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Abstract- Functional magnetic resonance imaging (fMRI) is widely used to identify neural correlates of cognitive tasks. 
Statistical features like Correlation and Entropy are extracted from fMRI images of human brain of emotional and normal state 
of mind. The features are based on texture properties of fMRI images. The features so extracted are classified using GMM and 
kNN classifiers to help distinguish between normal and emotional state of human brain. 
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I. INTRODUCTION 
 
Functional magnetic resonance imaging is a functional 
neuroimaging method using MRI technology that 
calculates the brain activity by detecting relative 
changes in blood flow. This technique works on the 
cerebral blood flow and activation of neurons relating 
to each other. Area of the brain which is being in use 
has increased blood flow in that region. The fMRI uses 
the Blood-oxygen-level dependent (BOLD) to 
map neural activity in the brain by imaging the change 
in blood flow that is the hemodynamic response 
related to energy of the brain. The fMRI has come to 
dominate brain mapping research due to the safety of 
patients avoiding to undergo surgery or be exposed to 
radiation. Statistical features extracted from the fMRI 
are classified using different classifiers like Gaussian 
Mixture Model and k nearest neighbor. The dataset is 
classified into Normal and with emotion as an output 
of both the classifiers. The classification accuracy of 
both the classifiers is compared.  
  
II. FMRI IMAGING DIFFICULTIES  
 
The statistical calculations in the analysis of fMRI data 
are complex and highly correlated to each other. They 
involve analysis of the noise and its effect on detection 
of regions of activation in brain. Also studies of 
emotions are especially difficult since emotions are 
random and unpredictable. The highly correlated 
dataset requires number of preprocessing and post 
processing techniques. 
 
III. FEATURE EXTRACTION 
 
Features are used as inputs to classifiers that assign 
them to the class that they represent. The purpose of 
feature extraction is to reduce the original data by 
measuring certain properties, or features, that 
distinguish one input pattern from another pattern. The 
extracted feature should provide the characteristics of 
the input type to the classifier by considering the 

description of the relevant properties of the image into 
feature vectors.  
 
IV. FEATURES OF FMRI IMAGE 
 
Texture features –Correlation, Entropy.  

1.     These features certainly have some redundancy, but 
the purpose of feature extraction is to find the potential 
by informative features. In the next step the feature 
selection is performed to reduce the redundancy of 
features.  
 
The active voxels are highly correlated to each other 
but treated as independent variables. Although the 
direct use of classifiers on these active voxels clarify 
the brain activities at the neurological level but the 
classification results are not accurate. The 
preprocessing steps like Reslicing, Smoothing, 
Registration, Affine transformation and Filtering are 
done using SPM8. 
 
V. CORRELATION 
 
The correlation between voxels becomes a new feature 
for brain activity classification at neurological level. 
The correlation coefficient is used to find out 
similarity in adjacent voxels of fMRI image. 
Dimension reduction of ‘correlation’ feature help 
improving the feature extraction and its reliability as 
an input to classifier. 
   
Inter-subject correlation coefficient analysis gives an 
opportunity for fMRI analysis under naturalistic 
research paradigms. Major benefit of such analysis is 
to get the location of activations of brain without 
having any prior knowledge of processes contributing 
to the activity of neurons. The hemodynamic response 
of a subject so calculated is used to quantify the 
hemodynamic response of another subject using the 
correlation coefficient feature between the 
corresponding fMRI images in the dataset. A 
similarity in hemodynamic responses across the 
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subjects is used as reference for searching the 
locations of activations. 
 
Many techniques like SPM are referred for statistical 
analysis of fMRI data. The objective of this kind of 
analysis is to produce an image which identifies the 
regions showing significant signal change in response 
to the emotion. Each pixel is assigned a respective 
value depending on the likelihood, and hence the 
observed signal changes can be explained solely on the 
basis of random variation in the dataset. The resultant 
image so obtained is a statistical parametric map. The 
experiment shows how parametric maps are being 
used to assist the statistical analysis. Once we 
calculated the BOLD response mediated by blood 
flow correctly, it becomes reliable to detect the 
activations by predicting the shape of the activation in 
response to the emotion, and calculating correlation 
coefficients between each of the pixels of a map. 
  
The correlation coefficient so calculated has a value of 
‘1’ for positive correlation, a value of ‘0’ for no 
correlation at all, and a value of ‘-1’ for negative 
correlation as shown in Fig.1 .Images with value of 
correlation coefficients above threshold (p > 0.04) are 
considered to be normal fMRI images with 
neighbourhood  pixels having similarity between 
them. 
 
The choice of an appropriate reference pixel is very 
important for finding the activations correctly. 
Correlation coefficients are calculated among the 
neighbourhood pixels in the image. Such an analysis 
helps searching the parts of the brain responding to the 
changes, variations or excitements like emotions. 
 
VI. ENTROPY 
 
Entropy measures the image complexity and 
irregularity. Entropy values reflect the number of 
times the patterns in an image are repeated and thus 
measures the randomness and predictability of 
stochastic process. In general terms, the entropy of an 
fMRI image increases with greater randomness. 
 
Brain entropy provides information about brain states 
and brain functions. Measuring brain entropy helps to 
detect and characterizing state of brain as well as its 
variations in emotions. 
 
To calculate entropy from fMRI data is very complex 
and inaccurate due to the difficulty of estimation of 
complete and accurate probability distribution 
function from the considered sample points selected in 
a typical fMRI image dataset. So in this experiment we 
have used sample entropy to measure entropy of fMRI 
images. Sample entropy so calculated gives an 
approximate entropy measure that is reliable for 
various data lengths and across different parts of the 
fMRI image. 

