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Comparative study of deep learning- versus Atlas-based auto-segmentation of organs-at-risk in

tumor radiotherapy
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Abstract: Objective To evaluate and compare the geometric accuracy between deep learning (DL)- and Altas-based auto-
segmentation technologies for contouring organs-at-risk (OARs) in radiotherapy for tumors locating in different sites so as to
provide a basis for the clinical application. Methods The OARs in CT images of 40 patients with tumors in different sites (head
and neck, thorax, abdomen, and pelvic cavity) were manually segmented by senior physicians, and then automatically segmented
by DL- and Atlas-based auto-segmentation methods. Several evaluation indicators such as Dice coefficient (DC), Jaccard coefficient
(JC), Hausdorff distance (HD) and volume difference (VD) were used to evaluate the geometric accuracy between DL- or Atlas-
based auto-segmentations and manual segmentation. Results The DC values of OARs except for rectum segmented by DL-based
method were higher than 0.7, higher than the results obtained by Atlas-based method, with statistical significance (P<0.05). In
addition, the JC values obtained by DL-based method were also higher than 0.7, except for the JC values of lens, rectum and spinal
cord. Spinal cord had the highest HD value, exceeding 20 mm in both methods. The rectum segmented by DL method had relatively
high absolute VD. Conclusion The geometric accuracy of DL-based auto-segmentation is generally superior to that of Atlas-based
auto-segmentation. In the further study, the robustness of DL model will be increased by expanding the training dataset, thereby
better assisting radiation oncologists in routine clinical work and bringing benefits to tumor patients.
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Fig.1 U-net CNN architecture
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F1 ET Atlas 5§ DL 5B a1 AEZERITNIEIR (¥ £ 5)
Tab.1 Comparison of evaluation parameters between Atlas— and DL-based auto—segmentation results (Mean+SD)
DC JC HD/mm VD
fE T P{H
Atlas DL Atlas DL Atlas DL Atlas DL

4l 0.96+0.04 0.98+0.00  0.93£0.07 0.96+0.01  5.69+1.98  4.26+0.74 0.00£0.10  -0.01£0.01  0.1722,0.173%,0.022,0.074¢
G+ 0.67+0.09 0.87+0.03  0.51£0.10 0.76+0.05  7.89£1.05  4.36+1.08 0.2740.23  -0.07+0.09 0.005%,0.005,0.005¢,0.007¢
ZEiR 0.64+0.12 0.89+0.02  0.48+0.13 0.79+0.03  4.11¥1.46  2.70+0.55 -0.54+0.28  -0.01£0.08  0.0082,0.008",0.008¢,0.008¢
£l 0.6740.11 0.88+0.02  0.52+0.11 0.78+0.03  3.78+1.19  2.81£0.64  -0.59+0.25 -0.03+0.10 0.008%0.008",0.051¢,0.008"
ik 0.43£0.12 0.76£0.06  0.28+0.10 0.62£0.07  2.39+0.46  1.81+0.39  -0.49£0.31  0.02£0.25 0.028,0.028,0.027°,0.028¢
FEnR  0.46£0.17 0.74£0.09  0.31£0.13 0.59+0.11  2.55£121  2.25+0.93 -0.37+0.50  0.12+0.30  0.0122,0.012",0.484,0.069¢
TRE 0.81+£0.04 0.88+0.02  0.69+0.06 0.78+0.03  17.23+6.34  5.10+2.59 -0.02£0.15  -0.17+0.06 0.007%,0.007,0.005¢,0.037¢
O IE 0.73£0.21 0.90£0.04  0.61£0.22 0.81+0.06  16.03£10.53 10.06£8.62  -0.22+0.31  0.16+0.08  0.0012,0.001°,0.030%,0.001¢
A fili 0.95+0.03 0.95+0.02  0.90£0.05 0.91+0.03  18.93+13.90 12.94+14.93  0.03£0.08  -0.05£0.05 0.309,0.309",0.001¢,0.001¢
A fili 0.96+0.02 0.97+0.01  0.91£0.03 0.93+0.02  14.38+6.01  8.64+4.47 0.04+0.05  -0.04+0.03  0.047%,0.049°,0.007¢,0.001¢
I 0.81+0.17 0.91£0.02  0.71£0.20 0.83+0.03  7.42+6.41  3.87+1.17 0.03£0.19  -0.07+0.06 0.015%,0.015,0.003¢,0.049¢
Fi'E 0.82+0.12 0.88+0.04  0.71£0.16 0.79+0.05  6.65+3.37  4.54+1.06 0.1540.19  -0.08+0.11 0.177%,0.201°,0.039¢,0.003¢
i e 0.84+0.10 0.89+0.07  0.74£0.13 0.81+0.10  11.70+5.46  7.79+5.89 0.12£0.24  0.01£0.12  0.011%,0.011%,0.019°,0.209¢
=17 0.5140.16 0.65£0.23  0.36£0.15 0.51+0.21  19.80+7.63  14.00+£6.87 0.34£0.29  -0.29+0.40 0.034%,0.012°,0.041°,0.005¢
LR 0.68£0.20 0.83+0.08  0.55+0.23 0.72+0.11  14.19+8.78  6.93+7.93 0.26£0.24  -0.01+0.20  0.033,0.046",0.009¢,0.009¢
FilE  0.614£0.18 0.85+0.07 0.47+020 0.75£0.10 14.76£6.74  6.23+7.243  0.31£0.35 -0.05+0.21 0.004%0.004°,0.002¢,0.002¢
i 0.7540.18 0.72+0.17  0.62£0.21 0.59+0.19  24.10£17.41 21.50422.78  0.27+0.46  0.18+0.48 0.0292,0.019",0.163,0.000
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Fig.2 DL-based automatic segmentation results (the green lines were manual segmentations, and the red lines were automatic segmentations)
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