
Chapter 6Estimating the 3D ShoulderPosition using Mono
ular Visionand a Detailed Shoulder ModelSynopsisThe aspe
ts of the lo
al s
rew axis model developed in 
hapter 4 that deals withthe shoulder is tested in this 
hapter. The test is in the 
ontext of estimatingthe 3D position of the human shoulder given a sequen
e of 2D hand positions.The 
hapter 
onsists of a 
onferen
e paper [A℄. Note that in this 
hapter matri
esare represented by upper
ase boldfa
ed letters/symbols and ve
tors by lower
aseboldfa
ed letters/symbols.
Synopsis Referen
esA. T.B. Moeslund, M. Vittrup, K.S. Pedersen, M.K. Laursen, M.K.D. S�rensen,H. Uhrenfeldt, and E. Granum. Estimating the 3D Shoulder Position usingMono
ular Vision. In International Conferen
e on Imaging S
ien
e, Systems,and Te
hnology, Las Vegas, Nevada, June 24-27 2002
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175Estimating the 3D Shoulder Position using Mono
ularVision and a Detailed Shoulder ModelT.B. Moeslund, M. Vittrup, K.S. Pedersen, M.K. Laursen,M.K.D. S�rensen, H. Uhrenfeldt, and E. GranumAbstra
tEstimating the pose parameters of a human body using mono
-ular 
omputer vision is an interesting but also diÆ
ult problem.Introdu
ing assumptions is therefore often ne
essary to make a 
er-tain method work. In this paper we aim at eliminating one of theprimary assumptions, namely that of knowing the initial pose pa-rameters. Con
retely we present a system to estimate the initialpose of an important anatomi
 feature - the shoulder. We obtainthe 3D position of the shoulder by analysing the proje
tion of two
ir
les des
ribed by the hand when moving the outstret
hed arm in
ir
le ar
s. The two proje
ted 
ir
les yield two distorted ellipses inthe image plane. We 
orre
t these ellipses a

ording to a detailedanatomi
 model of the shoulder. This yields two ellipses in the im-age plane from where the 3D shoulder position is estimated. Themethod yields a mean estimation error of 79:7mm and a deviationof 51:3mm with a distan
e of 4m between the 
amera and the user.



176 Estimating the 3D Shoulder Position6.1 Introdu
tionA great number of 
omputer vision resear
h papers have addressed the problemof estimating the pose parameters of the human body utilising mono
ular vision,see [14℄ for a survey. It appears to be a very hard problem to solve. One of thereasons is the high dimensionality of the solution spa
e when mat
hing the imagedata to a geometri
 model of the human body or parts of it. The issue of thehigh dimensionality is usually addressed by using predi
tion followed by a lo
aloptimisation pro
ess. Hen
e the pose parameters are found as in
remental updateswith respe
t to the pose data in the previous image as opposed to absolute poseestimation in ea
h frame. This type of approa
h has two major drawba
ks. Firstly,the initial pose parameters need to be known in advan
e. Se
ondly, the approa
hmust never fail to estimate the pose parameters in more than a few 
onse
utiveframes, sin
e this will result in a wrong predi
tion even if good motion modelsand predi
tors, e.g. Kalman Filters or Condensation algorithms, are applied. Bothdrawba
ks are often avoided by assuming the initial pose parameters are known[4, 18, 20℄ and/or that 
ontinuous tra
king is always possible [2, 7, 19℄.In this paper we aim at estimating the initial pose parameters of the shoulder usingmono
ular vision, hen
e the 3D position of the shoulder. This position is of generalinterest in HCI appli
ations where the whereabouts of the arms are one of theprimary 
on
erns, and espe
ially in gesture re
ognition where a well-known referen
e
oordinate system (the shoulder) is often required [13℄.6.1.1 The Approa
hThe user is asked to move his outstret
hed arm in a 
ir
ular ar
 in spa
e. Themovement of the hand is 
aptured by a 
amera and des
ribes an ellipse, or rathera part of an ellipse, in an image sequen
e. The key idea is now to reverse thispro
ess, hen
e estimating a 
ir
le in 3D, or rather its 
entre, given an ellipse inthe image. For this to be appli
able several assumptions are introdu
ed. Firstly,the length of the outstret
hed arm is assumed known. Se
ondly, the 
amera needsto be 
alibrated, and thirdly, the user needs to des
ribe two di�erent 
ir
le ar
s.Furthermore our approa
h also assumes a �xed torso position during the 
ir
ularmovements. However, the position of the shoulder itself is not assumed �xed as we
orre
t our measurements a

