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ABSTRACT

In this paper, a 3-D face recognition system is

developed using & cylindrical structure of hidden-

layer neural network and its optimization through
genetic algorithms. The cylindrical struchure of
hidden layer is constructed by substituting each of
neuron in jis hidden layer of conventional multilayer
perceptron with a circular-structure of neurons. The
neural system is then applied to recognize a real 3-D
face image from & detabzse that consists of 5
Indonesiar; persons. The imeges are taken under four
different expressions such as neural, smile, laugh
and free expression. The 2-D images is taken from
the human model by gradually chapging visual
points, which i done by successively varies the
camera position from — 90 fo +97 with an interval of
15 degree. The experimental result has shown that
the average recognition rate of about 6425 could be
achieved when we used the image in its spatial
domain aod about 849 when the image data is
transformed to its eigen domam. Optimization of the
hidden neurons is accomplished using genetic
algorithms, which reduced the active neurons up to

about 63.7% while inceasing the reoognnmn rate

into about 94% in average.

Keywords: Face recognition system, cylindrical
hiddep layer neural networks, genetic algorithms,
optimization of neural system

1. INTRODUCTION T

Automated face recognition (AFR) system has
atiracted much interest in the last few vyears,
motivated by the growth of its applications in many
areas. Face identification is very important problem
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in law enforcement and forensics, authentication of
access into building or automalic transaction
machine, and searching for faces in video databases,
intelligent user interfaces and others. Generally, AFR
consists of face detection, which determine the
position and size of human face in an image, and a
face recognition that compare an mput face against
models of faces, which are stored in a database of
known faces, and face verification for the purpose of
authentication. In our study, we-assume that the face
location in the image i5 already known. Automatic
face recognition system has some drawbacks,
however, partly because of different faces may
appear very similar which requires high

discriminating power of the system. Another - -

problems, for instance, same image of faces may
appear differently due to imaging constraits, such as
changes of illumination point, facial expressions, the
use of glasses and other accessories. When the face
undergoes scaling or moderate rotaticn, a large
amount of images should be occluded into the
system. It is therefore; in many implementations of
face recognition System images are taken with
minimal occlusions of facial accessories within a
constramed ~ epvironment with controlled
illumination.

In recent years, progress has been made on the
problem of face recognition; ‘especially in head-on

- face images with controlled illumination and seale.

Good results has been obtained for 2-D frontal
images by the use of template matching’ of large
database[1],

Loeve transformation of large set of face
images[3][4]. Many researchers are now trying to
extent this high recognition capability of the system,
to recognize more general view positions of images
that epver the eatire 3-D viewing sphere. It is argued
that 3-D recognition can be accomplished using
linear combinations of as few as four or five 2-D
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viewpoint images[5][6]°, however, good results stlll
could not be expected from. the system.

-The development of 3-D face recognition system
has been currently done, especially due to its
importance in multi-media systems; however, it is not
yet realized a 3-D face recognition system with high
performance of recognidon, Many difficulties are
occurred, for example, even in a simple 3-D face-
image, quite large number of two-dimensional
observed images at numerous viewpoints should be
calculated. As a consequence, when a 3-D face-
image should be memorized for recognition, a large
memory size may be required.

Neural network architectural models, recently,
have been considered and developed to deal wilh
several ‘mportant problems in patiern recognition,
pattern  classification, function approximation and
regression. The MLP neural system has shown many
marvelous experimental results through its
supervised learning paradigm, however, the back
propagation neural system has some drawbacks, such
ay converging to local minima, temporal instability
and its low speed of couvergenice due to full
connection of its large size architectural network.

Authers have proposed a 3-D face recognition
system using neural network with a cylindrical
structure of hidden layer, whick is constructed by
piling many of circular-structure of neurons. This
modified neural network is consitructed hy
substituting each neuron in conventional hidden layer
of multilayer perceptron with a circular-sttucture of
neurons. This neural system is thex called as
cylindrical-structure of hidden layer neural network
(CHL-NN). The neural system is then applied on a
rezl 3-D face image database that consists of §
Indonesian persons. The images are taken under four
different expressions such as newtral, smile, laugh
and free expression. The 2-D image is taken from the
3-D face image by gradually changmg visual points,
which is done by successively varies the camera
position from — 90 degree to -+90 degree with an
interval of 15 degree.

