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 Abstract 

The success of brain tumor treatment depends on a prompt and precise detection of a tumor. The rate of 
success in neurosurgery is continually rising, thanks to the ongoing advancement of technology that 
reduce the risk of problems. Brain tumor are extremely difficult to identify because of numerous 
irregularities in tumor size and location.  Magnetic resonance imaging (MRI) analysis also necessitates 
the expertise of a neurosurgeon. It might be difficult and time-consuming to identify tumor from MRI in 
developing countries due to a lack of skilled clinicians and understanding regarding tumor. The issue 
can be addressed by an automated approach. Brain tumor classification can be achieved by a variety of 
methods and algorithms. The primary goal of this research was to find the most effective feature 
extraction and Machine Learning (ML) model for classification, suggesting one that can learn 
automatically through training and then make a sound conclusion. To do this, we use a Grey Level Co-
Occurrence Matrix (GLCM) and a Local Binary Pattern (LBP) as feature extraction methods. Next, an ML 
model, such as KNN (K Nearest Neighbor), SVM (Support Vector Machine), or NB (Naive Bayes), is 
selected. Several metrics were used to compare the effectiveness of different combination of two feature 
extraction methods and three ML models for tumor classification. The raw MRI data is used by the model 
during the classification procedure to determine the various tumor types. We examined the accuracy of 
6 different combinations and discovered that GLCM plus NB algorithm yielded the highest accuracy 
(94.96%). 
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I. INTRODUCTION  

The human brain serves as the body's 
command and control centre. It is in charge of 
executing actions over a huge network of neurons 
and connections. A brain tumor is a cancerous 
growth of abnormal cells in the brain or nervous 
system that impairs normal brain and nervous 
system functioning. It is one of the most lethal 
diseases. This disease affects both adults and 
children in the same way, according to cancer 
indicator reports [1]. In 2018, approximately 80k 
new cases of primary brain tumor were 
diagnosed [2]. When brain tissue is exposed to 
this form of tumor, it causes broad damage to the 
neural network, affecting brain function [3,4]. 

gliomas (26.5%), Meningiomas (36.3%), 
pituitary (16.2%), and other forms (7.3%) were 
the most common types of brain cancer. The 
major causes of this type of sickness are cancer-
related illness and mortality. The ability to 
diagnose this illness quickly and accurately is 
crucial for effective treatment. The stage, 
pathology, and categorization of the tumor all 
have a role in selecting which treatment option is 
prioritized. The brain is the complex and crucial 
organ in the body, containing structures and 
nerve cells in charge of vital activities such as 
breathing, feeling, and movement. The capacities 
of a cell decide whether it develops normally or 
degenerates into an abnormal form that can no 
longer perform its functions, as some cells do. 
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Tumor tissue is formed when aberrant cells 
proliferate in huge quantities. Thus, brain tumor 
is distinguished by the uncontrolled proliferation 
of brain cells [5], and detecting tumor at an early 
stage provides patients with the best chance of 
survival and complete recovery, but this is only 
feasible with the doctor's competence [6]. 

 

An automated brain tumor classification 
system can greatly assist neurosurgeons in their 
search for the best feasible course of treatment. 
This disease continues to be a huge hazard to 
humanity. Early and precise diagnosis is critical 
for the successful treatment of a brain tumor. The 
success of the treatment and the speed with 
which the patient recovers are both contingent 
on the treating physician's expertise and skill. It 
may be difficult to identify the precise type of 
brain tumor early on, but it is critical so that 
doctors can deliver the best therapy possible [7]. 
Even though several illnesses have been 
overcome in recent times as a consequence of 
developments in physiology and human 
invention, cancer remains the biggest reason for 
death globally. The detection of human tumor is 
primarily reliant on the analysis of medical 
images. CT and MRI imaging techniques are 
widely used to analyse brain tissues for 
abnormalities in cell size, location, or structure, 
which can aid in the early diagnosis of tumor [8]. 
Robust ML techniques dramatically increase the 
identification accuracy that allows clinicians to 
treat patients. It is critical to utilize an efficient 
strategy with the appropriate characteristics and 
classifiers when classifying the tumor. Tumor 
categorization research utilizing ML and DL is 
mentioned briefly below. 

