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Abstract— Arena of radiology is speedily emerging with 
modern progressions in imaging systems. Brain disorders 
are unrestrained growth of tissues in human brain. These 
abnormalities, once cracks in to cancer become life 
threatening. Thus, consequently medical imaging is 
essential to detect the meticulous location and other areas 
of abnormalities and its types. For discovering growth of 
abnormalities in brain, Computer Tomography (CT) is a 
commanding imaging modality and also it provides a great 
support for radiologists in diagnosing the abnormalities in 
brain. Interpretation of the abnormalities by the 
radiologists based on visual examination is time consuming 
due to the complex data and often leads to 
misinterpretation. Therefore an automatic classification 
system is essential. In this paper automatic classification 
technique for brain CT images is proposed based on the 
knowledge of observation of different types of features and 
statistical textures of segmented image. The CT images are 
then classed into pathological and non-pathological images 
and further classified into type of abnormality. 
Methodology involves four levels like Skull Removal, 
Segmentation Feature Extraction and Classification. In the 
preliminary stage skull section is detached by means of 
morphological procedures. In second stage two fuzzy logic 
based segmentation algorithms are implemented for 
segmenting CT image into meaning full segments which 
helps in extracting the features. They are Fuzzy C Means 
(FCM) and Hybrid Firefly. Hybrid FCM is a combination 

of swarm intelligence optimization technique (Firefly 
algorithm) and FCM, in other words it is an optimized 
version of FCM. In the subsequent stage texture based 
attributes are mined out and in later stage classification 
amongst normal and abnormal CT images is prepared by 
means of SVM classifier.  

Keywords—Firefly Algorithm, Hybrid FCM, Multilayer 

Perceptron 

I.  INTRODUCTION 

Medical Imaging is a proficiency and process of producing 
optical representation of internal regions of the body which are 
overlapped by bones and skin. It shows very energetic 
part.in.field.of.medicine.in research and clinical studies as it 
sets up a database of anatomy and physiology of normal cases 
which helps in the diagnosis and treatment of abnormalities. 
Medical images are obtained by using a wide range of imaging 
practices depending on the target position. Some of the 
commonly used imaging techniques, are X-ray, Ultrasound 
and Computed Tomography (CT). Magnetic Resonance 
Imaging (MRI), Positron Emission Tomography (PET), Single 
Photon Emission Computed Tomography (SPECT) and fusion 
of images from different modalities are used for better analysis 
and accurate diagnosis. Previous to the advancement of 
medical imaging doctors and radiologists used to diagnose and 
treat patients without observing the internal regions, except 
through explanatory surgery. In latest eras, medical Computer 
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Tomography (CT) images have stood practical in clinical 
opinion extensively. CT assist doctors to detect and discover 
pathological changes with more accuracy. Computed 
Tomography images can be distinguished for dissimilar tissues 
bestowing to their various gray levels. The images, if handled 
and processed suitably can offer a treasure of statistics which 
stands substantial information to assist doctors and 
practitioners in medical judgment. The attractiveness of 
Computed Tomography (CT) image is it is a scrutinizing tool 
that practices the striking grounds then machines to hook 
images of observance on film. CT doesn't exploit x-beams and 
it gives pictures from not the equivalent planes, which license 
experts to brand a three dimensional depiction of tumor and 
other disorders. The computerized tomography has stood 
found to remain the most consistent system for premature 
discovery of tumors since this modality is the frequently used 
procedure in radio healing diagnosis for two chief motives. 
The principal aim is that scanner pictures encompass structural 
evidence which offers the likelihood to design the path and the 
entry points of radio healing waves which have to mark only 
the tumor region and to avoid hazardous to other tissues. The 
second aim is that CT examination images are attained using 
rays, which is equivalent standard as radio healing. This is 
very imperative because the strength of radio healing rays 
have been computed from the scanned image.  

