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Abstract

In the intestinal polyp segmentation task, due to the low color contrast of the polyp lesion area and
the surrounding normal tissue and the blurred boundary, this leads to the loss of key information
in the segmentation process and the interference of noise, which affects the segmentation quality.
To solve these problems, a modified U-Net model EEPSNet is proposed. First, EEPSNet replaces the
original double convolution block by combining ordinary convolution with void convolution. This
combination captures the spatial features of a wider region, thereby reducing information loss. Sec-
ondly, in the feature fusion process in the decoding stage, global attention mechanism feature fusion
is introduced on the basis of U-Net, and this fusion mode can not only focus on salient features in
spatial and channel dimensions, but also enhance the ability of the model to suppress noise inter-
ference. EEPSNet experiments on four publicly available polyp segmentation datasets, including
Kvasir-SEG and CVC-ClinicDB, to evaluate the feature modeling ability of the model, and CVC-
ColonDB and ETIS-LaribPolypDB to evaluate the generalization ability of the model. The experi-
mental results show that the EEPSNet model achieved significant performance improvement in
these datasets, and the mdice increased to 88.6%, 91.1%, 70.8%, and 66.0%, respectively, which
also proved that EEPSNet has good generalization ability while maintaining the modeling ability.
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BB TR 2 ST ER I DU R T, A CAG AR 2 Y 25 (CNIN) A Bl 1 4 45 AR I 26 (FCN) [L]# 5% HH 2
J, BEEEUE D EIBRAE T R E S . JET FCN 1) UNet [2] RH2% L4 BN 155 2 BG4l e HAR
TN B T2 —. UNet %% K Lo ) U-Net++ [3]. ResUNet [4]. ResUNet++ [5]CL 4 B35 N B A4
TR I HIAF T — a2 (I RCR[6].  BLAM N Tk — B3t B FIRK 28 e Re, — 2 e TR
SRS e AR AR A th, JF HIUS 7RI RCR . Bilan, SFEA[TIHRH 1 —Fiffr i iz £ 11 A AF 2R
A%, FAT T BB X AL 29 . DCRNet [8]45 FH AM A1 6 R 5056 RBEE R 43 5 At it
FHIFIANAS R UG AN B 5 T HAAL B 2 (] AL . SCR-Net [958 i /AN G BB R R HEAT
PeA1E S BAE NGRS P 7 038 - FHER R, ¥mB= 08 UG BAERISERRH)Z, R e H Az
X 53 fE o

JE IR I %A B A MR O3 B USRS T R 1 sk, (RS T PR

1) ZwA4R B SR 2 R B RO AN 2 S BUR R Rz R 2915 B [10].

2) fERSBY B, ERAEREATRHERE G I B TR A T S TR, AR DI N SRR, SENRRRAE )
B, IR R RE S B0E UE B AILAC[11].

R R IR AR, 1 pTR, FATTEE T EEPSNet (Enhanced Feature Fusion and Enlarged Receptive
Field Polyp Segmentation Net), —Ff e (1) U-Net hig4s, &) 738 45 A0 23 R A5 FR 4 & i e 0 B 29 1R
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Figure 1. EEPSNet network architecture
[ 1. EEPSNet (4g 4514

2. EEPSNet {85!
2.1. B EFIEImAEFAR(Enlarged Receptive Field Block)

W3l RS R AR AR T TR B S 0 22 TS AU RE s 3 I A2 T, ik ) iz i) B R SUE .
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Figure 2. Enlarged receptive field block
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REBPRAXEZIEWT:
low = Fair-2 (Fstd (Iin )) (1)

Horb, 1, BRRNHER, 1, FoRai R A B R . Fy 5 Ry, SRR ESEERS
SRR, AR TR BT MBS AR T B AN T Fy 15 By, AR Bl
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RN A3x3, S=1RTEFZINEIILKA L, P=1E R WERIFHERG T IER N 1, D=2
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2.2. 2RI &R (Global Attention Feature Fusion Module)

W 3 por, 4 RVE R IR A GAFM (Global Attention Feature Fusion Module) B XUk 4 4 i
FREE. & RTEENLH] GAM (Global Attention Mechanism) A K —ANE & AP . BAREEAE N, KK
— GO RFAEAE 25 (A1 4 . EERMEARE R ST R — A%, fEiBIE 4R EIRCRE R E AR —F. BH)
eI TE 4E AN 25 (A1 4E P b5 8 — O R AE B S B e T R e R B4 E . XIS R IE, BRI IR s
TEREHAT 2 R A — B G AL B S i — R RHE A T P . RURHETE S s R AT
TRTEPHEERT, ST R GARHE AT 5 200 R0 S IR BURHE R e R AR 4R . 7 LIRERIEZ S5,
S5 I IE 4 PR R R & BB R 3HT B RERE . AR N:

lou = Fie ((Il + Faam (Fbil (Iz)))) (4)

o, 11, 3 RN GO R AV — B R AE, o, AR IEA B R (Hybrid Convolutional Block)
HUEEAESH R (1)~B), Ry RRRHE R E R
X T P BATH AT HIHE— DR, A RITEZ N (GAM)Z — M5 B REOK 48 R 45 B2 AL
il - A8 HAFAE, SEHLEIR A CBAM I i@1E - 23 [ AL, HEH S 7 i, A R & 4.
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Figure 3. Global attention feature fusion module
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Figure 4. Global attention mechanism

