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Abstract

This paper introduces a novel method for human face
recognition that employs a set of different kind of fea-
tures from the face images with Radial Basis Function
(RBF) neural network called the Hybrid N-Feature
Neural Network (HNFNN) human face recognition
system. The face image is projected in each appropri-
ately selected transform methods in parallel. The output
of the RBF classifiers are fused together to make a deci-
sion. Experimental results for human face recognition
confirm that the proposed method lends itself to higher
classification accuracy relative to existing techniques.

1. Introduction

Face recognition may seem an easy task for humans,
and yet computerized face recognition system still can
not achieve a completely reliable performance. The
difficulties arise due to large variation in facial appear-
ance, head size, orientation and change in environment
conditions. Such difficulties make face recognition one
of the fundamental problems in pattern analysis. In
recent years there has been a growing interest in ma-
chine recognition of faces due to potential commercial
application such as film processing, law enforcement,
person identification, access control systems, etc. A
recent survey of the face recognition systems can be
found in references [1-2].

A complete conventional human face recognition
system should include three stages. The first stage in-
volves detecting the location of face in arbitrary images
[3-4]. The second stage requires extraction of pertinent
features from the localized image obtained in the first
stage. Finally the third stage involves classification of
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facial images based on the derived feature vector ob
tained in the previous stage.

In order to design a high accuracy recognition sys
tem, the choice of feature extractor is very crucial.
main approaches to feature extraction have been extel
sively used in conventional techniques [2]. The first one
is based on extracting structural facial features that ate
local structure of face images, for example, the shapes
of the eyes, nose and mouth. The structure-based ap-

ity of face appearance and environmental condition [ \
The second one is based on statistical approaches when:
features are extracted from the whole image and there:
fore use global information instead of local information:
Since the global data of an image are used to determing
the feature elements, data that are irrelevant to facial
portion such as hair, shoulders and background may
contribute to creation of erroneous feature vectors tha
can affect the recognition results [5].

In the field of pattern recognition, the combination 0
an ensemble of classifiers has been proposed to achieye
image classification systems with higher performanceir
comparison with the best performance achievable e
ploying a single classifier. This has been verified ex

be grouped in three configurations [8-9]. In the
group, the classifier systems are connected in cascadeto
create pipeline structure. In the second one, the class
fier systems are used in parallel and their outputs a
combined named it parallel structure. Finally the hybri
structure is a combination of the pipeline and paralle!



stuctures. In this paper, we propose a human face rec-
ognition system that can be designed based on hybrid
stucture classifier system to have evolutionary recogni-
lion results by developing the N-features and selecting
lhem for the recognition problem. This human face
lecognition system uses available information and ex-
facts more characteristics for face classification pur-
pose by extracting different feature domains from input
mages. In this paper three different feature domains
flave been used for extracting features from input im-
iges. These include Pseudo Zernike Moment Invariant
(PZMI) and Zernike Moment Invariant (ZMI) which
produce the best result for human face recognition in
wmparison with other moments [10] and also Principal
Component Analysis (PCA) [11].

Finally in this paper Radial Basis Function (RBF)
teural network is used as the classifier. Recently RBF
teural networks have found to be very attractive for
mny engineering problems. An important property of
RBF neural networks is that they form a unifying link
among many different research fields such as function
dpproximation, regularization, noisy interpolation and
pattern recognition. The increasing popularity of RBF
neural networks is partly due to their simple topological
Sucture, their locally tuned neurons and their ability to
lave a fast learning algorithm in comparison with the
multi-layer feed forward neural networks [10][12]. The
165t of this paper is organized as follows. The proposed
uman face recognition system is developed in section
1. Section 3 presents the feature domains. The classifi-
tition technique is described in section 4. Finally sec-
lion 5 and 6 presents the experimental results and con-
tlusion.

