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Pancreas Segmentation Based on Recurrent Saliency Calibration Network
QIU Cheng-Jian' LIU Qing-Shan*** SONG Yu-Qing' LIU Zhe!

Abstract Accurate segmentation of the pancreas is very important for the identification and analysis of pancreatic
cancer. The researchers proposed a coarse-to-fine segmentation method to reduce the input of the second-stage fine
segmentation network through the position information of the first-stage coarse segmentation mask. Although the
segmentation accuracy is greatly improved, however, the use of context information in the pancreas segmentation
process has the following two problems: 1) The coarse segmentation and fine segmentation stages are trained indi-
vidually, and the fine segmentation lacks the predicted mask information of the coarse segmentation, which sup-
presses the flow of context information between stages, resulting in part of the fine segmentation that cannot be
more accurate than the coarse segmentation; 2) In the coarse and fine segmentation stage, there is a lack of mutual
supervision information between the adjacent predicted masks of a single batch, which leads to the loss of inter-slice
context information and increases the risk of false segmentation. To solve the above problems, a pancreas segmenta-
tion method based on the recurrent saliency calibration network is proposed. By recurrently using the previous
stage output segmentation mask as the spatial weight of the current stage input and performing joint training, the
context information between stages is effectively used. Besides, a convolutional self-attention calibration module is
suggested, which performs cross-sequence supervision of inter-slice context information and significantly improves
the false segmentation. The proposed method is verified on the public datasets, and the experimental results show
that it improves the average segmentation accuracy while improving the results of false segmentation.

Key words Pancreas segmentation, stage context information, inter-slice context information, convolutional self-at-
tention, calibration module
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Sk KN 512 x 51215 K.

EAR S H, frE CT Y1 HU (House-
field unit) {EHRYE Fi it 25 R PR 75 [-120, 340],
HIE CT YA B HXF MR — 163 [0, 1] Z A,
[E] s BE AL [—15°, 15°] BEHLESS.

SLR 73 SRR RN fE AR

SEIGAEH Pytorch 1.2.0 iR A, £ Ubuntu

3.2
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16.04 ¥:1E 24511 2 H: RTX 2080ti J 7 & K47 3.3 SEIEXEE oA

%k, IR SV /N 3 B R 3] {1 K

e R A3 T ATFPHAR A (NIH I MSD) B
EEL, Adam : DTSR e SR, T i T P 25 R v 0 4% g

1.0 x 1074, SZPRT- A7 KA, INZRPY B RiEARIK
BT BB A LI 4 3758 SRR TV AR G
BRI &Y. BRI N 4, FURGEER
I 3 AR NI, B 1/ NERAESE. Jhaes
4R, HHET DSC R, 1ENR& R,

WERERE. Y G 72 75 B0 I I ) 7% 36 553
BMEBE R (R (5)). EAEZERE: gl
I, T MESBIBENIIME I, SB=4E T
BRI BIHERD, FT AR 06 B B A F bR bR 25 1R
N TR SO, SRR I BT R — BB B 2 .

PR TR, R 3 AR Gk AR A A, R
Bk bR AR 2, BT LA FH 25 By B B RS A M o
05 5, BARRIFAE /NS —B B rs N R, i
FERATERASE, T g Ra] L EFE, B
LRI BE AT IR T GPU &A%, #ig kLT
PLIE b5t R S s MR A6 30 0 1 e B de 1k R 1
T N6, RIS ge 4t R, kAR EK
B 73 BRI PR

SEEGKH DSC PR AV HEAR, WX (16) B,
FLIAR RSN 4> RIS AZ EE (W R £ 5 B SR 2 R0 7)1
W SRR M. Hrb, v 2Bk, P ORI
I3 B

DSC(Y, P) = %

*1

(16)

Table 1

EITE. EEY NS E Y 1) BB E T XEREA
Mk H; 2) YA B SUE BARMED T 3) 45
B BT SUE B A B SCE B 2 RS
HER 28 2L T 5 4) SN YR B0 E 20 B 45 R 1
SO 5) 2R AR S 400 S I )V #E.
331 MEBLETXERBEHIESH

