%58 % 45 17 S-S D | A = SO SO Vol. 58 No.5
2026451 JOURNAL OF HARBIN INSTITUTE OF TECHNOLOGY May 2026

NEINEY BERSEREIENNSREE GBS MNE

AR EAE 2R XA B #
(1. 2ZMASERE BT 5E B TR, 220 7300702, 22 M K2 (& BRE S TR, 22 M 730000)

& E. At ERY A A A E AR R A S P DLE BN B R KT 3 Ak 2 et REAE Y 0T S A ) R TR AN D) R, AR A B
T—HAANET HERE5BEERINESBESEGREMNEL, 88, WIHIN4 AL ZERREG AR ARREES,
MBEBRNNE DS AL HREERE, NGRS I B FE R LR R T — A Bt iy [T R R B 5 ok & R T 45
FEMFREXGER , RAEAERRE S B AT T EEE, LHAMNFAENF EES ;% F, A R-Transformer ¥t 38 47 4
MEEE ARMENLR-RH R EE IR LA ERM#A UARAECLEE EVRAEENRAAG, &
MSRS ,RoadScene 2 Harvard Z M3t 45 % FW LR EFW SHFREGRRATAHE PO HEARKEN T E T ML, A X
TR T R E AT RAEAT T RAT 5.11% ~15.93% . AX F F LR AT RER BN EM T ESRGRYEETTA®K TH
W77 A AR, SR EEMLETRG R MEEY RO IR TH A AR ES,

KR, SEAEGRS T HEA TSR TABEI B EEIEIRAET, F XEFH

FESHES. TP391 SERAREAD: A TEHS: 0367 - 6234(2026)05 - 0033 - 12

Dynamic gating diffusion denoising and cross-layer attention-based
multimodal image fusion network
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Abstract; To address the challenges that denoising diffusion models struggle to adapt to varying noise levels and
conventional residual blocks have limited feature selection capability in image fusion tasks, this paper constructs a
multimodal image fusion network integrating dynamic gating diffusion denoising and cross-layer attention. Firstly,
four groups of expert convolution kernels are designed and incorporated into the dynamic feature extractor module.
The optimal convolution kernels are dynamically assembled based on input content, enabling adaptive processing of
input features. Secondly, an improved gated feature selection module is proposed to generate gating signals that
suppress irrelevant information, enhance the model’ s diffusion denoising capability under different noise levels,
and achieve precise feature control. Finally, R-Transformer blocks are adopted for feature adjustment. A global-
local spatial attention module is constructed to realize cross-layer feature fusion, thereby generating fused images
with rich texture information and high color fidelity. Experimental results on the MSRS, RoadScene, and Harvard
datasets demonstrate that compared with 9 representative state-of-the-art methods in the field of image fusion in
recent years, the proposed method achieves an average improvement of 5. 11% to 15. 93% across 7 objective
evaluation metrics. The proposed method outperforms other counterparts in texture detail preservation and
anatomical structure integrity maintenance, conforms to human visual perception characteristics, and can effectively
handle multimodal image fusion tasks in scenarios such as various lighting environments and medical image
diagnosis.
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Fig.1 General network framework diagram
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Fig.2 Internal architecture of the dynamic gated diffusion denoising module
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Tab.1 Quantitative comparison of different fusion algorithms on the MSRS dataset
RN EN M1 SSIM PSNR SF QAVF ce
SeAFusion ] 7.065 4 4.358 8 0.6310 21.205 4 13.032 7 0.6550 0.984 2
MUFusion'?"] 5.408 1 1.562°5 0.588 7 16.167 0 11.212 7 0.383 0 0.765 3
U2Fusion! 2! 5.6290 1.9325 0.596 0 17.011 9 9.367 5 0.3262 0.7339
DDFM '] 6.667 0 2.900 3 0.6363 17.460 0 9.030 1 0.4349 0.952 6
MetaFusion' 6.652 0 1.690 9 0.5333 15.698 4 13.249 6 0.353 1 0.879 2
GIFusion' 2] 6.756 0 2.760 9 0.653 7 17.617 3 12.156 6 0.602 8 0.9535
BTSFusion ! 6.734 17 2.372 8 0.5855 17.128 3 13.950 4 0.500 1 0.926 0
SDCFusion 2 7.090 3 4.2370 0.629 7 21.013 3 13.565 7 0.6450 0.982 3
MLFuse!?"] 6.740 6 3.1318 0.637 8 18.269 1 12.071 9 0.560 9 0.970 0
Ours 7.078 7 4.5821 0.6411 21.550 2 13.642 9 0.655 2 0.984 4
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Fig. 6  Qualitative comparison of different fusion algorithms on the Harvard dataset
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Tab.2  Quantitative comparison of different fusion algorithms on the Harvard dataset
ik EN MI SSIM PSNR SF el ce