L The Proposed HNFNN

Fig. (1) shows a conventional human face recogni-
on. This system uses one feature domain and one clas-
ier. Usually neural network are used as classifier
terefore this conventional method named Single Fea-
e Neural Network (SFNN) human face recognition
tem. The Proposed human face recognition has been
lovn in Fig. (2). Unlike conventional human face
tognition system the proposed HNFNN system is
feloped in five stages. In the first step, face localiza-
o0 process is done. To ensure a robust, accurate feature
action that distinguishes between face and nonface
gion in an image, we require the exact location of the
e region. In this paper we have used a modified ver-
il of shape information technique that presented in
erence [3] for face localization. After face localiza-
il in the second stage we have created a subimage,
lich contains information needed for recognition algo-
m. By using a subimage, data that are irrelevant to
lal portion are disregarded. In the third stage, differ-
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ent features are extracted in parallel from the derived
subimage. These features are obtained from the different
domains. The fourth stage required classification, which
classify a new face image, based on the chosen features,
into one of the possibilities. This is done for each fea-
ture domain in parallel as Fig. (2) shows. Finally the last
stage combines the outputs of each neural network clas-
sifiers to construct the identification. In this paper ma-
jority method has been selected for decision strategy.

2.1. Face Localization

Many algorithms have been proposed for face local-
ization and detection. A critical survey on face localiza-
tion and detection can be found in reference [2]. The
ultimate goal of the face localization is finding an object
in an image as a face candidate that its shape resembles
the shape of a face. Faces are characterized by elliptical
shape and an ellipse can approximate the shape of a
face. A technique is presented in [3], which finds the
best-fit ellipse to enclose the facial region of the human
face in a frontal view of facial image. In this algorithm
an ellipse model with five parameters has been used.
Initially connected component objects are determined
by applying a region-growing algorithm. Consequently
for each connected component object with a given
minimum size, the best-fit ellipse is computed on the
basis of its moments. To assess how well the connected
component object is approximated by its best-fit ellipse,
we define the new distances measure between the con-
nected component object and the best-fit ellipse as fol-
lows:

i = Pinsige /Mo,0

q)o = Poutside /“0,0
where the P, is the number of background points
inside the ellipse, P, is the number of points of the
connected component object that are outside of the
ellipse and [, is the size of the connected component
object [3]. The connected component object is closely
approximated by its ellipse when ¢, and ¢, is as small
as possible. We have named the threshold values for
both ¢; and ¢, as Facial Candidate Threshold (FCT).
Our experimental study indicates that when FCT is less
than 0.1 the connected component is very similar to
ellipse therefore it is a good candidate as a face region.
If ¢; and ¢, are grater than FCT, there is no face re-
gion in the input image therefor we reject it as nonface
image [13]. An example of applying this method for
locating a face candidate and rejecting nonface image
has been shown in Fig. (3). Subsequently the rest of the

system processes the selected face candidates for recog-
nizing.



0, =0.062 , ¢, =0.011

0, =0.15, ¢, =0.191

Figure 3: Distinguishing between face and nonface
using best-fit ellipse and FCT threshold

2.2. Subimage Formation

The subimage encloses the pertinent information
around the face in an ellipse that was explained in sec-
tion 2.1 while pixel value outside the ellipse is set to
zero. Fig. (4) shows sample of selecting of face location
and creating of subimage in feature extracting respec-
tively. By using subimage, data that are irrelevant to
facial portion such as hair, shoulders and background
are disregarded and the speed of computing various
features is increased due to smaller pixels content of the
subimages.

(a) Fae location

(b) subimage
Figure 4: Creating subimages from face images

3. N-Features Domains

In order to design a good face recognition system, the
choice of feature extractor is very crucial. To design a
system with low to moderate complexity the feature
vectors should contain the most pertinent information
about the face to be recognized. Face recognition system
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should be capable of recognizing unpredictability of
face appearance and changing environment. In the pio
posed system, N different feature domains are extracted
from the derived subimages in parallel. Therefore this
approach can extract more characteristics of face images
for classification purpose. In this paper we set N=3 and
therefore three different kind of feature domains haye
been selected. These include PZMI, ZMI and PCA.