The rewards of using CT embrace decent detection of 
calcification, hemorrhage and skinny feature, favorably lower 
price, less imaging epochs and prevalent accessibility. The 
circumstances which includes patient are in huge amount for 
MRI scanner makes CT method a prominent scanning 
technique. Due to these whys and wherefores, this study aims 
to explore methods for classifying and segmenting brain CT 
images. Image segmentation is the development of 
subdividing a digital image into group of segments consisting 
of set of pixels. The precise and reproducible image 
segmentation systems are essential in several solicitations. The 
outcomes of the segmentation are noteworthy for classification 
and examination determinations. The demerits for CT 
scanning of brain images are due to fractional size effects 
which disturbs the edges of low brain tissue dissimilarity and 
results in diverse objects in the interior region of same range 
of intensity. Altogether these boundaries of demerits have 
made the segmentation more problematic. Consequently, the 
experiments for involuntary segmentation and classification of 
CT brain images have numerous diverse of styles. In this 
paper two fuzzy logic grounded segmentation algorithms are 
implemented for segmenting CT image and they are Fuzzy C 
Means (FCM) and Hybrid Firefly. Hybrid FCM is a 
combination of swarm intelligence optimization technique 
(Firefly algorithm) and FCM, in other words it is an optimized 
version of FCM. The paper presents a technique for extraction 
of texture features of order two which is best achieved with 
the aid of Gray Level Co-Occurrence Matrix (GLCM). In the 
subsequent stage of classification, this paper signifies the 
supervised knowledge tactic i.e. Support Vector Machine 
(SVM) is employed as it offers enhanced classification 
accurateness and performance. 

II. MATERIALS AND METHODOLOGY 

The proposed scheme is as presented in Figure 1. It 

consists of four phases Image Preprocessing, Skull Removal, 

Image Segmentation, Feature Extraction and Classification. 

Input Brain CT Image 

Pre-Processing 
(Gray Conversion, Noise 

Removal, Contrast 

Enhancement, Skull 

Removal)

Normal

Classifier

Segmentation

Abnormal

FCM Hybrid Firefly

Feature Extraction

Type of 

Abnormality
 

Fig. 1. Architectural Design of the Proposed System 

A. Image Preprocessing 

It is primary procedure of our proposed work. The CT 
images are needed to be preprocessed due to the reasons that 
CT images contain many channels of sovereign but 
geometrically recorded pathologically significant data, which 
is complex in analyzing the images and also it consists of 
marks or patient labels which will intervene in further 
processing  to improve the quality of the image and to remove 
noise ensuring representation of the images such that it is 
suitable for further processing of segmentation and 
classification in automated systems. During acquisition, 
storage and transmission of CT images noise contamination 
could occur which degrades the performance of the image 
processing algorithms and also affects clinical visualization 
for diagnosis of abnormalities. Therefore effective filtering 
algorithm needs to be used to avoid the repetitive scanning 
and also to preserve important information. Preprocessing of 
the CT image involves RGB to grayscale conversion, noise 
removal and skull removal. The initial stage being conversion 
to a grayscale level. In the second step the noise and artifacts 
existence in image is eliminated exhausting an efficient 
selective weight based median filtering technique and finally 
the skull region is removed using mathematical morphological 
algorithm. 

In this research two noise removal algorithms are used. 
They are Median filtering and Center Weighted Median 
filtering. Without loss of information within the edges of an 
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image median filters have the ability to remove the impulse 
noise which is most common in CT images. The pixel of 
interest in sub window is replaced by the median value of 
surrounding ones. Center weighted median (CWM) filter is a 
variant of weighted median filter which not only considers 
rank order information but also spatial information. This filter 
preserves the image details by removing the additive white 
noise or impulse noise. It is special because of its perfectness 
and simplicity which means that the design of the filter is easy 
and the theory behind it can be easily understood. The basic 
idea is to assign larger weights to the center pixel and the 
remaining pixels are assigned 1 in each window. The 
operation is same as median filter but the weights contains 
varying weights which is multiplied with original image pixels 
and then median filtering is performed. In this work, based on 
performance of image quality metrics the several noise 
removal algorithms have been tested. Also we have founded 
that center weighted median filtering approach eliminates the 
noise to the maximum extent since it provides the lowest 
Mean Square Error (MSE) and very extraordinary Signal to 
Noise Ratio (SNR) values intended for noise level ranging at 
high densities. 

