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Crown Segmentation From Computed Tomography
Images With Metal Artifacts

Zeyang Xia, Yangzhou Gan, Jing Xiong, Qunfei Zhao, and Jie Chen

Abstract—Tooth segmentation from dental computed tomog-
raphy (CT) images with metal artifacts is challenging as metal
artifacts make some of the crown boundaries unrecognizable. This
letter proposes a semiautomatic method for crown segmentation
from CT images with metal artifacts. A user manually selects a
starting slice and initializes this slice. Then crown contours are
segmented automatically from volumetric CT images slice by slice.
In the segmentation of each slice, the Radon transform is used
to extract a line to separate neighboring crowns into independent
ones. A statistical shape prior-based level set model is then applied
to segment each crown from the mesial or distal side of the line.
The proposed method was tested on 15 set of volumetric images.
Experimental results validated that it is effective to extract crown
contours from CT images with metal artifacts.

Index Terms—Dental CT image, image segmentation, level set
method, metal artifacts, statistical shape prior model.

I. INTRODUCTION

T HREE-DIMENSIONAL (3-D) digital models of the tooth
are needed for computer-aided orthodontic treatment.

Tooth segmentation is a fundamental work in reconstructing
3-D models from computed tomography (CT) images. During
the past few decades, several automatic or semiautomatic seg-
mentation methods have been reported. Akhoondali et al. [1]
applied region growing method to segment teeth from other
tissues. Heo et al. [2], [3] segmented the tooth contours using
optimal threshold segmentation and B-spline fitting. Hiew et al.
[4] used the graph-cut algorithm to interactively segment 3-D
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tooth volume. Hosntalab et al. [5] employed 3-D region-based
level set method to extract tooth surfaces. Gao and Chae [6] pro-
posed a level set model with shape and intensity prior to extract
tooth contours. Yau et al. [7] and Ji et al. [8] used the similar
model to segment tooth. Gan et al. [9] developed a hybrid level
set model for the accurate segmentation of root.

However, these tooth segmentation methods were developed
for images without metal artifacts. In clinics, patients in the
middle of orthodontic treatment may need to be scanned while
they have metal appliances (metal braces and arch wires) in
their mouth. These metal appliances would result in streak-like
artifacts which make some of the crown boundaries missing and
unrecognizable.

This letter presents a novel method to address this challeng-
ing issue. Since the metal appliances are typically mounted on
the crown so that the artifacts are restricted to the crown region
only, the root contours are generally not affected. Thus, in this
letter, we focused on the segmentation of crowns.

II. CROWN SEGMENTATION METHOD

The presented method segments the crown from the volumet-
ric images semiautomatically. It starts from manually picking
up a starting slice from tooth neck part and initializing each
tooth in this slice. The initialization and segmentation of the
starting slice are implemented using the method in [9]. Then,
crown segmentation is completed automatically slice by slice.
In the segmentation of each slice, the Radon transform is
applied to extract a line to separate neighboring crowns into
independent ones. Each crown is then individually segmented
from the mesial or distal side of the line using a statistical shape
prior-based level set model. Crown contour tracking strategy is
employed to automatically initialize the crown contour using
the segmented contour of previous slice.

A. Neighboring Crown Separation

As neighboring crowns may touch each other such that the
common boundary in between is missing, segmentation algo-
rithm may consider the two crowns as one and fail to separate
them. To obtain individual crown contour, Gao and Chae [6]
proposed to use coupled level set scheme. Although the coupled
level set is effective to separate neighboring crowns, it is diffi-
cult to segment crowns from CT images with metal artifacts as
each crown needs to be segmented separately by an individual
level set to deal with the complex image condition.

Based on the assumption that neighboring crown contours
can be completely separated by a straight line, this study utilizes
the Radon transform to extract a line to separate neighboring
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Fig. 1. Separation line of neighboring crowns corresponds to a local minimum
R(θ0, ρ0) in the Radon transform.

crowns into independent ones such that each crown can be seg-
mented independently. The Radon transform of a given image
I(x, y)(x, y ∈ R) represents a collection of one-dimensional
(1-D) line integral (i.e., projection) in various directions

R (θ, ρ) (I (x, y))=

+∞∫
−∞

+∞∫
−∞

I (x, y)δ (ρ−x cos θ−y sin θ) dxdy

(1)

where θ denotes the angle between the perpendicular direction
of line integral and the x-axis, and ρ denotes the perpendicular
offset of the line integral.

