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Abstract: Objective Colorectal polyp segmentation is an important task in colonoscopic image analysis because accurate
delineation of polyp regions can provide useful support for lesion localization and subsequent computer-aided diagnosis.

However, colonoscopic images often contain low-contrast lesions, specular reflections, mucosal texture interference, and
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irregular boundary shapes. These factors make the separation between polyp regions and surrounding tissues difficult, espe-
cially for small, flat, or weak-boundary polyps. Existing medical image segmentation methods have achieved considerable
progress with convolutional neural networks, Transformer-based architectures, and boundary-enhancement strategies. Nev-
ertheless, many of them still focus mainly on spatial-domain feature learning. During hierarchical encoding, downsam-
pling, and skip-connection fusion, high-frequency structural cues related to polyp edges and fine textures may be weak-
ened. In addition, common boundary-enhancement methods usually strengthen boundary responses or introduce auxiliary
edge supervision, but they are less effective in modeling geometric continuity. To address these issues, this study proposes
a colorectal polyp medical image segmentation network that integrates frequency-domain enhancement and geometry-guided
boundary modeling. Method The proposed network follows an encoder-decoder architecture and introduces frequency-
domain and geometric priors into different stages of feature representation and boundary reconstruction. In the encoding
stage, a Spectral-enhanced Transformer Block is designed to improve the joint modeling of global structures and local
details. Specifically, fast Fourier transform is embedded into the multi-head attention‘and feed-forward processes, allowing
the network to enhance frequency-sensitive responses while preserving the semantic representation learned in the spatial
domain. This design helps the encoder capture structural information that is closely related to weak polyp boundaries,
subtle texture changes, and local contour variations. In the skip-connection stage, a Dual-band Feature Fusion Module is
constructed to reduce the loss of boundary details during cross-layer feature transmission. The module decomposes encoder
features into low-frequency and high-frequency components through a radial frequency-domain mask. The low-frequency
branch is used to preserve region-level contour consistency, whereas the high-frequency branch emphasizes boundary tran-
sitions and fine-grained texture responses. These complementary components are then aligned and fused with decoder fea-
tures, which enables the decoder to recover both global polyp shape and local boundary details more effectively. In the
decoding stage, a Dual-stage Geometry-guided Module is introduced to incorporate signed distance and curvature informa-
tion into boundary reconstruction. The module first estimates a coarse signed distance field and derives curvature-related
cues from the distance representation. Narrow-band weighting and curvature-variation weighting are then used as geometric
priors to guide the recovery of ambiguous boundary regions and locally curved contours. Furthermore, a Curvature-aware
Geometric Supervision Loss is designed to jointly constrain the final segmentation output, boundary localization, signed dis-
tance field regression, and local curvature consistency. Through this joint optimization, the proposed network learns not
only region-level overlap but also geometric consistency around complex polyp boundaries. Result Experiments were con-
ducted on five public colorectal polyp segmentation datasets, including Kvasir, ClinicDB, ColonDB, EndoScene, and
ETIS. The proposed method was compared with 19 representative medical image segmentation methods, including general
segmentation networks and polyp-oriented segmentation models. ToU and Dice were used as quantitative evaluation metrics
because they can reflect region-level consistency and segmentation overlap. On the Kvasir dataset, the proposed method
achieved an IoU of 85.78% and a Dice score of 91. 04%. On the ClinicDB dataset, the loU and Dice score reached
86. 18% and 91. 21%, respectively. On the ColonDB dataset, the proposed method achieved 70. 62% loU and 78. 03%
Dice, indicating its effectiveness under more challenging cross-dataset conditions. On the EndoScene dataset, the loU and
Dice score reached 83.37% and 89. 65%, respectively. On the ETIS dataset, which contains many low-contrast and
ambiguous polyp cases, the proposed method achieved 66. 79% loU and 75. 76% Dice. The average loU and average Dice
over the five datasets were 78. 55% and 85. 14%, respectively, which were 0. 83 and 1. 37 percentage points higher than
existing state-of-the-art methods. Qualitative visualization results also showed that our model produced fewer missing
regions and fewer boundary errors in low-contrast, small-target, and complex-contour cases. Conclusion The proposed
frequency-domain enhanced and geometry-guided segmentation network improves colorectal polyp segmentation by combin-
ing spectral detail modeling, dual-band feature transmission, signed distance representation, and curvature-aware supervi-
sion. The experimental results demonstrate that the method achieves high segmentation accuracy on five public datasets
and shows promising cross-dataset generalization. The method is particularly effective for weak-boundary, low-contrast,
and complex-shaped polyps, where both high-frequency detail preservation and geometric boundary modeling are important
for accurate segmentation.
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AL R G E BRI 2525 5+, il it GELU ()
J B9 53 SR WA AR L T T AR, X B A7 i
9 18 J S 45 i o A O B ARG, g S S
NS5 A SR SO AT A ) (B 45, 2026) ¢

