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A Restormer-based fusion method with detail compensation for infrared
and visible images

YANG Yanchun, LI Jialong

(School of Electronic and Information Engineering, Lanzhou Jiaotong University, Lanzhou 730070, China)

Abstract ; To enhance the quality and information integrity of fused images and tackle issues like inadequate feature
extraction, insufficient texture details, and loss of global contextual information in infrared and visible images
fusion, a fusion and decomposition network architecture for infrared and visible images is proposed. Firstly, a
parallel structure of Restormer and Res2Net is utilized. Multiple deep convolutional heads with transposed attention
mechanisms and multi-scale residual connections are employed to collaboratively capture the global contextual
information and local detail features. Secondly, an invertible neural network with affine coupling structure is
adopted to divide the shallow-level features of infrared and visible images into two parts, using alternating coupling
transformations to achieve lossless feature preservation. Then, the reconstruction module generates high-quality
fused images through concatenation and convolution operations. Finally, the decomposition network reverses the
fusion image into source images by minimizing the decomposition loss function. Experimental results show that on
the RoadScene dataset, the objective and subjective results of this method surpass most comparative methods.
Specifically, compared to other methods, the standard deviation improves by an average of 8. 5% , the difference
correlation coefficient by 23.1% , the average gradient by 49. 0% , and the spatial frequency by 56. 1% . On the
MSRS dataset, the proposed method outperforms SDCFusion method by 1. 4% in standard deviation, 0.4% in
visual information fidelity, 0. 6% in average gradient, 4.3% in difference correlation coefficient, and 3.4% in
spatial frequency. The proposed method shows significant advantages in improving the quality of fused images,
preserving texture details, and retaining global information.
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Fig. 1 Multi-dconv head transposed attention
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Fig.2 Gated dconv feed-forward network
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Fig.9 Subjective experimental results on the MSRS dataset
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1 MSRS B4 20 AREERFHE
Tab.1 Mean of 20 sets of fusion results on the MSRS dataset

Methods Dy Fy, G, Dgc 0 AB/F Fy
DenseFuse 8.024 4 0.683 8 2.428 9 1.269 9 0.369 8 0.027 5
FusionGAN 6.164 9 0.459 8 1.630 8 0.997 0 0.1226 0.018 6

IFCNN 8.5559 0.8229 4.5316 1.584 6 0.626 7 0.053 1

PMGI 8.1017 0.6356 3.3373 1.3516 0.414 3 0.036 1
SDNet 5.988 6 0.396 5 2.7425 0.956 2 0.3214 0.034 4
RFN-Nest 6.456 3 0.8813 1.5897 0.457 5 0.242' 1 0.017 5

U2Fusion 7.3526 0.597 8 2.492 3 1.362 1 0.3328 0.029 1
SeAFusion 8.978 9 0.904 8 4.4473 1.674 5 0.691 7 0.0515
SDCFusion 8.866 5 0.993 7 4.662 4 1.635 4 0.657 3 0.053 3

Ours 8.988 3 0.998 1 4.690 1 1.705 1 0.684 5 0.054 1
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Fig. 10  Plot of the six metrics analyzed for the 20 images on the MSRS dataset
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Tab.2 Mean of 20 sets of fusion results on the RoadScene dataset
Methods Dg Fy G, Dy QAT Fq

DenseFuse 9.3335 0.642 9 3.266 3 1.561 9 0.375 1 0.033 5
FusionGAN 10.287 9 0.578 1 3.507 6 1.3779 0.269 1 0.035 8
IFCNN 10.340 3 0.713 5 5.654 7 1.3407 0.478 3 0.061 3
PMGI 9.8539 0.774 9 4.6258 1.3149 0.400 2 0.044 8
SDNet 9.841 6 0.698 9 5.1023 1.457 4 0.464 5 0.050 7
RFN-Nest 10.370 4 0.776 5 4.563 1 1.051 2 0.502 9 0.0429
U2Fusion 9.872'5 0.704 1 4.069 8 1.6552 0.3723 0.034 1
SeAFusion 10.629 1 0.714 4 6.966 3 1.612 1 0.568 4 0.061 6
SDCFusion 10.823 2 0.8117 6.754 5 1.573 8 0.468 7 0.068 3
Ours 10.995 3 0.808 6 6.968 2 1.740 4 0.532 4 0.070 6
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Fig. 12 Plot of the six metrics analyzed for the 20 images on the RoadScene dataset
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Fig. 13 Results of ablation experiments
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Tab.3 Quantitative analysis of ablation experiments Tab.4 Average running time of different methods s
Different Modules Ey Sy Methods Iysrs L RoadScene
Restormer 5.8535 0.698 5 DenseFuse 0.033 8 0.020 8
Res2 Net 5.452 8 0.672 3 FusionGAN 1.788 2 1.093 9
Restormer + Res2Net 6.0117 0.711 6 IFCNN 0.1405 0.0234
PMGI 0.518 6 0.2314
Restormer + Res2Net + DN 6.485 1 0.742 17
SDNet 0.181 2 0.093 7
Res r + Res2N DC 6.528 5 0.767 5
estormer + ResZRet + RFN-Nest 0.1379 0.029 6
Ours 6.7298 0.7984 U2Fusion 0.4756 0.059 6
S = A SeAFusi 0.168 8 0.046 2
3.6 ETHEILAH oAFusion
N — N S SDCFusi 0.191 6 0.050 5
2% 4 RSN 7 7E MSRS F1 RoadScene % peen
Ours 0.163 2 0.041 3
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