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Multilevel Mamba network for infrared and visible image fusion

Yang Tianyu, Huo Hongtao", Guo Baofeng, Zheng Bowen, Liu Xiaowen
Department of Information and Cyber Security, People’ s Public Security University of China, Beijing 100038, China

Abstract: Objective Some network parameters remain in an unstable optimization state during training because of the lack
of ground truth images for supervision in infrared and visible image fusion tasks. As a result, deep semantic information
from the source images is difficult to preserve effectively during the fusion process. Existing fusion methods commonly suf-
fer from degradation in multilevel semantic representation and lack effective cross-level feature interaction mechanisms;
thus, full integration of shallow details with deep semantic information during fusion becomes difficult. In addition,
transformer-based fusion methods incur substantial computational overhead when modeling global features. This study

addresses these challenges by proposing a multilevel infrared and visible image fusion network based on Mamba, thereby
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leveraging recent advances in state space modeling. Method In this study, we propose a novel infrared and visible image
fusion algorithm that constructs a multilevel feature extraction architecture. The model effectively alleviates the loss of
semantic information during deep network training by employing a progressive downsampling strategy and dense connec-
tions during the feature encoding phase, thereby preserving fine-grained textures and high-level semantic features from the
source images. During the feature extraction stage, we introduce an innovative F-Mamba module that leverages the selec-
tive memory mechanism of state space models and hardware-aware algorithms. This design mitigates the limitations of tradi-
tional convolutional receptive fields while maintaining linear computational complexity, thereby enabling the network to
capture cross-level feature representations ranging from local textures to global semantic information efficiently. A cross-
level feature aggregation module is proposed to enhance the extraction of complementary features further across levels. This
module employs multiscale dilated convolutions to align and fuse shallow visual features with deep semantic features,
thereby achieving effective preservation of fine-grained semantic information in cross-modal images. Result Comparative
experiments were conducted on the multispectral road scenarios (MSRSs) , visible-infrared paired dataset for low-light
vision (LLVIP), and a new dataset of aligned infrared and visible images (RoadScene) to compare 13 traditional and deep
learning-based fusion methods. In the subjective evaluation, the proposed method demonstrated a clear advantage in the
restoration of target detail features and visual quality. With regard to the objective evaluation, our method achieved optimal
values in six objective metrics on the MSRS dataset: entropy, spatial frequency (SF) , visual information fidelity, peak
signal-to-noise ratio (PSNR) , average gradient (AG) , and edge intensity (EI). Compared with the best values in the six
metrics of 13 existing fusion algorithms, those of our method reached an average increase of 3. 03%, 1.56%, 15.89%,
7.26%, 2. 61%, and 1. 62%. The values achieved by our method in SF, PSNR, AG, and EI on the LLVIP dataset are the
best among all the values. Compared with the best values in the four aforementioned metrics of 13 existing fusion algo-
rithms, those of our method reached an average increase of 6.42 %, 0.45%, 6.47%, and 7. 23%. Moreover, the values
achieved by our method in AG and EI on the RoadScene dataset are the best among all the values. In addition, we vali-
dated the effectiveness of each component in the network through ablation experiments. In the computational efficiency
comparison experiments, the proposed method demonstrates significant advantages over most transformer-based and
Mamba-based approaches. In semantic segmentation experiments, the proposed method outperforms the second-best
approach by 0. 42% in terms of mean intersection over union (mloU) , thereby demonstrating the effectiveness of our fusion
algorithm in preserving multilevel semantic features. Conclusion In this study, we propose a Mamba-based multilevel
fusion network that integrates a hierarchical feature extraction architecture with the F-Mamba module to preserve deep
semantic features from the source images effectively while maintaining linear computational complexity. Experimental
results show that, compared with 13 existing fusion methods, the proposed approach demonstrates superior performance in
preserving fine-grained semantic features, thereby restoring target details and achieving high computational efficiency.