D
A

SR ARIE R

v x (L)
FJFT
s

&

K2 Fids i en Transformer SR 2514
Fig. 2 Structure of the Spectral-enhanced Transformer Block
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Fig.3  Structure of Dual-band Feature Fusion Module
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3 ZWS5SH

3.1 WHIRE

AT AG A ST AR I B A Iy FE 55 TR o3
R S B R AR 2 AL RE ), e B Kvasir , ClinicDB |
ColonDB ,EndoScene £ ETIS iX 5 4~y #5044 7F iz
S, HGHE R MK 1R, BB EE S T
EZL Y78 N RE 715 R RNt =0 e S i S D U
SRR A IR, WAl B SR He R O R gl
BEifi SO iz SISO K SRl £ 25 P &R i 2 %
A

®1 BEASINAFHEESIT
Table 1 Statistics of public datasets for colorectal polyp

segmentation
G/ TS Bl (2% S TR V| % SR 7ive S
Kvasir CIg 1000 900 100
ClinicDB G 612 550 62
ColonDB ANu] W, 380 - 380
EndoScene AT 60 - 60
ETIS An] I 196 - 196

Kvasir #1 ClinicDB E A3 % 5 bp v i i fAR 3 &
AL oE Z e VR D il I EE B T TR 25 S5 0F
fiti; ColonDB HIETIS H/N UK IR LI HIE 25225
MR AREA & R AT AR T
o e 5 AR (1) 25 B A A B A% 5 EndoScene WAL % —
Bk HA SO AR TP PR RS, m] i —2P
T PPAN RS AE o3 AT i B8 25 1F B ROSE N RE ) o Jd i
7 0R S A EUR AR ERYIRG I, "I BCh RGE
UEAR SCO7 VETE X A8 23 B B2 300 57220 1 R ) M S %
I K37 Sz A VERE S 7 T i 25 6 R
3.2 XLWIRESTMIER

A% 3C BT A 5L B 3 7E NVIDIA GeForce RTX
4090D EJE AL PREF (graphics processing unit, GPU) I
SEIY, 3T PyTorch HEZR S . AEHL R ) Adam £ 1k
rIEATINGR , RIAGF B E R 1 x 107, BUH I
FEBLE 1 < 107 e B I Z0 $9 A Fe e WA 8L
SR B R LE 0L RE T7 , 27 T A2 0 2 MR A 4
A A 5% KL, B 104 epoch HEAT— K H i
BT R RET,,, = 2: I, Ko

AR BRBEN 1 x 107, LA G5 ) - 1o J8E e 0l 5 Bk
e Bl . SEEG P batch size 52 A 8, BV ZREE IR 5E R
300, AHGSRAALEERIE 52 R T, XTI ZRFEA
K HBERL IR e K- B0 e B Bz 46 R 1
R R B R 43 2 B Clinie DB Al Kvasir 3% 1450
R USRI R AR N 3k 5 B 4 b il 43 798
i FER A R R 4E (Chen W L %5, 2023) 5 BT i A
FURTEIE A R 28 BTG — I HE g 224 x 22418380 N
PRUEXT L0 S50 1 23 PP, i 6T b 2 Y e AR ] 1)
BRI AR S A BCE T BRI

