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Objective The study aims to investigate the effects of different adaptive statistical iterative
reconstruction-V (ASiR-V) and convolution kernel parameters on stability of CT auto-segmentation
which is based on deep learning. Method Twenty patients who have received pelvic radiotherapy were
selected and different reconstruction parameters were used to establish CT images dataset. Then
structures including three soft tissue organs (bladder, bowelbag, small intestine) and five bone organs
(left and right femoral head, left and right femur, pelvic) were segmented automatically by deep learning
neural network. Performance was evaluated by dice similarity coefficient (DSC) and Hausdorff
distance, using filter back projection(FBP) as the reference. Results Auto-segmentation of deep
learning is greatly affected by ASIR-V, but less affected by convolution kernel, especially in soft tissues.
Conclusion The stability of auto-segmentation is affected by parameter selection of reconstruction
algorithm. In practical application, it is necessary to find a balance between image quality and
segmentation quality, or improve segmentation network to enhance the stability of auto-segmentation.
CT reconstruction algorithm, ASiR-V, convolution kernel, auto-segmentation
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Fig.1 Comparison of three iterative reconstruction algorithms models
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Tab.1 DSC of auto-segmentation results between nine
reconstruction algorithms and FBP

A

BB

DSC

30%

60%

90%

B e

Stnd

0.978+0.026

0.965+0.031

0.955+0.035

Soft

0.973+0.026

0.963+0.031

0.956+0.034

Detail

0.976+0.028

0.967+0.031

0.960+0.034

/N

Stnd

0.953+0.061

0.919+0.072

0.909+0.061

Soft

0.9224+0.071

0.913+0.072

0.907+0.061

Detail

0.967+0.015

0.929+0.072

0.924+0.060

Stnd

0.994+0.006

0.989+0.007

0.985+0.008

Soft

0.989+0.007

0.985+0.008

0.982+0.009

Detail

0.994+0.006

0.992+0.006

0.98940.007

Stnd

0.986+0.019

0.97940.020

0.975+0.021

Soft

0.979+0.020

0.973+0.022

0.969+0.024

Detail

0.986+0.019

0.984+0.190

0.982+0.019

Stnd

0.9874+0.017

0.982+4+0.018

0.985+0.017

Soft

0.983+0.017

0.979£0.017

0.9754+0.019

Detail

0.987+0.017

0.985+0.018

0.982+0.018

ZEREE

Stnd

0.996+0.005

0.994+0.005

0.992+0.005

Soft

0.989+0.005

0.988+0.005

0.986+0.005

Detail

0.995+0.005

0.994+0.005

0.992+0.005

Stnd

0.995+0.009

0.993+0.009

0.992+0.009

Soft

0.988+0.009

0.987+0.009

0.986+0.009

Detail

0.982+0.061

0.981+0.061

0.978+0.062

Stnd

0.994+0.008

0.991+0.008

0.988+0.008

Soft

0.989+0.009

0.988+0.009

0.986+40.009

Detail

0.994+0.008

0.992+0.008

0.990+0.008

(b) 90%ASiR-V+Soft

2 DLYEA RS R @ AACTIE 4 Y
HEhrEIZ2R (F—JZH)D

Fig.2 Difference of auto-segmentation on CT images with different

iterative reconstruction algorithms by neural

network (on the same layer)
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H4xStndF

ANIEASIR-V

Y2 _—.:,; \
?‘ I

2 JURNE A H 3 B S5 RS FBP R B
H 3043 #145 % e Hausdor i 25

Tab.2 HD of auto-segmentation results between nine
reconstruction algorithms and FBP

95% Hausdorff J}i 2§/mm

CORNELa 30% ASIR-V|60% ASiR-V|90% ASiR-V
Stnd | 1.30+0.73 | 4.46+10.44 | 4.91+9.39

fEME | Soft | 1.59+1.22 | 2.36+1.65 | 2.97+1.93
Detail | 1.41+1.30 | 2.12+1.73 | 2.89+1.96

Stnd | 9.25+29.76 [17.23+33.46( 15.81+29.48

N7 Soft [15.094+33.83[17.814+33.19{15.39+28.96
Detail | 2.544+3.74 [15.53+33.21|13.13+29.16

Stnd | 045+0.62 | 1.2840.98 | 1.79+1.26

f54% | Soft | 1.14+0.49 | 1.62+1.06 | 1.96+1.27
Detail | 0.49+0.59 | 0.83+0.78 | 1.56+0.97

Stnd | 0.35+0.61 | 1.13+1.25 | 1.544+1.23
ZEREE K] Soft | 1.16+1.26 | 1.67+1.50 | 2.17+2.45
Detail | 0.35+0.61 | 0.52+0.65 | 0.63+0.77

Stnd | 0.40+0.94 | 1.01+1.68 | 1.12+0.83

F L] Soft | 0.79+0.89 | 1.09+0.74 | 1.16+0.70
Detail | 0.50+0.94 | 0.82+1.73 | 0.96+1.69

Stnd 0.00 0.10+0.30 | 0.20+0.40

ZifeE | Soft | 0.2940.46 | 0.594+0.49 | 0.78+0.40
Detail 0.00 0.05+0.22 | 1.2040.40

Stnd | 4.05+18.11 [ 4.10+18.10 | 4.10+18.10

FIEE | Soft [ 4.20+18.08 | 4.29+18.06 | 4.39+18.04
Detail 0.00 0.00 0.054+0.22

Stnd 0.00 0.05+0.22 | 0.34+0.57

BA | Soft | 0.05+0.22 | 0.34+0.48 | 0.59+0.58
Detail 0.00 0.05+0.22 | 0.054+0.22
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