B I - M

534 % W2 202342 A Journal of Optoelectronics * Laser Vol. 34 No. 2  February 2023

DOI:10. 16136/j. joel. 2023. 02. 0144

— iR U-Net PRIG5 945 % B A 23 815

FARL. KIET . GRAT. B . 0 ALE R

(L PERIATIm A R B2 DUJI IR 6105005 2. PRS2 5 BRMEHARERE . PI# HiIE" 850000)

WE . 4ihERET B R0 E W4 a0 AT 50 Har s B W o # Bk
LR o BB DL R BN E  n) 8 L HEH T — F e i U-Net 5 M E R HEE L.
iz Rl A B T 2 RE S i ABEHLM R 2 88, 52 o I IR IR Z R E i U B .
IR S B, AR BT ) S B b R E T B s R B B B oK BRI 1 R AE 9 Ak Ak
Jro kT B BUZ BRI S ) 30Ok oR B, B T B R A 9 fb vk R B # . 7E Kvasir-SEG U 4 b
HEAT SCU A2 A AL R BT X A2 ST e L 73 A AR AR KA B B T 90, 399 .88, 34 % . 83. 62 % A
95.12% . SEHG 25 HE W L SO B SR B T 40 #) AR N IR AL | 3D SoRLRE K 4y ) OR 52 4 i ) R
T H A B A A F A

KB S ERN; B E 2 ER; 98 U-Net; 435457 2 ok 8

i E 4 %S TP391 X EkERIRAD ;A X E 4 S :1005-0086(2023)02-0214-11

A colon polyp segmentation algorithm based on improved cascaded
U-Net network

WANG Longye' , ZHANG Kaixin'* , ZENG Xiaoli* , XIAO Shu', XIAO Yue', JING Liang'
(1. College of Electrical Information, Southwest Petroleum University, Chengdu,Sichuan 610500, China; 2. Col-
lege of Information Science and Technology , Tibet University, Lhasa,Xizang 850000, China)

Abstract ; Accurate segmentation of polyps in colonoscopy images has become a key aspect in the diagno-
sis of colon cancer. A colon polyp segmentation algorithm with improved cascade U-Net structure is pro-
posed to address the problems of holes,rough segmentation and incomplete segmentation in the current
colon polyp segmentation algorithm. Using the idea of feature fusion,a multi-scale semantic embedding
module and a residual module are designed to make full use of the semantic information of deep and shal-
low features. An attention mechanism is introduced and an improved null convolution module is built at
the cascade of the model to expand the convolutional field of perception and enhance feature capture. The
convolutional layer module and segmentation loss function are improved to promote the generalization
and robustness of the model. The experimental analysis on the Kvasir-SEG dataset achieves 90. 39% ,
88.34%,83.62% and 95.12% for similarity coefficient,average intersection ratio, recall and accuracy,
respectively. The experimental results show that the proposed algorithm improves the problems of in-
ternal holes,rough edges and incomplete segmentation of segmented images and outperforms other polyp
segmentation algorithms.

Key words: colon polyps; image segmentation; atrous convolution; cascaded U-Net; segmentation loss

function
0 2 = —M L HR A ERK R ESEBEASIENR
= P LI L EL G SR A 2 HVA T R Bt BE 2 I Y K
EHEEEK LT REE WIEIEZ JE R R RSB &R IR R R R R A

% E-mail ; 2839966954(@qg. com
%5 B 87 :2022-03-09  {&1T H #7:2022-04-06
BEE£W A : FER A RB 24 (61561045) MY 48 BHE 7813 H (2019JDRC0012) 3% B35 H



%2 F el 5 — R G RIE U-Net 2149 45 15 5 A 55 #) 5 12 « 215 -

AR, B, RO A RS A 45 T A T B 2
o 9 AR AT T Bl T AR G PSR T 32 AR
6 e A B 0 f) T 2l 48 A L K 1) AR 2 6 R
FITRA R S AT E N2 FBC
Gz R MRS

