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Abstract: An optimization algorithm and statistical
description of articulated body model estimation is
proposed. The optimization algorithm fits the model
into segmented multiview images. The input of our al-
gorithm is a sequence of segmented images captured
by several cameras and a structure of the articulated
model. The output of the optimization procedure is
shape and motion of the articulated model. The op-
timization runs over all cameras and all images in
the sequence. We focus on description and optimiza-
tion of probability distribution of the model parame-
ters given segmented multiview sequence. We demon-
strate the performance of the algorithm on real se-
quences of walking human.

Introduction

The acquisition of articulated body model, often called
motion capture, has numerous applications. Gait analy-
sis, computer animations or ergonomics study are only
few examples. The motion capture problem is often
solved by using commercially available marker-based
systems. A set of markers is attached to important po-
sitions on the human body. The 3D coordinates of the
markers are computed via magnetic or optical tracking.
Such systems are expensive and using markers is un-
comfortable for patients and may affect their natural be-
haviour. Therefore computer vision researches have stud-
ied markerless motion capture where no special hardware
devices are needed.

A setup for markerless motion capture typically con-
sists of several calibrated [1] cameras encircling a work-
ing volume. Static background of the scene is modeled
from images of empty scene. Position of human body is
found by background subtraction [2] which data allows
efficient computation of volumetric model. Motion pa-
rameters of the human body are then found by fitting of
articulated model to multiview observations or directly to
the volumetric model.

Some methods fit model directly to the silhouettes [3,
4]. Then the criterial function describes correspondence
of the model projection with silhouettes (e.g. Magnor and
Theobalt [5] uses simple xor function). Alternative way
is to first reconstruct 3D shape and then fit the model to
it. Mikic et al. [6] fit cylindrical model into carved voxel
volume. Space carving requires relatively high number
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Figure 1: A setup for markerless motion capture consists
from several cameras encircling working volume. Artic-
ulated ellipsoidal model is used for human body approx-
imation. The parameters are retrieved by optimization
where coverage of the silhouettes by model projection is
maximized. All parameters are computed fully automat-
ically without any manual intervention. The dimensions
are in meters

of cameras. Therefore Plankers and Fua [7, 8] combine
fitting to the silhouettes with stereo reconstruction.

All mentioned methods have a lot variations in com-
plexity of the model or criterial function, but crucial prob-
lem is non-linear high-dimensional minimization. Mikic
et al. [6] solve the high-dimensional minimization by hi-
erarchical decomposition (i.e. first fit head then torso and
finally limbs), but this, of course, does not assure that
global minimum will be found. Urtasun and Fua [9] re-
duce dimension of search-space by PCA but that limits
variety of movement which can be tracked. Deutscher
and Reid [10] propose particle filter which is efficient for
non-linear searching.

Current state-of-the-art approach achieves good re-
sults in human body model tracking but require careful
model initialization. The initialization is often done by
assigning initial parameters by hand or by requiring a cer-
tain pose of the captured human.

Moreover, static parameters evaluation (e.g. length of
the arm) requires optimization over the whole sequence
at once. In contrast with previous works, we propose an
approach with a weak model but we correctly describe
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 decomposition of criterial function over the time to ob-
tain static parameters, close to global minimum over the
whole sequence. Hence, our approach needs no manual
initialization and exploits all available information since
it optimizes over all data.

Human body model and parameters

We decided to use articulated body model created from
ellipsoids, see Figure 1. The ellipsoidal model approx-
imates the shape of the real human body and allows
very fast projection to the images which is advantageous
in the optimization. Each rigid part is represented by
one ellipsoid. The structure of the model follows the
anatomy of an average human. Movement of a joint
causes movement of all succeeding rigid parts. We ap-
ply the Hartenberg-Denavit notation for open kinematic
chains which is a frequent solution in robotics.

We distinguish two main types of human body model
parameters: shape (e.g. length of the arm) and motion
(e.g. angle between the upper and the lower arm). The
motion parameters are naturally different for each frame
of the multiview sequence. However, we assume the
shape parameters to be constant. i.e. the person, remain
the same throughout the whole sequence. Parameters of
the model given multiview sequence Z = {Z1, . . . ,Zn} are
θ = {m1, . . . ,mn,s}, where n is the number of frames and
Zi is the multiview frame (i.e. set of images from all cam-
eras in time i). In the case of ellipsoidal model, shape
parameters are sizes of ellipsoids and motion parameters
are mutual positions and orientations.

