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Pancreas Segmentation Based on Dual-decoding U-Net

BI Xiu-Li, LU Meng, XIAO Bin, LI Wei-Sheng
(Chongqing Key Laboratory of Image Cognition, Chongqing 400065, China)

Abstract: Pancreas segmentation in computed tomography (CT) is one of the most challenging tasks in medical image analysis. Due to
small size and changeable shape, the traditional automatic segmentation methods can not achieve the acceptable segmentation accuracy. By
using the idea of high-level semantic features to guide low-level features, this study proposes a single-stage pancreas segmentation model
based on dual-decoding U-net. The proposed architecture consists of one encoder and two decoders, which can effectively combine low-
level spatial information with high-level semantic information using the features of different coding depths to improve the segmentation
accuracy of CT slices without clipping and resolution reduction. The experimental results show that this method can achieve better
segmentation performance under full-size input. Moreover, the segmentation result by the proposed method is superior to the single-stage
methods on the open dataset for pancreas segementation tasks.

Key words: medical image; pancreas segmentation; convolutional neural networks (CNN); single-stage model; dual-decoding U-Net (DDU-

Net)
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AT 1 AR VRN GHASSCPR L (I 28 B0 55 2 5 B SR IR UE AR SCHR 1 W 46 1A Rk, AR i 0 2 21 S 50 0
RIS FEASCHR Y 0 SR B2 SRR SRR B BOBE R T, )i, B 3 TR AU R 4.

1 7 &

ASCEE P TR U B R Z2 9 2% DDU-Net () 5 f BeBfiR 2> 50712, RARRIHER I 1 s,
D) Py ARG 5YEIF2 Y1

|
CT 4%

JBeRR

~H

————————

a3

2= 0]
L—— L b

BI1 Pl XU U A 20 000 2 1D IR 7 ) 7 P AE B e
WA 2% (1 i A\ IR CT AL AT, 20550 I 2% 18 AR S ) o (10 i 5 4 55 U-Neet P48 45 R 28L. #E B LAt B
BEE T A AN R RO 4% 23 52, A as 130G 2 B AR, ERAE DU 5 2 it 2 it PR RS AEREA T30 38 5 0F, K45 21
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GIF, BRI YRS 8% S0 2R & 58 BT MR 2H51E, fefA M B 2 2B E R, AT DeBrl J&, 5Hix—)2
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K5 XU s AN RDER T SN 1

TEIE 5 ZI IS5k rh, APRE SR s A PIAL: 5 1 AL S S50 (a). S54 (b) IS5 M, JAIEFEM# i 4% DeBrl
T )2 Rl S B A AL PR 6 B, T, G5 (a) ARSI R R S5 0. R 1 S 45 R T LIS Y 454 (a) 1923
FIBCRAL T (b) Gk, 320 U WA 2 DeBrl £EX g i A5 AL AT fife i) T R 58 12 B 8 J2 AR B 0 1)
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2 AT R N 1wl DL Y 23 J0 R 2% 10 P RE 5 A 2% DeBr2 5 DeBrl (R 2 B IE AR, RO A 25
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BT 5 A TR U A KA 2 W %04 iR Ao F) 1953

S, T2 5% B 20 ORI ARGAFAE A, BT 6(a). PRI, fif i ds DeBr2 sh AR AL ASIEAT i (IR R LRl A, T
ARG ZRE T 3 FAS R BORFAE, €035 9 65 4% o IR AE . B — RS 49 20 A S R0 A 4%
DeBrl R QU AL, X482 SURFIE AR A 32 0T T e 2 0 B B R e Bk S HERA 1

R WU S AR SN S 45 R

ERTTE DSC Precision Recall
77 :(a) 0.75120.12 0.788 0.760
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75 :%(c) 0.743+0.14 0.799 0.736
75 3%(d) 0.738+0.15 0.781 0.740

(a) Al RFHER (b) B2 [{4FEE (d) FoE Bl
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Kl 6 BURTD SRR AT AR AL 45 53, P&l rh 41 6 HE IR 7S IR AR I e 3 7
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