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Chapter 1

Intr oduction

Visual humanmotionanalysisconsistof problemshatfall within therealmsof com-
puter vision and computeranimation(or graphics). In computervision the central
problemis the recovery of humanmotion from imagesequencesvhile in computer
animation,the centralproblemis the renderingof realisticlooking humanmotionto

form imagesequencesThis thesisdealswith problemsin the computervision realm.
"Recworery of humanmotion' from image sequencesnay meanrecovery of the 3D

coordinate®of the bodyjoints (referredto asvisualhumanmotioncaptue) or a high-

level descriptionof the type of action that the humanis performing (referredto as
visual humanactionrecagnition). In this thesis,the wordsvisualandhumanwill be

omittedandimplied whenthe terms motion analysis', motion capture'and "action
recognition‘'areused.While interestingn itself, thelargenumberof potentialapplica-
tionsthatcouldbene t from solutionsto theseproblems partly explainsthe explosion
of interestin the areaover the last decade. Paperssurweying the stateof the art in

thearea([74], [46], [25] [1], [13]) appearevery two to threeyearsandprovide good
summarief incrementaldevelopmentdn the eld while servingas startingpoints
for furtherreading.

In the following sections,we createa contet for the thesis: we discussmajor



applicationsof humanmotionrecovery from imagesequencesiescribespeci ¢ prob-
lemsandchallengesnvolved,andsurwey relevantprior work. Finally, we describehe

speci ¢ problemsaddressedndsolvedby thethesis.

1.1 Applications

1.1.1 Human Animation

Currently thecomputermnimationof humangeliesheasily on humanmotioncapture,
which providesthe 3D coordinatesof variousjoints of the body for a sequenceof
frames. The methodof choicefor humanmotion captureinvolvesstrappingsensors
to variousjoints of a humanandrecordingsignalstransmittedoy themasthe human
performsvariousactions[45]. Thesesignalshelp determinethe 3D coordinatesof
the joints in someframe of reference.Sensorsareintrusive andrestrictthe typesof
actionthatthe humancanperform. A computervision basedsolutioneliminatesthe
needfor intrusive sensorsand provides a passve and unrestrictedwvay of obtaining
motioncapturedata.Further if thereis aneedto capturehumanmotionfrom archived
video, aswould be the caseif oneneededo animatethe inimitable Charlie Chaplin
(aspointedout by BreglerandMalik in [9]), a computervision basedapproachs the

only recourse.

1.1.2 Visual Surveillance

A humanactionrecognitionsystemcan procesimagesequencesapturedby video
camerasnonitoringsensitve areago determineata high-level, if oneor morehumans
areengagingn suspiciour criminalactiity. For example,if theactionhumanpoint-

ing gunwereto be detectedthe systemwould alertappropriatesecuritypersonneto



take action. Similarly, a cameramonitoringa parkinglot could do the samewhenthe
actionhumanbreakinginto car is detected.Automaticidenti cation of peoplefrom
their gait, or gait recaynition, is anothermossibleapplicationof humanmotion anal-
ysis. Recently Eng et al [20] reportedon a “drowning-detection'systemconsisting
of multiple camerasfor proactvely detectingdrowning behaior in anoutdoorswim-
ming pool. Visualsurweillanceapplicationsuchastheseconstituteamajorapplication

areaof humanactionrecognition.

1.1.3 Content BasedVideo Retrieval

A query processingsystemfor a video library canhave at its core, a humanaction
recognitionsystemwhich scanghroughvideotaking asinput, an action-queryspec-
i ed in high-level languageand producingas output, the sequencef video frames
wherethe actionwasfoundto occur Suchanapplicationcould prove very usefulfor
sportscasters quickly retrieve importanteventsin particulargames. For example,
when a baseballsportscastespeci es the queryretrieve all catchesor a basletball
sportscastespeci esthe queryretrieve all slam-dunksthe systemwill retrieve those
speci ¢ frameswheretheseactionsoccur Sucha systemwill eliminatethe needfor

cumbersomenanualannotatiorof video.

1.1.4 MiscellaneousApplications

A humanactionrecognitionsystemdesignedo respondo speci ¢ gesturesnadeby
a computerusercanreplaceor augmentspeectcontrolledcomputerinteraction. For
example,verbalcommanddor manipulatinga virtual graphicalobjectcanbe cum-
bersomewhile gesturesnay be a more appropriateandintuitive medium. Interpre-

tation of lip movementamay help disambiguatgghoneme$25], providing a measure



of robustnesso speechcontrolledinteraction. Action recognitioncan also bene t
the areaof virtual teleconferencingvhere,insteadof raw video, a high-level descrip-
tion of body-mwoementds transmittedo thereceving sidewherethe encodedody-

movementsare usedto re-createwhat is happenningat the transmissiorside. This

model-baseaodingapproach2] would requirevery low bit ratesfor teleconferenc

ing.

1.2 Problemsand Challenges

Visualhumammotionanalysigs largein scopeandcanbedividedinto severaldifferent
area®f researcheachwith its own setof openproblemsandchallengesin contrasto
earlysunweysthatimplicitly askedthequestionWhatare the characteristicsof various
approadiesfor visual motion analysis? the last two surweys ([74], [46]) asked the
guestionWhatis the structure of an end-to-endsystenthat recovers humanmotion?,
andgroupedprevious work into cateyoriescorrespondindo differentcomponent®f
theend-to-enagsystem.Suchanend-to-endystemwill have solutionsto the problems
of sgmentation pose-epresentationand estimation and action-representationand
recanition. We discusseachof theseareasbelow but prior to that,we noteherethat
anend-to-endystermeednotfollow suchaclearcut problemdecompositiomndthat
speci ¢ applicationsamay not requiresolutionsto all of theseproblems.We will note

suchexceptionsduringthe discussions.

1.2.1 Segmentation

Beforehumanmotion canberecovered,the systemrst needso detecta humanbe-

ing andinitialize amodelof the human.For applicationssuchascontent-basedideo



retrieval, an additional pre-processingtepof shotdetectionis alsonecessary Sey-
mentationnvolvesthe procesof extractingthe humanbodyfrom thebackgroundnd
optionally, detectingvariousbody-partsandbody-joints. The conditionsin whichthe
imagesequencéasbeenshotandthe assumptionsnecould make aboutthemdrive
the kinds of approacheshat one could take. Variationson theseinclude: x edvs
moving camerajndoor vs outdoorscene monochromaticoss color images,steadyvs
unsteadybackgroundperspectie vs weak-perspeocte projection,singlevs multiple
camerascalibratedvs uncalibratedcamera(s)loosely-clothedvs tightly-clothedhu-
mans,etc. Clearly, while speci ¢ combinationof viewing conditionsare simplerto
work with (e.g.multiple calibratedcameragapturingcolorimagesof atightly-clothed
humanin a steady unclutteredbackgroundYhanothers,onewould like to remainas
generalaspossiblewhenseekinga solutionto the problemof segmentationbecause
onecannotalwayscontrolthe viewing conditionsor make theseassumptions.
Centralsub-problem®f the sgmentationstageinclude gur e-ground segmenta-
tion, human-bodydetection part-detection andtracking. We discusseachof these

areadelow.

Figure-ground segmentation

Figure-ground-sgmentations the procesf identifying thoseregionsin theimage,
which correspondo a moving human. While this is a dif cult problemto solve in
the caseof a moving camerathe x ed-cameraaseis challengingaswell. Parts of
the backgroundcan sometimesamimic partsof the moving humanbody in termsof
intensityandcolor. Fastbackgroundrariations( ick eringcomputerscreensmoving
cars, ying birds, swaying treesetc.) make it dif cult for the systemto focuson

the moving humanbody andextractit from the background.Theimagingprocesss



inherentlynoisy, addingyet anotherchallengeo the problem.

Human-body detection

Human-body-detectiois theproces®f analyzingmoving regionsto determindf they
correspondo a humanbeing. For systemsvhereit is known a priori thatthe viewed
objectis a humanbeing,this stepis unnecessaryDistinguishinga humanbeingfrom
otherobjectsis a classi cationproblem. The articulation(non-rigidity) of the human
body, anddifferencesn viewpointsleadto anin nite numberof possibleappearances
of the body, 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 correspondo major body partsandjoints, like the head hands feetetc. Body
articulationandviewpoint variationsthat posechallengedor humanbody detection,
posechallengegor part-detectiomswell. A challengealsoarisedrom self-occlusions
(whereonebody partlies behindanothermwith respecto the camera)which arevery
commonin humanmotion. A third challengecomesfrom the unobserability of cer
tain bodyjoints: very often,evenwhennot subjectto self-occlusionsmary true body
joints are not directly obsenablefrom the image(e.g. shoulderskneesandelbows)
and at best,canonly be inferredindirectly throughother obserable parts, through

supportingedgecuesor throughtracking.



Tracking

Trackingis the processof incrementallyupdatingthe resultsof the solutionsto the
above problemsperframe,withouthaving to re-calculatehem.In this sensewe track
only to aidin asolutionto theabove problems.Trackingcanpredictanddealwith self-
occlusionandnon-obserability problemsusingprior historiesandespeciallywhena
3D bodymodelis employed. While tracking,we operateatahigherlevel of processing
in thatwe encodethe resultsof the above problemsinto a state-representatiomake
predictionson the movementof the stateandcorrectthe predictionsusingimagedata.
The numberof degreesof freedomof the statedictatethe compleity of tracking. If
individual body partsare tracked asimageregions, the degreesof freedomremain
smallandtrackingbecomesasierbut at the expenseof increasecompleity needed
to aggr@gatethe imageregionsinto a solutionto the above problems. On the other
hand,if acomplete3D kinematicmodelof the humanis used,predictionshave to be
madeon the joint-anglechangedor a large numberof joints makingtrackingmore
challengingobut with the bene t of aneasymappingto imagejoint locations.
Although humanbody segmentationalgorithmsthat work reasonablywell in re-
strictedervironmentshave beendevised,a generalsolutionis lacking,andthe eld is
still developingasis evidencedby the numberof articlesdevotedto the problemthat
appeareachyearin leadingcomputervision conferencesndjournals. Nevertheless,
the outputof a segmentatiormodulewould be (a) silhouette(spf thehumanbodyand

optionally, the setof body-partandjoint locationsin theimageor in the 3D world.

1.2.2 Pose-Repesentationand Estimation

In contrastto "pose'asusedin objectrecognitionwhereit refersto the positionand

orientationof anobjectin a camera-centricoordinatesystem,a humanbody “pose'



for our purposesneansthe con guration of the variousbody partsin a body-centric
coordinatesystem.Quantitatvely, poseis completelyde ned oncethe positionsand
orientationsof the variousbody partsareknown. Giventhe positionsof variousbody
parts,in principle,onecancalculatethe joint anglessubtendedby variousbody parts
aboutthejoints to which they areattached.This would be aninstanceof theinverse-
kinematicgporoblemthatariseswithin the eld of robotics,for which standardolution
approacheesxist. Theadvantageof maintainingjoint angless thatit facilitateshuman
bodytrackingin theimagesequencewhichin turn facilitatesincrementalupdatesof
theposeonceinitialization hasbeendone.Maintainingsucha 3D Euclideanor metric
representatiomf poseis relevantandnecessaryf 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 imagecoordinatego a motion-capturesystemwhich would initialize a model of
thesubjectbasedntheimagecoordinatesAfter thisbootstrappingthe systemwould
updatdts modelfrom frameto framebasednimagedata(e.g.[9]). For otherapplica-
tionswherethismaybeunrealisticanautomatianitializationmechanisnis necessary
Mappingthe 2D joint locationsin theimageto a 3D Euclideanrepresentatioof pose
is a dif cult problem. The non-rigidity of the humanbody andits large numberof
degreesof freedom,make searchingor solutionsin the spaceof degreesof freedom
computationallychallenging.In the caseof a singleuncalibrateccamerathe lack of
depthinformationandperspectie effectsmalke the problemevenmorechallenging If
the nal goalis humanactionrecognition,acomplete3D Euclidearnrepresentationf
poseis notnecessary2D stick gures, bodysilhouettesor 2D blobs/reggionscomputed
from the imagesequencealone,may sufce. For example,in this thesis,we show

thatit is sufcient to maintain2D and3D projectiverepresentationsf a poseanduse



themfor actionrecognition.

For humanactionrecognition,the mannerin which body-posegandactions)are
representedietermineghe exent of applicability of an approach.Therearein nite
viewpointsfrom which abodyin a givenposecanbeviewed,eachleadingto a differ-
entappearancef thebody While quantizingthespaceof viewpointspossible]eading
to severalview-dependentepresentationsf a singlebodypose this approachs cum-
bersome. A view-invariantbody-poserepresentatioprovides the desiredeconomy

andelegance.

1.2.3 Action-Representationand Recognition

Johannsors[35] experimentswith MLDs (Moving Light Displays)have beenwidely
citedin the literatureon visual humanmotion analysis. They involved subjects put-
tted in blackin a dark backgroundwith lights attachedo their joints, performinga
variety of actions.Whenpresentedvith animageof a subjectshaving a x ed setof
lights, obsenrerswerenotableto discernthe presencef ahuman but whenpresented
with animagesequencehawing the lights in motion, obsererswereableto realize
thatthe lights camefrom a humanandthey wereableto recognizethe actionaswell
asthe genderof the subjectusingonly imageinformation. This resultcould be inter-
pretedin two ways[13] : thatthe obsenrersrelied purely on the motioninformation
to recognizethe action, or thatthey reconstructeé modelfrom the 2D datauncon-
sciouslyandthenusedthatto recognizethe action. Researclinasfollowedboththese
interpretationsn devising usefulwaysfor representindgpumanaction.

A humanactioncanbe thoughtof in termsof a startingpose , anendingpose

, anda sequencef continuoudransitionsthattake the body from pose attime

to pose attime . We canthink of a phaseof anaction, thattakes



on a valuein the interval . A phasevalue mapsto a body pose . An ac-
tion thenbecomeghe function . Representationf anactionis tied to
therepresentationf the pose . An importantissueto dealwith is the speedof the
actionor equialently, the framerate of the video. The actionrepresentatioishould
be independenof thesequantities.Anotherissueinvolvesdecidingwhat partsof the
body areabstractedy the poserepresentationBasedon the applicationdomain,for
someactions,t maynotbenecessarjor theentirebodyto beabstractednto thepose
representationFor example,whetheror not a walking personswingshis/herarms,
the personcould be consideredo be performingthe actionwalking Incorporating
the armsinto the representatiorof the posewill bring in irrelevant detail. On the
otherhand.,if theapplicationrequiresdistinguishingbetweerthe actionswalkingand
walkingwhile carrying a brief-case the arm positionbecomeselevant,andthe pose
representationvould needto incorporateit. Yet anotherissueis the concurreng of
body partmovements.The above formalismessentiallyabstractsan actionasa con-
tinuousstatemachine- thebodyis consideredo be in onestateat a giveninstant.In
reality, humanbody partsmove concurrentlywith possibleperiodicsynchronization.
For instance,it would be very dif cult to representhe actionhumanjuggling three
balls with the above formalismbecausevhile juggling, theright andleft handsmove
independently from the perspectre of eachhand,theball is throvn immediatelyaf-
terit is caught.Hence,it is impossibleto assigna single stateto the entirebody at a
giventime. A formalisminvolving CoupledHiddenMarkov Models[8] or PetriNets
[18] would bebettersuitedfor representinguchactions.Anotherchallengearisesdue
to variability in actions:the sameactionexecutedmultiple timesby the sameperson,
or by differentpersonswill exhibit variationbecausdaumansarenot consistentvhen

they performa givenaction. Theactionrepresentatioandrecognitionsystemshould
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be ableto accountfor this variability andberobustto it.

1.3 Prior Work

In this sectionwe describeprior work donefor eachproblemareawe discussedn
sectionl.2. We follow the sameorderasin sectionl.2. We describedifferentap-
proachedor solving problemsin the areain termsof their key ideas,and cite and

review representatie publicationghatillustratethe key ideas.

1.3.1 Figure Ground Segmentation

Therearethreemainapproachefor separatinghe humanbodyfrom the background

from a sequencef imagesandthesearediscussedbelow.

Background Modeling and Differ encing

By far, a majority of methodsdevelopedfor solvingthe gure-ground-sgmentation
problemhave beenfor (a) x edcamera(syvhich enable(s}the useof badkgrounddif-
ferencing a populartechniquefor its solution.Backgroundlifferencings theprocess
of estimatingandmaintainingpixel valuesof the backgroundandperforminga differ-
enceoperatiorbetweerthebackgrounadindinputimages.Thestraightforvardprocess
is errorpronebecausén additionto fastvariationsin the backgroundsisdescribedn
sectionl.2, slow long-termvariations(moving clouds,diurnal changestc.) posean
additionalchallenge.lImagenoisecontributesto errorsin the straightforvard process
of differencingaswell. Many heuristicshave beenproposedor robust background
maintenanceisingpixel statistics Haritaogluet al [29] maintainthe minimum, maxi-

mumandmaximumperframechangean intensityat eachpixel to determindf apixel
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is partof the backgroundr foreground. Staufer andGrimson[67] modela pixel in-
tensityasa randomprocessarisingfrom a mixture of adaptve GaussiansA mixture
of Gaussianss usedto capturemultimodality (e.g. ick eringscreensspecularitie®n
watersurfacesetc.) andthe adaptve naturemodelstemporalbackgroundvariations.
A similar exampleis the P nder (shortfor "PersorFinder’) system[80] which main-
tainsthe YUV meanandcovariancematricesat eachpixel andallows for theseto be

updatedecursvely asthescenechangeslowly.

