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Abstract: There boundary between colorectal polyps and normal tissues is not typically evident. There-

fore, accurately locating polyp positions is challenging. This study developed a novel polyp image segmen-
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tation method based on a combination of multiscale ResNeSt-50 aggregation network and sequential tree-
reweighted message passing (TRW-S). First, a multiscale ResNeSt-50 aggregation network with an en-
coding - decoding structure was constructed to improve the expressiveness of the network. The encoder of
the network is cascaded by convolution module and four-level ResNeSt module to build the ResNeSt-50
backbone network, which realizes linear integration and communication between cross-channel informa-
tion, ResNeSt-50 uses split attention to strengthen the performance of important channel groups and en-
hance the ability of the residual module to extract polyp image information. In the bottom three layers of
the decoder, a multilayer receptive field block (RFB) was used to obtain multiscale information. Subse-
quently, the dense aggregation module was used to integrate the output. The decoding information was
output by using a fast decoding method, which ensured consistent segmentation performance and reduced
the number of parameters. Second, the test-time augmentation (TTA) module was used to improve the
prediction accuracy and enhance the generalization ability of the network when generating predictive imag-
es. Finally, a sequential tree-reweighted message passing (TRW-S) algorithm based on Markov random
fields was constructed to postprocess the predicted image output of the model. This helped achieve conti-
nuity of the segmentation edge and consistency within the segmentation region. The experimental results
on Kvasir-SEG, an open-access dataset for gastrointestinal polyps images, show that our method achieved
an mDice value of 91. 6%, mIoU of 86. 3%, Smeasure of 92. 1%, and MAE of 2. 3%, which are higher
than those of the polyp segmentation algorithms based on U-NET, U-Net+ + , ResUNet, SFA, and
PraNet. Test results on the unknown datasets ETIS-LaribPolypDB and ColonDB indicate that the pro-
posed model affords improvements in the PraNet and mDice values by 16.4% and 7.7% , respectively.
As regards the segmentation performance on the ETIS-LaribPolypDB dataset, the proposed model was
found to be highly sensitive to small lesions. Thus, the proposed model exhibits excellent performance in
terms of consistency of segmentation area, continuity of segmentation edge, sharpness of contour, and
ability to capture small lesions. In addition, it exhibits good generalization ability in the case of unknown
datasets.

Key words: polyp image segmentation; multiscale dense aggregation network; split-attention; sequential

tree-reweighted message passing; multiscale receptive field
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11 (B BRI 43 0 8 R By o 2 S

m]oU:ii P )
L~ TP+ FP+FN
Horp L o ER 52580, TP, FP, TN, FN 434 %
7 ELPH A B H A B AR

2 B AG B (mDice ) £ 808 & 55 1k 435 F
%5 N T 40 &I B9 AH AL s mDice iy 525 8 (7
(Dice) ZF-#1 ,mDicec[ 0, 1], {F i K 43 FI 20
B, E X

(19)

mDice = llZ e rre .
L “~2+TP+ FP + FN

Smeasure " & 25 A KR 45 ¥ AL PE B i 5
DX 3 5 F AR 1 B 1 o FIEAN 48 b L S o R
SR AL B B, S, Shy T ) DX 3 1) 55 4 A AR
i, a JUE M 0.5, Smeasure€[0, 1], {H B K 53%]

RO B

(20)

S=axS, +(1—a)*S,. (21)

K2 4 3t iR 22 (MAE) B & 2 %) 1 J

%, MAE N335 8 X 5 R0 T4 %0 1X 36 {4 8]

o %of 12 22 1Y V- I S EIA [0, +oo) Bk 4 F

X5 A T2 B X B A B 0, MAE {8 8 2 if
02 7m 70 HI 5 R

1y
MAFE = — v, 22
n;y y‘ (22)

BV N N2 1 B = 07 o B O O N S o
X 8
4.2 LWHERRFEIFTLESH
4.2.1 MR FTAE S KR F A
4.2.1.1 ResNeSt-50 5 RFB 4 3k ty 34 @t 5L 36
8 ResNeSt-50 5 RFB 5 B Xif # {4 43 %]
T B 19 32 W, A CFE ColonDB 5 ETIS-Larib-
PolypDB $4f 42 v 47 I Al S 5% . o B a
S UNet B8 5 B A b B 85 A0 a 1) 4 15 4 ik
ResNeSt-50; L Y ¢ by 7E B Y a FL Al | Jin A RFB
B R R B 1 oh TTA RG> EIR R 5286
SERANF 3R . B b A B BOR A TR a,

