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Abstract: Among all cancers, brain cancer has the greatest fatality rates due to its difficult detection and misdiagnosis. The ability to
distinguish on the basis of variations in texture, shape, intensity, and deep features, makes Magnetic Resonance Imaging (MRI) a popular
tool for the diagnosis of brain cancer. These features have been utilized during the classification of brain tumors. This paper proposes a
methodology for classifying primary brain tumors in binary class using the texture features of Magnetic Resonance (MR) images. The
Gabor 2D filter, Haralick Texture Features (HTF), Edge Continuity Texture Features (ECTF), First-Order Statistical Texture Features
(FOSTF), Local Binary Pattern Texture Features (LBPTF), Difference Theoretic Texture Features (DTTF), and Spectral Texture Features
(STF) are used for texture feature extraction of brain MR images. The Tanh normalization method further normalized the retrieved features
to deal with outliers and dominant features. The Infinite Latent Feature Selection (ILFS) approach is used for feature ranking to find the
most pertinent and non-redundant texture features once the features have been normalized. The top 200-ranked features are used for the
classification. The proposed method is compared with different supervised classifiers and achieves high classification accuracy with a
minimum error rate and better precision, sensitivity, specificity, Mathew Correction Coefficient (MCC), and F1-Score values. An accuracy
0f'99.4% has been achieved with the cubic Support Vector Machine (SVM) classifier for the Figshare dataset. A comparison has also been
made between the proposed method and other state-of-the-art methods.

Keywords: Brain Tumor, Magnetic Resonance Imaging, Texture Features, Normalization, Classification.

1. Introduction

According to the World Health Organization, brain tumors
are mainly classified as primary or secondary brain tumors
based on their origin [1]. Primary brain tumors start to
develop within the brain cells or the immediate
surroundings of the brain [2]; on the other hand, secondary
brain tumors develop in the brain due to other body organs,
such as the liver, lungs, and kidneys. Most of the brain
tumors are primary [3] and are further divided into
meningioma, craniopharyngioma, schwannoma,
retinoblastoma, astrocytoma, ependymoma, glioma, and
pituitary, depending on location in the brain [4]. After
getting the location of the brain tumor, it needs to check the
aggressiveness of the tumor to prepare the treatment plan
precisely for saving a precious human life. The main
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classification of primary brain tumors is based on their
aggressiveness, which is benign and malignant. Benign
tumor growth is very slow, has a distinct border, does not
spread in surrounding tissue, and does not affect other body
organs [5]. Malignant tumors grow quickly, have irregular
borders, and spread in surrounding tissue and other body
parts through metastasis [5].

1.1 Binary Classification of Brain Tumor: When a brain
tumor is classified into two classes, such as tumor or non-
tumor [6], high-grade glioma or low-grade glioma [7],
benign or malignant,then it is called binary classification.
This paper categorizes primary brain tumors in binary
classes such as benign or malignant [8]. To test the proposed
technique, glioma and pituitary tumors were chosen from
Fighshare dataset. The dataset contains three different
classes of brain tumor MR images: 1426 glioma tumors, 930
pituitary tumors, and 708 meningioma tumors, based on
their location. To perform the binary classification of brain
tumors, glioma, and pituitary has been taken. Glioma tumors
are mostly categorized as malignant in nature and pituitary
tumors tend to be benign [9].

Pituitary develops more slowly than gliomas, they can
nevertheless have an impact on bodily processes like
growth, reproduction, and metabolism [10]. Malignant
tumors and glioma tumors both have comparable shapes and
sizes.

On the other hand, the shape and size of pituitary tumors are
similar to benign tumors (Figure 1).
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Figure 1: Malignant and Benign Tumor

Tumor mask shapes can help distinguish between benign
and malignant tumors [11]. A benign tumor may turn
malignant if it is not properly identified and treated on time
[12]. Therefore, to reduce the mortality rate, early detection
and classification of brain tumors are necessary.

1.2 Medical Imaging: The diagnosis of primary brain
tumors is accomplished using several medical imaging
modalities. In medical imaging, non-invasive diagnostic
techniques are frequently employed [13]. These medical
imaging methods include magnetoencephalography,
computed tomography (CT), magnetoencephalography
(EEQG), positron emission tomography (PET), and magnetic
resonance imaging (MRI), which is presently quite common
[14]. MR imaging yields more useful information when
detecting brain tumors than CT or ultrasound imaging and
offers a model of the tumor's progression throughout
therapy [15].

