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EXTRACTION OF TEXTURE FEATURES FROM MEDICAL IMAGES:
OSTEOARTHRITIS CASES REVIEW
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BbIAEAEHUE TEKCTYPHbIX OCOBEHHOCTEN AAHHbIX
U3 PEHTTEHOBCKUX U3OBPAXEHUU NMPU OCTEOAPTPO3E

M. Aktep

YHuBepcurteTt beadopawmpa, AyToH, BeAuko6puTaHus

Texture features of osteoarthritis quantitatively represent patterns of interest in image analysis and interpretation in
medicine. Texture features can widely vary so that the analysis can lead to interpretation errors and undesirable conse-
quences. In such cases, finding of informative features becomes problematic. In medical imaging, the texture features of
bones were useful for representing variations in patterns of pixel intensity, which were correlated with pathological chan-
ges. In this paper, we review existing approaches to extracting the texture features and conclude on usability, including
machine learning.
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TouHas BU3yanusauus u MHTeprnpeTaLms PEHTreHOIOrMYeckon KapTUHbl TEKCTYPbl 0CTE0aPTPO3a NpeacTaBseT UHTe-
pec B COBPEMEHHbIX YCnoBuax. OCOOEHHOCTN U3MEHEHUN TEKCTYPbI KOCTHOM TKaHW MOTYT CUJIbHO BapbMpoOBaTh, U MNO3TO-
My MPOBOAMMbI KOMMbIOTEPHbIV aHaNN3 MOXEeT NPUBOAMUTL K OlWMBKaM B UHTEPNpeTauumn AaHHbIX U K HENPaBUIbLHON MNo-
CTaHOBKe AmMarHosa. B Takux cnyyasix nouck MHGOPMaTMBHbIX MPU3HAKOB CTAHOBUTCS NPOo6ieMaTuydHeiM. B MeauumHckoi
BU3yann3aunm oCo6eHHOCTM TEKCTYPbl CTPOEHUS KOCTM YPE3BblHaMHO BaXkHbl A1 NPeAcTaBieHns Bapnaumii naTTepHoOB
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of different applications in image processing.

The texture is the main characteristic used
to identify the objects and areas of interest in
an image, where the image likes to be a satellite
image, photomicrograph, or aerial photograph.
A feature is a characteristic that represents a certain
visual property of image locally or globally for the
objects, regions, or the whole images. Elements also
represent the structural properties of objects visible
at the micro and macro scales. Spatial distributions
of variations in the properties are represented by
textures [1, 2]. There are different applications where
texture features areusedinseveralwaysforextracting
the features of image, such as image processing and
content-based image retrieval. Texture features are
designed to quantitatively describe image patterns
of interest for pattern analysis, interpretation, and
recognition. Unexplained variations of designed
features very often lead to interpretation errors and
undesirable consequences. Nevertheless, texture
features have been created capable of describing
patterns of pixel intensity variations, which were
highly correlated with structural alterations of
biological tissues [3].

In X-ray medical imaging, bone pathology, such as
Osteoarthritis (OA), is characterized by the loss of joint
cartilage and development of bone spurs, which causes
pain and impaired movement [4]. Cartilage is the con-
nective and protective tissues that are part of end bone
in a joint. Healthy cartilage prevents the bones from rub-
bing each other and allows easy bone glide, but erup-
ted cartilage cannot protect the bone from rubbing them
[4]. Primary and Secondary are two types of OA, Primary
OA seen in older adults due to obesity, athletics with rheu-
matoid arthritis, diabetes and injury, etc. whereas second-
ary OA tends to show up in aged people because of aging
and reason for genetic.

OA is typically diagnosed when patients have deve-
loped symptoms such as joint pain, and the pathological
changes are visually recognizable in images [4]. At an
early stage, the changes in bone structure can be evalu-
ated with magnetic resonance imaging, which, however,
is costly and time-consuming, and so cannot be widely
used. Alternative X-ray technologies provide cost-efficient
solutions. Sometimes there are some distortions in X-ray
images that make obstacles to detect early osteoarthritis.
When the findings of x-ray images are not visible doctor
recommends the patient for MRI [4, 5, 6]. Many people
may not afford this MRI because of its expenses. There-

Feature extraction is the most important function
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fore, we have tried to implement a Deep Learning para-
digm method that helps in the diagnosis of the disease to
some extent.