Key words: image fusion; multi-level; Mamba; feature aggregation; deep learning
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Fig. 1 Structure of fusion network
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Fig. 2 Schematic diagram of a bidirectional state space model
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Fig. 3 Structure of cross-level feature aggregation module
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Xeon Platinum 8457C CPU BIRE{FF- 5 58, B
YIZRR LA FCE A Adam ARALAT , W) 455 2] 5
[ 5 4 1 x 10, batch_size y 8, I3 25 80 % . i Ay
SE PP R A3 o MATLAB 2023b 7HRL3RA

X HE SRR, A SCREIRCT 13 Fh LA RS 51k
B UEAS SCOT VR BT AE  HOP R R S A
(2020) 4 Hi 89 2 T 4 Bir fin o0 7 e B9 1% 52 07 ik
FPDE (fourth-order partial differential equation) DA A&
12 B JE T UK B2 2% 2 19 J5 ¥ : GANMcC (generative
adversarial

straints) (Ma 5§ , 2020) ., TarDAL (target-aware dual

network with multiclassification con-
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BMXRE, ERiE, BFIE, HEZ, XEEX
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adversarial learning) (Liu %, 2022) . IRFS (interac-
tively reinforced fusion and saliency) (Wang 4§ ,
2023) .SwinFuse (residual swin Transformer fusion net-
work ) (Wang 4 2022) .DATFuse(dual attention trans-
former) (Tang & 2023) . CrossFuse (Li F1 Wu,2024) .
MBHFuse (multi-branch heterogeneous global and
local infrared and visible image fusion) (Sun 5% ,
2025) . U2Fusion (Xu %% ,2022) .LRRNet (representa-
tion learning guided fusion network) (1i &, 2023) .
MUFusion (general unsupervised image fusion network
based on memory unit) (Cheng %, 2023) , DDBFusion
(dual decomposition and bézier curves) (Zhang 55 ,
2025) F FusionMamba (dynamic feature enhancement
for multimodal image fusion with Mamba) (Xie % ,
2024) .

R WLTA Rl PR BT R, AR SCIE I 6 A2
BV AR bR b A7 2 B B (9 55,2023) , 73531
215 B (entropy, EN) (Roberts %5, 2008 ) | %5 [B] 55 %
(spatial frequency, SF) (Eskicioglu 1 Fisher, 1995) |
P58 ff E JE (visual information fidelity, VIF) (Han
4, 2013) (WA {5 M b (peak signal-to-noise ratio,
PSNR) . “F # B J& (average gradient, AG) (Cui % ,
2015) M1 258 % (edge intensity, E1) (Xydeas £ Petro-
vié,2000) .

EN RAE KIS A5 B 5 R, H R R
Al 45 R A 1 A SO Y B F e 5 SF R GO
(R AZ AR, R B 1y 2 P PRI 30 5 S50 L 7 A
VIF BT ARG 2R e ke Pk i ALl & R 5 TR ]
182 1] (15 B DR ELE  PSNROH T i KA 5 9 B 5
IR B A L (R e PR o A e, (B R R
FLH/N 5 AGITAS RS R AR AL O BRI R B, B
WA 5 IR 8 7 5 ELIGE 2F Sobel 5610 £ fig 12t
O3 R EUR A R AN A5 R AE 3R
2.2 XFLLRERSTHT
2.2.1 MSRSHHnEE Rl & 45 R 7

QniEl 4 FELS B, O PEAG L TE MSRS % 4
ARG TR RE A SO T M A SR AT AL G
Xt H, HH“01008N” R 1 37 5t

U 458 PEXT ELSS R T 7R , Bk FPDE \MBHFuse |
U2Fusion . LRRNet. DDBFusion S 4 30 F 4k, HoAx
SR BR BEAT RO B N AR AN T RRE . FPDE
U2Fusion Al DDBFusion J5 ¥k AR5 FE AN 2, 2 3L

W R A v X3 2 B S I B R RRAE 75 S 4
TR E . LRRNet J7v5 7E L0 AMRRAE $2 B2 i 47
FEJR BRI, N B bR AR HE B R A 8, 5L
o 25 S X LE BN R AR . (AR O T
&, MBHFuse 5 7% 3C 5 W ] W67 5 X (il 5
FEE A 3 X35 ) S B T 5 05 R — B0 R O
&, {H MBHFuse 7/E AW 46 i 2k 5| AT B 2 1 g
.

