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Abstract The face plays an important role

in human communication and thus real-

time tracking of the head is a relevant is-

sue in vision-based human-computer inter-

action. Tracking is a prerequisite for face

or facial expression recognition as well as

for gesture and sign language recognition,

where a reference position for the extrac-

tion of manual features is required. In the

latter case occlusion by the hands is an in-

trinsic problem of the application, which can

disturb the head tracker and lead to erro-

neous position calculations. Under the as-

sumption that shape knowledge could provide

robustness against partial occlusion, an ac-

tive shape model (ASM) was implemented

for head tracking. It was tested on a set

of 152 sequences of labeled images showing

a person signing in German Sign Language.

Results were compared with the CAMSHIFT

tracker, which is known for its robustness.
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1 Introduction

Research in vision-based human-computer in-
teraction is supposed to yield innovative in-
put devices that are more natural and intu-
itive to handle than traditional ones. Track-
ing human heads and faces is an important
subtopic, which has a large range of applica-
tions, e. g. video game control [5], facial anima-

tion of computer graphics characters [12], hand
gesture recognition [14], and others [13, 15].
In hand gesture recognition the face center of-
ten serves as a reference point to describe the
relative hand positions. However, an intrinsic
problem in this application is possible hand-
face overlap and occlusion, which can cause
substantial distortion to the face tracker and
lead to errors when computing spatial hand-
face relations. Simple blob detection and blob-
growing algorithms [12] are especially suscep-
tible to distortion, because overlapping objects
can hardly be separated reliably and therefore
have to be described by an unprecise common
center. Approaches with restricted search win-
dows, like CAMSHIFT [5], are better suited for
tracking the head despite of overlap since these
have been developed with this explicit aim.
But nevertheless position distortions are pos-
sible when a distracting object, i. e. the hand,
enters the search window.

In this work a head tracker with an active
shape model (ASM) was implemented, assum-
ing that knowledge of the human head shape
can improve robustness against hand overlap
and occlusion. ASMs represent deformable
border templates that can align themselves to
defined image features [6, 11]. Thereby the de-
formation of an ASM is regularized by a point
distribution model (PDM) estimated over a
given training set of valid shapes. For head
tracking it can safely be assumed that the vari-
ation of the shape is small enough to justify the
use of a linear PDM, because the head is a rigid



Figure 1: Example frames from manually segmented test and training data

object with mostly ellipsoidal appearance. Ar-
ticulated objects like the hands would require
non-linear PDMs [3, 4, 9, 10].

The behavior of an ASM depends on the
search strategy for image features and the
alignment process. The standard strategy is
to search for strong edges in the proximity of
the ASMs current position [6, 8]. Other search
strategies are gray-profile correlation [7, 10] or
random sampling [2]. The alignment process
generally considers all located features equally
significant. In [7] a method for outlier deletion
is described, for wrongly detected features can
cause misalignment.

The implementation described here uses a
combination of border strength and gradient
of skin color likeliness, since the region within
the shape has to be skin colored and the region
outside non-skin colored. Thereby it can be
avoided that the ASM aligns to borders belong-
ing to nearby located hands. A modified align-
ment method for considering reliability values
for located feature points is also introduced.

Experimental results show the advantages
compared to the standard ASMs and the
CAMSHIFT tracker regarding the ability to
deal with overlap and occlusion by the hands.
The test material consists of 152 signs from
German Sign Language (GSL) with 10 rep-
etitions each. The data represents the re-
quirements of a real-life application, where

hand face overlap is inevitable and can not
be avoided by carefully selecting a set of non-
hand-face overlapping gestures. The signs have
an average duration of two seconds at 25 fps,
resulting in a total of approximately 70.000
images. These were all segmented manually
to provide a reliable reference for comparison
with the automated approach (see figure 1).
Because of this special reference data set that
can not be generated automatically, the result
of this work may be regarded as unique in its
kind. The following sections will give some de-
tails about ASMs and PDMs and describe the
modifications applied in this work. Afterwards
some experimental results will be presented.

