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ViBound-Net: a hybrid attention network for colorectal polyp segmentation

integrating visual and boundary-focused mechanisms
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Abstract: Objective Accurate delineation of colorectal polyps in colonoscopy images is a key prerequisite for a computer-
aided diagnosis (CAD) in colorectal cancer (CRC) screening, as adenomatous polyps are common precursors of CRC, and
their timely detection and removal can substantially reduce incidence and mortality. However, in routine endoscopy, auto-

mated polyp segmentation remains challenging for three main reasons. First, polyp boundaries are frequently indistinct:
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subtle intensity transitions, mucus coverage, and folds of surrounding mucosa can obscure lesion contours, making bound-
ary localization error-prone. Second, polyp appearance markedly varies across size, shape, texture, and attachment mor-
phology. This diversity complicates stable feature representation and can trigger over-segmentation (including mucosal
folds) or under-segmentation (missing flat or small lesions). Third, colonoscopy imaging often exhibits non-uniform illumi-
nation, specular highlights, and lens-related artifacts. These factors distort local contrast and degrade model robustness.
Meanwhile, practical deployment introduces additional constraints: endoscopy systems typically process high-resolution
streams at high frame rates and must respond with low latency on resource-limited hardware. Accordingly, the objective of
this study is to develop a lightweight yet accurate polyp segmentation model that 1) balances global semantic understanding
with fine-grained boundary detail, 2) achieves efficiency suitable for routine clinical workflows under deployment con-
straints, and 3) generalizes robustly across heterogeneous datasets collected with different devices and acquisition condi-
tions. Method We propose ViBound-Net, a lightweight hybrid-attention segmentation network designed to jointly empha-
size semantic context and boundary fidelity while maintaining a compact computational footprint. The network adopts Effi-
cientNetV2S as a lightweight encoder to provide strong feature extraction with favorable parameter-compute efficiency. We
introduce a local-global contextual attention fusion (LGCAF) module that integrates fine structural cues (effectively cap-
tured by local receptive fields) with global contextual dependencies (captured via attention) to address the local-global
trade-off that commonly limits purely convolutional or purely attention-based approaches. This fusion aims to improve
semantic consistency in challenging backgrounds while preserving lesion-specific structural patterns that are essential for
small or camouflaged polyps. We further design a boundary-guided scale-aware feature enhancement (BSFE) module to
explicitly strengthen boundary modeling. BSFE leverages multi-scale representations and boundary-aware guidance to
refine edge-related features, targeting failure modes, such as contour breaks, boundary blurring, and partial omission
around low-contrast margins. In decoding, we utilized a multi-scale residual attention fusion block to aggregate cross-scale
information while stabilizing optimization through residual pathways. This design encourages coherent reconstruction of
polyp regions across scales and reduces sensitivity to size variability. In addition, compact channel-spatial attention is
incorporated to promote feature consistency and adaptively emphasize salient lesion cues without introducing heavy compu-
tation. Deep supervision is used to guide intermediate predictions and improve convergence stability, particularly for
boundary-sensitive learning. Model training adopts a compound Dice + focal loss to mitigate foreground-background imbal-
ance and enhance learning stability under diverse lesion sizes and appearance variations. Images are resized to 352 X 352,
normalized, and augmented using random scaling, flipping, and rotation to improve robusiness to viewpoint and scale
changes commonly observed in endoscopy. Optimization follows a unified protocol using AdamW (learning rate 1 x 107#,
batch size 4) to ensure a fair comparison across methods. Experiments are conducted on three widely used public colonos-

Kvasir-SEG, CVC-ClinicDB, and CVC-300——which collectively cover diverse resolutions, polyp

copy benchmarks
sizes and shapes, and background complexity, for evaluation. We report segmentation accuracy using Dice similarity coef-
ficient (Dice) and mean intersection over union (mloU). Moreover, we report the mean absolute error (MAE) to effec-
tively reflect boundary sensitivity and contour adherence. Given that deployability is an explicit goal, we assess the model
efficiency through parameter count, FLOPs, and per-image inference time under the same experimental protocol and input
scale. Finally, we provide qualitative visual comparisons to analyze contour adherence, over-/under-segmentation behav-
iors, and robustness under low contrast, specular highlights, and lesions that resemble surrounding mucosa. Result Under
the unified evaluation protocol, ViBound-Net achieves strong performance across all three benchmarks. Specifically, this
model attains mDice/mloU of 0. 908 1/0. 852 7 on Kvasir-SEG, 0. 936 8/0. 887 8 on CVC-ClinicDB, and 0. 871 0/0. 798 9
on CVC-300. In boundary-sensitive evaluation on the ETIS-LaribPolypDB dataset, ViBound-Net reports an MAE of 0. 011
7, indicating improved contour sharpness and faithful delineation. These results suggest that the proposed local-global
fusion and boundary-guided enhancement effectively reduce common segmentation artifacts, such as contour leakage into
mucosal folds, fragmented edges around flat polyps, and missing regions under low contrast. ViBound-Net delivers com-
petitive or superior accuracy on most metrics while maintaining a compact design compared with strong convolutional and
transformer-based baselines under the same protocol. For example, on Kvasir-SEG, this model improves over M2SNet in

mDice and mloU by 2. 6 and 3. 5 percentage points, respectively, and it reduces boundary error relative to DUCK-Net,



