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Abstract—The development of automatic visual control system
is a very important research topic in computer vision. This face
identification system must be robust to the various quality of the
images such as light, face expression, glasses, beards, moustaches
etc. We propose using the wavelet transformation algorithms for
reduction the source data space. We have realized the methodof
the expansion of the values of pixels to the whole intensity range
and the algorithm of the equalization of histogram to adjust
image intensity values. The support vector machines (SVM)
technology has been used for the face recognition in our work.

I. I NTRODUCTION

T HERE are many face identification algorithms proposed
in the literature [1]. However, the task of face iden-

tification still remains a challenging problem because of its
fundamental difficulties regarding various factors in the real-
world such as illumination changes, face rotation, facial ex-
pressions. Nowadays the development of the automatic per-
sonal identification system is a very important issue because
of the wide range of applications in different spheres, such
as video surveillance security systems, control of documents,
forensics systems and etc. In this paper we describe the ex-
perimental face identification system based on support vector
machines.

Our system consists of several typical modules (see Fig. 1)
that are characteristic for the systems of this type such as
block of the image normalization, block of the face detection,
the features’ extraction block, the module of face recognition
(identification).

The block of the image normalization realizes the algorithm
of pixels values reallocation to the whole intensity range
and the equalization of histogram. Application of the given
methods and approaches allows to smooth the illumination
changes among the images.

The unit of face detection performs the known algorithm
of Viola-Jones improved by introduction of the additional
classifier based on support vector machines for the selection
of “caricature of the face”. In this section the image (the area
of face) scaling is performing for the coercion to uniform
data format. The next stage is the features extraction for
decreasing time and computational costs. We execute the di-
mension reduction of source data space with discrete wavelet-
transformation.

Fig. 1. The structure of face identification system

The data prepared come to the earlier trained classifier based
on support vector machines [2]. This block implements the
pattern recognition process.

Nowadays many systems based on various algorithms are
known and are intended for pattern recognition. But a lot
of them were tested on the faces databases only of high
quality. That is why the stage of face detection and image
normalization are missed. The possibility of the joint using
SVM and discrete wavelet-transformation was not explored
in the past. In this paper, we present a new experimental
face identification system based on SVM and DWT (instead
NNPCA [3] in our previous work).

This paper is organized as follows. In the next section
the methods of preparation and normalization of images are
described. In section III the approach for face detection is
introduced. In section IV the discrete wavelet-transformation
as tool for reducing source space of data is considered. The
section V contains the description of classifier for pattern
recognition based on support vector machines. Finally, the
sections VI and VII collect some experimental results and brief
conclusions respectively.

II. I MAGE NORMALIZATION

The great influence has the quality of processed image
for the accuracy of recognition and classification. The first
step in the process of face identification in our system is the
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a) b) c)

Fig. 2. Examples of normalized images: a - input images, b - after application
adjusting image intensity values and histogram equalization, c - after using
median filter.

image preparation and normalization. At first we perform an
expansion of pixels values to the whole intensity range and the
equalization of histogram. The first approach maps the values
in intensity image to new values such that values between low
and high values in current image map to values between 0
and 1. Thus the new pixel values allocate to whole intensity
range. The histogram equalization enhances the contrast of
images by transforming the values in an intensity image so
that the histogram of the output image approximately matches
a specified histogram. Using median filter performs median
filtering of the input image in two dimensions. Each output
pixel contains the median value in the3 × 3 neighborhood
around the corresponding pixel in the input image. After use
these methods the image contains some distortions as sharp
face lines. That is why we apply the median filter for dither
the face features. This part of image processing removes
significantly the illumination changes among the images. The
Fig. 2 illustrates the results of introduction the image pre-
processing methods described above.

III. FACE DETECTION

Face detection is the prior step to face recognition, the
accurate detection of human faces in arbitrary scenes, is the
most important process involved. When faces could be located
exactly in any scene, the recognition step afterwards wouldnot
be so complicated.

