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Abstract: Objective Micro-expressions are rapid, involuntary facial muscle movements that occur when individuals
attempt to conceal their genuine emotions. These fleeting facial cues typically last less than half a second and are often
imperceptible to the naked eye. Despite their subtle nature, micro-expressions carry significant emotional information and
have demonstrated great potential in various real-world applications such as psychological evaluation, medical diagnosis,
law enforcement, and deception detection. However, accurate recognition of micro-expressions remains a highly challeng-
ing task due to their low intensity, short duration, and vulnerability to environmental conditions such as lighting variation
and inconsistent facial expression strength. Most existing micro-expression recognition (MER) approaches rely on a single
optical flow algorithm to capture motion information, which often results in inadequate performance when faced with real-
world complexities. These methods typically fail to capture the full spectrum of motion dynamics due to the limitations of
individual flow models in handling subtle and diverse motion patterns. To overcome these limitations, this paper proposes a
novel approach named Multiple Optical Flow Feature Fusion Network (MOFFFN) , which leverages the advantages of mul-
tiple optical flow types and advanced attention mechanisms to improve the recognition performance of micro-expressions.
Method We propose a novel Micro-Expression Recognition Framework based on multiple optical flow feature fusion net-
works (MOFFFN) , designed to capture the subtle spatiotemporal variations inherent in micro-expressions. The proposed
framework consists of three key components: an Optical Flow Fusion Module (OFFM) , a mobile residual KAN CBAM
block net (MRKCBN), and an Attention Pooling Self-Attention Block (APSB). Firstly, the OFFM module integrates mul-
tiple types of optical flow features, including Total Variation L1 (TVL1), Dense Inverse Search (DIS), and Principal Com-
ponent Analysis (PCA) optical flow. These methods capture different aspects of motion across pixels. To preserve direc-
tional cues, we extract both horizontal and vertical components from each flow type. By fusing these components, we con-
struct three composite flow images: global fusion, horizontal fusion, and vertical fusion. This multi-flow fusion strategy
captures more comprehensive motion information and enhances robustness to lighting and expression variance, thereby
improving recognition performance. Secondly, to extract more discriminative features from the fused flow images, we intro-
duce a novel MRKCBN architecture that integrates Kolmogorov—Arnold Networks (KAN) into a lightweight residual back-
bone. KAN has recently gained attention for its strong generalization and interpretability , particularly in scientific comput-
ing and image analysis. We embed KAN within both the channel and spatial attention submodules of the classic Convolu-
tional Block Attention Module (CBAM) , replacing the original MLP and convolution layers with KANLinear and
KAN_Conv2d respectively. These KAN-based components offer greater adaptability by leveraging B-spline approxima-
tions, group convolution, and dropout, thereby improving the network’s ability to model fine-grained spatiotemporal varia-
tions in facial micro-expressions. Lastly, the APSB module is designed to fuse the multi-source features extracted from
TVL1, DIS, and PCA flows. In contrast to conventional self-attention mechanisms that operate solely on a single feature
sequence, the APSB module is designed to learn an effective fusion strategy across diverse optical flow representations.
The entire feature fusion process is conducted in parallel across multiple attention heads, enabling the capture of feature
relationships at different dimensions and semantic levels. By embedding an Attention Pooling layer, the APSB module is
able to learn the importance weights of different facial regions. Emphasizing key regions enhances the model’ s recognition
performance and robustness. Collectively, these modules work synergistically to deliver state-of-the-art performance in
micro-expression recognition, particularly under challenging conditions of subtle motion and limited data. Results To evalu-
ate the effectiveness and generalizability of MOFFFN, we conduct experiments on three publicly available benchmark datas-
ets: CASME II, SAMM, SMIC-HS, and a composite dataset (CD) that combines all three. We follow the leave-one-
subject-out cross-validation (LOSOCV) protocol, which is widely adopted in micro-expression research to ensure robust
subject-independent evaluation. Our proposed method achieves unweighted average recall (UAR) scores of 91.79%,
85.69%, 86.56%, and 85.03% on CASME II, SAMM, SMIC-HS, and CD, respectively. Furthermore, the correspond-
ing unweighted Fl-scores (UF1) are 92.95%, 89.10%, 91.78%, and 87.63%. These results consistently outperform
existing state-of-the-art approaches, validating the superior performance of the MOFFFN framework across multiple datas-
ets with different characteristics and challenges. In addition to the quantitative results, qualitative visualizations of atten-
tion maps further confirm that our model successfully highlights the most discriminative facial regions and captures the most