2 Shape estimation and mod-
eling

The PDM used here is generated from one
variation of the training set with M = 6278
manually segmented head shapes each repre-
sented by a selection of N = 40 characteris-
tic points. To have an equal number of points
with equal physical correspondence across the
training set, the shapes are automatically nor-
malized with regard to center, orientation, and
size. Then the shapes are sampled clockwise by
a bi-linear interpolator, starting at the lower
intersection point of main axis and shape bor-



der. Each shape may then be regarded as
a single point in the 2N -dimensional shape-
space. The whole training set forms a com-
pact distribution in shape-space and can be
described statistically by a mean-shape and a
shape-covariance matrix under the assumption
of a normal distribution. This procedure is il-
lustrated in figure 2.

xi = [x1, y1, x2, y2, . . . , xN , yN ]T ∈ R2N

mean x =
1
M

M∑
i=1

xi

covariance Σ =
1

1−M

M∑
i=1

(xi − x) · (xi − x)T

Figure 2: Sampled shapes of the user’s head
and resulting point distribution model with its
statistical parameters

Principal components analysis of the shape
training set delivers the orthogonal main
directions of the distribution ordered by
magnitude of variance, i. e. the eigenvectors

ϕi ∈ R2N ordered by eigenvalues λi. The first
t � 2N eigenvalues already convey a signifi-
cant amount of variation, thus disregarding the
remaining corresponding directions results in
substantial data compression with only a small
variation loss. In this case the loss is selected to
be less than 5%, leading to the first 36 princi-
pal components. The head-shape and its vari-
ation can be modelled with the most signifi-
cant principal components according to equa-
tion 1, where Φ ∈ RN×t is a matrix composed
of the first t eigenvectors ϕi as columns and
w ∈ Rt is a vector of weights. Thus a shape
x is expressed as additive combination of the
mean-shape and the weighted sum of principal
components.

x = x + Φ ·w (1)

Resolving equation 1 for w delivers equation 2.
A shape x can then be said to have a represen-
tation in the eigenspace, which is defined by
only the most significant eigenvectors. Note
that the inverse matrix Φ−1 = ΦT , since Φ is
orthonormal.

w = ΦT (x− x) (2)

The advantage of this representation is the
more compact description of the training set
and its variation and the possibility to deal
with these variations in a well directed way.
For instance, for a given shape the contribu-
tion of the main modes of variation can be de-
termined in descending order of significance by
equation 2. On the other hand the accordant
shape for a given set of weights can be calcu-
lated by equation 1. By postulating wi < k ·λi,
k ∈ R a constraint for valid shape variations
can be introduced, that delimits a sub-space
in the eigenspace. Any point outside this sub-
space is regarded as an outlier and hence as an
invalid shape. The influence of varying only
one weight wi within the given limits while set-
ting all other to 0 is shown in figure 3. As can
be seen the effect on the shape deformation
decreases with increasing rank of the principal
component.
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Figure 3: Influence of principal components
for varying weights wi within the sub-space of
valid shapes

3 Shape alignment

The ASM is a polygon with the points of
the underlying PDM as vertices. Initially it
is placed near the modelled object’s position.
Then from each vertex a search perpendicular
to the border is started to find the strongest
edge feature in the image. Perpendicular
search has been shown to be optimal consider-
ing the point correspondence problem (see [2],
p. 123). The mean shape is now coarsely po-
sitioned by globally translating, rotating, and
scaling all points with regard to their common
center, in order to fit the located new points
as closely as possible. The residual differences
are considered as a result of deformation and
hence the deformation weight vector w is com-
puted and possibly corrected by projecting it
into the sub-space of valid shapes.

The whole procedure is repeated with the
corrected shape until the shape change between
two consecutive repetitions is smaller than a
postulated precision. Thereby the shape differ-
ence is measured as the root-mean-square dis-
tance of all point pairs, which is a commonly
used metric defined in terms of the L2-norm.
For two shapes x and x′ the distance metric is
given by equation 3.

d =

√
1
N

(‖x− x′‖2)2 (3)

Finally, tracking is the result of subsequently
applying the last located active shape model to
the next image.

4 Modifications

One drawback of the standard ASM is that it
aligns to edges without considering further lo-
cal information. For example, a hand located
near the head in the image has strong edges,
which might make the ASM align to them,
although it should stick to the edges of the
head. Another drawback is that all located
new points are treated as equally important for
alignment. It is more desirable to assign reli-
ability values to located points, because edges
can be differently strong. A weak border can
for example be the result of overlapping hand
and face, which are both skin colored and have
low contrast. Aligning to such edges can cause
distortions.

Here the first problem is solved by chang-
ing the search criterion to find the best point
considering not only edge strength, but addi-
tionally distance and gradient direction of skin-
color. This decision is based on the observation
that the inside of the ASM will generally be
skin colored while the outside will not. The
computation of the skin color property is de-
scribed in [1]. Figure 4 is a visualization of the
search procedure and the used features, namely
edge strength and skin color probability. As
shown, strong edges are not necessarily the cor-
rect ones to align to.

