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Abstract 

An image-processing-based technique for idenLfying and segmenLng lesion regions in dental 
X-ray images is described in this research. The low contrast of these images and the similarity 
in intensity between lesion sites and surrounding Lssues conLnue to make accurate detec-
Lon difficult. Image enhancement approaches first improve image quality and highlight the 
lesion spots to address this issue. To enhance the visibility of important features, this work 
employs preprocessing techniques such as contrast adjustment and histogram equalizaLon. 
It differenLates the similar homogeneous areas in the image that use different segmentaLon 
techniques like K-means clustering, fuzzy C-means (FCM), etc. The paper aims at suggesLng 
a hybridizaLon of fuzzy C-means and histogram equalizaLon to improve the accuracy of the 
segmentaLon process. The results showed that with all hybrid methods, the computaLon 
Lme was decreased compared to the FCM algorithm, while the accuracy for lesion detecLon 
increased. Morphological operaLons are furthermore used to improve the quality of the ob-
tained segmentaLon and retrieve the area of interest. The experimental results on dental X-
ray images demonstrate that the proposed method can successfully localize lesions and 
boost segmentaLon performance. 
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Introduc)on 
Dental panoramic radiography is one of the 
most important diagnostic imaging modalities 
in modern dentistry since it allows visualizing, 
in a single image, the teeth as well as the jaws 
and surrounding anatomical structures alto-
gether. It is important in the diagnosis of a va-
riety of dental diseases contributing to effec-
tive treatment planning and follow-up exami-
nations (periapical lesions, cysts, tumors, im-
pacted teeth, and detection of carious lesions). 
Panoramic radiography has established itself 
as an imaging modality within dentistry due to 
its large anatomical field of view and low radi-
ation exposure [1,2]. Automatic analysis of 
panoramic dental radiographs is seldom em-
ployed due to the nature of X-ray images, 

lower quality, or even abnormal images, alt-
hough valuable information carries important 
diagnostic advantages. Poor image qualities, 
including low contrast, noises, intensity inho-
mogeneity, blurred lesion boundaries, and 
overlapping anatomical structures, often re-
duce the identification of pathological regions 
and increase the difficulties for lesion localiza-
tion and segmentation. As a result, image pre-
processing has emerged as a crucial step for 
enhancing the quality of images before seg-
mentation and quantities analysis [3]. Image 
enhancement techniques are widely employed 
for increasing the diagnostic quality of dental 
radiographs. For the most part, Gaussian filter-
ing is a frequently used and effective technique 
to suppress random noise while maintaining 

detail in important anatomical or pathological 
structures. Histogram equalization also redis-
tributes gray-level intensities to improve global 
contrast of the image and consequently makes 
it more visible, including the boundaries asso-
ciated with lesions and surrounding anatomical 
features. Such preprocessing methods not only 
represent the image in a more suitable space 
for subsequent segmentation but also enhance 
the segmentation performance [4,5]. One of 
the most important stages of computer-aided 
diagnosis (CAD) systems is image segmenta-
tion, which allows pathological regions to be 
separated from commensurate healthy tissue. 
Clustering-based algorithms are ideally appeal-
ing among the traditional segmentation meth-
ods mainly due to their computational 
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simplicity and effectiveness. K-means: The K-
Means clustering algorithm divides image pix-
els into separate clusters based on the similar-
ity in intensity, while Fuzzy C-Means (FCM) in-
cludes multiple membership values for each 
pixel, where it may belong to two or more clus-
ters depending on the [6]. Despite several 
works having made efforts in the field of en-
hancing and clustering-based segmentation 
methods for dental radiographs, most of them 
are limited to evaluating a separate algorithm 
only. There was limited work in the image en-
hancement, clustering-based segmentation, 
and morphological post-processing procedures 
of an integrated framework to extract lesion in-
formation. Additionally, most of the previous 
studies had focused on qualitative analysis 
while providing a qualitative assessment of 
computational efficiency and quantitative 
evaluation of lesion extraction [7,8]. Various 
previous studies investigated the automated 
analysis of dental X-ray images by using classi-
cal image processing and clustering methods. 
Fariza et al. [7] developed a Gaussian kernel-
based conditional spatial fuzzy C-means algo-
rithm for tooth component segmentation and 
demonstrated an enhanced accuracy in seg-
mentation compared to conventional FCM. Ma 
et al. [7] proposed a segmentation framework 
based on deep learning for panoramic dental 
radiographs as an example of how heavily the 
image preprocessing techniques determine 
the performance over larger datasets. Some 
other approaches, similar to what we intro-
duced here, worked independently on improv-
ing the histogram-based enhancement and 
clustering algorithms to obtain better visualiza-
tion of excessive lesions as well as their seg-
mentation but did not try evaluating all tech-
niques separately or combined together (i.e., 
image enhancement + clustering-based seg-
mentation + morphological post-processing for 
the extraction of lesions). Hence, this paper 
proposes a Gaussian-filtered and histogram-
equalized clustering-based segmentation ap-
proach with morphological post-processing as 
a hybrid framework for the lesion segmenta-
tion in panoramic dental radiographs. The 
bunch envisaged an open way of life among us 
to enable probably the best conceivable lesion 
extraction by diminishing image noise and bet-
tering the edge areas recognized in skull im-
ages, leading to improved segmentation accu-
racy. A comprehensive method for evaluation 
between the proposed framework and conven-
tional segmentation methods through quanti-
tative image quality metrics, computational 
time, and segmentation performance 
measures is provided to assess its effectiveness 
in detecting dental lesions. 
 
