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Abstract: To address the challenges of tiny lesion segmentation, specular reflection interference, and inac-
curate boundary localization during colorectal polyp segmentation, this paper proposes a Geometric Prior
and Dual-Domain Purification Network (GPDP-Net). First, an Optimized Edge Module (OEM) is de-

signed to extract explicit geometric priors, and an Improved Coordinate Attention Mechanism is intro-
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duced to enhance spatial position awareness. Second, a Parallel Dual-Domain Enhancement Hub (PD-
DEH) is designed, where the evolutionary constraint based on the Physics-Informed Neural Network
(PINN) is employed to suppress incoherent optical noise, while the Fast Fourier Transform Branch is uti-
lized to recover high-frequency information in the frequency domain. Finally, a Sub-pixel Restoration and
Tterative Reverse-Attention Decoder (SR-IRAD) is incorporated into the cascaded decoder to achieve
high-fidelity restoration of lesion details. Experimental results on four benchmark datasets demonstrate that
GPDP-Net achieves strong performance on various evaluation metrics. Specifically, on the ETIS-Larib-
PolypDB dataset containing numerous tiny lesions, the proposed network achieves an mloU of 0. 701,
which is 1. 4 percentage points higher than the second-best method. These results demonstrate that GPDP-
Net can effectively improve the segmentation accuracy of colorectal polyps with complex structures and en-
hance the robustness and generalization capability of the model in challenging clinical scenarios.

Key words: colorectal polyp; physics-informed neural networks; fast Fourier transform; edge aware-

ness; reverse attention mechanism
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PVT-Cascade'™” , TransFuse'"' , SSFormer™" ) .,
F 1~FR AR T A& BEBIAE U AN 20 TF o 0 46
A VR AR 25 S B BE DURLIR R L ki
PERE LT W Zebrs o

K1 TEEILRER (Kvasir-SEG #1E£)

Tab.1 Quantitative comparison results( Kvasir-SEG dataset )

DataSet Methods mloU Dice S, HDY95
Unet 0.7710.857 0. 856 69. 228
Unet+-+  0.7790.862 0. 867 68. 338
ACSNet 0.8110.8780.893 31. 587
SFA 0.656 0.7720.707 81.482
PraNet 0.844 0.901 0. 908 35. 301
Kvasir-SEG

PVT-Cascade 0.8630.914 0.928 28.621

(seen)

TransFuse 0.864 0.9150.931 25. 159

SSFormer  0.856 0. 907 0. 922 27. 055
MSNet 0.8550.907 0. 923 28. 281
SANet 0.8210.8860.905 34.172

Ours 0.8650.9150. 929 26. 651

®2 EELILEZER(ClinicDB ##E5)

Tab.2 Quantitative comparison results( ClinicDB dataset)

DataSet Methods mloU Dice S, HD95
Unet 0.774 0.865 0.871 51.383

Unet+ + 0.784 0.869 0.874 58.017

ACSNet 0.778 0.862 0.889 38.387

SFA 0.607 0.709 0.683 89.033

ClinieDB PraNet 0.861 0.915 0.891 39.707
PVT-Cascade 0.869 0.919 0.934 11.682

(seen) TransFuse  0.863 0.912 0.916 14.416
SSFormer 0.845 0.899 0.939 11.945

MSNet 0.862 0.916 0.941 15.998
SANet 0.862 0.914 0.938 12.747

Ours 0.883 0.927 0.937 13.211
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Tab.3 Quantitative comparison results( ColonDB dataset )

DataSet Methods mloU Dice S, HD95
Unet 0.501 0.608 0.715 98.254

Unet+ + 0.522 0.638 0.759 101. 354

ACSNet 0.665 0.743 0.818 58.703

SFA 0.426 0.541 0.571 138.34

ColonDB PraNet 0.667 0.751 0.819 45.375

PV T-Cascade 0.689 0.766 0.845 33.905
(unSeen)
TransFuse  0.691 0.765 0.846 41.335
SSFormer  0.656 0.751 0.834 52.369
MSNet 0.655 0.735 0.821 52.896
SANet 0.654 0.728 0.819 33.799
Ours 0.695 0.771 0.847 33.874

*4 TEURER(ETIS#ESE)

Tab.4 Quantitative comparison results(ETIS dataset)

