ISSN 1001-9081
CODEN JYIIDU

2018-01-10
http: //www. joca. cn

Journal of Computer Applications

HEME A, 2018,38(1):233 - 237,254

CEYRE:1001-9081(2018)01-0233-05

BEAE &M Nt EREESBERFERNT A

& o', e FRAL e A
(LT TR B F5E8 TR, L7 M 1210015 2. K3EH TR A0, LT KiE 116024)
( * BIGVEZ BT IRAS gbidjiaxu@ 163. com)

i EARGAGHERRGEEN BH T AL TRtk 48, B(NME) oy RS R BTk, 44,
FRE R EGHEN EREL, A AERSBEARTERRF YR AL AR, AZTAARIKTARAK
PR BB, R REAEREES BN ENRAZ — KRG, A% B HRATF 2] 6 45 4 LA B 4F ey £
ARG, G REBBMAFERERS MG S ~AENT;RE, BT s A 694 E T Em R, KA RR M54
AOEEBEGRERE, FREREAY AT 3 A EREIEE, it ey BG4 4e 88 AT B E 755 300, iR
#% F(FAR) 5 45424546 & (FRR) 251 7T XA 41%.2] 0.021 5 0.025,

KEEW Ak A5 R B AERBG R AR T B R T ek e

hE4RE: TP391.413  CERARERMG:A

Image feature extraction method based on

DOI:10. 11772/j. issn. 1001-9081. 2017061394

improved nonnegative matrix factorization with universality

JIA Xu'", SUN Fuming', LI Haojie’, CAO Yudong'
(1. School of Electronics and Information Engineering, Liaoning University of Technology, Jinzhou Liaoning 121001, China;
2. School of Software Technology, Dalian Universiiy of Technology, Dalian Ligoning 116024, China)

Abstract: To improve the universality of image feature extraction, an image feature extraction method based on improved
Nonnegative Matrix Factorization (NMF) was proposed. Firstly, ¢onsidérng the practical significance of extracted image
features, NMF model was used to reduce the dimension of image\fedture vector. Secondly, in order to represent the image by
a small number of coefficients, a sparse constraint was added to‘the NMF model as one of the regular terms. Then, to make
the optimized feature have better inter-class differentiation,' the clustering property constraint would be another regular term of
the NMF model. Finally, through optimizing th&unodel by using gradient descent method, the best feature basis vector and
image feature vector could be acquired. The experimental results show that for three image databases, the acquired features
extracted by the improved NMF model are more conducive to correct image classification or identification, and the False
Accept Rate (FAR) and False Reject Rate (FRR) are reduced to 0.021 and 0. 025 respectively.
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