 Mathematical Morphological Algorithm: 

The proposed algorithmic steps to perform skull stripping 

is as follows 

1. Select a „ball‟ shaped non-flat constructing 

component whose radius in X-Y plane is R and 

altitude is H using an ellipsoid equation given by 

       
2 2 2

2 2 2
1

x xc y yc z zc

xr yr zr

  
          (1) 

Where x, y and z are Cartesian Co-ordinates through 

epicenter (xc, yc, zc) and semi-axis lengths (xr, yr, zr). 

2. Perform opening operation. 

3. Create a mask using suitable threshold value such 

that the mask contains only cerebral tissues. 

4. Multiply the mask with original image. 

5. Image obtained is free from skull region. 

B. Image Segmentation 

So as to meaningfully partition the images into appropriate 
segments segmentation technique is used. It is performed 
based on certain features like texture or intensity. The main 
aim of segmentation is to find the set of objects that represent 
different anatomical structures or a particular region of interest 
(ROI) in image. Segmentation helps the human observer to 
identify the desired structures better without which 
identification may not be done properly. Therefore 
segmentation plays an important role in identifying anatomical 
structures or region of interest. In this work two fuzzy logic 
based segmentation algorithms are implemented for 
segmenting CT image into meaning full segments. They are 
Fuzzy C Means (FCM) and Hybrid Firefly. Hybrid FCM is a 
combination of swarm intelligence optimization technique 
(Firefly algorithm) and FCM, in other words it is an optimized 
version of FCM. 

 Fuzzy C Means Clustering(FCM): 

FCM is an efficient unsupervised fuzzy clustering 
technique for fuzzy data. It is alienated into two types hard 
clustering and fuzzy clustering. Hard clustering splits the 
dataset into multiple non-overlapping region i.e. one object is 
a member of only one cluster whereas fuzzy clustered dataset 
belong to more than one cluster. The main aim of FCM 
algorithm is to divide finite group of pixels into a batch of 
fuzzy clusters based on given criteria. Different similarity 
measures like intensity, distance and connectivity can be used 
to identify classes. In this project distance is considered. Let   

 be the finite set of data where s is 
the dimension. C is numeral of clusters. The output of the 
procedure is fuzzy membership matrix i.e.  and 

equation 2, where  denotes fuzzy membership of 
„a‟ th pattern to „b‟ th fuzzy cluster. 

1 1

1,0
c d

cxd

fcm ab ab

b a

M P R P P d
 

 
    

 
   (2) 

Every other pixel is associated with all the fuzzy clusters 
with dissimilar grades of belongingness. FCM is iterative 
procedure where minimizing the objective function shown in 
equation, is the main function. The membership function and 
cluster centers are also rationalized in every iteration 

1 1

c d
n

n ab a b

a b

M p g g
 

    (3) 

Where  represents inner product norm 

from the point  to the „b‟th cluster centers. N ∈ [1, ∞] is 
weighing exponent (usually n = 2). The entire algorithm is 
summarized below: 

1. The membership matrix.  is initialized. 
The amount of rows and columns in input image 
decides the size of this matrix. Every other pixel has 
4 membership values having range 0 to 1. This value 
is initialized in unspecific way and further 
reestablished to obtain the conclusive value. 

2. At  iteration, the cluster centers  and 
membership matrix  are calculated 

1

1

.
d n

ab aa
b d m

aba

p g
h

p









  (4) 

In a particular cluster the average intensity of all the 
pixels is the cluster center. Since 4 centroid values 
have to be determined „a‟ varies from 1 to 4. 
Centroids depend on the membership values which 
are initialized in unspecific way. The pixel to which 
cluster it belongs is determined depending on 
membership values. ‟g‟ corresponds to the intensity 
value of each pixel. 

3. Matrix P is updated for , and  step. From 
the cluster centroid obtained from equation 3 the 
membership matrix is reestablished using equation 4. 
The parameter  is the distance between 
original intensity values and the cluster center. 
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  (5) 

4. Lest the number of iterations crosses the criteria of 
termination step 2 and 3 are repeated recursively and 
henceforth equation 6 is satisfied 

new oldh h      (6) 

Where . FCM algorithm comes to a stop 
when the cluster centers in the current iteration are 
same as that of the previous ones. 

