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Abstract— In this Revolutionary world of modern 

techniques, Medical Field shows a pervasive growth. 

Advancement in the Medical Imaging technology has 

a lot of Modern systems that represents the application 

of computer vision techniques that are used to retrieve 

images with the visual features available from the 

database available. In this paper, we have proposed a 

system which tells whether the image is cancerous or 

not, also it tells the types of tumour (either Malignant 

or Benign). Single Modality images are not enough for 

the better diagnosis and for better classification of 

Tumour cells. To improve the efficiency of 

Classification process we introduce the significance of 

Image Fusion. Fused Images contains more 

complementary information’s than the source images. 

Magnetic Resonance Image (MRI) which gives the 

information on soft tissues and Computed 

Tomography image (CT) which gives the anatomical 

information are fused using RDWT and Fuzzy 

Inference System. We take the advantage of Shift 

Invariance nature for the fusion process. The Fused 

images are decomposed using DWT and the texture 

features are extracted using Gray Level Co-occurrence 

Matrix (GLCM). The extracted features are learnt by 

the Probabilistic Neural Network (PNN) during the 

training phase. In the testing phase the test vectors are 

compared with the training vector to classify whether 

the input image is Malignant or Benign.  

 

Keywords— Medical image fusion, fuzzy logic, 

probabilistic neural network, Gray level co-occurrence 

matrix 

 

1.  Introduction 

Medical Image Fusion is becoming a popular tool for 

the better diagnosis of Brain Tumor.  Nowadays, 

diagnosis of Tumor based on Computer assisted 

diagnosis & therapy on Image Processing method are 

rapidly increasing in the modern medical field. In this 

growing medical field, the advancement in the imaging 

sensor for the acquisition of clinical information has 

lead to many imaging modalities. 

• Single Photon Emission Computed Tomography - 

SPECT 

• Computed Tomography - CT,  

Positron Emission Tomography - PET  

Magnetic Resonance Imaging - MRI, etc.,are some of 

the medical imaging modalities. Each and every 

Imaging Technique acquires different clinical 

information, where MRI gives the information on soft 

tissues and CT gives the anatomical information. Since 

our point of interest is restricted to two modalities of 

MRI and CT, It can be clearly observed that none of the 

imaging techniques gives all relevant information for 

the better diagnosis of Tumor [2]. Here comes the 

importance of Multimodality Medical Image Fusion, 

which enables to combine all complementary 

information of several images into a single image so 

that it reduces the storage size of the images and 

improves the visual quality of the images.  

By the same time, the image fusion which possesses all 

relevant information should not contain any artifacts or 

irrelevant features. Generally, the source image(MRI & 

CT) will contain noise and visual artifacts due to the 

imperfection during the acquisition of images in the 

scanning process [3]. This can be overcome by the 

Medical Image Fusion techniques. There are two types 

of fusion techniques: (1) Spatial Domain and (2) 

Transform domain.  

Spatial domain normally introduces Visual Artifacts. 

To overcome this, we go for Transform domain. In this 

paper, we use Redundant Wavelet Transform (RWT) 

for the decomposition of source images [3] and Fuzzy 

Inference System (FIS) as a Fusion Rule. Fusion Rules 

are used to derive a protocol for deciding which 

coefficient to be fused with the coefficient of another 

image.  Here medical Image Fusion is the process of 

classifying the type of brain tumour. Previous Research 

on Brain Tumour Classification is done using single 

modality image (MRI).  
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The objective of classification is to identify the type of 

tumor(either Benign or Malignant). In earlier days, 

tumors are identified by human intervention from the 

medical images. The typical way of identifying the type 

of tumour is based on their texture, shape and color of 

the tissues which appear. Due to the visual artifacts 

present in the images, the type of tumor can be wrongly 

classified. For achieving better efficiency, a system can 

be derived for the classification of tumour and the 

significance of Image Fusion can be incorporated. In 

this paper, the features are extracted from the Fused 

Image using DWT and it is classified using 

Probabilistic Neural Network [7]. DWT is used to 

decompose the images into several sub bands and the 

texture features are extracted using Gray Level Co-

occurrence Matrix (GLCM) [4]. Then the extracted 

features are jointly learnt by PNN (Supervised learning 

artificial neural networks) to classify and compare the 

tumor types. The efficiency of the algorithm is 

calculated by specificity, selectivity and accuracy. 

 

2.  Redndant discrete wavelet transform 
 

Redundant discrete wavelet transform (RDWT) is a 

transform for which the wavelets are discrete sampled.  

