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Multiplicative Denoising Method Based on Deep Residual Learning
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Abstract Image denoising is the most basic problem and a key technology in digital image processing, which has
always been difficult in the field of image processing. The quality of image denoising directly affects the follow-up
image processing, such as image edge detection, feature extraction, image segmentation, and pattern recognition.
In order to effectively remove the influence of multiplicative noise, we propose a denoising method based on deep
residual learning, which solves the problem that the gradient gradually disappears when the number of convolutional
neural network's layers increases by residual optimization. By comparing with four classical denoising algorithms,
we make the conclusions that the proposed method can not only effectively remove the multiplicative noise, but also
preserve the edge of the image and the detail information of the texture area, which will lay the foundation for image
segmentation, registration, object recognition, and so on.

Key words image processing; deep residual learning; convolutional neural network; multiplicative noise; denoising
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Fig. 4 Results of different methods for test images under the same noise level. (a) Noise images; (b) Lee method;

(¢) Frost method; (d) BM3D method; (e) NL method; (f) CNN method
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Fig. 5 Detail comparison of different denoising methods.

(a) Lee method; (b) Frost method; (¢) BM3D method; (d) NL method; (e) CNN method

21 IR OK T S TR L M (R B9 PSNR Feo AR F AR B R SSIM
Table 1 PSNR of different methods for test images Table 2 SSIM of different methods for test images
under the same noise level dB under the same noise level
Image Lee Frost  BM3D NL CNN Image Lee Frost  BM3D NL CNN

Lena 26.40 25.14 20.88 28.22 30.59 Lena 0.647 0.496 0.401 0.733 0.846
Baboon 23.21 22.35 20.54 22.33 26.06 Baboon 0.564 0.483 0.517 0.451 0.756
Barbara 23.57 23.20 21.66 23.16 28.45 Barbara 0.600 0.510 0.559 0.587 0.855

Boats 25.40 24.14 20.32 25.50 28.65 Boats 0.634 0.510 0.424 0.647 0.784
Peppers 25.97 24.87 20.87 28.45 30.14 Peppers 0.642 0.471 0.416 0.731 0.804
Satellite 25.58 23.62 20.06 25.83 28.38 Satellite 0.572 0.425 0.344 0.572 0.719
Average 25.02 23.89 20.72 25.58 28.71 Average 0.610 0.482 0.444 0.620 0.794

before
denoising

after
denoising

Bl 6 AS[a) M K 4 1F TR CNIN 7 ik 1 2 M 2
(a) 6°=0.02;(b) 6*=0.04;(c) 6*=0.06;3(d) 6°=0.08;(e) 6°=0.1
Fig. 6 Denoising results of CNN method under different noise levels. (a) ¢*=0.02; (b) ¢°=0.04;
(¢) 6°=0.06; (d) 6°=0.08; (e) 6°=0.1
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Table 3 PSNR of different methods Table 4 SSIM of different methods
under different noise levels dB under different noise levels
Noise Noise
) Lee Frost  BM3D NL CNN ) Lee Frost  BM3D NL CNN
image image
c?=0.02 27.71 27.58 25.00 28.95 32.99 6?=0.02  0.736 0.602 0.558 0.779 0.882
6’ =0.04 26.36 25.08 20.87 28.19 30.66 6’ =0.04 0.643 0.495 0.401 0.730 0.843
¢?=0.06  25.37 23.60 18.85 27.53 29.25 ¢?=0.06  0.583 0.432 0.332 0.692 0.817
6°=0.08 24.55 22.52 17.51 26.97 28.19 ¢?=0.08 0.540 0.391 0.284 0.662 0.795
¢?=0.10 24.00 21.62 16.48 26.42 27.18 ¢?=0.10 0.501 0.357 0.245 0.633 0.774
Average 25.60 24.08 19.74 27.61 29.65 Average 0.601 0.455 0.364 0.699 0.822
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