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This paper presents a new appoach of face recognition based on wavelet network using
2D fast wavelet transform and multiresolution analysis. This approach is divided in two
stages: the training stage and the recognition stage. The first consists to approximate
every training face image by a wavelet network. The second consists in recognition of a
new test image by comparing it to all the training faces, the distances between this test
face and all images from the training set are calculated in order to identify the searched
person. The usual training algorithms presents some disadvantages when the weights of
the wavelet network are computed by applying the back propagation algorithm or by
direct solution which requires computing an inversion of matrix, this computation may
be intensive when the learning data is too large. We present in this paper our solutions to
overcome these limitations. We propose a novel learning algorithm based on the 2D Fast
Wavelet Transform. Furthermore, we have increased the performances of our algorithm
by introducing the Levenberg-Marquardt method to optimize the learning functions and
using the Beta wavelet which has at both an analytical expression and wavelet filter
bank. Extensive empirical experiments are performed to compare the proposed method
with others approaches as PCA, LDA, EBGM and RBF neural network using the ORL
and FERET benchmarks.
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1. Introduction

Over the past few decades, biometry has been widely applied to several applica-
tions such as access control, border control systems and so on. Fingerprint and
irisbased identity recognition showed good performances; however they require a
user’s cooperation, who finds them intrusive. Consequently, the current trend goes
to biometrics which can be collected on the move, as the face under different lighting
conditions, facial expressions and changes in head pose.

Ksantini & all propose a novel Bayesian logistic discriminant (BLD) model that
avoids the small sample size problem by using a sparsity-promoting Gaussian prior
over the unknown parameters or weights. Moreover, novel subclass and multino-
mial versions of the model are proposed to address the problems posed by nonlin-
early separable classes and to perform polychotomous classification.?* Sanqiang &
all presents a new Constrained Profile Model (CPM), in cooperation with Flexible
Shape Model (FSM) to form an efficient localization framework. Through Gabor fea-
ture constrained local alignment, the proposed method not only avoids local minima
in landmark localization, but also circumvents the exhaustive global optimization.*2
Jian Yang & all presents the concept of color space normalization(CSN)and two
CSN techniques,i.e., the within-color-component normalization technique and the
across-color-component normalization technique, for enhancing the discriminating
power of color spaces for face recognition.?” Haifeng Hu & all propose a nonlinear
face recognition technique based on neighborhood preserving discriminant analysis
(NPDA). The kernel trick is adopted to allow the efficient computation of local
Fisher discriminant in high-dimensional feature space. Moreover, a direct solution
for obtaining the optimal feature vectors in feature space is presented which can
preserve the most discriminative information.'* Dattatray & all presents a new pat-
tern recognition framework for face recognition based on the combination of Radon
and wavelet transforms, which is invariant to variations in facial expression, and
illumination. It is also robust to zero mean white noise. The technique computes
Radon projections in different orientations and captures the directional features
of face images. Further, the wavelet transform applied on Radon space provides
multiresolution features of the facial images. Being the line integral, Radon trans-
form improves the low-frequency components that are useful in face recognition.
For classification, the nearest neighbor classifier has been used.'®

Neural Networks have been supplied with an access to the frequency analysis
with the introduction of wavelets. A wavelet network has more advantages than
common networks, e.g., faster convergence, avoiding local minimum, easy decision
and adaptation of structure.”38:3% Usually, there are two kinds of wavelet networks,
which are constructed from different ideas.® One is to take the wavelet network as a
special RBF network.3%40 Moreover the training of this kind of wavelet networks is
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to some extent similar to that of RBF networks. The other kind of wavelet networks
is constructed from the wavelet theory.

With the development of wavelet networks, many works would be devoted to
the learning algorithms of wavelet networks. The back-propagation error may be
the most popular algorithm in the learning of wavelet networks.??:30:31:% In the
course of training, the error back-propagation is often combined with Orthogonal

27,29,30,31

Least Square-Backward Elimination, which is used in the selection of net-

work structures. At the same time, many algorithms are proposed to initialize the

38,18 and adjust the structures of wavelet net-

weights,3 accelerate the convergence
works 38 when the error back-propagation is applied to the training algorithms.
Other algorithms besides the error back-propagation are also proposed to train
the wavelet networks, e.g., Kalman filter,3! genetic algorithms 6:20:33

algorithms.?® These above mentioned algorithms mostly stem from the typical neu-

and immune

ral networks, so they seldomly utilize the excellent properties of wavelets, fully, in
the frequency domain though they have accelerated convergence, avoided local min-
imum and overcome overfitting to some extent.