4. EREEDNH

3. SCI&
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R T AT S TRA 1 K EEPSNet BIRU RO PERE, FRATREAE T PraNet [12]9SEI0 M E , 7ELAFIUAA
TR 45 i A EAG E E S B HEAT T2 (95256 . Kvasir-SEG [13]. CVC-ClinicDB [14]. CVC-ColonDB [15]
FIETIS [16]. XL NTRA TR T Z R I IRIASE, LA VE Al EEPSNet 7EAS [F) 268 U 1 i & 1) 45
7 B A% ERIE L. CVC-ClinicDB: tHFr Ny CVC-612, 15 612 KM 25 /N4 i s ks 2 WA b 3R B
gl B A EIR, BB i3 384 x 384 15 3 FRATIEHL T 550 5K G A T4k, 1) 62 7k H Tk
CVC-ColonDB: —//INRU¥HEE, 15 380 5k E% . Kvasir-SEG: Xt — MHA PR SRS, 0fF
1000 7K HAEME, EIMER ]I 332 x 487 5] 1920 x 1072 A&, @%, FA 1 FHEHELER 90%3ET 145,
TR 10%H T ETIS: — MR RAMRIEIESE, 05 196 5k SWEME, EIE K/ A 1255 x 966 4% .
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AT 9256 2 4E NVIDIA Quadro RTX 5000 GPU _E#E4T 1), iZitHHLE 4 T 10.0 A< CU-DA Fl
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3.4. kB
BA TR B BT DL M K,(13):
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Liou () 1 Laee (+) R MALH4E 32 5 (1oU) 45 R INAL — 7628 R (BCE)R o, e A1 I7E 42 5 77 T BR ] Y
TR P 45 4] O 5 )RR S0 A0 4T (18 3 )W A o 5“7 55 % 1 i A 18 3= 1 bR BCE B3R AU 175 Liee (+)
FIEGMEEMEENE, JFNERESTEROE. Wb, S5hauk loU BiRAMEL, Ly, (-) 58 AR
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4, SERERE R
41. EESH

S JRGZAGRE 1A FRAVEAL A DU EE AR B TERE, b Kvasir-SEG #1 CVC-ClinicDB
F T IR A S Y (R A e AR R ), FAt P AR i ) #is 5 CVC-ColonDB A1 ETIS-LaribPolypDB SR iF Az
fefigf1. BAES 1~4 HF A T HLERSE R, 45 U-Net [2]. U-Net++ [3]. ResUNet [4]. ResUNet++ [5].
Attenton-Unet [18]. R2Unet [19]. SFANet [7]. SCR-Net [9]F1 DCRNet [8]-

UbAh, AR R [ MR B A SR IF ot 7 LM IE SR, DA A FRAT TR BAT S 4
15 EIVERE o

FERFEGT T, FATTY) EEPSNet #15U7E CVC-ClinicDB A £ 1L fRbxh, B T maxE,
FaFri% (T DCRNet 8% 0.2% H.7E MAE f&#5 b5 DCRNet #7-F4), HAWIE R0 T HADA . Ak
Kyi, EAIWBALLE mDice. mloU. Fy . S, FImE, FiAMRF Lo Ml T K ILHE% DCRNet 1.5%.
1.2%. 0.5%. 0.1%# 0.5%. TMfE Kvasir-SEG ##%%: I, EEPSNet )35 DCRNet #1*4, 7£ mloU,
Fy« maxE, =AMEbr 533 % H DCRNet 0.2%. 0.1%#1 0.5%, Ti7E mDice 1 MAE #i#7 | 5 DCRNet
RV SR, FESIAPANTERR S, AT mE, I, FRATHIEEAL 7353 7% )5 T DCRNet 0.4%A01 1.1%. iR %45
B R] DL W 3RAT ] A B A 2 (R RS AR 4 A IR KR T, £ Kvasir-SEG #dla %k L S, Al mE, 45 FRHEAR
T DCRNet /2 K2y Kvasir-SEG #4411 U E I RF 77 20K, BRI RS IRAFAE — E MR ZE AT 2
WA

