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Abstract

This paper proposes a system for model based human motioniesttion. We start with

a human model generation system, which uses a set of input iges to automatically
generate a free-form surface model of a human upper torso. ¥dsequently determine
joint locations automatically and generate a texture for tle surface mesh. Following
this, we present morphing and joint transformation techniges to gain more realistic
human upper torso models. An advanced model such as this isedsin a system for
silhouette based human motion estimation. The presented mon estimation system
contains silhouette extraction based on level set functish a correspondence module,
which relates image data to model data and a pose estimationoiule. This system is
used for a variety of experiments: Di erent camera setups @iween one to four cameras)
are used for the experiments and we estimate the pose con gtions of a human upper
torso model with 21 degrees of freedom at two frames per sedonWe also discuss
degenerated cases for silhouette based human motion estilma Next, a comparison
of the motion estimation system with a commercial marker basl tracking system is
performed to gain a quantitative error analysis. The resu#t show the applicability of
the system for marker-less human movement analysis. Finallve present experimental
results on tracking leg models and show the robustness of oalgorithms even for
corrupted image data.



1 Introduction

Human motion estimation from image sequences refers to thetdrmination of rigid
body motion [34] and joint angles of a 3D human model from 2D iage data. Di erent
applications of human motion capturing exist, e.g., in the i@a of surveillance. Another
common application aims to analyze the captured data for sgsbquent motion analysis
purposes, e.g., clinical studies, diagnostics of orthophe patients or to help athletes to
understand and improve their performances. The motivatioffior the present paper is
the sport movement analysis: We will introduce a marker-leshuman motion tracking
system for motion analysis. We will show that our algorithmsre suited for this task,
they are reasonably fast and fairly accurate. To demonstratthis, we present various
experiments and perform a system comparison between the geated human motion
capture system with a marker-based motion analysis [33] $g81.

For human motion analysis, a variety of approaches exist irhe literature, with respect
to di erent ways of representation for human models, di erat image processing tech-
niques and solution methods. The global interest in this tap is shown at workshops,
conferences and special journal issues in the past and then&iture just dealing with
this topic [22].

Surveys on existing methods can be found in [31, 4, 16]. Thas#ng works can be cate-
gorised into such areas as model types (cylinders, stick ggs, patches, super quadrics,
scaled prismatics, CAD-models etc.), abstraction levelsedges, silhouettes, texture,
etc.), or object parts (varying from 2 to 17).

For simplicity, sports scientists often prefer commerciaharker based tracking systems,
e.g. provided by Motion Analysis [33], Vicon [52] or Simi [49 Using markers comes
along with intrinsic problems, e.g. incorrect tracking of markers, tracking failures, the
need for special lab environments and lighting conditionsnd the fact, that people do
not feel comfortable with markers attached to the body. Thi®ften leads to unnatural
motion patterns. As well, marker-based systems are desighto track the motion of
the markers themselves and thus it must be assumed that thec@ded motion of the
markers is identical to the motion of the underlying human ggments. Since human
segments are not truly rigid, this assumption may cause prédms, especially in highly
dynamic movement typically seen in sporting activities. Fothese reasons, marker-
less tracking is an important eld of research. It requires kowledge in biomechanics,
computer vision and computer graphics.

Typically, researchers working in the area of computer vi@n often use simplied
human body models, e.g., based on stick, ellipsoidal, cydirical or skeleton models
[39, 5, 30, 14, 32, 17, 21]. In computer graphics advanced edij modelling and tex-
ture mapping techniques for human motions are well known [3%, 10, 7, 50, 53], but
the image processing and pose estimation techniques aresafsimpli ed. Often model
assumptions are made, and acquired manually. Automatic metigeneration systems
are e.g. presented in [29, 23, 25], but here also manual intentions (e.g. rescaling of
images or the determination of joint locations) are necessa

In this paper, we start to close these gaps by introducing a stem for silhouette based
human motion estimation, which relies on an accurate and ristic human model. We
further describe an automatic model generation system, wii assumes four input im-
ages in a prede ned setup. These images are used to reconstrthe human surface



model and to determine the joint locations on the surface miess. We further apply
local and global morphing techniques to get realistic motits of the upper torso model.
This kind of model is used within the human motion estimationsystem. The sys-
tem consists of an advanced image segmentation method basedlevel set functions,
dynamic occlusion handling and kinematic chains of higheomplexity (21 degrees of
freedom). Finally, we perform a comparison of the system wviita commercial marker
based tracking system [33] to analyze sport movements. Werfogm and analyze ex-
ercises, such as push ups or sit ups. This results in a quaative error analysis. The
algorithm proves as stable, robust and fairly accurate.

The contribution is based on former works of the authors regding pose estimation
of free-form contours and surfaces [41, 43, 44] and imagersegtation [6]. To be self-
consistent, these works will be summarized in section 3 andl4 This paper comprises
and extends an earlier work presented on two conferences,[48]. In comparison to
these early presentations of the basic system, the presergper contains a much more
detailed description of the approach, an automatic human nu®l generation system,
and demonstrates the generality of the method by means of atdnal experiments.
The contribution is organized as follows: We will start withthe model generation system
in Section 2. This part is self-contained, and readers whoenot interested in the task
to acquire a 3D model, can skip this section. Then we continugith foundations
about 2D-3D pose estimation. This results in a core algorith for silhouette based
pose estimation needed in the motion estimation system. Ire&ion 4 we will continue
with the presentation of the basic modules of the motion capte system. Here we will
describe image segmentation based on level sets and the nmimg techniques for more
realistic human models. Section 5 presents experimentabtdts of an upper body model.
Here we will also explain the dynamic occlusion handling antthe used particle lter.
We will demonstrate the performance of our algorithms on derent image sequences
and motion patterns. Finally we will also present experimes performed with a lower
body model. We show that the algorithm can be applied on comgtiely di erent models
and can handle corrupted image data. The contribution endsith a summary.