The separation line of neighboring crowns corresponds to a
local minimum point R(θ0, ρ0) in the Radon transform because
the image projection along the separation line arrives a local
minimum. The local minimum point R(θ0, ρ0) needs to sat-
isfy two constraint conditions. 1) θ0 should approximate to
α, the angle of the major axis of the connected initial crown
contours, such that the separation line remains approximately
perpendicular to dental arch (θ0 ∈ [α− 200, α+ 200] in this
study). 2) ρ0 needs to be bounded within the perpendicular off-
set (d0 in Fig. 1) of centroids of the initial contours. To speed
up the calculation, the Radon transform was calculated within
the minimal bounding rectangle of connected initial crown
contours.

B. Crown Contour Segmentation

The metal artifacts with high intensity cover on partial region
of crowns and make their boundaries missed and unrecog-
nizable. It is difficult to obtain satisfying crown segmenta-
tion only using the underdetermined image information. This
study applies the statistical shape prior-based level set model
to extract the possible missed crown contours. The statisti-
cal shape prior-based models incorporate higher level prior
knowledge about the shape of objects to help the segmentation
algorithm extract the objects in the condition of underdeter-
mined image information. It first learns the statistical shape
prior model of crown to be segmented from a set of training
samples and then incorporates this prior model into the level set
curve evolution to constrain the curve evolving within a cluster
of similar shapes.

1) Training Shapes Collection and Alignment: In this letter,
two-dimensional (2-D) crown contours segmented manually
from CT images of three subjects after the orthodontic treat-
ment were used as the training set of crown shapes. There are
no metal artifacts and tooth missing in these images. Since each
jaw has 12–14 teeth symmetrically distributed in the left and
right side, crown shapes in the training set are divided into seven
groups according the tooth type.

Before constructing the statistical shape prior model, train-
ing shapes in each group need to be aligned to have the same
position, scale, and direction. In this study, the shape alignment
includes a mirroring operation and an affine transformation.
The mirroring operation transforms crown shapes in the left and
right side to the same side. The affine transformation involves
three parameters T , s, and θ corresponding to translation, scale,
and rotation, respectively. For any two shapes to be aligned, the
three parameters can be obtained by the variation method [10]
or Euclidean similarity transformation [11].

2) Dynamic Selection of Training Samples: From the tooth
neck to the cusp of crown, the 2-D shapes of a same tooth dif-
fer a lot. Additionally, each group training set has more than
one hundred samples. If all the samples are used to construct
the shape prior model, there are too many redundant shapes
which would reduce the accuracy and efficiency of the model.
This study dynamically selects 30 training shapes to construct
the statistical shape prior model. Given the initial contour of
the crown to be segmented, samples with higher similarity with
the initial contour have the priority to be the training shapes.
Samples from the neighboring slice of the selected training
shapes are also selected as the training shapes.

3) Constructing the Statistical Shape Prior Model: To con-
struct the statistical shape prior model, the training shapes are
represented implicitly and embedded into signed distance func-
tion (SDF). This study applies the Kernel density estimation to
construct the statistical shape prior model [12], and the con-
structed model allows to approximate arbitrary distributions of
shapes.

Given the set of training shapes {Ψi}i=1,...,n, the probability
density of the shape Ψ on the space of SDF is defined by a
Parzen–Rosenblatt kernel density estimator

p (Ψ) ∝ 1

n

n∑
i=1

exp

(
− 1

2σ2
d2 (Ψ,Ψi)

)
(2)

where d2 is the measure of shape distance, and σ is the kernel
width. They are written as follows:

d2 (Ψ1,Ψ2) =

∫
Ω1

(Hε (Ψ1)−Hε (Ψ2))
2
dX (3)

σ2 =
1

n

n∑
i=1

min
j �=i

d2 (Ψi,Ψj) (4)

where Ω1 is the image domain of training shapes, X ∈ R2 is a
point in Ω1, and Hε is the normalized version of the Heaviside
function [13].

