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Micro-expression Recognition Combining Multi-region Feature and Feature Fusion

CAO Chunping,ZHANG Di
( School of Optical-Electrical & Computer Engineering , University of Shanghai for Science & Technology,Shanghai 200093 , China)

Abstract : The weak, short and localized movements of micro-expression make it difficult to extract efficient features from relevant and
local regions in the video sequence of micro-expression,thus making it difficult to accurately identify micro-expressions. For the issue,
based on residual networks and long short-term memory networks,a micro-expression recognition method incorporating Multi-region
Feature Extraction Module { MFEM ) and Multi-level Feature Fusion Module ( MFFM)is proposed. Firstly, the micro-expression video
sequences are motion-enhanced using Euler video magnification to obtain grayscale sequences,which are then concatenated with opti-
cal sequences using TV-L1 method as input. In efficient feature extraction stage ,the MFEM module extracts salient features from mul-
tiple relevant and local regions,improves the network’s capacity to capture efficient features. The MFFM module reduces the miss of
the information, produces more comprehensive features,improves the model’s capability to learn micro-expression features. Then, tem-
poral modeling and classification are performed. Experiments are performed on casme2 and samm datasets , the proposed method per-
formers better than the existing methods, and the accuracy reaches 84.959% and 74.265% ,respectively ,and the UF1 is 0. 855 and 0. 604.
Keywords : micro-expression recognition jresidual networks ;multi-region feature extraction ;multi-level feature fusion
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JEARRAE BRI it 184 15 R S5 B D 43 LR 4% ELRCN,
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B B v 2 X AR 40 8 2 DX P AR AR, B P XL X L X
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FIM) %I 3% 3 ARB B 2 DX 38 5 B A B A T A0 B, 97 ) T 4FAE
ZHEPE. X T AR G BERRAE RT A PC RS )3, Dy PRt B
YR, TEW bW B RHE KSR FORAREME , SR
G — BB TS RHE RS, SRR T 25 R I RHE , 8
DT UBRAERRR 4 T B GE EEARITIRIER
AN Z )5 R R S AR AR R RAE SR, DR 36 A LSTM
POxtid 7 s HEAT AL 21, BE S B S i A RN 2 E R (
Fully-Connection, FC) #F 17 Bt 5 4L B, 3% J5 F F] softmax 28 %¢
GNP IR RE S
2.1.1 ResNet34 % £ B3

B 2(a) RaRzz P gE iy, M L SR G M4, 7058 2 RIS
BRECHT R I T — Bk R, WS R A ) H(x) = F
()78 H(x) = F(x) +x. fEREMEM 4, AR EE
AT LB/ — AN B S Il AR 4G ST , TR o) 2 i 85

AL T4 ResNet34 [ 16 ANRBLFE 2(b) H5R
ZIREEME AL, Job stagel4 BB IR 3.4.6.3 4
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Network structure

2.1.2 % XBHAERBRAESR MFEM
T TP — AU k4 XIEAHE BB BES, BT
FOTALRIT PO B L X (H il T EA M AR X455,
X 64-d
F(X)

‘Weight layer

FXOHX gy

@

K2 mELEi
Fig.2 Residual block structure
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Fig.3 Multi-region feature extraction module
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T FRHE X2 AT AR N
X =X,0Og" e R" (10)

X, A1 X2 RHAMEAE, X2 A& T A SR, W LA
X2 YR BUE AT, 5 18 KIS AR AR B,
X fREA , IR Z0d CAM THEH, A0

X =X.00(W,(W,(,(X2)))) eR™Y  (11)
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23t AR, E 1 B S 25 SAM Al CCAM B
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fEZRR.
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iz s s BAURTRME S, K2 E BT HANRA N &
SRRSO T WA GIRORHE B 2%, £ & RHAE 20, A5 3l
12 ZHHE R AL MFEM, 53006 T 452 I FRAE , i U
U R AR . MEFM A5 B S5 F i 43 FIM %tk B AR IF]
R IRSIEAS B2 5], B AR IRARAE I RAE BB T s IR & 2K
MRHEE T A A, AT B4 E A R MRRIER
R, FEAY T FHSZRHE, 5 B ER. FIM B 4 Jis.