Temporal Differ encing

Anothertechniquefor detectingmoving areasin the sceneis temporaldifferencing,
which is the imagedifferenceoperationappliedto successie frames. The resulting
imagerevealsareasof motion. By its very nature the methodworks well only if the
motion is smallandit canonly detectthe outlinesof moving objectsif they exhibit

little internaltexture or intensity variation. An improvementof the basictwo-frame
differencingoperations the useof threeconsecutie frames[38]. The Visual Surveil-
lance and Monitoring (VSAM) work doneat Carngjie Mellon University combined
background-dierencingandtemporal-diferencingto detectmoving objectsin arela-

tively staticbackgroundandgoodresultswerereportedusingthe combinedapproach

[15].

Optical Flow

Optical o w basedapproacheform athird wayfor detectingnoving regions.Assume
thatintensitychangedetweerconsecutie framesarecausednly by moving regions
andthatthe imageregionsare of smoothlyvaryingintensity Let denotethe pixel

intensityat location attime . Letussaythatattime , theregion at
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undegoesa smalltranslation, . Thelocation will now be occupiedby

the pixel thatoccupied attime . Theintensityof thatpixelis
Therateof changeof intensityat will thenbegivenby

— _ —— (1.1)
Denotingthe ow, i.e. as we have the brightnessconstaint

whichis anequationthatthe component®f the o w satisfyat eachpixel:
— = — (1.2)

This is anill-posed problembecause are both unknown but we only have one
equationthatthey satisfy (notethat the partial derivativescanbe approximatelycal-
culatedfrom theimageusing nite differencing).Oneway is to assumea parametric
form for optic o w in aregion,whichwill provide anoverdeterminedetof equations
in the parameteralues(e.g. [65]). For humanbody segmentationtheseregionscor
respondo moving body parts.The parametridorm for o w is dictatedby the human
kinematicmodel. Ju et al [37] describea 2D approachwheremajor body partsare
approximatedas planarpatchesconnectedo eachotherat joints. Bregler and Malik
[9] employ a moreelaborate3D kinematicmodelof the body anduseoptical o w to
trackthe humanbody Both approachesequiremanualinitialization after which the

optical o w basedapproachracksthebody.

1.3.2 Human Body Detection

Virtually all systemdor whichthisis anecessarproblemto solve, simplify the prob-

lem by designinga view basedapproach.Mohanetal in [47] useHaarwaveletsand
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SupportVector Machinesto detectthe humanbody andthe head,legs, andarm lo-
cationsfrom the front, sideandrearviews. They usea two stageapproach:the rst
stageinvolvestestingsmall windows throughoutthe imagefor the presenceof each
consideredody part while the secondstageinvolvescombiningthe resultsto deter
mineif thereis ahumanin theimage.Collinsetal [15] reportaview dependenheural
network basedclassi er and a Linear DiscriminantAnalysis [19] basedclass er to
distinguishbetweerthe classes©iuman humangroup, andvehicle In contrasto these
shapebasedclass cation methods,motion basedmethodshave also beenreported.
Lipton in [41] de nesresidual ow at a pixel asthe differencebetweenthe overall
body (or "blob") displacemenandthe optic o w. He usesthe heuristicthatthe resid-
ual ow will behigherfor ahumanbodydueto its articulation,thanfor arigid body,
to performclassi cation. Similarly, Staufer in [66] useshinary motionsilhouettego

discriminatebetweera vehicleanda humanbeing.

1.3.3 Part Detection

Oneof the earliestattemptgo detectbody partsfrom animagesequencef a moving
humanin a generalscenariowasby Leungand Yang[40]. They rst detected 2D
ribbons'in eachimage,whichwerecalculatedusinga robustedgedetectorandwhich
correspondedo the limbs, torso, and headof the body Following this, a seriesof
heuristicswereappliedto the 2D ribbonsto detectthe head,torsoandlimbs. Ghost
[28] was a systemdevelopedby Haritaogluet al for labelinga humanbody silhou-
ettewith locationsof the body partsandjoints. By applyinga seriesof heuristicson
recursve corvex hull computation®n the body silhouette they wereableto identify
several body partsandjoints. The P nder system[80] mentionedn sectionl.3.1is

ableto detectandtrack the headandhandsof the humanbody using esh-color asa
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prior. RosalesandSclarof in [60] describean interestingneural-netwrks basedap-
proachfor mappinga 2D silhouetteto a setof 2D joint locations.A 2D silhouettein
theircasds abinaryimage(i.e. theintensityis 1 insidethesilhouetteandO outside)as
obtainedby gure-groundsegmentation.Thesilhouettes representedly Hu moments
[32] which are quantitiesderived from momentsof inertiaof a gure (whichin this
caseis the silhouette).An appealingquality of Hu momentds their invarianceto 2D
translationyotationandscaling.Thetrainingphasénvolvedsynthesizinga numberof
silhouettef anaveragehumanwith averageclothing,from a numberof views, from
motioncapturedata. Thesearegroupednto a X ednumberof clustersusingunsuper
visedlearning. A neuralnetwork is trainedto mapHu momentdrom the silhouettes
of eachclusterto the 2D positions,which areknown. Thengivenanunknovn image
sequencegure-groundsegmentations appliedandtheneuralnetwork is usedto map
thebinarysilhouetteto the 2D joint positions.

If available,multiple cameragprovide moreinformationfor the detectionof body
partsandlocalizationof joints. For example,Gavrila andDavis in [24] describeasys-
temfor thedeterminatiorof the3D positionsof variousjoints usingmultiple calibrated
camerasAfter gure-groundsegmentationprincipalcomponentanalysigPCA)[36]
is appliedto the silhouette which allows the determinatiorof the head-torsaxisin
theimage,from eachview. Giventhatthecamerasrecalibratedthis allowsthedeter
minationof the 3D locationof the head-tors@xis. Thereafterthrougha searchhased
procedureyariousvaluesfor the 3D joint anglesarehypothesize@ndveri ed by syn-
thesizingthe hypothesizedhppearancand verifying it againstthe true appearances
from eachview. Anotherrepresentatie paperusingamulti-cameraapproachs thatof
Graumaretal [26] who recentlypresented probabilisticapproacHor estimatingthe

3D coordinateof differentjoints of the body from imagesfrom multiple calibrated
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cameraspf awalking human.They rst useananimationpackageo rendervarious
posesrom variousphase®f a humanwalking to obtainsilhouettesaswould appear
from the camerasn the real scenario.The silhouettesarerepresentedby a vectorof
2D coordinatesof their contours. Sincethe 3D joint positionsare known during the
training phasethey augmenthe 2D contourswith 3D joint positions.Usingtraining
data they clustertheinputspaceof multiple 2D contoursand3D joint positions.When
presentedvith imagesfrom real camerasat the samelocations,usinga Bayesianap-
proach,silhouettedrom multiple views of a bodyin anunknavn posearemappedo

the 2D contoursandthe associate®D coordinates.

1.3.4 Tracking

As we mentionedearlierin this section,trackingaidsin gure-groundsegmentation,
humanbodydetectiorandbodypartdetectiorbecaus@encetheseareinitialized, track-
ing enablegheincrementalipdateof their outputs.Trackingatthelevel of body parts
is helpedby the useof a humanbody model, which encodesa state(or pose)of the
humanbody. Giventhe stateof the body modelin animage,trackingthenamounts
to estimatingthe amountof changein statein the next imageof the sequenceGiven
the noisy natureanduncertaintiesnherentin the body detectionand stateestimation
processprobabilisticstateestimationtools suchasthe Kalman Iter [78], its variants,
particle Iters [4] andthe relatedCondensatioralgorithm[34] have found gooduse
in humanbody tracking. The modelcould be two dimensionalasin the useof 2D
stick gures (e.g.[27]) and2D contourg(e.g.[40], [37]), or threedimensional.Three
dimensionamodelsareadvantageousor their helpin predictinganddealingwith oc-
clusions.An exampleis thework of Rohr[59] who modeledthe bodyasa collection

of fourteenelliptical cylinders. His work dealtwith detectingthe poseof a walking
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humanasviewedfrom the side,usinga calibratedcamera.After searchingn onedi-
mension(thephaseof thewalkingaction),heusedheKalman Iter totrackthehuman
andhis pose.BreglerandMalik [9] usedideasfrom roboticsandmodeledthe human
body asa kinematicchainandmodeledthe esh asellipsoids. After initializing the
modelby handthey proceedo usetheprojectionequationsandoptic o w to guidethe
incrementalupdateof the model. Trackingapproachesvith lesssophisticatedr no
explicit humanmodelshave alsobeenreported. McKennaet al [44] modelthe body
asa collectionof regionswith color distributions. The P nder [80] work discussed
earliermodelsbody partsas 2D blobsandtracksthemseparatelyusingthe Kalman
Iter . FabletandBlack[21] usea view basedepresentatiofor humanmotionusing
optical o w. For training, they usemotion capturedataof subjectswvalking to render
optic o w from several views andusePCA to bring down the dimensionalityof the
representationWhenpresentedvith a novel sequencethey calculateoptic o w and
calculatethe posteriordistribution of the model (i.e. action) parameters.They use

particle Iters to trackthe posteriorprobability.

1.3.5 Pose-Repesentationand Estimation

For visual motion captureapplicationswhereit is necessaryo recover the body mo-
tionin 3D, ametricrepresentationf poseis necessarywWhendealingwith amonocu-
larimagesequencé&om anunknavn camergaswouldbethecaseor archvedvideo),
theinput, aswe describedn sectionl.2.2,is typically a setof imagelocationsof the
body, from whichaninitial estimateof theposeis required.To dealwith thelargenum-
ber of degreesof freedomof the humanbody, researcherbave resortedo assuming
a scaledorthographiccameraor requiringan unrealisticnumberof point correspon-

dencesFor example,LeeandChenin [39] work with asinglecameraHowever, they
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assumehata minimumof six point correspondencesf the headbe known (e.g. both
eyes,bothearsneckandnose)which allowsthemto recover thetransformatiorfrom
a head-centeredoordinatesystemto the imageplane. While it is possibleto obtain
thesecorrespondencesr motion capturebasednput (which wasthe only modality
of inputthatthey testedtheir approacton), it is unrealisticto assumehatall of these
headfeatureswill bevisible in arealimageof a humanbody In [71], Taylor usesa
scaledorthographicuncalibratedcameramodel and relatesthe foreshorteningn the
imageplaneof a body limb to its 3D depthfrom the camera.The projectionmodel
relieson an unknavn scalefactorwhich is x edto an arbitraryvalue. After xing
the scalefactor he shavs how one cancalculatethe relatve depthsof all the joints
of the body. Even so, thereare an exponentialnumber(in the numberof limbs) of
possiblesolutionsbecaus®f theforwards-backwrds ipping ambiguity wheregiven
thatalimb is foreshortenedt is not clearwhich joint is closerto the camerasee g-

ure 1l.1). Theseambiguitiesareresolhed by additionaluserinput. In [6] Barronand

Possible Limb Positions

Image Plane \ \

/

Foreshortened
Image

Figurel.l: Foreshorteningf aLimb in thelmage

Kakadiarisusethe scaledorthographiccameraassumptiorand usersuppliedimage

joint locationsto estimateanthropometryandposefrom a singleuncalibratedmage.
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In orderfor thescaledorthographi@assumptiorio apply, they requireatleastwo limbs
to bealmostparallelto theimageplaneandrequirethe userto specifythelimbs. They
calculatethe mostplausiblelimb lengthratiosthat explain the imageusinga search
basedprocedureconstrainedy anthropometricstatistics. Bregler andMalik' s work
[9], cited earlierin this chaptey alsohasaninitialization stepwherethe joint angles
of thebodyarecalculated.They usethe scaledorthographigrojectionapproximation
andalsorely on manualinputof joint locationsin theimageandreporta searchbased
procedureo recover the body lengthsandjoint angles. Recently Sminchisescand
Triggs[64], reportedon anapproacHor monocular3D humantrackingassuminghat
camergparameterareknown. Manuallyinputjoint positionsof theimageareusedto
searchHor the setof 3D joint angleshatbestexplaintheimage.

For actionrecognitionapplications,a complete3D reconstructiorof the body is
helpfulif possibleput notnecessaryin thecaseof multiple calibratedcamerasvhere
the body and 3D partlocationsarerecoveredas part of the segmentationstage,this
stageis not necessaryfror the singlecameracase posecanberepresentedsa quan-
tity derivedfrom theimagedomain.FujiyoshiandLipton [23] represenposeby way
of a "starskeleton' of the extractedsilhouettewhichis the gure obtainedoy connect-
ing the centroidto the local maximaof the boundarydistancefrom the centroid(see

gure 1.2). Assumingthatthe humanis in the uprightposturethe bottommaximaare
takento bethe feetandthe top maximumis takento be the head. They wereableto
distinguishbetweerthe actionswalkingandrunningfrom the side-viev, basedonthe
angleof inclination of the headto the vertical (which is higherfor runningthanfor
walking becauséehe headlungesforward moreduring running)andthe frequeng of
the cyclic motionof thefeet(whichis higherfor running). Ali andAggarwal [3] also

usea skeletonbasedepresentationf posefor actionrecognitionfrom the side-viav,
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Silhouette Boundary Distance to Centroid Star Skeleton
Figurel.2: FujiyoshiandLipton's "starskeleton'

althoughtheir skeletonis the standardnedialaxisbasedskeletonwhich is obtainedoy

joining pointsthatareequidistanfrom the boundary

1.3.6 Action-Representationand Recognition

An actionrepresentatiomeedsto encodethe evolution of posewith time and deal
with spatiotemporaariability (recallthe discussionn sectionl.2.3). Temporalvari-
ability canbe modeledby dynamictime warping (DTW) which hasfound gooduse
in speechrecognition[51]. It involvesthe stretchingor shrinking of time to match
a giveninput signalto areferencesignal. The searchfor the bestsetof stretchesand
shrinkage®f timeis foundusingdynamicprogramming16]. HiddenMarkov Models
(HMMs) aremoresophisticatedin thatthey canencodespatial(i.e. pose)variability
aswell by incorporatingprobability distributionsof the poseattributes. Rabiners tu-
torial [57] providesa gooddescriptionof the theoryand practicalissuesnvolvedin
theimplementatiorof HMMs. While HMMs abstracthe systemasa nite statema-
chine,Petrinetsprovide moresophisticationn beingableto modelthesystemasa set
of concurrentlyevolving sub-statesWith the formalismof Petrinets,onecanmodel

concurreng aswell assynchronizatiobetweervariouspartsof thesystem David and
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Alla provide agoodintroductionto Petrinetsin [18]. CoupledHMMs [8] areanother
choicefor modelingconcurreng becausé¢hey combineHMMs andallow transitions
of oneHMM to be conditionedon the statesof otherHMMs thatarecoupledto it.
YacoobandBlack [81] build on their parametricoptical o w method[37] (recall
ourdiscussiorof [37] in sectionl.3.1)andmodelactionsasview-basedemporaltra-
jectoriesof the optical o w parameter®f the arm, torso, thigh, calf andfoot. After
manualinitialization of the body; their trackingmodulerecorersandtracksthe body
andoptical o w of eachpart. They modelandrecover temporalvariationsin the ac-
tionsby an afne' transformatiorof time, ,Where isthetemporalscaling
parametethatcanmodelspeed-upandslow-dovnsand accountgor changesn the
startingtime of the action. Brandet al [8] describea coupledHMM for representing
andrecognizingTai-Chigesturesnadeby two hands.In the Tai-Chisequencetheau-
thorsconsideredithetwo handscanmove independentlyaswell asin synchrory with
eachotherwhich makesthe actionssuitablefor beingmodeledby a coupledHMM.
They work with stereowhich allows themto obtainthe 3D coordinate®f theleft and
right hands,which are usedfor training their coupledHMM. An exampleof the use
of Petrinetsfor modelingconcurreng andsynchroty in humanactionis the work by
Nametal who describea gesturerecognitionsystemin [52]. Thesubjectwearsaspe-
cial glovewhosesignalsform theinputto their system.Their gesturedatabaseonsists
of several coloredPetrinetscorrespondindo eachdistinct gesturethatthe handcan

perform.Unknown gesturearematchedagainstachgesturen the database.