 

The goal of the research [9], which 
utilizes a convolutional neural network (CNN) for 
the multi-classification of brain tumor. There are 
three classification tasks and three CNN 
frameworks were offered. Using a binary 
classification technique, the first CNN model 
successfully diagnoses a brain tumor. The second 
CNN model can discriminate between normal, 
glioma, meningioma, pituitary, and metastatic 
brain tumor. The third CNN model is capable of 
classifying brain tumor as intermediate (II and 
III) or severe (IV). We can automatically set 
values to all of the essential hyper-parameters in 
CNN models using a grid search optimization 

approach. Modern CNN models are compared to 
those produced in this study. Satisfactory 
categorization outcomes can be achieved on 
huge, freely accessible datasets. 

For classifying MR images of brain tumor, 
researchers [10] suggest a neural dictionary 
learning with local constraint technique (CDLLC). 
To probe into information that might be used to 
differentiate between objects, we use a CNN 
framework that integrates multi-layer dictionary 
learning in our approach. To address the issue, an 
effective iterative optimization approach is 
created. The experiment generates two distinct 
multi-class classification tasks on standard 
datasets that can be used in clinical contexts. The 
comparison results reveal that our technique 
outperforms others when it comes to classifying 
MR images of brain tumor. The fundamental aim 
of the research [11] is to help researchers classify 
and categorize different forms of brain tumor. 
Deep learning (DL) based classification methods, 
such as CNN, offer the best results in medical 
image segmentation. In this article, we proposed 
a method for extracting the intrinsic features of 
MRI by training a specialized CNN and then 
analysing the outputs with an SVM (hybrid). We 
used the 2019 version of the Brain Tumor Image 
Segmentation (BraTS) dataset in this 
investigation. The investigational outcome 
supports the proposed method's efficacy. 

 

Work [12] presents brain tumor 
classification algorithms based on ML and DL. 
The first proposed solution employs ML 
techniques and a total of 16 statistical 
characteristics. In the classification procedure, 
SVM and decision trees are also used. As a result, 
the second suggested method employs a DL 
network to categorize tumor, specifically the pre-
trained VGG19 and ResNet152 CNN models. The 
figshare brain tumor, which contains 3064 
images of three different types of brain tumor, is 
used to evaluate the efficacy of the 
aforementioned approaches. Our data suggest 
that the proposed CNN-based technique 
enhances classification accuracy. As a result, the 
proposed technique, which employs statistical 
characteristics and an SVM classifier, performs 
badly. The CNN-based methodology surpasses 
the state-of-the-art techniques regarding 
classification accuracy. The novel CNN-KNN 
architecture created in this study [13] can 
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identify and categorize many types of tumors 
automatically. The images in the dataset are 
scaled during the pre-processing stage, and a 
Gray-scale transformation is conducted to 
convert the RGB to grayscale. CNN is utilized in 
the feature extraction phase to extract a range of 
intensity-based features. Finally, in the classifier 
step, we use two ML classifiers, SoftMax and KNN, 
to identify and classify the many types of brain 
tumor. The suggested CNN-KNN method 
accurately identifies and categorizes the 
numerous types of tumors. When the two 
classifiers were compared, KNN proved to be 
more effective. 

II. RESEARCH METHODOLOGY 

Brain tumor classification is necessary to 
reduce the physician’s work burden and enhance 
the patient’s survival rate. Figure 1 depicts the 
research-based brain tumor classification 
procedure. Kaggle will serve as the data source 
for the images of brain tumor. Image processing 
methods such as resizing, enhancement, and de-
noising will be applied to the original brain scan. 
After the image has been processed, it is 
forwarded to the feature extraction methodology, 
where two approaches, including GLCM and LBP, 
are used to retrieve the salient features. The 
outcome of extracted feature 
approaches fed to the ML model for categorizing 
the various types of tumors. SVM, NB, and KNN 
are the ML algorithms employed. Once the ML 
model has been trained using the data, it will be 
put through its paces in a series of tests using the 
metrics used to evaluate the model's 
effectiveness. 