AR U SIEIG: F  f BE LR S B T I
BEMISEN, 73 54T T P8 S

1) &1 RELAM 43 B0 4 FF N 5 LA 23 E1 B I 25
PR AR 25 1k I 28 B I R aBE AT 0] P S, FEL 4
53 FUIBE S IR LA S AP S5l 385 418 D 255 T 5 I T A
TR SRR I B R B R, b
DEIP B L T B BRI . S A
RN 1 P, FAoA g o 156G I 2R Ll TR0
B TFINGRAE P Bt S LAl oR 1 58 e 1 2y
oy B A AT AR AR AE 22, e B O B 25 P4
SR BRI 2 1 o R i DX SO IR A L Al 2 BB B B
NICE B EATECA UL TG 3 TR 2% 1B 1 )
ZAH LU T R 40 43 B B I 50 SR 1 4 B RO B2 T
RV TAE B 2 i B B R SCE BB E ISR, t b
A HTAT R, B2 AR B bR SCE B TR
HER AR AR T HL EL TR

2) EERHIEIA 2 R 25 U Bt AT 20 A,
R 2 PR, BEES 1 G, 7E NIH £dli & b, bR

FLAR > 17 TR BEA IR A S 2 VI & I R oy B 45 2R

Segmentation of coarse-to-fine separate training, joint training and recurrent saliency joint training

P44 DSC (%) + Std (%)

Fok DSC (%) Fub DSC (%)

Jiik

NIH MSD NIH MSD NIH MSD
L4051 55 FF I 25 81.96 & 5.79 78.92 4 9.61 89.58 89.91 48.39 51.23
FLAH 45 2B 2| 26 83.08 & 5.47 80.80 + 8.79 90.58 91.13 49.94 52.79
TEIR 25 PR R 248 B 5 1 85.56 & 4.79 83.24 4 5.93 91.14 92.80 62.82 64.47
2 G EVE M A R
Table 2 Test results of recurrent saliency network segmentation

T4 DSC (%) + Std (%)

Fk DSC (%) F/IN DSC (%)

IERE

NIH MSD NIH MSD NIH MSD

550 WIEAR (L4 E)) 76.81 & 9.68 73.46 + 11.73 87.94 88.67 40.12 47.76
B 1 PR 84.89 + 5.14 81.67 + 8.05 91.02 91.89 50.36 52.90
2 YOER 83.34 4 5.07 82.23 + 7.57 90.96 91.94 53.73 56.81

5 3 IEAR 85.63 = 4.96 82.78 + 6.83 91.08 92.32 57.96 58.04
B4 B 85.79 + 4.83 82.94 + 6.46 91.15 92.56 62.97 63.73
5 kAR 85.82 + 4.82 83.15 + 6.04 91.20 92.77 62.85 63.99
56 IER 85.86 + 4.79 83.24 + 5.93 91.14 92.80 62.82 64.47
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JiR -1 25 DSC #Eff 2 N 76.81% LT3 84.89%,
FRUEZE M 9.68% 43 5.14%; £E MSD ##i4E I, Ji#
IR DSC R %M 73.46% 73] 81.67%,
FruEZE M 11.73% %3 8.05%. T AL BB B2
NS LN UE B BIEIN, P DSC R A
EMEARA BRI B2, Feus s, |+
53 FENHED S 50 45 B0 T 1 vk o 58 45 SR A 008
A FEB A B GE B Y DSC k26 AbR ik 224X
IR BE ETERL R B {E X T B/ DSC 4
RIRTHIIE, 2N 40.12% ETF3H &K 62.82%-
47.76% LT+ BB =) 64.47%, B RARTE T ERR
A MEREA I DSC 2 EERf .
332 YR ETXEEBRMS

AT L SEEG R U R R SOE BT R
EPERERISZ, 43 AHEAT T PR 4 S

1) EFXTHLAH 73 E1 DL 4G 2R 2 35 14 99 28 Bl
SRAEN AN AR A ING T B R IR HER SR Y) A
FREREY, TR R o, Wk 3 B
. ABXS T RIS NG R E T = R WA R 4 4y
BRI, W T B R IR B A 2
oy BB VI ZRAE NIH Fda 48 b T34 DSC #E
MR RTE T 1.64%, tniEZ N T 0.40%; £ MSD
BEsE b RT3 DSC #ERRIRTF T 1.29%, Fr
HEZ TR T 0.88%. TEMNEIELE b, JHR IR 5/
DSC ZrE et R A B L. AR, 7638 25 1M
LRIRA U GRAE IS INAEAR 1 B A HERE (A1)
BF, AH BT AR INE AR BB R o)
PERETE 2 B AE R R AR e 1 LI T 2. f sk n]

LA H, B EERIGERSR SR HY F EF
SCAE JE S R o 1 4

2) E XA ST E R R AERL I 2 TS AR
TR I EE BT AR A 4 X 4 7 2 1 i ) 33t
AT SREG T EE, g 4 Fron. KA SO TV HE B AR
ERE=WAL iR 2Ny il DA N e e AR SR i NN VA ]
ML (CLSTM), B ZE 145 %70 (Con-
vGRU) M FH Z B 1G5 76 (TrajGRU) )
HHEBUEAME W 4, FEAT SZI0 00 b P ASE 8
LI BT LR, BB EER R
BEERANE R AE AR T3 DSC 4> B R bR £
BOH RS /N B R BB T B T
UG PP 22 9 285 AR TR ABE B 7 11 391,

3.3.3 MEREZEMHREMEEYMES

N HE— 5 U A A ST T VEAE R oy F Ty ik
AR, ASCO75 M al R REWER 75T T
F .