Dir ectrecognitionfrom Image Features

Severalapproachebave avoidedreconstructingr representinghe poseof thehuman

for actionrepresentatiomndrecognitionandsoughta mappingfrom low level image
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featuredirectlyto anaction.ChomatandCrowley [14] useGabor lters tunedto spe-
ci ¢ orientationsandfrequenciego capturethe spatiotemporatlynamicsof actions.
Whenpresentedvith anunknovn imagesequencetheir systemcomputeghe Gabor
Iter responseandusesthe Bayesrule to calculatethe actionprobabilities.Their ap-
proachis sensitve to temporaland viewpoint variations. In fact, the walking action
asseenfrom thefront, back,left andright views is consideredsfour completelydif-
ferentactions.Yamatoet al in [82] describeanHMM basedapproacHor classifying
varioustennisstrokes whenviewed from the side. The humanis extractedandthe
imageis binarizedsuchthat the humanis representedn white andthe background
is representeth black. They divide eachimageinto pixel-blocksof con gurablesize
andcalculatehefractionof blackpixelsin eachblock. Thisbecomesheirfeaturevec-
tor whichis usedin the modelingof HMMs andin the recognitionof actions.Polana
andNelson[56] describeaway to detecta periodicactionbasedonits spatiotemporal
appearancelhe moving humanis isolatedinto a boundingbox and o w is computed
in pixel-blocks. If it is determinedhat the motionis periodic,templatematchingis
performedon the boundingboxesto classifythe action. Bobick andDavis preseni@an
interestingapproachn [7] thatusesmotion cuesto represenaindrecognizeactionsin
aview-dependentnanner They performbackgroundlifferencingfor eachimageand
createtwo ‘meta-imagesperimagein the sequencethe motionenegy image(MEI)
whichis abinaryimageshawving pixelsthathave hada differenceandthe motion his-
tory image(MHI) whereeachpixel hasintensityproportionalto thereceng of motion
at the pixel. Hu momentg32] of the MEIs andMHIs form the representatioof an

action.
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View-Invariant Action Representationand Recognition

Generallyspeakingasidefrom multicameraapproachewheretheissueof viewpoint-
invarianceis not of particularconcernbecausehe actioncanberepresentedndrec-
ognizedin 3D directly, prior work haslargely ignoredthe viewpoint-invarianceissue,
especiallywhereit hasmatteredthe most- wherethe inputis monocularvideo with
unknavn camergparametersNeverthelesssomeprior work hasaddressethe issue
directly. SeitzandDyerin [63] have describecinapproactio detectcyclic motionthat
is af ne invariantassuminghatfeaturecorrespondenceetweersuccessie framesis
known. Their goal of cyclic motiondetectionrequiresthe comparisorof two images
for similarity, so thata repeatingphaseof an actioncanbe detected.They general-
ize the TomasiandKanaderanktheorem[72] for the af ne caseanduseit to verify
if therearerepeatingshapesn the scene.Rao, Yilmaz and Shah[58] considerthe
problemof learningandrecognizingactionsperformedoy a humanhand.They tamget
afne invarianceandapply their methodon realimagesequencesjsingskin toneto
segmentthe hand. They characterizean action using dynamicinstants which they
de ne as maximain the spatio-temporaturvature of the handtrajectorywhich are
preseredfrom 3D to 2D. Their approachdoesnot requirea modelandbuilds up its
own modeldatabasdasedon input actions. Syeda-Mahmooet. al. [69] represent
actionsas ‘generalizedcylinders', formulating the action recognitionproblemas a
joint action-recognition/fundamental-matriécovery problem.Their corerecognition
modulerequiresthat the startingand ending positionsof an actionare known, and
variousstartingandendingpositionsarehypothesizedxhaustvely. Further their ap-
proachis sensitve to variationsin the speedof executionof the actionaswell asthe
framerate. Campbellet. al. in [12] considerthe problemof extractingview invariant

featuresfor 3D gesturerecognition. The input is stereodatawhich allows themto
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work on the 3D coordinate®f thetwo handsdirectly. They considenvariouspossible
featuredor representindai Chi movesusinga HiddenMarkov Model andreporton

their performances.

1.4 Contributions of this Thesis

This thesismakes contritutionsto the last two of the threeproblemareasdescribed
above in sectionl1.2. The contritutionsaredriven by threenew ideaswhich are de-

scribedbelow:

1. A new approachHor humanactionrepresentatioandrecognitionhasbeende-
visedthatis basedon 2D projective invariancetheory Staticandtemporally
varying2D projectiveinvariantsareusedo representhespatiotemporallynam-
ics of humanactionto enableits recognitionin a quasi-viev-invariantmanner
We presenta detailedanalysisof the approactwhich revealsweaknessemher
entin a straightforvardimplementatiorof the key ideas.We proposeheuristics
designedo surmounthesenveaknesseandimproveits robustnessWhatresults
is anactionrepresentatioandrecognitionapproachhatis not only resistanto
changesn viewpoint, but is robustenoughto handledifferentspeedof action
(andhenceframe-rate) differentsubjectsand minor variabilitiesin the action.
We presentresultson 2D projectionsof motion capturesequencesswell as

manuallysegmentedeal-imagesequences.

2. A 3D approaclhio thehumanactionrepresentatioandrecognitionproblemthat
is more generalthanthe pure-2Dapproachoutlined above hasbeenalsobeen
devised. Prior work donein the areaof mutualinvariantsfor objectrecognition

is usedasthe foundationfor the derivation of two new approachesgor action
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representatiomnd recognition. We call thesethe restricted-3Dapproachand
the full-3D approach.The theoryandimplementatiorof the restricted-3Dap-
proacharesimpleandef cient buttheapproachs applicableonly to arestricted
classof humanaction. On the otherhand,the theory and implementationof
the full-3D approacharemorecomplec but the approachcanbe appliedto ary
generalhumanaction. A detailedanalysisof the two representationss pre-
sentedwhich, like in the pure-2D case,revealsweaknessewhich make them
unlikely to work well in thegenerakase Heuristicssimilar to thosein thepure-
2D casearedesignedo improve the robustnesf the method. Resultson 2D
projectionsof humanmotion captureand on manually segmentedreal image

sequencedemonstratéhe effectivenesof theapproach.

. The nal ideais a contrikution to the areaof visualhumanmotion captureand
enablesherecoveryof the3D coordinate®f variousbodyjointsin acanonically
scaledbody-centriccoordinatesystemgivensimply thelocationsof thosegjoints
in a singleperspectie imagetakenfrom anuncalibrateccamera.This problem
haspreviously not beenaddressedn a generalway and canform the initial-

ization stepof a visual humanmotion capturesystem. We make the (usually
plausible)assumptiorthattorsotwist is negligible, which allows usto applythe
restricted-3Dtheory(outlinedabove) to the problem.We rst recover the head
orientationby settingup a simple systemof polynomialsin termsof the head
rotationangles.Oncethe headorientationis recovered,the systematiagecovery
of all of the otherbodyjoint coordinatedbecomegpossible We performanem-
pirical analysisof the sensitvity of the resultsto modelandimagenoise. We

alsopresentesultsof theapproactonrealimages.
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1.5 Organization

Chapter2 presents brief review of the fundamental®f viewpoint invariancespecif-
ically asit relatesto the thesis. For this reason the focusis on projectve view in-
varianceratherthaninvariancefor othercameramodels. Chapter3 describesa 2D
approachto the humanaction representatiorand recognitionproblembasedon 2D
projective invariants. In chapter4, we describe3D approacheso the problembased
on mutualinvariants. Chapters describesan applicationof mutualinvariantsfor the
recover of the the humanbody posefrom a single uncalibratedmagetaken from a
perspectie camera.We concludeanddiscussextensiongo the threecontributionsin

chapter6.
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Chapter 2

View Invariance

2.1 Intr oduction

Theviewpointis avariablenot particularto any humanactionthatmaybetakingplace
in ascenebeingobsenedby acameralt is desirableaswe obseredin chapterl, to

make the actionrepresentatiomnd recognitionsystemindependenbf the viewpoint

andthecameraln mary applicationof humanmotionanalysissuchascontentased
video retrieval andvisual motion capture the viewpoint and camerainformationare
typically not available. For suchapplications yviewpoint invariancebecomesa good
propertyto seek.Thequestionve seeko answelis : Givenimage sequencesbserving
the samehumanactionfromdifferentviewpointsand differentcamens, do quantities
existthat canbe computedromtheimage sequenceandwhosevaluesare preserved
acrossall viewpoints? In this chapter we brie y review the necessarypackground
requiredto answertthe questionwhichin turn providesa foundationfor thealgorithms

introducedn thisthesisanddescribedn laterchapters.
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2.2 Projective Geometry

Perspectie projectionenableshemodelingof theimageformationprocessn themost
generalway, althoughapproximatecameramodelssuitablefor certainsituationshave
alsobeendevisedandused. Thesehave includedthe orthographic, weakperspective
andaf ne cameramodels.A questiorsimilarto whatwe posedn theprevioussection,
hasbeenpursuedn thedomainof single-imageainarticulateabjectrecognitionwhere
severalwell-foundedalgorithmshave beendevisedin thepast. Thegenerafoundation
for thesealgorithms,andfor the studyof perspectie effects,is the eld of projective
geometry Besides[49], [50] and[48], which provide good starting points for un-
derstandingvarioustechniquedor achievzing viewpoint invariantobjectrecognition,
Horadam[31] provides an accessiblentroductionto the mathematicof projectve
andrelatedgeometries.Whicher[79] provides a complementarynon-algebraicand
purely pictorial descriptionof the mainideasandresultsof projectve geometry

A key featureof projective geometryis theuseof homogenousoordinateswhich
enablesherepresentationf pointsthatareanin nite distanceaway. Thisis necessary
becausepointsat ‘in nity' canmap(i.e. project)to nite locationsin theirimage:a
familiar exampleis thatof animageof a roadwherethe two parallelsidesappeaitto
meetata nite locationin theimage[48]. Similarly, nite pointscanmapto in nity
aswell. Thehomogenousepresentationf a pointin  dimensionalprojective space
involvesusingavectorof dimension whereoneof theelementgtypically thelast
one)represents scalefactor In otherwords, and ( ) representhe same
point. The "true' coordinatef the point are obtainedby dividing eachhomogenous
coordinateby the scalefactor For example,given the homogenousoordinatesof
a pixel as , the true pixel locationis given by . Pointsat in nity

correspondo . With this representationpointsat in nity arerepresentedn
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the sameway as pointsnot at in nity - a key departurefrom Euclideanand af ne

geometries.

2.3 Mapping the World to an Image

e

P N < X

Camera Center

World Reference Frame

Image Plane

Figure2.1: Transformatiorfrom World to Image

Throughouthisthesis, denoteshevector3D coordinate®f apointin theworld

and , thevector2D coordinate®f apointin theimage. , , denotethecompo-

nentsof while , denotehecomponentsef . and will represenhomogenous

or non-homogenousoordinatesiependingiponthe context of discussion.
Theprojectionof a3D world ontothe2D imageplane( gure 2.1)canbedescribed
by aprojectvetransformation which mapsa3D world point  to a2D imagepoint

. Takingboth, and ashomogenougoordinatesere,this makes a 4-vector
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and a3-vector Giventhis,thetransformation isnecessarilla3 4 matrix. has
eleven parametersn the generalcase. We are particularly interestedn caseswhere
we do not know beforehandhe objectsin the sceneandthe propertiespositionand
orientationof thecameran theworld. Thismeanghat is unknavn andwill assume
differentvaluesfor differentviewpointsandcamera®bservingthe sameworld point
. Transformationdbetweenspaceof unequaldimensionssuchas , aredif cult
to work with becausef their non-invertibility andtheresultinginherentossof infor-
mationin the transformatiorprocess.On the otherhand, projectve transformations
betweerspacef equaldimensionsareeasierto studybecausehereis no suchloss
of information. Giventhis, it is not surprisingto notethatthe literatureon the calcu-
lation of projectiely invariantquantitiesthat arisein 2D-2D transformationg gure

2.2)isrich (e.g. [61], [49]). Givena setof world pointsin homogenougoordinates

Camera Center

Figure2.2: TransformatiorBetweenTwo Planes

, thatlie on a plane,andgiventhe homogenousmage-coordinatesf

thepointsfrom two differentviews,namely  and it is well-known thatthetwo
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views arerelatedby atransformation suchthat

isa matrix with eightdegreesof freedom alsocalledthe planar homaraphy
(AppendixA providesa proof of this). Transformationbetweenspaceof equaldi-
mensionlike canbegeneralizedo dimensionswherethe transformatiomrmatrix

is of size andis alsocalledacollineation

2.4 Invariants

Thesearchor invariantsbecomeshesearcHor quantitiesgivena speci ¢ con gura-
tion of points' thatarepreseredfor all possiblevaluesof the transformatiormatrix,
beit or . Burnsetal [10] answeredhe questionin the negative for . In other
words,they provedthatthereexist no non-trivial quantitieghatcanbecomputedrom
animageof a setof 3D world points,thatareinvariantto . For collineationssuchas
, however, theredo exist invariants afactwhich hasbeenknown for centuriesatleast
for the caseof 1D projective spaceln termsof metricquantitiesjt canbe shovn that
collineationsdo not presere lengths,anglesandratios of lengths. However, ratios
of ratiosof speci ¢ quantities(also calledcross-@atios) are presered. The natureof
the quantitieswhosecross-ratiosare taken, dependsupon the dimensionof the un-
derlying projective space. For 1D they aredistancesfor 2D they are areasfor 3D
they arevolumeswhile for higherdimensionakpace(which is not particularlyrele-

vantfor computeision), they arehyperwolumes.Figure2.3shovsthe 1D cross-ratio

We mentionpoints herebut the searchfor invariantsis not exclusive to points- lines, curvesand

surfacescanandhave beenconsideredswell. We talk aboutpointsfor easeof presentation.
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Camera Center 2

Image Plane 2

Camera Center 1

Four points on a line

Image Plane 1

Figure2.3: 1D Cross-Ratiaequiresfour points.
constructiorwhich requiresfour pointsandproduceneinvariantwhichis givenby:

where s the signeddistancebetweenpoints and . For aplane, ve pointsare

requiredwhich resultin two invariantscalculatedasfollows:
(2.2)

where isthesignedareaof points , ,and givenbythedeterminant
A proof of this resultcanbe foundin AppendixA. In general, dimensionajprojec-
tive spacerequires pointsto form a projective basisandrequires pointsto

form invariantsresultingin  invariants.

2This requiresthatno threepointsarecollinear
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As is speculatedn [49], all typesof invariantscalculatedn thesespacesanper
hapsultimatelybetracedto somecross-ratiacconstruction Besidesheabove quantita-
tive invariants thereexist qualitatve invariantsaswell:  and mappointsto points
andlinesto lines, preservingecollinearity, incidenceandconcurreng, all of which can

be usedfor viewpointinvariantrepresentationsf objects.

2.5 Viewpoint Invariant Representationand Recogni-
tion

A bulk of prior work in the objectrecognition eld hasconcernedtself with 2D pro-
jective spaceusing 2D invariantsto representbjects(e.g. several papersn [49] and
[50], [61]). Besidespoint basedconstructionghatleadto two invariantsfor a ve
point tuple, invariancefor 2D curveshasalsobeenstudied. Four pointsde ne a 2D
projectve basis. Any four pointson a planecanbe choseno form a projective basis
and be mappedto a canonicalcoordinatesystem

The coordinatesof ary other point expressedn the transformedcoordinatesystem
will thenbeinvariantto all collineationsof theplane.Thisfacthasbeenusedoy Roth-
well et al in [62] to matchnon-algebraiglanarcurves. Given a curve, their points
of bitangeng are calculatedrst, (which are presered by collineations). Tangents
formedby rayscastfrom thetwo pointsontothecurve arecalculatechext to give four
total points. Thesepointsare choserno form a projective basis,into which the entire
curve is mappedsee gure 2.4). By de nition, all views of the curve will giveriseto
thesamecurve in the canonicaframe,makingthe canonicaframecurve aninvariant.
Rothwellin [61] describesa machinevision systemcalledLEWIS wheretheseideas

areputto use. Weiss[76] describeghe constructionof a differentkind of canonical
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A D

Planar non-algebraic curve Curve in canonical frame
Figure2.4: Rothwelletal's canonicaframeconstructiorusingbitangents

referencesystem.He rst ts aquarticto thegivensetof pointsontheplanarcurveto
berepresentedr recognized Next, anosculatingcurve® of known form is calculated
ateachpoint. A seriesof transformationgincluding projective transformationsis ap-
plied to the osculatingcurve sothatit takeson a standardorm. The sameseriesof
transformationss appliedto thegivencurve. Thecoefcients of thetransformedurve
areby de nition projectvely invariantbecaus¢éhe samecoefcients will bearrivedat,

no matterwhich view of the curve we startedwith.

2.6 Viewinvariant 3D object recognition

Theneggativeresultof Burnsetal [10] for doesnotnecessarilymply that3D object
recognitioncannotbe donein a view-invariantway. Model basedinvariants also
calledmutualinvariantsis arelatively newer areaof study([75], [68], [77]), wherethe

objective is to develop compatibility relationshipetweermuantitiescalculatedrom

3Osculatingcurves generalizethe conceptof tangeng: an osculatingcurve to a given curve at a
givenpointis thatcurve which hasthe samesetof the rst  derivativesat the point asthe givencurve.

is calledthe orderof contact.
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3D coordinatesandquantitiescalculatedrom theirimage. Ratherthanthe quantities
themseles,it is therelationshipdbetweerthemthatareinvariantto viewpoint. These
ideasextend the applicability of viewpoint invariant representatiorand recognition
approachefrom points,linesandcurveson a plane,to 3D objects.