2 Automatic human upper torso generation

In the literature model reconstruction techniques can be badly divided into active
and passive methods. Where active methods use a light patteprojected into the
scene or a laser ray emitting from a transmitter, passive teniques use the image data
itself. Our approach is a passive reconstruction method due its greater exibility
in scene capturing and to being a low-cost technique. Kakaatis et al. [25] propose
a system for 3D human body model acquisition by using three weeras in mutually
orthogonal views. A subject is requested to perform a set ofavements according to
a protocol. The body parts are identi ed and reconstructed ricrementally from 2D
deformable contours. Hiltion et al. [23] propose an approador modelling a human
body from four views. The approach uses extrema to nd featerpoints. It is simple
and e cient. However, itis not reliable for nding the neck joint and it does not provide
a solution to determine elbow or wrist joints. Lee et al. [29%uild a seamless human
model. Their approach obtains robust and e cient results, lot it cannot detect joint



positions which have to be arranged manually. Figure 1 gives overview of the input
images and the implemented modules.

Front view Side view Arm side view Joint view

y

Torso & arm reconstruction Determine joint locations

Figure 1. Steps of the implemented system. Four input imageme used for model
generation.

2.1 Modules for upper body model generation

The model generation system can be subdivided into di ereninodules which will be
described brie y:

Segmentation

Segmentation is the process of extracting a region of intstefrom an image. Accuracy
and e ciency of contour detection are crucial for the nal oucome. Fortunately, the

task is relatively easy to solve since we assume a person ialaénvironment with known

uni-colored background. Here we use a modi ed version of [2&hich proves to be fast
and stable: To di erentiate between object and background igels we compare pixels
of typical background characteristics with all pixels in tle given image. The di erence
between two pixels is measured with two components, brightss and chromaticity.
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Thresholds are used to segment the images. Afterwards thedges are smoothed using
morphological operators [27].

Body separation

Firstly, it is necessary to separate the arms from the torsof the model. Since we only
generate the upper torso, the user can de ne a bottom line ohé torso by clicking
on the image. Then we detect the arm pits and the neck joint fra the front view of
the input image. The arm pits are simply given by the two lowenost corners of the
silhouette which are not at the bottom line. The position of he neck joint can be found
when moving along the boundary of the silhouette from an uppahoulder point to the
head. The narrowestx-slice of the silhouette gives the neck joint.

Joint localization

After a rough segmentation of the human torso we detect the gitions of the arm
joints. Basically, we use a special reference fram@ift view) which allows to extract
arm segments. To gain the length of the hands, upper arms, eteve rstly apply a

o

Figure 2: Skeletonization using a closed Chamfer distanceahsform.

skeletonization procedure. Skeletonization is a processreducing object pixels in a
binary image to a skeletal remnant that largely preserves thextent and connectivity of
the original region while eliminating most of the original bject pixels. Two approaches
are common, those based on thinning and those based on distatransforms. Thinning
approaches are a topological way to determine a skeleton, @vhas a distance transforms
results in a medial axes. Therefore, it is sometimes callededial axis transformation,
MAT. We decided to work with the skeletons based on the Chamfelistance transform.
Since the resulting skeletons are not connected, we close tbkeleton by connecting
nearest non-neighboring points. This leads to closed skieles as shown in Figure 2.
We further use the method presented in [12] to detect corneos the skeleton to identify
joint positions of the arms.

Moreover, we point out that the joint localizations need to le re ned since the center
of the elbow joint is not at the center of the arm, but beneath For this reason we shift
the joint position aiming for correspondence with the humamnatomy, see in Figure 3:
Starting from the shoulder joint S and elbow joint E, we use te midpoint C between
the right boundary of the silhouette B and E as new elbow positn. The resulting joint
locations are shown in Figure 4.

Surface Mesh Reconstruction



Figure 3: Adapting elbow joint locations.

Figure 4: Extracted joint segments.

For surface mesh reconstruction we assume calibrated caamiin nearly orthogonal
views. Then a shape-from-silhouettes approach [28] is ajgol. We attempt to nd
control points for each slice, and by interpolating them as 8-spline curve using the
DeBoor algorithm. We start with one slice of the rst image anl use its edge points as
the rst two reference points. They are then multiplied with the fundamental matrix
of the rst to the second camera, and the resulting epipolarines are intersected with
the second silhouette resulting in two more reference post The reference points are
intersected leading to four control points in 3D space.

Figure 5: Texture fusion: The images from the stereo setupeamerged to get a texture
map for the head: the left texture gives a useful face, wherethe right texture gives a
useful ear and side view of the face. The fusion of both texes leads to a new texture
used for the 3D model.

For arm generation we use a di erent scheme for building a metl We use two other
reference frames (input images 2 and 3 in Figure 1). Then thenas are aligned hori-
zontally and we use the ngertip as starting point on both arns. These silhouettes are
sliced vertically to gain the width and height of each arm pdr The arm patches are
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then connected to the mid plane of the torso.

Texture mapping

For texture mapping, we generate a texture le as a combinatin of the di erent views:

We apply the multi-resolution method proposed by Burt et al.[3] for removing bound-
aries between di erent image sources. This is achieved bying a weighted average
splining technique. For sake of simplicity, we adapt it to aihear weighted function.
A texture resulting from a fusion of two di erent input views is shown on the right of
Figure 5.

