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Abstract: Objective In recent years, microexpression recognition has remarkable application value in various fields such
as psychological counseling, lie detection, and intention analysis. However, unlike macro-expressions generated in con-
scious states, microexpressions often occur in high-risk scenarios and are generated in an unconscious state. They are char-
acterized by small action amplitudes, short duration, and usually affect local facial areas. These features also determine

the difficulty of microexpression recognition. Traditional methods used in early research mainly include methods based on

75 B #5:2023-02-16; & [5] H #§:2023-04-18 ; FEN 45 H #§ : 2023-04-25

« BIEIEE WIF  jinghu@xaut.edu.cn

E€WH : B K& 0T &0 % B (2017YFB1402103-3) ; [ 58 1 S8 BF 2 £ 4: 01 H (61901363, 61901362) ; Bk P4 44 [ SR B} 27 3 4 1l H
(2020JQ-648,2019JM-381,2019]Q-729) ; B V444 28 /T 5 1 5L 50 %8 He &35 H (20]S086,20JS087)

Supported by: National Key R&D Program of China (2017YFB1402103-3) ; National Natural Science Foundation of China (61901363,
61901362) ; Natural Science Foundation of Shaanxi Province, China (2020JQ-648, 2019JM-381, 2019JQ-729) ; Key Laboratory Foundation of
Shaanxi Education Department (20JS086,20JS087)

111



PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS Vol. 29,No. 1,Jan. 2024

local binary patterns and methods based on optical flow. The former can effectively extract the texture features of microex-
pressions, whereas the latter calculates the pixel changes in the temporal domain and the relationship between adjacent
frames, providing rich, key input information for the network. Although the traditional methods based on texture features
and optical flow features have made good progress in early microexpression recognition, they often require considerable cost
and have room for improvement in recognition accuracy and robustness. Later, with the development of machine learning,
microexpression recognition based on deep learning gradually became the mainstream of research in this field. This method
uses neural networks to extract features from input image sequences after a series of preprocessing operations (facial crop-
ping and alignment and grayscale processing) and classifies them to obtain the final recognition result. The introduction of
deep learning has substantially improved the recognition performance of microexpressions. However, given the characteris-
tics of microexpressions themselves, the recognition accuracy of microexpressions can still be improved considerably, while
the limited scale of existing microexpression datasets also restricts the recognition effect of such emotional behaviors. To
solve these problems, this paper proposes an attention-guided three-stream convolutional neural network (ATSCNN) for
microexpression recognition. Method First, considering that the motion changes between adjacent frames of microexpres-
sions are very subtle, to reduce redundant information and computation in the image sequence while preserving the impor-
tant features of microexpressions, this paper only performs preprocessing operations such as facial alignment and cropping
on the two key frames of microexpressions (onset frame and apex frame) to obtain a single-channel grayscale image
sequence with a resolution of 128 X 128 pixels and to reduce the influence of nonfacial areas on microexpression recogni-
tion. Then, because optical flow can capture representative motion features between two frames of microexpressions, it can
obtain a higher signal-to-noise ratio than the original data and provide rich, critical input features for the network. There-
fore, this paper uses the total variation-L.1 (TV-L1) energy functional to extract optical flow features between two frames of
microexpressions (the horizontal component of optical flow, the vertical component of optical flow, and the optical strain).
Next, in the microexpression feature extraction stage, to overcome the overfitting problem caused by limited sample size,
three identical four-layer convolutional neural networks are used to extract the features of the input optical flow horizontal
component, optical flow vertical component, and optical strain, (the input channel numbers of the four convolutional lay-
ers are 1, 3, 5, and 8, and the output channel numbers are 3, 5, 8, and 16), thus improving the network performance.
Afterward, because the image sequences in the microexpression dataset used in this paper inevitably contain some redun-
dant information other than the face, a convolutional block attention module (CBAM) with channel attention and spatial
attention serially connected is added after each shallow convolutional neural network in each stream to focus on the impor-
tant information of the input and suppress irrelevant information, while paying attention to both the channel dimension and
the spatial dimension, thereby enhancing the network s ability to obtain effective features and improving the recognition
performance of microexpressions. Finally, the extracted features are fed into a fully connected layer to achieve microexpres-
sion emotion classification (including negative, positive, and surprise). In addition, the entire model architecture uses the
scaled exponential linear unit (SELU) activation function to overcome the potential problems of neuron death and gradient
disappearance in the commonly used rectified linear unit (ReLU) activation function to speed up the convergence speed of
the neural network. Result This paper conducted experiments on the microexpression combination dataset using the leave-
one-subject-out (LOSO) cross-validation strategy. In this strategy, each subject serves as the test set, and all remaining
samples are used for training. This validation method can fully utilize the samples and has a certain generalization ability.
This method is the most commonly used validation in current microexpression recognition research. The results of this
paper’s experiments on the unweighted average recall (UAR) and unweighted F1-score (UF1) reached 0. 735 1 and 0. 720 5,
respectively. Compared with the Dual-Inception model, which performed best in the comparative methods, UAR and UF1
increased by 0. 060 7 and 0. 068 3, respectively. To verify further the effectiveness of the ATSCNN neural network archi-
tecture proposed in this paper, several ablation experiments were also conducted on the combined dataset, and the results
confirmed the feasibility of this paper’ s method. Conclusion The microexpression recognition network proposed in this
paper can effectively alleviate overfitting, focus on important information of microexpressions, and achieve state-of-the-art
(SOTA) recognition performance on small-scale microexpression datasets using LOSO cross-validation. Compared with

