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ABSTRACT

This paper presents a novel technique for 2D human motion
estimation using a single non calibrated camera. The user’s
five crucial human features (head, hands and feet) are ex-
tracted, labeled and tracked, after silhouette segmentation.
The crucial points candidates are defined as the local max-
ima of the geodesic distance with respect to the center of
gravity of the actor region (silhouette) following the silhou-
ette boundary. Selected crucial points are then classified as
head, hands or feet using a probabilistic approach weighted
by a prior human model. The system can run at 50Hz paces
on standard Personal Computers.

1. INTRODUCTION

Currently, the development of human-computer interfaces,
which enable a more natural communication mode between
human beings and computers, is a very active area of re-
search. A recent survey by Gavrila [1] classifies the re-
search in this field in 3 categories: 2D approaches without
explicit shape models, 2D approaches with explicit shape
models and 3D approaches. This work falls into the sec-
ond category. 2D systems do not require special equip-
ment (such as stereo cameras [2]) or 3D articulated human
model [3], and can therefore perform faster and less expen-
sively than the 3D systems, while proving to be very useful
and sufficient in a vast scope of different upraising areas,
like virtual reality (interactive virtual worlds, teleconferenc-
ing), advanced user interfaces (gesture driven control) and
motion analysis (gait-based biometrics, avatar animation).
Technically speaking, this work is related to other 2D hu-
man body-tracking methods such as W4 [4], Pfinder [5]
and Fujiyoshi’s work in pedestrian detection [6]. Never-
theless, even if this above-mentioned articles have remark-
able results in their goals, which is to track and/or moni-
tor whole body motion, they do not contemplate interaction
with separate body parts - and thus feature extraction - as
a priority. W4 has impressive human surveillance capabil-
ities but a fairly coarse body part detection and tracking,

and Fujiyoshi’s work only needs to approximately detect
head and feet in order to achieve its pedestrian detection
goal. Pfinder uses strong flesh-colored color priors. How-
ever, skin color is very environment dependent and may
lead in some applications to unstable results [7]. More-
over color can also be unavailable as with infra-red light-
ing and for instance unusable to detect the feet. The sys-
tem presented in this paper tracks all five human extremities
(head, feet and hands) that overall define a specific human
gesture using pure silhouette analysis, without relying on
any kind of skin color detection or skin color tracking. As
they are the minimal number of points that can be used in
order to characterize human gestures [8], we will hence-
forth refer to these features ascrucial points (CP). They
are detected using geodesic distance maps computed on the
body silhouette and subsequently labeled and tracked us-
ing a probabilistic approach weighted by an adaptive 2D
human model. Results on real image sequences show a
94% average accuracy rate in crucial point detection and
crucial point labeling and tracking. Please visit the follow-
ing link in order to find test sequences and their results:
http://www.tele.ucl.ac.be/˜pedro/icip2005/ .

The paper is organized as follows. In the next section,
we present an overview of the proposed algorithm. In Sec-
tion 3 and 4 details of the crucial point detection and la-
belling are given, respectively. Section 5 is devoted to ex-
periments and performance quantification on video sequences.
Conclusions are given in Section 6.

2. ALGORITHM OVERVIEW

In order to extract the exact 2D posture of the human sub-
ject, called theactor in the sequel, we use one single non-
calibrated camera. This way, the positions of the, at most,
five crucial points (depending on the self-occlusions) are
obtained. The actor silhouette or region is extracted us-
ing a real-time segmentation technique [9], which has very
similar operating specifications as Pfinder’s or other anal-
ogous advanced silhouette-based algorithms. As typically
assumed for this kind of applications, we expect the scene



Fig. 1. Geodesic distance map for a given silhouette.

to be significantly less dynamic than the user and having
overall changes that are small or gradual. The segmen-
tation is achieved using a Walsh-Hadamard transform on
blocks of 4x4 pixels. First, the module calculates the Walsh-
Hadamard transform of the background image. Afterwards,
the module compares the values of the Walsh-Hadamard
transform of both the current and the background images.
When the rate of change is higher than a threshold, this
module classifies the area as foreground.

Once the silhouette is segmented, the posture estimation
algorithm has two main steps:
Crucial point candidate selection: the algorithm extracts
from the silhouette the points that are candidates to be cru-
cial points. This first step is based on the analysis of the
geodesic distance [10] between the silhouette and its center
of gravity (CoG).
Crucial points labeling: once the crucial point candidates
have been selected, we need to find out to which human
features they correspond. We perform the labelling in two
steps. In the first step (tracking), crucial points that were al-
ready labelled in the previous frame are matched with can-
didates crucial points. In the second step (detection), we
assign to crucial point candidates labels that were not as-
signed during the first step.

