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Abstract: Brain tumors are one of the global public health problems that affect people of every age category, and early detection of the
tumor is extremely important for the life of an individual. The complicated and diverse nature of brain tumor symptoms makes their
detection a challenge, necessitating improved imaging techniques for reliable diagnosis. This study applies deep convolutional learning
combined with machine learning techniques to delve into early brain tumor identification using MRI-image-based classification. The model
presented in this study uses an ensemble model that combines random forest and support vector machine which provides improved and
more accurate early brain tumor detection. This has been proven as the ensemble model achieves an improved 97% recall rate, a 96% F-
score, a 98.25% accuracy rate, and 98.89% precision in early brain tumor identification. Furthermore, the model's ability to correctly detect

the type of brain tumor in the input image also highlights its ability for brain tumor classification and identification.
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1. Introduction

In the health field, tumors are classified as either malignant
or benign neoplasms, and there are over two hundred
different types that can afflict humans [1]. The tissues
immediately beneath the brain and skull might be severely
affected by a brain tumor since the tumor develops inside
the brain. There are two types of cancerous tissue and one
type of benign tissue in the mass [2]. In the brain, these
tumors develop erratically and cause pressure. These factors
can trigger many different types of brain problems. In 2019,
it is predicted that there will be close to 0.7 million persons
living with brain tumors in the United States [3]. The
number of cases was estimated at 0.86 million. of these
people, 60,800 were classified as having no cancer, and
26,170 as having cancer. Only 35% of cancer patients in the
United States will survive their disease [4]. Figure 1
represents the Brain with a tumor [5].

Brain Tumor

Fig 1: Brain with a Tumor

Early detection of the tumor is extremely important for
survival [6]. Accurate segmentation of brain tumors is
critical for treatment and intervention planning by medical
staff. It takes more time for the qualified specialist to
segment the tumors physically [7]. This necessitates the use

of tumor quantitative analysis and computerized
segmentation. Clinical diagnosis and treatment planning
rely heavily on reliable magnetic resonance imaging (MRI)
of brain tumors [8]. Brain tumors can have similar structures
or characteristics on MRI, making manual classification a
challenging undertaking because accurate diagnosis relies
on the availability and expertise of a radiologist [9].
Automatic classification, which can be used to classify MRI
of brain tumors with little input from human experts, is one
approach to this issue [10].

The detection and categorization of patterns in medical
imaging have been made possible by recent advancements
in machine learning, particularly Deep Learning (DL).
Because of the advancements that have been made in this
field, it is feasible that shortly, rather than gaining
knowledge from specialists or books written by scientists, it
will be possible to learn by collecting and analyzing data.
Medical applications that use machine learning to improve
their performance include disease prognosis and diagnosis,
molecular and cellular structure identification, tissue
segmentation, and image categorization [11] [12] [13].
Since Convolutional Neural Networks (CNNs) have
excellent diagnostic accuracy and several layers, they
become especially effective when the number of input
images grows [14] [15]. Autoencoders are a type of
unsupervised learning that uses neural networks to learn
representations. Amazingly, cancers (including lung
tumors) and cardiovascular stenosis have been detected
using different DL and ML techniques. High diagnostic
accuracy has also been demonstrated through performance
evaluations [16] [17] [18].

The significance of this study is that it has the potential for
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early brain tumor detection. It is conducted through the use
of an ensemble machine learning model that is designed
using a combination of machine learning classifiers: random
forest and support vector machine. This model gives us hope
for better patient diagnosis and classification because it does
a good job of separating different types of brain tumors,
such as gliomas, meningiomas, and pituitary gland tumors.
This is possible because it uses a convolutional neural
network to pull features from images and shares those
features with the ensemble classification model, which in
turn allows for more immediate treatment initiation and
improved overall prospects.

2. Related Works

This section is an analysis of the research published on Early
Detection of Brain Tumors: A Comprehensive Study on
MRI-Based Diagnosis. Relevant work done by various
authors is evaluated using both convolutional deep learning
and machine learning strategies.