1.2.1 Magnetic Resonance Imaging (MRI): It provides
different modalities [16] for diagnosing primary brain
tumors. Dynamic Contrast-Enhanced Magnetic Resonance
Imaging (DCE-MRI), Tl-weighted, T2-weighted, Fluid
Attenuated Inversion Recovery, and diffusion-weighted
magnetic resonance imaging provide higher-quality images
with more in-depth and comprehensive views of tissue or
organs. DCE-MRI sequence is taken by injecting
Gadolinium before T; sequencing. Gadolinium is a
chemical component that can recognize the border between
the brain and the blood, and this image contains more
intensity due to the shorter longitudinal relaxation time.
Three different positional views (Saggital, Coronal, and
Transverse) are possible in MRI, giving prominent
characteristics to classify the brain tumor precisely. This
study classified primary brain tumors as benign or

malignant using T1-weighted Dynamic Contrast-Enhanced
MR imaging.

This is how the remaining part of the paper is structured.
Section 2 presents the current research on the categorization
of primary brain tumors. Section 3 presents the rationale,
while Section 4 details the materials and suggested methods.
The output findings are presented in Section 5. Section 6
wraps up the work done on this paper and outlines its future
directions.

2. Literature Review

In machine learning algorithms, feature extraction and
reduction are crucial steps before classifying brain tumors.
Over the previous two decades, the diagnosis of brain
tumors has been improved through computer-aided systems.
Researchers have proposed various methods of classifying
brain tumors. The related work of the researchers is
discussed in this section.

Papageorgiou et al. introduced fuzzy cognitive maps and
activation of the Hebbian algorithm to differentiate the
tumor in low-grade and high-grade classes. They also
identified the aggressive characteristics of the tumor [17].
Latif et al. introduced a combination of SVM, ANN, and
ensemble classifiers, classifying the brain tumor in a binary
class using GLCM features [18]. Singh and Kaur proposed
an SVM classifier-based approach to classify brain tumor
abnormality using GLCM texture features [19].
Jayachandran and Dhanasekaran proposed fuzzy SVM to
classify the brain tumor in normal and abnormal classes
using GLCM features and principal component analysis
[20]. Ibrahim et al. used the Principal Component Analysis
(PCA) for feature selection and classified the tumor as
normal Edema and cancerous using a back propagation
neural network [21]. Sudha et al. proposed grading the brain
tumor through a BPNN classifier and extracting the features
through GLCM and GLRM [22]. Sharma et al. proposed a
binary classification of brain tumors by taking GLCM
texture features and a Naive Bayes classifier [23]. Skogen et
al. introduced a technique in which glioma tumors classify
as low-grade glioma and high-grade glioma using filtration
and FOSTF [24]. Sachdeva et al. extracted the shape,
intensity, and texture features of MR images of brain tumors
to classify primary and secondary brain tumors through
SVM and ANN classifiers [25]. Hseih et al. proposed a
global histogram and local texture-based feature extraction
to classify low-grade glioma and high-grade glioma with the
help of an ANN classifier [26]. Minz and Mahobiya
proposed a model using GLCM features and an Adaboost
classifier to classify the tumor as normal and abnormal [27].
Ari and Hanbay extracted intensity features to classify
tumors as benign or malignant through ELM and SVM
classifiers [28]. Algasemi et al. introduced a binary
classification of brain tumors with SVM classifier by using
GLCM and statistical-based features [29].

The earlier works demonstrate how specific handcrafted
texture features of magnetic resonance images are applied
for the binary classification of brain cancers. The textural
features of MR images are crucial in differentiating benign
from malignant brain tumors. The goal is to improve the
classification performance using these extracted texture
features of MR images.
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The paper proposes a methodology that uses seven
handcrafted texture feature models, Gabor 2D filter, HTF,
ECTF, FOSTF, LBPTF, DTTF, and STF. The proposed
work examines the influence of texture features.
e Tanh-based normalization technique is used to
normalize the extracted texture features.
e  The ILFS technique is used to rank the normalized
features.
e The proposed model is compared with different
supervised classier.

