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Multi-network Joint Infrared and Visible Image Fusion Algorithm
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ABSTRACT: The work aims to propose a multi-network joint infrared and visible image fusion algorithm, for the pur-
pose of solving the problem of fusion image distortion and insufficient fusion of visible light image information in the fu-
sion process of infrared and visible light images. Firstly, the inputted infrared and visible images were extracted by the
encoder based on dense residual connection. Then, the fusion strategy was used to fuse the obtained feature map. Finally,
the fused feature map was sent to the decoder based on GAN network. By optimizing the adversarial training with the
visible light image, the fused image retained more details and background information of the visible image, and enhanced
the visual effect of the image. Experiments show that, compared with the existing fusion algorithm, the proposed algo-
rithm achieves better experimental results and has better expressiveness in subjective perception and objective evaluation.
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Tab.1 Fig.1 data results under six algorithms

1 2 3
EN MI  SSIM MS_SSIM QAB/F EN MI SSIM MS_SSIM QAB/F EN MI SSIMMS_SSIM QAB/F
CBF 6.703 13.24 0.499 0.699  0.451 6.960 13.61 0.457 0.513  0.302 6.78113.550.649 0.733  0.389
GTF 6.621 13.41 0.617 0.895  0.393 7.57513.920.661 0.827  0.316 6.96513.920.701 0.798  0.314
5.932 11.87 0.662 0.874  0.301 6.50213.000.702 0.875  0.323 6.60913.200.735 0.881  0.388
CNN  6.030 12.06 0.670 0.904  0.503 7.036 14.06 0.661 0.924  0.476 6.70313.400.735 0.898  0.386
DeepFuse 6.364 12.73 0.673 0.917  0.572 6.741 13.48 0.717  0.941 0.499 7.05414.100.772 0.929  0.494
6.289 13.15 0.682 0.957  0.606 7.023 14.050.725 0.938  0.518 6.99013.960.787 0.940  0.556
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