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Abstract. A Computer Aided Dental X-rays Analysis (CADXA) frame-
work is proposed to semi-automatically detect areas of bone loss and root
decay in digital dental X-rays. In this framework, first, a new proposed
competitive coupled level set method is proposed to segment the image
into three pathologically meaningful regions using two coupled level set
functions. Tailored for the dental clinical environment, the segmentation
stage uses a trained support vector machine (SVM) classifier to provide
initial contours. Then, based on the segmentation results, an analysis
scheme is applied. First, the scheme builds an uncertainty map from
which those areas with bone loss will be automatically detected. Sec-
ondly, the scheme employs a method based on the SVM and the average
intensity profile to isolate the teeth and detect root decay. Experimental
results show that our proposed framework is able to automatically detect
the areas of bone loss and, when given the orientation of the teeth, it
is able to automatically detect the root decay with a seriousness level
marked for diagnosis.

1 Introduction

The past few years has seen a great increase in the usage of digital dental X-rays
in dental practices in North America. Their adoption is motivated by the fact
that digital X-rays systems are more sensitive than X-ray film systems while
allowing for up to a 90% reduction in a patient’s exposure to X-rays compared
to traditional systems. With the higher resolution digital X-rays of sections of
the teeth, or of the entire jaw, comes the possibility of more accurate diagnoses.

Dental X-rays play an important role in detecting such pathological problems
such as periodontitis, chronic periapical periodontitis and bone loss that cannot
be seen during a visual examination. Periodontitis is a dental disorder that results
from the progression of gingivitis, involving the inflammation and infection of
the ligaments and bones that support the teeth. Early detection of bone loss
and root decay is very important since often they can be remedied by dental
procedures, such as a root canal, for example. Without early treatment, bone
loss may lead to loss of teeth or erosion of the jaw bone. In the dental X-ray film
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based environment, the dentist does the analysis of the X-ray in their head. With
the increasingly wide use of digital radiography, the dental X-rays are accessible
electronically which makes computer aided dental X-rays analysis possible.

However, although dental X-rays are widely used, it is a challenging task to
do automatic, or even semi-automatic, computer aided dental X-rays analysis.
Compared with other types of images, dental X-rays analysis is a challenging
problem for classical image processing methods due to the following character-
istics: (1) poor image modalities: noise, low contrast, and sample artifacts; (2)
very complicated topology; and (3) there may not be clear lines of demarcation
between regions of interest, which is especially true for dental X-rays since prob-
lem teeth tend to have very complicated structures and are normally coupled
with healthy teeth. Therefore dental X-rays are normally inspected by a dentist.
Although efficient, human inspection requires specialized training which is in-
creasingly expensive. In addition, human inspection gives a subjective judgment
which may vary from person to person, and, as such, does not give a quantita-
tive measurement. Inspection results could be affected by many factors, such as
fatigue and distraction by other features in the image, for example. Also, some
early bone loss may not be visible to the human eye. Early detection of bone
loss and root decay is very important since often they can be remedied by dental
procedures, such as a root canal, for example. Without early treatment, bone
loss may lead to loss of teeth or erosion of the jaw bone. All these issues indicate
a need for effective automatic dental X-rays analysis.

In this paper, we report on innovative work on computer aided dental X-rays
analysiswhich semi-automatically provides indications to the dentist aid in finding
bone loss and root decay, which are the primary reasons that X-rays are taken in
many countries. For this implementation, we will be dealing primarily with X-rays
which are close-up views of a few individual teeth, a common type of dental X-rays,
although the approachdeveloped here can be adapted to larger scale dentalX-rays.
Compared with panoramic dental X-rayswhich include the entire jaw region, close-
up images taken for these purposes are more challenging since the orientation of
the teeth may not be fixed and problem areas are either complicated, or easily
overlooked. To the best of our knowledge, we are the first group working towards
automatic computer aided dental X-rays diagnosis for the detection of bone loss
and root decay. This paper reports on our preliminary results towards this goal.

