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Abstract

Recoreringthe 3D coordinatef variousjoints of the hu-

manbody from animageis a critical first stepfor several
model-basechumantracking and optical motion capture
systems.Unlike previous approacheshat have useda re-

strictive cameramodelor assumed calibratedcamerapur
work dealswith the generalcaseof a perspectre uncali-
bratedcameraand is thus well suitedfor archived video.
Theinputto the systemis animageof the humanbodyand
correspondenceasf severalbodylandmarkswhile the out-

putis the setof 3D coordinate®f thelandmarksn abody-
centric coordinatesystem. Using ideasfrom 3D model
basedinvariants,we setup a polynomial systemof equa-
tionsin theunknown headpitch, yaw androll angles.If we

areableto make the often-valid assumptiorthattorsotwist

is small, we show thatthereexists a finite numberof solu-
tionsto thehead-orientatiowhich canbecomputedeadily.

Oncethe headorientationis computedthe epipolargeom-
etry of the camerais recovered,leadingto solutionsto the
3D joint positions. Resultsare presentedn syntheticand
realimages.

1. Introduction

Humanbody tracking and optical motion captureare two
facetsof the large areaof researchcommonlyreferredto
as humanmotion analysis. Good starting points for un-
derstandingheapplicationsspecificproblemsandsolution
stratgiesaresurvey papersrecentonesbeing[14] and[8].
Humanbody tracking and optical motion capturesystems
rely on goodbootstrapping anaccuratanitial estimateof
thehumanbody pose.This is adifficult problempartly due
to thelargenumberof degreesof freedomof thebody, mak-
ing searchindor solutionscomputationallyintensive or in-
tractable Part of thedifficulty alsoarisesbecaus®f lossof
depthinformationandnon-linearityintroduceddueto per
spectve effects. To make the problemmoretractable,re-
searcherdiave resortedto assuminga scaledorthographic
camerain the uncalibratedcaseor a calibratedcamerain
theperspectie case pothof which aremorerestrictve than
onewould like in practice. In [13], Taylor usesa scaled

orthographicprojection model and shaws that thereis an
infinite numberof solutionsparameterizely asinglescale
parametes. After fixing s arbitrarily, thereis afinite num-
berof solutiongto theproblembecaus®f symmetrieabout
a planeparallelto the imageplane. Further the method
cannotbe employedin caseswherestrongperspeciie ef-
fectsexist. In [1] the authorsrecover both anthropometry
and poseof a humanbody. However, they usescaledor-
thographicprojectionand presenta searchbased jterative
solutionto the problempruningthe search-spacesingan-
thropometricstatistics. In [2], Bregler and Malik restrict
the projectionmodelto scaledorthographicfor initializa-
tion andtrackingof thejoint anglesof ahumansubject.In
[3] and[6], multiple calibratedcamerasare usedto build a
3D modelof subjectswhile in [7] the authorswork with a
singlecamerabut assumehatit is calibrated.In [9] theau-
thorsusealearningapproacho predictthe2D marker posi-
tion (2D pose)from a singleimagewhile in [10] they build
onthework andpresentanapproactor recoveringthe ap-
proximate3D poseof the body from a setof uncalibrated
cameraviews. Their work is interestingin thatthey do not
requirejoint correspondences be providedin the image.
Ratherthey employ a machindearninganda probabilistic
approachto mapthe sggmentedhumanbody silhouetteto
a setof 2D posehypothesesndrecover the 3D posefrom
them. Recently Graumanet. al [4], reportedon a prob-
abilistic structureand shapemodel of the humanbody for
therecovery of the 3D joint positionsgiven multiple views
of the silhouettesrom calibratedcameras.In [11], Smin-
chisescuand Triggs reportan approachfor monocular3D
humantracking. Model initialization is searchbasedand
camergparametergareassumedknown.