In this paper, we propose a new algorithm for the learning of wavelet networks in
multiresolution domain (MRA) by application of 2D Fast wavelet transform. This
paper is divided into four parts. The first part briefly reviews the theory of wavelet
networks, the multiresolution analysis and the Fast wavelet transform theory in 2D
case. The second part presents the proposed learning algorithm of wavelet networks
using 2D Fast Wavelet Transform. In the third part we present steps of recognition
stage. In the last part, experiments are conducted to demonstrate the efficiency
of the proposed approach by using the ORL and the FERET datasets. To better
evaluate the performance of our approach, we have compare it with other methods
of face recognition. We finish the paper by the conclusion and the future work.

2. Review of wavelet transform and wavelet network in 2D case
2.1. The Continuous wavelet transform (CWT)

The continuous wavelet transform, for a given function f(z,y) € L?(R), is given
by:

0stestys) =~ [ [ 10y B ey =< 0.8 >
(2.1)
All the analyzing wavelets are generated from one mother wavelet by varying the
dilation parameter (a), the translation parameters (b, b,) and the rotation param-
eter (6).
The corresponding inverse wavelet transform that rebuilds the function f from its
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coefficients of wavelets is:

1 o0 2H 1 _ " _
any) =~ / da / / dbydb, [ d0w(a,be,by, 0) (=l Y gy
Cy Jo a3 0 a

|a a
(2.2)
The coefficient Cy, must be different to zero and different to oo so that this inverse

transform exists. This condition, always known as the admissibility condition, must
be verified at the begining of any wavelet transform.

Knowing that Cy is always positive, the admissibility condition can be written as
follow:

oo 2w . 2
0<cy = 27r2/ Hd—w” do Hw(w cosQ,wsinQ)H < 00 (2.3)
wil Jo

2.2. The discrete wavelet transform (DWT)

The CWT has the drawbacks of redundancy and impracticability with digital com-
puters. As parameters (a, by, b,) take continuous values, the resulting CWT is a very
redundant representation, and impracticability is the result of redundancy. There-
fore, the scale and shift parameters are evaluated on a discrete grid of time-scale
plane leading to a discrete set of continuous basis functions.!®%2% The discretiza-
tion is performed by setting 3%: a = af',b, = nbyyal',b, = nby,al’ with ag > 1,
bag, by, > 0 and 6 = 16y, 6y > 0 with [ € N. and So for analyzing a 2D signal, we
use only the family wavelets:

m j—m

iny =1,...,ap
(2.4)
In the case of DWT, the analyzing wavelets are characterized by three new param-

i(ag " —ngbyy, ag "Y—nyby,) withm =1,...,5;n, =1, ...,af)'*

eters: the position parameter n, the scale parameter m (1 < m < j, j represent
the number of scales) and the rotation parameter. The analyzing formula can be
written:

Wm,ng,ny,l = ao_m/2 Z Z Yi(ag ™ — nabay, ag Y — nyby, ) f (@, y) (2.5)

And the inverse wavelet transform is:

f(IC, y) = Zwm,nz,ny,lwl(aamx - nfbfﬂov aamy - nybyo) (26)

The most widely used form of such discretization with ag = 2, by, =1,by, =1
on a dyadic time-scale grid. Such a wavelet transform is described as the standard
DWT.

The selection of the wavelet is made in such a way that basis function set
‘/’mmm,ny,l constitute an orthonormal basis. Several such wavelet bases have been
reported in literature to evaluate a 2D signal using the summation of finite basis
over index m,ny,n, and [ with finite DWT coeflicients with almost no error. All
these wavelets can be derived with an arbitrary resolution and with finite DWT
coefficients.
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2.3. The mutiresolution analysis (MRA)

