% 49% 028 Computer Engineering i+ &l T2 202342 A

HE 585k T EH S 1000-3428(2023)02-0001-14 SR ARG A i [E 4 %5 . TP391

ARMRBED T IEER

T W' 4, E B
CLATHE Tk k2 AN T8 R 5 BUR B2 22 B, RHE 300401 ; 2. KRGl K2 5 5 TR 2% B% , KHE 300134)

B OE: RN AEE Y AR e R RS GG B Iz BT OR R R TE . eR T IE SR R R,
BN TR IF A — Dl S i A Sh AL RS i R G AR W A 2 BEFE TR ML SEBOR 19 & 88, DR 9T N
BLREAE 45 G M ST L il SR R A 12 Sl 78 A AR AR DL T Bl 1 0 o B3R SR 1S o A 1) 24 e s A AN BRI 24
JEE X Bl 155 2o A B9 P R 23 S, BRIV AR A 077 32 RV A U0 5 ik A A o AT TR 1T s 4R DL R 1
3 B 3L A v R B4 S P AR A Bk o AR A A i MO A A AT DA T IR TR 3 TR AR A A R A T R
AR IX 34> 75 100 A SR A 0 D7 96 R AT B3R o R IR AR U 5 d VRGN A T S BRI MR TG AR AR B L SE AL 2
2 J5 1 DA RCTR B 2 2 J5 ik, Herp 6 T IR 2 0 1 B R PO 25 R8s FoT R T e B RIS T e A o2 T Y
PR i B N G S v e Lol S Sl g i o VIR Sl R o G € - W 723 e 1 - S Ve e R e AT R =  EP i B
JRE BRI AR A 1 K T 1)

KB : PR AT I LI SE s RS ARG I 5 SR R 5 TRJEE = )

FHg R FE (FRARSS )RS (OSID)

BENNE
s AR T B, B R MR AT ik 2R [T ] ST A, 2023,49(2) 1 1-14
FEXEAKK: YU M, ZHONG Y X, WANG\Y. Assurvey of facial micro-expression analysis method$ [J]. Computer
Engineering,2023,49(2):1-14.

A Sutrvey, of Eacial Micro-Expression Analysis Methods

YU Ming',ZHONG Yuanxiang', WANG Yan?
(‘1.Schiool of Arfificial Intelligence , Hebei University of TechnologysTianjin 300401, China;

2.Schopl of Information Engineering, Tianjin University of CommerceyTianjin 300134, China)

[ Abstract] Micfo-expression analysis has been widely used in the medicaltindustry, public safety, business disputes and
other fields and has attracted much attention.Manual analysis is ¢hallenging because the intensity of micro-expressions is
relatively modest and they fluctuate quickly. Therefore, automated/methods must be developed to perform micro-
expression analysis. Driven by advancements in learning models, many works on computer vision have considered the
use of subtle facial movements to investigate micro-expressions.This study thoroughly describes the evolution of micro-
expression analysis. The two key issues involved,\including detection and identification methods, are summarized
rigorously from various perspectives in light of thescurrent state of the art.First, existing micro-expression datasets and
facial image preprocessing methods that/“aremeommonly used in micro-expression analysis are summarized and
introduced. Then, according to different feature extraction methods, micro-expression detection methods are divided into
those that consider temporal features, feature change, and depth features. Micro-expression recognition techniques are
largely based on texture features| optical flow features of traditional machine learning methods, and deep learning
methods. Deep learning methods have been developed for micro-expression recognition based on motion units, key
frames, and transfer learning methods. Thus, several experimental indicators are analyzed and compared.In conclusion,
the current problems and challenges in micro-expression analysis are discussed and some possible directions for future
development are suggested.
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Table 2 Micro-expression detection methods based on traditional machine learning features
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Table 3 Micro-expression detection methods based on depth features
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2F S FRARR U O ik o
4.1 B FPFIHNRFEIHENIRANFE