A method has been proposed for automated detec-
tion of OA in X-ray images which employed the ordinary
Wavelet, Fourier, Haralick, and Chebyshev transform
[6]. However, it has been found that some of the gener-
ated features were affected by the noise. The proces-
sing was done by three steps, such as feature extraction,
processing of image and classification through backprop-
agation neural network. The author concluded with 66.6 %
of classification rate.

The analysis shows that additional efforts are required
to decide on the structure of texture features, which could
provide the best recognition accuracy. The majority of the
existing techniques use a try-and-see strategy for finding
such solutions. In this paper, we analyze strategy of de-
signing the texture features with the desired properties,
which are learned from a given set of images. The desired
characteristics are discovered directly from the labeled
images, which are prepared by experts that why additio-
nal efforts are not required. To achieve this aim we use
a Machine Learning method based on Deep Learning
paradigm known as Group Method of Data Handling, de-
livering efficient solutions under realistic conditions which
are determined, in particular, by noise and natural varia-
tions in images.

OAis ajoint disease that occurs from the breakdown of
the underlying bone and the joint cartilage. Structural and
mechanical alterations are the main features of the OA. Ar-
chitectural features such as osteophytes, trabeculae, de-
nudation, Bone Marrow Leions, orientation changes, Joint
Space Narrowing, cysts, attrition of articular surfaces, and
inflammation of the synovium are linked to the mechanical
stress [7]. Alternatively, the mechanical alterations occur
with the further progression of biomechanical diseases.

Osteophytes are bony spurs that grow on the bone,
particularly in the articular cortical surface of the spine
and around the margins of the joint. It has been dis-
cussed that the osteophytes are a pro-inflammatory re-
action that damages the tendons and cartilage tissues
of the bone [7]. Typically, the osteophytes occur during
the development of osteoarthritis. Joint space narro-
wing occurs from the degradation of the cartilage tissue and
overuse of the joint. It can also happen from other risk fac-
tors such as aging, obesity, and weakness of the muscle.

In osteoarthritis knee, the surface of the
weight-bearing subchondral trabeculae will be thicke-
ning and change the direction in conformity with Wolff’s
Law, which improves the strain caused through focal pres-
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sure [7]. The trabeculae are sturdy to moving down the leg
on a healthy aligned joint but it also weak to forces the ten-
sion. During the early OA, the horizontal trabeculae start to
become thicken through the shift in pressure and weight
to grip the extra powers of tension whereas the vertical tra-
beculae appear in the last stages to control the alleviate
pressure from loss of joint space.

Typically, tibia spine fracture is relatively sporadic in-
juries that occur in the skeletally immature knee, and it
also becomes irregular in shape, rough, and spiked. The
main reason for the tibia spine fracture is the formation of
the new bone across the knee. Recently, the disease or-
ganization is focused on plummeting functional and pain
impairment, but there is a range of interventions that are
non-pharmacological and pharmacological, including nu-
triceutical and orthotics can be used. It is also important to
losing the overweight and taking regular exercise to con-
trol osteoarthritis. Currently, there is no treatment shown
to slow down the progression of OA disease [7].

According to [8, 9], texture has been defined as
that; it is a continual form of information or an organized
structure that is committed at regular intervals. Moreover,
texture illustrates characteristics of surface and a visible
appearance of the object which means that it would
demonstrate the physical magnitude of the elementary
parts of the object by size, shape, amount, arrangement.
Texture feature extraction is a process that goes through
various types of analysis, and the fundamental tasks of
that analysis are to collect features through the scrutinized
process of extraction [10].

Indirectly statistical techniques describe the texture
feature based on non-deterministic properties that deal
with the connections between the gray level images.
This statistical technique is utilized to examine the
spatial dispersion of gray values through processing
neighborhood features at each point in the image. It is
also inferring a group of information from the dispersions
of the neighborhood features. This method is classified
by second-order pair of pixels. The higher and second-
order evaluates properties of at least two pixels esteems
happening in particular areas for each other. The most
common statistical features are resulting from the co-
occurrence matrix for investigating the texture feature [8].