Working with calibratedimage/videodataand/or mul-
tiple camerads possibleonly in restrictedapplicationdo-
mains. Most archivedvideosaremonoculamwith unknavn
camergparametergintrinsic andextrinsic). Moreover, the
scaledorthographicassumptiomrmay be too restrictve for
mary cases.We believe a full-perspectve solutionto the
problemwill increasahe applicability of goodtrackingal-
gorithmssuchasBregler’s [2] becausen additionto pro-
viding amoreaccuraténitial estimatepnecanrecoverthe



perspectie 3D to 2D transformof the camera,making it

possibleto carry out full-perspectve trackingof thehuman
body In this work, we aim for sucha solution and seek
to estimatethe 3D positionsof variousbody landmarksin

a body-centriccoordinatesystem.Usingideasfrom model
basednvariancetheory we setup asimplepolynomialsys-
tem of equationsfor which analytical solutionsexist. In

casesvhereno solutionsexist, an approximatesolutionis

calculated Recoreringthe 3D joint angleswhich arehelp-
ful for tracking,thenbecomegossibleby way of inverse
kinematicson thelimbs.

2. Problem Statement

We employ a simplified humanbody model of fourteen
joints and four facelandmarks:two feet, two knees,two
hips (aboutwhich the upperlegsrotate),pelvis,upperneck
(aboutwhich the headrotates) two shoulderstwo elbows,
two hands foreheadnose,chin and(right or left) ear The
hip joints constitutearigid body. Choosinghe pelvisasthe
origin, we candefinethe X axisastheline passinghrough
the pelvis andthe two hips. The line joining the baseof
theneckwith the pelviscanbetakenasthepositive Y axis.
The Z axispointsin the forwarddirection. We call the XY

planethetorsoplane.We scalethe coordinatesystemsuch
thatthe head-to-chindistanceis unity. With respecto the
input and output, the problemwe seekto solve in this pa-
peris similar to thoseaddressegreviously (e.g.[13], [1]):

Givenanimagewith thelocationin theimageof the body
landmarksandtherelative bodylengths recovertheirbody-
centriccoordinatesWe make useof two assumptions:

1. We usetheisometry approximationvhereall subjects
areassumedo have the samebody partlengthswhen
scaled. The allometry approximation[16] wherethe
proportionsaredependenbn body sizeis considered
to be better becausethe relative proportionsdepend
uponbody size: for instance childrenhave a propor
tionally larger headthanadults. Our algorithm, how-
ever, is invariantto full-body 3D projectie transfor
mations.

2. Thetorsotwist is smallsuchthatthe shoulderdake on
fixedcoordinatesn the body-centeredoordinatesys-
tem. Exceptfor the casewherethe subjecttwists the
shouldetline relative to the hip-line by a large angle,
this assumptioris usually applicable. Further since
ouralgorithmrelieson humaninput, it is easyto tell if
thisassumptions violated.

3. Approach

Besidesthe articulatedpose of the humanbody, the un-
known variablesin the problemare the extrinsic and in-
trinsic cameraparameters.In [12], Stiller et. al. derive

camera-parametandependentelationshipsbetweenfive
world pointson arigid objectandtheirimagedcoordinates
for anaffine camera.WeissandRay in [15] simplifiedand
extendedthe resultto the full-projective caseshawving that
there exists one equationrelating three 3D invariantsand
four 2D invariantsformed six world points and their im-
agecoordinates.Our approachis motivatedby theirs but
we are able to derive a simpler final resultinvolving two
3D invariantsratherthanthree. In the following, we will
first shawv how to recoverthethreeanglesof rotationsof the
headin thebody-centriccoordinatesystemgiventheimage
locationsof the body landmarks.Fromtherecoveredhead
orientation,we next shav how the 3D coordinatef the
remainingjoints canberecovered.Recwery of thesequan-
tities alsoallows us to determinethe epipolargeometryof
thecamera.

3.1 Motivating Example

We review and modify the approachof [15] below. Five
points(Xj;, ¢ = 1..5 in homogenousoordinatesjn 3D pro-
jective spacecannotelinearlyindependentAssumingthat
thefirst four pointsarenotall coplanaywe canwrite the3D
coordinate®f thefifth pointwith the basisasthefirst four
points:

/\5X5 = a5)\1X1 + b5/\2X2 + C5/\3X3 + d5)\4X4 (1)

The )\; are the unknown projectve scale factors and
as, bs, c5, ds aretheunknawn projective coordinateof the
point X in the basisof thefirst four points. We would like
to modela point configurationwherefour pointslie on the
sameplane. Given that we needthe first four form a ba-
sis, we canchoosea labeling suchthat points 1,2,4and5
form a planewhile points 3 and 6 lie outsidethis plané-.
In this configuration point 3 doesnt contrituteto point5’s
coordinatesiakingcs zero.For Xg we have:

Figurel: Six point configurationusedfor analysis.Points
1,2,4,5 form aplaneand3, 6 lie outsidethis plane

1We assumethe pointsarein generalposition andignore degenerate
casesvherepoints3 or 6 lie ontheplane



AeXe = ag A1 X1 + b AoXo + cgA3X3 + dg Xy (2)

Hereag, bg, cg anddg arethe basiscoordinategor Xg.