2 Proposed Framework

As shown in Fig. 1, the framework consists of two phases: segmentation and
analysis. First, we employ a new proposed competitive level set segmentation
method to segment the image into three regions using two coupled level set
functions. Based on the segmentation results, an analysis scheme is applied.
The scheme first builds an uncertainty map which is then used to automatically
mark any areas of bone loss. Subsequently, an average intensity profile based
method is employed to isolate the teeth and detect possible root decay. Finally
the estimated seriousness level of the root decay will be marked.
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Fig. 1. Framework diagram Fig. 2. Region modelling of dental
image (a), one level set segmentation
(b) and competitive level set (c)

2.1 Variational Level Set Segmentation

In this implementation, we propose a new variational level set segmentation
method driven by pathological energy modelling. The modelling explicitly in-
corporates regions of problems as part of the modelling, so the identification of
such areas would be an automatic product of the segmentation. The level set
method segments the dental X-rays into three regions: Normal Region (NR),
Potential Abnormal Region (PAR), Abnormal and Background Region (ABR)
using two competitive level set functions.

Competitive Level Set Segmentation. With an evolving curve C, one level
set function divides the image (u) into two parts: Normal Region ΩNR(“+”
region) and Abnormal Region ΩAR(“-” region) as shown in Fig. 2(b). The energy
functional is given by

E(Φ) = β1
∫

ΩNR

(u−cNR)2

σ2
NR

dxdy + β2
∫

ΩAR

(u−cAR)2

σ2
AR

dxdy, (1)

where ci is the mean grey value of the Ωi, σi is the variance and βi is a constant.
However for the diagnosis of pathological problems, potential problems areas

which might be between normal and abnormal regions are of particular interest.
Therefore we propose a competitive coupled level set model for two level set
functions to segment the image into three regions. As shown in the Fig. 2(a),
a X-ray image (u0) can be divided into four regions of interest: the Normal
Region (ΩNR), the Potential Abnormal Region (ΩPAR), the Abnormal Region
(ΩAR) and the Background Region (ΩBR). Since ΩAR and ΩBR is not separable
in terms of intensity values, so in the segmentation, we take ΩAR and ΩBR to
be a single region: the Abnormal and Background Region (ΩABR). The energy
functional for the two coupled level set functions (Φ1 and Φ2) can be modeled as:

E(Φ1, Φ2) = λ1
∫

ΩNR

(u−cNR)2

σ2
NR

dxdy + λ3
∫

ΩABR

(u−cABR)2

σ2
ABR

dxdy

+λ2
∫

ΩPAR
Min( (u−cPAR1)2

σ2
P AR1

,
(u−cP AR2)2

σ2
P AR2

)dxdy (2)

where the function Min(x, y) returns the smaller value of x and y, and λi is a
constant. The modelling is in the same spirit as multiphase modelling in [1].

Using competitive coupled level set functions, if both level set functions clas-
sify an area as a normal region, we take it as a normal region ΩNR; if both level
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set functions classify a region as an abnormal and background region, we take it
as an abnormal and background region ΩABR; however if only one of the level
set functions segments a region as a normal region, the region will be taken as a
potential abnormal region ΩPAR. Compared to three coupled level set functions,
two coupled level sets is able to achieve faster and more robust segmentation as
described in [1].

To achieve fast and robust segmentation, a hybrid coupled level sets func-
tional that combines minimal variance (Eq. 2), the optimal edge integrator [2]
and the geodesic active contour model [3] is used:

E = E(Φ1, Φ2) − γ1ELAP + γ2EGAC , (3)

where γi are constants.
The geodesic active contour (EGAC) and edge functional (ELAP ) are defined

in Eq. 4. The edge functional was proposed in [2] where the authors show that
a Laplacian edge detector ∆u provides optimal edge integration with regards to
a very natural geometric functional.

EGAC(C) =
∫∫

g(C)dxdy (4)
ELAP (C) =

∫
C

< ∇,n > ds +
∫∫

ΩC
Ku|∇u|dxdy.

Here Ku is the mean curvature of the level set function, n is the unit vector
normal to the curve and ds is the arc length of curve C. Function g(x, y) is
an inverse edge indicator function introduced in [4], and defined as g(x, y) =
α2/(α2 + |∇u|2), where α is a constant and ∇ is the gradient operator. The level
set functions Φi are derived from the functional in Eq. 3 as shown:

∂Φ1

∂t
= δε(Φ1)

[
γ2div(g ∇Φ1

|∇Φ1| ) − (u−cNR)2

σ2
NR

H(Φ2) − (u−cPAR)2

σ2
P AR

(1 − 2H(Φ2))(5)

+ (u−cABR)2

σ2
ABR

(1 − H(Φ2)) − γ1uξξ

]
,

∂Φ2

∂t
= δε(Φ2)

[
γ2div(g ∇Φ2

|∇Φ2| ) − (u−cNR)2

σ2
NR

H(Φ1) + 2(u−cPAR)2

σ2
P AR

H(Φ1)

+ (u−cABR)2

σ2
ABR

(1 − H(Φ1)) − γ1uξξ

]
.

