly, the view invariantpropertiescapturedby (4.11)and(4.13) imply only

that the compatibility lines andsurfacesintersectthe modelat a given phasefor all

viewpoints.However notethat theselinesandsurfacesarederivedfrom imagequan-

tities
Q��

and
Q�$

andarehencedependentuponviewpoint. For thefull-3D case,some

of thejoints chosenprojectvery closeto eachotherfrom thetop view (viewpoint no.

5). For instance,theshoulderandhip, whicharejointsusedto obtaintheactioncurve,

will projectvery closeto eachother from this view, giving rise to small valuesfor

certaincomponentsof
Q�$

, which in turn leadto to errorsin classi�cation.

Thirdly, thereis theissueof validity of theunderlyingfour-pointplanarityassump-

tion in the restricted-3Dcase.If points1,2,4and5 arenot closeto beingplanar, the

restricted3D compatibility (4.11)will ceaseto hold. In fact, the right handsideof
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theequationwill no longerbezerobut a quantitythat is dependentnot only uponthe

degreeof non-planaritybut alsoupontheviewpoint. This wasoneof thereasonswhy

viewpoint 1 hada particularlyhigh misclassi�cationrate. Theseobservationsareil-

lustratedfor the restricted-3Dcasein �gures 4.10and4.11. Figure4.10shows the
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Figure4.10:Viewpoint1 - Misclassi�cationof Walk-cycleasRun-cycle

walk-cycleandrun-cyclemodelsalongwith thecompatibilityline for a subjectwalk-

ing at phase0.7 asseenfrom viewpoint 1. The �gure alsoshows thepoint of closest

approachto eachof thecurves,calculatedasdescribedin section4.3.2.It canbeseen

thatthedistanceto therun-cycle is smaller. A similarbehavior wasseenfor almostall

phases,leadingto an incorrectclassi�cation. In contrast,�gure 4.11shows thesame

quantitiesfrom viewpoint 5. Note that thecompatibility line is differentandthat the

point of closestapproachfor walk-cycle is muchcloserto theexpectedpoint. At the

sametime, thepoint of closestapproachfor run-cycle lies outsidetheplot. A similar

behavior wasseenfor all phases,leadingto acorrectclassi�cation.

Fourthly, for theforward-jumpaction,thesubjectscrouchedbeforejumping,mim-
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Figure4.11:Viewpoint5 - Correctclassi�cationof Walk-cycle

icking a sit-down action. Similarly, uponlandingafter the jumping, they assumeda

similar crouchingposture. Both of thesewere detectedas sit-down actionsby the

system,increasingthefalsealarmrate.

Finally, thoughweexperimentedwith severaljoint combinations,wedid notcarry

outextensivesearchesfor joint combinationsthatwouldmaximizeinter-classvariation

while minimizing intra-classvariation.Indeed,theremaybeparticularjoint combina-

tionsandthresholdsthatwould resultin betterreceiver operatingcharacteristicsthan

whatwereporthere.Ourgoalwasto demonstratetheeffectivenessof ourapproachat

recognizinganactionfrom any viewpoint,givenasinglemodel.Theresultsshow that

theoverallperformanceis quitegoodfor adiversesetof viewpoints.
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4.6.2 Real ImageSequences

We ran the full-3D andrestricted-3Dapproacheson the samereal imagesequences

aswe did for the 2D approach.The modelsusedfor detectingactionsfor thesereal

imagesequenceswerethesameasthoseusedfor themotioncapturesequences.The

only differencewasthatwe neededto performmoretemporal-smoothingof thedata

thanfor themotioncapturesequences.Tables4.3and4.4show theresultsfor thefull-

3D caseandthe restricted-3Dcaserespectively. Onecanexpectthat the resultswill

be somewhat inferior to thoseon motion capturesequencesbecauseof errorsin the

imagejoint positions.Theobservationswemadein theprevioussectionaboutsources

of error anddistinguishabilityof the modelsapply for the real imagesequencesas

well. However, aswe observed in chapter3, the numberof sequencesuseddo not

permitus to draw de�nite conclusionsregardingthemodesof failure,or the reasons

for differencesin resultsacrossviewpoints. Nevertheless,oneconclusionthatcanbe

drawn is that theresultsshow goodperformancefrom thethreeviews for thefull-3D

andrestricted-3Dapproachesinspiteof noisyimagedata.

