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Abstract: Bone edema is an important clinical issue that may cause considerable pain. Patients with shoulder pain may have 
bone edema frequently. Bone edema is detected in PD weighted MR images however presence of bony edema may hamper 
both visual and automatic segmentation of bone from the PD weighted MR images. The automatical detection of the 
presence and the distribution of the bone edema may help clinicians to focus on the location and the magnitude of the bone 
pathology. The objective of this research is to develop a computer aided detection (CAD) system which is capable of 
recognizing normal and abnormal humeral head images by using texture features derived from gray level co-occurrence 
matrices (GLCM). In this study GLCM were calculated with using symmetric and non-symmetric matrices which have 
different displacement and orientation. GLCM matrices were used in Haralick algorithm to extract feature of the region of 
interest. To verify the performance of the extracted features, we deployed MLP (Multilayer Perceptron), SVM (Support 
Vector Machine) and KNN (K nearest neighbors) methods and we demonstrated their power in differentiating the normal 
and abnormal regions. The proposed approach was tested on our own dataset which consists of 79 normal and 91 edematous 
humeral heads in PD weighted MR images. The resulting classification accuracy produced by the SVM and KNN were 94, 
11% and MLP was 93, 52 %. The proposed system is a promising tool for classification of edematous and normal humeral 
heads from PD weighted MR images.  
 
Keywords: GLCM, image texture analysis, pattern classification, PD weighted MRI  
 
I. INTRODUCTION  
 
Color, shape and texture are important parameters 
that are taken into account in the identification of an 
object. Objects with similar color and shape can be 
identified on the basis of their texture. Image analysis 
based on the texture requires the knowledge of the 
pixel characteristics of an image. Texture feature 
analysis is accepted to be successful in the object 
classification and segmentation of important regions 
of a gray level images.  
According to the method of extracting image texture 
features, image texture can be divided into four 
categories as statistical, structural, model based or 
transform based. Statistical image texture analysis 
uses both the original image values (first order 
statistics) and special relationship between groups of 
two pixels in the original image (second order 
statistics) [1][2].  
GLCM is widely used both for classification and 
segmentation purposes [3]. Doyle et al. extracted 
Haralick features from tissue patches of prostate 
biopsy specimens. They used SVM to classify the 
digitalized histology slides with a success rate of 
92.4% [4]. Sertel et al. classified neuroblastoma as 
favorable and unfavorable from the histological 
specimens by using texture feature extracted using 
co-occurrence statistics. The overall classification 
accuracy was 88.4% with KNN classification method 
[5]. Guang-Ming classified liver tumor patients with 
utilising the texture feature of B mode ultrasound 
images by GLCM matrices. He claimed that the 
proposed FSVM algorithm and GLCM texture feature 

technique was excellent in ultrasonographic 
classification of malignant and benign liver tumors 
with an overall success value of 97% [6]. Huan et al. 
utilised PET-CT images to plan the radiation 
treatment of head and neck cancer. They extracted 
texture feature from GLCM and neighborhood grey 
tone difference matrices from predetermined ROI. 
These features were used to classify abnormal tissue 
from normal with KNN and decision tree based 
KNN. The sensitivity and specificity were 89% and 
99% respectively [7].  
In our previous study we automatically segmented 
both normal and edematous humeral heads from PD 
weighted MR images [8]. In this study we used 
previously segmented PD weighted humeral head 
images to construct image patches. In the first step 
these image patches were used to compute GLCM at 
different displacements and orientation. Then GLCM 
were used in Haralick algorithm to extract features. 
These features were used as input vector for SVM, 
KNN, MLP classifiers with purpose of distinguishing 
and classifying normal and edematous cases. 
 
II. MATERIAL and METHOD  
 
2.1 Image dataset  
We included shoulder MR images of 170 patients 
who have been admitted to a state hospital in 
Istanbul. The original data set was collected by 
authors. We used 1.5 Tesla PD weighted MR images. 
The size of the DICOM image was 256x256 pixels. 
The slice thickness was 4 millimeters. We grouped 
patients according to appearance of humeral head as 
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normal and edematous. The number of the patients 
were 79 in normal group, 91 in edematous group.  
In our previous study we automatically segmented 
normal and edematous humeral heads from PD 
weighted MR images with active contour without 
edge method with a success rate of 92, 25% [8]. Fig. 
1a shows a segmented normal humeral head. Fig.1b 
shows a segmented edematous humeral head in red 
outlines. Image patches were automatically generated 
from the segmented humeral heads with bounding 
box method as shown in Fig. 1a and Fig. 1b. 
 

