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Abstract. The objective of this work is to track the human motion
from a video sequence, assuming that the motion direction is parallel
to the image plane. Tracking the human body is a difficult task because the human body may have unpredictable movements, the complex
structure and motion of the human body cause self-occlusions and it is
difficult to accurately detect anatomic points in images without using
artificial marks. This paper describes a body tracking algorithm, not relying on the use of artificial marks. The proposed system is able to learn
from previous experience, and therefore its performance improves during tracking operation. The ability of the tracking system to gradually
adapt to a particular type of human motion is obtained by using on-line
learned multi-predictors, defined in a supervised way using information
provided by a human operator. Typically, the human operator is called
often to correct model estimates during the first few cycles of the observed motion, but the rate of human interference decreases as time goes
on. Experimental results are presented to illustrate the performance of
the proposed tracking system.

1

Introduction

Tracking the human body from a video sequence is a challenging problem with
applications in many areas, such as bio-mechanic and virtual reality [5]. Since
motion analysis involves the estimation of the human body configuration in a
large number of images, several researchers have doing important progresses in
attempting to automate this operation [2, 7–9]. Despite the reported advances,
there are still open issues and the research in this area is more and more active.
The main difficulties of the problem are related with (i) the complex structure
of the human body; (ii) the occurrence of self-occlusions; and (iii) the difficulty
to accurately separate the human body from the image background.
One way to circumvent these difficulties is the use of a set of visual marks
glued to the body [5]. This technique makes the tracking operation much easier
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but limits drastically the range of possible applications. Another possibility, not
relying on the presence of artificial visual marks, is to perform the analysis of
the human motion manually, using a graphical editor. This is however clearly
inadequate for many applications because it leads to a very time consuming
task when large video sequences are involved. This paper proposes an interactive
system to track the human body without using visual marks and with learning
ability that reduces the number of user interventions to a minimum. The learning
methods are used to improve the prediction of the body position and shape in
future frames. The paper is organized as follows: section 2 describes the system
overview; section 3 describes the multiple predictors technique used in this study;
section 4 presents the experimental results and section 5 concludes the paper.

2

System Overview

The objective of the system described in this paper is to track the human body
from the analysis of a video sequence. In this context, the shape, motion and
visual appearance are three different measurable body features, which need to
be modelled in some way. In the sequel, the interactive tracking system proposed
in this paper is based on three models: a 2D articulated model, a dynamic model
and an appearance model.

- Joint

Fig. 1. Articulated model.

The 2D articulated model describes the body shape in the image and consists
of 12 segments connected by 12 joints, as well as the head and the two hands
(see fig. 1). The proposed model is closely related to the models used in Robotics
to describe robotic manipulators [4].
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Each segment of the articulated model represents a body part (neck, shoulders, torso, arms, forearms, hip, thighs and legs) which is assumed to be rigid and
with known length. Each joint linking two segments is modelled by a rotation
angle θ and by a translation vector t, which accounts for small displacements of
the rotation center. The articulated model is therefore characterized by a set of
parameters (joint angles and displacement vectors) and some of their derivatives.
The dynamic model rules the evolution of these parameters and is used to
predict the model configuration. In simple cases, it could be defined by a stochastic linear equation. However, such linear dynamic model is inadequate to track
fast or unpredictable human motions. Therefore, the proposed system adopts
an hybrid dynamic model with two components, running in parallel: a trained
linear stochastic equation; and a look-up table (dictionary) containing a list of
exceptions (no linearly predictable model configurations).
The appearance model consists on a set of 1D and 2D RGB profiles, centered
at specific points of the imaged human body. During tracking, those features are
automatically detected in the image using template matching [1].
The proposed tracking system uses these three models to estimate the model
configuration. In each frame, the algorithm performs the following five steps (see
fig. 2):
• prediction - multiple predictors (the trained linear predictor and a set of
predictors stored in the dictionary) are used, in parallel, to guess the position
and shape of the body in the current frame;
• feature detection - for each predicted configuration, a set of visual features
is obtained from the image, using template matching;
• filtering - this step updates each predicted configuration, using the corresponding visual features obtained in the previous step; this operation is
performed using the equations of the extended Kalman filter [3];
• evaluation - each model estimate is evaluated by measuring its color matching
relative to the appearance model;
• selection - selects the configuration with larger matching score.
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Fig. 2. Block diagram of the tracking system.
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In this system the prediction step plays a central role. In fact, beyond its
normal effect of enforcing the temporal coherence of the estimates, the predicted
model is also used as starting point to localize the image features and to predict
the occlusion of some body parts. In the sequel, only small prediction errors can
be recovered by the filtering step.
In order to improve the quality of the prediction results, the system needs
to incorporate, in some way, learning capabilities. Two learning phases were
considered. The first phase consists of training the linear dynamic model used
to describe the human motion. An improved motion model is obtained after
this stage. However, in general this training model still fails when unpredictable
movements occur. To solve this problem, the referred multi-prediction technique
is used. This technique consists of creating a dictionary of exceptions containing
the predictors for each position of the human body for which the automatic
predictor failed before. Whenever one of these positions occurs in an image, the
dictionary is automatically consulted and the multiple predictor technique is
used.