$31%5/ET7H /2026 £7 B

KHEHE, BE, BBR, X
MRELRBENREEENEERERASTE

reflecting a reliable edge localization. Across datasets, qualitative comparisons show that ViBound-Net produces smooth,
better-adhered contours with few over-/under-segmentation artifacts, particularly for small lesions, low-contrast polyps,
and cases affected by specular highlights. From an efficiency perspective, ViBound-Net consistently demonstrates lower
computational burden than many transformer-heavy counterparts (as reflected by fewer parameters and reduced FLOPs) ,
supporting deployment-oriented constraints where latency and memory are critical. Overall, these results indicate that the
proposed architecture provides a favorable accuracy-efficiency trade-off, aligning with the practical requirements of routine
endoscopy systems. Conclusion This study presents ViBound-Net, a lightweight hybrid-attention network for colorectal
polyp segmentation that explicitly targets the simultaneous demands of semantic reliability, boundary precision, and
deployment efficiency. ViBound-Net achieves a high segmentation accuracy and a low boundary error on three public
benchmarks while remaining computationally efficient by combining a compact EfficientNetV2S encoder with a LGCAF
module and a boundary-guided scale-aware feature enhancement module and reinforcing multi-scale decoding via residual
attention fusion and compact channel-spatial attention. These findings support the feasibility of integrating ViBound-Net
into CAD pipelines for CRC screening, where stable boundary delineation can assist downstream clinical tasks, such as
polyp characterization, measurement, and resection guidance. Future work will extend the method in several directions:
1) incorporating temporal cues to exploit video continuity and minimize frame-to-frame inconsistency in real endoscopy
streams; 2) improving cross-device and cross-center robustness through explicit domain adaptation strategies; 3) enhanc-
ing interpretability to effectively communicate model decisions to clinicians; and 4) conducting prospective clinical valida-
tion to quantify the workflow-level effect, including time savings, detection consistency, and potential reduction of missed
lesions in routine practice.

Key words: medical image segmentation; colorectal polyp segmentation; hybrid attention network; boundary guidance;

multi-scale feature enhancement; lightweight model
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T —FE A5 BEL 15 Dice Loss 55 Focal Loss FH45
& (Lin %, 2017) o 33 179 38 1 I8 48 P9 2% 22 [ (9 AL
AR eRBCTE AL A -1 B8 42 23 FI M R 10 [
I, 30 RE 5 A AR A 1| el o v G X DX BB G
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2.1.1 %tk

BEH S AN TF BB 5 B R 2 VS 41
B E S 2R 525 BoRIE T 58 b
FIEOT i B2 B bR B e 2 & K0 1, i dE
Kvasir-SEG (Jha %, 2020) ,CVC-ClinicDB (Bernal 55 ,
2015) . CVC-ColonDB (Bernal 4§ , 2012) . ETIS-
LaribPolypDB (Silva £, 2014) 1 CVC-300, Kvasir-
SEG % 1 000 Wi 2 5> PR KR (332 x 487 R £ &
1920 x 1 07248 %) , & 1 2 A 43 B0 5 I
CVC-ClinicDB 7% 612 Wi b5 73 B 5 E {5 (384 x 288
B3, i TIN5y PR3 45 5 PEfE ; CVC-ColonDB
300 R 12 (574 x 50012 R) , KABLEREEZ
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T, DASG TEAR B 7E ) LI BCHE A A 192 2] 7853 1
1A MERE ; W, £ AR S 52 CVC-ColonDB
ETIS-LaribPolypDB 1 CVC-300 $#& 4 [ T A ] Il
S, DA AR AL Im PR 37 5t T A8 1Y) 5 5 L g
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2.1.3 PHEESR

K FH -2 8% T A 8L 2 %X (mean Dice coefficient,
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2018) F1°F ¥4 44 %} 1% 2% (mean absolute error, MAE)
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Table 1 The comparative results on the Kvasir-SEG dataset
7k A mDice mloU F, S, mE, MAE

