
Advances in Natural and Applied Sciences, 9(6) Special 2015, Pages: 29-34 

 

AENSI Journals 

 

Advances in Natural and Applied Sciences 

 
 

ISSN:1995-0772    EISSN: 1998-1090 

Journal home page: www.aensiweb.com/ANAS 

 

   

Corresponding Author: S. Pazhanirajan, Assistant Professor, Department of Computer Science and Engineering, Faculty of 

           Engineering and Technology, Annamalai University, Annamalainagar-608002,Tamil Nadu, India.   

Alzheimer Disease Classification using SVM and Multi-SVM 
  
1
S. Pazhanirajan and 

2
P. Dhanalakshmi 

 

 
1Assistant Professor, Department of Computer Science and Engineering, Faculty of Engineering and Technology, Annamalai University, 

Annamalainagar-608002,Tamil Nadu, India.   
2Associate Professor, Department of Computer Science and Engineering, Faculty of Engineering and Technology, Annamalai University, 

Annamalainagar-608002,Tamil Nadu, India.   

 
A R T I C L E  I N F O   A B S T R A C T  

Article history: 

Received 12 October 2014  

Received in revised form 26 December 
2014  

Accepted 1 January 2015 

 Available online 25 February 2015 
 

Keywords: 

Alzheimer's Disease (AD),  
Region Of Interest (ROI),  

gray level co-occurrence matrix 

(GLCM),  
Multi Support Vector machine 

(MSVM). 

 

 In this paper we present a novel method for automatic classification of MR Images into 

the categories of Normal and Alzheimer's disease (AD), which is then further classified 

into the severity of the neurological problem. In recent years, with all the advancement 
happening all over, humans suffer from various neurological disorders such as 

Epilepsy, Alzheimer, Multiple sclerosis, etc. Alzheimer's disease (AD) is a slowly 

progressive disease of the brain that is characterized by impairment of memory and 
eventually by disturbances in reasoning, planning, language, and perception which is a 

most common form of dementia highly among the elderly people. In the proposed 

system, T1-Weighted MR Images are obtained from the potential AD subjects. For 
categorizing the MRI data, histogram features and gray level co-occurrence matrix 

(GLCM) features are extracted. The features obtained are given as input to the SVM 

classifier which classifies the data into Normal or AD categories. If the data was 
identified as AD, it is further classified into the categories: Very Mild, Mild and 

Moderate (common severity levels of Alzheimer Disease) making use of the multi 

SVM classifier.  The system shows a satisfactory performance of more than 75%.   
 

 
© 2015 AENSI Publisher All rights reserved. 
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INTRODUCTION 

 

 Alzheimer’s disease is a neurodegenerative disorder that leads to the loss of memory and cognitive 

functions. A definite diagnosis of AD is highly complicated as the changes in the brain occur years before the 

patient shows some symptoms. Therefore, the diagnosis of AD in the early stages helps the patient to recover 

[14]-[17]. In this work, automatic MRI feature extraction and classification approaches are presented. In order to 

discriminate the two categories of MRI data namely normal and abnormal, the two features such as Histogram, 

GLCM are extracted to characterize the MRI content. 

 

1. Related Work: 

 In (Peter A. Freeborough, 1998) the authors assess the value of magnetic resonance (MR) image texture in 

Alzheimer’s disease (AD) both as a diagnostic marker and as a measure of progression. A classification rate of 

91% was obtained by the technique. A large-deformation diffeomorphic metric mapping (LDDMM) (Lei Wang, 

2007) is applied to a study of dementia of the Alzheimer type (DAT). PCA of the initial momentum leads to 

correct classification of 12 out of 18 DAT subjects and 22 out of 26 control subjects. Authors showed an 

accuracy of 92% using a support vector machine classifier based on least squares optimization (Simon 

