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Abstract—Three-dimensional (3D) models of tooth-alveolar 

bone complex are needed in treatment planning and simulation 

for computer-aided orthodontics. Tooth and alveolar bone 

segmentation from computed tomography (CT) images is a 

fundamental step in reconstructing their models. Due to less 

application of alveolar bone in conventional orthodontic 

treatment which may cause undesired side effects, the previous 

studies mainly focused on tooth segmentation and reconstruction 

and did not consider the alveolar bone. In this study, we proposed 

a method to implement both tooth and alveolar bone segmentation 

from dental CT images for reconstructing their 3D models. Firstly, 

the proposed method extracted the connected region of tooth and 

alveolar bone from CT images using a global convex level set 

model. Then individual tooth and alveolar bone are separated 

from the connected region based on Radon transform and a local 

level set model. The experimental results showed that the 

proposed method could successfully complete both the tooth and 

alveolar bone segmentation from CT images, and outperformed 

the state of the art tooth segmentation methods in terms of 

accuracy. This suggests that the proposed method can be used in 

reconstructing the 3D models of tooth-alveolar bone complex for 

precise treatment. 

 
Index Terms—orthodontics, tooth and alveolar bone, image 

segmentation, level set, computed tomography images 

 

I. INTRODUCTION 

N conventional orthodontic treatment, orthodontists mainly 

depend on physical cast models to perform diagnosis and 
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treatment planning. With the increasing use of dental computed 

tomography (CT) images in clinic, it is possible to reconstruct 

the full three-dimensional (3D) digital models of the tooth and 

alveolar bone to conduct computer-aided diagnosis and 

treatment. Tooth and alveolar bone segmentation from CT 

images is a fundamental step in reconstructing their 3D models. 

It is a challenge to segment tooth and alveolar bone from 

their CT images because of the similar intensities between tooth 

and alveolar bone, close position of neighboring teeth, and 

complicated topological structure of both tooth and alveolar 

bone. Several automatic or semi-automatic methods [1-13] 

have been developed to segment tooth from dental CT images, 

and some of them achieved a good segmentation accuracy. 

These previous methods can be classified into two classes: 

direct 3D segmentation and two-dimensional (2D) 

slice-by-slice segmentation. The direct 3D segmentation 

methods segment tooth volume directly in 3D volumetric space. 

Akhoondali et al. [1] developed an automatic segmentation 

method based on region growing. Keyhaninejad et al. [2] and 

Hosntalab et al. [3] proposed to use 3D region based level set 

model to extract the tooth volume. Keustermans et al. [4] and 

Hiew et al. [5] applied a graph cut algorithm to interactively 

segment 3D tooth volume. Barone et al. [6] developed a novel 

framework to interactively model the 3D shape of tooth with 

single-root using 2D contours of target tooth outlined from a set 

of projected images. Pei et al. [7] proposed a 3D 

exemplar-based random walk method which integrated 

semi-supervised label propagation and regularization by 3D 

exemplar registration to segment tooth volume from cone-beam 

CT (CBCT) images. The 2D slice-by-slice segmentation 

methods segment tooth contours in each 2D slice of transverse 

plane. This kind of methods generally uses a tooth contour 

propagation strategy to automatically initialize the tooth 

contour of contiguous slices, and users only need to manually 

initialize the starting slice. Heo and Chae [8] and Wu et al. [9] 

used the B-spline snakes with genetic algorithm to extract tooth 

contours. The B-spline snakes used in their methods cannot 

address the topological change of molar contours. The level set 

method has been broadly used for 2D tooth segmentation due to 

its advantages in dealing with topological change and contour 

propagation [10-13]. Gao and Chae [10] proposed a level set 

model with shape and intensity prior to segment tooth contours 

and achieved high segmentation accuracy. Yau et al. [11] 

applied the same model to extract root contours. Ji et al. [12] 

modified this model to segment anterior teeth. Gan et al. [13] 

Tooth and Alveolar Bone Segmentation from 

Dental Computed Tomography Images 

Yangzhou Gan, Member, IEEE, Zeyang Xia, Senior Member, IEEE,  

Jing Xiong, Member, IEEE, Guanglin Li, Senior Member, IEEE, and Qunfei Zhao 

I 



2168-2194 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2017.2709406, IEEE Journal of
Biomedical and Health Informatics

developed a hybrid level set model for accurate root 

segmentation. 