Fe T T AL SRR AR B9 33 5 3k LT L4y R
T S PR AR S T T AR AR R 7 ¥k
4 1.1 FEFBORRRAE 1R Ry i

T R 45 4 & K& A 2B i) F {5 B, PFISTER
R T R B ERAE Hh YiB gh it 5 33/% I = 4k
1E 22 °F- T /Y JR) #8 — A #% 5 (Local Binary Pattern
from Three Orthogonal Planes, LBP-TOP) & HU 4 1iF
A AT B AR AN ] 3 T .

o T Bl o

XT -
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Fig.3 Micro-expression recognition procedure of LBP-TOP
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7538 5 R R B AR X (Local Binary Pattern with Six

Intersection Points, LBP-SIP )% i , 1% 55 i vl LAy /D 1R
Z UG B, B B e, (R A A e M 22 1 )
1, HUANG %58 T BEG% il 41 /K - Fn 2 B Ao 3 5
1) R W AIZ B A28 A, 3 R R 45 5 I 25 Jg i B AR 5K
(Spatio-Temporal Local Binary Pattern with Integral
Projection, STLBP-IP) 537k , 12 5.1 BB 45 A7 2% O B N Ik
EIMGTE AR AR AL, BT R A0 R0 4 52 e 18 o 4l &
[FZEIE L Geit oA AHRH HOCE R NG B R AE
PE, 2 TREAR R B A BIME B . 25, HUANG %5742
HH i 28 58 4 JRy i & AE A5 5 ( Spatio-Temporal Completed
Local Quantized Patterns, STCLQP )% , 1% 5B v Fll FH
3FA RGBT RS ST RN T 5 W)
MR R 2=, R BTt — Al i 25 SR A A | 7E 0 7S 1 S i
e A IS S AR AT 3 A5 Sy AR T L S

il A S AT AR AR B AT B R OE FAUE
SN BAEAT U, At HUANG %5 548 3 0 51 1
25 Jay 3 —AE A5 208 F (Discriminative Spatio-Temporal
Local Binary Pattern with Revisited Integral Projection,
DISTLBP-RIP) J5 ¥ , LT T i 1 U1 , 320 12 450
WIEPES sh A SHAE B G , P45 A Mt
Tk TR S AR I TR LA 7R R J7 IlE 23 % A=
# ,{H LBP-TOP H figfili #2 ACY- i 2 By 1) iy 15 2.
PRI, WETL %5 04 A 3 Jmy i B 5 (Local Binary
Pattern from Five Intersecting Planes, LBP-FIP) J5 ¥ , 56
PEIUCTE AR 25 X % Y5 7] 45° 0 & i) b 8 A~ T0i i Y LBP
FEAE , 245 N T Jap B — (R A2 ¢ fiF (Eight Vertices
Local Binary Pattersi features, EVLBP) , %% J5 5 LBP-
TOP & U 7K Rl 1 15 Je) b 0 REAE SE 17 908K .

HOG HF#F 1] LA /R MR S 5 B, LIS
HOG K HA™ e S A R R AR a8 45, 4 U 5P 25 44 15
B, 5 AEMG S B H 5 F (Histograms of Image Gradient
Orientation, HIGO) , Mt A5 5 52 S W, B IO AT G 1%
PRSI . AHEE LBP AH OG5 v I 037k B IniE 6 7
AT P A TR R . WEL S5 B H i) 16
E H J7 F (Histogram of Single Direction Gradient; HSDG )
B AR R s gy ) LR EOER EEAAL, ik HOG,
I J5 ¥ HSDG 5 LBP-TOP HAiE if 47 e 31 2L A7 4
W2 B R IE B 45 B ) LBP-SDG (EBP with Single
Direction Gradient) F¥iE , HAHSE 2 1 5 A A TR G
T 32 Sl REAE , (H 2 3818 A Jr i 47 It 15
HIRBE .
4.1.2  FETICWFRE IR B h ik

6 U AR AT DL B BT SR A 1Y I RIAE R
LIU 45" 4 th MDMO FAE JH T30 245 100 8 Ak
X153 R 36 A ISR IX 8, Wil D T 5 R AT O ITAR
fF B . & X+ HOOF B 7 &, 4% B 7 K
AR R I KR SIEN F o, e iHE 5 m
Iv] £ AR AE B S4 (B DT E AT G0 1 TR ) JHG TR ) i
mE 45w .