Allah et al., (2023) [19] present the Edge U-Net Model, a
new formulation of Deep Convolutional Neural Network
(DCNN) founded on the U-net architecture. The model is
better at finding cancers because it uses data related to the
boundaries of MRI besides core data from brain MRIs.
Obtained Dice score values in the experiments indicate that
the suggested framework performs better in differentiating
between different brain tissues. The Dice rating for
meningiomas was 88.8%, for gliomas it was 91.76, and for
pituitary tumors, it was 87.28.

Saeedi et al., (2023) [20] developed several machine
learning strategies, including two deep learning approaches,
to analyze brain MRI data and identify gliomas,
meningiomas, and pituitary gland malignancies. Both the
recommended 2D CNN and auto-encoder network have
training accuracies of 96.47 and 95.63 percent, respectively.
Using an average of 95% accuracy, the 2D CNN and auto-
encoder networks were able to identify the samples. The
outcomes show that the suggested 2D CNN accomplishes
state-of-the-art performance on brain cancer classification
with latency-free, very rapid execution. Radiologists and
doctors can include this suggested network in clinical
systems for brain tumor identification because it is more
user-friendly than the auto-encoder network.

Filatov and Yar, (2022) [21] suggested using CNNs that had
been trained to diagnose and classify brain cancers. One set
of non-tumor MRI scans was used to categorize three
different kinds of cancers. Several networks have been
utilized, including ResNet50, EfficientNetB1,
EfficientNetB7, and EfficientNetV2B1. Because of its
scalability, EfficientNet has demonstrated encouraging
performance. With an accuracy of 89.55% during validation
and 87.67% throughout training, EfficientNetB1 performed
the best.

Almadhoun et al., (2022) [22] utilized a mixture of a
conventional classifier set and a fuzzy C-Means clustering
method along with a convolutional neural network. The
study was an experimental one, performed on a real-time
dataset with tumors of different sizes, locations, shapes, and
image intensities. For the conventional classifier part, it
utilized Scikit-learn's Support Vector Machine, K-nearest
neighbor, Multilayer Perceptron, Logistic Regression,
Naive Bayes, and Random Forest. Convolutional Neural
Networks (CNNs) developed with Keras and TensorFlow
replaced the older neural networks because of their superior
performance. CNN's accuracy has increased to an amazing
97.87% thanks to the contributions of its users.

Senan et al., (2022) [23] identify brain cancers using a
combination of DL and traditional ML techniques. To
categorize and diagnose brain cancers, the support vector
machine (SVM) algorithm is applied in conjunction with
AlexNet and ResNet-18. To get the most useful and accurate
deep features, they use DL methods like deep convolutional
layers. Using deep learning algorithms like Alexines and
ResNet-18 to obtain the desired attributes is the first step in
integrating deep and machine learning. The AlexNet+SVM
hybrid has the highest levels of accuracy (95.10%),
sensitivity (95.25%), and precision (98.50%).

Soewu et al., (2022) [24] used an MRI dataset to see how
well the convolutional neural network works. MRI pictures
of the brain were used to teach the model how to spot
tumors. It was checked to see how well the model worked
and found to be 97.8 percent correct, 98.5 percent specific,
96.2 percent recall, 98.5 percent F1-score, and 97.3 percent
exact.

Khan et al., (2022) [25] provided a deep learning
classification hierarchy applied to brain malignancies
(glioma, meningioma, pituitary) is given as an example.
CNN uses parts of pictures. The authors present a method
that uses convolutional neural networks and hierarchical
deep learning to identify and classify brain tumors. Tumors
are divided into four groups in the method: glioma,
meningioma, pituitary and non-tumor. According to the
suggested model, the identification of brain tumors has been
made with a 92.13% accuracy and only a 7.87% failure rate
which was an improvement from previous methods used for
similar purposes.

