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Abstract-Osteoporosis is a common health problem that affects 

one-third of women over the age of 50 and it may not be detected 

until bone fractures occur. Osteoporosis is low bone mass and 

microarchitectural deterioration of bone tissue, which affects 
bone fragility and raises fracture risks. Early mandible bone 

osteoporosis detection could help reduce the risk of jaw fracture 

and dental implant failure. To solve this problem, a diagnostic 

algorithm for automatic detection of osteoporosis in Cone-Beam 

Computed Tomography (CBCT) images is presented and 120 

mandible CBCT images of 50-85 year-old women have been 
utilized. These images are classified into two classes: normal and 

osteoporotic. Their classification is based on the T-score which 

derives from the Dual-Energy X-ray Absorptiometry (DEXA). 

The proposed algorithm consists of image processing, feature 

extraction, and Artificial Neural Network (ANN) classification. 

Images are segmented and edges are detected. Then, texture 

features are extracted from the segmented regions. Finally, a 
feed-forward back-propagation ANN classifier is employed. 

Seven parameters were involved in the experiment data 

preparation as input: coarseness, contrast, direction, number of 

edges, length of edges, mean length of edges, and the number of 

edge pixels. The results demonstrate the effectiveness of the 

proposed method. With the help of the proposed method, dentists 

will be able to predict osteoporosis accurately and efficiently 

without the need for further examination since CBCT has been 

widely accepted in dentistry and the dentist is the most common 
health care professional that elderly visit regularly. 

Keywords-artificial intelligence; neural network classifiers; 

osteoporosis; cone-beam CT; image processing 

I. INTRODUCTION  

Osteoporosis is the decreased bone mass and 
microarchitectural deterioration of the bone scaffold, leading to 
bone fragility and enhanced susceptibility to fractures [1, 2]. 

The golden standard measurement of Bone Mass Density 
(BMD), or aspects related to bone structure is DEXA [3]. 
Osteoporosis is common in the elderly whereas the dentist is 
often the only healthcare professional that they visit regularly. 
In dentistry, early detection is important as patients with 
osteoporosis may suffer from high risk of jaw fracture. Cone-
Beam Computed Tomography (CBCT) has been widely 
accepted in dentistry since its introduction in 1998 [4]. Current 
CBCT devices do not produce grey-scale values not a 
calibrated Housefield Unit (HU) values. However, the values 
differ for different devices as well as on the object placement in 
the imaged Field of View (FOV) [5]. 

Despite the ability to detect bone density and the quality of 
structures, some studies have been conducted on the use of HU 
values in detecting osteoporosis [6, 7]. Authors in [8] used the 
evaluation of alveolar bone changes as a valuable predictor for 
osteoporosis. Mandibular Cortical Index (MCI), Mandibular 
Computed Tomography (MCT), Mental Index (MI), and bone 
loss were assessed from the radiographs. No significant 
relationship was found in the MI between the right and the left 
side at the mental foramen region, and a statistical significance 
between MI and MCI was reported. Authors in [9] found a 
strong correlation coefficient accuracy in predicting 
osteoporosis in the lumbar vertebrae and the femoral neck. 
There finding should be confirmed on other CBCT devices, 
and the cervical vertebrae which rarely appears in CBCT for 
dental matters. Authors in [10] evaluated the validity of CBCT 
for assessing mandibular bone quality using the Klemetti 
classification which was not adequate means of assessing bone 
quality with CBCT. Authors in [11] determined the region of 
interest (RoI) of the condyle mandibular as a biomarker for 
feature extraction and classification of bone conditions. Bone 
Mineral Density (BMD) was classified in two classes, normal 
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and abnormal with results with 88.0% accuracy and 88.0% 
sensitivity. Authors in [12] found that there is no relationship 
between the right and the left side at the mental foramen 
region. Also, there was a statistical significance between MI 
and MCI. Authors in [13] observed a positive correlation of 
spine BMD in the right and left mandibular CT values and HU 
measurements. The study didn’t conclude an accurate unique 
value for detecting osteoporosis. Authors in [3] found that it is 
possible to predict the osteoporosis through the Radiographic 
Density (RD) related to the body of C2 and the left lateral mass 
of C1 more accurately than from other areas. The techniques 
are strict and hard to implement and the study didn’t conclude 
to an accurate unique value for osteoporosis detection. Authors 
in [14] found that the risk of osteoporosis is significantly 
affected by the bone density of mandibular condyle, age, and 
gender. Each of the discussed above studies achieved a certain 
goal, but did not conclude to an accurate value to surely detect 
osteoporosis from mandible CBCT without the need of a 
DEXA scan. 