Note that all these previous methods focused on individual 

tooth segmentation, and did not consider the alveolar bone 

segmentation due to less application of alveolar bone in 

conventional orthodontic treatment. Wang et al. [14] [15] 

developed promising methods for tooth and bone tissue 

segmentation from CT images. However, their methods did not 

involve the tooth segmentation from alveolar bone, thus cannot 

be applied for individual 3D model reconstruction of tooth and 

alveolar bone. 

In the treatment planning, the 3D model of alveolar bone is 

necessary to align tooth roots well since it provides reference 

for the potential position and direction of root. If only using 

tooth models to perform a treatment planning, there is a risk 

that the planned tooth roots may be not surrounded by the 

alveolar bone and tooth loss will occur after the orthodontic 

treatment. In addition, tooth movement of orthodontic 

treatment is implemented through alveolar bone tissue 

modeling and remodeling under orthodontic force, and the 

dental biomechanics involves tooth, periodontal ligament, and 

alveolar bone [16]. Thus, in the dental biomechanics simulation, 

the 3D model of alveolar bone is also needed. 

In this study, we propose a level set based method to segment 

both tooth and alveolar bone contours slice-by-slice from CT 

images. The contribution of this study mainly includes the 

following three points. (1) The proposed method implements 

both segmentation of individual tooth and alveolar bone. It first 

segments the bony tissue (including tooth and alveolar bone) 

from CT images, then individual tooth contours are segmented 

from the bony tissue to separate tooth and alveolar bone. The 

bony tissue segmentation not only makes the both segmentation 

of tooth and alveolar bone being possible but also facilitates the 

individual tooth segmentation. (2) A local level set model 

composed of edge detection energy and tooth shape prior is 

developed to segment tooth contours from bony tissue region. 

In the edge detection energy, intensity information is integrated 

into the edge indicator for more accurate tooth contour 

extraction. (3) An initial tooth contour computation strategy 

based on tooth contour deformation tendency of adjacent slices 

is developed to reduce the accumulated error of slice-by-slice 

segmentation method. Experimental results verified that the 

proposed method obtained promising performance for both 

tooth and alveolar bone segmentation, and outperformed state 

of the art tooth segmentation methods in terms of accuracy. 

II. METHOD 

A. Motivation and Overview of the Proposed Method 

In recent years, the level set method is increasingly applied 

to medical image segmentation [17-19]. It is possible to 

simultaneously segment individual tooth and alveolar bone 

from CT images using multi-phase level set model [20]. 

However, due to the complex image condition in root part, each 

tooth needs to be segmented applying an individual level set 

[10]. Thus, using the multi-phase level set strategy, there needs 

at most 17 coupled level sets (16 for teeth and 1 for alveolar 

bone) which are complicated and low efficiency.  

Instead of using multi-phase level sets, this study develops a 

two-step method to segment both tooth and alveolar bone. The 

procedure of the two-step method is shown in Fig. 1. In the first 

step, bony tissue is segmented using a global convex level set 

model. The region with the largest volume in the segmented 

bonny tissue is the connected region of tooth and alveolar bone. 

Then the connected region is segmented into independent tooth 

and alveolar bone. In this step, tooth region is regarded as 

foreground and segmented slice-by-slice from alveolar bone by 

applying the Radon transform and a local level set model. 

Tooth contour propagation strategy that uses segmented tooth 

contours of previous three slices as the tooth shape prior of 

current slice is employed to automatically initialize the level set 

curve.  

