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Abstract It is really important to diagnose jaw tumor in its early stages to improve its prognosis. A

differential diagnosis could be performed using X-ray images; therefore, accurate and fully auto-

matic jaw lesions image segmentation is a challenging and essential task. The aim of this work

was to develop a novel, fully automatic and effective method for jaw lesions in panoramic X-ray

image segmentation. The hybrid Fuzzy C-Means and Neutrosophic approach is used for segment-

ing jaw image and detecting the jaw lesion region in panoramic X-ray images which may help in

diagnosing jaw lesions. Area error metrics are used to assess the performance and efficiency of

the proposed approach from different aspects. Both efficiency and accuracy are analyzed. Speci-

ficity, sensitivity and similarity analyses are conducted to assess the robustness of the proposed

approach. Comparing the proposed approach with the Hybrid Firefly Algorithm with the Fuzzy

C-Means, and the Artificial Bee Colony with the Fuzzy C-Means algorithm, the proposed approach

produces the most identical lesion region to the manual delineation by the Oral Pathologist and

shows better performance (FP rate is 6.1%, TP rate is 90%, specificity rate is 0.9412, sensitivity rate

is 0.9592 and similarity rate is 0.9471).
� 2016 Faculty of Engineering, Ain Shams University. Production and hosting by Elsevier B.V. This is an

open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

The mandible and maxilla (jaw) like other bones suffer from
hundreds of generalized and localized lesions and neoplasms.
Some of these lesions or tumors arise from the dental forma-

tive tissues, and therefore, it is called odontogenic which can
be divided according to its development stage or tissues from
which the tumor arose. Lesions or neoplasms arising from

non-dental formative tissues are called non-odontogenic.
Inflammatory cysts are considered as one of the most com-

mon odontogenic and non-odontogenic jaw lesions followed
by dentigerous cyst. In a total of 7412 oral lesions, Khosravi

et al. found that radicular inflammatory cysts are the most
common jaw lesions accounting for 35.12% of the total odon-
togenic cysts reported in his study [1].

Although osteosarcoma is a rare neoplasm, its early detec-
tion is very important to improve the prognosis as the survival
of patients with osteosarcoma is usually less than 5 years [2,3].

Therefore, diagnosing jaw lesions and its early detection is one
of the important challenges in oral health care [4,5].
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Radiography is one of the most helpful and common diag-
nostic tools available to dental practitioners. X-rays usage as a
standard diagnostic procedure is well established in the profes-

sion. It is important to get as much as possible diagnostic
information from X-ray images. A differential diagnosis could
be performed using X-ray images. Conventional films are used

commonly in radiologic examination to evaluate jaw cysts and
odontogenic tumors [6].

X-ray imaging is easy, convenient to use and reproducible

method. The equipment is relatively cheap compared with
other advanced imaging modalities. The images are easy to
read once the observer is trained. They are also simple to store
and retrieve. Diagnosis could be performed as soon as the

image is taken [7].
White has introduced the Oral Radiographic Deferential

Diagnosis (ORAD) program that is based on a questionnaire

that was designed to evaluate the clinical and radiographic fea-
tures of patients with intra-bony lesions using Bayes’ theorem
[8]. The aim of ORAD program was to assist in lesions

identification. Ninety-eight jaw lesions were described by many
features such as their prevalence and distribution by race, sex,
age, and the presence of pain, size, number, and location of

lesions, association with teeth, locularity, expansion, contents,
borders and impact on adjacent teeth. There is a menu of 16
questions to characterize a specific lesion [8]. Other authors
stated that practitioners may need training on feature recogni-

tion to be able to use diagnostic aids or ‘‘expert systems’’ such
as ORAD [9].

A list of the lesions is introduced as output in order of their

estimated probability. In addition, an estimate of the match
extent between the lesion and the appearance of each lesion
in the knowledge base is calculated. Preliminary tests indicate

that ORAD is useful in assisting clinicians in formulating a dif-
ferential diagnosis [10].

Radiologists usually analyze X-ray images by extracting

features from the border of the lesion, internal structures, loc-
ularity, disiographic placement and resorption of the teeth [11].

