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Pseudo-color infrared and visible image fusion based on attention-
dense network

Qi Jianhuan Ni Bo Zhou Xiaoyan Ni Haibin Yang Lingsheng Chang Jianhua
(School of Electronic and Information Engineering, Nanjing University of Information Science and Technology,

Nanjing 210044, China)

Abstract: Current infrared and visible image fusion algorithms often suffer from issues such as unclear texture details in
the fused image and an unbalanced display of infrared information and texture details. In this paper, we propose an image
fusion method of pseudo-color infrared and visible images based on attention-dense network. The greyscale infrared
image is first processed in pseudo-color and then combined with the colored visible image to form a multi-channel data
input fusion network. Secondly, a generator network structure consisting of convolutional layers and densely connected
blocks with attention modules is designed to focus on the key information of the source image and enhance the ability of
the network to extract information from the source image. Finally, the content loss function is constructed by using
infrared pixels, visible pixels, visible gradient and infrared gradient to keep the stability of infrared target and texture
details in the fused image. Qualitative and quantitative comparisons are made with five representative fusion methods.
The results show that the peak signal-to-noise ratio, information entropy, average gradient, and mutual information of
the fused images obtained by this method achieve the optimal values of 31.684 1, 6.558 1, 6.009 6, and 3.096 0,
respectively. The quantitative and qualitative results demonstrate that the proposed fusion method results in a fused
image with richer texture details and good visual effects.
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Table 1 Mean values of image metrics for different fusion algorithms

Sk SSIM PSNR EN SF AG MI
FusionGAN 0.817 5 29. 802 4 6.053 9 15.747 8 5.684 1 2.530 4
DenseFuse 0.852 4 30.717 6 6.388 8 11. 880 5 5.229 0 2.792 9
DDcGAN 0.841 2 30.739 9 6.395 4 11. 436 5 4.962 0 2.812 5
AttentionFGAN 0.856 5 30. 648 4 6.361 4 12.996 4 5.318 5 2.804 9
TarDal 0.8559 30.761 7 6.442 4 11.092 8 4.968 0 2.663 5
VNS 0.830 5 31.684 1 6.558 1 13.894 8 6.009 6 3.096 0
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Table 2 Mean values of image metrics for the two image processing methods
Tk SSIM PSNR EN SF AG MI
Original 0. 855 6 30.193 9 6.351 8 11. 600 9 5.203 8 2.866 5
AR 0.830 5 31.684 1 6.558 1 13.894 8 6.009 6 3.096 0
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Table 3 Mean values of image metrics for different fusion algorithms
S SSIM PSNR EN SF AG Ml
A 0.845 1 30.617 3 6.387 8 12.811 3 5.774 2 2.580 1
B 0.837 5 30.553 3 6.415 3 12. 588 9 5.514 0 2.630 0
C 0.782 6 30.672 1 6.253 9 9.846 8 4.353 1 2.805 5
AL 0.830 5 31.684 1 6.558 1 13.894 8 6.009 6 3.096 0
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