MUFusion'?! 5.068 5 2.498 5 0.515 8 14.801 9 37.006 1 0.1512 0.850 1
U2Fusion %! 4.690 5 2.4533 0.188 7 15.247 0 33.2895 0.167 2 0.8310
SwinFusion! '/ 5.064 8 2.896 6 0.5810 13.645 1 46.276 1 0.304 0 0.7852
DDFM['] 4.4108 2.760 0 0.642 8 15.200 7 36.875 3 0.257 5 0.767 8
MetaFusion' > 4.3187 2.165 8 0.6317 15.170 5 30.272 4 0.138 4 0.836 7
GIFusion ") 5.2839 2.3170 0.5525 15.724 7 45.6517 0.316 6 0.711 8
TarDAL] 5.242 9 2.003 9 0.2315 8.3390 39.3821 0.101 2 0.834 9
SDCFusion! 5.3435 2.9885 0.3533 13.418 9 56.909 5 0.3130 0.816 1
MLFuse ?"] 4.950 4 2.672 4 0.390 6 14.320 2 40.101 5 0.205 2 0.850 1
Ours 5.268 3 3.0223 0.646 5 15.2859 56.192 3 0.3196 0.8519
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Fig.7  Qualitative comparison of different fusion algorithms on the RoadScene dataset
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Tab.3  Quantitative comparison of different fusion algorithms on the RoadScene dataset

Rk EN MI SSIM PSNR SF QA cc
SeAFusion!?! 7.433 1 3.1210 0.650 0 14.059 8 18.485 9 0.118 0 0.661 3
MUFusion!?'! 7.438 0 2.096 0 0.609 4 15.602 8 13.211 7 0.120 0 0.416 0
U2Fusion ] 7.009 7 2.8825 0.694 3 15.982 3 13.762 4 0.106 9 0.3825
DDFM!) 7.299 8 1.936 2 0.327 8 13.698 3 13.071 6 0.067 5 0.484 6
MetaFusion! 2 7.179 6 2.154 4 0.564 1 12.866 0 21.212 1 0.113 1 0.666 9
GlFusion!?*] 7.222 4 1.863 4 0.338 1 14.953 5 16.585 9 0.064 3 0.3479
BTSFusion % 7.300 7 2.237 6 0.608 3 15.735 0 22.758 9 0.092 6 0.612 3
SDCFusion! 2 7.362 9 2.7277 0.655 4 15.420 0 18.001 6 0.1220 0.661 4
MLFuse 2! 7.274 0 3.010 2 0.6855 15.364 7 15.270 6 0.116 5 0.629 0
Ours 7.426 6 3.667 8 0.738 1 15.801 9 17.725 6 0.124 1 0.690 1
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Fig. 8 Qualitative comparison of six different network structures in ablation experiments
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Tab.4  Objective evaluation metrics for six different network structures in ablation experiments

TR EN MI SSIM PSNR SF QMF CC
DFE + GCFS 3.592 6 2.107 1 0.745 6 15.802 1 47.258 7 0.296 3 0.8120
DFE + GLSA 3.2205 1.970 1 0.748 2 16.451 2 44.973 5 0.275 1 0.887 8
GCFS + GLSA 3.404 5 2.073 2 0.530 2 15.468 1 46.8410 0.267 0 0.816 1
DFE_3 3.384 5 2.068 4 0.764 0 16.113 9 51.178 4 0.2510 0.8725
DFE_5 3.1727 1.9859 0.756 8 16.344 0 45.1278 0.294 4 0.878 7
ALL 3.6747 2.436 4 0.756 6 15.221 1 45.890 4 0.297 7 0.8914
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