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Abstract: A new colorectal polyp image segmentation method combining polarizing self-attention and Transformer

is proposed to solve the problems of traditional colorectal polyp image segmentation such as insufficient target
segmentation, insufficient contrast and blurred edge details. Firstly, an improved phase sensing hybrid module is

designed to dynamically capture multi-scale context information of colorectal polyp images in Transformer to make
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target segmentation more accurate. Secondly, the polarization self-attention mechanism is introduced into the new
method to realize the self-attention enhancement of the image, so that the obtained image features can be directly
used in the polyp segmentation task to improve the contrast between the lesion area and the normal tissue area. In
addition, the cue-cross fusion module is used to enhance the ability to capture the geometric structure of the image
in dynamic segmentation, so as to improve the edge details of the resulting image. The experimental results show
that the proposed method can not only effectively improve the precision and contrast of colorectal polyp
segmentation, but also overcome the problem of blurred detail in the segmentation image. The test results on the

data sets CVC-ClinicDB, Kvasir, CVC-ColonDB and ETIS-LaribPolypDB show that the proposed method can

achieve better segmentation results, and the Dice similarity index is 0.946, 0.927, 0.805 and 0.781, respectively.
Keywords: colorectal polyp; Transformer; phase sensing module; polarized self-attention module
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Fig. 2 Phase-aware hybrid module
1 / PAHM CVC-ClinicDB CVC-ColonDB
Table 1 Comparison with/without PAHM on CVC-ClinicDB and CVC-ColonDB
Dataset Method Dice MloU SE
N1 0.942 0.898 0.950
CVC-ClinicDB
N4 0.946 0.901 0.951
N1 0.800 0.727 0.819
CVC-ColonDB
N4 0.805 0.729 0.822
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Fig. 3 Segmentation results obtained with/without PAHM
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Fig. 4 Polarized self-attention module
2 / PSA CVC-ClinicDB CVC-ColonDB
Table 2 Comparison with/without PSA on CVC-ClinicDB and CVC-ColonDB
Dataset Method Dice MloU SE
CVe-ClinicDB N2 0.937 0.881 0.946
“Hinie N4 0.946 0.901 0.951
CVC-ColonDB N2 0.788 0.711 0.813
N4 0.805 0.729 0.822
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Fig. 5 Segmentation results with or without PSA
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3 / CCF CVC-ClinicbB CVC-ColonDB
Table 3 Comparison with/without CCF on CVC-ClinicDB and CVC-ColonDB
Dataset Method Dice MloU SE

N3 0.942 0.894 0.949
CVC-ClinicDB

N4 0.946 0.901 0.951

N3 0.751 0.684 0.777
CVC-ColonDB

N4 0.805 0.729 0.822
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Fig. 7 Segmentation results obtained with or without CCF
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Table 4 Experimental parameter settings

Dataset Traindata  Testdata  Picture size/pixel
CVC-ClinicDB 550 62 352x352
Kvasir 900 100 352x352
ETIS-LaribPolypDB 0 196 352x352
CVC-ColonDB 0 380 352x352
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Table 5 Comparison of different algorithms on CVC-ClinicDB and Kvasir

Dataset Method Dice MioU SE PC F2 MAE
U-Net 0.822 0.756 0.836 0.835 0.828 0.020
PraNet 0.902 0.850 0.911 0.905 0.901 0.009
EU-Net 0.905 0.849 0.956 0.881 0.927 0.011
Cl(fr:llc(::D_B DCRNet 0.899 0.847 0.912 0.893 0.907 0.010
SSFormer-S 0.919 0.872 0.903 0.939 0.908 0.007
MSRAFormer 0.934 0.884 0.950 0.924 0.944 0.007
Ours 0.946 0.901 0.957 0.943 0.949 0.005
U-Net 0.821 0.747 0.855 0.856 0.828 0.055
PraNet 0.901 0.841 0.910 0.916 0.903 0.030
EU-Net 0.911 0.858 0.931 0.912 0.919 0.028
Kvasir DCRNet 0.889 0.823 0.903 0.902 0.892 0.034
SSFormer-S 0.925 0.876 0.917 0.944 0.921 0.020
MSRAFormer 0.919 0.870 0.921 0.938 0.918 0.020
Ours 0.927 0.880 0.932 0.950 0.923 0.020
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Fig. 8 Visualization of segmentation results of different network models on CVC-ClinicDB and Kvasir datasets