NITH iR 50d 45 B seie gt Bans 5 iR, A
ik HoAth B AR RS o B 5 kAT T
AR, FH BT A — g g i 1) v - 1028 26361 4
LR 7 ek 1) BEA AR EZ M B LT
XAE R 2) AR VR R IR AR R MR —
BB R > IS, T 15 DSC 43 B HER R M = 1)
85.40% FEFFH 87.11%, .3 03 T RIRT3 50 %
RO R BIMERR M = 1 91.46% T2
92.57%. FH bt = 4 i i o3 1 g 30 1020730571 K5
P B H R IR 7 o R R BT S
5, BE>S80E (CPU BAZHKE) MR, &

K3 IS ST L

Table 3

Comparison results of adding calibration module

F¥ DSC (%) + Std (%)

K DSC (%)

Kb DSC (%)

Jiik

NIH MSD NTH MSD NIH MSD

HELA0 2 FN A I AR S INAS AR e 83.08 + 5.47 80.80 + 8.79 90.58 91.13 49.94 52.79
KL B4 ) SRR e AR B 84.72 £ 5.07 82.09 + 7.91 90.98 92.90 50.27 53.35
BB S 25 T R 48 S VAR IS M A B 85.86 & 4.79 83.24 + 5.93 91.14 92.80 62.82 64.47
EFP S 2 R 8 R T s A 87.11 + 4.02 85.13 + 5.17 92.57 94.48 67.30 68.24

x4 JERESEIEET CLSTM M & = 145 Bttt

Comparison results based on CLSTM and self-attention mechanism in pancreas segmentation

Table 4

44 DSC (%) + Std (%)

ok DSC (%)

F/IN DSC (%)

Tl

NTH MSD NTH MSD NTH MSD

FET CLSTM A& 86.13 + 4.54 84.21 + 5.80 91.20 93.47 63.18 64.76
T ConvGRU KeHERiER 86.34 + 4.21 84.41 + 5.62 92.31 94.05 65.73 66.02
HTF TrajGRU RfEREHL 86.96 + 4.14 84.87 £+ 5.22 92.49 94.32 67.20 67.93
ST B R R R 87.11 + 4.02 85.13 + 5.17 92.57 94.48 67.30 68.24
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#* 5 NIHH¥%E EARGHRINESERILE (“—FR F 6 MSD HIRE LA o E g R A
SCHR SR SR Table 6 Comparison of different segmentation methods
Table 5  Comparison of different segmentation methods on MSD dataset
o e ) .
on NIH dataset ( ", lﬁifjttsie? lack of reference in - q:igs?j((j%f;m e ) BN DSC ()
S Rl P DSC (%) + Jk DSC (%) Jith DSC (%) SCHk [39] 3D 79.98 + 7.71 93.73 61.64
Std (%) SCHk [38] 3D 82.37 + 5.68 90.85 62.43
SOk [22) 2D 71.80 =+ 10.70 86.90 25.00 Sk 28] 2D 8471 4 7.13 05.54 58.62
SCik 23] 2D 81.27 + 6.27 88.96 50.69 Sk [10] 3D 84.92 4 5.91 92.75 66.58
SCHk [36) 2D 82.40 £ 6.70 90.10 60.00 KT 2D 85.13 4 5.17 04.48 68.24
SCHR [3) 2D 82.37 + 5.68 90.85 62.43
Sk 37 3D 84.59 + 4.86 91.45 69.62 100 0
SR [10] 3D 85.99 4 4.51 91.20 57.20 s 95
SCHR (5] 3D 85.93 & 3.42 91.48 75.01 g o0l ﬁ J_‘
SCHk [29] 3D 82.47 + 5.50 91.17 62.36 &
SCHk 200 2D 82.87 £ 1.00 87.67 81.18 iﬂ 8 T
Sk [19] 2D 84.90 + — 91.46 61.82 o 80r T
ik [26) 2D 85.35 + 4.13 91.05 71.36 3\, 75 o
Sk [21] 2D 85.40 %+ 1.60 - - p 0l
Hk [30] 3D 86.19 + — 91.90 69.17 9 ;
AxJi: 2D 87.11 + 4.02 92.57 67.30 NI MSD
SRR, Y TR, L o NITFUIRA WS R LR
— ) ’ ’ Fig.7  Box plot of the method in this paper on

JURF35) 40 R 26 M B = 1) 86.19% $2 721 87.11%,
B R EER R N =1 91.90% ETHE] 92.57%.

