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Abstract:

Automating the process of analysis in dental x-ray images is receiving increased attention. In this process,
teeth segmentation from the radiographic images and feature extraction are essential steps. In this paper, we
propose an approach based on thresholding and mathematical morphology for teeth segmentation. First, a
thresholding technique is applied based on the image intensity histogram. Then, mathematical morphology
operators are used to improve the efficiency of the teeth segmentation. Finally, we perform the boundary
extraction and apply the Principal Component Analysis (PCA) to get the principal axes of the teeth and some
lengths along it that are useful for dentist diagnosis. The technique is promising and can be extended for other
applications in dental x-ray imaging.

1

INTRODUCTION

Automating the procedure of image analysis for x-ray
dental images is an important tool for diagnosis and
planning of dentistry procedures. From the viewpoint
of image processing, two problems are fundamental
in this process: segmentation and feature extraction.
From a practical point of view, segmentation is
the partition of an image into multiple regions (sets
of pixels) according to some criteria of homogeneity
of features such as color, shape, texture and spatial
relationship (Jain, 1989). These fundamental regions
are disjoint sets of pixels and their union compose
the original whole scene. Approaches in image segmentation can be roughly classified in: (a) Contour
Based methods, like snakes and active shape models
(Suri et al., 2002; Kass et al., 1988); (b) Region based
techniques (Suri et al., 2005); (c) Global optimization approaches (Pan, 1994); (d) Clustering methods,
like k-means, Fuzzy C-means, Hierarchical clustering
and EM (Zhu and Yuille, 1996); and (e) Thresholding
methods (Albuquerque et al., 2004).
Among these approaches, thresholding techniques
(compute a global threshold to distinguish objects
from their background) are simple for implementation, with low computational cost, been effective tools

to separate objects from their backgrounds (Sahoo
et al., 1988). These methods have been successfully
applied for document image analysis, scene processing, quality inspection, and medical imaging. The
common approach to implement a thresholding technique is based on the image histogram by searching
for its local minima (valleys). Other possibility is to
search for a threshold value constrained to the maximization of some information measure or entropy,
like the classical Shannon or generalizations of it (Albuquerque et al., 2004). After performed the image
binarization through the obtained threshold, we can
apply mathematical morphology techniques in order
to improve the result (Rodrigues et al., 2006).
Once the geometry of the objects has been extracted we can proceed the feature extraction. For
instance, geometric features are of special interest in
this project. Contour-based features, like area and circularity, as well as anatomical features can be used for
information extraction and classification (Rodrigues
et al., 2006; Jain and Chen, 2004).
In this paper, we propose an approach for teeth
segmentation and feature extraction which is based on
the following steps. First, a thresholding technique
is applied based on the image intensity histogram.
Then, mathematical morphology techniques are used
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to complete the teeth segmentation. Next, we perform
the feature extraction. The teeth boundary is extracted
from the binarized image and the Principal Component Analysis (PCA) (Fukunaga, 1990) is used to get
the principal axes (r) of the teeth. Next, we automatically determine two measures along r: the crownbody (CB) and root (R) lengths. The former is obtained through the distance from the deepest pit to the
furcation. The latter is the distance from the furcation to the root apex. Finally, we compute the ration
CB/R.
The results show that the technique is promising
and can be extended for other applications in dental
x-ray imaging.

Figure 2 shows the histogram for Figure 3.a and the
Figure 3.b shows the thresholding result.

2

We observe some undersegmentation in this figure. Then, we invert the image and starts the process to generate a mask in order to discard wrong pixels. A simple search method is used to get the mask
(Figure 3.d). This procedure is done using gray scale
histogram thresholding. Thus, it is possible to identify the tooth crowns and remove the main tooth. So,
a XOR operation is performed with the inverted image, giving the result pictured on Figure 3.e. Finally,
an opening operation extracts the boundary pixels, as
shown in Figure 3.f. This operation is done using
cross structuring element with a single iteration.

PROPOSED METHOD

In this section we describe the main steps of our technique for segmentation and information extraction in
dental x-ray images. The segmentation step is based
on a thresholding method and mathematical morphology operators. Information extraction is performed
by contour detection and PCA. The Figure 1 pictures
a generic teeth boundary and the target features: principal axes (r), deepest pit (C), furcation (B) and root
apex (R).