 
a   b 

 
Fig.1 a. and b. demonstrates segmented humeral 
heads and generated image patches from normal and 
edematous humeral heads respectively.  
2.2 Image texture extraction approach  
GLCM, is one of the well-known and widely used 
texture analysis methods and also known as gray tone 
spatial dependency matrix. GLCM is a frequency 
matrix which calculates sum of repetition of pair of 
intensity values in an image in a given displacement 
(d:distance) and orientation (ߠ:angle) also named as 
offset. The GLCM matrix calculates the second order 
joint conditional probability density function (PDFs) 
of gray level pairs in an image. Varying offset values 
will give changing GLCM matrices and different co-
occurrence distributions which will result in different 
image features for the same reference image [9][10]. 
 
GLCM of an image is computed using displacement 
vector d (distance: distance to the adjacent neighbor) 
and rotational angles (preferably 090, 45,  ܽ݊݀ 
 An example is given in Fig. 2. In .(Fig. 2a) ( 135
Fig. 2b, image intensity values are given in the form 
of a matrix. Fig. 2c demonstrates calculated GLCM 
where (i, j) represents the number of times a point 
having gray level j occurs relative to a point having 
gray level i for offset d=1 and 0 =ߠ . 

 
         a            b    c 

Fig.2 a) Different orientations of center pixel used to 
calculate GLCM (135 ݀݊ܽ 90, 45, 0 :ߠ ). b ) 
5X5 test image intensity values in the form of a 
matrix c) GLCM matrix calculated by given image in 
fig2.b for offset d=1 and 0 =ߠ .  
Widely used texture features that can be obtained 
from GLCM are contrast, energy, homogeneity, 
correlation and entropy [11]. We calculated also other 
metrics derived from GLCM as angular second 
moment (ASM), variance, difference variance, 
difference entropy, difference moment and two 
measurements of correlation features . ASM is a 
measure of homogeneity of an image and energy is a 
measure of uniformity. ASM and energy are defined 
as 
 

 
 
GLCM can be calculated from symmetric or non-
symmetric matrices. GLCM is defined as symmetric 
when the neighboring pixel of (i,j) at (0 =ߠ ) would 
be equal to pixel of (j,i) at (180 =ߠ ). In this paper 
we have computed all of the 13 Haralick’s second 
order features stated above for each of the symmetric 
and non-symmetric GLCM created at different 
displacement and orientations (90, 45, 0=1ߠ ܽ݊݀ 
 For each of the .(1,2,4,8,12,16=݀ ݀݊ܽ 135
calculated GLCM different features were extracted 
and used for classification of PD weighted MR 
images as edematous and normal.  
2.3 Classification Methods  
In this paper we employed MLP, SVM method and 
KNN classifier. Feature information gathered from 
GLCM matrices were given as an input to these three 
different classifiers to find out the discrimination 
performance of features in comparisons.  
Neural networks have been widely used in medical 
decision making applications because it is believed 
that they have great predictive ability to discriminate 
abnormal from normal [12][13]. Neural networks 
propose many advantages such as better 
generalization ability, high performance, and less 
training data. Training an MLP for classification 
requires updating the weights iteratively through a 
gradient descent approach with respect to an error 
correction strategy. Backpropagation algorithm can 
be used effectively to train an MLP neural network. 
MLP can distinguish data that are not linearly 
separable.  
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The KNN is a popular algorithm for data 
classification. The KNN method classifies each 
sample according to the majority class membership of 
its K nearest neighbors. The KNN classifier can work 
effectively even when the data distribution is 
unknown [14]. First The KNN classifier determines 
the K closest training samples of the testing sample 
using the Euclidean distance. Secondly the label of 
the class that has the majority of the samples among 
these nearest neighbors is determined as the label of 
the sample. In this study, KNN classifier was 
implemented for K= 1, 3 and 5.  
Another widely used classifier is SVM which 
estimates the data classification function. SVM 
constructs hyperplanes as the decision surface and 
tries to maximize the margin of separation between 
normal and abnormal examples [15][13]. SVM 
method has many advantages such as good ability to 
handle high dimensional problem and minimum 
classification structural error. The limitation of this 
method is that an unbalanced dataset could lead to 
poor results.  
2.4 Validation of the classification methods  
We performed the validation of the performance 
achieved by the proposed method using the rates of 
accuracy and accuracy of the cross-validation with 
10-fold for each prediction to verify the correctness 
of the created model with all results obtained in the 
classification step. The accuracy is defined by 

