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2D-Multiwavelet Transform 2D-Two Activation
Function Wavelet Network Based Face Recognition

Walid A. Mahmoud, Majed E. Alneby and Wael H. Zayer

Abstract: The relatively new field of Multiwavelets shows promise in removing some of limitation of
wavelets. This paper introduces a new human face recognition using the combination of Multiwavelet
transform (MWT) and 2D-Two Activation Function Wavelet Network (2D-TAFWN). After taking the
MWT of the image it is required to divide the approximate quarter into four parts and rearrange them in
3D form. Next, this 3D data will be feed into a proposed 2D-Two Activation Function Wavelet
Network.The  proposed  transform  is  considered as a feature extractor of the decomposed reference
images with different frequency sub bands and amid-range frequency sub band for data image to the
representation of the given image. Evaluations have generally shown that the technique of the combination
for  Discrete  Multi-wavelet  Transform  (DMWT) and the Two Activation Function Wavelet Network
(2D-TAFWN) is interesting and promising. The results obtained showed that the combination technique
outperform. Other conventional method that use a given transform with neural Network (NN). It results
in a perfect recognition of 100% to a data base consists of 1000 human face images. 
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INTRODUCTION

Face tracking and recognition are important parts
of our daily lives. Tracking an object under time
varying position and orientation is a basic ability of the
human visual system[1]. Studies [1] show that infants are,
in some way, preprogrammed to recognize and pay
attention to faces more than other objects. Throughout
our lives people present their face as a form of
recognition in person and through the use of photo
recognition cards such as a driver's license or passport.
Since face recognition is so pervasive in the natural
world, it is reasonable to consider faces as a means for
recognition using machines. So far, robust algorithms
to perform automated face tracking and recognition in
unconstrained environments have not been achieved. To
further complicate matters, psychology suggests that the
principal means of recognition used by humans changes
from a primarily feature-based method in childhood to
a primarily holistic-based method in adulthood [1].
Which method, if either, will work best in an
automated recognition system? A great wealth of
research has been done in many fields to determine
how to best track and recognize faces, how to simulate
(or surpass) human face tracking and recognition
performance [2] and how to overcome difficulties that
hinder the development of automated face tracking and

recognition. There are several imaging modalities:
video, infrared and three dimensional (3D) scanning.
Although there has been tremendous research in video,
other modalities deserve attention [4].

Many issues hinder research efforts in the field of
face recognition. Variation exists in every imaging
modality used and finding fast, simple algorithms that
are robust to variation is difficult (as evidenced by
years of research). Categorizing the variation may be
helpful in the development of effective face recognition
algorithms. Intrinsic sources of variation include
identity, facial expression, speech, gender and age [1].
Extrinsic sources of variation include viewing
geometry, illumination, imaging processes and other
objects. Viewing geometry includes pose changes,
either by the observer or the object to be recognized;
illumination changes include shading, color, self-
shadowing and specula highlights; imaging process
variations include resolution, focus, imaging noise,
sampling technique and perspective distortion effects;
variation from other objects include occlusions,
shadowing and indirect illumination. These sources of
variation may or may not hinder the recognition
process depending on which algorithm is used. It is
possible that the variation due to factors such as facial
expression, lighting, occlusions and pose is larger than
the variation due to identity [1,3]. That makes
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identification under such varying environments a
difficult task. However, human proficiency at face
recognition [5] has motivated enormous research in this
area despite these challenges. (The ability of humans to
recognize faces is also an actively researched field with
widely varying results depending on numerous factors. 

