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Abstract: Background: The task of identifying a tumor in the brain is a complex problem that requires
sophisticated skills and inference mechanisms to accurately locate the tumor region. The complex nature
of the brain tissue makes the problem of locating, segmenting, and ultimately classifying Magnetic
Resonance (MR) images a complex problem. The aim of this review paper is to consolidate the details
of the most relevant and recent approaches proposed in this domain for the binary and multi-class
classification of brain tumors using brain MR images.
Objective: In this review paper, a detailed summary of the latest techniques used for brain MR image
feature extraction and classification is presented. A lot of research papers have been published recently
with various techniques proposed for identifying an efficient method for the correct recognition and
diagnosis of brain MR images. The review paper allows researchers in the field to familiarize
themselves with the latest developments and be able to propose novel techniques that have not yet been
explored in this research domain. In addition, the review paper will facilitate researchers, who are new
to machine learning algorithms for brain tumor recognition, to understand the basics of the field and
pave the way for them to be able to contribute to this vital field of medical research.

DOI:

Results: In this paper, the review is performed for all recently proposed methods for both feature
extraction and classification. It also identifies the combination of feature extraction methods and
classification methods that when combined would be the most efficient technique for the recognition
and diagnosis of brain tumor from MR images. In addition, the paper presents the performance metrics
particularly the recognition accuracy, of selected research published between 2017-2020.
Keywords: Brain Tumor Detection, Feature Extraction, Magnetic Resonance (MR) Image Classification, Convolutional
Neural Networks, Deep Learning, Glioma Tumor Classification

1. INTRODUCTION
Identifying a brain tumor is a complex task that requires
specialized skills and interpretation techniques to pinpoint the
tumor's location. In addition, capturing the internal structure
of the brain in high resolution with all relevant features is of
utmost importance in this process. Doctors rely on mainly
three essential imaging modalities in diagnosing brain tumors,
namely Computed Tomography (CT), Positron Emission
Tomography (PET), and Magnetic Resonance Imaging (MRI)
[1]. MRI scans use powerful magnets, radio waves, and
1573-4056/19 $58.00+.00

computing machines to capture a detailed image of the
internal structure of the brain. The MRI scans provide better
picture details, contrast, and brightness than other methods
due to the tissue relaxation properties (T1 and T2) and are
preferred by doctors for diagnosis [2]. The manual diagnosis
of a brain tumor is still a slow and lengthy process. The MRI
machine can produce different types of scans (T1, T2, T1c,
and flair) based on the contrast and brightness value,
repetition time, and time to echo [3]. The different types of
MRI scans are widely used in various image processing
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approaches for the diagnosis and classification of brain tumors
by the process of feature extraction from images [4].
The task of classifying a brain MRI as either tumorous or nontumorous is a challenging problem that is further complicated
by accurately pinpointing the tumorous region. A number of
methods are proposed in previous studies but they are still
unable to provide an optimal solution. The classification
approach from the Machine Learning (ML) domain seeks to
identify and categorize the input dataset into various classes
[5]. Classification approaches are broadly categorized into
two types, namely, supervised classification and unsupervised
classification. In supervised classification, a labeled sample
data is used to train the classifier prior to testing, whereas
unsupervised classification is used when labeled training
datasets are not available. There are many unsupervised and
supervised classification techniques that have been utilized
recently for the classification of brain images into benign
(non-tumorous) and malignant (tumorous) categories. It is
difficult to compare brain MRI classification results claimed
in different studies due to the unavailability of various smallsized datasets.
Figure 1 shows the steps and techniques used for brain tumor
classification from MR images. Brain MR images are first
taken through the preprocessing phases, which include noise
reduction, image segmentation, image resizing, and
augmentation. The next phase is feature extraction. Feature
extraction can consist of various methods, including texture
features, statistical features, and deep learning-based features.
The features extraction then goes through a feature reduction
phase to find the best features that would later be used in the
classification stage. The feature reduction can be done using
Principal Component Analysis (PCA), Autoencoders, and
Linear Discriminant Analysis (LDA) [6]. The classification
phase can be completed by using well-known classification
techniques such as Convolutional Neural Networks (CNN),
Support Vector Machines (SVM), Multilayer Perceptron
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(MLP), K-Nearest Neighbor (KNN), Random Forest, Genetic
Algorithms, Naïve Bayes, and Ensemble methods. There are
two options for the classification of the MRI brain Images.
The first option is referred to as a Binary Classification that
classifies the images into tumorous (malignant) and nontumorous (benign) images. The second option is Multiclass
Classification, which classifies the images into one of four
modalities, namely, Necrosis, Edema, Enhancing, and NonEnhancing [7]. The classification performance is then
measured using various metrics such as Accuracy, Precision,
Recall, F1 Score, Sensitivity, Specificity, and Confusion
matrix.
The rest of this paper is organized as follows. Section 2
describes the structure of the brain tumor. Section 3 details the
feature extraction techniques used for brain MRI images.
Section 4 details the various classification techniques used for
binary and multi-class classification of the brain MRI images.
Section 5 compares the various existing results and their
relevant discussion to the scope of our review work. Section
6 presents the key conclusions and pointers to possible future
work.
2. STRUCTURE OF THE BRAIN TUMOR
Brain tumors (or brain cancer) occurs when different cells
inside the brain start reproducing in an irregular manner. The
author in [8], categorized this unusual growth into two types
i.e., benign, and malignant tumors. Figure 2 depicts a sample
brain MR image distinguishing the healthy and tumorous
cells. The benign tumors are less harmful which remain
isolated from the primary brain tissues. However, if not
detected at an early stage, benign tumors can cause severe
complications. The malignant tumors affect the core brain
tissues and are very harmful which may even lead to death.
Malignant brain tumors can grow fast and destroy primary
brain tissues.
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Figure 1. Overview of the steps and methods involved in brain tumor classification using MRI

Figure 2. Brain MR image depicting healthy and tumorous
brain cells.
MRI system works on the concept of passing radio waves
through a magnetic field to visualize the organs and their
structure by recording data on a computer system. MRI
procedure can be used on the head to detect brain tumors, on
the chest to detect breast or lung cancer. Also, it can be helpful
in detecting irregularities in blood vessels and finding
information about different soft tissues in the human body. It
uses magnets that utilize the dipole moment of neutrons and
protons to generate the internal structure of the human body.
Figure 3 shows the samples of brain images captured from
different imaging modalities. The modalities basically refer to
the various views of the brain structure which the doctors
usually observe for diagnosing the status of the patient’s brain.
It can be seen here that manual inspection of these various
1573-4056/19 $58.00+.00

image modalities is a physically tiring task for the medical
practitioners. Misdiagnosis may be possible even after the
doctors and technicians go through these images. Another
possibility is that two doctors can make different diagnosis
based on the study of these images, as this decision is
subjective in nature. Finally, this manual diagnosis process is
time consuming. In order to address these issues faced during
the manual diagnosis process, an automated, rapid, accurate
and computer assisted process is recommended. One of the
popular solutions is to resort to Machine Learning based
image identification and classification of MR images. This
solution requires a dataset of MR images which can be used
to train a model using the image features and then utilize the
trained model for making decisions. The process of feature
extraction from images is described in detail in the following
section.

