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Face Expression Recognition with Embedded Attention Mechanism and Channel Shuffle

WANG Zhengquan, ZHU Chengjie

School of Electrical and Information Engineering, Anhui University of Science and Technology, Anhui Huainan 232001,
China

Abstract: Objective Traditional convolutional neural networks face challenges in face expression recognition due to
complex network structures and weakened feature extraction, particularly from critical regions like eyes and lips that reflect
emotional states. This leads to issues such as weak specificity and neglect of spatial structural information in facial
expressions, resulting in lower recognition accuracy. In response, this study proposes a face expression recognition method
embedded with attention mechanisms and channel shuffle based on mainstream approaches in the field. Methods Firstly,
preprocessed facial images are fed into a spatial attention module to enhance spatial dimensional information, allowing the
model to better focus on key areas within the images. Secondly, the channels of the obtained spatial attention feature map
are split to make the information flow pass through different paths, and then channel fusion is carried out to enhance the
ability of feature expression. Subsequently, the obtained feature maps are introduced into the channel attention module to
enhance the channel dimension information. Finally, global average pooling is applied for network prediction. Results
The designed network achieves recognition accuracies of 71. 80% on the FER2013 dataset and 99. 66% on CK+, with only
1.9 M parameters. Conclusion This method outperforms many traditional classic algorithms, providing a more effective
approach to improving face expression recognition accuracy. This method holds significant practical value and promising
application prospects.
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Table 1 Model parameters

Input Operator Param #
[1,40,40] C, k=3,s=1,p=1 88
[8,40,40] SA 19
[8,40,40] CSP_BLOCK 1,260
[24,40,40] CSP_BLOCK 5,204
[32,20,20] CSP_BLOCK 12,864
[72,10,10] CSP_BLOCK 85,068
[216,5,5] CSP_BLOCK 430,884
[360,3,3] CSP_BLOCK 1,076,588
[512,2,2] CA 262,144
[512,2,2] C, k=3,s=1,p=1 32,263

[7,2,2] AdaptiveAvgPool2d 0
[7,1,1] Softmax 0

Total params: 1,906,382
Forward/backward pass size (MB) : 9. 46
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Table 2 Ablation experiment

A B %

Base 69. 82
Base(g=1) 70.27
Base(g=2) 69. 23
Base(g=4) 70. 30
Base(g=8) 69. 57
SA+Base+CA 70.97
SA+Base(g=4)+CA 71. 80
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FER2013 L AYMERAIE Ry 71.80% , 45 JS ] 4 1 FE AR
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% R I TR 12 3N i B2 K, Neutral 218 JL-F- 1% A I
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Table 3 Accuracy of different methods on FER2013

and CK+ datasets

Ak FER2013/% CK+/% S &
L Hk[8] 63.03 98.71 11,372,271
L#k[9] 63.91 97.98 2,464,032
LAk 10] 66. 40 93.2 3,962,328
k[ 11] 66. 00 — 1,825,465
LAk 12] 68. 80 96. 04 5,935,271
k[ 14] 70. 02 — 7,151,502

A 71. 80 99. 66 1,906,382
. R TARR A T ik R T B SR AT K

4 % W

ARSCEE R ARG AR PR T — M A = 1AL
o) 3 3 Y AU 22 2% O A B Y N TR
e Az () FETE ML, 38 56 2 ] 48 5 A 2 5 X 3R IR 1Y
23 [A) T T 7 R i 1A )8 T R AT U0 00, (4 i A
e By i A, PR AT 30 T L 5 5 oS A 2 A RRAE 42 A
FITE TEE R Sy L % e 4 AR B, PR K
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AL 1.9 M S50 st BEAE B 4 FER2013 il CK+
Ak E] 71, 80% F1 99. 66% H TR I MER B, 45 R
W12 5 AR L iF 2 e 2 MU AT T A I UICR
JITTE T 1 00 24 2 S X 48 A NI Ofe 4 BRURRAIE , - 30F
AT ST | N 2 18 A A S 4 v SRIAE — SE G B A
WEE AR | S A L 45 7 T, 1R 2 R ik AR
BB 2 SR BN 0 S B A, SRS TR AT I 4%
FRIEBEIC, o 52 BUXT AN 1 iU, J5 S2 S FEA
SCHY SR E 0T ) 2% S5 A R AT E — 25 i ke it SR
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