In our work the effective face detection algorithm based
on simple features trained by the adaboost algorithm, integral
images and cascaded feature sets have been used. This ap-
proach was proposed by Viola and Jones [4]. Their approach
uses discrete adaboost [5] to select simple classifiers based
on individual features drawn from a large and over-complete
feature set in order to build strong stage classifiers of the
cascade. The structure of a cascade classifier is presented as
follows. At each stage a certain percentage of background
patches are successfully rejected, while (almost) all object
patterns are accepted. This approach has been successfully
validated for frontal upright face detection. The face detection

a) b)

c) d)
Fig. 3. Example rectangle features shown relative to the enclosing detection
window. The sum of the pixels which lie within the white rectangles are
subtracted from the sum of pixels in the grey rectangles. Two-rectangle
features are shown in (a) and (b). Fig. (c) shows a three-rectangle feature
and (d) a four-rectangle feature.

procedure classifiers images based on the value of simple
features. There are many motivations for using features rather
than the pixels directly.

The simple features used are reminiscent of Haar basis
functions which have been used by Papageorgiou et al. (1998).
More specifically, three kinds of features are used. The value
of a two-rectangle feature is the difference between the sum
of the pixels within two rectangular regions. The regions have
the same size and shape and are horizontally or vertically
adjacent (see Fig. 3). A three-rectangle feature calculates the
sum within two outside rectangles subtracted from the sum in
a center rectangle. Finally a four-rectangle feature computes
the difference between diagonal pairs of rectangles.

Rectangle features can be calculated very rapidly using an
intermediate representation for the image which is called the
integral image. The integral image at location x, y contains
the sum of the pixels above and to the left of x, y, inclusive:

ii(x, y) =
∑

x′≤x,y′≤y

i(x′, y′) (1)

where ii(x, y) is the integral image andi(x, y) is the original
image (see Fig. 4 ) . Using the following pair of recurrences

s(x, y) = s(x, y − 1) + i(x, y) (2)

ii(x, y) = ii(x − 1, y) + s(x, y) (3)

(where s(x, y) is the cumulative row sum,s(x,−1) = 0,
and ii(−1, y) = 0) the integral image can be defined in one
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Fig. 4. The value of the integral image at point (x,y) is the sum of all the
pixels above and to the left.

pass over the original image. Using the integral image any
rectangular sum can be calculated in four array references
(see Fig. 5). Clearly the difference between two rectangular
sums can be determinate in eight references. Since the two-
rectangle features defined above involve adjacent rectangular
sums they can be calculated in six array references, eight inthe
case of the three-rectangle features, and nine for four-rectangle
features.

Fig. 5. The sum of the pixels within rectangle D can be calculated with four
array references. The value of the integral image at location 1 is the sum of
the pixels in rectangle A. The value at location 2 isA + B, at location 3 is
A + C, and at location 4 isA + B + C + D. The sum within D can be
calculated as4 + 1 − (2 + 3).

Feature selection is achieved through a simple modification
of the AdaBoost procedure. The weak learner is constrained
so that each weak classifier returned can be depended on only
a single feature [6]. As a result each stage of the boosting
process, which selects a new weak classifier, can be viewed
as a feature selection process. AdaBoost provides an effec-
tive learning algorithm and strong bounds on generalization
performance [7].

The method for combining successively more complex
classifiers in a cascade structure which dramatically increases
the speed of the detector by focusing attention on promising

a) b)

c) d)
Fig. 6. Example of regions faces taken with face detector of Open Computer
Vision library (a,b) and after introduction additional SVM-classifier (c,d).

regions of the image. The notion behind focus of attention
approaches is that it is often possible to rapidly determine
where in an image an object might occur [8]. More complex
processing is reserved only for these promising regions. The
key measure of such an approach is the “false negative” rate of
the attentional process. It must be the case that all, or almost
all, object instances are selected by the attentional filter.

