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Multi-Stage Pancreas Localization and Segmentation Combined with
Slices Context Information
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Abstract: Current deep learning-based pancreas segmentation mainly has the following problems : The anatomical spe-
cificity of the pancreas makes the deep network model easily disturbed by complex background;in the traditional two-stage
segmentation method,the input of the coarse segmentation is the entire CT image, which leads to inaccurate localization
based on the segmentation results;the traditional two-stage segmentation ignores the context information between adjacent
slices, which limits the localization and subsequent segmentation results. In order to solve the problems above,a multi-stage
pancreas localization and segmentation method combined with slices context information is proposed. In the first stage, ana-
tomical prior locating is used to roughly shrink the input area;in the second stage,the proposed DASU-Net is used for coarse
segmentation ,and then the segmentation results are optimized with slices context information ;last stage,single slice locating
is used to further shrink irrelevant background,and then fine segmentation is completed by DASU-Net. The experimental re-
sults show that the proposed method can effectively improve the accuracy of pancreas segmentation.
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NN R A SRR S B F R Z R 1R 25 53, AR 5
5 {68 D e 0 0 00 A DA S I 2 T 45 A . M, D M
LR/ (Batch Size,BS) % # R 8, W) hf 24> %4 0. 001,
]St ) Adam 7B A AL 25 , 45325 BRE0N 4 Dice Loss,
FEIE o] R 3 2 2 5 B W 25U 8L Dice Loss 22 SN
2x | PNG|
Pl+ ]G]
Horp P R EN N, G R %t Y Ground Truth.
TEYIZk SCIE-Module i}, 75 2285 AHAR 3 5k U1 1953
FEN TR A H AL W) LG F 2 R 0001, 3l 48 B AILBS
JE T RN R RSO 1F, B35 sR B 98 F Dice Loss.
B UL Y, 7E I 2k SCIE-Module B, 28 T £ 05 i 4
MFHME B A BRI S T TG A
3.3 BAEBREMLBRESH
AR S M A R e T A DR 6 I A ) S 56 o
AT 0. T 8 N A ) 2 36 o 1 Wi 1 EER A T X L
AP F g 5 P 0 B T LA & B, A 50 S 56 5 o 7T DL AE —
SEFERE B A 1Y 55 B
Jith CT %

Dice Loss =1 — (16)

fire P o iz i PR

P8 SIS i A IS R L

FERE LI 7 10, AR SO DASU-Net 4T 1 fif 1
Jol @ L TH B S g, R 1 AT U B, 16 58 B i1 56
B ), DSC T 73 B HERf Z S THA DT 1%, 1
SN RSO T 68 5k Sk ] S 36 A A2 il I 19 0 #0 E
B2, I 220 1T DSC PreRIE A JT R AL A 9 W] UK
L, TE 58 MU B e B R AL e, IRAS B 22 1 o RIS R A T
AT, S0 TR A (1 BE AR A AL A5 S B

®1 MBEEBRECHBKE

i fRFles et | P DSC/% | FHIV%
% 81.32 69. 12
DASU-Net
2 82.74 70. 98

3.4 DASU-Net B34

AT B uEr it DASU-Net ( Enco) F) A &P, 4 3C
W L R 22 R4 4 BB U-Net'™ 2D AttU-Net ' il
U-Net ++ 7 HEAT 70 FEit 6. DAE 4 AN RDEL i 35 5
B 5 O I IR 1 A, A5 R 36 45 SR e B 80
W 2 frR. R AT LK B8, DASU-Net {250 A

#68
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0.1
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9 fif) Se s E AL AT E DSCAITN HE

%7F U-Net, AttU-Net £ U-Net ++ 43 5l Jif 2> 22.86% ,
23.63% F127. 28% ,{H & DSC il JI 48 b5 4 bt H g 45 A
HRiEn. oAb, A e 22X A DASU-Net (1) 4 i 1 i 65 By Bt
HBEH IDA F1 HDA. 7E S8 34 32% W1 4L T , DA-
SU-Net( Enco + Deco) 3% & 15 43 #1145 3R, iir LA i
F . 28 R, A SCRT i DASU-Net A] DL AE
FEARSEGR AN 0 T 32 S B A R AR SR LR
F=2 MEEEIXS L SLI

