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Low Dose CT Image Processing Based on Dynamic Controllable Residual Convolution Neural Network
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Abstract; Aiming at the problem of image noise and artifact interference caused by the low-dose scanning method in
Computed Tomography ( CT), especially the large difference in noise and artifact intensity in different parts, a
convolutional neural network algorithm based on dynamic controllable residual (DC-ResNet) was proposed. The main idea
of DC-ResNet is to add an image quality-guided control variable to the regular residual network connection to allow a
weighted sum of residuals to be obtained, thereby achieving dynamic controllability of residual features. The designed DC-
ResNet network was a combined structure including two sub-networks: one was the basic sub-network as the backbone
network, in which the global dynamic residual block and the local dynamic residual block were used to achieve the
improvement of low-dose CT image quality; the other was a conditional sub-network, as an auxiliary network, which was
used to generate the weights of different dynamically controllable residual blocks in the base subnet and assist the learning
of the base subnet. Through the experimental verification of Mayo and UIH data, the visual results showed that the noise
and artifacts of the processed CT images in different parts were well suppressed, and the structural details and tissue
texture were effectively preserved. The quantification results showed that the peak-signal to noise ratio ( PSNR) and
structural similarity (SSIM) of the processed CT images were better than those of the comparison methods.
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Fig. 1 LDCT images of different body parts for the same dose
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Fig. 4 Processing results of Mayo LDCT images of cross—sections of lung,abdomen,and crotch
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Fig. 5 Processing results of Mayo LDCT images in sagittal and coronal planes

(a) LDCT (b) NLM (c) BM3D (d) RED-CNN (e) DC—ResNet
6 Mayo LDCT BG4 EERMEERE
Fig. 6 The difference images relative to the reference image ( RDCT FBP image) for Mayo LDCT images
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Table 1 Quantitative results associated with different

methods for the images in the Mayo testing dataset

LDCT NLM BM3D RED-CNN DC-ResNet

Rpsyr 38.053 5 39.966 8 41.219 8 41.959 0 43.468 0

JE3R
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Ry 0.7585 0.8610 0.8808 0.8022 0.9140
" Roo 37.9397 41.382 6 42.161 7 42.3276  44.111 3
Rgy 0.8298 0.9122 0.9191 0.9276 0.9477
Rosy 38.080 2 40.946 5 42.200 6 42.3319  43.729 5
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Ry 0.8305 0.9084 0.9191 0.9275 0.944 1
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Fig.7 Processing results of UIH LDCT images of cross—sections of shoulder,chest,and abdomen
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Fig. 8 Processing results of UIH LDCT images in sagittal and coronal planes
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Fig. 9 The difference images relative to the reference image (RDCT FBP) for UIH LDCT images
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Table 2 Quantitative results associated with different methods
for the images in the UIH testing dataset

LDCT NLM  BM3D RED-CNN DC-ResNet

syt Roon 34.195835.023 1 35.7137 38.938 5 37.654 5
Ry 0.8222 0.8581 0.86259 0.9107  0.894 1

. Rygn 42.048 8 43.833 6 44.5525 45.257 8 45.8552
Rey 0.9302 0.9553 0.9618 0.96933 0.970 9

W Roon 40.798 4 43.272°9 44.057 6 44.874 7 45.413 1
*F Rgy 0.8884 0.9218 0.9395 0.9503 0.962 1
sk Rogwn 41.322643.2236 44.0123 44.779 7  45.165 2

Ray 0.9086 0.9312 0.9485 0.9586 0.955 1
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Table 3 Comparison of training parameters and time

associated with different numbers of local dynamic
controllable residual block network models
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Fig. 10 Quantitative comparison of LDCT image processing
results under the number of different locally dynamically
controllable residual block N
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Table 4 Influence of dynamic controllable residual blocks on

network model performance
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