A HOOF .77 14
R4y ROIX i .
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Fig.4 Micro-expression recognition procedure of MDMO

MDMO % [& 3| T 44 X 8 1) 12 3h 55 B A 2s 8] 4
B o TS HAEAE R0 R JR 25 5) B R R AR 25 o] rh
[ 2 DT 2548, SR R T U AU S R FA TR
S HUBE RITZALBE T80 2% . LIU % 57 MDMO 1Y JE il
I #& i Sparse MDMO , BE % A 35048 7 IS JZ T B 25 44
Fe MIDWPO AR A7 B 5 11 1) 51 e

Ry BRI /1N 5 J32 15 7 Y O 1) 5 ), LIONG ™ i
WAL 52 1) 6 R (Bi-Weighted Oriented Optical
Elow , Bi-WOOF) , B 5 A 1 101 o5 it A1 AL 4 i =2 ()
KRN EDG U o &, AR5 AR AR X g e TR 1
AMGZE S0 7 ] R AR RN G2 AR | R A SR
L) (B FN 42 SR i A1 5 2 I 28R AR 1) 1Y
Bi-WOOF B J7 &l . #R i, Rl G B 5 B R 43 2
i B KR AE ) £ B O A T T A B B % 25 1 K ]
16 2 8] B R EG I 2, 0O P ANENR 22 ) 1 22 57, AT
S TR SRR S (HARPRYCEE O e 5% Vi T ] 1) 55 4
B J7 E (Fuzzy Histogramof Optical Flow Orientations,
FHOFO) , H g NE e 12 3l , %F ¢ 17 50 B A I/ (1Y
AL AN . SWANG Ak 35 T2 5l 58 B A AL 25
5 52 B KGO PR 2 e, PRI, 46 H — 7l i 5 Tk
it I i) SRR 0 hn AR A A 42 BT ¥ MINOF (Motion
Intensities of Neighboring Optical Flows) : 1 4% it &
Tl 2 A AL e 8 5 it B ) BB AR DR I T A M R
S M 1 5 AR A O U R ALK/ XY 32 Bl
S AR B DB ) KR 5 i S R ) TR AR AR AN A T A
e A= ;4 SRy FRAE AT R ZS BR R 02 Bl AL, 2 R A
1B AT 350PE

BT F THLER 2 TR IE SR B R 7 i 1%
R ny R AAE N, AT LUOR B T 2 045 B A [ Y T
FENE HA RS 1) RT5 P, AR A% Z W' IR B 1) 52, (H
SRR AR FE 5 PR R TR A B R R
Pead 98 R ME A AR KT 2 24 . MDMO ,Bi-
WOOF 45 J7 32 A 3 T 1 3505 3 55 00, Jo vk S K 4 1Y)
R RO . iR T W SE B H8 A 4] LE Gn 3k 4
7, Ht ACC(Accuracy ) FRHER 2, F1 3R F1 7040
MF 40 LIF H . LBP-TOP .STCLQP ., Sparse MDMO 7£
SMIC £ 4f 5 143 I BLAS T 0.542.,0.640 .0.705 [ I
32 Kl SMIC #4548 KA 318 252500, [m) iy R
BETIERAE I F 09 30 21 A M AR DAL D 1 B SR
A2 ; LBP-TOP .STCLQP . Sparse MDMO 7£ CASMEII
ByE 4 B BB T 0.464 .0.584,0.670 I HERH %, iX
JE T CASMEN £ 45 42 1% 45 28 B 58 4%, FEAS 73 AT o
T
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Table 4 Micro-expression recognition methods based on manual machine learning features

