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An improved endoscopic polyp image segmentation algorithm based on U-Net
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Abstract; The segmentation of polyp images has extensive research and application value in the fields of
clinical treatment and computer-aided diagnostic technology, but accurate polyp segmentation is still a
challenge in terms of current research and application needs. In order to solve the problems that affect
the segmentation quality of endoscopic polyp images, such as the unclear boundary between polyps and
mucous membranes, and the large difference in the size and shape of polyps, this paper proposed an im-
proved U-Net polyp segmentation algorithm. Firstly, the boundary feature enhancement module was in-
troduced on the U-Net architecture. Considering the key clues of polyp boundary and internal area, this
module used the high-level features of the encoder to generate additional boundary supplementary infor-
mation, which is fused at the decoder stage to improve the ability of the model to process boundary fea-

tures. Secondly, the decoder of the model adopts the method of gradually fusing features from the top to
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the bottom. After the output features of the encoder stage are passed through local emphasis module,

the boundary features are gradually fused. This multi-scale feature fusion method effectively reduces the

semantic gap between the encoder and the decoder. Finally, test-time augmentation was used in the

post-processing stage to further refine the segmentation results. The model has been compared and abla-
ted on five public datasets: CVC-300, CVC-ClinicDB, Kvasir-SEG, CVC-ColonDB and ETIS-LibPolyp-

DB. The experimental results prove the effectiveness of the modified method, and it shows better seg-

mentation performance and stronger stability in the endoscopic polyp image, which provides a new refer-

ence for the processing and analysis of the polyp image.

Keywords: Endoscopic polyp image; Polyp segmentation; U-Net; Boundary strengthening
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Tab.1 Comparison of different methods on CVC-ClinicDB
and Kvasir-SEG datasets

CVC-ClinicDB Kvasir-SEG

Methods
Dice/%  MIoU/%  Dice/% MIoU
U-Netl! 82. 30 75. 50 81. 80 74. 60
UNet++-[10] 79. 40 72. 90 82. 10 74.30
PraNetl!3] 89. 90 84. 90 89. 80 84. 00
SANet[12] 91. 60 85. 90 90. 40 84.70
UACANet-S14 91, 60 - 90. 50 85. 20
BDG-Net! 1] 91. 60 86. 40 91. 50 86. 50
SBF-Net 92. 32 88.53 91. 04 86. 79
SBF-Net+TTA  92. 60 88. 81 91. 60 87. 92

T WAL SBE-Net i 5t HIZ AL fE T » 3
fiT#5 SBF-Net #ll SBF-Net + TTA £ CVC-300,
CVC-ClonDB #il ETIS LaribPolypDB =45 /1 4
DLt R A b AT T, SR A R AR 2

’

Ji7R.

-

rigin: Ground SBF-Net U-Net
1mage truth (ours)

UNet++ PraNet SANet

£ 2 AEAELE CVC-300 ,CVC-ColonDB #1 ETIS Lar-
ibPolypDB #i#E & _E#I4 ZI5 R 3Tt

Tab. 2 Comparison of different methods on CVC-300,
CVC-ColonDB and ETIS LibPolypDB datasets
e CVC- ETIS
Ve300 ColonDB LaribPolypDB
Methods

Dice MIoU Dice MloU Dice MloU
/% /% /% /% /% /%

U-Netl 71.00 62.70 51.20 44.40 39.80 33.50

UNet++010] 70,70 62.40 48.30 41.00 40.10 34.40
PraNet!1?] 87.10 79.70 70.90 64.00 62.80 56.70
SANet[12] — — 75.30 67.00 75.00 65.40

UACANet-S14 - — — 78.30 70.40 69.40 61.50
BDG-Nett®) 89,90 83.10 80.40 72.50 75.60 67.90
SBF-Net 90.18 84.55 82.40 75.42 76.24 69.86
SBF-Net + TTA 90.22 84.69 82.34 75.62 77.49 71.29