This paper is organized as follows: section 2 will
describe the architecture of the developed neural
system, including with its leaming algorithms. In
section 3, we ‘will discuss the transformation of the
image from spatial domain into its eigen domain,
either by Karhunen-Loeve transformation technique
or by using Fisherface method, In section 4, we will
describe the use of genetic algerithms for optimizing
the architectural structure of the neural system, while
the experimental results are discussed in section 5.
This paper will be closed with a summation in
section 6.
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2, CYLINDRICAL STRUCTURE OF
HIDDEN LAYER NEURAL
NETWORKS

The cylindrical-hidden layer neural system
consists of twe-layer network, with the first layer has
the same number of neurons as with that of the input
image pixels. The hidden layer is called cylindrical-
structure of hidden layer that consists of piles of
circular-structure of neurons, which is accomplished
by substituting each neuron of the conventional
hidden layer with a circular-structure of neurons that
represent any various visual positions of the input
image. The output layer of this MLP is the same wilh
that of the conventional neural network. It consists of
neurons that correspond to the number of objects to
be recognized. The input image of the system is two-
dimensional image taken horizontally at wvarious
frontal positions, according to various angles from 0°
to 360°. In this experiment, we considered only with
horizontal visual positions of the 3-D object, for
simplicity, cmitting the possibilities of the tilting
position of the input image.

Number of neurons in the first layer are 1024
neurons, for 32 X 32 pixel of 2-I> image at each
herizontally visual positions. As the conseguence of
the hidden layer structure modification, there cre two
additional factors that should be calculated in orderto
determinz which neuron in the circular-hidden
neurons keep the additicnal information in their
weight connections. The first additional facter is
calculated for modifying the ordinary MLP equation
of the weight connections between input neuron and
the neurnns in the cylindrical-structure of hidden
layer. The second additional factor is calculated for
modifying the weight modification between
cylindrical-structure of hidden neurons and the output
neurons. The two additional factors for the
cylindrical-structure of hidden layer with three rings-
of-neurons at each of the circular-structure of hidden-
neurons can be written as follows:

vk} e sp)ri (VK)o s ry20)
Jag = )
0 ((vik}e sp)rin<0)
1 {(v(k) e s 1y 20)
Joy = @)
0 ((v(k) e sptr<0)

where v(K) e su = |v®I || sl cos 6 with v(E)
denotes the vector-position of the 2-D image from the
object position at the center, with & means the image
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number. Vector sy denotes the vector-position of the
neuron with iis index A determined from the center of
the circular-structure of the hidden neurons. Index ¢
shows the position of the vertically circular-structure
of hidden neurons in the cylindrical-structure of
hidden layer. Index r; denotes the- distance
coefficient between the center of the circular-
structure of the hidden layer with the ! ring-of-
neurons (= 1, 2, 3) at each of the circular-structure
of hidden neurons. Index ry could be calculated
through:
1

@ =) )

In our experiments, those parameters are defined as
v(k}=1, sy=1, 52,=0.66 and s;,=0.33, for three rings-
of-neurons at each of the circular-structure of hidden
neurens, respectively.

The £g.1 implies two possibilities of conditions.
If the angle & between vectors v(k} and s, has a
value of -72 < 8§ </2 the additional factor has a
positive value, which means that there is an
additionzl information that should be calculated to
modify the hidden neuron activation. This additional
information will be kept by the neuron and
represented in their connection weight after its
modification. However, when the angle between
those two vectors has a value of? = /2 or & =-n/2,
there is no additional information at the
predetermined visual vector-position that should be
calculated by the predetermined newren in the
circular-structre of the hidden layer. The last
condition means that no connection weight
modification is required both in the training process
and also in its recognition.