Duchesne, 2008). In (Deepti Pachauri, 2011) the authors have proposed a novel technique to compute similarity 

metrices for topological-based attributed data. The system showed a good performance on several statistical 

inference tasks without any feature selection, dimensionality reduction, or parameter tuning. In (Nematollah K, 

2012) an expert system is proposed to solve the optimization problem. Effectiveness of the proposed algorithm 

for SSL is evaluated with both benchmark and medical imaging datasets. In the benchmark datasets, the results 

are better than or comparable to the state-of-the-art methods for SSL. In (Roman Filipovych, 2012) a system has 

been proposed that aims at identifying coherent subpopulations with respect to the underlying MRI in the 

scenario where the condition is heterogeneous and pathological changes form a continuous spectrum. They have 
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proposed an efficient solution to the nonconvex optimization problem associated with Joint MMCC. The 

proposed approach is applied to a medical resonance imaging study of aging, and identifies coherent 

subpopulations (i.e., clusters) of cognitively less stable adults. 

 

2. Feature Extraction: 

Histogram Processing: 

 The histogram of a digital image with gray levels in the range [0, L − 1] is a discrete function 

𝑝 𝑟𝑘 =  
𝑛𝑘

𝑛
, 0 ≤ 𝑘 ≤ 𝐿 − 1                                                               (1) 

 where rk is the k
th

 gray level, nk is the number of  pixels in the image with that gray level, n is the total 

number of pixels in the image with k = 0, 1, 2,...,L − 1. In short, p(rk) gives an estimate of the probability of 

occurrence of gray level rk. 

 

Histogram Feature: 

 A popular general-purpose method of image enhancement is histogram equalization. In this method, a 

monotonically increasing transformation (Govind N Sarage, 2011) function is used. This function T(r) 

transforms the original gray values ri of the input image into new grey values si of the output image, such that 

  𝑠𝑖 = 𝑇 𝑟𝑖  =  𝑝𝑟 𝑟𝑖 
𝑖
𝑗=0                                                            (2) 

       =   
𝑛𝑗

𝑛

𝑖

𝑗 =0

   𝑓𝑜𝑟 𝑖 = 0,1, …… . , 𝐿 − 1 

 

 Where pr(ri) is the probability-based histogram of the input image that is transformed into the output image 

with the histogram ps(si).  

 The transformation function T(ri) in equation {2} stretches the histogram of the input image such that the 

gray values occur in the output image with equal probability of occurrence. It should be noted that the uniform 

distribution of the histogram of the output image is limited by discrete computation of the gray-level 

transformation. The histogram equalization method forces image intensity levels to be redistributed with an 

equal probability of occurrence. 

 The histogram equalization method stretches the contrast of an image by redistributing the gray values to 

achieve a uniform distribution. This general method may not provide good results in many applications. The 

histogram equalization method may cause saturation in some regions of the image resulting in loss of details and 

high-frequency information that may be necessary for interpretation.  

 

Textual Feature: 

 The gray-level co-occurrence matrix (GLCM) exploits the higher-order distribution of gray values of pixel 

that are defined with a specific distance or neighbourhood criterion. A co-occurrence matrix, also referred to as 

a co-occurrence distribution, is defined over an image to be the distribution of co-occurring values at a given 

offset. The GLCM is created from a gray-scale image and hence the values that are checked for co-occurrence 

are pixels with gray-level (gray scale intensity) (Leen-Kiat Soh, 1999), (David A. Clausi, 2002). In the simplest 

form, the GLCM P(i,j) is the distribution of the number of occurrence of a pair of gray values i and j separated 

by a distance vector d=[dx; dy]. 

 We used 22 textural features in our study. The following equations define these features. Let p(i, j) be the (i, 

j)
th

  entry in a normalized GLCM (Robert M. Haralick, 1973). 

 Haralick texture features are presented in table 1.g 

 

Modeling Techniques: 

Support vector machine (SVM): 

 Support vector machine (SVM) is based on the principle of structural risk minimization [Dhanlakshmi. P, 

2009, 2010]. SVM learns an optimal separating hyper plane from a given set of positive and negative examples. 

