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Abstract

Recoveringthe3D coordinatesof variousjoints of the hu-
manbody from an imageis a critical first stepfor several
model-basedhumantracking and optical motion capture
systems.Unlike previous approachesthat have useda re-
strictivecameramodelor assumeda calibratedcamera,our
work dealswith the generalcaseof a perspective uncali-
bratedcameraand is thus well suitedfor archived video.
Theinput to thesystemis animageof thehumanbodyand
correspondencesof severalbodylandmarks,while theout-
put is thesetof 3D coordinatesof thelandmarksin a body-
centric coordinatesystem. Using ideasfrom 3D model
basedinvariants,we setup a polynomial systemof equa-
tionsin theunknown headpitch,yaw androll angles.If we
areableto make theoften-valid assumptionthattorsotwist
is small,we show that thereexistsa finite numberof solu-
tionsto thehead-orientationwhichcanbecomputedreadily.
Oncetheheadorientationis computed,theepipolargeom-
etry of the camerais recovered,leadingto solutionsto the
3D joint positions. Resultsarepresentedon syntheticand
realimages.

1. Introduction
Humanbody trackingandoptical motion captureare two
facetsof the large areaof researchcommonlyreferredto
as humanmotion analysis. Good startingpoints for un-
derstandingtheapplications,specificproblemsandsolution
strategiesaresurvey papers,recentonesbeing[14] and[8].
Humanbody trackingandoptical motion capturesystems
rely on goodbootstrapping- anaccurateinitial estimateof
thehumanbodypose.This is adifficult problempartlydue
to thelargenumberof degreesof freedomof thebody, mak-
ing searchingfor solutionscomputationallyintensiveor in-
tractable.Partof thedifficulty alsoarisesbecauseof lossof
depthinformationandnon-linearityintroduceddueto per-
spective effects. To make the problemmoretractable,re-
searchershave resortedto assuminga scaledorthographic
camerain the uncalibratedcaseor a calibratedcamerain
theperspectivecase,bothof whicharemorerestrictivethan
one would like in practice. In [13], Taylor usesa scaled

orthographicprojectionmodel and shows that thereis an
infinite numberof solutionsparameterizedby asinglescale
parameter� . After fixing � arbitrarily, thereis a finite num-
berof solutionsto theproblembecauseof symmetriesabout
a planeparallel to the imageplane. Further, the method
cannotbe employed in caseswherestrongperspective ef-
fectsexist. In [1] the authorsrecover both anthropometry
andposeof a humanbody. However, they usescaledor-
thographicprojectionandpresenta searchbased,iterative
solutionto theproblempruningthesearch-spaceusingan-
thropometricstatistics. In [2], Bregler and Malik restrict
the projectionmodel to scaledorthographicfor initializa-
tion andtrackingof thejoint anglesof a humansubject.In
[3] and[6], multiple calibratedcamerasareusedto build a
3D modelof subjectswhile in [7] theauthorswork with a
singlecamerabut assumethatit is calibrated.In [9] theau-
thorsusealearningapproachto predictthe2D markerposi-
tion (2D pose)from a singleimagewhile in [10] they build
on thework andpresentanapproachfor recoveringtheap-
proximate3D poseof the body from a setof uncalibrated
cameraviews. Their work is interestingin that they do not
requirejoint correspondencesto beprovided in the image.
Rather, they employ a machinelearninganda probabilistic
approachto mapthe segmentedhumanbody silhouetteto
a setof 2D posehypothesesandrecover the3D posefrom
them. Recently, Graumanet. al [4], reportedon a prob-
abilistic structureandshapemodelof the humanbody for
therecovery of the3D joint positionsgivenmultiple views
of the silhouettesfrom calibratedcameras.In [11], Smin-
chisescuandTriggs reportan approachfor monocular3D
humantracking. Model initialization is searchbasedand
cameraparametersareassumedknown.

