’m Check for updates

Journal of KIIT. Vol. 20, No. 5, pp. 81-87, May 31, 2022. pISSN 1598-8619, e[SSN 2093-7571 81
http://dx.doi.org/10.14801/jkiit.2022.20.5.81

ol P A|~HA T A U-Net 2dE o] &3t
MAE A F99 £ &3

Ol &f2lx, Of&t&Ex, LT[+«

Improved Pancreas Segmentation using Multiple Concatenated
U-Net Model for Medical Image Systems

Sang-Min Lee*, Sang-Yun Lee*, and Namgi Kim**

B A7E 7R 7= AGQEHATAE Ajle] do 2 3sgS. [GRRCZ12020-B04, 878 5 HES A
A ASAR Az AN A7)

O oF
0 =

5 P2 A AU A71E BHEsty AWE Ads] As) F 2o d4Foz QFHE gy
st 9 F 277F A3 g2 A7l FAA A3 g5 oA oA AEe JAE F7|)7F ol B =

A S5E 53 BR omAdA HAe AAE R} A 2L F e tF A U-Net
(MCU-Net) 2&E AQHgieh ARlets RAE AF AF o2 UNet 725 thdd 2719 929 A4 4
@6& Eeﬂ_ow FFE, WA Z7)d dE ok A4S 59 P& ‘le MCU-Net& A|etaich, Mg A+
f@ A, Aok tF 92 UNet 229 HETE 916%% 712 U-Net ZdRTH HF 57}
7

=
pun

Abstract

Medical images require image analysis to observe human organs and diagnose diseases, and it is difficult to find
an accurate location in medical images for the pancreas overlapped with other organs and smaller among various
areas. In this paper, we propose a multi-chain U-Net (MCU-Net) model that can more accurately segment the
position of the pancreas in abdominal images through machine learning. The proposed model is a model that
chain-combines several U-Net structures in the final layer with patches of various sizes, and proposes the most
effective MCU-Net through various experiments with ensembles, patch sizes. Comparative experiments with previous
studies show that the accuracy of the proposed multi-connected U-Net model is 91.6%, about 2% higher than that of
the existing U-Net model.
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