3% A5

TENKARSEAR

2021 5 H COMPUTER TECHNOLOGY AND DEVELOPMENT May. 2021

E TR 23R CentreFace B1K 70 ¥ & A R& 1R 7

~ =1 1 ) 2
X R, ERY kKA
(1. & wire K3 B1E5F86TRF%, /2% &7 210003;
2. R K MM R, LA dw 210003)

B E: AR (face recognition, FR) &+ BLULSE STBR PR 2 O 1) 2 — , A VA 2% ) 19 % J 8 78— R O
R AR T B AR ORI . BUAT 0 FR R SE 0 S SRR T30 T4 AR MR IR e . 44
T A58 B 28 1 1 )3 (Low-—resolution face recognition , LRFR) F J 7348 & — M ELBRAR P L, 7EAE SM B3 A
B e, AT I 0 e AR A PR 3K AT A RAR 3 S BB R FAR .y T SR R I T £
SEBEA ], 3T CentreFace Btk 56 B RCHE— B i — FVBEH ¢ BSOT FIE A 12, P00 e e i i
DAE AR S BB OB L T, 3K IS  BERS BB A T2 LR J) . e QMUL—SurvFace $UIRAE L JETFA0 4 415
BT S B 61 SETRAL AU CentreFace B0 UAIATIENL T CentreFace 5%

S - AR 64093 QMUL-SurvFace ; CentreFace ; #4512

fE 45 K= TP391 R ARIRAD ;A MEHRS:1673-629X(2021)05-0048-06

doi;10.3969/j. issn. 1673-629X. 2021. 05. 009

Low-resolution Face Recognition Based on Modular Constraint CentreFace
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Telecommunications , Nanjing 210003 , China;
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Abstract ; Face recognition (FR) is one of the most extensively investigated problems in the field of computer vision. The development
of deep learning has made great progress in face recognition under general conditions and has been commercialized in large quantities. In
recent years,existing FR systems have already achieved a satisfactory recognition accuracy under environments with certain constraints.
However, the low - resolution face recognition remains a challenging problem. In low —resolution face recognition, face images are
normally captured under non-ideal conditions. The existing FR methods are not ideal. In order to improve the accuracy of low -
resolution face recognition, we further propose a norm loss function based on CentreFace algorithm for joint supervision. The research
shows that norm loss function can increase the distance of intra—class while maintaining the distance of inter—class, so that it can improve
the generalization ability of the model. Finally,four sets of analysis and comparison experiments on the QMUL-SurvFace dataset show
that the CentreFace algorithm based on norm constraints has better recognition accuracy than the CentreFace algorithm.
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