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Abstract: The segmentation, detection, and extraction of infected 

tumor area from magnetic resonance (MR) scanned brain images 

are a most important concern in the medical field. In this paper, 

we have examined Berkeley wavelet transformation (BWT) 

based brain tumor segmentation and cascade feed forward 

neural network (CFFNN) based classifier for accuracy 

improvement. The experimental results of proposed technique 

have been evaluated and validated for performance and quality 

analysis on magnetic resonance brain images, based on accuracy, 

sensitivity, specificity, and dice similarity index coefficient. The 

experimental results achieved 98.51% accuracy, 95.12% 

specificity, and 98.52% sensitivity, demonstrating the 

effectiveness of the proposed technique for identifying normal 

and abnormal tissues from brain MR images. The simulation 

results prove the significance in terms of quality parameters and 

accuracy in comparison to state of- the-art techniques 

Keywords— MRI ; BWT ; CFFNN ; Accuracy. 

I. INTRODUCTION 

 
In present day, e-health care system in the medical 

field helps medical specialist to give better health care to the 

patient. This paper addresses the problems of segmentation of 

abnormal brain tissues and normal tissues such as gray matter 

(GM), white matter (WM), and cerebrospinal fluid (CSF) 

from MR scanned brain images using feature extraction 

techniques and classifier tools. To identify infected tumor 

tissues from medical imaging modalities, segmentation is 

employed. Segmentation is essential and significant step in 

image analysis; it is a process of separating an image into 

different regions and identical properties, such as color, 

texture, contrast, brightness, boundaries, and gray level. Brain 

tumor segmentation involves the process of separating the 

tumor tissues such as edema and dead cells from normal brain 

tissues and solid tumors, such as WM, GM, and CSF with the 

help of MR images or other imaging modalities. Medical 

image segmentation for detection of brain tumor from the 

magnetic resonance (MR) images or from other medical 

imaging modalities is a very important process for deciding 

right therapy at the right time. Many techniques have been 

proposed for classification of brain tumors in MR images, 

most notably, fuzzy clustering means (FCM), support vector 

machine (SVM), artificial neural network (ANN), knowledge-

based techniques, and expectation-maximization (EM) 

algorithm technique which are some of the popular techniques 

used for region based segmentation. 

Tumor detection using medical images plays a key 

role in medical practices. One challenge in tumor detection is 

how to handle the nonlinear distribution of the real data. 

Owing to its ability of learning the nonlinear distribution of 

the tumor data without using any prior knowledge, one-class 

support vector machines (SVMs) have been applied in tumor 

detection. The conventional one-class SVMs, however, 

assume that each feature of a sample has the same importance 

degree for the classification result, which is not necessarily 

true in real applications. In addition, the parameters of one-

class SVM and its kernel function also affect the classification 

result. Guo et al. (2011) introduced a One-class immune 

feature weighted SVM (IFWSVM) method for tumor 

detection in MR images. In this method, immune algorithm 

(IA) was introduced in searching for the optimal feature 

weights and the parameters simultaneously. The introduction 

of the feature weight concept can generate higher sensitivity 

by suppressing features that are weakly related to the final 

result and by strengthening features that are strongly related to 

the final result. The one-class SVM has good performances in 

solving the nonlinearity problem. Theoretical analysis and 

experimental results showed that one-class IFWSVM has 

better performance than conventional one-class SVM. 

Magnetic resonance imaging (MRI) is an imaging 

technique that has played an important role in neuro-science 

study for studying brain images. Classification is an important 

measurement in order to distinguish between normal patients 

and those who have the possibility of having abnormalities or 

tumor. Kumari (2013) proposed an approach using Support 

Vector Machine (SVM) classifier for detecting abnormality in 

brain MRI images. This proposed method consists of two 

stages: feature extraction and classification. In first stage 

features are extracted from images using Grey-Level Co-

occurrence Matrix (GLCM). In the next stage, extracted 

features are fed as input to SVM classifier which classifies the 

images between normal and abnormal along with type of 

disease depending upon features. For Brain MRI images; 

features extracted with GLCM gives 98% accuracy with 

SVM-RBF kernel function. This method also provides good 

classification efficiency as compared to other classifiers. The 

sensitivity, specificity and accuracy are also improved. The 

proposed approach is computationally effective and yields 

good result. This automated analysis system could be further 

used for classification of images with different pathological 

condition, types and disease status. The future work is to 

improve the classification accuracy by extracting more 

features and increasing the training data set. 

