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An Automated Vertebra Segmentation model based on Deep learming
and an Application to Cobb angle Measurement based on Spine X-ray
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Abstract

Scoliosis is one of most common spine diseases. The measurement of Cobb angle is gold standard of
the diagnosis of scoliosis. However, the reliability and accuracy of the cobb angle measurement has room
for improvement. In this study, a model was trained for thoracic and lumbar vertebra segmentation based
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on Convolution Neural Networks. The data consisted of 252 data and 10-fold cross-validation was
performed. Also, the measurement of cobb angle was performed using the deep learning-based approach and
it was compared with that of manual measurement. As a result, the average sensitivity of the dataset was
0.927, the specificity was 0.999, the accuracy was 0.998, and the Dice’s similarity coefficient was 0.927.
There is no statistical difference in cobb angle measured by the deep learning-based approach and the
manual measurement. Also, the intraclass correlation coefficient between them was 0.973. Therefore, it is
expected that vertebra segmentation using deep learning will be useful for the measurement of cobb angle.
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[Fig. 1] The Structure of U-net with Dense-net backbone
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[Fig. 3] Comparison of the vertebral segmentation between the manual approach and deep learning model

(a) Original images, (b) manual segmentation images, (c) deep learning segmentation images
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[Table 1] Performance of the model

10-fold Sensitivity Specificity Accuracy DSC
1 0.932 0.999 0.998 0.928
2 0.917 0.999 0.998 0.917
3 0.919 0.999 0.998 0.92
4 0.930 0.999 0.998 0.93
5 0.939 0.999 0.998 0.931
6 0.922 0.999 0.998 0.931
7 0.943 0.999 0.998 0.939
8 0.930 0.999 0.998 0.925
9 0.909 0.999 0.998 0.917
10 0.929 0.999 0.998 0.934

Average 0.92740.010 0.99910.000 0.99810.000 0.92740.007

[#2] EH2E 22 =&t =5 =2 7|8 Cobb angle 5 2| Hlu X HF

[Table 2] Comparison and verification of cobb angle measurements based on the deep learning and manual area

Mean+SD t p-value* ICC p-value**
Manual 11.134+8.42
0.759 0.466 0.973 <0.001
Model 10.52+8.85

* p-value for independent t-test
**p-value for ICC

SiEE EEld 222 S X522 22E HF SYS HI¥2ZE Cobb angles FJ3I1 0|5
HMEY7t +3Hoz ZEot HF FAYS HIE2Z HEoh Cobb angle it SEE ttestt
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[Fig. 4] Bland-Altman plots comparing Cobb angle measurements based on the manual and the deep learning model area
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