The neuron activation of the neurons in the
circular-structure of the hidden layer can be
calculated through:

. NN
Z (k)= S[ fa, Y um x,j(k)+bw)]

inl gl

(4)

where S(x) the non-linear binary Sigmoid function, # _

= L2Z.,Myand r = 1L2,.., M;, x; denotes the input
signal with i=1,2,.., Nyandj = 1,2, N;of the N,
x N, input matrix of 2-D image. As in the
conventiona! MLP with back propagation algorithm,
the activation of each hidden neuron is fed to the
output peuron, and the output activation is then
calculated as:

0O 18,83 Smzutr+))
&)

The connection weights and bias between hidden
neuron and its output neuron are then modified
through:

Lo+ 1) = 08 Zoafbm ¥ 7. Sguln)

b, (n+1) = @ & + 7. Aby(n) (6)
where &, = (t, — o) denotes the propagated e:rror-{'—“ E‘\
signal of the output neurons. The connection weights] -
and bias between the input and the hidden neurons is % 0
then modified through: = ;
Pallir ™ n+l) = a .o xﬂ,-.fay, + 7 m]}:fhf(n) ; l
Abyy (n+1) = ¢t..8ug + NAbpe(n) 3 E
&
MMy My =
Oy, = 2.6, (§§ .*ZEWQW T8 Zisk1l -z g =
g td s L
© %Ew
3
& 2
3. TRANSFORMATION OF IMAGES E
INTO ITS EIGEN DOMAIN

Principal component analysis {(PCA) is now
commonly used as a dimensionality reduction
method in computer vision, particularly in face
recognition. PCA techniques, which is also called as
Karhunen Loeve Transformation (KLT) choose a
dimensionality reducing linear projection that
maximizes the scatter of all projected samples. Let a
set of N sample images of x;, i = I...N, and assume
that each image belongs to one of ¢ classes {X;, X
.y Xcob Consider also, there is a linear
transformation that mapping the original »-
dimensional image space into m-dimensional feature
space, where mr<n. The new feature vectors y; are
defined by the following linear transformation:

y,=0ow" (3}

Total scatter matrix St is then defined as

S, =ATA )
where 4 = [ &y @y .. Dy, with
Qy=x,~p
N
p=a> % (10

il

K-L transformation of the image vector yields a
scatter of the tmsformed feature vectors
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AT A 1)

Transformation matrix that is chosen to
maximize the total scatter matrix is written as

. W =argmax WS, W |
(12)

where w), i = 1...m, is the set of ejgenvector of Sy
that is comresponding to the m largest eigenvalues.
These eigenvectors are also called principal
components that have the same dirnensions with that
of the original images and referred as Eigenfaces.
The value <t m could be derived fom the equation -

m =min{—z$f'—‘—>6} (13)
- z . .

15 R

= [wp Wi .. W/

where @the threshold value with 0< 8 < 1.
The Fisherface method is derived based on
Fisher’s Linear Discriminant (FLD)[8], which tries to

find the transformation matrix W (see Eq. 12} in such -

a way that the ratio between—class scatter and the
within-class scatter is maximized, This expression
<culd be written as

77| (14) -
7|

_3-"3

where w;, §/ = I...m, the set of eigenvectors of Sp
{between-class scatter matrix) and Sy (within-class
scaiter matrix) that oorre;pond to the m largest
eigenvalues A through:

'(I15)

Sow” =dS,w"
where i'= I..m smd d,>d; .. >d The Sp and Sy
are defined as .
c ’ : ’
Sy =EI:N1(F!_J“)T(F!_-“) {9
=
SEB 17
Sr =Z Z(xj __#!)r(xj _ﬂr) ( )

tul pelzeX,

Since there is a possibility that Sy is singular, PCA is
then used firsly, to reduce the dimension of the
feature space to N-¢, and then applying the standard
FLD in Eq 14 to reduce the dimension to ¢-J.

4. GA IN OPTIMIZATION OF
CYLINDRICAL STRUCTURE OF
HIDDEN LAYER

The genetic algorithm (GA) is a ‘stochastic
searching algorithms that inspired by the proses of
patural evolution, GAs, originally developed by
Holland[8]), and its mathematical framework is
developed and presented in Holland’s pioneering
book[9], which is intensively observed and
implemented by Goldberg[10]. The basic element
processed by a GA is the siring formed by
concenating substrings, each of which is a binary
ceding of a parameter of the search space. Thus, each
spring represents a point in the search space and

. hence a possible solution to the problem. Each siring

is decoded by an evaluator to obtain its objective
function wvalue. This value, which should be
minimized by the GA is converted to a fitness value
which determines the probability of the individual
undergomg genetic operators. The population then
evolves from gencration to generation through the
application of the genetic operators. The total number
of strings included in a population is kept imchenged
trough generations. A shaple genetic algorithm that
yields good results m many practical problems is
composed of these operators: reprodvction, crossover
and mutation.