2009 4F, GROSS 4510 2 ROEE VR I T B A
o3 # . AR LL S BRG] B 03 D AH ) X e
KBS . 2012 48, BERNAL %55 2 7 — Fh i JB HE
TR B (sector accumulation depth of valleys accu-
mulation, SA-DOVA) fig & & J7 i, 7] LL 52 3 X &
PR DX S8 7 o AHR 2 AR R . 2015 4R, BERNAL
LTSN fif D 5 A AL IR) L SR B A HE B P R B
(window median depth of valleys accumulation,
WM-DOVA) fig it 161 4 I iz T8 &L 1A DA i 2R 3R 1A
SR TN

DL b Oy BOAR T LA S B L PR Y T R A L (H
WREEMPBIEFL . EAGEFZELANL
B AR T 515 B 55 RRAE B0t 7 1 45 R AFTE
GxHERE L 23 0 A ), T AR RE A TR B 2 T HER
RIE 4 B W #IBksR ABFSE . 2018 4R,
WANG 45 i ] SegNet 52 L A 1015 3K 4431
BT E R BORE E ON s . TASHK 455 3t
T U-Net W28 3517 5 W 70 & . 5T B8 Y 70 31
RO AH 0 26 1 R AR Rl O 50 T R £ B R
g K.

oy fif g LA L R A, ZHOU 4557 L U-Net (1) 4i
T 245 R0 A i 25 O BE L 48 T U-Net+ + 9 2%, 14
T BRERE 8 R . U-Net+ + B8R 6 2 BUR [
JZ2 UK R AR I AR BB G 9/ IR A R SRR AR 2
[f) Y 22 B (H H A PURCZ BF [ 2 BRI b £
RNBEEZE . 2019 4F . JHA 401§ 11 T ResUNet+
P 2%, R I S I s 46 RN B R (squeeze-and-
excitation, SE) ""I%3 [A] 4x 7 B K Catrous spa-
tial pyramid pooling, ASPP) ') 5z # & R JiF %) 4 fiF
il 0 AR AIE S8 TE A R, Y B B, B OR R A 2
RO JBIh ¥FIE, X R 7 R IE W & | fF R
HUANG #1578 U-Net Ml U-Net+ + # 5 fitf | 2
7 U-Net3+ B F ] T 4 RO 0 Bk BR % £z Fn i
JE B RN TR RS IR A i X e &  NZ
RUEZ R G FAE b 27 2 B2 R 7R 98 T A B A7 e 32
AP AN Y )

2020 A JHA S ST @k T % 55 5 — o i 245 it
Tt & 45 40 1 R L B E B L R T IR AR Y XL

T 25 F1OBUA: i 2 45 40, $2 10 T REROE i L U A
5 A DoubleU-Net, MR IZ N4 R BT iF #
5 30 (1 W I VGG-19") i Il 25 W 2% 18 A
o B g H T A Y 10 3 RS BE R AR P (H R IR B
T CEs FARAEfE B, 2021 4F, LIU 4800 4
T ok kB9 MADoubleU-Net, | J 25 ] i & F1 #
H, 5l T DoubleU-Net A fE X} 25 [a] 4k i {5 & ot
A7 AE G PETH A By [R) R, JF B AE A9 1% 48 25 TR 45 R
ERTREMT . A iR #2022 4, SHI
SEUTHR T R Kronecker %3 i 45 B B B A U-
Net, ¥R &b 1 1% 48 25 1 45 B % ¢ 1Y 48 75 F7 4 (B4
A7 AEAR N 2 DR AIE Rl RO AR 1Y ) 2

i #% U-Net, U-Net + + , ResUNet + + |, U-
Net3 + 1 DoubleU-Net 55 & fitti 25 fi# 15 25 ¥4 1 4 #)
J7 ¥ AT LA e o XS /N IR B i S M
(1 120 TR 2 LA 1) 3 0 ARLATY A7 A B 3 e X
S AL N 11 R G S (A 7 P 7 7 NS (= 5
T NI SRR T N ISR R TR R LT )
IR R AR S AR Y — b R A5 U-Net (1)
il B R R Y 5 EA WS B R o E Ak
M, EEAELIT 3 AN J7 AT 1 A0 ot

1) B 1 4k B ) FH AR 22 0 X Bt A R
2o Xt B AR AT 2 o A 3L R WSS A5 B
PG b o't DX Sl B PR 0 B 48 2R 5 L O i i
B A 1 5 ) T3 20 g A A B, 1Y SR R0 2% X
A1 AR AIE 19 22 2T