Many steps are required to evaluate radiopaque jaw lesion.
The first and most important step is to categorize the lesion by

its attenuation, and its location with respect to the tooth.
These observations are essential for the evaluation of any type
of jaw lesion. Then it will be easy to create a proper differential

diagnosis. Perilesional halo, growth pattern, bone expansion,
and margin as well as the type of lesion – whether it is sclerotic,
has ground-glass attenuation, or is mixed lytic and sclerotic are

all important features that narrow the differential diagnosis.
To explore the ‘‘terra incognita” of radiopaque jaw lesions it
is important to be aware of the associated clinical features
and their demographic distribution, as well as the radiologic

approach [12].
The radiologists will be frequently consulted to evaluate a

variety of jaw lesions or may incidentally encounter these

lesions on routine patient’s checkup. It is important to have
a diagnostic approach pattern when faced with an unknown
jaw lesion. Specific cardinal and additional radiographic crite-

ria on plain film studies are important for differential diagno-
sis. The location with regard to the adjacent tooth structures
within the jaw Cardinal and the density of the lesion are basic

radiographic criteria. Other criteria in the jaw lesions
evaluation are morphological characteristics, demarcation,
periosteal, cortical involvement and soft tissue changes [13].
Please cite this article in press as: Alsmadi MK, A hybrid Fuzzy C-Means and Neutro
10.1016/j.asej.2016.03.016
Lesions could be categorized into two types, namely well-
defined and poorly-defined. A well-defined lesion is a tumor
representing a distinct radiolucency with a corticated margin.

In a poorly defined lesion, the border is readily identified but
is not corticated. A diffuse border is characterized by a margin
that could not be distinguished and the transitional zone

between the lesion and unaffected bone is wide and indistinct.
The internal structures indicate the type of trabeculations [14].

Some jaw lesions have characteristic radiographic appear-

ance such as ameloblastoma which usually appear as a multi-
locular cyst like lesion of the jaw (honeycomb), while
osteosarcoma appears usually as sunray radiopacity [2]. On
the other hand, myxoma is described as delicate filamentous

structures that tend to be angular and form square, rectangular
or triangular compartments. Some studies called this feature
‘‘tennis racquet” appearance. The internal structures are eval-

uated with reference to these trabeculations [15].
It is important to provide dentists with the tools that help

them to assess their own accuracy at least for common diag-

nostic problems. A major step in improving dentist’s diagnos-
tic accuracy is to identify features on X-ray images correctly
and accurately [16,17].

Normally, one of the main participants in the image diag-
nostic process is the human observer. Diagnostic accuracy var-
ies among dentists themselves when viewing X-ray images. A
decision support system that helps in the diagnosing process

is needed to improve their image diagnostic accuracy.
One of the effective clustering methods is the Fuzzy C-

Mean (FCM). The method was developed in 1973 by Dunn

[18] and enhanced by Bezdek in 1981 [19]. FCM is used widely
as a clustering method in the pattern recognition field. It is also
used in image analysis in the stage of image segmentation.

Shen et al. proposed an extension to the traditional FCM
clustering algorithm. This extension depends on using the
neighborhood attraction (NA). NA is dependent on the rela-

tive location and features of neighboring pixels. This would
help to improve the segmentation performance. A Neural Net-
work model is used to optimize the degree of attraction [20].

Some problems that cannot be solved by fuzzy logic

approach can be solved using Neutrosophic logic. This
approach can be beneficial to many fields, such as cancer diag-
nosis, weather forecasting, political elections and sporting

events. Fuzzy logic cannot handle indeterminate conditions
very well. Neutrosophy, on the other hand, introduces an inde-
terminacy set to deal with such conditions [20].

Anuradha and Sankaranarayanan [17] proposed a tech-
nique for mouth cancers detection utilizing a morphological
mathematical watershed algorithm, this approach preserves
the edge details, the marker controlled watershed is used for

tumor segmentation purpose, and then the marker controlled
watershed segmentation algorithm was compared with the
watershed segmentation, and the marker controlled watershed

has better results with 92.55% speed and 90.25% accuracy
than the watershed segmentation with 91% speed and
85.20% accuracy.

Anuradha and Sankaranarayanan [21] presented a system
for the segmentation and classification of abnormal and
normal oral cancer images. This approach was carried out in

three steps. Images are digitized and used as input image.
Then, image processing is carried out for noise removal, after
that image is segmented and features are extracted for tumor
sophic for jaw lesions segmentation, Ain Shams Eng J (2016), http://dx.doi.org/
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Figure 1 The four phases of the proposed approach.
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identification. The sensitivity and specificity were calculated
using the Confusion Matrix, sensitivity equals 92.85% and
Specificity equals 92.30% were obtained.