. The optimization procedure of the cylindrical-
hidden layer NN through GA. is initially started by
making a network with a mather big and complex
structure. In thefr optimization process, GA will
search the most optimal subset of the initial basic
struchme. Each subset structure will become an

‘individual in the population to be processed, which is
_represented by &n  individual siring. As the

knowledge representation formed in CHL-NN is kept
in its neuron activation, the GA' optimization is
directed in its number of neurons. Preliminary
experimental result also showed that optimization of
the networks hidden neurons works more efficient
and accurate compare -with that of networks

_ connection weights. The optimization procedure of

GA is implemented by initially encoding the pmbim
and defining the objective function, -~

The process of the problem encoding can be
summarized as follows. As the problem parameter
that should be optimized in the network structure lies
in its number of neurons, all these connections are
encoded to a chromosome chain. Each chromoesome
forms a binary string <I00....1001> that represents

. the network structure, and the chromosome lenpth

equivalents to the number of neurons in the network.
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The objective function of the system to be
optimized is done through its fitness value. To
calculate - the fitness wvalue, each individual
chromosome is decoded back to a CHL-NN structure
and be trained using backpropagation leaming
algorithm. Weight intialization of each structure is
performed using Npuyen-Wiwow method, and the
network is trained until smail error tolerance is
accomplished or maximum epochs is reached. Afier
the learning process is oomplcted the fitness value is
calculated-by:
numberqof_nan__ac:rrvaz‘ed_connecnons / {error_rate
* number_of _epochs)[11].

By using fitness value evaluated by the objective
function, GA searches an individual best network
structure with 'arge number of non-activated neurons,
small error rute, and small number of epochs, by
conducting evolution process through the operation
of repreduction, crossover, and mutation. The whole
process could be written as:

Step 0. Problem parameter-encoding. The parameter
of the prodlem s the number of neuren in
the hidden layer of the network. Defiming
objective  function for  optimization
procedure (filness function), that 1is
number_of_non_activated_connections/(err
or_rate *number_of epochs).

Step 1. Geperate initial population randemly.

Step 2. Caiculate fimess value of each individual
sring by decoding each siring to the CHL-

NN and run the objective function that will

train it

Step 3. Reproduction, crossover and mutation

Step 4. New generation formed.

Step 5. Back to step 2 until number of maximum
generation is reached.

Step 6. At the last generation, there will be an
individual string with the highest fitness
value as the solution, and the best string that
will form an optimal winner network.

5. EXPERIMENTAL PROCEDURE AND
ITS RESULT

The experimental procedure is conducted using a
3-D face database that consists of 5 Indonesian
persons. The images are taken under four different
expressions. such as, neutral, smile, laugh and free
expressions. The 2-D image is piven from 3-D face
image by gradually changing visual points, which is
successively varied from -90° to +90° with an
interval of 15° Figure 1 shows some example of
images that used in this recognition system, including
with different type of expressions.
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Experiments are desipned, firstly, to know the
ability of the increasing the percenlage of
training/testing data to ‘the recognition rate; and
second, to know the ability of the systemtorecogm.ze
faces with an unknown expression, which is not
inciuded in the frainmg stage. For each of
experiments, the recognition rate of the system is
calculaied based on the averaging of 10 times
recognition of each facé. The data set of the
Experiments#] is depicted in Table 1, while for
Experinents#2 is depicted in- Table 2, respectively.
For all of the data used in.the experiments, the face-
image for tesing is always in the different viewpoint
compare with that of its training stage. . Increasing the
number of training viewpeints should also follow by
increasing the number of hiddexr neuwron in each
circular hidden neuron respectively.