 

It is a mathematical tool for feature extraction and has 

been used to determine the wavelet coefficient from 

CT-MRI images. One of the major advantages in using 

RDWT is that, it is an un-decimated version of Discrete 

Wavelet Transform so that it overcomes the shift 

variance problem of DWT [3]. It is done by removing 

the down samplers of DWT. Therefore the sub band 

images and source images will have same pixel values. 

It uses sub-band coding for image decomposition. It is 

usually represented by transform based on sub bands 

levels. The 2-D transform can be computed by applying 

a 1-D transform to all rows of the input, and repeats the 

application to all rows and columns with separable 

filters. The two dimensional RDWT feature extracted 

result having four sub-bands at each scale. That is LL 

(Low Low), LH (Low High), HL (High Low) and HH 

(High High).Sub band LL is the approximation 

component of the image. The foremost step in Image 

fusion is based on Redundant Discrete Wavelet 

transform, that helps in making accurate decisions to 

merge the coefficients in appropriate way to get best 

informative High- quality fused image. RDWT avoids 

aliasing and ringing artifacts so that it can improve the 

performance of Image Fusion. 

Multi- modal Image fusion can be performed based on 

brain image Database after image registration. 

Considering I1, I2 are input brain images. Three levels 

of RDWT can be performed for the transformation of 

images into Wavelet bands. To perform the levels of 

RDWT Sub bands consider the coefficients  I1
a
, I1

v
, I1

d
 

I1
h
be RDWT sub-bands of I1  image and  coefficients  

I2
a, I2

v, I2
d I2

h be RDWT sub bands of I2 image. 

Coefficients of both images are averaged to get 

maximum output. 

I a 
F= mean (I1

a, I2a)                                     (1) 

Where I
a
F   represents approximation band of the fused 

image. It is used to determine fused sub bands of 

particular RDWT images.  

The Up-sampling factor of RDWT is given as  

  
 (2) 

 

 
 

 

 

Figure 1. Image Fusion using RDWT 

 

Figure 2. Representation of Model Framework        
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Figure 3.  Redundant wavelets transform representing 

four sub bands 

 

3.  Gabor Filter 

  

Gabor feature based filter is used for image Denoising. 

It helps to remove the corrupted images by changing 

the pixel value with weighted sum of image values. It is 

used to obtain localized frequency information. There 

are two important functions of Gabor filter bank. First 

it is used to improve the images from ridges and edges. 

Second it helps to preserve true rigid structure of 

images. It helps to remove particular inconsistency in 

medical image data set. Gabor filter technique is 

generally determined from low fusion frequency 

components. Its representation is similar to the human 

visual system. It is generally used in approximation and 

discrimination of medical images. In this framework, 

noisy image is considered based on Gabor filter bank. 

The resultant output is generally based on Gabor 

coefficients which help to extract normal image without 

noise .Gabor feature is generally based on output 

normal image coefficients. 

 

3.1.  Multimodal Image Fusion 

  

In multimodal image fusion, inconsistency, edges and 

artifacts are the major cause for poor efficiency. Fuzzy 

logic is used to remove the unwanted edges and 

contours. For the image uncertainty, it uses the 

membership function in clustering the allocated pixel 

values. To overcome these problems we go for Fuzzy 

Inference System. Initially we develop the gray levels 

of the source images and establish fuzzy inference 

system (FIS), and then we frame a set of fuzzy rules in 

order to obtain the membership values of each output 

pixels. Finally, calculate the gray levels through 

defuzzification and obtain the fused image. 

In this paper we consider a Pre Registered MRI and CT 

Images as input which is of same size and the output 

will be a fused image based on MAMDANI Fuzzy 

inference system [11] with two inputs and one output 

vectors. 

 

3.2.  Fuzzy Inference System 

 

Consider each pixel value of input gray images in the 

range [0,255] so the images will have 256 gray levels. 

Divide these gray levels into fuzzy sets {VL, L, M, H, 

VH} that has five membership function as follows: VL- 

gray level is very low; L-gray level is low; M-gray 

level is middling; H - gray level is  high; VH-gray level 

is very high. In simulation experiment, Triangular and 

Trapezoidal functions are fused to determine similar 

results [11]. In most of the cases, Triangular 

membership function is used to get desired output. 

 

4.  MAMDANI – MIM-SUM-MOM Algorithm 
 

Mamdani Fuzzy Inference System is used which is 

based on MIN-SUM-MOM algorithm [11] that uses IF-

THEN rule .This rule explicitly used to calculate the 

fuzzy implication based on MIN algorithm. 

Defuzzification is carried based on MOM algorithm. 