MSD iR 8 4 B seie g Rk 6 fs, A
RS BAA AR R R IR S ) 7 AT T T
BT 4B 7775 S DSC 43 EER R
M 84.71% 2T+ 5] 85.13%, FrifEZEM 7.13% P&
5.17%, w33 Tt 1 IR B 77 L RS E 1 fe/N oy
EHER M 58.62% LTt 68.24%, $E T HIMERE
A EIWER . A EL T = 48 R 4y E1) 7y 5P
35 DSC 73 HERf 2 Bt = 1) 84.22% $&F121] 85.13%)
B R AR /N> B HER 2 35 A BT e T+

ACJTEAE NIH M2 MSD Ji i 4 4 FAE 4k
Bl 7 frs. ASSO0 4 a5 SR3EAT 1 R, 1A 8.
K9 s, JEELT 5 MR EFEAR, F—1T7 NE—
AN ZAE AR R B 45 R W SRR
T 25 R, s RER B SR, WEIF T LLE
W, ARSI B S R B S AR S AR R
3.3.4 WWAVIRBENSEERNE

Rt — 25 15 B JR At N VR B0 6 AR ST )
s, KU B B RN W BN 34 5 T AT SR
L, wnsk 7 fER 8 o, BEAE IR AT A 5 H
(38 0, ~F¥ DSC 43 E R R i K DSC 4 &1
EIA /NEFZIR T, &/ DSC 4 FIHE# 248
FBONERE. AT CUE B 3090 A B T o A HE
FEAR R BB KM, X1 EIR A Bl SVBOH 1

NIH dataset and MSD dataset

PRISERE A JE R B L G 7 5 -+ — FR M 2K B o0 A BN
P 0 R HMERE AR DL S0 v 4331 H BRI/ R PR A
A, SEHEZMY A HE e g BRI H AR F
KR
3.3.5 MEESHERIEERE
A UNet /E SR T M4, B o #
BrEL, RSB Bt =ML S5, b TS HE.
LT FONE 2 873 W 2 32 1R 7 BB 2 L
AHEADMSEE, R 9 PR, BT R B
] UNet!", 3D UNet"!, AttentionUNet!? F1 UN-
et++1 SEorEIMN 4% SHCEA BTG N, E2 B B
(1) 53 1 7 323 FKS FE UG AHEE T Fix-point® f# H
FCN 1EAE W 2% I LA FH = AR T 25 50 )1 25
BB ENR, AL SHE B ER D T GG-
PEN® BARSH A Pl n, (H2 75 Ek A B
$eTt.

SCHR [44) 8 A R AR 28 B I = AN ROIR THNE A%
AN VIZRAERL ) 3 H 2 E1 9 B AE A9 A 0
FRBERHE, B0 1 I [BVEAE, G038 10 Fros. SCHR [23]
TE=ANHPR T o3 47 AL, 43 %, 78 Titan X
(12 GB) GPU Ll T 9 ~ 12 A~/ SCik [22] 15
M2 ERr, we g R, 55k
FHBB Z= Yl o RIS R, BAMY B TR I 2.
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NIH Case # 064

NIH Case # 067

NIH Case # 075

NIH Case # 080

K8 NIH s B4 Bxt bt

Fig.8 Comparison of segmentation results on NIH dataset

110 A S i 5 ) 73 3245 P o 21 35 AR 950795, PRAR Jiid, oyl =AY FON I SRR 1) = AN Stk T
TR P 8 90 1 R SCHR (3] 458 T E A NG, PRI A0 H RS A7 BAS B A 2 1
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Fig.9 Comparison of segmentation results on MSD dataset
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Table 7 Comparison of the segmentation of different

network input slices on NIH dataset

Eﬁgg Vi i %ﬁs]?j?qg/ )+ BK DSC (%) /I DSC (%)
3 2D 87.11 £ 4.02 92.57 67.30
5 2D 87.53 £ 3.74 92.69 69.32
7 2D 87.96 + 3.25 92.94 71.91