Let us consider, for the moment, that shape param-
eters s are known. Estimation of motion parameters mi
in frame i is based on posterior probability maximiza-
tion. The posterior is calculated from projection of the
ellipsoidal model to the cameras. The probability of pa-
rameters, given images Zi, is inversely proportional to the
sum of distances between border of silhouettes (i.e. seg-
mented images) and projected ellipsoids. The probability
is maximized by the standard Gauss-Newton method.

Problem arises when the shape parameters s are un-
known. Clearly, the optimization of all parameters θ over
the whole sequence is technically intractable because the
number of variables of p(θ |Z) is proportional to the num-
ber of frames in the sequence Z. Therefore we propose
an algorithm which finds the maximum of p(θ |Z) with-
out necessity of optimization over all of the parameters
at once. The optimization method is independent on the
choice of the model structure (i.e. the derivations are
provided without any explicit knowledge of the criterial
function). The ellipsoidal model is used only for exper-
imental results and can be simply replaced by more so-
phisticated model of arbitrary articulated structure.

Statistical framework

In our particular case, we are looking for the most proba-
ble shape s and motion m1, . . . ,mn parameters, compactly

called θ = {m1, . . . ,mn,s}, given multiview segmented
sequence Z of the length n and structure of articulated
model. The multiview sequence Z = {Z1, . . . ,Zn} con-
sists of multiview frames Zi which are set of images from
all of the cameras in time i. The probability of param-
eters is given by sequence posterior probability p(θ |Z).
The sequence posterior optimization over all parameters
at once is technically intractable. Therefore we decom-
pose sequence posterior into multiplicative form which is
suitable for optimization.

In order to split the optimization task into the partic-
ular subtasks we need to accept a few constraints on pa-
rameters independence. We expect a human motion to be
Markov process. The motion parameters mi in frame i
are considered to be dependent only on multiview frame
Zi, shape parameters s and preceding motion parameters
mi−1.

Under these constraints, the sequence posterior is de-
composed to

p(θ |Z) = p(m1|s,Z1)p(mk,s|Zk)∏
i6=k

p(mi|mi−1,s,Zi),

(1)
where k denotes a keyframe (that is arbitrary frame of
sequence). The full derivation can be found in Ap-
pendix A. The sequence posterior is multiplication of
probabilities of parameters in appropriate frames which
are called frame posterior probabilities. The algorithm
can optimize p(mk,s|Zk) to obtain the optimal value of
s with respect to the observation Zk. Given the shape
parameters we can optimize motion parameters of the
whole sequence frame by frame from p(m1|s,Z1) to
p(mn|mn−1,s,Zn). These shape parameters are optimal
with respect to the frame k, but it is not clear whether
these parameters will be optimal for the sequence poste-
rior. Nevertheless, since the frame posterior is the proba-
bility of parameters in the given frame, we would expect
it to have the maximum near the optimal value of shape
parameters with respect to the sequence posterior.

Not all the frames provide the same information about
the shape parameters. Two examples of different frames
of projection arm-like object to the camera are depicted
in Figure 2. The shape parameter s is in this case the ra-
tio of semi-axes of the two-ellipsoidal model. The first
frame does not provide any information about the shape
parameter s because the frame posterior is uniformly dis-
tributed. In contrast, different image of the same object
allows estimation of the true value of shape parameter
s. What is the most informative frame is hard to say in
advance. We propose to try the optimization of shape pa-
rameters in a several different frames. Given individual
hypothesis of shape parameters, we are able to evaluate
the sequence posterior and decide which value is optimal.
More formal description is provided in the section .

Individual frame posteriors in the (1) are derived in
Appendix B. There are two different frame posterior:
with not given shape parameters

p(mi,s|Zi) ∝ p(Zi|mi,s)p(s), (2)
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Figure 2: Two views of arm-like object. It consists of
two rigid parts. However, the upper view provides no ev-
idence of that fact. This non-usefulness is reflected by the
uniform distribution of the shape parameters. The bottom
row shows much more useful frame which is reflected by
the distribution.

and given shape parameters

p(mi|mi−1,s,Zi) ∝ p(Zi|mi,s)p(mi|mi−1). (3)

If preceding motion parameters are unknown, then the
prior p(mi|mi−1) has an uniform distribution and equa-
tion (3) reduces to the simpler form without this prior.
The p(Zi|mi,s), usually called likelihood, is proportional
to the coverage of segmented images Zi by model with
given parameters (mi,s). The likelihood can accom-
modate arbitrary appearance information like color his-
togram, edges, etc.