Output for fuzzy sets were found using SUM algorithm. 

This algorithm uses two inputs, one output. We have 

framed seventeen fuzzy rules for this fusion process, 

which are  

The relationship is usually based on Logical AND or 

logical OR. If logical MAX algorithm is used for 

computing relationship, then to calculate the output 

membership value, the degree MIN algorithm is used, 

where 

x1 is the gray vectors of the CT image 

x2   is the gray vectors of the MRI image 

 y is the output vectors of fused image. 

The Output Membership values is calculated as 

follows, 

 

 
  (3)  

  
 (4) 

  
 (5) 

With the Summation of above results, Calculate the 

output membership function H as, 

 

(6) 

 

Followed by the fuzzification process and to obtain the 

gray values we use MOM de-fuzzification for the 

output H which is defined as  

 

    (7) 

Where S (H) is the MOM de-fuzzification set 

values. 
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5.  Haar Transform 

 

It is used to transfer the image into a matrix that 

represents a pixel in that particular image. Haar wavelet 

decomposes the fused images into horizontal, vertical 

and diagonal detail. It is used to map the integer value 

pixels into other integer value pixels. Two bytes of 

memory space is required to store each of the extracted 

coefficients. It avoids the usage of decimal numbers 

while preserving the difference between two adjacent 

pixels which is used to find the energy feature of the 

image. Haar functions are represented by Equations of 

Haar transform    

                                                          (8) 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

                              

                
(9) 

 

Where, 

                                      K=2p=q-1,k=0,1…..L-

1,andl=L=2n                    (10)                        

 

 

 

 

 

 

Rule 1 
IF CT is Very Low and MRI is Very Low THEN Fused Image is Very 

Low 

Rule 2 IF CT is Very Low and MRI is Low THEN Fused Image is Low 

Rule 3 
IF CT is Very Low and MRI is Middling THEN Fused Image is 

Middling 

Rule 4 IF CT is Very Low and MRI is High THEN Fused Image is High 

Rule 5 IF CT is Low and MRI is Very Low THEN Fused Image is Low 

Rule 6 IF CT is Low and MRI is Low THEN Fused Image is Low 

Rule 7 IF CT is Low and MRI is Middling THEN Fused Image is Middling 

Rule 8 IF CT is Low and MRI is High THEN Fused Image is High 

Rule 9 
IF CT is Middling and MRI is Very Low THEN Fused Image is 

Middling 

Rule 10 IF CT is Middling and MRI is Low THEN Fused Image is Middling 

Rule11 
IF CT is Middling and MRI is Middling THEN Fused Image is 

Middling 

Rule 12 IF CT is Middling and MRI is High THEN Fused Image is High 

Rule 13 IF CT is High and MRI is Very Low THEN Fused Image is High 

Rule 14 IF CT is High and MRI is Low THEN Fused Image is High 

Rule 15 IF CT is High and MRI is Middling THEN Fused Image is High 

Rule 16 IF CT is High and MRI is High THEN Fused Image is High 

Rule 17 
IF CT is Very High OR MRI is Very High THEN Fused Image is 

Very High 
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Figure 4.  Block diagram of DWT 

 

6. Gray Scale co-occurrence Matrix 
 

GLCM is a statistically approach which describes the 

spatial relationship between pixels of different gray 

levels. It is a two dimensional histogram. The elements 

can be represented as (i, j) where i, j is predefined as 

distance& angle. Haralick produced a feature based on 

orientation between pixels [4]. GLCM is mainly used 

for texture analysis method. The textures features are 

contrast, correlation, energy, homogeneity, entropy. 

They are obtained by LH & HL sub band coding for 

wavelet decomposition. 
 

Contrast 
 

It concentrates on main diagonal and near the moment 

of inertia. It calculates the local variation in the GLCM 

matrix and it is represented by 

( ) ( )∑ − jipdjiji ,,,
2

θ     (11) 

It reflects the image clarity & texture   of 

shadow depth   

 

Correlation 

         
It calculates the pixel degree of correlation which has 

its neighbor over entire images 

        ( )( ) ( )jipdjiji yx ,,, θµµ −−∑    (12)                                                             

 

Energy 

 

Energy is an angular second order moment in terms of 

squared elements in GLCM. It is a gray scale image 

texture. It keeps on changing and reflecting the 

distribution of image gray-scale uniformity of weight 

and texture. 

( )( )∑
2

,,, jipdji θ       (13) 

  

 Entropy 

 

           It represents image texture randomness. Here, 

space occurrence matrix values are equal. 

