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Abstract — As the Magnetic Resonance Imaging (MRI) 

technique is the most popular non-invasive technique, the 

imaging of biological structures by MRI imaging is a common 

investigating procedure in these days. Due to this reason, the 

automatic processing of such images is getting the most 

attention. Nowadays, the issue of automatic segmentation and 

analysis of brain tumours are becoming a major area of 

research. It is the first step in surgical and therapy planning. 

And the very first step of the automatic analysis of brain 

tumour is its detection and subsequent segmentation. The 

difficulty of the tumour segmentation is in its shape variability 

in each case.  The automatic segmentation of brain tumours is 

still a challenging problem, even though several different and 

interesting fully- or semi-automatic algorithms have been 

proposed in recent years. There are many existing algorithms 

which are classified as semi and fully-automatic methods that 

are region and contour-based methods. Existing system 

encodes the knowledge of the pixel intensity and spatial 

relationships in the images to create a fully automated 

segmentation system known as the KG (knowledge-guided) 

method. In this paper, the system proposes a novel semi-

automatic segmentation method based on population and 

individual statistical information to segment brain tumours in 

magnetic resonance (MR) images. The probability of each 

pixel belonging to the foreground (tumour) and the back 

ground is estimated by the k NN classifier under the learned 

optimal distance metrics. A new cost function for segmentation 

is constructed through these probabilities and is optimized 

using graph cuts. 

Keywords— Magnetic Resonance Imaging (MRI), KG 

(knowledge-guided) method, Brian Tumour, k NN classifier, 

Graph cuts. 

1. INTRODUCTION 

Tumour is an uncontrolled growth of cancer cells in the 

human brain that is counted as one of the most deadly and 

intractable disease occuring in the brain or central spine 

canal. Tumours are of different types and have different 

characteristics and different treatments. The brain tumours 

are classified as primary brain tumours and metastatic 

brain tumours. The former begin in the brain and tend to 

stay in the brain, the latter begin as a cancer elsewhere in 

the body and spreading to the brain. In research area, 

brain tumour segmentation is the crucial procedure before 

the surgical process begins. Different sizes and shapes and 

locations of brain tumours in human brain will be off 

varying intensities in Magnetic Resonance Imaging (MRI) 

that helps in the automatic segmentation of tumours. 

Texture is the most common popular feature used for 

image classification and segmentation. The multi-fractal 

texture estimation methods are more time consuming. A 

texture based image segmentation using GLCM (Gray-

Level Co-occurrence Matrix) combined with Ada-Boost 

classifier is proposed here. From the MRI images of 

brain, the optimal texture features of brain tumour are 

extracted by utilizing GLCM.  

  

Ada-Boost classifier algorithm features classify 

the tumour and non-tumour tissues and so tumour is 

segmented it also provides more efficient brain tumour 

segmentation when compared to other segmentation 

technique based on Support Vector Machine (SVM) and 

will provide more accurate result. Analysing the tumours 

and their behaviour are becoming more prevalent using 

many methods. Clearly, efforts over the past century have 

yielded real advances. However, the realization of 

tumours gains the enhancement in pre-surgical session 

using better diagnosis tools. Magnetic Resonance Imaging 

(MRI) has become a widely-used method of high-quality 

medical imaging, especially in brain imaging where 

MRI’s soft tissue contrast and non-invasiveness are clear 

advantages. An important use of MRI data is tracking the 

size of brain tumour as it responds treatment. Therefore, 

an automatic and reliable method for segmenting tumour 

would be a useful tool. MRI provides a digital 

representation of tissue characteristics that can be 

obtained in any tissue plane. The images developed by the 

MRI equipment are the best descriptions as the slices of 

the brain and also the added advantage is the slicing of the 

brain in both horizontal and vertical planes. 

