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attempt to suppress or 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 subtlety, micro-expressions convey significant emotional informa-
tion and have shown considerable potential in various real-world applications, including psychological evaluation, medical
diagnosis, law enforcement, and deception detection. However, accurately recognizing micro-expressions remains a highly
challenging task due to their low intensity, brief duration, and sensitivity to environmental conditions such as lighting varia-
tions and inconsistent facial expression strength. Most existing micro-expression recognition methods rely on a single opti-
cal flow algorithm to capture motion information. This dependence often leads to suboptimal performance in real-world sce-
narios because individual flow models struggle to fully capture the subtle and diverse motion patterns of micro-expressions.
Aiming to overcome these limitations, this paper proposes a novel approach called the multiple optical flow feature fusion
network (MOFFFN). This method leverages the advantages of multiple optical flow types combined with advanced atten-
tion mechanisms to improve the recognition performance of micro-expressions. Method A novel micro-expression recogni-
tion framework based on MOFFFN, specifically designed to capture the subtle spatiotemporal variations inherent in micro-
expressions, is proposed. This framework comprises three key components: the optical flow fusion module, the mobile

residual KAN CBAM block net (MRKCBN), and the attention pooling self-attention block (APSB). First, the OFFM mod-

ule integrates multiple types of optical flow features total variation L1 (TVL1), dense inverse search (DIS), and prin-

cipal component analysis (PCA) optical flow each capturing different motion characteristics across pixels. To retain
directional cues, the horizontal and vertical components are extracted from each optical flow type. These components are
then fused to construct three composite flow images: global fusion, horizontal fusion, and vertical fusion. This multi-flow
fusion strategy enables the model to capture comprehensive motion information and enhances robustness to variations in
lighting and expression intensity, thereby improving recognition performance. Second, to extract discriminative features
from the fused flow images, a novel MRKCBN architecture that integrates Kolmogorov-Arnold network (KAN) into a light-
weight residual backbone is introduced. KAN has recently attracted attention for its strong generalization capabilities and
interpretability, particularly in scientific computing and image analysis. Within MRKCBN, KAN modules are embedded in
the channel and spatial attention submodules of the classic convolutional block attention module (CBAM) , where the origi-
nal MLP and convolution layers are replaced by KANLinear and KAN_Conv2d, respectively. These KAN-based compo-
nents enhance adaptability by leveraging B-spline approximations, group convolutions, and dropout, thereby improving the
network ’ s ability to model fine-grained spatiotemporal variations in facial micro-expressions. Finally, the APSB module is
designed to fuse the multisource features extracted from the TVL1, DIS, and PCA flows. Unlike conventional self-attention
mechanisms that operate on a single feature sequence, the APSB module learns an effective fusion strategy across diverse
optical flow representations. This fusion process runs in parallel across multiple attention heads, capturing feature relation-
ships at different dimensions and semantic levels. By integrating an Attention Pooling layer, the APSB module dynamically
learns the importance weights of different facial regions, emphasizing key regions to enhance recognition performance and
robustness. Collectively, these modules synergistically contribute to state-of-the-art performance in micro-expression recog-
nition, particularly in challenging scenarios characterized by subtle motions and limited data availability. Result Aiming to
evaluate the effectiveness and generalizability of MOFFFN, experiments are conducted on three publicly available bench-
mark datasets: CASME I, SAMM, SMIC-HS, as well as on a composite dataset (CD) that combines all three. The widely
used leave-one-subject-out cross-validation protocol is adopted to ensure robust, subject-independent evaluation in micro-
expression research. The proposed method achieves unweighted average recall scores of 91. 79%, 85. 69%, 86. 56%, and
85.03% on CASME 11, SAMM, SMIC-HS, and CD, respectively. Furthermore, the corresponding unweighted F1-scores
(UF1) are 92.95%, 89. 10%, 91. 78%, and 87. 63%. These results consistently outperform existing state-of-the-art meth-
ods, demonstrating the superior performance of the MOFFFN framework across multiple datasets with different characteris-
tics and challenges. In addition to the quantitative results, qualitative visualizations of attention maps further confirm that
the proposed model effectively highlights the most discriminative facial regions and captures the most relevant motion pat-
terns. Conclusion This paper introduces a novel micro-expression recognition method that fuses multiple optical flow fea-
tures while leveraging the representational power of KAN and advanced attention mechanisms to improve recognition perfor-

mance. By integrating diverse motion representations, learning discriminative features through KAN, and employing
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attention-guided fusion, the method effectively addresses the challenges posed by the subtle and complex nature of micro-

expressions. The incorporation of KAN within the attention modules replacing traditional MLP and convolutional layers

