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Abstract 
 
The International Association of Cancer Registries (IACR) claims that over 

28,000 cases are newly reported due to brain tumor every year and the yearly 

mortality rates due to this disease are around 24,000. Though the brain tumor 

is considered as a dreadful disease, it can be treated effectively, when the 

disease is diagnosed at an early stage. The advancement of computer 

technology leads to the proliferation of Computer based Diagnostic Systems 

(CDS). This article intends to present a CDS for Magnetic Resonance 

Imaging (MRI) of brain images, which relies on image processing 

techniques. The major phases involved in this work are image pre-

processing, image enhancement with denoising, segmentation and 

classification. This work applies two levels of segmentation such as coarse 

and fine level segmentation techniques. Support Vector Machine (SVM) 

classifier is employed for classifying between the tumor and the normal 

cases. The disease detection accuracy rates are satisfactory. 

 

Keywords: Brain tumor detection, feature extraction, classification, 

automation, MRI images. 

 

1 Introduction 
 

Brain tumor is a group of atypical cells being developed in the brain. The 

brain tumors can be organized in two kinds, which are benign and malignant.  

The benign type is not cancerous growth but the malignant type is 

cancerous. The brain tumors can fall under either of two classes, which are  
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primary and secondary. The primary type of brain tumor develops within the 

brain, which is usually not cancerous and the secondary type of tumor 

spreads from one part to another.  

Some of the possible reasons for the cause of brain tumor are age, 

heredity, and chemical or radiation exposure and so on. The noticeable 

symptoms of brain tumor are confusion, nausea, double vision, memory loss, 

and difficulty in reading or writing, loss of stability and so on. The earlier the 

disease is detected, the possibility of curing the disease increases. A thorough 

neurological scanning is required to diagnose this disease and there are 

several digital equipment to aid the brain tumor diagnostics.  

For instance, Computed Tomography (CT), Magnetic Resonant Imaging 

(MRI), biopsy, X-rays and so on. MRI provides a detailed picture of the 

brain and it does not based on any radiation. As soon as the brain tumor is 

detected, the treatment plan is framed by the healthcare professionals with its 

focus on the size, type, location and general health of the patient. Usually, the 

brain tumor is dealt with the help of surgery by removing the cancerous cells. 

In some cases, the surgical procedure is accompanied by the chemo or 

radiation therapies. 

Hence, detection of brain tumor is the most important phase and it 

determines the lifetime of the patient. This article presents a brain tumor 

classification system based on twin stage segmentation technique that could 

aid the healthcare professional in the final decision making process. The 

major phases involved in this work are MRI image pre-processing, 

enhancement, feature extraction and classification.  

The remaining portions of the paper are organized in the following way. 

Section 2 discusses the related review of literature with respect to brain 

tumor classification. The proposed work is explained in section 3 and the 

performance analysis is discussed in section 4. Finally, the conclusions are 

discussed in section 5. 

 

2 Review of Literature 
 

Numerous clinical studies are performed with respect to brain tumor 

quantification in the existing literature. Tumor volumetry is performed 

automatically by most of the existing studies. Mostly, the brain tumor 

analysis is carried out with the help of segmentation as claimed in [1,2]. 

Certain other works deal with meningioma [3]–[7] or specific glioma 

subtypes [8]. 

Several tumor segmentation algorithms are based on different structural 

pathology and the automatic white matter lesion segmentation is done with 

greater accuracy rates [9]. Several technologies are presented for detecting 

and  
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segmenting brain tumor [4].  The tumor segmentation algorithms can fall into 

two models such as probabilistic and discriminative approaches.  

The probabilistic methods exhibit that the anatomical models and the 

appearance based approaches are merged to arrive at automated 

segmentation, which requires the prior knowledge about the system. The 

discriminative approaches study the correlation between image intensity and 

segmentation labels in the absence of prior knowledge. The generative 

models exploit the finer details of the image such as appearance and spatial 

distribution of various kinds of tissues. This shows better generalization and 

deals with several brain tissue segmentation approaches [10,11, 12]. 