U-Net(Ronneberger 4,2015) 2015 0.797 1 0.7004  0.807 8 0.878 3 09211 0.058 5
ResNet(Targ %5,2016) 2016 0.787 5 0.686 7 0.8036 08746 09026  0.0557
ACSNet(Zhang %, 2020) 2020 0.887 8 0.8255 0.889 3 0.9363 09606  0.0304
PraNet(Fan %% ,2020) 2020 0.8720  0.7979 0.884 8 0.8559 0.8732  0.0377
MSNet(Zhao % ,2021) 2022 0.8004  0.828 7 0.8994 09521 0.937 8 0.034 1
FCBFormer(Sanderson 11 Matuszewski , 2022) 2022 09050 0.8510 0.8980 09240 09610 0.0270
M2SNet(Zhao %§,2023) 2023 0.882 5 0.8179 0.8880  0.9347 0.9559 0.033 8
SAM-L(Zhou %,2023) 2023 0.7820 0.7100 0.7730  0.8320 - 0.061 0
DUCK-Net(Dumitru %, 2023) 2023 0.8624  0.790 1 0.8744 09161 0.9379 0.041 6
PolypMixNet(Jia 45,2024 ) 2024 0.8823 0.817 1 0.886 1 09310 09547 0.0353
PRCNet(Li%,2024) 2024 0.7990  0.7160 0.7630 0.8370 0.8860  0.0680
CTNet(Xiao %,2024) 2024 09170 08630 09100 09280 09590 0.0230
BFNet(Yue %,2025) 2025 09330 0.8870  0.9290 - - 0.0190
ViBound-Net( 4 30) 2026 09081 08527 09114 09583 09453  0.0272

TE R RS 5 e LA 2R =" FORZ IR AR PR AR sk ST

%2 CVC-ClinicDB ##E& FHXTLLEE R
Table 2 The comparative results on the CVC-ClinicDB dataset

ik Ay mDice mloU F, S, mE, MAE
U-Net(Ronneberger % ,2015) 2015 08291 07604 0.8122 08865 09771 0.0227
ResNet(Targ %,2016) 2016 08021 0.6235 0.8037 0.8545 09755  0.0245
ACSNet(Zhang %5 ,2020) 2020 0.8812 0.7932 0.8703 09167 09752  0.0175
PraNet(Fan % ,2020) 2020 09006  0.8489  0.8958 09262 09810 0.0162
MSNet(Zhao % ,2021) 2022 09236 0.8773 09058 09362 09850 0.0163
FCBFormer(Sanderson fil Matuszewski , 2022) 2022 09150 0.8610  0.9240 - - 0.0100
M2SNet(Zhao % ,2023) 2023 09234 08761 09038 09162 09781 0.0183
SAM-L(Zhou %,2023) 2023 05780  0.5260  0.5630  0.7440 - 0.057 0
DUCK-Net(Dumitru %, 2023) 2023 0.8495 0.8022 0.8797 09004 09770  0.0230
PolypMixNet( Jia %5 ,2024) 2024 0.8992  0.8273 09045 08769  0.9863  0.0137
PRCNet(Li%5,2024) 2024 09250 0.8690 09160  0.9430 - 0.009 0
CTNet(Xiao % ,2024) 2024 09360 0.8870 09340 09520 09830  0.0060
BFNet( Yue % ,2025) 2025 09420  0.8980  0.9490 - - 0.006 0
ViBound-Net (42 3C) 2026 0.9368  0.8878  0.9410  0.9525 0.9848  0.0126

TE R RS A 9 e LA 2R =" FORZ I AR PR E ARH  siE St

IRt EATE B, ASONETEMAE T HIFFE R DUCK-Net N[ 1. 04% , 5870 158 B AR S% 72 X0 03 )
FRRAL . FHBET PolypMixNet TREO. 11%, AHLE  AOORG AN BE A0 SRR RE ) 5 ThT A AR PR AT e
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LaribPolypDB 4l 45 , 48 SC 5 B AR Jre L i e o 11
e ). 3R, fE CVC-ColonDB % 4% 45
mDice Fl mloU # % F PRCNet, 43 5 42 7+ 5. 3% F0I
6. 3%, #H Lt PolypMixNet, 4& F 6. 9% #11 6. 4%, i —
RAE T HAEE W ST HIGE 1. 78 ETIS-
LaribPolypDB 5 4f 4 | W36 4 i/ , AR SCH ¥L7E
mE, % CTNet $2£7F 4. 8%, [F]A MAE 2 [t PRCNet T
B 1. 0%, 7631 FHORFFRE 1 R sy 38 X 3aUsR i 7 7 T