ording to a detailed anatomi
 model of the shoulder.In this paper the design, implementation, and test of the above des
ribed approa
his presented. The paper is stru
tured as follows. In se
tion 6.2 the segmentationof the hand is des
ribed. In se
tion 6.3 the ellipse estimation is des
ribed togetherwith the 
orre
tion of the measurements. Se
tion 6.4 deals with estimating the 3D
entre based on the ellipses. In se
tion 6.5 the system is tested, and �nally se
tion6.6 dis
usses the approa
h and the obtained results.
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A B C DFigure 6.1: A: A 
olour input image shown in B/W. B: The input image afterapplying the 
olour-based 
lassi�er. C: The 
olour segmented image after motiondete
tion and erosion. D: Input image overlayed by the measurements, the estimatedellipse, and the estimated shoulder position.6.2 Estimating the Positions of the HandAs the user moves his outstret
hed arm in a 
ir
le in spa
e, the positions of thehand in an image sequen
e des
ribe the ellipse.We �nd the hand using 
olour information and represent it by its 
entroid. Handpixels are manually segmented in a training phase and a 
lassi�er is built. The
lassi�er is based on a look-up-table (LUT) whi
h 
ontains information on whi
h
olours belong to the hand and whi
h do not. This relatively simple 
lassi�er hasproven to be more a

urate than both a standard box 
lassi�er and a Bayes 
lassi�er.In order to suppress the in
uen
e of the intensity, di�erent 
olour representationswere tested. The best 
lassi�er was found to be based on the YCbCr-representation[8℄. An example using this 
lassi�er 
an be seen in �gure 6.1.B.The 
lassi�ed pixels are pro
essed further by a motion dete
tor, implemented byimage-subtra
tion, hen
e only the motionless skin pixels are kept. After an erosion,the largest 
onne
ted obje
t is the hand, see �gure 6.1.C, and represented by its
entre of mass. In �gure 6.1.D the 
entre of mass for the hand in a sequen
e issuperimposed as 
rosses.6.3 Estimating the EllipseWhen image data is used to infer information regarding the 3D world, the 
ameraneeds to be 
alibrated. We use Jean-Yves Bouguet's Matlab implementation [1℄ ofHeikkil�a and Silven's method [10℄. It de�nes a world 
oordinate system, [xw yw zw℄T ,with origin in the fo
al point of a normalised pinhole model. This means that a pixel[xp yp℄T is mapped to a line in spa
e as [xp yp℄T ! [xw=zw yw=zw zw℄T . At zw=1mma virtual plane is de�ned having the 
oordinate system xyz. In the xy plane the