Working with calibratedimage/videodataand/ormul-
tiple camerasis possibleonly in restrictedapplicationdo-
mains.Most archivedvideosaremonocularwith unknown
cameraparameters(intrinsic andextrinsic). Moreover, the
scaledorthographicassumptionmay be too restrictive for
many cases.We believe a full-perspective solution to the
problemwill increasetheapplicabilityof goodtrackingal-
gorithmssuchasBregler’s [2] becausein additionto pro-
viding a moreaccurateinitial estimate,onecanrecover the
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perspective 3D to 2D transformof the camera,making it
possibleto carryout full-perspectivetrackingof thehuman
body. In this work, we aim for sucha solution and seek
to estimatethe 3D positionsof variousbody landmarksin
a body-centriccoordinatesystem.Usingideasfrom model
basedinvariancetheory, wesetupasimplepolynomialsys-
tem of equationsfor which analyticalsolutionsexist. In
caseswhereno solutionsexist, an approximatesolutionis
calculated.Recoveringthe3D joint angles,whicharehelp-
ful for tracking, thenbecomespossibleby 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 theupper-legsrotate),pelvis,upper-neck
(aboutwhich theheadrotates),two shoulders,two elbows,
two hands,forehead,nose,chin and(right or left) ear. The
hip jointsconstitutearigid body. Choosingthepelvisasthe
origin, we candefinetheX axisastheline passingthrough
the pelvis and the two hips. The line joining the baseof
theneckwith thepelviscanbetakenasthepositiveY axis.
TheZ axispointsin theforwarddirection.We call theXY
planethetorsoplane.We scalethecoordinatesystemsuch
that the head-to-chindistanceis unity. With respectto the
input andoutput,the problemwe seekto solve in this pa-
peris similar to thoseaddressedpreviously (e.g. [13], [1]):
Givenan imagewith the locationin the imageof thebody
landmarksandtherelativebodylengths,recovertheirbody-
centriccoordinates.We makeuseof two assumptions:

1. We usethe isometry approximationwhereall subjects
areassumedto have thesamebodypart lengthswhen
scaled. The allometry approximation[16] wherethe
proportionsaredependenton body sizeis considered
to be betterbecausethe relative proportionsdepend
uponbodysize: for instance,childrenhave a propor-
tionally largerheadthanadults. Our algorithm,how-
ever, is invariant to full-body 3D projective transfor-
mations.

2. Thetorsotwist is smallsuchthattheshoulderstakeon
fixedcoordinatesin thebody-centeredcoordinatesys-
tem. Exceptfor the casewherethe subjecttwists the
shoulder-line relative to the hip-line by a large angle,
this assumptionis usually applicable. Further, since
ouralgorithmreliesonhumaninput, it is easyto tell if
thisassumptionis violated.

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

camera-parameterindependentrelationshipsbetweenfive
world pointson a rigid objectandtheir imagedcoordinates
for anaffine camera.WeissandRayin [15] simplifiedand
extendedthe resultto the full-projective caseshowing that
thereexists one equationrelating three3D invariantsand
four 2D invariantsformed six world points and their im-
agecoordinates.Our approachis motivatedby theirsbut
we are able to derive a simpler final result involving two
3D invariantsratherthan three. In the following, we will
first show how to recoverthethreeanglesof rotationsof the
headin thebody-centriccoordinatesystem,giventheimage
locationsof thebody landmarks.Fromtherecoveredhead
orientation,we next show how the 3D coordinatesof the
remainingjointscanberecovered.Recoveryof thesequan-
tities alsoallows us to determinethe epipolargeometryof
thecamera.

