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Colon Polyp Segmentation Model Based on Mixed-domain Attention ResNeSt
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Abstract: Objective To address the challenges posed by polyps of varied sizes, unclear boundaries, lighting effects, and
their relatively small proportions in images that result in lower segmentation accuracy, an improved U-shaped network
structure, BMR-Net, was proposed. Methods The model adopted an encoder-decoder architecture. The encoder partially
utilized ResNeSt for feature extraction, enhancing the feature extraction performance with only a slight increase in
computational cost. Between the encoder and the decoder, a boundary prediction generation module (BPGM) was
designed to aggregate high-level features and incorporate a modified spatial pyramid pooling module, in which an attention
mechanism was introduced. This promoted multi-scale information fusion, obtaining a more accurate global feature map
representation. For unclear edge areas, a reverse attention module was applied to remove previously predicted areas and
correct the boundary information. Results Tests were conducted on the CVC-ClinicDB, Kvasir-SEG, CVC-ColonDB,
ETIS-Larib, and EndoScene datasets, with mDice values reaching 0.930, 0.903, 0.743, 0.712, and 0.874,

respectively. Conclusion This method outperforms other advanced methods in terms of segmentation performance and

Wk H 1:2023-09-16  f&181 H 91:2023-11-18  SCiE4u" :1672-058X (2025) 01-0085-09

HeGIUH - R B L I00 H (201903A07020013 ) 5 20 #7# W QIFT 3 6 (20191TA01010) 5 B TR 251 i AABHIEIA
B A4 H (2022YJRC43) .

TEATRISY AR (1965—) | 3 LRAER N, B0, 1t WS LML S R GE i DG AE SR B 4 4 W MU BIF 5

RIS RUER (1999—) & ZROER A B8 A, W EHS A FRBESE . Email : daisy641ccc@ 163. com.

SIS AR XA, o, . R TR A 30E 3 ) ResNeSt 9451 B R - EIRRI [ T]. 8 R TR K222 4 ( A 4RRH R , 2025,
42(1) :85-93.
ZHOU Mengran, LIU Siyi, BIAN Kai, et al. Colon polyp segmentation model based on mixed-domain attention ResNeSt [J].
Journal of Chongqing Technology and Business University (Natural Science Edition), 2025, 42(1): 85-93.

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



36 ERIHAZER(E AFEH)

%40 %

generalization ability. Furthermore, it can segment small-sized polyps more precisely and completely, providing early

prognosis information for patients with colon polyps.

Keywords: image segmentation; colonic polyps; ResNeSt; encoder-decoder network; attention mechanism
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ResUNet-mod 0.791 n/a n/a n/a n/a n/a
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SFA 0.723 0.611 0. 670 0.782 0. 849 0.075
PraNet 0. 898 0. 840 0. 885 0.915 0.948 0. 030
BMR-Net 0.903 0. 847 0. 896 0.919 0. 956 0. 029
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Table 2 Test results of generalization capability

Methods Mo myy Fy S, Ey” Yiag

UNet 0.512 0. 444 0. 498 0.712 0.776 0. 061
UNet++ 0.483 0.410 0. 467 0. 691 0. 760 0. 064
CVC-ColonDB SFA 0. 469 0. 347 0.379 0.634 0. 765 0. 094
PraNet 0.709 0. 640 0. 696 0.819 0. 869 0. 045
BMR-Net 0.756 0. 682 0.743 0. 843 0. 865 0. 035
UNet 0. 398 0.335 0. 366 0. 684 0. 740 0.036

UNet++ 0.401 0.344 0. 390 0. 683 0.776 0.035

ETIS-Larib SFA 0.297 0.217 0.231 0.557 0.633 0. 109
PraNet 0. 628 0. 567 0. 600 0. 794 0. 841 0.031