Table4.3: Full-3D Results,RealImageSequences,40 TotalActions

Metric Front-View Side-View Top-View

No. of Sequences 13 14 13

TrueDetections 9 13 9

Falsealarms 0 2 0

Misclass. 3 1 4
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Table4.4: Restricted-3DResults,RealImageSequences,40Total Actions

Metric Front-View Side-View Top-View

No. of Sequences 13 14 13

TrueDetections 10 11 12

Falsealarms 0 2 0

Misclass. 2 3 0

4.7 Summary

We presentedapproachesfor developinga high-level representationandan effective

recognitionalgorithm for humanaction that is resistantto variationsin viewpoint,

speedof theactionandto minor inconsistenciesin theactionwhenperformedrepeat-

edlyby thesamesubjectaswell aswhenperformedby differentsubjects.Weshowed

thatwecouldachievetheseobjectivesby representingactionsascurvesin spacesaris-

ing from 3D mutual invariants. Recognitionof actionsamountsto keepingtrack of

intersectionsof thesecurvesby compatibility lines andsurfacescalculatedfrom the

input imagesequences.We presentedtwo approaches- the restricted-3Dapproach

andthefull-3D approach.Therestricted-3Dapproachis lessgenerallyapplicablebe-

causeit requiresthepresenceof four jointsthatlie approximatelyonaplane.However,

actionscanbe modeledascurvesin a 2D spaceandactionrecognitionrequirescal-

culatingtheintersectionsof thesecurvesby straightlines. In comparison,thefull-3D

approachis completelygeneralbut resultsin actioncurvesthat residein a 3D space

with actionrecognitionamountingto calculatingthe intersectionsof thesecurvesby

quadricsurfaces.A detailedanalysisof the approachesrevealedinherentdif�culties

with using them. However, heuristicsthat enforcedspatialand temporalcoherency
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constraintswereproposedto surmountthesedif�culties. We evaluatedthe approach

on four actions- walk-cycle, run-cycle, sit-down andforward-jumpfrom a varietyof

views on two modalitiesof input - 2D projectionsof humanmotioncapturedataand

manuallysegmentedreal video sequences.Our useof thesetwo modalitiesof input

effectively simulatedfor ustheoutputof a body-jointdetectionandtrackingmodule.

We demonstratedthata singleview-independentrepresentationof anactionwassuf-

�cient to recognizeanddistinguishit from otheractionsfrom a varietyof viewpoints

with goodsuccessonbothinputmodalities.
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Chapter 5

PoseEstimation

5.1 Intr oduction

In contrastto therepresentationof posewhich formedamajorpartof ourprimaryfo-

cuson humanactionrepresentationandrecognitionin chapters3 and4, we dealwith

theestimationof posein this chapter. By estimation,we meanthecompleterecovery

of the 3D positionsof all the major joints of the body in a body centriccoordinate

system.This typeof Euclideanestimationis in contrastto the2D and3D projective

representationsof pose.While a projective representationsuf�ces for theproblemof

actionrecognition,Euclideanestimationof poseis necessaryfor the problemof vi-

sualmotioncapturefrom archivedvideo. A typical applicationwould involve a user

specifyingthe positionsin the imageof several body joints, while the systemesti-

matesthe initial poseof the body andproceedsto track thesefrom frameto frame.

The �nal outputof thesystemwould bethe temporalevolution of the joint anglesof

thebody: a captureof themotion. Working with calibratedimage/videodataand/or

multiple camerasis possibleonly in restrictedapplicationdomains. Most archived

videosaremonocularwith unknown cameraparameters(intrinsic andextrinsic). The

scaledorthographicassumption,which hasbeenusedby previous researchers(e.g.
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[9], [71], [6]), is too restrictive for many caseswhereperspectiveeffectsarestrong.A

full-perspective solutionto theproblemwill increasetheapplicabilityof goodtrack-

ing algorithmssuchasBregler's [9] becausein additionto providing a moreaccurate

initial estimate,in the �x ed-cameracase,onecanrecover the perspective 3D to 2D

transformof the camera,makingit possibleto carry out full-perspective trackingof

thehumanbody. In this chapter, we aim for sucha solutionandseekto estimatethe

3D positionsof variousbody landmarksin a body-centriccoordinatesystem.Using

therestricted-3Dformulationderivedin chapter4, wesetupasimplepolynomialsys-

tem of equationsin the unknown variables,for which analyticalsolutionsexist. In

caseswhereno solutionsexist, an approximatesolutionto thepolynomialsis found.

Recoveryof the3D joint angles,whicharehelpful for tracking,thenbecomespossible

by wayof inversekinematicson thelimbs.

5.2 ProblemStatement

Weemploy asimpli�ed humanbodymodelof fourteenjointsandfour facelandmarks

asshown in �gure 5.1 The fourteenbody joints are- two feet, two knees,two hips

(aboutwhich theupper-legsrotate),pelvis,upper-neck(aboutwhich theheadrotates),

two shoulders,two elbows and two hands. The facial landmarkscorrespondto the

forehead,nose,chin and (right or left) ear. The hip joints constitutea rigid body.

Choosingthepelvisastheorigin, wecande�ne theX axisastheline passingthrough

thepelvisandthetwo hips.Theline joining thebaseof theneckwith thepelviscanbe

takenasthepositiveY axis.TheZ axisthenbecomestheline perpendicularto theXY

planeandpointingin theforwarddirectionto makea right handedcoordinatesystem.