This is in contrast to traditional pattern recognition techniques of minimizing the empirical risk, which 

optimizes the performance on the training data. SVM can be used for pattern classification. For linearly 

separable data SVM finds a separating hyper plane which separates the data with the largest margin. For linearly 

inseparable data, it maps the data in the input space into a high dimension space 

 
 With kernel function Φ(x), to find the separating hyper plane. SVMs are evaluated as popular tools for 

learning from the given data. The reason is that SVMs are more effective than the traditional pattern recognition 

approaches based on the combination of a feature selection procedure and a conventional classifier. 

An example for SVM kernel function Φ (x) maps 2-Dimensional input space to higher 3-Dimensional feature 

space as shown in Fig.2. SVM was originally developed for two class classification problems. The N class 
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classification problem can be solved using N SVMs. Each SVM separates a single class from all the remaining 

classes. 

 
Table 1:  Haralick texture features with their equations (Equation 1 to Equation 22). 

S. No (Continued) Characteristics Equation 

1 Contrast 𝑓1 =    𝑖 − 𝑗 2𝑝(𝑖, 𝑗)

𝑗𝑖

 

2 Correlation 𝑓2 =  
 𝑖 − 𝜇𝑖  𝑗 − 𝜇𝑗 𝑝(𝑖, 𝑗)

𝜎𝑖𝜎𝑗
𝑖 ,𝑗

 

3 Energy / Angular Second Moment 𝑓3 =  𝑝(𝑖, 𝑗)2

𝑖 ,𝑗

 

4 Homogeneity 𝑓4 =  
𝑝(𝑖, 𝑗)

1 + |𝑖 − 𝑗|
𝑖 ,𝑗

 

5 Autocorrelation 𝑓5 =    𝑖𝑗 

𝑗

𝑝 𝑖, 𝑗 

𝑖

 

6 Maximal Correlation Co-efficient 

𝑓6 = (𝑆𝑒𝑐𝑜𝑛𝑑 𝐿𝑎𝑟𝑔𝑒𝑠𝑡 𝑒𝑖𝑔𝑒𝑛 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 𝑄)1/2 

𝑄(𝑖, 𝑗) =   
𝑝 𝑖, 𝑘 𝑝(𝑗, 𝑘)

𝑝𝑥(𝑖)𝑝𝑥(𝑘)
𝑘

 

7 Cluster Prominence 𝑓7 =    𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦 
4

𝑗

𝑝 𝑖, 𝑗 

𝑖

 

8 Cluster Shade 𝑓8 =    𝑖 + 𝑗 − 𝜇𝑥 − 𝜇𝑦 
3

𝑗

𝑝 𝑖, 𝑗 

𝑖

 

9 Dissimilarity 𝑓9 =   |𝑖 − 𝑗|

𝑗

𝑝 𝑖, 𝑗 

𝑖

 

10 Entropy 𝑓10 = −  𝑝 𝑖, 𝑗 𝑙𝑜𝑔 𝑝 𝑖, 𝑗  

𝑗𝑖

 

11 Homogeneity/ Inverse Difference Moment 𝑓11 =  
𝑐𝑖𝑗

1 + |𝑖 − 𝑗|
 

12 Maximum probability 𝑓12 = 𝑀𝐴𝑋𝑖 ,𝑗𝑝 𝑖, 𝑗  

13 Sum of squares 𝑓13 =    1 − 𝜇 2

𝑗

𝑝 𝑖, 𝑗 

𝑖

 

14 Sum average 𝑓14 =  𝑖𝑝𝑥+𝑦 𝑖 

2𝑁𝑔

𝑖=2

 

15 Sum variance 𝑓15 =   1 − 𝑓𝑠 
2𝑝𝑥+𝑦 𝑖 

2𝑁𝑔

𝑖=2

 