Theoretical Spectrum 

Gaussian Filter 
One of the most widely used linear filters in im-
age processing, the Gaussian filter is mostly 
employed in context-based noise reducLon al-
gorithms, where it must minimize noise while 
maintaining areas with high structural content. 
It uses the Gaussian funcLon; based on the dis-
tance of the center pixel, a smooth weight is 
applied that decreases with distance from the 
center pixel. The Gaussian filter can be imple-
mented as follows, based on the formulaLon 
by Deng and Cahill. 
   G(x,y)= !

"#$!
exp(%&

!

"$!
+ 𝑦")…….(1) 

Where σ is the standard deviaLon, which con-
trols how wide or narrow the Gaussian distri-
buLon is, and G(x,y) is the point (x,y) of a 
Gaussian kernel. Parameter σ mostly decides 
the level of smoothing. σ that is small retains 
edges and fine structures, leading to a nar-
rower kernel, while larger values help in 
smoothing strongly, making significant noise 
reducLon possible but blurring edges. The 
Gaussian filter works on the convoluLon of an 
input image with the kernel (Gaussian func-
Lon). This process creates a weighted average 
effect by providing larger values (weight) for 
pixels close to the center and lower ones for 
those far from it. This yields low-frequency 
mantle components corresponding to the im-
portant aspects of visualizaLon while toning 
down higher frequencies,  such as noise. In the 
context of adapLve Gaussian filtering dis-
cussed in [2,3], σ is path-dependent and varies 
with respect to local image characterisLcs. This 
enables the filter to obtain a balance between 
noise suppression and edge preservaLon by 
applying stronger smoothing in homogeneous 
areas and weaker smoothing close to edges [9]. 
 
Image Contrast Enhancement 
Improving Image Contrast: This preprocessing 
method enhances the quality of an image for a 
certain use. To emphasize important struc-
tures, image augmentaLon techniques have 
been used in medical image analysis, parLcu-
larly in dental radiography. Before further seg-
mentaLon, the gum disease lesions in this 
study are contrast-enhanced to differenLate 
them from nearby normal Lssues. The applica-
Lon determines how effecLve enhancement 
approaches are, and choosing the right ap-
proach frequently necessitates experimental 
tesLng. 
   𝑆'	=T(𝑟))=(L-1)∑ 𝑝*'

+,- (𝑟+)…...(2) 
where 𝑟) shows the gray level input., 𝑆'	 i L rep-
resents the entire number of possible intensity 
levels in the image (usually 256 for 8-bit im-
ages), and s is the matching output gray level 
following transformation. The term𝑝* (𝑟+) is 
the gray levels' probability density function 
(PDF), which is the ratio of the number of pixels 

with intensity (𝑟+) and the total number of pix-
els in the image. The summation term repre-
sents the cumulative distribution function 
(CDF), which accumulates the probabilities of 
all gray levels up to (𝑟+). By multiplying the CDF 
by (L−1), The original intensity values are 
mapped to a new range that covers the image's 
whole dynamic range. This leads to a uniform 
histogram, due to the wide distribution of the 
most frequently occurring intensity values. 
This means hidden low contrast zones can 
come out, and small details are more easily 
perceptible. In medical and dental X-ray im-
ages, the intensity values are limited to a nar-
row range, which makes high contrast indis-
pensable for detecting structural variations 
and lesions [10]. 
 
