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Facial Expression Recognition with Mask Based on M-Xception Net

WEI Saiyuan, LIN Liyuan, ZHANG Yiran
(College of Electronic Information and Automation, Tianjin University of Science & Technology, Tianjin 300222, China)

Abstract: At present, there is little research on masked facial expression recognition with occlusion at home and abroad.
For the masked facial expression recognition (face emotion recognition with mask, FERM) with the complex application
scenarios , lack of data set,and low recognition accuracy rate, thus this article proposes an improved M-Xception
Net (Modified Xception Net) , and establishes a data set FERM. It has lightweight network characteristics with fewer parame-
ters, more sensitive to subtle expression information. Therefore, it is more suitable for complex scenes and emoticon datasets
of lower resolution. The Face-Mask technology of Dlib is applied to mask FER2013 expression data and generates FERM
expression data set. The experiments on FERM data set show that the M-Xception network model has better recognition per-
formance with the 88.95% accuracy, which is higher than the 84.94% accuracy and shorter training time with using Xception
net directly.
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Fig. 3 Diagrammatic drawing of standard convolution, “extreme Inception” and deep separable convolution

)i, 8 Xception ) Middle flow #4421 1 4>
Block ¥ HER 8 W/ E 3 W, HAYEHASEL,
fRIARABEARY , SIS IE R X ER R B, 2800 1 DR
JE ] 43 855 Block , #4742 Jay - 34 Ak ) a8 i
Softmax™5Z B /3 2. # A~ M-Xception PIZEEEH , [
TIREE ST EEFYZ dw Fl pw 2 [8) {8 FH 2R P30 pRAL
(B A5 BV AE) 2 41, HAb B RUZ Z a4 m BN
JZ2 . ReLUM i BR B, Bi7 1k 50305 & 1 346 Sim A A £
etk Fikme

S K Xception , M-Xception [ 2845 7l 72 50 A5
BB A RESE FER2013 _EHEFTYISR (R, 45
DR 1. M-Xception MZ8 51 RY ELA BT finfa]iik | PRk |
o RS R R Rl S T R ) 2 A B A
FER2013 ¥t bRl 68% ity , Eff%
HAEL, XAE N FER2013 BUREAFAEAR S B | 4
BRPA IR ARG 215 B S IR, 1 i A T R

B TR 2Rt AT (65 = 5) % idy. R, SR 4Rk 11
I T FER2013 SURARAOARSE Bk | AR
PISAE NG RG] F, FEE4T Face-Mask [1E23HEHY
AR, ARSI AL 2.2 4.

#= 1 Xception MEBHFIEXTLL
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Fig. 4 Facial key points before and after wearing a mask
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Tab.3 Comparison of average accuracy of different models

FR A SEIUER /% epoch [i]f]/s
CNN 83.38 1.296
mini_Xception 84.68 2.052
Xception 84.94 4.644
M-Xception 88.83 2.538
M-Xception + Dropout 88.95 2.376
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