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(1. BB T K2 AL 515 B2, 28 A8 230601 ;2. fii ks Jeumds RBIEZE T, 5 7708502, HA)

i OE AR AR T T RIRAR R BRAFAE R ) BILT AR R BT — AT 2
B B HL(MLP) # 2 3 A Xception AR & 4 12 5] W 25 . 32 A2 AL 3 Xception R 432 IR 04 45 42 4y
ANE S BB R RAT AL T R £ A AR, JE IR TUAR AR AR, A f A5 4 4R 5 o 4 A7 5
PRI H R B GG AL A8%48, KRG AT AW R RATI IR AL IR, B X e 21 ARG T EN
A SUARF M 45 BERL o 0K Bk 5% o 2 b RO - R SUBE AL CK+30 45 % \JAFFE 40 3% 45 A= MMI 2045
S b8 E %A 5 5 R 4 98.991% .99.02% Fe 80.339% , Xception A2 £ CK+4 ¥ % JAFFE 4
V& 4 = MMI 2035 42 109 SE #5978 3] F 5 5 4 97.4829% .90.476% F= 74.0678% , Xception+2lay 12
A CK+# ¥ &  JAFFE £ ¥ & = MMI 4035 £ £ 89 & #5542 30 & 5 3] 4 98.04% . 84.06% =
75.593%. i@ id vA L iF Bk SR B xFRb R Uy 34 1R 5 B A A8 AL T Xception A 5 Xception+
2lay B | B Hp AR A g P AR LB E T A SUBE AN 84 A Rk

FEER AL E IR AR Z ML (CNN); y};)ﬁxé‘ﬂﬂ% Xception ; iR B 7T 5 B B AR

HESES TP 391.41 HRER ARG A

Improved Xception Facial Expression Recognition Based on MLP

HAN Baojin', REN Fuji 2
(1. School of Computer and Information, Hefei University of Technology , Hefei 230601, China;
2. Graduate School of Advanced Technology and Science , University of Tokushima, Tokushima 7708502, Japan)

Abstract: Aiming at the problem of redundant features when using deep learning to extract facial expression im-
age features, an improved Xception facial expression recognition network based on multi-layer perceptron (MLP) is
proposed. In this model, the features extracted from the Xception network are input into the multi-layer perceptron
for weighting, the main features are extracted, and the redundant features are filtered out so that the recognition accu-
racy is improved. First, the image is scaled to 48%48, then the data set is enhanced, and these processed images are
fed into the network model proposed in this paper. A comparison of ablation experiments show that: The correct rec-
ognition rates of this model on the CK + dataset, JAFFE dataset, and MMI dataset are 98.991%, 99.02% and
80.339% respectively. The correct recognition rates of Xception model on the CK + dataset, JAFFE dataset and MMI
dataset are 97.4829%, 90.476% , and 74.0678% , respectively. The correct recognition rates of the Xception + 2lay
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model on the CK + dataset, JAFFE dataset and MMI dataset are 98.04% and 74.0678% , 84.06% , and 75.593%, re-

spectively. By comparing the above ablation experiments, the recognition accuracy of this method is significantly bet-

ter than the Xception model and the Xception + 2lay model. Compared with other models, the effectiveness of this

model is also verified.

Key words: facial expression recognition ; convolutional neural network (CNN) ; multilayer perceptron (MLP) ;

Xeception ; depth separable convolution
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Fig. 3 Structure diagram of multilayer perceptron
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Tab.3 Comparison of ablation experiments
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Tab. 4 Comparison with other methods

Bk CK+ JAFFE MMI
Lenet-5 85.31 82.67 68.644
AlexNet 87.28 84.9 65.0847
VGGNet 94.4 86.7 63.235
ResNet 92.01 96.57 72712

GoogleNet 97.89 98.6431 73.5594
InceptionV2 95.482 83.4832 62.0338
InceptionV3 94.024 88.285 66.1016

[2] 97.64 97.7
[7] 97.18 97.38
[8] 92.3 98.5
[9] 97.64 97.7

[17] 97.78 98.95

[18] 95.31 96.05

[19] 77.1

[20] pACNN 70.4
[20] gACNN 69

[21] 78.5

[22] 78.44

ES'S 98.991 99.02 80.339
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