Entropy captures the brain activity and irregularity due 
to changes during emotions. Entropy has been 
proposed as one of the convenient method to detect 
brain activations. It gives an approximate calculation 
of spatio-temporal complexity of fMRI images. We 
have shown that Entropy is capable to detect different 
experimental conditions for a real fMRI data set. 
Entropy levels were higher during emotional periods 
and lower during resting periods. Furthermore, we 
found evidence that during transitions between 
emotional and resting periods complexity increases as 
shown in Fig.3 .Images with greater value of Entropy 
than a threshold (E > 0.9*10^10) can be considered to 
be “active” voxels for that component in response to 
an emotion.  
 
VII. GMM 
 
A Gaussian Mixture Model (GMM) is being used as 
classifier in our experiment. It falls in the category of 
parametric methods of classification giving 
probability distribution of features extracted as above. 
GMM uses parameters like MU and SIGMA estimated 
from training data with the help of the  
Expectation-Maximization (EM) algorithm following 
number of iterations. 
 
Gaussian Mixture Model (GMM) based classification 
has been implemented successfully for the analysis of 
the fMRI dataset .GMM classification results are 
strongly reliable because of the stability of model even 
under high noise and extracting the activation patterns 
accurately. The highly correlated dataset with a 
different states of brain has been used to find the 
voxels involving BOLD responses of respective 
activation regions. The correlation coefficients 
calculated above as shown in Fig. 2, are first scaled to 
bring all the values in positive range then the GMM 
method was applied to classify the activated regions. 
The resultant classification classifies the dataset in 
Normal and Emotional images.  
 
In order to solve classification problem with highly 
correlated features it is typical to standardize all the 
variables to zero mean and unit standard deviation 
prior to performing PCA, to eliminate the influence of 
different measurement scales and give the variables 
roughly equal weighting. This is equivalent to 
performing a PCA on the basis of the correlation 
matrix of the original data, rather than the covariance 
matrix. This correlation matrix describes the overall 
orientation of the data cloud (both groups taken 
together). Specifically, it describes the orientation of 
the multivariate normal density function that would be 
fit to the data. This step helps improving the accuracy 
of GMM classifier. The data is nicely lined up along 
the direction of primary variation. The two groups 
happen to separate clearly along direction of primary 
variation because the most fundamental source of 
variation in our experiment is between the two groups. 
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This is what we want to see if our goal is to separate 
the groups based on the variables. 
 
For the purpose of comparison, we applied a similar 
procedure to the other popular classification 
algorithm, namely kNN for the same number of 
clusters as obtained for GMM classification. 
 
VIII. KNN 
 
k-Nearest Neighbour (kNN) classification technique is 
the simplest technique conceptually and 
computationally that provides good classification 
accuracy. The k-NN algorithm is based on a distance 
function and a voting function in k-Nearest 
Neighbours, the metric employed is the Euclidean 
distance. 
 
The k-nearest neighbor classification is performed 
over training dataset containing fMRI images with 
different states of brain. The test data is compared to 
the reference training dataset. The distance of the 
unknown to K nearest neighbors estimates its class 
assignment by averaging the class numbers of the k 
nearest reference points. 
 

In kNN classifier each pixel is classified in the same 
class as the training data with the closest intensity. 
There is a chance of a kNN classifier estimating the 
classes with error or misinterpretation if a single 
neighbor is an outlier of some other class. To avoid 
this type of consequences and improve the 
performance of the kNN classifier, it works with k 
patterns. The kNN classifier is considered a non 
parametric classifier since it makes no underlying 
assumption about the statistical structure of the 
dataset. 
 
Classification phase classifies the input test images 
into Normal or Abnormal Class by using k-Nearest 
Neighbor algorithm. 
 
IX. FMRI IMAGE DATASET 

 

              
Fig.1 (a) Normal fMRI       (b) Emotional fMRI 
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Fig.2 Correlation coefficients of Normal image are very close to ‘1’ showing similarity between adjacent pixels while those for 

Emotional are close to ‘0’ showing dissimilarity between its  adjacent  pixels. 
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Fig.3 The Entropy of Emotional images is greater than that of 

Normal image signifying the random change in Emotional 
image with respect to Normal image 
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Fig.5 Clusters obtained from correlation features using 

GMM classifier classifying normal and emotional images. 
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Fig.6 Clusters obtained from Entropy features using GMM 

classifier classifying normal and emotional images. 
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Fig.7 Classification of normal and emotional images using kNN 

classifier with two classes – correlation and entropy 
 

I. RESULTS 
 
Table I- Results of the features extracted from the 
fMRI Normal and Emotional images. 
 

Feature Normal 
Images 

Emotional 
Images 

Correlation 
Coefficient 

Values above 
0.06 

Values below 
0.04 

Entropy Lower values 
than 
emotional 

Higher 
values than 
normal 

 
Table II- Comparison of results of the classifiers 
GMM and kNN of features extracted from the fMRI 
Normal and Emotional images. 
 

 
CONCLUSION 
 
Gaussian Mixture Model (GMM) based classification 
has been implemented successfully for the analysis of 
the fMRI dataset.GMM classification results are 
strongly reliable because of the stability of model even 
under high noise and extracting the activation patterns 
accurately. Methods such as Correlation coefficients 
and detrending along with the GMM clustering 
method can be used for reliable estimation of 
activation regions from fMRI data. kNN is a 
supervised method with classes formulated before 
classification deciding the classification which is 
independent of ‘highly correlated feature’ issue giving 
accurate results. Results from table - II shows that 
accuracy of classification of fMRI dataset using kNN 
classifier is higher than the accuracy of GMM 
classifier. 
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