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Abstract

In order to realize the early diagnosis of knee osteoarthritis (KOA), improve the segmentation
accuracy of knee MR Cartilage image by deep learning model, and improve themodel’s unsatisfac-
tory segmentation effect on small targets, an end-to-end EAS U-Net was proposed based on deep
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learning. The depth separable convolutional module is used to replace the convolutional module
as the basic module, reducing the number of parameters and increasing the extraction of deep in-
formation. The pyramid module based on ECA is used to obtain different receptive fields, which
overcomes the limitation of single receptive field of U-Net model and improves the segmentation
ability of objects of different sizes. A deep supervision module with multi-scale output fusion was
designed to extract detailed cartilage information with high quality. When tested on the OAI-ZIB
dataset, the proposed method achieves higher accuracy in the segmentation of femoral and tibial
cartilage of the knee compared with the basic U-Net and other existing models.
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Figure 1. U-Net of the network structure
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Figure 2. Deep separable convolutional module
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Figure 3. Pyramid modules based on attention mechanism
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Figure 4. Deep supervision module of multi-scale output fusion
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Figure 5. Diagram of the network structure
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Figure 6. Example image of a dataset
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Figure 7. The preprocessing result graph
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Figure 10. Segmentation results for different models
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Table 1. Quantitative evaluation of segmentation of different models

* 1. TRIEEN S RN E BTG IER

LAY DSC/% Precision/% Recall/% HD/mm
U-Net 89.13 90.54 88.32 8.13
. U-Net++ 89.40 90.68 89.74 7.53
e Att U-Net 89.17 90.58 89.95 7.26
EAS U-Net 90.37 91.69 90.27 6.34
U-Net 88.26 87.94 89.36 5.46
P U-Net++ 88.97 88.23 88.69 5.58
Att U-Net 88.29 88.14 90.20 5.14
EAS U-Net 89.90 89.09 90.37 434
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