BMR-Net 0.712 0. 631 0. 673 0. 835 0. 853 0. 021

UNet 0.710 0. 627 0. 684 0. 843 0.876 0.022

UNet++ 0.707 0. 624 0. 687 0. 839 0. 898 0.018

EndoScene SFA 0.467 0.329 0.341 0. 640 0.817 0. 065
PraNet 0.871 0.797 0. 843 0.925 0.972 0.010

BMR-Net 0.874 0. 802 0. 850 0. 926 0.950 0. 009
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Table 3 List of ablation experiments

K5 EoE e
1 ResNet+ASPP
2 ResNeSt+ASPP
3 ResNeSt+BPGM+ASPP
4 ResNeSt+BPGM+SE—-ASPP

*4 ESRBEWNEEELHTHERITLE
Table 4 Comparison of experimental results of each

model on two datasets

. CVC-ColonDB ETIS-Larib
BT
Mpice myy Mpice My
1 0. 667 0. 603 0.562 0. 506
2 0.742 0. 666 0.673 0. 601
3 0.744 0.673 0.674 0. 609
4 0. 756 0. 682 0.712 0.631

X LT il S92 6 235 2L TR AR R X 9 2% A 1k

RERC ] T 23, 9250 2 % T 2% il ResNeSt J,

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



92 ERIHAFFR(AARFER)

%40 %

Dice #§F57E CVC—ColonDB Al ETIS - Larib %4 % |43
BHETET 7. 5% ,11. 1%, 5255 3 76 Jatis 25 FN A A2 2 16
JINA BPGM e | Dice #8453 5] L F+ T 0.2%,0. 1%,
S 4 85 ASPP BB i SE-ASPP #iH Dice 84543
SIETHT 1.2%,3. 8% . Gt A& B 3T .

(1) ResNeSt % 4% 19 23 H0E B 1 MLAHE R AE 43 %
AN A 6B a3 R ) RUEE (5 S R i sy
MEREA G i — 20 b2 > B RGO [F] KN 9 235 7 RS
3,3 TR ) 5 Z AT 55 I g

(2) BPGM BEHLH & B UCRE R G fk i 1+
B ITE XAE B E AR R R B A [R] el b T R R R
TERTHLIEHERR T 04 158 &, 3 17 X R ] i i
FR

(3) ASPP il Z RIEHEREZMAR FE 1 BT X
5 B, SE-ASPP AHL 1 X AN 7] {75 B 10 % 50 A LA 22
HE— DR IR R SCH AR BE ), A AU A R AR il
G AME ER T 2 REAE R B ES] TR ERY) &
BEPE DA S0 TS 5P A 5 R AE
4 & @&

ASCEE T — RGBT () 25 E B R 43 HI I 2% BMR
~Net, HIok 235 BN R B IR B0 22 R
BF MELLIX A ER 5 1 , 5 B00 B 45 A 3G B Y )
B, ZMLE T ResNeSt 1F 3 1R AE 4 B 2%, Hoph
A 53 B0 B AL 3 3 T2 S B AR IE ROR
TS H A AR R BPGM 3 4 55 28 L = s A O 18
A R ERE R R BN E BPM SR 45 A T £
RIERFR UGS TARIIONE W38 JCHR S T/
S 3 BIMERR P s 76 3R G s R R IR I Ak R A5 3
1) SE-ASPP 58k, 75 H 5 J2% 32 7 1Y [m] Bf 5 | 532 I 45 4 1
B B E B TR AR ),
TRy B B AR S AT Y RA BEH AT LAXT i
GA7 BT IR A B2 48, o — D3R T RS B
ANTFIBEHAE AR I 28 | i 2R AQ L 6, 2L [m] 4 Bl 099 2 35
BT HINE R FIOR

BMR-Net 7€ 5 /> E A7 PRk M 8 48 1, 76 6 4>
MG br b, SRR AR T X ey 7 ik, o 7
Kvasir—-SEG f mDice & .mloU {EiA %] T 0. 903 0. 847,
TE CVC—-ClinicDB ) mDice {H ,mloU {E ik %] T 0. 930,
0. 885, i H. BMR—Net AN 22 48 3 AT fof Wi Ab 34, 155
A AR, i A RSBz (1 fE , 2765k, BMR -

