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Abstract

Meniscus allograft transplantation is a primary method for treating damaged meniscus, and accurate segmentation is essential
to determine the appropriate size and shape of the graft. However, meniscus segmentation is challenging due to the similar

intensity between the meniscus and surrounding structures, as well as the variability in its shape and thickness. In this pape
r, we aim to enhance the generalization performance of models on knee MR images and improve segmentation accuracy by
effectively accounting for the diverse shapes and thicknesses of the meniscus. To this end, we propose a semi-supervised le
arning model capable of effective training even with limited labeled data. Experimental results demonstrate that the proposed
method achieved the highest performance with a recall of 93.28%, an Fl-score of 90.02%, and a balanced accuracy of 96.4
2%, and by addressing the under-segmentation issue. it achieved a recall that is 0.8%p higher than that of the supervised le

arning model trained with 83 labeled data.
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Figure 1 Characteristic of meniscus in knee MR images: (a) Similar intensity of the meniscus and collateral ligaments,
(b) Inhomogeneous intensity of meniscus in knee MR images, and (c) Diverse shape and thin meniscus in the front

and back slices of a single patient's coronal view.
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Table 1 Performance evaluation of meniscus segmentation according to labeled data and unlabeled data ratios in

supervised and semi-supervised learning network

Ratio(%) Metrics(%)
Methods Network N
Labeled Unlabeled Balanced Fl-score Recall Precision
accuracy
22 - 94.42+2.0 89.40+1.6 89.16+4.2 90.09+4.8
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supervised
learning
MT+AMB+w'+u' 96.42+1.6 90.02+2.1 93.28+3.5 87.39+5.6
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Figure 3 Qualitative evaluation of meniscus segmentation results in supervised and semi-supervised learning network
according to labeled and unlabeled data ratios.
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Figure 4 Qualitative evaluation of meniscus segmentation results in supervised learning network and proposed method
according to labeled and unlabeled data ratios.
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