The probability of shape Ψ on the subspace of the training
shapes can be maximized by minimizing the following energy:

E (Ψ) = − log p (Ψ) . (5)
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The gradient descent flow of the above energy is written as

∂Ψ

∂t
=

n∑
i=1

wi
∂d2(Ψ,Ψi)

∂Ψ

2σ2
n∑

i=1

wi

(6)

where wi is the weight of force of training shape Ψi

wi = exp

(
− 1

2σ2
d2 (Ψ,Ψi)

)
. (7)

4) Segmentation With the Statistical Shape Prior Model: In
the conventional level set model, the zero-level set curve is
driven under image force. For the model incorporated a statis-
tical shape prior, a shape term ES is introduced into the energy
function to provide a force to drive the curve move toward the
shape prior of a specific object. The energy of the level set
model incorporated a shape prior is written as

E = EI + λES . (8)

where EI and ES are the energy from the image data and
shape prior, respectively, and λ > 0 is a positive weight param-
eter representing the contribution of the shape prior to the
energy E.

In this study, the energy from the image data is defined as

EI (φ) =

∫
Ω2

gδε (φ) |∇φ| dX

+ μ

∫
Ω2

log

(
p (Mb|I (X))

p (Mf |I (X))

)
Hε(φ(X))dX (9)

where Ω2 denotes the 2-D image plane, I: Ω2 → R denotes
the gray level image, φ : Ω2 → R denotes the level set func-
tion and takes positive and negative values inside and outside
zero-level set curve, respectively, and δε denotes the normalized
Dirac delta function (derivation of Hε).

In (9), the first term comes from the geodesic active contour
model [14], and g denotes the edge detector. The second term
represents region-based energy and is incorporated to deal with
the split of crown contours, especially for molars.

Let M = {Mi|i = f, b} denote the statistical model param-
eter of either the foreground or background, p(Mi|I(X)) is the
posterior probability that a given point with intensity I(X) is
the foreground or background. Given the foreground and back-
ground are equally likely, p(Mi|I(X)) is proportional to the
prior conditional probability p(I(X)|Mi). Assuming that the
image intensity in the local region of the foreground and back-
ground is Gaussian distribution. The statistical parameters of
Gaussian distribution are estimated from a narrow band (the
band width is set to be five pixels) around the crown contour of
the previous slice. In order to exclude possible outlier from the
Mf model (foreground), only the pixels (empirically with CT
numbers lower than 3000 HU) which are not corrupted by metal
artifacts are considered in the calculation of p(I(X)|Mf ).

The energy from the shape prior is defined as the shape dis-
tance between the level set curve and shape prior model, and is
expressed as

ES =

∫
Ω2

(Hε (φ)−Hε (Ψ))
2
dX. (10)

Thus, the final energy of the level set model is written as

E(φ) =

∫
Ω2

g∇φdX + λ

∫
Ω2

(Hε (φ)−Hε (Ψ))
2
dX

+ μ

∫
Ω2

log

(
p (Mb|I (X))

p (Mf |I (X))

)
Hε(φ(X))dX. (11)

The above energy can be minimized using the following
implicit gradient descent flow:

∂φ

∂t
= div

(
g
∇φ

|∇φ|
)
− 2λ (Hε(φ) +Hε(Ψ))

− μδε(φ) log

(
p (Mb|I)
p (Mf |I)

)
. (12)

The level set function φ and the statistical shape prior model
Ψ are evolved alternatively based on gradient descent flow of
(12) and (6), respectively [15]. The narrow band method [16] is
applied for the evolution of the level set function and statistical
shape prior model.

In this study, in order to prevent the level set reinitializa-
tion procedure, Gaussian filter was employed to regularize the
level set function after each iteration. The Gaussian filter-based
regularization not only smoothed the active contour but also
eliminated the need for level set reinitialization [17].

III. EXPERIMENTS

Cone beam CT (CBCT) images of 15 subjects treated
with orthodontic arch wires were used to test the proposed
method. CT images used for the training shape collection were
not included in the tested images. These tested images were
acquired by a CT scanner (NewTom VG, Italy) with 120 kV,
5 mA, a matrix of 624× 624, a spatial voxel size of 0.25 mm,
and the time of exposure of 6 s. All the images were scanned
when the subjects’ teeth were in an open bite position to make
sure that the lower and upper teeth did not overlap in the images.