For the implementation of the FCM algorithm the intensity 
values of each pixel in the image is given as input. This 
algorithm divides the image into 4 clusters i.e. WM, GM, CSF 
and abnormal region if it‟s present. In this work 0.001 is 
chosen as error threshold value. The maximum number of 
repetitions is chosen to remain 100. If the error threshold is 
reached before the maximum number of repetitions algorithm 
will be terminated. The images obtained after segmentation 
using FCM algorithm are shown in Figure 2. 

 

 

 

 

 

 

 

Fig. 2. Segmented Image using FCM 

Various parameters of conventional FCM algorithm are 

initialized by choosing random values therefore the output of 

the FCM also varies and optimum cluster centers are not 

obtained. Since the initial cluster centers are chosen randomly 

there is a possibility that the algorithm converges and get 

stuck at the local maxima. Another drawback is the size of the 

input data is very large and takes maximum of 100 iterations 

the computation time is very high. To overcome these 

drawbacks a modified FCM algorithm called hybrid FCM is 

proposed. This is a hybrid technique where swarm intelligence 

based metaheuristic algorithm called Firefly algorithm is used 

along with conventional FCM algorithm. 

 

 Hybrid FCM Algorithm: 

Hybrid FCM has two stages. In the first stage firefly 

algorithm is used to find the cluster centers which are optimal 

and in the subsequent stage, output of the first stage is used to 

make ready the cluster centers of FCM algorithm. 

 

Stage 1: Firefly Algorithm for finding Optimal Clusters: 

The input for firefly algorithm is the Denoised image and 

the firefly algorithm gives four cluster centers after the 

implementation. Firefly algorithm cannot be implemented 

directly to the image therefore slight modifications needs to be 

made. In case of image each pixel is considered as firefly and 

its intensity is the firefly‟s brightness. Initially, maximum and 

minimum standards of location of image are found out so that 

the fireflies stay within the image. Parameters are initialized 

i.e. γ=100, α = 20% of maximum size of the image, number of 

iterations = 50 and maximum generation = 50.To find the 

optimal cluster centers number of fireflies are randomly 

spread in the entire image. The fireflies group‟s intensity of 

the pixel on which it is placed. These fireflies are ranked 

based on the intensity from dim to bright. The distance 

between firefly‟ a‟ and „b‟ is calculated using equation 7.  

 

2 2( ) ( )ab a b a b a bc x x x x y y       (7) 

 

If intensity of firefly „a‟ is less then firefly „b‟ 

attractiveness is calculated using equation 8 and the movement 

is calculated using equation 9. 

 

0

nce        (8) 

2

0 ( )abc

a a b a ax x e x x
 

      (9) 

 

Similar procedure is followed by firefly „a‟ with every 

other firefly in the entire image in the last iteration the location 

of the fireflies are updated. This procedure is repeated 50 

times as maximum generation is chosen to be 15. At the end of 

the algorithm all the fireflies get settled at local minima. To 

obtain the global maxima histogram of the obtained local 

minima is taken and the best four values are chosen from it 

which is the global maxima. The initial position and the final 

position of the fireflies are shown in Figure 3 and Figure 4. 

 

 
Fig. 3. Initial Positions of Fireflies 
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Fig. 4. Final Positions of Fireflies 

Stage2: Clustering Using FA and FCM: 

The global maxima values obtained from Firefly algorithm 

is the optimal cluster centers. These values are employed as 

preliminary cluster centers in FCM algorithm. The same 

procedure is followed for the implementation of FCM 

algorithm. The segmentation outcomes obtained by means of 

hybrid FCM are shown in Figure 5. 

 
Fig. 5. Segmented Image Using Hybrid FCM 

C. Image Feature Extraction: 

Feature extraction is an imperative stage before 

classification because classifier is trained and tested using the 

features extracted. The process of feature extraction and 

classification implemented in this exertion are discussed. The 

quantity of gray levels of an image denoted by „G‟ is best 

realized in a matrix notation with number of rows and 

columns alike. This matrix is titled as GLCM matrix. Two 

pixels with distances Δx, Δy, between them have their relative 

frequencies expressed ideally by the term P (i, j | Δx, Δy) in 

the matrix. They arise inside a set of locality one through 

intensity „i „and its counterpart „j‟. For a set displacement „r‟ 

and required angle (θ), P (i, j | r, θ) embraces the possibility 

values of order two for probable values of changes in gray 

levels of the two intensities (intensity i and intensity j). The 

process of calculating GLCM matrix is shown in Figure 6. 