notably improves the network s capability to model subtle spatiotemporal facial dynamics, enabling the extraction of
discriminative and interpretable features from complex micro-expression patterns. In addition, the APSB facilitates
cross-stream feature fusion, learning to emphasize critical facial regions across different motion representations.
These innovations jointly yield substantial performance gains on benchmark datasets, particularly under the challeng-
ing conditions of subtle motion and limited data. The proposed framework demonstrates strong generalization and
robustness, making it a promising approach for real-world micro-expression recognition applications. The publicly
code of this paper is available at https://github.com/useless12138/mofffn.
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Fig. 1  Analysis of micro expression datasets ((a) comparison between macro-expression and micro-expression data;

(b) visualization of micro-expression category distribution; (¢) cross-dataset comparison of micro-expressions)
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o (KANConv([ AvgPool(F,); MaxPool(F,)]))(3)
A h, F, 7R KSAM 5 AJ¥ 91, KANConv 7= 4 1
PEAE M _(F,) 375 KSAM (1% H 51

R TG A A FE T e AR RS SIC IR X g [ R, A
SCHE KCBAM Hl A BR 25 B 8 A 45 > 3 x 3 451
2 A IH—4LJE F1— ReLU (rectified linear unit)
AT Z . e XHRRAE I HEA T F S I it ik
FRAE el D R I PR 1 2 TR 2 3 (s 5 AN S )
PR A 72 CRRHE , TR Bs /N, SR TSR Y
PERE . 5500 i AL RS-t A AR TR, S R
P AR T AR 25 2 1 A R S AR A
AEERAE Al 1 ROT 5 HFRIERC . KCBAM Y EAHC
BUE1IIR.

%#1 MRKCBN#E#REAE B
Table 1 MRKCBN module configuration

Z i ATER AR WA
Conv2d 3 X224 x 224 16 x112x 112 3
BatchNorm2d 16 x112x 112  16x112x 112 -
Hardswish 16x112x 112  16x112x112 -
MobileNetV3 16 x112x 112 96 X7 x7 -
Conv2d 96 x 7 x7 576 X7 X7 1
BatchNorm2d 576 x 7 %17 576 X7 x17 -
Hardswish 576 X T %7 576 X7 %7 -
RKCB 576 X7 %7 1152 x 7 x7 -

T "R BAEUH

2.3 APSBi#&Eth
TERFIERRG B, Ry T o AR R X T 8 St X i
HY DR BE , AR SO0 A R L] (self-attention ) #5172k

HE 4 — R R R AR R RS R
(APSB) . A[FTAEGEM) HEE S HLHE B
MESF 1, APSB BERSTEZ AN GIRHIE P2 > il 5 5w
HZEFGINE 7 FE7s o APSB 42U 3 MG HURHE : Fryy,
Fs R F oo 3 3 2HRFAIE 38 20 380 18 45 B2 P2 20 1T Y
FHIETREF,,,, .0
APSB § Jei% T A 2 A~ ) 5 k, 19 R ) 4
e, B
score; = a(W - k, + b) (4)
AP kR HE(E K 50 i i, WA b 7 3R R 2k
JERCE AR E . 5, XF I T softmax FEETS
N A5 BT T8 o, R TETT R i 4 2R
2R § S TCFR XA TUERA R . AR TR
G3BON AT S HEAT AR &, I 1ok 2 vk J2 AT
A B 2t
K' = AttentionPooling (K) = za, -k, (5)

T, AttentionPooling 3¢ 75 X T4 K ffi F A 7
IR RME RRIREG K I AR A
Q- K', EikN
A=L K (6)
Jd
Krp, d FoRER TS KON, 2 TRUEEUE
TR R o b R i B T, A5 IS Y B G Ml i
N R I o0 A o B Ja A — T 05 A S
R VAT INECR A, 15 300 3 1 A QA
0(Q.K, V) = softmax(A) - V (7)
W 0 T T INALUS B R T AR 22 4 4, 7
2 1 Layer Normalization 5 — Ak , 15 21| i 2 iy ) ¢
HEF, o
BARERE & S FAE 2 2k BT
17, BEBS A HE AN [ 48 B2 A il SUZ IR R IR &R o il
% A Attention Pooling}%l , APSB 8EWS 27 X T &P AS R
DX A i R e G B DX A AR B AR A R
AEPERE G EEM: . T3RRH A, T A start fll apex A
iy N\ AT IR TR (LT . A S 9 MOFFFN B33k
wr
ARG I (1,,, 1,.);
Bt RS ¥
IDCHHFAE AR OFFM
1) Oy«OpticalFlowyy,, (1., I,..);
2) 0, OpticalFlow, (I, Iapex) H

pex
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Fig. 7 Structure of APSB