e Ik B
ACC F1
CASMEII 0.464 _
LBP-TOPP?
SMIC 0.542 —
CASMEII 0.466 —
LBP-SIPP*
SMIC 0.445 —
CASMEII 0.595 —
STLBP-IP'®
SMIC 0.579 —
. CASMEII 0.584 —
s , STCLQP
FF GORFRAE AR 5 Q SMIC 0.640 —
CASMEIL 0.648 —
DISTLBP-RIP™
SMIC 0.634 —
GASMEWL 0.692 —
LBP-FIP™®
SMIC 0.679 —
CASMEII 0.713 =
LBP-SDGP7
SMIC 0.697 —
CASMEII
, 0.572 -3
MDMQ® 42)
SAMM 0.500 —
CASMEII 0.670 0.691
Sparse MDMOP*!
SMIC 0.705 0.704
BT TR AR 5 ]
FHAAFAE BT CASMEII 0.589 0.610
Bi-WOOF"”
SMIC 0,620 —
CASMEII 0559 0.520
FHOFOQO'®
SMIC 0.512 0.518
MINOF!®! CASMEII 0.629 —

42 ETRESFIMIRANTTE

A N AU OB ML T B8 2 > =5 T A TR

JEE 27 2] BB I RN O 5 I ITRHE

Fo6 ETAUMBRBEIRA A EMREX L
Table 6/ Performance comparison of micro-expression

recognition methods based on AU

4.2.1 FETF AU MRS %

TERFRNE B s, 8T AU BENS & B0 1 7E 1 35 12
A Z MR R o FACS X471 A 547 4 i,
ARG F R — A AU, W AU N3 E B e .
AU R B RS . A[F AU LA P 7s 124
WS FA . T B2 2 50k 0] DL 2R R 209
R LR R G S Z O R AU G 5 S R
(Graph Convolutional Network, GCN)#IZE &5 . KT
AU W G 3RAE TR0 7 7 55 50 48 An e An 55 6 Fr i, H:
H1, CASMEII Fl SAMM ZRIH F. 432 .

R5 BHESAUNXR
Table 5 The relationship between emotion and AU

CASMEII SAMM
Ay ik
ACC F1 ACC F1
2020  MER-GCN! 0.427 — — —
2020  Graph-TCN® 0.740 0.725 0.750 0.700
2021  Graph-GCN'®!  0.743 0.705 0.743 0.705
o 0.761 0.710
2021 STA-GCN!® - -
(4% 4%)
2022 DEF-Net!®! 0.636 — — —
2022 MER-AMRE"  0.650 — 0.533 —
2022 MFAPLF!*" 0.801 0.788 — —

A AU

PARIN AU6+AU12

B AU12+AU14

A AUI+AU4+AUI5

R AU9+AUI15+AU16

R AU4+AU5+AU7T+AU23

e AUI+AU2+AU5+AU26

pragyz! AU1+AU2+AU4+AU5S+AUT+AU20+AU26

WANG %5 '3 F AU & X 16 4~ ROT, 42 Bt & 4
ROIAYHFRAE (H T LA AU ML £ S 8uz fhfe A
B, LO%E"2FH GCN & 3 AU Z [A] i H i 56 2 L 412
tH MER-GCN M 2% J] T Gl R 1 R 51, X 2 5 — > 2

T GCN [7 ¥ 3
Fis o

POLLE A1)

Yiiip

A 1 M 45

Hozt

s >~ =H

CARINEIS
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Fig.5 MER-GCN network structure

