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Introduction

Abstract. As the panoramic x-ray is the most common extraoral radiography in dentistry, segmentation of its
anatomical structures facilitates diagnosis and registration of dental records. This study presents a fast and
accurate method for automatic segmentation of mandible in panoramic x-rays. In the proposed four-step algo-
rithm, a superior border is extracted through horizontal integral projections. A modified Canny edge detector
accompanied by morphological operators extracts the inferior border of the mandible body. The exterior borders
of ramuses are extracted through a contour tracing method based on the average model of mandible. The best-
matched template is fetched from the atlas of mandibles to complete the contour of left and right processes. The
algorithm was tested on a set of 95 panoramic x-rays. Evaluating the results against manual segmentations of
three expert dentists showed that the method is robust. It achieved an average performance of >93% in Dice
similarity, specificity, and sensitivity. © 2015 Society of Photo-Optical Instrumentation Engineers (SPIE) [DOI: 10.1117/1.JMI.2.4.044003]
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initially separating each tooth from the opposite and adjacent

Since digital radiography has found its way into dentistry, many
new applications for processing medical images have been
proposed, including dental image registration, lesion detection,
bone healing analysis, diagnosis of osteoporosis, and dental
forensics.

Automatic detection of maxillofacial landmarks in lateral
cephalometric radiography has recently attracted some
attention;'> whereas other researchers focused on panoramic
x-rays (i.e., orthopantomogram) and introduced methods for
their registration to give clinicians the complementary informa-
tion provided by different modalities,® extracted the region of
interest of each tooth by means of vertical and horizontal inte-
gral projections,* or presented methods for detection of carotid
artery calcification.’

Segmentation of anatomical structures is a vital step for many
applications. No reliable general algorithm has been proposed
for medical image segmentation due to shape irregularities, nor-
mal variations, and poor image modalities (such as low contrast,
uneven exposure, noise, and various image artifacts). In these
circumstances, prior shape knowledge and a presegmented
atlas of templates can result in a more accurate boundary
detection. Many generative models have been proposed for
medical image segmentation given a training set of images
and corresponding label maps.®® Tooth segmentation and form-
ing an “automated dental identification system” for forensic
odontology®'¢ have also gained some attention in the past de-
cade. Jain and Chen!® were the first to propose a semiautomatic
probabilistic method for tooth segmentation and contour match-
ing in bitewing images based on integral projections. They used
the Bayes rule and radial scan to extract the tooth contour, while
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teeth by means of integral projections.

Currently, panoramic radiography is the most common
extraoral technique in today’s dentistry as a result of its low
cost, simplicity, informative content, and the reduced exposure
of the patient. Because this radiography technique provides the
dentist with an overall view of the alveolar process, condyles,
sinuses, and teeth, it plays a major role in diagnosis of dental
caries, jaw fractures, systemic bone diseases, unerupted teeth,
and intraosseous lesions. Hereby, an automatic method for
segmentation of mandible in panoramic x-ray based on prior
knowledge of its shape and manually segmented templates is
proposed. To the best of our knowledge, this is the first effort
ever made to segment mandible bone in a panoramic dental
x-ray, and its outcomes can affect many applications, including,
but not limited to, panoramic image registration, forensic odon-
tology, dental biometrics, intraosseous lesion detection, and
analysis of other problems, such as dental caries, in panoramic
X-rays.

The remainder of this paper is organized as follows.
Section 2 covers the materials and methods. Section 2.1 explains
the dataset gathered for this research, whereas the details of the
proposed algorithm are discussed in Sec. 2.2. Experimental
results are provided in Sec. 3, and the conclusion and plans
for future works are presented in Sec. 4.

2 Materials and Methods
2.1 Prepared Dataset

The original dataset used in this study composed of almost 2000
digital panoramic x-rays in BMP format of ~2900 x 1250 pixels
taken by the Soredex CranexD digital panoramic x-ray unit. All
the images were taken for diagnostic purposes and treatment
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planning and no radiography record was taken for the purpose
of this study. Two subsets were selected from the original set,
but prior to selection, some exclusion criteria were applied to
narrow down the sample size. Records with implants were
excluded. Also, to ensure that no deciduous tooth was present
in the images, and that the growth of jaw had almost completed,
patients below 20 years of age were excluded from the dataset.
Low-quality x-rays, which were blurred or malposed due to
technician’s error or patient’s lack of cooperation, were also
excluded from the dataset.