3. CRUCIAL POINT CANDIDATE SELECTION

We define the crucial points as the five most prominent hu-
man features in the actor region. This notion of prominence
can be translated in terms of distance from the CoG to the
silhouette. We propose a robust method to search for crucial
points based on the extraction of those points of the silhou-
ette which represent local maxima of the geodesic distance
with respect to the CoG. The CoG of the actor region is esti-
mated by computing a weighted average of the region pixels
[10]. The geodesic distance from the center of gravityC to
any pointx in the actor regionA is defined as

dA(C, x) = n ⇔ x ∈ δn
A(C) and x 6∈ δn−1

A (C)

where the geodesic dilation ofC using a structuring element
of sizen defined withinA can be expressed as:

δn
A(C) =

n times︷ ︸︸ ︷
δ(...(δ(δ(C) ∩A) ∩A)...) ∩A

Fig. 2. Geodesic distance from center of gravity to silhou-
ette border points. Local maxima correspond to prominent
human features (crucial point candidates).

whereδ is the morphological dilation. A one-dimensional
function is computed representing the geodesic distance func-
tion from the CoG to the silhouette border points. This
function contains the local maxima associated to the cru-
cial points as well as other noisy local maxima. The latest
ones are removed by operating a peak thresholding. Figure
1 presents the geodesic distance map from the CoG and the
silhouette border (lighter border). In Figure 2, the function
representing the geodesic distance evaluated on the silhou-
ette is shown before (gray) and after (black) the threshlod-
ing. The removed local maxima are marked by circles and
the selected local maxima are marked with vertical lines.
This threshold is the factor with which we will be able to
trade off noise removal against local maxima detection sen-
sitivity. It is fixed once and for all depending on the camera
and the working environment. The crucial point detection
phase selects all local maxima still present after the thresh-
olding step. In cases of self-occlusions, the number of de-
tected crucial points can narrow down to two.

4. LABELLING OF CRUCIAL POINTS

The crucial point selection step outputs a list of candidate
coordinatesz(i)

t = (x, y) and associatedintensitiesI(i) whi-
ch are thedynamicsof the geodesic distance local max-
ima [10]. The labelling algorithm classifies each couple
(z(i)

t , I(i)) into one of the six classes: head, left foot, right
foot, left hand, right hand and noise, denoted byΩ = {h, lf,
rf, lh, rh, n}. The algorithm works in two steps: (i) track-
ing existing crucial points and (ii) detecting new appearing
crucial points which were not visible or not detected in the
previous frame. In the tracking step, the temporal continu-
ity of human motion permits to use the previous position of
a given crucial point to aid the classification. To classify a
candidatez(i) we use a Maximum a Posteriori (MAP) rule.
We computeP (ωα|zt, zt−1) for eachωα ∈ ΩT ∪ {n} (ΩT



is a subset ofΩ of tracked points) and assign to the point the
class that has maximum probability, i.e.

ω∗ = argmaxP (ωα|zt, zt−1).

Using Bayes law, the a posteriori probability can be written
as a product of three factors, i.e.

P (ωα|zt, zt−1) =
p(zt, zt−1|ωα)P (ωα)

p(zt, zt−1)
(1)

∝ p(zt|ωα)p(zt|zt−1, ωα)P (ωα), (2)

the normalising factorp(zt, zt−1) can be discarded since it
does not influence the classification. The first factorp(zt|ωα)
represents the prior knowledge available on the presence of
a crucial point (of classωα) at locationzt. This term is com-
puted using a prior probability map described in Section 4.1.
We suppose that the crucial points kinematics, represented
by the second factor, can be modelled as a Gauss-Markov
random sequence, i.e.

p(zt|zt−1, ωα) = N (zt; zt−1, Sα), (3)

where the covarianceSα is chosen diagonal. Note that in-
stead of using the crucial point position in the previous frame
as the mean of the gaussian, we could use a predicted posi-
tion ẑt using a first order dynamic system. As for the third
factorP (ωα), it reflects the prior knowledge on classωα. In
our case the classes head and feet have a higherP (ωα) than
hands since hands are much more often occluded than head
and feet.