YRR T ENOKY . k4o, A0 EfE/NE R
o ZAS ARSI A 55 v e R O ) MR PR R AR

EA , 76 CV C-300 Bidls £ , A SOk A4S PP
Wr¥8bn b AR FRS G, R4E CPE-Net 7E mDice 1 mloU
g AHAS SO R A AR e T BLAR E E S A Re
Jio RS RUE T HAE 2R 450 fEF 0 2
18 K2 /N E ARSI 7 T Y L, & 3% 07 B e a8
2 oy FAE 55 b B A B 8RRy 3E A ) A S
AN
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Table 3 The comparative results on the CVC-ColonDB dataset

ik L) mDice mloU F, S, mE, MAE
U-Net(Ronneberger % ,2015) 2015 0.6073 04999  0.6205 07807  0.8180  0.0639
ResNet(Targ %5 ,2016) 2016 05305 04362 05489 07170 0.7384  0.0633
ACSNet(Zhang % ,2020) 2020 07091 06346 07113 08261 0.8638  0.0393
PraNet(Fan % ,2020) 2020 07137  0.6281 07453 08127 08724  0.0376
MSNet(Zhao %:,2021) 2022 0.6795 06022 07026 08167 0.8640  0.0548
FCBFormer(Sanderson fll Matuszewski , 2022) 2022 07860 07070  0.7930 - - 0.033 0
M2SNet(Zhao % ,2023) 2023 07086  0.6253  0.7208  0.8400  0.8482  0.0394
SAM-L(Zhou % ,2023) 2023 04680 04220 04630  0.6900 - 0.054 0
DUCK-Net(Dumitru % ,2023) 2023 0.6913 06169 07078 08345 08577 0.0435
PolypMixNet(Jia % ,2024) 2024 0.6721 05982  0.6787 0.8004 0.8891  0.0409
PRCNet(Li%,2024) 2024 0.6880 0.5990  0.6600  0.800 0 - 0.0510
CTNet(Xiao % ,2024) 2024 0.8130 07340 08010 0.8740 09190  0.0270
BFNet(Yue %,2025) 2025 0.8200  0.7420  0.8190 - - 0.028 0
ViBound-Net(7#3) 2026 07411 06621 07495 08458 09372  0.037 1
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%4 ETIS-LaribPolypDB #{iE& FixttE &R
Table 4 The comparative results on the ETIS-LaribPolypDB dataset

7k E0y mDice mloU F, S, mE, MAE
U-Net(Ronneberger % ,2015) 2015 03865 03046 04037 0.6249 06794 00746
ResNet(Targ%,2016) 2016 03082 02314 03288 0.6018 06766 0.0791
ACSNet(Zhang %5 ,2020) 2020 0.6923  0.6229 06960 0.8314 08129 0.0178
PraNet(Fan % ,2020) 2020 05826 05151 06146 07317 07940 00182
MSNet(Zhao %5 ,2021) 2022 05712 05012 0.6024 07475 08124  0.0343
FCBFormer(Sanderson il Matuszewski , 2022) 2022 0.7860  0.6860  0.8140 - - 0.0150
M?SNet(Zhao %% ,2023) 2023 05857 05167 0.6015 07656 0.8463  0.027 4
SAM-L(Zhou %,2023) 2023 05510 0.5070 0.5440 0.7510 - 0.0300
DUCK-Net(Dumitru % ,2023) 2023 05164 04409 05540 07343 07490  0.0569
PolypMixNet( Jia %5 ,2024) 2024 05988  0.5275 0.6081 0.7676 0.8861  0.0190
PRCNet(Li%,2024) 2024 0.6850 0.5980  0.6390  0.8240 - 0.0220
CTNet(Xiao %5 ,2024) 2024 08130 07340 08010 08740 09150 0.0140
BFNet( Yue % ,2025) 2025 0.8000  0.7230  0.8250 - - 0.0170
ViBound-Net(#3) 2026 07454  0.6621 07535 08456 09627  0.0117

TE R RS 5 e LA 2R =" FORZ IR AR PR AR sk ST
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Table 5 The comparative results on the CVC-300 dataset

Tk Ty mDice mloU F, S, mE, MAE
U-Net(Ronneberger 55 ,2015) 2015 0.7333 0.6175 07432 0.8608 0.8969  0.0236
ResNet(Targ %5,2016) 2016 06363 05312 0.6683 0.7866 09581  0.0209
ACSNet(Zhang %5 ,2020) 2020 0.8619 0.7728 0.8232 09209 0.8404  0.0095
PraNet(Fan 5§ ,2020) 2020 08601 0.7849 0.8675 09189 0.9209  0.009 1
MSNet(Zhao % ,2021) 2022 0.8492 0.7748 0.8638 09196 09119 0.0139
FCBFormer(Sanderson #1 Matuszewski , 2022) 2022 - - - - - -
M2SNet(Zhao % ,2023) 2023 0.8288 0.7563 0.8370 09064 09605 0.0164
SAM-L(Zhou % ,2023) 2023 0.7260  0.6760  0.7290  0.8490 - 0.0200
DUCK-Net(Dumitru 5§ ,2023) 2023 08249 0.7429 0.8397 09168 09749 0.0155
PolypMixNet( Jia 5 ,2024) 2024 0.8103 0.7333  0.8173 09013 09790 0.0139
PRCNet(Li%,2024) 2024 0.8190 0.7360 0.7770  0.8910 - 0.018 0
CTNet(Xiao %, 2024) 2024 - - - - - -
C?ENet(Mao 4§ ,2025) 2025 0.8980 0.8290 0.8630 09320 09570  0.0070
ViBound-Net(4<3C) 2026 0.8710 0.7989 0.8737 09375 09839 0.0104

