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High Noise Image Denoising Algorithm Based on Deep Learning

GAI Shan? BAO Zhong-Yun?

Abstract In order to perform image denoising in high-noise environment more effectively, a high-noise image denoising
algorithm based on deep learning is proposed in this paper. Firstly, the proposed algorithm utilized increased expanded
convolutional and combined the batch normalization and Leaky ReLU function to extract and learn for the features
of noisy image. Secondly, the extracted feature via the decreased expansion convolution and ReLU function for image
reconstruction. Finally, the effective separation of image and noise is realized by end-to-end network of integrating the
residual learning and batch standardization. The experimental results illustrated that the proposed algorithm removed the
image noise more effectively and obtain higher peak signal-to-noise ratio (PSNR) and structural similarity index (SSIM)
under high noise environment. In addition, the proposed algorithm also significantly improved the visual effects of images,

and had a good practicality.
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Fig.2 The training convergence graph of different network
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Table 1  The PSNR value using different denoising algorithms at the BSD68 data set (dB)
o BM3D WNNM MLP TNRD DnCNN EPLL CSF 5 o MR AR TR [N P A 2
15 31.07 31.37 - 31.42 31.73 31.21 31.24 31.94 31.85
25 28.57 28.83 28.96 28.92 29.23 28.68 28.74 29.46 29.38
40 26.22 26.33 - 26.49 26.88 26.26 26.30 27.11 27.06
50 25.62 25.87 26.03 25.97 26.23 25.67 — 26.48 26.47
60 23.18 - 23.55 23.43 23.73 23.24 23.27 24.01 24.06
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Table 2 The SSIM value using different denoising algorithms at the BSD68 data set
o BM3D WNNM MLP TNRD DnCNN RV AT 2
15 0.8772 0.8774 0.8792 0.8826 0.8826 0.8831 0.8827
25 0.8017 0.8019 0.8120 0.8157 0.8190 0.8193 0.8190
40 0.7223 0.7237 0.7294 0.7310 0.7322 0.7334 0.7331
50 0.6869 0.6871 0.6956 0.7029 0.7076 0.7102 0.7100
60 0.6521 0.6544 0.6643 0.6712 0.6745 0.6796 0.6799

(a) &% (PSNR = 14.76 dB) (b) BM3D (PSNR = 26.21 dB)
(b) BM3D (PSNR = 26.21 dB)

(a) Noisy Image
(PSNR = 14.76 dB)

() TNRD (PSNR = 26.59 dB)
(f) TNRD (PSNR = 26.59 dB)

() MLP (PSNR = 26.54 dB)
(g) MLP (PSNR = 26.54 dB)

(c) EPLL (PSNR = 26.30 dB)
{c) EPLL (PSNR = 26.30 dB)

(h) DnCNN (PSNR = 26.90 dB)
(h) DnCNN (PSNR = 26.90 dB)

(d) CSF (PSNR = 26.43 dB)
{d) CSF (PSNR = 26.43 dB)

(¢) WNNM (PSNR = 26.51 dB)
() WNNM (PSNR = 26.51 dB)

(1) AR3CT7i% (PSNR =26.98) () E mi e (PSNR = 26.92 dB)
(i) Proposed method (j) Blind Gaussian noise
(PSNR = 26.98) (PSNR =26.92 dB)

B3 AR R M50 lighthouse B AWM L

Fig.3 Comparison of denoising effects of lighthouse with different denoising methods
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(a) W% (PSNR =15.14 dB)  {b) BM3D (PSNR = 25.90 dB) () EPLL (PSNR = 25.98 dB) (d) CSF {PSNR = 26.08 dB) (¢) WNNM (PSNR = 26.14 dB)
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(f) TNRD (PSNR = 26.16 dB) (2) MLP (PSNR = 26.12 dB) (h) DnCNN (PSNR =26.48 dB) (i) A3CJ7i% (PSNR =26.67 dB)  (j) & =ik (PSNR = 26.63 dB)
(f) TNRD (PSNR = 26.16 dB) {g) MLP (PSNR = 26.12 dB) (h) DnCNN (PSNR = 26.48 dB) (i) Proposed method (j) Blind Gaussian noise
(PSNR =26.67 dB) (PSNR =26.63 dB)
Bl 4 ORI E B0 butterfly )25 BECR T L]
Fig.4 Comparison of denoising effects of butterfly with different denoising methods

3 AFEGIR/ NI R A M2 AT I ] K (o = 25) (s)

Table 3  The running time of test images denoising with different size (o = 25) (s)

Efg N (18%) it BM3D WNNM TNRD MLP EPLL CSF DnCNN  HEEMersiil R s

256 x 256 CPU/GPU  0.65 203.1 0.45/0.010 1.42 254 2.11/- 0.74/0.014 0.68/0.016 0.97/0.020
512 x 512 CPU/GPU  2.85 773.2 1.33/0.032 5.51 455 5.67/0.92 3.41/0.051 2.98/0.072 3.68/0.083
1024 x 1024 CPU/GPU 11.89 2536.4 4.61/0.116 19.4 422.1 40.8/1.72 12.1/0.200 10.7/0.160 13.7/0.173

EMEPERERIGCR. it Bk RSB R, & M.
SCHY S A A R A% T M S PR R 7 AR AT R
$7 25 M 45 SR 22 i 7 % BM3DI . TNRDIY
WNNME22  MLPII . DnCNNI4 | EPLL2
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