MER-GCN ¥ & X} AU By 2 304 40 OC C R 1
AR B, R 5 3 5 GON IR BUAS [A] AU 2 [a] #Y B
I OE 2R, B e B H 5 3DCNIN 7% 25 45 e 4 B %) 5 i 1E
G, DA R G IR . 0 T R R 8
YEAZ 4k, {H J& 3DCNN H A 5 K i) S 8, [F B AU
DI AR AR S SR AR WA LG R W B 32 B W 75 B
B9 5% . LEL 25 "% 3T X3 BB P 5 B 4%
(Graph-TCN) , il 12 5 B 3% 1 Jm &8 LA 1 3 2 4
TEFEAT I R E R0 . B e BB B AR X Bk
28 A~ Nz G B A 4 X S G B e T FIE S [
I FE 46 WK BE R 49 B RRAE [a] 12, DI R Lkl FAPEE [
25 K6 - A 2 UL T8 2 g i e R BRI A
TIE N 321 % R A 2547 fil A DL 28 sk 2% 17 I 51, Graph-
TCN BE % T7 4f #b 73 A AT IR H342 2 15 2., B A
AT 0 A A (R FESEA Bk IR 22 ) i %
FRAE , H BB~ > 21 [ 2 X I 1 B8 1k . LEI %
2 XU M 4% Graph-GCN , 4045 8] % > i Al AU 2%
. AU ) BIRITE £ 5 )8 B FHE AR DG 94>
AU, FI A AU [ 2t 3 QG g 1 408 12 40 B , R FH B0 ik
NI 7 3 ) S T R I ol 3K T A R R e A B X2
GCN £ URFAE |, B )5 Al 181 2% >0 Tk i AR AIE 2647 43
J . ZHAO % " A 25 AU B 45 B W 4% (Spatio-
Temporal AU Graph Convolutional Network, STA-
GCN) , S5 H] 3DCNN #2 B AU AH 5 X I (4 1) %5 iz
FifF B, L GONE AU K C R a5 4

-
.

.

B,
E‘:>|:>.jt>®l:> e@‘;@

6% 2 A0 A 2 A5 1) B00E ARAE 2E AT R IE U . SUN
A LB — AN By SR ) B 1R U AE 42 (Dual
Expression Fusion micro-expression recognition framework,
DEF-Net) , fifi F OpenFace % 1 43 81 AU B9 & 4= B IR
JE 90 4% R A A AR AR S AU R AT GRBG  J 3C A0 f i
#8128 2l L) 58 USRS BUI . WANG %048 AU 5 A
o G B AR S G, M R MR S 1 G R W T 4 44
TR R DX 3, 422 5 5 AH L DX R AT AR, e s 45 5
& i ) MER-AMRE (MER framework with Attention
Mechanism and Region Enhancement) ™ 4% $2 I 4§
fiE, B2 T 1 2% 42 R 838 3 5 B B9 BE /1. CEN
SR T R R RS S AU ZE O K ok
15 WAL 43 80 S 22 A4S AR AR A 7 B, 8 78 = 4 4B B
it 23 RRAR AR fb A% B0, )5 45 6 BT 4 18 19 24T 55 1f 35
1% o) K % > HE 28 (Multi-task Facial Activity Patterns
Leatnifig/Framéwork, MFAPLF) , /¢ #F [7] 2 f3f £ 1%
Ra
4.2.2) BT OCHE WA IR 5

SCHR 159, 68 18 FH B — T Tk A7 SR AR ]
P R W/ Ui ST S =S W o S S T )
SO . LIS F VGG-16 CNN 42 14 Bl —>
BT R AN 4 R A5 B A 2 B AL (LGCeon),, 43 il #2
A4 Jmy ARy BRARFALE o e ) FH RICHE 128 B R 7 12 4 T
AT Al s SR AT ROR B R P A R TR R R IR
RS TR R R SO B R SRR A S U T
W G 43 S - DB R DT A K 4 JR) 3 X sk O
PEURFAE | B 5 K Jm SR FYAS R REAE 2E 47 il & DA 58 AR
R R . SRR ZEALR I S e B P AU AH LL , B
— TO0 A5 T BB AR AL IR PERE (R S B AR L T
LS @ 10NN Sl 2/ 9 G X K1 N 0)
4 Jmy ARy g X% B AT TR I A 2 A
P51 2 R ARIX 93 SN RIS (R AR AIE A5 20 52 A ok o

TS AR T0 s ot 22 1] 19 3 30 728 Ak 7 B 3R 15 R0
B AL BCSRAA  ME , SCHK [ 70-72 107 36 £ RS 4 ot
LA ML ' U % TR 1Y) iz Sh AR AE . LET %6
JBOER Ty AT TO0 s ot 4 A i A, 33T Graph-GCN R 2%
SERIH MagNet ™ 6 15 &5 Wt 47 i K, 422 45 44 151 2 2
BT AU ¢ > B R B IR 5 Ak R 4T il LA 58 ik
FAF N, FL I 25 5 an ] 6 i .