5.1 Experimental Résult without GA
Optimization Procedure -

In these experiments, we firstly converted the
gray-level value of the images on its spatial domain
into values on its eigen domain, The Karhunen-Loeve
transformation technique as written in Section 3 is
utilized for trensforming the data set in the spatial
demazin into its eizen domain. This transformation is
then followed by Fisherfaces techrique, and the
result is directly inpufted to the 3-D recognition
system. Using the datm set as- in the Experimentsil
and Experiments#2, respectively, results of these
experiments are depicted in Table 3 and Table 4. It

can be seen that increasing the percentage of training -

face-image in different viewpoints will increase the
recognition rate of the system. By using
training/testing percentage of 60/40, the recognition
rate of the system is about 8494 at most. Resuits of
the Experiments#2 are presented in Table 4, that
showing the same tendencies of higher recognition
rate when using higher percentage of iraining/testing

-paradigm. The highest recognition rate- could be

achieved when using training/testing percentage of
58%, with its recognition rate of 87% at most. Those
results show that the recognition rates of the system
to the Experiments#l and Experiments#2 could be
considered as high encugh. As for comparison, by
using 3-D face images on its spatial domain, which
its value is directly fetched to the neural system, the
recognition rate could only reach of about 649 and
74% at most, for Experimentit] and Experimentii2,
respectively[11]. However, to increase firther the
recognition rate of the system, we then propose the
use of genetic algorithm to optimize the architectural
structure of the circular-hidden layer.
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Figure 1. Example of imapes with different viewpoints and expressions.

Cxperiments arc designed, firstly, to kaow the
ability of the increasng the percentage of
training/testing data to the recognition rate; and
second, to know the ability of the system to
recognize faces with an unknown expression, which
is not included in the training stage. For each of
experiments, the recognition rate of the system is
calculated based on the averaging of 10 times
recopnition of each face. The data set of the
Experiments#] is depicted in Table I, while for
Experimentsfi2 is depicted in Table 2, respectively.
For all of the data used in the experiments, the face-
image for testing is always in the different viewpoint
compare with that of its training stage. Increasing
the number of training viewpoints should also follow
by increasing the number of hidden neuron in each
circular hidden neuron respectively.

5.1 Experimental Result without GA
Optimization Procedure

In these experiments, we firstly converted the
gray-level value of the images on its spatial domain
into velues on its eigen domain. The Kachunen-
Loeve transformation technique as written in Section
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3 is uiilized for transformeing the data set ic the
spatial domain into its eigen domain. This
transformation is then followed by Fisherfaces
technique, and the result is directly inputted to the 3-

D recognition system. Using the data set as in the’

Experimenrtsiil and Experiments#2, respectively,
results of these experiments are depicted in Table 3
and Table 4. Ii can be seen that increasing the
percentage of training face-image in different
viewpoints will increase the recopnition rate of the
system. By using training/testing percentage of
60/40, the recognition rate of the system is about
84% at most Results of the Experiments#2 are
presented in Table 4, that showing the same
tendencies of higher recognition rate when- using
higher percentage of training/testing paradigm. The
highest recognition rate could be achieved when
using training/testing percentage of 58%3 with its
recognition rate of 87% at most. Those results show
that the recognition rates of the system to the
Experimentstt] and FExperimentst#2 could be
considered as high enough. As for comparison, by
using 3-D face images on its spatial domain, which
its value is direetly fetched to the neural system, the
recognition rate could only reach of about 64% and
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74% at most, for Experiment#] and Experimenel2,
respectively[11]). However, to increase further the
recognition rate of the system, we then propose the
use of genetic algorithm to optimize the architectural
structure of the circular-hidden layer.

GA

5.2. Fxperimental Result with

Optimization Procedure

The GA used the incremental (or steady state)
replacement strategy where generation creates one
new string, which is inserted in place of one of the
worst 40% of the current population. Simple one-
point crossover is used and after a preliminary series
of experiments is under taken; a set of suitable GA
parameters could be determined. In  these
experiments, all of the image data is firstly
transformed into its eigen domain. Result of
experiments of using GA optimization procedure on
the CHL-neural networks 1s depicted in Table 5 and

Table 6 for Experiment#!l and Experimensiz,
respectively.

It can be seen that the optimization procedure of
the newron number in its cylindrical structure of
hidden layer could increase the recognition system
for all faces image. For the Experimentiil, the
average recogmition rate (Table 5) is increased
sipgnificantly up to 9§42 for all of the data set, even
the number of active neurons in the hidden layer
decreased significantly to just about 63.7% of the
original number of neurons. Results for the
Experiment#2, as depicted in Table 6, shows the
same behavior as for the Experimentil, with the
highest recopnition rate is about 94% These results
shows high recognition capability of the system to
recognize unlearn faces with unknown position and
various expressions. The comparisn of the
recognition rate between all of the methodologies
used in this system is concluded in Table 7. It shows
clearly that the increasing of the recognition rate
could be achieved up to 94 % using different
methods.