The MRI-scanned images as an ideal source for 

detecting, identifying and classifying the right infected 

regions of the brain. Most of these conventional diagnosis 

techniques are based on human experience in interpreting 

the MRI-scan for judgment; certainly this decreases the 

possibility to false detection, identification and 

segmentation of the brain tumour. On the other hand, the 

application digital image processing could ensure the 

quick and precise detection and segmentation of the 

tumour. This may be one of the most effective techniques 

to extract information from complex 

medical images that has wide application in 

medical field by the segmentation process. The vital 

objective of the image segmentation is partitioning an 

image into mutually exclusive regions which is making 
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each region of interest to be spatially investigated and the 

pixels within these regions are homogenous with the 

predefined constraints. In most of the cases, the cause is 

unknown. Risk factors that occasionally may be the 

involvement of the genetic syndrome such as 

neurofibromatosis and also exposure to the chemical 

component Vinyl chloride. The Epstein - Barr virus and 

ionizing radiation may also be the causes in some cases.  

Magnetic resonance imaging (MRI) is the prime 

technique to diagnose brain tumours and monitor their 

treatment. Different MRI modalities of each patient are 

acquired and these images are interpreted by computer-

based image analysis methods in order to handle the 

complexity as well as constraints on time and 

objectiveness. Here two different approaches are used for 

analyzing tumour-bearing brain images, the first is an 

automatic segmentation presented with the multi-nodal 

tissue classification that could segment the healthy and 

pathologic brain tissues and their sub-compartments, 

providing the quantitative volumetric information. 

 

2. RELATED WORKS 

 

In Mutilevel Segmentation  and Integrated Bayesian 

Model Classification with an application to Brain Tumor 

Segmentation [9] of Jason J. Corso , Eitan Sharon  ,Alan 

Yuille (2006), the multilevel segmentation is carried out 

by the weighted aggregation algorithm. In another paper 

of Dimitris N Metaxas, Zhen Qian, Xiaolei Huang and 

Rui Huang Ting Chen, Leon Axel (2006), Hybrid 

Deformable Models for Medical Segmentation and 

Registration [10] states Metamorphic characters, a novel 

shape and texture integration deformable model 

framework and the integration of deformable models with 

graphical models and learning methods. The advantage of 

the above method is the metamorphic characters makes 

more robust to image noise and artifacts than traditional 

shape-only deformable models. But this still remains a 

difficult task due to the common presence of cluttered 

objects. The work of  Stefan Bauer, Lutz-P . Nolte, 

Mauricio Rayes named Skull-Striping for Tumor-Bearing 

Brain Images, states that the skull. Another paper, 

Multilevel Segmentation and Integrated Bayesian Model 

Classification with an Application to Brain Tumor 

Segmentation [11] (2006),  of  Jason J. Corso, Eithan 

Sharon, and Alan Yuille states that The system present a 

new method for automatic segmentation of heterogeneous 

image data, which is very common in medical image 

analysis. The main contribution of the paper is a 

mathematical formulation for incorporating soft model 

assignments into the calculation of affinities, which are 

traditionally model free. But this proposed method 

doesn’t explicitly take the classes models for usage.  