3.1. Pseudo Zernike Moment Invariant

The advantages of considering orthogonal moments
are that they are shift, rotation and scale invariant and
very robust in the presence of noise. We have used fhe:
PZMI for generating feature vector elements. Pseuds
Zernike polynomials are well known and widely usedi
the analysis of optical systems. Pseudo Zernike poly:
nomials are orthogonal set of complex-valued polyno-
mials defined as [10][14]:

V. (x,y)=R,_(x,y)exp(mtan’ (%))

where x?+y2<1, n20, |[m|<n is even and Radil

polynomials R are defined as:

nm

n—|m| n-s
2
R (Ky)= D Dy (X2 £y 18
s=0

2n+1-9)!
s!l(n—|m|-s)!(n—|m|-s+1)!
The PZMI of order n and repetition m, can be conl
puted as follows: 1
n+1 &
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scale invariant central moments and RM pq s the scale

invariant radial geometric moments are defined as:
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Where X =X-X,, y=y-yo and M., B, and

Xg, ¥ are defined as follow:

Mo ) B0k 7)xlyd

LES

= ZZf(X,y)(X—Xo)p(y_YO)q
Xey

Xo =Mjg /My
Yo =Mg /Mg

3.2. Zernike Moment Invariant

Zernike polynomials are orthogonal set of complex-
valued polynomials defined as:

Vim (X, y) =R (X,y) exp(jmtan‘1 (1))
X

where x* +y? <1, n>0, [m|<n and n—|m| is even

ind Radial polynomials { R } are defined as:

(n—|m] /2 e
B (x.y)= i Sn’|m|’s(x2 +y?) 2
Where: o
s =1 A |m]| (_ns;?ll— |m| 9!
2 2

The complex Zernike moments [19] of order n and
Iepetition m are given by:

7M1, ““zzfo« PV um (%, )

* Toutilize the shift mvanant property of moments, we
lave used ZMI from the scale invariant central moments

2q ) @s follows [14]:
DAY

1(11 Im))/2 b
s= 0 -—Od 0

d
: (_1) Sn,|m|,sC1vI n-2s—2a-d,2a+d
ihere b=(n—| m|)/2—s .

Ml =

nm

b1

Principal Component Analysis

PCA'is a well-known statistical technique for feature
flraction. Each M x N image in the training set was

W concatenated to form MN x1 vectors A ;. Given a

tof N, training images {Ai}i=0,1,...NT the mean

clor of the training set was obtained as:
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Z A,
T i=1
The average vector was subtracted out from the
training vectors to obtain:
A=A, -A ,i=123,..Ng
An N, xMN matrix A was constructed with the

AiT as its row vectors. The singular value decomposi-
tion of A can then be written as:

VTAU 20|
where X isan N, xN, diagonal matrix with singular

values s; > 0 arranged in descending order, and V and
Uare N;xN; and MN x MN orthogonal matrices,
respectively. V is composed of the eigenvectors of
AAT | while U is composed of the eigenvectors of
AA T These are related by:

U=A"V
where ﬁ consists of the eigenvectors of AA i , which

correspond to the non-zero singular values. This relation
allows a smaller N, xN, eigenvalue problem for

AA T to be solved, and to subsequently obtain 0 by
matrix multiplication.

The projection of a face vector onto the space of
N ; eigenfaces results in an N -dimensional feature

vector of projection weights. As PCA has the property
of packing the greatest energy into the least number of
principal components, the smaller principal components
which are less than a threshold can be discarded with
minimal loss in representational capability. This dimen-
sionality reduction results in face weight vectors of
N <N,

dimensions An appropriate value of

NT can be chosen by considering the Basis Restriction

Error (BRE) as a function of NT [11]. This gradual

decrease in error is significant for recognition tech-
niques based on eigenfaces where storage and computa-

tional performance are directly related to N ;

4. Classifier Design

Neural networks have been employed and compared
to conventional classifiers for a number of classification
problems. The results have shown that the accuracy of
the neural network approaches equivalent to, or slightly
better than, other methods. Also, due to the simplicity,
generality and good learning ability of the neural net-
works, these types of classifiers are found to be more
efficient [10][12]. Radial Basis Function (RBF) neural



networks have found to be very attractive for many
engineering problem because: (1) they are universal
approximators, (2) they have a very compact topology
and (3) their learning speed is very fast because of their
locally tuned neurons. Therefore the RBF neural net-
works serve as an excellent candidate for pattern appli-
cations and attempts have been carried out to make the
learning process in this type of classification faster than
normally required for the multi-layer feed forward neu-
ral networks [12].

