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Abstract

We present a novel approach to localization of
objects in clutter images with the use of linear
adaptive filters in a two-object classifier: target
object versus clutter object. An automatic opti-
mized feature extraction processing is suggested to
generate two pair of models: “target” and “clutter”
models from training image databases, and “clut-
ter-like-target” and “target-like-clutter” models
from positive and negative detection errors exam-
ples respectively.

Experimental results obtained on testing database
of known acquisition system containing “face” and
“non-face” objects show that the proposed ap-
proach outperforms other literature reported re-
sults both in term of detection rate and false alarm
rate.

1 Introduction

Object localization is a fundamental problem in
computer vision. One of the typical and challeng-
ing applications in this field that has been exten-
sively investigated is the problem of human face
detection and localization.

A variety of methods have been developed for
solving this problem: Top-Down approaches [1,2],
Bottom-Up approaches [3,4], Statistical ap-
proaches [5,6], Neural network approaches [7,8],
Fast algorithms [9,10], Template matching by
means of matched filter [11], Template matching
by means of linear adaptive filters [12], and others
methods [13,14].

In this paper, we present an approach to localiza-
tion of objects in clutter images with the use of
linear adaptive filters in a two-object classifier:
target object versus clutter object. We will show
that one can optimize linear filters in terms maxi-

mization of the ratio of the filter response to the
target object to standard deviation of its respond to
“clutter objects”. We will refer to this ratio as to
Signal to Noise Ratio (SNR).

As a practical application, localization of frontal
views of human faces in gray-scale images with
complex background is selected for testing the
proposed object localization method.

In most object localization application, the input
images are obtained with a fixed acquisition sys-
tem. The results of experimental testing the devel-
oped method on a database for a fixed acquisition
system show its superior discrimination capabili-
ties in face detection in clutter images.

2 Optimal localization of an exactly
known object target in additive noise

Let u(x—Xg, Y — Yg) be the target object located
in coordinates (Xy,Yo) and x and y denote the

spatial two-dimensional image indices. Let also
assume that the target object is corrupted in the
imaging system by additive noise n(x,y) such
that imaging system output image can be modeled
as

V(X y) = U(X=Xo, Y = Yo) + (X, Y) @

Target coordinates (Xo,Yo) are to be estimated

from the observed input image v(x,y) . The opti-
mal filter frequency response for this case is given
by [15,16]:
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Figure 1: The classification algorithm

where N and U are the Fourier transform of the
noise and target object respectively, * denotes the
complex conjugate operation, f, and f, are the
two-dimensional transform domain indices. The
output correlation image is optimal in terms of the
ratio of target signal peak height to standard devia-
tion of output noise (Signal to Noise Ratio - SNR).

3 Optimal localization of an exactly
known object target in cluttered back-
ground

The optimal filter frequency response for the task
of localizing an object u(x, y) in a cluttered image

v(x,y) is given by [15,16]:
U™ (fy. fy)

H(fy, fy) = >
Aon,y(J Ang lvbg (fx: fy)|

©)

2

where l\/bg(fx, fyl is power spectrum of the
background component of the image scene and
AV, Yo and AVy, denote averaging over un-
known coordinates (xp,yo) of the target object

and over possible realizations of the background
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component of the image respectively. The output
correlation image is optimal in terms of the ratio of
target signal peak height to standard deviation of
clutter component of the image (SNR).

4 Optimal classification of an exactly
known target object and a clutter ob-
jectsclass

Let u(x,y) be the target object and {v(x, y)}be

the clutter object class. We want to find the filter
that will maximize the SNR at its output:
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where ‘Ctr‘ is the squared filter response to the

target object and var({C }) is the variance at the
filter output when it is applied to the clutter class
members.

We can rewrite Equation 4 by applying inverse
Fourier transform with x =y =0 to the numera-
tor and Parseval’s theorem to the denominator:



Figure 2: Examples of faces after illumination
correction and contrast normalization.
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where AV, denotes averaging over the power
spectrum of the clutter class members.

Figure 3: The Average Face

5 Optimal classification of target ob-
jects class versus clutter objects class

If target objects have certain variability, two op-
tions are possible: either to build optimal filter for
every individual representative of the class of the
target objects or to build a filter that will be opti-
mal on average for this class. In the latter case, one

should use the average target object U(fx, fy) in
Equation 7 such that

U (fy, fy)
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6 Optimal classification of two “simi-
lar” object classes

It is not possible to determine the threshold that
discriminates the target object from the clutter
object in the case of two “similar” class objects
since we are using only the averaged object image
in the filter. To overcome this difficulty we sug-
gest using two classification filters as follows:
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Figure 4: “Face-like —Non-Face” clusters.

- y) and
V(fx, fy) are the Fourier spectra of the two simi-

for the second class, where U(f f

lar classes u(x,y) and v(x,y) respectively.
Let CYand CVbe the output signal
ngt(fx,fy) and ngt(fx,fy) filters respec-
tively. The classification criterion is then given by:
cV>cY u

else \
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Input Object = { (12)

7 Theclassification algorithm

When the input object is to be classified (see
Figure 1), the first Hy filter will be applied.