3.1 Motivating Example

We review and modify the approachof [15] below. Five
points( �����	��

������� in homogenouscoordinates)in 3D pro-
jectivespacecannotbelinearlyindependent.Assumingthat
thefirst four pointsarenotall coplanar, wecanwrite the3D
coordinatesof thefifth point with thebasisasthefirst four
points:

��� ����
�� ����� ���! #" ���%$ ��&' )( �*��+ ��,- #. �*��/ ��0 (1)

The
�%1

are the unknown projective scale factors and� � �2" � �	( � �	. � aretheunknown projective coordinatesof the
point � � in thebasisof 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 labelingsuchthat points1,2,4and5
form a planewhile points3 and6 lie outsidethis plane1.
In this configuration,point 3 doesn’t contributeto point 5’s
coordinates,making ( � zero.For ��3 wehave:

Figure1: Six point configurationusedfor analysis.Points�4�657�98%�2� form a planeand :��	; lie outsidethis plane

1We assumethe pointsare in generalpositionandignoredegenerate
caseswherepoints3 or 6 lie on theplane
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��< ��3=
>� <*�?� �@�- #" <���$ ��&- #( <*��+ ��,' #. <*�A/ �B0 (2)

Here � < , " < , ( < and . < arethebasiscoordinatesfor ��3 .
If C is theworld to imagetransformsuchthat DE�E
 �%F1 C=��� ,
where

� F1
is anunknown scalefactor, the imagecoordinate

for thefifth point, D � is givenby:

D � 
 � F� C�� �

 G � F�IH � ��J C�GK� � � � � �  L" � � $ � &  #. � � / � 0 J (3)


 G � F� H � ��J GM� � � � H � F � D �  L" � � $ H � F$ D &  ). � � / H � F/ D 0 J
Writing

�%1 H � F1
as N 1 , anddoing thesamealgebrafor point

6, we have the following two equationsrelatingimageco-
ordinates:

N � DO� 
 � � N � DP�Q R" � N $ DO&! #. � N / DS0
N < DE3 
 � < N � DP�Q R" < N $ DO&! #( < N + DE,- #. < N / DS0 (4)

We would like to eliminate the projective coordinates
and the scale factors. Let T � denote the determinantU �@&V��,4�B0��@�XW (thenotationis suchthatweindex T by the
pointleft outfromthefive-pointset( ���Y�	�@&7�	��,A�2�B0��2��� ).

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

T � 
[ZI��&4��,��B0%GM� ����� ���Q #" �*��$ ��&! #. �*��/ ��0 J H ��� Z

]\!� �

�?�
� � T � (5)

We similarly havethefollowing two relationshipsaswell:

T $ 
>" �
��$
��� T � �^T / 
�. �

�A/
��� T �

For the point � 3 we use T F� to denote the determi-
nant

U � & � , � 0 � 3 W . The notation is such that the in-
dex is that of the point left out in the five-point set
( ���Y�	�@&7�	��,A�2�B0��2��3 ). We obtain:

T F� 
_\!� <
� �
� < T � �^T F$ 
�" <

� $
� < T � �^T F/ 
>. <

� /
� < T �

The projective coordinatesandscalefactorscanbe elimi-
natedby takingcrossratiosto obtaintwo 3D invariants(as
opposedto threein [15]):

` � 
 �
� " <
� < " � 


T � T F$
T F� T $ �

` $ 
 � � . <
� < . � 


T � T F/
T F� T /

For the imagecoordinates,we follow the sameapproach
of taking determinantsand their cross-ratios. Using the
‘points-left-out’ notation, let a �b$ denotethe determinantZ D , D 0 D � Z :
a �9$ 
cZ D , D 0 D � Z


cZIDE,VDS0?GK� � N � DP�Q #" � N $ DO&! #. � N / DS0 J H N � Z

]GK� � N � H N � J a $	�  >Gd" � N $ H N � J a �b� (6)

Letting a F �9$ denotethedeterminantZ DE,�DS04DE3?Z , wesimilarly
obtain:

a F �9$ 
[Z DE,4DS04DE3%Z

[ZXDE,VDS0?GK� < N � DP�- #" < N $ DO&- #( < N + DE,' #. < N / DS0 J H N < Z

cGK� < N � H N < J a $	�  >Gd" < N $ H N < J a �b� (7)