Figure 3. Different brain MR image modalities
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3. FEATURE EXTRACTION TECHNIQUES FOR
BRAIN TUMOR DETECTION
The accuracy of the classification techniques is dependent on
the criteria used for feature selection. Numerous techniques
related to feature extraction from MR images have been
proposed by researchers, namely, Gabor features, wavelet
transform-based features, discrete cosine features, discrete
Fourier transform features, and texture features [9-10]. Since
some of these methods produce a large set of features, Feature
Reduction techniques have also been proposed in recent
studies, such as Principal Component Analysis (PCA) and
Linear Discriminant Analysis (LDA) [11-12].
3.1. Discrete Cosine Transform (DCT)

3.2. Discrete Wavelet Transform (DWT)

Image visual features from isolated partial images are used as
the basis to extract textural features using DCT [13]. Feature
vectors are composed on top low-frequency coefficient. Both
DCT and DFT transform images from the spatial domain to
the low-frequency domain. Two Dimensional DCT (2DDCT) has a unique compaction property that makes it suitable
for image and signal processing. Equation 1 defines N data
points of a one-dimensional DCT, where F is the linear
combination of the basis vectors.
1 𝑁−1

2 2
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For each column and row of F a one-dimensional DCT is
applied in order to produce a 2D-DCT of n x m as shown in
Equation 2.
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where 0 ≤ v ≤ N, 0 ≤ u ≤ N and F-I(u,v) is the inverse of 2DDCT transform based on Equation 3.
1
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Figure 4. 2D-DCT of brain MR image (log abs). Original
MRI (left image), and the 2D-DCT (right image) with low
frequency coefficients visible on the top left corner.

(3)

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

DCT features of MR images of the brain are computed using
2D-DCT. The natural logarithm is applied to each absolute
value of the corresponding element. After applying the 2DDCT to obtain the DCT features, the top left low-frequency
coefficients are selected as the final features and are shown in
Figure 4. In a representative research work, DCT features
were used as an input to SVM classifier, which achieved
98.82% accuracy but only a dataset of 255 images was used
in the experiments [14]. Similarly, in another research work,
DCT and DWT combined features were used with the MLP
classifier [15]. In order to achieve maximum classifier
accuracy, the top 100 low frequencies of DCT and top 64 low
frequencies are selected. The combined DCT features-based
classification of MR images into tumorous and non-tumorous
categories achieved 86.98% accuracy but the dataset used for
the experiments comprised of only 3064 MR images from 233
patients.

In terms of cost and computation, DWT is considered a more
efficient feature extraction process [16]. Wavelet is used in
image processing to be implemented as a multi-resolution
process. In this method, a third level decomposition is used to
extract the wavelet features. During the classification phase,
wavelet coefficients are used as feature vectors.
Continuous Wavelet Transform (CWT) is achieved by
performing a summation of a finite energy image signal x(t)
multiplied with its scaled version of the wavelet function (𝛹)
as shown in Equation 4 [17].
𝑊𝑇𝑥 (𝑎, 𝜏) =

1
√𝑎
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𝑊𝑇𝑥 (𝑎, 𝜏) = < 𝑥(𝑡), 𝜑𝑎𝜏 (𝑡) >
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Positioning and scaling information such as the wavelet
coefficients are contained in the function 𝑊𝑇𝑥 (𝑎, 𝜏), as given
by Equation 5.
Discrete points and scale sets need to be selected in order to
proceed with the DWT. DWT of the image 𝑥(𝑡) is calculated
using a shifted version of the scaling function (∅𝑗,𝑘 ) and a
shifted version of the wavelet function 𝛹𝑗,𝑘 as given in
Equation 6.
𝑗0
𝑥(𝑡) = ∑𝑘∈𝑍 𝑢𝑗0,𝑘 ∅𝑗0,𝑘 (𝑡) + ∑𝑗=
−∞ ∑𝑘∈𝑍 𝑤𝑗,𝑘 𝛹𝑗,𝑘 (𝑡)

(6)

where 𝑤𝑗,𝑘 (𝑗 < 𝑗0 ) are the wavelet coefficients and 𝑢𝑗,𝑘 (𝑗 <
𝑗0 ) are the scaling coefficients.
𝑢𝑗,𝑘 = < 𝑥, ∅𝑗,𝑘 > , 𝑤𝑗,𝑘 = < 𝑥, 𝛹𝑗,𝑘 >

(7)

Equation 8 is used to compute the family of scalar functions
(∅𝑗,𝑘 (𝑡)) while Equation 9 is used to compute the family of
wavelet functions (𝛹𝑗,𝑘 (𝑡)).
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−𝑗
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− 𝑘)

−𝑗⁄
−𝑗
2 𝛹 (2 ⁄2 𝑡

− 𝑘)

(8)
(9)

Since the resulting image contains redundant data, it is a
standard practice to refine it using feature extraction of the
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complete signal space. By using this method, the data
extracted will include only discriminatory features, which
result in a significantly lower dimension feature vector. Thus,
DWT with the successive use of high and low pass filters can
extract characteristics at different levels. Wavelet coefficients
are thus considered as a continuation of the detailed and
approximation coefficients. Obtaining the detailed and
approximation coefficients is performed by decomposing the
signal into three levels with the help of Daubechies wavelet
filtering [7]. The features can then be extracted from the
resulting coefficients.
Function and numerical analyses in image processing are done
using DWT, and they include signal processing and data
compression. Feature vectors are the wavelet coefficients
produced through analysis of image texture in image
processing. Using linear transformation, an image is divided
into various frequencies. This division produces what is
referred to as sub-bands; detailed coefficients LL, HL, HH,
and approximate coefficients LL. Figure 5 shows the
approximate and detailed coefficients resulting from the 3
level DWT process. A representative research work proposed
DWT feature-based classification of MR images into normal
(tumorous) and abnormal (non-tumorous) and achieved
93.5% accuracy using SVM as a classifier but the dataset used
for experiments is small consisting of only 100 MR images.
The model proposed uses level 1 to 5 DWT decomposition to
extract the brain MR image features [18].
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2D FFT is used to calculate the DFT of the MR image of the
brain [20]. The output is then rearranged so that the zero
frequency is centered in the array. The natural logarithm is
then applied to every absolute value of the corresponding
element. 2D FFT of the brain MR image result is shown
Figure 6.