This approach intends to design and implement image 
analysis and AI algorithms in order to specify feature values in 
CBCT with the main purpose of detecting osteoporosis, by 
selecting mandibular RoIs from CBCT images. The images are 
enhanced by processing on all RoIs followed by segmentation 
and feature extraction. These features are the potential features 
of the osteoporosis predictor. Finally, the selected features will 
be used as input for classifying the patients into two classes 
(healthy or osteoporotic) using Back Propagation Artificial 
Neural Networks (ANNs). 

II. PROPOSED METHOD 

The algorithm proposed in this paper is designed for 
automatic detection of osteoporosis in CBCT images. The 
system consists of six steps: (a) Input the DICOM image, (b) 
Image Preprocessing, (c) Extraction of image features, (d) 
Recognition using ANN classifier, (e) Detection of 
osteoporosis. Figure 1 shows the overall system architecture.  

 
Fig. 1.  Architecture of the proposed algorithm. 

A. Input Image 

Image acquisition is the process of obtaining a mandible 
slice were both foramina appear simultaneously on the coronal 
views (the green line in Figure 2). This is checked by 
navigating through all the CBCT image slices. 

B. Image Preprocessing 

Image preprocessing is a required preparatory step to 
ensure the high accuracy of the subsequent steps. Preprocessing 
becomes necessary because most of real life data are noisy, 
inconsistent, and incomplete [15]. Preprocessing in a bone 
image is a crucial initial step before texture analysis is 

performed. DICOM images pass through the preprocessing 
steps which include noise removal and the elimination of 
redundant information as much as possible. Images were taken 
from a CS8100 3D machine, 75kvp and 4mAs. Figure 3 shows 
the block diagram of image preprocessing. This sub section 
describes the steps of image preprocessing. 

 

 
Fig. 2.  Mandible slice with both foramina appearing simultaneously. 

 

 
Fig. 3.  Block diagram of image pre-processing steps. 

1) Gray Scale Image Conversion 

In image recognition applications such as medical image 
analysis, it is common to convert the input images to grayscale 
since grayscale features have a good impact on recognition 
performance. The considered images in the proposed method 
are grayscale images. The method starts by reading an indexed 
mandible image I with RGB color map and converts it to a 
grayscale color map image by removing the hue and saturation 
features while retaining the luminance. The conversion 
function ᶃ	 takes a ������color image and converts it to a ���� 
representation. R values are assumed to be [0-1]. R, G, and B 
channels represent linear without gamma corrected features. 
The function is defined as follows: ᶃ�	
��
��� � 0.3	�� � 0.95	�� � 0.11	��    (1) 

Here, Luminance is the standard algorithm where it is 
implemented by MATLAB's rgb2gray() function. To enhance 
the gamma from the image due to light inconsistency in the 
image, the equation can be rewritten as follows: 

ᶃ��������� � 1 100 !116	 ∗ $!%& ' (&    (2) 
The function  ᶃ��������� is a nonlinear transformation [16] 

which increases the Lightness to be more closely related to 
human perception. In our experiments c=16. f(y) is defined as: % � 0.2126	�� � 0.7152	�� � 0.0722	��    (3) 

and 
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$!%& � + %,-, % / ! 012&�3� ∗ 4120 51 ∗ % � 612 , 789:;<=>:    (4) 
As a result, the image f(y) is a normalized Lightness image 

in the range [0-1]. 