 
Fig. 1. Procedure of the proposed two-step method for the segmentation of tooth and alveolar bone from CT images. 
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B. The Global Convex Level Set Model for Bony Tissue 

Segmentation 

In this study, the local binary fitting (LBF) model [21] that 

has achieved a promising performance for weak edge 

extraction in the presence of intensity inhomogeneity is 

adopted to extract the bony tissue. Let Ω∈ℜ2 be the image 

plane, I: Ω→ℜ be the given gray image, and ϕ: Ω→ℜ be a 2D 

level set function, the energy function of the LBF model is 

defined as 
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where x, y∈ℜ2 denote a point in the image plane, μ is a positive 

weight, Kσ is a Gaussian Kernel with a scale parameter σ, fi(x) is 

the local mean intensities inside and outside the zeros level set, 

δε is the normalized Dirac delta function [22], and M1(ϕ)=Hε(ϕ), 

M2(ϕ)=1-Hε(ϕ), where Hε is the normalized Heaviside function 

[22]. 

The minimization of energy function (1) with respect to 𝜙 

can be achieved by solving the gradient descent flow equation: 
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where t≥0 is the artificial iterative time, div(·) denotes the 

divergence operator, and the local mean intensities f1 and f2 are 

calculated before every iteration using the following equations: 
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Note that the LBF model would be sensitive to the initial 

condition due to the fact that the energy function (1) is 

non-convex which may converge toward local minima. In 

addition, the minimization procedure of the energy function 

using the gradient decent scheme would be time consuming. To 

address the two problems, the global convex segmentation 

method proposed by Chan et al. [23] was adopted and the 

global convex version of the LBF model was obtained as: 
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where Gs*I(x) denotes the smoothed image by convolving I 

with the Gaussian kernel Gs, and ∇ denotes the differential 

operator. 

Let ΩC denote the region inside the level set curve, it can be 

derived that if u(x) is the minimum of (5) for almost every α∈ 

[0, 1], ΩC={x: u(x) ≥ 𝛼} would be the global minimum of (1). 

To determine the global minimum of (1), one can solve the 

minimization of (5), and then set ΩC={x: u(x) ≥ 𝛼} for any α ∈ 

[0, 1].  

The convex constrained minimization problem (5) has 

unique minimum which can be solved by various minimization 

technologies. In this study we use the Split Bregman method 

[24] to solve it. Instead of solving the constrained minimization 

problem directly, the Split Bregman method introduces an 

auxiliary vector and a Bregman vector, and then solves a 

sequence of unconstrained problems. More details on the 

implementation of the Split Bregman method can be found in 

Ref. [24].  

C. Individual Tooth and Alveolar Bone Segmentation 

It is a big challenge to segment individual tooth from 

alveolar bone due to the several reasons. (1) Tooth has a 

flexible topological structure and may split into different 

branches in both root and crown part. (2) Neighboring teeth 

may touch each other in crown part. (3) Tooth root and alveolar 

bone connect each other and have similar CT image intensity. 

In the proposed method, different branches of tooth split 

naturally after the first step segmentation. The other two 

difficulties are addressed as follows. (1) Considering that the 

tooth structure in the mesial-distal side of the crown part is 

convex and neighboring crowns can be separated using a plane, 

the Radon transform is applied to calculate a line to separate 

neighboring teeth in each slice. (2) A local level set model 

integrated edge detection energy and tooth shape prior is 

developed to segment tooth contours from alveolar bone. 

In the implementation, individual tooth is segmented from 

alveolar bone slice-by-slice semi-automatically. Firstly, a 

starting slice is selected manually from crown part, and a seed 

point of each tooth is drawn in the starting slice for the 

detection of valid tooth region [13]. Then, all the images are 

segmented slice-by-slice automatically along the crown or root 

direction based on tooth contour propagation strategy. The 

propagation strategy uses the segmented tooth contours of the 

previous three slices as the tooth shape prior to automatically 

initialize the tooth contour. For each slice segmentation, a line 

is first extracted to separate neighboring teeth into independent 

ones using the Radon transform. Then, each tooth is segmented 

from the region of the corresponding side of the line using a 

local level set model.  