Multi-resolution analysis (MRA) is often used for signal representations and sig-
nal processing because it can represent signals at the split resolution and scale
space. In multi-resolution analysis, a signal is viewed at various levels of approxi-
mations or resolutions. A complicated signal is divided into several simpler signals
by applying MRA, and each signal is considered separately. From the viewpoint
of signal spaces, the multiresolution analysis consists on, firstly, a scaling function
¢(x) € L?(R) which constitutes an orthonormal basis by varying its position on a
given scale (j). The functions of every scale generate an approximation of a given
signal f to analyze. Secondly, additional functions, i.e. wavelet functions, are then
used to encode the difference in information between adjacent approximations.84

With the one-dimensional scaling function ¢ and corresponding wavelet v, we
can design separable two-dimensional scaling and wavelet functions. The separa-
ble wavelets are viewed as tensor products of one-dimensional wavelets and scaling
functions. If ¢ (x) is the one-dimensional wavelet associated with one-dimensional
scaling function ¢(z), then three 2-D wavelets associated with three sub-images are

given as 3%:

P (x,y) = d(2)v(y) (2.7)
VY (2,y) = (2)(y) (28)
VP (@,y) = d(@)y(y) (2.9)

¢(z,y) = o(z)9(y) (2.10)

where the symbols H, V and D stand for the directional wavelet coefficients. The
transformation basis functions are defined as

q&m’nmny,(z, y) = 2(*m/2)¢>(2*ma: —ng, 2" My —ny) (2.11)

’(/)m,nm,nw<x7y) = 2(_m/2)¢(2_m$ — Ng, 2—my - ny)v’ = {H7 Vv’ D} (212)

Thus, the resulting two-dimensional wavelet transform can be used in an image
flz,y) of size M « N

M—-1N-1

1
Vinina ny, = \/ﬁ Z Z (@, 9)émnan,, (T ) (2.13)

=0 y=0

M-1
. 1
W = >
MM, Mgy
VMN =

=

N-1
Z f(x,y) :rL,anzy,(x?y)’i = {H7‘/7D} (214)
y=0
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The implementation of a MRA of an image produces three detailed sub-images
(HL, LH, HH), which contain respectively the detail coefficients (WH WV, WP)
corresponding to three different directional-orientations (Horizontal, Vertical and
Diagonal) and a lower resolution sub-image LL which contain the approximation
coefficients V. The analyzing process can be iterated in a similar manner on the LL
channel to provide multilevel decomposition. Multilevel decomposition hierarchy of
an image is illustrated in figure 1:

" Decomposition
v | w
wy | wp

Fig. 1. Multilevel decomposition hierarchy of an image with 2-D MRA

The image f can be rebuilted by exploiting all the details and the approximation
of the last scale:

flz,y) = Z Vm,nz,ny,¢m,nm,ny7 + Z Z W’rirb7nz7ny,¢:n,nm,ny7(x’ y),i={H,V,D}
(2.15)
In general, when the ¢, n, n,, constitutes a non 0rthog0na~l basis, it is necessary
to compute first the duals basis composed by the functions ¢, n, n,, of the scaling
functions ¢y, n, n,, to be able to calculate the V, ., n,, coefficients. A dual basis of
a set of functions can be computed by 22

N

Gj =D (®); b with ;=< ¢;,¢; > (2.16)
i=1

The approximation of f at the scale m and the positions n,, n, is gotten by:
Vinnaing, =< I Gmnaing, > (2.17)

With the same manner we can compute the dual family of wavelets and compute
the detail coefficients:

Winny, =< fs U, >0 ={H,V,D} (2.18)
The following figures represent the decomposition steps of signal f using dual

T

wavelets and scaling functions (¢5, .. n, > @mn..n,,) and the reconstitution steps
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with primal wavelets and scaling functions (¢, . », s @m.neny,):

Fig. 3. 2D MRA reconstruction of an image f using primal wavelets and scaling functions

2.4. Wavelet Network Theory

In 1992, Zhang and Benveniste have introduced a new theory called ”Wavelet net-
works” using a combination of artificial neural networks based on radial basis func-
tion and wavelet decomposition. In addition, they have explained how a Wavelet
networks can be generated and showed how they can be used for pattern matching.
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Zhang showed that Wavelet networks are able to handle nonlinear regression of
moderately large input dimension with sparse training data. Moreover, he replaced
the transfer function by an admissible wavelet and he demonstrated that a wavelet
network preserve the property of universal approximation of the RBF networks.?’
Firstly, wavelet network is defined by pondering a set of wavelets dilated and trans-
lated from one mother wavelet with weight values to approximate a given signal f.
In the 2D version, the rotation of mother wavelet is added as a third parameter.
The output of the network is given by the following equation which represents an
approximaton of equation (2.2) when we use finit number of wavelets.