Image Quality 
Image Quality Assessment (IQA) is a funda-
mental field, which measures the performance 
of these techniques in enhancement, restora-
tion, and analysis as shown in [1]. It gives two 
things: one, quantitative measures and percep-
tual image-matching metrics that tell how 
much a processed image is like its reference 
(original) image. This is crucial for applications 
ranging from medical to scientific imaging, as 
many IQA methods aim at determining which 
image processing operations can or cannot be 
tolerated because they retain or destroy the in-
formation. There exist two kinds of VQA meth-
ods: perceptual methods that imitate the hu-
man visual perception and full-reference meth-
ods that require the original image for compar-
ison. As Sonawane et al. state in his 2016 paper 
"Image Quality Assessment Techniques: An 
Overview," IQA measures are an important 
part of it because they provide objective nu-
merical parameters that indicate picture fidel-
ity and visual quality. Similar to this, Sara et al. 
had the sentence in "Image Quality Assess-
ment using FSIM, SSIM, MSE, and PSNR—A 
Comparative Study" that many accompanying 
metrics are usually used to give a precise sum-
mary since no solitary metric can properly re-
flect image quality shows this fact best [11]. 
 
Mean Squared Error (MSE) 
One of the most used full-reference image 
quality measurements is Mean Squared Error 
(MSE). This metric provides a straighrorward 
numerical measure of distorLon by calculaLng 
the mean squared difference between the orig-
inal and converted images. The definiLon of 
MSE is 
MSE = 1/(MN) Σ(i=1)^M Σ(j=1)^N [I(i,j) - K(i,j)]². 
(3) 
With M and N being the size of the image, I(i,j) 
= I_original * K(i,j). That means that the lower 
the MSE number, the more similar the two 
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images are, and an MSE=0 means both images 
are perfectly matched. [12] 
 
Peak Signal-to-Noise Ratio (PSNR) 
A statistic that is frequently derived from MSE 
and represented in decibels (dB) is the peak 
signal-to-noise ratio, or PSNR. It is used to cal-
culate the ratio of the actual distortion noise 
power to the highest signal strength that can 
be achieved. The definition of PSNR is 
 PSNR = 10 log!- [ (L-1)² / MSE ]…… (4) 
where L represents the image's potenLal inten-
sity levels. Greater PSNR values are associated 
with less distorLon and higher image quality. In 
general, we can consider an image quality to be 
adequate for most image processing applica-
Lons if the PSNR is more than 30 dB.  [12]                               
Structural Similarity Index Measure (SSIM) 
A perceptual-based metric called the Structural 
Similarity Index Measure (SSIM) uses contrast, 
brightness, and structural informaLon to as-
sess the quality of a picture. SSIM is intended 
to more accurately simulate human visual per-
cepLon than MSE and PSNR. It is described as: 
SSIM(x,y) = [(2µ&µ. + 𝐶!)(2𝜎&. + 𝐶")] / [(µ&² + 
µ.² + 𝐶!)(	𝜎&² + 𝜎.² + 𝐶")]……(5) 
Where µ& and µ. represent the mean intensi-
ties of the images, σ𝑥² and σ𝑦² represent vari-
ances, 𝜎&. is the covariance, and 𝐶! and 𝐶" are 
small constants used for stability. SSIM values 
range from -1 to 1, where a value of 1 indicates 
perfect structural similarity between images 
[12]. 
 
K-means Clustering Method 
In image processing, K-means clustering is a 
widely used unsupervised segmentaLon 
method that is oxen used for dental radio-
graphs and other medical imaging [24]. This 
clustering technique divides picture pixels into 
K clusters according to feature space or pixel 
intensity similarity. K-means is successfully 
used to cluster regions with similar panoramic 
X-ray image region characterisLcs in the study 
"EvaluaLng the Index of Panoramic X-ray Im-
age Quality Using K-means Clustering Method" 
(Imago et al.). This results in significant classifi-
caLon of construcLng differenLable spaLal ar-
eas, namely, anatomical structures and im-
portant diagnosLc areas. The algorithm's foun-
daLon is the minimizaLon of an objecLve func-
Lon, which is specified as follows and describes 
the overall within-cluster variance: 
    𝐽/) = ∑&"€1# ∣∣ 𝑥2 − 𝑢' ∣∣

"  ………(6) 
The term 𝐽/) denotes the cost funcLon of the 
cluster 𝑐), represenLng the total within-cluster 
variance. The symbol 𝑐) refers to the k cluster, 
which is a group of data points assigned to-
gether. Each 𝑥2represents an individual data 
point within this cluster, such as a pixel or a 
feature vector in image processing. The term 

𝑢' denotes the centroid of the cluster, calcu-
lated as the mean of all data points in CK, and 
serves as the representaLve point of the clus-
ter. The expression∣∣ 𝑥2 − 𝑢' ∣∣" represents 
the squared Euclidean distance between the 
centroid and the data point, indicaLng the de-
gree to which each point deviates from the 
cluster center. Finally, the summaLon 
∑&"€1#indicates that this distance is calculated 
and then aggregated for each point in the clus-
ter [13,14]. 
 