3) Oy OpticalFlowy, (1, 1,..);

4)04i¢ 0.2 X Opyyy + 0.4 X O + 0.4 X Oy s
IMFFAESR HUB R MRKCBN

5)F<—MobileNetV3(0,..,);

6)F<—KCBAM(F);

7)F<Residual (F);

8) F<—AdaptiveAvgPool (F) ;

9)F. <«—Concat(F);

fused

IFHERL SR APSB
10) F<—LayerNorm(F . ) ;
11)Q<F-W;
12)K—F-W";
13)V—F-W';
14)K<—AttentionPooling(K) ;
15)A«softmax((Q- K') / sqrt(d) ) ;
16)Z<A-V+F
17)F,

output

concat ?

«LayerNorm(Z) + Z;

11532 5 it
18)F,, < Linear(F,, );
19)y,.softmax( Classifier(F,, ) ;

20)return ¥ predo
3 ARXXEW

3.1 LIRS
AT SR T s A R AR S A S LBP-
TOP (Zhao Fll Pietikainen, 2007 ) 3 > T0 &5 g (% 408 451

i 22 1% 1R 31 (micro-expression recognition from video

using apex frame, Bi-WOOF) (Liong 5% ,2018) . T-1%
RN NS S
expression recognition, CapsuleNet) (van Quang %5 ,
2019) ,STSTNet (Liong % , 2019) .OFF-ApexNet (Gan
4, 2019) | M2 RN
expression recognizer, EMR) (Liu %%,2019) ¥ &
M 4 (recurrent convolutional network , RCN) (Xia %%,
2020) R AE 40 4k #55 B (feature refinement, FeatRef)
(Zhou 55, 2022) &5 & LI A 8l 45 [R5 46 B 22 )
28 XU 1 3R 47 TR 31 87 57 (dual-stream combining
optical flow and dynamic image convolutional neural
networks , FDCN) (Tang %%, 2023) £ & 1151 509 =
BT 22 M 2% (attention-guided three-stream convo-
lutional neural network , ATSCNN) (i#X B¢ 45 2024)
7t CASME 1I (Yan % , 2014) . SAMM (Davison 5§ ,
2018) Fll SMIC-HS (Davison 4§ , 2023) 3 4> F it 24 JF
Bl AT L
CASME II (Chinese Academy of Sciences micro-
expression 11) B4 48 b o [ B} 2% B¢ O BLTE 58 T &
A AL 35 44 H I B2 1A AL 1 I A
TR A . IZBE AT 5 2R At D
AR PR AR
micro-movements ) ECHE 5 H1 5% [ S A TR R B AT
PRI AR AL 32 44 0k B A [ Rl 0 ) 7 52 3
TE WL 16 B LA B8 SR A LT, TR 17 1o o
TALEAAS DOE BAR PR AR R A2k
9l o SMIC-HS (spontaneous micro-expression corpus-

high speed) fH 25 22 B /5 K22 oA, A0 55 3 M 2 224

#% (CapsuleNet for micro-

iH 5 %% (neural micro-

15 . SAMM (spontaneous actions and
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J TR B AR o 4% Liong %8 A (2019) Y 1%
B A SCRAS 200 gt — B B 328, BIIE T 2526
i CRLER PR ) 5 B T 28 28 1 (CBL 48 38 0 PR (R
PRI ) 5 B 4 2 (GBS ) o Ik
S AR SORE 3 A RS SR B A 1A A KR 4R (com-
posite dataset, CD)#EATH0HIE, 18 8 J'€s 1 31 Edls
BETR I AEAS 1S IR ORI A (B 1145, 7T DA, 34
KR AR AR 22 57 3 - CASME THEIE AR 11 32 14
Bl ELN E 5T SAMM B 48 1) 52 103 15 41
i B DG MR AL BT L AR 22 53 K5 T SMIC-HS %%
PR BUREA I 0 AR R R A 4D Bl g
Y TEANS BANER 3 BT

