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Abstract

We present a novel motion-based approach for the part
determination and shape estimation of a human’s body
parts. The novelty of the technique is that neither a prior
model of the human body is employed nor prior body part
segmentation is assumed. We present a Human Body Part
Identification Srategy (HBPIS) that recovers all the body
parts of a moving human based on the spatiotemporal anal-
ysisof itsdeforming silhouette. We formalize the process of
simultaneous part determination, and 2D shape estimation
by employing the Supervisory Control Theory of Discrete
Event Systems. |n addition, in order to acquire the 3D
shape of the body parts, we present a new algorithmwhich
selectively integratesthe (segmented by the HBPIS) appar -
ent contours, from three mutually orthogonal views. The
effectiveness of the approach is demonstrated through a
series of experiments, where a subject performs a set of
movements according to a protocol that reveals the struc-
ture of the human body.

1 Introduction

Computewision hasbegunto play anincreasinglyim-
portantrolein applicationdike anthropometryhumanfac-
tors design, egonomics,teleconferencingyirtual reality
andperformanceneasuremerdf bothathletesandpatients
with psychomotordisabilities. All of theseareasrequire
identificationof the partsof a humanbody andestimation
of their shapeand motion parameters.The main difficul-
tiesin developingalgorithmsfor humanshapeandmotion
analysisstemfrom the complex3D non-rigid motionsof
humansandtheocclusionamongbody parts.

To recoverthe degreef freedomassociatedvith the
shapeand motion of a moving humanbody, mostof the
existingapproachemtroducesimplificationsby eitherus-
ing a model-base@dpproach10, 4, 1, 15, 14] or employ-
ing assumptionon the kinds of motionsthey can ana-
lyze [16, 2, 17, 3, 7, 8]. Most of thesetechniquesuse
non-deformablenodelsthat canonly approximatehe hu-
man body (e.g., generalizedcylinders) and cannotadapt
to differentbody sizes. To overcomethis limitation other
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researcherassumeprior segmentatiorof the imagedata
into parts[12] and then fit deformablemodelsthat can
adaptto datafrom humanswith differentanthropometric
dimensiong11, 9]. Thus,the proces®f segmentatioand
theprocesof shapeandmotionestimationaredecoupled,
leadingto possibleinaccuraciesand lack of robustness.
Moreover no techniqueexiststo automaticallyacquirea
concise2D model of the humanbody andits partsusing
vision sensors. Finally, the very difficult problemof 3D
shapeandmotionestimationhasnotbeenaddressedofar
dueto thedifficulty in integratingmultiple viewpointsand
dealingwith occlusionsetweerthebodyparts.

Our long term goal is to provide an integratedframe-
work for tracking the body partsof a humanmoving in
3D which copeswith occlusionbetweenthe body parts.
For sometasks(e.g.,determiningf a personis movingto-
wardsor awayfrom you) informationaboutthe movement
of thecentroidof thesilhouettes adequateForothertasks
though(e.g., virtual reality), detailedmotion information
for the body partsis required. Sincehumanshavewidely
variedanthropometridimensionshefirst partof thetrack-
ing processhouldbetheacquisitionof thesubjectsmodel.

This papemakeghreecontributiongo thetopicabove.
The first contributionis the developmenbf an algorithm
thatfirst fits only onemodelto theimagedata,but thenit
segmentd to thedifferentbodypartsasthe persormoves.
The secondcontributionis a new approachto modeling
andcontrolling the processesn HBPIS. The Supervisory
Control Theory of DiscreteEventSystemdq13] allows us
to encapsulatboththediscreteandthecontinuousaspects
of thefitting and segmentatiomprocessesEstimatingthe
3D shapeof the body parts,for any human,is the third
contributionof this paper

2 2D Human body model acquisition

As ahumanmovesandattainsnewposturests apparent
contourchangeslynamicallyandlargeprotrusioneemege
astheresultof themotionof thelimbs (figurell(1-3)). To
representarge protrusionsor concavitiesandtheir shape
evolutionin a compactandintuitive way, we introducea
new shaperepresentatiorbasedon the parametriccom-
position of primitives. Using this representatiomnyve can
describecompactlythe shapeof the union (in the caseof
protrusions)or intersection(in the caseof concavities)of
two primitives. For simplicity, we formulatethe theoryof



compositionin 2D, to representhe shapeof theboundary
of the unionof primitives. Let xo andx; betwo 2D para-
metricprimitives,positionedn spacesothatx; (intersect-
ing primitive) intersectsg (root primitive) atpoints A and
B (figurel(a-c)). The shapex of the composedrimitive
(C:[vs, ve) — IRP) canbedefinedn termsof theparameters
of thedefiningprimitivesxy andx; asfollows (see [5] for
moredetails):

x(v; ST c) =(1—6(v; ho_l(vél), ho_l(vég), c)Xo(ho(v)) +

8(v; hgM(vg'), hy H(vg'), ¢) Xa(ha(ho(v))).

