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ABSTRACT

The pre-determined of surgical treatments in brain tumour segmentation is essential by
pathologist to improve with successful surgical operations within human brain. The manual
approach on brain tumour segmentation occupies excess time and it seems as a tedious one.
Manual segmentation depends on each operator separately, which is not suggested. The state
of the art paper in the literature conveys many papers of tumour detection. In this work a
potential review by analytic exploration of recent seven papers such as BS-FCMLINN, BS-
MFTE, BS-LIP, BS-CNN, BS-MCNN, BS-WGA and BS-HSM are point out brain tumour
segmentation, is described. The main part of the work explains the brain tumour segmentation
accuracy. According to the seven methods the input image is of MRI images and BRATS
datasets are tested. The researchers can able to follow this methodical study in different
potential ways.

Keywords: Magnetic Resonance Image, Brain Tumor Segmentation, Neural Network, Fuzzy
logic

1 Introduction

Medical image processing is a gift for people who plan their medical treatments. Brain cancer
is a life-threatening disease because it appears to be a dominant disease worldwide [1][2]. The
advanced medical diagnostic system detects brain tumours in patients by MRI, but in some
cases the radiologist cannot detect tumors, although they may be experienced pathologists. The
main challenges in brain tumour segmentation are its different sizes, shapes and appearance in
different places. Deformation of surrounding brain structures caused by mass effect or edema
also complicates the segmentation of brain tumours. Artefacts and noise are other barriers to
brain tumour segmentation .For Segmentation model recognition technology is widely used
[3]. The tumour may be segmented based on tissue contours. The mass effect of the tumor can
change normal tissue. The segment of gliomas is important for treatment. Images can be
analyzed by magnetic resonance imaging (MRI) and computed tomography (CT). A clinical
diagnosis calls for an accurate classification of medical imaging [1]. Articles are explored on
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this topic with solutions and many researchers do not know what the best article to pursue their
new research. This paper has progressed with a solution to develop information on the latest
state-of-the-art papers that can help young researchers.

2 Brain Cancer Segmentation Methods

e Brain tumor Segmentation using Fuzzy C- Means clustering with Local Information
and Neural Networks(BS-FCMLINN) [4]

e Brain tumor Segmentation using Multi-Fractial Texture Estimation(BS-MFTE)[5]

e Brain tumor Segmentation based on Local Independent Projection-based classification
(BS-LIP) [6]

e Brain tumor Segmentation using Convolutional Neural Networks (BS-CNN) [7]

e Brain tumor Segmentation using Multipath way Convolutional Neural Networks (BS-
MCNN) [8]

e Brain tumor Segmentation using Wrapper based Genetic Algorithm (BS-WGA) [9]

e Brain tumor Segmentation using Hybrid Segmentation Method(BS-HSM) [10]
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2.1 Brain Tumor Segmentation in Fuzzy C-Means Clustering with Local Information
and Kernel Metric for Image Segmentation

The MRI image is segmented using Fuzzy C-Means algorithm (FCM). FCM is best for
denoising the images. FCM categorized into two factors weighted fuzzy factor and kernel
metric factor.

a) By the fuzzy weighted factor, neighbouring pixels can be estimated with accuracy. The
MR image captured is 128x128 pixels. The kinds of images used are synthetic images,
natural images and medical images. To weight the pixel in two cases (i) The mid of the
pixel is not noise some pixel within the windows corrupted by noise (ii) The mid of the
pixel is noise and the remaining pixels are not corrupted by noise. FCM factor is
parameter free. This is designed to control spatial relationship to speed up brain tumor
segmentation, enhanced the linear weighted image is sum with the neighbour pixel with
original image .The need of the parameter is to control the noise and effectiveness.
Parameter selection is not a simple task. The index terms are grayscale and spatially
constrained.

b) The second metric is to improve the image. BS-FCMLINN performance is introduced
for neighbouring abstraction pixels with mean and median filtered images. The kernel
method supported by the brain tumor segmentation cluster formula is used. The
methodology of the kernel resolves the issue of dimensional zones. Gaussian filter is
adopted for the selection of fast information measurement. Test the formula using
Gaussian, salt and pepper levels. The background level is usually two hundredths of an
hour. For this experiment, opt for Brain Web knowledge. The original image is divided
in four levels of background, white matter, gray matter and cerebrospinal fluid. The
projected algorithm improves the performance of the brain tumor segmentation. In
recent year kernel methodology adopted the machine learning technique. The advantage
of this work is reducing the complexity of segmentation, reduce the procedure price.
The disadvantage of this work is not robust to noise, Time-consuming method,
Hardware implementation is expensive. The space measured in original knowledge
space by non-Euclidian strategies. All the method done on a Pentium 1V (3 GHz) under
Windows XP victimisation qualified MATLAB.