B i%I 3 E8%

CASME I $&
SAMM

smic-is i 8
w4 . 4
LA DR ACUAWT DR(EMT ARAAMIT DA
K8  THRIE IR TR A

Fig. 8 Some samples of micro expression datasets

3 HEESHITER
Table 3 Datasets statistics

2% CASMEII  SAMM  SMIC-HS (o))
TH % 88 92 70 250
Rk 32 26 51 109
5 25 15 43 83
SR 145 133 163 442

3.2 XWiEE

S0 R PR A R 31 sk, = i 9 P — 28 LB IE
% (leave-one-subject-out-cross-validation, LOSO CV) .
503 e A 32 VR IR, T A TR A Y
FEAAE RN GRAE . BEARI) IR 2% 2] % (learning_rate)
BEHE S 0.000 1, 4K/ (bateh_size ) 3 4 128, 1]
YRHE IR (epoch) 1 Ky 300 48, YI R FEFR 2 15 h /2
FH oo LK B N Windows 11 #: /F & 46 .
PyTorch2. 3.0, Intel Core i7-12700., 64 GB N 1£ Fil
NVDIA GeForce RTX 4080,

SIS 32 3 B A AL F 14331 (unweighted F1-
score, UF1) F1 R INALE 34 7 1] 3% (unweighted aver-
age recall, UAR)/E W S48 R, UFLWFRN U

VIR 5388, & —Fhid  F T PG B A8 26 0 A
M 2253 AT 55 PR RE R e 45 , THR
2% TP,

Fle= 5P, +Fp, + FN, (®)
F1
fLFl :TC (9)

X, PP  SABPAYE  FN 5 o SAREIPE , TP,
NS REIAME, C AL

UAR J& — FLEAFAE AP A5 2 L AR B 15 00 T B
TR AT PR S BT RO AR, TH R N

1 TP,
fUAK:EZ‘ nﬂ( (10)

Kb, n, RN SAL
3.3 ZWHER

FAFNH T AR SO RN O R G S IR 4 AR
AT LLE AR SO R AR 4 B4 IS T S
FIGE R, BAKTT S , 76 CASME IR 46 |, A S0y
B9 UF1 FTUAR 43038 81 1 91. 79% F192. 95%, Lt
HEZ 5 2 1) FeatRef 43 il $2 T+ T 2. 64% F14. 22%, Lt
STSTNet 73 4 TF T 7. 97% F16. 09%., A 3L I E7E
CASME IT I B 45 iy 25 SR AR 30 1 7 SCBE B4R S5 1) o
TE2HLAE J7 . AE SAMM F1 SMIC-HS %4l £ I, MEfiE
U B & EMR F1 FeatRef, UF1 Fl UAR %R #8 t T
70%. AR SCHT A UFL A UAR BWRAG J5 75 0 o) 42
T+ 8. 15% F117. 55%. T SAMM F1 SMIC-HS %4
R ZANEIAEE 2R T 25 S AR ), K27 EI
PERE T LR N B AEA SOy 2 B MERE T o el B ¢
A ARILT AR ST 3 TN B8 A G AR B T )
E AR . 7E SMIC-HS B0 45 |, A 07 1%
UF1 1 UAR 43 BRI )7 EMR A2 T T 11. 95% Fl
16. 48% , UE A A SCHE H 16 8 Al 5 B HRAR 4 T A
J7 ¥ BEAS 5 IO 3= 5 AR TRRRAE , 4 R A R PR fE
TES G BARAE CD |, AR SC5¥: 19 UF1 A UAR 4353
BERAR T T 6. 18% F19. 31%. BiIAA SC vk
FEZ R Z AR B i B A MR U 5 h BT
SR ) AR

9 R T AR SO AR 4 A BUE 5 IR SR
Mo B 0.1.2 50 53R BRI TH AR RS EF 3 25 6L
FAGHIN . LU A SCHE 5 R 7E CASME 114K
PEAE IS bR, X TR T A R AR A 3
fe R A, TR A 2 S ) A A 2R 8 21 97 %
SR, 75 SCOT EEAE TR I SAMM F1 SMIC-HS 4 45 p
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Table 4 Performance of different methods on the four datasets

1%

) CASME 11 SAMM SMIC-HS CD

ok UF1 1 UAR 1 UFL 1 UAR T UF1 1 UAR 1 UF1 1 UAR 1
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 71.54 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
MOFFFN(A30) 91.79 92.95 85.69 89.10 86.56 91.78 85.03 87.63

VE KL R RIZe AR 3500 378 2 B B O BB =R AR . T IR B AR = SRR T X I S 4

0.7
0.6
05
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-0.3
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-0.1
-0.0
T {A FI{EL
(a) CASME II (b) SAMM
0.8 0.8
0.7 0.7
0.6 0.6
0.5 05
-0.4 0
-0.3
0.3
02
-02
-0.1
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\ -0.0
0 1 2
FHIMEL FIIME
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K9 IRVERERE
Fig. 9  Confusion matrices( (a) CASME IT; (b)SAMM ; (¢)SMIC-HS; (d)CD)
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8RR FIMRE I S I A7 AR ) . 76 SAMM icdis 42
b B SE  HER E m , A 56%. FE SMIC-
HS 4 £ TR e 28 500 s 45 31 T S ALK 0 o 1 %
70%. MIRA BAR A AR VS JEFE T L& AR SO
T RE A 5 G Hb A 3 3 AN S R R I R
I, T BRI SR TE A R e ey L IR 3 85% . LRI iE
SRR, A TR TR A T A 1) A48 2 20% , T
A G AR BURAEARAR BN T AR R
(18 S ], LS A0 I S0 A X T30 At 9 1 45 SR A
IHA &AM FHE