We call the XY planethe torsoplane. We scalethe coordinatesystemsuchthat the
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Figure5.1: BodyModel

head-to-chindistanceis unity.

With respectto theinput andoutput,theproblemwe seekto solve in this paperis

similar to thoseaddressedpreviously(e.g.[71], [6]): Givenanimagewith thelocation

in theimageof thebodylandmarksandtherelative bodylengths,recover their body-

centriccoordinates.

We makeuseof two assumptionsdescribedbelow:

1. We usethe isometryapproximationwhereall subjectsareassumedto have the

samebodypart lengthswhenscaled.As we describedin chapter3, theallom-

etry approximation,wheretheproportionsaredependenton bodysizeis better.

Giventhattheinput is manual,it maybepossibleto chooseanappropriatebody

modelre�ecting theageandbodysizeof thehumanin theimage,ratherthana

one-size-�ts-allbodymodel.However, asfor the3D actionrepresentationcase,

the pose-estimationalgorithm we describebelow is invariant to full-body 3D

projective transformations.
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2. Thetorsotwist is smallsuchthat theshoulderstake on �x edcoordinatesin the

body-centeredcoordinatesystem.Exceptfor thecasewherethesubjecttwists

the shoulder-line relative to the hip-line by a large angle, this assumptionis

usuallyapplicable.Further, sinceouralgorithmreliesonmanualinput,it is easy

to tell if this assumptionis violated. This assumptionallows us to apply the

restricted-3Dequationwederivedin chapter4, to thisproblemwherethepoints

on theshoulderandhip will form therequiredplane.

We will �rst show how to recover the threeanglesof rotationsof theheadin the

body-centriccoordinatesystem,given the image locationsof the body landmarks.

From the recoveredheadorientation,we next show how the 3D coordinatesof the

remainingjoints canberecovered.Recovery of thesequantitiesalsoallows usto de-

terminetheepipolargeometryof thecamera.

5.3 Recovering the HeadOrientation

Points1,2,4and5 (refer to �gure 4.1 from chapter4) will be the two shouldersand

thetwo hips,which, givenour small torso-twistapproximation,lie approximatelyon

a plane.Recallthederivationof the(4.11)from chapter4 which we repeatbelow and

dropthe
ó

subscriptfor convenience.

Û

|
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|•~
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(5.1)

Equation5.1expressesaview-invariantrelationshipbetweensolelythe3D coordinates

andtheir 2D imagepositionsfor thesix pointsshown in �gure 4.1. If we choosethe

following labelingof points(see�gure 5.2): right-hip(1),left-hip(2), left-shoulder(4),

right-shoulder(5)andallow points3 and6 to beany two headfeaturesin (sayforehead

andchin), theonly unknownsin theequationarethecoordinatesW�� and W�� . Being
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positionsonthehead,whichis arigid bodythatrotatesabouttheupper-neck,in effect,

thereareonly 3 scalarunknownscorrespondingto arotationmatrix 6 . If weuseEuler

anglesanddenotetherotationabouttheX, Y, andZ axesas 77� , 7•� and 7•� respectively,

wecanwrite:
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6‘)47§����7•�x��7•�
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W	�*8
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�

6‘)47§����7•�x��7•�

+

W	�*8

where W	�"8 and W	�*8 areknown foreheadandchin coordinatescorrespondingto a ref-

erencèneutral'position.

Theorem 1. There are upto eight possibleheadorientationsthat explain the image

formedbya head-torsocombinationwith zero torso-twist.

Proof. Writing
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where9
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Observingthatthethird elementsof W:�E��W�
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is thesignedareaof points W:�E�3W�
y��W˜• , a known constant.Similarly, we

canwrite
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Whentheabovearesubstitutedinto (5.1),thescalar9
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Wenow write expressionsfor
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ExpandingR in termsof theEulerangles7�����7•�x��7•� , andsubstitutingit in theexpres-

sionsfor thedeterminants
|

™

e

, (5.2)becomesa 13 termtranscendentalequationin the
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Euler angles. Given the point correspondencesof two moreheadfeatures,say the

noseandeitherear, we will have threeequationsin the threeunknown Euler angles.

The equationsdependon the neutralpositionof the headre�ected in `*�•Ð and `>
•Ð .

Choosinga neutralpositionwheretheheadpointsforwardwith no yaw or roll, the /

coordinatesarezerofor theforehead,noseandchin andtwo of theequationsbecome

four termtranscendentalequations.We thenhave:
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Interestingly, (5.7) and(5.8) areindependentof 7�� andcanbe solved rathertrivially

using
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 . Weobtainaquadraticequationin ?A@CB

�

7§� :

T

�'?A@IB

~

7§�

4

T

��?O@CB

�

7§�

4

T

�

�¥!