2.2 Results of model generation

We tested the algorithm on four di erent models. Model genation results from two

Figure 6: Pose results of the pose recognition software. Mgking the arm con gura-
tions with the generated models.

persons are shown in the lower two rows of gure 6. An additiai useful application
apart from gaining the desired model for the tracking algattim is to animate the models
using motion capture data for mimicking: The top row in Figue 6 shows some capture
results using a human motion estimation algorithm (descrigd in the other sections)
and below are the arm pose con gurations of the generated meld This allows us to
let the \Reinhard" model mimic the actors (Bodo) motions.

For a quantitative error analysis we compared reconstruatiebody parts with (manually)
measured ones. A comparison shows a maximum deviation of 2.ciirhis accuracy is
su cient for our tasks. For more information on the model gerration system, see [20].



[R]t]

Figure 7: The pose scenario: the aim is to estimate the poBe t.

3 2D-3D pose estimation

2D-3D pose estimation [19] means to estimate a rigid body mot which maps a 3D
object model to an image of a calibrated camera, see Fig. 7. @@nding on the camera
model being used (orthographic, perspective), the objeatpresentation (e.g. point sets,
line sets, contours, surface patches) and image data (e.gormers, line segments, sil-
houettes) many di erent algorithms can be developed for dierent numerical estimation
techniques (e.g. Kalman lters, gradient descent approa€s, SVD decompositions), see
[41, 18] for overviews. Before we introduce our approach f8D-3D pose estimation of
human models, we summarize basic notations, and previousigveloped point-based,
contour-based and surface-based pose estimation algonith, see [41].

3.1 Foundations

We start with mathematic concepts (Placker lines and twiss to model rigid body mo-
tions) needed for the pose problem. Then point-based and ¢our-based pose estima-
tion algorithms are introduced.

3.1.1 Plscker lines

A 3D line L can be represented in Placker form [41]. A 3-D Placker linee = (n;m)
is given as 3-D (unit) vectorn and 3-D momentm = x n for a given pointx on the
line.

An advantage of this representation is its uniqueness (agdrom possible sign changes).
This can be seen as follows: Let{;x, 2 L with x; 6 x,. We choose 2 R with



Figure 8: The comparison of the 3D point with the 3D line.

X2 = N+ X;. Then we have (nhote:n n =0)

X n =(n+x3) n = (n n)+Xx; nNn=x; n: (3.1)

A second advantage is, that the incidence of a point on a lineL = (n;m) can be
expressed as

x2L , x n m=0: (3.2)

This follows by a similar algebraic operation as in Equatios.1.

A third advantage is, that Equation 3.2 provides us with a disance measure. Let
L =(n;m),with m =v n as shown in Figure 8, ank = x; + X, with x 2L and
X2 ? n. Then we have (note:xx; n=m, Xx,? n andknk=1)

kx n mk = kx; n+x, n mk (3.3)
= kx, nk= kxyk: (3.4)

This means thatx n m in Equation 3.2 results in a (rotated) perpendicular error
vector to lineL . This distance measure and its minimization is used for posstimation.

3.1.2 Rigid motions
Every 3D rigid motion can be represented by a 4 4 matrix

Rs 3 t31

M 0,3 1

(3.5)

for a given rotation matrix R3 3 2 SO(3), with SO(n) := fR 2 R" " : RR" =
|; det(R)=+1 g, and a translation vectort; ;. By using homogeneous coordinates,
a point x can be transformed by matrix multiplication x°= Mx . In fact, M is an
element of the one-parametric Lie grouBE(3), known as the group of direct a ne
isometries. A main result of Lie theory is that to each Lie gnap there exists a Lie
algebra which can be found in its tangential space, by derittan and evaluation at
its origin; see [15, 34] for more details. The correspondirige algebra to SE(3) is
se3) = f(v;!)jv 2 R%! 2 so(3)g, with so(3) = fA 2 R® 3jA = ATg. The elements
in s&(3) are calledtwists, which can be denoted as

= ' ; (3.6)



with
0

1
Pn=@1, 0 '!1A: (3.7)

A twist is sometimes written as vector

= (15! 2! 3 vis Vo V) (3.8)

A twist  contains six parameters and can be scaled to for a unit vector ! . To
reconstruct a group actionM 2 SE(3) from a given twist, the exponential function
exp( )= M 2 SE(3) can be used. The parameter 2 R corresponds to the motion
velocity (i.e., the rotation velocity and pitch). For varying , the motion can be identi-
ed as screw motion around an axis in space. This is also pravéy Chasles Theorem
[34] from 1830. Indeed, evaluating the exponential of a maris not trivial, but it can
be calculated e ciently by using the Rodriguez formula [34]

exp( M) (I exp(™ D! v)+ 1 Ty

N
exp(" ) 0 1

;for! 60 (3.9

with exp( ) computed by calculating
exp( M) = 1 +2sin()+22%@1 cos()): (3.10)

Only sine and cosine functions of real numbers need to be caumgd.