Here, H(·) is the Heaviside function, div(·) is the divergence operator, and uξξ =
∆u − Ku|∇u|.

Although we only apply competitive level set segmentation to dental X-rays,
the segmentation method can be extended to X-rays and some types of CT
images for three region segmentation using two level set functions.

Segmentation Phase. To apply the level set method in the clinical environ-
ment, we adapt the segmentation framework proposed by Li et al. [4, 5] which
uses a trained SVM to provide a good initial contour for the level set method
which greatly speeds up convergence of the coupled level set functions. Following
the same principle, we use an SVM to provide initial contours for two coupled
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level set functions. The purpose is not only to speed up segmentation conver-
gence, but also to use competitive couple level set functions to find regions of
interest, as discussed in section 2.1. The segmentation phase has two stages: a
training stage and a clinical segmentation stage.

During the training stage, manually chosen representative images are seg-
mented by hierarchical level set region detection using the Chan and Vese level
set method [6]. In the hierarchical level set region detection, first a level set
function is used to separate ΩABR from the rest of the image (ΩAR and ΩBR).
Then another level set function is used to separate ΩAR and ΩBR. Then these
results are used to train an SVM classifier.

During the clinical segmentation stage, dental X-rays are first classified by
the trained SVM. The classifier is able to classify three regions (ΩABR, ΩNR and
ΩPAR) based only on intensity which may not be accurate. Then two coupled
level set functions are used to further segment the images. For Φ1, we set classified
ΩNR as the “+” region and rest of the image as the “- ” region; for Φ2, we set
classified ΩNR and ΩPAR region as the “+” region and rest of the image as the
“-” region. Although SVM is only able to give a coarse segmentation, it provides
a very good and competitive initial contours for two coupled level set functions.
The final segmentation will be obtained by evolution of these two level set curves.

2.2 Analysis Phase

The analysis phase contains three steps: uncertainty map building, bone loss
detection and root decay detection. The first two are fully automatic. The only
manual input is the image orientation during root decay detection. This require-
ment is not difficult to accommodate in the dental clinical environment.

Uncertainty Maps. First for each image, an uncertainty map is built based
on following uncertainty measurement:

ψ = (u−cNR)τ1+(u−cP AR)(τ2−2τ1)+(u−cABR)(1−H(φ1))(1−H(φ2))
σNRτ1+σP AR(τ2−2τ1)+σABR(1−H(φ1))(1−H(φ2))

where τ1 = H(φ1)H(φ2) and τ2 = H(φ1) + H(φ2).

Bone Loss Detection. Areas of bone loss will generally occur in those re-
gions of high uncertainty. Therefore, we mark these areas with different levels of
emphasis according to the uncertainty measurement and region segmented.

Although the uncertainty map is an objective uncertainty measure, it fails to
provide direct visual cues. To achieve the visual assistance, the RGB channels of
the image are used to couple the intensity values of the image with the degree of
uncertainty at each pixel. For all regions, the G channel is used to represent the
intensity value of each pixel of the original dental X-ray image. The uncertainty
values are nonlinearly (For this implementation, users can interactively choose
the polynomial functions to get best visualization results.) scaled to the range
-255 to 255. To differentiate between the three regions, we apply the following
schemes to R and B channel for pixels in each region: 1) For ΩABR, B channel is
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Fig. 3. Teeth isolation. (a) Original image. (b) Rotated image. (c) Integrated intensity.
(d) Average intensity profile. (e) Two parts of a tooth: crown and root.

set to 0. The R channel is set to the uncertainty value if it is negative; otherwise
the R channel is set to 0. 2) For ΩPAR, both the R and B channels are set to
200 to emphasize this region. 3) For ΩNR, both the R and B channels are set to
the uncertainty value if it is negative; otherwise, both channels are set to 0.

Root Decay Detection. Root decay detection consists of three steps: tooth
isolation, root decay location and seriousness level evaluation. This is a semi-
automatic process in which the orientation of the teeth is supplied manually.

