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Abstract: With the rapid development of computer-aided medical diagnosis systems and medical image
segmentation technologies, the performance of colorectal endoscopy has been significantly improved,
effectively helping clinicians make quick and accurate judgments on polyp lesions and formulate appropriate
treatment plans. However, in clinical practice polyp segmentation faces numerous challenges, such as
different intestinal environments in different patients, and varying sizes and shapes of polyps. To address
these challenges and enhance the generalization and learning abilities, the generalization enhancement and
dynamic perception network (GEDPNet) is proposed. GEDPNet utilizes the pyramid vision Transformer
(PVT_v2) as its backbone and focuses on the design of three key modules: the generalization
enhancement (GE) module, the dynamic perception (DP) module, and the cascade aggregation (CA)
module. Firstly, the GE module innovatively improves the model’ s generalization by extracting the polyp
domain-invariant features, effectively alleviating the problem of poor segmentation caused by different
intestinal environments of polyps in different patients. Meanwhile, the GE module also addresses the
challenge of diverse polyp sizes by extracting rich multi-scale information intra each layer. Secondly, the
DP module is able to dynamically perceive the global and local information, and then to effectively capture
the position information as well as the boundaries or textures of polyps. Finally, the CA module can fully
aggregate multi-scale features at different levels to obtain rich semantic information, ensuring the integrity
of polyp information and further enhancing segmentation performance. To verify the effectiveness of the
proposed GEDPNet, extensive experiments are conducted on five polyp datasets: KvasirSEG,
CVC-ClinicDB, CVC-T, CVC-ColonDB, and ETIS. On these five polyp datasets, the mDice of the
proposed GEDPNet achieves 0.930, 0.946, 0.911, 0.825, and 0.806, respectively; mIoU of that achieves
0.883, 0.902, 0.848, 0.747, and 0.733, respectively; and MAE of that achieves 0.019, 0.005, 0.005,
0.025, and 0.013, respectively. Furthermore, the proposed GEDPNet has been compared with 20 classical
and advanced polyp image segmentation methods and it outperforms nearly all of them. Notably, mIoU of
GEDPNet has been improved by 4.3%, 5.3%, 5.1%, 10.7%, and 16.6% respectively on these five
polyp datasets compared to that of classical polyp segmentation method PraNet. These results indicate that
the proposed GEDPNet exhibits superior dynamic perception capabilities for polyps with significant
variations in intestinal environments, sizes, and shapes, so it can effectively enhance the polyp
segmentation accuracy and model’s generalization.

Key words: image segmentation; polyp segmentation; generalization enhancement (GE); dynamic
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Fig.1 Structural diagram of generalization enhancement and dynamic perception network (GEDPNet)
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CA SR 28 1 308 380 57 FLALE SR BORFAE /i, o, A, A B P28 3 2 TR 5 (9 8 AIE £ AL/ 1 0
S0 fp BEAT PR TR NS ERAEAS BT Z Al S FRAE £, PO AR )2 RRIE 5 35 A 4035 15 B, (H Rl i A7
0 22 R WGP T S 45 AR BT RE LA 2K /), 5 ) A 2 ) R G A AT A O 2 RS AR G 1 IR
P HU HRAE £, 5 fp AR, 22 0d 3 < 3 B Je BRI 7 44 B p 2 Rl B 5 AT fp, , i R BRBE L AR B T 1 )2
FRAE P BT AR S, SRR Bl SRR AR £, AR SRAT B0 20 SR G R AE /£ 5 B Je R 7 a0 B9 s J2 R AL )
5 fp, BEAT PR G BURIA R B AR 15 2] 5 J2 98 SR AL £ T R 2 FRIETE 5 2 BR 9 0 A FE R TUR R
B, 2 B4 SR R R AR R A S L R AN I T IR S R[] I 4 TR AS S DY R AT SOAE JROR A gk PR A
Y AE S T IS 3 X 3 M6 BUR BN DL Kz Re LU ST R AL, if — Al U R A J5 MR AE 6l /D T0 42 9F
MU R B, 45 2 d 5 B0 foa e LIRIERERT AR N

