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Abstract—  
A Brain Tumor (BT) is the leading cause of mortality in the world, and it is the most prevalent type of tumor, 
affecting persons of all ages. However, it is a curable kind of cancer if discovered early. The biopsy is used to 
categorize BTs, but it is rarely performed before the removal of the tumor by brain surgery. For speeding up the 
treatment procedure, minimizing unnecessary surgery, and reducing the likelihood of diagnostic errors caused by 
human intervention, an image-processing approach for tumor is crucial. Machine learning (ML) and other 
technological advancements are helping radiologists to diagnose tumor from Magnetic Resonance Imaging (MRI) 
scans by a non-invasive method. To distinguish between three kinds of BTs and healthy brain tissue in MRI, this 
research introduces a hybrid architecture. This research proposes a hybrid ML classification algorithm based on 
Support Vector Machine (SVM) and Gaussian Nave Bayes (GNB). After being trained, the suggested method was 
put to the test using a collection of magnetic resonance imaging (MRI) data consisting of 100 images of glioma, 
115 images of meningioma, 74 images of pituitary tumor, and 105 images of normal brain tissue. The results of 
the hybrid model are compared with the standalone ML models like SVM, GNB, Linear Discriminant Analysis 
(LDA), and Random Forest (RF). According to the findings, the hybrid model outperforms the other ML models in 
terms of accurate classification while maintaining a low false rate. 
Keywords— Brain Tumor, Hybrid Model, Medical Images, Feature Extraction, Augmentation, Machine 
Learning. 
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I. INTRODUCTION  
With the rapid advancements in medical 

technology, crucial medical data is becoming more and 
more important. The surveillance, avoidance, and 
detection of infectious tumor rely heavily on the 
proper collection, management, and interpretation of 
data [1]. Among various cancers, BTs pose the greatest 
threat to human life and health [2]. The brain is an 
incredibly complex organ that functions through 
billions of synapses and cells. As the nervous control 
center for the entire body, any abnormalities in the 
brain can have disastrous effects on a person's health. 
The WHO estimates that by the year 2020, brain 
cancer will have been the second-highest cause of 
mortality worldwide, after heart disease [3]. Cancer is 
known for its aggressive nature, low survival rates, and 
various characteristics, making it a particularly deadly 
and devastating disease. If a BT is incorrectly 
diagnosed, it may be treated ineffectively, decreasing 

the patient's chances of life even further. Malignant, 
pituitary, lymphoma, glioma, acoustic neuroma, 
and medulloblastoma are all examples of various 
forms of BTs that are distinguished by their 
location, texture, and shape. Detecting BTs is 
challenging due to variations in type, size, location, 
and shape. The diagnosis of a BT is crucial for 
determining treatment options, ranging from surgery 
to therapy, and predicting a patient's chances of 
survival. Therefore, early identification and detection 
of BTs are crucial in planning treatment and 
monitoring patient conditions,contributing 
significantly to enhanced treatment efficiency and 
higher patient survival rates. 

 
Several diagnostic and imaging procedures are 

used to get information about tumor. Methods such as 
computed tomography (CT) and MRI are used to 
distinguish between damaged and healthy brain 
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tissue. CT generates brain images in axial sections 
using X-rays and a computer to diagnose the patient. 
Two- and three-dimensional images of the body's 
interior organs can be produced via MRI [4]. In terms 
of early cancer identification and diagnosis, this 
method is among the most accurate. However, 
radiologists with substantial knowledge are needed 
since identifying the tumor type with MRI is difficult 
and needs time and chances of error [5]. MRI pictures 
may lack distinct characteristics that would permit 
solid decision-making due to the diversity of tumor; 
hence, manual diagnosis is not reliable. Patients' 
prospects of recovery and survival can be greatly 
improved with the help of a correct diagnosis and 
subsequent therapy. Also, the effectiveness of 
treatment and the likelihood of survival are both 
negatively impacted by a missed diagnosis of a BT [6]. 
Because of this, the ability of the CAD system to 
diagnose medical pictures like MRI scans requires the 
application of artificial intelligence (AI) algorithms. 
These methods lighten the workload of doctors and 
radiologists without compromising their ability to 
make precise diagnoses. Numerous private 
multinational corporations such as Siemens, GE 
Medical Systems, Medtronic, Accenture, Becton 
Dickinson, and Atlantic Biomedical P. Ltd have 
conducted BT research. The literature reports both 
theoretical and experimental works from the 
international arena. Some of the work done by top 
researchers is described below: 