Majib et al., (2021) [26] developed and analyzed different
ML models, which could be full ML models as well as
hybrids to automatically classify photos of brain tumors.
Also, 16 transfer learning models were investigated by the
authors to establish the best neural network-based brain
tumor classification model. Lastly, a stacked classifier
exploiting various cutting-edge technologies was suggested,
which proved to be better than all previous designs. The
suggested method achieved an accuracy of 99.2%, recall of
99.1%, and f1 scores of 99.2%.
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Noreen et al., (2020) [27] show that brain tumors can be
detected early by performing multi-level feature extraction
and concatenation. Its convenience is derived from the fact
that it incorporates two pre-trained deep learning models
(Inception-v3 and DensNet201). Pre-trained Inception-v3
was built using inception modules to form a pre-trained
feature extraction model. Later, features were extracted
from this model through pre-trained DensNet201
implemented in DensNet blocks. Thus, a softmax classifier
provides combined features that can be employed in the
classification of brain tumor types. When applied to test
samples, Inception-v3 had an accuracy rate of 99.34% while
DensNet201 had an accuracy rate of 99.51% for recognizing
tumors in brains.

Amin et al., (2019) [28] used the Weiner filter with multiple
wavelet bands is used to denoise and enhance input slices.
Tumor images can be classified into multiple clusters using
the potential field (PF) method. T2 MRI and Fluid
Attenuated Inversion Recovery (Flair) use global threshold
and other methods as well as other mathematical
morphological approaches for isolating tumor regions.
Precise categorization combines Gabor Wavelet Transform
(GWT) and Local Binary Pattern (LBP) features. The
suggested technique yields a peak signal-to-noise ratio
(PSNR) of 76.38 for T2 and Flair, a mean squared error
(MSE) of 0.037, and a structural similarity index (SSIM) of
0.98.

Siar et al, (2019) [29] demonstrated brain tumor
identification utilizing convolutional neural networks
(CNNs) and magnetic resonance imaging (MRI). CNN was
the first to receive image input. The Softmax Fully
Connected layer achieved a classification accuracy of
98.67% when applied to images. Using the RBF classifier,
CNN gets an accuracy of 97.34%, whereas the DT classifier
only gets 94.26%. The results of the classifiers demonstrate
that CNN’s accuracy is best tested using the Softmax
classifier. Combining feature extraction techniques with
CNN is a unique strategy for detecting malignant brain
tumors. The method suggested a 99.12% accuracy on the
test data..

3. Research Methodology

In this part, the Kaggle dataset for Brain Tumor
classification is presented. Various tools, including U-Net
for Image Segmentation and CNN for Feature Extraction, as
well as ensemble approaches, which involve SVM and RF,
are explored further in the discussion of Brain tumor
classification issues.

3.1. Dataset Description

The image-based collection that was used had 3264 T1-
weighted contrast-enhanced MRI images. This dataset had
four types of images: glioma (926 images), meningioma
(937 images), pituitary gland tumor (901 images), and

healthy brain (500 pictures). Each picture was taken in a
sagittal, axial, or coronal plane [30]. Table 1 represents the
dataset description of the dataset used in the study.

Table 1: Dataset Description

Tumor Images Testing Images [Training Images
Glioma 100 826

Meningioma 115 822

Pituitary Gland74 827

Tumor

Healthy Brain 105 395

3.2. Techniques Used

Several methods are vital, each offering distinct benefits, in
the area of early MRI-based brain tumor identification. In
addition to its superior performance in semantic
segmentation tasks, the U-Net CNN architecture is well-
suited for accurately outlining tumor boundaries. Accurate
tumor localization relies on its capacity to capture spatial
connections within pictures. CNNs can detect and pick up
on minor patterns indicative of cancer because they are so
good at learning hierarchical features from complex datasets
like MRI scans. Classical ML models like SVM could
successfully classify MRI characteristics into tumor and
non-tumor categories. SVMs perform at binary
classification problems and are especially helpful while
working with limited datasets. The ensemble learning
approach Random Forest is very effective in estimating the
significance of features in high-dimensional datasets.
Whenever used for the task of identifying brain tumors,
Random Forest can provide reliable predictions by
integrating multiple features obtained from MRI scans.