2.2 Multi-fractal Texture Estimation for Detection and Segmentation of Brain Tumors

This work is employed to find the texture of brain image for segmentation. To discover texture
of tumor multi-fractral resolution technique is supplementary. The experience is calculated
using a multi-fractional Brownian movement. Brain tumor segmentation is extended using a
procedure of ada Boost algorithm. Segmentation of the BRATS2012 dataset was more accurate
and robust. Brain tissues from the encompassing space are masked and combined with the
atlas registration and classifications. The drawback is atlas based segmentation. The projected
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segmentation technique is discriminative random subject by exploitation this method multi
scale image and alignment of the image are segmental. Conditional random field model is
utilized for cascade the classifier, every classifier use set of options. However, the projected
technique studied to make an applied mathematics model for tissues. The new technique is
initialized for boundary leakage artefacts .Standard classification forest and random forest
scheme are used for brain tumor segmentation. In order to extract the texture characteristics,
the fractal analysis technique has a success rate. To select a variety of textures, the Multi-
fractional brownian motion technique is included. In this work, a Multi fractal Dimension is
used for texture extraction and the intensity of the tumor and non-tumor tissues. Adaptative
Boosting is the method which is highly train to boost the texture in various patients.
AdaBoost algorithm is dependent on the weight of the classifier and also combine neural
network classifiers. If more components are added the classifier become weak, so is known as
Weak Learner. The AdaBoost framework does not depend on a weak learner. The dataset used
is T1 weighted, T2 weighted and FLAIR type of tumor image. When pre-processing to slice
the image, the SPM8 toolbox is used for each patient. To separate tumor tissues from skull
BET tool box is used. The hardware implementation uses MATLAB 2011a in Windows 64 bit
2.26 GHz Intel(R) Xeon(R) processor, with 4 GHz RAM. In the future, the ADaBoost rating
can be changed.

2.3 Brain tumor Segmentation Based on Local Independent Projection-based
Classification

Automatic detection of brain tumors is carried out with this method Independent Local
Projection (LIP) and classification are characteristics of this approach. LIP group have various
relapse models, which work on exposure. The tumour core was entirely segmented using this
contrast technique. Necrosis, improved tumor, unregistered tumor, and swelling make up the
tumor area of glioma. The LIP method emphasizes the edema and contrast regions. Tumors
can be of any size or shape. In the medical field, the challenging task is to locate the tumor's
edge. Twofold picture is arranged in to edema locale then it is inputted utilizing associated part
calculation. Finally, each edgma region is separated, and the results are compared to those of
the tumor. Additional noise and artefacts in the tumour image complicate segmentation. We
therefore set up a robotic division approach. Multi-resolution frames are proposed to reinforce
robustness. Image extraction is currently performed via a patch-based method. For MRI images
in the future, a technique based on cubic patches can be used. The LIP strategy is utilized for
addressing direct weight recreation.

Many algorithms have been developed to detect the brain tumor. Intensity based method,
surface evaluation method, asymmetric analysis, interactive algorithm, atlas based method,
supervised and unsupervised learning method. The advantage of this method is to reduce
computation cost; multi resolution frame work is embedded and improves the robustness. It
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classifies the voxels for processing. Voxel-based is implemented for multi-core CPUs therefore
the processing time decreases. For testing the algorithm run in a single thread .The drawback
of this method is to improve the classification of Sofmax Regression Model(SRM). SRM is not
applicable for synthetic data groups. SRM select the neighbouring data which increase the
computational cost. It does not regularize the contextual information.

2.4 Brain Tumor Segmentation Using Convolutional Neural Networks in MRI Images

The technique for machine-driven segmentation is employed in 3x3 kernels. The demerit is
manual segmentation is needed if range of MRI image are used. The information used is
BRATS2013 that notice the core and region of the dice. It’s a difficult task for dataset of
BRATS2015.

The tumor is stratified into Low Grade Gliomas (LGG) and High Grade Gliomas (HGG).
Nowadays treatment includes surgery, chemotheraphy, radiotheraphy etc. Many methods use
parametric or non-parametric model of information. Growths are often divided like outline of
the tissue and shapes of the growth. The expansion of the growth is measured by its mass,
improved atlases neighbourhood voxels. The histogram based mostly estimation is employed
for segmentation of super voxel pictures. The weakness is throughout the coaching stage
neoplasm doesn't match the pattern. The varied options projected is encryption context, form
based mostly texture, brain symmetry and a few of the physical properties. Recent classifier is
Support Vector Machines (SVM) and Random Forest (RF). RF handles multi-level issues. The
advantage is CNN uses information, it works on patches using kernel. Most of the authors work
on 2D filter. But the disadvantage of using 3D filter is loaded computational cost. Evaluation
is done by use of two-pathway networks one network is used for bigger patches and the one is
larger context view. Evaluate each component by studying improving in performance. CNN
use two layer for separation fully connected layer and softmax layer. The output of the FC layer
with softmax layer is separated by RF classifier.

In the pre-processing stage MRI image are corrected by bias field distortion. The intensity of
the tissues varies in images. By normalization method we find the intensity and standard
deviation of the sequence of patches. Convolutional layer train the FC layers. Since kernel is
used for all the images, different location of same matter is identified. By the use of kernel
neighbourhood information is taken as context information. The following are the context
information initialization, activation, pooling, Regularization, loss function and data argument.
The proposed architecture includes more layers and weight. To train CNN Gradient
optimization algorithm is used for MRI image. Brain tumors are highly variable in spatial
location.