#* 8 MSD i EAF P2 4m A U) Fr % H 5 BI85 R i
Table 8 Comparison of the segmentation of different
network input slices on MSD dataset

D e 050 ok psc ) sk DSC ()
3 2D 85.13 £ 5.17 94.48 68.24
5 2D 85.86 + 5.01 94.75 70.31
7 2D 86.29 + 4.80 95.01 73.07
x99 ARARFITESEEILR
Table 9  Comparison of the number of parameters of
different segmentation methods
Ik oy EIYESE SRR
FCONE 2D 134.26 M
UNet! 2D 28.34 M
3D UNet!"! 3D 16.31 M
AttentionUNet!" 2D 35.06 M
UNet++ 1 2D 36.74 M
Fix-point? 2D 807.93 M
GGPFN® 2D + 3D 42.00 M
AT 2D 59.47 M
R 10 AFEFET I R FELL L
( “RIRICHR P kDS H )
Table 10  Comparison of time consumption of different

“ ”

segmentation methods ( indicates a lack of reference

in the literature)

N S A
T e e 4
(min)
SCHR [44] 2D 2~3
SCHE [22] 2D 1~3 ~ 55 GTX Titan Z (12 GB)
Sk [23] 2D 2~3 9~ 12 Titan X (12 GB)
SCHR [3] 2D ~3 — —
SCHR [36) 2D — ~3  GTX Titan X (12 GB)
Ak 2D 11 ~8  RTX 2080ti (11 GB)

A TR AR s, 1] UNet™ i FCN®
VEN o BV T M4, 8250 S 808 il L fE s
[A]. AHEL T 3CHR [36] 25 TlA G R 2 M4 Al 2

)N, SR I B BB 60 4 A,
(R4 BURE T2 271 91 62

4 REESmE

X g i o A I (1 ), ASSCHR Y T A
P S 2 PR A HE R 28 1R SRR 23 3. e TTkAE
T 1) MR E 2 MR BT SO BB ISR, a8
AR S B B2 R R 53R A PR 2 7 B
H HE 0 58 7 ME AR BR A JE A D 20 70 1 0 2% B N 1) 2
%, BRI BLE R SUE BRI 2) R
B R IR R 5 P AT A A 2800 F |
TICEERIFR, Bk RIF B 1 i,
O T TR AR I A B BN RIL . A E
3 5 BR 73 9% DR 3 S B0 AR) % 70 35 Te j  EAl JBR i 7
FUEMLE, AR SO VE R St T AEAT ) DSC
Iy EIMERA IR T IR AR D B4R . AT
TR BB IT 12, J5 SRt Ok 2% R e ik —
B Z R B T 3UE B AR B SUE B g
LR R, s AR R 28 MR 5 e A B R A 4.

References

1 Siegel R, Miller K, Fuchs H, Jemal A. Cancer statistics 2021.
CA: A Cancer Journal for Clinicians, 2021, 71(1): 7-33

2 Long J, Shelhamer E, Darrell T. Fully convolutional networks
for semantic segmentation. In: Proceedings of the 2015 IEEE
Conference on Computer Vision and Pattern Recognition. Bo-
ston, USA: IEEE, 2015. 3431-3440

3 Zhou Y, Xie L, Shen W, Wang Y, Fishman E K, Yuille A L. A
fixed-point model for pancreas segmentation in abdominal CT
scans. In: Proceedings of the 2017 International Conference on
Medical Image Computing and Computer-assisted Intervention.
Quebec, Canada: Springer, 2017. 693-701

4 Zhang Y, Wu J, Liu Y, Chen Y F, Chen W, Wu E X, et al. A
deep learning framework for pancreas segmentation with multi-
atlas registration and 3D level-set. Medical Image Analysis,
2021, 68(2): 101884-101889

5 Wang W, Song Q, Feng R, Chen T, Chen J, Chen D Z, et al. A
fully 3D cascaded framework for pancreas segmentation. In: Pro-
ceedings of the 2020 IEEE International Symposium on Biomed-
ical Imaging (ISBI). Lowa, USA: IEEE, 2020. 207-211

6 Ma Chao, Liu Ya-Shu, Luo Gong-Ning, Wang Kuan-Quan. Com-
bining concatenated random forests and active contour for the
3D MR images segmentation. Acta Automatica Sinica, 2019,
45(5): 1004-1014
(S, X, 98D, £ 4. 5T GIRBENL AR 5 7 sl B
3D MR EU& %1, Azhik24R, 2019, 45(5): 1004-1014)

