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Colorectal polyp segmentation via Transformer-
based adaptive feature selection

Liang Liming, Kang Ting’, Wang Chengbin, Chen Kangquan, Li Yulin

College of Electrical Engineering and Automation, Jiangxi University of Science and Technology, Ganzhou, Jiangxi
341000, China

Abstract: To address challenges such as regional mis-segmentation and insufficient target localization accuracy in
colorectal polyp segmentation, this paper proposes a colorectal polyp segmentation algorithm that integrates
adaptive feature selection based on a Transformer. Firstly, the Transformer encoder is employed to extract multi-
level feature representations, capturing multi-scale information from fine-grained to high-level semantics. Secondly,
a dual-focus attention module is designed to enhance feature representation and recognition capabilities by
integrating multi-scale information, spatial attention, and local detail features, significantly improving the localization
accuracy of lesion areas. Thirdly, a hierarchical feature fusion module is introduced, which adopts a hierarchical
aggregation strategy to strengthen the fusion of local and global features, enhancing the capture of complex
regional features and effectively reducing mis-segmentation. Finally, a dynamic feature selection module is
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incorporated with adaptive selection and weighting mechanisms to optimize multi-resolution feature representation,
eliminate redundant information, and focus on key areas. Experiments conducted on the Kvasir, CVC-ClinicDB,
CVC-ColonDB, and ETIS datasets achieved Dice coefficients of 0.926, 0.941, 0.814, and 0.797, respectively. The
experimental results demonstrate that the proposed algorithm exhibits superior performance and application value

in the task of colorectal polyp segmentation.

Keywords: colorectal polyps; Transformer; dual-focus attention module; dynamic feature selection module
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Fig. 1 A Transformer-based adaptive feature selection algorithm for colorectal polyp segmentation
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3.5 EiEX L LIe

A SCA AL E A B A EI T i PERE . A
SCFE Kvasir, CVC-ClinicDB. CVC-ColonDB #1 ETIS
PO AFFBPE 4 -, 5 U-Net., DCRNet, CaraNet,
MSEG. SSFormer-S. MSRAFormer il Polyp-PVT"!7
T oy RIS HEA T XS LS5, JF H A 1A T4 2 AN
23, RIPNIHER >RSI bR B BRI

e 2 e 3 PR, ARSCEIEFEIAS A SR 4
RIS R WS, 2R R I
()42 5 R AR E AR RE 77 . I 2 FTHT, 7E Kvasir
B, A SCE ) Dice (0.926) Fil MIoU (0.878)
YA, Horp Dice Sz B i X 35 5 B S AR 2 X 35,
SRR, B RR B R S B X m)
Ao F2(0.919) ik EIRAAKE, BT RZHILAM T,
[E I 7E SE (0.917) Fl PC (0.955) b, 4358
PR RS DX 38 A e G R RS R, PR BN B 2R 5
T BAR XA 3 KA 3K BE /T . 7E CVC-ClinicDB 4l
fErh | AR SCEEERY Dice (0.941). MIoU (0.896). SE
(0.957) F1 F2 (0.949) B, FeolJe F2 /E A A i
A RRNGETES, RV SR A HIMERER
SEATE FORRREE s A, PC (0.934) Fil MAE (0.006)
RIS, VLS RE A T Rk B 43 I [ i A Rids
A A, SCI R SIS R

240279-7


https://doi.org/10.12086/oee.2025.240279

FERLI, 25 O TR, 2025, 52(3): 240279

https://doi.org/10.12086/0ee.2025.240279

% 2 Kvasir #= CVC-ClinicDB #3& £ F R F) W &% 45 2

Table 2 Segmentation results of different networks on Kvasir and CVC-ClinicDB datasets