2) [ 45 B AU 25 4 < AR G S ER Or Sh T 4R TE I
2 (W FRAE e J) M 25 () F 38 8RR AE £ BURCE A
T & )2 & M B (rep convolution block, Rep-
Conv-block) F1 1 & 77 # Bk (convolutional block at-
tention module, CBAM) "' s 7F £ R B 45 1F filt 4 36
O30T WIS R GCRE AR 5 R SRR AR 2 1) SO 22
B, T 2 R E i AR H (multi-scale reso-
lution semantic embedding branch block, M-block)
N 20 4% 22 BE Bt (bottleneck residuals path, Res-
Path) 5 75 i i 25 & BURR 70 o T 97 K8 U2 B
FIHY SRR A AR R L T T 2 ROEE Ak %S T B
FHAL Hk (multi-scale pooling atrous convolution mod-
ules, A-block) ,

3) 40 2% pR R BE N S5 I B IR B S AR R AR TE R
I AN - 1) L ek T A R eR R R T RS
TG 2 T B A 5% L, Bk 45 G i Al X FR 2R R
B BT TR B A0 RE ) R R



« 216 -

1 RHEBREEHIA U-Net B9 B &%

1.1 MACU-Net f48 BIA L

TR i 12 IR 43 B TG AR TE I R A
FLIR 300 5 KRS 3 B AN 56 42 45 (0] 0, AR SCHR A T —
Fiir Lo RO 23§ 18 B BRI 4% (multiscale atrous at-
tention cascade u-network, MACU-Net), H: 3= 3% £
55 Ot it A 0 43 22 RUE AR AT Rl 65 38 4 R ek 25 I 4
BUH Iy BRI ET 1 FToR .

MACU-Net 25250 T 255 R 1) 7K
RO 2% i TGS U B S5 48 1 2 4k i A CBAM, 42 Tt 1% 2%
245 (i) 1138 T8 R AE B8 AR 5 2) 7 Gt 5 2 AR 65 2%
AT Bt ) RepConv-block, 3 38 1 % 45 i) AL fE
F153) LEM LIS U BUSE R 1 ik R 3% 6 40 4301 fim A
T M-block F ResPath, Jili/)N T & 2% F¢AE 5 IR P R#AIE
ZI)E SO 22 00, 32 T T 2 R RE RS PERE s 4) 7
W4 BB AT A-block, §" K T & FUR Z 57 3
MG T REOE A AR e
1.2 wmEBIHD

TR —> U BUS5 0 1 G i 38 0 B A 1 AN ) R
JE T PG R Rt A I 4% R )22 80 B T 25 % 1 [R]85 FE
5 A U BUSE R Y 0% 58 3 1l o B A RO )R
R AE AT B SR AT IR IR AT PR 44 SE I T R AR
P 22 RUBE il a1 o 7RIS U B 45 2 % 21 ik 1%

Ye BB X - B Y& 2023 H34%

BB I T CBAM FHL, 15 7 XF 25 (i) FlH 16
FEAE SRR . 7 A-block A5 B it i 0 A B 1%
O FRAE (Multiply) , 5 T8 XAE R . B R %
) 4 P A 3R 23 v L BREE TLZR ] 1 2H 3 X3 B ARARAE
(conv 3 X 3) Ak, H Ay & )2 22k A SCHE 1Y Rep-
Conv-block, 7 W 44 2 i &8 43 19 5 4F Bl #4717 e K
WAk 2 (MaxPooling) B & R AL 1E , IF 16 2 R HF
TUE 75 950 43 R B 9 3 R AT RRAE RS SRS 1 T 4%
BT EREEERAE (Upsampling) , 52 31 45 AiF B
) RBE S 3

R 3 )  £5 1 RE 23 Bl A TR B 1 i 4 i 5
Je P Bt 2 T 45 38 Ak ) B0, L 3 0% 22 45 4 A o )
E—ERE LS T MRk, fF% RepVGG M
LKA AR AR SCHE T RepConv-block., il
2 IR A EA RS b R PR AL 3 X 3 & AR AE
(convolution, Conv) FI 5% 2= 45 ¥4, Jn & 4t 15 — fk
(batch normalization, BN) \Rel.U %% K %% 1 Drop-
Block.,