Figure 6. Result of 2D FFT on brain MR image
3.4. Texture Features
Texture analysis describes the various sections of the image
based on their texture content [21]. This analysis technique
attempts to measure the image texture's instinctive qualities
such as smooth, silky, rough, or bumpy by finding a function
of the spatial changes by measuring pixel intensities. This
means differences in the intensity values or gray levels refer
to a texture content such as bumpiness or roughness.
Texture analysis has been used in various applications
including but not limited to automated inspection, remote
sensing, and medical image processing [22-24]. Texture
segmentation refers to finding the texture boundaries. Texture
analysis is most useful when image objects are defined by
their texture rather than their intensities and when the
traditional thresholding approaches are less effective.
A representative research work applying texture and statistical
feature-based MR image classifications using MLP classifier
method is proposed in [25]. An accuracy of 91.9% is achieved
using MRI dataset of 3,064 images. The major problem,
however, with MLP is the deep connection between the
hidden layers that makes this deep learning network difficult
to scale.

Figure 5. Schematic of DWT 3 level for brain MRI
3.3. Discrete Fourier Transform (DFT)
The Discrete Fourier Transform (DFT) method is used to
transform the finite time-based data into discrete frequencybased data [19]. The dataset input to DFT results in a complex
number within a specific range of frequencies. Equation 10
defines DFT that transforms complex time-domain numbers
of size N into complex frequency domain numbers of size N.
𝑋(𝑘) = ∑𝑁−1
𝑛=0 𝑥(𝑛)𝑒

−𝑖2𝜋𝑛𝑘
𝑁

(10)

Calculating DFT and Inverse DFT can be done efficiently
using Fast Fourier Transform (FFT). Using the imaginary and
real portions of a complex number produces the magnitude of
the DFT (A).
𝐴 = √𝑅2 + 𝐼 2

(11)

where 𝐴 is magnitude value, 𝑅 is real part and 𝐼 imaginary
part of the complex number.

3.5. First-order histogram-based features
The image histogram provides the statistical information
contained in it. Therefore, the first-order statistical
information of an image is given by the first-order histogram
[26-27]. Equation 12 provides the way to calculate the
probability density of occurrence of the intensity levels by
dividing the histogram intensity level over the total number of
pixels in the image.
𝑃(𝑖) =

ℎ(𝑖)
𝑀𝑁

, 𝑖 = 0,1, … 𝐺 − 1

(12)

where M and N refer to the number of resolution cells in the
vertical and horizontal spatial domain, respectively. The grey
level of the image is represented by G.
As mentioned previously, histograms provide features of an
image by finding the first-order statistical features. Equations
13-18 are used to measure a variety of statistical information.
The average of the intensity of the image is the mean. The
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intensity variations near the mean produce the variance. The
symmetry of the histogram around its mean is a measurement
called skewness. The flatness of the histogram is a
measurement called kurtosis. Entropy is the measure of the
uniformity of the histogram [27].
Mean:
Variance:
Skewness:
Kurtosis:
Energy:
Entropy:

𝜇 = ∑𝐺−1
𝐼=0 𝑖𝑝(𝑖)
2
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(13)
2

− 𝜇) 𝑝(𝑖)

𝜇3 = 𝜎

−3

∑𝐺−1
𝐼=0 (𝑖

− 𝜇)3 𝑝(𝑖)

𝜇4 = 𝜎

−4

∑𝐺−1
𝐼=0 (𝑖

4
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(14)
(15)
(16)

𝐸=

2
∑𝐺−1
𝐼=0 [𝑝(𝑖)]

(17)

𝐻=

− ∑𝐺−1
𝐼=0 𝑝(𝑖) log 2 [𝑝(𝑖)]

(18)

3.6. Co-occurrence Matrix based Features
The features provided by the histogram are local in nature,
which do not take the spatial information into account. Thus,
grey level spatial co-occurrence matrix hd (i,j) based features
are usually computed, which actually provide the secondorder histogram-based features. The basis of these features is
the calculation of joint probability distribution of pairs of
pixels. To calculate this probability, the angle θ and the
distance d within a given neighborhood are needed [27-28]. A
sample co-occurrence matrix is shown in Figure 7, which is
used to describe these texture features obtained from the
calculations using Equations 19-25.
Angular second
moment:

𝐺−1
2
∑𝐺−1
𝑖=0 ∑𝑗=0 [𝑝(𝑖, 𝑗)]
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𝐺−1
∑𝐺−1
𝑖=0 ∑𝑗=0

Inertia:

𝐺−1
2
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Absolute Value:
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Entropy:
Maximum
Probability:
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3.7. Convolutional Neural Network (CNN) based Features
To perform an automated extraction of features from the
images, a Deep Learning approach termed as Convolutional
Neural Networks, is found to perform better than other
existing feature extraction methods [29]. The key element in
the CNN is the filters that slide over the input images
producing a feature map. The type of filter used affects the
types of feature maps produced. The number of filters also
affects the number of image features which in turn affects the
image recognition process. Parameters controlling the size of
the feature map include depth (number of filters), stride
(number of pixels the filter covers), and zero padding
(bordering the image with zeroes) [30-33].
A normalization layer is needed to speed up the training
process and minimize the sensitivity to network initialization.
The process employed in the normalization layer is to subtract
the mean of the mini-batch and divide it by the standard
deviation of the mini-batch [34]. Further, the input is shifted
by a learnable offset β and also scaled by a factor of γ. For
input of mini-batch 𝐵 = {𝑥1,…...,𝑚 } with parameters, β, and γ
produce the output layer {𝑦𝑖 = 𝐵𝑁γ ,β (𝑥𝑖 )} based on
Equations 26-29.
𝜇𝐵 ←