Dataset Method Dice MioU SE PC F2 MAE
U-Net” 0.818 0.746 0.856 0.857 0.827 0.055
DCRNet" 0.888 0.825 0.902 0.904 0.891 0.035
CaraNet"! 0.922 0.872 0.915 0.941 0.921 0.019
_ MSEG" 0.899 0.842 0.900 0.923 0.896 0.028
Kvasir SSFormer-S* 0.925 0.877 0.914 0.944 0.917 0.018
MSRAFormer"” 0.923 0.873 0.915 0.952 0.917 0.024
Polyp-PVT?"! 0.917 0.864 0.913 0.947 0.914 0.023
Ours 0.926 0.879 0.917 0.955 0.919 0.023
U-Net” 0.823 0.755 0.834 0.839 0.827 0.019
DCRNet"” 0.899 0.846 0.913 0.893 0.906 0.010
CaraNet"! 0.934 0.890 0.944 0.940 0.939 0.006
VC.ClineDB MSEG" 0.912 0.866 0.924 0.935 0.918 0.007
SSFormer-S" 0.918 0.875 0.905 0.939 0.910 0.007
MSRAFormer'"” 0.924 0.874 0.945 0.920 0.932 0.008
Polyp-PVT*! 0.937 0.889 0.949 0.936 0.945 0.006
Ours 0.941 0.896 0.957 0.934 0.949 0.006
% 3 CVC-ConlonDB #= ETIS #4% % L RF W% 534 R
Table 3 Segmentation results of different networks on CVC-ColonDB and ETIS datasets
Dataset Method Dice MloU SE PC F2 MAE
U-Net 0.512 0.444 0.523 0.621 0.510 0.061
DCRNet” 0.707 0.632 0.776 0.719 0.723 0.052
CaraNet”! 0.748 0.683 0.753 0.893 0.746 0.035
MSEG" 0.738 0.669 0.752 0.806 0.739 0.038
CVC-ConlonDB
SSFormer-S* 0.774 0.698 0.777 0.837 0.766 0.036
MSRAFormer""” 0.782 0.707 0.803 0.874 0.181 0.028
Polyp-PVT*" 0.808 0.727 0.821 0.849 0.809 0.031
Ours 0.814 0.732 0.849 0.824 0.825 0.028
U-Net 0.398 0.335 0.482 0.439 0.429 0.036
DCRNet"” 0.550 0.486 0.746 0.504 0.600 0.095
CaraNet"” 0.728 0.661 0.775 0.814 0.750 0.017
MSEG" 0.703 0.632 0.739 0.710 0.720 0.015
ETIS SSFormer-S"! 0.769 0.698 0.856 0.743 0.800 0.016
MSRAFormer"™” 0.750 0.679 0.811 0.745 0.777 0.013
Polyp-PVT®" 0.787 0.706 0.867 0.774 0.820 0.013
Ours 0.797 0.716 0.889 0.761 0.834 0.018

M 3 A5, 7F CVC-ColonDB FfR &, AL
B Dice (0.814), MIoU (0.732) Fl F2 (0.825) ¥4
et , Hoh SE 358 0.849, Mprfi ik, B
XF 1 BRSO DX ORI AR Y SR A I BE ) o TRl
MAE {{ 4 0.028, 5 MSRAFormer #24, 3043

R 2ZE M /N, fE ETIS B4 £, A% X5 1% 7F Dice
(0.797). MIoU (0.716). SE (0.889) I F2 (0.834) P43
febr BB RILRM, Hde SE IR SEIEXT
AR T BRI B ARAE S, F2 g2
JE BT A R 5 A ORI R AP . R, PC

240279-8


https://doi.org/10.12086/oee.2025.240279

gerLA, 45 e TRE, 2025, 52(3): 240279

https://doi.org/10.12086/0ee.2025.240279

(0.761) IKFIRALIKF-, (LIR{K T Polyp-PVT 1Y 0.774,
1M MAE (0.018) Bl i Ta5eflt, (HATS AL THARIKF-
LRORE,, ASCREENA B RS G TEREL 3
3. 51541 U-Net fl DCRNet Ml H, A% 07k
7t Dice Fl MloU SR #EE bR LSBT 30%~50% 4R
Tt; 5ET CNN /9 CaraNet £l MSEG AL, A0)7:
TEA2 R R B 1 AR e ) bR e
£S5 HAIET Transformer Y Polyp-PVT, SSFormer-S
F1 MSRAFormer X} [t H, 5375 7F Dice. SE il F2
R OTes L RFERILE, FEAETE CVC-ColonDB
A ETIS %4 46 v R 3 S i 1) B A XIS i g 0 Fi s
FALTRRE Sy, GRE IR RRY], AR M FIE
ERESTE S AT 57 N R o> H B A X, B
PTG Sz ALRE T