If T istheworld toimagetransformsuchthatx; = A TX;,
where); is anunknown scalefactor theimagecoordinate
for thefifth point, x5 is givenby:

AL TX 5

( '5/)\5)T(a5)\1X1 + by Ao Xo + d5/\4X4) (3)
( 15//\5)((15)\1//\[1)(1 + bs/\z//\12X2 =+ d5)\4/)\iX4)

Xy =

Writing A;/\; asa;, anddoing the samealgebrafor point
6, we have the following two equationgelatingimageco-
ordinates:

asXs = a501X1 + bsasXg + dsaaXa

agXe = aga1X1 + bgaaXa + cgaszxsg + dgasxyg (4)

We would like to eliminate the projective coordinates
and the scalefactors. Let M; denotethe determinant
[X2X3X4X5] (thenotationis suchthatwe index M by the
pointleft outfromthefive-pointset(Xy, X2, X3, X4, X5).

Substitutingfor X5 from (1) and noting that determi-
nantswith two equalcolumnsvanishwe have:

My = | X2X3Xa(asA1 X1 + bs Ao Xa + dsAsXa)/ X5 |

A
= —as)\—;Ms (5)
We similarly have thefollowing two relationshipsaswell:

A A
My = b5)\_2M5 , My = d5/\—4M5
5 5

For the point X¢ we use M, to denotethe determi-
nant [X2;X3X4Xg]. The notationis such that the in-
dex is that of the point left out in the five-point set
(Xl, Xg, Xg, X4, Xﬁ) We obtain:
A A A
M| = —ag "= Ms , My =be"> My , My = dg= Ms
A6 A6 A6
The projective coordinatesand scalefactorscan be elimi-
natedby taking crossratiosto obtaintwo 3D invariants(as
opposedo threein [15]):

I = a5b6 _ M1M2I _ a5d6 _ Mlei
e a6b5 B M{Mz P2 a6d5 - M{M4

For the image coordinateswe follow the sameapproach
of taking determinantsand their cross-ratios. Using the
‘points-left-out’ notation, let m1» denotethe determinant
|X3X4X5|:
mi2 = |X3X4X5|
= | xaxa(as1X1 + bsaXa + dsasxa)/as |

= (asaq/as)mas + (bsaz/as)ms (6)

Lettingm),, denotethedeterminantxsxaxg|, we similarly
obtain:

my, = |XaX4Xe|
= | X3X4(a6a1X1 + beaaxa + ceazXs + d6a4X4)/a6 |

= (asa1/as)mas + (beaa/ag)mas

Obtaining expressionsfor the other determinantsm;s,
mis, M4, My, calculatingcrossratios(asbg)/(agbs) and
(asdg)/(aeds) andequatinghemto I; andl, respectrely
we obtain:

(M1 MsMy)(miamssmis — mizmasm}s)
+ (M{M2M4)(m13m45m'12 - m13m25m'14)
+ (M M;My)(mizmaesm}, —miamsasmi,) = 0 (8)

Them;; areknown quantities computedrom imagecoor
dinatesandwe canrewrite the above equationsn termsof
known coeficients,a, b, c as

aM{M2M4 + bM1M£M4 + CMlMQMi =0 (9)

(9) expressesa view-invariantrelationshipbetweensolely
the 3D coordinatesandtheir 2D imagepositionsfor the six
pointsshawvn in figure 1.