 

Fig. 6. GLCM Matrix 

The first three values in a GLCM matrix is calculated from 

the 4×4 image  having 5 gray levels and θ = 0°. The element 

(1,1) holds the value 1.This is due to the fact that only at one 

occurence, in the input image two horizontal pixels which are 

adjacent as well have both the value '1'. On a similar analogy, 

GLCM (1, 2) holds the value 2. At two co-currences adjacent 

and horizontal pixels bear the value 1 and 2.Whereas the 

component (1, 4) bears a value 0 .Observing it‟s found that 

there are no adjacent pixel values with 1 and 4 which are 

horizontal as well. If more number of intensity levels is 

chosen, calculating GLCM for different combinations of (Δx, 

Δy) or (r, θ) results in bulky data than the original image. If 

very less intensity values are chosen it results in loss of texture 

information. The intensity levels has to be chosen carefully as 

the GLCM based features and feature ranking depends in the 

number of  gray levels chosen and the values of (r,θ) also 

needs to be restricted. Certain geometrical associations occur 

amongst few duos of projected likelihood distributions. Let P^' 

(r, θ) signify transpose of P (r, θ). Formerly 
'

'

'

'

( ,0 ) ( ,180 )

( , 45 ) ( , 225 )

( ,90 ) ( , 270 )

( ,135 ) ( ,315 )

o o

o o

o o

o o

P r P r

P r P r

P r P r

P r P r









 (10) 

From equation 10 it can be inferred that calculating GLCM 

at angles 180°, 225°, 270° and 315° no significant information 

is obtained about the textures. Therefore in this project GLCM 

matrices are estimated for four angles namely 0°, 45°, 90° and 

135° are calculated. An offset distance between the pixels is 

chosen to be one so that huge statistics of co-occurrences are 

resulting from the images. Four GLCM matrices are obtained 

from which different features are extracted. Extraction of 

Texture Features from GLCM Matrix. 

Gray Level Co-Occurrence Matrix is furthermost collective 

mode of mining out texture features. Extraction of texture 

features is best achieved using a GLCM. They are Energy, 

Entropy, Contrast, Variance, Correlation and Inverse 

Difference Moment. Generally, in this research 2 texture 

features of order one and 5 of order are calculated. Mean and 

Variance calculated from the original image forms the two 

first order features and the second order feature values are 

energy,  contrast,  entropy, skewness and kurtosis calculated 

from GLCM matrices. The different texture measures are 

calculated using the following features 
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 Mean: Contributes the amount of the general 

brightness of image. 

1 1

1
( ( , )

*

r c

x y

M f x y
r c  

        (11) 

Where r and c are the number of rows and columns of the 

image. f (x,y) represents the intensity value for skull stripped 

image. 

 Variance: 

2

1 1

1
( ( , ) )

*

r c

x y

v f x y M
r c  

   (12) 

 Energy: is taking the sum of the squared values of 

the components within the GLCM. 

2

, 1

( ( , )
N

x y

Energy f x y


    (13) 

Where N is the number of gray levels in the GLCM matrix 

and f(x, y) is the elements of GLCM matrix. 

 Contrast: Local contrast of an image is restrained 

by this feature. 

2

, 1

( , ) ( ( , )
N

x y

Contrast f x y f x y


   (14) 

 Entropy: Contributes degree of unpredictability of 

gray level distribution. 

, 1

( ( , ) log( ( , ))
N

x y

Entropy f x y f x y


   (15) 

 Skewness: This texture feature gives the gauge of 

symmetry of the GLCM matrix. 

3

3
, 1

1
( ( , ) )

N

x y

Skewness f x y 
 

   (16) 

Where µ is the mean if the GLCM matrix and σ is the 

standard deviation of the GLCM matrix. 

 Kurtosis: Gives the measure of nature of the data 

(peaked or flat) relative to the normal distribution. 