M E BVFIAS SO A BIPERE R 2 S R
UG FUTE 55 R T B PEA 48 4 Dice il ToU, 15
T 530 XA P, ELSEHR T X R G, W Dice A

ToU M1 2551k
2lPNG
- 2
ce |P| N |G| (23)
MUJPQG‘ (24)
lPUG

A, Dice 21 T & T 45 2R 5 AR 7R IX.
ol J22 T ) A TR R, R Jm PR s 22 S5 A UK 5 ToU
Xof 3t 73 RN R 3 BAT B i ) 1 22 R, RE RS T
L S WA 1 DB RORGE o RS 2R 9200 45
(5 HT T, SR F P2 Dice FISF-1 ToU Sk 5 AN FFEL
I B 0T AR AR A SR AR K, A2 & B R REAREL
PTG . TSSO 1 8] I AU A1
SR 31 S AR R A5 2 T T o3 BT, PR SR
Dice 5 ToU HEAT AN , BB 45 S 4 T b S A5 20 7
R R DXl — S P A B 6 D7 T AR PR RE 22 57
3.3 MHEREITME
3.3.1  SBUA ER AR R
HREAR SO EAE I B A 2 B 55 i A Sk
55 384 |, 7F EndoScene . ClinicDB . ColonDB . Kvasir
HETIS 55 5 A TP 4R b R A SO E S 19F0 B
AR 1 BE A2 MG ST BT EE AT X L, S 45
W2 F 7 o % ey 2k S MG B2 2 G o 507
TR 18] Jig JEL A 23 BT 55 18 & T O vk vh A7 e B
B RS RO E TR G T B TR 2 M 48
JIHLi A K CNN-Transformer {52844 , 7] A3 FH
o3 HIGRL ) BE VA A SO 2 A AR VERE o T ) 1 B
3 EUE S 0L A S T SA SO BB O HE
F18 25 [A) SRR I S AU A S B A8 30 B i 5
Ty ¥k, R R 6% 45 oy 4 T b A 36 AR SC T 1k 1 43

© h[E KR KL AR



1
moE, WE, XEE, kahdE, BRFEA
A& UG EA LS| SRR EFE G E

®2 BREELNLFHEE EAMERELLR

Table 2 Performance comparison of different models on five public datasets

- EndoScene ClinicDB ColonDB Kvasir ETIS

o IoU (%) Dice (%) 1oU(%) Dice(%) IoU(%) Dice(%) 1oU(%) Dice(%) IoU(%) Dice (%)
UNet 72.94 81.02 84.49 89.09 58.23 65.81 82.11 87.12  47.03 53.16
U-Mamba 7044 79.42 81.35 87.37 54.73 63.50  78.75 85.75 42.83 49.21
H-vmunet 70.63 79.40 81.35 8640 5585 67.54 77.67 85.29 43.77 47.60
CAUNet 69.67 7702 7747 84.16  60.41 6890  79.54 86.43 46.50 53.69
UNet++ 71.78 79.17 81.69 87.62 57.82 65.16 81.70 87.04 4279  48.65
PUNet 68.47 75.92 81.39 87.79 61.61 69.43 81.53 86.83 43.05 51.12
AttUNet 77.32 84.89 81.74 88.70 6135 68.88 83.82 88.51 47.15 53.32
CENet 74.90 83.62 80.86 87.38 63.57 71.84 82.37 8782 53.19 60.75
TransFuse 75.99 84.42 8290  90.03 64.08 72.72 83.27 8822  58.69 67.59
SwinUNet 81.64 88.07 8580  90.53  69.92 7737 84.16  89.58  59.87 67.70
DEU-Net 8298 8941  83.80 88.57 69.28 76.42 83.49 88.37 62.11 69.20
TransUNet 79.67 86.03 85.26 9045 ~.69.94  77.32 84.82 8934  61.83 69.05
VMUNet 81.75 8736 8538  90.47 70.21 7773 8521 8923  66.05 . 74.03
SANet 79.51 85.86 83.91 87.61 67.12 7531 82.73 88.41 6342  73.05
MSNet 78.72 84.92 84.93 88.12  67.87 75.52 83.26 8872  64.41 71.93
PEFNet 77.27 85.12 81.35 8546  63.85 76.31 81.27 87.11 60.23 63.64
M2UNet 77.41 85.83 83.27 89.08 67.43 76.72 82.41 88.03 61.56 67.66
MEGANet 79.43 85.94 83.94 90.08 6942 7623 83.32 8932  64.57 72.91
WBANet 75.99 86.06 83.86 88.77 66.38 77.19 82.58 88.78 62.10 69.72
A7 8337 - 89.65 86.18  91.21 7062  78.03 8578 9104 6679 7576