other mainstream models, the proposed method achieved state-of-the-art recognition performance. In addition, the results
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of several ablation experiments made the proposed method more convincing. In conclusion, the proposed method remark-

ably improved the effectiveness of microexpression recognition.
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ae’ x <0’
Krp, ESEA Mo AR S E M, B :1=1.050 7,
a~1.673 26,

DRI, A SC 223808 1 SELU 3800 pRBCLA 5K #h 1
FH B Re LU P83 R A7 A 014 [0 1, & oo Pt 22 T 4%
RIS BIGH B

3 ZWERSHN

3.1 HEESXRIRE
3011 B

CASME (Yan %§,2013) 155 19 44 %180 A & 7™
A2 195 DRI FEAS , v A0 45 MR 1R 3] i B 114
A i, CASME H = 33 5 A5 HL L 60 ni/s (Y 3 B2 i
S BEAR G HE R R 1280 X 720 18 % (section A) 5§
640 x 480 1% % (section B) . CASME U 4ff 4 v 1) #f
A5y R 8 ATl E 1F B 28 1l ( “happiness” | “sur-
prise” | “disgust”
tempt” | “fear” Fll “tense” ) o 1% &4 B9 by vE 3K 40 2 T
AUs (action units) , [A] B 25 18 1 32 0% 19 B 3 Hesh Fi
AR BERY N2 o B T S I iU i B ot , Ao bsic 1
DUNEESTEANIEILS

CASME TI(Yan %5 ,2014) & CASME ¥4 4 1 ik
BERRA o H GRS REA I 2] 2554~ 05 26 4 A
R Z IR, i e AR ALLL 200 Wi/s 10 5% FEA S5
By 640 x 480 K . Ik, 5 CASME #f It ,
CASME 11 HA7 B (i I [ FL 2 6] 3 B3 . REAC AR
0 TR R ot e {0 T G AL T A7 2 20 A 4
“happiness”
“fear” . “others” Fll“sadness”, H: 72

SAMM (Davison %5 ,2018) M 32 2 5Z i # h il
T 1S9 RIEREA . 5 ZHii = FhR 2 e r %L
PR, 2138 ok H 13RI G . FEACRTE
A5 B 257 LA 200 Wi/s 3R BERAE 1, 73 HE5 N
2040 x 1 08818 3R . SeHid P vh il P2 2 A TR A 26
A A2 5+ “happiness” .
tempt” | “disgust” |, “fear” , “sadness” Fl “other” . FEA

« . ” « ” «
v repression sadness v con-

“ . ” “ . ” [13 . ”
. “surprise | “disgust’ . “repression .