Anuradha and Sankaranarayanan [22] proposed an oral
cancer detection system; it works by preprocessing images
using Linear Contrast Stretching for noise removal, and then

Watershed Segmentation is utilized. Because of Watershed seg-
mentation problems, Marker Controlled Watershed segmenta-
tion is utilized, and Marker Controlled watershed

segmentation decreases the over segmentation problem. The
Improved Marker Controlled Watershed Segmentation algo-
rithm obtains better segmentation result (higher speed) with
or without linear contrast stretching of the image. The Process-

ing Speed is calculated before stretching and after stretching.
The speed of Watershed Segmentation is 87% (without
stretching) and 91% (after Stretching); the speed of Marker

Controlled Watershed was 90% (without stretching), and
was 92.55% (after Stretching). The Improved Marker Con-
trolled Watershed Segmentation achieved 90.5% speed (with-

out stretching) and 92.6% (after Stretching).
Maghsoudi et al. [23] proposed an intelligent system based

on artificial neural networks. This proposed system used 120

patient images, 120 for training process and 30 for testing
and validation, and four features were extracted and used for
diagnosis of mouth legions. This work indicated that artificial
neural network when employed in the diagnostic systems pro-

vided a powerful approach for prediction and diagnosis of
dental and oral diseases.

Nurtanio et al. [24] presented a segmentation system for

cyst or tumor cases from dental panoramic images. They uti-
lized the active contour models for the segmentation process
by converting the colored images into gray images, and the

active contour models (snake) provides a solution for number
of visual problems, which includes detection of lines, edges and
subjective contours. The segmentation with this model can be

utilized for tumor lesion and cyst on oral panoramic images
with high accuracy rate (99.67%).

Neutrosophy is a branch of approach that studies the ori-
gin, nature, and scope of neutralities, as well as their interac-

tions with different ideational spectra [26,27]. Neutrosophic
logic is a branch that generalizes fuzzy logic, and deals with
paradoxes, contradictions, antitheses, antinomies [28]. It is

based on the proposition that t true, i indeterminate, and f
false. t, i, f are real values from the ranges T, I, F, with no
restrictions on them. Examples on the indeterminate condi-

tions are presidential election, sport games, weather forecast,
etc [25].

Fuzzy C-Mean algorithm is very popular and robust clus-
tering algorithm, and it obtains the data membership degrees

by minimizing the cost function iteratively, while keeping the
sum of the cluster membership degrees over each data equals
1. The FCM algorithm is the generalized form of the classical

K-means algorithm, and is used in pattern classification, data
mining, machine learning, etc. The proposed NFCM is the
generalized form of the FCM method, and this approach

may be applicable in many related areas [25].
The rest of this paper is organized as follows: Section 2

explains materials and methods used. Section 3 evaluates and

discusses the obtained Results using proposed approach and
other segmentations methods. Section 4 concludes the paper.
Please cite this article in press as: Alsmadi MK, A hybrid Fuzzy C-Means and Neutro
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2. Materials and methods

The proposed Panoramic jaw’s X-ray image segmentation
approach consists of four phases that were carried out auto-

matically, namely; Speckle reduction, image enhancement, a
novel clustering approach (NFCM) is proposed here. Fig. 1
below shows the four phases of the proposed approach.

2.1. Speckle reduction

Determining the region of interest is not applicable to the jaw’s

images, due to the small lesion area compared to the construc-
tions present in the panoramic jaw’s X-ray image (fat, connec-
tive tissue, teeth and muscles). This work was applied on the
whole jaw’s X-ray image instead of the region of interest, and

median filter of sizem = 3 � 3was applied to remove and reduce
the speckle noise [29]. Median filters are most popular among
the other filters because they provide excellent speckle reduction

abilities for certain types of speckle noise compared with other
filters such as linear smoothing filters of similar size [30].

2.2. NFCM for lesion detection

This work utilizes a new clustering approach (NFCM) that
groups and clusters jaw’s X-ray image pixels into background

region and lesion region.