il 5 a2 M X e 45 2R B R, FPDE ., TarDAL,
IRFS. CrossFuse . MUFusion DA } FusionMamba J7 3
(R Rl A 5 SR AE 20 B bR T X 38 B 2 A R R f L B
ZLH R R KEER, ERS LB
GANMcC Fl DATFuse 7F 1% X 3 A7 75 X} L 2% A 7]
B, FECE AR A B AR Rk . BARS
B A8 It , SwinFuse . U2Fusion . LRRNet 1 DDBFusion
Tk TR EAR R AR EX I AT 41
SUHRAN 5 BAFTEA R AR B 1) 5% o MBHFuse J7
DAL ORI KIS AE AR B I 5, I 7E 4 i %
X3 A 25 A MO B RS E

MR F A 138 ER AR L, R COETE
F 4 51 5 s i S s 7 3 5 v Y R SE B AL 1Y
PR B SRMIE RS . XA LI AT 25 T A SO
HEW LT Mamba 2 )2 GURRE Al A 28 AESE | 3 5 85
2GR R A TR R AE HE T AR o S 2 R
25 (R AE 5 TR 208 FRIE A S0 5

J B VA A S ¥ 5 TR Rl Ak B
St AR SCHE I 6 TRPEAN HE AR X 13 FhX b 77 vk AR 5L
Tk AT R bR . R UBIR T &7 I 7E MSRS 4L
Pt 4 L 0 F g SR 2 B AR A 361 X it
BEAR 26 R RIUE Ry A DI (0 Y B 2 2R

R PR, AR SCHEIEAE EN SFVIF .PSNR .AG
FELX 6 WHg A _E MBS (i Rl e e it 5
SR EJE R VIF PSNR LUK S Wi G550 i 1 B 4556
HEFR bR L AR SO AR TR AR A B, &
WAL 53 BT 5 2 W et A8 A 25 SR — SR I, AR ST
PERA B I 2 2 GURRE Rl A 245 HE S0 7E (R 15
T PRS0 7 230 B 1) ] Bs) B 6% A3 A5 o) M s, 25 4
Al A EGR TR, MR T EA RO B A
ek
2.2.2  LLVIPEEERA L5208

Shy U6 IF BT 2 Rl A AR 92 AR BE A BF ST AE
LLVIP %45 5 “200292” 11901837 #5137 5 T Jig 12
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ARG ul WoBEIG FPDE GANMcC TarDAL IRFS SwinFus DATFuse

CrossFuse MBHFuse U2Fusion LRRNet MUFusion DDBFusion FusionMamba piNgvy

P4 MSRSHUH4E“00123D” il 25 AN GEXT L
Fig. 4 Visual comparison of fusion results on the MSRS dataset “00123D”

SwinFuse DATFuse

CrossFuse MBHFuse U2Fusion LRRNet MUFusion DDBFusion FusionMamba
PS5 MSRS U4 “01008N " il A 45 FARBERS HL
Fig. 5 Visual comparison of fusion results on the MSRS dataset “01008N”

&1 MSRSHEE LARMAEZNERER

Table 1 Quantitative metrics of fusion algorithms on the MSRS dataset

i EN Sk VIF PSNR/dB AG El
FPDE 5.9898 7.489 7 0.393 4 18.675 6 2.6879 28.041 1
GANMcC 6.117 3 5.6405 0.429 6 17.95217 1.994 9 21.309 7
TarDAL 6.344 3 9.8729 0.544 0 14.001 9 3.1149 32.2310
IRFS 6.484 7 9.118 2 0.6115 15.892 8 29182 30.591 1
SwinFuse 4.2335 9.4527 0.303 9 16.214 1 1.9356 20.433 6
DATFuse 6.479 6 10.916 9 0.623 9 17.457 1 3.5739 37.406 3
CrossFuse 5.0480 10.361 7 0.368 8 17.696 3 29373 31.066 1
MBHFuse 6.5356 10.896 3 0.660 7 17.746 4 3.5299 36.991 1
U2Fusion 5.0396 7.2250 0.3330 18.507 5 2.262 1 24.112 1
LRRNet 6.1915 8.454 7 0.414 7 18.3343 2.6397 28.004 4
MUFusion 5.9639 8.759 7 0.618 5 15.726 8 3.1176 34.2319
DDBFusion 5.9052 7.891 6 0.391 6 17.719 5 2.5903 26.864 1
FusionMamba 6.594 6 8.893 7 0.7310 19.775 6 3.126 8 34.2610
A 6.733 4 11.087 5 0.765 7 20.032 3 3.667 0 39.695 4

