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Abstract

We propose an efficient 3D upper body tracking
method, which recovers the positions and orientations
of six upper-body parts from the video sequence. Our
method is based on a probabilistic graphical model
(PGM), which incorporates the spatial relationships
among the body parts, and a robust multi-view image
likelihood using probabilistic PCA (PPCA). For the ef-
ficiency, we use a tree-structured graphical model and
use the particle based belief propagation to perform the
inference. Since our image likelihood is based on mul-
tiple views, we address the self-occlusion by modeling
the likelihood of the body part in each view, and auto-
matically decrease the influence of the occluded view in
the inference procedure.

1. Introduction

Body tracking is a problem to track the pose of hu-
man body from video sequence. It is challenging due
to such problems as the high dimensionality of the state
space, the high variability of the body appearance and
self-occlusion. There are a wide range of approaches
have been proposed to estimate or track the body pose.
In general, they can be classified as global method and
local method.

The global method usually parameterizes the body
pose as a set of joint angles. And the body pose is
estimated by minimizing a pose-image matching cost.
However, this minimization process usually include a
searching in the pose space. Since the human body
pose has large number of degrees of freedom (25-50 di-
mensions is not uncommon [1]), searching in this high
dimensional pose space is difficult. Although people
have proposed annealed particle filtering [2] or repre-
senting the pose space using a low dimensional latent
space [12, 11, 13], efficient tracking of the body pose is
still challenging.

The local method addresses the dimensionality of the
state space by model the state of each body part sep-
arately. The state of each body part is a low dimen-
sional variable which includes its position and orienta-
tion. Then the probabilistic graphical model (PGM) is
used to model relationships among the body parts and
their image observations. Finally the body pose is es-

timated by maximizing its posterior probability though
the inference procedure in PGM.

Due to the efficiency of inference, tree-structure
PGM is popular in 2D and 3D body tracking. In the
tree-structure, the torso is the root node, and each body
part is only related to its adjacent parts. For example, in
the pictorial model [3, 4], each body part is parameter-
ized as a 2D rectangle, and the relationships among the
adjacent parts are modeled as a Gaussian distribution.

Similarly, the tree-structured PGM is also used in
the loose-limbed model [9] for 3D body tracking. In
this model, each body part is parameterized as a 3D
cylinder, and the relationships among the adjacent parts
are modeled as Gaussian mixture models (GMMs).
Because of non-Gaussian relationships and the com-
plex image likelihood, they propose to solve the in-
ference problem using Non-Parametric Belief Propa-
gation (NBP). However, they do not consider the self-
occlusion when the image likelihood is no longer reli-
able.

Sigal et al [10] propose to model the occlusion of
each pixel using PGM. However the per-pixel infer-
ence is very time consuming which takes about 5 min-
utes for one frame. Gupta. et al [5] proposed to add
the occlusion links among the body parts to model the
self-occlusion relationships. However, since the new
links introduce the loops in the PGM, they have to
perform several iterations of loopy belief-propagation
which makes it inefficient.

In our framework, the image likelihood of each parts
are obtained from multiple views. We propose to au-
tomatically detect the occlusion of each body part in
each view. If a body part is occlude in one view, we
can automatically decrease the influence of its likeli-
hood and estimate its state based other views and its re-
lationships with other body parts. Since we still use the
tree-structure PGM, we can solve the inference problem
though an efficient particle-based belief propagation.

2. Modeling the upper body using tree-
structured PGM

First, we define the parameters to represent the
upper-body pose. In our work, the upper-body is
composed of 6 rigid body parts, namely, torso, head,
right/left arm and right/left forearm. Each of them is
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modeled as a cylinder as shown in Figure 1(a) (indexed
from 1 to 6).

1 – Torso

2 – Head

3 – Right Arm

4 – Right Forearm
5 – Left Arm

6 – Left Forearm
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(a) Upper-body Pose (b) Tree-structured PGM of upperbody

Figure 1. Upper body is composed of 6
rigid body parts. (a) shows the body
parts. The dark points represent the prox-
imal joint point of the body parts. (b) is
the graphical model of the upper body. s𝑖
and o𝑖 represent the state and the image
observation of body part 𝑖, respectively.

Similar to [14], the state of body part 𝑖 includes its
proximal joint position (𝑥𝑖, 𝑦𝑖, 𝑧𝑖)

𝑇 and the horizontal
and vertical rotations (𝛼𝑖, 𝛽𝑖), as shown in Figure 2.
Therefore, the state of the part 𝑖 is parameterized as a
5-dimensional vector s𝑖 = (𝑥𝑖, 𝑦𝑖, 𝑧𝑖, 𝛼𝑖, 𝛽𝑖)

𝑇 .
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Figure 2. Parametrization of part 𝑖

For pose estimation, the goal is to maximize the joint
probability of 𝑁 body parts (𝑁 = 6 in our case) given
their image observations 𝑝(s1, ..., s𝑁 ∣o1, ..., o𝑁 ). PGM
is an efficient way to represent this joint probability. In
the PGM (Figure. 1(b)), the states and observations of
the body parts are represented as nodes, and the rela-
tionships among the body parts and their observations
are represented as the links. Based on PGM the proba-
bility of the upper-body can be factorized as follows.