1
𝑚
1

∑𝑚
𝑖=1 𝑥𝑖

𝜎𝐵2 ← ∑𝑚
(𝑥
𝑚 𝑖=1 𝑖
𝑥𝑖 −𝜇𝐵
′
𝑥𝑖 =
2+ 𝜖
√𝜎𝐵

(26)
− 𝜇𝐵 )

2

𝑦𝑖 ← γ𝑥𝑖′ + 𝛽 ≡ 𝐵𝑁γ ,β (𝑥𝑖 )

(27)
(28)
(29)

Computation complexity and spatial dimensions are
reduced using a pooling layer. The layer also takes care of the
overfitting problem. Different pooling functions can be used
in this layer, with max-pooling being the most popular.
Usually, a pooling layer with a filter size of 2x2 is used.
In a representative research work [35], the authors proposed a
system that can automatically recognize multi-class Glioma
brain tumors. A simple deep CNN was used in this study using
T1 weighted CE-MR images from BraTS dataset. They
achieved a training accuracy of 98.51% and a validation
accuracy of 84.19%. Though the proposed method is an
attempt to reduce overfitting, yet overfitting and lack of data
continue to be a problem in these types of studies.
4. CLASSIFICATION TECHNIQUES FOR BRAIN
TUMOR DETECTION
There are various techniques that have been used by
researchers to solve the automated image classification
problem. In this section, a review is performed for some of the
most popular classification techniques, which are Random
Forests (RF), Multilayer Perceptron (MLP), Support Vector
Machines (SVM), Naïve Bayes classifier, K-nearest neighbor
(KNN), Ensemble Classifiers, Genetic Algorithms (GA) and
Convolutional Neural Network (CNN) [36-41].
4.1. Random Forest (RF)

Figure 7. The spatial co-occurrence matrix calculation

Random Forest (RF) as a classifier is is very popularly used
in classifying MRI of brain images into tumorous and nontumorous classes [42]. The term implies that a collection of
several decision trees are initially created and combined in a
random manner to build a forest. Further, the constituent trees
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are trained using a random sample of data from the training
dataset. In order to avoid the overfitting of the trained model,
RF performs a Bagging step that uses bootstrap aggregation
[43]. The test features gathered after model creation are used
to predict the outcome of each decision tree. The final
outcome of the algorithm is achieved by taking the prediction
with maximum votes. For testing, an unknown input is
supplied to the classifier, and the desired output is calculated
based on majority votes.
In the training part of the random forest algorithm, the bagging
technique is applied to the decision trees. Consider we have
input training data set 𝑋 = 𝑥1 , 𝑥2 … , , 𝑥𝑛 . Bagging iteratively
fits the decision trees to a random sample from the training
set. Once the training is complete, an unknown input with
feature 𝑥 ′ is passed to the algorithm. The output is calculated
using Equation 30, by taking the average of the votes from the
constituent decision trees. In the equation, 𝑇𝑖 is the 𝑖 𝑡ℎ
decision tree and 𝐵 is the total number of decision trees in the
forest.
𝑌𝑖 =

1
𝐵

× ∑𝐵𝑖=1 𝑇𝑖 (𝑥 ′ )

(30)

A classifier 𝑓(𝑥, 𝑣𝑖 ) for tree 𝑇𝑖 in the random forest is defined
by generating a vector 𝑣𝑖 that is independent of previous
vectors 𝑣1 , … , 𝑣𝑖−1 but has the same distribution. The
classifier is generated by growing this tree with the random
vector 𝑣𝑖 , and the training sequence. A collection of these
classifiers forms the random forest classifier i.e. {𝑓(𝑥, 𝑣𝑖 ), 𝑖 =
1, … , 𝐵}. The classification decisions are made based on the
desired conditions i.e. 𝑥𝑖 < 𝐻 is met where H represents the
threshold.
The margin function for an RF classifier is defined as the
degree of votes for correct classification minus the maximum
proportion of votes for any other class in the dependent
variable. Let us assume that 𝑉 is a random vector sampled
from training data, and 𝑌 is the response of the classifier. If
𝜃𝑘 = 𝜃𝑘1 , 𝜃𝑘2 , … , 𝜃𝑘𝐵 are the parameters of a decision tree
classifier 𝑓𝑘 (𝑥), the margin function can be calculated by
using Equation 31.
𝑚𝑔(𝑉, 𝑌) =

∑𝐵
𝑖=1 𝐼(𝑓𝑘 (𝑉)=𝑌)
𝐵

𝑚𝑎𝑥

−

[
𝑗 ≠𝑦

∑𝐵
𝑖=1 𝐼(𝑓𝑘 (𝑉)=𝑗)
𝐵

]

(31)

𝐼(. ) is the Indicator Function as shown in Equation 32.
1 𝑖𝑓 𝑥 ∈ 𝐴
𝐼𝐴 (𝑥) = {
(32)
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
The classification results can be interpreted as correct if the
value of the margin function is positive, and it is treated as
wrong if it is negative. The measure of confidence in the
results is directly proportional to the magnitude of the margin
function value achieved.
𝑃𝐸 ∗ is defined as the misclassification rate over the space 𝑉, 𝑌
and is given in Equation 33.
𝑃𝐸 ∗ = 𝑃𝑉,𝑌 (𝑚𝑔(𝑉, 𝑌) < 0)

(33)

For a large random forest, i.e., 𝐵 → ∞, the generalization
error can be calculated from Equation 34.
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𝑃𝐸 ∗ → 𝑃𝑉,𝑌 (𝑃𝜃 (ℎ(𝑉, 𝜃) = 𝑌)) −
𝑚𝑎𝑥
(34)
𝑗 ≠𝑦 𝑃𝜃 (ℎ(𝑉, 𝜃) = 𝑗)) < 0)
The misclassification rate has a limiting value due to no
overfitting in the Random Forest classifier. The strength s of
a classifier in a random forest is the Expectation of the
misclassification rate.
𝑠 = 𝐸𝑋,𝑌 (𝑚𝑟(𝑋, 𝑌))

(35)

