®3rk Hom L AR KFFROERAF R Vol. 37 No.2
2018 4F 4 H Journal of Shandong University of Science and Technology(Natural Science) Feb. 2018

IR A XD, k3R, 2 A AR M GLCM FRAE A ml & 19 N BRI B9 [T ], 10 R B K2 2 CH AR RO
2018, 37(2).1-8.

XU Yan, LIU Bin, MI Qiang. A study of face recognition based on weight fusion of compound invariant moment and GLCM
[J]. Journal of Shandong University of Science and Technology (Natural Science), 2018, 37(2) :1-8.

5 A AT GLCM A ML A1 A S5 5

% = @,k &

WLWARBERE ©F@BEE5HEFR, LA F8 266590)

H EATRIABRRANE R —FAATELS AT LR E XA BB NHFERRG F CH-GLCM, 4 2% A
BB ERFZRDAAEG TR REITA TR R ELAEFIE. HF R —ZORET AR A TR REES
AEASREEHERABRBRG ISR LEHIE, FRBRALBGRGRELELE REAN XHFDFHEREK
Ede A B AR IR KB AE A R R A SR AT I AR @k A s kG & A £ ORL A= YALE A & b 347 5% B 4o
M, FREREN ENEHARANA S B, 5B RAFIERR G EAL . A RA T ETUARABRRNEE IR G
4 ANE B

KRR AT AR ; R ELEAFAE ; R B A M ARG L &M

hE 42 E.TP391. 41 XHIRER A XEHS.1672-3767(2018)02-0001-08
DOI. 10. 16452/j. cnki. sdkjzk. 2018. 02. 001

A Study of Face Recognition Based on Weight Fusion of
Compound Invariant Moment and GLCM
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Abstract; To improve face recognition rate, this paper proposed a new feature extraction method CHu-GLCM based
on compound invariant moment feature and gray level co-occurrence matrix. Firstly, the face image was divided into
many sub-blocks of equal size and the invariant moment feature of all the sub-blocks was extracted. According to a
certain weight coefficient. the invariant moments were then combined together as the composite invariant moment
feature of the whole face image. Secondly, the gray level co-occurrence matrix of face images was extracted and then
fused with the composite invariant moment feature to achieve the weight fusion of the two features in the decision-
making layer by using the support vector machine. Finally, they were tested in ORL and YALE face database re-
spectively. The final results show that compared with the traditional method, the proposed method can increase the
face recognition rate by at least 4 percent when there are 5 training samples.
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Fig. 1 Face recognition rate under different block patterns
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Tab.1 The face recognition rate in ORL face database %
I A A5 1 2 3 4 5 6
RN 64.2 79.3 85.0 88.0 91.5 94.5
Eigenface 77 1% 59.0 68.5 81.2 82.5 86.5 88.5
Gabor J7 & 43.5 69.0 80. 5 83.0 84.0 87.3
LBP FiE 46. 4 70.3 82.4 85.0 87.8 90.5
SRC Jrik 50. 5 68.0 81.0 83.2 87.0 88.9
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Tab. 2 The face recognition rate in YALE face database %
I ZRFEAA % 1 2 3 4 5 6
HAERAER 69. 1 80. 3 87.4 90. 0 92.5 96. 0
Eigenface J5 & 62.0 71.5 83.4 85.5 87.0 89.5
Gabor J7#: 48.7 73.0 85.5 86. 4 87.5 89.0
LBP J7i% 52.2 73.0 84.5 87.2 88. 6 92.5
SRC ik 52.5 73.2 83.8 86. 8 88.5 91.5
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Tab.3 The face recognition rate under different expressions in YALE face database %
RS a b c d e
RV NCY 90. 4 89.1 89.8 90. 0 88.0
Eigenface J7 ¥ 85.9 81.5 79.9 78.1 75.7
Gabor ¥ 87.7 81.0 80.5 80. 4 73.2
LBP )7 88.2 81.0 80.5 81.2 75.6
SRC F & 85.4 81.2 80. 3 79.5 74.5
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Fig. 4 Face recognition rate with different weights
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