2) Filtering 

Acquired medical images’ visibility is often affected by 
light scattering. In order to detect and remove poor visibility in 
cone beam images, filtering process has an effective method for 
visibility enhancement from a single gray cone beam image. 
Visibility enhancement techniques of degraded images are 
classified into three main classes: histogram equalization [17], 
discrete wavelet transform [18] and Retinex method [19, 20]. 
The Retinex method was developed in [20] and relies on the 
fact that color saturation has little or no correspondence with 
luminance variation. Retinex is a well-known method used in 
image enhancement. It analyzes the illumination reflectance 
model of image via the following equation: �!?, %& � @!?,%&	A!?, %&    (5) 
where I is the gray scale image, L is the illumination and R is 
the reflectance of point lines in (x, y) position. The goal of the 
Retinex method is to eliminate the L while retaining the 
reflectance component R. It improves the low-contrast images 
of typical poor visibility conditions via the mathematical 
equation: A!?, %& � @7B	�!?, %& ' @7B	C!?, %& ∗ 	�!?, %&   (6) 
where R(x, y) represents the Retinex, I(x, y) is the image 
distribution and ‘ ∗ ’  is the convolution operator. C!?, %& 	�	F:G!�H	I	JH&/�H  is the Gaussian function with c being a 
constant equal to 16. A small value of c results in a narrower 

surround. K is selected such that ∬C!?, %&	M?	M%	 � 	1. The 
result of filtering would be like the example shown in Figure 4.  

 

 
Fig. 4.  Image after filtering. 

3) Canny Edge Detection 

Canny edge detection is a standard edge detection 
technique. Since its creation by John Canny at MIT in 1983, it 
still outperforms many newer algorithms [21]. The algorithmic 
steps for canny edge detection technique are: 

• Smooth image f(r, c) with a 5×5 Gaussian filter as given by: N′!?, %& � �!?, %& ∗ 	N!?, %&    (7) 

where N!?, %& � 31	PQ	H :	G RHHSH	  is the Gaussian function 

with	T � U1 ' 6V. 
• Get the first derivatives in horizontal (Gx) and vertical 

direction (Gy). From these two images, we can find edge 
gradient and direction for each pixel as follows: 

N	�W��	�X
W���� � YN�1 � NJ1    (8) 
and 

N	W�X����Z� � 8[\	G3!�]�R&   (9) 
Gradient direction is always perpendicular to the edges. It is 

rounded to one of four angles representing vertical, horizontal 
and two diagonal directions. 

• Apply non-maximal or critical suppression to the gradient 
magnitude. 

• Apply threshold to the non-maximal suppression image 
[22]. 

Figure 5 shows the image of Figure 1 after applying Canny 
edge detection. 

 

 
Fig. 5.  Image after Canny edge detection. 

4) Segmentation 

Image segmentation is the process of partitioning a digital 
image into multiple regions or sets of pixels.  

 

 
Fig. 6.  The segmented mandible image. 

We employed a segmentation method based on image 
histogram projection and Otsu threshold [23] to produce a set 
of regions that cover the entire mandible bone image and a set 
of contours extracted from the image. After digitally 
segmenting the image to extract the inner trabecular bone, it 
will look like the one illustrated in Figure 6, where only the 
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RoI for the test is left, while all outer region pixels are 
removed. The basic idea of Otsu thresholding is examining the 
optimal or several optimal grayscale values for splitting the 
inner trabecular bone as RoI in a mandible bone image from 
the background based on their grayscale histograms. The 
histogram of the image I with size N×M is calculated using two 
main features: the gray level of a pixel $!?, %& and its local 
average gray level: 

B!?, %& =
3

��
∑ ∑ $!? + =, % + _&�

`ab
�
�ab . 

The histogram of the image is defined using probability 
measure as follows: 

c�` =
Xde
���

	    (10) 

where rij is the total number of occurrence of image points (i,j) 
in image I, and 	=, _ = 0, 1, . . , L-1. Here, L represents the 
number of divergent gray scales and  ∑ ∑ !c	�`& � 1�G3

`ab
�G3
�ab . The 

pixels in the image are classified into two main classes C0 and 
C1 to represent background and objects respectively via 
probabilities of class occurrence 	f  and class means g  as 
follows: (h[>>	1 → fb!>, 8& = ∑ ∑ c	�`�G3

`ab
�G3
�ab     (11) 

(h[>>	2 → f3!>, 8& = ∑ ∑ c	�`�G3
`ab

�G3
�ab    (12) 

where s and t are threshold values determined from image 
histogram, i.e. s=maximum (gray scale values), t=maximum 
(local average gray scale values). The intensity mean value 
vectors of the two classes and the total mean vector can be 
expressed as follows: 

gb!gbb , gb3&	j = [	∑
k!�,J&∗lde

m	n
	 , ∑

�!�,J&∗lde
m	n

�G3
`ab

�G3
�ab ]	j    (13) 

g3!g3b, g33&	j = [	∑
k!�,J&∗lde

m	,
	 , ∑

�!�,J&∗lde
m	,

�G3
`ab

�G3
�ab ]	j    (14) 

and saved into the vector: gjaUgbb, gb3 , g3b , g33]	j    (15) 