 
The study [7] focused on the categorization of 

three different forms of BTs inside T1-weighted 
contrast-enhanced MRI images. To address the issue 
of large variability in tumor shape and size, they 
investigate the use of Spatial Pyramid Matching (SPM), 
an approach extensively used in natural image 
categorization. To enhance the accuracy of this 
classification, introduce a novel approach involving 
two key modifications. Firstly, they replace the original 
tumor region with an augmented tumor region 
created through image dilation, acknowledging the 
valuable information that the surrounding tissues of 
the tumor can provide for tumor type identification. 
Second, divide the increased tumor region into ever-
finer ring-shaped subregions. Using a large dataset, 
the strategy is extensively tested using three distinct 
feature extraction methods: gray level co-occurrence 
matrix (GLCM), intensity histogram, and bag-of-words 
(BoW) approach. These findings support the feasibility 
and usefulness of the suggested method for accurately 
classifying brain cancers.In paper [8], introduces a fully 

automated system designed to detect BT slices and 
accurately delineate the tumor area. The experiments 
using a single contrast mechanism underscore the 
effectiveness of the segmentation technique in 
successfully identifying and delineating BT tissues. 
Furthermore,theyconduct a comparative study that 
evaluates the performance of statistical features 
against Gabor wavelet features with the utilization of 
multiple classifiers. This contribution addresses a 
notable gap in the existing literature as it marks the 
first attempt to compare these feature sets for tumor 
segmentation applications.The authors [9] present a 
two-stage comprehensive Computer-Aided Diagnosis 
(CAD) system built for automated identification and 
characterization of brain cancers in MRIs. The first 
stage of this approach focuses on categorizing MRIs 
into two groups: normal and abnormal images. 
Following that, in the second stage, the algorithm 
further classifies abnormal MRIs as benign or 
malignant. The suggested CAD system combines 
several computational methods, such as MRI 
segmentation using K-means clustering, feature 
extraction and reduction using discrete wavelet 
transform (DWT) , and principal component analysis 
(PCA). A SVM is used in the two-stage categorization 
technique. The system's evaluation yields promising 
results, especially when evaluated on a non-standard 
MRI dataset. 

 
In study [10], the process of identifying BTs in 

MR images entails several distinct stages, such as 
sigma filtering, adaptive thresholding, and the 
determination of the detection region. Shape-based 
features, including Euler Number, Solidity, Circularity, 
Area,Minor,andMajor Axis Length, play a pivotal role 
in the feature extraction process from MR images. This 
methodology leverages two supervised classifiers: the 
C4.5 and the Multi-Layer Perceptron (MLP). These 
classifiers effectively distinguish between normal and 
abnormal brain cases, with the abnormal cases further 
classified into various benign or malignant tumor 
types, contributing to the accuracy of tumor 
classification.The results indicate a maximum precision 
of approximately 95% using 174 brain MR image 
samples and the MLP algorithm.In the paper [11], the 
authorpresents an Enhanced Edge Detection algorithm 
designed for BT segmentation, which builds upon the 
Sobel edge detection technique. This innovative 
method integrates the Sobel approach with image-
dependent thresholding and incorporates a closed 
contour algorithm to identify diverse regions within 
the image. Following that, the system isolates tumors 
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from the image by employing intensity data gathered 
within these confined contours. The method is written 
in the C programming language, and its effectiveness is 
objectively and subjectively evaluated. The findings 
from the simulation strongly show that the suggested 
approach outperforms standard segmentation 
techniques, using various parameters highlighting its 
usefulness. 

