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« CT O|O|X|O|M I S ==
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* Uet ++ (zhou et al, 2018)
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« SGD(Stochastic Gradient Descent)
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« LR =0.01, Decay = [7/5, 100], Gamma =

«  Weight decay = 0.0001
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ﬂcard Similarity Coefficient (JSC)

Sx NSy TP
Jaccard(S,,Sy) = —
(Sx.5) SxUS,| TP+FP+FN

~

 Dice Similarity Coefficient (DSC)

2*|SxﬂSy|_ 2 xTP
S¢| +|S,| (TP +FP)+ (TP +FN)

DICE(S,Sy) =

blue(0|F) Nred (3 EH
blue(0|F) Ured (3 E

ﬂverage Contour Distance (ACDN

j j X:d(Syi,S
ACD(Sy, S ):l Z‘d(sx“SJ’)_l_ J ( yJ x)
g 2 ng, ns,

 Average Surface Distance (ASD)

ASD(S,, Sy)

—(>
= d(S.. S +st s
n5x+n5y<i (xl y) - (yJ X)>

d(le., Sy) = min,;

Sy; = Sx

S, : segmented boundary

S,: ground-truth boundary/
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. A1} — Hyperparameter Selection a

- Lung segmentation in CT : Kaggle data €1}

UNET

0.977
0.975
0.974
0.975
0.980
0.979
0.978
0.978

Validation & 7|22 ¢«

0.988 0.351
0.987 0.376
0.986 0.459
0.987 0.376
0.990 0.317
0.989 0.316
0.989 0.343
0.989 0.359

0.314
0.336
0.399
0.336
0.290
0.289
0.302
0.319

0.1=

0.989
0.988
0.988
0.990
0.991
0.990
0.989
0.989

ol

0.989
0.986
0.985
0.986
0.990
0.989
0.990
0.989

0.996
0.996
0.996
0.997
0.997
0.997
0.996
0.997




5

. A1} - Lung segmentation in CT : Kaggle datasets

Base 0.970 0.980 0.463
U-NET

ours 0.980 0.990 0.440
UNET Base 0.980 0.989 0.455
t+  Qurs 0.982 0.991 0.391

- HEZo ds X7 s EY

0.311
0.298
0.314
0.273

» =9 AZ| 7|8 X 70N 2 52| 95 Pd= ER

o
-+ Hli ZE0AM O=0 o{24F0] /= A F=

0.990
0.991
0.990
0.992

0.989
0.989
0.989
0.990

0.997
0.997
0.997
0.997
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5. 21} - Liver segmentation in CT : LiTS2017 datasets

Base 0.850 0.912 0.697 0.533 0.910 0.926 0.991

R Ours 0.867 0.923 0.499 0.365 0.940 0.957 0.995
UNET Base 0.860 0.919 0.647 0.541 0.920 0.930 0.992
T Ours 0.877 0.924 0.460 0.321 0.930 0.943 0.995

- H= 85 NroM e ds& 20(1, B SY =3 20t D72 A2 7|8
ol

o o
d5 ABOM T2 ds= 28




5. AlZ=t A1} - Liver segmentation in CT : LiTS2017 datasets

Original

U-Net

U-NET Contrastive
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