7 Shi X, Chen Z, Wang H, Yeung D Y, Wong W K, Woo W.
Convolutional LSTM network: A machine learning approach for
precipitation nowcasting. In: Proceedings of the 2015 Advances
in Neural Information Processing Systems. Quebec, Canada:
MIT, 2015. 802—810

8 Yang Z, Zhang L, Zhang M, Feng J, Wu Z, Ren F, et al. Pan-
creas segmentation in abdominal CT scans using inter-/intra-
slice contextual information with a cascade neural network. In:
Proceedings of the 2019 Annual International Conference of the
IEEE Engineering in Medicine and Biology Society (EMBC).


https://doi.org/10.3322/caac.21654
https://doi.org/10.3322/caac.21654

2716 H 3

S 48 %

10

11

12

13

14

15

16

17

18

19

20

21

Berlin, Germany: IEEE, 2019. 5937-5940

Li H, Li J, Lin X, Qian X. A model-driven stack-based fully con-
volutional network for pancreas segmentation. In: Proceedings of
the 5th International Conference on Communication, Image and
Signal Processing (CCISP). Chengdu, China: IEEE, 2020. 288—
293

Zhao N, Tong N, Ruan D, Sheng K. Fully automated pancreas
segmentation with two-stage 3D convolutional neural networks.
In: Proceedings of the 2019 International Conference on Medical
Image Computing and Computer-Assisted Intervention. Shen-
zhen, China: Springer, 2019. 201-209

Ballas N, Yao Y, Pal C, Courville A. Delving deeper into convo-
lutional networks for learning video representations. arXiv pre-
print arXiv: 1511.06432, 2015.

Farag A, Lu L, Turkbey E, Liu J, Summers R M. A bottom-up
approach for automatic pancreas segmentation in abdominal CT
scans. In: Proceedings of the 2014 International Conference on
Medical Image Computing and Computer-Assisted Intervention
Workshop on Computational and Clinical Challenges in Abdom-
inal Imaging. Cambridge, USA: Springer, 2014. 103-113

Kitasaka T, Oda M, Nimura Y, Hayashi Y, Fujiwara M, Mis-
awa K, et al. Structure specific atlas generation and its applica-
tion to pancreas segmentation from contrasted abdominal CT
volumes. In: Proceedings of the 2015 International Conference
on Medical Image Computing and Computer-Assisted Interven-
tion Workshop on Medical Computer Vision. Munich, Germany:
Springer, 2015. 47-56

Deng G, Wu Z, Wang C, Xu M, Zhong Y. CCANet: Class-con-
straint coarse-to-fine attentional deep network for subdecimeter
aerial image semantic segmentation. IEEE Transactions on Geo-
science and Remote Sensing, 2021, 60(1): 1-20

Ronneberger O, Fischer P, Brox T. U-net: Convolutional net-
works for biomedical image segmentation. In: Proceedings of the
2015 International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich, Germany: Springer,
2015. 234-241

Li Yang, Zhao Yu-Qian, Liao Miao, Liao Sheng-Hui, Yang Zhen.
Automatic liver segmentation from CT volumes based on level
set and shape descriptor. Acta Automatica Sinica, 2021, 47(2):
327-337

(EFH, BT, B, B, IR, JE TP AR IR Hk 74 1 18
#CT FHIRFAEE 307 E. Baifasdk, 2021, 47(2): 327-337)

Xia Ping, Shi Yu, Lei Bang-Jun, Gong Guo-Qiang, Hu Rong,
Shi Dong-Xia. Ultrasound medical image segmentation based on
hybrid probabilistic graphical model in complex-wavelet domain.
Acta Automatica Sinica, 2021, 47(1): 185-196

(EF, Muss, BHE, 2REM, 9%, A8, SRS MR
R B2 R 4 8. B a5k, 2021, 47(1): 185-196)
Feng Bao, Chen Ye-Hang, Liu Zhuang-Sheng, Li Zhi, Song
Rong, Long Wan-Sheng. Segmentation of breast cancer on DCE-
MRI images with MRF energy and fuzzy speed function. Acta
Automatica Sinica, 2020, 46(6): 11881199

(B, BRLfn, PR, 228, ORI, e, 454 MRF fesfiR
R B 1) LR R o . H B AR, 2020, 46(6): 1188—
1199)

Zhang D, Zhang J, Zhang Q, Han J, Zhang S, Han J. Automat-
ic pancreas segmentation based on lightweight DCNN modules
and spatial prior propagation. Pattern Recognition, 2021, 114(6):
Article No. 107762