To extract the second-order information to complete
an image, the GLCM is one of the most famous and stable
statistical devices in this field. This device produced the
information without any kinds of errors, i.e., it provides
the numeric numbers on rows and columns equally where
the grey levels and pixel of the images and its surfaces
could be highlighted without any kinds of errors [22].
The frequency of the grey level has been highlighted by
the GLCM method, which is a matrix, and the rate of that
grey level has a connectedness between the grey levels
where the activities of that grey level could be seen within
the specific area of investigation [8]. The amount of
electromagnetic information transmitted to produce an
image, the GLCM set out a tabular form of various kinds
of combinations of grey levels in different stages of the
section of the image [11].

To set out the pixel of interest in terms of measuring
the variation of intensity, the contents of GLCM must
go through a calculative process, which is known as the
texture feature calculation [12]. Two parameters could
calculate the formative distance between the pixel pair
and other relevant features that are closely related to this
measure. There are many directions in which the measure
could be done, but most commonly used guidelines are
the “four directions’ [11]. Contrast and entropy are the
most used features in GLCM where fourteen of them are
available to measure the correlation of the features [9].

Nowadays, the most important statistical features are
co-occurrence matrix and texture features, which were
introduced by Haralick [13]. It has used two steps for
extracting the texture feature. The co-occurrence matrix
is registered in the initial stage, and then features of the
texture are computed based on co-occurrence matrix
in the final step. In the application of image analysis this
technique is the most popular and widely used for remote
sensing to biomedical technology.

For an image, thirteen texture features extracted by
the Haralick texture from GLCM. The essential features
of image classification are Contrast, Energy, Entropy,
and Directional Moment [8]. Entropy and contrast are the
most important statistical parameters among the thirteen
originally texture features [13].

A set of complex polynomials is introduced by Zernike
movement that forms a complete set of orthogonal over
the interior circle unit. The moments of Zernike are the
projection of image function against these orthogonal
functions. Order n Zernike moment with repetition m
and f(x,y) continuous image function vanishes outside
the unit circle is for computing the Zernike moments, the
image center is taken as the origin, and the coordinates
of the pixel are plotted to the range of circle unit such as
x2 +y?2 < 1. That outside falling pixel of the unit circle is not
used in the computation [13].

In machine learning, the essential problem is a
classification issue that happened for the presence of
irregular statistics or features [14]. The classification
ofimage alludes to the formation of feature classes utilizing
semi-supervised, supervised and unsupervised technique.
The substance of feature classes is to coordinate different
inputs to a specific type of feature for recognition.
According to [15], the supervised classification is based
on known information, whereas unsupervised involved
the data sample that is not known. The semi-supervised
classification included both known and unknown data
samples [16]. In extracting texture features from X-ray
images, supervised classification methods are adopted
because it works with the presence database with known
images and the advantage of supervised learning is that
the execution of the system is speedier because of prior
learning knowledge from labeled datasets.

A random forest is a collection of tree-structured
classifiers. According to [17], the accuracy of regression
and classification can be gained by utilizing ensembles of
trees where each tree in the outfit is developed as per an
arbitrary parameter. The last expectations can be achieved
by combining over the group. As the tree-structured
predictors are the base constituents of the group and
every one of these trees is built using an injection of
arbitrariness. These techniques are called random forest
[18], which have been successfully used in the medical
domain [19-23].

It is capable of inducing polynomial neural networks
from noisy data, which is based on the assumption that the
noise is Gaussian. To solve a complex problem, including
classification problems through self-organization [8],
Ivakhnenko developed the polynomial neural network-
GMDH initially. livakhnenko has suggested a Group Method
of Data Handling (GMDH) that is capable of inducing neural
networks from noise data Gaussian distributed. Based on
an evolutionary strategy, the GMDH generates populations
or layers of neurons. During learning the GMDH grows
more new population of neurons, and the number of layers
or complexity of the network increases while a predefined
criterion is met [23]. After that, it trains and selects
those neurons which provide the best classification.
The fully connected neural-network classifiers user less
observable than a set of short-term polynomials [24-
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26]. In GMDH system, a particular criterion is computed
based on validation of the data set that helps to evaluate
the performance of the neurons. Subsequently, GMDH
system sums up well because of the appropriation of noise
in information, which is accepted as Gaussian. Besides,
GMDH is a set of short-term polynomials that are not
difficult to observe by specialists [27].