(5.10)

wherethe
T

e canbewritten in termsof
Û

e and
�

e . Hencethereareuptofour solutions

for 7§� and 7•� . Whenthesearesubstitutedinto (5.9),weobtainasimpleequationin 7§� :
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wherethe zSe canbewritten in termsof �ye , 7§� and 7•� . With ?O@CB
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 , we

obtaintwo solutionsfor 7J� . Collectively, we thenobtainupto eight solutionsfor the

angles.
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The anglesolutionsrepresentheadorientationsthat producethe image. At this

stage,we could do someratherbasicanthropometric�ltering by observingthat the

pitch anglecannotbeso large that thechin penetratesthe torso. Similarly, we could

alsoimposeconstraintson the roll andyaw angles.The valid solutionscanthenbe

presentedto theuserfrom which onewill beselected.

5.3.1 Recovering the Epipolar Geometry

Recallthat c projectspointsfrom thebody-centeredcoordinatesystemto the image

plane. Given the calculatedheadorientation,we can recover c , which haseleven

unknowns. Fromtheeightpoint correspondencesat our disposal(four headplusfour

torso),wehaveanoverdeterminedsetof sixteenequationsin theelementsof c which

wesolve for in a leastsquaressenseusingsingularvaluedecomposition.

Thematrix c containsall informationnecessaryto retrieve theepipole. c canbe

written in theform )4U

ˆWV

+.�

)4U

ˆ

8(UYX

+

where X is theepipole[30]. Giventhis, X

canberecoveredas 8JU

Î��

V .

5.3.2 Recovering Body Joint Coordinates

Considerany unknown world point W

�

&¨` aøb^


'

ý

with known imagepoint _ .

Invertingtherelationship_

�

c=W (notethat c is known to usnow), we obtaina set

of solutionsfor W parametrizedby theunknown b . This is simply theepipolarline of

theimagepoint in thebody-centeredcoordinatesystem.

`

� Û	4��

b (5.12)

a

�Z�n4

��b (5.13)
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where
Û

�

�

�

�

��� caneasilybecalculatedin termsof elementsof c and _ . Let W rep-

resentthe right elbow which is connectedto the right shoulderwith known world

coordinatesW˜•

�

& `

€

a

€

b

€




'

ý

. We alsoknow theupperarmlength,
T\[

× from our

model.We thenhave thefollowing constraint:
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� (5.14)

which is a quadraticin b , representingthe two pointsof intersectionof the epipolar

line with thesphereof possibleright elbow positions(see�gure 5.3).

Position
Known Shoulder

Sphere of possible elbow positions

Camera Center

X = a + bZ
Y = c + dZ

Figure5.3: PossibleElbow Positions

Thesetwo solutionsfor the elbow representthe unavoidableforward/backward

�ipping ambiguityinherentin the problem. Oncethe correctright elbow positionis

found, theright handcanbe foundin thesamemanner. Similarly, we canobtainthe

3D coordinatesof all theotherjointsof thebody. Theinteractivity in thissolutionpro-

cesscanbeeliminatedby having theuserpre-specifytherelativedepthsof thejoints.

In otherwords,beforethesolutionprocessstarts,eachjoint is assignedabooleanvari-

able that speci�es whetherthat joint is closerto the camerathan its parent. Given
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thattheuseris specifyingthepointcorrespondencesof bodylandmarks,this input im-

posestrivial additionalburden.This ideais alsousedin [71]. Sincewe have already

calculatedtheepipolelocation,we areableto calculatethesedistancesreadily.

5.3.3 Dealingwith UnsolvableCases

Computationof the head-orientationas well as the limb 3D locationsinvolves the

solutionof quadraticequations.Duringexperimentsonrealimagesandnoisysynthetic

images,in several cases,therewere no solutionsto one or more quadratics. This

requireda searchfor approximatesolutionsto theheadorientationanglesandto the

limb positions.Bothof thesecasesaredescribedbelow.

UnsolvableHeadOrientation Equations

Threedifferentstrategieswereexploredfor arriving at anapproximatesolutionto the

headorientationangles. The correctandstraightforward approachis to formulatea

Lagrangeoptimizationproblemwith the objective function beingsumof squaresof

(5.7),(5.8)and(5.9)plusLagrangemultiplesof thetrigonometricidentityconstraints.

However, proceedingin thismannerresultsin anon-trivial systemof polynomialequa-

tions in thesinesandcosinesof the threeangles.A standardtechniqueto solve such

a systemis to useresultsfrom polynomial ideal theory(i.e. Grobnerbasis[17]) to

convert thesystemto triangularform which canthenbesolvedeasily. However, the

equationsoverwhelmedall of theGrobnerbasiscomputationtoolsthatweretried.