3. Motivation

One of the most important aspects of diagnosing brain
cancer is the detection of brain tumors. The survival rates of
patients quickly rose from 49% to 69% [30] after
advancements in the field of non-invasive diagnosis
techniques. For finding a brain tumor, MR images are better
options than other medical imaging methods [15]. To save a
priceless human life, it is crucial to correctly classify brain
tumors after identification because incorrect classifications
increase the chance of death. There are over 120 different
forms of brain tumors, according to the World Health
Organization (WHO) [31]. Malignant tumors are more
aggressive, have a rapid growth rate, and are cancerous,
whereas benign tumors are slow-growing, low-aggressive,
and non-cancerous [32]. The texture features of MR images,
which must be obtained accurately for efficient diagnosis,
are mainly responsible for brain tumor classification.

4. Materials and Methodology

More effective therapies are available for patients with brain
tumors if they are classified early. It has been shown that
different texture models significantly influence brain
tumour categorization; hence, seven texture models have
been studied to reach this goal in the present work. Since not
all features will be on the same scale, feature normalisation
must be performed before applying any feature selection
method. In this study, the retrieved features are rescaled
with the use of Tanh-based normalisation techniques. As
processing all possible features would take too much time
and effort, the feature set is narrowed even further. The ILFS
method simplifies things by picking out the features that
actually matter to boost classification precision. The
performance is analyzed with a Decision Tree,
Discriminant, k-NN, Ensemble, and SVM classifiers. The
block diagram of the proposed work is shown in figure 2.
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4.1 Dataset Description: The dataset is publicly available
on www.figshare.com, uploaded by Cheng et al. [33]. The
set of images includes 3064 T1 contrast-enhanced MR scans
of 233 people who had meningioma, pituitary tumors, and
brain cancers. To assess the effectiveness of the proposed
work, 930 images of patients with pituitary tumors and 1426
photographs of patients with glioma tumors are collected.
These brain magnetic resonance imaging (MRI) scans are
offered in the coronal, sagittal, and axial positioning views.
The MR pictures of the brain, patient ID, tumor label, and
details of the tumor mask (ground truth) are all included in
the MAT files.

For the binary classification of brain tumor (Malignant and
Benign), 1426 glioma tumor and 930 pituitary tumor has
been taken. The glioma tumor is more agreesive and having
similar properties as malignant tumor [34], [35]. The
agrresive nature and growth characteristics is similar as
benign [10], [36]. Garde I & II meningioma tumor are
benign, but grade 11l meningioma tumor is malignant [37].
Due to this reason, 708 meningioma tumors are not
considered for binary classification.

4.2 Feature Extraction: The patterns that can be observed
in an image and provide significant information are called
features. The most important step in any pattern recognition
program is feature extraction as accuracy relies on selecting
appropriate features.The presence of tumors in cerebrum-
dense brain areas and their overlapping appearance
characteristics make them difficult to classify. Therefore, a
combination of seven texture models was used to extract the
features of each suspicious region. The spatial distribution
of grey levels around an image that is known as a texture
feature. The texture characteristics describe the structural
organization of the items in that image and their interactions
with their environment. Texture traits can distinguish
between malignant and normal tissues that cannot be
immediately seen, and texture analysis offers strong
discriminating characteristics related to variability patterns
[38]. For feature extraction employing all suspicious areas
from MR images of brain tumors, the suggested technique
takes into account the texture characteristics of HTF, ECTF,
FOSTF, LBPTF, DTTF, and STF in addition to the Gabor
2D filter.

4.2.1 Gabor 2D Filter: Mean amplitude and square energy
are two textural features for grayscale photographs that
Dennis Gabor presented [39]. A linear filter called the
Gabor filter is used to analyze the texture of an image. In
essence, it examines if a certain direction exists in a small
area surrounding the analysis point or region [40]. Texture
features with the Gabor 2D filter have been used for brain
classification.

4.2.2 Haralick Texture Feature (HTF): Haralick et al.
introduced the application of the Gray-Level Co-
Occurrence Matrix (GLCM) and texture features, which are
most widely used by selecting prominent features [41]. HTF
is a significant feature used in diagnosing and classifying
brain tumors. HTF are computed from GLCM for texture
analysis to describe the textural characteristics of brain
images. GLCM is a second-order statistic that defines
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relationships between different tonal intensities for specific
directions and distances [42]. The features are computed at
a distance d = 1 to 4 for four directions, 0, 45, 90, and 135.
HTF are extracted for binary and multiclass brain tumor
classification.