DataSet Methods mloU Dice S, HD95
Unet 0.367 0.461 0.662 145. 681
Unet+ + 0.379 0.467 0.672 125. 369
ACSNet 0.584 0.644 0.792 79.485
SFA 0.321 0.404 0.515 184.942
o PraNet 0.612 0.684 0.812 59.736
(ubr;;elesn) PVT-Cascade 0.687 0.761 0.839 47.359
TransFuse  0.657 0.733 0.842 51.339
SSFormer  0.637 0.711 0.824 53.741
MSNet 0.601 0.669 0.806 77.774
SANet 0.623 0.692 0.831 58.106
Ours 0.701 0.778 0.851 41.811

ZE WnT L fE 2 5 U 2k B0PE £ (Kvasir-
SEG 45 CVC-ClinicDB) H , GPDP-Net % f§ &
fé , £ CVC-ClinicDB L ik %] 0. 883 ) mIoU 5
0.927 B Dice 2%, 5 PV T-Cascade % 5 ik 5 714
M RATESR T . fENKS 500K 4
(CVC-ColonDB 5 ETIS-LaribPolypDB) H , #
BERH T —Ez s, Hh, Ccve-
ColonDB I mIoU (0. 695) 5 S,(0. 847) & br 14
W PG % b ARV S Bt A B LA S 56 FE R
INEE T IY RAFE B M o BT R B N kL
ETIS $#i 4 , #55% mloU $2 7 2 0. 701( 4 1. 4%
), HAPERR IR T 215 55 T PDDEH B 3
5545 5 A AR Sel R 5 4 B W5 TR B, HD 95 46 A
1 BEALIESE T OEM BEHAE AR A3 % FAE 1

G2 NI Kb 300 AR T T AR AR AR A o
3.4 HBLLIE

R I IE A5 21 4 5T R, AR SCHE Kvasir-SEG 5
ETIS 84l 42 A7 al S2 56, 25 R a3k 5 R .
AL AL 1 2B B (OEM) i 3 003 T i kg
B ETIS B9 HDO5 i 135. 21 B[4 % 85. 12, 3IF
St XU R B S IEH TR T RES
ARG o B m Yy B-I OFAT 9 RO 3T
5 A (PDDEH) J5 % 88 K& € I+, ETIS 1
mloU i1 0. 525 Bk FF 2 0. 668, 14 25 ik 14. 3%, X
FEAR25 T Y 32 (PINN) X 15 500 3% 19 °F 1
DL BB 43 32 (FET) X i 55 15 5 10 450 3% b £ .
W5, 58 BB 5] A SR-IRAD % 5 2% 5 P i ik
AL, ETIS B mIoU F+ % 0. 701, HD95 it — 4
JEARZE 41. 81, XERIE T WAR F ik J5 & 178 2 T+
53 B X R A B B 0 OR B AR R DA Bk AR R 1)
TR i AR 25 (RS R AR o 2R b T il S
IE W] GPDP-Net £ #5 e 3 [m] £ F+ 1 8 A 75 &2 2%
T 50 B R 22 ROBE I L A 43 A fa 1 o

K5 HREXBAR
Tab.5 Ablation experiment

Methods DataSets  mloU Dice S, HD95
) Kvasir-SEG  0.785 0.862 0.868 65.42
Baseline
ETIS 0.412 0.521 0.684 135.21
) Kvasir-SEG  0.812 0.884 0.892 42.16
+OEM
ETIS 0.525 0.635 0.742 85.12
Kvasir-SEG  0.846 0.902 0.915 32.55
+PDDEH
ETIS 0.668 0.752 0.835 48.33
) Kvasir-SEG  0.865 0.915 0.929 26.65
Ours

ETIS 0.701 0.778 0.851 41.81

3.5 Ao

T UL IR BT £ #8554 GPDP-Net /9 {5 B
PR 5 R T A SO A5 10 F SR R 53 72 1
A SRS B e X A R

TE &1 X5 W% /I s A B9 45 9 vh (41 ETIS-Larib-
PolypDB 55 5 Ir /R 565 5,55 6 17) , i Tk kR
SERR /N B T R 20 BB A A 15 G0 B
W UNet, UNet+ + DL K 3 40 i3 & AR B0 T
FPEMIEEIS . M2 T A SO L AR RS
BE N B bR T o8 B P BUH LT 48 B, X A ) B
UE T8 0 3 -0 S AT A SU I 94 5 45
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Fig.5 Qualitative comparison results of the proposed method and other state-of-the-art dlgomhms on different datasets
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