In this thesis,we extendandapply someof theideasfrom theseviewpointinvari-
antrepresentatiomndrecognitionschemego the taskof humanmotionrecovery. A
uniquechallengefor humanmotionrecovery is the requirementhatthe systemdeal

with the non-rigidity andthe dynamicsof the humanbody andits movement.
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Chapter 3

2D Approachedor Action Representationand

Recognition

3.1 Intr oduction

In this chapteywe shav how ideasfrom prior work in 2D-2D projective invariantscan
be adaptecandappliedto our goalof representingindrecognizinghumanactionin a
view-invariantmanner We obsenedin thepreviouschaptethatbasednthecounting
argument,for 2D projectie transformationghat have eight degreesof freedom, ve
pointswill giveriseto two invariants.Therearethreedifferenttechniqueso obtainthe
invariants: (1) 2D cross-ratios(2) the canonicalcoordinatesystemtechniquewhere
the rst four pointsare mappedto known positionssuchthat the two coordinatesof
fth pointin thesystembecomenvariantand(3) thecross-ratio®f two pencils,where
the rst two pointsareconnectedo every otherpointtherebyforming two pencilsand
the crossratiosof ary two lines intersectingthe pencilsbecomethe invariants. We
choosehe2D cross-ratiobecausenliketheothertwo techniquestheassociated

determinantganbe calculatedathereasilyandthe expressiongequation3.1) have a

simple geometricinterpretationin termsof cross-ratioof areas.In our discussions,
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wewill usetheterm invariants'for theabove valueswhenthey referto themodeland
theterm area-cross-ratiovhenthey referto the calculatedquantitiesfrom theimage.

For corveniencewe repeathe expressiongrom chapterl here:
(3.1)

where is thedeterminant

3.2 Keyldeas

We canrepresenthe actionin a view independentvay by choosingkey posessuch
thatatleast ve bodyjoints alignthemselesapproximatelyin a plane(we sayapprox-
imate herebecauseve canshav (aswe doin section3.3.3)thatwe canachiese good
resultsevenwith approximateatherthantotal planarity). We call suchposescanoni-
cal poses.Thisis indeedpossiblefor a variety of humanactions.Let usconsiderthe
exampleof theactionwalking Duringwalking,thepalms,feetandheadof theperson
fall in a vertical planeperiodically(e.g. rst imagein gure 3.2). Figure3.1 shovs
the distance®f theright-foot andthe headto the planeformedby the right-shoulder
left-shoulderandtheleft-foot of awalking personfrom motion-capturedata. Thedis-
tanceshave beennormalizedby the head-to-todength. A zero-crossingf two curves
indicateghatthe vejointsareonaplane.Let usdenotethis canonicaposefor walk-
ing, wherethe palms,feetandheadlie approximatelyonaplaneas . Thedetection
of by itself providesus a strongcuethata "walk-like' actionis taking placeand
canbecomepart of the actionmodelfor walking. In additionto the  pose,each
correspondindeg andhandof thebodytraceareadying approximatelyonaplane.in
otherwords,theleft handandleg aswell astheright handandleg lie approximatelyn

aplanein eachwalk cycle. Further thereexist two posesvherethe bodylimbs swing

37



Planarity

sl — Right Foot

Normalized Distance from Plane

Figure3.1:  Planarity

to their maximalpositionsandthe endeffectorsattaintheir maximumdistancegrom

the torso. Call thesecanonicalposes and (see gure 3.2). Thereexist mary

Figure3.2: Canonicaboses , and

joint combinationghatcouldbeusedto represent , and . Therequiremento
be satis ed of a joint combinationis thatthe joints lie approximatelyon a planefor
the correspondingpose. We can pick tuplesof ve suchjoints anduse(3.1) to pre-
computea pair of invariantsfor eachtuple. Pairs of invariantsfor several ve-tuples
canbe usedto represent particularbody-posewhich occursat a singleinstantof an
action. For theactionwalking a simpleactionmodelwould thusbetherepeatingse-

quence , , , . Clearlythistype of abstractiorof anactionin termsof the
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invariantsfrom a planardecompositions possibleonly if we canlocatea signi cant
numberof posesn the actionwhere ve or morejoints lie approximatelyon a plane
andis notacompletelygeneramethodfor representingry arbitraryaction.However,
in practice thisis possiblefor mary otheractionsincludingjumping,waving, running,
sitting-davn etc. For achieving viewpointinvariance pesidesanonicaposeswe can
also exploit stationarityof one or more joints acrossframesbecausestationarityis
alsoviewpoint-invariant(a qualitatve invariantsimilar to thosediscussedh chapterd,

section2.4).

3.3 Analysis

Faugerasn [22], drawving on Marr and Nishiharas [42] threecriteriafor judgingthe
effectivenesf a 3D shaperepresentatiorists four criteriafor judgingthe effective-
nessof a geometricprimitive representationminimalism,completeness;ontinuity
anduniquenessWe believe thatin additionto beingdesirablegualitiesof a geomet-
ric primitive representatiorthesecriteria cansere asqualitatve benchmarkgor an
actionrepresentatiomswell. In the following sectionswe brie y considereachof
theabove criteriaandseehow our humanbody pose(andhenceaction)representation
measuresgainsthem. We alsoconsiderthe sourcesof variability in the 2D “invari-

ants'andthe effectivenesof the useof invariantsfor classi cation.

3.3.1 Minimalism

A representatiorshould be minimal; i.e. it shoulduseno more than the required
numberof parameters.A humanbody poseis completelydescribedby the values

of all joint anglesof the body. But becausehis cannotbe donein a view-invariant
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manneyourapproackpicks vejointsthatlie approximatelyonaplaneandrepresents
their relative con guration by useof two numbers, and . Whetheror not the
ve chosenjoints sufciently capturethe poseof the body is a questionanswerable
only relative to the speci ¢ poseandspeci ¢ ve-tupleof joints used. However, if
the chosenoints do capturethe poseeffectively, two scalarsareindeedthe minimal
numberof parametersieededo representhe posebecauseherearetwo degreesof

freedomfor ve pointsin 2D projective space.

3.3.2 Completeness

Therepresentatioshouldbe complete;i.e. for eachcon guration, thereshouldexist
arepresentationClearly, ourrepresentatiodoesnotallow therepresentatioof every
poseof the body becausenot all poseswill have a sufcient numberof joints thatlie
closeto a plane. Secondly for degeneratgositionswherethreejoints are collinear
theredoesnot exist a representation.Thesetwo problemsare not of consequence
for usbecaus@ur choiceof pointsspeci cally avoidsthem- we only pick canonical
poses(i.e. thosewith a sufcient numberof joints on a plane)andthe setof joints
in non-dgyenerateositionsfor our representationFor suchposesthereis indeeda

representation.

3.3.3 Continuity

In nitesmal deviationsin therepresentedntity shouldresultin in nitesmal deviations
in therepresentationThis is a critical requiremenfor usto satisfybecauseve have
beenonly insistingontheapproximatelanarityof thejoint combinationsWhenthere
aresmalldeviationsfrom a plane we would lik e the calculatednvariantsto alsodiffer

only by asmallamount.
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We establistthe continuity requirementor oneinvariant, andfor a smalldevi-
ationin onepoint. Establishingherequiremenfor  andfor deviationsin the other
pointscanbe donein the samefashion.We assumehatthe pointsarein generalpo-
sition andtheinvariantsare nite to begin with. Let  denotetheworld coordinates

of the th point. Let usassumehatthe fth point,  hasdeviatedfrom a planeby a

smallamount, . Let bethevalueof theinvariantwith the fth point taken
asthe point of normalon the planespannedy the otherfour pointsfrom . Let
be the world-to-imagetransformsuchthat . Setting  as ,

afteralgebraicnanipulationanddroppinghigherorderterms,we obtainthe deviation

in

where

Hence,assuminghat the coordinatepositionsare nite to begin with, it canbe
seenthatthedeviationin the fth imagepointis smallfor asmalldeviation of the fth
world point.

If is thedeviationin , we have:
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Substituting and andusingthe chain

rule, aftersimpli cation, we obtainthefollowing:

y | — Viewpoint 1
| == Viewpoint2 |
== Viewpoint 3
- T
i !

Invariant Distance

Frame Number

Figure3.3: EuclideanNorm of InvariantDistancedor

Hence,if theinvariantvalueis nite to begin with, we seethatit variesin nites-
imally for small deviationsfrom a plane. This resultjusti es the useof thresholding
for determiningif the bodyis in a particularcanonicalpose.However, thisis a quali-

ed justi cation becausealthoughin nitesimal, the deviationsin the invariantvalues
( ) aredependentpontheviewpoint . In theextremecase|f thecameras
very closeto the subject,the denominator will be smallandthe deviationswill be
large. However, for moderatelydistantcamergpositionswe areableto getreasonably
goodresultswith only a singlethresholdfor all viewpoints. Figure 3.3 shons the Eu-
clideandistancedetweernthewalking invariantsandthe area-cross-ratioggainst
eachframefor a walking subject. The distanceave beenplottedfor threedifferent
viewpoints: a side-viav, a front-view anda top-view (notethattheseare viewpoints

1, 3 and5 in gure 3.15which we shall describelater in this chapter). The datais
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for the sameactionsequencehavn in gure 3.1. It canbe obsened from the data
that while thereis no correlationbetweenthe area-cross-ratiofor frameswherethe
bodyis notin the  pose,all the curvesmeetwhenthebodyisinthe pose.Note
alsothatthe correlatingframescorrespondo the zerocrossingsn gure 3.1. For all
theviewpoints,thedistancebetweerthearea-cross-ratiegndtheinvariantsis closeto

zerowhenthebodyisin the pose.

3.3.4 Uniqueness

A representatioshouldbeunique,i.e. one-to-oneOurrepresentatiodoesnot satisfy
the uniquenessequiremenbn two counts.Firstly, joint projectionsof differentbody
con gurationscouldpotentiallybeidenticalif therespectre joints happerto lie along
the sameline of sightfrom the camera.This may not alwaysbe possiblebecausef
integrity constrainton the body (e.g. x edlimb-lengths,joint anglelimits etc.), but
such spurious'posescanoccur Secondlyonly ve joints areusedin representing
eachcanonicabose.Theotherjoints areeffectively abstracte@ut andthis couldpose
a problembecausehe body couldbein a differentposeof a differentactionthanthe
oneto whichit is classi edif the abstracted-injoints arein the sameposewhile the

“abstracted-oufoints arein a differentpose.

3.3.5 Fixing Non-Unigueness

Therearetwo stratgiesfor reducingthe probability that spuriousposeswill be de-
tected.First, we canrepresent canonicalposeby morethanone ve-tupleof joints
with the obsenationthatthelik elihoodthattwo setsof ve joints arebothin spurious
positionsimultaneouslys small. Secondlywe canexploit planarityof joints spanning

severalframes- we alreadynotedthatcertainlimbs traceareason a planeduring sev-
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eralactions.We canconsiderthe temporalevolution of the invariantsformedby ve
suchjoints ateachphaseandmalke thatpartof therepresentationf anaction,with the
obsenationthatwhile a differentactioncanresultin matchestafew phasespnly the
correctactionwill matchatall phasesFinding ve jointsin aplanefor all thephases
of anactionis quitedif cult. Consideringvalking onceagain,theleft/right armsand
legs tracefour different planesand on eachplane,there are atmostthreejoints we
canidentify - shoulderelbon-handandhip-knee-foot.We solve this problemby rst
identifyingarangeof framesdelineatedy alternateoccurrencesf thecanonicapose
(see gure 3.4). Two joints (saytheright-hip andright-foot) for the startandend

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

Figure3.4:ISTs

theright-knee)will tracetwo trajectorieswhich we call invariancespacetrajectories
(ISTs). We thusobtainthe ve pointsnecessaryor computingtwo invariantsat each
phaseand still needto identify only threejoints in eachphase. The useof ISTs is
adwantageougor anotherimportantaspect:Recallfrom our continuity analysisthat
thecloserthejoints areto aplane,the moreaccuratas therepresentationrheoverall

distancesetweenthe points for which we calculateinvariantsin an IST, arelarger
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thandistancedetweerpointsin a singleframeandsothe planarityof the ve points
in anIST is better Othernice propertieghatISTs buy usareindependencé&om the
framerateandspeedf theaction,becaus¢hestartingandendinginstantgandhence,
duration)of the ISTsarenot x edupfront. Rathey they areeventdriven (i.e. deter

minedby the occurrenceof speci ¢ canonicalposes).NotethatISTs canbe suitably

employedfor otheractionssuchasrunning,sitting-dovn, waving, etc.

3.3.6 Variability

Zatsiorsk [83] describedifferent modelsof the humanbody suitablefor geomet-
ric analysis. The simplestisometrymodelassumeshat body partsof differentsub-
jects,whenscaledby a referencebody part (i.e. the relatve body proportions)will
besubject-ivariant. Theallometrymodelassumethatrelative body proportionsvary
with overall body sizeandis considereda betterapproximation. For instance chil-
drenhave aproportionallybiggerheadthanadults.In additionthe proportionsvary by
af ne transformation$83]. Our representation IS invariantto projective trans-
formationsof the consideredoints (which includesaf ne transformationsput dueto
allometry therewill bevariationsin thesevaluesacrossubjectsFor thesamereason,
ISTswill alsoexhibit somevariability. Thesevariabilities,though,arequite smalland
in section3.5.3we presenempiricalevidenceof thisfact. We dealwith thesevariabil-
ities by calculatingthe empiricalmedians andstandardieviations

of the invariantsfrom motion capturedata,andusea normalizeddistancemeasures

follows:

S S (3.2)
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3.3.7 UsingInvariants For Classi cation

Cross-ratiosrenot uniformly distributedover theline or the planeandtherehasbeen
someresearchn understandingand formulating decisionrules that accountfor the
non-uniformity Maybankin [43] and Astrom andMorin in [5] have independently
derived expressiondor the probability distribution of the 1D cross-ratioand shovn
thattherearelogarithmicsingularitiesat 0 and1. AstromandMorin have suggested
the useof the cumulatve distribution to weighttwo invariantsbeforecomparingthem
to eliminateary biasintroduceddueto the non-uniformdistribution of the cross-ratio.
Maybank[43], suggesta simpleclassi cationrule basedon onethreshold andthe

standardieviation of image-spaceoise :

Acceptif (3.3)

Rejectif

where isthemodelcross-ratio, isthemeasuredross-ratidromtheimageand is
thegradientof thecross-ration.r.t. theimagecoordinatesHe showvsthata straightfor
wardapplicationof thisrulefor objectclassi cationwill likely fail becausef thelarge
numberof falsematches the systemwill essentially hallucinate'the presencef an
objectgivena setof randomfeature-pointsThisis indeeda signi cant limitation of a
projectve-invariancebasedapproactwhich we needto work around andthe problem
it presentss moreacutefor our casecomparedo Maybanks applicationdomainof
1D objectclassi cation. In our case,we have additionalproblemscausedoy errors
arisingfrom the non-planarityof thebodyjoints andnon-uniqueness/Ve addresghis
problemusingthe following threeheuristicsthatimposespatialandtemporalcoher
enceconstraint®on a candidateaction-instanceheforeit canbe classi ed asa model

action:
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1. Clearly, a simple thresholdingrule suggestedy Maybankwill not work be-
causewhenthebodyis in a posecloseto the canonicalpose,the differencein
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
straightforvardway of dealingwith this problemis to imposeanadditionalcon-
straintthatthe distancebe a local minimum. With this constraintjn this exam-
ple,wewould performnon-minimasuppressioandpick only veframeswhich

indeedcorrectlycorrespondothe  pose.

2. Theuseof oneor morelSTsprovidesfor atemporalcohereng constraintwhile
theremayberandommatchesat a few framesof theIST, the chanceshatthere
is a randommatchfor every framein anIST will be small andthis is indeed

borneout by our experiments.

3. Representing poseby the invariantsof multiple ve-joint setsprovidesfor a
measuref robustnessagainstrandommis-matches while one ve-jointtuple

may matchspuriouslythelikelihoodof all ve-jointtuplesmatchingis small.

3.3.8 Dynamic Programming onthe ISTs

From an empiricalanalysisof motion capturesequencesye foundthatthe ISTs ex-
hibit minor variabilitieswhenan actionis performedrepeatedlyby the samesubject
andalsowhenthe sameactionis performedby differentsubjects.Figure 3.5 shavs
the walking IST for onesubjectperformingthe walk-cycle action ve timeswhile
gure 3.6shavsthe walkingIST for ve differentsubjectsit canbe obsenedthat
theISTs arefairly similar but thereare minor variabilities,both, in the valuesof the

invariantaswell asits temporalcharacteristicsWe employed dynamicprogramming
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Figure3.5: Walk-cycle IST, samesubject, veinstances

[16] for matchingagiventrajectoryof invariantswith anIST whichwe describéorie y
below.
Let F be a sequencef framescontainingarea-cross-ratioghich we would like
to matchwith P the setof IST invariants. Let and where ,
. In otherwords, isthenumberof framesand isthenumberof phases.
We seekthe optimal mapping suchthat the cumulatve distancebe-
tweenthe invariantvaluesof eachframewith the phasethatit is mappedo, namely
is minimized. We have the boundarycondition and
becausehe ISTsaredelineatedoy canonicalposesasexplainedearlier

andthemappingf theendsare x ed.