The quantitative method is mostly essential for mea-
surements of extracting the OA features on radiographs.
In [28], it has been used the JSN and attrition for the latter
grading score that influences through the growth of tibia
plateaus during the OA. The reliability of this method was
found to be slow due to relatively simple measurement with
few confounding factors. In [29], a method has been fo-
cused on specific features of the disease for spine and hip
that occur with inter-observer reliability ranging from 0.8—
0.98 for minimal JSW and 0.66 for osteophytes. According
to the severity and feature of the diseases, the quantitative
method has been divided into two stages, such as quanti-
tative measurement and semi-quantitative measurement.
In [30], a method has been used to avoid erroneous mea-
sures and miss-classification of the OA disease. It is also
useful for accurately measuring the progression of OA
disease. However, due to the old technology, these met-
hods have been noted to be cumbersome and inefficient
for extracting and measuring the features from X-ray im-
ages [31].

A method for automated detection of OA in X-ray
images has been described in [32]. The proposed meth-
od has employed common Wavelet, Fourier, Haralick, and
Chebyshev transform. In their work, a large set of image
features are extracted first, and then the most informa-
tive features are selected. Radiologists, however, were
limited to interpret features that were extracted from the
transforms, and for this reason, the required markers
were selected empirically by testing all combinations of
descriptors [19]. The contribution of each generated fea-
ture to the detection accuracy was estimated, and then the
resultant vector of 1470 components has been designed
by using a set of 210 descriptors for seven different image
transforms. However, it has been found that some of the
generated features were affected by noise. The most in-
formative features were finally selected by using a Fisher
score calculated for each image descriptor [32].

Rotation-invariant features have been proposed based
on Zernike orthogonal moments of the image [32, 34]. A
set of rotational invariant features that are magnitudes of
the moment of the orthogonal complex in an image known
as Zernike moments. Scale invariance was obtained by us-
ing regular geometrical moments of the image concerning
these parameters. An image reconstruction method using
highest-order Zernike moments has been developed for
solving classification problems. The evaluation of the origi-
nal image scrutinized the reconstructed image quality. The
orthogonal property of the Zernike moments has made
the proposed feature selection method feasible. Texture
features were weighted according to their contribution to
the classification. It is important to note that the Zernike
moments, being computationally efficient, have a rotation
invariance property, and thus can be used as rotation-in-
variant features for image representation.

In work [35], it has been used Gober Filter methods
for automated segmentation of impaired joint space on
osteoarthritis x-ray images. In their work the whole met-
hod is divided into two steps, the first step is to segment
right and left knee, and this step is divided into four ex-
periments: the first experiment uses the center of mass,
second uses only templates matching, third uses CLAHE &
template matching and fourth combines all the above ex-
periments. The second step is to find JSA which is divided
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into two experiments, first uses row sum graph & center of
mass method & second uses Gabor filter, row sum graph
& center of mass method. The first four steps of results
gave sufficiently good results with 78 % accuracy, and in
the second steps of experiment 2 gave 80.63 % accuracy
for the right knee and 78.37 % for left knee.

A computer-aided automated system has been pro-
posed to recognize the bone outline of the knee joint for
osteoarthritis disorder [7]. The Random Forest Regression
Voting Constrained Local Model (RFCLM) and statistical
shape model have been used for analyzing the automa-
ted system. Two different classifiers were used to identi-
fy the healthy & affected OA and to distinguish among the
texture in knee bone. The computed features were pixel
features, shape features and texture features. The ex-
periment is concluded with sufficient good outcomes and
78.9 % accuracy.

In work [36], it has been proposed a joint detection
algorithm to examine the X-ray image and used feature
extraction techniques such as the first four moments,
Zernike features, and multi-scale histograms. The rules
of the weighted nearest neighbor have utilized to classify
the extracted features and the detection algorithm used
to find out the joint and isolate this joint from the rest of
the images. In conclusion, 80 % of moderate osteoarthritis
was separated from ordinary OA, and 70 % of the lowest
OA was separated from typical.

