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Attentional residual dense connection fusion network for
infrared and visible image fusion

Chen Guangqiu Wen Qizhang Yin Wenqging Duan Jin Huang Dandan
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Abstract: In order to solve the problems in the current infrared and visible image fusion algorithm, such as missing scene detail
information, unclear target region detail information and unnatural fusion image, an attentional residual dense fusion network
( ARDFusion) for infrared and visible image fusion is proposed. The whole architecture of this paper is an auto-encoder network. First,
the encoder with the largest pooling layer is used to extract multi-scale features of the source image, then the attention residual dense
fusion network is used to fuse the feature maps of multiple scales. The residual dense blocks in the network can continuously store
features and maximize the retention of feature information at each layer. The attention mechanism can highlight target information and
obtain more detailed information related to the target and scene. Finally, the fused features are input into the decoder and reconstructed
through upsampling and convolutional layers to obtain the fused image. This article proposes an attention residual dense fusion network
for infrared and visible image fusion. The experimental results show that compared to other typical fusion algorithms in existing literature,
it has better fusion performance, can better preserve the spectral characteristics in visible images, and has significant infrared targets. It
has achieved good fusion performance in both subjective and objective evaluations.
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Table 1 Objective evaluation index of Camp image fusion

ik M1 SCD VIF FMI MS-SSIM SSIM
GTF 2.050 7 0.969 6 0.399 4 0.884 4 0.784 3 0.434 8
IMSVD 1.541 7 1.477 4 0.397 2 0.874 3 0. 868 7 0.505 2
DenseFuse 1.612 4 1.484 0 0.449 0 0.882 4 0.8700 0.539 4
FusionGAN 2.1317 1.137 8 0. 3532 0.878 0 0.668 7 0.363 4
PMGI 2.1127 1.791 7 0.491 3 0.870 2 0.872 6 0.530 7
RFN-Nest 1.717 2 1.888 9 0.493 9 0.888 6 0.924 2 0.471 2
SDNet 1.950 4 1.565 3 0.443 4 0.870 2 0.856 5 0.519 2
AL 2.140 1 1.8997 0.524 4 0.888 7 0.9337 0.553 5
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Table 2 Objective evaluation of Camp image fusion

Tk MI SCD VIF FMI MS-SSIM SSIM
GTF 2.619 4 1.099 8 0.497 7 0.908 1 0.784 3 0.404 1
IMSVD 1.2313 1.9359 0.348 6 0.883 0 0.868 7 0.479 7
DenseFuse 1.3275 1.937 7 0.437 0 0. 886 2 0.870 0 0.554 7
FusionGAN 2.5879 1.889 2 0.370 7 0.888 4 0. 668 7 0.342 3
PMGI 1.916 5 1.9823 0.518 2 0.889 2 0.872 6 0.510 7
RFN-Nest 1.641 7 1.980 1 0.582 1 0.897 5 0.924 2 0.419 7
SDNet 2.476 8 1.726 0 0.452 1 0.891 4 0.856 5 0.478 1
AL 2.628 1 1.9831 0.591 4 0.9159 0.9337 0.556 9
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Table 3 Objective evaluation of Helicopter image fusion

J7 MI SCD VIF FMI MS-SSIM SSIM
GTF 0. 860 6 1. 106 6 0.477 3 0.840 6 0.824 7 0.4309
IMSVD 1.042 6 1.652 8 0.357 4 0.837 6 0. 866 9 0.5459
DenseFuse 1.125 4 1.647 4 0.395 6 0.841 4 0.848 5 0.556 6
FusionGAN 1.249 4 1.454 5 0.246 0 0.8333 0.558 7 0.302 2
PMGI 1.062 9 1.863 3 0.374 7 0.833 8 0.857 4 0.548 5
RFN-Nest 1.195 6 1.918 2 0.476 7 0.8539 0.949 7 0.4915
SDNet 0.895 8 1.640 3 0.3339 0.829 6 0.803 7 0.552 2
AL 1.617 9 1.9357 0.505 3 0.854 6 0.968 8 0.578 4
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Fig. 12 Objective evaluation of ten pairs of image fusion algorithms
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Fig. 13 Ablation experimental image fusion results
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Table 4 Objective evaluation of ablation experimental image fusion

B. Buis MI SCD VIF FMI MS-SSIM SSIM
0.1 2.420 5 1.632 6 0.482 7 0.930 1 0.870 8 0.470 2
0.1 2 2.2211 1.399 2 0.554 0 0.938 8 0.787 0 0.544 9
2.3179 1.417 7 0.653 8 0.939 9 0.870 9 0.5117
6 2.597 2 1.370 1 0.618 1 0.943 4 0.870 5 0.5105
0.1 2.346 5 1.4337 0.528 7 0.933 1 0.8232 0.5452
) 2 2.268 3 1.8350 0.564 2 0.912 4 0. 898 6 0.5395
2.670 6 1.820 8 0.613 2 0.9215 0.916 9 0.526 8
6 2.3203 1.793 1 0.6525 0.922 6 0.927 8 0.554 0
0.1 2.180 3 1.2825 0.5397 0.9330 0.780 0 0.484 5
2.258 7 1.721 9 0.573 2 0.923 3 0.921 6 0.537 4
4 2.279 6 1.828 8 0.588 0 0.924 1 0.9157 0.543 2
6 2.6817 1.8353 0. 668 9 0.946 2 0.933 4 0.560 7
0.1 2.194 2 1.798 7 0.550 2 0.934 4 0.829 5 0.5352
2 2.529 4 1.756 3 0.571 0 0.928 1 0.926 3 0.542 6
6 2.149 6 1.719 3 0.537 8 0.9313 0.913 4 0.5237
6 2.2619 1.777 5 0.581 1 0.926 7 0.882 8 0.538 2
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