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ABSTRACT

Infrared imaging systems are widely used in surveillance and various other applications due to their ability
to measure thermal information, which provides insights not visible with a visible light camera. However, due
to the characteristics of the sensor, specific directional stripe noise can occur. Therefore, it is necessary to
remove this type of noise. In this paper, we propose an effective method for removing this specific stripe
noise by using a network structure that applies Haar Wavelet transformation and incorporates the MPRNet
structure, known for its effectiveness in deep learning-based image restoration. The main contributions of our
proposed method are as follows: First, We utilize Wavelet transformation taking into account the characteristics
of stripe pattern noise. Second, We introduce an outstanding single-stage deep learning network for image
restoration. Finally, We employ a loss function that considers the properties of Wavelet-transformed images.
The proposed network demonstrates superior performance in removing stripe noise from images compared to
existing methods both qualitatively and quantitatively.
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Fig. 1. Infrared image stripe pattern noise
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Table 2. The results of proposed Network
Stripe noise Guided Filter SNRCNN SNRWDNN MPRNet Proposed
standard deviation PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM PSNR/SSIM
0.05 28.79/0.8085 28.83/0.8205 33.47/0.9678 30.88/0.9346 37.60/0.9910
0.1 21.33/0.4926 23.05/0.5660 30.01/0.9495 27.83/0.8776 34.97/0.9877
0.15 17.67/0.3376 19.19/0.3899 25.94/0.8480 25.96/0.8047 32.25/0.9825
0.2 15.04/0.2409 16.22/0.2736 20.90/0.6516 23.67/0.7382 30.03/0.9768
0.25 13.20/0.1850 14.19/0.2069 17.44/0.4554 22.38/0.6771 29.05/0.9705
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Fig. 5. The comparison of results of stripe noise removal(0=0.1). (a) Original, (b) Noisy, (c) MPRNet, (d) SNRWDNN, (e)
Proposed
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Fig. 6. The comparison of results of stripe noise removal(0=0.2). (a) Original, (b) Noisy, (c) MPRNet, (d) SNRWDNN, (e)
Proposed
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Fig. 7. The result of stripe noise removal. (a) Noisy image, (b) Proposed
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