Since humanshave widely varied anthropometriadi-
mensionghe first part of the tracking processshouldbe
the acquisitionof the subjects bodymodel. Our goalis to
automaticallysegmenbody apparentontoursof moving
humansandestimatetheir shapewithout assuminga prior
modelof the humanbody or body part segmentation.To
achievethis goalwe performa controlledexperiment.We
requestthat the individual underobservationperformsa
setof movementgprotocolmovA in [5]) thatrevealsthe
structureof the humanbodyandensureghatall the major
partsof the humanbody becomevisible. The result of
processingheimagedatafrom this setof movementwill
bea 2D modelof thesubjects bodyincludingits partsand
their shape.

Human Body Part |dentification Strategy (HBPIS)

Step 1: Initially, assumehatthesubjed’sbody condstsof asingle
part. Createa list of deformablemodels L (with one entry
initially) thatwill be usedto modelthe subjects bodyparts.In
addition, createa graph G with one node. The nodesof the
graphG denotethebody partsrecoveredy thealgorithm. The
edgeof thegraphdenotewhich partsareconnectedy joints.

Step 2: If not all the framesof the motion sequencéiavebeen
processefit themodelsof thelist L to theimagedatausingthe
physics-basedhapeandmotion estimationframework[9] and
executesteps3 and4. Otherwise putputZ andG.

Step 3: Foreachmodelin Z, determine:

a: if the Parametric Composition Invocation Criterion is satis-
fied (e.g., this criterion is satisfiedwhenthe subjectlifts her
arm towardsthe horizontalposition, asthe apparentontour
of thearmprotrudesrom the oneof thetorso).

b: if the Part Decomposition Criterion B is satisfied(e.g.,this
criterionis satisfiedduringthe movemenbf thelegs).

c: if the Part Decomposition Criterion C is satisfied(e.g.,this
criterionis satisfiedwhenthe subjectbendsherelbow).

Foreachcomposednodelin Z, determine:

d: if the Part Decomposition Criterion A is satisfied(e.g.,this
criterionis satisfiedduringthe laterstagef themovemenbf
thearmwith respecto thetorso).

Step 4: For the protocolof movementsnovA, for eachmodelin
L atmostoneof thecriteriaspecifiedn step3 will besatisfied.
Dependingon the outcome,determinewhich of the following
algorithmsto invoke.

Foreachmodelin L

o If 3ais satisfied,invoke the Parametric Composition algo-

rithm.

o If 3bis satisfiedjnvokethe Part Decomposition B algorithm.

o If 3cis satisfiedjnvoke the Part Decomposition C algorithm.

Foreachcomposednodelin L

o If 3dis satisfiedjnvokethe Part Decomposition A algorithm.

The PartDecompositiorCriterion C andthe relatedalgo-
rithm have beendescribedin [6]. In the following, we
presentheothercriteriaandtherelatedalgorithmsin more
detail.

HBPIS- Step 3a: As asubjectmovesandattainsnewpos-
turesthe apparentontourchangeslynamicallyandlarge
protrusionsareemeging asthe resultof the motion of the
limbs (figure 11(1-3)). If thereis no hole (by hole we de-
notethe existenceof a closedcontourwithin the apparent
contour)presentwithin the apparentcontourandthereis

a significantdeformationof the apparentontour we rep-

resentthe protrusionsasthe resultof compositionof two

primitives.

Parametric Composition Invocation Criterion: Signalthe
needfor parametricompositiorof primitivesif noholeis evolv-
ing within the apparentontourand ||po(v, ¢) - Po(2, tinit )| > k1,
wherek; is ana priori definedconstantandpo(v, t), po(v, tinit)
representhe currentand the initial shapes(w.r.t. the model-
centeredreferenceframe) of the model my of the apparenton-
tour.

Algorithm: Parametric Composition

Step 1: Determinetheinterval Zo of the materialcoordinater of
the modelmg in which maximumvariation of the shapeover
time is detected.