f=Y wi (2.19)
i=1

The corresponding architecture is presented in figure 4, and an example of 2D
neurone from the wavelet network is shown in the figure 5.

| V) Ys) - Wn

N7

nus

Xy X X Y1 Yx Yn

Fig. 4. Wavelet network.
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=

Fig. 5. 2D Neuron based on 1D wavelet functions.

This architecture can be extended by adding some dilated and translated ver-
sions of the scaling function of the corresponding used wavelet in the hidden layer
of the network. In this case, the approximation of the signal is:

p q
f=D wivlf+ vio;, k={HV.D} (2.20)
=1 j=1

| 1
. N . .

X1 X X, Y1 Yi Yn

Fig. 6. Wavelet network using scaling function.

To compute the output weight connections of the wavelet network, many authors
13,41 proposed to use the technique of the projection of the signal f on the dual
basis of the wavelets and the scaling functions of the hidden layer. This learning
technique gives exact values of the weights, but it has a major shortcoming when we
determinate the weights of the hidden layer to the output layer, this lead to compute
the inversion of a matrix ®. The direct solution causes an intensive computation as
the matrix is too large.
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In the section 3, we will propose a rapid method to calculate the connection weights
of a dyadic wavelet network. Then, it will be generalized to any kind of wavelet
network. Our method is based on the Fast Wavelet Transform (FWT), in what
follows, we will review some of the relevant FWT theories, and then we will detail
our proposed learning algorithm.

2.5. The 2D Fast Wavelet Transform (FWT)

The FWT aims to give a simple way to handle the multiresolution analysis, in other
word with the FWT we want to compute the approximation coefficients and the
detail coefficients with other technique, simpler and easier than those which are
based on projection on the dual basis.

In order to fasten the calculation of the approximation and the detail coefficients,
rapid algorithms for decomposition and reconstitution using filter bank are invented.
Known by FWT, those algorithms decrease enormously the consumed time of de-
composition and reconstitution steps.

The four subbands (HL, LH, HH, LL) computed by applying an analyse with
wavalets and scaling functions in previous, are arise from separable applications
of vertical and horizontal filter bank. The filters h and g shown in Fig 7 are one-
dimensional low pass filter and high pass filter, respectively. To obtain the next
coarse level of wavelet coefficients, the subband LL alone is further decomposed
and critically sampled using similar filter bank shown in Fig 7. These results in
two-level wavelet decomposition. Similarly, to obtain further decomposition, the
second LL will be used. This process continues until some final scale is reached.
The decomposed image can be reconstructed (i.e., inverse DWT) using a recon-
struction or synthesis filter bank shown in Fig 8.2 This figure present the principle
of the FWT of an image.?

— 5 M {2 = LL

L» ¢ | |2 M HL

Image

~— 5 {2 P> LH

» g b 12

—{ |2 > HH

I I S

Fig. 7. Rapid decomposition of an image with filter bank.
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IR
e oA e
I » Reconstructed
Image
w2 | 0 :
i | & |
I— Cols —, I_ Rows _|

Fig. 8. Rapid reconstruction of an image with filter bank.

3. Learning Wavelet Network using 2DFWT

In this study, we used the FWT to achieve the decomposition process of a given
signal, and the inverse wavelet transform (Eq. 15) to reconstruct it.

In this section we will show how we can learn a wavelet network only using the
FWT technique. Firstly, the proposed learning algorithm are presented. Secondly,
we detail how we create the library of wavelets and scaling functions. Third, we
presents the calculation of the weights. Fourth, the optimization of the function
nodes and finally Computing the corresponding weight of the optimized function.

3.1. Proposed learning algorithm

Step 1: Building a library of candidate wavelets and scaling functions.40:17:11:12

This step Includes the following items:
(1) Choose the mother wavelet covering all the image to approximate.
(2) Build a library that contains wavelets and scaling functions to be used.

