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Motivation Framework
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(1) We propose a unified framework for degraded multi-modal image restoration and | “#* ;GDQ aIv)i- B 1) =
fusion, which bridges different tasks together through a two-stage training strategy to learn . . > Pixel
inter-task information while avoiding mutual interference, enabling all-in-one processing. Restoration Loss: Pixel Loss:
(2) We propose the task-aware gating and multi-expert collaboration module. The | L., = |[Iy — I}/| + || I; — If]. Lpiza = |[Ir — Ij|| + || IF — If|.
degradation-aware gating adapts to different degradation types and selects the optimal
expert group for image restoration, while the fusion-aware gating dynamically balances |» Gradiant Loss: > Gradiant Loss and intensity Loss:
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(3) We construct a large-scale degraded multi-modal image fusion benchmark, DeMMI-RF, | (1) ()| fsobel ;) I+ fsobettry) Un)
which contains more than 30,000 multi-modal data of different degradation types, |5 stage 1 Loss: > Stage 2 Loss:
including those from UAVs and driving viewpoints. Results on multiple datasets validate r _r r r
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the superior performance of the model in complex degraded scenarios and robustness for
downstream applications.

Experimental Results
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Fusion result when visible images suffering from haze
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‘Qualitative results on EMS dataset
Comparison of average quantitative performance of single task
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: : : DENSEFUSE (L1 & WU, 2018) 05185 00923 295794 0.0863 0.2291] 0.5018 0.1090 289558 0.0715 0.3313
SWINFUSE (WANG ET AL, 20228) | 0.5279 (0.0928 295190 0O.1180 0.2418 0.5002  0.1717 251347 0.1176 .1396
CDDFUSE (ZHAOD ET AL., 20234) | 0.5286 00787 29.58441 0.1116 0.2359 05005 0.1120 288962 0.0933 0.3197
SEAFUSION (TANG ET AL, 2022a) | 0.5288 00904 295892 01170 0.2265 0.5013 0.1115 28.9057 0.0874 0.3187
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Qualitative results on DeMMI-RF datasets
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Quantitative comparisons
on multi degradations

multi-tasks(noise+haze+defocusblur+stripe)
Ce MSE PSNR Nobs MS-SSIM
DenseFuse [4] 0.5225 0.0950 29.2285  0.1240 0.1740
SwinFuse [33] 0.5075 0.0940 29.4485  0.1010 0.2540
CDDFuse [3] 0.5225 0.0880 29.4665 0.1330 0.1790
SeAFusion [6] 0.5220 0.0940 29.2615 0.1240 0.1640
MGDN [29] 0.5200  0.0790 29.6820 0.1570 0.1750
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