T R TR R A 9 e LA 2R =" BRIz IR AR BRI AR, kgt
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Fig. 7 Qualitative results of different methods on five datasets

((a) the qualitative results for the visible datasets ; (b) the qualitative results for the unseen datasets )
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Fig. 8 Visualization of the model’s attention responses across five public datasets
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Table 6 Comparison of model computational complexity and real-time inference performance

A 2 R SR /M FLOPs/G BRI E] /ms FPS/(15i/s)
U-Net(Ronneberger %5 ,2015) 17.27 75.98 85.2 11.7
PraNet(Fan % ,2020) 30.50 13.15 29.4 34.0
ACSNet(Zhang % ,2020) 29.45 21.75 48.6 20.6
MSNet(Fang %5 ,2022) 27.69 17.00 38.0 26.3
FCBFormer(Sanderson 1 Matuszewski, 2022) 52.95 73.30 164.0 6.1
PolypMixNet(Jia %F,2024) 28.70 17.20 38.5 26.0
PRCNet(Li %,2024) 44.98 46.82 104.7 9.6
CTNet(Xiao %,2024) 23.67 10.93 24.4 41.0
BFNet( Yue %,2025) 25.54 11.38 25.4 39.4
ViBound-Net(43() 25.11 12.60 27.3 36.6
®7 ARAEHERERERSIE
Table 7 Ablation study on the effectiveness of different components
Kvasir-SEG CVC-ClinicDB CVC-ColonDB
Ttk
mDice mloU MAE mDice mloU MAE mDice mloU MAE
LT 0.8825 0.826 1 0.0327 09154 0.8558 0.017 1 0.716 1 0.644 7 0.065 5
w/o BSFE 0.8833 0.826 9 0.0358 09142 0.859 7 0.0129 0.7220 0.6454 0.048 9
w/o LGCAF 0.884 4 0.8272 0.0322 0.9233 0.867 0 0.0130 0.732 1 0.656 2 0.037 8
w/o MRAFB 0.896 4 0.8360 0.0300 0.9254 0.876 1 0.0129 0.736 1 0.6597 0.037 3
w/o CCSAU 0.8920 0.8345 0.030 8 0.9307 0.879 5 0.0129 0.739 8 0.657 6 0.0514
ViBound-Net (4<3C) 0.908 1 0.8527 0.027 2 0.936 8 0.887 8 0.0126 0.741 1 0.662 1 0.037 1
ETIS-LaribPolypDB CVC-300
Tk
mDice mloU MAE mDice mloU MAE
R Tk 0.660 4 0.598 3 0.085 1 0.859 5 0.795 6 0.0190
w/o BSFE 0.636 4 0.559 4 0.048 9 0.846 7 0.785 4 0.017 4
w/o LGCAF 0.6277 0.5538 0.029 1 0.842 8 0.766 6 0.0140
w/o MRAFB 0.658 7 0.596 3 0.020 1 0.8532 0.790 5 0.0187
w/o CCSAU 0.7115 0.6450 0.0305 0.861 3 0.792 3 0.0117
ViBound-Net(430) 0.745 4 0.657 6 0.0135 0.8710 0.798 9 0.0104
%8 Dice 5EA Dice R MEAHRIEI
Table 8 Ablation study of the effectiveness of Dice and combined Dice
Kvasir-SEG CVC-ClinicDB CVC-ColonDB ETIS-LaribPolypDB CVC-300
EIPNE
mDice mloU mDice mloU mDice mloU mDice mloU mDice mloU
Dice 0.8728 0.8093 09058 0.8346 07428 0.6612 0.6587 05963 0.8532 0.7905
Dice + Focal 09081 0.8527 09368 0.8878 07411 0.6621 0.7454 0.6576 08710 0.7989

2583



2584

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

ClinicDB F1 CVC-ColonDB It Wi ¢ 31| 28 L #a # |, 1F
— B BGIE T LGCAF 78 34 58 42 Jay J8 A1 68 1 5 11 (9 4R
o M2 T, 5 BSFE X451 5 3 i T b 25
Wi, G2 7E ETIS-LaribPolypDB 34 4E |, mDice T
P& T 10.9%. 4 MRAFB 1 CCSAU B}, [A]4E 0
ZLENERE TR, Ui EATEZ RIEFHIERL G 5EE
JTEMHEF R EAEH