Fuzzy C-Means (FCM)  
The input data is divided into many groups by 
the fuzzy c-means (FCM) algorithm. The ap-
proach made use of the idea of probability. 
Each data item may concurrently belong to 
many clusters, with varying degrees of mem-
bership determined by a specific membership 
funcLon, since FCM is a sox clustering tech-
nique. The following equaLon [15] represents 
the minimizaLon of the objecLve funcLon J, 
which is the foundaLon for FCM's operaLon: 
   𝐽 = ∑ ∑ 𝑢2+3 ∣∣ 𝑥2 − 𝑐+ ∣∣"1

+,!
4
+,!  ……….(7) 

Where 𝑢2+ is the degree of the membership, 𝑥2 
is the data item that belongs to some degree to 
the cluster j, 𝑐𝑗 is the cluster seed, and ∣∣ 𝑥2 −
𝑐+ ∣∣" is the distance between each designated 
dataset and its corresponding centroid [18]. 
The dataset is parLLoned by iteraLvely mini-
mizing the objecLve funcLon. In each round, 
the membership values𝑢𝑖𝑗𝑚 of each data item 
are updated, as well as the clusters' centroids 
𝑐𝑗, as shown in the following equaLon [16]. 
 
Histogram EqualizaLon  
Image histogram equalization is a classical im-
age processing method for contrast enhance-
ment that can even be used as one of the pre-
vious steps to perform an image segmentation 
problem. It redistributes the intensity values of 
an image across the full range to make difficult-
to-distinguish features in low-contrast images 
easier to see. While this increase is more signif-
icant in medical imaging like dental X-ray pro-
cessing, it is still necessary where subtle varia-
tions of intensity can identify vital diagnostic 
detail. Because of this nature, histogram equal-
ization can be used to segment regions where 
the contrast between structures is low, thus 
aiding segmentation. It obtains a stretching of 
the intensity distribution, which increases sep-
arability (separation between class areas) of 
the parts, facilitating in this way the perfor-
mance of methods of subsequent segmenta-
tion such as thresholding and clustering algo-
rithms. Histograms are a great way to under-
stand how pixel intensities are distributed in an 
image, and histogram equalization spreads the 
values within a narrow range in an image so 
that tone boundaries between objects begin to 

pop out more. From a mathematical perspec-
tive, histogram equalization is defined based 
on a transformation function obtained from 
the CDF of the image histogram: 
   𝑠'= (L - 1) 𝛴'

5,-	 𝑝*(𝑟+)………(8) 
where 𝑠' represents the output intensity level, 
L is the number of gray levels, and 𝑝*(𝑟+) is the 
probability density function of the input inten-
sity levels. This transformation maps the origi-
nal intensity values into a new range that en-
hances global contrast [17]. 
 