2.5 Brain Tumor Segmentation Using Multipath Way Convolutional Neural Networks

The approaches for brain tumor segmentation using multi pathway group conventional neural
networks. This model implements the two-pathway CNN model to reduce the insecurity and
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more appropriate boundary sharing. This approach adopts cascade architecture to treated
additional sources. This method is tested using the BRATS2013 and BRATS2015 datasets.
The benefit of multi path way CNN is symmetrical embedding like rotations and reflections to
the filters.

2.6 Brain Tumor Segmentation Using Wrapper Based Genetic Algorithm

The approach is wrapped genetic based algorithm for brain tumor detection. In this algorithm
a set of texture based features are elected. In wrapped approach a large set of related features
are selected. The genetic algorithm generates optimized subset of the related features. The
database used here is a multimodality images such as FLAIR and T2 images. The merit of this
algorithm is to generate subset that can reduce the curse of dimensionalities to a vast size.

2.7 Brain tumor Segmentation using Hybrid Segmentation Method

The segmentation methods can mutually eliminate the location of the tumor. Detection of
tumor location is difficult due to the variation of frequency in MRI image. Dissimilarity of
frequency extends up to edema. The confidence region with contour detection identifies the
variation of frequencies and level set algorithm is used to describe the region of inner and outer
of the tumor. Automatic feature selection method is required due to data complexity a self
organization feature map method is used. The weighted self organization map has higher
trained accuracy feature. When this specific feature is combines with cluster therefore it is
known as feature clustering. This process provides elemental assurance. The frequencies are
segmented by hybrid Pixel based technique. This method produces a potential cluster which is
completed through the hybrid learning techniques. Hybrid cluster method segments the tumor
region. Extended frequencies are also segmented by this hybrid technique.

The Table 1 describes the main contribution, merits and demerits of the seven methods
targeting tumour segmentation for humans.

Table 1: Analysis of constraint, merit and demerits for seven methods

Methodologies Year Primary Merit Demerit
Technique
Grayscale, Reduce computing | N Robust to
BS-FCMLINN 2013 spatial Ccosts, reduce | noise
constraint segmentation
complexity
Multi Resolution | Reduce the Atlas
BS-MFTE 2013 wavelet computation Based
complexity Segmentatio
n
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Local R Reduce the cost of | Does not
BS-LIP 2014 independent calculation, increases | apply to
projection robustness. synthetic
dataset.
Convolutional Operates on patches | F Forthe 3D
BS-CNN 2016 Neural Network | using the kernel. filter,
increase the
computation
cost.
Multipath Sharing borders more | It’s hard to
BS-MCNN 2018 Convolutional appropriately. differentiate
Neural Network healthy
tumor tissue.
G Genetic Minimize the curse of | Applies only
BS-WGA 2019 Algorithm dimensionality. to  medical
images.
Hybrid Have more | Does not
BS-HSM 2020 segmentation Functionality apply to poor
method Selection Method. quality
images.

The Table 2 deals with the input type, name of database used and segmentation accuracy of the

ten methods in detail.

Table 2: Analysis for the seven methods

Methodologies Database Segmentation
Precisions

BS-FCMLINN FLAIR,BRATS 2012 90.98%
BS-MFTE BRATS 2012 91.41%
BS-LIP BRATS 2013 94%

BS-CNN BRATS 2013 97.02%
BS-MCNN BRATS2013, 97.45%

BRATS2015

BS-WGA FLAIR 97.89%
BS-HSM BRATS 2015 98.05%
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3 Result Analysis

This analysis part makes the tables by filling the analyzed results of the seven methods such as
BS-FCMLINN, BS-MFTE, BS-LIP, BS-CNN, BS-MCNN, BS-WGA, and BS-HSM. It also
projects the publisher and year of publishing to know about the methods towards a better way.

Accuracy

BS-

FCMLINM
BS-MFTE
BS-LIP
BS-CMMN

BS-MCNMN
BS-WGEA
BS-HSM

M Segmentation Precision

Figure 1: Segmentation Precision

The segmentation precision for seven different approaches is displayed in Figure 1. The
accuracy ratio for segmenting the brain is gradually improved. The most effective technique is
BS-HSM, which yields the best segmentation results. BS-WGA is the second-best approach. It
uses the BS-FCMLINN technique, which has the lowest segmentation ratio.
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Figure 2: Performance Ranking

The Ranking index for seven techniques is displayed in Figure 2. The BS-HSM approach has
the best performance ranking.
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Figure 3: Validated datasets

The maximum number of datasets used by the seven methods is displayed in Figure 3. A
BRASTS dataset is tested using the majority of approaches.

3 Conclusion

Analysis of seven techniques including BS-FCMLINN, BS-MFTE, BS-LIP, BS-CNN, BS-
MCNN, BS-WAG and BS-HSM for the accurate segmentation of brain tumors. The main
contributions, benefits and disadvantages of the seven techniques are dealt with in this article.
The analysis concludes that the BS-WGA and BS-HSM approaches are the most effective in
segmenting human brain tumors. The youthful researchers can learn many types of techniques
for a better tumour segmentation conclusion through this examination.
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