3

Multiple Predictors

Detecting visual features and guessing which are the features occluded in the
current frame are two related operations performed by the system which depend
on the accuracy of the prediction stage. If prediction error is too large, the
system may not be able to recover and have to be stopped by the operator. In
order to improve the prediction results two types of dynamic models are used,
simultaneously, by the system:
– a linear dynamic model, which enables the system to have a linear prediction
of the model configuration in each new video frame;
– a look-up table (dictionary of exceptions), which enables the system to add
on new predictors whenever a given model configuration is judged as an
exception (in the sense that the next configuration may not be linearly predictable) and therefore it is added a new entry in the dictionary.
The linear dynamic model is defined by the following stochastic linear equation [6],
xk = Axk−1 + wk
(1)
where xk is the state vector containing the unknown model parameters and some
of their derivatives, A is a square matrix characterizing the type of motion, and
wk is a white random vector with normal distribution, accounting for the random
changes of motion parameters.
Matrix A is either specified by the human operator or estimated using a
training algorithm. In this case, the training data is defined by a small number
of previous model configurations obtained in a supervised way and A is estimated
using the method of least squares,
X
Â = arg min
kxk − Axk−1 k2
(2)
A

k
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This learning phase enables the linear predictor to adapt to the specific type of
motion being tracked, increasing the performance of the tracking system.
Figure 3 shows three random sequences synthesized using equation (1), after
performing the training of matrix A. They all correspond to realistic human
motions of the same activity. The trained dynamic model is still able to cope
with motion variability but now in a very controlled way.

Fig. 3. Synthesized random sequences produced by the linear dynamic model after
training.

Unfortunately, human motion is too complex, even in the case of performing
a simple activity, to be dynamically modelled as linear. Typically, there are
always some ’unexpected’ movements (in the sense that they are not linearly
predictable), which have to be considered separately as exceptions. Consequently,
the tracking system considers a second learning phase, wherein a dictionary of
exceptions is dynamically created while the video sequence is analyzed in a
supervised way.
Every time automatic tracker fails, producing an erroneous estimate, the operator interferes performing the adequate corrections to the model. After that,
the estimate obtained in the previous frame is used as a new entry into the dictionary, pointing to the edited configuration (or list of configurations, sharing the
same entry). The dictionary of exceptions stores all model configurations where
the linear predictor has failed as well as the corresponding solutions provided by
the user. Table 1 shows how the data in the dictionary of exceptions is organized:
the i-th entry contains a model configuration x(i) and the corresponding list of
(i,j)
predictors, where xp is the j-th predictor of the i-th entry.
The dictionary of exceptions is consulted whenever one of his entries is close
to the actual model configuration. More precisely, the predictors stored in the
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Entries (x̂k−1 )

Predictors (x̂−
k)
(1,1) (1,2)
xp xp ...
(2,1) (2,2)
xp xp ...

