Ui
HI
g
s
1
o
T
0
=
=
i
=
>
ot
S

Q

=

1]
1o

B omRoiais AAwe] 7] sebuje{ (el ol ks HAE A7l GA-BP(Genetic Algorithm-Backpropagation
Network) £ 41858 o] &8sl 4Z& A4ste BHS Adsldd A8 G4y 7 JAES 474y Qo2 A4
i 2 A5 AFFe o|Fold AAWe] 2| mebulHEE FAx LagEe] AMZ A7) A vE 2EF
oz HEgt AAYe et A4t He e 4352 s | HEA A" HSH ATE ANE ol &Eto of
Brte) HAel Ny AAGE FAS 3 2L JAss 49e 90 4 AH g5 £ 29 vudMeE 2
A duF 9EoR APF £7 £rrrh Aty ¥udFY 73 £57) F4E ARE Q0 AAEAA 2 F
Ast dngE dEoR AT e 29% FFE o vehdth

28 e o

A Study on Face Recognition using a
Hybrid GA-BP Algorithm

Ho-Sang Jeon'- Jae-Chan Namgung''

ABSTRACT

In this paper, we proposed a face recognition method that uses GA-BP(Genetic Algorithm-Back propagation Network)
that optimizes initial parameters such as bias values or weights. Each pixel in the picture is used for input of the neural
network., The initial weights of neural network is consist of fixed-point real values and converted to bit string on
purpose of using the individuals that are expressed in the Genetic Algorithm. For the fitness value, we defined the value
that shows the lowest error of neural network, which is evaluated using newly defined adaptive re-learning operator and
built the optimized and most advanced neural network. Then we made experiments on the face recognition. In
comparison with learning convergence speed, the proposed algorithm shows faster convergence speed than solo executed

back propagation algorithm and provides better performance, about 29% in proposed method than solo executed back
propagation algorithm.
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BEGIN

SET Old_MSE ; // before MSE value
SET Cur MSE ; //current MSE value

FOR(lower than train number)

1

1
LOAD image from input data;
LOAD 1arget from input data;
IMPLEMENTATION of Backprop NNs
function;

4

IF(Old_MSE > Cur_MSE)
IMPLEMENTATION of Backprop NNs
function;

Old_MSE = Cur_MSE;

END
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00000  -0.500000
00001  -0.468750
00010  -0.437500
10000 0.000000
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