Step 2: Performan eigenvectoranalysison the datapointsthat
correspondo the areaZ, to approximatethe parameterof a
newdeformablemodelm; which canfit thesedatapoints.

Step 3: Constructa composedpbarametricprimitive m with mg
andm; asdefiningprimitives.

Step 4: Updatethe list L by replacingthe model my with the
composednodelm.

HBPIS- Step 3d: Themodelsof theupdatedist L arecon-
tinuouslyfitted to thetime-varyingdata. If the parameters
of a composedieformablemodelindicatethatits defining
primitivesaremovingwith respecto oneanotheythenthis
signalsthe presencef two distinctparts.

Part Decomposition Criterion A: If the generalizeccoordi-
natesa composedmodel m (whosedefining primitives are the
modelsmo andm;) satisfythe relation||Aqc(t) — Age(tinit)|| >
k a0 \/ ||ACI9(t) — ACIe(tinit)” > ka1, Wherek o and k 41 are
two a priori definedconstantsAdc.(t) = gc,(t) — qe(t) and
Ade(t) = gs,(t) — Qe (t) representhe relativetranslationand
orientationof the model-centeredoordinatesystemsof mg and
ms, thendecomposen.

Algorithm: Part Decomposition A

Step 1: Constructwo newmodelsng andn; usingtheparameters
of thedefiningmodelsof thecomposednodelm.

Step 2: UpdateGG and L, by replacingm with ng andn;.

HBPIS - Step 3b: The visual eventof a hole evolving

within the apparenttontourwhich is beingtrackedindi-

categhatpartswhichwereinitially occludedaregradually

becomingvisible. During this procesghough,theregions

of the initially occludedpart that becomevisible are not

contiguous,thus the appearancef the hole. Therefore,



whenaholeis evolvingwithin the apparentontourwhose
shapenaschangedonsiderablywe donotinvokethepara-
metric compositionalgorithm. We monitor the evolution
of thehole,andwhentheholeceaseto exist(andtheshape
of the modelexhibitslarge deformation the PartDecom-
positionB algorithmis invoked.

Part Decomposition Criterion B: If an evolving con-
tour within the apparent contour ceasesto exist and
lIPo(v,t) - po(v, tinit)|| > kz, wherekp is ana priori defined
constant,and po(v, t), po(v, tinit) representhe currentand the
initial shapeqw.r.t. the model-centeredeferenceframe) of the
modelm, of theapparentontour theninvoke the PartDecom-
positionB algorithm.

Algorithm: Part Decomposition B

Step 1: Determinetheinterval Zo of the materialcoordinater of
the modelmy, in which maximumvariationof the shapeover
timeis detected.

Step 2: DeterminetheintervalZ,, Z1 C Zo, for which consistent
changeof the orientationof the finite elementswithin the area
7, of thedeformablemodelis detected.

Step 3: Performan eigenvectoranalysison the datapointsthat
correspondo the areaZ;, to approximatethe parameter®f a
newdeformablemodelm; which canfit thesedatapoints.

Step 4: Updatethelist L by replacingthe modelmo(¢) with the
modelsmo(tini) andms.

For step2 of the HBPIS, we fit themodelsincludedin list

L to theimagedata,usingour weighted-forceassignment

algorithm [6] which allows the overlap betweenmodels

andtherefore,the instantrotation centerof a part canbe
determinedseeg[5]).

2.1 Implementation of the HBPIS

In this sectionwe describehe modelingandthe control
of the processemvolvedin the systemimplementingthe
HBPIS, usingthe DiscreteEvent Systemgsheory A dis-
creteeventsystems adynamicalkystenin whichchanges
in the stateoccur at discreteinstancesof time. The Su-
pervisoryControl Theoryof DiscreteEventSystems|[13]
allows usto encapsulatéoth the discreteandthe contin-

uousaspect®f thefitting andthe segmentatioprocesses.

In addition, it allows usto investigatethe behaviorof the
participatingprocessesvhich operateconcurrentlyto for-
mulatein acompactindelegantvaythebasicconceptand
algorithmsfor our problem,andto decomposéhe overall
designinto componentsnodeledby Finite StateMachines
(FSM).

