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Automated Ulna and Radius Segmentation model
based on Deep Learning on DEXA

Young Jae Kim*, Sung Jin Park”,

ABSTRACT

Kyung Rae Ki mw',

AR

Kwang Gi Kim

The purpose of this study was to train a model for the ulna and radius bone segmentation based
on Convolutional Neural Networks and to verify the segmentation model. The data consisted of 840
training data, 210 tuning data, and 200 verification data. The learningmodel for the ulna and radius bone
bwas based on U-Net (19 convolutional and 8 maximum pooling) and trained with 8 batch sizes, 0.0001
learning rate, and 200 epochs. As a result, the average sensitivity of the training data was 0.998, the
specificity was 0.972, the accuracy was 0.979, and the Dice’s similarity coefficient was 0.968. In the
validation data, the average sensitivity was 0.961, specificity was 0.978, accuracy was 0.972, and Dice’s
similarity coefficient was 0.961. The performance of deep convolutional neural network based models
for the segmentation was good for ulna and radius bone.
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Fig. 1. Example of DEXA image (a) high energy image, (b) low energy image.
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Fig. 2. Pre—processing process in low energy image. The position of the crop area was calculated using the line

profile,
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Fig. 3. U—net architecture consisted with convolutional encoding and decoding units,

Z(Batch Size)= 8, & (Epochs)2 400 .2 14
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Fig. 4. Result of post—processing algorithm (a) original image, (b) False positive image, (c) Result image with
post—processing.

(a) (b) (c)

Fig. 5. Comparison of the segmentation results between the deep learning and manual. (a)original images, (b)manual
segmentation results, (c)deep learning segmentation results,
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Table 1. Conditional probability results of the trained segmentation model,

‘ Sensitivity ‘ Specificity ‘ Accuracy ‘ DSC
Learning Rate : 0.001
Train Data 0.996 0.932 0.952 0.927
Validation Data 0.976 0.934 0.950 0.933
Learning Rate : 0.0001
Train Data 0.998 0.972 0.979 0.968
Validation Data 0.961 0.978 0.972 0.961
Learning Rate : 0.00001
Train Data 0.993 0.956 0.967 0.948
Validation Data 0.971 0.963 0.965 0.953

Table 2, Verification and comparison of the deep learning

and manual area measurements

Mean=Stdev t p—value* ICC p-values
Manual 94248.04+12995.96
Train Data 0.998 0.972 0.979 0.968
CNN 94185.24+12828.87
o Manual 80437.96+13674.71
Validation Data 0.961 0.978 0.972 0.961
CNN 85333.36+13674.76

# p-value for independent t-test
% p-value for ICC
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(a) (b) (c) (d)

Fig. 8. Comparison of results according to learning rate (a)original image, (b)result by learning rate 0,001, (c)result
by learning rate 0.0001, (d)result by learning rate 0.00001
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