TERLRL AR AR B B A ] 1 <1 & AR 22 4540 .
K 2Ca) M 2D TR . Ry TAE PR TETR 2 3015 & 15
PE A A REAE R R R 2o FE 2(D R T[]
A 1 X1 A Tdentity B A5k 2450 . T
BRIZGSHA 2450 3 G W G N T 22 458 T B
BEAE R4 T T M 48 R AR fE

(T

U

-

E% ', MaxPooling 23X2 E

‘.’ Upsampling 22 §

g i =) ResPath

i1 — Transfer
i ===» Skip connection

| == Cony 1X1,Sigmoid |

Multiply

\ H
H I('un\' 3 BN Rel U+ DropBlock §
H H

B 1 MACU-Net [ & Bk 4514
Fig. 1 Overall structure of MACU-Net network



%2 F el 5 — R G RIE U-Net 2149 45 15 5 A 55 #) 5 12 . 217 -

D Cony e BN-+ReLU+DropBlock® Add > Identity

2 BHREEMEBREN: (a) BWH 1; (b) BB 2; (¢) B 3; (d) P4
Fig. 2 Structure of RepConv-block: (a) RepConv-blockl; (b) RepConv-block2; (c¢) RepConv-block3; (d) RepConv-block4
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Fig.7 Comparison of image removed highlight: (a) Original image; (b) Processed image
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Tab.1 Basic information about the dataset

Modality Dataset No. of images Original resolution Input resolution
Endoscopy Kvasir-SEG 1000 Variable 256 X 256
Endoscopy CVC-ClinicDB 612 384 X 288 256 X 256
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Endoscopy ETIS-LaribPolypDB 196 1225 X966 256 X 256
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Tab.2 Comparison of loss function performance

Loss function Dice IoU ToUj mloU Recall Precision
L 0. 8998 0.8071 0.9503 0.8787 0.8328 0.9408
Lpieray 0.8813 0.7973 0.9412 0.8693 0.8373 0.9325
Liogeosn 0.8871 0.8012 0.9486 0.8749 0.8346 0.9381
Ly Cours) 0.9039 0.8108 0.9560 0.8834 0.8362 0.9417
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Tab.3 Ablation experiments

0.96 Number Experimental description
0.94 1 Basic cascade model
0.92 2 1+ De-reflection dataset
_0.90 1 3 2+ CBAM model
% 0.88 4 3+ M-block model
E 5 4+ ResPath model
! 0.86 1 6 5- A-block model
0.84 7 6+ RepConv-block model
0.82 — Train_acc 8 MACU-Net
— Val acc
0.80 - '
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Fig.9 Curve of accuracy
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Tab.4 Comparison of ablation experimental results

Number Dice IoU IoUy mloU Recall Precision
1 0.8688 0.7801 0.9393 0.8597 0.8188 0.9008
2 0.8691 0.7805 0.9398 0.8601 0.8192 0.9012
3 0.8732 0.7883 0.942 4 0.8653 0.8208 0.9213
4 0.8868 0.7992 0.9438 0.8715 0.8234 0.9287
5 0.8903 0.8011 0.9497 0.8754 0.8307 0.908 5
6 0.8936 0.8054 0.9521 0.8787 0.8296 0.9315
7 0.8994 0.8082 0.9505 0.8793 0.8311 0.9378
8 0.9039 0.8108 0.9560 0.8834 0.8362 0.9417

S3AT T Rl ST 36 45 SR T S 4 E SR 3 Y Al
Efin A T M-block . Dice fil IoU #& #5 43 %] £ J+ T
1.36 %/ 1. 0920 5256 5 FESCHG 4 MY JLAE L3 m T
ResPath , Dice il IoU 4§ #5 43 5l I F+ T 0.35 % Al
0.19% ;555 6 FESLH: 5 AUSERE A T A-block,
Dice Fl IoU 845405 EFHT 0.33% 1 0. 43 % 3 5055
7 TESEN 6 Rl B Jin A RepConv-block, f#f Dice Al
ToU F8 543 L THT 0.58 %61 0. 28 %,