 

 

Fig. 1. Brain Tumor classification using ML 

III. DATA COLLECTION AND PROCESS 

The MRI images from the public database were 
used in this research [14]. The files include a 
normal image and ones labelled with a tumor 
type (glioma, meningioma, or pituitary). There is 
a record of 3,264 images available, but only 2,870 
are being put to utilize during the 
training process. The remaining images are put to 
utilize during the testing process. The data 
distribution of the tumor type in the train and test 
phase and the sample images of tumor type is 
detailed in table 1. Figure 2 shows the tumor data 
distribution in the train and test stages.  

TABLE I. BRAIN TUMOR DATA DISTRIBUTION 

Tumor types Sample image Train data count Test data count 

Meningioma  

 

822 

 

 

 

115 

Glioma  

 

826 

 

 

 

100 
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Normal 

 

395 

 

 

 

 

105 

Pituitary  

 

827 

 

 

 

74 

  

Fig. 2. Brain tumor data distribution 

The image analysis process is rather 
complicated. Before working with an image, it is 
critical to remove any unnecessary information. 
After removing extraneous elements, the image 
can be altered efficiently. The fundamental 
breakthrough in image handling is image pre-
processing [15]. Following the pre-processing 
stage, the MR images of brain images are of 
greater quality and more suited to further 
processing by clinical specialists or imaging 
modalities. It can also be used to optimize MR 
image images. The images menu has choices for 
improving visual MR images, reducing noise, and 
resizing. The following is a breakdown of the 
processing methods: 

1. Image scaling, which includes adjusting 
the number of pixels used to represent an image, 
is a critical function in image processing. Image 
interpolation includes image down-sampling and 
up-sampling, which are both essential for data 
scaling [16]. Scaling image data appropriately is a 
critical step in the medical and scientific fields. 
The image has been reduced in size to fit a 
256x256 grid. 

2. There will always be some degree of 
noise or random variation in images of brightness 

or color information when a medical device or 
scanner makes an image. Image noise is usually 
seen as a detrimental consequence of the image 
processing process. Uncertainty in a signal 
caused by random oscillations in the signal is 
frequently referred to as "noise" [17]. These 
alterations have a variety of causes. All medical 
images contain visual noise. A noise-filled image 
will appear spotty, grainy, textured, or even 
snowy. To remove undesired noise, the median 
filter is utilized. 

3. An image's contrast is equal to its 
maximum brightness minus its least brightness. 
The formula is used to extend the image's 
histogram to increase contrast. 

𝑔(𝑥, 𝑦) =
𝑓(𝑥,𝑦)−𝑓𝑚𝑖𝑛

𝑓𝑚𝑎𝑥−𝑓𝑚𝑖𝑛
∗ 2𝑏𝑝𝑝   

 [1] 

To use the formula, you'll need to 
determine the range of grayscale values between 
the lowest and highest intensities of individual 
pixels. As our image uses an 8 bpp channel, there 
are 256 shades of grey available. From 0 to 225, 
those are the range of possible values. In this 
instance, the formula would look like 

𝑔(𝑥, 𝑦) =
𝑓(𝑥,𝑦)−0

255−0
∗ 255   

 [2] 

where the intensity of each pixel is 
represented by the function 𝑓(𝑥, 𝑦). The image's 
output is enhanced once the equations are 
applied. 

IV. FEATURE EXTRACTION 

Dimensionality reduction can take many 
forms, and feature extraction is just one of them. 
The primary goal of this method is to retrieve 
important details from raw MRI and interpret 
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them in a lower-dimensional space [18]. Both an 
LBP and GLCM were employed for feature 
extraction in this work. In the sections that 
follow, you'll get a summary of the above-
mentioned approaches. 