A secondapproachis to exclude(5.9) from theobjective functionandonly retain

(5.7)and(5.8)because7J� doesnotoccurin eitherof thetwoequations.Thecalculation

of aGrobnerbasisfor this formulationwasfoundto betractableandhencethe�nding

of all the local minimaof theequationswasguaranteed.However, theGrobnerbasis
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computationswereratherheavy andtheperformancewaspoor.

A third approachexploits the fact that the )]7��š��7•�x��7•�

+

spaceis boundedby head-

reachabilityconstraintsthatcouldbesetto anthropometricallyaccuratevalues.Nev-

ertheless,aconservativeapproximationwouldbe &È8M^•C�
��A^•C�


'

for eachangle.Thefact

thattheanglespaceis boundedaffordsa brute-forcesearchfor 7y� and 7•� thatproduce

minimafor absolutevaluesof the left handsidesof (5.7) and(5.8). We used�

Ð

dƒ�

Ð

bins andcalculatedall local bin-wiseminima. This approachwasfound to be much

fasterandproduceda goodapproximatesolutionmostof the time. However thereis

the possibility that somelocal minima would be missedby the searchif they occur

with othercompetinglocal minimain thesamebin.

UnsolvableLimb Positions

This caseis easierto dealwith thantheheadorientationcasebecauseof theabsence

of coupledtranscendentalequations.We consideredtwo differentapproachesfor this

case(equation5.14). Oneapproachwasto useLagrangemultipliersand�nd theop-

timal `”��aÿ��b thatsatis�edtheequationascloselyaspossiblekeepingthelimb length

�x ed. A secondapproachwasto usea scale‡ suchthat thescaledlimb-length( ‡

T_[

×

in this case)madethediscriminantpositive. We chosethelatterapproachbecausethe

scalefactoreffectivelyaccountedfor variationsin theassumedandactuallimb lengths.

5.4 Results

We evaluatedthe approachon syntheticand real images,the resultsof which we

presentbelow.
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5.4.1 Synthetic Images

In thesyntheticcase,given that theerror is zerofor a perfectmodelandperfectim-

agecorrespondences,we focussedon empiricalerroranalysis.Therearetwo sources

of error: (1) differencesbetweenthe assumedmodelandthe imagedsubjectand(2)

inaccuraciesin the imagecorrespondences.For � ve different viewpoints, and 500

randomunknown posesper noise-level, we calculatedthe averageerror in full-body

reconstruction(sumof squaresof thedifferencebetweenrealandrecovered3D coor-

dinatesscaledby thehead-to-footdistance)for Gaussiannoiseof zeromeanandunit

standarddeviation andincreasingnoiseintensities.Theinteractivity of thealgorithm

waseliminatedby theevaluationprogramautomaticallychoosingthehead-orientation

with minumumerroramongthesolutions.Therearethreecases:noisy-model,noisy-
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Figure5.4: Error dependency onnoise

image,andnoisy-modelwith noisy-image.For imagenoise,we perturbedthe image

coordinateswith the noise,scaledby the imagedimensionswhich weretaken to be
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thoseof the boundingbox of the imagedbody. For model-noise,the scalewasthe

head-to-footdistance.Figure5.4shows thedependency. An importantobservationis

thatthereconstructionis moresensitive to errorsin themodelthanin theimagepoint

correspondences.Interestingly, the curve for noisy-modelwith noisy-imageerror is

almostthesameasthenoisy-modelcurve. We believe that this is becausethemodel

errorswampsout imageerrorswhicharemuchsmaller, especiallyathighernoiselev-

els. Further, sincethe modelandimageerrorsareindependent,errorscancelout in

somecases.Neverthelessit canbeseenthatsmallerrorsin themodelandimageonly

producesmallerrorsin the�nal reconstruction.

5.4.2 Real Images

We evaluatedthequalitativeperformanceof theapproachon realimagesby using3D

graphicsto renderthereconstructedbodyposeandepipolargeometry. We useda 3D

modelderivedphotogrammetricallyfrom front andsideviewsof onesubjectandused

thesame3Dmodelfor all images.Thereweretwo importantproblemsweencountered

with realimageswhich wedescribebelow:

Clothing

Clothingobscuresthelocationof theshouldersandhips,theaccuracy of whichaffects

the headorientationcomputation. We addressedthis problemwith two strategies.

First, given that the shoulders,hips and upper-neck form a planarhomographywe

computeanduseit: thoughwe do not usetheupper-neckasa featurepoint in (5.7),

(5.8)and(5.9),we requiretheuserto locateit. Thehomographyis uniquelyspeci�ed

by four planarpoints.Weusethe� vetorsopointsto calculatethetorso-plane-to-image

homographyin a least-squaressense,transformthetorso-planeto theimageusingthe

110



Figure5.5: PersonSitting,Front-view

homographyand usethe transformedpoints as input rather than the user-speci�ed

points.Second,ratherthanrequiringtheuserto locatethetrueright andleft hip (about

which theupperlegsrotate),we just requiretheir surfacelocations(i.e. `end-points'),

which areeasierto locate.Themodelstoresthetruecentersof rotationof thelegsas

well asthesurfacelocations.