relevant motion patterns. Conclusion This paper presents a novel micro-expression recognition method that fuses multiple
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optical flow features and leverages the representational power of Kolmogorov—Arnold Networks and attention mechanisms to
improve recognition performance. By incorporating diverse motion representations, learning discriminative features through
KAN, and using attention-guided fusion, our method effectively addresses the challenges posed by the subtle and complex
nature of micro-expressions. The incorporation of Kolmogorov—Arnold Networks (KAN) into the attention mechanism—
replacing traditional MLP and convolutional layers—further improves the network’s capacity to model subtle spatiotemporal
facial dynamics. This integration allows the model to extract more discriminative and interpretable features from complex
micro-expression patterns. In addition, the Attention Pooling Self-Attention Block (APSB) facilitates cross-stream feature
fusion, learning to emphasize critical facial regions across different motion representations. Collectively, these innovations
contribute to significant performance gains on benchmark datasets, especially under the challenges of subtle motion and lim-
ited data. The proposed framework demonstrates strong generalization and robustness, making it a promising approach for

real-world micro-expression recognition. Our code will be available when the paper is accepted: https://github. com/use-

less12138/mofffn.
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Hardswish 16x112x112  16x112x112 NS
MobileNetV3 16x112x112 96x7x7 2.3 APSB#ER
Conv2d 96xTx7 576x7x7 | FEFFIERLA BB, S T 3 A TR ) 1T 35 G 5 IX.
BatchNorm2d 576x7x7 576x7x7 SRIRISRTE L A SO A T BTBL (self-Attention )
= - 4
Hardewish 76t S76x77 ATl R T — PR TORAE A R R
& #R i (attention pooling self-attention block , APSB) .
RKCB 576x7x7 1152x7x7

AN FAL G0 A 2 S AL A B — R 1E 751
APSB RERETE 2GR ARE 2 3] il w2 4
@m@7%%WM%%WjA%ﬁ%ﬂFM bis
T Fpeno 31X = ZH 49 0 308 o0 340 T 2408 P35 D92 2 130 O
TEFRAE T, 0 EARINTT

SCAE KCBAM Wi A 5% 2= B | A0 5 P A~ 3x3 ¥ FH
2 NIH 4L 2 — A ReLU AL PEAE 2 . B
Ja XPRRAE LA T A P 2t A 4 AR | a0 e e R

d KAN %R & ki )
KAN jliE A & i KAN %5/
- VR IR
N / / o A T
y

\_

(a) KANBFHEE JIHE(KCBAM)

 KAN DLV 7B — ‘ ' KAN 2T R

= HHEL R
S — Bl ?{N? O — BAME  BE ?{Ki%? #5iE EWEED
L sigmoid
"\.E-WUW\» | @

(b)  KANIE TR I (KCAM) (¢) KANZS [ I (KSAM)

((a)KAN convolutional block attention module ; (b)KAN channel attention module ; (¢) KAN spatial attention module)
K6 KANBRIE R IIHH (KCBAM)