B ey ey |

® o (men > (Tha)

HORMIER S
RIRMAILH & """"""'.'.'.'.'.'.'.'.'.'.'.'_'_'_'_'_'_'_‘_'_‘_‘_'_‘_‘_'_‘_:‘_‘_‘_‘_‘_‘_'_‘_‘_‘_'_'_'_'_‘_‘_ﬂ‘_:‘
AUl — P
— ' ————
AI:JZ |:> : |:> [ GCN ]I:>[ Fusion JEE> I:I-
AU25 = D By
AN ﬁ AUXZ ok
P AU10+AU17+AU25
FFa: AUI2+AU25
AUsZ R

6 Graph-GCN W4 4544
Fig.6 Graph-GCN network structure
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Graph-GCN [ £ 7] L 2% > B 45 f 1] i 75 2 OCHK
AR T S AUAE B BRI T B A2 2] e )y . I
K, Transformer J2 B0 45 WH [ LR RY (1 — 2 (HARSR A
TERKNSEE . o, W A BEHUR &
P ERERERAE B T U E B . ZHAO R AL T
L1 A9 AR 28 0 I 380 1 AR 4 it 5 TS vt =2 R] ) iz
SFE B IEHAS RN B G RRIE S 45 5 2L TR BE M 25
GAN S5 7 H 5 T 11 i 14 % 30 5 1iF 19 45 (Optical
Flow Features from Apex frame Network, OFF-ApexNet),
SR JFH A G o R0 T st it A i SO 1 1] 19 DY, s Bl
FAFHIZ S AN,y A BIGR R 28 vh AT RRAE G 0, DA
TARAS S EL I B RRAE LS8 s TR SCHiR[ 75 ]
FSCHR [ 76 140 5% FH 2 BLAY T 3, 44 2 s Mt 60 T 55 ot F1

FETAE A W 45 5 A, 7 FRARASE 70 g B 2% 2 1 [ B S
BEARFF I AR ARG S . CHEN 45 77 H 7 B L
2% (Block Division Convolutional Network, BDCNN),
T A G IR T it 4 S S TRRAE , B2 8 X 4 TR
B AT 3, FE0 0 28 /N B iR A7 46 BRI L AL B |, i )m
B A6 B IO R AE ) B R AT RRAE K, DL 98 A
FENE I .

FH T 50 Bl ot 9 T 3R 1 TR ) T 1 R 8 AE B I RR
TE4EFE W R B DR 4 R ar g iR s R iR & £k
LA SR ) SOy T e N RS ML i T Ol = | =
fir 7~ , JHitf , UAR (Unweighted Average Recall ) 5% 7~
RIMBCE¥ A B brg "R = 4328, SMIC

=0 Kg

R7 BT REOIORRF IR TTEERES L

Table 7 Performance comparison of micro-expression recognition'methods based on key frame

B e e TR
ACC Fl UAR
CASMEIT 0.650 0.640 —
LGCoon® LA CASME 0.608 0.600 —
SAMM 0.409 0.340 -
SMIC 0.634 0.620 =
A CASMEIT* — 0.838 0.869
JEA+CNNIY Efﬁﬁ SAMM* — 0.659 0.681
SMIC — 0.680 0.701
CASMEII* 0.876 — 0.839
e +CNN 72 %ﬁﬁg SAMM* 0.684 — -0.653
SMIC* 0.628 — 0.601
CASMEII* 0.883 0.870 —
OFF-ApexNet" %:tﬁ;l;: SAMM* 0.681 0.542 —
SMIC 0.677 0.671 —
CASMEII — — 0.812
RCN %;fg SAMM — — 0.672
SMIC — — 0.644
§ CASMEII* — — 0.887
JEMU®! ﬁfﬁ; SAMM * — — 0.731
SMIC — — 0.800
CASMEII — — 0.697
BDCNN!" Eiﬂ; SAMM — — 0.660
SMIC — — 0.724

