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Colorectal Polyp Segmentation Model Based on R-DCAfomer
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Abstract: Objective Although the existing Transformer model has high accuracy in segmenting colorectal polyps with
complex morphology, the distraction of the Transformer model and the loss of information in the fusion of its encoder
outputting multilevel semantic information limit the further improvement of the model’ s accuracy. Based on this, a novel
image segmentation model (the Dual-Channel Aggregation Transformer, R-DCAformer) for intestinal polyps was proposed.
Methods The R-DCAformer model used a pyramid mix Transformer (MIT) and Resnetl8 to act as an encoder and a dual-
channel aggregation (DCA) module was designed to act as a decoder. The DCA decoder consisted of an attention
aggregation (AA) module and a dual-channel feature fusion (DFF) module. In this model, the pyramid MIT encoder
provided sufficient generalization ability for the model, the AA module limited the distraction in the model MIT by fusing

the additional features of Resnetl8, and the DFF module alleviated the problem of information loss in the fusion of multi-
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level semantic information. Results In the generalization ability experiment, R-DCAformer improved the optimal mDice,
mloU, and MAE by 2. 10%, 1.65%, and 22. 5%, respectively, in CVC-ColonDB compared with the optimal ones in the
mloU, and MAE in ETIS were improved by 2.56%, 2.12%, and 15%,
respectively, compared with the optimal ones in the baseline model. The model improved the optimal mDice and mloU by
about 0. 85% and 1.35% in the CVC-ClinicDB dataset compared with the optimal ones in the baseline model, and the
optimal mDice, mloU, and MAE on the Kvasir-SEG dataset were improved by about 1. 19%, 1.97%, and 17.39%,

respectively, compared with those in the baseline model. The effectiveness of the module proposed in this paper was also

baseline model. The optimal mbDice,

demonstrated by ablation experiments and attention graphs. Conclusion R-DCAformer is more effective in both learning

and generalization experiments, and generally outperforms the compared baseline models, providing a new high-
performance model for colorectal polyp segmentation.

Keywords: polyp image segmentation; deep learning; dual-channel aggregation; attention aggregation; generalization

ability
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0. 1, WA 1 20 /SR, AR 25 200 A FE T, II1Z%
R 45 % PRI Dice F1 BCE 9 ZH &1 2 s %L, 7E
YIZRE] K R /Ny 3x224%x224 | FF HAE I %k
I AR BEALAE B0 | 4 s e i | I K RN AR X I 25 5
PadEA TR 0 | (AR T FLA
3.1.3  SERSERAE

ARSCHE 4 A B RSFEIBRSE T 7086 (ETIS .CVC
—ClinicDB ,CVC—-ColonDB Kvasir—SEG ) , 7 iliz{ & #l ==
MRS58 T Bk H Kvasir—SEG H1 CVC—ClinicDB #Y
UL BERL 31 80% FH T2k, 10% F T 5k, 10% A T
iR, FEMNREARNZ ALRE T A9 SE 5, i F Kvasi—SEG Al
CVC—ClinicDB 34 1Y 80% #EATYIZRIEAE ETIS H1 CVC
~ColonDB $4in L HEF I, 7521 1 25 SRR BLZE R 4L
PP IR, BB R TENME BN 1 R,

x1 EMHESTFHEER

Table 1 Detailed information of each dataset

b & ES BhH= BhR KA
CVC-ClinicDB 612 384x288
Kasir—-SEG 1 000 N

ETIS 196 1 225%966
CVC-ColonDB 380 574x966

3.2 #5550

R T B UE A SO A 43 FIPERE B AR SCRE AL R -
DCAfomer 5 H HIEL R 43 HIB A i i HAR SR A5 78
A%, £3 56 U-Net ,U—Net++. PranNet . TransUNet
UCTransNet #1 Polyp—PVT,
3.2.1 £>)HE

TEMNARIRL Y 2] BB J) 540 b CVC—ClinicDB A
Kvasir—SEG JEHERHREE 70 80% YIZREE ,10% TFAk%E
K 10% Ak 5, 76 Kvasir — SEG 3% 4 4 #l CVC -
ClinicDB a4 119 0 BIMEREFG b N 2 iR, 3% 2
HOIRL 2 7R I 048 A I S DL, 3R 2 SR P. BEALYE
CVC-ClinicDB %48 4 I, A bt F 3 Ze B8 rp i) A A
mDice .mloU 2/ T 2 0.85% .1.35% , 1E Kvasir—SEG
B gE I, A0 e 5k 2R 4 A b Y B A8 mDice , mloU I
MAE #2855 T2 1. 19% .1.97%#01 17.39%, R-DCAfomer
FEHITE Kasir-SEG $0H6 5 L AR WE 6 FiR, vl LIE
R EAS R B 4 B v AR AR Y 114 43 T8 2550 SR R T R 42 30T A
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Fig. 6 Comparison of the effects of the model in this article and the control model in the learning ability experiment
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Table 2 Results of learning ability experiment

BRI IIZREE (O T2 PR, 145 PraNet AH]