178 Estimating the 3D Shoulder Positionpixel representations of the hand-positions form an ellipse - as opposed to a distortedellipse in the image plane.To solve the problem of �tting an ellipse to a set of data points we apply thedire
t �tting approa
h of [6℄ using the improvements suggested in [9℄ to avoid (
loseto) singularity matri
es. This provide us with a fast and more numeri
ally stablesolution. The estimated ellipse has the following form on the virtual planeAx2 +Bxy + Cy2 +Dx+ Ey + F = 0 (6.1)6.3.1 Corre
ting the MeasurementsThe approa
h des
ribed above is based on the assumption that the arm is 
onne
tedto the shoulder in a ball-and-so
ket joint, and that the shoulder is �xed with respe
tto the torso. These assumptions are applied in virtually every single 
omputervision system utilising a geometri
 model of a human arm. Besides simpli
ity, theassumptions are introdu
ed sin
e the 
oarse motion of the arm is well des
ribed inthis manner. However, when also �ne motion is modelled, and in parti
ular if onedesires to estimate the position of the shoulder, the assumptions are false. Sin
ewe need rather pre
ise measurements of the ellipse des
ribed by the hand we needto introdu
e a more detailed model of the shoulder joint. The idea is to �nd thetrue position of the shoulder joint given the position of the hand and then 
orre
tthe position of the hand a

ordingly. To do so we �rst investigate the anatomy andfun
tionality of the shoulder 
omplex.The shoulder 
omplex 
onsists of the two bones; the 
lavi
le and the s
apula, and thethree joints; the sterno-
lavi
ular (SC), the a
romio-
lavi
ular (AC), and the gleno-humeral (GH), see �gure 6.2.A. Furthermore, the s
apula is 
onne
ted dire
tly tothe thorax via mus
les. All three joints fun
tions as ball-and-so
ket joints ea
h withthree degrees-of-freedom (DoF). Together with the DoF provided in the s
apular-thorax 
onne
tion a total of 11 DoF exist [11℄.However, sin
e the shoulder 
omplex is a 
losed kinemati
 
hain these 11 DoF are notindependent and in fa
t the relative pose of the glenoid (the "so
ket" part of the GH-joint) is well des
ribed by only four independent parameters [21℄. We model these asrotations around the z- and y-axes, and verti
al and horizontal displa
ements alongthe y- and x-axes, see �gure 6.1.A for a de�nition of the axes. The rotations 
anbe governed by the GH-joint by in
reasing its range a

ordingly whereas the twodispla
ements 
an be modelled by two prismati
 joints, ea
h having one DoF.When the upper arm moves the 
lavi
le and s
apula follows. In the work by Dvirand Berme [5℄ the displa
ements of the AC-joint as a fun
tion of the angle betweenthe torso and upper arm, �, is presented, see the dashed lines in �gure 6.2.B and6.2.C. To understand how the rotation in the AC-joint adds to the displa
ementswe study the "shoulder rhythm" [21℄ whi
h des
ribes how the s
apula rotates as a
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A B CFigure 6.2: A: The di�erent bones and joints in the shoulder 
omplex. Figure after[3℄. B+C: The verti
al and horizontal displa
ements, respe
tively, as a fun
tion of�. The dashed graphs are the displa
ements of the AC-joint due to the rotation inthe SC-joint. The 
ir
les are the a
tual measurements from [5℄ while the graphs areobtained by spline interpolations. The dotted graphs are the additional displa
e-ments of the GH-joint due to rotation in the AC-joint. The solid graphs are thetotal displa
ements of the GH-joint with respe
t to the SC-joint normalised to zeroat � = 90Æ.fun
tion of �. It is usually divided into four phases wherein the relation between thes
apula rotation and � is similar. Studying these four phases allow us to 
al
ulatethe displa
ements as a fun
tion of �. These are shown in �gure 6.2.B and 6.2.C asthe dotted lines. The solid lines in the �gures are the sum of the dotted- and dashedlines, hen
e the displa
ements of the GH-joint when both the rotation of the 
lavi
leand s
apula are taken into a