In a representative study using RF as a classifier, a variety of
features are extracted, which include histogram calculated
using a set of Gabor filters with various sizes and orientations
as well as first-order intensity statistical feature [44]. The
BRATS 2013 dataset is used in this study and compared with
an in-house clinical dataset consisting of 11 multimodal
images of patients. The in-house dataset produced an average
detection sensitivity of 86% compared with 96% for BRATS,
while the segmentation results against ground truth were 0.84
for the in-house dataset and 0.89 for BRATS 2013 [80].
However, their approach, in general, has a limitation of
segmenting small volumes with additional limitation at the
tissue boundary, causing overlap with other tissue types.
4.2. Multilayer Perceptron (MLP)
The most basic version of neural networks, called the
Multilayer Perceptron (MLP), consists of hidden layers where
each element in a particular layer is connected to the elements
in the next layer [45]. The purpose of the MLP is to perform
denoising of images and their classification. It is to be noted
that in brain MRI the tumorous and non-tumorous data is not
linearly separable. Therefore, in MLP, all the nodes in the
hidden layers function as neurons to model a non-linear
activation function. An example of an MLP is shown in Figure
8.
In an MLP network, the matrices Wi encode the conversion
from one layer of the network to another using matrix
multiplication. If you have m neurons in one layer connected
to n neurons in the next layer, then the transformation matrix
has the dimension as shown in Equation 36.
𝑊𝜖𝑅𝑚∗𝑛

(36)

This transformation layer can map an input X to an output Y
according to the relation given in Equations 37-39.
𝑋𝜖𝑅𝑚∗1
𝑌 = 𝑋𝑇𝑊

(37)𝑌𝜖𝑅1∗𝑛
(38)
(39)

Each column in the transformation matrix W converts the
edges moving from one layer to the next. However, the major
problem with MLP is that the deep connection between the
hidden layers makes this deep learning network difficult to
scale. It makes the training of the MLP a difficult and timeconsuming process. This challenging process ultimately
affects the sensitivity of the network if the features of the
image keep changing since the MLP will need to re-learn and
training becomes harder. In a representative research work
[15], the authors have combined DCT and DWT features and
used MLP classifier-based classification of MR images into
tumorous and non-tumorous classes, which achieves 86.98%
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accuracy, but the dataset used for the experiments is small,
consisting of only 3064 MR images from 233 patients.

with the constraints given in Equation 46.
∑𝑛𝑖=1 𝛼𝑖 𝑦𝑖 = 0 𝑤ℎ𝑒𝑟𝑒 0 ≤ 𝛼𝑖 ≤ 𝐶

Figure 8. Architecture of the Multilayer Perceptron (MLP)
4.3. Support Vector Machine (SVM)
Support Vector Machine (SVM) is another supervised
machine learning approach, which provides classification
results in a binary form [46]. SVM classifies the input data
into different classes by forming a hyperplane in a higher
dimension space of the feature set. This technique transforms
the input data, which is divided into separate classes nonlinearly, by applying kernel functions that transform the input
into hyperplanes, as shown in Figure 9. It uses structural error
minimization for classification and maximizes the margins
between the classes in the hyperplane [47]. SVM is one of the
most popular methods used in image classification, text
classification, voice recognition, and gene data study [48-50].
Given a set of n training images of two different classes
indicated by
(𝑥1 , 𝑦1 ), (𝑥2 , 𝑦2 ), (𝑥3 , 𝑦3 ), … … . . (𝑥𝑛 , 𝑦𝑛 )
𝑖 = 1, 2, 3, … … … … . . 𝑛
𝑥𝑖 ∈ 𝑅𝑑
𝑦𝑖 ∈ {−1, +1}

(40)

(46)

The generalization ability of the SVM is dependent on two
attributes, 𝛼𝑖 ≥ 0, which is the Lagrange multiplier and a
penalty parameter C. The input training points xi which
satisfies the equation 𝑦(𝑤, 𝑥𝑖 + 𝑏) ≤ −1 are termed as the
support vectors which have non-zero Lagrange multipliers.
Once the training is complete, and the Lagrange multipliers
are calculated, image classification can be performed for the
linearly separable classes.
For non-linear classification, the separating hyperplanes can
be generated by using kernel functions. Since all the
supporting vectors that appear in the Lagrangian formulation
are scalar products, various kernel functions can be applied to
transform the inputs into high dimension Hilbert Feature
space, as shown in Equation 47.
𝐾(𝑥𝑖 , 𝑥𝑗 ) = 𝜑(𝑥𝑖 )𝑇 𝜑(𝑥𝑗 ) 𝑤ℎ𝑒𝑟𝑒 𝜑: 𝑅𝑑 → 𝐻

(47)

If the kernel satisfies Equation 47, then it can be used for the
transformation of data into higher dimensional space. For the
kernel to be symmetric, it must be positive definite, i.e., for
any given data xi and real number λi as shown in Equation 48.
∑𝑛𝑖=1 ∑𝑛𝑗=1 λ𝑖 λ𝑗 𝐾( 𝑥𝑖 , 𝑥𝑗 ) ≥ 0

(48)

There are various kernel functions that satisfy the above
criteria and can be used for the classification of non-linear
data, e.g., isotropic Gaussian kernel, polynomial kernel,
hyperbolic tangent kernel, etc. To increase the accuracy of the
classification, a slack variable is usually introduced, which
keeps track of the frequency of errors that happen during the
classification process.

D-Dimensional feature space
Class label
(41)

The linear separation of images into any hyperplanes can be
described based on Equation 42.
(𝑤, 𝑥𝑖 + 𝑏) ≥ 1,
𝑖𝑓 𝑦𝑖 = 1
(𝑤, 𝑥𝑖 + 𝑏) ≤ −1,
𝑖𝑓 𝑦𝑖 = −1
(42)
(𝑤, 𝑥𝑖 + 𝑏) = 0
Here w is the weight vector, and b indicates the bias weight.
The SVM tries to maximize the difference between the classes
by decreasing the weight vector i.e.
1
min ( ‖𝑤‖2 )
(43)
2

The given formulation works when the data is linearly
separable. This can be converted into the Lagrangian
formulation, as shown in Equation 44.
min max 𝐿𝐷
𝑤

𝛼

(44)

where LD is the dual Lagrangian given by Equation 45.
1

𝐿𝑑 = ∑𝑛𝑖=1 𝛼𝑖 − ∑𝑛𝑖=1 ∑𝑛𝑗=1 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝑥𝑖 𝑥𝑗
2

(45)