The process of face detector training include two basic
stages. There are a method for constructing a classifier by
selecting a small number of important features using AdaBoost
and an approach for combining successively more complex
classifiers in a cascade structure which dramatically increases
the speed of the detector by focusing attention on promising
regions of the image.

In our work the face detector unit using a boosted cascade of
simple Haar features implemented in the Open Computer Vi-
sion library is applied. However the embedding of Viola-Jones
algorithm is not enough for further recognition processing.
The result image of face contains many data noised for face
identification procedure as background, fragments of clothes
etc. These data decrease the accuracy of valid classification.
The features essential for face recognition process in our
system we selected the region of face containing such features
as eyes, nose, mouth (lips), eyebrows. That why we introduce
additional classifier based on support vector machines for
shaping the face features allocation (see Fig. 6).

The upper and lower triangular regions of face images
contain the noised data as hair (the hairstyle can be changed
anytime), background (example holds the intensity different
levels). The using of additional SVM-classifier allows de-
creasing the noised data level in image and improving the
recognition process.
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IV. D IMENSION REDUCTION AND FEATURE EXTRACTION

Most classification-based methods have used the intensity
values of window images as the input features of classifier.
However, using directly the values of intensity values of image
pixels are dramatically increases the computation time. Onthe
other hand the huge capacity of data contains many waste data
being overfull.

In our approach, we extract direction features via discrete
wavelet transformation (DWT) [9]. The DWT method allows
to choose the most significant coefficients to describe the
region interest of image. Evidently of Fig. 7, the important
part of whole image data rank is in the left upper corner
concentrated. That is why the residual part can be rejected.

Fig. 7. Example of dimension reduction by discrete wavelet transformation

The features extracted vector is presented as the sequence
of more significant wavelet coefficients. In our work the size
of face region extracted in face detection block is100 × 100
pixels. Thus the original data dimension counts 10.000 fea-
tures. Using the most important values of image for feature
extraction we form the sequences with 169 coefficients only.
The second part of data (the dark region of image) is rejected.

This approach removes the necessity processing directly all
pixel values and forms the input sequence for following using
in SVM-classifier.

V. SUPPORT VECTOR MACHINES

The Support Vector Machines (SVMs) [10] present one
of kernel-based techniques. SVMs based classifiers can be
successfully apply for text categorization, face identification.
A special property of SVMs is that they simultaneously
minimize the empirical classification error and maximize the
geometric margin; hence they are also known as maximum
margin classifiers. SVMs are used for classification of both
linearly separable and inseparable data. For multi-class classi-
fication we use the “one-against-one” approach [11] in which
k(k−1)/2 classifiers are constructed and each one trains data
from two different classes.

We can compare the SVMs and a Nearest Neighbor ap-
proach [12]. The Nearest Neighbor approach realizes the
following rule. To classify a new vectorx, given a set of
training data(xµ, cµ), µ = 1, . . . , P we find nearest neighbors
of the unknown vector from the training vectors, after that
calculate the dissimilarity of the test pointx to each of the
stored pointsdµ = d(x, xµ), find the training pointxµ∗ which
is “nearest” tox by finding thatµ∗ such thatdµ∗ < dµ for all
µ = 1, . . . , P , assign the class labelc(x) = cµ.

Fig. 8. Linear separating hyperplanes for the separable case.

Basic idea of SVMs relative to the Nearest Neighbor ap-
proach is creating the optimal hyperplane and calculating the
decision function for linearly separable patterns. This approach
can be extended to patterns that are not linearly separable by
transformations of original data to map into new space due to
using kernel trick. In the context of the Fig. 8, illustratedfor
2-class linearly separable data, the design of the conventional
classifier would be just to identify the decision boundary w
between the two classes. However, SVMs identify support
vectors (SVs) H1 and H2 that will create a margin between the
two classes, thus ensuring that the data is “more separable”
than in the case of the conventional classifier.