16 Sum entropy 𝑓16 = − 𝑝𝑥+𝑦 𝑖 𝑙𝑜𝑔 𝑝𝑥+𝑦 𝑖  

2𝑁𝑔

𝑖=2

 

17 Difference variance 𝑓17 = 𝑣𝑎𝑟𝑖𝑎𝑛𝑐𝑒 𝑜𝑓 𝑝𝑥−𝑦  

18 Difference entropy 𝑓18 =  𝑝𝑥−𝑦 𝑖 

𝑁𝑔−1

𝑖−0

𝑙𝑜𝑔 𝑝𝑥−𝑦 𝑖   

19 Information measure of correlation 1 
𝑓19 =

𝐻𝑋𝑌 − 𝐻𝑋𝑌1

𝑚𝑎𝑥 𝐻𝑋, 𝐻𝑌 
 

HX and HY are entropies of px and py 

20 Information measure of correlation 2 𝑓20 =  1 − 𝑒𝑥𝑝 −2.0 𝐻𝑋𝑌2 − 𝐻𝑋𝑌   
1
2 

21 Inverse difference normalized 𝑓21 =  
𝐺𝑖𝑗

1 + |𝑖 − 𝑗|2/𝐺2

𝐺

𝑖 ,𝑗=1

 

22 Inverse difference moment normalized 𝑓22 =  
𝐶𝑖𝑗

1 +  𝑖 − 𝑗 2
 

 

 SVM generally applies to linear boundaries. In the case where a linear boundary is inappropriate SVM can 

map the input vector into a high dimensional feature space. By choosing a non-linear mapping, the SVM 

constructs an optimal separating hyper plane in this higher dimensional space, as shown in Fig.1. The function 

K is defined as the kernel function for generating the inner products to construct machines with different types 

of non-linear decision surfaces in the input space. 

 

 The kernel function may be any of the symmetric functions that satisfy the Mercer’s conditions (Courant 

and Hilbert, 1953). There are several SVM kernel functions as  

1. Polynomial - (𝑥𝑡𝑥𝑖+1)𝑝                    

2. Gaussian - Exp[-||𝑥𝑡-𝑥𝑖 ||
2/2 𝜎2] 
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3. Sigmoidal - Tanh(𝛽0(𝑥𝑡𝑥𝑖)+𝛽1) 

 Where x is input patterns, 𝑥𝑖   is support vectors, p is degree of the polynomial. 𝜎2 is variance, 1 ≤ i ≤ Ns, 

Ns is number of support vectors. 𝛽0,𝛽1 are constant values. 

 

 
 

Fig. 1: SVM hyperplane Separation. 

 

Multi support vector machine(MSVM): 

 Each training point belongs to one of N different classes. The goal is to construct a function which, given a 

new data point, will correctly predict the class to which the new point belongs to. The solution to predict 

multiple classes using Multiclass SVM is to reduce the single multiclass problem into multiple binary 

classification problems. In this paper one-versus-all approach is used to implement the Multiclass SVM. 

 

4. Experimental Result: 

Dataset: 

 The data is obtained from OASIS database. The database consists of 55 different data of which 25 are 

normal and 30 are abnormal. The 30 abnormal data consists of 10 very mild, 10 mild and 10 moderate. From the 

original image data the region of interest (ROI) is fixed manually to a size of 89 x 40. The ROI is determined 

such that it provides enough information for feature selection. 

 
Table 2: Summary of subjects demographic and AD status used in the experiment. 