Finally, the desired threshold vector [s, t] is selected by 
maximizing the trace of inter class matrix 	as follows: 

o	p � ∑ 	3qab 	mr∗!srGst&	H
	mn∗!3G	mn&

    (16) 

C. Feature Extraction 

Feature extraction is one of the most crucial steps for 
osteoporosis recognition from the mandible CBCT image. 
Hence, an extra care was taken to look for the most important 
trabecular bone texture features that can assist the investigation 
of the under study classification. To describe the mandible 
CBCT image’s texture properties, Tamura [24] suggested six 
different texture properties: Coarseness, Contrast, 
Directionality, Line-Likeness, Regularity, and Roughness. In 
most cases, the first three features are used because these 
features capture the high-level attributes of a texture and are 
also useful for the browsing of images [25]. 

1) Trabecular Bone Texture Features 

The important structure parameters to be measured in this 

part include seven parameters namely trabecular nodes, 
trabecular termini, and trabecular separation, trabecular 
spacing, trabecular number, trabecular thickness, and bone 
volume ratio [26]. Some of these features are illustrated in 
Figure 7. 

 

 
Fig. 7.  Bone structure parameters. (A) Trabecular nodes, (B) trabecular 

termini, (C) trabecular separation, (D) trabecular spacing, and (E) trabecular 
thickness. 

The seven criteria shown in the qualitative comparison for 
the trabecular bone structure between normal and osteoporotic 
bone are shown in Table I.  

TABLE I.  NORMAL AND OSTEOPOROTIC BONE COMPARISON 

Features Normal Osteoporotic 

P1 Trabecular nodes (Tb.Nd) High Low 

P2 Trabecular termini (Tb.Tm) Low High 

P3 Trabecular separation (Tb.Sp) Low High 

P4 Trabecular spacing (Tb.Sc) Low High 

P5 Trabecular number (Tb.N) High Low 

P6 Trabecular thickness (Tb.Th) High Low 

P7 Bone volume over total volume (BV/TV) High Low 

 

2) Hybrid Feature of Tamura Texture based Extraction 

Method 

Coarseness, contrast, direction, number of non-zero pixels, 
length of edges, number of edges, and mean edge length, are 
good indicators of the bone parameters mentioned above. If the 
bone has a low Tb.Nd, Tb.N, Tb.Th, and BV/TV and high 
Tb.Tm, Tb.Sp and Tb.Sc then coarseness, contrast, direction, 
length of edges, and mean edge length will be high and the 
number of non-zero pixels and the number of edges will be 
low, which is an evidence of osteoporosis presence. If the bone 
has high Tb.Nd, Tb.N, Tb.Th, and BV/TV and high Tb.Tm, 
Tb.Sp and Tb.Sc then coarseness, contrast, direction, length of 
edges and mean edge length will be low, the non-zero pixels 
and the number of edges will be high which means a normal 
bone case. Coarseness, contrast and direction are evaluated by 
applying the extension of Tamura texture features for 3D 
images [27]. The 3D Tamura includes coarseness, contrast, and 
direction. 

a) 3D Tamura Coarseness 

Its computation follows the same steps as in the 2D case, 
but another dimension is added to the first step, for each point 
(x, y, z), as in (17):  

uh!?, %, v& = 3

1-w
∑ x∑ $!?, %, v&JI
G3

`aJG
 y�I
G3
�a�G
     (17) 
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where m=2e−1 and e determines the size of the neighborhood, 
that is 2l × 2l × 2l. 