Figure 9. Support Vector Machine (finding the optimal line
separator)
In one of the sample research work, DCT features, with SVM
as a classifier, are used, which achieved 98.82% accuracy, but
the experiments are conducted using very small datasets of
255 images only [14]. In another article, the authors used level
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1 to 5 DWT decomposition to extract the brain MR image
features [18]. The DWT feature-based classification of MR
images into normal (tumorous) and abnormal (non-tumorous)
achieves 93.5% accuracy using SVM as a classifier, but the
dataset used for experiments is small, covering only 100 MR
images.
4.4. Naïve Bayes Classification
Bayes’s theorem is the basis for implementing the Naïve
Bayes classifier, which relies on a probabilistic statistical
model [51]. It is called Naïve because it assumes strong
independence between the features of the image. In the basic
Bayes classifier, the conditional probability that data belongs
to a class can be calculated by finding out the conditional and
unconditional probabilities of the data belonging to each class
in the data set. The challenging part in Naïve Bayes classifier
is to find the class of data having the same number of
attributes with strong independence.
Let x be an event belonging to a random variable X containing
n objects, i.e., x1, x2, …, xn, representing features. Every object
in the random variable X has l different attributes, i.e., t1, t2,
..., tl. If C is a random variable representing m possible classes,
i.e., c1, c2, …, cm, the probability that an event x belongs to
class k can be calculated by using the Bayes’ Maximum a
Posteriori (MAP) decision rule as shown in Equation 49 [52].
P(𝑐𝑘 |𝑋) =

P(𝑋 |𝑐𝑘 )P(𝑐𝑘 )
P(X)

(49)

where P(𝑐𝑘 ) represents the class prior probabilities that are
calculated by Equation 50.
P(𝑐𝑘 ) =

𝑠𝑖

(50)

𝑠
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argmax P(𝑐𝑘 ) ∏𝑛𝑖=1 P(𝑥𝑖 |𝑐𝑘 )

In one of the representative research work [53], the authors
did the experiments using brain MR images to classify them
into tumorous and non-tumorous using Naïve Bayes along
with DCT features which achieved an average accuracy of
82.86%. It has been observed that Naïve Bayes algorithm did
not perform well for the brain tumor classification compared
to other classifiers.
4.5. K-Nearest Neighbor (KNN)
K-Nearest Neighbor (KNN) is one more supervised classifier
that uses the distance metric among its nearest neighbor to
classify the input data into various classes. Various distance
metrics can be used, e.g., Euclidean distance, cosine
similarity, Manhattan distance, city block distance,
correlation or hamming distance, etc. [54]. The Euclidean
distance between test data points and every other data point in
the training set can be calculated by Equations 54 and 55.
𝑑 = √(𝑥1 − 𝑥1 ′ )2 + (𝑥2 − 𝑥2 ′ )2 + ⋯ + (𝑥𝑁 − 𝑥𝑁 ′ )2

(54)

2
𝑑 = √∑𝑁
𝑖=1(𝑥𝑖 − 𝑦𝑖 )

(55)

Where xi are data points in the training set. Given a positive
value for the parameter K, a distance metric d (e.g., Euclidean
distance) and let the K nearest data points to x be called A.
The algorithm works by computing the metric d between K
nearest data points for every training data. The algorithm then
calculates the conditional probability of all the points in the
dataset A that have the given class label as shown in Equation
56.
1

In Equation 50, the number of training samples is denoted as
𝑠𝑖 which have a class as 𝑐𝑖 , whereas s represents the total
number of training samples. Equation 49 can be interpreted
as a classification problem in which a given information x can
be classified into class k if the probability of X belonging to
class k is higher than all the other class probabilities. To do
that, we need to calculate P(𝑐𝑘 |𝑋) for the n-dimensional
random variable X. Assuming every object in vector X is
statistically independent on the class 𝑐𝑘 from each other, the
estimate can be calculated by Equation 51.
P(𝑋|𝑐𝑘 ) = ∏𝑛𝑖=1 P(𝑥𝑖 |𝑐𝑘 )

(53)

𝑘

𝑃(𝑦 = 𝑚|𝑋 = 𝑥) = ∑𝑖∈𝐴 𝐼(𝑦 𝑖 = 𝑚)
𝐾

(56)

Here I(x) is the indicator function that results in a value of one
when the argument x is true and zero otherwise. The input x
is then allocated to the class having the maximum probability.
Figure 10 shows an example of a KNN classifier with the
value of K as 5. It can be seen that the black color object is an
input instance that has been classified in the same class where
the red color object belongs to.

(51)

The probabilities P(𝑥𝑖 |𝑐𝑘 ) values are estimated from the
training samples from the input MR image set with an
attribute tk that can take on the value x1k as shown in Equation
52.
P(𝑥𝑖 |𝑐𝑘 ) =

𝑠𝑖𝑘
𝑠

(52)

where the total training sample is denoted as 𝑠𝑖𝑘 in class
𝑐𝑘 having a value of xk for an attribute tk, and the number of
training samples are represented as si. The Naïve Bayes
classifier that finds the class k with maximum probability can
be specified in Equation 53.

Figure 10. K-Nearest Neighbor example (k=5)
In one sample research work [55], the authors used KNN
classifier for the brain MR images classification into benign
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and malignant. They achieved an average accuracy of 85.71%
with 300 iterations using OASIS brain MRI dataset and
compared the results with the SVM classifier.
4.6. Ensembles of Classifiers (AdaBoost)
Ada-boost classifier is an ensemble of weak classification
algorithms that combine to form a strong classifier [56]. In an
ensemble of classifiers, the weights of each classifier are
reassigned in each iteration until the right value of weights are
calculated and iterations stop. Boosting is the process of
building this ensemble of classifiers. If H1(x), H2(x),
H3(x),………, HN(x) are the weak classifiers that are used, then
the boosting process assigns a certain contribution weight of
each classifier, i.e., w1(x), w2(x), w3(x),………, wN(x) to build
a strong classifier given by Equation 57.
𝐻(𝑥) = 𝑠𝑖𝑔𝑛(∑𝑁
𝑖=1 𝑤𝑖 𝐻𝑖 (𝑥))

(57)

Boosting is an iterative method that uses random sampling of
the data without replacement. In boosting, errors in the
prediction of earlier models are removed by predictions of
future models. This step is different from the bagging process
used in Random Forest classifiers that use an ensemble of
independently trained classifiers.
The adaptive boosting (Ada-boost) algorithm uses weighted
versions of the same training data instead of randomly
selecting each weak classifier's dataset. If the initial base
learner is already strong with high classification accuracy, it
will leave only outliers and noisy instances with high weights
to be learned in future iterations. Every weak classifier Hk in
the ensemble tries to obtain a family of classifier H that fulfills
Equation 58.
𝑁