El-Melegy et al.(2014) proposed a new fuzzy 

approach for the automatic segmentation of normal and 

pathological brain magnetic resonance imaging (MRI) 

volumetric datasets. These datasets are classified to three main 

classes (WM, GM, CSF). The proposed approach reformulates 

the popular fuzzy c-means (FCM) algorithm to take into 

account any available information about the class center. The 

uncertainty in this information is also modeled. This 
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information serves to regularize the clusters produced by the 

FCM algorithm thus boosting its performance under noisy and 

unexpected data acquisition conditions. In addition, it also 

speeds up the convergence process of the algorithm. 

Experiments using simulated and real, both normal and 

pathological, MRI volumes of the human brain show that this 

proposed approach has considerable better segmentation 

accuracy, robustness against noise, and faster response 

compared with several well-known fuzzy and non-fuzzy 

techniques.  

Robust brain magnetic resonance (MR) segmentation 

algorithms are critical to analyze tissues and diagnose tumor 

and edema in a quantitative way. Demirhan et al.(2015) 

presented a new tissue segmentation algorithm that segments 

brain MR images into tumor, edema, white matter (WM), gray 

matter (GM) and cerebrospinal fluid (CSF). The detection of 

the healthy tissues is performed simultaneously with the 

diseased tissues because examining the change caused by the 

spread of tumor and edema on healthy tissues is very 

important for treatment planning. The author also developed 

an algorithm that combines threshold and morphological 

operations for stripping the skull before the segmentation 

process. The segmentation is performed using self-organizing 

map (SOM) that is trained with unsupervised learning 

algorithm and fine tuned with learning vector quantization 

(LVQ). The results showed that average Dice similarity 

indexes are 91% for WM, 87% for GM, 96% for CSF, 61% 

for tumor, and 77% for edema. This method showed a 

moderate and comparable performance on this dataset. The 

future work will focus on improving the segmentation 

accuracy of the system by using additional features such as 

prior knowledge, shape and models. 

Madhukumar and Santhiyakumari (2015) performed 

the qualitative comparison of Fuzzy C-means (FCM) and k-

Means segmentation, with histogram guided initialization, on 

tumor edema complex MR images. The accuracy of any 

segmentation scheme depends on its ability to distinguish 

different tissue classes, separately. Hence, there is a serious 

pre-requisite to evaluate this ability before employing the 

segmentation scheme on medical images. In this paper, the 

authors evaluated the ability of FCM and k-Means to segment 

Gray Matter (GM), White Matter (WM), Cerebro-Spinal Fluid 

(CSF), Necrotic Focus of Glioblastoma Multiforme (GBM) 

and the perifocal vasogenic edema from pre-processed T1 

contrast axial plane MR images of tumor edema complex. The 

experiment reveals that FCM identifies the vasogenic edema 

and the white matter as a single tissue class and similarly gray 

matter and necrotic focus. The k-Means is able to characterize 

these regions comparatively better than FCM. FCM identifies 

only three tissue classes whereas; k-Means identifies all the 

six classes.  

Automatic segmentation of brain tissues from MRI is 

of great importance for clinical application and scientific 

research. Recent advancements in supervoxel-level analysis 

enable robust segmentation of brain tissues by exploring the 

inherent information among multiple features extracted on the 

supervoxels. Within this prevalent framework, the difficulties 

still remain in clustering uncertainties imposed by the 

heterogeneity of tissues and the redundancy of the MRI 

features. Kong et al.(2015) proposed a robust discriminative 

segmentation method from the view of information theoretic 

learning. The prominent goal of this method is to 

simultaneously select the informative feature and to reduce the 

uncertainties of supervoxel assignment for discriminative 

brain tissue segmentation. Experiments on two brain MRI 

datasets verified the effectiveness and efficiency of the 

proposed approach. Compared with typical generative 

clustering methods, it successfully copes with tissue 

heterogeneity on the brain and thus provides much clean 

segmentation results with higher confidence. Meanwhile, 

sound performance of this method is obtained in an efficient 

way that could be finished in less than half minutes that is 

potentially applied with real-time clinical purpose. 

