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ABSTRACT

This study analyzed the volumes generated by deep learning and atlas-based automatic segmentation methods,
as well as the Dice similarity coefficient and 95% Hausdorff distance, according to the conditions of conduction
voltage and conduction current in computed tomography for lung radiotherapy. The first result, the volumes
generated by the atlas-based smart segmentation method showed the smallest volume change as a function of the
change in tube voltage and tube current, while Aview RT ACS and OncoStudio using deep learning showed
smaller volumes at tube currents lower than 100 mA. The second result, the Dice similarity coefficient, showed
that Aview RT ACS was 2% higher than OncoStuido, and the 95% Hausdorff distance results also showed that
Aview RT ACS analyzed an average of 0.2-0.5% higher than OncoStudio. However, the standard deviation of the
respective results for tube current and tube voltage is lower for OncoStudio, which suggests that the results are
consistent across volume variations. Therefore, caution should be exercised when using deep learning-based
automatic segmentation programs at low perfusion voltages and low perfusion currents in CT imaging conditions
for lung radiotherapy, and similar results were obtained with conventional atlas-based automatic segmentation
programs at certain perfusion voltages and perfusion currents.
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II. MATERIAL AND METHODS

2 2% Brilliance CT Big Bore™ (Philips,
Amsterdam, Netherlands) “4H] & ©]-83}4] Lungman
phantom (Multi-purpose chest phantom NI, kyoto
kagaku Co Ltd, Kyoto, Japan)< A}-8-3Fo] Chest CT
Fg %719 helical mode scan® = ©H-2 3 mm=
HPsh A3 Fdxdom A% 90, 120,
140 kVp o™, Z}7}e] #HH e Aol s ¥
= 15, 30, 50, 100, 150, 200 mAs®] WY = 24
sto] 2ME Fsgint 47 20E g A8
AY 2213 Eclipse treatment planning system
(Version 13.0, Varian, Palo Alto, Ca, USA; ETPS)2

(b) Lt Lung Contour

Fig. 2. Comparison of deep learning auto-segmentation
and smart segmentation of Rt, Lt lung contour using
lung man phantom (@:SSM, (®):ARA, (©: OCS).

2 Aol He AR AMREHE TR
22 ETPSS] Smart segmentation (SSM)°|™, § &
Y AsEd 22 OncoStudio (Version 2.0,
Oncosoft; OCS)2} Aview RT ACS (version 10.0,
coreline: ARA)S AF&-3}5) T}
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DSC= )

the size of the intersection of the two sets

| XNY | :
X ad 1Y :

the sizes of the two sets being compared

X Y: the similarity between two sets

H(A,B)=
max{maxmin d(a,b), maxmind(a,b)} Q)
aEA bEB bEB ac A
A and B non-empty sets
distance function representing the
d(a,b) distance between an element a of A

and an element b of B

I. RESULT
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Table 1. Volume of the left lung (Smart segmentation:SSM, Oncostudio:OCS, Aview RT ACS:ARA) Measured using
the automatic volume measurement method of eclipse treatment planning system

SSM 0Cs ARA
KV/mAs 90 120 140 90 120 140 90 120 140
15 2311.1 2307.6 2306.8 2333.8 2347.9 2350.5 22545 22375 2236.3
30 2310.7 2307.8 2306.6 2332.4 2352.6 2352.5 2244.4 22495 22355
50 2310.1 2307.5 2306.5 2348.9 2353.1 2352.8 22742 2247.6 2247.9
100 2310.8 2307.4 2306.6 2353.2 2353.8 2352.9 2293.2 2289.2 2288.3
150 2310.7 2307.4 2306.3 2354.0 2353.7 2352.1 2293.1 2289.2 2288.0
200 2310.8 2307.4 2306.2 2354.8 2353.5 2352.4 2290.9 2289.1 2290.1
’\*,V‘frage 23107 2307.5 2306.5 2346.2 23524 23522 2275.1 2267.0 2264.4
olume
Sii’lﬁfiéi 0.336 0.174 0.195 10.348 2254 0.880 21.322 24.591 27.132