1)  Tooth Contour Propagation Strategy 

A natural propagation strategy has been used which applied 

the segmented contour of previous slice as the tooth shape prior 

of current slice to be segmented [10], but suffers from serious 

accumulated error. To reduce the accumulated error, Wu et al. 

[25] used the average shape of the previous three segmented 

slices as the shape prior. Their results showed that the average 

strategy is effective to reduce the accumulated error, but the 
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computed tooth shape prior may be inaccurate. This study 

applied the shrinking or expansion deformation tendency of 

tooth contours to compute the tooth shape prior. 

Tooth anatomical structure (shown in Fig. 2) indicates that in 

a certain direction especially in lingual and buccal direction, 

when the tooth contour moves from tooth neck part to root or 

crown part, it has a shrinking or expansion deformation 

tendency. This study applied the deformation tendency to 

pixel-wisely detect whether the segmentation of the previous 

slice occur error. If there was no segmentation error, the 

segmented contour of the previous slice would be directly used 

as the tooth shape prior. Otherwise, the tooth shape prior would 

be computed by averaging the segmented contours of previous 

three slices.  

 

Fig. 2. Structure of the tooth contours in 3D space. 

Let ϕi-1, ϕi-2, and ϕi-3 be the level set functions of segmented 

tooth contours of the previous three slices, respectively. For a 

given point x, if (ϕi-2(x)-ϕi-1(x))(ϕi-3(x)-ϕi-2(x))≥0, the tooth 

contours near the point have a shrinking or expansion 

deformation tendency; otherwise, there is no shrinking or 

expansion deformation tendency, and segmentation error might 

occur. This study applies the following expression to compute 

the tooth shape prior (embedded in a binary mask) 
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where ϕ12=ϕi-2-ϕi-1, ϕ23=ϕi-3-ϕi-2, and B(x) is a threshold operator 

with threshold value 0. 

Fig. 3 shows the comparison of obtained shape priors using 

different strategies. Fig. 3 (a) presents the segmented tooth 

contours of the previous three slices that are designated as red, 

green, and blue curves, respectively. It can be seen that the red 

curve occurs a boundary leakage error. Fig. 3 (b) presents the 

computed shape priors using different strategies, in which the 

red, white, and yellow curves represent the results obtained by 

using Gao et al.’s [10], Wu et al.’s [25], and the proposed 

strategy, respectively. Fig. 3 (c) presents the real tooth contour 

by manual segmentation. These results showed in Fig. 3 

verified that Gao et al.’s strategy would propagate the boundary 

leakage error to the initial level set and Wu et al.’s strategy 

could eliminate the error with an inaccurate tooth shape prior, 

whereas the proposed strategy could obtain a more similar 

shape with the manual segmentation contour. 

 
Fig. 3. Result comparison using different strategies for the tooth shape prior 

computation. (a) Segmented tooth contours of the previous three slices, and red, 

green, and blue curves denote the contours of the (i-1)th, (i-2)th, and (i-3)th slice, 

respectively. (b) Computed shape prior using different strategies, and red, white, 

and yellow curves denote results of Gao et al.’s [8], Wu et al.’s [25] and the 

proposed strategy, respectively. (c) The reference tooth contour of current slice 

by manual segmentation. 

2) Neighboring Tooth Separation using the Radon Transform 

Neighboring teeth may touch each other, resulting in missing 

of their common boundary. In order to obtain individual tooth 

contour, this study applied the Radon transform to extract a line 

to separate neighboring teeth into independent ones [26]. Then 

each tooth can be segmented individually from the 

corresponding side of the line using a single level set.  

The Radon transform of a given image I(x1, x2) (x1, x2∊ℜ) 

represents a collection of one dimensional line integral (i.e. 

projection) of image intensity in various directions: 
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where θ denotes the angle between the perpendicular direction 

of line integral and the x1-axis, and ρ denotes the perpendicular 

offset of the line integral. 