4.2.3 Edge Continuity Texture Feature (ECTF): Susan et
al. proposed an edge continuity based feature extraction
method for the edges of a natural image with direction and
angle specified [43]. Edge continuity features are shape
features that express the appearance of the contour of an
object by measuring location coherence between pixels. It
follows four main orientations and encloses eight edge
continuity characteristics that can describe a silhouette or
pattern effectively. Thus, the object contour is given as a
sum of all four Edge direction features and all four Edge
direction continuity features [44]. Edge Continuity Section
features are used to detect and categorize brain tumors.

4.2.4 First-order Statistical Texture Feature (FOSTF):
The features are extracted by utilizing first-order statistical
moments such as standard deviation, mean, kurtoses and
skewness with grey-level histogram of images [45]. The
mean represents the average intensity of pixel in an image,
the standard deviation measures the contrast level in an
image, skewness measures symmetry and kurtosis records
relative flatness [45].

4.2.5 Local Binary Pattern Texture Feature (LBPTF):
Ojala et al. proposed an algorithm for the extraction of local
binary pattern features [47]. An edge detector using the
signs of differences between neighbouring and central
pixels makes binary codes by thresholding the pixel value at
each point in the image to their neighbor pixels using the
center point. Based on this threshold value, this is
considered a binary map such that the neighboring pixel
changes to 1 or 0. One is represented by the higher value and
zero with the lower value. A histogram is used to represent
the frequency values of binary patterns. The number of
histogram bins is equal to the number of pixels used in local
binary pattern calculations.

4.2.6 Difference Theoretic Texture Features (DTTF): It
is a textural parameter that describes feature based on the
absolute differences of global and local gray level in
combination with associated probability values from signed
gray level difference histogram. This quantity is computed
pixelwise and then averaged over all pixels in the image for
scale, rotation, and illumination [48]. Therefore, the three-
dimensional feature subset of local horizontal difference,
local vertical difference and local diagonal difference is
acquired to calculate the magnitude of local difference. It
implies that 11 features are extracted from each texture
image.

4.2.7 Spectral Texture Feature (STF): Feng and Liu
proposed Fourier spectrum-based spectral texture analysis
for measuring textural features [49]. The Fourier spectrum
can be written in the polar coordinates S (r, 8), where S is
the spectrum function for the image and 1,0 are radius and
angle in the polar coordinate system [50].

4.3 Feature Normalization: Feature normalization is a
process that rescales or modifies raw data so that each
feature has an equal contribution. Tanh-based normalization
was suggested by Hampel et al., where Hampel estimator-
based data transformation was used [51]. The main
advantage of Tanh-based normalization is that its negative
inputs are strongly negative, and zero inputs are always
mapped near zero [52]. In this normalization method, each
instance is represented as:

h
X!, = 0.5{tanh <0.01 (X"Gih“’)) +1 (1)
L

c" is the standard deviation, and u" is the mean of the
Hampel estimator. The estimators depend on influence
parameters (¢), which can be expressed as follows:

@)

{19 0<9 <y,

u, X sign(9) U <9 <uy, 2
= . u; — |9]
{ u; X sign(¥9) x TTRE=TH U, <9 < ug,
Lo 191> us,

9in= Xin—med (Xj) , sign($) = 1 for 3 > 0 and sign(9) = -1
for $<0.

The above function provides decreasing influence values at
the bottom of the distributions while estimating the scale
parameter and location. The results show that it is
unaffected by outliers.

4.4 Feature Selection: Selecting important features while
deleting redundant and irrelevant features is known as
feature selection. This paper uses the ILFS [53] to identify
the relevant features that show a better classification
performance due to the application of Probabilistic Latent
Semantic Analysis (PLSA). The weights may be derived
using the PLSA method using probability co-occurrences
among features and tokens. This technique is employed in
three steps: the first step is pre-processing, the second is
weighting the graph, and the last is ranking the features. The
selection of features may be wrapper or filter techniques.
The entire process of this feature selection is discussed in
detail as follows:

4.4.1 Co-occurrence of Graph Weighting: The weight of
training data is calculated as per their degree of importance.
Tentative probabilities of factor/features and token/features
are calculated. Exceptional maximization is used for
parameter optimization.