A. GLCM 

The image's textural features can be 
analysed statistically using a technique called 
GLCM. This approach utilizes statistical data to 
build a protocol for determining an image's 
textural qualities. One possible representation of 
the image 𝐼 is a 2D matrix with the dimensions 𝑅𝑛 
and 𝐶𝑛, where 𝑅 = {1,2, … . 𝑅𝑛} and 𝐶 =
{1,2, … . 𝐶𝑛}  correspond to rows and columns, 
respectively. The grayscale level varies from 0 to 
𝐺𝑛, with 0 being completely black and 1 being 
completely white. The texture attributes of an 
image can be determined from the spatial 
distribution of the pixel repeats by distance and 
direction for neighbouring pixels, and this image 
𝐼 can be thought of as the function of spatial pixel 
relations represented by 𝐼: 𝑅 ∗ 𝐶𝐺. The GLCM is 
a square matrix whose components can be 
represented by several parameters, such as the 
grey value of the pixel 𝑝 at coordinates (𝑥, 𝑦), and 
𝑗, the grey level value of a neighbouring pixel in 
the direction of a parameter 𝑑 distance by an 
angle 𝜃. In sum, we can say that 𝑝(𝑖, 𝑗, 𝑑, 𝜃)  is 
represented. Table 2 [19] shows that GLCM is 
employed twice in this paper: once for the RBO 
dominant characteristics, and once as a 
standalone third feature to be compared to other 
works based on its contrast, homogeneity, 
energy, and correlation. 

TABLE II. GLCM FEATURES 

Contrast ∑|𝑖 − 𝑗|2𝑝(𝑖, 𝑗)

𝑖,𝑗

 

Homogeneity 
∑

𝑝(𝑖, 𝑗)

1 + |(𝑖 − 𝑗)|
𝑖,𝑗

 

Energy ∑ 𝑝(𝑖, 𝑗)2

𝑖,𝑗

 

Correlation 
∑

(𝑖 − 𝜇𝑖)(𝑗 − 𝜇𝑗)𝑝(𝑖, 𝑗)

𝜎𝑖𝜎𝑗
𝑖,𝑗

 

𝑝(𝑖, 𝑗) represents the (𝑖, 𝑗)𝑡ℎ entry in the matrix 

 

B. LBP 

The LBP feature extraction approach is a 
very useful technology that can survive 
variations in lighting. Simply put, LBP entails 
crossing the image using a window that has a 
specific neighbourhood value and labelling the 
pixel in the window's centre. The threshold is 
calculated by taking the values of the pixels 
surrounding the centre pixel into account. The 
LBP matrix is then computed by averaging the 
values of neighbouring neighbourhoods in either 
an anticlockwise or clockwise direction. As a 
result, the mathematical model of the statistical 
and structural features of the textural structure is 
computed [20]. The key advantages of the LBP 
method are its computational simplicity and 
resistance to grey-level variations, making it 
suited for use in real-time settings. Labels are 
assigned to pixels using equations 1 and 2. 

𝐿𝐵𝑃𝑃,𝑅 = ∑ 𝑠(𝑔𝑝 − 𝑔𝑐)2𝑃𝑃−1
𝑃=0    [3] 

𝑠(𝑥) = {
1, 𝑥 ≥ 0
0, 𝑥 < 0

    [4] 

Where: 

 𝑔𝑐   Grey level of the centre pixel,  

𝑔𝑝  Grey level of the neighbouring 

pixels.  

𝑃 neighbours count 

𝑅  average distance between them.  

In this research, the LBP method is used 
to generate feature matrices for each image, each 
of which has 10 image features. Classifiers are 
then taught to make use of these property 
matrices. 

V. MACHINE LEARNING 

The ML algorithm implemented in this 
work is detailed in this section 

SVM 

Data points are classified using the SVM [21] 
approach from statistical learning, which creates 
two equally-sized classes. In high-dimensional 
feature space, wherein multiple classes exist, 
SVM is an error-free technique for locating the 
hyperplane among 2 distinct categories. The two 
steps of the supervised learning process are 
training and testing. The SVM classifier uses a 
linear function for image categorization.  
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𝑓(𝑥) = 𝑊𝑇𝑋 + 𝑏    [5] 

Where: 

X  Input sample 

W  Weight  

b  Offset or bias. 

Linear and non-linear type SVMs are the 
primary categories of classifiers. Compared to 
nonlinear, linear SVM classifiers are more 
desirable due to their ability to map the input 
parameter into a more generalized feature space. 
A hyperplane can be used to study data that can 
be partitioned along a linear axis, but a kernel 
function, such as a higher-order polynomial, can 
be used to examine data that cannot be 
partitioned along a linear axis. The SVM 
algorithm for data classification is based on 
several kernel techniques. The RBF kernel can be 
defined as follows: for two samples 𝑥 and 𝑥′, 
where 𝑥 and 𝑥′are feature vectors in some input 
space. 