In some cases, the tumors can be formed as outliers of specific shapes 

[13, 14] or healthy tissues as in multiple Sclerosis [15, 16],[20,21]. In [17], 

the outliers are detected by means of Expectation-Maximization (E-M) 

segmentation that considers tumor as a separate tissue class. The spatial 

details of the tumor can be obtained from the outlook of the           bio-

markers or based on the tumor growth pattern to check the tumor structure 

[13, 18, 19]. 

These models are based on registration of accurate images with spatial 

knowledge and are difficult to achieve in case of larger lesions. Hence, the 

generative models require constant effort for changing the random semantic 

model of the image. On the other hand, the discriminative models can obtain 

knowledge directly from the training images with respect to the lesions and 

other tissues. 

As the image characteristics change, it is necessary for the system to 

train about the intensity and shape variation [20, 21]. In order to achieve this, 

the techniques obtain dense, voxel based features from anatomical map 

computation [22-24]. All the extracted features are passed into the 

classification algorithms, which analyses the data and forms the tumor 

classification maps. Here, the only demand is that the test image must also 

incur the same imaging protocol, as that of the train data. This issue can be 

handled by merging both the generative and discriminative models.  

Motivated by the above works, the proposed work aims to present an 

automated tumor detection algorithm by means of adaptive thresholding in 

MRI images. 

 

3 Proposed Work  
 

Brain tumor is a dangerous disease and the detection of this disease at an 

early stage could prolong the lifetime of the patient. This article considers 

this issue and presents a tumor classification system for brain MRI images. 

This work relies on two levels of segmentation namely coarse and fine 

segmentation techniques. The coarse segmentation is performed by 

employing the histogram based Fuzzy C Means (FCM) technique. This 

technique provides accurate results, as the degree of truth or false is 

considered. 
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Therefore, detection of brain tumor is the most significant phase and it 

determines the lifetime of the patient. This article presents a brain tumor 

classification system based on twin stage segmentation technique that could 

aid the healthcare professional in the final decision making process. The 

major phases involved in this work are MRI image pre-processing, 

enhancement, feature extraction and classification.  

On receiving the local sketch of the suspected area, finer level of 

segmentation is performed and is achieved by window based adaptive 

threshold approach. The finer level of segmentation improves the 

segmentation results obtained from the coarse level of segmentation.  

The final result obtained from the finer segmentation is laid over the 

result obtained from coarse segmentation. As soon as the segmentation 

process is over, different features such as area,  circularity, pixel 

intensity correlation, eccentricity and entropy of intensity distribution are 

obtained from the image and the classifier is trained. 

These models are based on exact images with spatial knowledge and are 

difficult to achieve in case of larger lesions. Hence, the generative models 

require constant effort for changing the random semantic model of the image. 

On the other hand, the discriminative models can obtain knowledge directly 

from the training images with respect to the lesions and other tissues. 

For example the image characteristics change, it is necessary for the 

system to train about the intensity and shape variation. In order to achieve 

this, the techniques obtain dense, voxel based features from anatomical map 

computation.  

All the extracted features are passed into the classification algorithms, 

which analyses the data and forms the tumor classification maps. Here, the 

only demand is that the test image must also incur the same imaging 

protocol, as that of the train data. This issue can be handled by merging both 

the generative and discriminative models.  

In Lifting Wavelet Transform (LWT) twice and obtain the low frequency        

sub-images need to be applied and I_0 is the original MRI image with 

optimum resolution and I_1,I_2 are the sub-images with the minimal 

resolution, where I_0,I_1 and I_2 represent the multi-resolution of the input 

MRI image.  

Histogram based fuzzy means C technique and obtains coarsely 

segmented result to be applied with the window based adaptive thresholding 

method and obtain finely segmented result. 

Similarly I_0 is the original MRI image with optimum resolution and 

I_1,I_2 are the sub-images with the minimal resolution, where I_0,I_1 and 

I_2 represent the multi-resolution of the input MRI image and Histogram 

based fuzzy means C technique and obtains coarsely segmented result to be 

applied with window based adaptive thresholding method and obtain finely 

segmented result.  