Teeth isolation: As suggested by Jain et al. [7], since the teeth usually yield
higher intensity values than the jaws and other tissues, the gap of teeth will
have a very low value on the integrated intensity value profile which are the
sums of the intensities of pixels along the vertical direction. However, unlike
dental X-ray images used for a forensic purpose which can be assumed to have
certain orientation, clinical dental X-rays used to detect root decay, etc., could
have any orientation. As shown in the Fig. 3(a) and (c), if the orientation varies,
this profile method will not able to obtain the correct isolation. Therefore as
a preliminary step, we assume that the orientation is given. Then we rotate
the image according to the given orientation so that the teeth are aligned in
a consistent direction. After rotation, instead of using an integrated intensity
value, we use the average of the intensity value (the integrated intensity value
divided by the number of pixels) as shown in Fig. 3(b) and (d). After rotation,
we use an SVM to judge where are the gaps in the teeth using a 1D window
based feature vector from average intensity profile for training and classification.

Root decay location and seriousness level evaluation: Three types of
regions are considered to be root decay if they are found at the root of teeth
with the following seriousness levels, in order of most serious to least serious: 1.
advise level: if the ΩABR is found at the root of the tooth; 2. warning level: if
the ΩPAR of any uncertainty is found at the root of the tooth; 3. attention level:
if a high uncertainty area of ΩNR is found at the root of the tooth.

3 Experimental Results

3.1 Segmentation

Figs. 4,5 and 6 show results of competitive level set segmentation. Since re-
gions of problems are incorporated as part of the modelling, the identification of
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Fig. 4. Segmentation Results. (a) Original
image. (b) Initial condition provided by
SVM. (c) Iteration 20. (d) Iteration 60.

Fig. 5. Segmentation Results. (a) Original
image. (b) Iteration 0 provided by SVM. (c)
Iteration 40. (d) Iteration 80.

such areas would be an automatic product of the segmentation. The pathological
meaningful segmentation can be used at the next stage of analysis. In additional,
as shown in Fig. 4 and 5, although the SVM only gives a rough approximate seg-
mentation, it is able to provide a good competitive initial contour for two level
set functions, Φ1 and Φ2, which accelerates the segmentation. Indeed, the com-
petitive level set segmentation is robust to the placement of the initial contours
so that even when the initial contour does not closely correspond to the final
segmentation, the level set functions can still achieve an accurate segmentation
as shown in Fig. 5.

3.2 Analysis

Based on the uncertainty map and segmentation results, the analysis is able
to indicated some possible areas in the image as shown in Fig. 6(c) in which
those bone loss areas are emphasized by the color channel scheme. The scheme
provides more direct visual cues which will greatly reduce the possibility that
those areas, the area pointed to by an arrow in Fig. 6(c) for example, might be
overlooked.

Figs. 6, 7 and 8 show results of teeth root decay detection. In these examples,
the segmentation and uncertainty map successfully locate the area of bone loss
and, after being given the orientation of the image, the area of root decay can
be automatically detected. Fig. 6 shows an interesting result of automatic root
decay detection. In this example, the system automatically detected three root

Fig. 6. Segmentation Results. (a) Original im-
age. (b) Segmentation results. (c) Bone loss area
marked with color channel method. (d) Root de-
cay detected.

Fig. 7. Root Decay Detection Re-
sults. (a) Segmentation Results. (b)
Root decay detected.
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Fig. 8. Root decay detec-
tion of Fig. 6

Fig. 9. Uncertainty maps of (a) Fig. 4 and (b) Fig. 6

problems with the orientation given. Two of them are warning level (pink area)
and one is attention level (orange area) as shown in Fig. 6(d). Fig. 9 shows
two of resulting uncertainty maps. The map is able to give a general idea for
the problem areas. And more importantly, it provides a digitized uncertainty
measurement. Altogether 50 dental X-rays with different levels of bone loss and
root decay are used to test the proposed framework and the results validated by
dentist. The experimental results show that the proposed framework is able to
help to find all the areas of bone loss. For the root decay detection, the proposed
framework is able to find all of them. But due to complexity of the dental X-rays,
there are still 4 misidentifications of root decay. One of these misidentifications
are indicated by arrows in Fig. 8.

4 Summary and Conclusions

Leveraging the transition towards a totally electronic format for dental X-rays, a
framework to semi-automatically detect areas of bone loss and root decay in these
images is proposed. The system is designed in particular for the dental clinical
environment through the use of a classifier to ensure accurate segmentation of
these images. Utilizing these segmentations and a computed uncertainty map,
regions of pathological abnormality are emphasized for the dentist’s attention.
Experimental results indicate that the system correctly identifies such problem
areas with a few misidentifications. To the best of our knowledge, this is the first
work on semi-automatic dental X-ray computer aided diagnosis.
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