Obtaining expressionsfor the other determinantsa �9+ ,a F �9+ , a �e/ , a F �b/ , calculatingcrossratios GM� � " < J H GM� < " � J andGK� � . < J H GM� < . � J andequatingthemto
` �

and
` $

respectively
weobtain:

GdT � T $ T F/ J Gfa �e/ a +2� a F �9$ \ga �9+ a /2� a F �9$ J
 ]GdT F� T $ T / J Gfa �b+ a /6� a F �9$ \ga �9+ a $	� a F �b/ J
 ]GdT � T F$ T / J Gfa �b+ a $2� a F �b/ \ga �9$ a +	� a F �b/ J 
�h (8)

The a 1�i areknown quantities,computedfrom imagecoor-
dinatesandwe canrewrite theabove equationsin termsof
known coefficients, �?�2"I�	( as

�7T F� T $ T /  j"kT � T F$ T /  l(kT � T $ T F/ 
 h (9)

(9) expressesa view-invariantrelationshipbetweensolely
the3D coordinatesandtheir 2D imagepositionsfor thesix
pointsshown in figure1.

3.2 Recovering the Head Orientation

If we choosethefollowing labelingof points: right-hip(1),
left-hip(2), left-shoulder(4), right-shoulder(5)and allow
points3 and6 to beany two headfeaturesin (sayforehead
andchin), theonly unknownsin theequationarethecoor-
dinates��, and ��3 . Beingpositionsonthehead,whichis a
rigid bodythatrotatesabouttheupper-neck,in effect, there
areonly 3 scalarunknownscorrespondingto a rotationma-
trix m . If we useEulerangles,we canwrite:

��,n
omnGKp � �	p $ �9p + J ��,*q
��3n
omnGKp � �	p $ �9p + J ��3*q

where ��,�q and ��3*q areknown foreheadandchin coordi-
natescorrespondingto a reference‘neutral’ position. Ob-
servingthatthethird elementsof ��&A�	��0��	�@� arezero,

T � 
 U ��&r��,s��0����IW

 U ��&tGKm���,*q J ��0����XW

_u $	/6�wvIx, ��,�q

where u $9/6� is the signed area of points ��&A�	��0A�	�@� , a
known constantand

v x� is the � th row of m . Similarly,

T $ 
_u �b/2�kv x, ��,*q
T / 
]\yu �9$	�kv x, ��,*q
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Whenthe above aresubstitutedinto (9), thescalar
v x, ��,*q

cancelsoutandwe obtain

� F T F�  j" F T F$  j( F T F/ 
 h (10)

where � F 
_\!�*u �e/6� u �9$2� , " F 
_\-"�u $	/6� u �9$2� , ( F 
z(eu $	/6� u �b/6� .
We now write expressionsfor T F1 :

T F� 
 U ��&r��,s�B0���3IW

 U � & GMm�� ,�q J � 0 GKm�� 3*q J W (11)

ExpandingR in termsof the Euler angles p � �9p $ �	p + , and
substitutingit in the expressionsfor the determinantsT F1 ,
(10) becomesa 13 termtranscendentalequationin theEu-
ler angles. Given the point correspondencesof two more
headfeatures,saythenoseandeitherear, wewill havethree
equationsin thethreeunknownEulerangles.Theequations
dependon theneutralpositionof theheadreflectedin ��,*q
and ��3*q . Choosinganeutralpositionwheretheheadpoints
forwardwith no yaw or roll, the { coordinatesarezerofor
the forehead,noseandchin and two of the equationsbe-
comefour termequationsgiving:

� � � �  #� $ ( �  )� + � +  #� / ( + 
|h (12)

" � � �  L" $ ( �  #" + � +  L" / ( + 
|h (13)