Upper-neck rigidity assumption

Theskull restson top of thecervicalportionof thespinalcord. While we modelthis

junction asa ball andsocket joint, this effectively neglectsthe fact that the cervical

vertebraearefreeto rotate(althoughby asmallamountandwith asmallradius)about

the torso. To compensatefor this, we take the skull centerof rotationto be midway

betweenthe neck-baseandupper-neck. This produceda signi�cant improvementin

the head-orientationrecovery for caseswheresubjectslungedtheir headforward or

backwardin additionto rotatingit.

111



Figure5.6: Baseball

For someimageswherethesetwo effectsweresigni�cant, wehadto guessthetrue

imagecoordinatesthreeor four timesbeforethe algorithmreturnedrealisticlooking

results. Figure 5.5 shows a subjectsitting down and imagedfrom the front. Also

shown in the imageareuser-input locationsof variousbody landmarks.Besidethe

imagearetwo renderedviewsof thereconstructedbodyposeandepipolarlinesof the

bodylandmarksasseenfrom views slightly obliqueto thefrontal view. Themeeting

of epipolarlinesdepictsthecamerapositionwhich is accuratelycomputedaslying in

the front of the subject. Figure5.6 shows a baseballpitcherandthe reconstruction.

Interestinglyin this case,the camerais behindthe torsoof the subjectandthis fact

is recoveredwell by the reconstruction.Thealgorithmis alsoableto handlea small

amountof torsotwist exhibitedby theperson.Figure5.7showsasubjectsittingdown

with the handpointedtowardsthe camera,inducing strongperspective. This is an

exampleof a viewpoint that cannotbe handledby previousmethodssuchas[6] and

[71]. The reconstructedviews correctlycapturethe fact that thecamerais to the left

andtopof thesubject.Figure5.8showsasubjectskiingalongsidetwo renderedviews
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Figure5.7: PersonSitting,Side-view

of thereconstructedbody. Thenovel views of thereconstructionsshow that thebody

poseandcamerapositionarebothcapturedquitewell.

Therewereseveral instancesof realimageswherethealgorithmfailedto produce

thecorrectreconstruction.Figure5.9 shows a personriding a bicycle andtwo views

of the reconstructedbody. Thoughtherecovery of the feet is reasonablycorrect,the

overallposeof thehandsis incorrectbecausetherecoveredposeshowsa muchlarger

distancebetweenthehandsthanthetrueone.A moreimportantfailureis thefactthat

the epipoleis wrongly detectedto be to the right of the personwhenin fact it is to

his left. Oneof the problemswith this particularimageis the nearimpossibility to

reliably point out thepersonships(especiallytheright hip) dueto clothing.Secondly

theperson'sshouldersbendforwardsigni�cantly andthetorsorigidity assumptionthat

thealgorithmrelieson, is violated.Figure5.10shows anevenmoredrasticfailureof

thealgorithm. Similar kindsof problemsasin thepreviousexampleareencountered

for this image. Notice that the subject's torso twists considerablyin addition to a

signi�cant forward bendof the shoulders.The left hip position is obscuredby the
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Figure5.8: PersonSkiing

handsaswell. Theposeaswell astheepipoleareboth incorrectlycalculatedby the

algorithm.

Figure5.9: Incorrectlycomputedepipoleandpose.
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Figure5.10: Incorrectlycomputedepipoleandpose.

5.5 Summary

A methodto calculatethe3D positionsof variousbody landmarksin a body-centric

coordinatesystem,givenanuncalibratedperspectiveimageandpointcorrespondences

in the imageof variousbody landmarks- an importantsub-problemof humanbody

trackingandhumanmotion capture,waspresented.The small-torso-twistassump-

tion utilized in the solution to the problemprovidesenoughgroundtruth pointson

the torsoandallows the useof ideasfrom 3D modelbasedinvariancetheoryresult-

ing in a simplepolynomialsystemof equationsin theheadorientationangles.Once

theseare solved, the epipolargeometryandcalculationof all of the limb positions

becomespossible.While theoreticallycorrectgiventheassumptions,themethoden-

counteredspeci�c problemswhenappliedto real images,which wereaddressedby

wayof strategiesto reduceerrorin inputaswell asthemodel.An empiricalcharacter-

izationof thein�uence of errorsin themodelandimagepointcorrespondenceson the

�nal reconstructionwaspresented.Effectivenessof the methodon real imageswith

strongperspectiveeffectswasalsopresented.
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Chapter 6

Conclusionsand Dir ectionsfor Futur eResearch

In summary, we presentedcontributionsto theareasof humanactionrecognitionand

humanbody poseestimation,with the underlyinggoal of making the solutionsin-

variantto viewpoint. Below, we analyzethe solutionswe presentedanddiscussthe

directionsin which they canbeextendedin future.