This part of the algorithm depends on the size of particular 
images. In the second step of computing 3D Tamura 
coarseness, take the differences by the same way as in 2D case 
but for three directions instead of two, calculated by the 
equations 18, 19, and 20 for the x-axis, y-axis, and z-axis, 
respectively. z�,� 	� |u�!?	 � 2�G3, %, v& ' u�!?	 ' 2�G3, %, v&|    (18) z�,| 	� |u�!?, %	 � 2�G3, v& ' u�!?, %	 ' 2�G3, v&|    (19) z�,} 	� |u�!?, %, v	 � 2�G3& ' u�!?, %, v	 ' 2�G3&|     (20) 

b) 3D Tamura Contrast  

The algorithm for contrast is applicable on images of any 
dimensionality, and the feature from Tamura's set can be 
derived in the 2D case by simply adding another dimension. 
Tamura contrast in 3D is used in the same way as it was 
presented for the 2D case. 

c) 3D Tamura Directionality  

3D Tamura directionality cannot be derived straight 
forwardly in the 2D case. First, it is needed to form convolution 
kernels to compute the derivation in three directions along the 
three axes as shown in Figure 8.  

 

 
(a) (b) (c) 

Fig. 8.  Convolution kernels (a) kernel X, (b) kernel Y, and (c) kernel Z. 

These kernels are used to create derivatives in the x-axis 
(∆X), y-axis (∆Y), and z-axis (∆Z) by convolution with the 
input image. Then following are calculated: 

~3 � tanG3 ∆�∆� � P1    (21) 
~1 � tanG3 ∆�∆� � P1    (22) 
	~� � 8[\G3 ∆�∆� � P1    (23) 

Then the 16 bin histogram is created with each of n values, 
where n ϵ<1, 2, 3>. Then the final result is acquired in the same 
way as in the 2D case. Four more parameters were suggested 
and calculated by the authors, namely the number of non-zero 
pixels, the length of the edges, the number of the edges, and the 
mean edge length. These features will be used as the input 
parameters for the ANN classifier, whose output would classify 
the patient as having osteoporosis or not. The ANN will be 
trained according to the steps described below. 

D. The BP-NN Classifier 

Many methods such as K-Nearest Neighbor (KNN), 
Support Vector Machine (SVM), or ANNs can be used for 
classification. In this work, an ANN will be implemented as the 

classifier with back propagation training algorithm based on the 
deepest-descent technique. The applied ANN is able to 
minimize the error of nonlinear functions of high complexity, 
and is provided with a suitable number of hidden units [28]. 

1) The Proposed Diagnosis Model 

A feed-forward Back Propagation ANN (BPANN) is 
proposed to perform the classification for the diagnosis of 
osteoporosis. The BPANN consists of three layers: an input 
layer, one hidden layer, and an output layer. Fifteen hidden 
layer neurons are created and trained. The input and target 
samples are randomly chosen and automatically divided into 
60% for training, 40% for validation and test sets. Sigmoid 
signal is selected as the activation function. The sigmoid 
function is a non-linear S-shaped curve function which is 
suitable for classification problems. It is a strictly increasing 
function. The input layer neuron number is determined by the 
number of features selected. The input neurons correspond to 
the seven input features (P1 to P7 of Table I). The number of 
neurons of the output layer is determined by the number of 
expected targets, which can take only two values in the 
proposed work, namely either 1 or 0 corresponding to the 
osteoporosis test which can be either positive or negative. The 
number of hidden neurons is determined by the Hecht-Nielsen 
theorem [29] which states that any continuous function can be 
represented by a neural network that has only one hidden layer 
with exactly 2n+1 nodes, where n is the number of input nodes. 
The proposed ANN is shown in Figure 9. 

 

 
Fig. 9.  Architecture of the BPANN (7:15:1) 

2) Learning Methods of the BPANN 

Supervised learning is implemented during the learning 
process. In this process, the expected output is already 
presented to the network. The collected data, in which the 
patient is already known as either an osteoporosis case or not 
are divided into two groups, one is used for training the ANN 
and the other is used for testing the trained network [30]. 
MATLAB is used as the computation tool for the training and 
implementation of the classification phase. The summary of the 
network components and parameters for the ANN classifier are 
listed in Table II. 

TABLE II.  ARCHITECTURE AND PARAMETERS OF THE ANN 

Architecture (BPANN classifier) 

Number of input neurons, n 7 

Number of hidden layers 1 

Number of neurons in hidden layer, m 15 

Number of output layer neurons 1 

Activation function Sigmoid 

Learning method (rule) Back-propagation 

Learning rate, α 0.1 

Number of iterations (epochs) 32 

Measurements Cross-Entropy 
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III. EXPERIMENTAL RESULTS 

The extracted feature names and meanings for the involved 
data in the experiment for the mandible CBCT images that are 
practically used in the experimentation on the proposed scheme 
are shown in Table III. 