3.1.3 Point-based pose estimation

For point-based pose estimation we combine the results of thoprevious subsections
and introduce a gradient descent method. The idea is to recstnuct an image point
to a projection ray L = (n;m) and to claim incidence of the transformed 3D poink
with the 3D ray,

exp( Hx)3 1 n m = 0: (3.11)

Indeed, x is a homogeneous 4D vector, and after multiplication with ta 4 4 matrix
exp( ") we neglect the homogeneous component (which is 1) to evaieighe cross

product with n. We now linearize the equation by using exp() = 1., (:!)k 1+ "
with | as identity matrix. This results in

M+ )31 n m=0 (3.12)

and can be reordered into an equation of the forlA = b. Collecting a set of such
equations (each is of rank two) leads to an overdeterminedstgm of equations, which
can be solved using, for example, the Householder algorithithe Rodriguez formula
can be applied to reconstruct the group actiotM from the estimated twist . Then,

the 3D points can be transformed and the process is iterateahtil the gradient descent
approach converges.
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Note that the projection rays only need to be reconstructednze, and can be recon-
structed from orthographic, projective or even catadiopic cameras. The algorithm is
very fast (e.g., it needs 2 ms on a standard Linux PC for 100 paicorrespondences).
In [41] extensions to point-plane, line-plane constraintqeiations and kinematic chains
are presented using Cli ord algebra [46].

In this setting, the extension to multiple views is straightorward: we assuméN images

which are calibrated with respect to the same world coordine system and are synchro-
nised. For each camera the system matricés, ::: Ay and solution vectorsb; ::: by

solved simultaneously, i.e., the spatial errors of all inWeed cameras are minimized.

3.1.4 Pose estimation of free-form contours

We assume a l1-parametric closed curve in 3D space,
C() = (FX )f2( )yt N, (3.13)
which is represented by a nite set of contour points
cn) = f(FHn);f2(n);f3)" :n=0:::M 1g: (3.14)

The main idea is to interpret a 1-parametric 3D closed curvesghree separate 1D signals
which represent the projections of the curve along thg, y and z axis, respectively.

Since the curve is assumed to be closed, the signals are pidand can be analyzed
by applying a 1D discrete Fourier transform (1D-DFT). The irverse discrete Fourier
transform (1D-IDFT) enables us to reconstruct low-pass appximations of each signal.
Subject to the sampling theorem, this leads to the represeation of the 1-parametric

3D curve C( ) as

X X 2k
C()= Pk exp N1
m=1 k= N

(3.15)

The parameter m represents each dimension and the vecto® are phase vectors
obtained from the 1D-DFT acting on dimensionm. Using only a low-index subset of
the Fourier coe cients results in a low-pass approximationof the object model which
can be used to regularize the pose estimation algorithm.

For pose estimation we combine this parametric representah within an ICP-algorithm
(iterative closest point) [54] to determine point correspadences between the image
silhouette and the 3D contour.

The algorithm for pose estimation of free-form contours caists of iterating the follow-
ing steps:

(a) Reconstruct the projection rays from image points.

(b) Estimate the nearest point on the 3D contour to each proje ction ray.

(c) Estimate the contour pose by using this point/line corre spondence set.
(d) Goto (b).
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Figure 9: Pose results during iterated ICP-cycles.

For (a) , we determine from the calibration the optical centrec and the image point
in the world coordinate system. This is used to de ne the 3D Rtker line, see section
3.1.1. For(b) we use Equation 3.1 and sample along the contour. Pgxt) is described
in Section 3.1.3. Figure 9 shows an example for iterations. h& algorithm usually
converges within 10 iterations and we need 40ms on a standdtohux PC (1GHz) to
estimate the pose of a free-form contour. In [41] we furthersa a Fourier-based object
representation, which allows to use a low-pass approximati for pose estimation and
for adding successively higher frequencies during the iation. It is a multi-resolution
method and helps to avoid local minima during iteration. Thé modi cation is explained
for the 2D case in the next section and used as standard methoSince the constraint
equations express a geometric distance measure in 3D spatés further possible to
detect and eliminate outliers, see [41].

3.1.5 Pose estimation of free-form surfaces

We assume a two-parametric surface [8] of the form

Figure 10: A sequence of di erent low-pass approximationd an object model.

F(1o2) = (FYC 0 22 1 2if3C 1 2)7 (3.16)

de ned by three functionsf'( 1; ,): R?! R acting on the base vectors. The idea
behind a two-parametric surface is to assume two independgrarameters ; and -
which sample the 2D surface in 3D space. In fact, we are usingn@sh model of
the object [8]. For a nite number of sampled pointsf '(n1;n2) (N1 2 [ Ni;N4;n, 2

2D discrete Fourier transform (2D-DFT) and then apply an inerse 2D discrete Fourier
transform (2D-IDFT) for each base vector separately. Subge to a proper sampling,
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the surface can therefore be written as a series expansiorttod form

0 1
W1 X2 Fl(kl;kg)
@ F2(kq;kp) A exp 2K 1 exp 2Kz 2, (3.17)

F( 1, 2 =
Ki= Niko= No Fs(kl,kz) 2N1+1 2N2+1
. 1 X1 Xz ; 2k1n1
Fi (kesk Fi(ng; L
(k1;k2) N T DEN, D) ) (n1;n2) exp N{+1
ni= Ninz>= N3
2k onsy .
P ! (3.18)

Figure 10 gives example approximation levels of a car model.

C:@p->ky2)

| W o

Figure 11: To determine the 3D position of a 2D image node, al&eF is used as look-up
table, which stores the relationship between pixels and th@D mesh. C(F (x;y)) gives
the 3D coordinates of a node at pixel positionx{y) in the image.

Figure 12: Pose results of low-pass contours during the ICRdae.

