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Infrared image enhancement algorithm based on
iteration deep convolution network
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Abstract; Since the existing image enhancement model based on the deep network directly learns the mapping rela-
tionship between the degraded image and the clear image ,and ignores the constraint of the fidelity term in the observa-
tion model , the reconstructed image has false texture and loss of details. This paper proposes an improved deep network
for infrared image enhancement, which embeds the denoising network module into an iterative-based enhancement
task,and achieves data consistency constraint by interleaving and optimizing the denoising auto-encoder module and
the back projection module. Our proposed deep network can not only use the deep feature to describe the priori infor-
mation, but also use the consistency priori of the observation model. The experimental results show that the proposed
algorithm can achieve very competitive reconstruction results in image denoising and deblurring tasks,and can also a-
chieve clear reconstruction results in low-contrast areas such as point object.
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Fig. 1 Model framework for image enhancement
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Fig. 2 Deep Network for image enhancement
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Fig. 3 Feature codec
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Fig. 4. Comparison of denoising performance of different algorithms
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Tab. 1 Comparison of PSNR and SSIM in some test images
BM3D EPLL TNRD MemNet DnCNNs Proposed
Image | o
PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
5 37.06 0.944 38.11 0.964 38.33 0.965 38.48 0.975 36.61 0.951 38.51 0.966
10 33.16 0.928 34.42 0.934 34.97 0.942 34.97 0.947 33.03 0.920 34.93 0.951
1 20 30.26 0.867 30. 81 0.881 31.74 0.923 31.57 0.932 29.05 0.851 31.59 0.939
25 29.08 0.825 29.58 0.850 30.72 0.887 30.47 0.889 27.27 0.804 30.51 0.892
50 25.66 0.671 25.58 0.713 27.23 0.794 27.06 0.842 23.20 0.672 27.18 0.855
5 35.15 0.965 36.66 0.987 36.59 0.987 36.70 0.987 35.85 0.985 36.71 0.988
10 30.99 0.948 32.42 0.968 32.43 0.968 32.57 0.975 31.55 0.964 32.62 0.979
2 20 27.25 0.889 28.45 0.922 28.87 0.929 28.78 0.934 28.14 0.924 28.87 0.933
25 26. 14 0.859 27.25 0.898 27.70 0.911 27.62 0.918 26.99 0.903 27.78 0.919
50 22.96 0.712 23.25 0.775 24.53 0.830 24.25 0.835 22.34 0.778 24.55 0.838
5 37.94 0.914 38.62 0.946 38.71 0.944 38.69 0.958 37.61 0.928 38.71 0.951
10 34.36 0.901 35.51 0.910 35.94 0.916 35.83 0.927 35.12 0.902 35.88 0.916
3 20 31.61 0.837 32.38 0.863 33.07 0.877 32.90 0.895 32.37 0. 864 32.97 0.892
25 30.36 0.790 31.36 0.843 32.08 0.861 31.87 0.875 31.34 0.840 31.93 0.883
50 27.32 0.674 27.75 0.761 29.05 0.799 28.87 0.826 25.15 0.552 28.81 0.801
5 37.01 0.895 37.50 0.951 37.80 0.954 37.89 0.985 36.24 0.937 37.86 0.984
10 33.11 0.873 33.55 0.900 33.94 0.907 34.06 0.908 33.09 0.887 33.97 0.918
4 20 29.72 0.784 30.05 0.815 30.54 0.833 30.64 0.824 30.12 0.817 30.70 0.843
25 28.38 0.724 29.08 0.779 29.62 0. 805 29.63 0.814 29.22 0.789 29.59 0.814
50 25.33 0.597 26.08 0.663 26.81 0.705 26.69 0.728 24.38 0.561 26.91 0.707
5 36.75 0.895 37.30 0.950 37.49 0.951 37.45 0.965 35.89 0.923 37.59 0.952
10 32.90 0.877 33.48 0.897 34.02 0.909 33.98 0.924 33.08 0.890 34.11 0.929
5 20 29.01 0.787 30.02 0.815 30.76 0.848 30.69 0.850 29.92 0.819 30.97 0.858
25 27.99 0.745 28.88 0.779 29.72 0.820 29.61 0.823 29.02 0.793 29.81 0.838
50 24.58 0.566 25.29 0.632 26.46 0.706 26.30 0.706 23.20 0.562 26.39 0.715
k2 FHARFTHEMRE
Tab. 2 Enhancement quality under nonuniform noise
BM3D EPLL TNRD MemNet DnCNNs Proposed

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM
36.28 0.904 37.01 0.921 37.31 0.935 37.68 0.935 37.61 0.931 38.01 0.970
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Fig. 6 Comparison of blur image
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Tab.3 Average PSNR and SSIM in different debluring algorithm

EPLL IDD - BM3D NCSR MemNet Proposed
Type

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Gaussian Kernel 25.78 0. 804 29.79 0.861 29.72 0.875 30.68 0. 881 31.11 0.900
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