Figure 2: Typical histogram for the data base images.

(a)

(b)

(c)

(d)

(e)

(f)

Figure 1: Teeth features: principal axes (r), deepest pit (C),
furcation (B) and root apex (R).

In the section 2.1 we describe the pipeline for
boundary extration and in section 2.2 the information
extraction step is presented.

2.1

Mathematical Morphology and
Boundary Extraction

A typical histogram for the dental images is pictured on Figure 2. We have observed that the second
and third local maxima gives the intensity range that
roughly covers the structure of interest. For instance,
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Figure 3: Morphological Chain: (a) Original image. (b)
Thresholding result. (c) Inverted image. (d) Mask. (e) XOR
between Figures 3.c and 3.d. (f) Boundary pixels.
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2.2

Information Extraction

Once performed the boundary extraction, we must
consider geometric features. The main axes of the
teeth is the first target in this step. As already known
in the literature (Fukunaga, 1990), it can be obtained
by the Principal Component Analysis (PCA), also
called Karhunen-Loeve, or KL method (Jain, 1989).
Thus, let us suppose that the data consists of N tuples
or data vectors, from a n-dimensional space. Then,
PCA searches for k n-dimensional orthonormal vectors that can best be used to represent the data, where
k ≤ n, in the sense of data compression. Figure 4 picture this idea using a bidimensional representation. If
we suppose that the data points S = {u1 , u2 , ..., uN }
are distributed over the teeth boundary, it follows that
the coordinate system X,Y , shown in Figure 4, is
more suitable for representing the data set. The PCA
technique gives this coordinate system through the
following steps (Fukunaga, 1990):
1. Compute the centroid of the data set:
1 N
CM = ∑ ui .
N i=1

3
(1)

2. Subtract the centroid CM from the data points:
yi = ui − CM , i = 1, 2, · · ·, N.

(2)

3. Compute the covariance matrix R :
N

R = ∑ yi y∗T
i .

(3)

Φ = [Φ1 , Φ2 , · · ·, Φn−1 , Φn ]

(4)

i=1

4. Find the matrix

where Φi is the i-th eigenvector of R, sorted in decreasing order of the corresponding eigenvalues.
The columns of Φ gives the new basis vectors.
The operation:
zi = ΦT yi ,

i = 1, 2, ..., n,

Figure 4: (a)Original dataset. (b) Extraction of the principal
component.

(5)

computes the data representation in the new basis.
Therefore, we take the obtained curve (boundary), apply steps (1)-(4) to get Φ, a 2 × 2 matrix in our case
(n = 2). Then, Φ1 is taken as the principal axes of the
teeth (Figure 4). Expression (5) is applied for changing coordinates in order to simplify the searching for
the deepest pit, the furcation and the root apex (Figure
1).

DISCUSSION

We have a data base composed by 150 panoramic radiographs, with resolution of 300 dpi, in gray scale
that will be used to test the method. The obtained results will be compared with manual evaluations performed by the radiologists of our team. So, some
statistics are going to be generated in order to quantify
the precision of the proposed method.
Region based and contour based approaches could
be also considered to perform the segmentation tasks.
However, region based methods depends on some
characterization of the intensity patterns inside the region of interest (Suri et al., 2005; Zhu and Yuille,
1996). It is not a simple task due to inhomogeneities
of the intensity field as well as texture patterns inside the image, as we can observe in Figure 3.a. On
the other hand, contour based approaches, like snakes
or level set models (Shah et al., 2006; Keyhaninejad
et al., 2006), must be properly parameterized in order to converge to the desired boundary without stopping on local minima. By considering that the teeth
boundary follows some pattern, a deformable model
incorporating shape information (shape model) could
be more efficient than a traditional (free) snake model
(Buchaillard et al., 2007).

4

CONCLUSIONS

The proposed method is a combination of mathematical concepts in morphology and shape analysis
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(PCA), as well as algorithms to automatically compute the ratio CB/BR in x-ray images. The computer
implementation has been developed using Object Oriented best practices.
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