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Abstract

denoising method based on convolutional neural network is proposed. The batch normalization is introduced to the

In order to improve the visual quality of low-dose computed tomography (CT) images, an image

network, and the mapping function between low-dose CT images and their corresponding noise images is learned.
The dilated convolution is used to expand the receptive field without increasing the complexity. Besides, the feature
maps from the front and back layers are concatenated, and all the feature maps of convolution layers ahead can be
used as the input of a subsequent convolution layer. It encourages the reuse of feature maps in the network. The
experimental results show that the proposed network architecture achieves better denoising performance and sharply

reduces the network complexity when compared with the state-of-the-art method at present. So, it can quickly and

significantly improve the visual quality of low-dose CT images.
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Fig. 1 Schematic of the network
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Fig. 2 Schematic of dilated convolution. (a) Step size is 1; (b) step size is 2; (c) step size is 3
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Fig. 3 Testing images
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Fig. 4 Denoising results comparison images. (a) Original CT image; (b) low-dose CT image;

(¢) RED-CNN; (d) proposed network
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Fig. 5 Fig. 4(a) enlargement of the box region. (a) Original CT image; (b) low-dose CT image;
(¢) RED-CNN; (d) proposed network
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Table 1 Objective indexes of all the testing images

Serial Proposed
rumber Index Low-dose RED-CNN network
PSNR /dB  26.27 32.35 32.73
) SSIM 0.8209 0.9378 0.9378
RMSE 0.0486 0.0241 0.0231
PSNR /dB  27.49 32.59 32.34
@ SSIM 0.8461 0.9573 0.9536
RMSE 0.0422 0.0235 0.0241
PSNR /dB  30.43 35.75 36.28
® SSIM 0.9065 0.9621 0.9630
RMSE 0.0301 0.0163 0.0153
PSNR /dB  24.72 31.65 33.19
@ SSIM 0.7711 0.9184 0.9199
RMSE 0.0581 0.0261 0.0219
PSNR /dB  22.00 27.07 28.80
® SSIM 0.7252 0.8922 0.8968
RMSE 0.0794 0.0443 0.0363
PSNR /dB  20.82 26.72 28.16
© SSIM 0.6995 0.8950 0.8975
RMSE 0.0909 0.0461 0.0391
PSNR /dB  29.30 36.85 36.69
@ SSIM 0.8843 0.9660 0.9653
RMSE 0.0343 0.0144 0.0146
PSNR /dB  29.78 35.51 35.29
SSIM 0.9191 0.9707 0.9695
RMSE 0.0324 0.0168 0.0172
PSNR /dB  27.59 37.75 37.53
©) SSIM 0.8337 0.9618 0.9605
RMSE 0.0417 0.0130 0.0133
PSNR /dB  27.27 32.37 33.53
) SSIM 0.8607 0.9341 0.9348
RMSE 0.0433 0.0241 0.0211
PSNR /dB  26.57 32.86 33.45
Average SSIM 0.8267 0.9395 0.9399
RMSE 0.0501 0.0249 0.0226
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Table 2 Comparision of complexity

Proposed
Item RED-CNN
network
Complexity 1848000 216864
Time consumption (CPU) /s 12.472 3.908
Time consumption (GPU) /s 0.180 0.061
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Table 3 Comparision of different network structures

Without BN Without Without

dilated

Structure
Default

o and residual concatenating
description

learning ~ feature maps convolution
PSNR /dB 33.45 32.84 33.33 33.24
SSIM 0.9399 0.9369 0.9382 0.9373
RMSE 0.0226 0.0245 0.0229 0.0231

WAh, B T 5 8 ConvBlock 38 Conv-BN-
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J5i 19544 PSNR,SSIM Fil RMSE {81} ¥4 45 5 »
HAg g L g 4 Pin,

% 4 4 ConvBlock f & AR 4 %4 Conv-BN-RelLU Hif
X 22 W R B )
Table 4 Impact on denoising performance when each

ConvBlock contains different numbers of Conv-BN-RelLU

Numbers of Conv-BN-RelLU contained in

Structure each ConvBlock
description
1 2 3
PSNR /dB 33.27 33.45 33.33
SSIM 0.9290 0.9399 0.9397
RMSE 0.0230 0.0226 0.0229
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