4 R TASCR S HA 6 R AR CVC-
ClinicDB B £ RSB EREXT L . i@ S8R . it
S IRIE (GFLOPs) MIYIZRI [ AYZ55 A Al LI
AR B ZE S L. ST, A
CIT¥EACHN 26.05 M, AH# T U-Net, DCRNet Fil
MSRAFormer kb, FE0 AR T RIALR TR EE
s AR E L, AR3CTA M) 11.00 GFLOPs
% = F Polyp-PVT F1 SSFormer-S, {H # CaraNet
Il MSRAFormer i % P11, R T HAE S EREZ
(i) 1) 5 P-4 o DINERIN Ta) 7 1T, AR SCRL AR AR
183 s, % U-Net. DCRNet il CaraNet i 4%, HJ
f#fi 5 Polyp-PVT il SSFormer-S #H 1t , i J& BH i3 HA i
MRCRIEER . LRG0T, AT ERRTENERE . HAE
SRR Z A SEI RAFRAET , o ah B B A U5
PEHETE R SRR T R

k4 FF)R %Atk (CVC-ClinicDB)
Table 4 Performance comparison of different
networks (CVC-ClinicDB)

Method Parameters’M  GFLOPs  Train/(round-s~!)
U-Net 34.53 65.52 309
DCRNet 28.70 53.00 285
CaraNet 44.54 11.45 256
SSFormer-S 29.31 10.11 220
MSRAFormer 68.96 21.29 199
Polyp-PVT 25.12 5.30 233
Ours 26.05 11.00 183

Pl 5 BV R /R AR SCRRA A e B BN i
T Dice R BV AR LSS, 15 M A B 0E 1 o 4k
fit. MIEIARINZATE , Dice REYIRT AT AR

M, IR BE (37 20 4> epoch) BIVAT 3k 2145 = 7K
-, RILT R RS S m ik . He, Kvasi Al
CVC-ClinicDB P 8L R W7, I Dice R
BAE L5 58 4> epoch B #4 A e, 20 BlikF] 0.926
F10.941 (MK, RWIELAE X SLEAR AR 10
TR 9. MIELZ T, CVC-ColonDB #il ETIS
AN Dice REGE fUBK, HEMIZ%E, CVC-
ColonDB i5 %] T 0.81 2247 1y = /K F, fii ETIS £2 &
1E.0.76 Bt , SR RAR T HAWEAE S, i e
TR Y T B RS N . SR,
Kt oI i A%, BIRTE & BR4E Bk
PR > EIMERE , LI T R E T S
YA
Dice coefficient trends

\ v". ey
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|

Ll

\’\ .\_f Ky ' . S 2 A,
g 0.80 r'*.f‘f‘ i’ "Llﬁ M A‘u"’ 1-\@\{_'.1-"2’:’\_/ PV\". v“Ti"n ]
8 Ly ! Loy
O 075} . : i
[ i
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i —— CVC-ClinicDB
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Fig. 5 Trend chart of Dice coefficient changes