In paper [37], it has been proposed an edge detection
algorithm and feature extraction techniques such as pa-
tella cartilage, femur, and tibia to examine the edges from
X-ray images in OA. From this proposed algorithm, the
author achieved adequately excellent outcomes and is ex-
ceptionally successful in noisy and blur images.

Inwork [38], it has been proposed an algorithm for va-
rious image segmentation to identify the problems and
abnormalities related to bone structures. The discrete
level gives very quick and great outcomes among these
three segmentations. In [39], it has been proposed vari-
ous techniques for image processing to detect the width
of joint space based on x-ray images of bone. This image
processing technique is histogram equalization, thresh-
olding, contrast enhancement, and canny edge detec-
tion algorithm. In this paper, the width of joint space is
contrasted with normal width in the bone x-ray image.
This image is called to be an osteoarthritis case or stan-
dard case.

In paper [40], a backpropagation technique has been
used for analyzing the sternness of OA ailment. The pro-
cessing was done by three steps, such as feature ex-
traction, processing of image and classification through
backpropagation neural network process. The author con-
cluded with 66.6 % of classification rate.

In work [41], it has been proposed computer-aided
diagnosis techniques to detect osteoarthritis in X-ray im-
ages. The Haralick feature extraction method and SVM
classifier have been used for computation and detection
of OA. This paper is concluded with sufficient good out-
comes and 78 % accuracy in the analysis of bone disor-
ders caused by osteoarthritis.

The computer-assisted method [38] has been pro-
posed for automatically detecting the OA from bone x-ray
images. The better quality image is obtained from which
mean & variance is calculated using the neighboring pixel
method. In their work image is enhanced using a Gauss-
ian low pass filter and stretched using contrast stretch
technique. The Euclidean distance formula is used in the
binary format of the image to calculate the JSW, which is
compared with the normal value that concludes among
80 images; the success rate was up to 90 %, and 10 %
images failed as thresholding was not clear.
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Image analysis techniques for identifying the con-
nections between the clinical gauge and radiographic
findings [6]. In this method, the WND-CHRM algorithm
used Shape, Haralick, Statistical, and Tamura feature ex-
traction techniques and weighted Nearest Neighbor used
as a classifier to compute the features. The experiment
showed a satisfactory correlation between clinical gauge
and radiographic findings.

In paper has been used a Local Ternary Pattern algo-
rithm for computing the features from digital X-ray imag-
es and Support Vector Machine Classifiers have used to
classify them. To evaluate this algorithm’s performance
using 50 x-ray samples. Finally, the experiment provides
91.66 % specificity & 80 % sensitivity from Polynomial and
Linear function, and 94.59 % specificity & 66.66 % sensi-
tivity from RBF.

In work [42], it has been developed a k-mean tech-
nique for automatic clustering of r-ray images and ap-
plied hierarchical and large feature vector methods on
k-means clustering. The bunching was completed on
multilevel features of x-ray images. The experiment
showed that the blend of hierarchical clustering and
k-means clustering provides a satisfactory accuracy le-
vel. From this work, it has been seen that a decent num-
ber of researchers worked on x-ray bone images for
characterization and detection of osteoarthritis through
various methodologies and predicted some promising
outcomes by their data samples. But still there have a

chance to build up a robust algorithm for providing the
maximum recognition accuracy. The majority of the
existing techniques use a try-and-see strategy for
finding such a decision. Thus, we propose a new met-
hod for designing the texture features with the desired
properties, which are learned directly from the labeled
images, which are prepared by experts, and so additional
efforts are not required.

Conclusions. The bone pathologies can be de-
tected by using Machine Learning methods delivering
efficient solutions under realistic conditions that are
determined by noise and natural variations in images.
The most suitable methods known from the related lit-
erature are associated with designing new features
having the desired properties for representing ima-
ges that can be implemented within the Deep Learn-
ing paradigm. Group Method of Data Handling, which
has pioneered Deep Learning was efficient for solving
recognition problems. Texture features can efficiently
represent patterns of interest for purposes of image ana-
lysis and interpretation. However, texture features can
vary so mainly that the investigation leads to interpre-
tation errors and undesirable consequences. In such
cases, finding informative features become problema-
tic. Nevertheless, we conclude that the texture features
were useful for representing variations in patterns of
pixel intensity, which were correlated with pathological
changes.
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