Fo.=f0@Convy . ([ £, fo 1) (14)
Jo=1p,OConv,. 5 (Up( f;, ©Of)) (15)
Jo,. =15 ©OConvy. o ([ fp,, Up(f5)]) (16)
fea=ReLU(BN(Conv,.; (£ ))) (17)

o Up (o) 38R FoRFE [ 3075 He il 1 4t 2 PF 422, © RoR e R el .

g5 B AR R A B BE U A ROR B E Ol AL B AE R R B BN [F R B 2 RO RRE .
1.4 WMEKEH

7830 LB P 4 0 U P 450 bR BCAL A L A4 T 2R 2SR A S I A 2 L, P TR
B (B R YO AR NI =038 IR Lycpo FTPVT _v2 &t i 2 B0 1 Py DP RS A9 34 7000 46y i
P(i€[2,3,4]) LA B CA B (%) fe 2 70000 1] P i A7 R B W B, A 10 00 1 #8 b oR A 1) 5 (1A
(Ground truth, GT)AHFEI AR /. B, A SCRT$E 88 GEDPNet i S 45028 B 3L L, 7T 3R 08 0

Lt:i:L(P,-,GT) (18)

A GT Rm HAGWK, L Fom Gk s B, vl € Ly
L= Loy + Lice (19)

2 XWEERSM

AT XS I8¢ GEDPNet B TE 5 AN B0 2 kAT 1 S2 e 30 ik . 5 56, % T P BCH B VP Al 4 A F0 52
B 15 B HEAT T A AR SRS B TR X S 30 45 LRI S 3 S AT A
2.1 HEERTMHER

T VARG B 42 48 GEDPNet 9% > i 1 RUIZ AL B 71, A< SCHE Kvasir SEG™ . CVC-ClinicDB* |
CVC-ColonDB'* \ETIS /1 CVC-T " A2 T 9 45 1o 2 1 1 4 1 BCHE 5 L i 422 488 280 ek R ik A7 9
05 UE S AT, 33k 20 AR SR AR T 2RI HR A IR R O 45 1 A R RE AR . AR SCM AR 5 PraNet™
HH TR Y B R B, 36 120t 1 5 B0 4R i 1 3R 45 B AU L 8 1 kD3R 1 00

SRR 3 ATz I PEAN i A ok PR AL A AL 1Y 43 FI P BE L 4245 : 71 Dice & £ (mean Dice coeffi-
cient, mDice) . F#J 32 If: Ft (mean Intersection over union, mIoU) FI3F ¥4 4 % % # (Mean average error,
MAE). mDice FH i & 500 43 %1 5 252 43 % 22 18] A ARARLRE , HBLE FBI7E O 3 1 2 [3) s mIoU (WHK Ky Jacca-
rd $8 80 5 B0 X 85 S IR S B IR Z L, [RREHUE T 0 3 1 22 8] s MAE PRAR Fi0il) 43 %1 &1 5 5
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(B Z 18] AR 3R GORS JEE VT3 B0 A5 LS B =2 ) 91 249 246 060 22 57 MAE (BB | 327 20 S BORS 1

F1 HIESEHAT
Table 1 Details of datasets

RSIES B RS/ (B XB ) BEARRE/K IIgReA /i IR /5K
Kvasir-SEG 332X487~1920X1 072 1000 900 100
CVC-ClinicDB 384X 288 612 550 62
Cve-T 574X 500 60 — 60
CVC-ColonDB 574X 500 380 — 380
ETIS 1 225X 966 196 — 196

=" RN B A T T4

2.2 EINEE

A CSLEG fE NVIDIA RTX 3090 GPU (24 GB) [ #47, CUDA R4y 11.8. T $2& #8575 T Py-
Torch HEZRTIF % , 3 fdi i £ ImageNet E YN Z#9 PVT _v2 4 R 8A W 26 59 . U1 Zhad F2 b R Ad-
am AL B 2 S R W E 5 X 1077, 28 BIAE 30,50 .80 A 2 AR IS L) 0.5 4% F B, 4t Kk /Nise &y 8, 3t
%A 150 K . 5 PraNet ™ By B — 550, S50 b BT A M A MR R T B B Ol 35248 K X 35218 %, Rl £
ROBE I 2556 W5 10.75,1, 1,25}, JoH At B 4 14 58 T B
2.3 EENH