Suppose we have N training data points
(x1, y1), (x2, y2), . . . , (xN , yN ) where xi ∈ ℜd and
yi ∈ ±1. We would like to learn a linear separating classifier:

f(x) = sgn(w · x − b) (4)

Furthemore, we want this hyperplane to have the maximum
separating margin with respect to two classes. Specifically,
we wish to find this hyperplaneH : y = w · x − b and two
hyperplanes parallel to it and with equal distances to it:

H1 : y = w · x − b = +1 (5)

H2 : y = w · x − b = −1 (6)

with the condition that there are no data points betweenH1

andH2, and the distance betweenH1 andH2 is maximized.
For any separating plane H the correspondingH1 and H2

we can always “normalize” the coefficients vectorw so that
H1 will be y = w ·x−b = +1, andH2 will be y = w ·x−b =
−1 as shown [10].

We want to maximize the distance betweenH1 andH2. So
there will be some positive examples onH1 and some negative
examples onH2. These examples are called support vectors
because only they participate in the definition of the separating
hyperplane, and other examples can be removed and moved
around as long as they do not cross the planesH1 andH2.

In the space the distance from a point onH1 to H : w ·x−
b = 0 is |w · x− b|/||w|| = 1/||w||, and the distance between
H1 and H2 is 2/||w|| . Thus, to maximize the distance we
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should minimize||w|| = wT w with the condition that there
are no data points betweenH1 andH2:

w · x − b ≥ +1, for positive exampleyi = +1 (7)

w · x − b ≤ −1, for negative exampleyi = −1 (8)

These two conditions can be combined into

yi · (w · xi − b) ≥ 1 (9)

So, this problem can be formulated as

min
w,b

1

2
wT w subject toyi · (w · xi − b) ≥ 1 (10)

This is a convex quadratic programming problem (inw, b) in
convex set.

Introducing Lagrange multipliersα1, α2, . . . , αN ≥ 0, we
have the following Lagrangian:

L(w, b, α) ≡
1

2
wT w −

N∑

i=1

αiyi(w · xi − b) +

N∑

i=1

αi (11)

We can solve the wolfe dual insread: maximizeL(w, b, α)
with respect toα subject to constrains that the gradient of
L(w, b, α) with respect to the primal variablesw andb vanish:

∂l

∂w
= 0 (12)

∂l

∂b
= 0 (13)

and thatα ≤ 0
From equations ( 12) and ( 13) we have

w =

N∑

i=1

αiyixi (14)

N∑

i=1

αiyi = 0 (15)

Substitute them ( 14), ( 15) intoL(w, b, α) we have

LD ≡

N∑

i=1

αi −
1

2

N∑

i=1

αiαjyiyjxixj (16)

in which the primal variables are eliminated.
When we solveαi, we can getw =

∑N
i=1

αiyixi and we
can classify a new objectx with:

f(x) = sgn(w · x + b)

= sgn((

N∑

i=1

αiyixi) · x + b) (17)

= sgn(

N∑

i=1

αiyi(xi · x) + b)

Note that in the objective function and solution, the training
vectorxi is occurred only in the form of dot product.

If the surface separating the two classes are not linear we
can transform the data points to another high dimensional

space such that the data points will be linearly separable [13].
Let the transformation beΦ(·). In the high dimensional space,
we solve

LD ≡

N∑

i=1

αi −
1

2

N∑

i=1

αiαjyiyjΦ(xi) · Φ(xj) (18)

Suppose, in addition,Φ(xi) · Φ(xj) = k(xi · xj). That is, the
dot product in that high dimensional space is equivalent to a
kernel function of the input space. So we need not be explicit
about the transformationΦ(·) as long as we know that the
kernel functionk(xi · xj) is equivalent to the dot product of
some other high dimensional space. There are many kernel
functions that can be used this way, for example, the radial
basis function (Gaussian kernel):

K(xi, xj) = e−||xi−xj||
2/2σ2

(19)

The other direction to extend SVM is to allow for noise, or
imperfect separation. That is, we do not strictly enforce that
there be no data points betweenH1 and,H2 but we definitely
want to penalize the data points that cross the boundaries. The
penaltyC will be finite.