Let’s nominate those functions ¢; with { =1---M x N.
Step 2: An error E between the signal f and the output of the network is used as
a stop learning condition,.
Step 3:Set a signal s equal to the signal f to be learned and initialize the output
network to f =0.
Step 4: Apply a series of FWT to the signal s using the dual set (71,{]) filters in
order to calculate the coefficients «; corresponding to the g; functions of the library.
s can be written :

MxN

5= Z g (3.1)
=1

Step 5: Compute the contribution «;g; of all the activation functions in the library
to reconstruct the signal s.

Step 6: Select from the library the function gg(k is the number of the selected
function) that contributes more in the reconstruction of the signal s.
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Step 7: Optimize the parameters of the g function (dilation, position and rota-
tion) to better approximate the signal s and improve the accuracy of the output
network.

Step 8: The gotten optimized function g, doesn’t belong any more to the library,
we compute the corresponding weight o (detailed in next section).

Step 9: Add the function gj, to the hidden layer of the network that approximate f
and set its corresponding weight to «,. The output of the network is f = f + o/ g,
Step 10: Optimizing the wavelet network architecture: The function gj, not neces-
sarily forms a basis with the previous added functions to the hidden layer. In this
case g}, forms a frame with those functions, a process to reduce the hidden nodes
number and up to date the weights of the network is introduced (detailed in section
3.6).

Step 11:Compute the residual signal s = f — f and return to the Step 4 if you
didn’t come to the end of the learning.

3.2. Creation of the library of wavelets and scaling functions

A sampling on a dyadic grid of dilation and translation parameters is proceded to
the mother wavelet and the corresponding scaling functions, in order to construct
the library of candidate functions to join to our wavelet network.

The content of this library depends on the level of MRA proceded: the first level
contains an equal number of scaling functions, vertical wavelets, horizontal wavelets
and diagonal wavelets. The total number of those functions is M * N (which is the
size of the signal). In the second level, the scaling functions of the first scale are
replaced by functions more dilated (twice than the precedent scale). We have in
the library 3(M * N) of wavelets of the first level, 3 x (MZN) of wavelets of the
second level and i * (MZN) of scaling functions of the second level. We can stop the
sampling at any scale k with k < m(eq.4) but we must complete the library by the
corresponding scaling functions of the last scale (Fig. 9).

.',""' YOV Ll FE ki
'‘yvy'y' Y'yYy'y' Y'yY'y' H
LALAA LAAA LA A A U

Level k >

S A — —
A A A A I ™ A
b Lo o v v O, V. & 7. w V. v
Level k+1 — (? {’ (’ (’ (’ (’
Wavelet and scaling A o

functions ’ ........ | -

Fig. 9. The library wavelets and scaling functions after k MRA scales.



March 27, 2011 14:49 WSPC/WS-IJWMIP 2011-27-3

A novel approach for face recognition based on fast learning algorithm and wavelet network theory 13

3.3. Calculation of the weights

To compute the weights corresponding to the activation functions that belong to
the library, we analyze k (k is the number of the scales) times the signal f with the
dual filters (h,j) of the scaling function ¢ and the wavelet ¢ . The result is a sum of
signals W; corresponding to the weights of the wavelets of the scales j (j =1---k)
and orientations i (i = H,V, D) and the weights V* of the scaling functions of the

scale k.

3.4. Optimization of the function nodes

To increase the efficiency of the network, we optimize the selected function gj of
the step 6 by the search of his translations, dilation and rotation, which provide the
best approximation of the residual signal s. Knowing that the optimization is easier
when the analytical expression of the function to optimize is known, we opted for the
Beta wavelets and scaling functions as activation functions. These functions have
the distinction of having, at the same time, analytical expressions and wavelet filter
bank.* This characteristic motivates the use of these functions in our algorithm.
In addition, they have given very interesting results in many works.*32:40:17 More
details about Beta wavelets and their caracteristics are given in.*3%40:41 An exemple
of beta wavelets and the associated scaling function is represented in figure 10.

2 —"x

0 0 - _—n

Fig. 10.2D Beta wavelets and associated scaling function(a):¢,(b):p?,(c):b ,(d):ab" .

Several optimization methods exist. In this work, we choose the method of
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Levenberg-Marquardt. We optimize the selected function g. Indeed, the param-
eters of this function are used as initialization of this algorithm. The result is a
function g, that performs better the output of the network and approximates the
best the residual signal s.

