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radiotherapy by registration-based deep learning method
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Improving auto-segmentation accuracy for online magnetic resonance imaging-guided prostate
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Abstract: Objective To improve the performance of auto-segmentation of prostate target area and organs-at-risk in online

magnetic resonance image and enhance the efficiency of magnetic resonance imaging-guided adaptive radiotherapy

cancer.

(MRIgART) for prostate cancer. Methods A retrospective study was conducted on 40 patients who underwent MRIgART for
MR-input deep learning (SIDL) method. Results The overall accuracy of the proposed method for auto-segmentation was

prostate cancer, including 25 in the training set, 5 in the validation set, and 10 in the test set. The planning CT images and
corresponding contours, along with online MR images, were registered and input into a deep learning network for online MR

image auto-segmentation. The proposed method was compared with deformable image registration (DIR) method and single-

learning; auto-segmentation

superior to those of DIR and SIDL methods, with average Dice similarity coefficients of 0.896 for clinical target volume,
The proposed method can effectively improve the accuracy and efficiency of auto-segmentation in MRIgART for prostate

0.941 for bladder, 0.840 for rectum, 0.943 for left femoral head and 0.940 for right femoral head, respectively. Conclusion

Keywords: prostate cancer; online magnetic resonance imaging-guided adaptive radiotherapy; image registration; deep
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Figure 1 Schematic diagram of the registration—based deep learning method for auto—segmentation
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Table 1 DSC comparison between the proposed method and two baseline methods

PEATPRA o 1A 2 FSLRL B R 7 T 3 M9 1 2
iR 5 GT Y LLRTEE R

H 3h/2) i 77 % PiH
JEHRIX
DIR SIDL AT AR5k vs DIR AR5k vs SIDL
CTV 0.885+0.036  0.807+0.100  0.896+0.035 0.157 0.005
Ji Ik 0.789+0.097  0.943+0.031  0.941+0.029 0.001 0.285
H 0.818+0.052  0.760+0.117  0.840+0.035 0.050 0.007
e MRk 0.934+0.015  0.922+0.027  0.943+0.010 0.093 0.041
Eeylliig=s 0.934+0.011  0.92440.021  0.940+0.012 0.157 0.024
R2 AXFZESMINSEFENFARLEH B 5 E ) MDA $#54#r%tEE (mm)
Table 2 MDA comparison between the proposed method and two baseline methods (mm)
H 3h/2) im 77 % P{H
JEOHRIX
DIR SIDL ARSI AR vs DIR - AL vs SIDL
CTV 1.24+0.42 2.23+1.29 1.09+0.41 0.127 0.005
Ji Ik 4.37+2.47 1.16+0.86 1.05+0.46 0.005 0.445
Hs 1.62+0.63 2.32+1.41 1.38+0.43 0.025 0.013
e ek 0.76+0.18 0.90+0.35 0.66+0.12 0.118 0.056
raylliig=SS 0.76+0.13 0.90+0.32 0.70+0.17 0.445 0.051
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ZE A RSk
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Figure 2 Segmentation performance of 3 methods compared with the ground truth
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