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Encoder-decoder with residual connection for infrared image denoising
LUO Yihang, WU Tianhao, LI Boyang, LI Miao, LING Qiang, WU lJing

( College of Electronic Science and Technology, National University of Defense Technology, Changsha 410073, China)

[ Abstract] Infrared imaging application scenarios make infrared imaging equipment iteratively slow and need to work for a long
time. As the use time of the imaging equipment increases, the noise intensity will change. An infrared imaging system consists of
multiple parts, each of which has a different form of noise. In order to solve the problem of large variation in noise intensity and many
distribution types in infrared images, this paper proposes an encoder—decoder with residual connection for infrared image denoising
model (EDR-IRDn). By analyzing the internal noise characteristics of infrared images, infrared noise image sets with various noise
distribution types and different intensities are established. On the basis of the encoder—decoder structure, deep convolution is used as a
feature extraction module to enhance the nonlinear mapping ability. At the same time, in order to make up for the detailed information
of the infrared image lost in the encoding, residual connections are established between the feature maps of the encoder and the
decoder. In this way, the feature information is supplemented at multiple scales and the details (i.e., edge textures) are enhanced. The
experimental results show that the proposed method is significantly better than many traditional noise reduction algorithms in terms of
reconstruction ability and robustness. The encoder—decoder with residual connection for infrared image denoising model has the ability
to remove multiple types of high—level noise interference and improves the quality of infrared images.
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Fig. 1 Flow chart of the infrared and electro — optical passive

system information acquisition
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Fig. 2 Direct mapping and residual structure
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Fig. 3 Overall architecture of infrared image denoising model (EDR-IRDn) based on encoder—decoder with residual connection
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Tab. 1 Average PSNR of each method by using test data in group A

Dataset WNNM K-SVD BM3D EDR-IRDn
A, 50.23 47.43 52.45 80.23
A, 51.20 47.20 52.61 79.08
Ay 24.26 17.89 23.41 70.77
A 41.90 37.51 42.82 76.69
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Tab. 2 Average SSIM of each method by using test data in group A
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Ay 0.18 0.11 0.32 0.78
A 0.33 0.39 0.55 0.86
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Tab. 3 Average PSNR of each method by using test data in group B

Dataset WNNM K-SVD BM3D EDR-IRDn
B, 45.75 30.43 48.48 76.27
B, 47.22 37.20 53.61 78.90
B, 44.26 27.84 48.12 74.78
B 45.74 31.82 50.07 76.65
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