3.2.1. U-Net

U-Net is an image recognition system based on a CNN
architecture  designed  specifically  for  semantic
segmentation tasks. In 2015, Olaf Ronneberger, Philipp
Fischer, and Thomas Brox came up with this concept. The
U-shape inspired this name. Pointwise or detailed
localization can be achieved through this whereas it also
broadens the search adequately. It has a descending
contracting pathway that uses max pooling layers to shrink
spatial dimensions and convolutional layers to enhance
feature maps. In this part of the network, hierarchical
features are extracted from the input image [31].

The initial design of U-net attempted to improve cell
segmentation in microscope images, which is a component
of biomedical image segmentation [32]. This technique is
widely used in satellite imagery segmentation, road scene
understanding, and other fields as a result of its successful
implementation.

Complex and intricate structures found in medical images
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can be handled with ease by U-Net which makes it possible
for the algorithm to detect brain tumors effectively through
image segmentation. The design of U-Net makes it well-
suited for jobs like tumor identification and delineation in
medical pictures because it is built to capture both local
features and global context.

U-Net has emerged as the standard for semantic
segmentation, and its success has led to numerous derivative
works attempting to enhance its fundamentals in different
ways [33]. Figure 2 displays U-Net architecture [34].
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Fig 2: U-Net Architecture
3.2.2. Convolutional Neural Networks (CNN)

Convolutional neural networks are a type of deep neural
network created to perform image processing and
recognition tasks. They are designed using ideas of the
human visual system: multisensory neural networks. Some
examples of such layers are the convolutional layer, pooling
layer, and fully connected layer among others [35].
Applying filters to input data, the network can automatically
learn spatial hierarchies and hierarchical features through
convolutional layers [36]. Pooling layers are used to reduce
the spatial dimensions of the data and this way they help
preserve the data’s integrity by excluding the less significant
parts. These networks have been very successful in
numerous computer vision tasks such as image
classification, object detection, and face recognition. Brain
tumor identification extracts features using CNN because of
their ability to automatically learn hierarchical and spatially
invariant representations from imaging data [37]. Figure 3
shows the architecture of the CNN [38].
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Fig 3: CNN Architecture
3.2.3. Support Vector Machine (SVM)

In the realm of supervised machine learning, Support Vector
Machine (SVM) excels in solving difficult classification and
regression issues [39]. Vladimir Vapnik and his colleagues
developed the SVM method in the 1990s to find the

hyperplane that most cleanly separates data points into their
appropriate groups [40]. SVM is well-known for its capacity
to handle both linear and non-linear relationships via kernel
functions, and it shines in high-dimensional fields. SVM
performs well in such scenarios and can handle a large
number of features (dimensions) effectively. Support
vectors, or data points that are closest to the decision border,
constitute the foundation of the algorithm. Images, texts,
and even biological data have all benefited from SVM's
effective use in classification tasks. Because of its high
efficiency and sound theoretical basis, it has found
widespread use in a variety of fields [41]. Figure 4 shows
the SVM architecture [42].

Curtput Layer

Input Layer

Hidden Layer

Fig 4: SVM Architecture
3.2.4. Random Forest (RF)

Random Forest is widely used in machine learning for both
classification and regression ensemble learning [43]. During
training, it constructs a set of decision trees and then returns
to the middle class in classification problems or the average
prediction when dealing with regression challenges. The
training data used to construct each tree in a Random Forest
is chosen at random, and at each node, characteristics are
checked at random [44]. Including variables in each tree
enhances the model’s performance. Summing up the results
of all trees in a forest gives the final forecast [45]. Random
Forest has become popular not only in industry but also
academia majorly because of its robustness and ability to
give accurate predictions. As a method, it was first
mentioned by Leo Breiman in 2001 and has been researched
by many scholars since then to understand its strengths and
weaknesses [46]. Random forest structure is illustrated in
Figure 5 [47].

voling

k

Fig 5: Random Forest Architecture
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3.3. Proposed Methodology