Phase

PG

Frame
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Figure3.6: Walk-cycle IST, sameaction, vesubjects

For notationalcorveniencewe think of asmappingthe phasenumber to a

framenumber . We rst calculatealinearformfor (callit ):
— (3.4)

Ouruseof dynamicprogrammingiow is to enableusto pick the optimalvaluewithin

awindow oneithersideof .Wehave
(3.5)

where

Proceedindgrom phaseno. 1 towardsM, let denotethe minimum cumula-
tive distanceof themappinguptophaseno. with phaseno. mappedo frameno. .

We canthenwrite down thefollowing dynamicprogrammingecurrenceelation:

(3.6)
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for all in thewindow:

Oncetherecursionis calculatedandthe optimizingframenumberis foundfor thelast
phase, , we backtrackto the rst phase, andreadoff theframenumbers

ateachphase .

3.4 Algorithm Details

We rst malke preciseafew termsthatwe discussedn earliersectionsandwhich will

be usedin describinghealgorithm. Following that, we describethe algorithm.

3.4.1 De nitions

A canonicalposeconsistsof ve orderedjoint names,two invariantvaluesand a
thresholdfor matchingpurposes.The area-cross-ratio€3.1) that we computefrom
theimagecoordinateswill be closeto the two referencanvariantswhenthe body is
in the canonicalpose. We declarea matchwhenthe Euclideannorm of the distance
betweerthe invariantsandthe area-cross-ratiois below the thresholdandis a local
minimum. Besidesthe canonicalpose,we alsode ne a stationaryposewhich con-
sistsof oneor morejoint names,a window-size and a thresholdwith the following
semanticsThe stationaryposeis declaredasdetectedf the combinedmotion of the
joints within a window of the speci ed sizeis below the threshold. We refer to the
canonicalposeandthe stationaryposesimply aspose An IST consistsof two de-
lineating posesdeterminingthe startandendof the trajectory threejoint namesand
ags indicatingwhetherthejointsare x edor moving (recallthediscussionn section

3.3.5),two sequencesf invariantvaluesanda thresholdfor matching.We represent
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the two sequenceat discretepointsin non-dimensionalizetime thatrunsfrom 0 to
1. Givenatrajectoryof obsened area-cross-ratioglynamicprogrammings carried
out thatmapseachpoint in the trajectoryto an optimumpoint on the IST andif the
averageinvariantdistanceper point of thetrajectoryis smallerthanthe thresholdthe
trajectoryis declaredas matchedto the IST. An action modelconsistsof canonical

posesor stationaryposesandoneor morelSTs.

3.4.2 Algorithm

Theinputto thealgorithmis anactionmodel andasequenc®f frames . Rather
thananimage,in our caseeachframe consistof bodyjoint namesandtheir
2D imagecoordinatesThe outputis a sequencef the structure with the fol-
lowing semanticstheaction wasfoundto occurstartingatframeno. andending
atframeno. with anoveralldistanceof . Thesmaller is,thebetterthematch.The

following is the pseudocodéor the actionrecognitionalgorithm:

Recognize(Action , Frame )
Initialize list to
for each pose
Initialize list to
for each frame
Compute Euclidean  norm of invariant distances
if ( < .threshold)
push () into ;
end if

end for
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smooth based on field
local minima of based on field
end for
for frame numbers where

boolean detected=TRUE

for each IST with  delineators and
calculate area-cross-ratios between
get optimal distance by dynamic programming

if (> .threshold)
detected=FALSE;
break;

end if

end for
if (detected)
Push ( , , ) into
end if
end for

output
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3.5 Creatingan Action Model Database

3.5.1 Data Acquisition

We obtainedhumanmotion capturedatafrom public and commercialsources.The
datasetsincludedseveral subjectavalking, runningandsitting-dovn. Thesedatasets
were in different formats, including the BioVision Hierarchy (BVH) format (from
Credolnteractve[33], acommerciakource) Acclaimformat(from the Carngjie Mel-
lon Universitypublicdomainmotioncapturerepository{73]) andin raw formatwhere
the 3D coordinatef eachjoint werelisted per frame (from the Geogia Institute of
Technologypublicdomainmotioncapturerepository{53]). We decomposedachmo-
tion capturesequencénto a personpartandanactionpart. The personpartconsisted
of theskeletalmodelof the personwhile theactionpartconsistedf thejoint anglesof
theaction. This way, we wereableto mix subjectsandactionsfrom differentsources
creatingmore motion capturesequencesThe body modelwe employed consistef
fteen joints (see gure 3.7) namelythe head,hip, chest,shouldersglbows, hands,

hips,kneesandfeet.

3.5.2 Model Building

We built modelsfor four actions:walk-cycle run-cycle sit-downandforward-jump
The walk-cycle andrun-gycle actionsare cyclical in thatarny particularphaseof the
actionscanbecomethe startingposeof the action. We arbitrarily de ne the starting
(andending)poseof theactionsasthatwherethebodyisin the  poseandwherethe
left foot just passedy theright foot (see gure 3.8). For sit-down, we de ne thestart-
ing poseof theactionwherethefeetbecomestationaryin preparatiorfor sitting down

andthe endingposewherethe subjectis nally seated.For forward-jump,we de ne
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Figure3.7: Body Model

thestartof theactionto betheposewhenthefeetarestationaryandjustaboutto move
upwardsandthe endof the actionwhenthe feet becomestationaryagain(see gure
3.9). Model building wasdonein an automaticway with manualsupervisiononly
to verify correctnes®f the model. For walking andrunning, a planarityassessment
programwasrunthroughoneinstanceof eachsubject(12 subjectdotal) giving frames
wherethejointsof interestfor ~ wereonaplane.ln ourcasespeci cally, thesgoints
werethe head right-shoulderleft-shouldey left-foot, andright-foot for both walking
andrunning.An invariantcalculationprogramwasrun onthosespeci ¢ frameswhere
thejoints wereclosesto beingplanar andthe averagenvariantvalueswereobtained.
Theseframesbecamedelineatorsfor the ISTs. Next, invariancespacetrajectories
were extractedfor framesbetweenthesedelineatorframesand medianvaluesof the

invariantsfor eachinterveningframewereobtained We usedtwo ISTseachto model
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Figure3.8: Startposefor walk-cycle, run-gycle, sit-dovn andend-posédor sit-dovn

Figure3.9: Forward-jumpstartingandendingposesjmagesirom [73]

walking andrunning. The speci c¢ joints usedwerethe samefor boththe actionsand
they were left-hip, left-foot, left-knee and right-hip, right-foot, right-knee . Our
choiceof usingtheleg joints for the ISTs for walking andrunningwas motivatedby
thefactthatthemotionof thelegsexhibitedmoreplanarityandlessvariability thanthe
motion of thearms. Thetwo ISTsalongwith the  invariantvaluesfor eachaction
completedour action-modefor the walking andrunningactions( Figure3.10shows

the ISTS). For sit-down a stationarityassessmergrogramwasrun rst only on the
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feetandthenon the feetandhip. Thesehelpedusto determinethe delineatorposes
for the action. We usedtwo ISTs for representinghe sit-dovn action. The speci ¢
jointschoserwere left-foot, hip, head and right-foot, hip, head . We foundthatthe
trajectoriedormedby the elbonvs andhandsexhibited a lot morevariationthanthose
formedby the kneesandfeet: at the endof the sit-down action,somesubjectschose
to resttheir armson the handlesof the chair while othersrestedtheir handson their
upperlegs. By usingthe feet, hip andthe headfor the IST, we effectively abstracbut

thesevariations.Figure3.11shavs theleft-sidelST for the sit-dowvn action.

12

0.8

06

0.4

Figure3.10: MedianISTsfor Walk-cycle andRun-g/cle

For forward-jump,we ran a stationarityassessmermrogramfor boththe feetand
obtainedthe startandendasconsecutre minima. For theISTs, we usedthe sameset
of jointsusedfor walkingandrunning. Theleft andright sidesaresymmetricandyield
thesamelST. However, bothISTsareusedto increaseobustnessFigure3.12shavs
the IST. The slope-discontinuityseenat approximately correspondso the
posewherethe bodylandsandthe feetbegin to stabilize.Notethat corresponds

to approximately
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Figure3.11:1ST for Sit-Down

3.5.3 Variability and Distinguishability of the Invariant Values

For the speci ¢ joint combinationghatwe usedto modelactions,the inter andintra-
subjectvariability in the invariantswas quite small. Figures3.13and3.14 show the
probabilitydistributionfor thewalkingandrunning  invariantvaluesfor 1745walk-
cycles and 1980 run-gycles respectrely from 12 different subjectsand 5 different
viewpointseach. The variability was also an artifact resulting from inconsisten-
ciesin the placemenif sensorson the motion capturesubjectsbecausdhesewere
obtainedfrom differentsources.For examplefrom onesource the “shoulder'sensor
wascalled upperarm' andwasplacedslightly below the shoulderposition. Similarly
the "knee' sensowas placedslightly belown the realkneeandwascalled lower leg'.
We compensatetbr theseinconsistenciesomeavhatby addingor subtractingvectors
of small magnitudedrom the given positionsandvisually verifying the positionsby
renderingthe data. Inspite of this, it wasinevitable that somearti cial variationstill
remained.Neverthelessthe probability distribution shows thatthe overall variability

in the invariantsis quite small. We foundthatthe medianvaluesof and for the
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Figure3.12:1ST for Forward-Jump

posefor walking were and . The correspondingaluesfor running
were and . Clearly, the differencesetweenthe valuesfor walking and
runningarenotdifferentenougho enablereliabledistinctionbetweerthetwo actions.
However, thelSTsweremarkedly different.Figure3.10shovsthethemedianeft side
ISTsfor walking andrunning(the two invariantsformedby the moving left-kneeare
plottedagainsteachother)andbotharesufciently differentto enablereliabledistinc-

tion betweerthetwo actions.

3.6 Results

We evaluateduralgorithmontwo modalitiesof input: arbitraryprojectionsof motion
capturedataandmanuallysegmentedealimagesequencesA setof unknovn actions
obsered from differentviewpoints and performedby differentsubjectsat different
speedsvereinput to the actionrecognitionsystem. Theseactionswere continuous,
meaningthateachsequencéadoneor moreinstance®f anactionbeingperformed,

andthe startingand endingtimes of the actionwere unknavn (to the system). The
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Figure3.13: ProbabilityDistributionof  invariantsfor Walking

systemnot only hadto correctly classifythe actionsbut alsodetectwherein the se-
guencesachactionwasfoundto occur Therewerethreemetricsthatwe evaluatedhe

algorithmagainstor bothmodalities:

1. Thetrue detectionratede ned astheratio of correctdetectiongo the expected
numberof detections.An actionis deemedcorrectly detectedf the startand
endingpositionsaredetectedvithin 25% of the correctstartingandendingpo-

sitions(asa fractionof theground-truthedactionlength).

2. Thefalsealarm rate de ned astheratio of falselydetectedactionsto the total

numberof detectedhctions.

3. Themisclassi cationrate de ned asthe ratio of incorrectly classi ed actions

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

Thesamethreeactionmodels(i.e. theinvariantsandthresholdsvereusedfor the
motion capturesequenceaswell astherealimagesequencesWe presentesultson

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

3.6.1 Resultson 2d Projectionsof Motion Capture Data

The datasetincluded 25 walking sequences23 running sequencesl8 sit-dovn se-
guencesand 8 forward-jump sequenceperformedby 12 different subjects. Each
walking andrunningsequencéncludedoneto threecompletecyclesof therespectre
action. Eachsit-down and forward-jumpsequencédiad one instanceof eachaction.
The sequencesollectively madeup a total of 1200actioninstanceghat wereto be

detectedby the algorithmfor eachviewpoint. We chose ve differentviewpointsto

Figure3.15:Walk seq.20, frameno. 100, all viewpoints
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testthe performanceof the algorithmon 2d projectionsof motion capturedata. Fig-
ure 3.15shaws the samewalking frameasseenfrom eachviewpoint. Notethatthere

wasonly oneactionmodelemployedfor all the viewpoints. For eachactioninstance,

Table3.1: Motion CaptureResults,1200Total Actions

Metric Viewpt. 1 Viewpt.2 Viewpt.3 Viewpt.4 Viewpt.5
True Detections 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 computedhematchingscore(distancefor eachof the four action-
modelsandchosethe modelthatresultedin the bestscore(minimumdistance).This
wasevaluatedagainstthe known ground-truth.Table 3.1 summarizeshe actionclas-
si cation results.It canbe seenthatthe performanceof the algorithmfor viewpoints
and arethe worsethanthe otherviewpoints. Viewpoint 3 is a frontal view of
the subjectswhile viewpoint 5 is a top view. From both views, several key joints of
the subjectare coincidentor very closeto eachother ISTs happento representhe
sidevays movementof the body for all four actions. Although the representations
view-invariant,the frontal andsideviews arenear end-on'views of the IST, making
themmore susceptibleo error  Further from the frontal viewpoint, the area-cross-
ratiosfor the  poseof walking andrunningdo not exhibit muchtemporalvariation

becausehe foot doesnot rise muchabove the oor. In mary instancesthis resulted
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Figure3.16:Incorrectdetectionof  posefor awalking sequencéom viewpoint3

inthe  posebeingdetectedat spurioudocationswhichincreasedhe missesaswell
asfalsealarmsFigure3.16shavs anexampleof this: the gure shavsthenormalized
Euclideandistancebetweenthe area-cross-ratiogndthe referencenvariantsfor the
posefor a walking sequenceas seenfrom viewpoints1 and 3. Fromthe ground
truth, a walk-cycle is expectedto be detectedbetweenframesl18 and68. While the
startis detectedreasonablyaccuratelyfrom both viewpoints, the endingis detected
correctlyonly from viewpoint 1. The endingis detectedat a spuriouslocationfrom
viewpoint 3. Another particularproblemwas that for the forward-jumpaction, the
subjectrouchedeforejumping, mimicking a sit-dovn action. Similarly, uponland-
ing after the jumping, they assumeda similar crouchingposture.Both of thesewere
detectedassit-down actionsby thesystemjncreasinghefalsealarmrate. Yetanother
particularproblemwith the approachwasthe performancevhenthe personis rela-
tively still aswasthe caseat the endof all of the forwardjump andsit-dowvn actions.

Still, therearesmalljoint motionsthattriggerthe algorithmto detectlocal minimaat
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spuriouslocations,inspiteof temporalsmoothing.Adding a heuristicstipulationthat
the body translatea minimum amountfor the motionto be consideredhsa candidate
action,while not a theoreticallycorrectonebecausehe translationthresholdwill de-
pendupontheviewpoint, wasneverthelessncorporatednto therecognitionsystento
weedout mary falsematchesOverall, it canbe obseredthatthe detectionresultsdo

notvary too substantiallywith viewpointandthattheresultsarequite good.

3.6.2 Reallmage Sequences

We obtainedvideosof four differentsubjectsvalking, runningandsittingdown. These
videoswere shotfrom the front, sidesandthe top. In all, we chosea total of 40
actioninstancedor the evaluation. A smallgraphicaluserinterfaceprogramallowed
the manuallocationof the 15 body joints for ary given frame. It wasnot necessary
to markthe locationsin every frame. Rathey every alternateframewasmarked and
cubicsplineinterpolatiorwasusedio maptheentiresequenceto theinterval
Therewereself-occlusionsn almostevery sequencenda guessvasmadeasto the
occludedoint positionswherever possiblebasedon their pastandfuturetrajectories.
Thus, it was not possibleto be very accuraten the picking of joint locations,with
the resultthat they exhibited signi cant spatialand temporaljitter. This somevhat
simulated(albeit incidentally and not rigorously) small errorsin the joint locations.

Temporalsmoothingvasemployedto reducethe effect of noise.

Sampleframes and Invariant Distances

Figure3.17 shavs a sampleframe of a walking sequenceontainingonewalk-cycle,
shotfrom a front view alongwith the marked joints and skeleton. Besidethe frame

is a plot shawving the distancebetweerthe area-cross-ratioandthe invariantsfor the
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pose.Notethatsimilar to the motion capturesequencegheinvariantdistanceap-
proacheserothrice, re ecting the fact thatthe body assumeshe  posethricein
awalk-cycle. Similarly, gures 3.18and3.19shov a sampleframeand  invariant
normsfor a sideview andtop-vienv walking sequenceWith regardto the top-view,
althoughthe curvesexhibit severalspurioudocal minima,thelSTswereableto elimi-
nateall of themexceptthe correctiocal minimacorrespondingo theframeswherethe

posewastruly attained.Thisis agoodexampleof how the rst andthird heuristics
outlinedin section3.3.7canbe usedto achievze somerobustnessn thesolution.

Figures3.20, 3.21 and 3.22 shov a sampleframeand  invariantnormsfor a
sampleside-viav, front-view andtop-view runningsequenceAs in the walking se-
guencesthe invariantnormsapproachzero periodically re ecting the fact that the
bodyassumeshe  poseperiodically Figure3.23showvs a sampleframe of a top-

view andside-viav sit-dovn sequencéhatwereusedfor the evaluation.