WA Lk 2R B, 405 FCNL U-Net, U-
Net + + ., ResU-Net + + . DeepLabv3 + . DoubleU-
Net ,MACU-Net(ours) [ £ 3£ 47 T X b 32, 52 56
ZERNLFE 5. Bk, MACU-Net BB 4E Dice.mlIoU
Fl Recall 845 £ 43 5H3EF T 90. 3920, 88. 3420 i
83.62% . 5 JE fill U- Net N 4% 41 kb 4> B 42 7+ T
34.28%.31. 27% F1 21. 26 % » 5 DoubleU-Net % %%
A BIHEFF T 1.71%.0. 77 % F1 1. 45 %,
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Tab.5 Comparison of segmentation results of different models in Kvasir-SEG dataset

Method Dice IoU ToU, mloU Recall Precision
FCN 0.5541 0.3946 0.6135 0.504 0 0.5914 0.7292
U-Net 0.5611 0.4334 0.7081 0.5707 0.6236 0.9212
U-Net+ + 0.6673 0.6403 0.9372 0.7887 0.6901 0.8716
ResU-Net+ + 0.8388 0.5745 0.9319 0.7532 0.7062 0.8773
DeepLabv3+ 0.6909 0.7511 0.9425 0.846 8 0.8358 0.9175
DoubleU-Net 0.8868 0.8008 0.9507 0.8757 0.8217 0.9448
MACU-Net 0.9039 0.8108 0.9560 0.8834 0.8362 0.9417
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Fig. 10 Comparison chart of MACU-Net and other models segmentation

£ Kvasir-SEG i 4 1 70 %1 45 3 59 % e dn &l 10 By
N o 7R 9 3 vp AT LA HR AR R 2 > ) B i 4 A

++ Resl-Net++ Deeplabv3+ Double U-Net MACU-Net




%2 F el 5 — R G RIE U-Net 2149 45 15 5 A 55 #) 5 12 < 223 -

ABREARIE R ] 5 R T MACU-Net 58 K 9 53 %1
SO T 0 IR FRR 26 SN %I B AT A7 AE 23 A
8PN 2 R A B 40 1 ¥t B A

B4, i i3 3% Kvasir-SEG ,CVC-ClinicDB,CVC-
ColonDB fil ETIS-LaribPolypDB 4 4> %k i 4& 3# 47 4>

Original Ground

image truth T U-Net

Kvasir-SEG |8

CVC-ClinicDB

CVC-ColonDB

ETIS-LaribPolypDB

D S ok I3 MACU-Net 58 89 1932 AL BE J1 .+ 73
A S I Wi N S I VU3 o B DS R S 1 )
M B, E W] T MACU-Net #8551 B AT |4 1932 1k 1
HEBME RS SINGN RS LRERZRL T
o5y PERE .

U-Net++  ReslU-Net++ DeepLabyv3+  Double U-Net  MACU-Net

B 11  MACU-Net 7£ 7 [5) £ #7 55 £ 53 B % L B
Fig. 11 Comparison of MACU-Net segmentation on different dataset

5 & it

A SC A — o U e A5 2 45 i S TR
o R TR R I R BN RS E . T G B 2 R AR B
A RepConv-block Jf 3% i1 4 X Fi i & 451 2K bR
Beo DRI 22 18] 38 SCHY 22 B B8 T AR AE Rl RE
R, 7 B BK 3% 452 40 i A M-block 1 5% 22 Bk IR 3% 2 45
B o OB SR AR T R A9 4R HUARE 7. 7 U B ZE R 2
[INA A-block, SEH 45 R KM JCIE A W i L 5
PR IR R WL IR R O X A RESE BL A I B A
B R By FIERE AL T Al Rl 2R 8k . AR
A SCEEAT AL W 24 2 805 22 U1 25 T 45K 45 ok
B+ 5 Ak 22 A0 Ak 9 B R S0 B T S

S E

[1] TORRE L A, BRAY F,SIEGEL R L, et al. Global cancer
statistics, 2012[J]. CA:A Cancer Journal for Clinicians,
2015, 65(2) . 87-108.

[2] GSCHWANTLER M, KRIWANEK S, LANGNER E, et al.
High-grade dysplasia and invasive carcinoma in colorec-
tal adenomas: a multivariate analysis of the impact of ad-
enoma and patient characteristics[ J]. European Journal
of Gastroenterology & Hepatology. 2002, 14(2). 183-
188.