4.4.2 Probabilistic IFS: Expansion of the path to infinity and
geometric series is calculated from the matrix obtained in
the previous steps. Galfandi's formula [54] is used to obtain
the rank of the features:

C=@Q-rB)yt-1 3)
Here, B is the matrix obtained by the co-occurrence of graph
weighting, I denotes the identity matrix, and r is expressed

as
1
r= 4

max (eigen value [B])
By adding the matrix dimensions, the path length energy
score is calculated. At last, the rank of the feature is
evaluated.
The ILFS method does not automatically select the
appropriate features, so the number of prominent features is
selected manually. The approach adopted in this work is
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focused on picking an appropriate range and a specific
value. The process is repeated until a suitable set of
characteristics provides the highest accuracy value. 399
texture features have been retrieved for this study.

Using the SVM classifier, the desired number of features to
be chosen ranges from 150 to 250, with a gap of 10. Out of
these, 190 features have resulted in better accuracy in these
sets. Further, a new feature subset has been created for the
features from 190 to 210, and in this set, 200 features have
yielded the best accuracy.

4.5 Classification: The classifiers that the researchers have
widely used are Decision Tree classifier, Discriminant
classifier, k-NN classifier, Ensemble classifier, SVM
classifier, Naive Bayes classifier, Artificial neural network
classifier, and probabilistic neural network classifier. So,
this paper considers the following classifiers to evaluate and
compare the results with the proposed methods.

4.5.1 Decision Tree: The tree-based classifier frequently
breaks down the most complicated issue into a simple
method [55]. It employs input training characteristics, in
which each branch of a particular tree contributes to the
outcome. A decision tree may readily be converted into a
collection of rules the reader can understand [56].

4.5.2 Discriminant Classifier: This classifier anticipates
diverse Gaussian circulations among different classes [57].
There are two types of discriminant classifiers, linear and
quadratic discriminant. In this paper, a quadratic
discriminant classifier is used to evaluate the performance
of the proposed work.

4.5.3 k- Nearest Neighbours (k-NN) Classifier: It is an
instance-based classifier that predicts new elements in a test
dataset, based on K-labelled points in the training set. Test
data is classified based on its similarity with the training
data. The test data belongs to one of the training data’s class
labels [58]. It's easier to understand the k-NN classifier. The
inbuilt noise reduction helps in classifying with an accuracy
[59]. Performance of these classifiers has been assessed
using the Weighted k-NN, Fine k-NN and Median k-NN.

4.5.4 Ensemble Classifier: It is a collection of individual
classifiers that work together to train a data set [60]. It is
based on manipulating the training parameters, error
function, feature space, output labels, clustering, and
training pattern manipulation. Ensemble bagged trees and
Ensemble Subspace Discriminant classifier is used to
evaluate the performance of this proposed work.

4.5.5 Support Vector Machine (SVM) Classifier: The
SVM classifier tries to separate boundaries, which act as
building blocks of this classifier.

It uses this kernel function and hyperplane. This relies on a
statistical learning theory and is one of Vapnik's
computational approaches [61]. If the extracted
characteristics are  inseparable, nonlinear kernel
modifications are utilized. The cubic SVM classifier has
been well implemented for large-dimensional spaces and
can also process nominal and continuous data [62]. It
considers the performance evaluation of the proposed

method with Linear SVM, Quadratic SVM, and Cubic SVM
classifiers.

4.6 Performance evaluation Metrics: The effectiveness of
the proposed techniques for brain tumors is examined
through different parameters calculated using a confusion
matrix. The performance of the proposed method is
evaluated by performance evaluation parameters such as
sensitivity, specificity, precision, MCC, Error rate, F1-
Score, and accuracy.

4.6.1 Precision: It represents the proximity of the two
evaluated values to each other, and is calculated as:
TP 5)
FP+TP
Where TP is true positive and FP is false positive.

4.6.2 Sensitivity: It represents the capacity of a classifier to
classify brain tumors correctly, and it is calculated as:
TP (6)

TP +FN
Where TP is true positive and FN is false negative.

4.6.3 Specificity: It represents the classifier's ability to
classify the brain tumor precisely, and calculated as:
TN (1)

FP+TN
Where TN is true negative and FP is false positive.

4.6.4 F1-Score: It is taken to identify the test accuracy of a
classifier, and calculated as:
2 X (Precision X Specificity) ®)

(Precision + Specificity)

4.6.5 Error Rate: It is defined as the ratio of false

prediction to the whole dataset, and formulated as:
FP+FN 9)

TP+ FP+TN+FN

4.6.7 Mathew Correction Coefficient: It is defined as, the
superiority evaluation of classification, and calculated as:
(TP X TN) — (FP X FN) (10)

J@P +FP)(TP + FN)(TN + FP)(TN + FN)

4.6.7: Accuracy: It is used to determine the classes of brain

tumors accurately, and is represented as:
TP+TN (11)

TP+ FP+TN+FN

5. Results and Discussion: In this paper, we propose a
technique for binary classification of primary brain tumors
(HGG and LGG) from magnetic resonance images of the
brain. We consider all the brain magnetic resonance images
of 1426 gliomas and 930 pituitary tumors available in the
Figshare dataset to evaluate the performance of the
proposed methodology. The suspicious regions in the MR
images are extracted using texture features to classify the
tumor as benign or malignant.