In the detection step, we try to find new crucial points,
if any, that were occluded or not detected before. We thus
classify the remaining candidate points in the remaining clas-
sesΩ\ΩT ∪{n} applying the same technique but using the
probability map, the prior and the intensity of the candidate
crucial points:

P (ωα|It, zt) ∝ p(zt|ωα)P (ωα)p(It|ωα) (4)

wherep(It|ωα) is modelled by uniform density with differ-
ent parameters for noise and crucial point classes.

Finally, the system does not need any kind of forced
initialization, since for the first frames of a sequence, the
system simply works in pure detection mode until reliable
crucial points are found.

4.1. Prior probability maps

In this section we describe the probability maps used for
computing the factorp(zt|ωα) in equation (2). The map re-
flects our prior knowledge about possible locationzt of the
crucial pointωα. For each frame, a generic map is adapted
to the observed silhouette using its height, center of gravity
and torso angle. To estimate the torso angle, the silhouette

Fig. 3. prior probability map for crucial point labelωα = rh
(right hand).

Fig. 4. Typical results on 4 frames. On the third frame, the
hand is already visible but not yet detected by the algorithm.

is eroded using a large structuring element so that only the
torso area remains. The torso angle is defined as the angle
of the largest axis of the torso area.

Figure 3 shows the prior probability map for crucial
point rh (right hand). Although better results are expected
if the map is learned using real human motion, we experi-
enced that the map does not need to be extremely accurate
to achieve good results. Note that the map can be easily
adapted for analysing different motion types. This enables
a generalisation of the method to other walking creatures
and other applications.

5. EXPERIMENTAL RESULTS

For performance quantification purposes we analyze the same
sequence using a real segmentation and a perfect segmen-
tation performed manually. This allows to separate pure
tracking errors from errors induced by the segmentation.
The test sequence is 380 frames long and displays a vast
scope of human gestures: jumps, walks, hand gesticulation
in all directions and hand and feet inversions and occlusions.
It also represents a good sample of realistic working con-
ditions. This particular sequence and some other real and
synthetic ones and their results are available at:
http://www.tele.ucl.ac.be/˜pedro/icip2005/

We assume that the region of the hand extends from the
tip of the fingers to the wrist, and the feet from the ankle to
the tip of the toes. An error is counted each time a label is
detected outside these regions, or not detected although it is
distinguishable by visual inspection. In figure 4 for exam-
ple, the right hand is not detected in the third frame, yet be-
ing slightly visible: it is thus counted as a missed detection
error. We thus divide the possible errors in two different
sub-classes: erroneous label and missed detection. These
errors are reported in Table 1. The sum of missed detection
and label errors divided by the total number of frames gives



Fig. 5. Segmentation errors due to residual shadows lead to
small foot location bias.

the error rate listed in the table. The average error rate has
a value of5.5% ( 1.9% with perfect segmentation). Table
1 shows also error rates obtained using the same sequence
but manually segmented. The higher error rates found dur-
ing the feet tracking using automatic segmentation are due
to residual shadows segmented below the user. In those
cases feet are labeled very near to the exact foot location,
but still outside the region we defined previously (see Fig-
ure 5). This also explains the dramatic drop in error rates
concerning the feet when comparing real segmentation to
perfect segmentation. Note that the errors are more severe
for the left foot since it creates stronger cast shadows in this
sequence.

Left Right Head Left Right
Hand Hand Foot Foot

Automatic Segmentation
Label Error 4 6 1 47 22

Missed Dectect. 8 4 3 2 4
Error Rate (%) 3.3 2.7 1.0 13.3 7.0
Manually Corrected Segmentation

Label Error 4 6 1 1 2
Missed Detect. 8 4 3 2 4
Error Rate (%) 3.3 2.7 1.0 0.8 1.6

Table 1. Performance on the test sequence.

The most time consuming part of the algorithm is the
geodesic distance map creation, the other parts are very light
from a computational point of view. Nevertheless, a re-
cently proposed approximation [11] of the geodesic distance
computation has been optimized and runs at 150 Hz for im-
age segmentation and body analysis on a standard PC (Pen-
tium IV CPU at 1.5GHz and 256MB of memory). The over-
all algorithm is able to run at 50 Hz frequencies under the
same conditions.

6. CONCLUSIONS

A new technique for robust real-time 2D human posture es-
timation has been proposed. The method relies on the anal-
ysis of geodesic distance maps computed on the actor region
and MAP labelling supported by a statistical human model.

The method is very stable and fast compared to other tech-
niques. Currently, we are working in the possibility of in-
creasing its detection sensibility during self-occlusions us-
ing a skin-detection technique as a back up.
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