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High-precision expression recognition method for complex illumination
LI Jiagian, ZHANG Lei

(Institute of Mechanical Engineering, Jiangsu University of Technology, Changzhou Jiangsu 213001, China)

[ Abstract] To solve the problems of low accuracy and large number of deep learning model parameters in traditional facial
expression recognition, an improved residual network model was proposed. The depth separable convolution kernel was introduced to
reduce the number of model parameters, and the compression excitation module was introduced to improve the weighted relationship
of model channels. The center loss was introduced into the design joint algorithm to improve the degree of discrimination between
similar expressions. The experimental results show that the recognition algorithm improves the discrimination accuracy of similar
expressions and controls the number of parameters in the model well. The accuracy of the model on three public data sets is 98.17%,
97.22% and 94.09%.
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Fig. 1 3x3 size structure of depth separable convolution
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Fig. 2 Squeeze—and—Excitation module structure
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Fig. 3 Improved separable convolution calculation process
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Tab. 1 Structure and parameters of improved separable convolution network

R4 [EE= RS ESN VNN HBRULK Bl (H* W*C)
1 HBIRZE 3x3 1 46x46x32
2 R4 U S - - 46x46x32
3 BHZE 3x3 1 44x44% 64
4 FE4i R - - 44x%44% 64
5 Al B A 3x3 1 44x44x128
6 T 205 Sl s - - 44x44x128
7 Q- A 3%3 1 44x44x128
8 FE4E B AR B - - 44x44x128
9 AL 3%3 2 22x22x128
10 LI E 2 3x3 1 22x22%256
11 FE4E B AL B - - 22%22%256
12 A AR 3%3 1 22x22%256
13 JEAR B - - 22x22%256
14 Ktk 3x3 2 11x11x256
15 Al B TR 3%3 1 11x11x512
16 FE 45 U AL B - - 11x11x512
17 Ay E 3x3 1 11x11x512
18 FEAR B - - 11x11x512
19 KA 3%3 2 6x6x512
20 oy AR 3%3 1 6x6x1024
21 FE4E B AR B - - 6x6x1024
22 A AR 3%3 1 6x6x1024
23 JEAR B - - 6x6x1024
24 Rt 3%3 2 3x3x1024
25 A AR 3%3 1 1x1x1024
26 JEAE B - - 1x1x1024
27 BN - - 1x1x7
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Tab. 2 Expression types and quantities of each data set
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Tab. 3 Parameters of residual network
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Fig. 4 Recognition rate and loss rate of three data sets
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Tab. 4 Identification accuracy of this method

Bl FEAREL I /s HERIR %
CK+ 1 500 19.94 97.57
JAFEE 1 500 19.73 96.24
Oulu—CASIA 1 500 19.91 94.09
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Tab. 5 Comparison of recognition rate on CK+ dataset

EiEES Bamsge  wHEyss BRI/ SR
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