[3] LEUFKENS A M, VAN OIJEN M G H,VLEGGAAR F P,et
al. Factors influencing the miss rate of polyps in a back-

to-back colonoscopy study[ J]. Endoscopy: Journal for
Clinical Use Biopsy and Technique, 2012, 44(5). 470-
475.

[4] GROSS S.KENNEL M,STEHLE T,et al. Polyp segmenta-
tion in NBI colonoscopy [ C]//Bildverarbeitung fur die
medizin, March 22-25, 2009, Heidelberg, Germany. Ber-
lin: Springer,2009.: 252-256.

[5] BERNAL J, J SANCHEZ, VILARIO F. Towards automatic
polyp detection with a polyp appearance model[ J]. Pat-
tern Recognition, 2012, 45(9) . 3166-3182.

[6] BERNAL J, SANCHEZ F J, FERNANDEZ-ESPARRACH G,
et al. WM-DOVA maps for accurate polyp highlighting in
colonoscopy: Validation vs. saliency maps from physi-
cians[ J]. Computerized Medical Imaging and Graphics,
2015, 43: 99-111.

[7] WANGL, QANY, HU Y. IDDF2018-ABS-0259 segmen-
tation of intestinal polyps via a deep learning algorithm
[C]//International Digestive Disease Forum (IDDF),
June 9-10, 2018, Hong Kong, China. London: BMJ Pub-
lishing Group, 2018:83-84.

[8] TASHK A, HERP J, NADIMI E. Fully automatic polyp de-
tection based on a novel U-Net architecture and morpho-
logical post-process[ C]//2019 International Conference
on Control, Artificial Intelligence. Robotics & Optimiza-
tion (ICCAIRO), December 8-10, 2019, Athens,
Greece. New York: |IEEE, 2019.37-41.

[9] ZHOU Z W.,RAHMAN SIDDIQUEE M M, TAJBAKHSH N,
et al. UNet+ -+ : A nested U-Net architecture for medical
image segmentation[ C]//Deep Learning in Medical Im-
age Analysis and Multimodal Learning for Clinical Deci-



[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

224 -

sion Support. September 20-22, 2018, Granada, Spain.
Berlin: Springer, 2018:3-11.

JHA D, SMEDSRUD P H, RIEGLER M A, et al. ResUNet
-+ -+ An advanced architecture for medical image seg-
mentation[ C]//2019 International Symposium on Multi-
media (ISM). December 9-11, 2019, San Diego., CA.
USA. New York: IEEE, 2019.225-231.

JIE H, LI S, SAMUEL A, et al. Squeeze-and-excitation
networks. [ J]. IEEE Transactions on Pattern Analysis
and Machine Intelligence., 2020, 42(8):2011-2023.
CHEN L C, PAPANDREOU G, SCHROFF F, et al. Re-
thinking atrous convolution for semantic image segmenta-
tion[EB/OL J. (2017-06-17) [2022-03-09]. https://
arxiv. org/abs/1706.05587.

HUANG H. LIN L. TONG R. et al. UNet 3+ : A full-scale
connected unet for medical image segmentation [ C]//
2020 International Conference on Acoustics, Speech and
Signal Processing (ICASSP), May 4-8, 2020, Barcelo-
na., Spain. New York: IEEE., 2020.1055-1059.

JHA D, RIEGLER M A, JOHANSEN D, et al. DoubleU-
Net: A deep convolutional neural network for medical im-
age segmentation[ C]//33rd International symposium on
computer-based medical systems (CBMS), July 28-30,
2020, Rochester, MN, USA. New York: IEEE, 2020:
558-564.

SIMONYAN K, ZISSERMAN A. Very deep convolutional
networks for large-scale image recognition [ EB/OL ].
(2014-09-04) [ 2022-03-09 ]. https://arxiv. org/abs/
1409.1556.

LIUJ W, LIUQH, LI XO, et al.Improved colonic polyp
segmentation method based on doble U-shaped network
[J]. Acta Optica Sinica,2021,41(18):1810001.

XIEEHS XI5 40, 22 SRR, 2 . — Fh Ele ok A XL U 789 (90 2%
250 B ik LJ] o % AR, 2021, 41 (18)
1810001.