Invariant Distance

1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100
Scaled Frame Number

Figure3.17: Front-viev walking sequencand  invariantnorm
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Invariant Distance
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Figure3.18: Side-viav walkingsequencand invariantnorm

Invariant Distance

1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 9 100
Scaled Frame Number

Figure3.19: Top-view walking sequencand  invariantnorm
Summary of Results

Thetablebelov shonvs asummaryof results.Intuitively, for therealimagesequences,
onewould expectthatthe resultswould be somevhatinferior to thoseobtainedfrom
the motion capturesequencebecausef additionalerrorsin the imagelocationsof
thejoints. While this wasfoundto be true for the front andside views, surprisingly
the top-view sequencesvere detectedcorrectly It is to be notedthat while it was
easyenoughto simulatea viewpoint directly above the subjectfor the motion cap-

ture sequencegviewpoint no. 5), it wasnot possibleto shoota similar real image
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Figure3.20: Side-viev runningsequencand  invariantnorm

Invariant Distance
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Figure3.21: Front-vienv runningsequencand  invariantnorm

sequenceHencethe ‘top' view for therealimagesequencevasslightly differentthan
thetop view for themotioncapturesequenceslhefront view hadmoremisclassi ca-
tionsthanthe otherviewpointsandthey occuredbecausdwo walking sequencesere
classi ed asrunning. The numberof realimagesequencessedfor the performance
evaluationis not high enoughto enableusto drawv de nite conclusionsaboutthe na-
ture of the failuresandthe differencesn performanceébetweendifferentviewpoints.
Theprimarypurposeof the studywasto demonstrat¢éhe applicabilityof theapproach

to realimagesequenceandit canbe seenthatthe overall performancas quite good
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Figure3.22: Top-view runningsequencand  invariantnorm

Figure3.23: Sampleframesfor top-view andside-viev sit-dovn sequences

inspiteof thenoisyinput.

3.7 Summary

Thekey ideapresentedn this chapteris the exploitation of the geometryof ahuman
actionandtheuseof 2D invariancetheoryfor view-invariantrepresentatioandrecog-

nition. We modeledactionsasstaticcanonicalposesanddynamictrajectoriesn 2D
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Table3.2: ReallmageSequencel0 Total Actions

Metric Front-View Side-Mew Top-View
No. of Sequences 13 14 13
True Detections 11 12 13
Falsealarms 0 1 0
Misclass. 2 1 0

invariancespace. We evaluatedthe representatioschemetheoreticallyand shoved
why a straightforvard applicationof the ideawill generatanary falsealarms. We
shoved how we could enforcespatialandtemporalcohereng constraintson the so-
lution to bring down the falsealarm rate without sacri cing the detectionrate. We
evaluatedhe approachon arbitraryprojectionsof motioncapturedataandon realim-
agesequencearisingfrom differentsubjectgperformingdifferentactionsat different
speedsand from differentviewpoints. Our useof the two modalitiesof input - 2D
projectionsof motion capturedataand manuallysegmentedealimagesequencesf-
fectively simulatedfor us, the outputof a body-joint detectionandtrackingmodule.
We demonstratethata singleview-independentepresentationf anactionwassuf -
cientto recognizeanddistinguishit from otheractionswith goodsuccessnbothinput
modalitiesanddifferentviewpoints. A weaknes®f the 2D approachwe presenteds
thatwhile it canbe appliedsuccessfullyon a variety of actions,it is nota completely
generalsolutionandwill notwork for thoseactionsthat cannotbe decomposedhto
approximatelyplanarpatchesTo complementhe 2D approactandrelaxthis require-
ment, we present3D approache®asedon model-basednvariants,in the following

chapter
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Chapter 4

3D Approachesusing Mutual Invariants

4.1 Intr oduction

In this chapterwe overcomea fundamentalimitation of 2D approacheandpropose,
analyze,and evaluatethe performanceof, two variantsof a 3D approachbasedon
mutualinvariants.The lack of generalcaseview-invariantsfor anarbitrary 3D point-
cloudwasprovedin [10]. However, this doesnotimply thatrecognizinga 3D object
in a view-independentnanneris not possible. Ratherthan searchingfor quantities
computedrom imagesequencesf ahumanactionthatarepreseredacrosdifferent
views of the action,the mutualinvariantsapproaclhsearchesor relationshipetween
guantitiederivedbasedn the 3D representationf theactionandthosederivedfrom
imagesequencesf the action,thatarepresered acrosdifferentviews. We startoff
by describingthe theory of mutualinvariantsin section4.2 andshav how a human
actioncanbe modeledusingmutualinvariantsin section4.3. In section4.4, we ana-
lyze therepresentatiom relationto the samequalitatve benchmarkshatwe usedfor
analyzingour 2D approacHrom the previous chapter Model building is discussedn
chapterd.5. In section4.6, we presentresultsof the approachon the samedatathat

wasusedto evaluatethe 2D approactpresentedn the previouschapter
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4.2 Mutual Invariants

Mutual invariantsare quantitiesderived from a 3D objectandits imagethat satisfy
compatibility relationships.Suchinvariantsandtheir 3D-2D relationshipshave been
derived andusedfor view-independen8D objectrecognitionin the past. Theseare
derivedby eliminatingtheunknavn parameterselatingtheworld-to-imagetransform.

Given ve world points, , We canset and without loss
of generality For scaledorthographicprojection,applicablewherethe depthsof the

objectsalongtheline of sightis muchsmallerthantheir distancedo the camera,

(4.1)

where isthescaleand aretheelementsf the 3D rotationmatrix . Weinshall

([75]) shavedthatby setting

andeliminatingthe unknavn rotationparameterandthe scalingparameteproduces

thefollowing relationship:
(4.2)

thatholdsregardlesf the viewpoint. The methodwasextendedto the af ne caseto
obtainadifferentrelationship.
Similarly, in [68], Stiller et. al. derived camera-parameténdependentelation-

shipsamong ve world pointson a rigid objectandtheir imagedcoordinatedor an
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afne camera.WeissandRay in [77] simpli ed andextendedthis resultto the full-
projective caseshaving that thereexists one equationrelating six world pointsand
theirimagecoordinatesWe proceedalongthelinesof WeissandRayandderiveasim-
pler relationshipthantheirsafter makingan approximation.Five points(

in homogenougoordinatesjn 3D projectve spacecannotbe linearly independent.
Assumingthatthe rst four pointsarenotall coplanarthey will make a 3D projective

basis.We canwrite the 3D coordinate®f the fth pointin this basisasfollows:
(4.3)

The arethe unknowvn projective scalefactorsand are the unknowvn

projectve coordinate®f thepoint  in thebasisof the rst four points.

4.2.1 Restricted3D Case

We would lik e to modela point con gurationwherefour pointslie onthesameplane.
Giventhat we needthe rst four form a basis,we canchoosea labeling suchthat

points1,2,4and5 form aplanewhile points3 and6 lie outsidethis plané. We call this

con guration arestricted3D con guration becausef the restrictionthat four points

lie onaplane.In thiscon guration,point3 doesnt contrituteto point5's coordinates,
making zero.

We have for
(4.4)

Here , , and arethebasiscoordinatesor

We assumehe pointsarein generalpositionandfor now, ignoredegenerateasesvherepoints3

or 6 lie ontheplane

71



Figure4.1: Six pointcon gurationusedfor analysis.Points form aplaneand

lie outsidethis plane

If istheworld to imagetransformsuchthat , Wwhere is anunknown

scalefactor theimagecoordinatefor the fth point, is givenby:

(4.5)
Writing as ,andrepeatinghesamealgebrafor point6, we have thefollowing
two equationgelatingtheimagecoordinates:

(4.6)

We wouldlik e to eliminatethe projective coordinategndthescalefactors.Let
denotethe determinant (the notationis suchthatwe index by the

pointleft outfrom the ve-pointset( ). Substitutingfor ~ from
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(4.3)andnotingthatdeterminantsvith two equalcolumnsvanishwe have:

— 4.7)
We similarly have thefollowing two relationshipsaswell:
Forthepoint weuse todenotethedeterminant . Thenotationis
suchthattheindex is thatof thepointleft outin the ve-pointset( ).

We obtain:

Theprojective coordinategndscalefactorscanbeeliminatedby takingcrossratiosto

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

Any projective transformatiorappliedto the six-pointcon guration cancelsoutin the
expressiondor and andsotheseareinvariantto 3D projective transformations.
Notethatthis subsume8D translationsrotationsanisotropicscalingandaf ne trans-
formationsappliedto thecon guration.

For the image coordinatese follow the sameapproachof taking determinants
andtheir cross-ratios.Using the "points-left-out' notationasin the 3D case Jet

denotethedeterminant

(4.8)
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Letting denotethe determinant , we similarly obtain:

4.9)

Similar to the 3D case,we obtain expressiondor the otherdeterminants ,
, , andcalculatecrossratios and in termsof them,

equatghemto and respectiely to obtainthefollowing nal relationship:

(4.10)

Notethatthe arequantitiescomputedrom imagecoordinateandwe canrewrite

theabove equationsn termsof coefcients, as

(4.11)
The subscriptdenotegherestricted3D scenarioDenoteby  thevector
andby thevector . Equation(4.11) expressesa view-invariant compati-

bility relationshipbetweensolely the 3D coordinatesand their 2D image positions
for the six pointsshavn in gure 4.1. The six-pointcon guration is effectively rep-
resentecby two scalars, and in a 3D-invariantway, and (4.11) describegshe
mutual-irvariantrelationshipsatis ed by ary imageof the con guration. The adwan-
tageof therestricted-3Dformulationis thatthe compatibility equationis linearin the
3D invariants afactthatwe will uselater. Theobviousdisadwantagepf coursejs that

it canmodelonly arestrictedclassof 3D objects.
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4.2.2 Full 3D Case

If point 5 lies outsideof the planespannedy points1,2 and4 we have the full 3D
caseconsideredn [77], whereinsteadof justtwo invariants we have threeinvariants,

because

_ _ — (4.12)
The compatibilityequations a quadricsurfacein space:
(4.13)

The subscript denoteshe full-3D scenario. It canbe veri ed that aspoint 5 ap-
proachesheplanespannedy pointsl, 2 and4, (4.13)approache&t.11). Thus,if the
points1, 2, 4 and5 lie approximatelyon a planethe left handside of (4.11)will be

closeto zero.Denotethevector by andthevector by

4.3 Keyldeas

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

representatioandrecognitionof humanaction.

4.3.1 Action Modeling

Recallfrom our discussiorin sectionl.2.3,thata humanactioncanbe thoughtof in
termsof a startingpose , anendingpose , andasequence®f continuougransi-
tions thattake the body from pose  attime to pose attime . We

caneliminateratevariationsby non-dimensionalizingime suchthattheactionoccurs
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from to . Thephaseof anactioncanberepresentetty thattakesona

valuein the interval . A phasevaluemapsto a body pose . An actionthen
becomeghe function . In orderto arrive at a view invariantrepresen-
tation of the pose , Wwe canchooseary six joints of the body andcalculatetheir

3D invariantsat eachphaseof the action. Consideringfor the momentthe full-3D
case,an action canbe modeledin termsof threetemporallyvarying 3D invariants,
. The actionrepresentatioms a parametriccurve in 3D
invariancespace parameterizedby time : eachpoint on the curve correspondso a
phaseof theaction.For cyclical actionslikewalking or running,thisis aclosedcurve,
while for non-gyclical actiondik e sitting-down, thisis anopencurve. Theactioncurve

(denoteby ) canbe discretizedand representect someresolution: ,

4.3.2 Action Recognition

Givenanimagesequenc&herethejoints of thebodyhave beenestimatedaindtracked
in eachimage,theimagebasedjuantities canbecalculated.Thebodypose, is
unknawvn but satis esthe compatibility (4.13). The compatibility equationwhich is
a quadricsurfacein spacewill potentiallyintersectseveralactioncurvesat
severalpoints,asshavnin gure 4.2. Thepointsof intersectiorarehypothesesf can-
didateposesamongcandidateactions.As successie framesareprocessed sequence
of quadricswill intersectseveral actioncurvesat several phases.However, only the
true actioncurve would be intersectedn sequenceHence the actionrecognitional-
gorithminvolvescalculatingthe pointsof intersectiorof eachphase  of theaction,
with the quadricsurfacedeterminedoy . In practicethe surfacemay not intersect

theactioncurve andin thatcasewe nd thepointon the surface,closestio the phase
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Compatibility é‘urface

Figure4.2: Action-curvesandaction-recognition

usingstraightforvard minimizationwith Lagrangemultipliers. We minimize:

(4.14)

Equatingthepartialderivativesof  with respecto andeliminatingthem
intermsof givesasixthdegreepolynomialin  whichcanbesolvedto yield uptosix
stationarypoints. Direct substitutionof the solutionsbackinto (4.14)will enablecal-
culationof thepointof closest@approach, . We canthencalculateamatching

scoreor distanced as

(4.15)

As an example, gure 4.3 shows the distancefor phase0 of the walk-cycle action
computedrom anarbitraryviewpoint,for asubjectwalking continuously Theminima

of the curve aretheframeswherethe subjectis actuallyat phase0 of theaction.
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Figure4.3: for asubjectwalking, phase=0yiewpoint=1

Theactionmodelingandrecognitionaresimplerin therestricted3D casebecause
thereareonly two invariants. An actioncanbe modeledasa curve in 2D space(see
gure 4.4). Furthermorethe compatibility (4.11)is linear, which makesactionrecog-

nition far simplerthanin thefull-3D case.

4.3.3 Temporally Distrib uted Joints

It is rarely the casethat the action curves asdescribedabove are bounded.If a de-
terminantin thedenominatoof ary componenbf  becomesero,aswould bethe
casewhenthe associatedjuadrupletof pointsis coplanay the curve passeghru in-
nity - thisis not a theoreticalproblembecause point atin nity is avalid pointin
3D projectie space(recall our discussionn chapter2). However, this posespracti-
cal problemsfor implementation.Oneway to dealwith suchcasess to de ne the
reciprocalinvariant, if etc. andobtainan equivalentcompatibility
equationin thereciprocalinvariant. In sucha case we would tag pointson the action

curve with booleanvariablesindicatingwhetherthe compatibility at that point refers
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Figure4.4: Restricted-30case:Action-cunesandaction-recognition

to oneor morereciprocalinvariants.The advantagds thatthe actioncurveswould all
be boundedwithin a cubeof side2 in 3D projectve space.However, this increases
the effective degreeof the compatibilityequation andstraightforward Lagrangamini-
mizationleadsto a polynomialsystemof equationghatrequireshe heary machinery
of Grobnerbaseq17] for a solution. Ratherthan follow this path, we caninstead
exploit temporalaspectof the action: One candetectthe startingandendingof an
actionusingthe approactof the previous section(choosingoint combinationsvhere
the for the startand end posesdo not containin nities). Ratherthanrestricting
the six-joint setto one particularpose,we candistribute themacrossmultiple poses
betweenhe startingandendingposesuchthatat all timesduringthe action,noneof
the quadrupletd2346], [1345], [1245], [1235] are coplanay ensuringthat in nities
areavoided. This methodof distributing pointsacrossdifferentframesparallelsthe

conceptof an invariancespacetrajectory(IST) that wasintroducedfor the 2D case
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Figure4.5: Temporallydistributedjoints for thewalk-cycle action

in the previous chapter For the walk-cycle action, gure 4.5 shows one particular
distribution of joints suchthatin nities are avoided, andthe resultingaction-cures
arebounded.Note thatin this case,somejoints arealwaysheld x ed at the startor
endof the actionwhereasthersmay be moving. We would thustag eachjoint used
with thesymbols for start, for endand for moving. For example,in gure 4.5,
joint 6 would betaggedwith the symbol . Notethatsucharepresentatioprovides
for robustnessagainstrate variationsin the actionsincewe are modelingcurvesde-
lineatedby the startingand endingposesof the action. Delineationof the actionis
“event-driven’, i.e. determinedby the occurrencesf the startingandendingposesof

theactionandnot by thepassag®ef a x edamountof time.

4.3.4 Fixed Camera

In thecaseof a x edcameraanactioncanbeveri ed rathereasilygivena hypothesis

of thestartingandendingof theaction[55]. Theapproactwould beasfollows: Along
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with theinvariantrepresentationf the startingandendingposesof anaction,we also
storethe Euclideanrepresentatiomf the actionin an arbitraryworld frame of refer
ence.Then,whenahypothesiss madeof thestartingandendingof anaction,thereare
enoughpoint correspondences® enablethe calculationof the world-to-imagetrans-
formation: six pointsfor the startingposeandsix for the endingpose. Collectiely,
this provides 24 equationdn the 11 unknavns of the world-to-imagetransformation
matrix . Once is determinedit is a simple matterof projectingthe Euclidean
representationf the actionfrom the world coordinatego theimagecoordinatesand
verifying the projection. Note thatfor this x ed cameracasethe 2D approactof the
previous chaptercanalsobene t from this idea, exceptthat therewill be 10 points,
leadingto 20 equationsstill morethanenoughto recover

If thecamerads moving, becomes varyingquantity andwe needto resortto a

projective representatioaswe outlineabove.