The paper of Rosniza Roslan, Rozi Mahmud, Nursuriati 

Jamil, Skull Stripping Magnetic Resonance Images Brain 

Images: Region Growing versus Mathematical 

Morphology [12] (2011), gives the perfect description of 

skull stripping using the mathematical morphology using 

Otsu’s thresholding.  In the paper, Detection and 

Segmentation of Brain Tumors using AdaBoost SVM 

[13], of Mrs.Nithyapriya.G and Mr.Sasikumar.C (2014), 

where An algorithm for segmentation is proposed by 

modifying the well-known AdaBoost algorithm. The 

modification of AdaBoost algorithm is known as 

Adaboost Support Vector Machine (SVM). Here the 

weights are assigned to component classifiers based on 

their ability to classify difficult samples. But it has a 

lesser accuracy. In this paper of Moumen T El-Melegy 

and Hashim M Mokhtar, titles as Tumor segmentation in 

brain MRI using a fuzzy approach with class center 

priors[14] (2014), states that the new fuzzy approach for 

the automatic segmentation of normal and pathological 

brain magnetic resonance imaging (MRI) volumetric 

datasets. 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. The 

advantage is as follows stating the considerable better 

segmentation accuracy, robustness against noise, and 

faster response compared with several well-known fuzzy 

and non-fuzzy techniques reported in the literature. The 

major disadvantage is their border with normal tissues 

cannot be very well defined on images; therefore, they are 

even difficult for radiology experts to delineate. And in 

the paper of the Mayur Sharma, Rupa Gopalan Juthani , 

Michel A.Vogelbaum (2017) [15], Updated Response 

Assessment Criteria for High-grade Glioma beyond the 

MacDonald Criteria, the Response Assessment in Neuro-

Oncology,  a method is used for the Glioma segmentation. 

 

 

 

 

3. METHOD 

This proposed system has a novel semi-

automatic segmentation method based on with the 

population and individual information for segmenting the 

brain tumours seen in the Magnetic Resonance Images 

(MRI). The probability range of each pixel belonging in 

both the foreground (tumour) and back ground are 

estimated using the k NN classifier, with its optimal 

distance metrics. A new cost function for segmentation is 

constructed through these probabilities and is optimized 
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using graph cuts. It can easily be realized that the full or 

semi-automatic watersheds-based methods are in fact 

region growing methods constrained, at the beginning, by 

the competition between the different seeds and then by 

the different already grown regions. In its present form, 

the fuzzy-connectedness-based method does not 

incorporate such a competition paradigm: only one object 

can be detected at a time.  

A direct consequence of this non-competitive 

learning is the need to threshold the connectedness map. 

A way to improve the fuzzy connectedness-based method 

is thus to introduce the concept of competition. This is 

very natural, from a computer vision point of view: an 

object or a region in an image does not exist intrinsically, 

but against other (adjacent) objects or against the 

background. Thus, we modified the fuzzy connectedness 

method along the following lines: First, not only one 

object, but the different objects or regions the user wants 

to differentiate, are designated and labelled. Second, in 

order to avoid thresholding, the affinity to any seed can be 

computed and the labelling of the pixel can be done 

according to the maximum affinity. In practice, instead of 

computing all the affinities for every pixel, it proves faster 

to label the pixels in the course of the computation. 

Before the presentation of the brain tumour segmentation 

methods, the MRI pre-processing operations are 

introduced because it is directly related to the qualities of 

the segmentation results. In general, the raw MRI images 

need to be pre-processed to realize the segmentation 

purposes.  

These pre-processing operations include de-

noising, skull-stripping, intensity normalization, etc, and 

have direct impact on the results of brain tumour 

segmentation. Image de-noising is a standard pre-

processing task for MRI. Noise in MRI image makes it 

difficult to precisely delineate regions of interest between 

brain tumour and normal brain tissues. For this reason, it 

is necessary to pre-processed MRI image to reduce noise 

and to enhance contrast between regions. Many de-

noising methods for MRI image have been proposed, such 

as Anisotropic Diffusion Filtering (ADF), wavelets, Non-

Local Means (NLM), and Independent Component 

Analysis (ICA). ADF is the current most popular method 

for the de-noising of brain tumour MRI images. A critical 

review of the effects of de-noising algorithms on MRI 

brain tumour segmentation was discussed. It concluded 

that, although the noise of images was reduced, it has 

always existed and became a negative effect on the brain 

tumour segmentation.  

Skull stripping is an important pre-processing 

step for the analysis of MRI images. For example, the 

system shows a result of skull stripping. Skull stripping is 

the process of delineation and removal of non-cerebral 

tissue region such as skull, scalp, and meninges from the 

brain soft tissues. The accuracy in skull stripping process 

affects the efficiency in detecting tumour presence, pre-

surgical planning, cortical surface reconstruction, and 

brain morphometry, and has been considered as an 

essential step for brain tumour segmentation. Removal of 

the skull region increases the chances of classification of 

diseased tissues. The mechanism of skull stripping is 

preceded with many difficulties as the complexity and 

individual characteristics of human brain, and the 

variability in the MR parameters. Poor quality and low 

contrast are the other constraints in segmenting the 

images. Many of robust skull stripping algorithms have 

been proposed to reduce these problems. Intensity 

normalization is a very critical step for the pre-processing 

of MRI, especially when classification and clustering 

methods are used for the segmentation. 