6 CVC-ColonDB  ETIS-LaribPolypDB

Table 6 Comparison of different algorithms on CVC-ColonDB and ETIS-LaribPolypDB
Dataset Method Dice MioU SE PC F2 MAE
U-Net 0.512 0.438 0.524 0.621 0.510 0.059
PraNet 0.717 0.641 0.740 0.755 0.716 0.044
EU-Net 0.756 0.683 0.848 0.756 0.789 0.043
C((;Z:ISB DCRNet 0.707 0.632 0.777 0.719 0.723 0.051
SSFormer-S 0.775 0.698 0.776 0.836 0.767 0.034
MSRAFormer 0.765 0.695 0.801 0.870 0.772 0.031
Ours 0.805 0.729 0.878 0.872 0.806 0.025
U-Net 0.406 0.334 0.482 0.439 0.428 0.037
PraNet 0.631 0.567 0.689 0.628 0.649 0.030
EU-Net 0.690 0.611 0.871 0.637 0.749 0.065
Lari:l;rtleSy_pDB DCRNet 0.548 0.484 0.744 0.504 0.600 0.095
SSFormer-S 0.770 0.695 0.856 0.744 0.782 0.017
MSRAFormer 0.749 0.674 0.821 0.787 0.782 0.012
Ours 0.781 0.706 0.874 0.808 0.807 0.011
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Fig. 9 Visualization of segmentation results of different network models on CVC-ColonDB and ETIS
7 Kvasir  EITS
Table 7 Ablation of each module on Kvasir and EITS datasets
Kvasir ETIS
Method CCF PAHM PSA
Dice MloU SE F2 Dice MloU SE F2

M1 x v v 0.919 0.873 0.919 0.920 0.744 0.674 0.803 0.769

M2 v x v 0.918 0.872 0.913 0.914 0.740 0.672 0.802 0.767

M3 v v x 0.924 0.876 0.924 0.918 0.756 0.681 0.836 0.792

M4 v v 0.927 0.880 0.926 0.923 0.781 0.706 0.874 0.807
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Colorectal polyp segmentation method combining
polarized self-attention and Transformer
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Colorectal polyp segmentation network combining polarized self-attention and Transformer

Overview: Among malignant diseases, colorectal cancer is one of the most common cancers in life, and its morbidity
and mortality have been high. Therefore, it is urgent to develop an automatic recognition and automatic segmentation
algorithm for colorectal polyp image segmentation to help doctors improve the efficiency of diagnosing patients.
However, the traditional colorectal polyp segmentation method requires manual extraction of lesion features and the
integration strategy will over-rely on the experience of the implementor. Therefore, the traditional colorectal polyp
segmentation method is prone to problems such as inaccurate target segmentation, insufficient contrast and blurred
edge details during segmentation. In order to solve the problems existing in the traditional method, In this paper, a new
colorectal polyp segmentation network TPSA-Net, which combines polarized self-attention and Transformer, is
proposed. Firstly, in order to make better use of the semantic information of image blocks at different phase levels to
improve the segmentation accuracy of target images, an improved phase sensing hybrid module is designed in this
paper, which can dynamically capture multi-scale context information at different levels of colorectal polyp images to
improve the accuracy of target segmentation. Secondly, the polarization self-attention module is introduced to fully
consider the characteristics of pixels and strengthen the self-attention of the image, so as to improve the contrast
between the lesion area and the normal tissue area. Finally, the dynamic capturing ability of the geometric structure of
the image was enhanced by the cross-fusion module of the clues, and the complementary characteristics of the two clues
in single/multi-frame were improved to solve the problem of blurred edge details during colorectal polyp segmentation.
Experiments were conducted on four datasets, CVC-ClinicDB, Kvasir, CVC-ColonDB and ETIS-LaribPolypDB, and the
Dice similarity index was 0.946, 0.927, 0.805 and 0.781, respectively. Compared with U-Net, the traditional medical
image segmentation network was improved by 12.4%, 14.5%, 29.3% and 37.5 respectively. The average Mlou
intersection ratio index was 0.901, 0.880, 0.729 and 0.706, respectively, which had certain application value in the
diagnosis of colorectal polyps. A large number of experimental results show that the TPSA-Net method proposed in this
paper can not only effectively improve the accuracy and contrast of colorectal polyp segmentation, but also overcome
the problem of blurred detail in the segmentation image. How to use deep learning technology to research more simple
and efficient colorectal polyp segmentation methods is the future focus.
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