P 2 PR 43 T 55 AN O TE R BY 9 2% > e 77, [ B G 0 485 0 19 32 AL B ) DT B &g 3t 7 T i
PRECE . PG, Ol 7 BN 4 T M 6 I P B AR A A kot L 5 Sk [ 20 )07 25 L, X GEDPNet J AH G A
T 2 2] B ) Mz Ak RE 1 40 B HEAT T B3I 43 Br o bl A B M G AR R B 3k 4k 20 A B F U-Net™ |
PraNet”' | SANet” | UACANet-S"" | MSNet™ | BDG-Net® | CaraNet’ . ECTransNet™ |
HarDNet-CPS™ | CFANet™' | RA-DENet' ' PPNet™ | ConvMLPSeg' ™' . CCFNet'""! | NPD-Net'® |
IC-PolypSeg-EF7"* MEGANet ' BRNet''" RTA-Former-L'""/fl CIFG-Net'"",
2.3.1 ZIA5H

T UE BT A GEDPNet (1% > B8 1 , A SE 55 7F Kvasir-SEG #1 CVC-ClinicDB 48 48 Fi# 17,
A S R0 3 S I R B 4 L EL v T 3 4 JE AR 2 ) B ) IR AR . 925 R BT 4 5 1 GEDPNet
5 H A S E Dy 1 Y A A R N2 2 o v F A O TR I R AR B ok A DR S

M 2 2 AJ 1 : (1) GEDPNet 78 348 45 b 343815 T & LM fig , W 7E KvasirSEG I+, GEDPNet iy
mDice .mIoU Fl MAE 43535 & T 0.930.0.883 #1 0.019; ¥£ CVC-ClinicDB I+, H: mDice .mIoU #l MAE
A3 9155 3] T 0.946.,0.902 F1 0.005, (2) T # GEDPNet 5 HoAth 75 1 A1 Le , Pk BE LA A &8 K 4R T, n 7
Kvasir-SEG |5 e AL )7 ¥ CIFG-Net 4 [t ,mIoU 427} 7 0.7% ; 75 CVC-ClinicDB I 5 BRNet M It
mloU &7t 1 2.4 % (H 2 = # i MAE A [F] . (3) 7E3X W4 4 |, GEDPNet 1Y mDice [ 25 # = 27 K&
)75 1 U-Net B mDice ¥ &t 10% L, Fb 20 it B8P3 K145 43 5] 5 7% PraNet B mIoU ¥ & i 4% LI L
(4) N GEDPNet [ £5 46 b bn 22 7] LU L 0P A 8006 48 T MAE (945 1 22 43 5124 0.021 #10.01, & #]
JIT A TR L A M X e ) o SR B

SR R R AR ST SRR GEDPNet A L F Al 77 ik fE 24 2T e ) B B W B A3 X R 2 AR
F GEDPNet 1A SCH Y 3R H : GEBEHUR T TS AL Z 1 2 RE(F B L 1E W RSF 228 B W DP
H R RE 8% 2l 25 IR HE 04 4 JR A 2R R 45 8., AT A 2800 B0 TR 1 28 1R o7 AN 4t 19 1 8 s CA BB g
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Table 2 Comparison of learning ability for different models

Kvasir-SEG CVC-ClinicDB
KL Ay : :

mDice 4 mloU 4 MAE v mDice 4 mloU 4 MAE
U-Net? 2015 0.818 0.746 0.055 0.823 0.755 0.019
PraNet"” 2020 0.898 0.840 0.030 0.899 0.849 0.009

SANet® 2021 0.904 0.847 — 0.916 0.859 —
UACANet-S" 2021 0.905 0.852 0.026 0.916 0.870 0.008
MSNet™*! 2021 0.907 0.862 0.028 0.921 0.879 0.008

BDG-Net® 2022 0.915 0.865 0.021 0.916 0.864 —
CaraNet"” 2022 0.918 0.865 0.023 0.936 0.887 0.007

ECTransNet™ 2023 0.901 0.847 — 0.923 0.878 —
HarDNet-CPS™ 2023 0.911 0.856 0.025 0.917 0.887 0.008
CFANet™ 2023 0.915 0.861 0.023 0.933 0.883 0.007
RA-DENet"™ 2023 0.918 0.870 0.021 0.921 0.865 0.011
PPNet"™ 2023 0.920 0.874 0.024 0.921 0.878 0.008

