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Abstract

Shoulder-related disorders include joint and labial injuries, shoulder impingement syndrome, habitual
shoulder dislocation and slab lesions. According to health insurance statistics, the number of patients treated
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Automated Segmentation of Humeral head and Glenoid based on Convolution Neural Network using Magnetic Resonance Images

with these shoulder lesions is increasing every year. MRI (Magnetic Resonance Imaging) is a representative
method of diagnosing such shoulder-related diseases. In this paper, we will use U-net, a convolution neural
network algorithm, to automatically segment humeral heads, joints in MR images to help doctors diagnose
related diseases more quickly. A total of 2251 MR images of 81 patients were collected and used as
training set and test set. As a result of evaluation of U-net trained scapular segmentation model validated
by chapter 427 data, sensitivity of 89.32%, specificity of 99.78%, accuracy of 99.44%, and die coefficient
of 92.02%. In the future, image processing techniques will solve the ambiguity of the scapular border and
collect additional data to fully train the joints and regions, which will provide a higher level of accuracy
and help the diagnosis for doctors.
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o
[Fig. 2] The flowchart of humeral head and glenoi
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[Fig. 1] The Structure of U-net Used at Humeral head and Glenoid
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[Fig. 3] Examples of Images of automated segmentation result. (a)(d) Original MR images, (b)(e)
Ground truth images, (c)(f) Predicted segmentation images by deep learning model
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