At a given iteration k, to get the activation function g, we optimize the dilation
parameter a , the position parameters b, and b, and the rotation parameter 6 of
the function gx by minimizing the function:

Ey = a,brf,isz,,e( (f = f —akgr)?) (3.2)

3.5. Computing the corresponding weight of the optimized function

When we select and optimize a function from the library of the wavelet and the
scaling functions to use it in the hidden wavelet network layer, we compute its
corresponding weight by the flowing way:

(1) We have
s=a101 + -t oggy + -+ argr (3.3)

(2) We decompose by FWT the signal g,

gk =M1+ YgE T+ LG (3.4)
(3) Because v # 0 we can write (Proof. Details are provided in Appendix)

1 71 YL
Gk =—Gr— 91— — 9L (3.5)
Yk Tk Yk

In the equation (3.3) we replace gi by the equation (3.5)

1
Szalgl_’_._i_ak(ig;c_ﬂgl_._
Tk V&
V-1 Vk+1 YL
k-1 — Gk+1 — " — 79L)
Yk Tk Yk
+--t+aLgr
1 af
= (01— ok g 4o+ Egh ot
V& k&
L
(ap — akl>gL (3.6)
V&

We deduce the weight o of the activation function gj,

g

. (3.7)

ajp, =
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3.6. Optimizing the wavelet network architecture

The purpose of this section is to deduce the number of functions in the hidden layer
of the network. The idea is that after optimizing the parameters of the selected
function, the result gj, is not necessarily that it forms a base with those of the hidden
layer. In this case,the added activation function gj, to the hidden layer forms a frame
with the previous added ones, it can be expressed by a linear combination of those
existing functions. This process reduces enormously and compresses the network
size. Let’s suppose that we are at the second iteration of the learning and that the
first two added functions are linearly independent, the output of the network is
then:

[ =alg) + b (3.8)

At the third iteration, the approximation of the signal f is given by

f= g+ angy + gy (3.9)
Assuming that in this iteration, the functions are not linearly independent (the
added function depends on the first tow ones), f can be written:

f=alig) +abg + as(V1g) + Dags)
= (o) +ajdh)gy + (@) + azda)gs (3.10)

we can notice that the function g4 was not used as an actication function in the
hidden layer, but to update the connection weights of the previous iteration. the o}
is updated to (o) + a411) and the of is updated to (af + asds).
This example clearly shows that a selected function at a given iteration, will be
used as a kernel function when it forms a base with the functions of the hidden
layer previously selected. Otherwise, it will update the connection weights. It is
easy to verify that the function g; forms a basis with the kernel functions of the
network. It is just enough that its verifies the condition < f, g, ># 0. The method
was proposed fistly by Kruger in his article 23 and it is more detailed in.40

4. Face recognition approach

In the state of the art, 2D face recognition techniques are sensetive to pose and
luminance variations. A number of approaches have been proposed to explicitly
handle pose and luminance variations.?! In this work we present our solution to
overcome these limitations by: Projecting the image in the wavelet space which is
less sensetive to luminance changes and exploiting the morphological caracteristics
of the transfer functions (wavelet and scaling functions). In fact, a wavelet network
approximating a given face can also approximate the same face with another pose by
varying the translatin, dilation and rotation parameters. In this section we present
our contribution in the recognition stage. For each probe image p to recognize, we
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modify the wavelet networks aleady stored in the training stage by optimizing the
kernel functions parameters, in order to approximate this test image. Our method
is composed by the folowing steps:

Step 1: The parameters (a, by, by, 6) of the transfer functions of every training
wavelet network (o, g) are modified in order to approximate the image p. Those
optimizations are made by using the Levenberg Marquardt method. This results on
the creation of new wavelet networks («, ¢)

Step 2: The a are no more the corresponding weights of the ¢’ functions, so the new
o’ connections weights of the obtained networks are recomputed by the 2DFWT
technique.

Step 3: Every network (¢, ¢’) is compared to its origin («, g) by computing the
Euclidian distances.

Step 4: We compare then these distances. Generally, the smallest one concerns the
searched person.