ConvMLPSeg™” 2023 0.920 0.869 — 0.924 0.870 —
CCFNet"” 2024 0.910 0.855 0.024 0.920 0.870 0.007
NPD-Net"* 2024 0.910 0.855 0.026 0.928 0.878 0.008
IC-PolypSeg-EF7™" 2024 0.910 0.859 0.026 0.938 0.890 0.007
MEGANet* 2024 0.913 0.863 0.025 0.938 0.894 0.006
BRNet"” 2024 0.918 0.871 0.026 0.921 0.878 0.005

RTA-FormerL.* 2024 0.923 0.875 — 0.938 0.888 —
CIFG-Net" 2024 0.925 0.876 0.021 0.938 0.891 0.006

GEDPNet(ours) 2024 0.930(0.033) 0.883(0.021) 0.019(0.018) 0.946(0.030) 0.902(0.024) 0.005(0.010)
T A RN B B B v R B BN A e 5 RS N R A5 ¢ R R KRB BE , () R o AR 2

WA WOR A E S S AN R B AR R 2 G 2 RO RRAE . 3 AR B AR 5 AR A, 5555 GEDPNet H
AR R
2.3.2 AR A 2T

9 T B UE BT R AR R (32 AL RE T L A SE K AE Kvasir- SEG F1 CVC-ClinicDB Y154 I 2545 2] 1 4
A GEDPNet, £ CVC-T .CVC-ColonDB A ETIS #4ls 4 L b7, 53 4h, S5 Hh fir 245 ) GEDPNet
W 5 H A S O 2 R AT R b, SIS A AN 3 TR A TR DL AR L B vk A A AR O Y ok F R
. M 3AHN: (1) GEDPNet 76 3445 45 AR AF T e A BE , W #£ CVC-ColonDB I-, GEDPNet
mDice . mIoU Fl MAE 43 %] ik 3] T 0.825.0.747 1 0.025; Wi #£ ETIS | , GEDPNet # mDice . mIoU Al
MAE 43 %13k 3| T 0.806.0.733 #10.013; /£ CVC-T I, GEDPNet f§ mDice .mIoU Fl MAE 43 | 35 5] T
0.911.0.483 F10.005. (2) Fr#& GEDPNet 5 HAth Jy 2 M b, M RE LA 245 48 K42 T, an e CVC-ColonDB
SRR % RTA-Former L A/ 0, mIoU $2 7} 1 1.3% ; 7E ETIS E 5 68k fIL Jr i CIFG-Net A
e, mlIoU &7+ 1 0.7% ,fHJ& mDice f1 MAE ¥J9& A #& 7+ s 76 CVC-T | 5 ¥ 88 AL 77 1 EC TransNet A
b, mDice 8 F+ 7 0.4 % . (3) JIr & A5 7Y 1 28 i B 2 545 45 BB A L, 46 34> % dls 48 1 GEDPNet
mDice H U-Net 2» % #2 7+ 7 2 /4 20% . 30% 1 40% , kb 28 #i 4 P (& 1% 43 %) J7 3% PraNet 23 9 &5 i T

A
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3.9%0.17.8% F11.6 %6 . (4) N GEDPNet B 4% 4 b br 22 7T LU, 40 3 1 Hidls 4 MAE i b o 22 5
524 °0.030.,0.031 A10.016 , F B 1T Fir #1458 B HA7 MG A2 1) 7 B2 AL E T <

x3 TEEEZUENLR

Table 3 Comparison of generalization ability for different models

g P . CVC-ColonDB ' ETIS A CVC-T

mDice# mloU#A MAEY mDiceA mlouA MAEY mDice? mloUA MAE Yy
U-Net"” 2015  0.512 0.444 0.061 0.398 0.335 0.036 0.710 0.627 0.022
PraNet” 2020 0.709 0.640 0.045 0.628 0.567 0.031 0.871 0.797 0.010

SANet™ 2021  0.753 0.670 — 0.750 0.654 — 0.888 0.815 —
UACANet-S" 2021  0.783 0.704 0.034 0.694 0.615 0.023 0.902 0.837 0.006
MSNet™ 2021  0.755 0.678 0.041 0.719 0.664 0.020 0.869 0.807 0.010