We assume a properly extracted silhouette of an object in avgin image, using a segmen-
tation algorithm based on level-set functions, which is eXgined in section 4.1. There
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is a need to express tangentiality between the surface andetiheconstructed projection
rays, and there is also a need to express a distance measurthiwiour description. For
this requirement, we decided to use the 3D rim of the surfaceadel which is tangential
with respect to the camera coordinate system. Here our traickg assumption comes into
account: We choose our initial projection matrix (or the prgection matrix from the
last frame) as view-port and consider the rim of the surface adlel (i.e., the occluding
boundary of the object) with respect to this view-port. To oltain this, we project the
3D surface onto a virtual image. Then the 2D contour is calcated and from the image
contour the 3D rim of the surface model is reconstructed. Toegithe 3D rim, there is
a need to get from the image of a node point to its 3D value. This done with the
help of a look-up tableF, see Figure 11. First we assume a mesh(i;j) ! (X;y;2)
which gives the 3D coordinates of the surface node for the t@ample parametersi(j ).
This mesh is projected with the projection matrix into a virtual imagel. The model
is projected in the virtual image with connecting line segnm¢s between points on the
surface nodes and the nodes in another gray-scale value. Skirtual image is used as
a look-up table: we can detect the 3D surface point for a givesurface node on the
image with the help of a 2D eld F and function C, since C(F(x;y)) gives the 3D
coordinates of the node's image pointx{y). To obtain the 3D rim points we use a
contour algorithm which follows the image of the mesh modeyla recursive procedure.
Then the nodes of the mesh model are collected (this is easyce they are projected
into another gray-scale value than the connecting line segmts) from which the cor-
responding 3D rim is calculated with the help of. The rim model is then applied
to our contour-based pose estimation algorithm, see secti®.1.4. Since the aspects
of the surface model are changing during the ICP-cycles, ameim will be estimated
after each cycle to deal with occlusions within the surface adel. The convergence
behavior of the silhouette-based pose estimation algorithis shown in Figure 12. It
can be seen that we re ne pose results by adding successivieiyher frequencies during
the iteration.

3.2 Pose estimation of human models

We now introduce how to couple kinematic chains within the stace model and present
a pose estimation algorithm which estimates the pose and dagon gurations simul-
taneously. A surface is given in terms of three 2-parametricinctions with respect to

Tracking assumption Correspondence estimation Pose estimation

Iteration \

Figure 13: The basic algorithm: Iterative correspondencend pose estimation.

the parameters ; and ,. Furthermore, we assume a set of jointd;. By using an addi-

14



tional function J ( 1; 2) ! [JijJ;i : ith. joint], we are able to give every node a joint list
along the kinematic chain. Note, that we use;] and not f; g since the joints are given
in order along the kinematic chain. Since the arms contain tvkinematic chains (for
the left and right arm separately), we introduce a further inlex to separate the joints
on the left arm from the ones on the right arm. The joints themslves are represented
as objects in an extra eld (a look-up table) and their paramters can be accessed im-
mediately from the joint index numbers. Furthermore, it is pssible to transform the
location of the joints in space (as clari ed in section 2). Fopose estimation of a point
X" attached to the nth joint, we generate a constraint equation of the form

(exp(n'n)iiexp( 1) exp( YXMs 1 ni m; =0

which is linearized in the same way as the rigid body motionself. It leads to three
linear equations with the six unknown pose parameters ama unknown joint angles.
Collecting a su cient number of equations leads to an overdermined system of equa-
tions.

The basic pose estimation algorithm is visualized in gure3 The image processing
method to gain the silhouette information of the person is deribed in section 4.1. Then
we project the surface mesh into a virtual image and estimatts 3D contour. Each point
on the 3D contour carries a given joint index. Then we estimatthe correspondences
by using an ICP-algorithm, generate the system of equationsolve it, transform the
object and its joints and iterate this procedure. During iteation we start with a low-
pass object representation and re ne it by using higher fregncies. This helps to avoid
local minima during iteration.

Left arm
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Figure 14: Left: pose results with a 6 DOF kinematic chain. Rht: Angles of the left
and right arm during the tracked image sequence.

First results of the algorithm are shown in the left images ofgure 14: The gure
contains two pose results and shows the original image andetloverlaid projected 3D
pose on each quadrant. The other two images show the estimatmint angles in a
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virtual environment to visualize the error between the reamotion and the estimated
pose. The tracked image sequence contains 200 images. Nttaf in this sequence
we use just three joints on each arm and neglect the shoulddyak) joint. The right
diagram of gure 14 shows the estimated angles of the jointaidng the image sequence.
The angles can easily be identi ed with the sequence. Sindeetmovement of the body
is continuous, the estimated curves are also relatively sioit.

We further extend the model to a 8DOF kinematic chain and add pint on the shoulder
that allows the arms to move backwards and forwards. Some s are shown in gure
15. The observation of the pose overlaid with the image data also good, but in the
simulation environment it is visible, that the estimated jants are very noisy. The reason

Figure 15: First pose results with a 8 DOF kinematic chain.

for the depth sensitivity lies in the used image informationFigure 16 shows two images

Figure 16: The silhouette for di erent arm poses of the kineatic chain.

of a human with di erent arm positions. But as can be seen, thestimated silhouettes
look quite similar. This means, that the used image featureare under-determined
in their interpretation as 3D pose con guration. This probem can not be solved in
an algorithmic manner and is of geometric nature. We are wedlware that this result
contradicts to some papers in the literature which deal witlmonocular image sequences.
But our experience is, that such approaches can only work foeduced kinematic chains
(containing not all degrees of freedom of a human being) or lmsing further a-priori
knowledge (e.g., regarding the motion pattern, camera coguration, etc.).