ount. See [12℄ for further information.Sin
e the graphs in �gure 6.2 are given in mm we need to map them into pixels.This 
an be done by knowing the approximate distan
e from the 
alibrated 
amerato the user or by measuring a known distan
e in pixels, e.g. the distan
e betweenthe hand and the head when the arm is approximately lo
ated along the x-axis.So, given a position of the hand and a mapping into pixels we 
an estimate � andvia the solid graphs in �gure 6.2 �nd the displa
ements of the shoulder. These twovalues are then applied to 
orre
t the measured 
entre of the hand. After this is donefor ea
h measurement we obtain the true ellipse. In �gure 6.1.D the measurementsare shown together with the ellipse estimated from the 
orre
ted measurements.6.4 Estimating the 3D Shoulder PositionThe 
ir
le drawn by the hand in 3D, proje
ts an ellipse on the virtual plane. Theellipse together with a �xed point, denoted the vertex and de�ned as [� � 
℄T =[0 0 -1℄T , form a general 
one embodying the 
ir
le. The problem of �nding the poseof the 
ir
le is equivalent to �rst �nding a plane that interse
ts the general 
one to



180 Estimating the 3D Shoulder Positionform a 
ir
ular graph, and then �nding the 
entre of this graph. The general 
oneis des
ribed as [17℄ax2 + by2 + 
z2 + 2fyz + 2gzx+ 2hxy + 2ux+ 2vy + 2wz + d = 0 (6.2)where a = 
2A b = 
2C d = 
2F f = �
E=2 g = �
D=2
 = F h = 
2B=2 u = 
2D=2 v = 
2E=2 w = �
FIn equation 6.2, the se
ond degree terms de�ne the shape of the 
one, the termsinvolving mixed produ
ts (e.g. 2fyz) are related to any rotation it may have andthe �rst degree terms de�ne the translation of the 
one vertex. Due to the relatively
omplex nature of the general 
one a number of 
oordinate transformations areperformed to simplify matters.The �rst 
oordinate transformation maps the general 
one into the right ellipti

one of the form �1X2 + �2Y 2 + �3Z2 = 0 (6.3)by �rst performing a rotation, [x y z 1℄T = R1 � [x0 y0 z0 1℄T , and then a translation,[x0 y0 z0 1℄T = T � [X Y Z 1℄T .The rotation matrix deals with the �rst six terms of equation 6.2 and is de�nedas R1 = [i j k �℄T , where i = [i1 i2 i3 0℄T , j = [j1 j2 j3 0℄T , k = [k1 k2 k3 0℄T ,and � = [0 0 0 1℄T . To estimate R1 we write the �rst six terms in equation 6.2as qTPq where q = [x y z℄T , P = [p1 p2 p3℄, p1 = [a h g℄T , p2 = [h b f ℄T , andp3 = [g f 
℄T . We 
an now �nd the 
olumn ve
tors of R1 as the eigenve
tors of P,and the 
oeÆ
ients in equation 6.3 as the 
orresponding eigenvalues [16℄.Applying R1 to equation 6.2 yields�1x02 + �2y02 + �3z02 + 2(ui1 + vj1 + wk1)x0 + 2(ui2 + vj2 + wk2)y0+2(ui3 + vj3 + wk3)z0 + d = 0 (6.4)where the 
one has its prin
ipal axis parallel to the z'-axis.Next the 
one is translated su
h that its vertex lies in the origin a

ording to theXY Z 
oordinate system thus �nishing the redu
tion of equation 6.2 to equation 6.3.This translation, T, 
an be found by 
omparing equations 6.3 and 6.4 [17℄.Sin
e equation 6.3 is a right ellipti
 
one, two of the three �i values will be positiveand one negative. We assign positive values to �1 and �2 yielding a right ellipti

one having the Z axis as its prin
ipal axis.



