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Abstract: Aiming at the problems of a large number of parameters and the long training time of
convolutional neural networks, we proposed a facial expression recognition method based on a
lightweight attention residual network. Firstly, we rebuilt the model by using the residual network as
a skeleton, and improved the model performance by reducing the number of layers and improving the
residual module. Secondly, the depthwise separable convolution was introduced to reduce the number
of model parameters and computational effort. Finally, the squeeze and excitation module of ReLU
function was replaced by Mish function to adaptively adjust the channel weight. The model was
validated by using the classical ten-fold cross-validation mode on two public datasets CK + and
JAFFE, and obtained accuracies of 98. 16% and 96. 67% , respectively. The experimental results
show that the proposed method provides a better trade-off between model identification accuracy and
complexity.
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Fig. 3 Architecture of improved residual module Fig. 4 Structure of improved attention module
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Fig. 5 Examples of seven different facial expressions on CK+ and JAFFE datasets

2.2 HETALEE R I 2k

AL B SR B T 2% ) BE AP R, O de KRR B AR B BN B SR IR PR X AR CK U T
BEMLAKSF- BREL AL B, SR JFFE4L Mok &, B EUE 4 JAFFE 9 EMR 4650 48 X 48 K /NI Bl ALK S B % 4b
B, BRG TG AR O ke A 2% 1EA T I 4,

M FEE S CK+ M JAFFE /985 /0 . B R 97 38 SCRIE i 7 AT I AT, [ 5
2] %0 0,000 1 (9 Adam PR #8347 300 #UI1 %% P4 BG4 (AL AL B R /N8 Sy 16, R FHTE AR E 19
Ten-crop J7 AT ECHE A ML, DASR T 25 5 00 ml 5 . AU SEF Pytorch HEZR#E ST, A9 S50 25
e A 24 GB WAEH) NVIDIA GeForce RTX 3090 GPU | 5281,

2.3 HBLEIE

AR SO ARG CKA M1 JAFFE _E4» SIS T 98. 16 %0 Al 96. 67 %0 B #ERG =R, R 1 18 W42 3
s 4 b0 i B2 S 0 58 B 0 Rk 22 I 6 rh i AR R [R) 2 G AT T R SE A DR TIE 2% ) 28 B B i
ARPE. R 1R 2 505050 T PR F A AR R B CK+ f JAFFE ERSEgmai e, H. D
%25 W 45 O B SRR I 13 )2 BRI R R R R 40 K 92 O ResNet13; ik 19 % 22 B Bt (improved
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Table 1 Experimental results of different combinations of submodules on CK+ dataset

S 2H 5] ResNetl3 IRM SE(Rel.U) SE(Mish) W/ %
1 NG N N/ 98.16
P J N J 97. 35
3 J J 96. 63
4 NG 95.92

K2 FEINARAESELNESE JAFFE FHNWEER

Table 2 Experimental results of different combinations of submodules on JAFFE dataset

S 25 5] ResNet13 IRM SE(Rel.U) SE(Mish) W/ %
1 N N NG 96. 67
2 NG N NG 95.72
3 N N 94,77
4 N 93. 30

P s gl 1 RISCSa A 4 25 -] WL, BT i in i A B 5 04 19 ResNet13 X RE M RE A 271,
B CKAF1 JAFFE USRI R0 942 T+ T 2. 24,3, 37 DA Sr A, WS84 3 MScIh g 4 ]
UL BRI 5% 22 B IRM X ResNet13 76 WA 006 48 19 U3 HE 0 2% Loy Sl 42 7+ 17 0. 71, 1. 47 N EH 4
S DV TAE S 8 T A U R, RS 1 S B Al 2 nT L, ] Mish sRECE AR
Re LU bR IO 1 A~ 505 42 78 LAl AR e A0 S Al 30500 v 6 36 40 0 B2 7 T 0. 81,0, 95 4N H 40 45, Mish FR%K
FEZR A0 0 1 O3 T T R RS T Az A RE I AR ARBE ) . TEAR KRR R T3 T AL
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Fig. 6 Confusion matrix of proposed method on CK+ and JAFFE datasets
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Table 3 Comparison results between proposed algorithm and 5 mainstream algorithms

. HERI 2R/ % .
(i) - SR /M
CK+ JAFFE
AlexNet!t] 87.59 89. 83 60. 92
VGG16H 95. 46 91. 04 14.75
VGG19bH 92.18 90. 37 20. 06
ResNet18H1% 89. 39 92.55 11.69
ResNet50H% 92. 46 93.08 25.56

AL 98.16 96. 67 1.52
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