Net HARHMILE, FE5 R T8 TAE T L2k
FIAK ZA BB, g — AR T FIRE I T LAEE
XA B A UE AT Rt s BR T R IR A L a8 R AR
BMR —Net 75 At P2 2 P 4070 81 B 8CR i  Jg g

pan N2 R

Sk (References):

[1] SHUSSMAN N, WEXNER S D. Colorectal polyps and
polyposis syndromes[J]. Gastroenterology Report, 2014, 2
(I): 1-15.

[2] MARMOT M, ATINMO T, BYERS T, et al. World cancer
research fund, American institute for cancer research. Food,
nutrition, physical activity, and the prevention of cancer: a
global perspective[ M]. Washington DC, US: American
Institute for Cancer Research, 2007: 1-10.

[3] SUNG H, FERLAY J, SIEGEL R L, et al. Global cancer
statistics 2020: GLOBOCAN estimates of incidence and
mortality worldwide for 36 cancers in 185 countries[]J]. CA,
2021, 71(3): 209-249.

[4] JIAX, XING X, YUAN Y, et al. Wireless capsule
endoscopy: a new tool for cancer screening in the colon with
deep-learning-based polyp recognition[J]. Proceedings of the
IEEE, 2020, 108(1): 178-197.

[5] PATEL K, BUR A M, WANG G. Enhanced U-net: a feature
enhancement network for polyp segmentation[J]. Proceedings
of the International Robots & Vision Conference International
Robots & Vision Conference, 2021, 2021: 181-188.

[6] ZERE, E45, MDY, & MGEREE THE A E

BAEBEMET]. PREAYES TR, 2022, 41
(4): 431-442.
LI Sheng, CAO Jing, YE Shu-fang, et al. Multi-category
intestinal polyp image classification network based on edge
prior  information[J].  Chinese Journal of Biomedical
Engineering, 2022, 41(4): 431-442.

[7] BRANDAO P, MAZOMENOS E, CIUTI G, et al. Fully
convolutional neural networks for polyp segmentation in
colonoscopy| C]//Proceedings of the Medical Imaging 2017:
Computer-Aided Diagnosis. SPIE, 2017: 101-107.

[8] AKBARI M, MOHREKESH M, NASR-ESFAHANI E, et al.
Polyp segmentation in colonoscopy images using fully
convolutional network[J]. Annual International Conference of

the IEEE Engineering in Medicine and Biology Society IEEE

Engineering in  Medicine and Biology Society Annual

FeAEHudl http . //journal. ctbu. edu. en/zr/ch/index. aspx



%10 FIEH %5 TR AHIEEA ResNeSt #1218 1 4 5143 93
International Conference, 2018, 2018: 69-72. Recognition. Piscataway: IEEE Press, 2019: 3902-3911.

[9] RONNEBERGER O, FISCHER P, BROX T. U-net: [19] QIU Z, WANG Z, ZHANG M, et al. BDG-Net: Boundary
convolutional networks for biomedical image segmentation|[C]// distribution guided network for accurate polyp segmentation[C]//
Lecture Notes in Computer Science. Cham:  Springer Proceedings of the Medical Imaging 2022: Image Processing. SPIE,
International Publishing, 2015: 234-241. 2022: 792-799.

[10] ZHOU Z, RAHMAN SIDDIQUEE M M, TAJBAKHSH N, et al. [20] JHA D, SMEDSRUD P H, RIEGLER M A, et al. Kvasir-
UNet + +: A nested U-net architecture for medical image SEG: A segmented polyp dataset| C]//Lecture Notes in
segmentation[ C]//Lecture Notes in Computer Science. Cham: Computer Science. Cham: Springer International Publishing,
Springer International Publishing, 2018: 3-11. 2019: 451-462.