6 A 7 bk 8 F 313k 7 Kvasir, CVC-
ClinicDB, CVC-ColonDB il ETIS PU JF 44 4 |
far A e IR, A BT RO R R
(image). PR iEFAD (mask). DL A& U-Net, DCRNet,
Caranet, MSEG . SSFormer-s . MASRFormer ., PolypPVT
AL FISE R . O T MW L, JRih &l
B A XU W COTRESRTE , [RIIN 23 #1255 R T B
0, ZLEMSRE =FhBIAIX 5y B AR IR 7RI
A8 DX (ECRRPE), 060 S 5% 00 1 A 78 X (M1
FHAE), g € o R 3 0 B s 28 X s (IR B ).
655 2 5 MK 755 8 5T 7n, U-Net, DCRNet Fll
CaraNet 7EALFH/IN RS 5L A IExE LATHE A 4 S ki IXC
MANTTRAE, W RIS, JCHAE R e Sl
BRSO, WA 6 55 4 SUFNE 7 55 3 51T
/R, MSEG RN £ RERER G-I TX/NE A
X HEIRES), (EAEALBRAHRR 2/ N G A DX 25 5
BOD AR, X% BEPE G SSFormer-s FUEAT 4>
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H) gl 755 9 51 B v, MASRFormer Fl PolprVT
BRI IR LAy TR B, (B TF/NGH AR
UL, TERRER A 2/ NE R 5
T, H IR A SO R AR X E R e, 5
WRPARL, A SCA PG 2 E T i e T
YNGR K Z /NS R EIRe . |, %
F o FEEM G Transformer (PVTV2) 1432 B ARAE 1T,
A SCERE A AR IBU MR AL X S AR BE AR,
JE LA PRER P F I 2 RO RMERIE . Rk, WER
B BRI T T AHbE T SO AL
SRRk, /NG XS B RS o,
WIS . KI5, S RRHE RS ARGl 5 R R
BOREE, E5R XSRS AR R R ZImRE ), A
RARTE T E R ER 4L S 2/ NE R 5T X
LT@ I, ShARHEE PRSI HGE 1 F 1E DAL
il #E— R Z  HERRHE TR, $2F T X 40N
%WE&%@@@,mﬁ%mﬁ% Y0 [R5 1%
INRGERRRER G YE . S35 RIS R R, AR
E/NRGE R K Z /N RS SsrE, A
B m R e A Bt . JEIR BT e be ik
SERATIAL A EIEE R, A SCRI R T HA-E P e
B, FEREAE/INR R DX S S A 20 -, SRSy
JEIL T HAR S B2 i 5 T N T T

HAGFE AR A, OGBS RIAE T 4R (NBI)
FAGHE SRIATHFN, o3 BB kb DX I 42 Ry R
KRG RS HM5 B . OGS BAR BA ST AL A1
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Fig. 6 Visualization of segmentation results of different networks on
CVC-ClinicDB and Kvasir datasets
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TH SR, ARSI AT T NBLEG, HAH
Rl se o ot iR Bkig . JEF PVTV2 (2 R
HLRE 7 BE S 2R NBI UG h AR #6419 21 42 JRy il
()22 S URARAE 5 WU S A 1 T A i A 20T B o
A AUE B AR, B R i S RN N kXY
B A EARHIE R A G R A R AR E R,
5 X A2 AIE AR AL XIS R 5 S A FRIE BERRAR
ORI & B IALE 6 2ECHERRIE , 0 P52 AT
RIEE, FEEAE 2GS 5 R EIERE. BRI S,
AU BEUETE NBI &5 i Jie B 157 114 43 510K B AN
RRYE, AU ANk X8 EL A T 5 B 4 R
Wb e LT 3% BT A0 B A RIBOR S NBI R AE
S5 EL I B RSN v i 1o FH B At v R S R, AR —
HAETHS W R HERG S R RE LK
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RN ST BT AR SCRR A B HE AR - FIPE RE Y BT
ik, ZA<3CHE CVC-ClinicDB Fl ETIS $(4i 4 L 47 T
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Transformer 2 %75 B 36Al b, 51 A2 ZHRE A AR

e sh B R E LB, G2 {0 AE 43 )2 Transformer
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Fig. 7 Visualization of sgmentation results of different networks on
CVC-ColonDB and ETIS datasets
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YRR LA, WS ISR SR AR TR R R S A AR
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B AR AL TR I . Ay R RHE RS AR B 2
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SEEREE IR LA S Ak 6, Horh, SIS AR Y LRI
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ClinicDB # ETIS W44l 4 I [ Dice R EURI ] %
HEL G4 k3846 FReAI%, 1B B SR A5 10 7 ) Ak
AEAEE L B AR X 405 15 BN & 2= X Sk i3
KFR, WENRBAE R 2R R (1 5 FITERA 1
Je X T AR ) B A X SR B A R . G2 ik
7t CVC-ClinicDB £ ETIS -~ %4k 55 I 19 Bir A 48 b
BIUET G4 7k, X R ZHRE Al A A AR 0538
NERERNE, BAEARFPERFHEER, T
U 8 TR X SR IR AR /N AR AR B3 1, X RS
R (PC) £ B s AEH . G3 FIETE CVC-
ClinicDB #1 ETIS Pi-MEHE4E -V 1438 01 (MIoU)
M F2 FHUIE G4 TR T 0.030, 0.028 #10.018,
0.028, X it BH ) A RFAIF e PRAS B R A% A 2500 12 AN ]
SIHERIRHEE R, AR BRI R L, $2 Tt
BRI G . R RIS AE A FEAS LU IR AN & 247 5
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HIEE S I BEE AN IR s SRR A
FH B SR IAHLE], X253 BRI A T LA 2
[ Bt e A T4 . TAFS-Net 7F Kvasir-SEG, CVC-
ClinicDB, ETIS-LaribPolypDB F CVC-ColonDB P4~
e ERYH 1A (SE) 7351355 0917, 0.957. 0.849
F10.889, SIMATIEMIL, R REE T PR
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Bt DRI A 2 S 2 #0755k, [ i it
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REIFIE YL, MAh, S5A R IE ) g B>
BORFE R TCAR SSRGS/ IMEAR BT 73 EIE 55 12
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— AR TR AR S PRI R T AN, s B