Huang M L, Wu Z Y. Semantic segmentation of pancreatic med-
ical images by using convolutional neural network. Biomedical
Signal Processing and Control, 2022, 73(3): 103458-103470

Liu Z, Su J, Wang R H, Jiang R, Song Y Q, Zhang D Y, et al.
Pancreas Co-segmentation based on dynamic ROI extraction and
VGGU-Net. Expert Systems With Applications, 2022, 192(6):

22

23

24

25

26

27

28

29

30

31

32

33

34

35

36

37

116444-116453

Roth H R, Lu L, Farag A, Shin H C, Liu J M, Turkbey E B, et
al. Deeporgan: Multi-level deep convolutional networks for auto-
mated pancreas segmentation. In: Proceedings of the 2015 Inter-
national Conference on Medical Image Computing and Com-
puter-Assisted Intervention. Munich, Germany: Springer, 2015.
556—564

Roth H R, Lu L, Lay N, Harrison A P, Farag A, Sohn A, et al.
Spatial aggregation of holistically-nested convolutional neural
networks for automated pancreas localization and segmentation.
Medical Image Analysis, 2018, 45(3): 94-107

Karasawa K, Oda M, Kitasaka T, Misawa K, Fujiwara M, Chu
C, et al. Multi-atlas pancreas segmentation: Atlas selection ba-
sed on vessel structure. Medical Image Analysis, 2017, 39(5):
1828

Man Y, Huang Y, Feng J, Li X, Wu F. Deep Q learning driven
CT pancreas segmentation with geometry-aware U-Net. IEEE
Transactions on Medical Imaging, 2019, 38(8): 1971-1980

Li J, Lin X, Che H, Li H, Qian X. Pancreas segmentation with
probabilistic map guided bi-directional recurrent UNet. Physics
in Medicine and Biology, 2021, 66(11): 115010-115026

Khosravan N, Mortazi A, Wallace M, Bagci U. Pan: Projective
adversarial network for medical image segmentation. In: Proc-
eedings of the 2019 International Conference on Medical Image
Computing and Computer-Assisted Intervention. Shenzhen, Chi-
na: Springer, 2019. 68-76

Fang C, Li G, Pan C, Li Y, Yu Y. Globally guided progressive
fusion network for 3D pancreas segmentation. In: Proceedings of
the 2019 International Conference on Medical Image Comput-
ing and Computer-Assisted Intervention. Shenzhen, China: Sprin-
ger, 2019. 210-218

Mo J, Zhang L, Wang Y, Huang H. Iterative 3D feature en-
hancement network for pancreas segmentation from CT images.
Neural Computing and Applications, 2020, 32(16): 12535-12546

Wang Y, Zhang J, Cui H, Zhang Y, Xia Y. View adaptive learn-
ing for pancreas segmentation. Biomedical Signal Processing and
Control, 2021, 66(4): 102347102361

Vaswani A, Shazeer N, Parmar N, Uszkoreit J, Jones L, Gomez
A N, et al. Attention is all you need. In: Proceedings of the 2017
Advances in Neural Information Processing Systems. California,
USA: MIT, 2017. 5998—6008

Simpson A L, Antonelli M, Bakas S, Bilello M, Farahani K, Van
G. A large annotated medical image dataset for the develop-
ment and evaluation of segmentation algorithms. arXiv pre-
print arXiv: 1902.09063, 2019.

Glorot X, Bordes A, Bengio Y. Deep sparse rectifier neural net-
works. In: Proceedings of the 14th International Conference on
Artificial Intelligence and Statistics. Florida, USA: ML Resear-
ch, 2017. 315-323

Kingma D P, Ba J. Adam: A method for stochastic optimiza-
tion. arXiv preprint arXiv: 1412.6980, 2014.

Shi X J, Gao Z H, Lausen L, Wang H, Yeung D Y, Wong W K,
et al. Deep learning for precipitation nowcasting: A benchmark
and a new model. In: Proceedings of the 2017 Advances in Neur-
al Information Processing Systems. California, USA: MIT, 2017.
5617-5627

Cai J, Lu L, Xie Y, Xing F, Yang Y. Improving deep pancreas
segmentation in CT and MRI images via recurrent neural con-
textual learning and direct loss function. arXiv preprint arXiv:
1707.04912, 2017.

