514 %5 6 OB R & v M Vol.14 No.6
2019 11 H CAAI Transactions on Intelligent Systems Nov. 2019

DOI: 10.11992/tis.201811021
[ £& H AR B 3k : http://kns.cnki.net/kems/detail/23.1538.TP.20190902.1105.004.html

&1 IE I 44 7% 5 ) 31 3F 52 %6 B 53 1o

B GER
(THRF HFEARFR, L L4 214000)

 F AR GRS — R AT BB s U ik, M P IE U 24 TR RE AT 280 A s B 2 TR Y JR) R U 45
o N T A AR IR R AL, 45 0T — i G T 18T 1 D)k A4 s i A i) A 67 B g 3300 (graph regularization
sparse discriminant non-negative matrix factorization, GSDNMF-L, ). #|H [ 2R BE AR 2 [ 10 5 0 2 P 98 7 R by st Xk
IO 1) Pl R AR R 5 LA Ly S BSCHEAT A 00 P 24 5 e DA ) LV U A 0 A B 6 e K50, 1) P 28040 4 1) A 28 13 2 R
FRBCHEATEAS Z (] 1) i B 25 4 RURRAE 9 0 v, OF 20t T R AR AT R o e T R B 2R B se ek
W, GSDNMF-L, ; 7 5¢E 5 85 T 19 43 20K BE AL T4 X LL Bk

IR AR SRR R 0 it s RRAEBRIBG; Wl s WU A o) 5 SR R TRIBE HE I s F1 5015 B M 2 s Rt RoR
FESESTP391.4  CEREERD: A XE4HS: 1673-4785(2019)06—1217-08

G AR B, REE. BENKRRANIEREESR J). BREARFEFM, 2019, 14(6): 1217-1224.
%32 5| A#&3(: XU Huimin, CHEN Xiuhong. Graph-regularized, sparse discriminant, non-negative matrix factorization[J]. CAAI
transactions on intelligent systems, 2019, 14(6): 1217-1224.

Graph-regularized, sparse discriminant, non-negative
matrix factorization
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Abstract: Non-negative matrix factorization is a popular data representation method. Using graph regularization con-
straints can effectively reveal the local manifold structure between data. In order to better extract image features, a
graph-regularized, sparse-discriminant, non-negative matrix factorization algorithm is proposed in this paper. The sparse
linear representation between similar samples was used to construct the corresponding graph and weight matrix. The ob-
jective function using the maximum margin criterion with L,, -norm constraint was optimized, using the tag informa-
tion of the dataset to maintain the manifold structure of samples and discrimination of characteristics, and the iterative
update rules of the algorithm are given. Experiments were carried out on the ORL, AR, and COIL20 datasets. Com-
pared with other algorithms, GSDNMF-L, ; showed higher classification accuracy in feature extraction.
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Table 1 Average recognition rate (variance) on ORL dataset

FRIEAEE NMF GNMF NDMF GSDNMF-L, GSDNMF-L,
9 79.30(2.36) 79.48(1.73) 79.70(2.83) 82.05(2.34) 82.25(1.51)
16 85.15(1.69) 85.96(1.35) 86.18(1.58) 90.83(1.58) 90.83(1.38)
25 86.33(1.52) 85.00(2.14) 85.90(1.67) 89.83(1.36) 92.13(1.25)
36 87.18(1.50) 87.30(1.30) 86.85(1.69) 92.50(1.06) 93.13(1.03)
49 90.14(1.04) 90.85(1.17) 90.63(0.69) 95.43(0.69) 95.43(0.56)
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Table 2 Average recognition rate (variance) on AR dataset
FRIEAEEL NMF GNMF NDMF GSDNMF-L, GSDNMF-L,
16 62.68(1.86) 67.80(2.66) 61.12(2.17) 76.01(1.80) 76.10(1.83)
25 74.66(1.57) 77.92(1.94) 74.01(1.98) 85.31(1.17) 85.83(1.02)
36 77.57(0.84) 80.48(1.25) 76.74(1.10) 85.96(0.81) 86.49(1.02)
49 78.29(1.49) 80.92(0.96) 77.84(1.15) 88.42(0.75) 88.79(0.81)
64 90.62(1.03) 93.05(0.70) 90.47(0.91) 94.92(0.51) 94.91(0.28)
R 3 COIL20 HiEE EWEHIRANE (FE)
Table 3 Average recognition rate (variance) on COIL20 dataset
RS NMF GNMF NDMF GSDNMF-L, GSDNMF-L,
9 90.45(1.07) 91.97(1.32) 91.03(1.43) 90.56(1.67) 92.05(1.35)
16 95.05(0.81) 96.62(0.83) 95.26(0.90) 95.35(1.43) 97.11(0.74)
25 98.19(0.49) 98.76(0.39) 97.93(0.64) 98.97(0.47) 99.23(0.38)
36 98.44(0.87) 98.65(0.59) 98.37(0.63) 98.91(0.83) 99.34(0.35)
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Fig. 5 Variation curve of loss function
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Table 4 Comparison of sparsity of the base matrix W

454 NMF GNMF NDMF GSDNMF-L; GSDNMF-L,

ORL 0.25 032 0.26 0.30 0.33
AR 052 055 052 0.55 0.56
COIL 049 056 049 0.54 0.65
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Fig. 6 Comparison of basic images computed by NDMF,

GSDNMF-L; and GSDNMF-L, ; algorithm on
ORL,AR and COIL20 dataset
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