%3 ResNeSt-50 B A 7 Bt L 56 (Il 45 £ A Kvasir-
SEG, ClinicDB)
Tab.3 Ablation experiment of ResNeSt-50 module
(training on Kvasir-SEG and ClinicDB dataset)

i )ik 4 mDice mloU Smeasure MAE

PR a 0.512 0.444 0.712  0.061
FEA b 0.608 0.523 0.760 0.052
ColonDB
B ¢ 0.676 0.606 0.799  0.043
B d 0.757 0.675 n/a n/a
HiHY a 0.398 0.335 0.684 0.036
HEHY ETIS- 0.522 0.447 0.738  0.026
Ki#l e LaribPolypDB 0.614 0.547 0.781  0.028
AL d 0.706 0.628  n/a n/a

mDice & mloU 5 B354 fr $2 T s B d 5256 45
Ao AN SR IS WO A £5 T ResNeSt-50 th#f 43
TE B 1 G540 BE A AU R FE R[] 4 41, RFB B i i
b AN [ 23 3] e 32 B 4y AR RUOBE R SCfR
PETH T AL mIoU fH . 1 Al S0 56 50 UF T AR SCR
FRASEH 9 A R0 A T B A B

4.21.2 % RE I % K RAdam ft 1t x4 & 4 %]
%

AR SC 2 )RR AE BB 46 0 2 R R 1/32, B
1, RUIEL A G R B N A B REAE A7 AE — 2 TR
e 5 Sy 3 A A R 2 ROBE R AT 45
B AE — 0 B B b i 3 — ) R, 48 i B U X6 B 1A
BRI A8 oy B B e e R AMSS R R
W, Z2 RUBE I 25 0T 12 T 74 SO AR 43 F0RS B 2 — B
AR IR

x4 ZREIZGIEESE G

Tab.4 Effect of multi-scale training on model segmentation

mDice mloU Smeasure MAE

KFHLZREIZ 0.888 0.827  0.908  0.031
HHZRNEIZ%:  0.913 0.858 0.925  0.023

W S BN, FOE B A ) R AL A Adam
TE I 25 T U I 27 >J 37 22 i K, e I G 9 2l 4%
K, 5y 0 Sl PRk 32 Bk BR e BOAE RA 8 2 R
e/ o RAdam'™ Sy By 1k 75 3% AR 5491 2% o] A il 21
ARAESR T RE TR A pR R, B A T R sG] A Gl
IO &y, BEL 1k HG 4 B B, RO O 22 R Ak
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5518 1 2,4 Z R JE ResNeSt-50 R &
i 2% 5, ff F RAdam {56 )24 [ Adam IR 6
FEAZ (0 F] F ARG 88 B — 4~ & B, LR 4

B mDice, mloU, Smeasure, MAE
WA s,

AN 1 AR

&5 RAdam 4L 3THEE 5 1B 20

Tab.5 Effect of RAdam optimizer on model segmentation

Epoch mDice mloU Smeasure MAE

Adam 20 0.904 0.851 0.920 0.027

RAdam 30 0.913 0.858 0.925 0.023

4.21.3 TTA¥ % 5 TRW-S 5 & 2 3 # & 4
£ %

K 6 4 i 7E CVC-ClinicDB'®', Kvasir-SEG"*"
B A X AR S0 G 5 - A A TR AR S i - i
+TTA B KA SO AN 255 |, 4 ETIS-Larib-
PolypDB" $tdli 4 oy HI 45 R H i . A SCREALR
JH & Al 38 50 A TRW-S Ji Ak Bl 75 450 20 X6 fif /)N
9o 28 3 ORGS0 8 E A B T L A3
) PR AR DX B — B B, 7 R R AR A R R T AL
N AR R SR AT 5 A, AR SR L S R o AR 2

.