𝐾(𝑥, 𝑥′) = 𝑒𝑥𝑝
||𝑥−𝑥′||2

2𝜎2     [6] 

Kernel functions have values between 
zero and one (𝑥 = 𝑥′), and these values decrease 
as the distance from the origin increases. 

A. NB 

The NB classification is a supervised 
classification method in ML that employs Bayes' 
theorem of probability. The NB algorithm is 
named after the assumption that feature 
occurrences are unrelated to one another. That is 
why our algorithm is so effective at recognizing 
brain tumor from various perspectives and with 
a wide range of features. Because the recovered 
qualities might occur independently of one 
another, probability considerations are a 
powerful tool in most fields dealing with 
unpredictability. The retrieved features matrix is 
fed into an NB classifier for training to identify 
whether a particular test image is healthy or 
malignant. The NB theorem relies on the Bayes 
formula, which is as follows [22]: 

𝑃 (
𝑈

𝑉
) =

𝑃(𝑈)𝑃(
𝑉

𝑈
)

𝑃(𝑉)
    [7] 

Where:  

𝑉 : Attributes  

𝑈 : Class  

𝑃 (
𝑈

𝑉
) : Probability of U given V occurred  

𝑃 (
𝑉

𝑈
) : Probability of V given U occurred  

𝑃(𝑈): Probability of U  

𝑃(𝑉): Probability of V 

B. KNN 

For categorization, the KNN approach is 
dependable and simple to use. The testing feature 
vector is categorized according to its k closest 
training neighbours [23]. To calculate the 
distance between the training and test vectors, 
several distinct distance metric measuring 
methodologies are used. Euclidean metrics are 
used to calculate the distances between the train 
and test data vectors. The formula is used to 
determine the Euclidean distance between a 
training vector and a test vector. 

𝑑(𝑎, 𝑏) = √∑ (𝑎𝑖 − 𝑏𝑖)2𝑛
𝑖=1    [8] 

In this situation, the information 
corresponding to the feature vector with the least 
distance is labelled on the testing vector. As 
features are retrieved from training and testing 
sets of images, the values of these extracted 
features are used as observations for the related 
characteristics, resulting in a set of points in this 
space. The distance between two points in space 
can be regarded as a proxy for their similarity. 
The technique is built so that the k nearest data 
sample to the new sample is selected, and the 
class estimated for the given sample corresponds 
to the most frequent class amongst k data 
samples. 

VI. RESULTS AND DISCUSSION 

The brain tumor data of three tumor 
types and normal images are collected from 
Kaggle. The whole data is split into two phases 
training and testing. The images are cleaned 
based on the requirement using processing 
techniques. The processed image is given to the 
two feature extraction techniques. Then the 
extracted feature from LBP is given to the ML 
models. After training the ML model, the models 
are tested using the metrics like accuracy, 
precision, F1 score, True and False Positive Rate 
(TPR/FPR), True and False Negative Rate 
(TNR/FNR).  The accuracy of the LBP with NB is 
the highest one and the achieved value is 93.19%, 
next the lowest value of 90.17% is achieved by 
KNN. The precision of the ML model in ascending 
order is 89.21%, 91.17%, and 92.64%, which is 
the result of KNN, SVM, and NB. Similarly, the F1 
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score is 90.32%, 91.85%, and 93.33% by KNN, 
SVM, and NB. The TPR and TNR achieved by NB 
are more when compared to the other two 
methods by the value of 94.02% and 92.34%. and 
the KNN is lowest by the value of 91.45% and 
88.88%. Finally, the negative metrics of FNR and 
FPR are analysed. The lowest value of FPR and 
FNR is 7.6% and 5.97% by NB, highest value by 
KNN is 11.11% and 8.54%.  