. � � + ( $  L. $ � $ ( � � +  ). + � + ( �  ). / ( � ( +  
. � � $ ( �  #. < ( $ ( +  ).Y}*( � ( $  

.Y~*� $  #.Y��� � � $ ( +  ). �b� � � � $ � +  
. �2� � � ( +  #. �9$ � � ( $  #. �9+ � � � + 
|h (14)

where � 1 
��	���Qp 1 and ( 1 
��w���Ap 1 . Interestingly, (12) and
(13)areindependentof p $ andcanbesolvedrathertrivially
using � $ �  R( $ � 
�� and � $+  L( $+ 
�� . We obtaina quadratic
equationin � $ � :

��� � / �  ��$ � $ �  �%+ 
>h (15)

wherethe
� 1

canbe written in termsof � 1 and " 1 . Hence
thereareuptofour solutionsfor p � and p + . Whentheseare
substitutedinto (14),weobtainasimpleequationin p $ :

� � � $  � $ ( $  � + 
�h (16)

wherethe
� 1

canbewritten in termsof . 1 , p � and p + . With� $$  �( $$ 
�� , we obtaintwo solutionsfor p $ . Collectively,
we thenobtainuptoeightsolutionsfor theangles.

Theanglesolutionsrepresentheadorientationsthatpro-
ducethe image. At this stage,we could do somerather
basicanthropometricfiltering by observingthat the pitch
anglecannotbe so large that the chin penetratesthe torso.
Similarly, we couldalsoimposeconstraintson theroll and
yaw angles.Thevalid solutionscanthenbepresentedto the
userfrom whichonewill beselected.

3.3 Recovering the Epipolar Geometry

Recallthat C projectspointsfrom thebody-centeredcoor-
dinatesystemto theimageplane.Giventhecalculatedhead
orientation,wecanrecover C , whichhaselevenunknowns.
Fromtheeightpoint correspondencesat our disposal(four
headplusfour torso),wehaveanoverdeterminedsetof six-
teenequationsin theelementsof C whichwesolve for in a
leastsquaressenseusingsingularvaluedecomposition.

The matrix C containsall informationnecessaryto re-
trieve the cameracenter. C can be written in the formGK��ZI� J 
�GM��Z7\!�
� J where � is the cameracenter[5].
Giventhis, � canberecoveredas \!��� � � .
3.4 Recovering Body Joint Coordinates

Considerany unknown world point ��
 U ����� �kW�� with
known imagepoint D . InvertingtherelationshipD)
�C�� ,
we obtaina setof solutionsfor � parametrizedby theun-
known

�
. Thisis simplytheepipolarline of theimagepoint

in thebody-centeredcoordinatesystem.� 
��r L" � (17)� 
�(^ ). � (18)

where�?�2"X�2(I�	. caneasilybecalculatedin termsof elements
of C and D . Let � representtheright elbow which is con-
nectedto the right shoulderwith known world coordinates� � 
 U � � � � � � �wW�� . We alsoknow theupperarmlength,�^�I 

. We thenhave thefollowing constraint:

G � \ � ��J $  >G � \ � �XJ $  �G � \ � �*J $ 
 � $�I 


GM�r L" � \ � ��J $  >GM(¡ ). � \ � �*J $  �G � \ � ��J $ (19)

which is a quadraticin
�

, representingthe two pointsof
intersectionof theepipolarline with thesphereof possible
right elbow positions. Thesetwo solutionsfor the elbow
representtheunavoidableforward/backwardflipping ambi-
guity inherentin theproblem.Oncethecorrectright elbow
positionis found, the right handcanbe found in the same
manner. Similarly, we canobtainthe3D coordinatesof all
the otherjoints of the body. The interactivity in this solu-
tion processcan be eliminatedby having having the user
pre-specifytherelativedepthsof thejoints. In otherwords,
beforethe solutionprocessstarts,eachjoint is assigneda
booleanvariablethat specifieswhetherthat joint is closer
to thecamerathanits parent.Giventhattheuseris specify-
ing thepointcorrespondencesof bodylandmarks,this input
imposestrivial additionalburden.This ideais alsousedin
[13]. Sincewe have alreadycalculatedthe cameracenter,
weareableto calculatethesedistancesreadily.

