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Abstract: Micro-expression is unconscious expression changes that reflect people’s underlying emotions and inner
states. When micro-expressions occur, their low intensity and the small facial range result in insufficient feature
extraction and inaccurate localization of effective features during the recognition process, which affects recognition
accuracy. To address this issue, a progressive attention multi-scale convolutional network was constructed. The
network integrates a multi-scale convolutional module and a progressive attention module. First, the multi-scale
convolutional module is used to learn fine-grained features from different receptive fields, extracting rich details.
Then, the progressive attention module is designed to accurately locate facial motion areas and robustly extract

motion features from micro-expression images through information sharing and enhancement across multiple attention
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maps. The proposed network was tested on SMIC, CASMEII and SAMM datasets, achieving accuracy rates of
0. 826, 0. 880 and 0. 787, and F, scores of 0. 817, 0. 864 and 0. 761, respectively. The proposed method can serve

as an auxiliary tool for lie detection and early screening of mental health conditions.

Key words: artificial intelligence; micro-expression recognition; deep learning; attention mechanism; convolutional

neural network; multi-scale convolution; lie detection; early screening for mental health
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Fig. 1 (Color online) Examples of various expressions of

(a) micro-expressions and (b) macro-expressions.
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Fig.2 The flow chart of micro-expression recognition algorithm based on progressive attention.
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Fig. 3 (Color online) Structure of micro-expression recognition algorithm based on progressive attention.
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Fig. 4 (Color online) Visualization of face alignment and
cropping effects. (a) Original images, (b) key point detection

images, and (c) face alignment and cropping images.
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Fig.5 (Color online) Visualization of image enhancement
effects. (a) Original images, (b) horizontal flip images,

(c) random rotation images, and (d) random images.
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Fig. 6  Concrete structure of multi-scale convolutional module.
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Table 1 The class distribution of SMIC, CASMEII, and SAMM

micro-expression datasets
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Table 2 Results of the comparative experiments with advanced methods of deep learning
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Table 3 Results of ablation experiments

R4 AFEEBWR/ N SEL

Table 4 Results of different convolution kernel sizes

SMIC#B4E  CASMENEMESE  SAMM iR4E

A F, A F, A F,

A 0.653 0.552 0.671 0.598 0.610 0.607
B 0.719 0.615 0.711 0.658 0.669 0.652
C 0.778 0.759 0.859 0.827 0.735 0.721

D 0.826 0.817 0.880 0.864 0.787 0.761
VE s IRIHCR R R AR T A
I 22 R BRI AN R BB /I ]
LENVEREMRZI, IR A RS U A R ok 28
I ERESE T, AERRI B 4E L& iR B S A58,
gimng 4. hFEA0, MEREINNR3, 5.7
MO, FrtMZ s dERBIGe et 5, 7E8dE
£ESMIC. CASMEIT X2 SAMM 34555 Fe s .
2.6 BIAMEREER
S PFA ASBIF ST 0 265 7R AN [ 15 25 28 1) 1 oy bk
A, T FH TR I A UL JEE s T 28 7 3 N Bl 4
B4y 25 Efe, SR 7. IR 7AW, BT g
TE CASMEN G4 b i) 28 w2800 09 43
R R E, JER BT ER RIS R
0.93, JEHWREEEIRE TS 5E BN H
AR 22 SN, BLIR A B 028 T e il B2 155 2

CASMEII
BAEgE
A F, A F, A F,

SMIC $di4E SAMM H¥E 4

% BB
[ AN

E 1.3.5.7 0.796 0.782 0.835 0.822 0.750 0.742
F 3.5.7.9 0.826 0.817 0.880 0.864 0.787 0.761
5.7.9.11 0.808 0.796 0.855 0.846 0.742 0.730

G
H 3.3.3.3 0.802 0.780 0.859 0.839 0.746 0.733

—

9.9.9.9 0.784 0.775 0.831 0.797 0.735 0.726
E: BRIREEE XSRS AR T R Rl .

FROE, $2m PUNMER . 7ERdEE SMICH, &
P J R AR S, (" Bl
OCTHBR” AR R, TR TR PR £
FEFRNE AL B N EAFAE—E AR, HARSE T
ZIETZHEM AR, B TR uU el fE
P AHLZ T, BdEAE SAMM rh a5 2 14 43 2k
IR, Rl BT BRI AN 0. 67, X
R T EER R PR T I3 DA RRER S
5&, R IRZE T A MRk T8k
i, HOBOAT By, s IoE TR
BRI R RRAE A 70 2 I X 122 28 53] 1 TR 31 g
LrEE

1.0 w 1.0 v 1.0
= = 0.03 0.03 0.06 0.09 g 0.07 0.04 0.04 0.02
&= 0.8 = 0.8 0.8
‘ = oy
& 0.11 = 020 007 0 007
b4 06 ¥ 06 ¥ 0.6
g & : W :
prge pergle 0.11 =2 004 0 08 0.
) 0.4 e 04w 0.4
= 0.04 5 0 0 008
§ 0.06 0.10 0.2 = 0.2 - 02
& S 003 004 009 0 [EN S 015 0 004 004
0 H 0 Wi | T 0
Tt MEL e B PUR EI P F Hoth AR Y PR R HoAh
FLE ik FLE e Fiish L
(a) BdsgEsSMIC (b) BHELECASMEI (c) BdEHESAMM
B7 #SBIEER SR
Fig. 7 Confusion matrix for classification on datasets (a) SMIC, (b) CASMEII, and (c) SAMM.
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