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ABSTRACT To address the challenges of multi-scene visual perception under complex and fluctuating lighting conditions, this study
proposes a novel illumination condition-adaptive granularity progressive multimodal image fusion method. Visual perception in
environments with varying lighting, such as urban areas at night or during harsh weather conditions, presents significant challenges for
traditional imaging systems. This method integrates advanced techniques to ensure robust image fusion that dynamically adapts to
different scene characteristics. First, a large model-based scene information embedding module is designed to effectively capture scene
context from the input visible light image. This module leverages a pretrained image encoder to model the scene, generating scene

vectors that are processed through various linear layers. The processed scene vectors are then progressively embedded into the fusion
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image reconstruction network, providing the fusion model with the ability to perceive scene information. This integration allows the
fusion network to adjust its behavior according to contextual lighting conditions, resulting in more accurate image fusion. To overcome
the limitations of existing feature extraction methods, an innovative feature extraction module based on state-space equations is
proposed. This module enables global feature perception with linear computational complexity, minimizing the loss of critical
information during transmission. The proposed feature extraction method enhances the visual quality of the fused images by reducing
information loss and preserving the clarity of the reconstructed images. This approach maintains visual fidelity even under challenging
lighting conditions, making it well-suited for dynamic environments. Finally, a granularity progressive fusion module is introduced. This
module first employs state-space equations to globally aggregate multimodal features, then applies a cross-modal coordinate attention
mechanism to fine-tune the aggregated features. This approach enables multi-stage fusion, from global to local granularity, enhancing the
model’s ability to integrate information across various modalities. The multistage fusion process improves the coherence and detail of the
output image, facilitating better scene interpretation and boosting model performance. During the training phase, prior knowledge is used
to generate augmented images as pseudo-labels. Homogeneous and heterogeneous loss functions are constructed based on different
environmental conditions, enabling adaptive learning. This method optimizes the performance of scene-adaptive multimodal image
fusion by adjusting the fusion model to varying illumination conditions. Experimental results demonstrate the effectiveness of the
proposed method. Extensive experiments across several benchmark datasets—including MSRS and LLVIP for dark-light scenarios, TNO
for mixed lighting conditions, RoadScene for continuous scenes, and M3FD for hazy conditions—show that the proposed method
outperforms 11 state-of-the-art algorithms in qualitative and quantitative evaluations. The method achieves superior visual effects and
higher quantitative metrics across all test scenarios, demonstrating its robustness and versatility. Furthermore, when compared with a
two-stage method, the proposed approach still outperforms it in terms of visual effects and quantitative metrics. The proposed scene-
adaptive fusion framework holds significant potential for applications in fields such as autonomous driving, military reconnaissance, and
environmental surveillance, where reliable visual perception under complex lighting conditions is essential. These results highlight the
method’s promise for real-world tasks involving dynamic lighting changes, setting a new benchmark in multimodal image fusion.
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B 2 78 MSRS BE4E FabdT @ Xt 45 3. (a) T LB EME; (b) 2040 EM%; (c) DATFuse 2 A1 1% ; (d) DenseFuse 4= i A4 F1%; () Fusion-
GAN A i L () GANMeC A i B4 (g) LRRNet A2 51 1&1#%; (h) MLFFusion 42 1 1&14%; (i) ResCCFusion A B 14 (j) RFN-Nest A 1§,
B, (k) SuperFusion A= A& (1) SwinFusion A= IR, (m) UMF-CMGR A= IR, (n) AR SO A 1R

Fig.2 Results of the qualitative comparison on the MSRS dataset: (a) the visible image; (b) the infrared image; (c) the image generated by DATFuse;

(d) the image generated by DenseFuse; () the image generated by FusionGAN; (f) the image generated by GANMCcC; (g) the image generated by
LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by REFN-Nest; (k) the image generated
by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the proposed method
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Table 1 Quantitative comparison on the MSRS datasets

