
  

  

Abstract—An automatic algorithm for hard tissue 
segmentation in CBCT data is presented and validated on 30 
subjects. Bone segmentation threshold was set after voxel 
clustering through a sub-set of slices and the elimination of 
outliers with teeth and metal artifacts. Comparison with 
manual thresholding by experts gave no significant differences 

I. INTRODUCTION 

Cone beam CT (CBCT) is now emerging as imaging 
technique due to its low radiation dose, image quality and 
accessibility. In particular, CBCT scanners are widely used in 
maxillo-facial surgery and dentistry. Applications of 3D 
surface models derived from CBCT include pre-operative 
surgical planning, bone volume assessment and performing 
cephalometric measurements [1]. The segmentation process 
is generally performed by manual thresholding, making this 
process strongly operator dependent. In this study, an 
automatic segmentation approach is evaluated in order to 
make the hard tissue segmentation process operator 
independent. 

II. MATERIALS AND METHODS 

In this study, 30 CBCT scans of adult healthy women 
were retrospectively selected from the database of the SST 
Dentofacial Clinic, Italy. To create 3D skull surface models, 
the images were segmented using two different methods, 
manual and automatic thresholding. The manual thresholding 
was performed by an experienced operator with more than 3 
years of experience in morphometric evaluation. The 
automatic thresholding was performed using a segmentation 
algorithm previously developed by our research group. This 
algorithm automatically calculates the threshold values using 
a clustering approach, which classifies a subsample of slices 
in 4 different clusters. For each slice it calculates the 
minimum intensity value belonging to the most intense 
cluster and finally calculates the global threshold as the 10th 
percentile of the population of slice minima [2]. At first 
manual and automatic segmentation threshold values were 
compared. Due to the normality of data distribution, 
Student’s t test and Pearson’s correlation coefficient were 
used for statistical analysis. Moreover the volume of the 
segmented structures was calculated. Wilcoxon rank test and 
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Spearman correlation coefficient were used for statistical 
analysis. P value was set at 5%. 

III. RESULTS AND CONCLUSIONS 

Results showed no significant difference (p > 0.05) in 
threshold values between manual and automatic 
segmentation. For the manual segmentation, the average 
threshold value (SD) was 453 (80) HU, while automatic 
segmentation had an average value of 460 (76) HU. High 
correlation was found between the two segmentation 
methods (R = 0.97), as shown in Figure 1. Regarding 
volume values, the comparison showed no significant 
difference (p > 0.05). Volumes median (interquartile range) 
value was 0.243 (0.119) dm3 for manual segmentation and 
0.242 (0.105) dm3 for automatic segmentation. High 
correlation was found also for volumetric data (ρ = 0.98).  
Results are promising; nevertheless further evaluations are 
necessary to test the robustness of the approach with 
different data sets.  

 
Figure 1: Linear correlation between manual (Thm) and automatic (Tha) 
threshold values. The straight line represents the linear fit model; dashed 
lines represent the boundaries of the 95% confidence interval. 
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