T IOHL R RIZ AR IR 2 S R Al IR Z 2R

PEXT EE L5 WAV HIBATRFIE R FE LR, HTRENE,
wmE 6 s, fE LA B bRl X B, TarDAL Fl SwinFuse 77 1 @l A G AE % 2 bR 1
GANMcC . DATFuse #1 CrossFuse J5 ¥ A= il A4 gl & 4% [ A s A R A g (e S Ko o N O 1 18
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MBHFuse Jy i 1E N YI5E R 20 4k 7 A B e 75, 52
M 058 BT i . MUFusion J7 5 R 2L AMERIE 3 BETE A
T NPT R AN 19 RRAE 2 IR RE I O . AH L
TATCIr B IRFS J5 206 o BRI, 6 T 240 19 0 3

U2Fusion

CrossFuse LRRNet

MELAZE . R4 LRRNet .DDBFusion 545 3C )5 ¥ 7E
52 S AR AR (BAR SO R e N
W) T B A ) A A S R AR A B O T R B
/fjtﬁho

DDBFusion

Fl6  LLVIPEUEA: 200292 fl & 45 SABEXT L
Fig. 6 Visual comparison of fusion results on the LLVIP dataset “200292”

&7 fr s, 208 5 B FRad X B FPDE
GANMcC . DATFuse Pk & CrossFuse J7 2 i fill 5 4%
BN N R B2 R 7 NI S (T [ SN R Y A=
TarDAL Fl SwinFuse 75 ¥ fill 5 45 S A7 7E 55 B 2K A )
L, S BUK ) R RN 0 2% 5 TR Bk R T BLAR 5 o
MUTFusion J5 15 Z A 355 B 08 B8 A, (75 A\ 9y T 3R
Jai ¥Rz 1 B G A5R . MBHFuse 77 %5 il 5 45 51 A
YA IR Bk 22 K385 AW S, AL R AR S

CrossFuse MBHFuse U2Fusion LRRNet

TIEAER XA GE R R B T AW T R4S B FIAR
YR8 A scL i LT AR08 J2 0 3 W 4015 3 T 4
ST, (el EATRARC KT i SR B
B2 , SwinFuse . DATFuse A & FusionMamba J5 7%
W EATEORE BILT 52 Bk . B2 F A
IV 2SR R LR, M TR P RS
R BRI 47 BA T B R 9
SRS M b SRR T4 F1 48

-

DDBFusion

FusionMamba AL

MUFusion

7 LLVIPEURAE 1901837 fill &5 45 RAGERXS 1L
Fig. 7 Visual comparison of fusion results on the LLVIP dataset “190183”

FE T LLVIP I 30 45 19 % 00 DT A1 45 SR n & 2 iy
MR o AR CITIETE SF . PSNR O AG FIEI |- 36 P e 42,
VIF ik B RAL K. ifi MBHFuse 59 F T il A 45
e R R L EN B R . EidE R
B UE T AR SCO7 VA RE AT R0 i H AR RRAE 0 35 R B
S T R S
2.2.3  RoadScene BHE Al & 45 K 40 H

SRy A TE VAL AR G SR R AR T AR SO

F RoadScene 4 5 1) “05548 7 #iL 7 3 Bt S 37 5
TR T 8 X bG S5y Rl % L 45 SR 1B 8 i
§% FPDE . GANMcC . U2Fusion . LRRNet & A% 3 J7 v
Hb KA e B 5 h 21 AR E X 424
B B A R e B B K LLYVE B BE IR . GANMceC 5
LRRNet il & 45 2R F5e BEAR AR, S 20 LA 7 7E
—EMRERE . FPDE 1 U2Fusion J7 3% B Rl & 25
RAA] WO R O BRE BB LLANENR S B AR
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Table 2 Quantitative metrics of fusion algorithms on the LLVIP dataset