Next, the retrieved GLCM feature is fed into the 
ML models. The aforementioned metrics are used 
to evaluate the ML models after they have been 
trained. The GLCM with NB achieves the most 
accuracy, at 94.96%, followed by the KNN 
method, which achieves the lowest accuracy, at 
91.43%. Precision measures for the ML model 

are 91.08% for KNN, 92.61% for SVM, and 
94.11% for NB, in that order. The F1 scores for 
KNN, SVM and NB are 91.54%, 93.06%, and 
95.04%, respectively. Compared to the other two 
approaches, NB yields higher TPR and TNR 
values (96% and 93.90%, respectively) and the 
KNN has the lowest values, with 92% and 
90.86%, respectively. And finally, the negative 
metrics of FNR and FPR are examined. The 
maximum value of KNN’s FPR and FNR is 9.13% 
and 8%, while the minimum value of NB's 
is 6.09% and 4%. Both the LBP and GLCM with 
three ML models are compared using the positive 
and negative metrics is tabulate in table 3. TABLE 

III. ML MODEL PERFORMANCE ANALYSIS USING ML ON 

GLCM AND LBP FEATURE EXTRACTION 

FE ML ACCURACY PRECISION F1-SCORE TPR TNR FPR FNR 

LBP SVM 91.6877 91.1765 91.8519 92.5373 90.8163 9.18367 7.46269 

NB 93.199 92.6471 93.3333 94.0299 92.3469 7.65306 5.97015 

KNN 90.1763 89.2157 90.3226 91.4573 88.8889 11.1111 8.54271 

GLCM 

SVM 92.9471 92.6108 93.0693 93.5323 92.3469 7.65306 6.46766 

NB 94.9622 94.1176 95.0495 96 93.9086 6.09137 4 

KNN 91.4358 91.0891 91.5423 92 90.8629 9.13706 8 

 Figure 3 shows the performance analysis of the 
ML model followed by the LBP feature on brain 
tumor classification. The figure is drawn with the 
help of a bar graph.  The LBP+SVM represents in 
the green bar, LBP+NB indicates by the blue bar, 
and lastly the LBP+KNN by the yellow color bar 
in figure 3. The graph helps to identify the best 
ML model in combination with LBP. The bar 
graph reaches maximum height by the NB model 
in positive metrics and minimal value by negative 
metrics.  This shows the NB with LBP is better 
when compared with the other two.   

Fig. 3. Performance of LBP feature extraction + 
ML model on brain tumor classification In Figure 
4, we see the results of a study assessing the 

effectiveness of an ML model followed by the 
GLCM feature in identifying brain tumor. A bar 
graph was used to create the illustration. Figure 
4 depicts GLCM+SVM in the blue bar, GLCM+NB 
in the orange bar, and GLCM+KNN in the cement 
bar. The optimum ML model to use with GLCM 
can be found using the graph. Again, the NB 
model causes the bar graph's height to be 
maximum on positive metrics and minimum on 
negative metrics. This demonstrates that the NB 
with GLCM is superior to the other two.  

Fig. 4. Performance of GLCM feature extraction + 
ML model on brain tumor classification  In both 
cases, the NB combination with feature 
extraction gives a satisfactory result. And 
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identifies the best combination among this two is 
done by metrics comparison. The accuracy of the 
NB+LBP is 93.199% and NB+GLCM is 94.9622%. 
This shows that the GLCM technique yields 
1.76% higher correct prediction than LBP. 

VII. CONCLUSION 

Brain tumor are collections of defective 
cells found in the brain. Since there are numerous 
kinds of brain tumor, there is no uniform 
approach to treating them. The diagnosis of a 
specific form of brain tumor is therefore crucial 
for planning effective treatment. However, not 
everyone can get an appointment with a 
specialist, so it would be helpful if the process of 
diagnosing brain tumor could be automated. The 
brain tumor categorization by ML system 
involves genuine data. In this work first, the data 
will be acquired from Kaggle and processed to 
make it ready for the classification procedure. 
Second, the processed data is provided to the 
feature extraction algorithm. The results of 
feature extraction are sent through the three 
different ML models as a third step. The ML 
model helps to classify the three tumor types and 
normal MRI. The classification metrics are 
applied to validate the feature extraction and ML 
model. From the experimental data, it is 
identified as the GLCM with NB delivers the 
greatest score of accuracy, precision, F1, TPR, and 
TNR and the values are 94.96%, 94.11%, 95.04%, 
96%, and 93.90%. Then the lowest score reached 
by the LBP with KNN combination and the values 
of the above-mentioned metrics is 90.17%, 
89.21%, 90.32%, 91.45%, and 88.88%. In the 
future the optimum combination of GLCM+NB is 
planned to deploy in the mobile app, this would 
aid the patient to know their health state without 
delay. 
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