 
In the paper [12], the researchers harness data 

mining techniques for the classification of MRI images 
in the context of BTs. Propose a novel hybrid strategy 
for categorized BTs that integrates the strength of 
SVM and Fuzzy C-Means (FCM). The technique 
includes image-enhancing processes such as contrast 
enhancement and mid-range stretch, as well as double 
thresholding and morphological procedures for skull 
area extraction. FCM clustering is then utilized to 
segment images, and the Grey Level Run Length 
Matrix (GLRLM) is applied to identify important 
features from images. SVM takes on the role of 
classifying brain MRI images, resulting in precise and 
efficient classification.In the study [13], researchers 
present an automatic technique for BT segmentation 
using Convolutional Neural Networks (CNNs). While 
standard CNNs concentrate primarily on local image 
features and ignore global contextual data, both are 
critical for exact pixel categorization and identification, 
particularly in the setting of fluctuating BT 
appearances. To solve this, they provide Multiscale 

CNNs, a novel three-stream structure. This system 
determines the top three best image scales 
dynamically and efficiently incorporates information 
from diverse scales of the regions surrounding each 
pixel. They use BRATS datasets including several MRI 
modalities for exploration and assessment. The 
Multiscale CNNs architecture beats traditional CNNs as 
well as state-of-the-art algorithms from BRATS 2012 
and 2013, proving that it is better in BT segmentation 
in terms of accuracy. 

II. METHODOLOGY 
The automatic BT detection and classification 

using a hybrid model is the objective of the research. 
The BT data are collected from the Kaggle site, and it 
contains both train and test images. The research 
holds two phases, training, and testing. In the training 
phase, the train images are given to the processing 
stages and further passed through the feature 
extraction stage. For feature extraction, Weighted 
Particle Swarm Optimization (WPSO) is employed. The 
extracted data are given to the ML models for training, 
to classify the type of tumor data. The second phase is 
testing, here the same process as processing, and 
feature extraction are repeated with test images.  The 
ML models are asked to classify the test images. 
Finally, the outcome of ML models is evaluated using 
the metrics to identify the best one. The above-
mentioned details are represented in the form of a 
flow diagram in Figure 1. 

 
Fig. 1. Research flow diagram
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III. DATA AND ITS PROCESSING 
Data collection and processing are the essential 

steps in designing an ML model. The description of 
data and processing is given in this section. 

 
A. Tumor Data 

The different types of BT data are collected from 
the Kaggle website [14]. The site contains a train and 
test folders. Inside each folder, four types of MRI are 
present such as glioma, meningioma, pituitary, and 
normal images. The total count of MRI in both the 
train and test folder is given in Table 1. The sample 
images of collected BT are given in Figure 2. 
 

 
Fig.2. Sample Images of BT 

Table 1. BT data distribution 

Tumor Types Train Test 

Glioma  826 100 

Meningioma  822 115 

Pituitary  827 74 

No Tumor 395 105 

 
B. Clean Data 

After data collection, this study involved removing 
the background. Afterward, the images were pre-
processed using various methods such as gamma 
correction, Window Setting Optimization (WSO), and 
data augmentation. Gamma correction, a powerful 
transformation tool that enhances images using 
"gamma" (γ) [15, 16], was applied to each MRI 
modality with different γ values. The most effective 
gamma values for enhancing the images were found to 
be 2.5, 2.9, and 3.2, respectively. 

The research makes use of a component termed 
WSO, which is composed of a convolutional layer and 
a custom activation function. Two values of Window 
Widths (WW) and Window Levels (WL) are used to 
construct the linear functions from which the custom 
activation functions are calculated. The intensity range 
is fixed at 0 to U. 

𝐹𝑙𝑖𝑛(𝑥) = (𝑊𝑥 + 𝑏, 𝑈), 0)   [1] 
In which,  

𝑊 =
𝑈

𝑊𝑊
 and 𝑏 = −

𝑈

𝑊𝑊
(𝑊𝐿 −

𝑊𝑊

2
)  [2] 

As an implicit regularisation technique, data 
augmentation is commonly employed to boost the 
efficiency of deep neural networks. This is especially 
important when labelled data are scarce because 
collecting fresh instances is costly and time-
consuming. The classification of BTs is one area where 
this is crucial for medical analysis. Because of their 
widespread availability and relative simplicity, affine 
operations are used in this research's augmentation 
processes [17]. However, only rotation is employed, as 
other techniques such as shifting often result in loss of 
information after background cropping. Using the 
SciPy library, the degree of rotation is chosen at 
random (0-30 degrees) along the 3D images. 

