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Abstract: To solve the problems of difficulty in segmentation of complex areas, loss of edge details, and insufficient
generalization ability in polyp segmentation by existing models. This paper proposed a polyp segmentation model based
on fusion of local and global features. Convolutional neural network and Transformer are used as parallel encoders to
make the model take into account both the local detail features and global semantic features of multiple scales. The
attention enhancement block and the multi-scale residual block are constructed at the jump junction. The former
enhances the model’ s focus on important information, while the latter efficiently explores the target regions and
accurately predicts theirs boundaries, while promoting the interaction between different levels of features. The residual-
based stepwise upsampling feature fusion method is used in the decoding stage to gather the features of each stage,
which further enhanced the perception ability of the model and enriched the polyp features. Finally, the efficient
prediction head is used to promote the fusion of shallow features and output the segmentation results. The model
performs best in the comparative experiments. Compared with the sub-optimal model, on the Kvasir and CVC-
ClinicDB datasets, it achieved an average mDice improvement of 1. 21% and an average mloU improvement of 1. 82% ;
on the CVC-ColonDB and ETIS datasets, it achieved an average mDice improvement of 2. 67% and an average mloU
improvement of 2. 83%. The experimental results show that the proposed model has better segmentation accuracy and
generalization performance than the existing mainstream models.

Keywords: polyp segmentation; Transformer; convolutional neural network; attention enhancement block; multi-scale
residual block;feature fusion
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Table 1 Segmentation results of different models on Kvasir and CVC-ClinicDB
Kvasir CVC-ClinicDB

A
mDice mloU Precision Recall mDice mloU Precision Recall
U-Net++ 0.849 1 0.765 7 0.864 3 0.887 3 0.858 7 0.785 2 0.895 0 0.853 5
ResUNet+ + 0.795 4 0.708 3 0.870 1 0.806 0 0.765 1 0.684 4 0.868 0 0.7559
PraNet 0.896 2 0.8337 0.9259 0.897 4 0.875 1 0.804 8 0.903 0 0.881 5
DCRNet 0.881 5 0.815 4 0.878 9 0.923 3 0.882 2 0.824 4 0.886 0 0.899 0
SSFormer 0.916 5 0. 860 5 0.923 0 0.930 8 0.922 1 0.863 9 0.918 1 0.932 0
CaraNet 0.918 0 0.865 9 0.9357 0.9215 0.937 0 0.888 7 0.934 0 0.947 8
MSRAformer 0.920 7 0.866 8 0.904 6 0.954 9 0.930 2 0.879 2 0.9257 0.945 9
PolypPVT 0.919 1 0. 868 6 0.912 1 0.937 5 0.938 0 0.890 1 0.935 2 0.948 3
BRNet 0.920 5 0.871 0 0.935 2 0.929 1 0.931 2 0.883 0 0.952 5 0.924 3
AL 0.9310 0.887 9 0.944 2 0.938 9 0.950 3 0.907 2 0.950 4 0.952 5
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Table 2 Segmentation results of different models on CVC-ColonDB and ETIS

o CVC-ColonDB ETIS
- mDice mloU Precision Recall mDice mloU Precision Recall
U-Net+ + 0.707 2 0.618 8 0.744 5 0.753 2 0.615 4 0.528 3 0.6255 0.732 3
ResUNet+ + 0.636 7 0.550 6 0.7015 0.657 5 0.348 4 0.292 1 0.386 9 0.372 1
PraNet 0.7525 0.672 0 0.7525 0.809 4 0.665 1 0.5811 0.634 9 0.761 2
DCRNet 0.761 0 0.678 5 0.740 4 0.869 2 0.599 0 0.523 3 0.552 0 0.791 8
SSFormer 0.797 2 0.716 3 0.826 6 0.815 3 0.760 5 0.668 5 0.7037 0.897 7
CaraNet 0.764 8 0.697 5 0.783 6 0.799 2 0.766 4 0.678 5 0.717 1 0.890 9
MSRAformer 0.772 4 0.697 6 0.777 0 0.827 7 0.706 5 0.6337 0.660 5 0.816 1
PolypPVT 0.795 2 0.722 9 0.808 1 0.840 0 0.7535 0.666 0 0.685 4 0.927 5
BRNet 0.792 2 0.722 2 0.816 6 0.816 5 0.741 6 0.666 1 0.706 1 0.842 5
VN'S 0.804 8 0.7319 0.8137 0.842 9 0.779 7 0.700 6 0.717 1 0.9356
Kvasir ClinicDB ColonDB ETIS
4 "1
. & Cea BN
PolypPVT g - L ,
J \

I KR

Fig. 6 Visual segmentation results
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Table 3 Ablation experiments results on Kvasir and CVC-ClinicDB

) Kvasir CVC-ClinicDB

mDice mloU Precision Recall mDice mloU Precision Recall
M1 0.918 6 0. 869 6 0.925 8 0.938 3 0.937 1 0.888 0 0.938 7 0.941 5
M2 0.922 0 0.873 2 0.9313 0.937 4 0.9381 0.890 6 0.942 0 0.941 3
M3 0.924 5 0.879 7 0.947 4 0.921 4 0.942 3 0.895 6 0.942 3 0.946 7
M4 0.929 4 0.884 4 0.923 0 0.958 2 0.949 6 0.906 4 0.946 5 0.956 1
M5 0.9310 0.887 9 0.944 2 0.9389 0.950 3 0.907 2 0.950 4 0.952 5
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