B T M Z8 AR FAE A O et i S8 3 i 1k 5
A5 RIRE SR 5 M A5 7R 0P Y S R 2R Rl R A IR
XT LB sl BB R b . 5 U Dice i
LA, IR A 1Y Dice + Focal $i1 2 1F Kvasir-SEG -1
mDice Al mloU 3 5l & T+ T 3. 5% H1 4. 3%; 7F CVC-
ClinicDB 430932 TF T 3. 1% F15. 3%, Xsush sk
I, B2 540020 S 3 B iR 1 AT ) AN S A K PR e
FEA M B 8 7 -

3 3 i

ViBound-Net 75 £ EL i 5. R 43 HI4E: 55 v (1) 52 5
SR B N S R U 5 R S 2 ARk
T A BE S MR T RE—a)m LT A
T2 1 (LGCAF) B 8 5 301 55 | S RUBE SR RN R AIE 1
5% (BSFE) #1951 A, ViBound-Net . 2 14 38 T X
2 IR G5 R 5 0 N G X IR AL RE O, T AR I B
TR 5N BRI 7 L T 28006 ik

AT, ViBound-Net £ 24~ A P 5 46 135
AR T 35 4 R4S R, R il & 7E CVC-ClinicDB Al
Kvasir-SEG IE4E I, mDice Fll mIoU /380 8. Z 32 T,
FEA IR T 7 kA SL AL LSRR 1 1 R R RE I S8
Sy E—EbE . [EE, A CVC-300 a4 I, AR AR
ENBIGEE s =R o S L E I T D)
IRz fb i

SR, A SCIR W ER 2], 7638 o0 HAT PR M 97 55
o (U1 ETIS-LaribPolypDB U5 4 ) , #5780 7 b #3E XF
LU RE /N RSE B TR B8 e W R 5 R s A
R, LA SR hy Jo 8 DX 3l 5 00 g AN i e 4
TG B . RSN X — MG B T8
RGBS A B 2048 2% 57 (domain gap) , A MR
b 25 ¥ 78 W it 3 S v IR 2 0 AR Bl Ak BE 1 1Y
FELAH

KRB TAERT LA LA 1) i — 25 4R T ASE 7Y
PERE: DRG 2 REED A S T B R w3 a0 &2 s

BLASSHRERBRE ST 2) 51 B IS IS R AE , 32T
/N RE B FAR BRSNS 2 5 3) 456 XU G A%
U AL, SR AR R R L A R AR
Dt TR E RIS ARE T

4% B

A SCHE H A ViBound-Net 2 50 75 25 5 7 & T 43
EUE S L T AL B VERE , R R AR AR A
R AN HARAR I . g | AR —4a s
T SCRA TR T (LGCAR) R O A 515 R A
FRAEYG 5 (BSFE) B LA J 2 RO % 22 1 E B Rl
He(MRAFB) 15 %2 18 1 — %5 [A) 1 2 H. T (CCSAU ),
ViBound-Net 47 &5 b 5 il 1 5L PR BG4 300 S
FOEERE i, P2t 17 IS B . Fei L, 45
4 Dice Fll Focal #5125 152 A #51 k pREU, 3 4 5y 1A
RUGEHE 53 X B0 43 I RE T, LAk T BB AE 2 5 A
i A/ B bRk i FR B, LA Ak, S5 R B
AR LR HBE DX RN 5 M s 25 I 25 R 20T
PR G —E Pkl . LRI G E R T YA
RUAEBNTR FE 1 5 1 SC— Stk gy i )8 A
JR PR o R RAH ST AT Rl S8 5 B A SN Rl L I =i X
SIS B AR 53 A 1 38 0 4 HE S 55y ), i —
AR T A 52 2R A R T B M 5 1l A
TR

2 3Lk (References)

Bernal J, Sdnchez F J, Ferndndez-Esparrach G, Gil D, Rodriguez C
and Vilarifio F. 2015. WM-DOVA maps for accurate polyp high-
lighting in colonoscopy: validation vs. saliency maps from physi-
cians. Computerized Medical Imaging and Graphics, 43: 99-111
[DOI: 10.1016/j.compmedimag.2015.02.007 ]

Bernal J, Sanchez J and Vilarino F. 2012. CVC-ColonDB: a database
for assessment of polyp detection [ EB/OL]. [2025-09-29 ].
https://vi.cve.uab.es/colon-qa/cvecolondb/

Brenner H, Stock C and Hoffmeister M. 2014. Effect of screening sig-
moidoscopy and screening colonoscopy on colorectal cancer inci-
dence and mortality: systematic review and meta-analysis of ran-
domised controlled trials and observational studies. BMJ, 348:
#¢2467 [DOL: 10.1136/bmj.g2467 |

Cai L H, Chen L J, Huang J H, Wang Y F and Zhang Y B. 2024. Know
your orientation: a viewpoint-aware framework for polyp segmenta-

tion. Medical Image Analysis, 97: #103288 [DOI: 10.1016/j.