First, using Bayes’ rule, the posterior probability of
the upper body can be factorized into likelihood and
prior probability:

𝑝(s1, ..., s𝑁 ∣o1, ..., o𝑁 ) ∝ 𝑝(o1, ..., o𝑁 ∣s1, ..., s𝑁 )𝑝(s1, ..., s𝑁 )
(1)

Based on the PGM, the observation of each body part
is only dependent on its state. Therefore, the likelihood
can be factorized into the likelihood of each body part:

𝑝(o1, ..., o𝑁 ∣s1, ..., s𝑁 ) =
𝑁∏
𝑖=1

𝑝(o𝑖∣s𝑖) (2)

The body part likelihood 𝑝(o𝑖∣s𝑖) is modeled using the
probabilistic PCA, which is discussed in Section 4

Similarly, based on the PGM, the state of each body
part is independent of other parts given its related parts.
The prior can be factorized as:

𝑝(s1, ..., s𝑁 ) =
∏

{𝑖,𝑗}∈E
𝜓(s𝑖, s𝑗) (3)

where s𝑖 and s𝑗 are two body parts which are connected
through links in PGM. The pairwise potential function
𝜓(s𝑖, s𝑗) represents the relationship between two parts.

In this paper, we model the potential function as a Gaus-
sian with zero mean:

𝜓(s𝑖, s𝑗) = N(p𝑗(s𝑖)− p𝑖(s𝑗); 0,Σ𝑖𝑗) (4)

where p𝑗(s𝑖) presents the joint point on body part 𝑖
which is connected to part 𝑗. Σ𝑖𝑗 denotes the covari-
ance matrix of the Gaussian which is learned from the
training data. The learned covariance (using the train-
ing data of subject 1 in the HumanEvaI database [8])
are shown in Figure 3. We represent the underlying co-
variance using the samples (blue points) which are ex-
tracted from the Gaussian distribution (The 3D samples
are also project into three views). We can see that the
variance of the shoulder joint is much larger than the
neck and the elbow joints.

Figure 3. Covariance of the pairwise po-
tential function.

3. Particle-based belief propagation

We utilize the belief propagation [7] to estimate the
posterior of the upper body. Belief propagation is an
efficient inference algorithm which can achieve global
optimization by the local messages passing procedure.
The message passed from the node 𝑖 to its related node
𝑗is computed as:

𝑚𝑖𝑗(s𝑗) =

∫
𝑠𝑖

𝜓(s𝑖, s𝑗)𝑝(o𝑖∣s𝑖)
∏

𝑘∈𝑁𝑒(𝑖)∖𝑗
𝑚𝑘𝑖(s𝑖)𝑑s𝑖

(5)
where𝑁𝑒(𝑖)∖𝑗 represent all the neighbor nodes of 𝑖 ex-
cept 𝑗. Given the messages, the final belief (posterior
probability) of the node 𝑗 can be computed as:

𝑏(s𝑗) = 𝑝(o𝑗 ∣s𝑗)
∏

𝑖∈𝑁𝑒(𝑗)

𝑚𝑖𝑗(s𝑗) (6)

The optimal state of each body part is obtained by max-
imizing its belief.
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However, since this traditional belief propagation
need the integration over the state of each node (Eq.5),
it is only applicable to some simple distributions, such
as Gaussian. In our model, the complex image likeli-
hood makes the final posterior non-Gaussian. We uti-
lize a variation of the Non-Parametric Belief Propaga-
tion [9] to perform the inference. The distribution of
the body part 𝑖 is approximated as a set of particles:
C𝑖 = {s(1)𝑖 , ..., s(𝑚)

𝑖 }. So, the message in Eq.5 can be
computed as:

𝑚𝑖𝑗(s𝑗) =
∑

s𝑖∈C𝑖

𝜓(s𝑖, s𝑗)𝑝(o𝑖∣s𝑖)
∏

𝑘∈𝑁𝑒(𝑖)∖𝑗
𝑚𝑘𝑖(s𝑖)

(7)
In body tracking, the particle set of each body part (C𝑖)
is obtained through the particle filtering of each body
part separately.

