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ABSTRACT
Background: Low bone mineral density and micro-architectural degradation of bone tissue describe osteoporosis, as a bone
disease, which increases the risk of fracture. Osteoporosis can be identified, amongst other modalities such as Dual-Energy
X-ray Absorptiometry (DXA), by looking at 2D x-ray images of the bone. Through visual clue analysis on trabecular bone
structure, dental panoramic radiography (DPR) images provide a relatively affordable tool for evaluating bone density
change. To improve diagnostic process and avoid misdiagnosis of medical images, Artificial Intelligence (AI) models
especially Convolutional Neural Network (CNN) are employed to manipulate and interpret visual medical data.
Objective: The paramount goal of this paper is to provide a performance review and classification accuracy comparison of
swarm fuzzy classifier approach and a convolutional neural network with VGG-16 pre-trained model approach on dental
panoramic radiograph for osteoporosis classification.
Results: The experimental results showed that using CNN with transfer learning pre-trained achieved the accuracy of 84%.
The results gotten from the swarm fuzzy classifier indicated a performance classification result to be 98%, for the diagnosis
of a low BMD or osteoporosis.
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INTRODUCTION

Every year, millions of people are affected by osteoporosis,
the most common bone disease. Osteoporosis is a skeletal
illness marked by a loss of bone mass and a deterioration
of bone architecture [1]. It's linked to cortical bone
thinning and increased porosity, as well as impaired
connectivity of trabecular bone structures, all of which
enhance the risk of fracture and fragility of bone. Bone
Mineral Density (BMD), for osteoporosis classification are
majorly evaluated by dual-energy X-ray absorptiometry
(DXA) and it is identified as the gold standard for
identifying osteoporosis. However, they are expensive and
have limited availability in the population. Although bone
mineral density (BMD) is an important metric for the
prediction of fracture, it is a generic component that
cannot tell the distinguish from trabecular and cortical

bones neither can they forecast to certainty about the
internal structure of bone [2]. Dental radiography, on the
other hand, is an excellent tool for observing changes in
the mandibular cortex and trabecular bone. Recently, a
growing number of studies have established the viability
of estimating BMD using relatively low-cost panoramic
radiography [3,4] investigates the relationship between
DXA measures and several densitometry and linear
parameters such as mandibular cortical thickness and
panoramic mandibular index.
Vlasiadis et al. and Leite et al. [5,6] confirm the possibility
of employing mental index, mandibular cortical index, and
visual estimation of cortical as osteoporosis predictors,
and verify the associations of numerous panoramic radio
morphometric indices with lumbar spine and hip BMDs.
Another interesting option for osteoporosis evaluation is
image feature information from trabecular bone.
The use of computer-assisted image processing to assess
and evaluate bone architecture immediately from a dental
panoramic radiograph (DPR) can save time and money [7].

Journal of Research in Medical and Dental Science 
2022, Volume 10, Issue 1, Page No: 193-197 
Copyright CC BY-NC 4.0
Available Online at: www.jrmds.in
eISSN No.: pISSN No.2347-2545

JRMDSJourn
al

 o
f 

Re
se

ar

ch
 in Medical and

D
ental Science

Journal of Research in Medical and Dental Science | Vol. 10 | Issue 1 | January-2022 193



Various regression models for osteoporosis have been
developed previously [8]. However, in order to forecast
the link between illness risk and each risk factor, these
models require substantial assumptions. In recent years,
classifier systems based on cortical or trabecular bone
features have been developed such as Multilayer
perceptron, Bayes classifier, Multilayer Feed-Forward
Neural Network, Support Vector Machine (SVM).

MATERIALS AND METHODS

Deep learning feature selection

Datasets collected come with a number of features. These
features are necessary for a deep learning model to
perform classification, each feature (independent
variable) have some correlation to the target variable
(dependent variable). However, situation may occur
when the dataset consists of irrelevant features which
will in turn hinder the classification performance of the
machine learning model. Hence, the goal of feature
selection process is given a dataset of size n which is
described by m features (m dimensions), to find the
minimum number of m dimensions that will describe the
dataset as much as the original set of attributes do
without losing the original semantics of the dataset [9].