Fig. 6 KAN convolutional attention module

APSB BSGH AN (O R m k AER R DRI BN R ST . RS TR
T35 IIBON AP SN BEAT ISR A, O il i 2 k= AT

n AR B 2 TSN (5) R -

R, b, S K 5 1A, Wb 4 2R S K — AttontinnE &
JERRCE TR B . 236 T 53T softmax FRAETS A H, AttentionPooling & 75 %F T #H K i ] ik i
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|: v >R« H < Softmax
Q
fourput v
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K7  APSBRLER/R A
Fig. 7 APSB(attention pooling self-attention block )
HQ-K': tion, CapsuleNet) (Van % ,2019) ,STSTNet ( Liong 5% ,
A_Q-K (6) . 2019), OFF-ApexNet(Gan 85,2019) , fl 2 R 1H IR
x/g M %% (neural micro-expression recognizer, EMR) (Liu

A, d Fom i 1 3 AERE KO, 2 TR BUE
TEE R AR o b Ay e T, R B AR Y B 4 3
PR o B IR — R A S
A VA TIMBCR AN, 15 2 A48 200 B QL1
BAK(T) PR
02(Q.K,V) = Softmax (A) - V (7)
W 20 T AL A R AR R AT 5k 22 T 4 L 1
2513 Layer Normalization 19— 1k , 15 2| 5 2 iy ih 4
TEF, o
EARRIE R G SRR 2R Sk IR AT
7, BRUSHPEAS [R) 4 B2 Al SUZ IR IRHIE X R .
i 4% A Attention Pooling JZ , APSB fE % 2% > 1] A~
(] DIl A AR 3 ol 4 i DX e DX Il S 4t TS A
PO REFI S M . A ST 4 Y 9 MOFFFN 533k
W2 PR,

3 AXZEW

3.1 XLEHES

N T YR PR D7 i AR, AN S35 A LBP-
TOP(Zhao 55,2007 ) , J - TH s o ) DA il 2 155 U1
(micro-expression recognition from video using apex
frame, Bi-WOOF) (Liong 55, 2018) , F T 1% 1551
(1) ¢ 8 X 2 ( CapsuleNet for micro-expression recogni-

45,2019) , TE B RN 4% (recurrent convolutional net-
work, RCN) (Xia %, 2020) , ¢ 1iF 4 AL A5 7 (feature
refinement, FeatRef) (Zhou %5 ,2022) , 455G Al sh
G A BN 2 I 26 WU AR A PR 08 3% (dual -
stream combining optical flow and dynamic image con-
volutional neural networks , FDCN ) (Tang %, 2023 ) F1
W R 5130 =0 A BB 28 W 24 (attention-guided
three-stream convolutional neural network, ATSCNN)
(Zhao % ,2024) 7€ CASME 11(Yan 4% ,2014) , SAMM
(Davison %, 2016) f1 SMIC-HS ( Davison %5 ,2023) =
A EW AT R EAEATHEAT XS . CASME TT4K
P45 i rp R B O BB BT R A AL 35 4
ZARETEE 15 AR I i SR I AT . 128
P AR AL AT TR IR TR RO R PR AR AT
SAMM %4 4 i 8 (5] S ) ke R A kA o IZBE AR
15 32 445k H R [R R GFIVE ) 1Y 32 158 TE R 1%
TR VAR N P R A AR, SR 17 TR . 1l 5 1
PR RV PR VAR B R e 2 .
SMIC-HS 1 75 2 B R B A, Al 8 = 1 Bk
IETH SR . % B (Liong 55, 2019) FP A B,
A SOG4 0 Ge— B R 32, B IR T " E 452K
LA PRIR T ) < BT 4 2 LA R
7 DR AL CRME R A 2R

ARSI LR 8, BA, A S =
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Table 2 The proposed algorithm of MOFFFN

Algorithm 1:MOFFFN

Input: R IFEBITA (1, 1,.)
Output: fHFIEZE5 Ypred
IDGTRAHERL G BLR OFFM

HHEL: 0, OpticalFlowyy, (I, I,,..)
HHE2: 0, OpticalFlow, (1., 1,..)
3, OpeyOpticalFlow,, (I, I,...)
HEa. 0,250y, + 470, + 450,
IIFRAEFR U R MRKCBN