 

3.1.. k NN classifier description and formula 

 

In this pattern recognition, the k-Nearest 

Neighbour algorithm (k-NN), a simplest machine learning 

algorithm, and non-parametric method, where both the 

classification and regression is used. In both the cases, the 

input consists of the k-closest training example sets o the 

MR images of the brain, in their feature spaces. The 

output depends on whether k-NN is the usage of image 

the classification. The output has a class membership. The 

MR image is classified by a majority vote of its 

neighbours, with the label of assignment that whether the 

tumour is present or not accordingly. If k = 1, then the 

object, simply assigned to the class of first nearest 

neighbour set. 

 

In k-NN regression, the output is the property 

value based, on the tumour presence. This value is the 

average of all k nearest neighbours. K-NN is a type of 

instance-based learning, where the function is a locally 

approximated method where, all computations are 

deferred until classification is done. 

A simple implementation of KNN classification 

is to calculate the average of the numerical target of the K 

nearest neighbours. 
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2. CNN 

Classifier 

 

In 

machine 

learning, a Convolutional Neural Network (CNN, or 

Conv-Net) is a class of deep, feed-forward artificial neural 

networks which successfully been applied to analyze 

visual images. CNNs uses variety of multilayer 

perceptions designed to acquire the  minimal pre-

processing details. So they are also known as shift 

invariant or space invariant artificial neural networks 

(SIANN). Convolutional neural networks (CNN) use 

relatively little pre-processing comparing to other image 

classification algorithms, means the network learns the 

filters which are in traditional algorithms 

  

 

 

 

 

 

The formula for the calculation of the CNN Classifier in 

detection of the brain tumour: 

𝐴(𝑥) = f ∗ g = ∫ (x − u)g(x)
∞

−∞

 dx

= F−1 (√2𝜋𝐹(𝑓)𝐹(𝑔)) 

The following equation is used for the mapping the 

features in the feature extraction process: 

∑ ∑ 𝑖𝑛𝑝𝑢𝑡(𝑥 − 𝑝, 𝑦 = 𝑞)𝑘𝑒𝑟𝑛𝑒𝑙(𝑥, 𝑦)

𝑟𝑜𝑤𝑠

𝑥=0

𝑐𝑜𝑙𝑚𝑛𝑠

𝑦=0

= 𝐹−1(√2𝜋[𝐹(𝑖𝑛𝑝𝑢𝑡)𝐹(𝑘𝑒𝑟𝑛𝑒𝑙)] 

3.2.GLCM technique description and formula  

 

A statistical method of examining texture that 

considers the spatial relationship of pixels is the gray-

level co-occurrence matrix (GLCM), also known as the 

gray-level spatial dependence matrix. The GLCM 

functions characterize the texture of an image by 

calculating how often pairs of pixel with specific values 

and in a specified spatial relationship occur in an image, 

creating a GLCM, and then extracting statistical measures 

from this matrix. (The texture 

filter functions, described in Texture Analysis cannot 

provide information about shape, that is, the spatial 

relationships of pixels in an image.) 

 

The GLCM described here is used for a series of 

"second order" texture calculations. First order texture 

measures are statistics calculated from the original image 

values, like variance, and do not consider pixel neighbour 

relationships. Second order measures consider the 

relationship between groups of two (usually 

neighbouring) pixels in the original image. 

 

GLCM texture considers the relation between two 

pixels at a time, called the reference and the neighbour 
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pixel. In the illustration below, the neighbour pixel is 

chosen to be the one to the east (right) of each reference 

pixel. This can also be expressed as a (1, 0) relation: 1 

pixel in the x direction, 0 pixels in the y direction. 