BDG-Net™" 2022 0.804 0.725 — 0.756 0.679 — 0.899 0.831 —
CaraNet" 2022 0.773 0.689 0.042 0.747 0.672 0.017 0.903 0.838 0.007

ECTransNet™ 2023  0.766 0.687 — 0.722 0.655 — 0.907 0.840 —

HarDNet-CPS™ 2023 0.729 0.658 0.037 0.690 0.619 0.014 0.891 0.826 0.008
CFANet™ 2023 0.743 0.665 0.039 0.732 0.655 0.014 0.893 0.827 0.008
RA-DENet™ 2023  0.768 0.686 0.032 0.760 0.688 0.019 0.891 0.821 0.007

PPNet"” 2023 0.791 0.726 0.028 0.784 0.716 0.013 0.899 0.839 0.006
ConvMLPSeg" 2023  0.793 0.717 0.033 0.723 0.676 0.014 0.893 0.822 0.007
CCFNet"” 2024 0.768 0.683 0.035 0.747 0.669 0.014 0.892 0.827 0.007

NPD-Net™ 2024 0.812 0.729 0.029 0.782 0.700 0.017 0.876 0.803 0.011

IC-PolypSeg-
Ipoce 2024 0.799 0.728 0.030 0.758 0.670 0.015 0.907 0.846 0.009

EF7%
MEGANet™"! 2024 0.793 0.714 0.040 0.739 0.665 0.037 0.899 0.834 0.007
BRNet"” 2024 0.795 0.723 0.031 0.760 0.696 0.005 0.898 0.836 0.007
RTA-Former-
L 2024 0.818 0.734 — 0.795 0.714 — 0.891 0.815 —

CIFG-Net[*" 2024 0.815 0.733 0.030 0.806 0.726 0.013 0.901 0.834 0.007
0.825 0.747 0.025 0.806 0.733 0.013 0.911 0.848 0.005
(0.045) (0.040) (0.030) (0.040) (0.032) (0.031) (0.021) (0.016) (0.016)

GEDPNet(ours)

RS R R B AS R RE B 1 B 25 S K, DL RO R A R A S TR R OR B Y s ) i 42
GEDPNet B H T FbH AR A T 4 A9 32 AL RE 7, axX EZIH A T B ik 3T 19 GE BH AR A 20 22 BRAFRAE Z 1]
FRR D, B R PR O A R AE . R4S Tl , GEDPNet 76 58 4 Bt 48 b iz AL RE I A e ik — 2B 3271
2.3.3 T H

T OEOW b R R A SC U7 % GEDPNet 7E K [F] B % 4 Ry B IR PE fiE L 7E KvasirSEG
CVC-ClinicDB ,CVC-T ,CVC-ColonDB Al ETIS iX 5 4~ % #& 4 b X} fr #2455 GEDPNet Y 2% >J fig 71 Al
AR Sy HEAT T AR AT, R A 104N S BE Dy i AT PR RE e A . SE5 >R A mDice .mIoU P45
B, G5 ANP S BT o M 8 AT LM ZE £, FiF $ GEDPNet B S i 1Y 2 ) Fiz AL g fr , Hvkfe o 5
FE o MR R IRIE T A SCATI A GE .DP AT CA BB [ 250
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Fig.8 Visual analysis of different indices
2.4 EMESW
Sk TS UM R R L PR E SO AR X I D GEDPNet AT T M T A SR g5 TR
SEARTR BRSSP 25 KSR AN DB 25 0 5 A 43 45 SR 14 [ B 5 At 6 B 1 U-Net .SANet,
PraNet.CFANet . ECTransNet #l MEGANet # 17 T AL, 45 5 Q& 9 pros , o )N 2N 247 & Fr 43 5]
F A CVC-ClinicDB .CVC-T .Kvasir-SEG ,ColonDB Fl ETIS $ 4 4 .
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-
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Fig.9 Visual comparison results