 
IV. FEATURE EXTRACTION 

For extracting the important features from the 
processed images, the WPSO technique is employed. 
The WPSO algorithm is a stochastic global optimization 
approach that mimics the social behaviour of a group 
of birds in a place in a multidimensional environment 
[18]. This method makes use of a swarm, which is a 
collection of particles in the search space. The state of 
each particle is defined by its position 𝑥⃗𝑖 =
{𝑥𝑖1, 𝑥𝑖2 … . 𝑥𝑖𝑑}, and its velocity is given by𝑣⃗𝑖 =
{𝑣𝑖1, 𝑣𝑖2 … . 𝑣𝑖𝑑}. The goal is to find the optimum 
solution by having each particle change its search 
trajectory depending on two criteria: the optimal 
location discovered by the swarm (𝑔𝑏𝑒𝑠𝑡) and the 
optimal location of the current particle (𝑝𝑏𝑒𝑠𝑡). Using 
the following equations, WPSO updates the velocities 
and positions of each particle to find the best answer. 

𝑣𝑖𝑑
(𝑡+1)

= 𝑤𝑣𝑖𝑑
𝑡 + 𝑐1𝑟1(𝑝𝑖𝑑 − 𝑥𝑖𝑑

𝑡 ) + 𝑐2𝑟2(𝑝𝑔𝑑 − 𝑥𝑖𝑑
𝑡 )

 [3] 

𝑥𝑖𝑑
(𝑡+1)

= 𝑥𝑖𝑑
𝑡 + 𝑣𝑖𝑑

𝑡   [4] 

The dimension 𝑑 represents the search space, 
whereas the iteration number 𝑡 represents the 
evolutionary space. The inertia weight is denoted by 
𝑊, whereas 𝑐1 and 𝑐2  represent individual and group 
learning, respectively. Both 𝑟1 and 𝑟2are random 
numbers with an equal probability of being between 0 
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and 1. For d-th dimension, the individual's best and 
global best is represented by the symbols 𝑝𝑖𝑑and 𝑝𝑔𝑑, 

respectively. 
The fundamental steps executed in the WPSO 

algorithm are outlined below: 

● Initialization: Each particle is given a unique 
starting position and velocity. 

● Evaluation: Each particle's objective function is 
calculated. 

● Finding 𝑝𝑏𝑒𝑠𝑡: If the objective function value of 
a particle is better than its 𝑝𝑏𝑒𝑠𝑡, the new value 
is designated as the new 𝑝𝑏𝑒𝑠𝑡. 

● Finding 𝑔𝑏𝑒𝑠𝑡: If the 𝑝𝑏𝑒𝑠𝑡 of a particle is better 
than the current 𝑔𝑏𝑒𝑠𝑡, the 𝑝𝑏𝑒𝑠𝑡 value 
becomes the new 𝑔𝑏𝑒𝑠𝑡. 

● Updating position and velocity: Equation 1 is 
used to adjust each particle's velocity, and 
Equation 2 is used to determine where that 
particle should go next. 

● Termination: The procedure concludes when 
the specified iterations have been completed or 
repeated from step 2. 

The swarm's capacity for both global and local 
exploration is affected by the weight because the 
weight influences the present velocity's relationship to 
past velocities. A higher weight value facilitates global 
exploration, while a lower weight value aids local 
search. By choosing an appropriate weight value, the 
global and local search abilities of the swarm can be 
balanced, resulting in better solutions. Therefore, the 
weight is initially set to a higher value to explore the 
search space globally and gradually reduced to obtain 
a more accurate solution. As the weight decreases, the 
search changes from global to local exploration. To 
obtain good results, search algorithms require 
nonlinear search capabilities. With some statistical 
properties, the PSO algorithm can be easily 
understood, and the weight parameter can be 
appropriately calculated for the next iteration. 