T L PR R B8 R UM, T RIZe 2R 5 A (E

RO
PE— 20 45 5 AN RV 5 0 LB sR 2B AT

J1 , Ao 2 WA 5 BE 05 A7 S5CRM B s T SR AT 78 555
20 B X HE B X B Rk R o R R AR

AN T HTE ClinicDB A Kvasir 1% 25 R% 5 18 4858 5
P B R A S M ) B 5 b B Tk
3k T 28 RE 8 MU 8 v 1 43 HORG B L (B AR SO AT
RETERL (B4R L ARSL IS 32 T, JUHAE Kvasir 2048
£ I+, ToU 1 Dice 4351l 5 1] 85. 78% 1 91. 04% , 55 #x;
X HE T 243 4R T 0. 57 AT 1. 46 4 E 43 45, A AR
SO EAGE T EMEREAS , BB A8 i — 2D 4 T4
50T W RRIE 3R i MIgE B S e ) . A SOT
1 1F EndoScene , ETIS A1 ColonDB iX 3 4~ A 1] WL 45
£ BRI, HoP AE ColonDB 1 ToU Al
Dice 43 51135 %] 70. 62% F178. 03%, 15 1 HX} F & 2%
SO ST BYASHL U] . PR 6 i B A T R A T e

ETIS 846 42 I, AR A BT X LU BEAIR L 30 S0 4
R ) B 34 P B A5 5 1 O R U Bl L T S A 4
3.3.2 BB RSB

128 3 1) L, AR SO ik i S 80k 135. 87M, i
FRP M. WNFERBERE Ak
HY 7% 45,12 55 i (floating-point operations, FLOPs) A
33.92G, 4R & T VMUNet . SwinUNet . DEU-Net #l
TransFuse %% % & ol I 71 53 5 A5 Y, {2 1K T UNet.
AttUNet 1 SANet 5531550 5 55 5y 9 07 v, BERH T $2 4854
P S HOBEG I I 2R S 2o s T ) AR A
PRI I E AL Tl 4552 5 . S8 i £ 25
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Fig. 4 Visualization results of representative methods on the

Kvasir and ETIS datasets
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WG TR 5 LTS | S 45 H0 RE S AEHS I — i S H AR
AR IR O $88 BB 47 1 555 i 5 R 2 2 e S S BB )
3.4 HERSCIE
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R T R GEHITAR A SO vk T AR BTk
FATHE BA AN A AR AE R 7K P 1) 2B 4
VEAT T 454k 1 Rl S 56, DL UNet #5594 4 Baseline
IR FF- 14 Dice FEH ToU VE RIEHr H5 4R . T Rl se
g AR 4 PR, 4 4B —BEH S I 43 516 B T AV
5] A STB.DFFM ., DGM F1 CGSL [1E T , i 42 2 41 XL
PR 20 A S 6 D) F T 96 S A0 385 40 A L AT 358 4 i B
[l V5, R T X6 B 26 4, 1815 v 540 0 6k iy 6 4
PN EEIT A S AL Al & o AN, A SCh i —2
OIS AZ DA N BB BT 1 & FPE , 4R 52 DL STB 1Y
HBZE L DFFM AHE %) 73 Z 50 DGM W By Bral 4 1]
il B AR A0 5 3 A 7 T HEA T AN SR AT o

