F2oK ol
2019 £ 6 H

HTENMKRSEZR

COMPUTER TECHNOLOGY AND DEVELOPMENT June 2019

Vol.29 No.6

E T SR & fF a0 iEHE AR B 5 iR

2 H T’

(1. FbRd X3 @13 545 86 TR SR, L &% 210003;
2. BRI B IEFR LR &R 211167)

TR EEU R ST RRRAE FE oMFRFERA H BCR RE F v IEE 5 FRT R R A TR 3R I L, 488 0 2 1 3k AU AR Bk 20 i
FOSE P RN R . 1 5, AR Bk 20 A 505 2 SR B SN e A v L 35 Rl R AR A [ 2K AR it
TAREAS T ZRA AR P15 DA 2 S ) TR, A1) AR Bk oA S v R BB e A vh (0 S P T SR O 5 R, B Jeobg
TR YN ZRAEAS (Y (R BR A G PR M58 7 1 AR 3 A e ) 8 o ) 0 ) 166 4 57 St I R AR 3R S B R
TR BN AL TR RE U5k 22 B 15 B 0y R BGEAT 0 00, SR A R R, JE T ik AU TR 23 % 1Y
AR E LT AR #1 Extended Yale B [ b BRI FRAT £ §2 &5, AR LC AL B A B0 B0 TR 45 28, S0 T2 38 0 1Y

AR X TR DOR AT IR B B B

SRR AU S it s B2 5 NG RUR 5 ats P540 e

FE S %S . TP273 XEAARIRED ;A
doi: 10.3969/]. issn. 1673-629X. 2019. 06. 009

NEHS:1673-629X(2019)06-0042-05

An Occlusion Face Recognition Algorithm Based on Iteratively

Reweighted Robust Principal Component

YU Tao', TONG Ying’,CAO Xue-hong’

(1. School of Communication and Information Engineering , Nanjing University of Posts and

Telecommunications , Nanjing 210003 , China;

2. School of Communication Engineering, Nanjing Institute of Technology,Nanjing 211167 ,China)

Abstract: Aiming at the problem that the sparse matrix obtained by the traditional low rank matrix decomposition algorithm contains both

occlusion factors and noise factors, we propose an occlusion face recognition algorithm based on iteratively reweighted robust principal

component analysis. First, the iteratively reweighted robust principal component analysis is used to extract the occlusion and noise factors

contained in each training sample. Then, for the problem that the test sample and the training sample have different occlusion conditions,

the iteratively reweighted robust principal component analysis is used to extract the information covered by the occlusion contained in the

test sample. Finally ,low-rank matrix, occlusion matrix, noise matrix and occlusion vector in the test sample of each type of training

samples are constructed into a new joint dictionary,and the test samples are represented as sparse linear combinations of the new joint dic-

tionary ,and the residuals are calculated by sparse approximation. The classification is determined by the obtained coefficients. The

experiment shows that the recognition rate of the proposed algorithm is improved on AR and Extended Yale B library. Compared with

other methods, it has better recognition results, which is proved to be effect,and is robust to occlusion.
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