HNRSHBEFZHE
52, 031001(2015) Laser & Optoelectronics Progress ©2015( 1 [ 3 5) e a4t

JE T NSCT MW A B NI PR P50 5 vk
AEE ARRM EEE" AR

ATV R S B ) TR 2R B, VI R 213022
2 P T A R ) 5 B R T N SE I = VLI M 213022

FEER B 0 A PG TR0 33k o A 3 AN o 1) ) B, M T — A B T R TR R B Contourlet 28 4 (NSCT) Al {5 A=
L A GO A T7 15 o X A RIS AT NSCT 43, I8 43 5 19 2% 38 B0 B 2 Ak Sy e et R AE , R 0 A A
R IR S PR A S AR B . i B UMSIT , Yale £ ORL ARG i #E 47 528, H % it T JCAE IR A J0 iR B 4 )7
TSI AE R SRS A L, B B T HE R SR AR Contourlet 28 He Rl {5 A 455 3 6 A 11498 93] 1) 7 12 i i 3k 45
B (R 1 IR T A R 7 R A R A T A 25 A PR RE

KR IR JEH R AE Contourlet 846 7 AR BT =CIR I AR5 & 48 1R 3 4

mESZES TP391 XERARIRED A

doi: 10.3788/LOP52.031001

Face Image Recognition Method Based on the NSCT and
Bionic Pattern

Zhou Liangji' Li Qingwu"® Huo Guanying"” Zhu Guoqing'
'College of Internet of Things Engineering, Hohai University, Changzhou, Jiangsu, 213022, China

*Changzhou Key Laboratory of Sensor Networks and Environmental Sensing, Changzhou, Jiangsu 213022, China

Abstract Concerning the low accuracy of classical face recognition algorithm, a face image recognition
method based on the nonsubsampled Contourlet transform (NSCT) and bionic pattern is proposed. A face image
is decomposed with NSCT and the decomposed coefficients are converted into energy features, then the face
image is recognized by using the bionic pattern recognition algorithm. The UMIST, Yale and ORL face databases
are used in the simulation experiment and two schemes— non- rejection and rejection are designed for the
experiment. The experimental results show that compared with classical methods, the face image recognition
method based on the NSCT and bionic pattern is superior to others, and the scheme of rejection shows a better
comprehensive performance.
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Fig.1 NSCT decomposition examples of face image. (a) Original image; (b) low frequency decomposition coefficient;

(c~d) first level decomposition coefficients; (e~h) second level decomposition coefficients
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Table 1 Comparison of classical pattern recognition and bionic pattern recognition

Traditional pattern recognition Bionic pattern recognition
Starting point Optimal classification of different classes Recognition of samples one by one class
All available information are included in the Continuity of one sample class in
Theoretical basis
training set feature space
Math tool Statistics Topology

Theoretical derivation of algebra and equations Descriptive geometry of high—

Analyze methods . o . . . o
(logical thinking) dimensional space (imagery thinking)

Coverage of complex geometry in
Recognition method Division . )
high-dimensional space

Realization approach SVM and traditional neural networks Multi-weight high—-order neural networks
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Fig.2 Several pattern recognition methods
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Fig.3 Low frequency image compression. (a) Original image; (b) low frequency image; (c¢) compressed image
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Table 2 Comparison of the recognition results for different algorithms

Number of Number of Correct
Face False Feature
Algorithm training testing recognition Time /s
database recognition dimensions
samples samples rate /%
Ref.[13] 240 324 8 97.53 200 80.40
SVM-1I 240 324 12 96.30 148 48.48
UMIST
SVM-II 240 324 9 97.22 148 48.22
Schemel 240 324 4 98.77 148 94.31
Ref.[13] 60 105 15 85.71 200 27.89
Yal SVM-I 60 105 13 87.62 128 15.88
ale
SVM-II 60 105 12 88.57 128 15.68
Schemel 60 105 10 90.48 128 32.38
Ref.[17] 240 160 4 97.50 150 22.07
ORL SVM-I 240 160 3 98.13 148 24.47
SVM-II 240 160 2 98.75 148 24.37
Schemel 240 160 1 99.38 148 47.82
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