 

Damodharan and Raghavan (2015) presented an 

effective brain tumor detection technique based on Neural 

Network (NN) and our previously designed brain tissue 

segmentation. This technique hits the target with the aid of the 

following major steps, which includes: Pre-processing of the 

brain images., segmentation of pathological tissues (Tumor), 

normal tissues (White Matter (WM) and Gray Matter (GM)) 

and fluid (Cerebrospinal Fluid (CSF)), extraction of the 

relevant features from each segmented tissues and 

classification of the tumor images with NN. Experimental 

results and analysis is evaluated by means of Quality Rate 

(QR) with normal and the abnormal Magnetic Resonance 

Imaging (MRI) images. The performance of the this technique 

is been validated and compared with the standard evaluation 

metrics such as sensitivity, specificity and accuracy values for 

NN, K-NN classification and bayesian classification 

techniques. The obtained results depicts that the classification 

results yields better results in NNs when compared with the 

other techniques. 

Alfonse and Salem (2016) developed a brain tumor 

diagnostic system. The system determines the type of the 

tumor which is benign or malignant using the Magnetic 

Resonance Imaging (MRI) images which are in the Digital 

Imaging and Communications in Medicine (DICOM) standard 

format. The system is assessed based on a series of brain 

tumor images. Experimental results demonstrate that this 

system has a classification accuracy of 98.9 % on the collected 

dataset. The system provides an efficient solution as compared 

to other existing approaches. This system is quite useful in the 

context of detection and classification of brain tumors.  

Nilesh Bhaskarrao Bahadure et al.(2017) investigated 

texture based and histogram based features with a commonly 

recognized classifier for the classification of brain tumor from 

MR brain images.  From the experimental results performed 

on the different images, it is clear that the analysis for the 

brain tumor detection is fast and accurate when compared with 

the manual detection performed by radiologists or clinical 

experts. The various performance factors also indicate that the 

proposed algorithm provides better result by improving 

certain parameters such as mean, MSE, PSNR, accuracy, 

sensitivity, specificity, and dice coefficient. The experimental 

results show that this approach can aid in the accurate and 

timely detection of brain tumor along with the identification 

of its exact location. The experimental results achieved 
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96.51% accuracy demonstrating the effectiveness of this 

technique for identifying normal and abnormal tissues from 

MR images. The results lead to the conclusion that the 

proposed method is suitable for integrating clinical decision 

support systems for primary screening and diagnosis by the 

radiologists or clinical experts. 

The above literature survey has revealed that some of 

the techniques are invented to obtain segmentation only. Some 

of the techniques are invented to obtain feature extraction and 

some of the techniques are invented to obtain classification 

only. Feature extraction and reduction of feature vectors for 

effective segmentation of WM, GM, CSF, and infected tumor 

region. Moreover, only a few features are extracted and 

therefore very low accuracy in tumor detection has been 

obtained. Also, all the above literatures are missing with the 

calculation of overlap that is dice similarity index, which is 

one of the important parameters to judge the accuracy of any 

brain tumor segmentation algorithm. In this work, we perform 

a combination of biologically inspired BWT and CFFNN as a 

classifier tool to improve diagnostic accuracy. 

II. PROPOSED WORK 

The flow diagram for brain tumor detection and feature 

extraction by using BWT and cascade feed forward neural 

network as shown in Fig.1 

 
 

Figure 1. Flow diagram of the BWT and CFFNN technique 

. 

The step by step procedure of proposed method algorithm as 

follows: 

Step 1:  Read the original normal or abnormal MR image. 

Step 2: To perform preprocessing via adaptive contrast 

enhancement based on modified sigmoid function for 

improving the quality of the MR images. 

Step 3: To perform skull stripping based on histogram 

analysis or a threshold value for effective examination of brain 

tumor from the MR images. 

Skull Stripping Algorithm: 

Step 3(a) : Read the enhanced image 

Step 3(b): Convert enhanced image to grayscale 

image 

Step 3(c): Convert the grayscale image to binary 

image by thresholding 

Step 3(d): Find the number of connected objects 

Step 3(e): Find the mask by assigning 1 to inside and 

0 to outside of the objects that show the  

Brain region 

Step 3(f): Multiply the mask with T1,T2 and FLAIR 

MR Images to get their skull-stripped MR Image 

Step 4: To perform segmentation using BWT. 

Definition of BET: 

The BWT is a complete, orthonormal wavelet transform 

which approximates all of the properties described above. It is 

defined by a set of mother wavelets and a dilation equation 

that specifies the scaling and translation of the mother 
wavelets. 

The mother wavelets, βθ,ϕ, are scaled and translated using the 

dilation equation to produce daughter wavelets 𝛽𝜃 ,𝜙
𝑚 ,𝑛 ,𝑠

, at 

multiple positions (m, n) in the x-y plane, and multiple 

scales, s: 

𝛽𝜃 ,𝜙
𝑚 ,𝑛 ,𝑠 =

1

𝑠2
𝛽𝜃 ,𝜙 3𝑠 𝑥 − 𝑚 , 3𝑠(𝑦 − 𝑛)            (1) 

The BWT uses triadic scaling, i.e. the sizes of the daughter 

wavelets are scaled by powers of 3. 