RS F—MobileNetV3(0,,_.,)
LUR6: F<—KCBAM(F)
HHET: F<Residual(F)
LIS F<—AdaptiveAvgPool(F)
HR9: £, <«Concal(F)
IFHIERL AR APSB

10 F—LayerNorm(f,, )
AR Q—F-W°

12, K—F-W*

HHE13: Ve—F-W"

LR 14, K’ «—AttentionPooling(K)

LR 15 A—Softmax((Q- K’) / sqrt(d))
L 16 LAV,
L1 f pu*LayerNorm(Z)+Z
11532 Skt

LIRS £ Linear(f,, )
$IE19: Yyt Softmax(Classifier(f,, )
%20 returny, ,

E  IOHL 7 A A R

A E IR B B S B A R 4R (CD) BEAT Bk .
8 7R T =B 4R 30 A (1432 e i 10 {1 o

BIg, v LR = AR A 22 57 B 3%
CASME I ECHE 4 1 52 105 2 vp N TS 5 T,
SAMM B4 1) 32 120 5 AR W B R G IR AR (L B i

NFh2E 5K, T SMIC-HS B0 42 AL AR ) 43R A1
WA A, PUAEHE SRR E SR 3 s o
3.2 LIEE

SR AR PR ek T AL A B — 5 IR

CASME 11

SAMM

SMIC-HS

RGN RN RIRL REETML  RIGML RN
K8 BRI A

Fig. 8 Some samples of the four datasets
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Table 3 Datasets statistics

Ik CASMETl ~ SAMM  SMIC-HS CD

TH % 88 92 70 250
TR 32 26 51 109
i 25 15 43 83

SR 145 133 163 442

o (leave—one—subject-out-cross—validation, LOSO
CV) o ZITES NS A2 XA N e e, Pr ey
FIAHIREAANE I ZRBE . BERIA)UR 7% ) # (learn-
ing_rate) & E A7 0. 0001, it K /N (batch_size ) 15 B~
128, I ZR4E UK (epoch) i B0 300 §¢ , Il kit 7 e 22
15/NI 224 oSS PR BT Windows 11 #24E R 48 .
PyTorch2. 3. 0. Intel Core i7-12700. 64 GB PN 17 #lI
NVDIA GeForce RTX 4080,

S [R]RE A S 9 B9 UFT AT UAR AR b i i 45
bRo UFLUFRAZ -2 F1 A%, & —Fhid s T
VAR BA A2 3 A (4 22 2803 AT 55 9 PERE Y 4
Pro HAKXMT:

. (8)

. (9)
K FP N BB , FN RS ¢ JBBAYE, TP,
KR RPN, C 2RI
UAR & — P TEAF TE A - A 28 LU AR 15 00 T 3F
FB LG RO BRI A s . AT

T T AN (10)
Kb, n, RN AR S
3.3 LWHER
FABNH T A STy R t??/z%B’JSE o 25 2R
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ATDAE W A SO AR A B 4 AU T i
45, BRI, 76 CASMEIL BG4 |, A )5 v
(9 UF1 A1 UAR 20 5353171 91. 79% #1192, 95%, L&
AP FeatRef 23 5 $2 T 2. 64% F1 4. 22%, Eb STST-
Net 43 5] & F+ T 7.97% F1 6. 09%. A 3 5 ik 1
CASME II |- HuA5 iy 28 SR AR B0 1 AR S S A AL S
P ERAE SR CRE 17 . 7F SAMM H1 SMIC-HS 584 |,
T BE #5211 & EMR Hl FeatRef, UF1 Fil UAR #B 48 2
T 70%. AJ7 57 BIHE T 8. 15% 1 17.55%, th T
SAMM Fl SMIC-HS 4 58 2 40148 PR 85 L 52 303 T 74