For the first subset, a maxillofacial radiologist sorted out the
panoramic x-rays based on several qualitative features such as
width of ramuses, vertical distance between alveolar process
and inferior border of mandible, acuteness of gonial angle
[Fig. 2(n)], overall convexity of inferior border [Fig. 2(g)],
whether there was a concavity around the gonial angle, shape
of coronoid process [Fig. 2(m)], shape of condyles [Fig. 2(p)],
and depth of sigmoid notch [Fig. 2(e)]. She then purposefully
selected 116 images to cover all varieties of mandible shapes
seen on panoramic x-rays regarding these criteria. These images
were considered templates of the atlas.

For the second subset, 30 images were chosen randomly
from the same large dataset and grouped as the statistical set
through which the parameters of the system were assigned.

The mandibles of all 146 images were manually segmented
by three expert dentists working at Shahid Beheshti University
of Medical Sciences, Tehran. In order to generate a reliable uni-
fied ground truth for each x-ray, a voting policy was used.
According to this voting policy, a pixel belonged to the object
(mandible) if at least two of the three manual segmentations
defined that pixel as object (Fig. 1).

2.2 Proposed Method

In order to thoroughly understand the details of the proposed
method, it is encouraged to first acquire a general knowledge
on the anatomy of mandible bone. Figure 2 depicts this bone
and a portion of two panoramic x-rays explaining important
landmarks, shadows, and illusions, which affect the automatic
segmentation of mandible in various ways.

Based on the anatomy of the mandible bone (Fig. 2), its
boundary can be divided into four subregions: (1) superior
border of alveolar process [Fig. 2(a)], (2) inferior border of
mandible [Fig. 2(g)], (3) exterior border of ramus [Fig. 2(0)],
and (4) processes of mandible [Fig. 2(p) and Fig. 2(m)].
Consequently, a four-step segmentation algorithm was pro-
posed. In each step of this algorithm, a subregion of mandible
contour was extracted through a specially designed method
based on the prior knowledge of the subregion’s shape.

Figure 3 illustrates the four steps of the proposed method.
In the first step, the gap between the upper and lower teeth
and consequently superior border of the alveolar process was
detected through integral projections. Second, the edge repre-
senting the inferior boundary of mandible was extracted,
which came into use as a starting point for the contour tracing
algorithm in step three, which extracted the exterior boundaries
of the left and right ramuses. During the fourth and final step, the
best-matched mandible template was fetched from the atlas and
its condyles and coronoid processes were used to estimate the
boundary of these sub-substructures.

The limit points connecting the four subregions of mandible
were estimated through the statistical set prior to segmentation
of the query image. To form this estimation, the end points of
each subregion were manually marked on statistical samples and
their widths and heights were calculated and averaged with
respect to the widths and heights of their corresponding images.
This estimation played two major roles in the segmentation
algorithm: to declare the proportional width where the inferior
border of mandible ended, which stated the end of step 2, and to
declare the proportional height where the exterior border of
ramus ended, which stated the end of step 3.

Images were all preprocessed to remove overlaid device
labels and were downsampled by a factor of 8 (362 x 156
pixels) to lower the computational cost. A small median filter
was applied to resolve salt and pepper noise. Panoramic radiog-
raphies also suffer from uneven exposure resulting in an inho-
mogeneous contrast along the x-ray. Based on the results of
Ref. 17, the “contrast-limited adaptive histogram equalization”
(CLAHE) technique was applied, which divides the x-ray into
smaller tiles, increases the local contrast of each tile, and finally

(b)