R TTHR TR REIZ WA AR T AR B4 T B AR SR
% 5 &4 CVC-ClinicDB k¥ % £ 4434 kA 504 R
Table 5 Ablation results of each module on the CVC-ClinicDB dataset

Method DFA HFF DFS Dice MioU SE PC F2
G1 \ v 0.929 0.882 0.935 0.941 0.931
G2 % \ 0.930 0.884 0.950 0.924 0.938
G3 d J 0.921 0.866 0.922 0.935 0.921
G4 \ \ N 0.941 0.896 0.957 0.934 0.949

k.6 B ETIS $48 & Loyl AR 45 R
Table 6 Ablation results of each module on the ETIS dataset

Method DFA HFF DFS Dice MioU SE PC F2
G1 \ v 0.782 0.705 0.856 0.748 0.816
G2 v \ 0.787 0.705 0.875 0.755 0.825
G3 V J 0.780 0.698 0.839 0.771 0.806
G4 N \ N 0.797 0.716 0.889 0.761 0.834
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Colorectal polyp segmentation via Transformer-
based adaptive feature selection

Liang Liming, Kang Ting’, Wang Chengbin, Chen Kangquan, Li Yulin
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A Transformer-based adaptive feature selection algorithm for colorectal polyp segmentation

Overview: Colorectal cancer ranks among the most common and life-threatening diseases worldwide, with colorectal
polyps identified as the primary precursors. Accurate detection and segmentation of polyps are essential for preventing
cancer progression and improving patient outcomes. However, existing segmentation methods face persistent
challenges, including regional mis-segmentation, low localization accuracy, and difficulties in capturing the complex
features of polyps. To overcome these limitations, this study presents a novel colorectal polyp segmentation algorithm
that integrates Transformer-based adaptive feature selection to improve segmentation accuracy and robustness.

The proposed approach utilizes a Transformer encoder to extract multi-level feature representations, capturing
information from fine-grained details to high-level semantics. This enables a comprehensive understanding of the
morphology of polyps and their surrounding tissues. To further improve feature representation, a dual-focus attention
module is introduced, which integrates multi-scale information, spatial attention, and local detail features. This module
enhances lesion localization accuracy and reduces errors arising from the complex structures of polyps.

To address regional mis-segmentation, a hierarchical feature fusion module is developed. By employing a hierarchical
aggregation strategy, this module strengthens the integration of local and global features, allowing the model to better
capture intricate regional characteristics. Additionally, a dynamic feature selection module is incorporated to optimize
multi-resolution feature representations. Through adaptive selection and weighting mechanisms, this module eliminates
redundant information and focuses on critical regions, improving segmentation precision.

Extensive evaluations were conducted on four widely used datasets: Kvasir, CVC-ClinicDB, CVC-ColonDB, and
ETIS. The algorithm achieved Dice coefficients of 0.926, 0.941, 0.814, and 0.797, respectively, surpassing state-of-the-art
segmentation methods. These results highlight the model’s robustness, accuracy, and generalization ability across
datasets with diverse imaging characteristics and complexities.

In conclusion, this study demonstrates the effectiveness of integrating Transformer-based adaptive feature selection,
dual-focus attention, hierarchical feature fusion, and dynamic feature optimization. The proposed algorithm provides a
comprehensive and innovative solution to the challenges of colorectal polyp segmentation, offering significant potential
for clinical applications in early cancer diagnosis and treatment.
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