Zhu Z, Xia Y, Shen W, Fishman E, Yuille A. A 3D coarse-to-
fine framework for volumetric medical image segmentation. In:
Proceedings of the 2018 International Conference on 3D Vision
(3DV). Verona, Italy: IEEE, 2018. 682-690


https://doi.org/10.1109/TMI.2019.2911588
https://doi.org/10.1109/TMI.2019.2911588
https://doi.org/10.1088/1361-6560/abfce3
https://doi.org/10.1088/1361-6560/abfce3
https://doi.org/10.1007/s00521-020-04710-3
https://doi.org/10.1109/TMI.2019.2911588
https://doi.org/10.1109/TMI.2019.2911588
https://doi.org/10.1088/1361-6560/abfce3
https://doi.org/10.1088/1361-6560/abfce3
https://doi.org/10.1007/s00521-020-04710-3

11 B R A8 T B S 35 MR v 0 2% Y Rl 2 17 ik 2717

38 Roth H R, Shen C, Oda H, Oda M, Hayashi Y, Misawa K, et al.
Deep learning and its application to medical image segmenta-
tion. Medical Imaging Technology, 2018, 36(2): 6371

39 Roth H R, Oda H, Zhou X, Shimizu N, Yang Y, Hayashi Y, et
al. An application of cascaded 3D fully convolutional networks
for medical image segmentation. Computerized Medical Imaging
and Graphics, 2018, 66(4): 90-99

40  Li W, Wu X, Hu Y, Wang L, He Z, Du J. High-resolution recur-
rent gated fusion network for 3D pancreas segmentation. In:

Proceedings of the 2021 International Joint Conference on Neur-
al Networks (IJCNN). Shenzhen, China: IEEE, 2021. 1-7

41  Cicek O, Abdulkadir A, Lienkamp S S, Brox T, Ronneberger O.
3D U-Net: Learning dense volumetric segmentation from sparse
annotation. In: Proceedings of the 2016 International Confer-
ence on Medical Image Computing and Computer-Assisted In-
tervention. Athens, Greece: Springer, 2016. 424—432

42 Oktay O, Schlemper J, Folgoc L L, Lee M, Heinrich M, Misawa
K, et al. Attention U-Net: Learning where to look for the pan-
creas. arXiv preprint arXiv: 1804.03999, 2018.

43 Zhou Z, Siddiquee R M M, Tajbakhsh N, Liang J. Unet++: A
nested U-Net architecture for medical image segmentation. In:
Proceedings of the 2018 Deep Learning in Medical Image Ana-
lysis and Multimodal Learning for Clinical Decision Support.
Granada, Spain: Springer, 2018. 3—11

44 Roth H, Lu L, Farag A, Sohn A, Summers R. Spatial aggrega-
tion of holistically-nested networks for automated pancreas seg-
mentation. In: Proceedings of the 2016 International Conference

on Medical Image Computing and Computer-Assisted Interven-
tion. Athens, Greece: Springer, 2016. 451-459

ERpife VLo R E LR SiEAE
TR e L e A 3 2 A
T3 e g B A E R .

E-mail: 2111908005@stmail.ujs.edu.
cn

(QIU Cheng-Jian Ph.D. candidate
at the School of Computer Science

and Communication Engineering, Jiangsu University.

His main research interest is medical image segmenta-

tion.)

XEWL B REE TR A
B 0% . AT IET7 [ AN 25 73
T 5 f#. E-mail: gsliu@nuist.edu.cn
(LIU Qing-Shan Professor at the
School of Automation, Nanjing Uni-
versity of Information Science and
Technology. His main research in-
terest is video content analysis and understanding.)

RRK LT RZE R SilAE
RSB EEBEFTT M B
K&, BEizd.

E-mail: ygsong@ujs.edu.cn

(SONG Yu-Qing Professor at the
School of Computer Science and
Communication Engineering, Ji-
angsu University. His research interest covers medical
image analysis and data mining.)

X F LR ENR S s
TR B . FEEEHE T T M A
BHACEE, B BB . A SCEE
{E# . E-mail: lzhe@ujs.edu.cn

(LIU Zhe Professor at the School
of Computer Science and Commu-
nication Engineering, Jiangsu Uni-
versity. Her research interest covers intelligent data
processing and medical image analysis. Corresponding
author of this paper.)



	1 相关工作
	2 本文方法
	2.1 循环显著性校准网络
	2.2 卷积自注意力校准模块

	3 实验结果与分析项
	3.1 数据集及预处理
	3.2 实验方法细节及评价指标
	3.3 实验对比分析
	3.3.1 阶段上下文信息有效性分析
	3.3.2 切片上下文信息有效性分析
	3.3.3 循环显著性校准网络有效性分析
	3.3.4 输入切片数目对分割结果的影响
	3.3.5 网络参数量及时间消耗


	4 总结与展望
	参考文献