« ] « ”” «
surprise . anger . con-
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BT AUsBRIC 1R AR T DA (E AN (i £ 0

AR SR b3 3 A B 4R v A S R R R I Y
HARIHMASBEESLITLR. 77T
CASME (Yan £ ,2013) T & 42K 9~ “contempt” |
“fear” Fl “tense” 1Y BT A F£ 24X . CASME 11 (Yan 45 ,
2014) HFF 2525 5 R “fear” . “others” Fl1“sadness” 114 fir
B R X SAMM (Davison 2%, 2018) 51 [ “other” kf
Ao ST Sk R A A B AR 2 (AR R SN
i 1) 8, AR SORE J5LIR 17 45 A5 25 I S 31 “negative” |
“positive” Fll “surprise” 325, F2HH T AR
AR R TS H & B 2R 05 B

N T B RARRE b s /D G E  Hh E TS XEnS
TR UM B 52, A SCR A dlib RS AR 68 4 A
JIG: DX Bl G 0 P R A e S BT XS SRR L R
Aoy PR G — R 128 x 12818 F . HTHIA%
5 Z FDCHR S  , RGB A8 A K 5 H =3l T 7%
oy BRI, TR HEA T INAERAE T ORI
PRI, 7R3 BOG T AR E Z 11, 4 RGB BIR 5L 4 Ik
JEE LA T . 5 oh, 2 BB R S A 4R
] R AE AL AR TN A T TUAR AR SRR
AR P A TN R 155 728 A e R ) W (T A 7 b P

K2 MRBEGHEENBESRER
Table 2 Emotion classification information of

micro expression combination dataset

fFEXA CASME  CASMEIT  SAMM a1t
negative 82 88 92 262
positive 7 32 26 65
surprise 15 25 15 55
&t 104 145 133 382

3.1.2  BREVERE AN RE AR

T2 1 e B 2415 B 46 1 45 2SR SR L
A AT AL SR HEREPEAL T b5 (RSB )
HoFEGIEE . B, AU UAR FTUFL X
AN BB R bR LA D T 3 2 T TR B 22

UF1 W FR N 2 W35 F143 8, i XS FL 4y
ATk . Hi  F1AMB00T DA R A A I
A BRI B{E , S P13 ECE T 1R A 31 5
(A, 55 T OB iR B 2518 o K BE (precision, P) Fl
[A] 2R (recall , R) % F1 2020 B9 AHXS DTRk 2 —FERY . F1
ST RIR R

2XPXR
F1 =R (11)
S
. TP,
Pzz% (12)
CUNTP + > FP
Jj=1 j=1
S
. TP
CUNTP+ > FN
j=1 j=1
R4, UF1 A] AN K
1 &2%xP. xR
UF1 = — ‘ (14)
\CIZ‘ P,+R
S
1P,
P, == = B (15)
STP+ > FP)
j=1 j=1
S )
TP,
R, — (16)

iTP-;I + iFN{
j=1 j=1

UAR ] LR 0 B4~ 28 51 19 F- 085 2 B L2
AR A5 TR 2R AREA . UAR REID T
AN i 5 L B0 O 22 , AR AR B . UAR
HARAT AR A

R ¥ ¢
ey (17)
|C|"Z‘§TP{,+§FN{

j=1 j

X (12) —30A7) € 2 3 73 1 1 26 28 90 2K
(C=3),S &% HENE(S =67). TP(true posi-
tive ) K7 ELFHPE , RISEPR 2 IEFEAS 73 28 0000 0 /2
IEHEA . FN(false negative ) 2¢ 7 i B4, BV SEBR g
IEREAS, AR B2 AR A . FP(false positive) 28
AR BAYE , BN SEPRIE SAREAS Jr 2R P2 EAEAR
3.1.3 LIk

