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Abstract

An efficient and accurate face modeling based on
Garbor Wavelet Network (GWN) is introduced. GWN
is very useful because it can create sparse representa-
tion of object for fast matching and it is a biologically
motivated feature. However the beauty of GWN is off-
set by inefficient time-consuming modeling of objects.
Therefore an efficient and accurate modeling method is
needed for GWN. GWN prior for faces is learned from
University of Essex Faces94 database using Levenberg-
Marquardt optimization method and K-means cluster-
ing. Then, guided by GWN prior, the new modeling
process efficiently achieves better modeling. To eval-
uate the quality of modeling, sum of squared difference
is used and tracking algorithm is applied to the model
as a verification of our proposed method.

1. Introduction

The top down approach has been used widely in
computer vision. Robust results can be achieved be-
cause solutions are guided by a feasible set of top down
model. Good feature detection and matching also have
been hot research issues in computer vision for many
years. The Gabor wavelets network is combination of
two research issues discussed above because; (1) Ga-
bor filters are good feature detectors[6, 8], (2) Gabor
wavelet networks can represent local image structure
with desired precision, (3) weights and parameters of
each Gabor wavelet are directly related to local im-
age structure and (4) they are invariant to some affine
deformations|3, 8, 4].

In application side, the Gabor wavelets network is
used for face representation, detection, recognition and
tracking. However, the beauty of Gabor wavelet net-
work is offset by expensive computing time for model-
ing, and that sometimes poor results occur when initial
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start points are distant from the solution.

In this work, we introduce an efficient Gabor
Wavelet Network modeling method for faces, which can
be applied to modeling of any generic objects. We no-
tice that optimized Gabor wavelet network representa-
tion of a particular face can be used for tracking of other
faces. Also, a set of selected Gabor filters can be used
to detect face. This is because human face inherently
has common structure.

Therefore statistics of Gabor wavelet network of
face (GWNF) could yield some common characteristics
such as common orientation of filters, common scal-
ing factor for horizontal and vertical axes and so on.
Once those common characteristics of GWNF can be
extracted, the information can be served not only for
priors of modeling of given object instance but also for
detection of the object.

For the rest of this paper, building of Gabor response
prior is discussed in section 2, modeling based on prior
is discussed in section 3, application to tracking is dis-
cussed in section 4 and the conclusion is made in section
5.

2. Gabor Response Prior
2.1 Alignment of face database

113 male frontal faces in the Face94 database[1]
were used to learn GWN prior. Due to the variation
of face such as location, tilt orientation and scale, mid-
point between eyes, top leftmost point of left eye brow,
top rightmost point of right eyebrow and chin point are
selected manually. Points selected can be used to find
scaling, location and tilt variation of the each face; thus
they can be used for normalization. After the selection
of the above points, the correction of face tilt is per-
formed by rotating the face with the rotation center be-
ing the midpoint of between the eyes as can be seen in
Figure 1. Tilt angle is computed using either the mid-






Figure 2. The left is the result of K-means
clustering and the right is the result of a
Gabor wavelet network constructed from
16 cluster centers.

Figure 3. With the rotation information in
the plot, we can further restrict search
range of Gabor orientation; this approach
is also found in [5]

extracted and these values are used to bring the pre-
computed 16 representative Gabor wavelets to the co-
ordinates of input image. By restricting small variation
of Gabor filter parameters(s,,sy,tz,t, and rotation an-
gle), optimization process in 2.2 is performed. Because
search range is bounded to a small but likely region, the
process is efficient and robust. As illustrated in Figure
4, the face modeling without the GWN prior tends to
cluster at one particular point, thus its modeling result
does not capture the essence of the face well. However,
that is not the case with our method.

3.2 Evaluation

To evaluate the quality of optimization, a standard
sum of square difference was used. As can be seen in
Figure 5, modeling based on GWN prior has lower SSD
than the standard modeling method and it is also more
efficient.

Figure 4. Upper row shows optimiza-
tion using without GWN prior, lower row
shows optimization using with GWN prior

4. Tracking

The method used is the same as in [3, 8, 4]. However
only the similarity transform is allowed here.

Uy (x) = Zi win, (SR(x  ¢)) (5)

where S,R and c is scale, rotation and translation ma-
trix. The deformation is performed by equation (5) and
new set of weights which will be compared with model
weights are given by

1
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where J is an incoming input image. Similarity mea-
sure between model and new image is given by

Similarity = kmodel weight - new weightk,  (7)

As can be seen Figure 6, good tracking result was
achieved. The tracker exhibits some errors about 5
frames with respect to scaling and tilt rotation. How-
ever throughout the entire sequence, it could success-
fully track face with respect to translation, rotation and
scale changes.
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Figure 6. Tracking results of selected frames. Tracker was accurate with respect to scale and
orientation variation except for the 5 frames around frame 39. As can be seen (b) and (d),
tracker successfully tracked face against tilt change and as can be seen (e) and (f), tracker was

well adapted to scale changes as well.
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Figure 5. Our method is more efficient
and also more accurate than the standard
modeling procedure

5. Conclusion and Future work

Modeling based on the GWN prior shows efficient
and better approximation in terms of the Sum of Square
Difference similarity measure. However, with applica-
tion to tracking, the performance of modeling should
be evaluated not by just similarity measure but also by
the result of tracking. Furthermore it is more interesting
to see the application of our approach to face detection
where our approach is used to learn not only a simple
model but also a complex model by adjusting the num-
ber of Gabor wavelets for a boosted cascade of features
asin [7].
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