6.4 Estimating the 3D Shoulder Position 1816.4.1 Estimating the Interse
tion PlaneThe next step is to �nd a plane su
h that, when interse
ting with the right ellipti
al
one, a 
ir
ular se
tion appears.In parti
ular, the aim is to �nd the 
oeÆ
ients of the interse
tion plane, equation6.5, interse
ting the 
one to generate the equation of a 
ir
le.lX +mY + nZ = p (6.5)where [l m n℄T has length equal to 1.Using yet another rotation matrix the new Z axis, Z 0, be
omes normal to theplane de�ned in equation 6.5. Thus the plane in the new 
oordinate system willbe represented by the equation Z 0=p. The rotation is de�ned as [X Y Z 1℄T =R2 � [X 0 Y 0 Z 0 1℄T where R2 = [a b 
 �℄, a = [a1 a2 a3 0℄T , b = [b1 b2 b3 0℄T ,
 = [
1 
2 
3 0℄T , and � = [0 0 0 1℄T . 
 = [l m n 0℄T and a and b 
an be de�nedbased on 
 and the orthogonality 
onstraint.Finding the 
oeÆ
ients of equation 6.5 is done via a method similar to the oneused to �nd the 
entre of the 
ir
le, whi
h is des
ribed next. The des
ription istherefore left out here and the reader is referred to 6.4.2 and [17℄ for details. Itshould, however, be stated that the method results in two plausible solutions, i.e.R2a and R2b.6.4.2 Estimating the Cir
le CentreHaving found a plane whi
h gives a 
ir
le when interse
ting with the 
one, �ndingthe position of the 
ir
le 
entre remains. Moving the plane along the Z 0 axis resultsin di�erent sizes of 
ir
les, as the 
one obviously expands as the distan
e to thevertex grows. Knowing the radius of the 
ir
le, R, provides information to 
al
ulatewhere on the Z 0 axis the interse
tion plane should be lo
ated.Applying R2 to equation 6.3 yields in general a quadrati
 equation of the sameform as equation 6.1. We know that the a
tual shape is a 
ir
le, hen
e A = C andB = 0. The (
ir
le) equation obtained by applying R2 to equation 6.3 
an thereforebe expressed as [17℄(X 0 + pD0A0 )2 + (Y 0 + pE 0A0 )2 = p2D02A02 + p2E 02A02 � p2F 0A0 (6.6)where
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A0 = �1a21 + �2a22 + �3a23D0 = �1a1
1 + �2a2
2 + �3a3
3E 0 = �1b1
1 + �2b2
2 + �3b3
3F 0 = �1
21 + �2
22 + �3
23The 
oordinates of the 
entre, [X 00 Y 00 Z 00℄T , are found from equation 6.6 togetherwith the fa
t that the radius of the 
ir
le is given as R and that Z 0 = p, hen
eX 00 = �Z 00D0A0 Y 00 = � Z 00E 0A0 Z 00 = � A0RpD02 + E 02 � A0F 0As 
an be seen Z 00 has two possible values of whi
h only one is valid. As the 
ir
leis performed in front of the 
amera, Z 00 is 
hosen su
h that when mapped ba
k tothe xyz 
oordinate system by [x y z℄T = R1TR2 � [X 00 Y 00 Z 00℄T , z will be positive,i.e. in front of the 
amera. The above must be done for ea
h of the two solutionsfound in se
tion 6.4.1.6.4.3 Finding the Corre
t SolutionTo determine whi
h solution is 
orre
t the user is asked to perform two di�erent
ir
les where the se
ond must be 
loser to the 
amera than the �rst. This yieldsfour possible s
enarios where one is shown in �gure 6.3.

C2b

C1b
C1a

C2a

of rotation
Direction 

Figure 6.3: The four plausible 
ir
les seen from above. The boldfa
ed lines are the
orre
t 
ir
les.The �gure illustrates the four 
ir
les produ
ed by the method seen from above. Forsimpli
ity the 
ir
les are only panned with respe
t to ea
h other, hen
e they 
anbe represented by lines. The boldfa
ed lines indi
ate the 
orre
t 
ir
les, where C1ais the �rst 
ir
le performed and C2a is the se
ond. Sin
e we know the rotationdire
tion between the two 
ir
les we 
an 
on
lude that C2a 
ontains the 
orre
t
entre sin
e C2b is unrea
hable by rotating C1a or C1b in the illustrated dire
tion.