CVC-ClinicDB

CVC-T

ETIS

BT LA H: (D EXRFIE S B A L 5 H A 7 20 B AR SO SR AR R 7 5 A3 48 B 3RA8 T
e o IR 5 (2) B X P8 25 5 K B (38 147 MI%E 247 ) , GEDPNet B8 i IR B €4 (R JEE K8 45 RO
4R S IR A AR AE |, 3R A5 60 43 1 45 5 T EC TransNet 25 W AS R AR 47 b 43 51 3 52 % B 5 (3) X% TR Al R
FERY B A (5 347 5 447) , GEDPNet ¥ g R 4 1 431 18 B A, 110 CF Anet % 5 35 X/ ROSE B 4 51k
AEA R (4)BF X Z A B (45 547 ) , GEDPNet fiE [|] I A 203 #1 £ 4> KA B b, 11 H A 07 25 000 95 A 43 1)
AR A . TSI LB A DU s T T B O T R AF Y B R A EI R AR DR X A BT 2%
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KBEW, X FEITHEFHA P GE . DP FI CA il
BIRFTHE A GEDPNet fE46 K 28037 5t F R TR T B0 (B R ES BT 0
PR AR A HI L B 10 T B4 R . NI 10 BT AR Y s (1) T RN K80 kR, GEDPNet K g

R HEUN H bR DX, T DA T 52 0O H AR (B 150 F 5 = . .
251) 5 (2) 24 B RFAE AR W] I, GEDPNet 500 28 i 1 g -nhlm
5 U A AT T 40 (48 35 ANSE 451 5 (3) T GT.-‘-H
Xif 38 4 1 /N X 30 A IR, GEDPNet JG 3 5 i o2 7 % 4
HESE 540 B X IR (55 551 . BRI, R ok T4 ol ik GEDPNet--m-.
— AL T SR AL 4 T AR AE RS W] 0 2R H bR L LA B0 454 E 5
B BbR LR B 8/ F A 9 53 B PR e Fig.10 Examples of incorrect segmentation
2.5 HELSHT
2.5.1 BB akEk

AR S X R A GEDPNet % 31 GE .DP & CA #15t#E CVC-ClinicDB F1 ETIS #4055 43 51
EAT T Al S50, AN B B 1 045 3 0 IR B T 25 A BT SR 2 2] B ) Rz AL e T i s e o S0 v gk
LULPVT v2AE R T, A% &5 R T LR e R BEHEBRAE i Bk IR % 2 , A U B RO 255 S 36 R 428 1l A2
HEL 2N GE . DP CARHHI AR B4 & o 5280 PR mDice .mIoU PIAEHR, 45 R INK 4 i .

T4 EHREBMIEWER

Table 4 Module ablation experimental results

" . . CVC-ClinicDB ETIS
s GE bp CA mDice A mloU 4 mDice A mloU 4
Baseline — — — 0.910 0.861 0.765 0.684
#1 N 0.935 0.887 0.793 0.715
#2 N 0.935 0.891 0.779 0.699
#3 J 0.923 0.872 0.784 0.709
#4 NG N/ 0.942 0.896 0.796 0.720
#5 N N 0.941 0.893 0.800 0.724
#6 N J 0.941 0.895 0.798 0.720
GEDPNet J / N 0.946 0.902 0.806 0.733
T DML A e AR
MNE AT LIFEH .

(1) CVC-ClinicDB ¥4 4 E o] LI 1, GE . DP Fl CA BN He 1 i 40 59 (1% 2 > i 19 5] 42
Tho HIELLBIRIAH L, A GE BEH 5, 8 ) 49 mDice Fl mIoU B2 T+ 7 2.5% , 33 J2& Ky GE 5 e g 17 %
ROFZ A2 B W B s R BUSF 5 12N 2 RER R A R THE LR 43 F0RS B A DP B |, 152
1 mDice A1 mIoU 43 il #& F+ 2.5 %0 1 3.0 %6 , X 42 K Sy DP B 5 BB A% 35 B4 J) il Jmy 50K {7 2ok 32 T 155 1
oy EVHERE R T T RS DT B A B R K A CA B S B (1) mDice 1 mIoU 43 5l #& F+ T
1.3% F11.1% , 3% J& Ky CA BEHLRE S A ROR & 2 )2 FRAE R TR A 918 SO B S 405 5505 Bk ff
TEA 814 52 2 M DA 12 A5 78 43 1k

