wfﬁ-’ffh?f*l'?

COMPUTER SCIENCE

MTFuse:EFMambaflTransformerfIr S50 MK EIR LS MLZ
TEGE, BT, =%, DT, R

SIRAAX

TEGR ZThl, =8, BEF, BN MTFuse:EFMambaflTransformerf b 5ol KB GRS
MLEJ]. THENRIE, 2025, 52(8): 188-194.

DING Zhengze, NIE Rencan, LI Jintao, SU Huaping, XU Hang. MTFuse:An Infrared and Visible Image
Fusion Network Based on Mamba and Transformer [J]. Computer Science, 2025, 52(8): 188-194.

HUXEEE (SERXMEE IE JEREENE)

Similar articles recommended (Please use Firefox or IE to view the article)
ET RS ERNSRIRIFGTRMRANEHEGILER

Hash Image Retrieval Based on Mixed Attention and Polarization Asymmetric Loss

HEMREIEE, 2025, 52(8): 204-213. https://doi.org/10.11896/jsjkx.240600057

EFUUHSOMMBIREE L
Clustering Algorithm Based on Improved SOM Model
IHEHEIE, 2025, 52(8): 162-170. https://doi.org/10.11896/jsjkx.240700017

ETERSHEAIMASESBRO RS
Multimodal Sentiment Analysis Model Based on Cross-modal Unidirectional Weighting

HEMNREIEE, 2025, 52(7): 226-232. https://doi.org/10.11896/jsjkx.240600066

EFormer: EF S ERNNEM Transformer EFEGRECHEZEE
EFormer:Efficient Transformer for Medical Image Registration Based on Frequency Division and
Board Attention

HEMREEE, 2025, 52(7): 151-160. https://doi.org/10.11896/jsjkx.240400159

EFizaEz SER & 1917 AL
Pedestrian Trajectory Prediction Based on Motion Patterns and Time-Frequency Domain Fusion

HEHRIE, 2025, 52(7): 92-102. https://doi.org/10.11896/jsjkx.250200011


https://www.jsjkx.com/CN/10.11896/jsjkx.240600106
https://www.jsjkx.com/EN/10.11896/jsjkx.240600106
https://www.jsjkx.com/CN/10.11896/jsjkx.240600057
https://doi.org/10.11896/jsjkx.240600057
https://www.jsjkx.com/CN/10.11896/jsjkx.240700017
https://doi.org/10.11896/jsjkx.240700017
https://www.jsjkx.com/CN/10.11896/jsjkx.240600066
https://doi.org/10.11896/jsjkx.240600066
https://www.jsjkx.com/CN/10.11896/jsjkx.240400159
https://doi.org/10.11896/jsjkx.240400159
https://www.jsjkx.com/CN/10.11896/jsjkx.250200011
https://doi.org/10.11896/jsjkx.250200011

http: /www. jsjkx. com

4 A A 2
O tﬁ;m saj@? DOI.: 10. 11896/jsikx. 240600106

MTFuse: & F Mamba #0 Transformer B ZI 50 5 /] I St B & 5t & W 2%

TBGE B F=8EFE O OFEFE K M
ZHA¥FEEFR R¥ 650091
(dingzhengze@ stu. ynu. edu. cn)

B E a5 TRELARRES S ARG AR ABHEEFRTR LA LR DY  AETRIEG T FA @S T H#
ML, ATAEABRWERNENRASBEA G T L ETAHFREAREFE,EH KL ARG S LS @i 2 FRH, & T Transformer
A BRRELRAFEERTBANEE 2L BIEF KL kayit ik, 2EBRLENLRETEAEA (Mamba) £
AHEME RO LEBRUERETBAARTERGE N AMALREPARET —FAAFLWUREZ, AT HRHEHLBRL
R ETT —AREAFRENLRS TR AR (RMB R A HHFIE, R . AT SRR X RZIFER. X
FTABEREIETNRSEETAERCQAM A THIEN g1 B akd, b Xt T — A d R H & B, LIEHEM
AT HEME GEARBEN T X NG REOER, BXZAMEARG T EERSGRAEN T ILER e Eln LW T
B AR 80 7 ok 8 A AL,

KR A FHEMAKRE TR AR ; Transformer; £ BB 3 J ;40905 T L B gk 4

mESES TP391

MTFuse: An Infrared and Visible Image Fusion Network Based on Mamba and Transformer

DING Zhengze, NIE Rencan, LI Jintao,SU Huaping and XU Hang

School of Information Science and Engineering, Yunnan University, Kunming 650091, China

Abstract Infrared and visible image fusion aims to retain the thermal radiation information from infrared images and the texture
details from visible images to represent the imaging scene and comprehensively promote downstream visual tasks. Fusion models
based on convolutional neural networks(CNNs) encounter limitations in capturing global image features due to their focus on lo-
cal convolutional operations. Although Transformer-based models excel in global feature modeling, they also face computational
challenges posed by quadratic complexity. Recently,the selective structured state-space model(Mamba) has shown great potential
in modeling long-range dependencies with linear complexity, providing a promising path to address the aforementioned issues. To
efficiently model long-range dependencies in images,this paper designs a residual selective structured state space module(RMB)
for extracting global features. Simultaneously, to model the relationship between multimodal images.a cross-modal query fusion
attention module(CQAM) is designed for adaptive feature fusion. Furthermore.a loss function consisting of two terms,including
gradient loss and brightness loss,is designed to train the proposed model in an unsupervised manner. Comparative experiments on
fusion quality and efficiency with numerous other state-of-the-art methods and ablation studies demonstrate the effectiveness of
the proposed MTFuse method.