∑ 𝑤𝑖 ℎ(−𝑦𝑖 𝐻𝑘 (𝑥𝑖 )) ≤
𝑖=1

1
−𝜀
2

(58)

Different variations of Ada-boost algorithm can be used for
binary or multi-class supervised learning problems. Most of
the multiclass variations formulate the problem as a
concatenation of many binary class problems. AdaBoost.M1
and AdaBoost.M2 are two variations of the original AdaBoost algorithm for multiclass classification [57]. In a
representative research work [58], an accuracy of 80.02% was
reported, which proposed using Intensity and Wavelet
features with RusBoost Classifier for the multi-class
classification of brain tumors.
4.7. Genetic Algorithms
Genetic Algorithms are designed based on the biological
evolutionary theory of survival of the fittest. These are based
on stochastic processes that can provide a robust and effective
image classification. In a genetic algorithm, the problem states
are represented in the form of strings, and a fitness function is
used to apply three operations, i.e., reproduction, crossover,
and mutation, iteratively. In each repetition, the population of
points is updated with a new and efficient selection that can
minimize the probability of points entering the local extrema
[59]. The updating of points in each iteration is done by
applying the three genetic operations, i.e., reproduction,

crossover, and mutation. The process stops when the iterations
converge, or a basic criterion is satisfied. The string of points
with the highest fitness value is used as the final result of the
algorithm. The string of points can be indicated by Equation
59.
𝑆 = 𝑠1 , 𝑠2 , 𝑠3 , 𝑠4 , … . . … . . 𝑠𝑛 where 𝑠𝑖 (1 ≤ 𝑖 ≤ 𝑛)
(59)

In one of the sample research work, the authors proposed a
modified genetic algorithm approach for the classification of
normal and abnormal MR images for tumor detection [60]. In
the proposed approach, the authors tried to minimize the
random nature of conventional GA and achieved 98%
accuracy but the dataset used for the experiments only
consisted of only 550 MR images.
4.8. Convolutional Neural Network (CNN)
Deep learning is a subset of machine learning techniques
inspired by the structure of the human brain that enables
machines to mimic human behaviors. Deep learning is the
future of automated classification without the need for human
intervention, but this automation comes at a cost of higher
volume of data requirements and high computing power.
Training the deep learning models requires high
computational power using Graphical Processing Units
(GPUs) having thousands of cores for processing. One of the
deep learning classifiers is a CNN which is a variant of a deep
neural network that is commonly used for the classification of
images.
In one of the representative research works [61], the authors
propose the use of deep learning for multi-class brain tumor
classification, using augmented BraTS data for training
followed by a pre-trained CNN model for classification and
reported an accuracy of 94.5%. This method addresses the
problem of lack of data and overfitting, however, the
limitations of the proposed method are complexity,
computation time, and memory usage. In another study, the
authors proposed a system that can automatically recognize
multi-class Glioma brain tumors [35]. A simple deep CNN
was used in this study with the use of T1 weighted CE-MR
images from BraTS dataset. They achieved a training
accuracy of 98.51% and validation accuracy of 84.19%.
Though the proposed method is an attempt to reduce
overfitting, yet overfitting and lack of data continues to be a
problem in these types of studies.
5. DISCUSSIONS
Extensive research has been accomplished in tackling the
challenge of automatic recognition and diagnosis of brain
tumors using brain MRI images. Recent research has applied
various methods as outlined in this review paper. Table 1
shows a comparison of the results reported in the recent
literature of various methods applied to brain MRI images for
the binary classification of the images into tumorous and nontumorous images applied on the BraTS dataset. The recent
results are collected from the research papers disseminated
from the year 2018-2021. The method proposed by Raja et al.
consists of seven phases and requires high computational time
[62]. Kumar et al. used optimization driven Dolphin-SCA
based Deep CNN for brain tumor classification, however, the
authors only utilized a portion of the BraTS dataset (65 MR
images) [63]. The also failed to provide the justification for
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selective data rather than using the complete BraTS dataset.
Even with a portion of the dataset, their reported accuracy is
relatively less than other methods listed in Table 1. The
highest accuracy was reported at 98.77% [64] using CNN
based features with SVM classifier. The lowest accuracy was
reported at 91.31% [68] using texture and Gabor wavelets
features with SVM-PKU kernels.

Ayadi et al.
2019 [14]

Table 1. Comparison of the binary classification (Tumor, Notumor) techniques proposed in recent literature using BraTS
brain MR images dataset

Wasule et al.,
2017 [73]
Wasule &
Sonar, 2017
[73]

Results
Reference
Raja et al. 2020
[62]
Kumar et al.
2020 [63]
Latif et al.
(2020) [64]
Mzoughi et al.,
2020 [65]
Arasi et al. 2019
[66]
Srinivas et al.
2019 [67]
Chinnam et al.
2019 [68]
Latif et al. 2018
[28]
Seetha et al.
2018 [69]
Sriramakrishnan
et al., 2018 [70]
Latif et al. 2017
[53]

Methodology
Hybrid deep autoencoder with
Softmax regression
Optimization driven DolphinSCA based Deep CNN
Classification
Convolutional Neural Network
based features with SVM
classifier
Multi-Scale 3D CNN for brain
MR Image Classification
GLCM and Gabor feature with
BSVM classifier
Hybrid CNN features and KNN
based brain MRI classification
Texture and Gabor Wavelets
features with SVM-PKU kernel
Hybrid statistical and wavelets
features with MLP classifier
Five CNN layers-based Model
for brain MRI classification.
Block Based Feature Extraction
and Random Forest Classifier
Discrete Cosine Transform
(DCT) features with KNN
classifier

Acc.