In termsof the DEStheory therearethreecomponents
to the systemthat implementsHBPIS: the plant, the su-
pervisor and the observer(s) (Fig. 1(d)). The setof all
deformablemodelsthat arebeingfitted to the dataat each
time instantconstituteghe plant. The observersare pro-
cesseghat monitor the quantitativechangego the shape
of the modelingprimitives and sendmessage$o the su-
pervisor. The supervisoris the procesghat controlsthe
behaviorof the system,handlesthe complexinteractions

betweenthe fitting processesandinvokesthe appropriate
part compositionor decompositioralgorithmsdepending
on the input from the observers.Therefore the observers
providefeedbacko thesupervisoregardinghestateof the
plant. Eachparticipatingprocesf the systemis modeled
asanondeterministi€inite statemachine. Thestatef this
finite statemachinecorrespondo aparticulardiscretization
of the evolutionof thetaskovertime. Transitionsbetween
thesestatesare causedby discreteevents. Someof these
eventscanbe expressedh theform (guard — operation),
whereguard is a booleanvaluedexpression.If the value
of theguard is true, the operation(e.g.,send/receivenes-
sage)is executed.Therestof the eventsareexpressedn
the form (guard), wherethe value of guard controlsthe
transitionbetweerstates.By p; ?g; a communication oper
ationis denotedjn which a procesgeceivesa messager
commandy; from channelp;. p; ! ¢; alsodenotesa com-
municationoperationin which a processsendsa message
or commandy; throughchannelp;. In theimplementation
of the HBPIS, for eachof the deformablemodelsusedat
every time instantto fit the data,thereis a correspond-
ing fitting processwvhosedesignis shownin figuresi(e,f).
Theseprocessesun in parallel and are synchronizedby
a global clock. In addition,they receivecommandgrom
the supervisolandsendmessageback. Thestatesof each
fitting processcorrespondo a discretizationof the fitting
taskbasedon which degreesf freedomof the modelare
used(e.g., global and/orlocal parameters).For eachfit-
ting procesghereis anobserveprocesgfiguresl(g.,j)) that
monitorsthe parameter®f the deformablemodelin order
to infer the stateof the deformablemodel. Our goalis to
be able to drive a deformablemodelfrom any state(the
error stateand the eventsassociatedvith the error state
havebeenomitted for clarity) in the set{0, 1,2, 3,4, 5},
backto state0. This is the desirablestatesinceif all the
fitted deformablemodelsarein this state thenthestructure
of the datahasbeencaptured.This is becauseén thatstate
thereis no significantchangefrom theinitial shapeandno
evolvingholes. To drive eachdeformablemodelto thede-
sirablestate0, we designa supervisor The functionof the
superviso(figuresl(h,i)) is to selecttheappropriateaction
dependingon the stateof the observemprocessesinden-
able,disableor forcecontrollableeventsin orderto ensure
correctbehaviorof the plant.

3 3D Shape Estimation by Integrating Mul-
tiple Views

In this sectionwe presenthow to combine2D informa-
tion from threemutually orthogonalviews (figure 11(30))
in orderto estimatethe 3D shapeof asubjects bodyparts.
Dueto the complexityof the shapeof the humanbodyand
occlusionamongthe body parts, the subjectis requested
to performa differentset of movementgprotocol movB



in [5]) thatincrementallyrevealsthe structureof the body.
Our approactis to first build a single3D modelof the
humanstandingandthento incrementallyrefineit by ex-
tractingthe3D modelsof thedifferentpartsastheybecome
visible to the differentviews. At eachstageof the algo-

rithm the datafrom a specific movementare processed.

The stagef thealgorithmaresummarizedn figurel(k).

For eachmovement,the apparenttontoursfrom each
activeview arefitted usingthetechniqueslescribedn the
previoussection.Thereforefor eachactiveview thereis a
setof 2D deformablenodelsthatfit thecorrespondinglata.
Dueto occlusionthenumberof deformablenodelsn each
of theviewsmaynotbethesame Consequentlydepending
onthetypeof movemenanewpartor partsmaybedetected
in someof the2D apparentontours.Thenewpartis either
apreviouslyunseerbody partor a subpariof a partwhose
3D model hasalreadybeenrecovered. In the first case,
the 2D modelsof the correspondingpparentontoursof
a partareintegratedusingthe algorithmdescribedbelow
(Fig. 11(42)). In theseconctasethemodelof theapparent
contourof thesubparts intersectedvith the modelfor the
3D shapeof the part to obtain two new 3D shapesthe
3D shapeof the sub-partandthe 3D shapeof the restof
the part. Dueto the fact that morethanone partsmay be
simultaneouslyleterminedn 2D (e.qg.,left andrightarms),
the extractedspatial location of the part in eachof the
two viewsis employedto determinethe apparentontour
correspondencdt shouldbe notedalsothatthe 3D shape
of thenewpartis obtainedatthe endof theappropriateset
of movementsThisis adesirablgroperty sincetheshape
fitting is donein 2D andthe 3D shapeestimationis done
only once.