Hybrid Technique 
The proposed hybrid technique combines his-
togram equalizaLon with fuzzy C-means (FCM) 
clustering to improve lesion segmentaLon in 
panoramic dental X-ray images. As illustrated 
in Figure 1, histogram equalizaLon is first ap-
plied as a preprocessing step to enhance the 
global image contrast by redistribuLng the 
gray-level intensity values. This enhancement 
increases the visibility of lesion boundaries and 
facilitates the separaLon of pathological re-
gions from surrounding Lssues. Axer image 
enhancement, the processed image is seg-
mented using the Fuzzy C-Means (FCM) clus-
tering algorithm. Unlike hard clustering meth-
ods, FCM assigns each pixel a degree of mem-
bership to mulLple clusters, allowing more ac-
curate segmentaLon of lesions with unclear or 
irregular boundaries. The improved contrast 
produced by histogram equalizaLon enables 
FCM to classify image pixels more effecLvely, 
resulLng in be{er localizaLon of the lesion re-
gion. Finally, morphological operaLons are ap-
plied to eliminate small, isolated regions, re-
move noise, and smooth the segmented lesion 
boundaries. The integraLon of histogram 
equalizaLon with FCM reduces the computa-
Lonal complexity of the clustering process 
while improving segmentaLon accuracy and 
producing more reliable lesion extracLon re-
sults compared with the individual segmenta-
Lon methods.	
Material	and	Methods	
This work explores dental X-ray images and lo-
calizes gum lesions through several techniques 
for image processing. In the proposed method-
ology, segmentation is next after image extent. 
Image Quality Evaluation Image quality en-
hancement is achieved by several contrast en-
hancement techniques such as applying Gauss-
ian filtering, histogram equalization, and con-
trast adjustment followed by evaluation met-
rics. The enhanced image is further segmented 
into relevant segments by different methods: 
K-means, fuzzy C-means (FCM) clustering, his-
togram-based techniques, and histogram 
equalization. Various methods are used in this 
research here to decrease the calculation time 
and improve segmentation quality. Several 
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hybrid methods have been used that cluster on 
FCM and histogram equalization. To verify the 
accuracy of the proposed method, segmenta-
tion results were compared to doctor annota-
tions by highlighting the area in question and 
further refining these findings using morpho-
logical operators as well as measuring the le-
sion size. Figure 1 depicts the preprocessing, 
segmentation, and post-processing phases of 
the suggested lesion segmentation frame-
work's total workflow.	
In this work, expert delineaLon of lesion loca-
Lons provides the reference standard for as-
sessments, effecLvely creaLng a baseline 
against which performance can be compared. 
This division enables the comparison of results 
of models proposed for finding lesions and 
measurements in areas where these tumors 
appear. The experimental dataset includes a 
total of five dental X-rays that show the loca-
Lons of gum lesions overlaid on them. These 
images are applied to the segmentaLon and 
enhancement approaches we propose. In the 
following secLon, we provide a detailed sum-
mary of the data set image quality, acquisiLon 
source, and size. 
	
	
Results	and	Discussion	
This secLon presents the outcomes of the 
three approaches used to idenLfy, segment, 
and extract the impacted regions, as well as 
the augmentaLon techniques. 
 
Pre-Processing 
Region of Interest (ROI) Step 
Cu|ng the image background and eliminaLng 
any excess material is the iniLal stage in this 
process. The outcomes of this procedure for 
the lung lesion images are shown in Figure 2.	
 
Enhancement Image Step 
Second step, Image Quality Enhancement. 
Firstly, the images are enhanced using a Gauss-
ian filter, followed by contrast adjustment. The 
enhanced images are then displayed in Figure 
3. 
 
Image Quality EvaluaLon 
Three commonly used metrics—mean squared 
error (MSE), peak signal-to-noise raLo (PSNR), 
and structural similarity index (SSIM)—were 
uLlized to assess the suggested image pro-
cessing technique. These metrics were calcu-
lated to measure the improvement in image 
quality that results from applying contrast en-
hancement and Gaussian filtering (Table 2).	
The quality criteria are displayed in the table. 
The Gaussian filter is represented by the le{er 
(G), and the contrast adjustment method is 
represented by the le{er (C). The Mean 
Squared Error (MSE), Maximum Signal-to-

Noise RaLo (PSNR), and Structural Similarity 
IdenLty (SSIM) criteria were used to assess the 
effecLveness of both approaches. The Gauss-
ian filter's MSE values were extremely low, 
ranging from 0.000372 to 0.00060033, show-
ing a high level of image content preservaLon 
effecLveness. The high PSNR values, which var-
ied from 32.2161 dB to 39.8504 dB, indicate ex-
cellent image quality and minimal processing-
related distorLon. The SSIM values, which are 
near to one and range from 0.8789 to 0.9803, 
show that the processed images preserve the 
fundamental details and structure of the origi-
nal image. The MSE values for the contrast ad-
justment technique ranged from 0.0018 to 
0.0031. These values are higher than those for 
the Gaussian filter, suggesLng that the image 
changed more axer processing. The PSNR val-
ues were lower than those a{ained using the 
Gaussian filter, ranging from 25.0913 dB to 
27.3701 dB. The SSIM values, on the other 
hand, showed good preservaLon of the im-
age's structural similarity, ranging from 0.9082 
to 0.9727. According to the results, the con-
trast adjustment strategy demonstrated good 
SSIM values, but the Gaussian filter outper-
formed it in terms of both MSE and PSNR, ob-
taining the lowest error rate and the maximum 
image quality. Thus, in this invesLgaLon, the 
Gaussian filter can be regarded as the most ef-
fecLve technique for improving and maintain-
ing image quality. 
 