4. Image likelihood under Self-occlusions

In this section, we propose a robust image likeli-
hood function with occlusion handling. Considering the
image uncertainty, we propose to use the probabilistic
PCA (PPCA) to model the image likelihood. Due to the
efficiency and robustness, PPCA has been widely use
in face detection. In the multi-view body tracking, we
train the PPCA model (as described in [6]) for each part
in each view separately. For each PPCA model, we first
project the training data into 5-dimensional principal
subspace, and the distribution in this subspace is model
as a Mixture-of-Gaussian (MoG) with 3 mixtures. The
PPCA models for the torso and the right arm are shown
in Figure 4. (We shows the three means of the MoG.)

(a) Torso (b) Right Arm

Figure 4. PPCA model for the body parts
By assuming the image observations in each view

are independent. The multi-view image likelihood in
Eq. 2 can be represented as the product of the likelihood
functions in 𝑀 views:

𝑝(o𝑖∣s𝑖) =
𝑀∏
𝑗=1

𝑝(o𝑗𝑖 ∣s𝑖) (8)

where each likelihood 𝑝(o𝑗
𝑖 ∣s𝑖) is modeled through a

PPCA.
However, in practice, when the part is occluded in

one view, the likelihood in this view will be very low
and affect the final likelihood. To handle this case, we
first compute the average likelihood of part 𝑖 in the 𝑗th
view 𝐿𝑗

𝑖 by averaging the image likelihood of the parti-
cles, which are generated in the particle filtering process
in Section 3. Then, we set a threshold 𝜆𝑗 for each view.
If the likelihood 𝐿𝑗

𝑖 is lower than the threshold, we set

the likelihood of all the particles in that view as a con-
stant:

𝑝(o𝑗𝑖 ∣s𝑖) =
1

𝑀
,∀s𝑖 if𝐿𝑗

𝑖 < 𝜆𝑗 (9)

where 𝑀 is the number of particles.
In this process, the likelihood is uniformly dis-

tributed in the occluded view, so the final likelihood is
mainly depends on other views. In the special case, if all
the views are occluded, the likelihood will be uniformly
distributed for that part, i.e. the first term in the Eq.6 is
a constant. Therefore, the posterior of that body part
will only depends on its relationship with other parts,
i.e. the belief in Eq.6 is computed from the messages
from other parts.

5. Experimental Result

We test our tracking algorithm using the HumanEvaI
database [8]. HumanEvaI is a widely used database for
body tracking. It includes the synchronized motion cap-
ture data, which is treated as ground truth pose, and
the video sequences from multiple cameras. We manu-
ally initialize the first frame, and then utilize three color
cameras from different views to estimate the upper-
body pose in the subsequent frames. The original
database include 6 different actions. Since our model
focus on the upper-body, we only test on the “boxing”
sequences which include significant upper-body mo-
tion.

Our model is composed of two important compo-
nents: the PGM model which incorporates the spatial
relationships among the body parts and the PPCA-based
image likelihood with occlusion handling. First, we
show the effectiveness of the PGM by comparing our
method with the independent part tracker, which track
each body separately using particle filtering. A sample
result frame is shown in Fig.5, we can see that all the
tracked body part are connected in the PGM tracker,
while the independent tracker results in a infeasible
pose where the forearm and arm are not connected. Ac-
tually, the independent tracker fails quickly after this
frame.

Then we show the effectiveness of our occlusion
handling method. Figure 6(a) shows the a sample frame
without occlusion handling. Because the right arm is
occluded completely in the left view (the third view),
the noisy likelihood from this view will influence the
final likelihood. Therefore, the tracking result is not
good. The result can be improved using our occlusion
handling method, as shown in Figure 6(b)

We compute the tracking error of each frame as the
average distance error for the 3D joint positions. In Fig.
7, the blue line and the red line represent the tracking
errors of the test sequence with and without occlusion
handling, respectively. The average errors of the blue
line and the red line are 24.68𝑚𝑚 and 27.72𝑚𝑚, re-
spectively
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(a) Body part tracker

(b) PGM Tracker

Figure 5. Comparing the PGM tracker with
the independent body part tracker

(a) Without occlusion handling

(b) With occlusion handling

Figure 6. Comparing the result w/o occlu-
sion handling

Figure 7. Comparing the PGM tracker w/o
occlusion handling

6 Summary

In this paper, we propose an efficient upper-body
tracking algorithm with occlusion handling. By approx-
imating the distribution of each body part with a set
of particles, and modeling the relationships among the
body parts with a tree-structured PGM, we can estimate
the upper-body pose efficiently though a particle-based
belief propagation. Furthermore, we use the PPCA to
model image likelihood of each body part from multiple
views, and automatically decrease the influence of the
occluded views to achieve robust tracking result. The
experiments on HumanEvaI database shows the effec-
tiveness of our method.
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