Assuming that neighboring teeth can be separated by a 

straight line, the separation line of neighboring teeth 

corresponds to a local minimum point R(θ0, ρ0) in the Radon 

transform as the image projection at the separation line arrives 

minimum. Thus the separation line extraction is equivalent to 

search a constraint local minimum among the Radon transform. 

The shape priors of the neighboring teeth were used to provide 

constraint for the position and direction of the separation line. 

3) Local Level Set Model for Tooth Contour Segmentation 

This study integrated the tooth shape prior into the geodesic 

active contour model [27] to construct the local level set model 

for tooth contour segmentation from alveolar bone, and the 

corresponding energy could be written as 

 

        
2

0E g dx H H dx              (9) 

 

where β is a positive weight, and ϕ0 denotes the signed distance 

function of the tooth shape prior computed from previous 



2168-2194 (c) 2016 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/JBHI.2017.2709406, IEEE Journal of
Biomedical and Health Informatics

segmented slices by (7). The first term is an edge term coming 

from the geodesic active contour [27]. Based on the knowledge 

that the image intensity of tooth is relatively higher than that of 

alveolar bone, this study incorporates the intensity information 

into the edge indictor such that the edge indicator would drive 

the level set curve evolve and stop at the boundary with large 

image gradient and high intensity to prevent the level set curve 

invade into alveolar bone. The second term is a tooth shape 

prior term and is defined as the dissimilarity of two shapes [28] 

represented by their embedding level set functions to prevent 

the level set curve evolve too far from the initial contour. One 

advantage of the definition is that the results mainly depend on 

the sign of the embedded level set function, and one does not 

need to constrain the level set function to the signed distance 

function. 

The commonly used edge indicator (6) would stop the level 

set curve evolve at the boundary with largest image gradient. 

However, in dental CT images the real tooth boundary is not 

always located at the position with the largest image gradient. 

Since the tooth region has relatively higher intensity than 

surrounding alveolar bone, this study incorporates the intensity 

information into the edge indictor such that the edge indicator 

would stop the level set curve evolve at the boundary with large 

image gradient and high intensity. Additionally, as suggested in 

[9] [10], the gradient direction detection is helpful to guide the 

level set curve evolve toward the real tooth boundary. Thus, 

this study defines the following refined edge indicator with 

intensity information and gradient direction detection 
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where IN denotes normalized image and is defined as 
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where u0 and σ are the mean and standard deviation of tooth 

intensity computed from the tooth shape prior, respectively. 

The energy function (9) could be minimized by an explicit 

iteration scheme using the following gradient flow 
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In the local level set model, the weighting parameter β 

balances the contribution of edge term and shape prior term, 

and its value will affect the tooth segmentation accuracy. The 

model with a smaller value of β has a stronger curve evolution 

force to extract week tooth boundary according the image 

information but may suffer from boundary leakage. The model 

with a larger value of β has a stronger shape constraint force to 

prevent level set curve evolve far from the initial contour and 

may fail to extract real tooth boundary due to the week force of 

curve evolution. In the implementation, the segmentation of 

anterior teeth needs a relatively high value of β to prevent the 

level set curve invade into alveolar bone, and the segmentation 

of posterior teeth needs a relatively small value of β to adapt the 

complicated topological changes. 

Conventional level set method needs a re-initialization 

procedure which is time consuming to prevent the level set 

from being too steep or flat. This study regularizes the level set 

after each iteration by convolving the level set function with a 

Gaussian filter [29]. The regularization based on Gaussian filter 

not only smoothed the active contour but also eliminated the 

need for level set re-initialization. 

Compared to the previous works [10] [13], the energy 

function (9) does not include a region term with image intensity 

information as different branches of tooth split naturally in the 

bone tissue segmentation step, and the level set curve only 

needs to evolve within a relatively small region of the initial 

contour to extract tooth boundary. Another difference is that in 

this study the image intensity information is incorporated into 

the edge indictor to prevent the level set curve invade into 

alveolar bone. 