Many reviews of face recognition are available[6-10].
Samal and Iyengar[8] describe several techniques they
refer to as nonconnectionist. Most of these techniques
operate on 2D images and are concerned with finding
intra-feature distances, angles and areas. A
complementary survey by Valentin et al.[9] covers
connectionist (statistical) methods of face processing.
Connectionist methods of face processing usually take
2D image data and work with pixel values of entire
face images (instead of extracting features from a
subset of the total pixels for an image as is done in
nonconnectionist approaches). Because full images are
used in these techniques, the relationships between
features within the image, texture and shape
information are preserved. Nonconnectionist and
connectionist techniques are also called geometrical and
statistical  respectively[7,10, 11]. Chellappa et al.[6] draw
the following conclusions: 1) The upper parts of the
face should play a dominant role in recognition, 2)
Eigenface and feature point based methods are
currently the most developed and should undergo
additional testing in realistic situations with thousands
of faces, 3) Neural approaches should be developed
further and should be tested on much larger databases.
The approaches cited in this survey use between 16
and 80 faces. Barrett [7] describes solutions to
automated face recognition as either neural, eigenface,
or wavelet/elastic matching. He then briefly covers
some preprocessing steps (e.g., segmentation and
normalization) and how some modalities within each
method generally work. He concludes that the
computational cost of rigid grid Gabor filtering and
eigenface approaches are equivalent and that elastic
matching, while computationally costly, has superior
robustness  to facial pose and expression variation.
Zhao et al.[8] present a survey of advances in face
recognition techniques since 1995. Of specific interest
is their coverage of the FERET and XM2VTS face
recognition evaluation procedures. 

These evaluation procedures allow for the
comparison of still and video-based face recognition
techniques;  a  task  that has been largely neglected.
For details on the FERET evaluation procedure, see
[13,14, 15]. They conclude that pose and illumination are
still unsolved challenges to face recognition and that
multi-modal approaches to face recognition show
promise.

This paper provides the dynamic algorithm and
step by step method of solution of image recognition

the systems using the combination of the Discrete
Multi-wavelet Transform (DMWT) by using (GHM)
method [16,17] and Two Activation Function Wavelet
Network (2D-TAFWN). This technique is based on
"low pass" block (upper left corner) which actually
contains one low pass sub band and three band pass
sub bands of (L1L1,L1L2,L2L1,L2L2) from the main
band of the original image [18,19,20]. The result obtained
by the suggested method is promising and will shed
some light to encourage researchers to adopt this
technique. Evaluations have generally shown that the
technique of the combination for Discrete Multi-wavelet
Transform (DMWT) and the Two Activation Function
Wavelet Network (2D-TAFWN) is interesting and
promising.  More  theoretical  approaches  are  in 
need to find a simple and easy algorithm to use for
computing Discrete Multi-wavelet Transform (DMWT)
and the Two Activation Function Wavelet Network
(2D-TAFWN) coefficients.

The Proposed 2D-Two Activation Function Wavelet
Network Algorithm: The 2D-TAFWN architecture
approximates any desired image y by generalizing a
linearcombination  of  two  set  of  daughter  wavelets 

               And                 , where  the daughter 1, , ( , )1 2a bh x x 2, , ( , )1 2a bh x x

wavelets               and               are generated 2, , ( , )1 2a bh x x 2, , ( , )1 2a bh x x

by dilation, α and translation, β[21], from  two mother 

wavelets                             ,
1 2
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architecture is shown in Fig (1):
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where 
α : Dilation factor, with α > 0.
β : Translation factor.

          : are the positions of the pixel of the image.( , )1 2x x

A 2D-TAFWN is a 3-layers feed forward neural
network. First the 2D-TAFWN parameters, dilation a's,
translation b's and weight w's should be initialized and
the desired sets of data, the input signal x is the pixel
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value, the desired output (target) y, the number of
scaling functions p (p=2 in this work) and the number
of wavelons k are given( in our proposed method k=3).

Assuming that the network output function satisfies
the admissibility condition and the network sufficiently
approximates the target. The approximated signal of the
network í can be represented by equation:

  (3)
, ,1 1 , ,

ˆ( ) ( , )1 2
p k

j i a bj i j i j i
y x w h x x

 
  

(x1, x2) are the positions of the pixel of the image.
Wj,i is the weight coefficients between hidden and
output layers.

j=1,2,…, p. p=2: a number of scaling functions. 
i=1,2,…, k. k is a number of wavelons.

           is a two set of daughter wavelets generated 
,, ,a bj i j i

h

from  two  mother  wavelets                      as in
1 2
( , ), ( , )1 2 1 2h hx x x x

equations (1) and (2) respectively.
Similar to WN, after constructing the initial 2D-

TAFWN and after calculating output signal of the
network, the training of 2D-TAFWN starts. It is further
trained by the gradient descent algorithms like least
mean squares (LMS) to minimize the mean-squared
error. During learning, the parameters of the network
are optimized.