X, e RN ) € RV ZOR ARl By BEERBUW IR )2
FEZRHE. BT ENWRSTRIGE, Tk E#% 72 E , H
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YR X, M X, FIA8ERME, 7 Rt B IH—1k,u
Fn _FORFERAME.
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Fig.4 Feature interaction module
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Y, Y, Y5 i) il 2 R P AL JF 9 AR AL FL A
AR

F=0,(Y)® 0, (Y,)D 0, (Y;)D 0, (Y,) D g, (¥5) (13)

T RERAR R S AR R AL B S A , SR RHE F
Tl i H 2 et , Bl — ML I 16 B R A
F) LSTM k.
2.1.4 LSTM A3

5 (a) 2 LSTM B oo, o 4l k& 80T C,
(cell) J& Mo, E M AE R X C, RASFATTHEAT D &AMk
B, T RLSE 3L T I B R B . 7E LSTM 45+, 33
Mf REGREF AT i, WEFFEBRIMA FET] o,
MPesg C, R FPITTHIHY .

PR TEIIF 5 R TS —ASCIRIN , 5 — WA R S5 7
J5AH AR TR B AT O G 2R , BRI A SOR I AUE] LSTM 45 44,
I 5(b) Pos.

Output layer

Backward layer

Forward layer

Input layer

(2)LSTM

B 5 LSTM &5#y
Fig.5 Long short-term memory networks structure
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HEWT:

(b)Bi-LSTM
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R L RRIURAE, N RN, M RN 2B,
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e SEECREAR D, FINIBIIE R SAETA T FI AT AT vagoLye TP an
B2 casme2 samm B HEAT , IR IAS SCAUHEE B SR BIAS B C =N,

FE_L AT S2 8. casme2 BUHRFE R 7 20 AR TE T IR AL, N, 225 ¢ MR

#1 BHRERFR

Table 1 Information of databases
casme?2 samm

[EFN s 255 159
2R 26 29
Iy 640 x 480 960 x 650
ES 200 200
FFiC» (happiness ) 32 26
{5015 ( surprise ) 25 15
JRIE (disgust) 63 9
FE 5 ( sadness) 7 6
XUH ( fear) 2 8
4 (anger) - 57
JE (repression ) 27 -
1% FE ( contempt ) - 12
HAth (others) 99 26

ARSCARAE FREA AL S 2 17 451 B AR 0 3 407 755 1 Uk
samm U AL A 8 SRR, AR SO R O IR 4 T S
K. 1 IR BRI EE .

3.1.2 &

AR AR 14T T SRR 16 v B30T A,
T BT HE. 04 4 ) 06 (W ) S P 25 I SR e
FFY 70 O A B SR8 0 T 3R T 4% 5 8 ] EVMP 2
PR 75 UL P 328 230 i B 75 50 0 BE TR 31, W R iy B 1
LR LRI R IR RGBSR E. 5% Liong™ % A
LEAss A, ok TV-L1 PV B8 8 A58 3145 B DL RS
AE PP, S WRD ST S R BB S A, WA B
AE . BOh, NGt R G B B AR R, 4 kAt
PEATHAR IR AR A LA, O B REA B0 HL B R
11 R
3.1.3 #REFX

ARSI E Jr A T B 2 Wk, BN ZRm AR A
FEABERIA IR — KBTS, 7T AR (B2 . 4%t
AR ™ 2RI 59 1), BE DL R P48 A%

R (Accuracy ) , H AT :

DI IY ) sl
chzl ZleTPEk) + chzl ZleFPEk)

R C FREHIE, K FR B — 2RI, BI32R
N TP FPR SRR k i o e ELE BRI E 4
MR

AL F1 538 (UFL) , 17 L2528t 5 LR 2 510, T
REZRRERBN. IEARWT

2x YK TP
T2x TP TPY + X FPY 4 3 F  FN®
(16)