6.5 Tests and Results 183Representing the s
enario in �gure 6.3, with respe
t to the rotation dire
tion, as� = fC2b; C1b; C1a; C2ag the following rule 
an be de�ned
orre
t 
ir
le = 8>>><>>>:C2a if � = fC2b; C1b; C1a; C2ag or� = fC2b; C1a; C1b; C2ag;C1a if � = fC1a; C2a; C2b; C1bg or� = fC1a; C2b; C2a; C1bg:After the 
orre
t 
entre has been found in xyz 
oordinates, it is mapped to world
oordinates xwywzw by translating the z 
oordinate 1mm, see se
tion 6.3.6.5 Tests and Results6.5.1 Testing the Ellipse Fitting AlgorithmSyntheti
 ellipses are used to evaluate the ellipse �tting method des
ribed in se
tion6.3. It was observed that the method tends to estimate too large ellipses when fewsamples are used. In the general 
ase when suÆ
ient samples are applied the methodhas a low e

entri
ity bias [6℄. Combining this with only applying samples from theleft half of the ellipse results in smaller and smaller ellipses (to a 
ertain degree) asthe number of samples in
rease. Sin
e the samples des
ribe the entire range of theellipse in the y-dire
tion, see �gure 6.1, the resulting ellipses, besides getting smallerand smaller, have their 
entres shifted to the left.6.5.2 Testing the 3D Shoulder PositionThe 3D pose estimation method des
ribed in se
tion 6.4 is tested in the followingmanner. A syntheti
 
ir
le is proje
ted onto the virtual plane yielding an ellipse.A number of points, �, from the left ar
 of the ellipse are sampled and infe
tedwith noise by �rst randomly sele
ting a dire
tion in the interval [0; 2�℄ using auniform distribution, and se
ondly �nding the magnitude by sampling a Gaussiandistribution whi
h parameters are found by mapping the mean and deviation errorsof the 
entroid (found during training to: mean = 2:4 and deviation = 1:97 pixels)onto the virtual plane. These points are passed to the estimation algorithm whi
hprodu
es two shoulder 
andidates. The same is 
arried out for a di�erent syntheti

ir
le and a single shoulder 
andidate 
an be estimated, see se
tion 6.4.3.The parameters of the syntheti
 
ir
les are 
hosen randomly within a range similarto that of the appli
ation. For ea
h value of � within the interval [6; 25℄ 1000estimates of the shoulder position are found. The error is de�ned as the groundtruth subtra
ted from the estimated position. In �gure 6.4 the statisti
s of this testare shown.
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D E FFigure 6.4: A-C: The mean errors of the estimated x, y, and z 
oordinates, respe
-tively. D-F: The deviation of the estimated x, y, and z 
oordinates, respe
tively.In �gure 6.4.D-F it 
an be seen that the deviation of the errors de
reases as thenumber of samples in
rease. After the 25 samples the deviation is below 20mm forall parameters. Figure 6.4.A is a result of the in
orre
t estimate of the 
entre of theellipse des
ribed above. As more samples are used the 
entre is drawn to the left.Figure 6.4.C 
an also be explained by the in
orre
tness of the ellipse �tting. Firstthe size of the estimated ellipse is too large resulting in a shoulder estimate too 
loseto the 
amera. As more samples are used the size of the ellipse is under-estimatedresulting in a shoulder estimate too far away from the 
amera.Testing the 3D Position using a CardboardThe next test is 
ondu
ted on 
ir
le data drawn on a 
ardboard. The 
ir
le hasa radius similar to the length of a human arm and is pla
ed 4m from the 
amera.The 
ardboard is mounted on a large 
amera tripod whi
h 
an be rotated in 3D. A
alibration pattern, see �gure 6.1.A, is pla
ed on the 
ardboard having its upper left
orner in the 
entre of the 
ir
le. Using the toolbox [1℄ the 
entre of the 
ir
le 
anbe estimated. 35 di�erent poses of the 
ir
le are generated. A number of samplesare hand-segmented from the image and infe
ted with noise as des
ribed in se
tion6.5.2, and pro
essed by the system. The magnitude of the error ve
tor between theestimated 
entre and the one found from the toolbox are re
orded and the statisti
sare 
al
ulated to a mean error magnitude of 42:2mm and a deviation of 18:9mm.