7k EN SF VIF PSNR/dB AG El
FPDE 6.682 2 8.146 3 0.3812 17.694 1 25821 26.178 6
GANMcC 6.682 4 6.063 7 0.381 8 17.273 4 1.806 0 18.866 0
TarDAL 6.341 8 6.416 5 0.300 5 15.150 2 1.9559 20.3358
IRFS 6.9107 10.662 3 0.5130 17.208 0 27232 28.149 6
SwinFuse 6.589 7 10.499 4 0.524 9 15.165 5 2.664 1 27.3535
DATFuse 6.902 8 8.683 0 0.368 4 15.898 6 2.0417 21.0392
CrossFuse 6.759 2 12.2759 0.4218 16.836 8 3.279 8 33.576 8
MBHFuse 7.198 8 13.737 4 0.601 8 15.8397 3.7263 37.944 4
U2Fusion 6.640 3 8.389 1 0.426 8 17.4775 2.6187 27.283 6
LRRNet 6.3158 8.800 4 0.3189 17.668 1 23261 23.6570
MUFusion 6.830 1 8.926 5 0.651 0 15.190 1 3.1721 343158
DDBFusion 6.6913 9.391 4 0.389 3 17.279 4 2.689 4 26.9750
FusionMamba 7.276 6 5.2189 0.563 9 17.082 7 1.9193 21.300 3
AL 6.916 7 14.619 4 0.602 0 17.773 2 3.967 5 40.688 2

T L R R RIS 2 5 SRl AR 2R

21%1_%':’ H%I&J{% FPbE A GAMcC

|
Lo Y -

5

MUFusion

MBHFuse DDBFusion FusionMamba AL

U2Fusion LRRNet

8 RoadScene 54 “05548” Rl & 45 FAL X T [L

Fig. 8 Visual comparison of fusion results on the RoadScene dataset “05548”
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BRA RENEY Sz LRE . ST 2 DA%
AR LS B A5 53 S0 E 1 AR SCRETE RS R BE
DL , ] i A 2 B 22 A 10 HL A i A2 L fig
AR SCJifr i O £ R AU AR 1 T L T Mamba 4244 22 )2 9%
M Rl T 2R AE SR 2 i A R TSR SR A [ i 51
TR RS AR At s B2 1 SUA BB R
2.3 HELSKIG O

ATTERXT RS W 2% F-Mamba B8 22 )2 90FF
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Table 3 Quantitative metrics of fusion algorithms on the RoadScene dataset

7k EN SF VIF PSNR/dB AG EI
FPDE 6.900 0 14.218 3 0.341 4 16.342 3 5.9056 60.478 4
GANMcC 7.236 7 9.018 7 0.454 6 13.3777 3.778 4 40.446 2
TarDAL 7.257 4 10.422 6 0.4325 15.474 8 4.1679 45.023 9
IRFS 7.000 3 10.238 0 0.414 8 16.404 5 3.9000 40.978 5
SwinFuse 7.509 8 16.090 5 0.693 8 14.304 8 6.0310 63.018 8
DATFuse 6.709 8 11.394 4 0.242 1 15.7815 4.0311 41.056 4
CrossFuse 7.306 2 14.150 1 0.3152 13.491 6 5.061 8 53.1877
MBHFuse 7.068 5 16.762 8 0.3553 15.3937 5.8225 58.216 9
U2Fusion 7.2622 15.067 3 0.5500 15.769 6 6.1599 65.102 9
LRRNet 7.1315 12.373 8 0.377 4 12.187 0 4.640 0 48.657 1
MUFusion 7.340 7 13.406 1 0.754 5 14.866 6 6.093 3 66.891 5
DDBFusion 6.969 5 13.520 8 04911 14.8955 5.1556 53.3296
FusionMamba 7.0156 14.407 1 0.634 4 13.899 9 5.5771 59.843 5
AL 7.4912 15.129 7 0.519 8 14.814 4 6.378 2 68.214 0