4) Tooth Segmentation of the Starting Slice 

For the starting slice, the tooth contour propagation strategy 

is infeasible as there is no tooth shape prior. Since this slice is 

selected from crown part where no alveolar bone connects with 

tooth, tooth contours can be directly extracted from the results 

of the first step segmentation. In the results of the first step 

segmentation, the regions which intersect with manually drawn 

seed points are regarded as valid tooth regions. A line is 

computed to separate each pair of possible touching 

neighboring teeth based on the Radon transform. In the 

computation of the separation line, the seed points were used to 

provide constraint for the position and direction. 

III. EXPERIMENTS 

A. Dataset and Evaluation Method 

CBCT images were acquired from sixteen subjects and used 

to test the performance of the proposed method. These images 

were scanned by a CT scanner (NewTom VG, Italy) with a 

voxel size of 0.25 mm. The scanning parameters of tested 

images were 120 kV, 5 mA, and with 6 s as time of exposure. 

All the images were scanned when the subjects’ teeth were in 

an open bite position to make sure that lower and upper teeth do 

not overlap in any slice. There are no metal artifacts in these 

images. Before being segmented, the volumetric images have 

been reoriented manually such that most slices in the transverse 

plane contain all tooth contours. For all the tested images, the 

parameter λ in (5) was set to be 10.0, and parameters Δt and β in 

(12) were set to be 5.0 and 0.1, respectively. This study was 

reviewed and approved by Institutional Review Board of 

Shenzhen Institutes of Advanced Technology, Chinese 

Academy of Sciences. Written informed consents of the 

subjects were obtained. 

Manual segmentation results by experienced clinicians were 

used as the gold standard to be compared to the algorithm 

results. Three performance metrics were used to estimate the  
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Fig. 4. Results of tooth and alveolar bone segmentation. Upper: maxillary slices, lower: mandible slices. The color curves denote individual tooth contours, and the 

white curves denote outer contours of alveolar bone. 

 

Fig. 5. Comparison of tooth segmentation accuracy using different methods.

segmentation accuracy. They included one volume overlap 

metrics, Dice similarity coefficient (DSC, %), and two surface 

distance metrics, average symmetric surface distance (ASSD, 

mm), and maximum symmetric surface distance (MSSD, mm). 

The three performance metrics were defined as: 
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where VR and VA are the volumes of objects of gold standard 

and algorithm segmentation, respectively, SR and SA are the 

surfaces of objects of gold standard and algorithm 

segmentation, respectively, dist(a, SR) is the nearest Euclidean 

distance from a surface point a to the surface SR, mean{⦁} and 

max{⦁} are the arithmetical average and maximum operator, 

respectively. 

The presented method was implemented using MATLAB 

code and ran on a DELL graphic workstation (Win 7, Intel 

E5-2643 3.3 GHz CPU, 16 GB RAM). The processing time for 

segmenting the tested images was recorded to assess the 

efficiency of the proposed method. 

B. Qualitative Results 

Fig. 4 shows tooth and alveolar bone segmentation results 

using the proposed method for sample slices of crown, tooth 

neck, and root parts. It can be observed that the proposed 

method could segment both individual tooth and alveolar bone 

successfully and the visual segmentation accuracy was 

satisfying. 

C. Quantitative Results and Comparison 

The quantitative tooth and alveolar bone segmentation 

accuracy of the proposed method on the tested images is listed 

in Table 1. The average symmetric surface distance error is 

approximated to one voxel size which means that the proposed 

method archives segmentation accuracy of pixel level.   
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TABLE I  

TOOTH AND ALVEOLAR BONE SEGMENTATION ACCURACY OF THE PROPOSED 

METHOD. 