SFEOXFIA—EERE A 3 RN e,
F SAMM Hi 4 4 & I HL A 5T 2 Fi e AR T2 AT
U T P A3 A R TR 2 5 B IR Y, XS B AL )
TEPk AR E, LUK, 7E SAMM B 4E |, B T SAMM
FEAE R B TE AR REAR | 5 BTSSP A687 1 1)
PEIRIEZAN A B I, UM R AR . 5.5
JHC Al 9 S B R 1L, SMIC-HS B4 48 L 5 41K 114 i
HORFN AN o B Rk, BR T — S R A
=

FSFN T AR SCTH H 0 45 TR RN G L vk B
VT 15,328 BB (floating point operations , FLOPs ) Al &L
BRI TERR . 5 STSTNet A1 H , 76 5 2 50 Al
FLOPS A (15 L T, AR SCH 21 UF 1 A UAR 1Al
FEFR 7 B HE 5 11. 5% M1 11. 58%. 5 Dual-Inception
(Zhou 5, 2019) # Lt , A% 3CJ7 16 AN AL B 2 i Fi
FLOPS &% 1 B2, UF 1 FI UAR ¥4 B R 42 T
5 ATSCNN #f b, &8 A SCH B 1 5 2 80 Ml
FLOPS ¢ K ,{H UF1 Ml UAR iPALF8 bRIZ T 25 .

x5 HASHEXLL

Table 5 Model complexity comparison

RO O
STSTNet 73.53 76.05 5745 498 x10
Dual-Inception 73.22 7278 264.15  1.34x10°
ATSCNN 73.51 72.05 19.01  4.21x10°
MOFFFN(AZL)  85.03 87.63 50.58  5.06 x 107

T T FOREM IO, | Fon BT .

3.4 HRRSCIG
TR SZIG 45 RN K 6 7N o 5 1 47 R m FL Rt
I MobileNetV3 7E AN HEHUZE TOEIRFRHE AP TRFIE

Al O USSR . A BT RS RS
UF1 1 UAR 43 51 K8 $2 T+ 17. 7% F113. 69% , 4% B
ST RlA SR AR T R AR M I R IS SR 4R 2ot
75 15 RE A B IBCRE o =F &5 19 TS S ARRAE , T AR
FERL AR PERE . 4k ZEin A MRKCBN 5 , UF1
FIUAR HE— 2271 2. 09% i1 1. 4%, Ui ] KAN fE%
TR HMRR Y B3 PR B B R IE (Y B 23 {5 B R g
J1o A APSBEEYRS , 777 UF1 FTUAR 435352
91. 79% F192. 95%, i — L4 T+ 1 2. 06% F14. 74%.

R6 IHREASKNIE
Table 6 Ablation experiments
/%

——
x x x 69.94 73.12
N x x 87.64 86.81
N N x 89.73 88.21
N N N 91.79 92.95

VIR FOR S IR A R 1 RN B R A
FIX 3 3275 A8 JH A X AR B

P 10 X AR S5 9k B 20 v ) 45 Rt A7 AT A
HIT P51 53 531 2 s TR A R AR 1) 2 B TR (L it ,
[B]PYZ1 278 TVLI JERRIAS SCER H iRl e 4,
T3¢ J T 99 327 A fif ) KCBAM A5 B 1 i Ff KCBAM
B TE S T AL AR . AT LA HY AR T —
I TVLI G , 22 0GR Rl i A PG f 25 5 22 14 ThT ol
BEE B . A KCBAM B, 4580 (4 7 8 56 i
DXCIORTITHAC, -0 4 v B iR AR i SRR A6
il FH KCBAM Ji , B Y f) 3 55 0 B 4 wp A i v iz
X

T WEED TVLI e

J& KCBAM
B JEii KCBAM

K10 TERE Al AL Xt HeE f5

Fig. 10 Comparison images of attention visualization
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MobileNetV3, MRKCBN BEM7E 3 26 1% B 48 /0 1) 1
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PR L UEATIRUE , ¥R i RE . SR A SOOI
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