Swarm fuzzy classifier approach

Between February 2007 and April 2012, 141 female
patients aged 45 to 92 years old visited Kyungpook
National University Hospital in Daegu, Korea, for the
study proposed by [9]. During their visit, each participant
had their digital DPR and BMD evaluated. Based on
lumbar spine BMD, 120 patients were classified as
osteoporosis negative while 21 patients were classified
with a low BMD and thus, osteoporosis positive. On the
other hand, femoral neck BMD classified 121 patients as
osteoporosis positive and 20 patients to be osteoporosis
negative and hence, having a low BMD. The same digital
panorama equipment was used to capture all of the
digital DPR. Using automatic exposure control, the
voltage was changed between 60 and 70 kV. Images were
saved in a matrix with a resolution of 2972 x 1536 pixels
in a joint photographic expert’s group format.
According to World Health Organization, patients were
classified based on standard T-scores:
• Normal: This indicates 1.0 as T-score,
• Osteopenia: This indicates between 1 and 2.5 as T-

score,
• Osteoporotic: This indicates 2.5 as T-score.
The Institutional Research Board of Kyungpook National
University Hospital gave its approval to the study
protocol [10].
As shown in Figure 1, the inferior mandibular cortical
width (300 X 300 pixels) was measured constantly on
both the right side of the mandibular cortex as well as the
left side of mandibular cortex at every location between
the top and bottom bounds of the cortical bone.

Figure 1: DPR Showing ROI [10].

On DPRs, a computer-aided diagnostic system was used
to measure the trabecular bone pattern of the mandible
[10]. Due to its precision, the region of interest was
defined as the area to the left (250 x 150 pixels) of the
mandible, inferior to the first premolar. In a nutshell,
median filtering, Radon transformation, erosion, and
dilation were used to recover the morphological skeleton
of the trabecular bone from the original image. Finally,
the trabecular bone was divided into one-pixel wide line
segments using an average filter and the usual thinning
procedure, as shown in Figure 2. On the segmented
image, the trabecular fractal dimension was measured,
which is a measure of the trabecular bone structure's
complexity [10].

Figure 2: The original region of interest (a), Skeleton
image (b), Trabecular segments (c) and Thinning of
trabecular segments (d)” [10].

Based on structural anisotropy and mechanical capacities
of the trabecular bone, the following properties were
derived from the segmented image [10]:
• Trabecular width.
• Trabecular number.
• Trabecular separation.
• Trabecular Euler number.
• Trabecular angular orientation.
• Trabecular eccentricity.
In medical diagnostics, Fuzzy classifiers have been shown
to be particularly useful for both quantitative and
qualitative evaluation of medical data, with consistent
findings. A fuzzy classifier is a classification system that
consists of a set of rules and a collection of fuzzy
membership functions (MF) (RS). It is made up of MF-
defined if–then rules that are adopted and executed to
generate the result via the inference process. Partitioning
of the input variables to generate initial MF and RS,
followed by classification using a fuzzy inference system
based on the obtained MF and RS are the key steps in
constructing a classifier for diagnosing a low BMD or
osteoporosis using DPR (Figure 3).
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Figure 3: The block diagram of proposed system [10].

Convolutional neural network with VGG

Deep learning techniques, particularly the design of deep
convolutional neural networks (CNNs), have long been
considered as a reliable way for learning feature
categorization directly from medical images [11]. Deep
CNNs, as opposed to ML techniques that rely on explicitly
categorized features, are a sort of deep neural network
that can learn high-dimensional features to improve the
networks' ability to recognize abnormalities among
images [12]. There are a variety of CNN architectures for
picture categorization and recognition. In each of these
topologies, the number and size of layers, the
connections between these levels, and the overall
network depth are all different. Because different
network topologies are better suited for different
difficulties and it is difficult to forecast which
architecture is the best answer for a specific task in
advance, empirical inquiry is widely acknowledged as the
best method for making these decisions [13].
Although deep CNNs have been identified as effective
image classification tools, they require a lot of training
data, which might be challenging to apply to medical
radiographic image data. Transfer learning is a strong
technique for training deep CNNs without over fitting
when the target dataset is much smaller than the basis
dataset. Retrained models are used in a two-step manner
to accomplish the general process of transfer learning:
• Copying the first n layers of pretrained model to first