Tissue 
Metrics 

DSC (%) ASSD (mm) MSSD (mm) 

Incisor 89.98 ± 2.80 0.28 ± 0.03 1.21 ± 0.63 

Canine 91.86 ± 1.22 0.27 ± 0.01 0.92 ± 0.32 

Premolar 92.34 ± 1.95 0.28 ± 0.02 1.23 ± 0.54 

Molar 94.26 ± 1.10 0.30 ± 0.06 1.41 ± 0.66 

Alveolar Bone 95.64 ± 2.12 0.25 ± 0.02 1.07 ± 0.36 

 

In addition, the performance of the proposed method was 

compared to three other methods: Honstalab et al.’s method [3], 

Gao et al.’s method [10], and Gan et al.’s method [13]. Since 

the previous three methods only implemented tooth 

segmenation, only the tooth segmentation results using 

different methods were compared. Fig. 5 shows the quantitative 

comparision of tooth segmentation accuracy using different 

methods. We can see that the segmentation accuracy of the 

proposed method outperforms the previous methods. 

Compared to Honstalab et al.’s and Gao et al.’s methods, the 

accuracy improvement of the proposed method is significant 

(p<0.05, t-test). 

The computation time of the proposed method for 

segmenting one set of volumetric images was 4.23±0.67 min. 

The comparison of computation time when using different 

methods is shown in Fig. 6. It can be seen that although the 

proposed method needs two steps to complete the segmentation, 

it is more efficient than Gao et al.’s and Gan et al.’s methods. 

The reason is that, in the proposed method the Split Bregman 

method makes the minimization of the global convex level set 

model in the first step much faster than (more than 10 times) the 

gradient decent iteration in (2), and the local level set in the 

second step is much less complicated than models used in Gao 

et al.’s method and Gan et al.’s method. As a result, the 

proposed method is more efficient than Gao et al.’s and Gan et 

al.’s method. 

 

Fig. 6. Computation time comparison of different methods for segmenting one 
set of images. 

D. Visualization 

Individual 3D models of tooth and alveolar bone of one 

subject reconstructed from results segmented using the 

proposed method is presented in Fig. 7. These models provide 

subject’s complete information of both tooth and alveolar bone, 

and can be used for orthodontic treatment planning and 

biomechanics simulation. 

 

Fig. 7. 3D models of individual teeth and alveolar bones of one subject 
reconstructed from results segmented using the proposed method. 

IV. DISCUSSION 

A. Effect of the First Step Segmentation 

In the proposed method, the first step would be important in 

implementing the segmentation of both tooth and alveolar bone 

from dental CT images. After the tooth is segmented in the 

second step, both individual tooth and alveolar bone are 

obtained and the complete 3D models of tooth-alveolar bone 

complex can be reconstructed and applied to orthodontic 

treatment planning and biomechanical simulation. 

In addition, the first step segmentation also facilitates the 

individual tooth segmentation from alveolar bone. In the slices 

where a tooth splits into different branches, the region between 

different branches is composed of non-bony tissue (soft tissue 

in root and air in crown). After the first step segmentation, these 

region are segmented as background, and different branches 

split naturally. Thus, methods or models which cannot deal 

with topological changes are feasible to segment tooth from 

connected region of tooth and alveolar bone. 

 
Fig. 8. Comparison of segmentation results using the second step segmentation 

directly and the two-step segmentation. (a) Results by using the second step 

segmentation directly. (b) Results by using the two-step segmentation. (c) Real 
tooth contours by manual segmentation. 
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Fig. 8 shows comparison of segmentation results using the 

second step segmentation directly and the proposed two-step 

segmentation for a maxillary first left molar. The local level set 

model in the second step is an edged-based model. Its level set 

curve is hard to evolve into the region with deep concave 

structure, thus cannot deal with the topological change of tooth. 

The results shown in Fig. 8 (a) indicate that only using the 

second step segmentation failed to segment the tooth contours 

from these slices with different branches. With the proposed 

two-step segmentation method, the different branches of the 

teeth were successfully extracted from the CT images, as 

shown in Fig. 8 (b). 