AR, FRATTE RGNS Fe B T BT BIAR AL AR AR ) o BIRCR, Wl 5 B, B —ATHIEE AT
S alER T Kvasir-SEG #1 CVC-ClinicDB ##s 8 1) r #1455 . MIX L EUE R vl DU R, FRATT e Al
FERFHE 73 B DXRFAE 7 T RIS A, A BRI k> 4 BIME B B2k, B R A e 3R S DX T4k,
Kk — B IHIE 7AYo

Iz ARE S5, FATRIBALAE CVC-ColonDB Al ETIS-LaribPolypDB 3% AN A ik () $dE g b th Je
BT RERIVERE . 7E ETIS-LaribPolypDB ##ifert, 5 H eAAHLL, RATMBAAERR T MAE f8458&
T SFA J5% 0.18% 2 AMHIFT A /NN bR LIS T B tE RSt AR, £ mDice. mloU. F; . S, .
mE, A1 max E, fi5hz b7 i 7 IR LKA 10.4%. 8.9%. 11.3%. 7.2%. 6.4%7/1 5.6%. L CVC-ColonDB
Hadert, BATPBRERRINE 7 —E M, BT Fy 5 S, PAESR72 (KT DCRNet 7 0.4%71
0.1%, J#HAE mloU fiits [-5 DCRNet 15, JLAiPU~4Ebs mDice. mE, . maxE, il MAE 3Lt
DCRNet =i 0.4%. 1.1%. 2.3%#1 1.3%.

Ak, BATLE 5 (5 =47 IU4TH, X%} CVC-ColonDB Al ETIS-LaribPolypDB #4411 73 I
RUCRBEAT TR LG o 45 BB B R A AR V2 A e ) AR T AR A
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Table 1. Experimental comparison of different network models on the CVC-ClinicDB dataset
# 1. FEIMKIEAIE CVC-ClinicDB #iE& L HISLIE L3

CVC-ClinicDB
Methods mDice mloU F/ S, mE, max E, MAE
U-Net 0.823 0.755 0.811 0.889 0.913 0.954 0.019
U-Net++ 0.794 0.729 0.785 0.873 0.891 0.931 0.022
ResUNet 0.732 0.621 0.690 0.814 0.868 0.878 0.036
ResUNet++ 0.845 0.786 0.831 0.898 0.923 0.940 0.013
Attenton-Unet 0.788 0.720 0.775 0.864 0.885 0.921 0.027
R2Unet 0.696 0.610 0.668 0.798 0.823 0.849 0.035
SFA 0.700 0.607 0.647 0.793 0.840 0.885 0.042
SCR-Net 0.791 0.711 0.772 0.855 0.886 0.906 0.028
DCR-Net 0.896 0.844 0.890 0.933 0.964 0.978 0.010
EEPS-Unet 0.911 0.856 0.895 0.934 0.969 0.976 0.010
Table 2. Experimental comparison of different network models on the Kvasir-SEG dataset
5 2. TEIMLKHEBIA Kvasir-SEG HiEE FRISZIREEIE
Kvasir-SEG
Methods mDice mloU Fy S, mE, max E, MAE
U-Net 0.818 0.746 0.794 0.858 0.881 0.893 0.055
U-Net++ 0.821 0.743 0.808 0.862 0.886 0.909 0.048
ResUNet 0.720 0.604 0.656 0.775 0.835 0.849 0.080
ResUNet++ 0.826 0.750 0.796 0.861 0.888 0.893 0.051
Attenton-Unet 0.843 0.771 0.823 0.875 0.903 0.909 0.045
R2Unet 0.785 0.696 0.765 0.831 0.864 0.872 0.059
SFA 0.723 0.611 0.670 0.782 0.834 0.849 0.075
SCRNet 0.798 0.711 0.755 0.836 0.871 0.888 0.060
DCRNet 0.886 0.825 0.868 0.911 0.941 0.933 0.035
EEPS-Unet 0.886 0.827 0.869 0.907 0.930 0.938 0.035
Table 3. Experimental comparison of different network models on the ETIS dataset
% 3. FREIMBIRBIE ETIS HiEE LHISLIBEL
ETIS-LaribPolypDB
Methods mDice mloU Fy S, mE, max E, MAE
U-Net 0.398 0.335 0.366 0.684 0.643 0.740 0.036
U-Net++ 0.401 0.344 0.390 0.683 0.629 0.776 0.035
ResUNet 0.411 0.315 0.364 0.656 0.678 0.685 0.044
ResUNet++ 0.401 0.339 0.364 0.669 0.651 0.688 0.039
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Attenton-Unet 0.539 0.470 0.510 0.739 0.722 0.772 0.029
R2Unet 0.360 0.303 0.339 0.643 0.621 0.755 0.033
SFA 0.297 0.217 0.231 0.557 0.531 0.632 0.109
SCRNet 0.449 0.371 0.405 0.681 0.672 0.727 0.042
DCRNet 0.556 0.496 0.506 0.736 0.742 0.773 0.096