(a) [FIEE& (b) AL7 &I (0) ARSI 3] (d) A SCHRAS—ERS+TTA (€) A SCHEAY 73
(a) Original image (b) Manual segmentation (c) Segmentation of the enc- E| (e) Segmentation of the
oding- decoding model of (d) Segmentation of the en- model of this paper
this paper coding-decoding model

of this paper +TTA

&6 7 ETIS-LaribPolypDB" #4454 1) 43 1 4% 5
Fig. 6 Segmentation result of testing on the ETIS-LaribPolypDB dataset
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U 73 H1 2 2 TR UG W 5 el B U B RS v A
TTABEER J by 3 TRW-S 832, 43 F] 412 7 Al
G0 /0N 25 18 B O A S B R 2 AR RE T o

26, B AN A TTA B G, 176 B A8
L) mDice #7517 2%, mloU £ F+ T 3% ; A
I, TTA B F T 32 TR % T o o 3
AH X AR SC G B - e A0 A4S 760 0 4 B - %+ T TA
FEHY A SO i mDice $2 5 1% A F, mloU $##
2% Lh B MAEH S 59 B Al Bk — 80, R
Smeasure {543 FT FEAR , (H A 35 0. 921, KM T A
AR R R H TRW-S &b B S 4 %0 8% 5 AR 4 T
AR SC G B - A S 0 G B - A+ T T A B AY

P TR T bR R AR R B 4 R
o MATTABH)S , mDice 285 T 1. 1% LA
F,omloU $& & 7 1.6% LA b, Horb 75 B4 46
ETIS-LaribPolypDB"" I+ 48 7t 2 £ , # bt T 4 5 -
fift 15 4% B, mDice 1l mIoU 43 H 42 7+ 7 5.8%,
5. 8%0 s T U WY T T A A6 He o] i 7488 7Y 1) 722 b fig
T B A R o A SCREAYAE = A A Ml 5 E 1

%6 7 CVC-ClinicDB™ , Kvasir-SEG™ #{ #& & rh il
%, Kvasir-SEG"# B &£ h X 2L R L&
Tab.6 Trained on CVC-ClinicDB"™ , Kvasir-SEG"™ datas-

et, compare the test results on Kvasir-SEG™ dataset

mDice mIoU Smeasure MAE

AR SC i B -f A 2% 0.9130.858 0.925 0.023
ARG -S s+ TTA 0.915 0. 861
VN

0.925 0.023
0.916 0.863 0.921 0.023

A48 b1 4 42 7+, 7 ETIS-LaribPolypDB'" % #
B I, M H T A S i - A A B R mDice #5517
6.4% LA b, mloU 2 & T 6. 3% ; #H b F 78 3 4w
- i+ TTABLAY | A SCH 9 mDice $2 5 1
0.6%, mloU #& & T 0.7%; f£ & H ¥ ¥ 4
ColonDB |, A 3¢5 #: i) mDice 5 mloU 42 &
T0.3% DL B s AEARFBE S CVC-300 |, mDice
5 mIoU fH 7R ¥ A R 8 BE A 48 T 5 25 SRR B, AR
SRR A TRW-S Ji5 b HA7 1] 3 FH 455 70 ) 72
fLaE T .

%7 7E CVC-ClinicDB™ Kvasir-SEGP' % #8 & T i/l 25 , 4 3 Z ColonDB™', ETIS-LaribPolypDB!", CVC-300"" £ &

S ERILE

Tab.7 Trained on the CVC-ClinicDB™' , Kvasir-SEG#/dataset, respectively compare the test results on ColonDB™",

ETIS-LaribPolypDB™,CVC-300*"

ColonDB"™ ETIS-LaribPolypDB""’ CVC-300""
mDice mloU mDice mloU mDice mloU
AR S 4t it - i D 0.757 0.675 0.706 0.628 0.858 0.781
AR G- gy +TTA 0.783 0. 700 0.764 0.686 0.869 0.797
AR 0.786 0.703 0.770 0.691 0.871 0.798

4.2.2 CHrRFEE TR S E R ILEK

Xt H 5256 1 I 25 4 >R CVC-ClinicDB™,
Kvasir-SEG"™ %% #i 45 |, 1 it 4 3% ] Kvasir-SEG
AR, o BIBCR N 7R o

K7 4 W R B U-Net” , U-Net++"" |
PraNet''?, ResUnet+ + """, SFAP L) f& A< 3¢ #
R o B4 R N RIRBOCRE B W R & 9
fidh - figp i AR e 43 ) TTA AL B TRW-S 4b B )
A AR O3 B R s ol BT R0 AR SO R
ORI Bl 2, PR A8 A AR 4 14 4 0 R %/
T AR R, TR A A B AR IR A AR L AR SCRRE R Ay
PR B 2 % G T, EL 43 R DI P S T DXk