To overcome this problem we propose a multi-view setup. Theabic idea is, that the
geometric non-uniquenesses can be avoided by using di er@ameras observing the
scene from di erent perspectives. Since we reconstruct efrom image points, we have
to calibrate the cameras with respect to the same world codréite system. Following
this, it is not important for the algorithm from which camera a ray is reconstructed and
we are able to combine the equations from both cameras in ongstem of equations
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Figure 17: Example images of a stereo experiment.

and estimate the pose and arm angles simultaneously, seetisec3.1.3. Figure 17
shows example images of a stereo sequence. In each segmbatjmhages on the left
show the original and Itered image of each camera. The imagen the middle show
pose results in both cameras and the images on the right shohetpose results in a
virtual environment. As can be seen, the results have been pnoved. Figure 18 shows
estimated angles during the image sequence. As can be sebaytt to the real motion
of the human.

4 A Human motion Tracking system

At this stage we have laid the foundations for a human motionracking system. But

indeed the experiments are quite academic and improvemerdase necessary to obtain
a system which can handle and analyse e.g. sports movemertsr this reason we will

now introduce image segmentation based on level-set furmis to replace the previously
used grey-value thresholding, and morphing approaches taig more realistic human
models and motion patterns. In section 5 these techniqueslMae applied together with

a sampling method in a four-camera set up and a model of muclgher complexity (21

degrees of freedom).

4.1 Image segmentation based on level set functions

Image segmentation usually means to estimate boundariesalfjects in an image. This
task can become very di cult, since noise, shading, occlumn or texture information
between the object and the background may distort the segmiation or even make it
impossible. Our approach is based on image segmentation &hon level sets [37, 9,
11, 6]. A level set function 2 7! R splits the image domain into two regions
rand , with ( x) > 0ifx2 jsand (x) < 0ifx 2 ,. The zero-level line
thus marks the boundary between both regions. The segmeni@t should maximize
the total a-posteriori probability given the probability densitiesp; and p, of ; and
2, I.€., pixels are assigned to the most probable region acdimrg to the Bayes rule.
Ideally, the boundary between both regions should be as srhat possible. This can be
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Figure 18: Estimated angles during the image sequence.

expressed by the following energy functional that is soughd be minimized:
Z

EC ip1ip2) = H()log pr+(1 H(Q))log p2+ jr H() j dx  (4.19)

where > 0is a weighting parameter andH (s) is a regularized version of the Heaviside
function, e.g. the error function. Minimization with respet to the region boundary
represented by can be performed according to the gradientescent equation

= & + i I’—
@ HY) log 0 div ] (4.20)
where HY(s) is the derivative of H (s) with respect to its argument. The probability
densitiesp; are estimated according to theexpectation-maximization principle Having
the level set function initialized with some contour, the pobability densities within
the two regions are estimated by the gray value histograms smthed with a Gaussian
kernel K and its standard deviation
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Figure 19: Silhouette extraction based on level set functis. Left: Initial segmentation.
Right: Segmentation result.

This rather simple and fast approach is su cient for our labaatory set-up, though it
is also conceivable to apply more elaborated region modetgluding texture features.
Figure 19 shows an example initialization and the nal contor. As can be seen, the
body silhouette is well extracted, but there are some devians in the head region,
due to the dark hair. Such inaccuracies can be compensatedrr the pose estimation
procedure. For our algorithm we can make a tracking assumpti. Therefore, we
initialize the silhouette with the pose of the last frame wtgh greatly reduces the number
of iterations needed. The implementation is fast; the algghm needs 50 ms per frame
and 200 ms image processing time in a four-camera setup.

4.2 Morphing approaches

The synthetic modelling of a human body and its motion simukson is mostly treated in
computer graphics, e.g. for animation of avatars. It is coman to model an articulated
body by layers of skeletons, ellipsoidal meta-balls (to sirrate muscles) and polygonal
surface patches (to model the skin) [14]. It is further comnmoto use the Denavit-
Hartenberg parametrization to model joints on a skeleton bysing a tree structured
hierarchy of manipulators, robotic joint-link parametersand joint angle constraints
(max, min, sti ness, etc.) [10, 21]. To gain a realistic motn model, joint dependent
local deformation (JLD) operators are used to deform the skisurface and to model
muscles and fatty tissue layers [1, 53]. Since we are usingefiform surface models to
represent human beings, we do not need a hierarchic reprdsdion (sticks, ellipses,
etc.) since the joints are directly coupled to the surface rsh. For realistic motion
modelling we introduce morphing approaches on the surfaceesh itself. This results
in a compact and uni ed representation which can be couplednimediately with the
surface based pose estimation algorithm.

4.2.1 Joint motions

Joints along the kinematic chain can be modelled as screwsthwno pitch. In [41] it

is shown by using Cli ord algebras that a twist, representig a joint, corresponds to a
scaled (dual) Placker line = L in space, which gives the location of the general ro-
tation. Since the conformal geometric algebra allows to tresform higher order entities,
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such as lines, circles or spheres in the same manner as pgititss formulation allows
for an elegant approach to move joints in space, see [42]. Iraimx calculus a joint
can be transformed as follows: LeM =exp( *) = (R;t)s 4 a rigid body motion and

= (vi; Vo Vs ! 151 21 3)T a scaled twist with k! k, = k(! 1;! 2;! 3)Tk, = 1 representing
a joint in the model. This joint needs to be transformed accding to a rigid body
motion. Since the vectorv = (vq;V,;Vv3)" is determined fromv = o ! for o being a
point on the joint axis, we can move the joint axis (the twist)by computing

0 = (V19=((Ro+t) RI;R!): (4.21)

This leads to a transformed joint axis. By using an exponeral form, M =exp( *), the
value steers the amount of joint motion and allows for a continuouransformation.
Note, that joints do not always undergo a linear (or circulay transformation between
positions in space. They sometimes undergo a higher ordeajectory, i.e. the knee
joint [38]. Transforming joints along such a trajectory canbe done by following the
twist-representation-of-shape principle, introduced if47].

