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Colorectal polyp segmentation algorithm integrating Transformer and convolution

LIU Hongbin, GU De

School of Internet of Things Engineering, Jiangnan University, Wuxi 214122, China

Abstract: In response to the challenges of varied sizes and diverse shapes of colorectal polyps, especially with blurred
boundaries that often complicates localization and smaller polyps being particularly prone to oversight, a colorectal polyp
segmentation algorithm integrating Transformer and convolution is proposed. Transformer is employed to extract global
features from images for ensuring the network's capability for global modeling and improving the localization capability for
both main polyp regions and vague boundaries. Subsequently, convolution is introduced to augment the network's ability to
process polyp details, refining boundary segmentation and enhancing the capture capability for small-sized polyps. Finally, a
deep fusion of the features extracted by Transformer and convolution is carried out to realize feature complementarity. The
experimental evaluation using CVC-ClinicDB and Kvasir-SEG datasets show that the algorithm has similarity coefficients of
95.4% and 93.2%, and mean intersection over union of 91.3% and 88.6%, respectively. Further tests on the generalization
capability of the algorithm are conducted on CVC-ColonDB, CVC-T, and ETIS datasets, in which similarity coefficients of
81.3%, 90.9% and 80.1% are obtained. The results indicate a notable improvement in the accuracy of polyp segmentation
achieved by the proposed algorithm.
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Figure 1 Overall structure of the proposed network
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Figure 2 Structure of the Transformer branch
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Figure 3 PVTv2 network architecture
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Figure 7 Feature integration output module
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Table 1 Details of the datasets

IS B eT BIBRSE
Kvasir-SEG 1000 720%576~1920x1072
CVC-ClinicDB 612 384x288
CVC-ColonDB 380 574x500

ETIS 196 1 225x966
CVC-T 60 574x500

R T A PG S5 E R R o B A PERE A
SCRHIUATE B A 3 T 55 AR 8 AT i He dn 4T
A T VEAN AL 45 - 24 AH UPE R 2 (mDice) P31 58I
H (mlIoU) i 8 (Precision ) #l14 [ 2% (Recall ) :

2-TP

Dice = 1
I =5 TP + FP + FN Sy
IoU TP (2)
m O " T
TP + FP + FN
.. TP
Precision = ———— (3)
TP + FP
TP
Recall = ——— (4)
TP + FN

Horp TP 48 A J2 WA R TE A 23 %1k L A B REAS I FP
5 B O B R 70 H0 O 5 OARE ARG FN 5 1 2
PR TIGE R 73 0 T S AR mDice .mloU K
YR A4 1] AR BB o s 0 VR A



- 320 -

N e

415

2.2 KGR

RN SCSL G FHIR P 24 I HEZ2 ok Pytorch 1.12.1 i
F V100 GPU M . A T AR UESE L XS LA 2 0
AR SC ) S BG 15 ER FE— B, Fi2 BB PraNet 1 52 56 K i
G R ST 3 352352080 i F T s S 7k
- BB O S R G s vk o
AdamW fLAL#S , WIIR 2% 2] %54 0.000 1, ARk o &
4200, B UEAR BHEAL B 8 2% 2 BE 1 LG h
73 K5 B4 4 Kvasir-SEG 1 CVC-ClinicDB LA 8:1:1
1) EE A B AL A 23 SR IR A | S TIE 45 A 45 |, B ALK
41, 1z Ak BE J1 55 5 oK Kvasir-SEG #1 CVC-
ClinicDB [ Y11 2545 M B IEAE 20 B4 A4 R & U115
MG ISR | Hr R A B 4 1 G SR
AR A F B IR R SR O S5 M A N e e bE . S
i T —{E 3 #6512k (Binary Cross Entropy, BCE)
SO AR 22 B4 (R RN A AR A 483 2K

1 & R .
Lyew = 'NZ[inOg(yl‘) +(1-y)log(l-y)] (5)

L = Lyce + Lpiee (6)
Ho , N R FEARRCR , y, R i DREAR 1) S B A
23 BN T REAS I TR
2.3 FIJRENWIE

VAl > BE ) AT LA AR A L A 23 A 58
P o 3l 2 S0 PP AR AR SO A B R 4E Kvasir-SEG Al
CVC-ClinicDB /2% fig Jy , 5 HATZ Ly 54 i
P47 b, 49 4F U-Net'®' | UNet++7) | PraNet™®' |
UACANet™ ColonFormer''®', AR ISEIGEERANFE 2 B

M2 S22 AT DL AR SCHEAE CVC-
ClinicDB ${#5 4 [ (1) 4 e br ¥y T HARR L . B
A5, A T 3 28 N 4% U-Net, mDice . mIoU | K i
A 8B 4 T FE bR o R 3.9% . 4.8% . 1.7% F

%2 REEE%E CVC-ClinicDB 7 Kvasir-SEG $#E 5 FRI4ER
Table 2 Results of different algorithms on CVC-ClinicDB and
Kvasir—-SEG datasets

HAELE (=R mDice mloU fi#fER  HHR
U-Net 0.915 0.865 0.938 0.918

UNet++ 0.845 0.756 0.832 0.892
PraNet 0.907 0.858 0.913 0.923

CVC-ClinicDB
UACANet 0.910 0.865 0.911 0.917
ColonFormer 0.942 0.897 0.949 0.951
ACEY 0954 0913 0955 0.954
U-net 0.863 0.818 0.890 0.909
Unet++ 0.748 0.631 0.887 0.687
PraNet 0.908 0.856 0.935 0.903

Kvasir-SEG

UACANet 0.901 0.856 0.938 0.889
ColonFormer 0.927  0.877 0.936 0.923

ASCH 0.932  0.886 0.941 0.929

3.6%; TF Kvasir-SEG 5 48 I 1 4 35 48 5 43 5l 2~
93.2% . 88.6% .94.1% F1 92.9% , 1,35 &5 T Ho Al % 1o 24
Bio SEERAE R RWIASCEIETE I Re I R A I
T At P 45 B T bR B I, BB EEORG o M S BRI
53

Kl 8 JE7n 1A FIBE LM o3 25 S nT i Ak . &) 8a
Foon R EE 1B 8b R n AR 45 Kl Il 8c~h 43 il R
U-Net . UNet++ ., PraNet . UACANet . ColonFormer & 4~
DO REN P e O
24 ZILBEN SR

TEAR B R 4 EI R AL 1 77 AL RE ) R AR B,
TESEBR I R IR B w98 A g 18 R 2 Fn S PR 119 2
OB K/NEF RRAETEIR K0 ZHE 4, A 21

c:U-Net d:UNet++

b: FRZE [

e:PraNet f: UACANet h: KX 7535

g:ColonFormer

8 TEIEENEISR AT

Figure 8 Visualization of segmentation results obtained by different algorithms
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Table 3 Results of various algorithms on CVC—-ColonDB, ETIS, and
CVC-T datasets
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Table 4 Ablation experiment results
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w/o CB 0.941 0.896 0936 0.956
ARICHEAL 0954 0913 0955 0.954
w/o FIO  0.901 0.845 0.924 0910
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