2.2.1. Fuzzy C-Means clustering algorithm

Fuzzy C-Means (FCM) is a strong clustering method which

permits one data piece to belong to two or more clusters
[25,27,31,32]. The method relies on minimizing the objective
function as follows:

Jm ¼
Xn

i¼1

Xc

j¼1

umij kxi � cjk2; 1 6 m < 1 ð1Þ

where m is any real number greater than 1 which represents the
fuzziness exponent, uij denote the membership of xi in cluster J,
xi and cj denote the ith data point and cluster center of J, k � k
is a norm representing the match between the data point and

the cluster center [25]. Iterative optimization was the method
used to achieve fuzzy partitioning using the objective function
sophic for jaw lesions segmentation, Ain Shams Eng J (2016), http://dx.doi.org/
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and with updating the membership uij and cluster center cj
using the following equations:

uij ¼ 1

Pc
n¼1

xi�cj
xi�cn

��� ���� � 2
m�1

ð2Þ

cj ¼
PN

i¼1u
m
ij � xiPN

i¼1u
m
ij

ð3Þ

The Iterative optimization will stop when

max
ij

u
ðkþ1Þ
ij � u

ðkÞ
ij

��� ���n o
< e ð4Þ
2.2.2. Neutrosophy

The advantage of the neutrosophy is the high noise reduction
without image boundary blurring; thus, the result of segmenta-
tion is highly improved after the reduction in noise. The neu-

trosophy represents every pixel in the segmented image by
three Neutrosophic constituents: f% false, i% indeterminate,
and t% true. The most beneficial component of neutrosophy
is that indeterminacy is considered [25].

The pixels of the noise in the panoramic jaw images have a
high degree of indeterminacy while the pixels of the lesion
region have a low degree of indeterminacy; then, the two

groups of pixels can be handled based on the degree of indeter-
minacy separately. So noise is iteratively reduced and the
lesion region is strengthened or untouched. This work explores

a novel neutrosophy application by combining Fuzzy C-Means
with the domain components of neutrosophy, thus achieving
better treatment of the uncertainty data points. Clustering
approach is an unsupervised learning approach which is

dynamic and adaptive [25].

2.2.3. Descriptions of Neutrosophic components for jaw’s X-ray

image segmentation

In this work, the proposed NFCM approach is applied to solve
jaw’s X-ray image segmentation problem, where the proposed
NFCM is used to determine the lesion from the background in

the jaw’s X-ray image. This section explains the Neutrosophic
pixel and its Neutrosophic components in order to solve jaw’s
X-ray image segmentation problem as follows:

Description 1 ((Neutrosophic set) [28]). Let U be the universe
of the pixels, and L be a foreground set L � U. A pixel P is
represented as p(T0, I0 and F0), belongs to A as following: it
is t% true in the lesion pixel set, i% indeterminate, and f%

false, where t varies in T0, i varies in I0, and f varies in F0. T0, I0

and F0 are standard real subsets of with the range [�0, 1+].
For this work 0 6 T0 + I0 + F0 6 3.

Description 2 (Neutrosophic image). The image domain of the
pixel P(i, j) is transformed into Neutrosophic domain PNS(i, j)
= {T(i, j), I(i, j), F(i, j)} [29,33], here, T(i, j), I(i, j) and F(i, j)
are the probabilities that belong to lesion region, indeterminate

and background sets respectively, which are explained as
follows:

Tði; jÞ ¼ gðı; |Þ � �gmin

�gmax � �gmin

ð5Þ
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Iði; jÞ ¼ 1�Hoði; jÞ �Homin

Homax �Homin

ð6Þ

Fði; jÞ ¼ 1� Tði; jÞ ð7Þ

Hoði; jÞ ¼ abs gði; jÞ � gðı; |Þ
� �

ð8Þ

The local mean value is represented by gðı; |Þ. The homo-
geneity value of T at (i, j) is represented by Ho(i, j), which is
defined through the absolute value of variance between inten-

sity g(i, j) And its local mean value gðı; |Þ.
2.2.4. Entropy of Neutrosophic (NS) jaw’s X-ray image

To evaluate the distribution of different gray level in jaw’s X-

ray image, entropy of NS was used in this work. Thus, if the
entropy is small, the intensities have diverse probabilities and
the intensities distribution is non-uniform. If the entropy is

the maximum, the different intensities will have similar proba-
bilities and the intensity distribution is uniform.

Description 3 (entropy of NS image). entropy of NS image is
explained as the summation of the entropies of three subsets T,

I and F, which is employed in this work to evaluate and
measure the elements distribution in the NS domain [29,34].