255 A L, K207 R PR B0 KR R R, (HAS
SCOT VR PERE R BRI B A AR I T A SC vk TR
B TG AR B 4 ) U B ek . 7E SMIC-HS
B L AT R BRI 7k EMR 2T T
11. 95%UF1 #i1 16. 48%UAR,, i1 B A 3C 42 H 19 % i
Tl AR HRORR A T LAy 1 R A8 B B = & DG I Ay
fE, PR RIERE . 7R B4R CD | AU iE R
UF1 F1 UAR 43 5l 8 AL J7 2 48 7 1 6. 18% Al
9.31%. VLI I IEREETE Z R 2 I BL S &
TERIE R BIAE 55 rh B T i ) Ak

F4 KWHERILE

Table 4 Performance of different methods on the four datasets

CASME 11 SAMM SMIC CD
Method
UF1(%) 1) UAR(%)T) UFI(%XT) UAR®%)XT) UF1(%)T) UAR(%)XT) UFI(%)XT) UAR%)XT)

LBP-TOP 70.26 74.29 39.54 41.02 20.00 52.80 58.82 57.85
Bi-WOOF 78.05 80.26 52.11 51.39 57.27 58.29 62.96 62.27
CapsuleNet 70.68 70.18 62.09 59.89 58.20 58.77 65.20 65.06
ATSCNN - - - - - - 73.51 72.05
FDCN 73.09 72.00 58.07 57.00 - - - -

STSTNet 83.82 86.86 65.88 68.10 68.01 70.13 73.53 76.05
OFFApexNet 87.64 86.81 54.09 53.92 68.17 66.95 71.96 70.96
EMR 82.93 82.09 77.54 71.52 74.61 75.30 78.85 78.24
RCN 85.12 81.23 76.01 67.15 63.26 64.41 74.32 71.90
FeatRef 89.15 88.73 73.72 71.55 70.11 70.83 78.38 78.32
?gl?rz)F N 91.79 92.95 85.69 89.10 86.56 91.78 85.03 87.63

L P U IR AR, R R T A AL S5 3L R 3 =452 . 1 SR B m Bt

K9 Jon T A Jr e A #0451 IR 1E i
M B0, 1,27 53 R BV GE RN =2
RN A . T LLE AR SO Y O TR A
CASME 11 5 #4140 PEBE X TR T
W AR A 26 5 e (R R, o SR T 2 31
() VB SR B8 T 97%. SR, A SC 5 15 7 1R 51
SAMM F1 SMIC-HS %4 £ v % “ BB ™ Fn i " 2 5
I AEAE R R, fE SAMM Bl 4 b, R0 < BB "2
HIHERR R AR AN 56%. 1E SMIC-HS 4 4 LU
BRI ) T R AR AR FE 70%., TR G AL
i 4 DR WA A R TT LU AR 7 1k R A8 A e ey b 1
AN, AR R IE R R AR AR, TR R
IEHf R I, KB T 85%. A I i B,

B AE TR A TR Y HE A5 8 3 20% , 1560 38 1
A B BARAEREAR L3N T 2R B4 K 1%
M), AL A 7 2 SR TR JH At 7 285 7 45 SR AR TR
EANNHTL

SEGX A —BERER = A FER N e, B
T SAMM H 8 £ 0 I HA 1T 22 B e T 2 (9 4F
14 8 5 A R R 2 5 5 IR Y, X 5 B AL U
o EPREE . HYR, 7E SAMM $idii4E |, il T SAMM
AEAE R I TH AR RS BN 1y 7] A8
PEALRAE IS AN BRI IR R AN S . e 5
Al A BCHE S R FL L SMIC-HS S04 42 LA S 6% 4 o
BRI oy BRI AR, R T — S8 G R Ik