EEPS-Unet 0.660 0.585 0.619 0.808 0.806 0.829 0.037

Table 4. Experimental comparison of different network models on the CVC-ColonDB dataset
4. FEIMKIERIFE CVC-ColonDB ##E & LAYSIIREL I

CVC-ColonDB
Methods mDice mloU Fy S, mE, max E, MAE
U-Net 0.512 0.444 0.498 0.712 0.696 0.776 0.061
U-Net++ 0.483 0.410 0.467 0.691 0.680 0.760 0.064
ResUNet 0.528 0.416 0.489 0.690 0.755 0.761 0.060
ResUNet++ 0.597 0.504 0.553 0.738 0.776 0.791 0.056
Attenton-Unet 0.635 0.549 0.606 0.765 0.797 0.832 0.055
R2Unet 0.629 0.537 0.597 0.767 0.793 0.823 0.046
SFA 0.469 0.347 0.379 0.634 0.675 0.764 0.094
SCRNet 0.616 0.527 0.579 0.752 0.788 0.832 0.049
DCRNet 0.704 0.631 0.684 0.821 0.840 0.848 0.052

EEPS-Unet 0.708 0.631 0.680 0.820 0.851 0.871 0.039

4QUOTe)-0AD dUPTUTIO-0AD 9FS-IIseAy

S1IH

Image Ground Truth Unet Unet++ ResUnet ResUnet++ R2UNet Attention UNet SFA SCRNet DCRNet EEPSNet (ours)

Figure 5. Comparison of the visual segmentation results for the different methods
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LaribPolypDB VYN8 F kAT T yHahsess, S5RyC B2 5 b, sSEIREavEmi R, it mphfE

FEERA G, BATMRBRA X HRE R R TR F MR BRI, REBRI(HCB)M 4
JEAE R IR ERE S UL (GARM)E BN N IR £ I, ol RE S 22 4R THPERE, T A I P MR BC & (8 IS, 1
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REFRTHEE N L . IX — 45 FIE I T VR A G AR 25 IV RFAEA A 77 TH A RE T B T 4% S i U

Ak, RE GRS B B R B G 2 & 7E ETIS-LaribPolypDB F1 CVC-ColonDB %(#E 4 -1
mDice fEAR7MHIFEFF T 26.2%F1 19.6%, X —&FHlE K T7E Kvasir-SEG (1) 6.6%#1 CVC-ClinicDB -
(17 8.8%. X —Z F R BATMBRUANAE R 2 BR 4L RIS, I HA RIFMZILEE ), BRBETEAIH
() B P05 LR R e 2 ) AR I

Table 5. Comparison table of the ablation experiments

5. JHERSKIEXIEE R

Methods mDice FHEE baseline &7+

Baseline 0.818 0

Baseline + HCB 0.880 6.2%
Kvasir-SEG

Baseline + GAFM 0.882 6.4%
Baseline + HCB + GAFM 0.886 6.6%

Baseline 0.823 0
Baseline + HCB 0.910 8.7%

CVC-ClinicDB

Baseline + GAFM 0.905 8.2%
Baseline + HCB + GAFM 0.911 8.8%

Baseline 0.398 0
Baseline + HCB 0.579 18.1%

ETIS-LaribPolypDB

Baseline + GAFM 0.562 16.4%
Baseline + HCB + GAFM 0.660 26.2%

Baseline 0.512 0
Baseline + HCB 0.675 16.3%

CVC-ColonDB
Baseline + GAFM 0.690 17.8%
Baseline + HCB + GAFM 0.708 19.6%
5. #5iF

AWFFEIE T —F AT U-Net ZUMIIIEIE B A HI5E, ZHEES TIREGHPY(HCB)M A &k
ERHERL A BIDU(GAFM) . AT EEPSNet BB BESEAS Tt 1RUn I 70 F1 Hh il L X3, JF HLAE
DA ATF I EE SR LS H A BUA B REAT 1 . SR g RAESE, EEPSNet fEEMAE /1 ANIZ ALRE /75 T
B BERT.

EEPSNet # A jH o 5 4 (M RFE 2 S e, ARG TR E 2K, NS adfEd, Ehens
1 UM P OG B AF S I F IR A TP, AT 5l 1 AR PR i o 2B 1) i 2 O B A HE T I R
Fil B A R BRI, IR oM iz T S A B U F B 1R R T 1A

E&WE
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