SHI Y G, LI'Y, ZHOU Z G, et al. Polyp segmentation u-
sing stair-structured U-Net[ J]. Journal of Electronics and
Information, Technology.2022,44(1). 39-47.
KR, 224 JRYA B 4 TR BR 45 K 1 U-Net 45 1
RAA#EEELI] BT 515 B ¥4, 2022,44(1):39-
47.

SASMAL P, IWAHORI Y, BHUYAN M K, et al.
contour segmentation of polyps in capsule endoscopic im-

Active

ages[ C1//2018 International Conference on Signals and
Systems (ICSigSys). May 1-3, 2018, Bali, Indonesia.
New York: IEEE, 2018 201-204.

WOO S, PARK J, LEE J Y, et al. CBAM: Convolutional
block attention module[ C]//Proceedings of the 15th Eu-
ropean Conference on Computer Vision (ECCV), Sep-
tember 8-14, 2018, Munich, Germany. Berlin: Springer-
Verlag, 2018:3-19.

SHANG W, SOHN K. ALMEIDA D, et al. Understanding
and improving convolutional neural networks via concate-

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

Ye BB X - ¥ Y& 2023 H34%k

nated rectified linear units[ C]//33rd International Con-
ference on Machine Learning, June 20-22, 2016, New
York City, USA. San Diego, CA: PMLR., 2016 2217-
2225.

DING X, ZHANG X, MA N, RepVGG: Making
VGG-style ConvNets great again[ C]//Proceedings of
2021 IEEE/CVF Conference on Computer Vision and
Pattern Recognition, June 20-25, 2021, Nashville, TN,
USA. New York: IEEE, 2021. 13733-13742.

ZHANG Z. ZHANG X. PENG C. et al.
cing feature fusion for semantic segmentation[ C]//Pro-

et al.

ExFuse: Enhan-

ceedings of the 15th European conference on computer
vision (ECCV), September 8-14, 2018, Munich, Ger-
many. Berlin: Springer-Verlag, 2018. 269-284.
IBTEHAZ N, RAHMAN M S. MultiResUNet: Rethinking
the U-Net architecture for multimodal biomedical image
segmentation[ J]. Neural Networks, 2020, 121 74-87.
YANG M, YU K, ZHANG C. et al. DenseASPP for se-
mantic segmentation in street scenes[ C]//Proceedings
of 2018 IEEE Conference on Computer Vision and Pattern
Recognition, June 18-23, 2018, Salt Lake City, UT,
USA. New York: 2018: 3684-3692.

SALEHI S S M, ERDOGMUS D, GHOLIPOUR A. Tver-
sky loss function for image segmentation using 3D fully
convolutional deep networks[ C|//8th International Work-
shop on Machine Learning in Medical Imaging. September
10-14, 2017, Quebec City, Canada. Berlin: Springer.
2017.379-387.

HASHEMI S R, SALEHI S S M, ERDOGMUS D, et al.
Asymmetric loss functions and deep densely-connected
networks for highly-imbalanced medical image segmenta-
tion: Application to multiple sclerosis lesion detection
[J]. IEEE Access, 2018, 7. 1721-1735.

GUO J F, LI X, PANG Z Q. et al. Research on custom
fuzzy logic and generative adversarial networks in image
highlight processing [ J]. Journal of Chinese Computer
Systems, 2021,42(8): 1715-1719.
SRAkE R JERR AL . H o XEHI2 4 5 GAN 72 K
B B SR [U]. AN BU AL SR ML R B, 2021,
42(8):1715-1719.

JHA D, SMEDSRUD P H, RIEGLER M A, et al. Kvasir-
seg: A segmented polyp dataset[ C]//26th International
Conference on Multimedia Modeling, January 5-8, 2020,
Daejeon, Korea (South). Berlin: Springer. 2020. 451-
462.

VAZQUEZ D,BERNAL J,SANCHEZ F J,et al. A bench-
mark for endoluminal scene segmentation of colonoscopy
images[ J]. Journal of Healthcare Engineering, 2017,
2017:4037190.

fEER

ERA

(1976 —) . F .1+, 2 0 b A S0, N AL

BB AEE S BT ET .