6.6 Dis
ussion and Con
lusion 1856.5.3 Testing on Real DataThe �nal test is 
ondu
ted on real persons performing 
ir
le-movements as shown in�gure 6.1. The ground truth is de�ned as the 
entre of the arm where it is atta
hedto the torso, when the arm is held in a horizontal position and parallel to the
amera. The ground truth x- and y-
oordinates are found using the toolbox. Thez-
oordinates are found by measuring the perpendi
ular distan
e from the shoulderto the ba
k wall. Images of a user performing the two 
ir
le-movements are 
apturedand pro
essed. The magnitude of the error ve
tor is re
orded for a number of testpersons in di�erent poses and the statisti
s are a mean error magnitude of 79:7mmand a deviation of 51:3mm.6.6 Dis
ussion and Con
lusionAt �rst glan
e �gure 6.4 might indi
ate an unstable system sin
e on one hand �g-ures 6.4.D-F suggest using as many samples as possible to obtain a small deviationwhereas �gures 6.4.A-C suggest using di�erent number of samples for the estima-tion of the di�erent parameters. However, sin
e the graphs as su
h are stable, i.e.invariant to di�erent test data, the following is done. We apply as many samples aspossible to obtain a stable result and then 
orre
t this result a

ording to a LUTdesigned from �gure 6.4.A-C. For example, if we have 20 samples1 we �rst use themto estimate [x y z℄T and thereafter 
orre
ting the �nal shoulder position using theLUT, hen
e [x+46 y+0 z-18℄T . Altogether we obtain 
lose to zero mean estimateswith a deviation depending on the number of samples, see �gure 6.4.D-F2.An even more stable solution may be obtained if the LUT is repla
ed with an iter-ative method to estimate the ellipse, perhaps with the result of the 
urrent methodas an initial guess. Perhaps the method 
ould also utilise information regarding theposition of the head sin
e this is relatively �xed with respe
t to the shoulder.Tests on the 
ardboard yield an in
rease in the error rate 
ompared to the idealdata. This is primarily due to the non-ideal data, but also due to the insuÆ
ientpinhole model. In the �nal test on users the error rate is in
reased further due toin
orre
t ground truth and violations of the assumptions. The violations o

ur ifthe arm is not held 
ompletely outstret
hed during the movement or if the persontranslate the torso during the movement.Nearly all the error tests yield a relatively symmetri
 distribution having a signif-i
ant peak around the mean and then a few relatively large errors. Many of therelatively large errors 
an be avoided by only a

epting a shoulder position if its two1The number of present samples depends on the speed of the movement of the arm, the imagepro
essing time, and the framerate of the system.2The LUT was applied to obtain the results whi
h were presented in se
tion 6.5.2 and se
tion6.5.3.
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omponents (the solutions from the two 
ir
les) are similar. In pra
ti
e the system
ould keep asking the user to perform 
ir
les until two with 
lose 
entres are found.Altogether it is 
on
luded that the system is 
apable of estimating the 3D positionof the shoulder using just one 
amera. This is done with a relative good a

ura
y,
ompared to the distan
e of 4m between the 
amera and the user. The detailedshoulder model applied to 
orre
t the measurements is perhaps the single-most im-portant fa
tor for the su

ess of our system. This novel modelling s
heme 
anhopefully provide other 
omputer vision systems with a more detailed model of thehuman arm/shoulder without in
reasing the number of independent parameters.Referen
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