K-Means Clustering Method 
The K-means algorithm was used to cluster the 
upgraded dental X-ray images using two dis-
tinct k values (4 and 5) for segmentation. To as-
sess how well the technique separated lesion 
regions from surrounding tissue, several clus-
ter values were chosen. The segmented images 
show how the clusters affect the lesion detec-
tion quality. The outcomes of this approach are 
summarized in Figures 4 and 5. 
In Figures 4 and 5, column (a) represents the 
enhanced image input into the processing sys-
tem, while column (b) represents the image af-
ter applying K-means clustering. Column (c) 
shows the cluster containing the lesion, and 
column (d) represents the extracted lesion re-
gion obtained axer applying several morpho-
logical operaLons. Five clusters (K = 5) were 
chosen for the first three photos since choos-
ing K = 3 or K = 4, where the lesion was largely 
blended with the surrounding backdrop, made 
it difficult to detect the lesion boundaries. 
Over-segmentaLon occurred when the num-
ber of clusters was increased to K ≥ 6, which 
reduced the real size of the lesion and caused 
it to fracture into smaller secLons. On the 
other hand, four clusters (K = 4) yielded the 
most accurate segmentaLon for the fourth im-
age, whereas K = 3 was unable to sufficiently 

disLnguish the lesion from the background, 
and K ≥ 5 resulted in over-segmentaLon and 
parLal lesion fragmentaLon. Consequently, 
the ideal number of clusters changed depend-
ing on the features of each image; for the first 
three images, K = 5 was ideal, and for the 
fourth image, K = 4 produced the best segmen-
taLon outcome. 
 
Fuzzy C-Means SegmentaLon 
Fuzzy C-Means (FCM) clustering was applied 
using several clusters (k = 4) to segment the 
experimental images and evaluate the opLmal 
separaLon of regions. Figures 6 and 7 present 
the corresponding segmentaLon results ob-
tained from this step. 
In Figures 6 and 7, column (a) is the enhanced 
image to be processed as input to our system, 
and column (b) gives the output axer fuzzy C-
means (FCM). Column (c) corresponds to the 
cluster that contains the lesion, and column (d) 
is bitwise stripped-out target area post-mor-
phological applicaLon. Cluster Type: Results 
for the first three images show that K = 4 pro-
duced the highest accuracy for lesion segmen-
taLon, as K = 3 failed to separate the lesions 
from the surrounding background. On the 
other end, using (K ≥ 5) clusters yielded over-
segmentaLon as well, leading to a lesion being 
split into several regions connected in between 
and with the background. Conversely, for the 
fourth image, five clusters (K = 5) yielded the 
ideal segmentaLon result, but K = 4 could only 
parLally disLnguish the lesion from surround-
ing Lssues, and all higher cluster numbers re-
sulted in over-segmentaLon. These results sug-
gest that the opLmal number of clusters de-
pends on the image properLes and lesion char-
acterisLcs; K = 4 fits be{er to three out of four 
images, while K = 5 fits be{er to one image. 
 
Histogram-Based Segmentation Results 
To improve the visibility and extracLon of the 
damaged area, histogram equalizaLon was 
used as a segmentaLon technique to increase 
the contrast between the lesion region and 
surrounding Lssues. Figure 8 presents the cor-
responding segmentaLon results obtained 
from this step. 
In Figure 8, column (a) represents the en-
hanced image input into the processing sys-
tem, while column (b) represents the image af-
ter histogram equalization. Column (c) shows 
the region corresponding to the affected area 
following the segmentation process using 
Otsu's automatic thresholding method (gray 
thresh), whereas column (d) depicts the af-
fected area after the application of several 
morphological operations to eliminate small 
artifacts and refine the lesion boundaries. 
 