In the following, the algorithm for the integration of
the 2D modelsof two apparentontoursis described. The
inputto thealgorithmis the2D modelsof theapparenton-
toursof the partasobservedrom two mutuallyorthogonal
views, andthe spatialrelation betweenthe views. A 3D
deformablemodelis initialized andthe nodesthat lie on
its meridianswhoseplaneis parallelto the planesof the
apparentontoursare fitted to the nodesof the 2D mod-
els. Local deformationsareemployedto capturethe exact
shapeof the 2D models,while the restof the 3D shapeis
interpolated. Due to the fact that the local deformations
may be large in magnitudeandto avoid shapediscontinu-
ities betweerthe fitted nodesandthe restof the shapea
thin-platedeformatiorenepy is imposedduringthefitting
process. Therefore the deformablemodelfits accurately
the 2D models,while its shapein betweenthe apparent
contourgin theabsencef anydata)variessmoothly

4 Experimental Results

This sectionpresentsselectedresultsfrom a seriesof
experimentga detaileddescriptionis offeredin [5]) that

werecarriedout onrealimagesequences orderto eval-
uatethe effectivenesof the proposedapproachin general
andof the specificalgorithmsin particular
Thefirstexperimentvasdesignedo evaluateheperfor
manceof the Part CompositioninvocationCriterion,and
of thePartDecompositiorA algorithm. In thisexperiment,
thesubjectifted herleft arm,until thearmreachedhehor-
izontal position(figuresll(1-3)). In figurell(5) noticethe
deformationof theinitial shapeof the model(figurell(4)),
which is quantifiedin figure 11(6). The parametriccom-
position invocation criterion was satisfiedand therefore
the ParametricCompositionalgorithmwasinvoked. The
definingprimitives of the composedleformablemodelare
shownin figurell(7). In alaterframe,the PartDbecomposi-
tion Criterion A wassatisfiedandthe PartDecomposition
A algorithmwasinvokedin orderto recoverthe underly-
ing parts. Figurell(8) showstherecoverednodelsfor the
partsandtheirfitting to thedatain figurell(3). Thesecond
experimentwasdesignedo demonstratéhe PartDecom-
positioncriterion B and PartDecompositiorB algorithm.
In thisexperimentthesubjeciextendedherleft legthefront
until shereachedh comfortableposition(figuresli(9-12)).
While fitting the datain figure 11(11,15) the PartDecom-
position Criterion B was satisfiedand thereforethe Part
DecompositiorB algorithmwasinvoked. Thetwo models
recoveredaredepictedin figure 11(16), andtheir fitting to
thedatain shownin figurell(12). Thepurposeof thethird
experimentwasto demonstratehe resultsof the Human
Body PartldentificationStrategywhenthe subjectmoves
accordingto the protocolMovA. Figuresli(18-21,24-29)
depictsomeof themodelsextractedduringthe motion. Fi-
nally, the fourth experimentwas designedo demonstrate
the feasibility of estimatingthe 3D shapeof body parts
by selectivelyintegrating2D outlinesfrom multiple views
(figurell(30)). Figurell(31) showsthe modelrecovered
for the left arm, while figuresli(32-35) showthe models
for the hand,lower arm and upperarm and their layout.
Figurell(36) showsthe recoverednodelof thetorsoand
figuresli(37-41) thecorrespondingpartsof theleft leg.

5 Conclusion

This papermpresentec novelintegratedapproactto the
3D shapemodelacquisitionof a subjects body partsfrom
multiple views. The extractionof a subjects modelcanbe
consideredsthefirst partof atrackingprocess.Ourlong
termgoalisto provideanintegratedrameworkfor tracking
thebody partsof ahumanmovingin 3D which copeswith
occlusionbetweerbody parts. The experimentghatwere
carriedout haveproventhatit is possibleto determinehe
partsof ahumarbodyfrom animagesequencandestimate
theirshapen 3D.
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Fitting process:

State Descriptions

0:  Wait state.

