55 36 4 55 6 (77 DO NEE S Vol.36 No.6
2022 4F 11 A Journal of Hunan University of Technology Nov. 2022

d0i:10.3969/j.issn.1673-9833.2022.06.006

JET ACNN fl Bi-LSTM FA% 35 iR )

KXEk, ZTokBE, TEHIE, PHEE
CibArg Tl 2= THEMLABE, AR BRI 412007 )

W OB AR EN, BEKSSES, BET —MHATHAEZE I G ERNZER %
(ACNN) Fel@y K 42403212 M % (Bi-LSTM ) ABZ A-094h 2 M & 454, S35 %) CASME Il ¥ 4&, 4
TR B AL ME R, B ARG IR E 2T 469 VGG16 M %R S R KA 4, 45 )
Hr B AR ATRIT, FR T A B EAFIE 24 MK IRA Ao A EANAB R HIEG LSRRG E; RE¥K
24 ANR A5 R 2t B RR A iz E ) A ARAM LM% (BR-ACNN) I & A E & N 145 869 B 3f4F 42,
Kot s2isBnizE A ERWMEMN%L (GR-ACNN) BRREFHAZEAZ L LREE; %5, ¥
P By FFo o Ry AFAE, 23T Bi-LSTM RECGE A /FFl X M egta X Az &, FRERE R, 5HAXR
PEFAEHFEH 069, UF, 4 0.638 2, UAR 4 0.675 0, CASME Il 3£ L4 R 2=, I 88 st
OFFApexNet #A , 3 UF, #3 7 0.028 1, UAR# 3 T 0.096 9; A8+ ATNet #£A , H UF, #3 7 0.007 2,
UAR %% 7 0.032 0,

KEIR . MERMERA; KARIRILM%; EE ML, BT Rk

FES>ES: TP391.41 XEFRERD: A XERS: 1673-9833(2022)06-0034-08

BI3cgz: KTk, FAm, ®¥it, F . AT ACNN # Bi-LSTM # s & Hn 5 [J]. #d Tk K 354k,
2022, 36(6): 34-41.

Micro-Expression Recognition Based on ACNN and Bi-LSTM

ZHU Wengqiu, LI Yongsheng, HUANG Shiji, YANG Haotong
( College of Computer Science, Hunan University of Technology, Zhuzhou Hunan 412007, China )

Abstract: In view of the flaws of micro-expression characterized with a small amplitude and low intensity, a
neural network structure has thus been proposed based on the combination of convolution neural network with attention
mechanism (ACNN) and bi-directional long short-term memory (Bi-LSTM). CASME 1I data set has been adopted in
the experiment so as to reduce the risk of over-fitting, with the basic features extracted from the preprocessed feature
vectors through the pre-trained VGG16 network, followed by the cropping of the output features, thus obtaining 24
micro-expression recognition blocks with local features and global feature vectors with the whole picture features. Next,
based on an extraction of local features with attention information from 24 recognition blocks through local recognition
block attention convolution neural network (BR-ACNN), global features with attention information are to be extracted
as well from global feature vectors through global attention convolution neural network (GR-ACNN). Finally, the
correlation information between the micro expression sequences can be extracted by Bi-LSTM based on the extracted

local and global features. The experimental results show that the average accuracy rate of 5-fold cross validation is 0.69,
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UF, is 0.638 2, and UAR is 0.675 0. The results on the CASME II data set show that the proposed algorithm model,
compared with OFFApexNet model, is 0.028 1 higher in UF,, and 0.096 9 higher in UAR; while compared with ATNet
model, it has increased by 0.007 2 in UF, and by 0.032 0 in UAR.

Keywords: micro-expression recognition; long and short term memory network; attention mechanism;

transfer learning; identification block
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Fig. 1 Micro-expression recognition model based on ACNN and Bi-LSTM.
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Fig.3  Structure diagram of bidirectional recurrent
neural network
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Table 2 Training accuracy results %
test 1 test 2 test 3 test 4 test 5
79.3 69.0 62.1 62.1 72.7
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WK 69.04%, UF, 7 0.638 2, UAR H 0.6750. &%
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Fig. 7 Confusion matrix diagram
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Table 3 Comparison of recognition effects of

different algorithms

methods UF, UAR
LBP-TOP"” 0.360 2 0.3839
VGG-16"" 0.469 2 0.465 5
AlexNet™ 0.508 3 0.490 1
VGG11PY 0.5315 0.5381
ResNet18"* 0.536 7 0.544 1
SAIN_GRAY™! 0.5450 0.5270
GoogleNet!™ 0.607 0 0.574 0
OFFApexNet™! 0.6101 0.578 1
ATNet”! 0.6310 0.643 0
our model 0.638 2 0.6750

23 PRBIER, A SO R AR AR T
IR RSB, JORS A T AR R4 s o AT
OFFApexNet £, LR UF, $&7 7 0.028 1,
UAR 57 0.096 9; AHXT ATNet #iAY, 2k iy
UF, #2657 0.007 2, UAR #&/ 7 0.032 0, X EEJE
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