In this work, however, we do not use any appear-
ance information and likelihood is proportional to the
distance between border of silhouettes (segmented im-
ages) and projected ellipsoidal model 1. The p(mi|mi−1)
and p(s) are prior probabilities of motion mi and shape
s parameters, respectively. The prior of motion parame-
ters given preceding motion parameters combines tempo-
ral coherence constraints with natural motion limitations.
The shape prior, which represents the probability of the
shape, is considered to have a Gaussian distribution with
the mean and covariance matrix proportional to the natu-
ral shapes.

Optimization

The sequence posterior is expressed as multiplication of
frame posterior probabilities in (1) where only one of
them (no matter which) is not given shape parameters in
advance. Theoretically, we could obtain shape parame-
ters by optimization p(mk,s|Zk) in arbitrary frame k. As
argued in preceding section however, the approximation
of true value is successful only in the most informative
frames.

The shape parameter optimization is performed by
Algorithm 1. The vector of shape parameters s is called

1More details about the model can be found in Appendix C

hypothesis. Given the hypothesis, motion parameters are
evaluated frame by frame by maximizing the frame pos-
teriors. Then, probability of the hypothesis is calculated
by (1).

First, the algorithm chooses the set of keyframes,
frames which expects to be the most informative. The
selection follows the expected type of motion and the
sampling frequency (frames per second). The keyframes
should (sparsely) cover at least one period of the motion.
The first shape hypothesis is shape which maximize the
prior p(s). Next shape hypothesis are obtained by op-
timization in the keyframes over the shape and motion
parameters.

Second, the motion parameters, given each of hypoth-
esized shape parameters, are evaluated. Finally, sequence
posterior of each hypothesis (i.e. shape and appropriate
motion parameters) is calculated and the most probable
hypothesis is selected.

Algorithm 1 - the sequence posterior maximization.

(1) K is set of keyframe indexes, H is the set of shape
parameters hypothesis.

(2) set the shape parameters to the mean of prior p(s) (i.e
the most apriori probable values).

(3) for each keyframe i ∈ K:
• optimize shape and motion parameters

(m∗,s∗) = argmax p(mi,s|Zi) (equation (2))
• save the s∗ as hypothesis H = H∪ s∗.

(4) for each shape hypothesis s j ∈ H and each frame i
do:
• optimize only motion parameters m∗ =

argmax p(mi|mi−1,s,Zi) (equation (3)).
(5) evaluate sequence posterior (equation (1)) for each

s j ∈H and appropriate motion parameters and choose
the most probable hypothesis. k is number of appro-
priate keyframe.

To make the proposed algorithm working we must
accept some constraints which assure that we, at least
asymptotically, reach the true value of shape parameters.
We have not yet mentioned any constraints on the charac-
ter of the frame posterior probability. Let us denote s true
(unknown) shape parameters which maximize sequence
posterior

s = argmax p(θ |Z).

Let us denote s∗k the shape parameters which maximize
the frame posterior in a frame k. Clearly, if the s∗k = s then
the maximization of the frame posterior in arbitrary frame
provides the true value of shape parameters, but this is too
hard constraint. Nevertheless, since the frame posterior
is the probability of parameters in the given frame, we
should expect it to have the maximum near the s.

By the maximization of the second term p(mk,s|Zk)
of (1) we can find the maximum of frame posterior prob-
ability s∗k . This value is not equal to the optimal value of s
but we expect to be close to it. By the optimization of the



The 3rd European Medical and Biological Engineering Conference November 20 – 25, 2005 
EMBEC'05  Prague, Czech Republic 

IFMBE Proc. 2005 11(1)  ISSN: 1727-1983 © 2005 IFMBE  

 different frames we obtain different values s∗k . We can
evaluate the sequence posteriors given these two differ-
ent shape parameters by the optimization in the remain-
ing frames. Now we express the probability that after the
maximization of shape parameters in K different frames
we obtain at least one vector of shape parameters which
is closer to the s then ε .

More formally, the maxima of frame posteriors are
considered to have a Gaussian distribution with the mean
s and a covariance σ . The covariance, which corresponds
to the model and likelihood selection, is considered to be
as small as possible. Then

e = s− s∗k = N(0,σ)

is of Gaussian distribution too. Note, that we can find ML
estimation of σ from different values of s∗k .

The probability that the maximum s∗k of the frame
posterior in frame k is closer then ε to the true value s
is

pε,σ =
∫

ε

−ε

N(e,0,σ)de.