4

4
, 1

1
( ( , ) ) 3

N

x y

Kurtosis f x y 
 

    (17) 

Since there are four GLCM matrices for each feature four 

results are obtained. To avoid the dependency the average of 

resultant features are calculated to get a single value therefore 

seven features are obtained for each image. Extraction of 

features is carried out for the segmented images which are 

further utilized for training purpose and testing as well of the 

binary SVM for normal or abnormal classification. Another 

set of features are mined out only from abnormal images after 

skull stripping which are used for multiclass SVM for training 

and testing. Mean, variance, energy, contrast, skewness, 

kurtosis and entropy are the features extracted in two sets. The 

features are obtained from abnormal images after skull 

stripping and are used to detect the type of abnormality by 

means of multiclass SVM classifier. 

D. Classification: 

Classification is a process of creating a distinctive 

description by analyzing features extracted from images and 

systematizes the data into different categories. It consists of 

two stages i.e. testing and training. In the training phase, 

extraction of these features from the database of images used 

for training purpose, a distinctive description for each category 

is created. In the testing phase knowledge about partitioned 

feature space is used and the unknown data sample is 

classified. In this project classification is used for two 

purposes first to classify between normal and abnormal, 

second to classify the abnormal to different abnormalities. 

Classifier based on Support Vector Machine is employed for 

both the determinations. 

 Training and Testing using SVM Classifier 

To classify between normal and abnormal in the training 

stage SVM classifier is trained with the help of 81 images of 

which 48 are normal and 33 are abnormal. For every image 

skull stripping is performed and features are taken out. The 

mined features of every images are deposited as excel sheet 

i.e. .xlsx format. These features are composed in the form of 

feature vector and aided as input to training. Based on feature 

standards and the kernel function training arguments are 

conspired and support vectors are molded. Subsequently the 

data arguments are nonlinearly distinguishable and kernel 

function has to be selected to plot the statistics from low 

dimension to high dimension feature galaxy where data is 

linearly distinguishable. In this work SVM is trained using 

Multilayer Perceptron (MLP) kernel function and two 

optimization techniques i.e. Least Square (LS) and Sequential 

Minimal Optimization (SMO) are and their performance is 

compared. Similarly to classify different types of 

abnormalities multiclass SVM is used. It is implemented using 

LIBSVM toolbox where only the abnormal images are trained 

to plot the training points and support vectors. Here linear 

kernel function is used to train multi class SVM. 

In the testing phase the training arguments are provided as 

input to the SVM classifier along with the features of 

unfamiliar sample. The unfamiliar sample features are 

paralleled with training data and classified as normal and 

abnormal. For the detection of different abnormalities 

LIBSVM classifies abnormal images into infarct, lesion and 

edema. Two groups of data are occupied to test the 

functioning of the classifier. Initially it is verified by 

arbitrarily choosing the images used intended for training. The 

second group comprises of 40 images out of which 16 are 

abnormal and 24 are normal which are classified by the 

radiologist. 

III. RESULTS AND DISCUSSION 

The proposed automatic scheme as shown in Figure 1 

embody four different stages which are first stage of 

preprocessing, followed by segmentation of the images ,which 

is then given for extraction of features and they are finally 

classified. The results obtained importantly in classification 
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stage and the conclusion drawn from the obtained results are 

discussed in this section. Out of 121 real time images 

considered results are obtained for all the images but to access 

the performance of the algorithms used 40 images are 

considered form the database and the analysis of each stage is 

conceded out. There are two ladders in classification where 

the first footstep is to detect normal and abnormal slices and in 

the second footstep abnormal images are classified into 

edema, infarct or lesion. The classification is implemented for 

the two segmentation algorithms using two optimization 

techniques. The commonly used metrics to quantify the 

classifiers performance is to calculate the sensitivity, 

specificity and accuracy. These metrics are given by equation 

18, 19 and 20. 

( )

TP
Sensitivity

TP FN



    (18) 

( )

TN
Specificity

TN FP



    (19) 

( )

TP TN
Accuracy

TP TN FP FN




  
  (20) 

 

Where, True positive (TP) is properly classified abnormal 

image. True negative (TN) is properly classified normal 

image. False positive (FP) is the normal image which is 

misclassified in place of abnormal. False negative (FN) 

abnormal image which is misclassified in place of normal. TP, 

TN, FP and FN can also stand characterized in the custom of a 

matrix called as confusion matrix.  