Keywords Selective structured state space model, Transformer, Unsupervised learning, Infrared and visible image fusion
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WRORAE AR R B 4 1 ST E R Y SR O T AR L X IE
Bl T MTFuse 7E 4 35 KR K R MM 5C 2R 07 0 19 & &% vk A
A R

Table 3 Comparison of computational complexity and parameter

count among different methods

Method Flops Para.

DIDFusel26. 24,503%10°  0.261X108
U2Fusion27] 43.170X10°%  0.659X 108
GANMcCL28] 122.230X10°  1.864X105
SDNeth29] 8. 813107 0. 067 X105
SwinFusiont?J 63.731x10° 0.927x10°
YDTRE0 20.581X10%  0.107x10°
TarDALB1] 19.443X10%  0.297X10°
DeFusion!32 15.265X109  7.874X105
ReCoNetl33] 0.347X10° 0.002X10°
DATFusel3! 1.185% 107 0.011x10°
LRRNet[#5] 1.511x10° 0.049 X105

MTFuse 5.031>107 0.371X106




TEPE, % . MTFuse: 5T Mamba 1 Transformer B 4L 405 7] W% B % Bl 4 X 4%

193

4.4 HELIRLS
AR 7E 38 L T @b S 5 56 50E T 4R O TR 4% S5 R Y
BRI T 3 ATHAN LG, R 4 BT A, o AR K
RMB 1 (1§ Mamba; fif FH 38 8 08020 0 & R el & 2 &R
CQAM; A Swin B0 Mamba, 3 f4 5 A1 [F) (9 B2 2 4t 5
GIEZE 5

T A5 FR A B PSNR S, J1 4 18 b 76 30 26 J 9 A vh

W7 RETHE, X404 T HIEY] T MTFuse &1
HOMBOTN TRSMA RENEEE, HREENE. N
Swin H A Mamba Ji5 , B SRR S 550i ik A 8/, (LA TR (1Y
BRBCRITRET 350U L, FE & TOPG R AR BB TR
FRERN TR, X—RRLRF%E T Mamba 7 K4 6& T
55 I G HEAE T L RO XS 42 SR BOAME B AT S RO SRR, A
M2 4 T TR R T S SO MR A PR RE .

F 4 RS R T B R bR
Table 4 Comparison of the proposed method and its degraded versions
Experiment VIF MI QABF SSIM SF AG PSNR Flops Para.
w/0 Mamba 1.0307 4.6021 0.6692 1.0036 10,7184 3.3659 63.1519 3.949X10° 0.1069 X 10°
CQAM—CNN 0.9849 2.9345 0.6079 0.8977  11.0682  3.6675  64.1545 4,5136>X10%  0.3633X108
Mamba—>Swin 1.0134 4.5988 0.6732 1.0002 11.2102 3.6004 64.4655 15.9751X10% 0.2440X 106
MTFuse 1.0324 4.6190 0.6734 1.0103 11. 3887 3.7057 64.3583 5.0305%10° 0.3713X106

T Tl S 6 19 5 M X L 25 2R I B 6 TR L BR AR SO A L -
UL T A ek R AR A 21 A 8 35 A A S A Al 30 A0 £ B D i 249 A A
AR BE A B . X U] MTFuse & — >4 R4k 25 5 B 4%:
F R RSB TR LL A IS S AR i R e B AR R

CQAM—>CNN

Mamba—> Swin Ours

&6 9 il S 19 X LE 2 2R

Fig. 6 Qualitative comparison results of ablation study
BERIE AR T — R F Mamba A1 Transformer
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WREH A BEIT T — A~ 5k 22 8 5 1 45 4 A R 25 A ) e
(RMB) - B A JR L . RO T X% 2 8L B8 2 (8] B 2% &
HEAT A, BT T — A I B S A A A T B D BB (CQAMD
MTHRAER B 3SR REA . B oh B T — A i P A A AR A
5 9% BRVHC AT A A P A5 A0 BEAR R L 15 7R LA T W i =K
YRPT B AR RL 5 e H Al S HE Y 5 s AR R B A BT HE
S0 AN Al SE B UE M T TR B MTFuse JFik A RME. H
A SCH B R LA 5 A LG AR AT B IR % 5 2 4
FE B ALY & AF 55 b R 1 — 2 e FERR B AR . Tk
TR 2 09 AR Rl A 55T &R G i A i fb MT-
Fuse {9 1ERE . I 73 15 U R 56 06 5 8 AR 45 4 B ] A
P LU i — 20 48 1 Hz AL e o A s iR (.
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