If we find the s∗k in the K frames independently then the
probability that the maximum s∗k of the frame posterior in
at least one of these K frames is closer then ε to the true
value s is

pε,σ (K) = 1− (1− pε,σ )K .

This function rapidly goes to the 1 in K for reasonable
values of ε and σ . In the end of the Algorithm 1 we obtain
K different values of s∗k k∈K which are used to find a ML
estimation of σ . One of this shape parameters provide
maximal value of sequence posterior. The pε,σ (K) is the
probability that this shape parameters are closer than ε to
the true value of s.

Experiments

Simulated data

a
1−a

Figure 3: Human arm model. θi = (ϕi,a)

In the first experiment we clarify basic principle in
simple example shown in Figure 3. We fit a human arm
model (i.e. open kinematic chain of two ellipsoids) into
an observation sequence (6 frames). We decided for pa-
rameters θi = (ϕi,a), where ϕi (motion parameter) is
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Figure 4: First row shows observation se-
quence (silhouettes) in the frames 1,4,6. Sec-
ond row shows appropriate sequence probabilities
p(a,ϕ∗

1 |Z1), p(a,ϕ∗
1 . . .ϕ∗

4 |Z1 . . .Z4), p(a,ϕ∗
1 . . .ϕ∗

6 |Z1 . . .Z6).

an angle between two main axes and a (shape parame-
ter) is the length of the main semi-axis of the first ellip-
soid. Length of the main semi-axis of second ellipsoid is
1− a and all of the other parameters are fixed. The un-
known parameters of the model are a = 1−a = 0.5, and
motion parameters changes frame by frame ϕ1 = 0rad,
ϕ2 = 0.1rad, ϕ2 = 0.2rad,. . .
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Figure 5: Left: Visualization of probability of different
hypothesis. Right: ϕ values associated with most proba-
ble explanation and ground truth.

According to Algorithm 1, we obtain shape parame-
ter independently in each keyframe (note, that all frames
are keyframes in this simple example). Distribution of
shape parameter a and input sequence are depicted in Fig-
ure 4. Shape parameters computed for different frames
are, of course, different. Each instance of shape param-
eters is called hypothesis k. Given the hypothesis, we
computes motion parameters of the model for whole se-
quence and probability of this hypothesis. Values of nor-
malizated sequence probabilities for each hypothesis are
depicted in Figure 5a.

We can see, that first frames do not provide any in-
formation about the shape parameters because posterior
is equally distributed (see Figure 4). Thus, we obtain
a = 0.18 from the first frame and corresponding incor-
rect vector of motion parameters . Since the third frame
shape starts appear and correct shape and motion param-
eters are calculated. True and the most probable values of
the angle ϕ∗ are in Figure 5b. The most probable shape
parameter a = 0.53. The approximation is inaccurate due
to the simulated noise.
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 Real sequence

We used multiview segmented sequence 2 of human gait
captured by seven cameras. The length of sequence is
about 200 frames. We select each twentieth frame as
keyframe (i.e. 10 keyframes were used). Parameters esti-
mated by our method matched well with the ground truth
which was acquired by a complicated, manually inter-
vened, process. All of the shape parameters (length of
limbs and sizes of body) were calculated correctly. Mo-
tion parameters were computed correctly up to frames
about number 120 (see Figure 6). The ellipsoidal model
is too weak to correctly distinguish arm angles when arms
are close to body and therefore almost invisible in seg-
mented views. It should be noted however, that this is
problem of the weak model not the method itself. Cor-
rect motion parameters produce higher (worse) value of
the criterial function. After the problematic frame, arms
are distinguishable from the body the motion parameters
returns to the correct values.
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Figure 6: Frame 120 - incorrect motion parameters of arm
due to coverage of arms by body. Human arm bends to
the opposite side to cover inaccuracy of the model.

Conclusions

We proposed a method of human body model fitting into
segmented multiview data, which optimize both shape
and motion parameters over the whole sequence. Main
contribution is the probabilistic description which, un-
der reasonable constraint, provides solution near to global
optimum. Moreover, we are able to quantify probability
that we have actually reach the global minimum.
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Appendix A

We will show how to decompose sequence probability
into multiplicative form which is usable for optimization.
The Bayes rule application on sequence posterior proba-
bility p(θ |Z) provides

p(m1, . . . ,mn,s|Z1, . . . ,Zn) =

p(mk,s|Z1, . . . ,Zn)p(m1, . . . ,mk−1,mk+1, . . . ,mn|mk,s,Z1, . . . ,Zn).