E IR R R TR RN S R RS R

B I 9 BTSN R SR A RISIRIEE G 0)
A, B UE AL Rl 5 1 RE A DK

2 )2 901 IE R 00 45 HE 2R B 31 Rl S 58 (who
multi-level) K5 A S5 3 5 (P B A i J2 Rl & R ik
4 0 25 HE SR BEA T X LE , LUBGAIE 22 J2 2 100 2% SEAL 7 ¢
ik $ ORI R J= 18 AR B8 7 i A3 o anl&l 9 () Jir
N, SR RRUAR L, SR GURRIE RS HESE R il & 25
RENRSEREA L AL RE TR SCRFAE 2K

B UE F-Mamba #2549 5T HK , F-Mamba £ 5 (4
TH Rl S2 5 (w/o F-Mamba ) #f iz A HE He h B A= ,
TRAF I 28 TR A o AnP 9(d) B , e B Y
TELL AR XA 4019 38 I RE 1 W 0 B0 . K F-
Mamba #55R4FA 14 42 Jry S5z BT, (i FCA 410 408 25 DXk
SR TT H A T R B AR A & BUZ , i 58 1 %

: b 3

(a) LA (b) WL R

TR G AR5 15 B A R AL BE

(¢) w/o F-Mamba (d) w/o multi-level

5 2 SRR AR 3R A B 3 il S 56 (w/o CFAM)
FB I 28 B A v 5 R GURHIE SRS B, AR M 4 45
MO AN BRI 2R e AT I N 9 (e) BT
7 H T RAE S U 7 rh i = 85 2 GURAESS AL
TR G AR TPOR R 2 GO R 5 1 SRR XE L
SERFRG, MG A5 R AR LAY bR X R 4 st
PRAN AR

MR 4 Fir 7R A SOy i 51 22 2 R E
B IEZEAESE , ST IR R AR B v AR A R
P8 o I, A1 T wio multi-level £ 7Y | 5 #4451 70
{E EN \VIF Fl EIf84R B394 RIERE ST 2 EXT L
W], F-Mamba BEHRTESE THRl-5 57 128 09 [F] I, 3500
T BRI RACR o A HHES T wio CFAM 45

x L
(e) w/o CFAM

K9 IRl A SR AL X L
Fig. 9  Visual comparison of ablation experiments results

((a) infrared image; (b) visible image; (c¢) w/o F-Mambaj; (d)w/o multi-level; (e) w/o CFAM; (f) ours)
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Table 4 Quantitative metrics of ablation experiments

Jrik EN SF VIF PSNR/dB AG EI
w/o multi-level 6.078 3 10.106 1 0.652 1 14374 6 3.1592 33716 1
w/o F-Mamba 6.690 8 10.7215 0.7396 15.299 9 3.498 6 37.8703
wlo CFAM 6.607 2 10.525 1 0.707 9 18.702 4 33486 36.016 1
AL 6.733 4 11.087 5 0.765 7 20.032 3 3.6670 39.695 4

TE L R RIZ PR IR & S R e A2 2R

B R SC)T AR VIF FLAG $8 b 1 35 5274, 30iE
T B EYRER G (CFAM) TERE 6 5 38 98 A 7]
JE AR DT T AT

by it Ak F-Mamba B H 9 20320 3, A S0 i
X L L1 (base Transformer ) : AR SR AY o (1Y)
F-Mamba #3323 4 vision Transformer fi3t | 240 7F
i Y A7 5% AN E AN [R] 43 BE ki AR BT
5.1z 8 1 (floating point number operations , FLOPs ) 1
i B 15} 18] (inference time) , SC K 45 40 3% 5 Fr 7~ o
ANTR] 73 A B RS SR B, IR RS i 33 AR
SR EER . YA PR 32 x 3218 K
128 x 128 4R M, A SRR YR AU 0. 34 G
L PERE K E 5. 52 G, T base Transformer £55 55 48§24 1Y)
THE ) 52 25 380, 7 0 B Ty 128 x 128 {1 K IS
RI3K ) 20. 20 G, 40T A SCRE AU QR 31 55 5 4 A
S A PR 0 B8 i v I, AR SRS AR ) 4 L ]
S 28 | 1 base Transformer F52 B [%) #E 34} 6] < 18
K