 

Each pixel within the window becomes the reference 

pixel in turn, starting in the upper left corner and 

proceeding to the lower right. Pixels along the right edge 

have no right hand neighbour, so they are not used for this 

count. 

 

Algorithm 

 

The virtual variable is created in the following way 

(using the settings on the GLCM Texture page of the 

Variable properties dialog box identified in bold): 

 

Quantize the image data. Each sample on the 

echogram is treated as a single image pixel and the value 

of the sample is the intensity of that pixel. These 

intensities are then further quantized into a specified 

number of discrete gray levels as specified under 

Quantization. 

 

Create the GLCM. It will be a square matrix N x N in 

size where N is the Number of levels specified under 

Quantization. The matrix is created as follows: 

 

i. Let S be the sample under consideration for the 

calculation. 

ii. Let W be the set of samples surrounding sample 

s which fall within a window centred upon 

sample s of the size specified under Window 

Size. 

 

Considering only the samples in the set W, define 

each element (i, j) of the GLCM as the number of times 

two samples of intensities i and j occur in specified 

Spatial relationship (where i and j are intensities between 

0 and Number of levels-1) .The sum of all the elements i, 

j of the GLCM will be the total number of times the 

specified spatial relationship occurs in W. 

 

This produces a symmetric matrix in which the 

relationship i to j is indistinguishable for the relationship j 

to i (for any two intensities i and j). As a consequence the 

sum of all the elements i, j of the GLCM will now be 

twice the total number of times the specified spatial 

relationship occurs in W (once where the sample with 

intensity i is the reference sample and once where the 

sample with intensity j is the reference sample), and for 

any given i, the sum of all the elements i, j with the given 

i will be the total number of times a sample of intensity i 

appears in the specified spatial relationship with another 

sample. 

 

Normalize the GLCM: 

Divide each element by the sum of all elements 

 

3.3.SVM method description and formula 

In machine learning, support vector machines 

(SVMs, also support vector networks) are supervised 

learning models with associated learning algorithms that 

analyze data used for classification and regression 

analysis. Given a set of training examples, each marked 

for belonging to one of two categories, an SVM training 

algorithm builds a model that assigns new examples into 

one category or the other, making it a non-probabilistic 

binary linear classifier. An SVM model is a representation 

of the examples as points in space, mapped so that the 

examples of the separate categories are divided by a clear 

gap that is as wide as possible. New examples are then 

mapped into that same space and predicted to belong to a 

category based on which side of the gap they fall on. 

 

In addition to performing linear classification, 

SVMs can efficiently perform a non-linear classification 

using what is called the kernel trick, implicitly mapping 

their inputs into high-dimensional feature spaces.When 

data are not labeled, supervised learning is not possible, 

and an unsupervised learning approach is required, which 

attempts to find natural clustering of the data to groups, 

and then map new data to these formed groups. 

The clustering algorithm which 
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provides an improvement to the support vector 

machines is called support vector clustering and is often 

used in industrial applications either when data is not 

labeled or when only some data is labeled as a 

preprocessing for a classification pass. 

 

 

 

 

 

 

 

 

 

However, due to the confounding effects caused 

by the differences in brain tumour appearance, the 

segmentation of tumour-bearing images are more 

challenging than healthy images. A pathology-robust 

normalization method was proposed to improve both 

global and local constraints for MRI images. In general, 

before the operation of the segmentation started, a bias-

field correction was employed to reduce the effect of 

magnetic field in homogeneities during image acquisition. 

When operating on multi-modal images, pre-processing 

always includes the registration of all modalities in a 

common space of reference. In most cases, this is 

performed using a linear transformation model with the 

Mutual Information (MI) similarity metric and re-

sampling in order to ensure voxel-to-voxel 

correspondence across all modalities.  