We will now introduce two surface morphing techniques, badeon a global and a local
model.

4.2.2 Global surface interpolation

We assume two free-form surfaces given as two-parametriai¢tions as follows:

x X
Fi( 1, 2)= | f1( 1 2)e and Fy( 1; 2)= fo( 1, 2e (4.22)

=1 i=1

Figure 20: Morphing of a male into a female torso.

For a given parametett 2 [0:::1], the surfaces can be linearly interpolated by evaluating
! !

x X
Fe( 1 2) = fi( 1 2e t+ fa( 1 2e (1 t) (4.23)

i=1 i=1

We perform a linear interpolation along the nodes, and thisesults in the following:
P ,
F( 1 o) = pizs f1( 17 2)& = Fi( 15 2) , for

t=1
i 4.24
LB 1 2)e Fo( 1, 2) ,for t=0 (4.24)
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Figure 21: Di erent weighting functions during interpolation.

Figure 20 shows examples of morphing a male into a female trsNote that we are
only morphing surfaces with known and prede ned topology. fiis means that we have
knowledge about the correspondences between the surfaas] morphing is realized
by interpolating the corresponding nodes on the mesh.

The linear interpolation can be generalized by using an atbary function ! (t) with the

property

0 ,for t =1
rO= ,for t = O: (4.25)
Then, an interpolation is still possible k?y using |
Fi( 1 2) = fi( 1 2)e 1 ()+ fa( 13 2)e (1 ! (1) (4.26)
i=1 i=1

Figure 21 shows di erent possible functions which result inli erent interpolation dy-
namics. Using the square root function for weighting lead®ta faster morphing at the
beginning, which slows down at the end, whereas squared weigg leads to a slower
start and a faster ending. Therefore, we can use non-lineaeighting functions to gain
a natural morphing behavior dependent on the joint dynamics

Figure 22 shows a comparison of the non-modi ed model (rightvith a morphed joint-
transformed model (left). It can be seen that the shoulder jot is moving down and
in-wards during motion, and, simultaneously, the surfacefahe shoulder part morphes.
The amount of morphing and joint transformation is steered hrough the angle of the
shoulder (up) joint (left and right, respectively). As can ke seen, the left mesh appears
more natural than the right one.

4.2.3 Local surface morphing

The use of radial basis functions for local morphing is commaractice for modelling
facial expressions. The basic idea is as follows: we move d&éon the surface mesh and
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Figure 22: Dierent arm positions of the morphed joint-trarsformed model (left) and
non-modi ed model (right).

Figure 23: Left: A 2D-radial basis function. Right: Double grface morphing on the
shoulder.

we move the neighboring nodes in a similar manner, but decsgagly with increasing
distance to the initiating node. The classic equation for aadial basis function is

2 2
r(x;y) = exp u exp u (4.27)

with the centre (c,; ¢,) and the radius (r«;ry). The values C; cy) = (0;0) and (ry; ry) =

(1;1) lead to the classic Gaussian form as shown on the left of kg 23.

The coupling of a radial basis function with the surface medeads to

x
Fr( 1, 2) = f'( 1 e+ esr( 1 2) (4.28)

i=1

The amount of morphing is steered through the value of the raa basis function at
the mesh position. It is dependent on (;; ») and di erent for each node. In equation
(4.28) we model a deformation along thes-axis, but it can be any orientation, and
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the Gaussian function can be arbitrarily scaled. Thereforewe steer the amount of
morphing through the joint angle ; of the shoulder (back) joint. This means, if the
shoulder is not moving forwards or backwards, we will not ha any morphing, but
the more the arm is moving, the larger will be the amount of mqhing. It is further
possible to deform the radial basis function to allow a realiic morphing in the presence
of bones or ligaments.

In contrast to global morphing, local approaches have the adntage that they can be
used more easily in the context of multiple morphing patched~or example, simultane-
ous shoulder morphing up or down and forwards or backwards hardly possible with
a global approach, but simple with a local one.

Figure 23 shows a typical radial basis function to realize ¢al surface morphing on
the left. The images on the right show a double morphing on thehoulder: moving
the arms up or down and forwards or backwards leads to a suitetkformation of the
shoulder patch and a similar motion of the joint locations.

5 Experiments

For our experiments we use a human upper (and later lower) teo model which consists
of three parametric free-form surface patches. The surfagatches undergo a local
deformation, depending on the joint values. The model itsetonsists of 3500 knots.
They are attached to seven joints on each arm and one back-Bojoint. Adding six
unknowns for the unknown rigid body motion of the torso, we dd with 21 degrees of
freedom.

Input Image Extracted Silhouettes

i -
T

Pose result

‘%

Correspondences

Figure 24: The capture system consists of iterating the follving steps: Segmentation,
correspondence estimation, pose estimation.

The capture system is shown in gure 24. The system uses as utglata the object
model and four calibrated (synchronised) cameras, and asses a tracking con guration
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Figure 25: The coordinate systems in the lab setup.
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Figure 26: The coordinate systems of the markers in the labtgp. Within the Eva
3.2.1 software, the markers are (manually) connected to aedkton model.

of the 3D model. For this pose con guration, silhouettes arextracted by using level-set
functions and global region statistics. Then correspondees are established between
the surface rims and the contours which are used for a pose @pel This new pose
leads to another starting con guration for the image segmeéation and is iterated till
both, segmentation and pose estimation, converge.