The object is classified as “clutter” if the filter
output is smaller than a predetermined threshold
Thryin » While it is classified as “target” if the filter

output exceeds Thry,, . Intermediates values

imply that the filter cannot reliably classify the
input image. In this case, the second group of {H,}
filters will be applied. The first filter reliably
classifies the input object for the case when the
“target” and “clutter” objects differ substantially,
while the second filter group reliably classifies the
input object for the case of “target- like-clutter”
and “clutter-like-target” similar objects. The fre-
quency response of the first filter is given by:

U Target (. Ty)
AVobj IVCIutter (fx J fy 12

The {H,} filters group is prepared from two sets of
filters:

(12)
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Figure 5: “Non-Face-like-Face” clusters.

HEe(f,, )

*

u Target —like—Clutter (fx ) fy)

12

AVobj I\/Clutter —like—Target (fx ' fy

HS (1, f, )=

*

(13)

\% Clutter —like—Target

(F. 1))

AVobj |U Target—like—Clutter (fx ) fy

]2

If " and Care the maximal output signals of

{H ;'C} and {H 5"} filters groups respectively then

the classification procedure according to Equation

11 is given as

Ctlc > Cclt
else

Target

14)
Clutter
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8 Experimental implementation

We test the described classification algorithm in
the application to detection of human faces in
clutter images.
The averaged “face” image was created from the
database of 124 individual faces (see Figure 2)
taken from the Computer Vision Center, Purdue
University [17]. Each image in the database was
subjected to the following preprocessing steps:

o Cropping the image to exclude empty region.

e Converting color images to monochrome ones

with 256 intensity levels.
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Figure 6: Impulse response of the whitening
filter

Aligning faces to be vertical and fixing the
location of both the center of each eye and
center of the mouth.

Masking the face to include facial feature, hair
and upper part of the shoulders.

Normalizing image intensity by locally
applying the histogram equalization process in
a running window of size smaller than the face
size.

Resampling obtained images to a 32 x 32
pixels size.

Rotating (+5°) and magnifying (1:1.3) the
face width and height to imitate variation in
size and to produce a new artificial set of
training images. This step will make the
classifier tuned to those geometrical
distortions.

The resulting database was as large as 9168 im-
ages. All the database images were accumulated to
produce an average “face” image (see Figure 3).
An averaged “non-face” image was also created
from the database of images that do not contain
faces. The intensity of each image in the database
was locally normalized in the same way as in the
preprocessing step for the “face” database. Then,
the square of the power spectrum of each image
was found and finally the spectra of images of
entire database were accumulated to produce the
average “non-face” image power spectrum.

A database of “face-like-non-face” and “non-face-
like- face” images was prepared by applying H;
filter of Equation 11 to the entire “face” and “non-
face” database and picking up the objects with
lowest correlations (950 from 9168) and those

with highest correlations (650 from 107 objects)

%

15

81 A
: Ml
4 Non \
) Face / Face \
\4
0 : M
0 0.005 0.‘01 0.015 0.62 0.025 0.03 0.035 0.04 0.045 0.05
Correlation

Figure 7: Correlation histogram graph
at the output of Hy filter.

respectively. The new databases were then sepa-
rated into clusters by the K nearest mean algorithm
(see Figures 4,5).

The square of the power spectrum of each “face
like non-face” and “non-face like face” image was
found and the spectra of images of the two classes
were accumulated to produce the average “face
like non-face” and “non-face like face” power
spectrum image respectively. A graph of one-
dimension cross-section of corresponding “whiten-
ing” filter (the denominator part of equations 13)
is shown in Figure 6.

9 Experimental Results

Figure 7 shows solid and doted histogram curves
of the H, filter output when applied on the training
databases of “faces” (9168 objects) and “non-

faces” (107 objects) respectively. The two curve
(Gaussian shape) imply that our training database
is sufficiently large for reliable testing the filter
performance and for reliable selection parameters
Thrmin and Thry,y . Figure 8 shows ROC curves

obtained by testing the described detection algo-
rithm on the training databases. The solid curve
indicates the detection results that were obtained
by applying the H; filter on the “non-face” data-
base and on the “face” database (9168 objects)
separately.

The detection rate indicates the percentage of
correct “face” classification, whereas the false
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Figure 8: ROC graphs obtained from the
training set

alarm rate indicates the percentage of wrong “non-
face” classification. The doted curve indicates the
detection results that were obtained by applying
the H, filter on the “face-like-non-face” and “non-
face-like-face” objects separately. These objects
were not reliably classified and thus were rejected
by the H, filter. They are approximately 20% of
the “non-face” database and 10% of the “face”
database. The dashed curve represents the best
detection results that were obtained by applying
both H; and H, filters. These results indicate that
the detection rate higher than 99% can be achieved
with the probability of false alarms less then 0.01
of percent.

We selected a testing database (different from the
training set) with 100 faces and 8000 non-face
images of 32x32 pixels size. The faces in the
testing database are in the range of tilt angle of

+5%and scale of 1:1.3 magnification orders.
Testing the algorithm on this testing set resulted in
a correct detection of 99 from 100 faces (99%
detection rate), and one wrong detection from
8000 (0.013% false alarm rate).

10 Conclusions

An algorithm for reliable localization of inexactly
known objects in complex images was described.
The algorithm assumes generating, from a training
database, average “target” object and “clutter”
object images and forming from them the optimal
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linear adaptive filters implemented in Fourier
transform domain. To further increase the correla-
tor discrimination capability it is suggested to
additionally to generate, from the database, subsets
of “target-like-clutter” images and “clutter-like-
target” images. The algorithm is capable of auto-
matic feature extraction by the use of the devel-
oped whitening filter. Experimental verification
carried out over database of known acquisition
system has shown 99% detection rate and 0.01%
false alarms rate, which is superior to other known
methods [1-11,13].
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