Different features are obtained from the segmented image and the SVM 

classifier is trained to distinguish between the normal and abnormal image. 
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3.1 Architectural Diagram 

 
The detailed flow of the proposed classification system of brain tumor is 

presented in figure 1. The major components are coarse, fine segmentation 

and classification. This work employs SVM as its classifier for distinguishing 

between the normal and the abnormal cells. 

 
Figure 1 Processes Involved In the Proposed Work 

 

As this work involves two levels of segmentation prior to classification 

task, the results are observed to be more accurate. 

 
3.2 Algorithm 1 

  
 The proposed algorithm 1 is presented below. 

 

Step-1: Apply Lifting Wavelet Transform (LWT) twice and obtain the low 

frequency        sub-images. 

Step-2: I_0 is the original MRI image with optimum resolution and I_1,I_2 

are the sub-images with the minimal resolution, where I_0,I_1 and I_2 

represent the multi-resolution of the input MRI image.  

Step-3: Apply histogram based fuzzy means C technique and obtain coarsely 

segmented result.  

Step-4: Apply window based adaptive thresholding method and obtain finely 

segmented result.  

Step-5: Overlay the finely segmented outcome over the coarsely segmented 

outcome. 

Step-6: Obtain features such as area, circularity, correlation of pixel intensity, 

eccentricity and entropy of intensity distribution. 

Step-8: Apply SVM and classify between normal and the abnormal cells. 

 This algorithm is efficient, owing to the incorporation of two levels of 

segmentation prior to classification. The next section assesses the 

performance of the proposed work. 
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4 Performance Analysis 
 

The efficacy of the proposed work is evaluated in terms of specificity, 

sensitivity and accuracy rate. All these performance metrics are based on 

True Positive (TP), True Negative (TN), False Positive (FP) and False 

Negative (FN) rates. 
 

4.1 TP Measure 
TP measure indicates the total count of correctly classified images out of 

all the total count of classified images. 
 

   
                                     

                                 
                               (1)                                                             

 

4.2 TN Measure 
TN measure denotes that the non-cancerous image is correctly declared 

as non-cancerous by the classification system. 

 

   
                                   

                                 
                                        (2)                                                      

 
4.3 FP Measure 

FP rate occurs when a non-cancerous image is declared as cancerous. 

   
                                   

                                 
                          (3)                                                                       

 
4.4 FN Measure 

FN rate occurs when a cancerous image is declared as non-cancerous. 

 

   
                                   

                                 
                                       (4)        

 
Based on these parameters, the standard performance measures such as 

accuracy, sensitivity and specificity are calculated and the results are 

presented. 

                                                       
4.5 Accuracy 

The accuracy value of a classification system describes the efficiency of 

the discrimination capability of the classifier and is computed by eqn.(5). 

 

               
     

           
                                (5)          
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4.6 Sensitivity and Specificity 
 
 Sensitivity and specificity are the other two significant performance 

measures that portray the reliability of the proposed work. The greater the 

sensitivity and specificity rate, the more reliable is the system. The sensitivity 

rate can be enhanced by reducing the FN rates, while the specificity rate can 

be improved by minimizing the FP rates. The formulae for computing the 

sensitivity and specificity rates are as follows. 

 

                 
  

     
                                            (6)          

                 
  

     
                                            (7)       

 

 The results are presented in the following figure 2. 
 

 

 
 

Figure 2 Performance Analysis 

 

Thus, the proposed work proves its efficacy in terms of accuracy, 

sensitivity and specificity. The reason for better performance is due to the 

dual segmentation steps prior to classification phase, being followed in the 

work. 
 

5 Conclusion 
 

 This article presents a system to detect and classify the brain tumor for 

MRI images. This work is based on four important stages such as image pre-

processing, segmentation, feature extraction and classification. The LWT is 

applied on the MRI image and the twin stage segmentation is applied on the 

MRI image. The histogram based FCM is applied as an initial stage of 

segmentation and this is enhanced by the window based adaptive 

thresholding method. Different features are obtained from the segmented  
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image and the SVM classifier is trained to distinguish between the normal 

and abnormal image. In future, this work can be improved by treating 

different image modalities. 
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