( ) ( )( )[ ]jipdjijpdi ,,log,,, 2 θθ∑                (14) 

 

7.  Probabilistic Neural Networks 

  

It is also called as a Multilayered feed forward neural 

network [5].  It is one of special type of Radial Basis 

Function (RBF) which is predominantly used for the 

classification of images [7].  It provides general 

solution to pattern classification problems by a 

statistical approach which gets inspired from Bayesian 

classifiers. PNN is a supervised learning algorithm 

which consists of four layers.  

• Input Layer  

• Pattern Layer  

• Class Nodes/ Summation Layer  

• Decision Node/Output Layer.  

It estimates the Probabilistic density function for the 

extracted features in each class for the training vectors 

using Gaussian Kernel. Classification of tumor is 

performed using the Bayes decision Rule.  

 

Input layer 

 

Input Layer consists of ‘N’ no of Neurons which 

depends on the number of categorical variable of 

different features extracted using GLCM. The weights 

of the input node are kept 1. The input values are then 

fed to the Hidden Layer. 

 

Pattern layer 
 

Dot Product of sample and pattern is calculated and the 

same is used as the weight of each neuron. Radial Basis 

function is calculated and the value is fed into the 

summation Layer 

Radial Basis Function is given as   

  

  (15) 

 

Where, X is the Sample Vector and W is the weight 

 

Summation Layer 
 

The no of neurons depends on each category of target 

variables. This layer adds the weighted values stored in 

the hidden layer are then fed to summation layer. The 

neurons then add the values of activations in each class 

of hidden layer. 
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   (16) 

where    is the smoothing parameter 

 

Feature vector in each class is given by K1, K2, K3 and 

K4. 

Different Classes are given by g1, g2 and g3. The class 

function is given as  

 

gn = wn,1yn,1 + --------- + wn,knyn,kn  (17) 

 

where n = 1,2,3,4. 

 

Output Layer 
 

The value of summation layer is then fed to the output 

layer which in turns identifies the target class from the 

largest weighted votes acquired. 

The output layer calculates the target class output as 

max (g1,g2,g3) 

 

 

 

 
Figure 9.  Architecture of PNN network 

 

7.  Results and Discussion 

 

Brain tumor is a most curable and treatable disease if 

identified in the earliest stage. Untreated or propelled 

brain tumor can just spread internal in light of the fact 

that the skull won't let the cerebrum tumor grow 

outward. It puts intemperate weight on the brain and it 

can bring about perpetual cerebrum harm and 

eventually cause death. But the algorithm designed in 

this method helps in classifying cancerous and non 

cancerous brain tumors automatically by the PNN  

classifier, using the statistical texture features extracted 

by DWT and GLCM. From the literature survey, it is 

found that that the Directional features extracted from 

LH and HL sub bands of the discrete wavelet 

transform, which gives information among the 

horizontal and vertical directions respectively, they are 

more efficient at characterizing changes in the Tumor 

tissues[3]. The fused MRI-CT brain images are 

decomposed into four levels using discrete wavelet 

transform. The detailed coefficients from LH and HL 

sub bands were chosen. From the sub bands obtained 

from wavelet decomposition, Gray Level Co 

occurrence Matrices have been formed and the 

statistical texture features such as energy, contrast, 

correlation, homogeneity and entropy, were extracted. 

When it is observed that the texture features can train 

them into the PNN classifier. Therefore, the texture 

 
 

Figure 5.  Output Image of the DWT 
 

 

 

 

 

 

 

 

 

 

Figure 6.  Fused MRI-CT normal image 
    

 

 
  

Figure 7.   Fused MRI-CT Benign Image 
 

 
 

 

 

 

 

 

 

 

 

Figure 8.   Fused MRI-CT malignant image 
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features of discrete wavelet transform decomposition 

has been taken into consideration and were used as 

input vectors for training and testing the performance 

of the PNN classifier [7]. It was observed that the 

entropy of the malignant fused MRI-CT image is found 

to be more than the benign and Normal image.  

Here, the homogeneity is found to be less in malignant 

image compared to benign and normal image. 

Similarly, the energy also called as angular second 

moment, which is also found to be less in malignant 

MR image compared to benign and normal image. The 

proposed method, with the help of the texture statistics 

obtained from LH3 and HL3 sub bands, is able to 

classify brain tumor into benign and malignant[1]. 

Performance of the PNN classifier in training and 

testing can be evaluated using the difference in 

statistical values of Normal, Benign and Malignant 

tumor images. 

