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Abstract in English comes here.

Biomedical image analysis needs the highly specialized knowledge and large amounts of time. Therefore,
automation of biomedical image analysis with deep learning is challenging but important task. In this paper, we
aimed to develop the automatic multi-class segmentation for lung immunofluorescent confocal images. Analysis
of it is important for understanding the lung development at the molecular level. We proposed the segmentation
pipeline including overwrap cropping method as preprocessing to make the dataset. We applied U-Net, SegNet,
and DeepLabv3+ for multi-class segmentation, and the highest dice score for total image was 8§7.0% given by

U-Net with overwrap cropping method

Keywords: Image Segmentation, Deep Learning, Lung Image Analysis, Multi-class Segmentation.
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Input Image Ground Truth DeepLabv3+
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#2 BFETNORIT AT = NEE
FHOFEFIFLL FO LBV THS. (C1) Background, (C2) Conductive Airway, (C3) Distal Acinar Tubule Bud, (C4) Proximal Acinar Tubule, (C5)
Pulmonary Artery, (C6) Pulmonary Vein and Pulmonary Venule, (Avg.) Average of each class’s accuracy, (Dice) Average of total dice score.

Test Train

@] @] @] Q < g @] @] @] Q 5 9

— §} 8 g U o) @ 3 — S 8 g 93 o) aQ 8
U-Net (F9%£1) 889 828 816 734 295 651 719 839 988 993 978 984 972 989 984 98.7
SegNet (F-{%£1) 878 835 788 743 0.0 510 626 828/ 972 980 957 959 0.0 965 80.1 968
DeepLabv3+(Fik1) 879 79.6 798 758 0.0 660 648 829 945 971 907 90.8 437 948 853 93.8
U-Net (F:{%£2) 902 90.2 835 805 562 750 794 870/ 983 985 976 978 964 971 976 98.1
SegNet (F%£2) 90.4 86.8 834 795 554 822 79.6 865 988 993 978 982 960 989 981 98.6
DeepLabv3+(Fi42) 89.5 86.6 824 792 00 863 707 858/ 978 988 960 97.1 951 985 972 977

39| ERENE A H A K2 39th JCMI (Nov., 2019) -410 -
EIVMERERFESAS (F20EBFERFRESFMAR)