Do) 2 A A TFHDSC/% | FHIV% | SHuE

U-Net 80. 43 67.35 34.52M

AttU-Net 80. 83 68. 02 34. 87M

UNet ++ 81.01 68. 81 36. 62M
DASU-Net( Enco) 82.74 70. 98 26. 63M
DASU-Net( Enco + Deco) 82. 68 70. 91 39. 16M

3.5 YRLETXEERRIERGHES T

T EIEY) R B SOE B AR U B A Rt AR
SCIECP Y Fr #5470 b ilE: , i 10 frs. DA Hraf
PLABL: (1) {f ] SCIE-Module £tk 5 1) 43 %1 25 5 58 i
$%3 Ground Truth, DSC 43 #| ME i K 42 & T i 10% 5
(2) KAy EIFGR I E R e 32 & 1 Bk Ul 5 o B 3L
BB 10(a) AT LA B, JC SCIE-Module i 4k B #5K 1)
RN ER T ER o R 45 T 4244 SCIE-Module 4154k
S, kU] e S A s PR A T TR AR A e R . AR 10
(b) FT LA B, SCIE-Module {54k J5 Y B 5K U 1 7€ A3 Al
VIR EEZNERER.
3.6 ZHMERSEATEANESH
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Py, 5 k) s A _ .
8] DSC:78.71% K3 Z=MBESEIWIEER
45 Tk EHIDSC/% | FHII/ % |
1 No Locating + DASU-Net 81.32 69.12
2 S1(APL)+DASU-Net 82.74 70.98 ]1*
¥
ST: (APL) + ¥
3| $2:(DASU-Net+ SCIE-Module) 83.15 7117 ]*
®) 4 | S1+S2+S3:(SSL+DASU-Net) 84.26 72.63

[ [ sCIE kit foge SCIE fRALJ 152 fz HE /\/ Ground Truth
(@) KA EIERTR R () P43 BRI
10 SCIE-ModuleX} He 525

ARSCHAT T =W Beon) B, ansk 3 Bz, AASE 45
R LUk B, 4% fd 1] DASU-Net 1 43 1 E 8 %
DSC:81.32% #1 J1:69. 12% . 7 DASU-Net LAl | 3% i
fifp ¥R S 6 N, 23 B TR R ik B DSC:82. 749% A T
70.98% s TEMAER b, 51 AV A BT SCfF B 5 O B
A LAV 2 2 T o3 FMERR 3, 55 B B dR 4 43 )
2%k DSC:83.15% F1 J1.71. 17% . 1556 = B, b &
AR B d R AL D, o3 FME 0 R 42 T 2 DSC.
84.26% 1 J1:72. 63% . A SCfg HITEC XS T 46 50 1 7 4% 70
I BORE R W, W E MK F- O 0.01 F10.05 (=
Ml 435|878 p <0.05 Fl p <0.01). SZEGEE 4]
VLA B, BN B BLor B RS R A9 32 17 0. 05 JKF E A
BB il 1 R4 4 X Eea] A, 18 58 R = B B
OYENZ 5 BRI 2 W 4 (p <0.01). X IE
HISS GO0 R 1 SUE B 2 B BOB IR E 675 43 517 v
SR

T UEAEER AT A ROCR , 1858 BUHT P B B
I RIPIRZ )5 A ORI = B Bk 3 0 B HE A
AN 4 PR, NSEER A5 R AT LUK B, A5 58 B — Y
A EIZ G o FIMER A T RORMR T SRSk 4 UGk
ROFHIGERAFAE/ MR BE S, 0 HLBA B8 BT
N T AEGERFR R 73 TSGR 1 ) B o B ] A, AR 3C
B o — ORI AR e R 4R

F4 BERDBIXE

A E SE-+5 DSC/ % e /%
0 83.15 71.17
1 84.26 72.63
2 84.25 72. 61
3 84.19 72.56
4 84.28 72. 64
5 84.22 72.58

F 5 WA SO E DT RS B N T I
B, A J7 i 08 NIH-CT82 i 4", I #E47 pu %
3 U E ST B, VE M $8 b5 g DSC R I A A L&
B, AR SCOT RS T I 0 43 45 R, 5 25 B 14 1)
A 25 RAHA T —E R T

RS ARSEIFEIL

PEH AR DSC/ % J/ %
ik T« ki [ EES ), e 2240 ] TR+ b [ EESy ], e 22400 ]
Roth 2 A 111 (2015) 71.80 = 10.70 [86.90,25.00] - -
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