$31%5/ET7H /2026 £7 B

KHEHE, BE, BBR, X
MRELRBENREEENEERERASTE

media.2024.103288 |

Dong B, Wang W H, Fan D P, LiJ P, Fu H Z and Shao L. 2023. Polyp-
PVT: polyp segmentation with pyramid vision transformers. CAAI
Artificial Intelligence Research, 2: #9150015 [DOI: 10.26599/
AIR.2023.9150015]

Dumitru R G, Peteleaza D and Craciun C. 2023. Using DUCK-Net for
polyp image segmentation. Scientific Reports, 13 (1) : #9803
[DOI: 10.1038/541598-023-36940-5 |

Fan D P, Cheng M M, Liu Y, Li T and Borji A. 2017. Structure-
measure: a new way to evaluate foreground maps//Proceedings of
2017 IEEE International Conference on Computer Vision (ICCV).
Venice, ltaly: IEEE: 4548-4557 [DOI: 10.1109/ICCV.2017.487]

Fan D P, Gong C, Cao Y, Ren B, Cheng M M and Borji A. 2018.
Enhanced-alignment measure for binary foreground map evalua-
tion//Proceedings of the 27th International Joint Conference on Arti-
ficial Intelligence. Stockholm, Sweden: ijcai.org: 698-704 [DOI:
10.24963/ijcai.2018/97 |

Fan D P, Ji G P, Zhou T, Chen G, Fu H Z, Shen J B, et al. 2020.
PraNet: parallel reverse attention network for polyp segmentation//
Proceedings of the 23rd International Conference on Medical Image
Computing and Computer-Assisted Intervention. Lima, Peru:
Springer: 263-273 [DOI: 10.1007/978-3-030-59725-2_26 |

Jha D, Smedsrud P H, Riegler M A, Halvorsen P, De Lange T, Johan-
sen D, et al. 2020. Kvasir-SEG: a segmented polyp dataset//Pro-
ceedings of the 26th International Conference on MultiMedia Model-
ing (MMM ). Daejeon, Korea (South) : Springer: 451-462 [DOI:
10.1007/978-3-030-37734-2_37 ]

Jha D, Tomar N K, Sharma V and Bagei U. 2023. TransNetR:
transformer-based residual network for polyp segmentation with
multi-center out-of-distribution testing//Medical Imaging with Deep
Learning (MIDL). Nashville, USA: PMLR: 1372-1384

Jia X, Shen Y T, Yang J H, Song R, Zhang W, Meng M Q H, et al.
2024. PolypMixNet: enhancing semi-supervised polyp segmenta-
tion with polyp-aware augmentation. Computers in Biology and
Medicine, 170: #108006 [DOI: 10.1016/j. compbiomed. 2024.
108006 |

LiJ, Wang J W, Lin F W, Heidari A A, Chen Y, Chen H L, et al.
2024. PRCNet: a parallel reverse convolutional attention network
for colorectal polyp segmentation. Biomedical Signal Processing
and Control, 95: #106336 [ DOI: 10.1016/j.bspc.2024.106336 |

Lin TY, Goyal P, Girshick R, He K M and Dolldr P. 2017. Focal loss
for dense object detection//Proceedings of 2017 IEEE International
Conference on Computer Vision (ICCV). Venice, Italy: IEEE:
2999-3007 [ DOI: 10.1109/ICCV.2017.324 ]

Mao X, Li HY, Li X X, Bai C B and Ming W J. 2025. C*E-Net: cas-
cade attention and context-aware cross-level fusion network via
edge learning guidance for polyp segmentation. Computers in Biol-
ogy and Medicine, 185: #108770 [DOI: 10.1016/;. compbiomed.
2024.108770 ]

Margolin R, Zelnik-Manor L and Tal A. 2014. How to evaluate fore-
ground maps?//Proceedings of 2014 IEEE Conference on Computer
Vision and Pattern Recognition (CVPR). Columbus, USA: IEEE:
248-255 [DOI: 10.1109/CVPR.2014.39 |

Ronneberger O, Fischer P and Brox T. 2015. U-Net: convolutional net-
works for biomedical image segmentation//Proceedings of the 18th
International Conference on Medical Image Computing and
Computer-Assisted Intervention. Munich, Germany: Springer:
234-241 [DOI: 10.1007/978-3-319-24574-4_28 |

Sanderson E and Matuszewski B J. 2022. FCN-transformer feature fusion
for polyp segmentation//Proceedings of the 26th Annual Conference
on Medical Image Understanding and Analysis. Cambridge, UK:
Springer: 892-907 [DOI: 10.1007/978-3-031-12053-4_65 |