EnT ¼ �
X

PTðiÞ lnPTðiÞ ð9Þ

EnI ¼ �
X

PIðiÞ lnPIðiÞ ð10Þ

EnF ¼ �
X

PFðiÞ lnPFðiÞ ð11Þ

EnNS ¼ EnT þ EnI þ EnF ð12Þ

where the entropy of subset T is EnT, the entropy of subset I is
EnI and the entropy of subset F is EnF. The element i probabil-
ities in T, I and F are denoted as PT(i), PI(i), and PF(i) respec-

tively. EnF and EnT are employed to measure the elements
distribute in NS, and to evaluate the indeterminacy distribu-
tion, EnI is utilized.
2.2.5. k-mean operation

The I(i, j) value is employed in order to measure the indetermi-
nate degree of element Pns(i, j). The following equation was
used to make subset I correlated with the other subsets

(T, F), where the change in both subsets (T, F) affect the
element distribution in I and the I entropy.

Gði; jÞ ¼ 1

w � w
Xiþw=2

x¼i�w=2

Xjþw=2

y¼j�w=2

Gðx; yÞ ð13Þ

where w represented the size of window and Gði; jÞ was the
value of intensity. Through the use of the aforesaid equation,

an indeterminate pixel (with high indeterminacy) in the
background will be progressively integrated into the back-
ground, while an indeterminate pixel (with low indeterminacy)

inside a lesion will be progressively assimilated into the lesion
region.
sophic for jaw lesions segmentation, Ain Shams Eng J (2016), http://dx.doi.org/
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2.2.6. A hybrid Neutrosophic sets (NS) with Fuzzy C-Mean

clustering (FCM)

A new clustering approach is proposed in this work based on
the hybridization between Neutrosophic sets with Fuzzy C-
Mean clustering (NFCM), and the proposed hybridization

approach consists of the following steps:

1. Initiate membership matrix Ul = [uwz]; the value of l is 0, w

represents the pixel index, z represents the cluster index and
l represents the number of iteration.

2. l= l+ 1. Calculate Tj, Ij and Fj at each iteration for image
Gj using Eqs. (5), (6) and (7).

3. Transform Tj, Ij and Fj into vectors VT, VI and VF.

4. Then, calculate the center vector Lj = [vq] by U j, VT, VI
and VF.

Cv ¼
PN

x¼1u
m
wz � ð1� VIxÞ � VTx � VFxPN

x¼1u
m
wz � ð1� VIxÞ

ð14Þ

where N is the total number of the image pixels, m repre-
sents the membership parameter.

5. Update membership matrix Ul+1 = [uwz] using

uwz ¼ 1

XC
d¼1

VTx�CV

VTx�Cd

��� ���� � 2
m�1

ð15Þ

where C is the cluster number.

6. k-mean operation for PNS, P
0
NS is used to update Gj image

which is defined as follows:

P0
NSðkÞ ¼ PðT0ðkÞ; I0ðkÞ;F0ðkÞÞ ð16Þ

T0
k ¼

T if I < k

T0 if I P k

�
ð17Þ

T0
kði; jÞ ¼

1

w � w
Xiþw=2

x¼i�w=2

Xjþw=2

y¼j�w=2

Tðx; yÞ ð18Þ

F0
k ¼

F if I < k

F0 if I P k

�
ð19Þ

F0
kði; jÞ ¼

1

w � w
Xiþw=2

x¼i�w=2

Xjþw=2

y¼j�w=2

Fðx; yÞ ð20Þ

I0kði; jÞ ¼ 1�Ho0ði; jÞ �Ho0
min

Ho0
max �Ho0

min

ð21Þ

where w is the window size, (i, j) is the pixel at the window
center and k is the threshold of indeterminacy.

7. If 1kUl+1 � Ulk< e, stop; if not return to step 2.

In this work, C = 2 since image has two clusters; k = 0.1,
m= 2 and w = 5 where these values were determined experi-

mentally based on the used dataset.

3. Results and discussion

To measure the efficiency of the proposed NFCM, we com-
pared it with other segmentation methods, namely; the Hybrid
Firefly Algorithm with FCM (FAFCM), and the Artificial Bee
Please cite this article in press as: Alsmadi MK, A hybrid Fuzzy C-Means and Neutro
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Colony with FCM (ABCFCM), these segmentation methods
have been employed in this work in order to make a fair com-
parison with NFCM using the same common criteria and

dataset used (real dataset of jaw’s panoramic X-ray images),
and FAFCM and ABCFCM have been applied in this work
as the same way in [31,32]. Since there is no public benchmark

and no globally accepted assessment criteria yet, three compre-
hensive metrics (Area error metrics, specificity and sensitivity
metrics) have been used in this work to compare results from

different aspects.