Method Year SD AG EN Qabf SF
DenseFuse!” 2019 21.7389 0.7632 1.8535 5.5269 0.4382 5.6679
FusionGAN!'™ 2019 17.1449 0.4132 1.2088 5.2505 0.1382 3.8752
GANMcC!™? 2021 24.3486 0.6825 1.8351 5.8325 0.3384 52267
RFN-Nest!'”! 2021 21.5879 0.5741 1.2661 5.3887 0.2417 4.3374
SuperFusion®” 2022 32.1587 0.9169 2.5704 5.9026 0.5886 8.5035
SwinFusion!"” 2022 32.8862 0.9570 2.6751 59138 0.5806 8.7782
UMF-CMGR™! 2022 16.8892 0.3084 1.7376 5.0580 0.2320 6.0331
LRRNet?” 2023 20.3234 0.4362 1.6918 5.1835 0.3084 6.0885
DATFuse® 2023 27.0892 0.8493 2.6178 5.8089 0.5418 8.8730
ResCCFusion™” 2024 29.8823 0.9416 2.5002 5.8360 0.6294 8.3571
MLFFusion®® 2023 33.3281 0.9769 3.0618 5.8053 0.6311 9.6072
Ours 47.8841 1.2566 6.0620 7.2697 0.3043 15.6929

B3 75 TNO iRt b AT e MEXT LAY ZE 2R () AT ILOBIRIS; (b) ZLAMER: () DATFuse £ A 1R (d) DenseFuse A= LAY K& (e) Fusion-
GAN 4= i EHR; (f) GANMeC A 3 1 14 (g) LRRNet A= i E1%; (h) MLFFusion 2E s (9114 (i) ResCCFusion A2 9 EIMZ; () RFN-Nest Z: i,
I, (k) SuperFusion A= BN (1) SwinFusion AR KR, (m) UMF-CMGR A2 SR EIR; (n) 3007 LA R

Fig.3 Results of the qualitative comparison on the TNO dataset: (a) the visible image; (b) the infrared image; (c) the image generated by DATFuse;

(d) the image generated by DenseFuse; (e) the image generated by FusionGAN; (f) the image generated by GANMcC; (g) the image generated by

LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by RFN-Nest; (k) the image generated

by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the proposed method
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Table 2 Quantitative comparison on the TNO datasets

Method SD VIF AG EN Qabf SF

DenseFuse!” 34.8425 0.6630 3.5432 6.8206 0.4471 8.9475
FusionGANU' 30.7810 0.4244 2.4184 6.5572 0.2343 6.2719
GANMcC!™ 33.4233 0.5324 2.5204 6.7338 0.2787 6.1114
RFN-Nest!'”! 36.9403 0.5614 2.6541 6.9661 0.3334 5.8461
SuperFusion'” 37.0824 0.6858 3.5658 6.7629 0.4757 9.2355
SwinFusion"”! 39.7786 0.7651 42170 6.9082 0.5261 10.7610
UMF-CMGR?! 30.1167 0.5981 2.9691 6.5371 0.4114 8.1779
LRRNet?"] 40.9867 0.5636 3.7621 6.9909 0.3533 9.5100
DATFuse 28.3505 0.7301 3.6975 6.5507 0.5227 10.0466
ResCCFusion™” 40.7118 0.8277 3.8048 7.0003 0.5195 10.0035
MLFFusion®* 41.4123 0.7548 4.0195 6.9071 0.5192 10.0094
Ours 39.5807 0.6670 4.5763 6.9438 0.5265 11.9243

®
Bl 4 18 LLVIP B4R L3478 XS LI ZE L. (a) ATILOG G, (b) ZD81EI4; () DATFuse A= i) 14 (d) DenseFuse 4 i1 14 (e) Fusion-
GAN R & (f) GANMCC 2 B, (g) LRRNet A= K14 EL; (h) MLFFusion A2 A9 4 (i) ResCCFusion A2 WA B4 (j) REN-Nest 25 B
B, (k) SuperFusion A2 i A4 (1) SwinFusion 22 IR, (m) UMF-CMGR A2 I, (n) A 307 54 1R
Fig.4 Results of the qualitative comparisons on the LLVIP dataset: (a) the visible image; (b) the infrared image; (c) the image generated by DATFuse;

(d) the image generated by DenseFuse; (e) the image generated by FusionGAN; (f) the image generated by GANMcC; (g) the image generated by

LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by RFN-Nest; (k) the image generated

by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the proposed method
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Table 3 Quantitative comparison on the LLVIP datasets

