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Fast and Flexible Blind Deep Denoising Model with,Neise Level Estimation

YU Haiwen, YI Xinwei, XU Shaoping/, LIN Zhenyu
( School of Information Engineering,Nanchang University, Nanchang 330031, China)

[ Abstract] To improve the denoising performance of the Fast\and Fléxible Denoising Convolutional Neural Network
(FFDNet) , this paper proposes a Noise Level Estimation( NLE) model that estimates the level of noise. The estimation
result is input into the FFDNet model, and the NLE model 1s,taken as the preceding module of the FFDNet deep denoising
model to transform it into a blind denoising model{ Then the shallow convolutional neural network model is used to
separate noise signals from noisy images to obtain the, noise map,the standard deviation of which is taken as the initial
estimated value of the noise level. Considering the fact that there exists strong correlation between the initial estimated
value and ground-truths of the noise level;a Back-Propagation ( BP) neural network model is used to correct the initial
estimated value of noise level. Experimental \results show that when the proposed NLE model works with the FFDNet
model, its denoising performance is“close \to that of the FFDNet denoising model which uses the ground-truths of noise
level. For most of the noise level values, the difference of Peak Signal to Noise Ratio( PSNR) values between the two
models is within 0. 1 dB,which means the estimation results of the proposed NLE model are similar to the ground-truths
of noise level, bringing the fast,and flexible characteristics of the FFDNet model into full play.

[ Key words] fast and flexible denoising; blind denoising; Convolutional Neural Network ( CNN) ; initial estimated
value; corrected value
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Table 1 Correlation between the initial estimated noise level and the true noise level of a single image
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Cameraman 9.68 17 .56 34.81 50.70 63.32 72.82 0.996 2 1.000 0 1.000 0
Couple 7.32 16.41 35.37 52.21 65.32 74.93 0.995 0 1.000 0 1.000 0
Hill 70,29 16. 62 35.25 51.45 64.49 74.10 0.995 1 1.000 0 1.000 0
House 7.28 16.54 35.16 51.22 64.77 74. 19 0.995 3 1.000 0 1.000 0
Lena 7.07 16.43 35.25 51.58 64.65 74.27 0.994 9 1.000 0 1.000 0
Man 7238 16. 66 35.22 51.48 64.40 74.20 0.9953 1.000 0 1.000 0
Monarch 7.56 15.97 34.21 49.99 63.03 72.86 0.996 0 1.000 0 1.000 0
Peppers 8.34 16.89 34.93 51.10 63./65 73.21 0.9955 1.000 O 1.000 0
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Table 2 Correlation between the initial estimated
noise level and the true noise level of multiple
images with different noises
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Table 3 RMSE between predicted value and true value of noise level on 50 BSD images
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Fig.6 Ten representative images in BSD database
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Table 4 RMSE between predicted value and true value of noise level of each algorithm on 50 BSD images
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Table 5 /Comparison of PSNR mean values of FFDNet and BFEDNet denoising model on common image sets  dB
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Table 6 Comparison of PSNR mean values of FFDNet and BFFDNet denoising model on texture image sets dB
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