(2)M ETISEHE4E LRI LA i, GE .DP Il CA BB H Y BE A AL (132 (b BE A5 B4R T+, H3Lek
BERUA L, A GE 85 , B8 ) mDice Al mIoU 4342 F+ 17 2.8 % #13.1%, T2 J& K o GE Bk fig %
FBRFRAE A OCE |, B BRSO AR R A, DLSE NS ] IR EE T A 8L PR o B A A v Ak RE O KRR T
JA DP B85 |, 4% (9 mDice Al mIoU 43 B 52 FF 1.4% 1 1.5% , B Sk 6 AT L 3l 26 S8 oA )11 45 A% 11 4
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Ja VR BBARAE 5 A CA B, B2 5 i mDice Al mIoU 43 B4R TH 1.9% F12.5% , HAE W 7640 B & IR 1A K
G0 = 4l R BS BRI S AR B A R0 51 2 B o UL 3 g B P X3

(3)7E CVC-ClinicDB 3B £ M ETIS 344 [, GE .DP 1 CA P P A5 B 21 4 Lo 2 fdi F — M AR
Fh B AR F S 70 2 o BB T Rz Ak Be 1 4R Tt . W R B SR A GE AT DP BEHR A #5578 | L BE 2R BB AU ) mIoU
R T 3.5% H13.6% s M B R A GE Al CA B, BE (1) mIoU f8 4r 0 48 7+ T 3.2 %6 F14.0% ; [F] B
K DP AT CA BB B (4 mIoU $8 4543 2T+ 1 3.4% #13.6% .

(4) B[R i GE .DP 1 CA X 3 A e i, B AR SC i $2 4% 50 GEDPNet, £ CVC-ClinicDB #1
ETIS ¥4 % I, He 328 97 4 19 mDice 20 532 7+ 3.6 % F14.1% , mIoU 20 32 7H 4.1% F14.9% . XEM
GE B3z L AR J1 (. DP BLH 1 2 545 B IR A AE 1 CA BLH iy i 5 8035 B R & 6t J1 W i) & #E 1E
FH A ST T T AR R (1 3% R 2 ST BB ) iz ARk e
2.5.2 R ALAL AT

T U R S i BT X 43 M BB ) E e, AR SEEG X GE \DP AT CA X 3 A B 1 T fl 45 SR 14 17
TRIAR B . SEER A R AN & 11 T, L A A 2R TE A 09 U2 1R 3 RIS 4, A RN ok N S )
R R, 40 6 3R R HE T SRR o H R R R A

STHEEEEE
B 4.4 4 4.4 4
| ~|-alalaln] e
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Image Baseline (B) B+GE B+DP B+CA GEDPNet
BI11 T mloa] AR A 25 4

Fig.11 Ablation visualization results
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#HH@%%I_WLFFMM‘ X FEITHE T GEBLH ] DL o] 2] 3 R 1 80R AR RRAE , L 5 )2 P9 2 RO 3 o

AR AL S I U A R S A RIXO H AR XRS5 (3) BRI A DP LS (55 581, A ALk T
J\Rinﬁgu A3 RIS TR AT B 5 DR 15 A B0 A TR) B, W) A OR R4 A T LSS B A ar EDRE R X R E R DP
B H AT BT 09 2l 25 80 Jm 38 A 4 R 5 B RE 5 (4) B Im A CABEELS (55 651 L f ﬁZﬁszm@A
Ilﬁlﬁéﬁﬁﬁéﬂr‘%ﬂ FE AR B R AT X{iuﬂl?}(}i?fﬂw (5)[6] B} 5% Bl GE .DP Fl CA £ 3 (45
G1), BVA SCHr ¢ GEDPNet, G848 315 e A 3 BIRCR o A S50 19 nT AL 45 2R 15— aq\x/utT?Mwarm
GE.DP FIl CA #5947 55t
2.5.3 T hrdk a4 ek oA

T BHIE GE AL b SW T BIRLYZ A 4 B I 52, A< 715 7E CV C-ClinicDB 1 ETIS %4 4 [ 43 5 Xt
SW HEAT T W Bl 5256 4387, [5]B)Ks i 32 77 3 GEDPNet FIEEL I v HEAT T L8, &5 SR8 5 s .
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