1: Initialization of adeformablemodel:.

2: Fit the deformablemodel: to the image datausing global
deformationnly.

3: Fit thedeformablenodel: to theimagedatausingglobaland
local deformations.

Event Descriptions

ap:  Significantchangeo the parametersf globaldeformations.

i Significantchangeto the errorof fit.

M essages

nd: Deformablemodel: is to befitted to thenewimagedata.

tnet: Initialize adeformablemodel:.

dinait:Initialization of thedeformablemodelhasbeencompleted.

Observer process ¢

®

Super visor

State Descriptions

0:  Wait state.

1: ExecuteParametricCompositioralgorithmwith inputthede-
formablemodeli for which the correspondingbserverhas
sendthemessaget1.

2: ExecutePartDecompositionA algorithmwith input the de-
formablemodeli for which the correspondingbserverhas
sendthemessaget5.

3: ExecutePartDecompositiorB algorithmwith input the de-
formablemodeli for which the correspondingbserverhas
sendthemessaget3.

4: ExecutePart DecompositionC algorithmwith input the de-
formablemodeli for which the correspondingbserverhas
sendthemessaget4.

5: Performbookkeepingssociateavith thearrival of newdata.
Sendcommandto all participatingprocesseshat new data
havearrived,(Cj?nd).

Event Descriptions

aQ (Oo?st]_) \Y (Ol?st]_) V...V (On?st]_)

oy :  PartCompositionalgorithmhasbeencompleted.

! (Oo?st5) \Y (Ol?st5) V...V (On?st5)

ag: PartDecompositiomA algorithmhasbeencompleted.

Qg (Oo?stg) \Y (Ol?stg) V...V (On?sta)

as:  PartDecompositiorB algorithmhasbeencompleted.

ap . (Oo?st4) \Y (Ol?st4) V...V (On?st4)

a7 PartDecompositiorC algorithmhasbeencompleted.

ag: Newdatahavearrived.

ag: Messagedhavebeensentto all the participatingfitting pro-
cessesindbookkeepindhasbeencompleted.

State Descriptions
0: In this statethe following conditionsaretrue: a) thereis no
hole evolving within the apparentontourof the deformable
modelandb) the PartCompositioninvocationCriterion and
thePartDecompositiorCriterionX (X = A, B andC) arenot
satisfied.
1: PartCompositioninvocationCriterionis satisfied.
2: PartCompositioninvocationCriterionis satisfiedbutthereis
aholeevolvingwithin theapparentontour
PartDecompositiorCriterionB is satisfied.
PartDecompositiorCriterion C is satisfied.
Thedeformablemodelis acomposedieformablemodeland
the PartDecompositiorCriterionA is satisfied.
Event Descriptions
ao: Holeis evolvingwithin theapparentontour
a1t ||Po(v, t) - Po(v, tinit)|| > k1
ap: PartDecompositiorCriterion C hasbeensatisfied.
ag: Thedeformablemodelis acomposedieformablemodeland
the PartDecompositiorCriterion A hasbeensatisfied.

arw

@

M essages
st;:(j € {1,3,4, 5}) Reportthestatddentifier; tothesupervisor
[0)

Movement Active Views 3D Parts

Sub- Sequence [Side Front Tog Method | Acquired

Standstill NIV, IG

Tilt headback |/ IN Head

Lift arms NAY IG Arms

Flex wrists v IN Hands

Bendelbows v IN Upperand
lowerarms

Extendlegsside vV

Extentlegsfront |/ IG Legs
andtorso

Flex left leg v IN Left thigh,
left lowerleg
andleft foot

Flexrightleg v IN Rightthigh,
right lowerleg
andright foot

(k)

Figurel: An exampleof compositionof two superellipsoids:(a) depictsxi(v1) which intersects<o(vg) at

pointsA andB, (b) depictstheircomposiionx(v), (c) depictghecompositiorfunctioné(v; 0.65x, 0.77x, 10).

(d-j) explainthe FSM of thecomponent®f theimplementatiorof HBPIS. (k) 3D shapeestimation(IG stands
for thentegrationalgorithmandIN for the Intersectioralgorithm).
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Figurell: (1-29)referto 2D Humanbody modelacquisition,(30) depictsthe placemenbf the cameraaw.r.t
thesubject,(31-41)referto the 3D shapesstimatiorof bodyparts,and(42) depictstheintegrationalgorithm.
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