6.1 Action Recognition

In this section,we �rst comparethe 2D and 3D action recognitionapproacheswe

presentedin chapters3 and4. Following that,wediscussimprovementsandextensions

thatcanbemadeto theapproaches.

6.1.1 Comparisonof the 2D and 3D approaches

Theoretically, basedon theunderlyingassumptions,we know thatthe2D approachis

the leastgeneralwhile the full-3D approachthemostgeneralamongtheapproaches.

The restricted-3Dapproachlies in betweenthe two approachesin termsof applica-

bility. Thefact thatperformanceevaluationsof thethreeapproacheswerecarriedout

on thesamesetof dataenablesus to comparetheir accuracies.Interestingly, the2D
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approachproducedmoreaccurateresultsthanthe3D approacheswhile therestricted-

3D approachfaredthe worst amongthe three. While the generalityof the 3D ap-

proachesis betterthan the 2D approach,it wasmoredif�cult to �nd a goodsetof

joint combinationsthatproducedhigh inter-classandlow intra-classvariationsfor the

3D approaches.As we observedin chapter4, we did not performanextensivesearch

for suitablejoint combinationsbecausetheprimarygoalwasto achieve robustnessto

viewpoint variations.We hadto settleon a few joint combinationsthatproducedrea-

sonableresultsaftera few trials. In contrast,choosingjoint combinationsfor the2D

casewassigni�cantly easierfor all thefour actionsevaluated.Further, theactionswere

particularlyamenableto usingthe2D approachbecausethey exhibitedsigni�cant pla-

narity. Thesetwo factorspartlyexplain thefactthatthe2D approachperformedbetter.

In addition, the failure modesof the approaches,especiallyin relation to the view-

pointschosen,werevery different(recallour discussionon failuremodesin chapters

3 and4) which furtherexplainsthedifferencein performances.

6.1.2 Futur eResearch Dir ectionsin Human Action Recognition

Theapproacheswe presentedfor humanactionrecognitioncanbe re�ned andmade

morematureby thefollowing � ve ideasfor furtherresearch.

Distancecomputations

Weusedasimplestandard-deviationnormalizeddistancemeasurefor invariants(equa-

tions 3.2 and4.17). Thesedistanceswere usedto classify the differentactions. A

betterdistancemeasurewould take theprobabilitydensityfunctionsof the invariants

into considerationanduseBaye's rule to invert themto calculatetheprobability that

thebody is in a givenposegiven the observed invariantvalues.Sucha probabilistic
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distancemeasurewouldhelpin increasingtheclassi�cationrates.

Thresholdselection

Our choiceof thresholdshasnot beenrigorous. The optimumthresholdfor the 2D

approachandtherestricted3D approachdependsupontheviewpointbecausethepla-

narity assumptionwill not beperfectlyvalid. This makesit impossibleto arrive at a

globallyoptimalthreshold.However, for arestrictedclassof viewpoints(saythoseata

�x eddistancearoundthesubject),onemaybeableto arriveatasingleoptimalthresh-

old eitheranalyticallyor empirically usinga learningtheoryapproachsuchas[54].

The empiricalapproachcould alsobe usedfor the full-3D casewherethe threshold

doesnotdependupontheviewpoint.

Model Acquisition

Model building wasdonemanually. A moresystematicway would be to usean au-

tomaticsearchbasedmethodto pick the joint combinationswith low intra-classand

high inter-classvariability. This approachwould besimilar to work by Campbelland

Bobick [11] which would alsoenableus to weedout joints that are irrelevant to an

action.However, we would beoperatingin 2D and3D projectivespacesratherthana

Euclideanspacethatthey operatedin.

Action Modeling Formalism

The actionmodelingformalismwe usedhasbeenrudimentary. Ratherthanusedy-

namictimewarpingaswedid for the2D case,wecouldusemoresophisticatedmodels

suchasHMMs or Petrinets.Noneof theactionswemodeledrequiredthemodelingof

synchronizationor concurrency, but coupledHMMs andPetrinetscouldbeconsidered

118



for otheractionswherewewouldneedto modeltheseaspects.

Automatic detectionon real imagesequences

Theultimateuseof theactionrecognitionapproacheswepresentedin thisthesiswould

be in a modulein an end-to-endsystemwherea real imagesequencewould be pro-

cessedfully automaticallyfor thedetectionof humanactionscapturedin it. Though

thereareseveral low-level processingapproachesthatcanbe integratedwith our ap-

proaches,RosalesandSclaroff 'sapproach[60] of mappingahumansilhouettedirectly

to a2D bodypose(i.e. locationof joints in theimage)appearsto bethemostpromis-

ing becauseof its lack of restrictionon thesetof posesor viewpoints(providedtheir

neuralnetwork is trainedonasuf�cient numberof posesandviewpoints).It wouldbe

interestingto seehow well theintegratedsystemwould performon actionsseenfrom

differentviewpoints.