4.2.3  FETIEBA IR G TNE

BR824 > J7 3l R R AR B R A =N
TR BT 7% 3] H b5l rh o B 1Y 108 15 B0 4R B/
M 2% R A B R KRl e A . H ek R
1 5 R AE AR A0 A OGP 3l R S 45 6 2 3R B 42
HEAT I 25 R $t v T R 1 U P R

CHRL68, 78 1T A M HIE RS 2= S AR S5 & ik
5 HCE B B R T IR RE . SCERL 79 ] 5 vE ]
3R R AR TR IR B IBCRAAE R X SRR IR f A
NP EF H ARl = i A S s kT 2 o X
BRL 8017751 A B 0343 23 P 4% ( Expression-Identity
Disentangle Network , EIDNet) { A iE £ B , 5351
T N IR A B0 52 %5 51~ EIDNet #4711 25 , 5351l

fir 44 "N MacroNet #l MicroNet, [# & MacroNet Jf X}
MicroNet #£ 4718 , MicroNet 7] DL M\ 72 & 15 AR A Hr 2
> FEZ R IR F A 55 3 OE AR 48 2% 4 MicroNet iy
IS F MacroNet [ i i . EIDNet £ F M 72 3 1%
FEAR 2 37 2 (10 HTR 48 T 08 1 0 45 A DR 28 25 T
N AP BE (R A R 48R 4, B 2 A AR
VO E 5%, o Zrad F A R B, AR b A S
oK o

SCHR[ 8117714 CK+,Oulu-CASTIA NIR& VIS Jaffe
I MUGFE X 4 14~ 72 R 45 Bim 4 L b1l 4, 3
) ok 3 1 RO A X 45 1 AT RO AR T % I 2%
AR By s T e, HLTE 28 2 3R A
S 5 PR CER TG AT I 25, AN REAR 4 M 2% 2% TSR
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1% Z B OCHK . TANG %6 5 I 32 B 2% 2 il GCN
AH 25 A N T e s TR 4008, 4 3 A XU B L
El % B ™ %% (Transferring Dual Stochastic Graph
Convolutional Network , TDSGCN ) , F| i 7% 2 1% S 4
ARG X 45 HEAT I S5, R I FH AR 2 17 503 3 %) ) 4%

HEAT U, e J5 58 IR S IR 5 . ZHANG 454
H Y32 Bl R 22 R AE G R 9 4% M T A% 9 ResNet50
oK 2 A SR AR, 7 — s B B bk AR 1A UL AR

BT IR 7 T 1 SR U J5 I PERE X T A3 8
IR o
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Table 8 Performance comparison of micro-expression recognition methods based on transfer learning

=¥ 5z =k S " - ;’;%L\éﬁ%
FEAE TR NG EAE BESERIE/TES
ACC F1
CASMEII(32) — 0.761
ResNet!®® BU-3DFE SAMM(3 %) — 0.448
SMIC(3 %) — 0.551
3DCNN® CK+ CASMEIL 0.676 —
DCP-TOP & HWP-TOP!™! CK+ CASMEIL 0.607 —
CK+ CASMEII 0.756 0.701
EIDNet® MMI SAMM 0.741 0.736
Oulu-CASIA SMIC 0.768 0.744
CK+ CASMEII 0.659 0.539
ResNet®! Oulu-CASIA
Jaffe SAMM 0.485 0,402
MUGFE SMIC 0.494 0.496
TDSGCN®Y MMEW (Macro) MMEW 0.727 —
CKit SAMM 05750 —