 
V. CLASSIFICATION 

To classify the BT types from MRI, ML models 
are used. A brief explanation of ML models like SVM, 
LDA, GNB, SVM, and hybrid techniques is discussed in 
this section.   

A. LDA 
         To classify data, LDA is a straightforward and 

powerful technique. It is a supervised learning 
method that takes into account labels. LDA projects 
high-dimensional feature space into lower 
dimensions using the following steps [19]:  

Step 1: Calculate the difference in means between 
classes, commonly called between-class variance.  

Step 2: Determine the distance between the mean and 
sample of every category, which is referred to as 
within-class variance.  

Step 3: Make the within-class variance as small as 
possible while increasing the between-class 
variance. Some data beliefs are built into the LDA 
model. 

● Every variable in the dataset, when plotted, 
follows a Gaussian bell curve. 

● Each attribute has equal variance on average 
around the suggested mean.  

Bayes' theorem is used for probability 
estimation in the LDA model. The likelihood that a 
given class appears in a given input dataset is used to 
generate predictions. Bayes' theorem is used by the 
LDA model to forecast the likelihood of the output 
class, which is the class with the greatest probability. 
We additionally factor in the probabilities associated 
with each class and the data, using the formula 
presented below. 

𝑃 (
𝑌=𝑦

𝑋=𝑥
) =

𝑃𝑙𝑘∗𝑓𝑘(𝑥)

𝑠𝑢𝑚(𝑃𝑙𝐼∗𝑓𝑙(𝑥))
  [5] 

Where, 
𝑥 Input  
𝑘Output class.  

𝑃𝑙𝑘 =
𝑁𝑘

𝑛
,  

𝑁𝑘 Total observations in class 𝑘represent 
the base probability of every category identified in the 
training data. In Bayes' Theorem, this is referred to as 
the prior probability. The probability that 𝑥 belongs to 
class 𝑘 is represented by the symbol 𝑓𝑘(𝑥). 
 
B. RF 

Combining the results of numerous decision 
trees into a single prediction is the goal of the RF 
model. It is a supervised learning method that aims to 
achieve higher accuracy than other algorithms by 
using many decision trees. This method is effective in 
avoiding the issue of overfitting and can be employed 
for both linear and non-linear models [20]. Multiple 
decision trees are trained to generate various outputs, 
subsequently joined together to form the outcome. 
Each decision tree contributes to the classification 
process, and the outputs are analyzed to determine 
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the final prediction. Initially, a decision tree is created 
for all samples. After constructing multiple decision 
trees, the results are compared and the best result is 
selected through voting to deliver the final output. 
 
C. SVM 

The ML model known as SVM can be utilized 
for either classification or regression purposes. SVM is 
commonly used as a binary classifier, which means it 
assumes that the data being analyzed can have only 
two possible target values [21]. In this framework, all 
data points are visualised as points in an n-
dimensional, where n is the total number of features 
and each feature's score is a separate coordinate. The 
next step is to locate a hyperplane that optimally 
separates the two groups, thereby classifying the data. 
The SVM is a line or hyperplane that best divides the 
classes. The fundamental objective of SVM is to find a 
maximum margin hyperplane (MMH) that may be 
used to classify the datasets into distinct groups. Using 
an iterative process, SVM generates potential 
hyperplanes for separating the classes before selecting 
the one that does so most effectively [22]. 
 

SVM kernels are used in practice to transform 
data values into the appropriate format for SVM 
methods. The kernel method is employed to transform 
non-separable challenges into separable ones by 
mapping the input space from a lower to a higher 
dimension. When combined with kernels, SVM 
becomes more robust, flexible, and precise. The 
kernels that can be found in SVM include the 
following: Linear Kernel, which may be described 
mathematically as a scalar product of data points: 
𝐾(𝑥, 𝑥𝑖) = 𝑠𝑢𝑚(𝑥𝑥𝑖)𝐾(𝑥, 𝑥𝑖)  [6] 

The above equation illustrates that the 
connection between a pair of vectors is determined by 
adding the product of each input value pair. 
 