3.2 Recoveringthe Head Orientation

If we choosethe following labelingof points: right-hip(1),

left-hip(2), left-shoulder(4), right-shoulder(5)and allow

points3 and6 to be ary two headfeaturesn (sayforehead
andchin), the only unknavnsin the equationarethe coor

dinatesX 3 andXg. Beingpositionsontheheadwhichis a

rigid bodythatrotatesaboutthe upperneck,in effect, there
areonly 3 scalarunknavnscorrespondingo arotationma-

trix R.. If we useEulerangleswe canwrite:

X3 = R(01,62,63)X30
Xe = R(01,62,63)Xe0
whereX 3o and Xgo areknown foreheadandchin coordi-
natescorrespondindo a referenceneutral’ position. Ob-
servingthatthethird elementof X5, X4, X5 arezero,
M, = [X2 X3 X4 X5]
= [X2 (RXgo) X4 X5]
= poasts X30
where poy5 is the signedareaof points X5, X4, X5, a
known constanndr is theith row of R.. Similarly,
M, = pissr3 Xso0

T
My = —pirasr3 X30



Whenthe above aresubstitutednto (9), the scalarry X3
cancelsoutandwe obtain

a' M, + VM, + <M, = 0 (10)

wherea' = —apiaspias, V' = —bpaaspi2s, €' = cpaaspias.
We now write expressiongor M-

M, = [X2 X3 X4 Xg]
= [X2 (RX30) X4 (RXg0)] (11)

ExpandingR in termsof the Euler anglesf, 8, 63, and
substitutingit in the expressiondor the determinantsi//,

(10) becomes 13 term transcendentaquationin the Eu-

ler angles. Given the point correspondencesf two more
headfeaturessaythenoseandeitherear wewill havethree
equationsn thethreeunknavn Eulerangles.Theequations
depencbn the neutralpositionof the headreflectedn X3o

andXggo. Choosinganeutralpositionwheretheheadpoints
forwardwith no yaw or roll, the z coordinatesarezerofor

the forehead,noseand chin and two of the equationsbe-

comefour termequationgiving:

a1s1 + asc; +azss +agez =0 (12)

b1s1 + bacy +b3sz +bgecs = 0 (13)

dys3ca + dasacis3 + dzszcy + dycics
dsszcy + dgcacs + drercz

+ 4+ +

ngz + d9818203 + d10$1$283

di1si1c3 +diasica +dizsis3 = 0 (14)

wheres; = sin§; ande¢; = cos ;. Interestingly (12) and
(13) areindependenof 62 andcanbesolvedrathertrivially

usings? + ¢ = 1 ands? + ¢ = 1. We obtaina quadratic
equationin s2:

hls‘f + hgsf +hs =0 (15)

wherethe h; canbe written in termsof a; andb;. Hence
thereareuptofour solutionsfor §; andds. Whentheseare
substitutednto (14), we obtaina simpleequationin 6s:

Ji182 4+ jaca +js =0 (16)

wherethe h; canbewritten in termsof d;, 6; andés. With
83 + c¢3 = 1, we obtaintwo solutionsfor 6,. Collectively,
we thenobtainuptoeightsolutionsfor theangles.

Theanglesolutionsrepresenheadorientationghatpro-
ducethe image. At this stage,we could do somerather
basicanthropometridiltering by observingthat the pitch
anglecannotbe so large that the chin penetrateshe torso.
Similarly, we could alsoimposeconstraintson theroll and
yaw angles.Thevalid solutionscanthenbepresentedo the
userfrom which onewill beselected.

3.3 Recoveringthe Epipolar Geometry

Recallthat T projectspointsfrom the body-centeredoor
dinatesystento theimageplane.Giventhecalculatechead
orientationwe canrecover T, which haselevenunknownns.
Fromthe eightpoint correspondencest our disposal(four
headplusfour torso),we have anoverdeterminedetof six-
teenequationsn theelementof T whichwe solvefor in a
leastsquaresensausingsingularvaluedecomposition.

The matrix T containsall information necessaryo re-
trieve the cameracenter T can be written in the form
(M | ¢) = (M | —Mt) wheret is the cameracenter[5].
Giventhis, t canberecoeredas—M Lc.

3.4 Recovering Body Joint Coordinates

Considerary unknovn world pointX = [X Y Z 1]7 with
known imagepoint x. Invertingtherelationshipx = TX,
we obtaina setof solutionsfor X parametrizedy the un-
known Z. Thisis simplytheepipolarine of theimagepoint
in the body-centeredoordinatesystem.