HER 4] UL, 47 B0 — T AR JE LA Ll 13
Wk T RUE MMERRAR T, SRR SO T Y 45 4L
S RA S AR . Hoh, 5| A STB S, T34
ToU F1°F-32 Dice 43 il 4 F+ 2 72. 73% F179. 64%, 15
B 2 A 25 A U i A B TR T4 R B SR
RE ) AR JZ 1 A B 5| A DFFM I, -3 ToU
HISFE-2 Dice 23 5135 3 73. 55% F11 80. 39% , 1t I 3 T
KU 53 fifk ) Bk BR324z il 6 B 08 T 5 2 b R B s 1K
WEAME B o XS T LES 4, B 5] A DGM Al
CGSL I}, %5 KL 2R 45 0S4 ToU 43 42 T+ T 4. 28 Fll
3.16 1 EH 43 15, -3 Dice 50 ST T 4. 24 F113.58
ANE 5 05 R TS SR A MRS B Be ) AL 5] 5 18
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Table 3 Complexity comparison of different models

A SR EIM T BEER/G il ZHEM TEIEH G
UNet 34.53 50.22 VMUNet 44.27 5.77
UNet++ 9.16 26.58 IPUNet 29.65 9.36
AttUNet 34.88 51.07 SANet 27.70 44.40
TransFuse 33.35 10.24 DEU-Net 31.75 4.77
SwinUNet 27.17 5.91 MEGANet 44.19 28.84
TransUNet 105.28 25.36 ATy ik 135.87 33.92

VE 7 e ARG T Gei T 280 FiT s it .
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Table 4 Ablation study results of the proposed method on five public datasets

Bk T4 Yy
Baseline STB DFFM DGM CGSL ToU(%) Dice(%)

N 69.36 76.05
N N 72.73 79.64
N N 73.55 80.39
N N 73.64 80.29
N N 72:52 79.63
N N N 76.91 83.84
N 76.60 83.50
N N N N 78.55 85.14

VLR R A, V7 R 5 AR RisER

E— 25 1l B A3 1 I 2R AE T2 ToU
SE-34 Dice 43 5135 21 76.91% 1 83. 84% , 1% 15 W 4l
T RENE AT AR T 4 R SRR 4055 M BE T -
JUAT 8 43 B 15 0, 751 34 ToU F1°F- 24 Dice UG
T 76. 60% F183. 50% 455 , A B T4 m AL AR X 5
T B BB 58 g %) PR S T N L e R e . 24 4
AR [F AR IR, S8 R ARG T R Ras 4,
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Table 5 Internal ablation results of STB on five public datasets
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Fig. 5 Visualization results of ablation experiments of the proposed method. ((1)Baseline.(2)Baseline+STB . (3)Baseline+DFFM .
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Table 6 Parameter sensitivity analysis of the radial thresh-

old for frequency decomposition in DFFM

2 1] [ S 10U (%) V-3 Dice(%)
0.15 76.99 83.63
0.20 76.92 83.46
0.25 77.25 84.32
0.30 77.21 83.87
0.35 78.55 85.14
0.40 775 84.33
0.45 76.49 83.12
0.50 76.32 82.93
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Table 7 Sensitivity analysis of geometric supervision loss

weights
EE &3 T4 ToU(%) -2 Dice(%)
0.5 76.52 83.29
0.75 76.95 83.70
1 77.83 84.65
1.25 78.55 85.14
1.5 77.77 84.37
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