4.4 Analysisof the Representation

A pose of thehumanbodyis completelydescribedy thejoint anglesof everyjoint
of thebody. Ratherthanjoint angleswe aremodelinga poseby threeinvariants
formedby six joints of thebody Similarto whatwe did in our 2D approactdescribed
in section3.3,we analyzethis representatioagainsiminimalismcompletenesgonti-
nuity anduniquenessWe lik ewise considerthe sourceghatcontribute to variabilities
in the 3D “invariants'andthe effectivenesof the useof invariantsto represena point

con guration. We considetthefull-3D case.
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4.4.1 Minimalism

Six joints cannotbe modeledin a projectvely invariantmannerusingtwo invariants
becausehereareindeedthreedegreesof freedom.Hence we satisfythe minimalism

requirementathereasily

4.4.2 Completeness

The completenessequiremenstatesthat every entity beingrepresentedghouldhave
arepresentationwhile six jointsin generalpositionhave arepresentatiorthereexist
degenerateasesywherethe rst four lie on aplane,thatdo notresultin arepresenta-
tion. Secondlywhenspeci c jointsfall onaplane thedenominator theexpressions
in (4.12)becomezero,sendingthe invariantsto in nity . Indeed,thesewere someof
the problemswe facedin the implementationand we addressedhem by choosing

jointswheresuchdegeneraciesreavoided(asdescribedsectiond.3.3).

4.4.3 Continuity

Smallchangesn therepresentedntity shouldresultin smallchangesn therepresen
tation. Thisrequirements easilymetbecausé canbe seerthatthecomponentef

arebilinearor biquadricpolynomialsin thecoordinatesvhich makesthemcontinuous.

4.4.4 Uniqueness

Thereshouldbe a one-onemappingbetweerthe representeéntity andtherepresen
tation. Therearetwo aspectsof uniquenesgo consider: (1) whetherthe mapping
betweena pose andtheresultingrepresentation 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 auniquevaluefor , makingthemappingfrom to

trivially unique.However, if theassociatedix joints areirrelevantto the pose the
samevalueof  will occurfor different . To give a concretesxample,considertwo
posesf aperson:(a) the personis sitting down (b) the persorhastheleft handraised
while sitting down. If thefeet,kneesandright handjoints areusedto modelthepose,

will bethesamefor bothposesThus,themappingfrom to  will benon-unique
if thesixjointsdonotcaptureghebodypose.Furthermoreif two differentposesof the
bodyaresuchthatthesix joints arein projectvely equivalentcon gurations,thesame
valueof  will occur Now consider(2): Themappingfrom aposeto thesatis ability
of (4.13)is trivially uniquebut the converseis not true: The imagebasedquantities,

, for two differentposesof the body that projectto the samepositionswill bethe
sameresultingin thesatis ability of (4.13)for two differentposesHence uniqueness
is aproblemon bothcounts.

Theway we mitigatethe representabilityproblemdueto (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 projectvely equivalent
con gurationsresultingin thesamevaluesof ), andtheproblemdueto (2), is to use
multiple six-joint setsto modela pose: While spuriousposesmay occurresultingin
matchedor oneset,it is unlikely thatall six-joint setswill be matched.Besideghis
spatialredundang strateyy, temporalredundang (aswe describedsection4.3.3)can

be usedto furthermitigatespuriousmatches.

4.4.5 Variability

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

tions of the body. However, dueto allometry it canbe expectedthatit will not be
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subject-ivariant. Figure 4.6 shows the 217-samplehistogramof  for a particular
posein thewalk-cycle actiontaken from motion capturedataof 12 subjects.Besides

50

4510

Figure4.6: histogramaction="valk-cycle', phase=0.4sample-size=217

spatialvariability, therealsois temporalvariability to accountfor because¢he same
action, repeatednultiple times by a single subjector when performedby different
subjectswill resultin slightly differentactioncurves.We dealwith thesevariabilities
by maintainingthe empiricallydervedmedian andstandardleviation for eachin-
variantvalueandstoreit alongwith theinvariantsthemseles.Ratherthanminimizing

(4.14),we minimize:

(4.16)

Thedistancdn (4.3.2)is rede nedas:

(4.17)

where minimize (4.16).
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4.4.6 Representionusing Invariants

As we obsenred in the previous chapter Astrom and Morin [5], and Maybank[43]
independentlyshovedthatthe probability densityfunctionfor the 1D cross-ratioex-
hibits logarithmicsingularitiesat 0 and1. The 3D invariants, , arenot uniformly
distributedacrossthe 3D spaceeithetr aswe found by Monte Carlo simulation. Not
surprisingly the distributionsfor , and wereidentical. Figure4.7 shovs the
experimentallycomputedistribution for the 3D caseusingsix 3D pointswhosecoor
dinatesare uniformly distributedin . Also shawn is the analyticallyderved pdf
for the 1D cross-ratiausingtheformulasin [5]. It canbe seenthattherearesingulari-
tiesat0 andl for the 3D caseaswell andthatthe curvesarevery similar. Onecould,
in principle, proceedalongthe lines of [5] andextendthe 1D cross-raticanalysisto
the 3D caseandderive analyticalexpressiongor the 3D invariants.For our purposes,
however, it is sufcient to make theobsenationthatpdfsfor the 3D casearesimilarto
the 1D case andthatproblemsintroduceddueto the non-uniformityof the pdf in the

1D casewill alsoapplyto our 3D case.

1
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— Analytical 1D
09l - - Experimental 3D

Probability Density
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5 2 E . . 1

Figure4.7: ProbabilityDistributionsof Invariants
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Noting thatthesearethe very sameproblemsthatwe encounteredor our 2D ap-
proachof the previous chapterwhich we mitigatedby usingspatialandtemporalco-

hereng constraintsyve usethe sameapproacthere:

1. While decidingwhethera body is in a given phaseof a given action, we not
only thresholdthe distance (givenby equaton4.16)but alsostipulatethatthe

distancdébealocal minimumin time.

2. Representing poseby the invariantsof multiple six-joint setsprovidesfor a
measureof robustnessagainstrandommis-matches while one six-joint set
may matchspuriously thelik elihoodof all six-joint setsmatchingspuriouslyis

small.

3. Theuseof actioncurvesprovidesfor temporalredundang: while theremaybe
spuriousmatchesatafew posesf thecurvesthechanceshatthereis aspurious

matchfor every poseof the curve will besmall.

4.5 Model Building

Model-kuilding (i.e. estimationof the action curvesfor speci c actions)was done
empirically, usingmotion-capturelatawhich provide the 3D coordinategor selected
bodyjointsfor eachframeof ahumanaction. Thebodymodelwe employedconsisted
of fteen joints: (seegure 3.7)namelythehead hip, chestshoulderselbows, hands,
hips,kneesandfeet. We tried severaljoint combinationghatwould achieve highinter-
classandsmallintra-classvariationin the actioncurvesandchosethe following joint

combinations:
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4.5.1 Full-3D

For walking and running, the joint combination Left-hand, Right-hand,Left-knee,
Right-knee Left-foot, Right-foot wasusedfor detectingthe startingand endingof
theaction.We modeledhetemporalaspect®f theactionsby usingtwo actioncurves
madeup of the following joints (recall section4.3.3wherethetags , and are

explained).

1. Right-shouldex(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, the startof the actionwasmodeledusingrelative stationarityof
the feet (which is presered from 3D to 2D, althoughonly for a x ed camera).The
endwasmodeledusingthefollowing joints: Left-knee Left-hip, Left-shoulderRight-
shoulderRight-foot,Left-foot. Thetemporalaspectsveremodeledwith thefollowing
joint combination:Right-shouldeKe), Left-shoulder(e), Left-shoulder(s), Right-hip
(e),Right-kneeg(e), Left-hip (m).

For forward-jump,the subjects feetarestationaryrelative to the otherjoints atthe
startandthe endof the jump. This relative stationaritywasusedto detectthe starting
andendingof the action. For the temporalaspectsye usedthe following two joint

combinations:

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

2. Left-shouldel(s) Right-shoulde(s) Left-knee(s) Left-shoulder(e) Right-hip(e)
Right-kneg(m).
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Figure4.8 shaws the actioncurves(the curve arisingfrom the rst setof jointsis

shawvn for walking andrunning).

Run-cycle Walk-cycle
H

/

Sit-down

" Forward-jump

Figure4.8: Full-3D MedianAction Curves. Note thatonly walk-cycle andrun-gycle
desere to be comparedecausehey correspondo the samesetof joints. Sit-dowvn
andforward-jumpusedifferentjoint setsandareshawn for illustrative purpose®nly.

Thefactthatthey aredifferentthantheothercurvesin the gure is notsigni cant.

Restricted 3D

For walking andrunning,for detectingthe startingandendingof the action,the setof
jointsusedwerethesameasin thefull-3D case However, for thetemporalcomponent
of theactions restricted-3Dactioncurvesarisingfrom thefollowing two setsof joints

wereused:

1. Left-shoulder(s), Right-shoulde(s), Hip (m), Right-shoulde(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 theabove two joint combinationswhich correspondo
the shouldemositionsat the startandendof the action,lie approximatelyon a plane
for walking andrunning.

For sit-down, for detectingthe startingand ending poses,the setof joints used
werethe sameasin the full-3D case. For the temporalaspectwe usedone action
curve arisingfrom thejjoint combination: Right-shouldele), Right-hip(e), Left-hip
(e), Right-kneg(s), Right-shoulde(s), Left-shoulder(m) . Asin thewalking/running
casepointsl,2,4and5 of thejoint combinatiorlie approximatelyonaplane allowing
usto usetherestricted-30formulation.

For forward-jump,the startingandendingof theactionweremodeledn the same
way asin the full-3d case. The temporalaspectof the actionwere modeledusing

actioncurvesarisingfrom thefollowing two setsof joints:

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

2. Right-shoulde(s)Left-shouldel(s) Left-hip (e) Left-shouldei(e) Right-shoulder
(e) Right-hip(m)

Figure4.9 shaws the actioncurves(the curve arisingfrom the rst setof jointsis
shawvn for walk-cycle run-cycleandforward-jump.

In all, 217walk-cycles,204run-gycles,108sit-down actionsand96 forward-jump
instancesvere usedto build the actioncurves. The modelstoredthe medianaction
curvesaswell astheir standarddeviations. As in the 2D approachwe obsere here
thattherewasarti cial variability introduceddueto inconsistencies the placement
of sensorson the motion capturesubjectsdecausehesewereobtainedfrom different

sources.Theseinconsistenciesvere partially compensatetty addingor subtracting
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Run-cycle

JL ]

Walk-cycle

Forward-jump

Figure4.9: Restricted-3CMedianAction Curves. Only walk-cycle andrun-gycle use

the samesetof joints andcanbe compared.

vectorsof small magnitudedrom the given positionsand visually verifying the po-
sitions by renderingthe data. Inspite of this, it was inevitable that somearti cial

variationstill remained.

4.6 Results

We testedthe approache®n the samedataas for the 2D case,so we could draw
comparisonbetweerthe 2D and3D approachesWe alsousedthe samemetricstrue-
detection-ate, false-alarm-ate, andmisclassi cation-ate (asdescribedn chapter3

section3.6).
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4.6.1 Motion Capture

Recallthat the datasetincluded 1200 instancesof actionsfor detection. Table4.1
shows the resultsfor the full-3D approachwhile table 4.2 shows the resultsfor the

restricted-3Dapproach.

Table4.1: Full-3D ResultsMotion CaptureSequenced,200Total Actions

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

Thenumbergaisesereralquestions:

1. Why dowe notget100%detection0% falsealarmsand0% misclassi cation?
2. Why is thereviewpointdependengontheresults?
3. Why aresomeviewpointsbetterthanothers?

To answeltheseguestionsyve needto considerthe varioussourcef error.

Firstly, thereis the issueof distinguishability We notedthat thereis intra and
inter-subjectvariability in the actionsuchthatthe "'same'actionwill resultin slightly
differentcurvesin invariancespace We addressethis by choosingthe mediancurve

andstoredthe standarddeviationsof theinvariantvaluesat eachphase.We calculate
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Table4.2: Restricted-3CResults Motion CaptureSequencesd,200Total Actions

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

weighteddistancedo this mediancurve and classify an unknonn instanceof action
basedon distanceto this mediancurve. Given this, it is possiblethat an instance
of action happendo be closerto a differentaction model, leadingto an incorrect
classi cation,affectingboth,the detectioraswell asthemisclass cationrates.

Secondly the view invariantpropertiescapturedoy (4.11)and (4.13)imply only
that the compatibility lines and surfacesintersectthe model at a given phasefor all
viewpoints. However notethattheseines andsurfacesarederivedfrom imagequan-
tites and andarehencedependentiponviewpoint. For thefull-3D casesome
of thejoints chosermprojectvery closeto eachotherfrom thetop view (viewpoint no.
5). Forinstancetheshoulderandhip, which arejoints usedto obtaintheactioncurve,
will projectvery closeto eachotherfrom this view, giving rise to small valuesfor
certaincomponent®f , whichin turnleadto to errorsin classi cation.

Thirdly, thereis theissueof validity of theunderlyingfour-point planarityassump-
tion in therestricted-3Dcase.If points1,2,4and5 arenot closeto beingplanar the

restricted3D compatibility (4.11) will ceaseto hold. In fact, the right handside of
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the equationwill nolongerbe zerobut a quantitythatis dependentot only uponthe
degreeof non-planaritybut alsouponthe viewpoint. This wasoneof thereasonsvhy
viewpoint 1 hada particularlyhigh misclassi cationrate. Theseobsenationsareil-
lustratedfor the restricted-3Dcasein gures 4.10and4.11. Figure4.10shows the

1
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-0.25 -
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0 0.25 0.5 0.75 1 1.25 15 1.75

Figure4.10: Viewpoint 1 - Misclassi cationof Walk-cycle asRun-g/cle

walk-cycle andrun-gycle modelsalongwith the compatibility line for a subjectwalk-
ing at phase0.7 asseenfrom viewpoint 1. The gure alsoshows the point of closest
approacho eachof the curves,calculatedasdescribedn sectiord.3.2.1t canbeseen
thatthedistanceo therun-gycleis smaller A similar behaior wasseerfor almostall
phasesleadingto anincorrectclassi cation. In contrast, gure 4.11shaws the same
guantitiesfrom viewpoint 5. Note thatthe compatibility line is differentandthatthe
point of closestapproachor walk-cycle is muchcloserto the expectedpoint. At the
sametime, the point of closestapproackor run-gycle lies outsidethe plot. A similar
behaior wasseerfor all phasesleadingto a correctclassi cation.

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

icking a sit-down action. Similarly, uponlanding after the jumping, they assumed
similar crouchingposture. Both of thesewere detectedas sit-dovn actionsby the
systemjncreasinghefalsealarmrate.

Finally, thoughwe experimentedvith severaljoint combinationswe did notcarry
outextensivesearchefor joint combinationghatwould maximizeinter-classvariation
while minimizing intra-classvariation.Indeed theremaybe particularjoint combina-
tionsandthresholdghatwould resultin betterrecever operatingcharacteristicshan
whatwe reporthere.Our goalwasto demonstratéhe effectivenesf our approachat
recognizinganactionfrom ary viewpoint, givenasinglemodel. Theresultsshav that

theoverall performances quitegoodfor a diversesetof viewpoints.
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4.6.2 Reallmage Sequences

We ranthe full-3D andrestricted-3Dapproache®n the samereal imagesequences
aswe did for the 2D approach.The modelsusedfor detectingactionsfor thesereal
imagesequencewerethe sameasthoseusedfor the motion capturesequencesThe
only differencewasthatwe neededo performmoretemporal-smoothingf the data
thanfor themotioncapturesequenceslables4.3and4.4 show theresultsfor thefull-
3D caseandthe restricted-3Dcaserespectiely. Onecanexpectthatthe resultswill
be someavhatinferior to thoseon motion capturesequencebecausef errorsin the
imagejoint positions.Theobsenationswe madein the previoussectionaboutsources
of error and distinguishabilityof the modelsapply for the real image sequencess
well. However, aswe obsened in chapter3, the numberof sequencesiseddo not
permitusto draw de nite conclusiongegardingthe modesof failure, or the reasons
for differencesn resultsacrossviewpoints. Neverthelesspneconclusionthatcanbe
drawn is thatthe resultsshav goodperformancdrom the threeviews for the full-3D

andrestricted-3Dapproachesspiteof noisyimagedata.