Method SD VIF AG EN Qabf SF

DenseFuse!” 34.1926 0.7669 2.7220 6.8751 0.4885 9.2664
FusionGAN(' 24.8206 0.4762 1.9468 6.3083 0.2539 6.9194
GANMcC!™ 32.1132 0.6125 2.1229 6.6899 0.2972 6.8144
RFN-Nest!"! 34.6463 0.6693 2.1579 6.8624 0.3129 6.3211
SuperFusion®” 42.3495 0.8180 3.1196 7.1280 0.5281 11.1390
SwinFusion'"”! 449182 0.9324 3.9154 7.1586 0.6489 13.6233
UMF-CMGR™! 29.3794 0.5208 2.5041 6.4620 0.3473 9.9154
LRRNet?” 24.8671 0.5640 24671 6.1452 0.4242 9.1082
DATFuse® 39.8505 0.8388 3.0364 7.0820 0.5136 12.3311
ResCCFusion™” 24.8671 0.5640 2.4671 6.1452 0.4242 9.1082
MLFFusion'®" 46.5614 0.9596 4.0846 7.2267 0.6751 13.9526
Ours 43.5546 1.0832 7.5902 7.3343 0.3263 23.1897

(h)
B 5 fF M3FD $udi4E b7 @ MExt Lt OSSR (a) 7T LG EME; (b) 214N E1E; (c) DATFuse A I ML ; (d) DenseFuse A& il % ; (e) Fusion-
GAN LU P& () GANMeC ARl I (g) LRRNet A iU R (h) MLFFusion “E A9 EI5; (i) ResCCFusion 2L LAY &; (j) REN-Nest /i
HEIE; (k) SuperFusion ZE B M4 (1) SwinFusion A2 WY B (m) UMF-CMGR A= S (n) A SO AR i B 1%
Fig.5 Results of the qualitative comparisons on the M3FD dataset: (a) the visible image; (b) the infrared image; (c) the image generated by DATFuse;

(d) the image generated by DenseFuse; (e) the image generated by FusionGAN; (f) the image generated by GANMCcC; (g) the image generated by

LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by RFN-Nest; (k) the image generated

by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the proposed method
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Table 4 Quantitative comparison on the M3FD datasets

Method SD VIF AG EN Qabf SF

DenseFuse[” 26.1373 0.7985 2.3549 6.6033 0.5199 7.1329
FusionGANU' 27.8432 0.5656 2.3499 6.7448 0.3377 6.6424
GANMcC!™ 30.4889 0.5040 1.9505 6.8846 0.2841 5.5501
RFN-Nest!'”! 32.1853 0.6962 2.0794 6.9956 0.4214 5.7635
SuperFusion'” 17.7198 0.8197 2.2826 5.9919 0.5455 7.1204
SwinFusion"”! 19.0168 0.8721 2.5661 6.0927 0.5638 7.8699
UMF-CMGR?" 24.0267 0.6658 1.7974 6.5609 0.3735 5.6679
LRRNet?"] 19.4493 0.6445 2.6237 6.2279 0.4695 8.3066
DATFuse™ 13.4647 0.6995 2.5456 5.6910 0.5116 7.9709
ResCCFusion®”! 25.0947 0.6918 2.9221 6.6176 0.4440 9.0550
MLFFusion!" 17.4232 0.9546 2.5260 5.9499 0.6028 7.9004
Ours 47.0762 0.7902 5.2970 7.0008 0.3046 16.5346

()
B 6 7& RoadScene £#E4E ¥ EL H ML VAT @ MEXT LAY S5 R () AT WEIEE; (b) LL5MEE; (c) DATFuse A B AT EI%; (d) DenseFuse A A
P14 (e) FusionGAN A= & (1 P45 (f) GANMCC 2B B4 141145 (g) LRRNet 21 B 114 (h) MLFFusion £ i (14 814 (i) ResCCFusion £ i 14 141 14 ;
(j) RFN-Nest 4= A 4 (k) SuperFusion A= i EI%; (1) SwinFusion A= i E4; (m) UMF-CMGR A= i EIE; (n) AR SO A A RS

Fig.6 Results of the qualitative comparisons on the RoadScene dataset in daytime: (a) the visible image; (b) the infrared image; (c) the image generated
by DATFuse; (d) the image generated by DenseFuse; (e) the image generated by FusionGAN; (f) the image generated by GANMcC; (g) the image
generated by LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by RFN-Nest; (k) the
image generated by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the
proposed method