4.1. RBF Neural Network Structure

An RBF neural network structure is shown in Fig.
(5), which has architecture similar to that of a traditional
three-layer feed forward neural network. The construc-
tion of the RBF neural network involves three different
layers with feed forward architecture. The input layer of
this network is a set of n units, which accept the ele-
ments of an n-dimensional input feature vector. The
input units are fully connected to the hidden layer with r
hidden units. Connections between the input and hidden
layers have unit weights and, as a result, do not have to
be trained. The goal of the hidden layer is to cluster the
data and reduce its dimensionality. In this structure
hidden layer is named RBF units. The RBF units are
also fully connected to the output layer. The output
layer supplies the response of neural network to the
activation pattern applied to the input layer. The trans-
formation from the input space to the RBF-unit space is
nonlinear, whereas the transformation from the RBF-
unit space to the output space is linear.

Figure 5: RBF neural network structure

The RBF neural network is a class of neural net-
works, where the activation function of the hidden units
is determined by the distance between the input vector
and a prototype vector. The activation function of the
RBF units is expressed as follow [10][12]:

||X“Ci ||)

i

Rj(X)ZRi( =l 2w

: ..

It should be noted that x is an n-dimensional input
feature vector, c; is an n-dimensional vector called the
center of the RBF unit, ¢, is the width of RBF unit aid

r is the number of the RBF units. Typically the activa:

tion function of the RBF units is chosen as a Gauss'

function with mean vector ¢; and variance vector g
as follows:

§
x~c; | j

et

i

R;(x) = exp( —

Note that 7 represents the diagonal entiries of ¢
variance matrix of Gaussian function. The output -1

unit for input x is given as:
I
yi(x)=b(j)+ Y Ri(x)w, ()
i=1

where W, (i, j) is the connection weight of the i- A
unit to the j-th output node and b(j) is the bias of the

reduce network complexity. Therefore:

yi(x) =) Ry(x)xw,(,j)
i=1

4.2. RBF Based Classifier Design

RBF neural network classifier can be viewed asa
function mapping interplant that tries to construct hy:
persurfaces, one for each class, by taking a linear co
bination of the RBF units. These hypersurfaces can bt
viewed as discriminant functions, where the surface ha
a high value for the class it represents and a low
for all others. An unknown input feature vector is classi
fied as belonging to class associated with the hypersu
face with the largest output at that point. In this case thé
RBF units’ serve as components in a finite expansion of
the desired hypersurface where the component coeffi
cients (the weights) have to be trained [12][15]. i

For designing a classifier based on RBF neural net
work, we have set the number of input nodes in th
input layer of neural network equal to the number of
feature vector elements. The number of nodes in the
output layer is set to the number of image classes. Th
RBF units are selected using the following clustering
procedure [15]: ‘
StepI: Initially the RBF units are set equal to the num

ber of outputs. i

Step2: For each class k, the center of RBF units (Cj )i

selected as the mean value of the sample patte!
belonging to the same class, i.e.
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Nk
i
> =
=
Cy = lN_k_’ k=12,...s

where XL is the i-th sample pattern belonging to

class k and N* is the number of samples pattern
in the same class.

Siep3: For each class k, compute the distance d| from

the mean Cy to the farthest sample pattern X
in that class:

df =llxf —c, || , k=12,...8

Step4: For each class k, compute the distance dc (k, 1)

between the mean of the class and the mean of

other classes and then find the minimum among

the distances computed:

de (k, j) =[ ¢, =t |
dy, (k,1) = min(de(k, j))

where j=1,2,...,s and j# k. Then we check the

mn(6D, df ,and df . If

dy +d; <d,, (k,]) then class k is not over-
lapping with other classes. Otherwise, class k is
overlapping with other classes and misclassifica-
tions may occur in this case.
StepS: If two classes are overlapped strongly, we first
split one of the classes into two to remove the
overlap. If the overlap is not removed the second
class is also split. This requires addition of a new
RBF unit to the hidden layer. This can be seen in
Fig. (5).
Step6: Repeat steps 2 to 5 until all the training sample
patterns are clustered correctly in the hidden
layer.

relationship between d

Figure 6: One class split into two classes

- The above procedure determines the number of RBF
its, 7, in the RBF neural network structure. In addi-
lon, we select the mean values of all the clusters, which
ive been determined by the above procedure as the
hiial center of the RBF units.