Hybrid Technique 
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In this paper, we describe a hybrid image seg-
mentation method based on histogram equali-
zation and Fuzzy C-Means (FCM) clustering. In-
itially, contrast is increased on the whole image 
with histogram equalization, and the lesion re-
gion becomes more visible. This augmented 
image is then fed into the FCM for image seg-
mentation. For the first three images, 4 clus-
ters were chosen because they showed the 
best separation of lesion and background. 
However, the fourth image required five clus-
ters to create a more accurate representation 
of the lesion since fewer clusters did not sepa-
rate the lesion from surrounding tissues. Post-
processing of the lesion cluster using morpho-
logical operations for small artifact covering 
and better boundary continuity. The profi-
ciently performed hybrid technique integrates 
image enhancement with fuzzy clustering by 
outperforming the conventional methods to 
extract lesions while saving time for processing 
time. Figures 9 and 10 display the segmenta-
tion results of the proposed hybrid technique. 
The area raLo of the affected region for each 
image was determined by calculaLng the area 
of the extracted region. This process involved 
calculaLng the full area of the lesion extracted 
via segmentaLon methods; Table 3 presents 
the calculated surface area for the lesion im-
ages. 
The lesion region was extracted by applying a 
series of morphological operaLons. IniLally, 
"Opening" and "Closing" operaLons were per-
formed using structuring elements ranging 
from 2 to 4 pixels in size to remove small, un-
wanted objects. Subsequently, a "Small Object 
Removal" process was applied to eliminate 
noise and insignificant regions. Finally, the le-
sion region was isolated and extracted to ob-
tain a precise representaLon of the lesion, 
thereby improving segmentaLon quality and 
enhancing the efficiency of subsequent analy-
sis stages. 
 
Manual Radiologist DelineaLon 
All images under study were manually seg-
mented by a radiologist. The segmented re-
gions were extracted, and their surface areas 
were calculated to serve as ground truth for 
evaluaLng the performance of the imple-
mented segmentaLon methods. Figures 11 il-
lustrate the results of this step for dental im-
ages containing lesions. 
The calculated surface area for the areas 
specified by the denLst is presented in Table 4. 
The surface area of the lesion sites that the ra-
diologist manually recognized is shown in Table 
4. The performance of the suggested segmen-
taLon techniques was assessed using these 
measures as the ground truth, and the relaLve 
difference between the segmented findings 
and the manually recognized lesions was 

computed. The percent relaLve differences of 
the surface area for the extracted abnormal re-
gions for tumors concerning the radiologist de-
lineaLon were calculated according to the 
equaLon: 

 
The results of this step are presented in Table 
5. 
The percentage of relaLve deviaLons between 
the reference areas manually drawn by the ra-
diologist and the lesion areas recovered by the 
applied algorithms is shown in Table 5. The 
findings show that all approaches yielded very 
minor variaLons, indicaLng strong agreement 
with the radiologist's observaLons. In most 
cases, the Fuzzy C-Means algorithm produced 
the smallest relaLve differences among the as-
sessed techniques, whereas the hybrid ap-
proach showed somewhat larger discrepan-
cies. The efficacy of the suggested segmenta-
Lon techniques for lesion extracLon from pan-
oramic dental radiographs is generally con-
firmed by the low percentage results. 
The compuLng Lme needed for lesion segmen-
taLon using the suggested hybrid approach 
and the tradiLonal Fuzzy C-Means (FCM) tech-
nique is contrasted in Table 6. The findings 
demonstrate that for every examined image, 
the suggested hybrid approach consistently 
needed less processing Lme than the tradi-
Lonal FCM algorithm. The use of histogram 
equalizaLon prior to the clustering stage, 
which improves the distribuLon of intensity 
values and increases image contrast, is respon-
sible for the decrease in processing Lme. These 
findings show that the suggested hybrid archi-
tecture increases compuLng efficiency while 
maintaining acceptable segmentaLon perfor-
mance. 
	
Conclusion	
This study used segmentaLon approaches 
based on thresholding and clustering to pro-
pose an efficient framework for extracLng le-
sion patches from X-ray images. Following sev-
eral preprocessing steps, such as image crop-
ping, Gaussian filtering, and contrast adjust-
ment, the proposed methodology used four 
techniques for lesion segmentaLon: K-means 
clustering, Fuzzy C-Means (FCM), histogram 
equalizaLon, and a hybrid approach that com-
bined Fuzzy C-Means and histogram equaliza-
Lon. Morphological methods were then used 
to precisely extract the lesion area, delete ex-
traneous regions, and remove noise. Image 
quality assessment findings revealed that the 
preprocessing stage effecLvely contributed to 
boosLng image quality, demonstraLng noise 