B 7 £ RoadScene it I B M AT RE PEXT LLIUZE SR (a) AT LGRS (b) ZLAMNEIE; (c) DATFuse A WA EIM%; (d) DenseFuse 4 LAY A
14; (e) FusionGAN A A IS (f) GANMCC A= Y 1% () LRRNet £ i i 1145 (h) MLFFusion 4= i A9 B4 ; (i) ResCCFusion A= I ) Bl 1%
(j) RFEN-Nest A= A K14 (k) SuperFusion 4= i1 EI%; (1) SwinFusion A= i1 E4; (m) UMF-CMGR A= i EIME; (n) A SO A A R

Fig.7 Results of the qualitative comparisons on theRoadScene dataset in nighttime: (a) the visible image; (b) the infrared image; (c) the image generated
by DATFuse; (d) the image generated by DenseFuse; (e) the image generated by FusionGAN; (f) the image generated by GANMcC; (g) the image
generated by LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by RFN-Nest; (k) the
image generated by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the
proposed method
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Table 5 Quantitative comparison on the RoadScene datasets

Method SD VIF AG EN Qabf SF

DenseFuse!” 41.6418 0.5663 5.1588 7.2664 0.4679 13.3948
FusionGAN(' 38.6246 0.3528 3.5230 7.0938 0.2573 9.0313
GANMcC!™ 44.3764 0.4776 4.0184 7.3113 0.3286 9.4598
RFN-Nest!'”! 45.6429 0.4871 3.7070 7.3672 0.3104 8.6350
SuperFusion®” 422997 0.5884 47654 7.0008 0.4459 13.0590
SwinFusion!'” 44,5553 0.5879 4.8509 7.0231 0.4379 12.9205
UMF-CMGR™* 35.2428 0.5478 4.6126 7.0400 0.4427 12.0836
LRRNet?” 433252 0.4882 5.0379 7.1686 0.3602 13.3470
DATFuse™ 29.9707 0.5481 4.3028 6.7718 0.4439 12.0730
ResCCFusion™” 50.5523 0.6253 5.3980 7.4612 0.4914 14.2099
MLFFusion®® 41.9363 0.6863 4.5580 7.0460 0.4614 13.0562
Ours 46.7927 0.7513 6.5371 7.3818 0.6184 17.2539

B 8 7F MSRS s 4E I Iy vk i AT 28 PEXT HL A9 453 (a) AT WOGIEIME; (b) £041MEIME; (c) DATFuse A2 A4 F1%; (d) DenseFuse A= i A9 % ;
(e) FusionGAN A i AY % () GANMC A= ) 1% (2) LRRNet A= LAY 114 (h) MLFFusion 4 B AY &% (i) ResCCFusion A= LAY &% () RFN-
Nest A=A EIER; (k) SuperFusion 4= K HEIE; (1) SwinFusion A2 B % (m) UMF-CMGR A LI EIR; (n) A8 S0 A2 B ER

Fig.8 Results of the qualitative comparisons of cascade methods on the MSRS dataset: (a) the visible image; (b) the infrared image; (c) the image

generated by DATFuse; (d) the image generated by DenseFuse; (e) the image generated by FusionGAN; (f) the image generated by GANMcC; (g) the

image generated by LRRNet; (h) the image generated by MLFFusion; (i) the image generated by ResCCFusion; (j) the image generated by RFN-Nest;

(k) the image generated by SuperFusion; (1) the image generated by SwinFusion; (m) the image generated by UMF-CMGR; (n) the image generated by the

proposed method

A ZE kT X e 5 AN A S B B B o B SR A
Yo, 1kl A 2% ek e o s B b s f B, AT
SHCRE R T R A 1S R T g . 45
i T B AR A R, AR ST VR ) 3 B A
EHf, BGRLE 85, a8 R . 32 7
S BT G R 1 9 Rl S 0 1) A B N L 2
AR, R AT BB, G A8 T
I FETERE, B A7 A5 Bl R A EUE .

AR LI R AR 4 B 43 2 ik IR A s ) Oy R
P8t o T E B AR SCHT £ YRR AIE 4 B B 2L
PLT A 1Y 3 AR AE 52 BU AR Transformer F11 CNN,
AR SO REAE $ OIS H B 43t I J T ml S g
PEXF HC A5 RN 10 Frzs. FET CNN A ERIE 32 B