=3
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FeS G T ASCITHE H 0 2845 RIS LY 15 1)
Fb 77 5 32 5K X (Floating Point Operations Per
Second, FLOPs) Fll & Z 8t P 14645 . 5 STSTNet
FH L, 76 5 S50 A FLOPAHAT A5 L, AR SO vk
() UF1 F1 UAR ¥ 4fi 8 45 40 5 42 & 1 11.5% #0
11.58%. 4 Dual-Inception (Zhou %5 ,2019) # It , A<
ST VEAL BB FLOP &K 1 M0 %%, UF L
FIUAR BT8R LT 5 ATSCNN A [b, 45 7R S
J5 B B S BB R FLOP A K, (H UFL A UAR PEAY
FEPR T 2
3.4 HELLIE

THALSZ IR ZE UK 6 Fim o SR —17 Rn LRI
%I MobileNet_v3 7£ N2 Z TC N TFFE A HEAT 4R
fERLA1E 00T S IZE R . AR A LS

- 04
-02

-00

Tm{E

(a) CASME II

0.8
0.7
0.6
0.5
- 04
03
-02

=01

0 1 2
Tim{E

(¢) SMIC-HS

x5 HESHREXLL

Table 5 Model complexity comparison

. UAR FLOP/M HBHH
EURODT ey ) ()
STSTNet 7353 76.05  57.45 - 4.98x10
Dual-Inception ~ 73.22 7278  264.15  1.34x10°
ATSCNN 7351 72.05 19.01  4.21x10°

MOFFFN(ours) 85.03 87.63 50.58 5.06 10’

TE N FHON AL R . | R B AR AL .

UF1 Fl UAR 43 5l RIEEE - 1 17. 7% F113. 69%, %
B il S AR A T IR IR I R S BE 4 , 20k
Uit 77 1 R A% B IBCRE o =F 65 1 TS S ARRAE , AT LR
T AR R B TR L 4R ZE A MRKCBN #55e Ji5 ,

8- 04
-03
-02
-0.1

| -00
0 1 2

TR &
(b) SAMM

0.8
0.7
0.6
0.5
-04
-03
~-02
-0l
l -00
0 1 2
TRE
(d) €D

K9 {RIEHRE

Fig. 9 Confusion matrix
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UF1 #1 UAR i — 2042 F+ 7 2. 09% 1 1. 4%, Ui I
KAN f8 02 FE At FLAURE Y 1 30 1 2 w8 R AE i) ) 23
5 B ERIERE S, A APSBALBLS , 5 ¥ 49 UF1 il
UAR 43 531 35 3] 91. 79% 11 92. 95%, ik — T+ T
2. 06% F14. 74%.

6 HEMZIE

Table 6 Ablation experiments

St MRKCBN 5 . UF1(%)  UAR(%)
oy o APSBEEC T

69.94 73.12
N 87.64 86.81
J N 89.73 88.21
v N v 91.79 92.95

TE IR TR R AR SS 0. T Fon BB s M A

Pl 10 XoF A4 J7 325 38 43 v ) 235 SR gk A7 T AL ¢
51 43 5] 2R 7R T 3R AR AR A 1) 2 1 T 0 06 {1 o, v
[ I3 27 TVL G AR SCHE H B A G i R
% J5 51 22 718 R Ad ) KCBAM A5 5 Al T} KCBAM
BEH A 1 B T AL IR . TR AR T —
1 TVLL G, 206 Rl G 1 UG AL 5 58 2 A
EAEE . R KCBAM B, 6 (14 13 2 ) 61
DXIRATTHL, I B v B &2k ) S BB AT
fii FH KCBAM J , #5828 11y 34 7y Wi 4 vp 7 1 &R 32
B X,

TVLDGIR ittt TKCBAM KCBAM

g U

K10 TERE AT AL Xt R 15

Fig. 10 Comparison images of attention visualization
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OFFM FE i 4ifi 25 I 74 AL PR 228 A6 1) 22 48 A 25 A
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