Fig. 1 Generating the unified ground truth: (a) manual segmentations of three experts and (b) unified

ground truth based on the voting policy.
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Fig. 2 Landmarks of mandible bone (top image) and panoramic
x-rays: (a) superior border of alveolar process, (b) dental pulp,
(c) hyoid bone, (d) vertebra, (e) sigmoid notch, (f) interdental papilla,
(9) inferior border of mandible, (h) shadow of inferior border of the
opposite side of mandible, (k) shadow of dorsal border of tongue,
(m) coronoid process, (n) gonial angle, (o) exterior border of ramus,
(p) condyle/condylar process, (q) shadow of earlobe.

merges them using a bilinear interpolation. CLAHE emphasizes
the edges in each tile but does not intensify the noise in homog-
enous areas by putting a limit on the contrast increase.'’

2.2.1 Superior border of alveolar process

The proposed algorithm for separating upper and lower teeth
was based on the work by Jain and Chen'® on an intraoral radio-
graph known as the bitewing. In both bitewing and panoramic
x-rays, patient bites on a mouthpiece while images of upper
and lower teeth are projected on the film. Therefore, the gap
between upper and lower teeth is presented as a lucent (dark)
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horizontal strip in these images, which, following the original
study, we refer to it as the “gap valley” (GV).

The area that most definitely contained the GV was estimated
using the images of the statistical set. As shown in Fig. 4(a), this
area was divided into vertical strips, each equal to the estimated
width of a tooth in panoramic radiography. Extraction of the GV
was based on two facts: the lucent space between the upper and
lower teeth is expected to have the lowest horizontal integral
projection among its neighbors, and the shape of the GV does
not go through rapid changes during its course among adjacent
teeth.

In each vertical strip, if y is the predicted height of the GV
and v;(i = 1,2,...,m) are the local minima of the horizontal
integral projection function,' the probability of a local minima
with height i being the GV can be estimated through the follow-
ing probability function:

P, (Divyi) = py,(Di)py,(vi), 1)
D;
pv,-(Di) :C<1_mEXDk>, 2

_ 1 _(}’i - 5’)2
pvi (yl) - \/ﬂdz exp( 20_2 ) (3)

In Eq. (2), ¢ is a normalizing constant to ensure that p, (D;)
sums up to 1, and p, (D;) is the likelihood of the gap lying in
the local minima (v;), while the integral projection of its pixel
intensities equals D;. In Eq. (3), p,,(y;) is a Gaussian function
with the mean parameter set to .

The algorithm was initiated from the middle strip and con-
tinued toward the adjacent left and right strips. In each strip, the
local minimum (v;) with the highest probability p, (D;,y;) was
selected as the position of the GV point [Fig. 4(b)]. The predic-
tion value y for the middle strip was assigned to the midpoint of
the strip, and it got its value from the previously calculated posi-
tion of the GV point for the adjacent strips. This procedure
adjusted and fixed the height of each GV point relative to its
adjacent strip and ensured that the GV followed a smooth path.

In the end, a fourth-degree polynomial curve was fit to the
GV points through regression to match the natural anteroposte-
rior curve of Spee on each side of the human dental occlusion.
Figure 4(c) shows the calculated GV points of all vertical strips,
and Fig. 4(d) illustrates the curve fit to these points. The left and
right limit points of the curve were based on the estimation made
through the statistical set, which indicated that teeth were
approximately located horizontally in the medial 0.62 portion
of the image.

As shown in Fig. 4(e), the GV curve needed to be shifted
downward and set to the “cementoenamel junction” (CEJ) of
the lower teeth where the crown and root meet, which, in a
healthy bone, is a good estimate of the superior border of the
alveolar process [Fig. 2(a)]. Due to the following four factors,
the neck area (CEJ) is more lucent compared to its higher and
lower regions in panoramic x-ray: (1) lucent interdental papillas
[triangular Iucent areas between adjacent teeth, see Fig. 2(f)];
(2) lucent dental pulps [Fig. 2(b)]; (3) lack of enamel (as
opposed to the crown); and (4) lack of surrounding bone (as
opposed to the root). By transferring the GV curve downward
and summing the intensity of the pixels lying upon it, it was
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1. Superior border

GapValley _| Vertical Shift
Extraction of GapValley
H 4. Processes
E— 2. Inferior border Fetch
Panoramic ,| Modified Canny | [Morphological b Best-matched
Image Edge Detector Operators Mandible Template
Contour ‘
Complete
— 3. Exterior border Contour
L Guided Iterative L using
i | andible Template
Contour Tracing Contour P

Fig. 3 Block diagram of the proposed segmentation method.