Siegel R L, Giaquinto A N and Jemal A. 2024. Cancer statistics, 2024.
CA: A Cancer Journal for Clinicians, 74 (1) : 12-49 [DOI: 10.
3322/caac.21820]

Silva J, Histace A, Romain O, Dray X and Granado B. 2014. Toward
embedded detection of polyps in WCE images for early diagnosis of
colorectal cancer. International Journal of Computer Assisted Radi-
ology and Surgery, 9(2) : 283-293 [DOI: 10.1007/s11548-013-
0926-3]

Tan M X and Le Q V. 2021. EfficientNetV2: smaller models and faster
training//Proceedings of the 38th International Conference on
Machine Learning (ICML). Vienna, Austria: PMLR: 10096-
10106

Tang L F, Zhang H, Xu H and Ma J Y. 2023. Deep learning-based
image fusion: a survey. Journal of Image and Graphics, 28(1) : 3-
36 (FEFRUE, sKkil, TR, Hhf . 2023, Fe TR 2T IR
Bl J7 ik gRaA . T E B gL EE =4, 28(1) ¢ 3-36) [DOL: 10.
11834/12.220422 |

Targ S, Almeida D and Lyman K. 2016. ResNet in ResNet: generalizing
residual architectures [ EB/OL]. [2025-09-29].
https://arxiv.org/pdf/1603.08029.pdf

Woo S, Park J, Lee J Y and Kweon I S. 2018. CBAM: convolutional
block attention module//Proceedings of the 15th European Confer-
ence on Computer Vision (ECCV). Munich, Germany: Springer:
3-19 [DOI: 10.1007/978-3-030-01234-2_1]

WuZ Y, Lyu F M, Chen C L Z, Hao A M and Li S. 2024. Colorectal
polyp segmentation in the deep learning era: a comprehensive sur-
vey [ EB/OL]. [2025-09-29 |. https:/arxiv.org/pdf/2401.11734.pdf

Xiao B, HuJ W, Li W S, Pun C M and Bi X L. 2024. CTNet: contras-
tive transformer network for polyp segmentation. IEEE Transactions
on Cybernetics, 54 (9) : 5040-5053 [DOI: 10.1109/TCYB.2024.
3368154 ]

Yue G H, Wu S J, Li G, Zhao C, Hao Y, Zhou T W, et al. 2025.
Boundary-guided feature-aligned network for colorectal polyp seg-
mentation. IEEE Transactions on Circuits and Systems for Video
Technology, 35 (7) : 6993-7004 [DOI: 10.1109/TCSVT. 2025.
3542969 ]

2585



2586

PEERBEF ik

JOURNAL OF IMAGE AND GRAPHICS

Vol. 31,No. 7,Jul. 2026

Zhang RF, LiG B, LiZ, Cui S G, Qian D H and Yu Y Z. 2020. Adap-
tive context selection for polyp segmentation//Proceedings of the
23rd International Conference on Medical Image Computing and
Computer-Assisted Intervention. Lima, Peru: Springer: 253-262
[DOI: 10.1007/978-3-030-59725-2_25]

Zhao X, Zhang L. and Lu H. 2021. Automatic polyp segementation via
multi-scale substration network//Proceedings of International Con-
ference on Medical Image Computing and Computer-Assisted Inter-
vention. Cham: Springer: 120-130

Zhao X Q, JiaH P, Pang Y W, Lyu L, Tian F, Zhang L. H, et al. 2023.
M?SNet: multi-scale in multi-scale subtraction network for medical
image segmentation [ EB/OL]. [ 2025-09-29 ].
https://arxiv.org/pdf/2303.10894.pdf

Zhou T, Dong Y L, Huo B Q, Liu S and Ma Z J. 2021. U-Net and its
applications in medical image segmentation: a review. Journal of
Image and Graphics, 26(9): 2058-2077 (J&¥, e, 2 iR,
I, Th52TE . 2021, U-Net 0124 B % 8 195061 B 53k . o ]

E 4 KB4, 26(9) : 2058-2077) [DOI: 10.11834/jig.200704 ]
Zhou T, Zhang Y Z, Zhou Y, Wu Y and Gong C. 2023. Can SAM seg-

ment polyps? [EB/OL]. [2025-09-29].

hitps://arxiv.org/pdf/2304.07583.pdf

EE =T

SRUPLHL, 20, WEATSE  EEWEE 5 10 S AL
E-mail :231210702102@stu.just.edu.cn

XS AR L, B, RIS T5 1) S K S Pl &%
2] R E AN R R

E-mail : xdeng@just.edu.cn

R L, 55, BB, BRI 0 AL L HARTE S
GUSHIN -SSR T BN o U Y LR 5 R~ i A AN
ZTH A SETE . E-mail :jsj_shj@just.edu.cn
FRG B A P, SRR 1 AL A A SR
FALFE, E-mail : feiw@just.edu.cn

& 1