3.5 Dealing with Unsolvable Cases

Computationof the head-orientationas well as the limb
3D locationsinvolvesthe solution of quadraticequations.
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In our experimentson real imagesandnoisysyntheticim-
ages,in several cases,therewere no solutionsto one or
morequadratic. For the head-orientationcase,we recov-
ered� � �2( � �6� + �	( + assolutionsto aconstrainedoptimization
problemwith the objective function asthe sumof squares
of 12 and13alongwith thetrigonometricidentitiesascon-
straints. Use of Lagrangemultipliers resultedin a non-
trivial systemof polynomialequationsin � � �	( � �2� + �	( + . We
tried two different approaches:(1) computinga Grobner
basisof thepolynomialssothatthey arereducedto triangu-
lar form and(2), searchingfor local optima.Grobnerbasis
computationswereratherheavy andsloweddown thealgo-
rithm, althoughtherecovery of all local minimawasguar-
anteed.Searchingfor local optima(in the p � �9p + spacewas
foundto bemuchfaster(thesearchspace

U \Q¢ H 5A�9¢ H 5XW was
quantizedinto � � bins) andproduceda goodapproximate
solutionmostof thetime. For thelimb position(19)with no
solutions,we computeda scale£ suchthatthescaledlimb-
length( £ �¤�I  in this case)madethe discriminantpositive.
Thiseffectivelyaccountedfor variationsin theassumedand
actuallimb lengths.

4 Results

Weevaluatedtheapproachonsyntheticandrealimages,the
resultsof which wepresentbelow.

4.1 Synthetic Images

In thesyntheticcase,giventhattheerroris zerofor aperfect
modelandperfectimagecorrespondences,we focussedon
empiricalerroranalysis.Therearetwo sourcesof error: (1)
differencesbetweentheassumedmodelandimagedsubject
and(2) inaccuraciesin theimagecorrespondences.For five
differentviewpoints,and500 randomunknown posesper
noise-level, we calculatedtheaverageerrorin full-body re-
construction(sumof squaresof thedifferencebetweenreal
and recovered3D coordinatesscaledby the head-to-foot
distance)for Gaussiannoiseof zeromeanandunit standard
deviationandincreasingnoiseintensities.Theinteractivity
of thealgorithmwaseliminatedby theevaluationprogram
automaticallychoosingthehead-orientationwith minumum
error amongthe solutions. Thereare threecases:noisy-
model, noisy-image,and noisy-modelwith noisy-image.
For imagenoise,we perturbedthe imagecoordinateswith
thenoise,scaledby theimagedimensionswhichweretaken
to be thoseof the boundingbox of the imagedbody. For
model-noise,thescalewasthehead-to-footdistance.Figure
2 shows the dependency. An importantobservation is that
the reconstructionis moresensitive to errorsin the model
thanin the imagepoint correspondences.Interestingly, the
curve for noisy-modelwith noisy-imageerroris almostthe
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Figure2: Errordependency onnoise

sameasthenoisy-modelcurve. We believe that this is be-
causethe modelerror swampsout imageerrorswhich are
much smaller, especiallyat higher noise levels. Further,
sincethe model and imageerrorsare independent,errors
cancelout in somecases.Neverthelessit canbe seenthat
smallerrorsin themodelandimageonly producesmaller-
rorsin thefinal reconstruction.