Since the BWT is a complete, orthonormal set, it is self-

inverting.  

An image can be reconstructed from its BWT coefficients 

using: 

𝐼 𝑥, 𝑦 =   𝑤𝑚 ,𝑛 ,𝑠
𝜃 ,𝜙

𝑚 ,𝑛 ,𝑠=0𝜃∈𝛩,𝜙∈𝛷 𝛽𝜃 ,𝜙 3𝑠 𝑥 − 𝑚 , 3𝑠 𝑦 − 𝑛    (2) 

 

Step 5: To perform morphological operation for the 

extractions of the boundary areas of the brain images. 

Step 6: To perform feature extractions using statistical 

parameters.  

Step 7: To perform classifications using CFFNN from MR 

image dataset. 

 

 

 
Figure 2. Layered structure of   cascade and feed forward 

neural network 

 

The kind of neural network proposed in this work, as 

shown in Fig. 2, is a CFFNN composed by an input layer, an 

output layer and one hidden layer: the hidden layer has six 

neurons with hyperbolic tangent sigmoid transfer function,. 

While for the output layer has been used a linear transfer 

function.  
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III. SIMULATION RESULTS AND DISCUSSION 

       
(a)  Original Image   (b) Contrast enhancement Image 

  

(c) Skull stripped image (d) Wavelet Transpose Image 

  

(e) Intense segmented image   (f) Inverse intense image 

  

                (g) Eroded image (h) Area extracted image 

 

(i) Dialog box 

Figure 3: Segmented and area extracted result of abnormal brain MR image 

The proposed algorithms are tested on MRI brain scanned 

images for tumor detection of normal and abnormal brain images and 

it was carried out using MATLAB (R2016a). The experimental 

results obtained from the proposed technique showing the original 
image along with contrast enhanced image, skull-stripped image, 

wavelet transpose image, intense segmented image, inverse intense 

image, eroded image and area extracted image are shown in Figure 1 

and Figure 2. 
 

       
         (a) Original image                    (b) Contrast enhancement image 

  

      
(c) Skull stripped image        (d) Wavelet transpose image 

 

     
(e) Intense segmented image     (f) Inverse intense image 

           

     
(g) Eroded image     (h)Area extracted image 

 

 
 

(i) Dialog box 

Figure 4: Segmented and area extracted result of normal brain MR image 
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From the Figures 3 and 4 it shows that the proposed algorithm 

provides better result for brain tumor detection. The feature 

extraction and performance analysis parameter values for few 

MRI brain images tabulated in Table 1 and Table 2. 

 Table 1.FEATURE EXTRACTION VALUES FOR MRI 

BRAIN IMAGES 

 

Table 2 .PERFORMANCE ANALYSIS PARAMETERS 

FOR MRI BRAIN IMAGES 

 

Table 3. shows the comparison of accuracy for existing and 

proposed methods. From the table 7.3 it shows that the 

proposed CFFNN classifier provide significant improvement 

in accuracy. 

 

TABLE 3 . COMPARISON OF ACCURACIES IN 

EXISTING AND PROPOSED METHOD 

Classifiers Accuracy Sensitivity Specificity 

ANFIS 90.04 96.72 79.74 

SVM 96.51 97.72 94.02 

CFFNN                

(Proposed Classifier) 

98.51 98.52 95.12 

IV. CONCLUSION 

In this paper, using MR images of the brain, we segmented 

brain tissues into normal tissues such as white matter, gray 

matter, cerebrospinal fluid (background), and tumor-infected 

tissues. We used preprocessing to improve the signal-to-noise 

ratio and to eliminate the effect of unwanted noise. We used a 

skull stripping algorithm based on threshold technique to 

improve the skull stripping performance. Furthermore, we 

used Berkeley wavelet transform to segment the images 

Cascade feed-forward neural network to classify the tumor 

stage by analyzing features. The various performance factors 

also indicate that the proposed algorithm provides better result 

by improving certain parameters such as mean, MSE, PSNR, 

accuracy, sensitivity, specificity, and dice coefficient. Thus, 

the proposed approach is significant for brain tumor detection 

from MR images. The experimental results achieved 98.51% 

accuracy demonstrating the effectiveness of the proposed 

technique for identifying normal and abnormal tissues from 

MR images.  
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