X =a+bZ 17)
Y =c+dZ (18)

wherea, b, ¢, d caneasilybecalculatedn termsof elements
of T andx. Let X representheright elbonv whichis con-
nectedto the right shouldemwith known world coordinates
X5 = [X5 Y5 Zs 1]T. We alsoknow the upperarmlength,
L,,,. We thenhave thefollowing constraint:

(X - X5)? + (Y = Y3)* + (Z - Z5)* = L2,
=(a+bZ — X5)2 + (c+dZ — Y3)* + (Z — Z5)* (19)

which is a quadraticin Z, representinghe two points of

intersectionof the epipolarline with the sphereof possible
right elbov positions. Thesetwo solutionsfor the elbow

representhe unavoidableforward/backvardflipping ambi-
guity inherentin the problem.Oncethe correctright elbov

positionis found, the right handcanbe foundin the same
manner Similarly, we canobtainthe 3D coordinatesf all

the otherjoints of the body. Theinteractiity in this solu-
tion processcan be eliminatedby having having the user
pre-specifytherelative depthsof thejoints. In otherwords,
beforethe solution processstarts,eachjoint is assigneca

booleanvariablethat specifieswhetherthat joint is closer
to the camerahanits parent.Giventhatthe useris specify-
ing thepointcorrespondenced bodylandmarksthisinput

imposedrivial additionalburden. This ideais alsousedin

[13]. Sincewe have alreadycalculatedthe cameracenter

we areableto calculatethesedistanceseadily.

3.5 Dealingwith Unsolvable Cases

Computationof the head-orientatioras well as the limb
3D locationsinvolvesthe solution of quadraticequations.



In our experimentson realimagesandnoisy syntheticim-
ages,in several casestherewere no solutionsto one or
more quadratic. For the head-orientatiorcase,we recov-
eredsy, ¢1, $3, c3 assolutionsto a constraineaptimization
problemwith the objective function asthe sumof squares
of 12 and13alongwith thetrigonometricidentitiesascon-
straints. Use of Lagrangemultipliers resultedin a non-
trivial systemof polynomialequationsn sy, c1, s3,c3. We
tried two differentapproaches (1) computinga Grobner
basisof thepolynomialssothatthey arereducedo triangu-
lar form and(2), searchindor local optima. Grobnerbasis
computationsvereratherheary andsloveddown the algo-
rithm, althoughthe recovery of all local minimawasguar
anteed.Searchindor local optima(in the 6,, 65 spacewas
foundto bemuchfaster(the searctspacd—= /2, 7/2] was
quantizedinto 5° bins) and produceda good approximate
solutionmostof thetime. For thelimb position(19)with no
solutionswe computecda scalek suchthatthe scaledimb-
length (kL,, in this case)madethe discriminantpositive.
This effectively accountedor variationsin theassumeend
actuallimb lengths.

4 Reaults

We evaluatedheapproacton syntheticandrealimagesthe
resultsof which we presentbelow.

4.1 Synthetic Images

In thesyntheticcasegiventhattheerroris zerofor aperfect
modelandperfectimagecorrespondencesje focussedn
empiricalerroranalysis.Therearetwo sourcef error: (1)
differencedetweertheassumeadnodelandimagedsubject
and(2) inaccuraciesn theimagecorrespondencesor five
differentviewpoints, and 500 randomunknowvn posesper
noise-level, we calculatedhe averageerrorin full-body re-
constructionsumof square®f thedifferencebetweerreal
and recovered 3D coordinatesscaledby the head-to-foot
distancefor Gaussiamoiseof zeromeanandunit standard
deviation andincreasingnoiseintensities. Theinteractvity
of the algorithmwaseliminatedby the evaluationprogram
automaticallychoosinghehead-orientatiowith minumum
error amongthe solutions. Thereare three cases:noisy-
model, noisy-image,and noisy-modelwith noisy-image.
For imagenoise,we perturbedthe imagecoordinateswvith
thenoise,scaledby theimagedimensionsvhichweretaken
to be thoseof the boundingbox of the imagedbody. For
model-noisethescalewasthehead-to-footlistance Figure
2 showvs the dependeng An importantobsenationis that
the reconstructioris more sensitve to errorsin the model
thanin theimagepoint correspondencesnterestingly the
curve for noisy-modelwith noisy-imageerroris almostthe
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Figure2: Error dependengon noise

sameasthe noisy-modelcurve. We believe thatthis is be-
causethe modelerror swampsout imageerrorswhich are
much smaller especiallyat higher noise levels. Further
sincethe model and image errorsare independentgerrors
cancelout in somecases.Neverthelesst canbe seenthat
smallerrorsin the modelandimageonly producesmaller-
rorsin thefinal reconstruction.