& 2 AfAL FATHE B AR E CVE-300,
CVC-ColonDB #1 ETIS-LaribPolypDB _I- 1, & B}
T PERE  Dice 1 MIoU ¥/ T Hifth . H
1, ETIS-LaribPolypDB %45 4 24 519 2L A K14
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() Jt ~F-AR s FRATT AR AR 433 285 AT SR BRUAS T dd 2 42
. TR SR AT DL e s AT Y O LA
FEINOL T Az Ak BE T AR %) 0 g

& 4 &7~ T SBF-Net 5 HAlh 43 FIA A 755 5
BARE B E a5 Rt B4 B—53150 50 %
JF S A G L LS AR 25 K] SBF-Net, U-Net, UNet
4+ ,PraNet,SANet, UACANet-S 1 BDG-Net ¥
ik e ESP I N

UACANet-S ~ BDG-Net

B 4 SBF-Net 5 L4820 64 8. 7 5 2] 25 Rtk
Fig. 4 The results of polyp segmentation were compared between SBF-Net and other model
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LR 2R 258 3] SBF-Net #5578 1) 714 Fl 52 36 3k PEAN
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BT 5 AL, 5 1 4R EfficientNet-B5
i h Z50n E— A 1 4> #) 3k Segmentation-
Head YE5 Base 558, 45 2 #H 2 4F Base Y300 F
fin b U-Net (s #3500 A 320 SR AE i i A
(BFEMD). %f 3 Z4H/21E Base 3Lal FIMA T &4
RGBSR A 28 (GFBD). 25 4 44028 T Wt
TN FHRFE IR A B 5 3 20 Fil i FURRAE i i
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5 4 9im b TTA )5 A B E) SBF-Net. i i %}
LU AT DA B AR SCHE Hh ) i FURFAE I A fn g 2L
Tl 00 SR IE S R 8 XA B AT 35 BRI A S e s DS
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Tab. 3 Ablation of SBF-Net on different datasets

CVC-ClinicDB Kvasir-SEG CVC-300 CVC-ColonDB ETIS LaribPolypDB
Methods Dice/% MIoU/% Dice/% MloU/% Dice/% MloU/% Dice/% MIoU/% Dice/% MloU/%
Base 90. 62 85. 46 90. 13 85. 05 88.62 80. 58 76. 08 69. 05 72.05 65. 21
Base + BFEM 92. 23 88. 24 90. 85 86. 11 89. 46 83.42 78. 64 71.23 73.81 66. 89
Base + GFBD 92. 30 88. 48 90. 75 86. 43 90. 16 84. 50 78. 86 72.20 75. 84 69. 85
Base + GFBD + BFEM 92. 32 88.53 91. 04 86. 79 90. 18 84.55 82. 40 75.42 76. 24 69. 86
Baset+GFBD+BFEM+TTA  92. 60 88. 81 91. 60 87.92 90. 22 84. 69 82. 34 75.62 77.49 71. 29
4 = B Net " BHI47 R G R BE 22 S BRI AN ) [ B ke

BT N BT R P PR 0 ) R A AR 3L 5
I BEEA A AR R R L S AT AR 22 S ok
PRI FIRCR I WL AR SR T — BT U-
Net SriEfY) SBF-Net AR, 280 R 5 5| A 1 3¢
RFAIE i A R B TS RS 0 R AE 1927 ~) fiE
T Gt (1 BRI 72 22 v TR A — ARSI o i A B
FHA s S B A4 SR AR AR A 2 R A FE S A 45 i
B e 3 i A il 2 B A AT L — [ B R
AL P SRR AL 5 S5 A2 E vty 64 51 O
ol e AR AR L A A 2 18] )£ R 2210 s 1 U

AR = A 45 B 22 R )8, f e Pl A TTA SRk
— LR R AR Y A R Rl A b A I e
TE 5 DATFEIRAE Ry Sge 45 R R W], SBF-Net 1)
Dice F1 MIoU 7£ 5 Ml 48 L #ZEAR R AR B AL
FHA T B R B U B AR SO IR 7R 43 B 1 e
Az ALRE ) A . (HERATE MR & 3
ik TTA AbFEER) SBF-Net ZEHEHERCR A 2%
BREARG S DRI FRATT A SR 8 i — 20 X A ST vk i AT AR
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