Fig. 4 Extracting superior border of alveolar process: (a) the area containing the gap valley is divided into
vertical strips; (b and c) in each strip, maximum of the horizontal integral projection function multiplied by
gap valley (GV) prediction Gaussian function corresponds to the GV point of that strip; (d) a fourth-degree
polynomial curve is fitted to the acquired GV points; and (e) GV curve is shifted downward to match
the superior border of the alveolar process.

expected that the global minimum of the summation function
would match the superior border of the alveolar process.

2.2.2 Inferior border of mandible

The inferior border of mandible is a condensed structure and
appears as a fine horizontal edge at the bottom of the panoramic
x-ray [Figs. 2(g) and 5(a)]. To extract this horizontal edge,
a modified version of the Canny edge detector was created
with the horizontal variance of its Gaussian filter twice its ver-
tical variance. Such a filter weakened the vertical edges while
preserving the horizontal ones, which resulted in a binary edge-
map with more horizontal edges [Fig. 5(b)]. The edge-map was
then convolved with a 3 X 3 horizontal Prewitt filter, which
removed all the vertical edges, as shown in Fig. 5(c).
Radiography is the projection of a 3-dimensional object on
2-dimensional film, and as a result, it suffers from the superim-
position of the anatomical structures. In panoramic imagery, this
factor is heightened due to the rotation of the x-ray tube around
the patient’s head, resulting in shadows and ghost objects all
over the image. The hyoid bone, which is an isolated bone
located below the tongue and above the thyroid cartilage, is
one of these structures commonly superimposed on or below
the inferior border of the mandible [Fig. 2(c)]. To remove
such unwanted small edges, a flood-fill area opening algorithm
was performed on the binary edge-map to remove the small
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connected components, such as remnants of the hyoid bone.
Figure 5(d) illustrates the final edge-map of the panoramic
x-ray after performing the described morphological operators.

The lowest horizontal edge on the final edge-map corre-
sponds to the inferior border of the mandible. As mentioned
earlier in Sec. 2.2, the left and right limits of this substructure
were primarily estimated through the statistical set; therefore,
the middle portion of the edge located horizontally inside the
medial 0.65 portion of the image was extracted as the inferior
border [Fig. 5(e)].

2.2.3 Exterior borders of ramuses

The inferior border of mandible is connected to the exterior bor-
der of ramus through the gonial angle, which is a curved and
usually weak edge [Fig. 2(n)]. Irregular shape of the gonial
angle and superimposition of structures, such as vertebrae
[Fig. 2(d)], earlobe [Fig. 2(q)], inferior border of the opposite
side of the mandible [Fig. 2(h)], and dorsal surface of the tongue
[Fig. 2(k)], make the extraction of the exterior border of the
ramus a challenging procedure. Although these shadows and
superimpositions were not present in all panoramic images
due to variations of human anatomy and different head poses
of patients during radiography, they need to be taken into
account for a general segmentation method.

Oct-Dec 2015 « Vol. 2(4)



Abdi, Kasaei, and Mehdizadeh: Automatic segmentation of mandible in panoramic x-ray

medial 0.65

Fig. 5 Extracting inferior border of mandible: (a) original image,
(b) after applying modified Canny edge detector, (c) after applying
horizontal Prewitt operator, (d) after removal of small connected com-
ponents, and (e) the extracted inferior border of mandible.

In order to overcome these obstacles, a guided contour trac-
ing method based on the average shape model of the mandible
was proposed. In this method, two directional contour tracing
tasks started from the left and right endpoints of the inferior bor-
der of the mandible (extracted in Sec. 2.2.2) and continued
toward the condyles of both sides [Fig. 2(p)]. In each step of
this iterative procedure, the neighbor pixel with the strongest
edge magnitude was chosen as the next pixel on the contour.