The second problem is solved through
a modification in the ASM alignment pro-
cess, by introducing a reliability vector
r = [r1, r1, r2, r2, . . . , rN , rN ]T with 0 ≤ ri ≤ 1
into the process of positioning the mean shape
as well as into the computation of the deforma-
tion weight vector w. The global positioning
is generally formulated as the average trans-
lation, rotation and scaling of all points of the
mean shape necessary to minimize the distance
metric of equation 3 to the shape given by
the located new points. Instead of using the
average, here the weighted displacements are
summed up and normalized with the sum of
all weights, as defined by the set of equations
in 4.



Figure 4: Left: Illustration of the search procedure. Middle and right image: Edges and skin color
probability

t =

N∑
i=1

ri · ti

N∑
i=1

ri

s =

N∑
i=1

ri · si

N∑
i=1

ri

θ =

N∑
i=1

ri · θi

N∑
i=1

ri

(4)

Here ti is the two-dimensional translation
vector, si is the scaling factor and θi is the ro-
tation angle that would be necessary to singly
move each point of the mean shape towards
the located new points. The resulting over-
all transformation parameters t, s, θ are ap-
plied to all points with their common center
as reference for rotation and scaling. Then the
shape deformation is estimated by equation 5,
which derives from equation 2. The modifi-
cation can be interpreted as follows: Points
with a reliability of 1 (very reliable) remain as
they are, whereas points with a reliability of 0
(not reliable) have the same effect as points
exactly matching the corresponding point of
the mean shape. Hence unreliable points are
pulled towards the corresponding point of the
mean shape.

w = ΦT [(x− x) · r] (5)

5 Experiments and Results

In this application the displacement between
tracked and real center of the head is the de-

cisive factor, especially since the face center is
required as a reference position. In order to
assess the tracking quality and to obtain hints
for improvement the average, the variation and
the maximum of the displacement is measured
in pixel units.

Experiments were performed with a different
data set than the one used for estimating the
shape model. The manually segmented frames
served as reference for determining the head’s
actual center position, thus setting the human
performance as benchmark for comparison of
CAMSHIFT, standard ASM, and the proposed
modified ASM. The reliability values required
for the latter approach were chosen to be pro-
portional to the gradient of the considered fea-
ture point if this is located on a valid skin bor-
der and 0 if not.

Tests with all 152 sign sequences showed
that there is no significant performance differ-
ence when the hand does not happen to overlap
or move near the face. Therefore the following
results are given only for a small selection of
signs that represent the more interesting case
of hand-face overlap. Figure 5 for example
shows a single frame of the GSL sign ”Eat”.
The standard ASM is clearly distorted while
the modified ASM behaves more stable lead-
ing to a more precise position estimate. The
corresponding displacement plot can be seen
in figure 6 implying that giving less relevance
to weak points stabilizes the tracker.

Table 1 lists the average displacement for
the given selection of signs. Introducing shape



Figure 5: Visualization of behavior of standard
ASM (left) and modified ASM (right)
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Figure 6: Displacement plot as a function of
frame number for GSL sign ”Eat”

knowledge with standard ASMs generally im-
proves the precision of face position determi-
nation but is not as robust as the CAMSHIFT
tracker as the result for the sign ”Institute” in-
dicates. Applying the modified ASMs as pro-
posed here is both more precise and more sta-
ble. Table 2 contains the overall results for av-
erage, variance and maximum center displace-
ment supporting the statement given above.

6 Summary and Outlook

In this work active shape models are used for
tracking the head position of a person per-
forming signs from German Sign Language.

Table 1: Average displacement of centers for
different signs and different tracking methods

Name of CAMSHIFT Standard Modified
Sign ASM ASM

Evening 3.46 1.90 1.71
Banana 10.76 2.94 0.79

Eat 5.45 3.41 1.78
Ask 5.36 3.09 1.37

(You)Have 6.56 5.12 2.13
Hunger 8.85 1.96 1.08

Institute 3.93 17.09 2.24
Wednesday 6.28 3.39 1.81

Police 3.80 1.58 1.14
Red 5.91 3.34 2.38

Detergent 7.31 1.56 0.76
Center 6.15 2.23 0.89

Frequent overlap of hands while signing leads
to position distortions when using standard
ASMs. This problem is soothed by introduc-
ing a modified feature search and a reliabil-
ity weighting method for located points, which
results in more precise position estimates and
more stable behavior. The method is also com-
pared to the robust CAMSHIFT tracker and
the superiority for determining the face center
position is shown.

The results will now be used in a gesture and
sign language recognition system to yield a re-
liable reference position for tracking the hands
and for computing spatial and temporal hand-
face relations. Thereby the border penetration
of the ASM will be used as a cue for the detec-
tion of hand-face overlap.
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