[11] JHA D, SMEDSRUD P H, RIEGLER M A, et al. Res UNet: [21] KIM T, LEE H, KIM D. UACANet: Uncertainty augmented
An advanced architecture for medical image segmentation|C]// context attention for polyp segmentation| C]//Proceedings of
Proceedings of the IEEE International Symposium on Multimedia. the 29th ACM International Conference on Multimedia. New
Piscataway: IEEE Press, 2019: 225-2255. York: ACM, 2021: 2167-2175.

[12] FAND P, JI G P, ZHOU T, et al. PraNet: Parallel reverse [22] FANDP, J G P, SUN G, et al. Camouflaged object
attention network for polyp segmentation| C]//Lecture Notes detection| C|//Proceedings of the IEEE/CVF Conference on
in Computer Science. Cham: Springer International Computer Vision and Pattern Recognition. Piscataway: [EEE
Publishing, 2020: 263-273. Press, 2020: 2774-2784.

[13] FENG R, LEI B, WANG W, et al. SSN: a stair-shape [23] MARGOLIN R, ZELNIK-MANOR L, TAL A. How to
network for real-time polyp segmentation in colonoscopy evaluate foreground maps|C]//Proceedings of the IEEE
images[ C]//Proceedings of the IEEE 17th International Conference on Computer Vision and Pattern Recognition.
Symposium on Biomedical Imaging. Piscataway: IEEE Press, Piscataway: IEEE Press, 2014: 248-255.

2020: 225-229. [24] PERAZZI F, KRAHENBUHL P, PRITCH Y, et al. Saliency

[14] WANG P, CHUNG A C S. DoubleU-net: Colorectal cancer filters:  Contrast based filtering for salient region
diagnosis and gland instance segmentation with text-guided detection| C|//Proceedings of the IEEE Conference on
feature control[ C]//Lecture Notes in Computer Science. Computer Vision and Pattern Recognition. Piscataway: [EEE
Cham: Springer International Publishing, 2020: 338-354. Press, 2012: 733-740.

[15] CHEN S, TAN X, WANG B, et al. Reverse attention for salient [25] FAN D P, GONG C, CAO Y, et al. Enhanced-alignment
object detection[ C]//FERRARI V, HEBERT M, SMINCHISESCU measure for binary foreground map evaluation|C]//
C, et al. Lecture Notes in Computer Science. Cham: Springer Proceedings of the Twenty-Seventh International Joint
International Publishing, 2018: 236-252. Conference on Artificial Intelligence. California: International

[16] ZHANG H, WU C, ZHANG Z, et al. ResNeSt: split- Joint Conferences on Artificial Intelligence Organization,
attention  networks[ C]//Proceedings of the IEEE/CVF 2018: 698-704.

Conference on Computer Vision and Pattern Recognition [26] CHENG M M, FAN D P. Structure-measure: A new way to
Workshops. Piscataway: TEEE Press, 2022: 2735-2745. evaluate foreground maps[J]. International Journal of

[17] CHEN L C, PAPANDREOU G, KOKKINOS I, et al. DeepLab: Computer Vision, 2021, 129(9): 2622-2638.
semantic image segmentation with deep convolutional nets, atrous [27] ZHANG Z, LIU Q, WANG Y. Road extraction by deep
convolution, and fully connected CRFs[J]. IEEE Transactions residual U-net[J]. IEEE Geoscience and Remote Sensing
on Pattern Analysis and Machine Intelligence, 2018, 40(4): Letters, 2018, 15(5): 749-753.

834-848. [28] FANG Y, CHEN C, YUAN Y, et al. Selective feature

[18] WU Z, SU L, HUANG Q. Cascaded partial decoder for fast aggregation network with area-boundary constraints for polyp

and accurate salient object detection[ C]//Proceedings of the

IEEE/CVF Conference on Computer Vision and Pattern

FeAEidlk http ://journal. ctbu.

segmentation| C|//Lecture Notes in Science.

Cham: Springer International Publishing, 2019: 302-310.

Computer

DIRR T

edu. en/zr/ch/index. aspx



