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ve training speed and facial expression recognition performance, this paper proposes
an improved VGG ne isual Geometry Group Network) based on LBP (Local Binary Pattern) and attention
mechanism for facial expression recognition. Firstly, the texture features of the dataset are obtained through LBP.
Secondly, the fully connected layer is replaced with the global average pooling layer and an attention module is
introduced after the benchmark model convolution layer and before the global average pooling layer, so that a new
network model NEW-VGG is created. Ablation experiment on NEW-VGG verifies the correctness of the model
improvement. Finally, the LBP+NEW-VGG fusion model is subjected to 10-fold cross validation on the CK+ and
Fer2013 datasets, achieving recognition rates of 97.98% and 76.75% . The experimental results show that the proposed
method not only accelerates the iteration speed of network training and enhances the facial expression recognition
effect, but also has strong robustness.
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Fig. 1 Overall flowchart of faci3
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Fig. 2 Effect image of feature extraction under different parameters
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Fig. 3 Improved VGG network model
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Fig. 4 CBAM network framework
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Fig. 5 Network framework of channel attentiong@gdule

243 () T T AR 18l e o 3 3 T R TR b T HAE
YA SR PO T R R K oL 1 NG o 5 Ll
AV i A RRAIE ]

FFF o T F o BEDFHESZ AN TXT (BT #4746
FUHRAE il AR OB RIFEREINEREW, (P,

W (F) = 6(f"T([F e s F e D) 3

F2=W, (FH)QF1 @)

HH o Hy sigmoid #1134 R ()W 23 [ B AE R

W, (F) TR LU ARAE ] F1 AR s (8] ) R AE B F2, X

A LM AR AR BT R 20 ) R R I, AT — 2P 1 5

NEW-VGG MIZ Bt 25 (8] 1 5 ) B (W 2 HEZR 4n 1] 6

FiR .
—————————————————————————— ~
/ I R SR
| T ' 5'i*‘1'nJ;‘i.ciL-JJ\|
| JIE R A EIF2
AL IR L TXTERE |
| AR (3) |
) 09| —> ot )] —> |
|
t\ B T i ’

H6 wHEEHNERMBER

Fig. 6 Network framework of spatial attention module
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Tab.2 Model recognition rate on CK+ dataset

By i PO/ %
Basic-VGG 95. 46
NEW-VGG 96. 86

LBP+NEW-VGG 97.98
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Tab.3 Comparison of different methods on the CK+ dataset
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Tab.4 Comparison of different methods on the Fer2013 dataset
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Tab.6 The confusion matrix of the proposed method on the Fer2013 dataset

M AR WME BB JRe B Wi Pk
R 0.09 0.02 0.13 0.01  0.07
R 0.02 0.00 0.02 0.0l
2 0,10 0.12  0.02  0.06
JF 0.01  0.01 0.02  0.02
k¢ 0,07 0.00  0.10 0.14
f5iF  0.01  0.00 0.10  0.03 .02
FfE 0,04 000 0.05  0.06 0.14
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Tab.5 The confusion matrix of the proposed method on the CK+ dataset

AR MR BB IR B W M
4R 0.0  0.00 0.04 0.02  0.00
1 0.00  0.00 0.0l  0.01
2P 0.00 0.00 0.02  0.01
FEL» 0.00  0.00 . 00

A 0,06 0.00  0.02

WiF  0.01  0.00 0.00

BEAM 0.00  0.00  0.00
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