 

Nowadays, brain tumour segmentation methods 

can be organized into different categories based on 

different principles. In hospitals, brain tumour 

segmentation methods are usually classified into three 

vital categories known as manual, semi-automatic, and 

fully automatic segmentations based on the degree of 

required interaction. In manual brain tumour 

segmentation, the experts must master the information 

given in the brain tumour images and also require some 

additional knowledge in anatomy aiming in manual brain 

tumour segmentation for painting the anatomic  

structures with various labels. To date, manual 

segmentation is widely applied to clinical trial. In the 

clinic, since many of brain tumour images are emerging, 

the manual segmentation of the different regions of brain 

tumour will become an error-prone and time-consuming 

task for the experts and yield poor results in a way.  

 

For semi-automatic brain tumour segmentation, 

it mainly consists of the user, interaction, and software 

computing. In the semi-automatic brain tumour methods, 

the user needs to input some parameters and is 

responsible for analyzing the visual information and 

providing feedback response for the software computing. 

The software computing is targeted at the realization of 

brain tumour segmentation algorithms. The interaction is 

in charge of adjusting segmentation information between 

the user and the software computing. 

 

 

 

 

 

 

The semi-automatic brain tumour segmentation 

methods were divided into three main processes: 

initialization, feedback response, and evaluation. 

Although brain tumour semi-automatic segmentation 

methods can obtain better results than manual 

segmentation, it also comes into being different results 

from different experts or the same user at different times. 

Hence, fully automatic brain tumour segmentation 

methods were proposed. For fully automatic brain tumour 

segmentation, the computer determines the segmentation 

of brain tumour without any human interaction. 

 

In general, a fully automatic segmentation 

algorithm combines artificial intelligence and prior 

knowledge. With the development of machine learning 

algorithms that can simulate the intelligence of humans to 

learn effectively, the study of fully automatic brain 

tumour segmentation has become a popular research 

issue. The semi-automatic and fully automatic 

segmentation of tumour brain images are faced with great 

challenges due to usually exhibiting unclear and irregular 
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boundaries with discontinuities and partial-volume effects for brain tumour images

 

Fig1: FlowDiagram                  

 

                            

 

Table I states the estimations for k-NN Classifier: 

 

 

 

 

                

 

 

  

 

 

 

 

 

Fig. 2: System Architecture 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

4. MODULE DESCRIPTION 

 

4.1. Pre-Processing 

 

Before the presentation of the brain tumour 

segmentation methods, the MRI pre-processing operations 

are introduced because it is directly related to the qualities 

of the segmentation results. In general, the raw MRI 

images need to be pre-processed to realize the 

segmentation purposes. These pre-processing operations 

include de-noising, skull-stripping, intensity 

normalization, etc, and have direct impact on the results 

of brain tumour segmentation. Image de-noising is a 

standard pre-processing task for MRI. Noise in MRI 

image makes it difficult to precisely delineate 

regions of interest between brain tumour and 

normal brain tissues. For this reason, it is necessary to 

pre-process MRI image to reduce noise and to enhance 

contrast between regions. 

 

Sl. 

No 

Parameters Values 

1. DSC 0.72 

2. Correct Rate 78% 

3. Error rate 12% 

4. Sensitivity 0.84 

5. Specificity 0.85 
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4.2. Mgh-Based Features 

 

Gray level histogram is a summary of the statistical 

information. MGH is based on the statistical proper ties of 

intensity distribution in a local region, and its effectiveness 

for the classification of tissues has been evaluated. The 

feature extraction method adopted here is similar to that. 

Nine statistics, including the mean, variance, smoothness, 

uniformity, entropy, and so on, are calculated and compose 

the image features. 

 

4.3. Glcm- Based Features 

 

Only using intensity distribution-based features is 

not sufficient because they do not take spatial information 

into consideration. Features extracting from the GLCM are 

based on the joint probability distribution  

 

of pairs of pixels, which have been proved to be 

effective for texture image classification. The dimension of 

the co-occurrence matrix is equal to the number of gray 

levels. The gray levels in medical images are usually 

reduced to M discrete levels to save computational time. 