Recall

98.5 %

96%

95.3%

97.7%

98.77%

-

96.49%

-

97.69%

94%

96.25%

95.8%

91.31%

95.9%

96.73%

96.7%

97.5%
95%

94%

96.91%

-

Table 2. Comparison of the binary classification (Tumor, Notumor) techniques proposed in recent literature using different
small MR images datasets
Reference
Amin et al.
2020 [71]

Methodology
Shape, texture, and
intensity features
with SVM

255

98.82%

-

255

99.61%

100%

2920

99.43%

-

251

85%

76%

GLCM Features,
KNN Algorithm

251

72.50%

73.33%

Bahadure et
al. 2017 [74]

Biologically Inspired
BWT features and
SVM

135

96.51%

97.72%

Mohankumar,
2016 [18]

DWT + SVM

100

93.5%

-

Ayadi et al.
2019 [14]
Latif et al.
2018 [72]

Selected research published between 2018-2021 for multiclass brain tumor classification is shown in Table 3 applied on
the CE-MRI dataset, which consists of 3064 images. The
lowest accuracy of 84.19% was reported in [35], which
proposed
hyper-parameter
optimization-based
CNN
technique for multi-class classification. The highest accuracy
of 94.82% was reported in [75], which proposed the use of
block-wise transfer learning for CNN classifier for the multiclass classification problem. Very little research targeted
multiclass tumor classification, thus, this area of research is
still open as a scope for future research.
Table 3. Comparison of the Multiclass (Glioma, Meningioma,
Pituitary) tumor classification techniques proposed in recent
literature using CE-MRI Dataset of 3064 images
Results
Reference

Other researchers chose to apply their proposed binary
classification techniques on different datasets of varying sizes
which are smaller than the BraTS Brain MR images dataset.
Table 2 shows the results of recent literature proposing
various techniques for the binary classification of brain MR
images (smaller datasets) into tumorous and non-tumorous
images. The lowest accuracy reported in Table 2 is 72.50%
[73], which proposed the use of GLCM features and the KNN
classifier. The highest accuracy reported is 99.61% [14] which
proposed DWT +SURF +BoW features with SVM and RBF
classifiers. The higher accuracy is expected due to the small
size of the dataset compared with the BraTS dataset. The
experimental results listed in Table 2 are observed not to be
reliable due to the fact that experiments were performed on
very small and selective datasets. Though Ayadi et. A. [14]
and Latif et. al. [72] reported accuracies of more than 99%,
yet a slight change in the MRI dataset can largely impact the
accuracies.

Dataset
(No. of
images)

Acc.

Recall

100

97.1%

91.9%

Results

DCT features with
SVM
DWT + SURF +
BoW features with
SVM and RBF
classifier
Level 3 DW
Features with MLP
classifier
GLCM Features,
SVM

Methodology
Acc.

Recall

Fasihi et al.
2020 [15]

DCT+DWT combined

86.98%

-

Swati et al.
2019 [75]

Block wise transfer learning
for CNN Classifier

94.82%

94.25%

Abiwinanda et
al. 2019 [35]

Hyper-parameters
Optimization based CNN

84.19%

-

Ismael et al.
2018 [25]

DWT + Gabor +Statistical
Features with MLP classifier

91.9%

91.07

Selected publications from 2018 to 2021 are shown in Table
4, which tackled the multi-class brain tumor classification
using the BraTS MR image dataset. The lowest accuracy of
80.02% was reported in [58], which proposed the use of
Intensity and Wavelet features with RusBoost Classifier for
the multi-class classification of brain tumors. Among the
manuscripts reviewed, the highest accuracy was reported in
[76] which 96%. In [76], the authors proposed the use of CNN
model based on fused features of (Fair +T1+T1c+T2),
however, this technique is highly dependent on the selection
and combination of features. Feature selection complicate the
process and thus self-learning (CNN based techniques) along
with model optimization is preferred. Literature review of
CNN based approaches for Multiclass Glioma Tumor
classification showed that optimal accuracies have not been
reached (Table 4) and further research using CNN models is
required to reach and optimal accuracy that would be
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acceptable to adopt these techniques in actual hospital and
medical setting.
Table 4. Comparison of the Multi-class (edema, necrosis,
enhancing, non-enhancing) Glioma tumor classification
techniques proposed in recent literature using BraTS brain
MR images dataset.
Results
Ref no.
Amin et al.
2020 [76]
Khan et al.
2020 [77]
Xue et al.,
2020 [78]
Sajjad et al.,
2019 [61]
Amjad et al.
2019 [79]
Soltaninejad
et al., 2018
[80]
Khalid et al.
2017 [58]

Methodology
CNN Model based on the
Fused Features of (Fair+T1 +
T1c + T2)
VGG19 features with ELM
classifier
Dual path Residual
Convolutional Neural Network
Deep CNN with extensive data
augmentation
3D CNN features with the FNN
classifier
Texture Features from
Supervoxels and Random
Forest as Classifier
Intensity and Wavelet features
with RusBoost classifier

Acc.

Recall

96%

98%

92.5%

-

84.9%%

-

94.58%

88.41%

92.67%

-

90.67%

86%

80.02%

-

developments in the field. Such review will allow them to start
where others have ended and continuously strive to achieve
the highest accuracy and performance metrics in the important
medical field, such as the automatic diagnosis of brain tumors.
Future work will include a review of the literature for other
medical conditions such as skin cancer, breast cancer, and
extremely vital medical problems. The researchers also intend
to continue their own research on developing innovative
machine learning algorithms to automatically identify and
diagnose brain tumors, skin cancer, breast cancer, and other
medical-related research.
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It is noticed that the selected publications reported in the
results section for the binary classification and multi-class
classification of the brain MR images were all published
recently between 2017 and 2021. Yet, the accuracy and
performance measures are still far from perfect, and there are
many factors that need to be accounted for in order to adopt
the automatic classification and diagnosis of brain tumors
using image-processing techniques. The severity and
consequences of misdiagnosis of a dangerous medical case
such as brain tumor entail that the accuracy must reach nearly
100% and that all performance metrics and other factors must
be accounted for before bringing the machine learning
algorithms within the hospital setting to assist doctors and
medical staff in the detection and diagnosis of such a severe
illness.
This makes this review paper and other review papers in the
field very important as a one-stop reference for researchers in
the field to be up to date with the latest proposed algorithms
and to be able to start where others have ended. The future of
machine learning in hospital settings is getting closer to reality
and is even closer than many realize. The vast benefits of
including machine learning algorithms in the precise
diagnosis of medical problems are apparent to all stakeholders
and benefit everyone.
6. CONCLUSION
In this paper, a detailed review is presented based on the
approach that researchers are following in tackling the binary
classification and multi-class classification of brain MR
images. The approach consists of various phases to include
preprocessing, feature extraction, and classification of the
images. The most important techniques for different stages are
explained, and the results of the selected recent literature are
reported for both binary and multi-class classification of the
brain MR images for both the BraTS MR images dataset and
other smaller datasets. The details of the stages along with the
result of recent literature, will assist researchers in the field as
they can benefit from a paper that reviews all the latest
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