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Abstract

Objectives: This paper develops an algorithm to generate automatically, a feature vector using various statistical texture
features of trabecular mandible from digital Orthopantomogram (OPG). These statistical features are computed using Gray
Level Co-occurrence Matrices (GLCM) of mandible structure. Analysis: For this paper, region of interest is trabecular man-
dible bone present in lower jaw. Mandible Segmented from OPG is taken as input to the algorithm. GLCM of this mandible
is calculated at four angles viz., 0°, 45°,90° and 135°and for two gray scale intensities viz., 128 and 256. Various texture fea-
tures are calculated from each of these GLCMs. These statistical features are compared and analyzed. Findings: 100 digital
OPGs are used for analysis of statistical texture features. Four texture features contrast, viz., correlation, energy, homogene-
ity are calculated for the four angles mentioned above. Improvement: Texture analysis is performed on various types of
images since last 50 years. Locating systemic disease features (e.g., Osteoporosis) from OPG is an upcoming research area.
In this area, it is observed that comparatively less literature is available which uses GLCM texture features. The algorithm
proposed here devices a texture feature vector for mandible. Analysis of the features is also presented in this paper.
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1. Introduction

An Orthopantomogram (OPG) also known as ,,orthopan-
togram® or ,,panorex’, is a panoramic dental X-ray of the
upper jaw (maxilla) and lower jaw (mandible)!. OPGs
are used by dental surgeons to get information regard-
ing diagnosis and treatment of impacted wisdom teeth,
periodontal bone loss, assessment of the placement of
dental implants, orthodontic assessment, etc. Automatic
classification of jaw bone cyst is successful on OPG
images®. According to reference?, signs showing sensitiv-
ity to systemic diseases like osteoporosis, maxillary sinus
abnormality and carotid artery calcifications are observed
on OPG images. In references'® Region of Interest (ROI)
is mandible. Thus, correct segmentation and generation
of feature vector for mandible are significant tasks to be
addressed.

*Author for correspondence

In** image processing techniques are applied to
separate ROI from OPG images e.g., cysts, fractures,
osteoporoses, etc. In’, cyst regions are classified using
basic statistical measures like average brightness, Standard
Deviation (SD) and shape properties like oblong and
circular. In® uses active shape model which is a statisti-
cal point distribution model for detecting osteoporosis
from OPG. In® uses statistical measures viz., mean and
SD of mandible width to detect low bone mineral densi-
ties in women. In” uses mean, SD and regression method
to establish association between carotid artery calcifica-
tion and peripheral arterial disease, detected from OPG.
Various statistical measures like mean, mode and vari-
ance have been calculated for classification of ROIs. The
features used by above mentioned researchers address
restricted localized problems and are very much applica-
tion specific. Obviously, a need is felt to design a feature
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vector addressing all the application areas discussed
above.

Texture is one of the important attributes to separate
objects or regions. Literature available on statistical texture
features includes explanation of theory and application of
statistical texture features in specific areas' . In® presented
theory of texture features using GLCM matrix. Paper
focuses on four statistical features viz., angular second
moment, contrast, homogeneity and correlation, using
GLCM. Images used are photomicrograph data set, areal
photographic images and satellite images. In® present new
texture feature ‘trace’ for applications related to content
based image retrieval. Trace finds continuous region in
the image by calculating summation of diagonal elements
of GLCM. In" differentiates normal brain and abnormal
brain using GLCM statistical features from brain images.
In' uses four GLCM features to classify retinal images
as normal or infected. According to'?, for microtextures,
statistical approaches seem to work well. These statistical
approaches include auto-correlation functions, optical
transforms, digital transforms, textural edgeness, struc-
tural element, gray tone co-occurrence and autoregressive
models. As explained above’!! use GLCM to get features
from various medical images.

Above discussion indicates that no much litera-
ture is available giving analysis of statistical features on
OPG images. Thus, extensive analysis of OPG images is
required to be addressed.

OPG images give indications about jaw illnesses and
also get findings related to systemic diseases. Thus, struc-
tural features like width of trabecular mandible bone,
lower and upper edges of mandible and mandible trabec-
ular structure are important for the purpose of diagnosis.
These structural features need to be analyzed for specific
applications using statistical first order features like mean,
mode, variance and second order GLCM features. Further,
these structural and statistical features need to be con-
sidered to design a mandible feature vector. This feature
vector can then further be used by intelligent classifier.
This paper focuses on analysis of four statistical texture
feature using GLCM for trabecular mandible bone.

GLCM describes the spatial association of the gray
intensities in a textural pattern giving probability of
gray-level i present at neighborhood of gray-level j at a
distance d and direction. GLCMs can be calculated from
an image using different values of d and and these prob-
ability values create the co-occurrence matrix G(i, j | d,)".
The present paper considers four measures obtained from
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GLCM for digital OPG images as input. They are contrast,
correlation, homogeneity, and energy.

2. Methodology

For the proposed algorithm input image (.jpg) is a digi-
tal OPG. The algorithm includes various modules like, to
segment mandible, to obtain GLCM, to obtain various sta-
tistical measurements and to obtain feature vector. Block
diagram shows pictorial view of the proposed algorithm
in Figure 1. Coding is done in MatLab R2013a.