Confusion matrix for classification using Hybrid FCM 

segmentation technique using MLP kernel function and SMO 

and LS optimization techniques are revealed in Table 1 and 

Table 2. 

TABLE I.  CONFUSION MATRIX-HYBRID FCM, MLP KERNEL AND SMO 

OPTIMIZATION 

 
Normal Abnormal 

Normal 20 1 

Abnormal 0 19 

TABLE II.  CONFUSION MATRIX-HYBRID FCM, MLP KERNEL AND LS 

OPTIMIZATION 

 
Normal Abnormal 

Normal 19 1 

Abnormal 1 19 

 

For classification using SMO optimization technique 
100% specificity, 95% sensitivity and 97.5% accuracy is 
obtained. For classification using LS technique the sensitivity, 
specificity and accuracy obtained 95% respectively. Confusion 
matrix for classification using FCM segmentation technique 
using MLP kernel, LS and SMO optimization techniques are 
displayed in Table 3 and Table 4. For classification using 
SMO 68.75% sensitivity, 79.16% specificity and 75% 

accuracy is obtained. For classification using LS 60% 
sensitivity, 88% specificity and 72% accuracy is obtained. 
After classification into normal and abnormal in the next step 
abnormal images are classified into lesion, edema and infarct. 
The confusion matrix obtained for detection of type of 
abnormality is shown in Table 5. Summary of the 
classification results is exposed in Table 6. The performance 
assessment of the same is as presented in Figure 7. 

TABLE III.  CONFUSION MATRIX- FCM, MLP KERNEL AND SMO 

OPTIMIZATION 

 
Normal Abnormal 

Normal 19 5 

Abnormal 5 11 

TABLE IV.  CONFUSION MATRIX- FCM, MLP KERNEL AND LS 

OPTIMIZATION 

 
Normal Abnormal 

Normal 15 2 

Abnormal 9 14 

TABLE V.  CONFUSION MATRIX FOR DETECTION OF ABNORMALITY  

 
Edema Infarct Lesion 

Edema 1 0 1 

Infarct 9 11 0 

Lesion 0 0 4 

TABLE VI.  SUMMARY OF CLASSIFICATION RESULTS 

Methods Sensitivity Specificity Accuracy 

Hybrid FCM 

With SMO 
95% 100% 97.5% 

Hybrid FCM 

With LS 
95% 95% 95% 

FCM With 

SMO 
68.75% 79.16% 75% 

FCM With 

LS 
60% 88% 72% 

 

Fig. 7. Performance Comparision 
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IV. CONCLUSION 

In this work an automatic classification technique is 
proposed where elimination of impulse noises in brain CT 
images are done effectively using efficient median and center 
weighted median filtering approach which yields high SNR 
and less mean squared error between the input and filtered 
image. The proposed method is implemented where skull part 
of brain is detached using proficient mathematical 
morphological algorithm. This algorithm removes only the 
skull region efficiently without loss of information from 
cerebral tissues. Image segmentation using Hybrid FCM is 
performed before classification. FCM algorithm stands 
implemented and its enactment is equated through Hybrid 
FCM algorithm. In this exploration work, the two 
segmentation approaches fuzzy C means, and Hybrid FCM 
which involves FCM and Firefly algorithm are introduced 
which produced good results that plays and aids an important 
role in future step of feature extraction. Also, the dominant 
feature extraction method is used with SVM classifier and the 
features such as mean, variance, energy, entropy, kurtosis, 
contrast and skewness is calculated which is employed for 
classification necessity of brain CT images. Outcomes 
demonstrates that the anticipated scheme presents improved 
level of segmentation with a smaller value of execution time. 
Classification is done using SVM classifier to classify normal 
and abnormal and further multi class SVM is implemented 
using LIBSVM 3.20 to detect the abnormality type. 

In future, the efficiency of classification can be increased 
by increasing the database used for training. The efficiency of 
detecting the abnormality can be improved by considering 
more samples of different ages for different abnormalities. 
This work with slight modifications can be used for detection 
of abnormalities occurring in further portions of the human 
body other than brain. 
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