The motion and static parameters (mk,s) in the frame k
are dependent only on the multiview image Zk. Therefore
the first term is reduced to

p(mk,s|Z1, . . . ,Zn) = p(mk,s|Zk).

The Bayes rule is similarly applied for the second term to
obtain similar decomposition

p(m1, . . . ,mk−1,mk+1, . . . ,mn|mk,s,Z1, . . . ,Zn) =

p(m1|s,Z1)p(m2, . . . ,mk−1,mk+1, . . . ,mn|mk,s,Z1, . . . ,Zn)

This expression again consists of two terms where second
is decomposed by similar chain application of Bayes rule
to the form

p(m2, . . . ,mk−1,mk+1, . . . ,mn|mk,s,Z1, . . . ,Zn) =

∏
i6=k

p(mi|mi−1,s,Zi).

Substituting these results to the first equation we ob-
tained wanted decomposition of the sequence posterior

p(θ |Z) = p(m1|s,Z1)p(mk,s|Zk)∏
i6=k

p(mi|mi−1,s,Zi).

Appendix B

In preceding Appendix we express sequence probability
as multiplication of frame posterior probability. Here, we
derive how to compute different posterior probabilities.

The frame posterior probability is derived from
generalized Bayesian rule. The joint probability
p(mi,mi−1,Zi,s) can be expressed in different forms
based on different order of decompositions

p(mi,mi−1,Zi,s) = p(mi,s|mi−1,Zi)p(mi−1|Zi)p(Zi)

p(mi,mi−1,Zi,s)= p(Zi|mi,mi−1,s)p(mi,s|mi−1)p(mi−1).

Therefore

p(mi,s|mi−1,Zi)=
p(Zi,s|mi,mi−1,s)p(mi,s|mi−1)p(mi−1)

p(mi−1|Zi)p(Zi)
.

We do not model any prior knowledge about the proba-
bility of multiview image Zi and expect it uniformly dis-
tributed, i.e. p(Zi) = const. The motion parameters mi−1
in the frame (i− 1) are independent on the image Zi in
the frame i, therefore p(mi−1|Zi) = p(mi−1). There are
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 no explicit knowledge about the shape and motion param-
eters and therefore are considered to be independent too
p(mi,s|mi−1) = p(mi|mi−1)p(s). By substituting these
expressions and ignoring constant we obtain exactly

p(mi,s|mi−1,Zi) ∝ p(Zi|mi,s)p(mi|mi−1)p(s).

Similarly, from different forms of joint probability
p(mi,mi−1,Zi,s), we derive motion mi and shape s joint
probability given preceding motion mi−1 and images Zi.
Comparison of equations

p(mi,mi−1,Zi,s)= p(mi|mi−1,Zi,s)p(s|mi−1,Zi)p(mi−1,Zi),

p(mi,mi−1,Zi,s)= p(Zi|s,mi,mi−1)p(mi|s,mi−1)p(s,mi−1)

provides

p(mi|mi−1,Zi,s) =
p(Zi|s,mi)p(mi|mi−1)p(s,mi−1)

p(s|mi−1,Zi)p(mi−1,Zi)
.

Considering independences mentioned above,

p(mi|mi−1,Zi,s) =
p(Zi|s,mi)p(mi|mi−1)p(s)p(mi−1)

p(s)p(mi−1)p(Zi)
.

Simplification of this expression provides

p(mi|mi−1,s,Zi) ∝ p(Zi|mi,s)p(mi|mi−1).

Appendix C

The frame posterior probability (2), (3) consists of likeli-
hood and priors. The priors are probabilities expressing
knowledge given in advance and are considered to have a
simple distribution (i.e. uniform or Gaussian). The likeli-
hood express the probability that the image was induced
by parameters (mi,s). Such probability can be expressed
in many ways. We chose to make it proportional to the
coverage of borders of silhouettes by model projection in
the individual cameras. The model projection and bor-
ders of silhouettes are depicted in the Figure 7. The sum
of distances of pixels from the model projection over all
cameras is inversely proportional to the frame posterior
probability. The distance of the pixel from the model pro-
jection is considered to be the distance of the pixel from
the nearest ellipse.
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Figure 7: The projection of ellipsoidal model to the indi-
vidual cameras (blue color) and the border of segmented
image (red color)

The Euclidean distance between point x and ellipse
requires solving of quartic equation which may have up

four solutions, requiring the one with the minimum dis-
tance to be determined [11]. To avoid the complexity of
evaluating the true Euclidean distance, we proposed an
approximation measure [12].
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