4.2 Real Images

We evaluatedthe qualitatve performanceof the approach
on real imagesby using 3D graphicsto renderthe recon-
structedbody poseand epipolargeometry We useda 3D
model derived photogrammetricallyfrom front and side
views of one subjectand usedthe same3D modelfor all
images. Thereweretwo importantproblemswith realim-
ages:

One problemis that clothing obscuresthe location of
the shouldersand hips, the accurag of which affectsthe
headorientationcomputation. We addressedhis problem
with two stratgjies. First, given that the shoulders,hips
andupperneckform aplanarhomographywe computeand
useit: thoughwe do not usethe upperneckas a feature
pointin (12),(13) and(14), we requirethe userto locateit.
Thehomographys uniquelyspecifiedby four planamoints.
We usethefive torsopointsto calculatethe torso-plane-to-
imagehomographyin a least-squaresensetransformthe
torso-plando theimageusingthe homographyandusethe
transformedpoints as input ratherthan the userspecified
points. Secondratherthanrequiringthe userto locatethe
true right andleft hip (aboutwhich the upperlegs rotate),
we just requiretheir surfacelocations(i.e. ‘end-points’),
whichareeasietto locate. Themodelstoreghetruecenters
of rotationof thelegsaswell asthe surfacelocations.

Another problemis due to the fact that we model the
neckjuction asa ball andsoclet joint. In reality, the skull
restson top of the cervical portion of the spinal cord and
thecervicalvertebraarefreeto rotate(althoughby a small



Figure3: Persorsitting, Front-view

Figure4: Baseball

amountandwith asmallradius).To compensatéor this,we
take the skull centerof rotationto be midway betweerthe
neck-bas@andupperneck. This produceda significantim-

provementin thehead-orientatiomecoveryfor casesvhere
subjectdungedtheir headforward or backwardin addition
to rotatingit.

For someimageswherethesetwo effects were signifi-
cant,we hadto guessthe true imagecoordinateghreeor
four times beforethe algorithm returnedrealistic looking
results. Figure 3 shows a subjectsitting down andimaged
fromthefront. Also shavnin theimageareuserinputloca-
tionsof variousbodylandmarks.Besidetheimagearetwo
renderedviews of the reconstructedody poseand epipo-
lar linesof thebodylandmarksrom novel viewpoints. The
meetingof epipolarlines depictsthe cameraposition. Fig-
ure4 shovsabasebalpitcherandthereconstructioninter-
estinglyin this case the camerais behindthe torso of the
subjectandthisfactis recoveredby thereconstructionFig-
ure5 shavsasubjectsitting down with the handpointedto-
wardsthe camerajnducingstrongperspectre while figure
6 shaws subjectskiing. The novel views of the reconstruc-
tionsshow thatthebody poseis capturedjuite well.

5 Conclusions

We presenteé methodto calculatethe 3D positionsof var
ious body landmarksin a body-centriccoordinatesystem,

given an uncalibratedperspeciie image and point corre-
spondencem theimageof thebodylandmarks animpor-
tant sub-problemof monocularmodel-basedhumanbody
trackingand optical motion capture.Our small-torso-twist
assumptiomgivesusenoughgroundtruth pointsonthetorso
andallows usto useideasfrom 3D modelbasednvariance
theoryto setup a simple polynomial systemof equations
to first recoserthe headorientationandwith it, theepipolar
geometryandall of thelimb positions.While theoretically
correctgiventheassumptionghe methodencounteredpe-
cific problemswhenappliedto realimages,which we ad-
dressedy way of stratgiesto reduceerrorin inputaswell
asthemodel. We demonstratedffectivenes®f themethod
on realimageswith strongperspectie effectsand empiri-
cally characterizedhe influenceof errorsin the modeland
image point correspondencesn the final reconstruction.
Giventhatmodelaccurag hassignificantimpactonthere-
constructionwe areevaluatinga probabilisticapproactor
reconstructiomusinganthropometristatistics.In future,we
planto exploit the analysisby synthesisapproacho render
thereconstructetheadonto theimageplaneanditeratively
refinethereconstructiorusingcolor andedgecues.
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Figure5: PersorsSitting, Side-viev

Figure6: PersorSkiing
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