GLCM is a W × W dimensional matrix. Distanced and angle 

θ are u se d to calculate the joint probability distribution 

between pixel s. The (i, j)th entry p ( i , j ) in the matrix 

gives the number of times that the gray level j follows the 

gray level i for a distance with an angle. 

 

4.4. Performance Analysis 

The statistical results show that our method and 

grow cut have better results. Grow cut algorithm can give 

satisfactory segmentation results but also needs the most 

computing time because of iterative calculating. For one 

image in our dataset, the computing time of grow cut was 

about 30 s, which is not desired by the user. Random walker 

shows good result s when the seeds are few or placed near 

the center of the tumour. It is fast and less affected by the 

number of the seeds, but is seriously influenced by the seed 

location, thus leading to a higher standard DSC. Traditional 

graph cuts algorithm needed the least computing time (no 

more than 1 s) but gave the worst results in our experiment. 

Compared to graph cuts, the mean DSC of our method is 

improved from 88.1 to 94.1 %. Our method has the lowest 

standard DSC of the four methods, showing robustness to 

data changes. 

 

 

 

 

Table II states the approximated estimations for CNN 

Classifier: 

 

 

 

 

 

 

 

 

 

 

 

Sl. No Parameters Values 

1. DSC 0.86 

2. Correct Rate 9.2857≡92.8% 

3. Error rate 0.71428≡7% 

4. Sensitivity 1 

5. Specificity 1 

5. EXPERIMENTAL RESULTS 
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6. CONCLUSION 

 

This paper has provided a comprehensive overview of the 

state of the art MRI-based brain tumour segmentation 

methods. Many of the current brain tumour segmentation 

methods operate MRI images due to the non-invasive and 

good soft tissue contrast of MRI and employ classification 

and clustering methods by using different features and 

taking spatial information in a local neighbourhood into 

account. The purpose of these methods is to provide a 

preliminary judgment on diagnosis, tumour monitoring, and 

therapy planning for the physician.  
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Although most of brain tumour segmentation 

algorithms have relatively good results in the field of 

medical image analysis, there is a certain distance in clinical 

applications. Due to a lack of interaction between 

researchers and clinicians, clinicians still rely on manual 

segmentation for brain tumour in many cases. The existence 

of many tools aims to do pure research and is hardly useful 

for clinicians. Therefore, embedding the developed tools 

into more user- friendly environments will become 

inevitable in the future. Recently, some standard clinical 

acquisition protocols focusing on feasibility studies are 

trying to formulate to improve the clinical applications more 

quickly.  

Apart from the evaluation of accuracy and validity 

for the results of brain tumour segmentation, computation 

time is also an important criterion. The current standard 

computation time is in general a few minutes. The real-time 

segmentation will be hard to achieve, but computation time 

over a few minutes is unacceptable in clinical routine. 

Another crucial aspect for brain tumour segmentation 

methods is robustness. If an automatic segmentation 

technique fails in some cases, clinicians will lose their trust 

and not use this technique. Therefore, the robustness is also 

one of the major assessment criteria for each new method 

applied in clinical practice. Some current brain tumour 

segmentation methods provide robust results within a 

reasonable computation time. 

APPENDIX 

The formula for the calculation of the CNN Classifier in 

detection of the brain tumour: 

𝐴(𝑥) = f ∗ g = ∫ (x − u)g(x)
∞

−∞

 dx = F−1 (√2𝜋𝐹(𝑓)𝐹(𝑔)) 

The following equation is used for the mapping the features 

in the feature extraction process: 

 

∑ ∑ 𝑖𝑛𝑝𝑢𝑡(𝑥 − 𝑝, 𝑦 = 𝑞)𝑘𝑒𝑟𝑛𝑒𝑙(𝑥, 𝑦)

𝑟𝑜𝑤𝑠

𝑥=0

𝑐𝑜𝑙𝑚𝑛𝑠

𝑦=0

= 𝐹−1(√2𝜋[𝐹(𝑖𝑛𝑝𝑢𝑡)𝐹(𝑘𝑒𝑟𝑛𝑒𝑙)] 
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