Training of the RBF neural network involves esti-
laling output connection weights, centers and widths of
€ RBF units. We use the HLA method, which com-
s the gradient method and the linear least squared
kthod for training RBF neural network [15].
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5. Experimental Results

To check the utility of our proposed algorithm ex-
perimental studies are carried out on the ORL database
images of Cambridge University. 400 face images from
40 individuals in different states from the ORL database
have been used to evaluate the performance of the pro-
posed method. None of the 10 samples are identical to
each other. They vary in position, rotation, scale and
expression. In this database each person has changed his
face expression in each of 10 samples (open/close eye,
smiling/not smiling). For some individuals, the images
were taken at different times, varying facial details
(glasses/no glasses). Samples of database used are
shown in Fig. (7).

Figure 7: Sample of face database

A sample of the proposed system with three different
feature domains and the RBF neural network has been
developed. In this example, for the PZMI and ZMI all
moments from order 9 to 10 have been considered as
feature vector elements. The feature vectors for these
domains have 21 elements for the PZMI and 11 ele-
ments for the ZMI. Also for the PCA feature vector has
been created based on the 30 largest PCA number for
each image. A total of 200 images have been used to
train and another 200 for test. Each training set consists
of 5 randomly chosen images from the same class in the
training stage. In the face localization step, shape infor-
mation algorithm with FCT=0.1 has been applied to all
images. Subsequently, subimage has been created from
the derived localized face image. Recognition rate of
99.7% was obtained using this proposed technique.

To compare the effectiveness of the proposed method
in comparison with the SFNN human face recognition
systems, we have developed the SFNN systems using
the PZMI4+RBF [10], ZMI+RBF [10] and PCA+RBF.
For these systems we have selected the PZMI as feature
domain with order 9 and 10 which has 21 elements,
ZMI with order 9 and 10 with 11 feature elements and
finally PCA with 30 largest value. The comparison of



the HNFNN with each individual classifiers as a func-
tion of class number has been shown in Fig. (8). From
the results, these can be no doubt that the recognition
rate of the HNFNN is much better than that of any indi-
vidual classifiers. From this figure it is clear that the
output of each individual classifier may agree or conflict
with each other but the HNFNN search for a maximum
degree of agreement between the conflicting supports of
a face pattern.

11
10 4
9 M
=
s 7
5%
e 5‘
O 4
w 3
2 PZ
1 HNFNN
2 8 14 20 26 32 38
Class Numbers

Figure 8: Error rate in the HNFNN and each individual
classifier based on class number

Also to demonstrate the effectiveness of the human
face recognition system by the proposed method, we
have compared the proposed method with other algo-
rithms. To make this comparison meaningful, an aver-
age overall error rate is defined as:

m
> Ea (i)
ave = — mN :
where m is the number of experimental runs, each being

performed on random partition of the database into sets,
Exm (@) is the number of misclassification for the i-th

E

run, and N, is the number of total testing images for

each runs. In our study the ORL database was used in
the experiments and methods reported in [10], [16] and
[17] were used for comparison purpose. Table (1) shows
the results of this comparative study. In this table the
SFNN denotes the Shape Information with Neural Net-
work that was reported in [10], CNN is the Convolution
Neural Network method used in [16] and also NFL for
Nearest Feature Line method in [17].

Table 1: Error rate in different methods

Methods E,.%
CNN [16] 3.83
NFL [17] 3.125
SENN [10] 1.323
Proposed method 0.283
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6. Conclusion

This paper presented a novel method for the recogni“;‘
tion of human faces in 2-Dimensional digital images:
The proposed technique is based on the Hybrid M
Feature Neural Network (HNFNN) structure. An im:
plementation example is given to demonstrate the feasy
bility of the HNFNN human face recognition system. i
employs the RBF neural networks and three feature
domains. These include PZMI, ZMI and PCA. The
highest recognition rate of 99.7% with the ORL dafa-
base was obtained using this proposed algorithm. Com=
parison with some of the existing traditional techniqué
in the literatures on the same database indicates the
usefulness of the proposed technique.
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Figure 2: HNFNN based human face recognition system
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