D. GNB 

Naive Bayes Classifiers are probabilistic 
classifiers that rely on the application of the Bayes 
Theorem. These classifiers do not utilize a single 
calculation but rather use multiple calculations. 
Both feature and response matrix [23] make up the 
dataset. Each feature matrix row represents a set of 
dependent features, and the outcome of the class 
variable is sent to the response vector. Using the 
probability of one occurrence and the probability of an 
additional occurrence that has already occurred, 
Bayes' Theorem determines the likelihood of the first 

event occurring. The mathematical form of Bayes' 
Theorem looks like this: 

𝑃 (
𝐴

𝐵
) =

𝑃(
𝐵

𝐴
)𝑃(𝐴)

𝑃(𝐵)
   [7] 

● In this scenario, we attempt to determine the 
probability of event A being true, given that event 
𝐵 is true.  

● The probability of event 𝐴, 𝑃(𝐴), has already been 
computed.  

● The probability of event B, given that event 𝐴 has 

already occurred, denoted by 𝑃 (
𝐴

𝐵
).  

As the features of our dataset are continuous, 
we must use Gaussian Naive Bayes instead of the 
standard Naive Bayes Theorem [23]. The assumption is 
that the probability distribution of the features is 
Gaussian, and thus the conditional probability is 
expressed as: 

 𝑃 (
𝑥𝑖

𝑦
) =

1

√2𝜋𝜎𝑦
2

𝑒𝑥𝑝 (−
(𝑥𝑖−𝜎𝑦)2

2𝜎𝑦
2 )  [8] 

 
E. Hybrid Model 

The GNB and SVM are combined to form the 
hybrid model. The attributes of the training data D are 
as follows: {𝐴1, 𝐴2, … , 𝐴𝑛}, and the attribute values of 
each attribute Ai are as follows: {𝐴𝑖1, 𝐴𝑖2, … , 𝐴𝑖ℎ}. 
Both discrete and continuous values for the attributes 
are acceptable. Classes𝐶 =  {𝐶1, 𝐶2, … , 𝐶𝑚} are also 
present in the training data.  The hybrid GNB-
SVM model implementation stages are as follows.  

● The proposed technique incorporates GNB to 
calculate prior and conditional probabilities for the 
data used in training. The frequency with which a 
given class appears in the training data is used to 
estimate its prior probability.  

● The frequency of an attribute can be 
calculated by counting the number of times it has 
been assigned a given value. Similarly, the frequency 
with which each attribute value appears in the class in 
the training data can be used to estimate the 
conditional probability for each attribute value.  

● Using these prior and conditional probabilities, 
the algorithm groups all samples into the desired class. 
Prior and conditional probabilities are used to forecast 
how the samples will be classified. 

● The samples are categorized based on the 
algorithm's best guess as to which category they 
belong to. Sample membership probabilities are 
calculated by multiplying the prior probability for a 
given class by the conditional probabilities for each 
attribute value. Next, the posterior probability for 
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each class is calculated, and the sample is labelled 
according to the class with the highest posterior 
probability. The maximum likelihood of posterior 
probability is used for updating the class score for each 
sample in the training data after the training 
samples have been classified.  

● After updating the class values in the training 
data, the method recalculates the prior and 
conditional probabilities and reclassifies all the training 
data examples. The approach computes the 
information gain for each attribute in the training data 
if a training sample is misclassified.  

● Separate the data into misclassified and 
classified records when GNB training has been 
provided in full. Classified data will be submitted to 
SVM along with a desired class. 

VI. ML MODEL OUTCOME 
The result of the research is detailed in this 

section. The test images are passed through the four 
standalone ML models such as SVM, RF, GNB, and 
LDA, and the hybrid model of GNB and SVM. The 
predicted label of all five models is compared with the 
actual label of test images. Based on the comparison, 
the confusion matrix like True Positive, True Negative, 
False Positive, and False Negative are computed.  The 
positive evaluation metrics such as accuracy, True 
Negative Rate (TNR), True Positive Rate (TPR), 
precision, and F1-Score are identified using the 
elements of the confusion matrix. Next, the negative 
metrics of False Negative Rate (FNR) and False Positive 
Rate (FPR) are identified. The values of both positive 
and negative metrics obtained by ML model metrics 
on BT detection are given in Figure 3.  