AR 3C W 45 5 AL 3L T Python3. 7. 15 BUAS L F
PyTorchl. 13. O HEZR I %5, A7 M 10 GB. ARSIk
1 FH W) 2 2] %4 0. 000 1, batch_size 5 & W 64,
epoch 24 200 TENZREEHII , fff 1 32 SUIR 1 2% R 2K
& B AT (Adam) I 4

A SR H B — # K (leave-one-subject-out,
LOSO) 22 SR EHEMS , Hov , 44> 32 1 #RAAE S
AR AR ARRIREAR T, ASCE A S

UAR =
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P4k — L dE 67 2 il (152 i E ok A
CASME, 24 1321 K F CASME 11, 28 4~ 32 # 3k
H SAMM) , A, — 48 520075 Sl A PP 67 K, X
F IS IE T 15 e 78 40 AR AS O H B A — 7 13z fhhe
1, 7% BRI AE R BT 58 T A o ol ]
3.2 BRI

W A SO iR 5 Hoph B R AT L TR
B LA R4 AR 3 iR, 2 3 P it GE
PR 4845 UAR FTUFL, BLAk, iR 324 T A BRI
M S B (total params) | B\ VF £ 38 5 K 2L (total
flops ) FLEL A7 125 1 (total MemR+W ) . 3 3 1
T T S 6 85 SR 4 02 TR S B

MG 2 3 H B &5 0T LLE A SCHE Y
ATSCNN BEAIAELH G 8R4 RT3 UAR(0. 735 1)
FUF10. 720 S)MEfRe et . Bk, 50 HEZ
4 B 2% () STSTNet (shallow triple stream three-
dimensional CNN) (Liong %5 ,2019) i He , UAR 255 T
0.074 8, UF1 42 T 0.077 1, 3E A A SCAE B 04
M Sl 5l A B IIPLHIROR B2 . S H™W
A~ Inception [ 2% i 17 ¢ fiF 42 B 5 43 2% 19 Dual-
Inception(Zhou %5 ,2019) 4 Lt , UAR #2551 0. 060 7,
UF1 4255 T 0. 068 3. — 7 I 156 B ol 2 1 A% 5 ]8T

TR I AR A M O — Oy A ] TR
FIPLHD EEAE B O . 5ok sk 2 PR 23 1
1 B MACNN (multi-scale convolutional neural net-
work) (Lai 45, 2020) B4 AH ., UAR $275 1 0. 143 1,
UF14E 1 0. 189 6, PUIPERE K IEF2 T, i — 2k
ST A SO BRI . SEE TR T R 2E
24 14 Micro-Attention (Wang %5 , 2020) # 8IAH [, UAR
P T 0. 111 4, UFT 5 1 0. 129 2, BEMIA SCT7 i
W TR 52 BT ARG & 7R R RS2 O T (7Y
ROREAf . 53T = F 2 AL A G 1 RO 9
2% Off-TANet (optical flow feature-triplet attention net-
work) (Zhang 4 ,2021) A L. , UAR $2 % T 0. 084 7,
UF1427%5 1 0. 096 6,3 1] BEfT i T4 S 1k =
GRS AEAT R FRF R IR IBE 1. 5
Rl & T 5% 22 #5 Ht 1 Bottleneck Transformer [ mini-
AORCNN (mini-attention-based optical flow residual
convolutional neural network ) (5K 5% % 45 ,2022) % 4%
BEAURE L, UAR4R 5 170. 075 0, UF 14 170. 085 0,
FBARIZ T B SR LR e g rh dR b i 3
SETEPUNTERE BRI T A SO, . 48 FRTid AR
SCHRE Y ATSCNN R RUAE 0 T 7 i v U T S 1)
[EEIEREVIEIE S

x3 AXFEEEREZXNITLE

Table 3 Comparison between this method and mainstream algorithms

o 245 54 UAR UF1 REfa ARSEEREUMFlops  BINFERE B/MB
STSTNet(Liong %5 ,2019) 0.660 3 0.643 4 4.98x10 57.45 192.98
Dual-Inception(Zhou % ,2019) 0.674 4 0.6522 1.34x10° 264.15 546.62
MACNN (Lai %,2020) 0.5920 0.5309 8.63x10’ 1040 366.72
Micro-Attention( Wang %5, 2020) 0.6237 0.5913 1.88x107 327.35 82.89
Off-TANet(Zhang % ,2021) 0.650 4 0.623 9 67 083 39.29 7.33
mini-AORCNN (7K 5515 45,2022) 0.660 1 0.6355 46 251 16.39 4.84
ATSCNN(A30) 0.7351 0.720 5 4.21x10° 19.01 20.5