Characteristics With AD Without AD 

No. of subjects 120 77 

Age 78.08 77.77 

Education  (1 – 5) 2.63 2.87 

Socioeconomic Status (1 – 5) 2.94 2.88 

CDR  (0.5 / 1 / 2) 48 / 58 / 14 - 

MMSE  (15 – 30) 24 28.96 

 

 Table 2. lists the characteristics of the dataset that were obtained which provides a quick glance at the 

nature of the dataset that were used in the experiments. In the table the education codes correspond to the 

following levels of education: 1: less than high school grad., 2: high school grad., 3: some college, 4: college 

grad., 5: beyond college. Categories of socioeconomic status: from 1 (biggest status) to 5 (lowest status). Mini – 

Mental State Examination (MMSE) score ranges from 0 (worst) to 30 (best). 

 

Pre-Processing: 

 The pre-processing module is subdivided into two tasks as shown in the block diagram in   Fig 1. The first 

task is to crop the image to generate the region of interest (ROI) where the symptoms of AD are highly visible. 

Next the cropped image is enhanced to extract high valued features. These two pre-processing tasks contribute 

to higher classification accuracy of the MRI. 

 

Feature Extraction: 
 ROI is identified from the Image data manually. From the ROI, features are extracted using Histogram and 
GLCM. Histogram is an image enhancement technique which normalizes gray level in the image. 8 histogram 
features and 22 GLCM features are extracted from the image data which are combined to form a 30 dimensional 
feature vector. The cropped image is of size 89X40. From the 55 images in the dataset we have used 27 images 
for training and 28 images for testing. The training image set consists of 12 normal images and 15 abnormal 
images. In the training phase the images are applied to the SVM which creates models numbered 0 to 3, 0 
belong to Normal, 1 belong to Very Mild AD, 2 belong to Mild AD and 3 belong to Moderate AD. In the testing 
phase the images are applied to the SVM which extracts the features from the images and creates models, these 
models are compared with the existing models to classify the image. 
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Modeling using SVM: 
 We use a nonlinear support vector machine modelling is used to classify the image. SVM is a supervised 
learning model with associated learning algorithms that analyze data and recognize patterns. The 30 features 
that are extracted in the previous section are supplied to SVM for model generation. The model generated by the 
SVM classifies the image data into normal and abnormal. For the abnormal class Multi SVM is used to classify 
the abnormal image into 0.5, 1.0 and 2.0. The nature of the dataset, total number of dataset used per category 
and the classification are accuracy is presented in Table 3 below. 
 
Table 3: Classifier Performance. 

  Total 
Number of 

Data 
(165) 

Classifier Performance 

  SVM Classifier 
Multi-Class SVM 

Classifier 

  C.C. Performance C.C. Performance 

M
R

I 
D

at
as

et
 

Normal 69 56  NA  

AD 

Very Mild 40 

77 

Sensitivity = 
73.91% 

31 
Sensitivity = 

86.59% 

Mild 50 
Specificity = 

85.42% 
38 

Specificity = 
93.29% 

Moderate 06 
Accuracy   = 

80.61% 
06 

Accuracy   = 
77.78% 

 

 
 
Fig. 2: Shows the accuracy level of the classifier for different size of input images. 
 
 The above two graph concludes that both the classifiers perform at higher accuracy for the combined 
features of histogram and GLCM with the input MRI being at the optimum size of 89 x 40. Alzheimer Disease 
classification is done by using the MRI of numerous patients collected from the OASIS database. The system 
showed an accuracy of 80.61% classification rate for SVM and 77.78% classification rate for multi-class SVM. 
 

 
 
Fig. 3: Normal vs Abnormal using SVM.  
 

 
 
Fig. 4: Performance of the classifiers under different Combinations of features. 
 
Conclusion: 
 In this paper, a system for classifying MRI image is described.  ROI is manually calculated by cropping the 
MRI image. Histogram and GLCM features are extracted from the cropped image. 0 features are extracted from 
the ROI image. The features are given as input to the SVM for classification as Normal and AD. The 
experimental results show that the classification by SVM and Multi-class SVM produce a performance of 
Accuracy, Sensitivity and Specificity for both the classifiers (SVM and MSVM). Measures could only be 
viewed on testing multiple images. 
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