4.2 Real Images

We evaluatedthe qualitative performanceof the approach
on real imagesby using3D graphicsto renderthe recon-
structedbody poseandepipolargeometry. We useda 3D
model derived photogrammetricallyfrom front and side
views of onesubjectandusedthe same3D model for all
images.Thereweretwo importantproblemswith real im-
ages:

One problem is that clothing obscuresthe location of
the shouldersand hips, the accuracy of which affects the
headorientationcomputation.We addressedthis problem
with two strategies. First, given that the shoulders,hips
andupper-neckform aplanarhomographywecomputeand
useit: thoughwe do not usethe upper-neckas a feature
point in (12), (13) and(14),we requiretheuserto locateit.
Thehomographyisuniquelyspecifiedby fourplanarpoints.
We usethefive torsopointsto calculatethetorso-plane-to-
imagehomographyin a least-squaressense,transformthe
torso-planeto theimageusingthehomographyandusethe
transformedpoints as input rather than the user-specified
points. Second,ratherthanrequiringtheuserto locatethe
true right andleft hip (aboutwhich the upperlegs rotate),
we just requiretheir surfacelocations(i.e. ‘end-points’),
whichareeasierto locate.Themodelstoresthetruecenters
of rotationof thelegsaswell asthesurfacelocations.

Another problemis due to the fact that we model the
neckjuction asa ball andsocket joint. In reality, theskull
restson top of the cervicalportion of the spinalcord and
thecervicalvertebraearefreeto rotate(althoughby asmall
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Figure3: PersonSitting,Front-view

Figure4: Baseball

amountandwith asmallradius).To compensatefor this,we
take the skull centerof rotationto bemidway betweenthe
neck-baseandupper-neck.This produceda significantim-
provementin thehead-orientationrecovery for caseswhere
subjectslungedtheir headforwardor backwardin addition
to rotatingit.

For someimageswherethesetwo effectsweresignifi-
cant,we hadto guessthe true imagecoordinatesthreeor
four times beforethe algorithm returnedrealistic looking
results.Figure3 shows a subjectsitting down andimaged
from thefront. Also shown in theimageareuser-inputloca-
tionsof variousbodylandmarks.Besidetheimagearetwo
renderedviews of the reconstructedbody poseandepipo-
lar linesof thebodylandmarksfrom novel viewpoints.The
meetingof epipolarlinesdepictsthecameraposition. Fig-
ure4 showsabaseballpitcherandthereconstruction.Inter-
estinglyin this case,the camerais behindthe torsoof the
subjectandthis factis recoveredby thereconstruction.Fig-
ure5 showsasubjectsittingdown with thehandpointedto-
wardsthecamera,inducingstrongperspective while figure
6 shows subjectskiing. Thenovel views of thereconstruc-
tionsshow thatthebodyposeis capturedquitewell.

5 Conclusions

Wepresentedamethodto calculatethe3D positionsof var-
ious body landmarksin a body-centriccoordinatesystem,

given an uncalibratedperspective imageand point corre-
spondencesin theimageof thebodylandmarks- animpor-
tant sub-problemof monocularmodel-basedhumanbody
trackingandopticalmotioncapture.Our small-torso-twist
assumptiongivesusenoughgroundtruthpointsonthetorso
andallowsusto useideasfrom 3D modelbasedinvariance
theory to setup a simplepolynomialsystemof equations
to first recover theheadorientationandwith it, theepipolar
geometryandall of the limb positions.While theoretically
correctgiventheassumptions,themethodencounteredspe-
cific problemswhenappliedto real images,which we ad-
dressedby wayof strategiesto reduceerrorin inputaswell
asthemodel.We demonstratedeffectivenessof themethod
on real imageswith strongperspective effectsandempiri-
cally characterizedtheinfluenceof errorsin themodeland
image point correspondenceson the final reconstruction.
Giventhatmodelaccuracy hassignificantimpacton there-
construction,weareevaluatinga probabilisticapproachfor
reconstructionusinganthropometricstatistics.In future,we
planto exploit theanalysisby synthesisapproachto render
thereconstructedheadonto theimageplaneanditeratively
refinethereconstructionusingcolorandedgecues.
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Figure5: PersonSitting,Side-view

Figure6: PersonSkiing
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