To model the average shape, the statistical set, which consisted
of 30 manually segmented mandibles, was used [Fig. 6(a)]. The
same number of landmark points was chosen on contours of man-
ually segmented mandibles. In order to do so, subregions of man-
dible were separated and a specific number of equally spaced
landmarks were chosen on each subcontour. As a result, there
existed a one-to-one mapping between the landmark points of
all the models. Models were then aligned through minimizing
the sum of squares of distances between equivalent points by
means of the Procrustes method.'®!® The mean position for
each landmark point on the contour was calculated by averaging
the position of 30 aligned samples for that point. As shown in
Fig. 6(b), the average shape model was finally created by connect-
ing the calculated average landmarks. Figures 6(c)-6(f) present
the average shape model of each subregion separately. The aver-
age shape model of the exterior border of mandible [Fig. 6(c)]
was used in the contour tracing algorithm.

The proposed contour tracing algorithm used the difference
between the image gradient direction (fy) and the gradient of
the average shape model of the exterior border of mandible
(0y) as a criterion to amplify or weaken the magnitude of
the image gradient (VI). The modified gradient magnitude
(VI*) was calculated as follows:
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VI*(x;, ;)

= Prg(xi,yi) X [VI(x;, )], “

Pag(xi,y;) = 'Oy (x,y) = Oy (x)], )

where ¢’ is a normalizing constant and |VI| is the gradient
magnitude on each pixel. In Eq. (5), smaller values of P,y
correspond to edges, which lie in the same direction as the
exterior border of the average shape model. In the modified gra-
dient map (VI*), the magnitude of edges that lie in the correct
direction are intensified and the probability of them being
chosen in the next iteration of contour tracing is increased.

A model dissimilarity threshold (7,) was also defined,
which prevented the contour tracing procedure from getting
sidetracked and continuing on a wrong path. In other words,
the contour tracing could only continue in a direction that
lay in the [0, — T, 8, + Tp] threshold, where 6, was the aver-
age shape model gradient at pixel (x,y); otherwise, the pro-
cedure had to go some iterations back and choose the next
best edge with the highest probability.

The guided iterative contour tracing method followed the
exterior borders of the left and right ramuses until it reached
the height of the condyles of both sides, which is estimated
through the statistical set to be 0.81H, where H is the height
of the query image.

L J

©

Fig.6 Generating the average shape model of mandible: (a) manually
segmented images of the statistical set, (b) average shape model,
(c—f) separated average shape models of subregions.
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2.2.4 Processes of mandible

There is a condyloid process [Fig. 2(p)] and a coronoid process
[Fig. 2(m)] on each side of the mandible bone. The condyloid
process (condyle) is located inside the glenoid fossa and is
surrounded by bony structures. As such, it does not have an
apparent boundary in most panoramic x-rays. Besides, as shown
in Fig. 2, the condyloid and coronoid processes are superimposed
by vertebra, maxilla (upper jaw), and in some cases by the
impacted upper wisdom teeth. The weak edges and the steep sig-
moid notch, which connect these two processes [Fig. 2(e)], make
it more difficult to automatically segment these structures.

An atlas-based segmentation method was proposed for this
step, which used manually segmented mandibles as templates to
complete the contour of the processes. To construct the atlas, a
specialized doctor in maxillofacial radiology selected 116 pano-
ramic x-rays to cover all the varieties of mandible shapes in this
radiography technique. Because the case selection was carried
out in a manner to fulfill this purpose, we designated each seg-
mented image in the atlas as a single template.