Table4.3: Full-3D Results ReallmageSequenceg}0 Total Actions

Metric Front-View Side-Mew Top-View
No. of Sequences 13 14 13
TrueDetections 9 13 9
Falsealarms 0 2 0
Misclass. 3 1 4

95



Table4.4: Restricted-3[Results RealimageSequence£0 Total Actions

Metric Front-View Side-Mew Top-View

No. of Sequences 13 14 13

TrueDetections 10 11 12

Falsealarms 0 2 0

Misclass. 2 3 0
4.7 Summary

We presentedpproache$or developinga high-level representatiomndan effective
recognitionalgorithm for humanaction that is resistantto variationsin viewpoint,
speedf theactionandto minorinconsistencies the actionwhenperformedrepeat-
edly by the samesubjectaswell aswhenperformedby differentsubjects We shaved
thatwe couldachieve theseobjectivesby representingctionsascurvesin spacesris-
ing from 3D mutualinvariants. Recognitionof actionsamountsto keepingtrack of
intersectionof thesecurves by compatibility lines and surfacescalculatedfrom the
input image sequencesWe presentedwo approaches the restricted-3Dapproach
andthefull-3D approach.Therestricted-3Dapproachs lessgenerallyapplicablebe-
causet requireghepresencef four jointsthatlie approximatelyonaplane.However,
actionscanbe modeledascurvesin a 2D spaceandactionrecognitionrequirescal-
culatingtheintersection®f thesecurvesby straightlines. In comparisonthe full-3D
approachs completelygeneralbut resultsin actioncurvesthatresidein a 3D space
with actionrecognitionamountingto calculatingthe intersection®f thesecurvesby
guadricsurfaces. A detailedanalysisof the approachesevealedinherentdif culties

with usingthem. However, heuristicsthat enforcedspatialand temporalcohereng
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constraintsvere proposedo surmountthesedif culties. We evaluatedthe approach
on four actions- walk-cycle, run-gycle, sit-dovn andforward-jumpfrom a variety of
views on two modalitiesof input - 2D projectionsof humanmotion capturedataand
manuallysegmentedreal video sequencesOur useof thesetwo modalitiesof input
effectively simulatedfor usthe outputof a body-jointdetectionandtrackingmodule.
We demonstratethat a singleview-independentepresentationf an actionwassuf-
cient to recognizeanddistinguishit from otheractionsfrom a variety of viewpoints

with goodsucces®n bothinput modalities.
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Chapter 5

PoseEstimation

5.1 Intr oduction

In contrasto therepresentatiorof posewhich formeda majorpartof our primaryfo-
cuson humanactionrepresentatioandrecognitionin chapters3 and4, we dealwith
the estimationof posein this chapter By estimationwe meanthe completerecovery
of the 3D positionsof all the major joints of the body in a body centric coordinate
system.This type of Euclideanestimationis in contrastto the 2D and 3D projectve
representationsf pose.While a projectve representatiosufces for the problemof
actionrecognition,Euclideanestimationof poseis necessaryor the problemof vi-
sualmotion capturefrom archivedvideo. A typical applicationwould involve a user
specifyingthe positionsin the image of several body joints, while the systemesti-
matesthe initial poseof the body and proceeddo track thesefrom frameto frame.
The nal outputof the systemwould be the temporalevolution of the joint anglesof
thebody: acaptureof the motion. Working with calibratedimage/videadataand/or
multiple camerasgs possibleonly in restrictedapplicationdomains. Most archived
videosaremonoculamwith unknavn cameragparametersintrinsic andextrinsic). The

scaledorthographicassumptionwhich hasbeenusedby previous researcherge.g.
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[9], [71], [6]), is toorestrictive for mary casesvhereperspectie effectsarestrong.A
full-perspectve solutionto the problemwill increasehe applicability of goodtrack-
ing algorithmssuchasBregler's [9] becausén additionto providing a moreaccurate
initial estimate,in the x ed-cameraase,one canrecover the perspectie 3D to 2D
transformof the cameramakingit possibleto carry out full-perspectve tracking of
the humanbody: In this chapteywe aim for sucha solutionandseekto estimatethe
3D positionsof variousbody landmarksin a body-centriccoordinatesystem. Using
therestricted-3Cformulationderivedin chapted, we setup a simplepolynomialsys-
tem of equationsin the unknown variables,for which analyticalsolutionsexist. In
casesvhereno solutionsexist, an approximatesolutionto the polynomialsis found.
Recaovery of the 3D joint angleswhich arehelpful for tracking,thenbecomegpossible

by way of inversekinematicson thelimbs.

5.2 Problem Statement

We employ asimpli ed humanbodymodelof fourteenjoints andfour facelandmarks
asshavn in gure 5.1 The fourteenbody joints are- two feet, two knees,two hips
(aboutwhichtheupperlegsrotate),pelvis,upperneck(aboutwhichtheheadrotates),
two shoulderstwo elbows andtwo hands. The facial landmarkscorrespondo the
forehead,nose,chin and (right or left) ear The hip joints constitutea rigid body.

Choosingthepelvisastheorigin, we cande ne the X axisastheline passinghrough
thepelvisandthetwo hips. Theline joining thebaseof theneckwith thepelviscanbe
takenasthepositive Y axis. TheZ axisthenbecomesheline perpendiculato the XY

planeandpointingin theforwarddirectionto make a right handeccoordinatesystem.

We call the XY planethetorso plane. We scalethe coordinatesystemsuchthatthe
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Figure5.1: Body Model

head-to-chirdistances unity.

With respecto theinput andoutput,the problemwe seekto solve in this paperis
similarto thoseaddressegreviously (e.g.[71], [6]): Givenanimagewith thelocation
in theimageof thebodylandmarksandtherelative body lengthsrecover their body-
centriccoordinates.

We malke useof two assumptionslescribedelow:

1. We usetheisometryapproximationwhereall subjectsareassumedo have the
samebody partlengthswhenscaled.As we describedn chapter3, the allom-
etry approximationwherethe proportionsaredependenon body sizeis better
Giventhattheinputis manual jt maybepossibleto chooseanappropriatéoody
modelre ecting theageandbodysizeof the humanin theimage,ratherthana
one-size- ts-allbodymodel. However, asfor the 3D actionrepresentatiocase,
the pose-estimatioralgorithmwe describebelow is invariantto full-body 3D

projective transformations.
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2. Thetorsotwist is smallsuchthatthe shouldergake on x edcoordinatesn the
body-centeredoordinatesystem. Exceptfor the casewherethe subjecttwists
the shouldefline relative to the hip-line by a large angle, this assumptionis
usuallyapplicable Further sinceour algorithmrelieson manualinput, it is easy
to tell if this assumptions violated. This assumptiorallows us to apply the
restricted-3Dequationwe derivedin chapterd, to this problemwherethe points

ontheshoulderandhip will form therequiredplane.

We will rst shav how to recover the threeanglesof rotationsof the headin the
body-centriccoordinatesystem,given the image locationsof the body landmarks.
From the recoveredheadorientation,we next shov how the 3D coordinatesof the
remainingjoints canberecovered. Recwery of thesequantitiesalsoallows usto de-

terminethe epipolargeometryof the camera.

5.3 Recovering the Head Orientation

Points1,2,4and5 (referto gure 4.1 from chapter4) will be thetwo shouldersand
thetwo hips, which, given our smalltorso-twistapproximationjie approximatelyon
aplane.Recallthederivationof the (4.11)from chapter4 which we repeatbelov and

dropthe subscripfor corvenience.
(5.1)

Equatiorb.1lexpresseaview-invariantrelationshipbetweersolelythe3D coordinates
andtheir 2D imagepositionsfor the six pointsshavn 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(5andallow points3 and6 to beary two headfeaturesn (sayforehead

andchin), the only unknavnsin the equationarethe coordinates and . Being
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Labeling Head Rotations

Figure5.2: Pointlabelingfor recoreringheadorientation

positionsontheheadwhichis arigid bodythatrotatesabouttheupperneck,in effect,
thereareonly 3 scalarunknovnscorrespondingo arotationmatrix . If weuseEuler
anglesanddenotetherotationaboutthe X, Y, andZ axesas , and respectiely,

we canwrite:

where and areknown foreheadandchin coordinatesorrespondingo aref-

erence neutral’ position.

Theorem 1. Thee are upto eight possibleheadorientationsthat explain the image

formedby a head-tosocombinatiorwith zeio torso-twist.

Proof. Writing
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where

Observinghatthethird elementsof arezero,
where is the signedareaof points , aknown constant.Similarly, we
canwrite
Whentheabove aresubstitutednto (5.1),thescalar cancelsoutandwe obtain
(5.2)
where
(5.3)
(5.4)
(5.5)
We now write expressiongor
(5.6)
ExpandingR in termsof the Eulerangles , andsubstitutingit in the expres-

sionsfor thedeterminants , (5.2) becomes 13termtranscendentaquationin the
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Euler angles. Given the point correspondencesf two more headfeatures,say the
noseandeitherear we will have threeequationsn the threeunknavn Euler angles.
The equationsdependon the neutralposition of the headre ected in and
Choosinga neutralpositionwherethe headpointsforward with no yaw or roll, the
coordinatesrezerofor theforeheadnoseandchin andtwo of the equationdecome

four termtranscendentaquationsWe thenhave:

(5.7)

(5.8)

(5.9)

Interestingly (5.7) and (5.8) areindependenbf  andcanbe solved rathertrivially
using

and . We obtaina quadraticequationn
(5.10)

wherethe canbewrittenin termsof and . Hencethereareuptofour solutions

for and .Whenthesearesubstitutednto (5.9),we obtainasimpleequationn
(5.11)

wherethe canbewrittenin termsof , and . With , we
obtaintwo solutionsfor . Collectively, we thenobtainupto eight solutionsfor the

angles. O
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The anglesolutionsrepresenheadorientationsthat producethe image. At this
stage,we could do someratherbasicanthropometricltering by observingthat the
pitch anglecannotbe so large thatthe chin penetrateshe torso. Similarly, we could
alsoimposeconstraintson the roll andyaw angles. The valid solutionscanthenbe

presentedo the userfrom which onewill beselected.

5.3.1 Recovering the Epipolar Geometry

Recallthat projectspointsfrom the body-centeredoordinatesystemto theimage
plane. Given the calculatedheadorientation,we canrecover , which haseleven
unknowvns. Fromthe eight point correspondencest our disposalfour headplus four
torso),we have anoverdeterminedetof sixteenequationsn theelementof  which
we solvefor in aleastsquaresensaisingsingularvaluedecomposition.

Thematrix containsall informationnecessaryo retrieve theepipole. canbe
written in the form where is theepipole[30]. Giventhis,

canberecoveredas

5.3.2 Recovering Body Joint Coordinates

Considerarny unknovn world point with known image point
Invertingthe relationship (notethat is known to usnow), we obtaina set
of solutionsfor  parametrizedby theunknavn . Thisis simply theepipolarline of

theimagepointin the body-centeredoordinatesystem.

(5.12)

(5.13)
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where caneasilybe calculatedn termsof elementof and . Let rep-
resentthe right elbov which is connectedo the right shoulderwith known world
coordinates . We alsoknow theupperarmlength, from our

model.We thenhave thefollowing constraint:

(5.14)

which is a quadraticin , representinghe two pointsof intersectionof the epipolar
line with the sphereof possibleright elbow positions(see gure 5.3).

Sphere of possible elbow positiol

Known Shoulder
Position

Camera Center

Figure5.3: PossibleElbow Positions

Thesetwo solutionsfor the elbav representhe unavoidable forward/backvard
ipping ambiguityinherentin the problem. Oncethe correctright elbow positionis
found, theright handcanbe foundin the samemanner Similarly, we canobtainthe
3D coordinate®f all theotherjoints of thebody Theinteractvity in this solutionpro-
cesscanbeeliminatedby having the userpre-specifythe relative depthsof the joints.
In otherwords,beforethesolutionprocesstarts,eachjoint is assignedboolearvari-

able that speci es whetherthat joint is closerto the camerathanits parent. Given
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thatthe useris specifyingthe point correspondenced bodylandmarksthis inputim-
posedrivial additionalburden. This ideais alsousedin [71]. Sincewe have already

calculatedhe epipolelocation,we areableto calculatethesedistancegeadily.

5.3.3 Dealingwith Unsolvable Cases

Computationof the head-orientatioras well asthe limb 3D locationsinvolvesthe
solutionof quadraticequationsDuringexperimentonrealimagesandnoisysynthetic
images,in several casestherewere no solutionsto one or more quadratics. This
requireda searchfor approximatesolutionsto the headorientationanglesandto the

limb positions.Both of thesecasesaredescribedelow.

Unsolvable Head Orientation Equations

Threedifferentstratgieswereexploredfor arriving at an approximatesolutionto the
headorientationangles. The correctand straightforward approachs to formulatea
Lagrangeoptimizationproblemwith the objective function beingsum of squaref
(5.7),(5.8)and(5.9) plusLagrangamultiplesof thetrigopnometricidentity constraints.
However, proceedingn thismanneresultsn anon-trivial systenof polynomialequa-
tionsin the sinesandcosinesof the threeangles.A standardechniqueto solve such
a systemis to useresultsfrom polynomialideal theory(i.e. Grobnerbasis[17]) to
convert the systemto triangularform which canthenbe solved easily However, the
equation®verwhelmedall of the Grobnerbasiscomputatiortoolsthatweretried.

A secondapproachs to exclude(5.9) from the objective functionandonly retain
(5.7)and(5.8)because doesnotoccurin eitherof thetwo equationsThecalculation
of aGrobnerbasisfor this formulationwasfoundto betractableandhencethe nding

of all thelocal minimaof the equationsvasguaranteedHowever, the Grobnerbasis
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computationsvereratherheary andthe performancevaspoor.

A third approachexploits the fact thatthe spaceis boundedby head-
reachabilityconstraintghat could be setto anthropometricallyaccuratevalues. Nev-
erthelessaconserative approximatiorwould be for eachangle.Thefact
thattheanglespacds boundedaffordsa brute-forcesearchfor and thatproduce
minimafor absolutevaluesof the left handsidesof (5.7) and(5.8). We used
bins andcalculatedall local bin-wiseminima. This approachwasfoundto be much
fasterand produceda goodapproximatesolutionmostof the time. However thereis
the possibility that somelocal minima would be missedby the searchif they occur

with othercompetingocal minimain the samebin.

Unsolvable Limb Positions

This caselis easierto dealwith thanthe headorientationcasebecausef the absence
of coupledtranscendentaquationsWe consideredwo differentapproachesor this
case(equation5.14). Oneapproachwasto useLagrangemultipliersand nd the op-
timal thatsatis edtheequationascloselyaspossiblekeepingthelimb length
x ed. A secondapproachwasto useascale suchthatthe scaledimb-length(

in this case)madethe discriminantpositive. We chosethe latterapproachecauseghe

scalefactoreffectively accountedor variationsn theassume@ndactuallimb lengths.

5.4 Results

We evaluatedthe approachon syntheticand real images,the resultsof which we

presenbelow.
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5.4.1 Syntheticlmages

In the syntheticcase giventhatthe erroris zerofor a perfectmodelandperfectim-
agecorrespondencesje focussedn empiricalerroranalysis.Therearetwo sources
of error: (1) differencesetweenthe assumednodelandthe imagedsubjectand (2)
inaccuraciesn the image correspondencesFor ve differentviewpoints, and 500
randomunknowvn posesper noise-level, we calculatedthe averageerror in full-body
reconstructior{sumof square®f the differencebetweerrealandrecorered3D coor
dinatesscaledby the head-to-foodistancefor Gaussiamoiseof zeromeanandunit
standarddeviation andincreasingnoiseintensities. The interactvity of the algorithm
waseliminatedby theevaluationprogramautomaticallychoosinghehead-orientation

with minumumerroramongthe solutions.Therearethreecasesnoisy-modelnoisy-
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| L@ Noisy Image & Model ’/\\o‘ |
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Figure5.4: Error dependengcon noise

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

coordinateswith the noise,scaledby the imagedimensionswhich weretakento be
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thoseof the boundingbox of the imagedbody. For model-noisethe scalewasthe
head-to-foodistance Figure5.4 shavs thedependengc An importantobsenationis
thatthereconstructions moresensitve to errorsin the modelthanin theimagepoint
correspondencednterestingly the curve for noisy-modelwith noisy-imageerroris
almostthe sameasthe noisy-modelcurve. We believe thatthis is becausehe model
errorswampsoutimageerrorswhich aremuchsmaller especiallyat highernoiselev-
els. Further sincethe modelandimageerrorsareindependenterrorscancelout in
somecasesNeverthelesst canbe seenthatsmallerrorsin the modelandimageonly

producesmallerrorsin the nal reconstruction.

5.4.2 Reallmages

We evaluatedthe qualitative performancef the approacton realimagesby using3D
graphicsto renderthe reconstructedbody poseandepipolargeometry We useda 3D
modelderivedphotogrammetricalljrom front andsideviews of onesubjectandused
thesame3D modelfor all images.Thereweretwo importantproblemswye encountered

with realimageswhich we describebelow:

Clothing

Clothingobscureshelocationof theshouldersandhips,theaccurag of which affects
the headorientationcomputation. We addressedhis problemwith two strateies.
First, given that the shoulders hips and upperneck form a planarhomographywe
computeanduseit: thoughwe do not usethe upperneckasa featurepointin (5.7),
(5.8)and(5.9),we requiretheuserto locateit. Thehomographys uniquelyspeci ed
by four planarpoints.Weusethe vetorsopointsto calculatehetorso-plane-to-image

homographyn aleast-squaresensetransformthetorso-plango theimageusingthe
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Figure5.5: PersorSitting, Front-view

homographyand usethe transformedpoints as input ratherthan the userspeci ed
points.Secondratherthanrequiringtheuserto locatethetrueright andleft hip (about
which the upperlegsrotate),we just requiretheir surfacelocations(i.e. “end-points’),
which areeasierto locate. The modelstoresthe true centersof rotationof thelegsas

well asthe surfacelocations.

Upper-neckrigidity assumption

The skull restson top of the cervicalportion of the spinalcord. While we modelthis
junction asa ball andsoclet joint, this effectively neglectsthe fact that the cervical
vertebraarefreeto rotate(althoughby a smallamountandwith asmallradius)about
thetorso. To compensatéor this, we take the skull centerof rotationto be midway
betweenthe neck-baseandupperneck