A disadvantage of many studies is that the only feedback onegeives is visual feed-
back of the pose provided by overlaying the pose with the imagdata. To enable a
guantitative error analysis, we use a commercial marker bad tracking system for a
comparison. We use the Motion Analysis software [33] with a8-Falcon-camera sys-
tem. For data capture we use the Eva 3.2.1 software and the Moh Analysis Solver
Interface 2.0 for inverse kinematics computing [33]. In thisystem the subject has to
have retro-re ective markers attached to speci ¢ anatomial landmarks. Around each
camera is a strobe light led ring and a red- Iter is in front ofeach lens. This gives very
strong image signals of the markers in each camera. These @eated as point markers
which are reconstructed in the eight-camera system. The $gm is calibrated by using
a wand-calibration method. Due to the lter in front of the images we had to use a
second camera set-up which providesal image data. This camera system is calibrated
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Figure 27: Subset of the estimated angles of the right arm wiin the four-camera
sequence.

by using a calibration cube. After calibration, both cameraystems are calibrated with
respect to each other. Then we generate a stick-model frometipoint markers including
joint centers and orientations. This results in a completeatibrated set-up we use for a
system comparison as visualized in gure 25. some reconsited markers of the Motion
Analysis system are shown in gure 26. The skeletons are cauted manually in Eva
3.2.1 by connecting the reconstructed points. Using this tsg we then grabbed a series
of test sequences.

Figure 27 shows the estimated angles of the right arm togeth&ith joint locations
marked in some images of such a four camera sequence. In tieiguence, the person
performs a 180 degree rotation and moves towards the camevésle moving the arms.
Furthermore there is noise on the back, face, and arms, whidkads to inaccuracies
during contour extraction. The algorithm is able to handle he occlusions dynamically.
Clearly the estimated angles correspond well to the scene.

Figure 28 shows the second test sequence, where the persojss moving the arms
forwards and backwards. The diagram on the right side showhké estimated angles of
the right elbow. The marker results are given as dotted linesnd the silhouette results
in solid lines. The overall error between both angles diagres is 2.3 degrees, including
the tracking failure between frames 200 till 250.

Figure 29 shows the third test sequence, where the person &forming a series of push-
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Figure 28: Tracked arms: The angle diagrams show the elbowlwes of the Motion
Analysis system (dotted) and the silhouette system (solid)

300
Frame

ups. Here the elbow angles are much more characteristic arldawell comparable. The
overall error is 1.7 degrees. Both sequences contain partb&clusions in certain frames
which can be handled by the algorithm. Figure 30 shows exangpimages of a tracked
sit-up sequence. During the sequence, parts of the arms actd with the torso. The
back bone joint is crucial for a successful tracking of the geence.

In [40] eight biomechanical measurement systems are comgaur(including the Motion
Analysis system). The author also performed a rotation expienent which shows, that
the root mean square errors are typically within three deges. Our error measures t
in this range quite well.

Figure 31 shows pose results of a leg model. Here the modelsists of three surface
patches, representing the hip and both legs. Each leg has siggrees of freedom and
three segments. The person is performing walking and jummgrsequences, which can
be tracked from the system. Here the aim is to demonstrate théhe algorithm is able
to track completely di erent kinematic models by using the ame source code, just with
a modi ed model as input. Figure 32 shows a visualization ohe captured motion data
in a virtual environment.

The sequences were grabbed in 60fps, which is already theitiaf the grabbing system.
This is demonstrated in gure 33: sometimes during the sequoee, the images are
corrupted, due to the frame rate. The algorithm is able to hadle such outliers by
using the available information and by keeping the non-visle joints constant. A few
frames later, the model is again properly tted to the image dta.

6 Summary

This contribution presents a model based human motion estation system. We started
with a model generation system, which uses a set of input imag to automatically
reconstruct a free-form surface model of a human upper torby using a shape-from-
silhouettes approach. Furthermore, joint locations are dermined automatically in

26



i
=
3

3
Angle (Degrees)
g
T

- / N\ Right Elbow

Left Elbow|

115 1 1 1 1 1 1
0 20 40 60 80 100 120 Framel40

Figure 29: Tracked Push-ups: The angle diagrams show the elb values of the Motion

analysis system (dotted) and the silhouette system (solid)

o

—

Q
i’

Figure 30: Example images of a Tracked sit-up sequence. Dhgithe sequence, parts of
the arms occlude with the torso. The back bone joint is crucidor a successful tracking
of the sequence.

addition to a texture for the surface mesh. Then we present dodations on point-
contour- and surface-based pose estimation and introducket basic set-up for multi-
view silhouette based human motion estimation. For appli¢eopns in sport movement
analysis, we further introduce morphing and joint transfamation techniques to gain
more realistic human upper torso models. Such an advanced debis used in a system
for silhouette based human motion estimation. The preserdemotion estimation sys-
tem contains silhouette extraction based on level sets, arcespondence module, which
relates image data to model data and a pose estimation modul&his system is used
for a variety of experiments: Experimental results are prested for di erent camera
setups (containing one to four cameras) and we estimate th@ge con gurations of a
human upper torso model with 21 degrees of freedom in two fras per second. We
also discuss degenerated cases for silhouette based humantion estimation (i.e. for
monocular image sequences). Furthermore, a comparison log tmotion estimation sys-
tem with a commercial marker based tracking system is perfmed to gain a quantitative
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Figure 31: Pose results for a leg model. The person performalking, jumping and
scissors, resulting in partial occlusions and crossingslef parts.
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Figure 32: Visualization of the captured motion data in a vitual environment. The
right image shows, that the right foot, standing on the oor,is nearly perfect on the
ground plane.

error analysis. The results show the applicability of the stem for marker-less sport
movement analysis. Finally we present experimental resslbn tracking leg models and
show the robustness of our algorithms even for corrupted imgea data.
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