Accuracy = (15)

l vc
Fl=—{
Ul CZ“

K FNG FR58 k4188 ¢ BB RS0

RIACF-33 4 01 5R (UAR ), FE SRR A3 S8R I BE 8 K
FEREAER A B TR A1 7 ] A A7 AL X R
A 1 ] B TR R AR

3.1.4 SR

SLH A ER5ER F NVIDIA V100 (8GB) GPU, 43145
>4 PyCharm IDE, {ifi ] Python 3.8 155, L} PyTorch fEZR$5 £
Pz P ERL. YIS H05 T , R A1 SGD 1Rty ; s & A
TUCEN(0.9,0.99) ;22 RULE Ny le-2, I AT AR,
I A 5% 18 KK W s dropout )2 H I BT R BE N 0.3, 7E 2
BEHBCE D 0.5 Fl 22 U 88 5% B4 76 casme2 K4
£ BT 50 B YIZR, 78 samm Bda e BiEAT 80 R4
3.2 ZWERSH

R 2N T A B ARG N E U R — BRI R
FEAF M IR B S I B R AT L. R B 7 B TE TRAL B4 I
A Pz st ARG — SRR PR TE R B UE T ¥, D04 T RAHEA T
ARLLEL. X b AR IR S g W AT
DRPRIEGS RN L& B, 3R v B 5 vk 1 2 0 A IR i
BRI HNER, R — B PPN bR AE, DR B — 323k
7 TR SRR RIAR ST 8, LARA DR S BEHE PP B v A
SR v — B 7R D BTSRRI LARME L 58
Jres, A 2 A IR BE 24 S R I k. AR 2 I
6, A SO BAE A0 5 IR I B USOR , HEw
RAHK 84.959% Fil 74. 265% ,F1 {54334 0. 855.0. 604,
SAGEH) LBP Jy ¥ A LU, casme2 $HR 4R b i 42T T
38.499% ,F1 {ET T 43. 1% ; SR BT W67 5 Bi-
WOOF Mt , 4B R JIE T T 26.059% .14.465% ,F1 {H5r
FERFAT 24.5% 1. 3% . M LT B E G H T % AM3F-
FlowNet, A3 IAEHER R B 535|471 0. 439% (8. 082% ,Fl
EHARTT T 2. 62% (6. 3% ; FALL T+ SLSTT Jj iz, #E#f R b
SEMRTE T 9. 153% 1 1. 877% 5 4% 1R W T AU B INA

#2 HHMIEHLILE
Table 2 Comparison with the other methods

casme2 samm
sk Acc F1 Acc F1

LBP-TOP!®! 46.46  0.424 - -
Bi-WOOF!"! (2018) 58.9  0.610 59.8  0.591
CNN +LSTM!'31 (2016) 60.98 - - -
ELRCN!¢] (2018) 52.44  0.500 - -
MERTA!?1(2019) 60.54 - - -
Micro-attention®! (2020) 65.90 0.53 48.50  0.402
KFC-MER [ (2021) 72.76  0.7375 63.24  0.5709
SLSTT!] (2022) 75.806 0.753  72.3838 0.640
AM3F-FlowNet!®1(2023)  84.52 0.8288 66.18 0.5410
AL 84.959 0.855  74.265 0.604

TE S REAR T BRI, - o T CERE.

& 6 AT IR RS S 2R G 1B 6 () J2 casme2
BlasR LR oy 2SRV A, —OR UL, “ surprise” 1 T 8 AL IA
12 B BE T BEAFDO AR, 8 L R AL T AR %l A8 4 i 2%
DXIRERI ST , SRIBCEAT UCRRAE , AT R A 47 B R IR 5 H
“repression” f)iz 2l % 8 5 55 , — M Y 7 ik X LA A 2% Jas R
XS B AT T X S SR 530 B A SR , DY BB 1 D7
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R XELAHERE Ut © repression” 28 IR 1 , EZRIA
W RE R B LML AU, H—28 AU (8 sl (AR
IR EGIOL, AN 5 R ARIRE , #E5R HA HAR 5.
L n 5 “repression” A 3£ i) AU {0 3% AULS (K AETEME A X
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Table 3  Ablation experiments
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