T L RS % 5 e LA 2R

3.3 HRhRIE

W 4w, N T i —2E S0 A SC ATSCNN 22
F A R0 4 LOSO 28 LRHIE ik T T 6 41X
LS5

SEEG 1 AN IR R ML A R =
BRI ML AT L8, X L & AR SCE] A CBAM
TR ALHI B AR T RS U2 S UAR 3

70.0358,UFL341 7 0.045 7,

S 2 v ASORI 3 T R T S, 2
SRR GG T B BRI RO A —E 12
Tt UARHEHN T 0. 008 5, UF1 3407 0. 012 8.

Sz 3, R A R R T S, DA
TIE A ) ) 5 3 3 20 RN 25 ] 79 A4 4 B S RE s 4 TR
WIERE :UAR KGN 17 0.012 7, UFL 3 T 0. 023 5.
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x4 HBMIWER
Table 4 Results of ablation experiments
S Tk UAR UF1
S HRL+ SELU 0.699 3 0.674 8
S 2 B+ WMiAERE ) + SELU 0.726 6 0.707 7
S 3 B+ 2 [EERZ S + SELU 0.722 4 0.697 0
S 4 % + CBAM + ReLU 0.690 0 0.668 5
TS5 H R+ CBAM + SELU(TOG2E N AR (5 ) 0.7228 0.696 6
JH 6 #M + CBAM + SELU(TBGE ) 0.592 1 0.5309
A3 7 + CBAM + SELU 0.7351 0.720 5

T L P SRR 5 B R A2 2R

SEE 4 b, BT ReLU SO0 sREGHAT 5256, 81
FH G ReLU, 75 SC{fi F SELU BT bR 5k BE A5 12 5 b 28
D) % 1 Wi SR B, TR M e e S R UAR SN 1
0.045 1, UF1 34011 17 0. 052 0, J& K& SELU #4775 e
BT T ReLU Wi pRAL P AT BE S AEE A 22 T IR
LAY RPN LI

SEHE S RTINS, RIS e 2
A5 R FHDG KT 3t RO I 2 B P RO O
TR R INAR SCHE o' 2 v AR X — A AR T AR 4
b5 ARL TP AR I R B SIGRAE TR SR A — i R
T UARIEIN T 0.012 3, UFL 317 0. 023 9,

S 6 v, FUFIH BLaE T K FE EAE A AN T
BOGTAR B ITHIE A A HDE (R S Be % 48 HE 5 m
FE WA RS 5 GEE AR LSS A E I L, A
11T ik 25 348 58 J 8 D 2 () R A AR BB 7 - UAR 3G 17
0.1430,UF1 ¥/ 1 0. 189 6,

A

& it

=A

4

TN F Bz sl B i R4 i 1) 40 2 i
PEYE TR A TRAE SR U e . AR T —
Tt 35T 30 10 FH T B 3 19 TR I F 9 114 A 2 I 245 404
ATSCNN, H fil4 7 CBAM {3 2 S WL A% 2 =i
LRI W AL, 7278 R A FEAS B T S0 T Xl
FAE W B RACREESE I, Hod R)Z B2 4% 3
BN TG i/ NI AR EAFAE R 405 1), [, 2%
JE I 8 2 A5 U 28 D 28 AR PR 0/ INVRRAIE D T 174 ) PR
PE, 51 CBAM {1 & 3 AL L3R 45 31 B ARAE I 3
TCRAEAE . HeAh , FE B AR R SELU 3 R

O AR B ReLU 34006 pREL, B B4 =5 T #& N
2K 1) FIR AR T ARSI B o AR SR A LOSO 28 L5
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