3.1. Database

In this section, the experiments were performed based on real
dataset of jaw’s panoramic X-ray images, these dataset consists
of 95 jaw’s panoramic X-ray images, 60 images have malignant
cases and 35 images have benign cases confirmed by pathology.

The dataset was collected from the radiology archives of the
College of Dentistry and main referral hospitals in the Eastern
Province such as King Fahd Hospital of the University and

Dammam Central Hospital. The histopathological slides of
each lesion have been reviewed by Oral Pathologist to confirm
the diagnosis of the radiographic lesion. In this work, 10

panoramic X-ray images have been analyzed for each jaw
tumor based on the WHO classification of tumors [35] and
jaw lesions according to oral pathology classification of jaw
lesions [2]. The boundaries of every lesion in jaw’s panoramic

X-ray image are delineated by an experienced Oral Pathologist
and the manual delineation served as a standard reference.

3.2. Evaluation metrics

3.2.1. Area error metrics

To measure how much the Jaw lesion region in the panoramic
X-ray image is covered correctly by the generated lesion region
and how much is covered incorrectly, the area error metrics

were used in this work. Therefore, the area ratio of the false
positive (FP), true positive (TP) and false negative (FN) [36]
is calculated as following:

TP ¼ jAm

T
Aaj

jAmj ð22Þ

FP ¼ jAm

S
Aa � Amj
jAmj ð23Þ

FN ¼ 1� TP ¼ jAm

S
Aa � Aaj
jAmj ð24Þ

Here, the manually determined lesion region (pixel set) by
Oral Pathologist is represented as Am, and the automatically

produced lesion region (pixel set) by the proposed approach
is represented as Aa.

3.2.2. Similarity Index

Similarity Index (SI) was used to measure the closeness of the
automatically produced lesion region to the lesion region
determined by the Oral Pathologist [25]. The following equa-

tion is used to calculate the SI.

SI ¼ jAm \ Aaj
jAm [ Aaj ð25Þ
sophic for jaw lesions segmentation, Ain Shams Eng J (2016), http://dx.doi.org/
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3.2.3. Specificity

Specificity metric can be used to measure the ability and effec-

tiveness of an algorithm in segmenting or classifying the tissues
correctly [37,38]. Thus, the effectiveness of an algorithm in iso-
lating the non-lesion region is represented as specificity. The

proposed NFCM segments the non-lesion region of the law’s
efficiently and the validation results are clearly illustrated in
Table 2.

3.2.4. Sensitivity value

Sensitivity value (SV) is used to represent the total number of
images that have been correctly segmented and classified [39].

In other words, SV refers to the correctly lesion region identi-
fied. The following equation was used to calculate the SV.

SV ¼ TP

TPþ FN
ð26Þ
3.3. Compare NFCM with FCM

We compare the proposed NFCM with FCM using the same

dataset; the same speckle reduction step is carried out exactly
for both NFCM and FCM. Figs. 2 and 3 illustrate the clus-
tered abnormal real jaw’s panoramic X-ray images (Periapi-
cal–lateral and residual cyst) using the FCM and NFCM

respectively.
The resulting images, after applying the FCM and NFCM

show the success of the NFCM in determining the lesion

region automatically compared with FCM, Figs. 2(c) and 3
(c) show the existence of lesion in the lower jaw using the pro-
posed NFCM which was identical to the manual delineation

by Oral Pathologist. The proposed NFCM is able to automat-
ically determine the lesion region and the tumor cells number
in the lesion region.
Figure 2 (a) The original abnormal real jaw’s panoramic X-ray im

acquired by FCM, (c) segmented result acquired by the NFCM and (

Please cite this article in press as: Alsmadi MK, A hybrid Fuzzy C-Means and Neutro
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The superiority of NFCM over FCM is that NFCM deals
effectively and accurately with indeterminate regions. NFCM
integrates the indeterminate pixels (with high indeterminacy)

of jaw’s panoramic X-ray images into background, while an
indeterminate pixel (with low indeterminacy) inside a lesion
is progressively assimilated into the lesion region.

But FCM misrecognizes the indeterminate pixels into lesion
regions, since FCM uses only the distance to compute the clus-
ter centers, regardless of the indeterminate degree. Moreover,

NFCM can analyze the complex jaw’s background; then, it
can detect the lesion region in the jaw’s image.