BB CVC—ClinicDB Kasir—SEG RIFIIZREE ) |, SR TR AL ZE CVC - ColonDB il ETIS

KR mDice mloU  MAE mDice mloU  MAE B FRIVERE . AR AT LAIE PR AR R A R B B

U-Net 0.823 0.755 0.019 0.818 0.746  0.055 HREERR TN A2 AL RE 1, 3R 3 HrimkL R R e i AS AR
Une 0.794 0.729 0.022 0.821 0.743 0.048 . .

e (OREAR(E . 36 3 W RZs W] BB AE CVC—ColonDB

PraNet  0.899 0.849 0.009 0.898 0.840 0.030 . . "
TransUNet  0.935 0.887 0.008 0.913 0.857 0.028 AT LR AR T R L () mDice ,mloU I MAE 43
UCTransNet  0.933 0.860 0.008 0.918 0.960 0.023 SIHEE T 2.10% (1. 65% 1 22. 5% ,4F ETIS AL T
Polyp-PVT 0.937 0.889 0.006 0.917 0.864 0.023 SR AR R P B A (9 mDice . mIoU F1 MAE 43 %45 5 T
R-DCAfomer 0.949 0.911 0.006 0.931 0.881 0.017
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/J\
CVC-ClinicDB --

ETIS
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Fig.7 Comparison of the effects of the model in this article and the control model in the generalization experiment
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Table 3 Results of generalization ability experiment

UUE 5 & S

CVC-ClinicDB& Kasir-SEG

X A SR CVC-ColonDB ETIS
B mDice mloU MAE mDice mloU MAE
U-Net 0.512 0.444 0.061 0.398 0.335 0.036
Unet++ 0.483 0.410 0.064 0.401 0.344 0.035
PraNet 0.712 0.640 0.043 0.628 0.567 0.031
TransUNet 0.781 0.699 0.036 0.731 0.624 0.021
TransFuse 0.781 0.706 0.035 0.737 0.626 0.020
Polyp—PVT 0.808 0.727 0.031 0.787 0.706 0.013
R-DCAfomer 0.825 0.739 0.024 0.815 0.721 0.011

P A [F) 5 2 A S0 a8 B0 A 55 DI 080 SR AN ] 1 52
Bk B XF He Al LAAS Y : R - DCAfomer B 42 T CNN
B i ARE 1 A AR R 20 % H HoAth 3 T Tranformer
R ke A —E Tt .

3.2.3  {hiEsE

R UE R—-DCAfomer A5 75 H A 4508 X6 F 250 3 1A
FILAT T 2 Uitk

SCH 1 4E CVC—ClinicDB $5 4 1 it 4715824 )
RE T FRTH RS 5

SLIG 2. 7F CVC—ClinicDB & Kasir—SEG Ik,
TE CVC—ColonDB %48 £ b 47 M 3002 £k 6. 7 1 1 il
SEHy . M 4 TR, W/AA R B AA B B A
Resnet18 gt 4% ; W/SFA FoR sk 2R 5 B R G,
B 4 R A AR PR UK SFA 3378 ; W/ FS Ron sk Jay
ERE R RA R, R ] B R AU FS Bt
4 IR LR AR

x4 HRMIWIKWER
Table 4 Experimental results of ablation experiment
VP& CVC~ClinicDB
IREE &/ CVC~ClinicDB
AR mDice mloU ~ MAE

CVC—ClinicDB & Kasir-SEG
CVC-ColonDB
mDice  mloU MAE

W/AA 0.935 0.887 0.013 0.793 0.698  0.037
W/SFA 0.933 0.887 0.010 0.805 0.719 0.031
W/FS 0.939 0.893 0.009 0.799 0.706  0.035
R-DCAfomer 0.945 0.901 0.007 0.823 0.741  0.023

(1) XFLEER 4 R —F TR UA TR S g 25 26
AA BERAESLES 1 HRBHEHE T 1. 07% %) mDice, 1. 58%
B mloU A1 46. 13% ) MAE ; 3256 2 HRERSHE T 2. 77%
#J mDice, 4. 87% HJ mloU F1 21. 61% ) MAE, B3k T
AA BT DU SRR 2 2] e 1 Mz AL Rg

(2) XFLEER 4 HhEs 4TRSS UA T R S g 25 2R
FS BIAESC 1 P EEAEHETF 1. 50% 1) mDice, 1. 69%
B mloU F1 36.32% ) MAE; S 56 2 v, fig 6% 2 T+
1. 75%HY mDice, 2.37% 1) mloU il 6. 45% f) MAE, %

B FS ALEREAT R > JR i 2, B s AT A 2 2] fig
JIFiZ AL RE

(3) XFLUES = AT RIS DUAT Y S0 45 S 6 BH . kS 45
HAE S K 1 TP AE WS $2 7 0.85% Y mDice, 1.29% Y
mloU F1 22. 13%[1) MAE ; 5255 2 HREMEHE T 2. 52% 1)
mDice ,4. 42%¥¥) mloU H117. 14% ) MAE , B FS #bk
AEFE R AR AL 2% > g Az Ak RE

W 8 Frzn, A A 1 5 0 4 J) BI AT DL /R H A
BEAL R (22 S B AE R R B A s 00, R ik e B 4T
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Fig. 8 Thermodynamic diagram of attention for
each layer of this model
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