5. Experimental results

In this section we present the results of our face recognition experiment using the
ORL face database of the Cambridge AT&T Laboratories and the FERET ones.
To evaluate better the performances of our approach FBWN2D, we compared it to
other methods of face recognition (neural networks (RBF), PCA, LDA, EBGM).

5.1. FEzxperiments on ORL face database

This database contains 10 different images of each of 40 distinct subjects taken
between April 1992 and April 1994 at Olivetti Research Laboratory, Cambridge,
UK. For some subjects, the images were taken at different times, varying the light-
ing, facial expressions (open/closed eyes, smiling/not smiling) and facial details
(glasses/no glasses). All the images were taken against a dark homogeneous back-
ground with the subjects in an upright, frontal position (with tolerance for some
side movement). The images are in ".pgm’ format and of dimension 92 x112 (width
x height) 8-bit gray levels (Fig. 11).

In the next figure we present the results using the ORL dataset, we can see that
our approach gives the better recognition rate in comparison with other techniques
as PCA, RBF, EBGM and LDA which gives the less performances.

5.2. FEzxperiments on FERET face database

For more evaluation, we used the standard FERET data set including the data
partitions (subsets) for recognition tests. The gallery consists of 14 126 images and
there are four subsets of probe images (fb, fc, dupl, and dup2) that are compared to
the gallery images in recognition stage.! Examples of images from FERET dataset
are presented in figure 13.
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Fig. 11. Subjects of the ORL dataset.
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Fig. 12. Recognition rate of the ORL database.

Fig. 13. Examples of images from FERET Dataset.

Every subject from this dataset have many sessions, by varying the expressions,
luminance conditions and pose. I the next table we present the number of images
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of each subset.

Table 1. Description of the different subset from FERET
Dataset.

Subset Name  Size of Training Subset  Size of Test Subset

fb 1195 1196
fc 194 1196
duplicate I 722 1196
duplicate II 234 864

The next figures shows the recognition rates of our approach in comparaison
with other appoachs sited above, using the four subsets from the FERET dataset.

Our approach

gives for all subsets the best rates, specially in the rank 1 which

is he most secure. For tha others ranks, we have less security, more rate of false
acceptance and better rates of recognitions.
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Fig. 14. Recognition rate of the fb set.
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Fig. 15. Recognition rate of the fc set.
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Fig. 16. Recognition rate of the duplicate I set.
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Fig. 17. Recognition rate of the duplicate II set.
6. Conclusion

The approach used in this work to recognize faces by numeric vision is based on the
Beta wavelets networks. An algorithm of training of these networks based on the 2D
fast wavelet transform and multiresolution analysis theory has been proposed and
has been implemented. Our method of face recognition consists in two main stages:
The training stage which has as object to optimize a wavelets network for every
training face using the proposed algorithm. The second is the recognition stage.
It’s based on the capacity of stored training networks to approximate the face to
recognize. Experiments on two dataset (ORL and FERET) are done to evaluate
the efficiency of our proposed approach. The performances of the Beta wavelets
networks used for face recognition are clear and the results obtained are promoters.
The robustness and the rapidity of the proposed training algorithm that are based
on 2D fast wavelet transform theory increased these performances. We are looking
actually to extend this learning algorithm to 3D case and see its performance in 3D
face recognition.
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Appendix A. Proof of v, # 0
proof. Assume {gx}x is a bases,then we can represent f with a unique manner as

f=oigi+ - +argr+ - +argL (A1)

Since the g;, is the optimized of g, based on (24), it is also obvious that f can be
represented as

f=adig+  + g 1gk—1+ g, + Gk + o+ algr (A.2)
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since aygx contribute the most in the reconstruction of the signal f, so this means
that ay # 0
let suppose that v; = 0. Substituting formula (24) into (A.2), it yields

f=aig+-+ap gk—1+ap(ngr+-+ g+ +7L9L)
+Hag g1+ aLgL (A.3)

since y,gx = 0, formula (A.3) is represented as

f=() +am)g +- -+ (0h 1 + 0 k—1)gk—1 + (i1 + O Ve41)Gkt1
+-+ (o, + apyL) 9L (A.4)

It follows from (A.1) and (A.4) that oy = 0, so this is contradictory to what is
mentioned above that ay g contribute the most in the reconstruction of the signal f
which implies that oy # 0. Hence, the supposition is false which yields to conclude
that v # 0
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