The 2D-TAFWN parameters wj,i , aj,i and bj,i can
be optimized in the LMS algorithm by minimizing a
cost function or the energy function, E, over all
function interval using equation (5).

  (4)
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The energy function is defined by equations (4)
and (5), y(x) is the desired output (target) and í (x) is
the actual output signal of 2D-TAFWN.

To  minimize  E the method of steepest descent is

used, which requires the gradients          ,          
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each particular parameter wj,i ,  aj,i  and  bj,i  
respectively. The gradients of E are:
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The incremental changes of each coefficient are
simply the negative of their gradients as in equations
(10), (11) and (12). Thus each coefficient w , b and a
of the network is updated in accordance with the rule
given in equations (13), (14), (15).
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Where  (μw  =  μb = μa =0.1) in proposed method
section (3).

The training algorithm of the proposed two
activation function wavelet network consists of the
following six steps:

1. Initialize 2D-TAFWN parameters, dilation a's,
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translation b's and weight w's, p=2, two mother
wavelets filters

                                        , the  desired  
1 2 1 2

, ,
1 2

,
x b x b x b x b

i i i i

a a a a
i i i i

h h
    
    
    
    
     

   

sets of data, the input signal x, the desired output
(target) y and the number of wavelons  is 3 (in
proposed method section(3)).

2. Set: the number of trainings, iter = 0, the
incremental  changes  of  each  coefficient,  (Δw, Δa, 

Δb)=0 and the initial square error,            0.1
iter

E 

3.Calculate the approximated signal of the network
í using equation (3).

4. Calculate the gradients of each coefficient using
equations (6), (7), (8) and calculate the coefficients
incremental changes which are the negative of their
gradients using equations (10), (11) and (12).

5. Choose a constants μw  =  μb = μa = 0.1 and
calculate the new coefficients witer+1 , biter+1 and aiter+1 of
the network in accordance with the rules given in
equations (13), (14) and (15).

6. Calculate  the  square  error  Eiter+1  using
equation (5).

If Eiter+1 is small enough, then the training is good
and the algorithm is stopped. Otherwise, set iter = iter
+ 1 and go to (3).

The Proposed Method For Face Recognition: In this
method taken four face image for each person with
different expression each one of them (256*256) in size
and construct in three dimension (256*256*4) as in
Fig(2) then:

C Taken the Two Dimension Multiwavelet Transform
(2D-MWT) for each image as described by using
(GHM) method[16].

C As in Fig(3,4) taken (L2L2) only for each image
since more information can be get from the image
with minimum size of the image which is the
important characteristics can be get from
multiwavelet transform.

C Taken (L2L2) part for four face image and
segment it for four segments and labeled it from
(1 to 4) Fig. (5).

C For each person images:
C Taken segment(1) for image (1) and entered to

Two Activation Function Wavelet Network (2D-
TAFWN) as described in section(3) where when
the error became small enough, then the training is
good and the algorithm is stopped where at this
p o i n t  s t o r e d  t h e  v e c t o r ( 1 8 * 1 )

(a1,1,a1,2,a1,3,b1,1,b1,2,b1,3,w1,1,w1,2,w1,3,a2,1,a2,2,a2,3,b2,1,b
2,2,b2,3,w2,1,w2,2,w2,3) which used it to represent
segment (1) of image (1) and then stored it in data
base to represent the first person.(in this method
used three wavelons(k=3) and wavelet filters 

(        is POLYWOG4 and            is1
( , )1 2h  

2
( , )1 2h  

RASP1[16].
C Taken segment(2) of image (1) and entered to Two

Activation Function Wavelet Network (2D-
TAFWN) as described in section(3) to get on
vector (18*1) which represent segment(2) of image
(1) and then stored it in data base to represent the
first person.

C Continue for segments (3,4) of image (1) of person
(1), then get on (72*1) vector represent the four
segments of the first image of person1 Fig(6).

C Continue the above procedure for images(2,3,4) for
person (1) then get on a vector (288*1) represent
the four image of person(1).

C Repeated the step (4) for (100) person images
therefore the result data base matrix is (288*100)
as shown in Fig. (8).

