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Image denoising based on local path feature
in formation neural network

WANG Hui', FENG Jin-shun'*, CHENG Zhen-xing*

(1. Normal College, Nanyang Institute of Technology, Nanyang 473000, China ;
2. School of Mathematics and Statistics, Xi’an Jiao Tong University , Xi’an 710049 China)

Abstract: Image denoising aims to reduce or eliminate the effects of noise on images. This process of-
ten has the loss of high frequency information. In order to protect the edge information and texture de-
tails of the image while removing image noise, a convolution neural network which can connect image
local path information is proposed. After training, the network can directly denoise the noisy image
without preprocessing the image. The neural network proposed in this paper consists of three parts,
feature extraction layer, information connection blocks and information reconstruction layer. The in-
formation connection blocks are key part of the network, and the mixed feature information of the lo-
cal long path and the local short path is extracted through residual learning. The experimental results
show that the image processed by this algorithm has a significant improvement on the reference image
quality evaluation index PSNR and SSIM, the maximum PSNR can reach 34.87 dB, SSIM can reach
more than 0.87, and the image quality evaluation index BRISQUE and NIQE without reference have a

W fs HH5:2019-05-09; 1&1T H#A : 2019-10-27.
* M8 & N, E-mail : nylis@163.com



%1 TR TR AR BRI 5 R 2 0 4 1 PR L 71

significant decline. The algorithm in this paper has a relatively good effect on different levels and dif-

ferent kinds of algorithms, and its performance is better than the general algorithm. It has a certain

practical value in denoising work.

Key words: image denoising; convolutional neural network; information connection blocks; enhance-

ment unit
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Tab.2 Experimental results comparison of 6 algorithms

(6=25)
Method  PSNR/dB  SSIM  BRISQUE NIQE
BM3D 32.08 0.860 1 28.05 4.57
CNC 31.00 0.841 9 46.28 7.08
NLM 29.72 0.747 3 49.84 6.73
DnCNN 32.42 0.874 0 28.93 5.03
TWSC 32.22 0.865 7 30.30 5.33
AL 33.04 0.879 2 29.91 4.48

*R 3 Peppers B 6 FHEELWE R (6=25)

Tab.3 Experimental results comparison of 6 algorithms

(6=25)

Method ~ PSNR/dB ~ SSIM  BRISQUE NIQE
BM3D 32.03 0.831 3 35.82 5.70
CNC 31.00 0.817 0 57.19 3.88
NLM 29.27 0.738 9 38.81 7.79

DnCNN 30.84 0.849 5 33.35 6.21
TWSC 32.09 0.834 1 38.47 6.62

AL 34.87 0.877 6 34.85 5.40
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Tab.4 Experimental results comparison of 6 algorithms
(6=50)

Method PSNR/dB SSIM  BRISQUE NIQE
BM3D 29.05 0.798 8 28.60 5.32
CNC 27.80 0.773 9 63.70 9.53
NLM 25.42 0.517 6 51.11 9.58

DnCNN 29.38 0.773 4 33.08 6.34
TWSC 29.07 0.801 8 35.24 6.87

A S 29.86 0.788 9 31.20 5.41

R 5 Peppers B 6 FE XL LRI (6=50)
Tab.5

Experimental results comparison of 6 algorithms

(6=50)

Method ~ PSNR/dB  SSIM  BRISQUE NIQE
BM3D 29.27 0.781 8 40.80 5.50
CNC 28.10 0.764 7 60.08 11.32
NLM 24.98 0.519 8 40.19 9.81

DnCNN 27.39 0.799 5 39.08 5.94
TWSC 29.38 0.788 1 40.41 6.89

NS @ RS 29.75 0.799 1 36.97 5.60
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Tab.6 Experimental results of the proposed method on the image with Poisson or salt & pepper noises

W A 1R EL AN

g i 14
PSNR/dB SSIM BRISQUE NIQE PSNR/dB SSIM BRISQUE NIQE
Cameraman 27.41 0.644 8 41.22 8.66 33.90 0.930 0 5.99 2.58
Poisson
Man 28.62 0.789 8 21.67 5.59 33.05 0.907 7 8.66 6.46
Parrot 17.02 0.373 2 79.61 29.89 39.70 0.993 5 5.51 3.88

Salt&.pepper
Starfish 17.30 0.438 1 73.65 34.03 45.00 0.997 1 4.98 4.67
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Fig.8. Experimental results of the proposed method on the image with natural noise
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