 
where TP is the number of tissues correctly classified 
as abnormal, TN is the number of normal tissues 
correctly classified, FP is the number of abnormal 
tissues wrongly classified as normal and FN is the 
number of tissues wrongly classified as abnormal. 
 
III. EXPERIMANTAL RESULTS  
 
GLCM is a matrix which shows how often different 
combinations of pixel intensity values occur in an 
image. GLCM matrices were calculated by both 
symmetrical and non-symmetrical methods at 
different displacement and orientations. Haralick 
features were extracted using calculated co-
occurrence histograms which are simply the joint 
frequency of the intensity levels of a pair of pixels 
with a given spatial relationship.  
In our study MLP, SVM and KNN (implemented for 
K=1, 3 and 5) classification methods were used to 
classify the extracted Haralick features. The 
performance of these three different classification 
methods in classification of the calculated GLCM 
features were compared for our specific problem 
which is the differentiation of normal and abnormal 
humeral heads. In order to evaluate the classifiers 
with respect to its discriminatory ability, we have 
estimated accuracy of a predictive model by using 10 
fold.  

 

 
 

 
 
Table 1. demonstrates the classification results of 
GLCM features extracted with non-symmetrical 
method with different displacement and orientation. 
The performance of the SVM, MLP and KNN (K=3) 
methods were the highest given the displacement 
value was 8 with the accuracy rates of 94.11%, 
92,35% and 92,94% respectively. The result of KNN 
(K=1) method was highest given the displacement 
was 12 with an accuracy rate of 92,94 %. The result 
of KNN (K=5) method was highest given the 
displacement was 16 with an accuracy rate of 94,11 
%.  
Table 2. demonstrates the classification results of 
GLCM features extracted with symmetrical method. 
The performance of the SVM was highest given the 
displacement value was 8. The performance of MLP 
and KNN (K=3) given the displacement value 12 was 
maximum.  
As the displacement and the orientation changes, the 
calculated GLCM matrices and features alters for the 
same image. Each classification algorithm has 
different success rates for a given displacement and 
orientation. For an example the classification success 
of the SVM was the highest for a displacement value 
of 8 for both symmetrically and non-symmetrically 
extracted GLCM features. However the classification 
success of MLP and KNN (K=3) were highest for a 
displacement value of 8 in table 1 and 12 in table 2. 
 
The average success rates of each of the classification 
methods was higher for the symmetrically obtained 
feature data than non-symmetrically obtained feature 
data. The SVM method was proven to be the most 
successful and the most suitable method for our 
problem. The average success rate of MLP method 
was higher than KNN for both symmetrically and 
non-symmetrically obtained feature data. However 
KNN (K=3 and 5) has reached the highest success 
rate of SVM in some displacement values which 
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MLP was unable to do. The highest success rate 
(94,11 %) could be obtained by SVM, KNN(K=3 and 
5) for different displacement values with 
symmetrically obtained data.  
 
IV. DISCUSSION  
 
The segmentation and classification of PD weighted 
images possesses difficulties because of low signal to 
noise ratio than other modalities of bone imaging.  
MLP, SVM and KNN methods were widely used to 
classify tissue characteristics in medical specimens. 
MLP and SVM were the most successful and 
preferred methods in the literature. We applied these 
three methods on our database composed of 
edematous humeral heads. The SVM method had 
good performance for distinguishing normal and 
abnormal bone. The average success rates of all three 
methods were higher for symmetrically obtained 
feature data than non-symmetrically obtained data.  
 
CONCLUSION  
 
In this study we verified that features obtained from 
GLCM and Haralick methods can be used to classify 
bone tissue as edematous and normal with high 
success rates. This is the first study of classification 
of the humeral head from PD weighted MR images in 
the literature. The segmentation of humeral head from 
PD weighted MR images was studied as the first step 
of this study by the same authors. As we studied on 
our own database there is no comparable database or 
study present.  
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