4545 B 10 B Fil 5 45 2R 20 B, 51 A F-Mamba
e, BEBEA 5% R fif A5 48 Transformer 15551 it 43 9 -
Tr MR R A, SCRE I IR 2 A (B AL Y 7 51
AR A 5 4 Ry RRIE Y SRAE AR ), 7E 40715 SO AR
P T 1 ELAT R A

2 o B P 0 R [l B o113 V= e
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2.4 BITHRSH

h B GEVEAL T4 07 VR TGRS
H5 YT F R LLs 5 ] WG RE I EETE TR
17 (FLOPs ) f1Z 4l (parameters ) J5 T 2547 T X HL 52
%o PrAT A 7R S0 —BE 1 2158 (NVIDIA GeForce
RTX 3090 GPU) | #£47, iy AR F 512 x 512
TR

x5 ANFESIILERITESFHEERE LR
Table 5 Comparison of FLOPs and inference time

between the proposed method and baseline module

ik @i};}g FLOPs/G 43I [H]/ms
base Mamba 32x32 0.34 25.23
base Transformer 32%32 0.40 2278
base Mamba 64 X 64 1.38 25.50
base Transformer 64 x 64 3.10 26.17
base Mamba 128 x 128 5.52 26.22
base Transformer 128 x 128 20.20 55.97

W UGEEIS  base Transformer  base Mamba
(A30)

E10 A5 EET Transformer BRI F A 45 4T L

Fig. 10  Comparison of the fusion result between the proposed

AR NEES

method and module based on Transformer
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Table 6 Comparison of FLOPs and parameter for

different fusion methods

DRI FLOPs/G ZH M
GANMcC 4.48 3.91
TarDAL 77.77 0.30
IRFS 62.92 0.24
SwinFuse 176.33 0.34
DATFuse 474 0.01
CrossFuse 20.81 1.61
MBHFuse 115.69 0.30
U2Fusion 172.68 0.66
LRRNet 12.09 0.05
MUFusion 48.134 0.56
DDBFusion 967.68 3.67
FusionMamba 105.90 8.55
AR 88.27 1.11
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Visual comparison of semantic segmentation results from different fusion methods
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Table 7 Quantitative metrics of the semantic segmentation results from different fusion methods

Tk Background ~ Car  Person  Bike  Curve CarStop Guardrail  Color cone  bump mloU
FPDE 0.9852 09110 0.7355 07150 05853 0.7514  0.8137 0.6314 07176 0.7607
GANMcC 09851 09082 0.7386 0.7014 05731 0.7638  0.8447 06454 07205 0.7645
TarDAL 09852 09081 0.7438 0.7100 05730 0.7437  0.8615 0.6349 07220 0.7647
IRFS 0.9853 09111 07358 07134 05524 0.7673  0.8097 0.6579 07442 0.764 1
SwinFuse 09706 08115 04746 05368 0.1998 05318  0.6554 03841 05016 0.5629
DATFuse 09860 09131 07460 0.7128 0.6054 0.7527  0.8143 0.6611 07844 07751
CrossFuse 0.9809  0.8902 0.6684 0.6764 04155 07317  0.7629 05718 04844 0.6869
MBHFuse 09862 09154 0.7498 07164 0.6244 07656 08410 0.6638  0.7311 07771
U2Fusion 09849 09048 07436 0.7105 05470 0.7422  0.8067 0.6343 07143 07542
LRRNet 09846 09093 07099 0.6793 05067 0.7548  0.8334 0.6345 07939 0.7563
MUFusion 09850 09071 07337 0.7072 05954 0.7594  0.8340 06470  0.6785 0.760 8
DDBFusion 09845 09080 0.7248 0.7049 05346 07417  0.8589 0.6303  0.6932 0.7534
FusionMamba 09797  0.8680 0.6578 0.6425 04677 0.6575  0.8043 04745 06185 0.6856
AL 09863 09099 07451 0.7173 0.6165 07551  0.8569 06417  0.7941 0.7803
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