B. Necessity of the Integrated Intensity Information in the 

Edge Detector 

 
Fig. 9. Comparison of segmentation results with and without image intensity in 

the edge indicator. (a) Results without image intensity in the edge indicator. (b) 
Results with image intensity in the edge indicator. (c) Real tooth contours by 

manual segmentation. 

The conventional edge indicator completely depends on the 

image gradient to drive the level set curve evolve and stop at the 

boundary with the largest image gradient. However, in dental 

CT images, the real tooth boundary is not always located at the 

position with the largest image gradient. As tooth region has 

relatively higher intensity than surrounding alveolar bone, this 

study incorporates the intensity information into the edge 

indicator such that the refined edge indicator drives the level set 

curve evolve and stops at the boundary with large gradient and 

high intensity. Fig. 9 (a) shows the segmentation results of a 

maxillary right premolar using the proposed method but no 

intensity information is incorporated into the edge indicator. 

The results show that without the image intensity information, 

the edge indicator failed to extract the tooth contours of some 

slices accurately. With the image intensity, the edge indicator 

could obtain more accurate tooth contours, as shown in Fig. 9 

(b). 

C. Contribution and Limitation  

3D models of tooth-alveolar bone complex are needed in 

treatment planning and simulation for computer-aided 

orthodontics. However, conventional orthodontic treatment 

mainly uses tooth model to perform diagnosis and treatment 

planning and alveolar bone is less used which may cause 

undesired side effects. In the treatment planning, the alveolar 

bone is necessary to align tooth roots well since it provides 

reference for the potential position and direction of root. If only 

using tooth models to perform a treatment planning, there is a 

risk that the planned tooth roots may be not surrounded by the 

alveolar bone and tooth loss will occur after the orthodontic 

treatment. In addition, the dental biomechanics involves tooth, 

periodontal ligament, and alveolar bone. Anatomically accurate 

models of both bone and alveolar bone are needed for accurate 

simulation [30]. Due to less application of alveolar bone, 

previous dental CT image processing method focused on tooth, 

and alveolar bone was not considered. This study developed a 

method to segment both tooth and alveolar bone from CT 

images for their model reconstruction, and will benefit the 

computer-aided orthodontic treatment. 

In this study, we only considered the segmentation of dental 

CT images scanned when the subjects' teeth were in an open 

bite position and there are no metal artifacts in these images. 

The crown segmentation from these images scanned in a close 

bite position and/or with metal artifacts is especially difficult, 

and has been addressed in our previous works [26] [31].  

The proposed method segmented tooth contours from 

volumetric CT images using a slice-by-slice way. This kind of 

methods may fail to segment the angled teeth due to the low 

coherence between contours of adjacent slices. To segment the 

dental CT images with angled teeth, one possible method is to 

manually re-orientate the volumetric images for different teeth.  

In the future work we will focus on the extension of the 

proposed method for the robustness segmentation of angled 

tooth. 

V. CONCLUSION 

Computer-aided orthodontic treatment needs complete 3D 

models of tooth-alveolar bone complex, which requires the 

segmentation of tooth and alveolar bone from the dental CT 

images for model reconstruction. However, existing methods 

only studied the segmentation of teeth. This study presented a 

level set based method to segment both tooth and alveolar bone. 

The proposed method performed the segmentation through two 

steps, in which a global convex level set model was first used to 

segment the connected region of tooth and alveolar bone, and 

then the individual tooth and alveolar bone were separated from 

the connected region based on the Radon transform and a local 

level set model. Experimental results showed that the presented 

method could successfully extract the teeth and alveolar bones 

from the CT images. In addition, the performance of the 

proposed method in segmenting tooth outperformed state of the 

art tooth segmentation methods in terms of segmentation 
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accuracy. These results suggest that the newly proposed 

method would be used to reconstruct the 3D models of 

tooth-alveolar complex, which will benefit the computer-aided 

orthodontic treatment. 
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