We introduce non-negative slack variablesξi ≥ 0, so that

w · xi − b ≥ +1 − ξi, for yi = +1 (20)

w · xi − b ≤ −1 + ξi, for yi = −1 (21)

ξi ≥ 0, ∀i

and we add to the objective function a penalizing term:

minimize
w,b,ξ

1

2
wT w + C(

N∑

i=1

ξi)
m (22)

where m is usually set to 1, which gives us

minimize
w,b,ξ

1

2
wT w + C

N∑

i=1

ξi (23)

subject toyi(w
T w − b) + ξi − 1 ≥ 0, 1 ≤ i ≤ N (24)

ξi ≥ 0, 1 ≤ i ≤ N

Introducing Lagrange multipliersα, β, the Lagrangian is

L(w, b, ξi, α, β) =
1

2
wT w +

N∑

i=1

(C − αi − µi)ξi − (25)

−(

N∑

i=1

αiyix
T
i )w − (

N∑

i=1

αiyi)b +

N∑

i=1

αi

Neither theξi’s, nor their Lagrange multipliers, appear in the
wolfe dual problem:

maximize
w,b,ξ

LD ≡

N∑

i=1

αi −
1

2

∑

i,j

αiαjyiyjxixj (26)

subject to0 ≤ αi ≤ C

N∑

i=1

αiyi = 0
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TABLE I
THE EXPERIMENT RESULTS

Feature
extraction
time, s

Face recogni-
tion time, s

Training time,
s

Recognition
rate, percent

0,47 0,2 32 84,28

The only difference from the perfectly separating case is that
αi is now bounded above byC instead of∞. The solution is
again given by

w =
N∑

i=1

αiyixi (27)

To train the SVM, we search trough the feasible region of
the dual problem and maximize the objective function. The
optimal solution can be checked using the Karush-Kuhn-
Tucker (KKT) conditions [10].

The KKT optimality conditions of the primal problem are

αi[yi(w
T xi − b) + ξi − 1] = 0 (28)

N∑

i=1

µiξi = 0 (29)

To solve this quadratic programming problem we used the
sequential minimal optimization (SMO) algorithm for support
vector machines [14].

The SMO algorithm searches through the feasible region of
the dual problem and maximizes the objective function

LD ≡

N∑

i=1

αi −
1

2

∑

i,j

αiαjyiyjxixj (30)

0 ≤ αi ≤ C, ∀i

It works by optimizing two αi’s at time (with the other
αi’s fixed) and uses heuristics to choose the twoαi’s for
optimization [14].

VI. EXPERIMENTS

Our system contains two basic blocks. There are training
SVM-classifier module and face identification unit based on
SVM-classifier.

At first we have created the model for pattern recognition
in the future. At this stage we train our SVM-classifier by
the algorithm proposed Jones C.Platt. In our system we used
the libsvm implementation [15] of this algorithm. The one
type input feature vector containing the significant wavelet
coefficients is used both for train and classification.

For testing our face recognition system based on support
vector machines we used the sample collection of images with
size 256-by-384 pixels from database FERET [16] containing
611 classes (unique persons). This collection counts 1.878

photos. Each class was presented by 1 to 3 images. So, to
train SVM-classifier we used 1.267 images where 1-2 photos
introduced each class. 611 images were used to test our
system. Note, that any image for testing does not use in
training process. The results of realized experiments are shown
in the table I.

The time in this table is presented for one feature vector.
Thus, the validity of our system constitutes 84,28% for 515
images.

VII. C ONCLUDING REMARKS

In this paper we have proposed an efficient face identifica-
tion system based on support vector machines. This system
performs several algorithms for ensuring the full process of
pattern recognition. Thus, our system is intended for face
identification by processing the image even low quality. The
time computation expended for face recognition is feasibleto
apply in real-time systems due to the size reasonable of feature
vector.
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