The boundaries of all templates were partitioned into the four
subcontours (i.e., superior border of alveolar process, inferior
border of mandible, exterior borders of ramuses, and the proc-
esses), and a specified number of equally spaced landmark
points was automatically marked on each subcontour, as in
Sec. 2.2.3. The three previously extracted subcontours of the
query image (i.e., superior border of alveolar process, inferior
border of mandible, and exterior borders of ramuses) went
through a similar procedure and had the same number of equally
spaced landmark points automatically marked upon them.
Finally, in order to complete the segmentation of the query
image, atlas was searched to find the best-matched template
based on the least sum of squares of distances between equiv-
alent landmark points of the three subcontours.

Matching templates with the query image was accomplished
by means of the Procrustes analysis,'® which tries to minimize
the sum of squares of distances between two sets of equivalent
points through translation, rotation, and scaling of one set of
points.?” The template whose points are mapped to the landmark
points of the query image with the least sum of square of dis-
tances is chosen as the best-matched template.

When the best-matched template was aligned on the query
image using the Procrustes method, the landmark points located
on the processes subcontour were projected onto the query
image as an estimate for the boundaries of the condyles and
coronoid processes. Segmentation of the last subregion was
completed by limited shifting of these newly positioned land-
marks in a direction perpendicular to the contour in search of
the strongest neighbor edge.'’

It is worth noting that contour tracing for the exterior borders
of the ramuses started from the endpoints of the inferior border
of the mandible. Also, due to the translation, rotation, and, more
importantly, scaling performed by the Procrustes method, the
endpoints of the processes were matched to the upper endpoints
of the exterior border of the ramuses, and they were also almost
matched to the endpoints of the superior border of the alveolar
process. Therefore, because the endpoints of each subcontour

method are reported. The results are all based on the MATLAB
implementation of the algorithm, which made use of the image
processing toolbox. The algorithm ran on a standard PC (Intel
Core 17, 2.30 GHz, 6 GB RAM, 64-bit OS) and was able to
segment the downsampled panoramic x-rays in an average
time of 5.4 £ 0.9 s, with no means of parallel computing.

All the samples were segmented by three expert dentists, and
the results of their segmentations were unified based on the voting
policy explained in Sec. 2.1. Among the 116 cases that formed the
atlas, there were 21 patients who were completely toothless or had
long toothless areas in both jaws. These images were excluded
from validation, and the proposed algorithm was tested only
on the remaining 95 panoramic x-rays. Because these 95 images
were also included in creating the atlas of mandibles, the testing
was carried out in a leave-one-out fashion. In other words, when
the algorithm searched the atlas for the best-matched template to
complete the segmentation in Sec. 2.2.4, the template created
using the same panoramic x-ray would not be fetched.

For every case, segmentation performance was evaluated
against the unified gold-standard manual segmentation. For
this matter, three overlap measures known as Dice similarity
coefficient (DSC), specificity, and sensitivity were computed
according to the true positive (TP), true negative (TN), false pos-
itive (FP), and false negative (FN) values.>! DSC was computed
as 2« TP/(2 « TP 4+ FP + EN), specificity was computed as
TN/(TN+FP), and sensitivity was computed as TP/(TP+FN).

We also carried out contour-based distance measures to evalu-
ate the segmentation performance of each subregion separately.
Hausdorft distance (HD) was used to measure the maximum dis-
tance (in pixels) between the boundaries of corresponding subre-
gions of the two contour sets, i.e., automatic segmentation and
gold standard. If X and Y are the two contours, HD is defined as

HD(X, Y) = max[h(X. Y), h(Y. X)), 6)
hX,Y) = max ng/l dist(x, y), (7

Table 1 Evaluation results of mandible segmentation compared to
gold standard.

Criteria Mean (%)

DSC 93.22% + 1.52
Specificity 94.68% +2.17
Sensitivity 94.44% + 2.29

Note: DSC, Dice similarity coefficient.

Table 2 Evaluation results of Hausdorff distance compared to gold
standard.