n layers of a custom target network
• Randomly initializing the layers of the custom target

network and then training the network on the
suitable end task. The concept of transfer learning
shows that several state-of-the-art resulted in
outperformance in classification of general images
[14] as well as classification of medical image [15,16].

The study by [17] examined 680 DPR pictures from 680
distinct patients at Korea University Ansan Hospital.
Between 2009 and 2018, the patients got skeletal BMD
assessments and digital panoramic radiography
evaluations at the same time. According to World Health
Organization guidelines, the participants were divided
into two groups: non-osteoporosis (T-score 2.5) and
osteoporosis (T-score 2.5). The width and height of the

dental X-ray images gathered ranged from 1348 to 2820
pixels wide and 685 to 1348 pixels high. The photos were
down sampled to a uniform size of 1200 630 pixels using
bilinear interpolation for consistency of image pre-
processing, as shown in Figure 4. For an image size of
700 X 140 pixels, the final ROI was confined to the
bottom region of the jaw, below the teeth-containing
alveolar bone, as shown in Figure 3. This included the
most ROI areas of previous studies [18,19] that used a
variety of classification techniques to index the image
feature properties of a small region of the mandible in
great detail and specifically. By setting the ROI to include
most of the mandible instead of the specific area of it, the
study proposed by [17] assessed the area that plays the
most distinctive function in osteoporosis classification.

Figure 4: Down-sampling and ROI cropping [17].

Classification results

The CNN model of this study was trained using a cross-
entropy loss function on the selected training image
dataset. The architecture of the CNN model is shown in
Figure 5 while the architecture of the CNN model
combined with VGG-16 is shown in Figure 6. It was
observed that the transfer learning, fine tuning VGG16
model with the custom CNN achieved accuracy of
0.840(84%).

Figure 5: CNN model [17].
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Figure 6: CNN Model with VGG-16 [17].

The Genetic Swarm Fuzzy Classifier (GSF) based on the
DPR built in [10] provides diagnostic knowledge and
explanation ability in terms of the most relevant and
interpretable rules with classification performance of
0.986(98%), for the diagnosis of a low BMD or
osteoporosis. The ranges of values of each linguistic term
for every input attribute derived from the MF were
manually examined by oral radiologists [10]. The
structural parameters such as thickness, number and
separation of the trabecular bone were found to be
related to osteoporotic subjects and the reported ranges
of values for identifying a low BMD or osteoporosis [20].
Furthermore, several studies [21] suggested the cut-off
threshold of cortical width as the most appropriate
threshold for referral for bone densitometry and it is also
similar to the ranges of values obtained from MF in the
study by [10].

CONCLUSION

Even though the training dataset is restricted, this review
study supports the effectiveness of transfer learning with
a deep CNN for osteoporosis detection in dental
panoramic radiographs (DPR) images. It also
demonstrates how to use an automated screening
strategy based on a hybrid genetic swarm fuzzy (GSF)
classifier and digital dental panoramic radiographs to
diagnose females with low bone mineral density (BMD)
or osteoporosis.
Experiments revealed that using CNN with pre-trained
transfer learning resulted in an accuracy of 84%. The
findings suggest that the difficulty of a small training
sample of photos was well handled utilizing the correct
deep CNN architectures and transfer learning techniques,
and that DPR images have the potential to be exploited
for osteoporosis prescreening.
According to the results of the swarm fuzzy classifier, the
fuzzy classifier's combination of high accuracy and
interpretation ability allows it to detect a large
percentage of previously undetected low BMD or
osteoporosis at an early stage. With a classification
performance of 0.986, this gives diagnostic knowledge
for the diagnosis of low BMD or osteoporosis (98%).
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