6.2 Futur eResearch Dir ectionsfor PoseEstimation

Theposeestimationapproachwepresentedin chapter5 canbeextendedandimproved

uponin severalwaysdescribedbelow.

6.2.1 ImageCues

We only reliedon usersuppliedinput of imagejoint locationsfor thesystem.Color,

textureandedgecuescanprovide supplementaryinformationthatcanbeusedduring

the solutionprocess.Especiallyduring the headorientationcomputationstage,the

solutionscanbeiteratively re�ned by usingthesynthesize-and-teststrategy.
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6.2.2 Useof Anthr opometry Data

Anthropometrydatacanbe usedto createa betterhumanbodymodelfor usein the

system.Statisticscanprunethesetof solutionsreturnedby thesystemaswell because

we caneliminateinfeasiblejoint anglesandbodypositions(e.g. we canavoid solu-

tionsthatcorrespondto largeunrealisticheadrotationanglesandbodypiercinglimb

positions).

6.2.3 Tracking

Theultimateuseof theapproachwould be in a modulethatperformsopticalmotion

capturein thefull perspectivecase.BreglerandMalik' s [9] kinematicchainandoptic

�o w basedapproachfor humanbodytracking(which we discussedbrie�y in chapter

1) canbeeasilyextendedto thefull-perspectivecasewith our full-perspective initial-

izationof thebodymodel.Suchanintegratedsystemwouldbethelogicalnext stepin

thepracticaluseof theapproach.
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Appendix A

Proofsof ResultsUsedin the Thesis

A.1 Planar Homography

Twoviewsof a setof pointsona planearerelatedbya homography, v , a ��dU� matrix

with eighteffectivedegreesof freedom.

Recallthat theworld-to-imagetransformationmatrix c is of size �9d‚� andit deter-

mineshow a world point W is mappedto the imagepoint _ . Given _ , W canonly be

known uptooneunknown degreeof freedomandcanbewrittenalgebraicallyin terms

of _ , theelementsof c andanunknown scalar. Thefact thatthepoint lies on a plane

eliminatesthis unknown degreeof freedom. It is possibleto proceedin this manner

andprovetheresultby bruteforcealgebra.However, Szeliskiin [70] provestheresult

abit moreelegantlyasfollows:

_

�

c W (A.1)

Invertingtherelationship,wecanwrite

W

�

c

1

_

4

àGX (A.2)

where c`1 is the left inverseof c suchthat c;ca1

�cb

�WdK� and X is thenull spaceof c

suchthat ceX

�H!

. à is a scalarthatrepresentstheunknown degreeof freedom.
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We know thatthepoint W lies on a plane.Let usdenotethenormalof theplaneas f .

Hence:

f

;

W

�R!

(A.3)

Substitutingfor W wehave:
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;
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4
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�

8
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ch1,_
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X
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�ji

c

1

8

X<f
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c`1
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g

W

�nm

c _

(A.4)

where
m

c is a �Ud›� matrix.

Fromadifferentcamerawith transformationmatrix c

™

theimageof thepointwill be

_

™

�

c

™"o

ct_

�

vt_ (A.5)

wherev is a �•d•� matrix, thehomography. Recallthat _ and _

™

arebothin homoge-

nouscoordinatesandhencev hasonly eightfreeparameters.If _ and_

™

arerealimage

coordinateswheretheir third coordinateis unity, theabove relationcanbeexpressed

as

_

™

�

XYvt_ (A.6)

where X is anunknown scalar. Thevalue X will bedifferentfor different _ .

A.2 ProjectiveInvariants of FivePoints on a Plane

Let W˜‰ , g

�


�hjhÖ� be �ve pointson a plane. and let _s‰ becoordinatesof thepointsas

seenin an image of them.Thefollowing quantitiescomputedin the image plane, are
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invariant to theviewpoint:
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where
|

e…„O† is thedeterminantˆ

_•‰#_�Š‘_Œ‹

ˆ .

If we prove that the quantitiesascalculatedfrom a differentimageof the points _¢‰

™

arethesameasthosecalculatedusing _s‰ , we aredone.Fromthepreviousresult,we

know that _

™

‰

�

X©eÏv _Œ‰ where r is an unknown �]d � matrix. Let �

™

�

and �

™

�

be the

correspondingquantitiesfrom thedifferentviewpointandlet
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Substitutingtheabove into �

™

�

and �

™

�

we canverify thatwe getback �§� and �S� respec-

tively becausethe scalefactorsand ˆ

v

ˆ cancelout. In fact, otherchoicesfor g,�•z���‡

wherethescalefactorscancelout arealsopossible.
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