Subregion Mean (pixels)

were matched to the endpoints of the adjacent subcontour, no Superior border 12.68 £6.30
final merging of the contours was required. Inferior border 377 +2.14
3 Experimental Results Exterior border 6.19 +7.21
In t.his section, the results of testing @(perimgnts carried out to Processes 15.85 & 3.88
verify the performance of the automatic mandible segmentation
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Panoramic X-ray

Automatic DSC %

95.10 %

93.23 %

94.45 %

94.04 %

94.49 %

95.16 %

95.61 %

95.73 %

90.13 %

Fig. 7 Experimental results of the automatic segmentation method in comparison with the manually
segmented gold standards, along with their Dice similarity coefficient (DSC) values.

where dist(x, y) is the Euclidean distance between the x and y
pixels. Comparing the HD values of different subregions informs
us of the performance of each segmentation technique. Due to
variable distortion and magnification in panoramic x-rays, the
HD is reported in pixels rather than millimeters.

Tables 1 and 2 summarize the evaluation metrics obtained
from testing the proposed algorithm on 95 panoramic images.
The mean and standard deviation of the metrics are reported to
demonstrate accuracy and precision of the proposed automatic
segmentation method. Figure 7 depicts outputs of the automatic
and manual mandible segmentations in some panoramic x-rays.

The manual segmentations of each of the three experts were
also compared against the gold standard and evaluated using the
same metrics. The results show that manual segmentations of
experts have an average specificity of 99.3% =+ 0.5, sensitivity
of 98.7% £ 1.1, and DSC of 98.8% =+ 0.6.

4 Conclusion and Discussion

An efficient, fast, and robust four-step method was proposed
for automatic segmentation of mandible in panoramic x-rays
without any operator input. To the best of our knowledge,
this manuscript presents the first research carried out on seg-
mentation of mandible bone in panoramic radiography. The
algorithm was tested on 95 images, which were manually seg-
mented by three expert dentists, and results were compared
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through supervised criteria, such as DSC, sensitivity, specific-
ity, and HD.

Based on the statistics reported in Table 2 and as is evident in
Fig. 7, the condylar and coronoid processes are prone to the
most segmentation errors. These areas are superimposed by
adjacent bony structures and maxillary sinuses, resulting in
hardly noticeable edges. Analyzing the manual segmentations
of dentists also confirmed that even the experts’ segmentations
did not conform in the processes subregion. Fortunately, these
areas contain no substantial information in panoramic radiogra-
phy. However, comparing the average performance of automatic
segmentation with performances of individual experts—all of
which were calculated to be above 98%—reveals that the auto-
matic method can still be improved to match the gold standard
more closely.

The proposed method is fast and also robust to image arti-
facts and inhomogeneous contrast of panoramic x-rays, but it
may generate false results for cases with large toothless areas
in which the GV is not a narrow lucent strip but a wide and
vast toothless area, which cannot be detected through horizontal
integral projections.

The closest study to the current one was carried out by
Frejlichowski and Wanat,* in which they segmented dental
panoramic x-rays into regions, each containing a single tooth.
It needs to be noted that the proposed method suffered from
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some theoretical shortcomings regarding the removal of areas
below the roots of the teeth, where they translated the curve
separating the upper and lower jaws vertically in search of an
alignment, where the sum of pixels it passed through was
lower than the surrounding results. In fact, there is no supporting
evidence that the sum of intensities of pixels below the roots of
teeth is smaller than that of its adjacent areas.

Results of the current study seem promising and can lead to
further investigations in the field of automatic segmentation of
structures in different head and neck radiography techniques.
The output of this study can be used in various scenarios, such
as improving registrations of panoramic x-rays through the
information gained from a segmented mandible.® It can affect
dental biometrics, which has become a popular field of research.
It is also a promising method for human identification,'®!!+!5:16

Intraosseous lesions of the mandible can be detected by per-
forming pattern recognition on the mandible body, which is
extracted through the proposed method. Because panoramic
radiography is by far the most utilized form of paraclinical rec-
ord in today’s dentistry (and not all dentists are experienced
enough to detect intraosseous lesions), designing a system for
autonomous detection of these damaged tissues seems like
a good practice that could also result in early detection of
lesions. The proposed method can be further extended to detect
anatomic landmarks. As such, detecting locations of dental work
in panoramic x-rays can be of great use, mostly in cases of den-
tal forensics and detection of periapical lesions.
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