As shown in Table 1 all the evaluation metrics using the
entire database indicate that the proposed NFCM outper-

formed the FCM by obtaining much better averaging perfor-
mance. Moreover, for each metric the P-value was measured.
Statistically, when P-value 60.01, the observed difference is

‘‘highly significant”, and if the P-value 60.05, the observed dif-
ference is ‘‘significant”. The result of evaluation of the FCM
and NFCM shows that the P-value for all evaluation metrics

is less than 0.005 which means by the statistical criteria that
the observed difference is ‘‘highly significant”. The higher
value of TP (enhanced from 83% to 90%) shows that NFCM

covers more lesion region compared with FCM. The lower
value of FP (decreased from 9.1% to 6.1%) shows that NFCM
successfully determined the non-lesion regions compared with
FCM.

3.4. Compare the NFCM approach with segmentation methods

To measure the efficiency of the proposed NFCM, we com-

pared it with two segmentation methods (FAFCM and
ABCFCM), and these segmentation methods have been
employed in this work in order to make a fair comparison with

NFCM using the same common criteria and dataset used (our
ages (periapical–lateral and residual cyst), (b) segmented results

d) manual delineation by Oral Pathologist.
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Figure 3 (a) The original abnormal real jaw’s panoramic X-ray images (periapical–lateral and residual cyst), (b) segmented results

acquired by FCM, (c) segmented result acquired by the NFCM and (d) manual delineation by Oral Pathologist.

Table 1 The obtained results from the FCM and the

proposed NFCM.

Average of the area error metrics

Approaches FP (%) TP (%) FN TN

FCM 9.1 ± 8.5 83 ± 5.5 17 ± 5.5 90.9 ± 8.5

Proposed NFCM 6.1 ± 5.3 90 ± 2.5 10 ± 2.5 93.9 ± 5.3

P-value <0.005 <0.005 <0.005 <0.005

Table 2 Comparison results for Similarity Index (SI), sensi-

tivity and specificity values.

Algorithms Similarity Index (SI) Specificity Sensitivity

FCM 0.8000 0.7723 0.8345

ABCFCM 0.9022 0.9122 0.925

FAFCM 0.9313 0.9213 0.943

NFCM 0.9471 0.9412 0.9592
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own database). The parameters settings of the firefly algorithm
are as follows: number of fireflies (n = 110), max itera-

tion = 1000, b= 1 and c = 1, and the parameters settings
of the Artificial Bee Colony Algorithm are as follows: cycles
number equals 2500 and colony size equals 50 bees. Refer to
Please cite this article in press as: Alsmadi MK, A hybrid Fuzzy C-Means and Neutro
10.1016/j.asej.2016.03.016
[31,32] for more details about the FAFCM and ABCFCM
methods.

In Fig. 4, the segmentation results of the segmentation

methods (ABCFCM and FAFCM) are provided. Fig. 4(a)
shows the original abnormal real jaw’s panoramic X-ray
images (Periapical–lateral and residual cyst), (b) segmented

result acquired by FCM, (c) segmented result acquired by
the ABCFCM, (d) segmented result acquired by the FAFCM,
(e) segmented result acquired by the NFCM and (f) manual
delineation by Oral Pathologist, respectively. The lesion

regions detected by the proposed NFCM are more accurate
and much closer to the Oral Pathologist manual delineation
than those of ABCFCM and FAFCM.

Table 2 shows the effectiveness of the proposed NFCM in
terms of SI, specificity and sensitivity compared with other
methods. For a good and accurate segmentation method,

specificity and sensitivity values should be close to 1 [39].
NFCM algorithm dominates the FCM, ABCFCM and
FAFCM in terms of specificity and sensitivity and it is obvi-

ously demonstrated in Table 3. The proposed NFCM outper-
formed the other FCM, ABCFCM and FAFCM algorithms as
it has SI, specificity and sensitivity values of 0.9471, 0.9412 and
0.9592 respectively. Specificity and sensitivity values are calcu-

lated based on the comparison made between the manually
determined lesion regions (pixel set) by the Oral Pathologist
and the automatically produced lesion region (pixel set) by

the proposed algorithms.
sophic for jaw lesions segmentation, Ain Shams Eng J (2016), http://dx.doi.org/
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Figure 4 (a) Is the original abnormal real jaw’s panoramic X-ray images (periapical–lateral and residual cyst), (b) segmented result

acquired by FCM, (c) segmented result acquired by the ABCFCM, (d) segmented result acquired by the FAFCM, (e) segmented result

acquired by the NFCM and (f) manual delineation by Oral Pathologist, respectively.