The above procedure to get on data base matrix
stored and every test image process as
C Take (2D-MWT) for test image.
C Take (L2L2) only from it.
C Segment (L2L2) for four parts (1,2,3,4).
C Take 2D-Two Activation Function Wavelet

Network for part(1) in order to get (18*1) then
repeated procedure for parts (2,3,4) after that get
on four vectors (18*1).

C Compared each one of the four vectors with the
vectors of the segments in data base matrix by
using correlation between then get on correlation
matrix (16*100) Fig (7).

C The maximum value of the correlation matrix (Fig
(7)) means that the test image represent the person
who is the maximum value lies in his column
where each column in data base matrix represent
one person.

Evaluation Tests: To perform recognition experiments
we first need to create two sets of images: training and
testing. Training images are used to generate a data
base matrix saved to recognition the test images where
in  proposed  method  used  6  face  images for each 
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Fig. 1: Adaptive 2D-TAFWN Structure

Fig. 2: Three dimension facial expression image.
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Fig. 3: Image Sub-bands after a single-level decomposition, for (a) scalar wavelets and (b) multiwavelets.

Fig. 4: (a) Image after one level decomposed 2D-multiwavelet transform. (b) (L2L2) only realized from (a).

Fig. 5: Segmentation of (L2L2) for four segments.
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Fig. 6: Processing on (L2L2) part of the image to get on it’s vector.

Fig. 7: Correlation matrix.

person for training, test images are a set of range
images of faces we wish to identify. Any subject we
wish to identify must have at least one facial range
image in the training data set. The faces in the test
range images need not have the same facial expressions
as those in the training data set. Each test image is
then reshaped as a column vector where in proposed
method used 14 face images for each images, where
each test images entered to the proposed algorithm with
three images in each time, each segment of the three
test images can be represented by a vector (18*1) after
entered the images to the (2DTAFWN), then had 12
vector for test images, these vectors will compared by
the vectors of the data base matrix by using the
correlation in order to give the correlation matrix the
maximum value of this matrix means that the test face
image represented the person who the maximum value
lied in his column where each column in the data base
matrix represented one person.

In comparison with other method of identification
Multiwavelet and Neural Network in[22] which achieved
93% accurate, compared with[23] which achieved only
90% accurate and compared with[24] which achieved
only 94%. also compared with[25] which satisfy 97%
where by proposed method satisfy 100% accurate by
using a data base of 1000 human face image with
different expression. Adding the fact of using only
quarter of the data instead of all transformation
information. 

Table (1). Each row in this table indicates the
results of an experiment in recognition using the
proposed method. The first column shows the number 
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Fig. 8: Block Diagram for Proposed Method

Table 1: Training and Test images with correctly recognition
Training input images % Correctly
Images Test Images confirmation Recognition
200 1000 3 100 %
150 800 3 100 %
60 480 3 100 %
40 200 3 100 %
200 1000 2 99.87 %
150 800 2 99.9 %
60 480 2 99.98 %
40 200 2 100 %

of training images used; the second column shows how
many images were used in the test data set; the third
column shows how many input images need for
confirmation; the fourth column lists the percentage of
correctly identified faces. In all experiments there is no
intersection between the training and test data sets. 

CONCLUSIONS

It was shown throughout this paper that proposed
combination had a great impact on the capabilities of

all image techniques. Method of face identification was
implemented and tested based upon the proposed
combination. This paper introduced a combining of the
Discrete Multi-wavelet Transform (2D-DMWT) of
Repeated Row Algorithm (RRA) and the Two
Activation Function Wavelet Network (2D-TAFWN)
the advantage of this method can be summarized as
follows:
C The combined technique achieved an excellent

result of 100%.
C This method can give an excellent representation

of the data images as well as reduce the huge
information obtained as a matrix to a vector one.

C This proposed combination is important in many
applications particularly when the high data rate is
required and when a limited bandwidth or small
memory is available.
This achieved by the excellent combination

between Multiwavelet Transform and Two Activation
Function Wavelet Network where (MWT) given a good
image with reduced any external effect such as noise
or illustration and with minimum size and without loss
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any information from the image also (TAFWN) given
an excellent feature extraction vector represented the
input image where an image (128*128) can be
represented by (18*1) vector only. Also the
segmentation of the image before entered to the
(TAFWN) reduced the effect of the facial expression.
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