reducLon while keeping the features and ana-
tomical structures needed for the segmenta-
Lon procedure. ComparaLve results further in-
dicated that the hybrid method achieved the 
best performance among all the methods stud-
ied, recording the lowest relaLve difference, 
0.08%, when comparing the largest lesion area 
against the physician's reference delineaLon, 
while maintaining high accuracy across the re-
maining images. Furthermore, the hybrid ap-
proach struck a compromise between compu-
taLonal efficiency and result quality by achiev-
ing a notable reducLon in execuLon Lme when 
compared to the convenLonal fuzzy C-means 
algorithm while maintaining a high degree of 
segmentaLon accuracy. Based on the collected 
results. It can be concluded that integraLng 
contrast enhancement techniques with clus-
tering algorithms, followed by morphological 
processing, provides a robust and effecLve 
framework for extracLng lesion regions in X-
ray images. Furthermore, the proposed meth-
odology holds significant potenLal to support 
computer-aided diagnosis systems by improv-
ing the accuracy, consistency, and efficiency of 
lesion detecLon in X-ray images. 
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Figure 1. Block diagram of the proposed work. 
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Table 1. DescripLon of the adopted dental X-ray images, including lesion type, acquisiLon source, and image size. 
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Figure 2. Input images of dental x-ray: (a) before background cu|ng, (b) axer background cu|ng and removing any extra parts. 
	

 
Figure 3 displays the lesion's dental X-ray images: (a) shows the image axer the Gaussian filter was applied, and (b) shows the picture axer contrast 
adjustment. 
	
 
Table 2. Image quality metrics for Gaussian filter and contrast enhancement. 

Image MSE (G) PSNR (G)   SSIM (G)      MSE (C)      PSNR (C)      SSIM (C) 
Lesion 1 0.00051218 32.9058  0.9041 0.0024 26.2757 0.9082 
Lesion 2 0.00060033 36.2161  0.8789 0.0018 27.3701 0.9416 
Lesion 3 0.00052964 32.7602  0.9339 0.0028 25.5368  0.9727 
Lesion 4 0.00037272 39.8504  0.9803 0.0031 26.0913 0.9572 
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Figure 4. Results of implemenLng K-means clustering with five clusters. (a) enhanced image, (b) image axer applying the K-means algorithm, (c) the 
cluster of the infected region, and (d) the final extracted infected region. 

 
Figure 5. Results of implemenLng K-means clustering with four clusters: (a) enhanced image, (b) image axer applying the K-means algorithm, (c) the 
cluster of the infected region, and (d) the final extracted infected region. 
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Figure 6. Results of implemenLng FCM clustering with four clusters: (a) enhanced image, (b) image axer applying FCM, (c) the cluster of the infected 
region, and (d) the final extracted infected region. 

 
Figure 7. Results of implemenLng FCM clustering with five clusters. (a) enhanced image, (b) image axer applying FCM, (c) the cluster of the infected	
region and (d) the final extracted infected region. 
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Figure 8. Segmentation of the lesion region using histogram-based intensity separation. 
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Figure 9. Results of applying hybrid clustering with four clusters. (a) Image axer histogram equalizaLon; (b) axer applying Fuzzy C-Means; (c) the 
cluster containing the lesion; (d) the finally extracted affected region. 

  
Figure 10. Results of implemenLng hybrid clustering with five clusters. (a) Image axer histogram equalizaLon; (b) axer applying Fuzzy C-Means; (c) 
the cluster containing the lesion; (d) the finally extracted affected region. 
	
	
Table 3. Calculated surface area for the specified regions using the employed methods.  

 Images k-means FCM histogram equaliza-
Lon 

Hybrid 

Lesion1 1086 1077  1085 1082 

Lesion2 861 862 870 863 

Lesion3  1884 1888 1901 1899 

Lesion4 1159 1152  11608 1158  
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Figure	11. Physician's idenLficaLon of the lesion areas following the applicaLon of certain image processing funcLons. 
	
	
Table 4. Calculated surface area for the areas idenLfied by the denLst. 

Calculated surface area of the areas specified by the denLst (pixels) 
Les1 Les2 Les3 Les4 
1080 865 1896 1157 

 
Table 5. Percentages of relaLve differences for the extracted lesion when applying the proposed methods versus boundary delineaLon by a radiolo-
gist. 
 

                                                               percent RelaLve Differences (%) 
Images k-means (%) FCM (%) histogram equali-

zaLon (%) 
Hybrid (%) 

Les 1 0.47 0.27 0.55 0.18 
Les 2 0.46 0.34 0.57 0.23 
Les 3 0.63 0.42 0.85 0.15 
Les 4 0.17 0.43 0.95 0.08 

  
	
Table 6. The elapsed Lme and the percent relaLve reducLon Lme of the hybrid technique for images. 

Images    FCM Time (s)  Hybrid Method Time (s) 
Les1 47.845384 18.583824 

Les2 46.23721 27.637052 

Les3 49.23721 9.1351853 

Les4 33.247834 13.363462 

	
	
	