Table 3 The performance of the proposed NFCM and the results of other segmentation algorithms (time calculation).

Normal image Abnormal image

Method Adults image Periapical–lateral and residual cyst-1 Periapical–lateral and residual cyst-2 Primordial and OKC

FCM 0.41 0.47 0.48 0.51

FAFCM 0.41 0.54 0.56 0.57

ABCFCM 0.42 0.52 0.57 0.58

NFCM 0.46 0.57 0.59 1.02

Table 4 Number of regions detected (which are real lesions)

and number of air gap regions (which are not real lesions) in the

upper or lower jaw using the proposed NFCM.

Image # Real lesion region Air gap region

Upper jaw Lower jaw Upper jaw Lower jaw

1 0 2 0 1

2 0 2 0 0

3 1 1 0 0

4 1 0 0 1

5 1 1 0 0

6 0 2 0 0

7 0 1 0 1

8 0 1 0 0

9 0 1 1 0

10 0 1 0 0
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As shown in the Fig. 4, it is clear that the proposed method
(NFCM) has better performance if compared with the FCM,

FAFCM, and ABCFCM. It has detected the lesion region
more accurately. On the other hand, the computation time
for the NFCM is higher if compared with the others as shown

in Table 3 below.
Table 4 below shows the Number of tumor regions detected

(which are real lesions) and number of air gap regions (which

are not real lesions) in the upper or lower jaw’s panoramic X-
ray image using the proposed NFCM.

Moreover; the results obtained using NFCM were com-
pared to other two methods [21,24], where the authors in

[24] presented a segmentation system for cyst or tumor cases
from dental panoramic images using only 24 panoramic
images consisting of various cyst lesions, compared to dataset

consisting of 95 jaw’s panoramic X-ray images including 10
Please cite this article in press as: Alsmadi MK, A hybrid Fuzzy C-Means and Neutrosophic for jaw lesions segmentation, Ain Shams Eng J (2016), http://dx.doi.org/
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types of tumors were used in this work. The authors in [21]
introduced a system for the segmentation and classification
of abnormal and normal oral cancer images. In both methods

[21,24], the tumor region boundaries have been determined
using two segmentation methods, where the authors in [24]
used Active contour models and the authors in [21] used

Marker-Controlled Watershed Segmentation to determine
the region of interest (tumor region). These algorithms suffer
from many drawbacks such as parameters settings, problems

in algorithm initialization, lack of strength to image noise
[40,41], which highly affect the final results if inappropriate
tumor region is selected. But NFCM algorithm determines
and segments the tumor region by indeterminacy degree which

is more accurate and robust to image noise. In summary, from
the comparisons between NFCM and other segmentation tech-
niques using clustering methods, NFCM has improved the seg-

mentation and detection efficiency of the tumor regions in the
real jaw images. The reason behind this improvement is that
indeterminacy degree is taken into consideration. So noise is

iteratively reduced and the lesion region is strengthened or
untouched, since real datasets have a lot of ambiguous data
such as noise.

4. Conclusion

In this paper, a novel and automatic segmentation approach

for panoramic X-ray images has been proposed. It involves
speckle noise reduction and NFCM clustering. NFCM is a
generalization of FCM which can be useful in pattern classifi-
cation, data mining, machine learning and other related areas.

NFCM was used to segment and determine the lesion region of
jaw in panoramic X-ray images which may help in diagnosing
jaw lesions. NFCM will help all dentists in diagnosing jaw

lesions. NFCM has several advantages which can be summa-
rized as follows: it can be used to segment and find lesion
region accurately even in the low-contrast and complicated

jaw panoramic X-ray images, it is completely automatic, the
proposed NFCM when compared with the ABCFCM and
FAFCM produces the most identical lesion region to the man-

ual delineation by the Oral Pathologist, greatly reduced noise
without blurring the boundary of the image which significantly
improved the segmentation results and shows better perfor-
mance (FP rate is 6.1%, TP rate is 90%, specificity rate is

0.9412, sensitivity rate is 0.9592 and similarity rate is 0.9471),
it has detected the lesion region more accurately and the com-
putation time for the NFCM is higher if compared with other

methods. The future work of this research is to develop a clas-
sifier that can distinguish malignant and benign lesions of jaw
in panoramic X-ray images based on suitable and appropriate

features extracted from the segmentation results.
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