A. Qualitative Results

Fig. 2 presents the individual crown segmentation results on
sample slices using the proposed method. It indicates that the
extracted lines exactly separate neighboring crowns into inde-
pendent ones, and missed crown boundaries are reconstructed
and segmented successfully. The visual segmentation accuracy
is satisfying.

Fig. 3 shows the qualitative comparison of different methods
for segmenting the image in Fig. 2 (a)-1. Fig. 3(a)–(c) shows
the results of Hosntalab’s [5], Gao’s [6], and Gan’s [9] tooth
segmentation methods. The results indicate that these methods
fail to extract the crown boundaries occluded by metal artifacts
with high intensity and get poor results.

B. Quantitative Results

The volumetric images of each subject were segmented
manually by three experienced clinicians. A “gold standard”
was constructed by combing the three manually segmentations
using majority voting with equal weights and then compared to
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Fig. 2. Crown segmentation results on sample slices using the proposed
method. (a) Neighboring crown separation line extraction results. (b) Crown
contour segmentation results. The white lines denote the extracted separation
line of neighboring crowns, and colored curves denote the segmented crown
contours.

Fig. 3. Results comparison of different methods for segmenting the image in
Fig. 2 (a)-1. (a)–(c) are the results using Hosntalab’s [5], Gao’s [6], and Gan’s
[9] methods, respectively. (d) is the manual segmentation results.

the results of algorithm. The dice similarity coefficient (DSC,
%) and average symmetric surface distance (ASSD, mm) are
used to quantitatively estimate the segmentation accuracy. DSC
and ASSD are defined as

DSC =
2VR ∩ VA

VR + VA
(13)

ASSD(SR, SA) =

mean {dist (a, SR) , a ∈ SA}+ mean {dist (r, SA) , r ∈ SR}
2

(14)

Fig. 4. Segmentation accuracy comparison of different methods. (a) DSC.
(b) ASSD.

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 segmenta-
tion, respectively, dist(a, SR) is the nearest Euclidean distance
from a point a to the surface SR, mean{•} is the arithmetical
average operator.

The quantitative segmentation accuracy of the proposed
method and other three tooth segmentation methods for all the
four types of teeth is presented in Fig. 4. The segmentation
accuracy was estimated from slices of crown part. As the other
three tooth segmentation methods were mainly developed for
CT images without metal artifacts, they do not obtain satisfy-
ing crown segmentation for these tested images. Compared to
these methods, the accuracy of the proposed method is higher.
Statistical significance test showed that there was significant
difference (p < 0.01) between the segmentation accuracy of the
proposed method and the other three methods.

The main computation cost of the proposed method spends
on the evolution of the level set function (14) and statistical
shape prior model (6). For each iteration, the computational
complexity is of the order O(kN) [15], where N is the number
of grid points along the curve and k is the width of the nar-
row band. The proposed method was realized using MATLAB
code and ran on a DELL graphic workstation (Win 7, Intel E5-
2643 3.3-GHz CPU, 16-GB RAM). For the segmentation of the
volumetric images of one subject, the user intervention pro-
cedure generally can be done within 30 s, and the automatic
segmentation time was 5.36±1.41min. Compared to the man-
ual segmentation which needs several hours, the efficiency is
significantly improved.

IV. CONCLUSION

In this letter, a novel crown segmentation method from CT
images with metal artifacts was proposed. This method seg-
ments crown contours from the volumetric images slice by
slice. For the segmentation of each single slice, the Radon trans-
form was first used to extract a line to separate neighboring
crowns into independent ones. Then, a statistical shape prior-
based level set model was applied to segment each crown from
the mesial or distal side of the separation line. Experimental
results on volumetric CT images of 15 subjects validated that
the proposed method was effective to segment crowns from
CT images with metal artifacts. In future, we will apply the
proposed method to reconstruct 3-D models of the tooth for
application of computer-aided orthodontic treatment diagnosis,
planning, and simulation. It is also under consideration to apply
the method in other similar applications.
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