PR — B BT, 4 I RS 3 2 5 5 TG T AT BE
401 A5 B A A BE A 7 T 4F T A T
B,

QG RERY K CHEMIL T AU
PraNet "5 , mDice 42 & T 1. 8% , mIoU #2 &
T 2.3% ;Smeasure #£ 3 7 0.6% , MAE &1k T
0. 7% , PR, A SCH k1 10 b DE A 48 b5 214 AN )
P 3% o AH T U-Net™, U-Net++'", Re-
sUnet++" SFAR S8 B | AR SCRE A 43 B 2501
P $6 B 5 B8 22 5 TG BH 1 A SCHIE X B
PR P45 53 0 0 T A P RO
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() ATHE  (c) U-Net7 &l (d) UNet++53%] (e) ResUnet++57E] () SFAZE]  (2) PraNets3&] (h) A0ERYS4E
(a) Original image (b) Manual seg- (c) U-Net segm- (d) U-Net++ seg- () ResUnet++seg- (f) SFA segmen- (g) PraNet seg- (h) Segmentation
mentation entation mentation mentation tation mentation of this paper
model

K7 7 Kvasir-SEG™ B4 48 T I 11 43 #1) 45

Fig. 7 Segmentation result of testing on the Kvasir-SEG"*" dataset

%8 7ECVC-ClinicDB™, Kvasir-SEG V41 #8 & th i)l 2 , Kvasir-SEGUP #1138 & il ik ST R bk &%

Tab.8 Trained on CVC-ClinicDB"™, Kvasir-SEG'* dataset, compare the test results on Kvasir-SEG'™ dataset

mDice mloU Smeasure MAE

U-Net"”! 0.818 0.746 0.858 0.055

U-Net+ + " 0.821 0.743 0.862 0.048
ResUnet+ + " 0.734 0.639 n/a n/a

SFA™ 0.723 0.611 0.782 0.075

PraNet''? 0.898 0. 840 0.915 0.030

ARk 0.916 0. 863 0.921 0.023

4.2.3 AR R R T AR A R B HERR 1] PraNet ' 48 45080 JLF- I8 12: 4% 2163/

Sy B TE AR SR AL A I £ /N AR B RE L T
550 1l CVC-ClinicDB"™ B % . 900 % Kvasir-
SEG™ [ 14 th % U-Net'”, U-Net+ +"", ResU-
net++"", SFA™  PraNet'"* & 7 3¢5 8 3E £7 )1
Y55, 16 BUHE 48 ETIS-LaribPolypDB'™ w3 47 ]
i R BT S R, AR SO TN AR B A B

H D 8 F128 9, X A/IN A8 1T 7, AR SO

7=

X

AREE ) ROR A 22 5 N 5 A, SR AR SO
B3 0 64 28 TG AR P00 T HAD SRR A8 i
GR 10 73 B IR+ 53 15 B

P9 SR JH A 2 181 LG A 8 20 54l v, A S A
5 PraNet #8731 il /i 22 (19 815 JE (Dice) 1
AE ; 8 ZH X dls 12 MR A2 h /NS R 2B AT 0 4, oy &1 AT
R, AR SCRE TR 4 73 B ROR B AL T PraNet 278,
L 728 ] A R A 0 25 SR
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(@) FaEB (0) A& (o) U-Netp &l (d) UNet+73E] () ResUnet++3E] () SFAZIE]  (g) PraNetp & (h) AU
(a) Original image (b) Manual seg- (c) U-Net segm- (d) U-Net++ seg- () ResUnet++seg- (f) SFA segmen- (g) PraNet seg- (h) Segmentation
mentation entation mentation mentation tation mentation of this paper
model

#'8 ETIS-LaribPolypDB" ™ %4 5 vl i i /N s 78 14 43 ) 45 SR
Fig.8 Segmentation result of testing small lesion on ETIS-LaribPolypDB " “dataset

