39% 453 o B F 2% 5 i B R Vol. 39 No. 3
202243 A MICROELECTRONICS & COMPUTER March 2022

51 &S s TRHAL . BRI, T 22 R MG B0 ALHI A AR SR I IR AN B gE L) . S 72 53T, 2022, 39 (3) : 34-40.
[SHI H,XING Y H,CHEN L. Facial expression recognition based on multi-scale feature fusion and attention mechanism[ J].
Microelectronics & Computer,2022,39(3) ; 34-40. JDOI; 10. 19304 /]. ISSN1000-7180. 2021. 0799

EF 5 REMBAEENVE ALK SRS
¥ L e, R

(B R FETRSE . §E 330031

W OE.HNEAEBRHENEERERERBRNEAEGERAERAGER, TERBRE 5 H B £ FHE, AT
SEERFANERGEA B -—HETEREFLERGEZTANA B ARKFRA & &%, % F VGGNetl6
KRBCERBME. AT BEAEBREEENEL ERNETAREREREN A B BAEAT S RERERE, T
ANETXEEWRARHBRREmFENRERECE N THREEEX T RBERAFRE. ARNLEFINT EENN
Tl ZNH A DA AEPRENAEEE A ERAATRSE, FIFRAAENRER L, RBOLE A R E, R4
R RAGEA . WHAAEENTYH. AT H - P RGRBME L FHANTHAE, FININEH K E K, I 5 Solt-
max 7 Kk BB A A RFNR L BE RGBT A2EEEHATT M. b kW% B AL DA B A,
EHMRET N T DropBlock 5 8. 523 % R % W, % 4 A £ Fer2013 fn CK+#45 & 2 51 A& T 73. 32% fn
97. 40%0 By Tk &

KR T ENAR s REF s AR FERI ARG 5 R EREa 4 E A4

FESYEES. TP391. 41 XERARIREG . A XEHS: 1000-7180(2022)03-0034-07

Facial expression recognition based on multi-scale feature
fusion and attention mechanism

SHI Hao, XING Yuhang,CHEN Lian

(School of Information Engineering, Nanchang University, Nanchang 330031, China)

Abstract: Aiming at the problem that traditional convolutional neural networks easily lose a lot of useful information
in the expression feature extraction stage, and cannot extract high discriminative expression features, which leads to
the problem of low expression recognition rate, a facial expression recognition method based on multi-scale feature
fusion and attention mechanism is proposed. First, use VGGNetl6 to extract convolutional features, multi-scale
feature fusion is performed on the output feature maps of different layers of convolutional layers in the network, and
context information is introduced while extracting richer expression feature information. In order to focus on key
expression features, an attention mechanism is introduced in the network, the channel attention module is improved
by grouping convolution operations, learning the weight information of different channels, obtaining attention
feature maps, enhancing the expression ability of features. In order to further improve the discriminability of the
extracted expression features, an island loss function is introduced, and combined with the Softmax classification
loss function to form a new loss function. Finally, due to the deletion of the fully connected layer, the DropBlock
strategy is introduced in the convolution layer to prevent the network from over fitting. The experimental results
show that the model has achieved average accuracy rates of 73. 32% and 97. 40% on the Fer 2013 and CK +

datasets.
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Fig. 1 Group Convolution Channel Attention
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