Table 2. Volume of the right lung (Smart segmentation:SSM, Oncostudio:OCS, Aview RT ACS:ARA) Measured using
the automatic volume measurement method of eclipse treatment planning system

SSM 0CS ARA

KV/mAs 90 120 140 90 120 140 90 120 140
15 2504.5 2501.1 2499.9 2476.2 2495.8 24983 2437.8 24159 24139
30 2504.0 2500.9 2499.9 2489.8 2498.9 2498.2 2424.6 2428.0 2413.1
50 2503.8 2500.8 2499.7 2490.2 2497.8 2497.0 2455.9 2426.0 2426.4
100 2503.9 2500.6 2499.6 2496.9 2497.7 24975 2480.8 2476.0 2474.9
150 2504.0 2500.6 2499.5 2497.4 2497.8 2496.6 2480.5 2475.8 2474.9
200 2504.0 2500.6 2499.5 2496.4 2497.6 24973 2478.9 24757 24782

’\*,fflﬂfng: 2504.0 2500.8 2499.7 2491.2 2497.6 2497.5 2459.7 2449.6 2446.9

S?V‘]‘gggf] 0.230 0.201 0.180 8.088 0.979 0.642 24.368 29.052 32.227
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Table 3. Comparison DCS and 95% hausdorff of deep learning auto-segmentation and smart segmentation for Rt Lung

OCS (OncoStuio) ARA (Aview RT ACS)OCS
Voltage mAs
95% Hausdorff Dice coefficient 95% Hausdorff Dice coefficient
15 9.69155 0.972782 5.79723 0.973951
30 9.50776 0.977268 6.03933 0.975613
50 9.09382 0.976296 2.59795 0.98188
% 100 9.25831 0.977865 1.40203 0.986972
150 9.15714 0.978968 1.40266 0.987033
200 9.15959 0.978029 1.48211 0.987776
15 9.46384 0.978775 6.00064 0.974888
30 9.4659 0.978025 4.71951 0.978389
50 9.42104 0.977815 491714 0.978441
120 100 9.4126 0.977812 1.40203 0.986863
150 1.163567 0.983865 1.16975 0.989266
200 9.55206 0.979084 1.40296 0.987107
15 9.72947 0.978011 5.95372 0.976123
30 9.29259 0.977827 6.17991 0.975777
50 9.38402 0.977894 4.7187 0.978674
140 100 9.37212 0.977359 1.48795 0.98825
150 9.6758 0.978932 1.48804 0.988326
200 9.58589 0.978996 1.29024 0.988907

Table 4. Comparison DCS and 95% hausdorff of deep learning auto-segmentation and smart segmentation for Lt Lung

Voltage TAS OCS (OncoStuio) ARA (Aview RT ACS)OCS
95% Hausdorff Dice coefficient 95% Hausdorff Dice coefficient
15 3.01498 0.982732 4.49813 0.977582
30 2.75305 0.979659 4.70979 0.978987
50 1.62112 0.981956 1.66834 0.986009
» 100 1.53575 0.984987 1.19671 0.990018
150 1.4501 0.985658 1.19725 0.990082
200 1.62169 0.983468 1.2802 0.989508
15 1.85237 0.983334 4.63729 0.979366
30 1.69105 0.982339 3.42553 0.981933
50 1.61402 0.982358 3.21543 0.98171
120 100 1.61385 0.982214 1.10279 0.990101
150 1.62461 0.982751 1.48716 0.989266
200 1.63258 0.983761 0.95824 0.990241
15 1.73607 0.98461 4.63729 0.979481
30 1.691 0.982006 4.63815 0.979542
50 1.69113 0.982998 3.07824 0.982287
10 100 1.5356 0.985329 0.99122 0.990236
150 1.74307 0.98237 1.149 0.989321
200 1.71114 0.982554 0.84957 0.990904
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