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Abstract: The

assistance systems. How:

jon’ of artificial intelligence for colon polyp detection is very important for medical
, current segmentation model has problems of low accuracy and difficulty in recognizing
some sample details. Therefore, this paper proposes a polyp segmentation model based on encoding and decoding
structure. In this model, skip axial attention is used to solve the gradient problem, adaptive connection training is used
to compensate for information loss in pooling, and dual channel gating is used to refine the low resolution prediction
map into a high-resolution saliency map. The model is verified on datasets CVC-ClinicDB and Kvasir-SEG and
Compared with similar deep learning segmentation algorithms on four metrics: mloU, Dice, Precision, and Accuracy.
Results show that on CVC-ClinicDB, mloU is 0.903, Dice is 0.947, Precision is 0.933, and Accuracy is 0.933. On
Kvasir-SEG, mloU is 0.763, Dice is 0.868, Precision is 0.857, and Accuracy is 0.867. All of the results are superior to
similar deep learning segmentation algorithms, verifying that the proposed model has better segmentation performance
for sample details.

Key words: skip axial attention; adaptive connection training; dual channel gating; polyp segmentation; deep learning
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Tab.2 Comparison of results of different models on the
CVC-ClinicDB dataset

iy mloU Dice  Precision Accuracy
U-Net'? 0.755  0.824  0.838  0.873
Attention U-Net-'" 0.858  0.911  0.919  0.912
UNet+ +4 0.741  0.828 0.831  0.918
PNSNet 0.800  0.873  0.894  0.923
PolypSeg+1"] 0.884  0.921  0.907  0.923
AR STAEE 0.903  0.947  0.933 0.933
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Tab.3 Comparison of results of different models on the
Kvasir-SEG dataset

foiy mloU Dice  Precision Accuracy
U-Nett 0.653  0.596  0.672  0.681
Attention U-Net!'*] 0.670  0.767  0.811  0.823
UNet++ 0.700  0.800  0.799  0.782
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PNSNet ] 0.697  0.762  0.804  0.793
PolypSeg+"] 0.706  0.788  0.841  0.853
AR SARE 0.763  0.868 0.857  0.867
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