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Recognition Technology Based on RBF Neural Network with PCA Transform
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Abstract; The RBF neural network for classification is applied in face recognition. With two important
criterion for estimating the initial width of RBF unit, the width can control the generalization ability of
RBF neural network classifier. PCA method to the training sample set the projection to the face space, to
reduce dimension. On the basis of the PCA transform, an optimal subspace classification makes the dis-
tance between the classes to maximize the ratio of the distance using FLLD method. Simulation is conduc-
ted on the ORL database, and its results show that the algorithm is efficiency and effectiveness.
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Fig. 1 RBF neural network is used in the high dimension

and small sample classification
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Fig. 2 The identification error of two images

and its training samples
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Table 1 Two channel hybrid learning process
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Table 2 With other clustering algorithms the clustering error
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Table 3 The clustering error selection with different

methods of training sample width

FHE4EEL  CV CRV sCcC MO oy o,

39 4 42 2 70 39 23
35 4 25 2 41 18 13
30 2 12 2 20 12 4
25 2 1 13 10 1
20 0 0 5 0
10 0 0 1 0

MF3 A LI £, SCCC Jr ik e ik B AN By
W IJ5k. J3—Jrii, MO I CRV J5 ik fE 5% > il
AR L (IR ) G AR AR RE IR FA 7 vk
2AZ (CV, SCCC M oy) o BlEE, WR¥H
LA, IBARNERIRS L, B AR %
Je—FEI . X LIRS RO d 4R L AT 8L
(P A Y 2R 12 o

ek [12] ki, 58 2 )= A R 45
(MLN) 732d%, 7352k H] PCA #1 SOM ( H 44
FAEBRIRT ) 7 v ok 2 ORL %4 2 MK R AR I
FURE RS 51 Ry 41, 2% F1 39. 6% . FATTER 107
IEANAT MLN, R 58 0 AT T REAS 1945 8 2k
PRI A E RBF $h MR 25 528, W
I, PHIRCR FE MLN | CNN FSCHREY RBF J5 248
bRz

KPR N SR bRR PEHAIERE . FITSF
PR B, 152 Sh TR

[] .
Z ninis
=1
- qntot
Hr, g MSEEHETTRIREL, BIRaE T A
EREHLA A SE A, n 50 | BT AR /328
A, n,, & BB AT IS IR AR e . 3
T E,. #EW, 7EF — 4> ORL % ¥ & L b
CNN') | NFL UK M — PCA [zt B i3 414570

E{we

(17)



JE AE. HET RBF W% PCA A0 HIHEA 139

556 1
4 PEREI AL
Table 4 Recognition performance comparison
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