Table 1. Data set for the Experimentsitl.

Data- | Traln Tralnmg Test Tasting Hlden
Set |Imnges posltion Images positlan Node
1 100 0.45.80,270, 180 30,75,285, 8
315 330
2 140 0,30,60.90, 120 15,4373, 12
270,300,330 285,315,345
3 180 10,30,50.70, B0 0,20,40.60, 18
80,270,280, 80,280,300,
310,330,350 320
Table 2. Data sct for the Experimentsi2,
Data Exprassion Number of Images Neuron Poslttion
Set Tralning | Testing | Tralning | Testing Tralning Testing
1 Nomal &| Free 100 130 - 0,45,90 10,15, 30, 45,80, 75
Smile 270, 315 90, 270
2 Nomal &| Free 140 130 0, 30, 60, 90 {0, 15, 30, 45, 60, 75
Smile 270, 300, 330 90, 270
3 Normal &| Free 180 130 0,30,4560 0, 15, 30, 45,60, 75
Smile 90,270,300, 89, 270
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Table 3. Experimental results of the date set in Experiments#! in its eigen domain.

Data Procentage of

Recognltion Rate {%)

Set | Tralning] Testing | Face#1 | Face#2 ; Face#3 | Face#d | Face#5 Avo
1 40 &0 84 M 94 75 63 81
2 50 50 100 81 54 75 63 83
3 60 40 100 88 96 75 71 84

Table 4. Experimental resulls of the data set in Experinentsii? in its eigen domain

Data | Percentage of Recognition Rate {%

Set | Training| Testing | Face# | Face#2 | Facetis | Facel#s | Face#5 | Ave
1 43 57 92 74 92 69 62 81
2 92 48 100 100 g2 77 53 85
3 58 42 100 100 g2 76 69 87

Table 5. Recognition rate of the CHL~-neural networks system with GA optimizarion
provedure for the Experimentil.

Data Procantags of

Recogrition Rate (%}

Sat | Tralning| Testing | Face#1 | Face#2 | Facex3 | Face#!4 | Face#S Ava
[ 1 40 60 100 g1 97 100 84 92
2 50 50 100 B84 94 100 (3] 94
[ 3 60 40 100 88 96 100 88 94

Table 6. Recognition rate of the CHL-neural networks system with GA optimization
procedure for the Experimnentii2,

Data Parcentaga of

Recegnitlon Rate (%)
Set | Tralning | Testing { Face#! | Face#2 | Face#3 | Face#d ﬁ'—'aoa#s LAve
1 43 57 92 as 7 100 [f4 88
52 48 100 85 g2 100 a5 92
3 59 42 100 a2 92 100 a5 94

Table 7. Comparison of the recognition rate using spatial domain, ¢igen domain and its optifnization structure

through genetic algorithms for data set in Experimerts# ] and Experimentsii2, respectively.

Recognition Rate
Data Exparimant ¥ Experiment#2 - - -
Set Spatlal Eigen GenAlg Spatial Elgen GenAlg ‘
1 58 a1 92 83 81 - 86
2 59 a3 o4 . 68 -86 92
3 64 B4 94 74 - ‘87 ‘94
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5. CONCLUSIONS

This paper presented 3-D face recognition
system using modified multi-layer perceptron
architectural network with back-propagation leaming
rule. It is -hown that the use of image data in its
eigen domain could increase the recognition rate of
the system. Furthermore, optimization of number of
neurons in its cylindrical hidden layer is performed
by using genetic algorithms technique. Results show
that even though the number of active neurons
decreased to only about 63.7%4 the recognition rate
of the system could increase to about 94%. This
result shows that the developed system could be used
to recognize 3-D face images properly. The over all
improvement in the classification accuracy that could
be achieved by the GA based alporithm, is evidence
that the lack of globally optimal stratepy in
determining the relation between number of neurcn
and the networks error calculation has a negative
impact on their performance.
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