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Deep learning based software solutions for automatic segmentation of head and neck organs at risk

HU Xinggang', WANG Xian', ZHANG Yang', ZHANG Yulei?, LI Xiaoxuan', CHEN Meng'
1. Cancer Center, Pu'er People's Hospital, Pu'er 665000, China; 2. Department of Radiology, Luoyang Central Hospital, Luoyang
471000, China

Abstract: Objective To evaluate and analyze the accuracies of 3 software solutions based on deep learning techniques in the
automatic segmentation of head and neck organs at risk (OAR). Methods The automatic segmentation accuracies of 3
software (PV-iCurve, RT-Mind, and AccuContour) were evaluated with Dice similarity coefficient (DSC), Hausdorff distance
(HD), center of mass deviation (COMD), false negative rate (FNR), false positive rate (FPR), Jaccard coefficient (JC),
sensitivity index (SI), and inclusive index (I) using the manual contours of head and neck OAR as the gold standard. Results
The FNR, JC, SI of brain, the FPR, II of brainstem, the FPR, FNR, JC, SI of eye L, the FPR, FNR, SI, II of mandible, the
FPR, ENR, SI, II of parotid L, and the DSC, FPR, JC, II of spinal cord manifested significant differences among the 3
software (P<0.05); but the HD, FNR, SI of brainstem, and the HD of spinal cord revealed trivial differences among the 3
software (P>0.05). Conclusion Through the comparison of multiple parameters, it is found that the accuracies of 3 software
are different in OAR segmentation, which makes it difficult to make overall horizontal comparisons. Therefore, these
parameters are for reference only and cannot be used as criteria for evaluating the segmentation results in clinic. Although all
3 software achieve preferable segmentation outcomes, scrutiny and manual modifications before clinical practice are still
necessary.
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Figure 4 Unidirectional Hausdorff distance from set A to set B
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Figure 5 CT image cross—sections generated by manual and automatic segmentations
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Table 1 Comparison of the accuracy among 3 automatic segmentation software (Mean+SD)

AccuContour
RT-Mind
DSC

PV-iCurve
FAH
PE

0.97+0.01%

0.98+0.01

0.98+0.00°
81.24
0.00

0.83+0.04*

0.81+0.05

0.80+0.06"
7.16
0.00

0.91£0.06

0.88+0.09*

0.85+0.04°
10.43
0.00

0.93+0.01 0.78+0.06" 0.80+0.05"

0.93+0.02* 0.82+0.05 0.86+0.04*

0.90+0.02° 0.81+0.05° 0.83+0.05°
43.26 8.41 23.53
0.00 0.00 0.00

AccuContour/mm 0.92+0.59 2.78+5.54 1.06+0.79 1.84+0.64" 5.15+3.15% 1.89+3.05
RT-Mind/mm 0.80+0.48* 2.56+5.47* 1.30+0.96 2.40+0.92 3.56+1.97 1.88+3.25*
COMD PV-iCurve/mm 1.86+0.62° 3.30+5.54° 1.54+0.67° 2.58+0.84° 4.24+£3.12 2.44+3.40°
FAE 68.07 7.34 5.00 14.80 5.26 10.90
P{E 0.00 0.00 0.01 0.00 0.01 0.00

AccuContour/% 0.06+0.01* 0.22+0.08 0.09+0.09* 0.05+0.03* 0.07+0.05* 0.28+0.09*

RT-Mind/% 0.03+0.01* 0.23+0.09 0.16+0.11* 0.10+0.05* 0.16+0.07* 0.14+0.05

FNR PV-iCurve/% 0.02+0.01° 0.21+0.10 0.23+0.07° 0.03+0.02° 0.13+0.07° 0.15+0.06°
FA4 157.70 0.79 38.95 88.06 41.20 75.95
PiH 0.00 0.46 0.00 0.00 0.00 0.00

AccuContour
RT-Mind
SI PV-iCurve
FiH
P{H

0.94+0.01%

0.97+0.01*
0.98+0.01°
157.70
0.00

0.78+0.08 0.91+0.09*

0.77+0.09 0.84+0.11%*

0.79+0.10 0.77+0.07°
0.79 36.15
0.46 0.00

0.95+0.03* 0.93+0.05% 0.72+0.09*

0.90+0.05* 0.84+0.07* 0.86+0.05

0.97+0.02° 0.87+0.07° 0.85+0.06"
88.06 41.2 75.95
0.00 0.00 0.00

#. AccuContour vs RT-Mind, P<0.05;*:RT-Mind vs PV-iCurve, P<0.05;°: AccuContour vs PV-iCurve, P<0.05
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