Sensitivity and Specificity measures the ability to 

identify abnormal and normal cases. Accuracy is the 

proportion of correct classifications to the total number 

of classification tests. This method of brain tumor 

classification has been performed on various normal, 

benign and malignant real MR images and the 

specificity, sensitivity and accuracy of the PNN 

classifier has been calculated, using the equations given 

below. 

 

true negatives 

Specificity = ---------------------

---------------------- × 100 

true negatives – false positives 

 

true positives 

Specificity = ---------------------

---------------------- × 100 

true positives – false negatives 

 

Correc

t cases 

Accuracy =     ---------------

----------- × 100 

        total 
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Table 1.  Statistical Texture Features obtained from GLCM of LH3 andHL3  

Sub Bands of a Normal used MRI-CT Images 

 

 

 

 

 

 

 

 

 

 

 

 

 

  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
Table 2.  Statistical Texture Features obtained from GLCM of LH3 and  HL3  

Sub Bands of a Malignant used MRI-CT Image 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
 

 

  

Energy Contrast Correlation Homogeneity Entropy 

0 0 0 0 0 

1.6608 1.1725 1.0382 0.6565 0.5104 

0 0 0 0 0 

0 0 0 0 0.0001 

0.0005 0.0005 0.0006 0.0005 0.0004 

0.0121 0.0113 0.0122 0.0099 0.0078 

0.0086 0.0119 0.01 0.0065 0.0059 

0.0001 0.0001 0.0001 0.0001 0.0001 

0 0 0.0001 0.0001 0.0001 

0.0067 0.005 0.0053 0.0031 0.0032 

0.0001 0.0001 0.0001 0.0001 0.0001 

0.0098 0.0085 0.0085 0.0065 0.0066 

0 0 0 0 0 

0 0 0 0 0 

1.8765 1.6227 1.5504 1.246 1.0327 

0 0 0 0 0 

0 0 0 0 0.0001 

0.0005 0.0006 0.0006 0.0005 0.0004 

0.0003 0.0001 0.0004 0.0084 0.007 

0.0004 0 0.0006 0.006 0.0048 

0.0001 0.0001 0.0001 0.0001 0.0001 

Energy Contrast correlation Homogeneity Entropy 

0 0 0 0 0 

0.9 0.5922 1.4069 1.0163 1.1056 

0 0 0 0 0 

0.0001 0.0001 0 0 0 

0.0004 0.0004 0.0005 0.0005 0.0006 

0.007 0.0001 0.0003 0.0002 0.0001 

0.0062 0 0.0005 0.0002 0 

0.0001 0.0001 0.0001 0.0001 0.0001 

0 0 0.0001 0.0001 0 

0.0032 0.0025 0.0065 0.0049 0.006 

0.0001 0.0001 0.0001 0.0001 0.0001 

0.0071 0.0061 0.0094 0.008 0.0087 

0 0 0 0 0 

0 0 0 0 0 

1.5094 0.9104 1.6294 1.207 1.4181 

0 0 0 0 0 

0 0.0001 0 0 0 

0.0004 0.0004 0.0006 0.0006 0.0006 

0.0003 0.0002 0.0004 0.0137 0.0004 

0.0004 0.0002 0.0005 0.006 0.0005 

0.0001 0.0001 0.0001 0.0001 0.0001 
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Table 3.    Statistical Texture Features Obtained From GLCM of LH3 and HL3 

 Sub Bands of a Benign Fused MRI-CT Image 
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Figure 10.   Feature Extraction of Test Image 

 

 

 

 

Energy Contrast Correlation Homogeneity Entropy 

0 0 0 0 0 

0.7293 0.3104 0.6043 0.9729 0.4707 

0 0.0001 0 0 0 

0 0.0001 0 0 0 

0.0006 0.0004 0.0005 0.0005 0.0005 

0.0011 0.0002 0.0115 0.0005 0.0002 

0.002 0.0002 0.0106 0.0005 0.0002 

0.0001 0.0001 0.0001 0.0001 0.0001 

0.0001 0.0001 0 0.0001 0.0001 

0.0044 0.0027 0.004 0.0052 0.0025 

0.0001 0.0001 0.0001 0.0001 0.0001 

0.0078 0.0066 0.0069 0.0086 0.0064 

0 0 0 0 0 

0 0 0 0 0 

1.8472 0.7539 1.1855 1.757 0.7618 

0 0 0 0 0 

0 0 0 0 0 

0.0006 0.0005 0.0005 0.0006 0.0005 

0.0024 0.0013 0.0001 0.0002 0.0004 

0.0038 0.0023 0 0.0002 0.0005 

0 0.0001 0.0001 0.0001 0.0001 
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Figure 11.   Classification Output 
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