 
Model  

Support Vector 
Machine 

 
Random 
Forest 

 
Gaussian 
Naive Bayes 

Linear 
Discriminant 
Analysis 

 
Hybrid 

Accuracy 93.15 90.86 94.16 88.32 96.19 

TNR 92.23 89.12 93.75 86.73 95.83 

TPR 94.03 92.54 94.55 89.9 96.53 

FNR 5.97 7.46 5.45 10.1 3.47 

FPR 7.77 10.88 6.25 13.27 4.17 

Precision 92.65 89.86 94.09 87.25 96.06 

F1-Score 93.33 91.18 94.32 88.56 96.3 

Fig. 3. ML model outcome on BT classification
The first metric is accuracy, the highest accuracy score 
is the result of the hybrid model (96.19%) and the 
lowest is the result of LDA (88.32%). After hybrid, the 
highest scores are given by GNB (94.16%), SVM 
(93.15%), and RF (90.86%).  The second metric is TNR. 

The value of TNR attained by the hybrid model 
(95.83%) is the highest and the value of LDA (86.73%) 
is the lowest. The other models like GNB (93.75%) give 
the second largest, SVM (92.23%) is the third largest 
and the RF (89.12%) is the next one. The third metric is 

115



NeuroQuantology | December 2018 | Volume 16 | Issue 12 | Page 109-118 | doi: 10.48047/nq.2018.16.12.1152 
Veerabhadraswamy K M et al/ Hybrid Approach for the Classification and Detection of Brain Tumor 
 

  eISSN1303-5150                                                                                                                                                                    www.neuroquantology.com                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                                   

 

TPR, and the models are arranged in descending order 
based on the TPR score. The arrangement order is 
hybrid (9653%), GNB (94.55%), SVM (94.03%), RF 
(92.54%), and LDA (89.9%).  Precision is taken as a 
fourth metric. The hybrid model (96.06%) provides the 
highest score, whereas the LDA (87.25%) provides the 
lowest score.  In between the highest and lowest, 
other models like GNB (94.09%), SVM (92.65%), and RF 
(89.86%) are present. Finally, the F1-Score is analysed. 
The highest value is the outcome of the hybrid model 
(96.3%), the second highest is GNB (94.32%), the third 
is SVM (93.33%), the fourth is RF (91.18%) and the last 
one is LDA (88.56%). All the positive metrics score of 

the ML model is converted into a bar graph which is 
given in Figure 4. 

The negative metrics score of the ML model 
is illustrated in Figure 5 using the bar graph. For a 
good model, the negative metrics should be low. 
The hybrid model (3.47%) gives the least value of 
FNR, next, the GNB (5.45%) gives a lower score, 
which could be followed by SVM (5.97%), RF 
(7.46%), and LDA (10.1%).  For FPR, the LDA 
(13.27%) produces a higher value, RF (10.88%) gives 
the second largest, and the other models like SVM 
(7.77%), GNB (6.25%), and hybrid (4.17%) give less 
values.

Fig. 4. Performance comparison of positive metrics on BT classification
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Fig. 5. Performance comparison of negative metrics on BT classification

VII. CONCLUSION 
BTs are notoriously aggressive and destructive, 

reducing patient lifespans significantly. A patient's 
chances of survival decrease if their BT is incorrectly 
diagnosed or if they receive minimal medical care. MRI 
is frequently used for tumor diagnosis. BT 
identification is a demanding and complex job in 
biomedical imaging. Several traditional ML algorithms 
have been used for tumor detection in the brain. 
However, the results from ML models are 
unsatisfactory. The issues are addressed and resolved 
by the hybrid ML model of multi-BT classification 
provided by this study. SVM and GNB are used as 
building blocks in the proposed hybrid model. The 
suggested model's classification performance 
metrics were compared to that of conventional ML 
models using images from Kaggle. The suggested 
method outperformed the traditional ML models for 
classifying BTs concerning the following: Accuracy, 
TPR, TNR Precision, and F1-Score. The attained metrics 
score of the proposed approach is Accuracy (96.19%), 
TPR (95.83%), TNR (96.53%), Precision (96.06%), and 
F1-Score (98.50%). 
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