Seven different handcrafted texture models are used in this
work to extract texture features from suspicious areas: the
Gabor 2D filter, HTF, ECTF, FOSTF, LBPTF, DTTF, and
STF. Extracted textural features for locations suspected of
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harboring gliomas and pituitary tumors total 399 (see Table
1).

Table 1: Feature Extracted and Feature Selection
Hand-Crafted Extracted Feature Selected
Texture Feature (200)
Model (399)
Gabor 2D Filter 60 28
HTF 14 8
ECTF 8 8
FOSTF 4 2
LBPTF 59 55
DTTF 11 2
STF 243 97

The Tanh-based normalization method is applied to
normalize the extracted feature set. After normalizing the
feature set, the ILFS method is used to rank the normalized
features. The top 200 relevant features, including every
extracted handcrafted texture feature, give the best binary
classification of a brain tumor as benign or malignant.
Experiments have been carried out on a system with an Intel
Core i7 with a 2.40 GHz processor and 8.00 GB of memory
running under Windows 10 Pro. A 10-fold cross-validation
procedure is adopted to evaluate the results using the
Decision Tree, Discriminant, k-NN, Ensemble, and SVM
classifiers. The proposed work has been compared with five
classifiers and their variants using evaluation parameters
such as precision, sensitivity, specificity, F1-score, error
rate, MCC, and classification accuracy.

The proposed work gives a model for the binary
classification of primary brain tumors into malignant and
benign. Performance parameters of the classifier are
evaluated with the help of the confusion matrix of the
classifiers..

Table 2: Performance evaluation of classifiers with selected features
Classifier CT _ [QD [ KRNI [ENN2 | ENN3 [ESD [ EBT [ VAL | SVAME2 [ CubicSVM

erocision 7y | ML | 9716 | BI8F | 0830 | 0843 | 9916 | 0064 | 0018 | 9957 | 9979 5964

T [ OLIE | 8612 | 0506 | %635 | 9860 | B35 | 5365 | 914l | 06 5903

M| 9428 | 0016 | 9603 | 9756 | 9908 | 0699 | 0500 | 9833 | %693 9933
B[ 9207 | 7665 | 9743 | 9760 | 9870 | 9943 | 9832 | 9890 | 9966 9946
M| 9207 | 7665 | 9743 | 9760 | 9870 | 9543 | 9851 | 9890 | %968 9945
T [ 9438 | 0006 | 9603 | 0736 | 9908 | 9699 | 9589 | 9833 | 9693 9933
Fl-Score M| 09558 [ 0.7063 | 09790 | 00801 | 09§93 | 0.0933 | 09867 | 09913 | 09971 | 09954
B [ 05270 | 0.8805 | 05483 | 0968% | 09883 | 00611 | 00480 | 09785 | 09603 | 09917
M: Maliznant, B: Benign, CT: Complex Tree, (D: Quadratic Discriminant, k-NN 1- Median k-NN, k-NN 2: Weighted £-NN,
1NN 3: Fine k-NN, EST: Ensemble Subspace Discriminant, EBT: Ensemble Bagged Tree, SVM-1: Quadratic SVM
SVM-2: Fine Gaussian SVM

Sensitivity (%)

Specificity (%)

The classifier's performance based on precision, sensitivity,
specificity, and the F1-Score of a benign and malignant
tumor is shown in Table 2.

Three different k-NN classifiers are tested; however, the
Fine k-NN classifiers get the highest accuracy at 98.9
percent. The ensemble subspace discriminant outperforms
the other ensemble classifier, with an accuracy of 97.9%
when classifying a brain tumour. In addition, three distinct
SVM classifier variations have been used to solve the
problem of classifying the brain cancers. When compared to
other classifiers, the cubic SVM classifier has the highest
performance and accuracy (99.4%).