(1)

x
x(2)
.
.
.
x(d)

(d,1) (d,2)
xp ...

xp

(1,n )

xp 1
(2,n )
xp 2

(d,nd )

xp

Table 1. Structure of the dictionary of exceptions

i-th dictionary entry will be used to predict the model configuration at the k-th
frame if the following two conditions are verified,
i = arg min kx̂k−1 − x(n) k,

(3)

kx̂k−1 − x(i) k < γ

(4)

n

and

where γ is a given threshold.
The tracking system uses the dictionary of exceptions as a multiple predictor generator. Whenever one of the exceptions occurs (one of the dictionary’s
entries), multiple predictors are automatically generated and used. At least two
predictors are used when an exception is detected: the linear predictor obtained
using equation (1),
(0)−

x̂k

= Ax̂k−1

(5)

and the model configurations triggered by the exception,
(j)−

x̂k

= x(i,j)
p

(6)

where j ∈ {1, . . . , ni }.
The multiple predictors are used competitively and in parallel in two blocks
of the tracking system (see fig. 2): feature detection and filtering. Different estimates (at least two) are usually obtained and a programmable criterion is needed
to automatically select the best estimate. The criterion adopted is based on color
histograms. For each estimate, a set of such histograms is evaluated, using small
windows centered at the specific body points defined in the appearance model
(see section 2). These histograms are compared (using L1 metric) with the model
histograms (stored in the appearance model) and the estimate obtaining the best
global result is chosen.
Figure 4 shows an example of the use of two predictors to estimate the human
body configuration. Figure 4a shows the linear predictor while in figure 4b it is
observed the predictor provided by the dictionary.
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a)

b)
Fig. 4. Example with 2 predictors: a) linear predictor; b) predictor provided by the
dictionary of exceptions.
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Experimental Results

The tracking system proposed in this paper was applied to four video sequences,
corresponding to different activities (walking, cycling, writing in a board and
running). The first three sequences were acquired with an analog color camera
at 13 frames/seg and the last sequence (running) was acquired with a digital
color camera at 25 frames/seg. The body movements are approximately periodic
in three of the sequences: walking, cycling and running. In the other sequence
(writing in a board) the body movements are not periodic and do not occur
occlusions. In this case, the use of a simple dynamic model without training is
enough. (figura a mostrar as 4 sequncias?...).

Fig. 5. Tracking results for the running sequence in six consecutive frames.
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The automatic system managed to successfully track the three first sequences
without human interventions during the second learning phase. The exception
dictionary and the multi-prediction technique were needed only in the last sequence. Figure 5 shows six consecutive frames of this sequence showing the
tracking results obtained with the interactive system proposed in this paper.
This video sequence has 200 images. Only 9 of them were manually corrected.
The multiple predictors technique was used 38 times, the linear predictor was
chosen 8 times and the predictor given by the exception dictionary was chosen
in the remaining times.
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Fig. 6. Parameters evolution: a) right arm; b) left arm.

10

Rui Jesus et al.

Figure 6 shows the evolution of the rotation angle associated with the arms.
As expected, the evolution is periodic and the arms are in opposing phase. It
should be stressed that a large number of self-occluded segments are present in
this sequence. Furthermore the background (trees) is neither static nor homogeneous. The tracking algorithm manages to solve both difficulties well in most of
the frames.

5

Conclusion

This paper describes a semi-automatic system to track the human body without
artificial marks. The system has learning capability in the sense that the tracking
performance improves during each experiment. Every time the user corrects the
tracker output, the corrected model is stored in a dictionary. This information
is then used automatically by the multi-prediction technique to correct similar
cases in the future.
The main difficulties associated with the automatic operation of the tracker
concern unpredictable motions and the presence of moving non-homogeneous
background. The system is however able to deal with both of these difficulties
well, most of time, as shown in the experiments described in the paper.
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