2.1 Blockdiagram

2.2 Proposed Algorithm

Digital OPG mage is segmented to separate mandible
automatically using strip method" by dividing input
image in five vertical strips viz., St, St,... St.. Strip St,
is considered as an input to the proposed algorithm to
obtain texture features of mandible. Figure 2 shows image
of sample input OPG and strip St, of the mandible.

2.3 Obtain GLCM

Gray Level Co-Occurrence Matrix is obtained for various
angles like 0° 45° 90° and 135°. For each of these angles,
gray levels considered have intensity resolution as 256
and 128. Four texture measures considered are contrast,
correlation, energy, homogeneity?®.

2.4 Obtain Statistical Texture Features

Four features obtained for 100 digital OPG images
are contrast, correlation, energy and homogeneity. In

Obtain GLCM for
Mandible

Input : Segmented
Mandible from OPG

h

Obtain Statistical

Texture Features
from GLCM

Output: Texture
Feature Vector

Figure 1. Block diagram of the proposed algorithm.
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Figure 2. Digital OPG and segmented St, mandible.

an image, contrast measures local intensity changes.
Contrast has zero value if image contains uniform
intensities. Contrast has high value if intensity variation
is large. Correlation, ranging from -1 to 1, measures
how pixels are correlated to their neighboring pixels.
For example, as compared to other angles, correlation
count for vertical texture at 90°is high. Homogeneity
measures the similarity of pixels. High homogeneity
count indicates more pixels with similar intensity, i.e.,
textures have minimum intensity changes. Energy, also
known as Angular Second Moment (ASM) gives unifor-
mity in the image. Constant intensity image will have
energy as 1.

3. Results

The developed algorithm is tested on 100 colored .jpg
digital OPG images obtained from practicing dental
professionals. For majority of the images, image size in
pixel is 2440 x 1292. Pixel resolution is 235 dpi with 24 bit
depth. Table 1 shows averages of various texture features
obtained from St, and St, strips. First Column indicates
number of gray levels as 256 or 128 and angles as 0°, 45°,
90°, 135° for generating GLCM.

Four GLCM measures mentioned above are cal-
culated using developed algorithm and are analyzed.
Contrast measure indicates that intensity variations
are present in mandible structure. Average contrast
is observed to be as high as 571 for angle 45° for St,.
For St,, it is as high as 578 for angle 135°. At 0°, values
are minimal for contrast. This indicates that contrast is
comparatively constant at 0°. From Figure 2, it can be
observed that mandible structure is at some angles at
St, and St,.

Correlation displays highest value at 0°. This indi-
cates that, in mandible, horizontal texture property is
prominent. As, at 0°, homogeneity count is high, it sup-
ports correlation. This means, similar intensity pixels
are present in horizontal direction. Energy measure is
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Table 1. Average of various texture features
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256,0° |0 | 1{230|0.96(0.018| 0.77 | 229.6 | 0.96 | 0.019 | 0.77
256,45° [-1| 1 [ 571 | 0.9 [0.011| 0.56 | 370.7 | 0.93 | 0.014 | 0.62
256,90° [-1| 0 | 379 {0.930.014| 0.67 | 381.7 | 0.93 | 0.015 | 0.67

256,135%(-1|-1|374|0.93|0.012| 0.62 | 578 | 0.9 |0.012 | 0.57

128,0° [0 | 1(57.2/0.96|0.018| 0.8 | 57.1 | 0.96 | 0.019 | 0.8

128,45 |-1| 1| 142 | 0.9 [0.011| 0.61 | 92.2 | 0.93 | 0.014 | 0.67

128,90° | -1| 0 [94.4]0.930.014| 0.71 | 94.99 | 0.93 | 0.015| 0.71

128,135%(-1{-1/93.1]/0.93|0.012| 0.67 | 143.8| 0.9 |0.012| 0.62

also high in horizontal direction. Value of energy at 0°
is highest as compared to other angles. When inten-
sity count is reduced from 256 to 128, average contrast
reduces. But other properties display almost same val-
ues. This indicates that values of correlation, energy and
homogeneity do not change even if intensity count is
reduced.

4. Conclusions

The algorithm proposed in this paper designs feature vec-
tor for trabecular mandible bone from lower jaw using
statistical texture features. Algorithm works well for 100
digital OPG images and gives consistent results. It can
be concluded from the values obtained that, these mea-
sures can be considered as attributes for feature vector.
This paper has focused on statistical texture features of
mandible using GLCM matrix. Algorithm determines
four statistical measures viz., contrast, correlation, energy
and homogeneity with two intensities as 128 and 256 and
four angles 0°45° 90°, 135° Contrast feature gives evi-
dence of angular structure in selected strips St, and St,.
Correlation, energy and homogeneity texture features
consistently show that horizontal texture in the mandible
is strong. This horizontal texture needs to be processed
further using image processing technique to get struc-
tural features. Statistical and structural features together,
need to be analyzed. This feature vector will be useful in
future to find traces of systemic disease like osteoporosis
from digital OPG images.
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