According to Figure 3, the higher value of classification
accuracy and the higher MCC value achieved through the
cubic SVM classifier show its superiority among all
classifiers.
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Figure 3: Classifier Performance

The error rate of the classifier is shown in figure 4. The
lowest value of error rates indicates the better performance
of the classifier. Quadratic discriminant classifiers perform
worst based on error rate. All these values of the cubic
classifier show that their performance is better than other
classifiers.
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Figure 4: Error rate of classifiers

The result of the proposed work is also compared with
different related methods in Table 3 for achieving best
performance. In this review, accuracy is the universally
employed performance metric in all state-of-the-art methods
to measure the effectiveness of the proposed method.
Bahadure et al. applied the SVM classifier based on a
combination of biologically inspired Berkeley wavelet
subbands to the binary class grading of brain tumors.
Results: 201 MR images of brain tumors were captured and
then the system was trained on 67 normal and 134 abnormal
brain tumor MR images with accuracy in classification
ranging to 95%. Shree and Kumar extracted the GLCM
features of 650 brain tumor MR images and achieved 95%
binary classification accuracy using a probabilistic neural
network classifier. Ullah et al. proposed binary
classification through the advanced deep neural network
with 95.8% classification accuracy and features extracted
from 71 brain tumor MR images by discrete wavelet
transform. Ansari et al. extracted the GLCM and DWT
features of 200 T-1 contrast-enhanced MR images of brain
tumors. The SVM classifier was taken with PCA to achieve
98.91% binary classification accuracy. Alqasemi et al. took
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the Kaggle data set containing 253 binary class MR images
of brain tumors. Alqasemi et al. extracted the GLCM feature
and achieved 98% binary classification accuracy by using
the SVM classifier. Preethi and Aishwarya extracted GLCM
features from 20 MR images of brain tumors, and a deep
neural network classifier was taken to classify the brain
tumor in binary class with 92% accuracy. The comparisons
of the proposed methodology with other state-of-the-art
methods indicate that it surpasses all state-of-the-art
techniques and gives the highest binary classification
accuracy.

Table 3: A Comparison of state-of-the-art methods for primary brain tumor classification
Texture Features / Classifier Accuracy
Database

used (%)

T2 weighted brain images, 67 normal
and 134 abnormal
630 MR images
DIACOM

Authors

Bahadure etal (2017) [63] BWT+SVM 93.00

Shree & Kumar (2018) [38] GLCM+PNN 9500

DWT + Feed-Forward

Ullah et al. (20207 [64] Nental Network

71 MR Images 9380

T1-weighed CE-MRI. 140 tumors
affected, 60 normal
Kaggle Dataset (98 Normal and 133
abnormal MR Images)

Ansari et al. (2020) [65] DWT+PCA+-GLCM=SVM 98.91

Algasemi et al. (2021) [29] GLCM + SVM 28.00

Preethi & Aishwarya (2021)

i GLCM+DNN 20 MR Images 92.00
+ N +

Rao et al. (2022) [67] EQPEk Ni’:"?} ;mkmg TCLA 800 MR images 925
NN classifier

Hameed et al (2022) [68] GLCMACNN Benign-164 and Malignant. 170 952

Kaggle Dataset (98 Normal and 133
abnormal MR Images)
T1-weighed CE-MRI, 1426 gliomas,
and 930 pituitary tumors

Gupta et al. [69] VGG16 %

Normalized Texture Features
+ Cobic SVM

Proposed Methodology 99.40

6. Conclusion

The accurate classification of the primary brain tumor is
crucial for initiating early treatment and preserving precious
human life since it has a significant impact on lowering the
mortality rate of brain tumor patients. The main goal of this
proposed method is to develop an efficient binary
classification of primary brain tumor with high accuracy.
The texture features of brain MR images are extracted
through the Gabor 2D filter, HTF, ECTF, FOSTF, LBPTF,
DTTF and STF and aggregate to prepare a set of texture
feature. Tanh-based normalization is taken to normalize
these extracted features to improve the efficiency of the
proposed system. After that, the infinite latent features
selection is used to rank the relevant features. The top 200
ranked features are selected and evaluated with classifiers.
Cubic SVM classifier gives high sensitivity, the best F1-
score, and a low error rate compared with other classifiers.
It provides 99.4% primary brain tumor binary classification
accuracy with 10-fold cross-validation. In the future,
multiclass classification can be proposed to classify the
malignant tumor as grades I, II, III, and IV to make the
treatment plan precisely.
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