T URBE 2 ) RIS T i th Z Bl gk Je
) 4 A g vty 20 3 U 2, AT DL SRR TR 2 R A
B, TRVt ok T 2% 0 T TR AR A (R N 45 75
B S — A TR L S e A A A R SR A S
(1 fE . Graph-TCNWLGCcon ,Graph-GCN %5 J5 7% 56
TR X Bz 2E B IR MR F R X —m 5 F
TAREAE 73 v ARCRSENE 5 P R 4 He 5 R A S AR
— 3, TEWE =) )Y, Graph-TCN  Graph-GCN |
OFF-ApexNet £ CASMEI (4 4 [ 43l A 7 0.740
0.743.0.883 MY HERA 2 , X J& K iy CASMEIL £ 4 4 rh A7
AU bR, BEfS 2 H iz 3 [X 8] ; Graph-TCN . Graph-GCN
OFF-ApexNet 7E SAMM £ ¥ 4 I 43 B HUAS T 09750,
0.743.,0.681 [ HERA %, 3% i th F SAMM HA Bl 58 &
1% 2 50 25, IRl B AT 8 e o . (FDR: Ak
WKOR 27 IR T B T 19 3000 46 1) B3 0, e IS IR 05
iz ARE 2
5 RESRE

i 2 1575 A6 00 0 50 ek JCHILAE B 1 & e LA R
=i SV R TS S AT S P AT NPN
BN A5 A BE G S R A R T ST . B, H iR
5 G T A0 e A A — B AR T A e ) ) R AT X X
S ] B, AR S BAGE T2 A B R S AT BB Y & R ), B
RANF .

1) A 1 T e 1 Bl . o T R AR R B
T 2 A PRRN B 43 B e A R T s A ) L,
7 3 T b 2238 % FH A2 Bt 0 9 4% 2 a2 1 B
H R A B TP A AR B TR — 2 A Al e 1
PG X X 265 P R B2 T 5 R AT B, B A 2B B A AU K &R
AN S [ Ao o AR BHT G MR i 23 5] A M7 AT

Xt g3 28 i 3 IR W TR ARSI B T AR R M GAN 2
e 5T A ) B R PR AR R — A (A5 F 5 0 TR R
TJEAE FACS Hhsi SRR 5 s 9 Gk, B
A TAR R TR A SR S 5 56 R RU i D R A 0
), o 92 1, s G I L WL A R T R Y A
LR EHA 58 R M GAN IR 5 2 M4 &,
DRI, T o A0 A ) P AR 5 A 5 IR AN 1) e 2
BLRE , i BEAT — A LTE B9 PP b, 33kt 2 R SR A —
ANLAETT 18]

2) SRR . B ATRR S 2 AL
MR PP — T R A BEAT A AEAE SEBR A T, R
15 B9 R A B BE B BT F A R IR AR A
o TEARRHY WS b, T 258 23 FI B 08 35 45 A
KAF B, 0 R BURAS 1 A AR LR, 45 78 Z A5 B
I (1 ALAE SCHK

3) R HAl 2 ST s . A T IR R A B
(1475 NGRR3R i A — € AR BIE . 724 )5
AT FE R, Al LA R T B B 8 5 2, D R0 246 X
oA A, S T S BUARAE R IE R S34h LA
£ A 19 AR 2R A A 2 ) AN A B4 1 O K B0 A
AN A FEIME BE AN, A5 BR T O TEREA B AT
B BEAE A RS A4 TR ME 2 R gl 2 B o S i A

6 HERIE

5 N0 B 1 A L, 2 T 3T B AL A8 79 1L
TN T Tk BA BRI A SO T AL S
57 o R TR JEE 2 o R AR A DN -5 TR0 O 9 2R Ay
SIMT A o T X X 8 T ik i o AT ARk B A
THLER A > 176 R AR R A A AL B, RE 6 £
B 2 00 A U R BB R JF BT DL S
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PR B 5 R B 1% 2 5 0k A 1Ak 2R Beof T 14 4R
R 53 Ay 18] T DA% X LA A L T B 3 sh i A BLER, 7

TERT BEAR i 72 B 2% 2 )l

AL G2 2 7 1% IR

JE2A ) Ik A RS B oy Tl R B R SCfE B i
S ABSRAFAE R By i A R HOBURCE 55 B
TEARR, BN 73 241 B 22 19 R 7 >R, 3 1 i
SR W R, TR — A X R T TR R AR Y R
1 73 I E AT IR AR TE , LAOT R A e PR | i kg
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