%9 7 CVC-ClinicDB™,Kvasir-SEG Y #E & T i/l % , Z& ETIS-LaribPolypDB"" %} #& & o il iz 35 B Lk &
Tab.9 Trained on CVC-ClinicDB, Kvasir-SEG dataset, compare the test results on ETIS-LaribPolypDB dataset

mDice mloU Smeasure MAE

U-Net"” 0. 055 0. 046 0.517 0.021
U-Net+ 4" 0.093 0.078 0.545 0.018
SFA'™ 0.012 0. 006 0.425 0.130
ResUnet—+ 4" 0.016 0. 009 0. 500 0.011
PraNet'" 0.099 0.073 0.515 0.074
ARSCTT Ik 0.487 0.401 0.734 0.003

4.2.4 AW ZALER b

F U-Net” , SFA™ | U-Net++"" | ResU-
net+—+"", PraNet"™ D) F 24~ 3¢ 8 8 5% H 7E
1 450 i Kvasir-SEG™ il CVC-ClinicDB"™ % #f&
LA I 2R AT I 25, I 25 5 R AL o

0.9

0.81

0.7

0.6

Dice

051

0.4

o ' 3 FH 380 I ColonDB ™ [ {2 , 196 ifif ETIS-Larib-
— s PolypDB % . A J% 60 i CVC-3007[8] % %
) o S . - R0 A BE AT DA, R B AR SO T iz AL BE ) .
J g d - .
9 RSB PraNetBURA MBI R kg e LOFIR LOPER. _
Fig.9 Comparison of the effect of the model used in this T A2 SR 5 T B PP R AR ORI

paper and PraNet model in segmenting minimal le- FEIX = AR AEEE T BIRCR A 371, R 5
sions & £ ETIS-LaribPolypDB"" % 4% 4£ I, #H [t T
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PraNet " J i 5 v , A SCHE 8 1) mDice 32 &5 T A IREF B IZ AL RE J1 , IF FA i 1 3 31 o/ o 722
16. 4% ,mloU & & T 14. 5% 5 Ui B, A SCH AL H 1 BE

(@) FaEB (b)) AL#E () U-Netgp#l () UNet+53E] (e) ResUnet++53E] () SFAJIE]  (g) PraNets3 ] (h) ASCRALS)3E]
(a) Original image (b) Manual seg- (c) U-Net segm- (d) U-Net++ seg- () ResUnet++seg- (f) SFA segmen- (g) PraNet seg- (h) Segmentation
mentation entation mentation mentation tation mentation of this paper
model

K10 ETIS-LaribPolypDB " 44 £ Hh ik iy 43 1 45 5
Fig. 10 Segmentation result of testing on the ETIS-LaribPolypDB'"dataset

£10 7 CVC-CliniecDB™,Kvasir-SEG"##& & Tl % , 4 5 # ColonDB™* (ETIS-LaribPolypDB"’, CVC-300""' 4 &
ETNHRERILER
Tab.10 Trained on the CVC-ClinicDB"* , Kvasir-SEG™dataset, respectively compare the test results on ColonDB™,
ETIS-LaribPolypDB"', CVC-300"""dataset

ColonDB"™ ETIS-LaribPolypDB"" CVC-300"
mDice MIoU mDice MIoU mDice MIoU
U-Net'”! 0.512 0.444 0. 398 0.335 0.71 0.627
U-Net++'" 0.483 0.410 0.401 0. 344 0.707 0.624
ResUnet+ +" n/a n/a n/a n/a n/a n/a
SFA™ 0.469 0. 347 0.297 0.217 0.467 0.329
PraNet 0.709 0. 640 0.628 0. 567 0.871 0.797
ARSIk 0.786 0.703 0.770 0.691 0.871 0.798
5 2 % G S 42 R 4 0 24 B TV 0 26 1 42 3% B
J1 A P AR R A R 55 RRAE AR B R 2% R
AR SCHE T £ R ResNeSt-50 4 K 45 it ARG BRGNS R ROEE I RHE AR B S

R4 5 5 O R B BEHLIG i TRW-S &3k 347 R SUfE B SRR SR TTA 5 e i T 45 75 i
T4 0 110 79 o B2 L TR PR 0 8 O vk o L R AR M Koz AL BE 1, B Jn A i S R BE R B AL 3% 1
X Jek 5 1F H A2 0] T 51X 43 R G Te) Ay TRW-S 8B k5 4k 2 #1102, 3458 B A P58 4 &)
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