He o kA5 4 R 0 A B AZ 6. g, AT 2 Rl A
BIR ) B AR 25 44 {5 8 38 25 . 2 T Transformer (52
SRR T A SCR L ROR , B2 A S5 v
V1) 3 R S0 B4 i) 25 B I A5 TG B, GIE S5 T AR SC T
P& B R AIE $5 OB AR R Al 5 A 55 vh R UL T30
AT ROCR . 2 8 % 8 PEFE A 40 B 4 R X
VLI T R SCRRAE 4 BOBE B i A3 8501k, 56T CNN
FIEE T Transformer A FRRAE £ U AR LE, A% SCHT 42
A RFAIE SR BUBR 72 SD. VIF, AG, EN #lI SF Z 1
FEARIXT L B S T R AR R AKF
210 ETXRS SN ZHEMEER

JT $ A5 A0 B 25 SR BRI BR T, TEAN TR 1 3
st N R AR DIfE, X &R T H 72T CLIP



TRERLF2ER, 26 47 5, 5 x

6 £ MSRS Hullaf I H I E IR AT LL

Table 6 Comparison of quantitative metrics for cascade methods on the MSRS dataset

Method SD VIF AG EN Qabf SF

DenseFuse!” 36.3769 1.0095 3.5126 5.9035 0.5453 9.6305
FusionGANU' 26.7274 0.5313 2.1367 6.1548 0.2406 6.2425
GANMcC!™ 39.6900 0.8603 3.3213 6.7057 0.4334 8.4948
RFN-Nest!'"” 36.1940 0.7463 2.2290 6.3065 0.3672 6.8413
SuperFusion'” 45.4127 1.0689 4.3345 6.7453 0.4551 11.9034
SwinFusion"”! 46.5278 1.0874 4.4845 6.7618 0.4247 12.3741
UMF-CMGR?! 25.1042 0.3768 3.1528 6.0111 0.3112 9.1723
LRRNet?"] 31.5402 0.5071 3.0804 5.5901 0.3694 9.8270
DATFuse™ 39.3817 1.0232 4.4120 6.2832 0.3636 13.0349
MLFFusion®” 457913 1.0994 5.2045 6.6393 0.3541 13.8107
ResCCFusion"! 43.7759 1.2038 4.3400 6.2440 0.4877 12.3908
Ours 47.8841 1.2566 6.0620 7.2697 0.3043 15.6929
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Fig.9 Visual contrast rendering of the module ablation experiment: (a)the visible light image; (b) the infrared image; (c) the fused image generated after

removing the granularity-progressive fusion module; (d) the fused image generated after removing the scene information perception module; (e) the fused

image generated by the proposed method.
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Table 7 Quantitative comparison of module ablation experiments.

Method SD VIF EN Qabf SF
A 46.3691 1.2097 5.0382 7.1851 0.2812 13.716
B 34.8423 0.9917 3.5474 6.4095 0.5463 10.105
Ours 47.8841 1.2566 6.0620 7.2697 0.3043 15.6929

Notes: A represents the network with the granularity-progressive fusion module removed, and B represents the network with the scene information

perception module removed
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Fig.10 Visual comparison of the effect of the feature extraction module ablation experiment: (a) the visible image; (b) the infrared image; (c) the fused

image generated by the CNN framework; (d) the fused image generated by the Transformer framework; (e) the fused image generated by the proposed

method.
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Table 8 Quantitative comparison of feature extraction module ablation experiments

Feature Extraction SD VIF AG EN Qabf SF
CNN based method 45.1432 1.2545 5.0845 7.2445 0.2967 13.781
Transformer based method 46.7344 1.0864 5.4136 7.1731 0.3065 14.441
Ours 47.8841 1.2566 6.0620 7.2697 0.3043 15.6929
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Fig.11 Fusion results under different boot statements: (a) the visible image, (b) the infrared image, (c) the fusion Image 1, and (d) the fusion Image 2
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Table 9 Analysing the efficiency of the model on the Nvidia3090

Method Model Size Flops/GB Test time/s
DenseFuse!” 1.02 59.24 0.05
FusionGAN!"*! 7.24 39.91 0.08
GANMcC!™ 1.09 93.36 0.05
RFN-Nest!!"! 28.70 102.64 0.06
SuperFusion'! 22.40 76.67 0.04
SwinFusion"”! 5271 398.32 0.73
UMF-CMGR?* 7.22 193.24 0.01
LRRNet?” 0.21 40.05 0.07
DATFuse™ 0.07 21.66 0.02
MLFFusion'”! 4.52 53.21 0.04
ResCCFusion™! 0.87 102.62 0.06
Ours 104.58 185.2 0.35
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