TABLE III.  DEFINITIONS OF THE USED INPUT VARIABLES  

Input parameter Feature 

P1 Coarseness 

P2 Contrast 

P3 Direction 

P4 Number of edge pixels 

P5 Length of edges 

P6 Number of edges 

P7 Mean edge length 
 

The proposed method has been implemented using 
MATLAB 2018b. The database contains 120 CBCT images, 
organized in two classes, each consisting of 60 images, Normal 
and Osteoporotic. Seventy two images were used for training 
and 48 were used for testing. Table IV is the confusion matrix 
for the proposed BPANN classifier.   

TABLE IV.  CONFUSION MATRIX FOR CLASSIFICATION 

N=48 
Prediction: 

Healthy 

Prediction: 

Osteoporotic 
Total 

Actual: Healthy TN=23 FP=1 24 

Actual: Osteoporotic FN=0 TP=24 24 

Total no. of images 23 25 48 

TN: True Negative, FN: False Negative, TP: True Positive, and FP: False Positive 

 

To evaluate the performance of the classifier, basically 
three metrics can be used, namely precision, recall, and 
accuracy. These measures are defined below. 

Accuracy � 	������	��	���������	����������	�.�����	��� ���	�����	������	��	�������	��� ��� 	  (24) 
Precision	 � 	�����	 �����¦��	�����	 �����¦��I§����	 �����¦�� 0 ¨ 	P	 ¨ 1   (25) 

Recall � 	�����	 �����¦��	�����	 �����¦��I	§����	������¦�� 0 ¨ R	 ¨ 1   (26) 

Evaluating accuracy, precision, recall, and F1-score for the 
BPANN classifier using the above equations resulted in the 
values summarized in Table V. The classifier converged in 35 
epochs.  

TABLE V.  BPANN CLASSIFIER PERFORMANCE 

Testing sample 

percentage 

Accuracy 

(A) 

Precision 

(P) 

Recall 

(R) 
F1-score 

40% from the 

dataset. 
97.917% 0.96 1 0.97959 

 

Applying the ANN to distinguish between healthy and 
osteoporotic persons resulted to almost 98% successful 
classification rate of the testing set. Table VI lists the training 
state values (the cross entropy) as a function of the number of 
iterations. These state values are clearly shown in Figure 10, 
which shows that the best validation performance occurs at 
2.8548e-007 at epoch 35, which is the lowest possible value in 
our calculations using MATLAB. 

TABLE VI.  CROSS-ENTROPY VALUES FOR NUMBER OF EPOCHS 

Number of epochs Training Validation Testing 

5 0.03862 0.02563 0.03862 

10 0.005012 0.001818 0.003238 

15 0.0007033 0.0002521 0.0004626 

20 9554e-05 2.27e-05 6.118e-05 

25 1.294e-05 3.229e-06 7.279e-05 

30 1.853e-06 3.601e-07 1.169e-06 

35 9e-09 5.576e-08 9e-09 

 

 
Fig. 10.  Cross-entropy calculation as a function of the number of epochs. 

IV. CONCLUSION 

As CBCT images are inevitably used by dentists to evaluate 
the bone adequacy for dental implants, the proposed algorithm 
is designed to utilize the mandible trabecular bone properties 
found in these images for the early detection of osteoporosis. 
The experimental data set consists of 120 CBCT image slices 
obtained anonymously from local CBCT radiology centers. 
The performance of the suggested feed forward BPANN 
classifier was measured by precision, recall, and accuracy 
which were 0.96, 1, and 97.917%, respectively. It is worth 
mentioning that with the help of the proposed scheme, dentists 
will be able to predict osteoporosis accurately and efficiently. 
This would aid the effort of reducing the risk of jaw fracture 
and dental implant failure as well as reduce the cost of DEXA 
examination, medicines, and patient inconvenience. The 
scheme can be modified or improved in many ways. 
Improvements may be achieved through the acquisition of an 
algorithm that can be used to estimate the degree of 
osteoporosis, and an algorithm that can be used to unify the 
efforts for producing homogeneous and matched features when 
CBCT images of different sources and specifications are used.  
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