This step involves having a large dataset with accurate
annotations as well as partnering with various medical
centers to obtain data from different sources when
developing a brain tumor detection model from MRI scans.
In this part, an MRI scan will be used to develop a brain
tumor detection model. Data preparation before
segmentation includes data cleaning, standardization, and
normalization. U-Net architecture is then fine-tuned for
better results in image segmentation. The features are
extracted using pre-trained convolutional neural networks
and transfer learning is used. Hybrid models use both U-Net
along other traditional ML methods during their
development. First, the dataset is segmented before training,
validation, and testing take place. Evaluation measures like
Accuracy, Precision, Recall, and F1 score are used while
cross-validation ensures that the model remains consistent
over different subsets of the data. The ultimate aim of this
elaborate procedure is to create a dependable brain tumor
detection model that offers precision. Figure 6 displays the
proposed architecture of the study.

Tage Segmentation Featare Extraction

4| Data Preprocesing —>|

' 1H
Ii ’H
-yl

— B

Fig 6: Proposed Architecture
3.4. Proposed Algorithm

Start

1. Data Gathering:
Mathematical representation: D = {(X;,Y;)}
X;: MRI scan images,
Y;: Corresponding annotations

2. Data Preprocessing:

Cleaning: Use image processing methods like noise
suppression and artifact elimination.

Standardizing and Normalizing: Reducing the range of pixel
values (from 0 to 1).

3. Image Segmentation (U-Net):

U-Net architecture has routes for encoding (downsampling)
and decoding (upsampling).

The loss function for segmentation: L = ¥V, [y;.log(®;) +
1 -yl

Log (1 —¥;), where y; is the ground truth and y; is the
predicted segmentation mask.

4. Fine-tuning:

Getting the U-Net model right by using optimization
methods based on gradient descent, like Adam or stochastic
gradient descent (SGD).

5. [Feature Extraction (Transfer Learning):

Utilize convolutional neural networks (CNNSs) that have
already been taught for feature extraction.

In transfer learning, some layers are frozen, and others are
trained again on the brain tumor dataset.

6. Model Development (Hybrid Strategy):

Using several traditional machine learning methods together
with U-Net, probably using ensemble techniques

7. Dataset Splitting:

The data should be split into test, training, and validation
sets.

8. Evaluation Measures:

Accuracy, Precision, Recall, and F1 Score

End

4. Results and Implementation

An ensemble of ML models was used to experiment,
including U-Net and CNN, and the proposed SVM and RF
models. Results from these approaches were evaluated
using the dataset.

4.1. Feature extraction hyperparameter of CNN

Table 2, the CNN model's hyperparameters that were used
for feature extraction. The "Input Size," defines the width,
height, and channel dimensions of the input images. The
subsequent rows describe the CNN's architecture in detail,
including values for parameters like the number of filters
and kernel size for the first and second convolutional layers
("Convl Filters,” "Convl Kernel Size,” "Conv2 Filters,"
"Conv2 Kernel Size"), as well as activation functions and
padding types for these layers. Further, it specifies the
values for the max pooling and upsampling layers'
parameters ("Pooll Size," "Up1 Size"). Activation functions
and the number of filters used for binary segmentation are
displayed in the "Output Layer" row. It also defines the
learning rate, batch size, loss function, optimization
algorithm ("Optimizer"), and number of epochs for training
the model, among other important training parameters. To
set up and comprehend the CNN's architecture and training
procedure for picture segmentation, this data is vital.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(22s), 0110 | 5



Table 2: Feature extraction hyperparameter table of CNN

Hyperparameter|Value Description
Dimensions of the input
Input Size (256, 256, 1) |images (width, height,
channels)
Convl Filters 64 I\_lumber of f!lters in the
first convolutional layer
Convl Kernel Kernel size of the first
: (3, 3) .
Size convolutional layer

Conv1 Activation

ReLU

Activation function for
the first convolutional
layer

Padding type for the first

Conv1l Padding [Same .
convolutional layer

Pooll Size 2.2) Pooling size for the first
max pooling layer
Number of filters in the

Conv2 Filters 128 second convolutional
layer

Conv2 Kernel Kernel size of the second

: (3, 3) ;
Size convolutional layer

Conv2 Activation

ReLU

Activation function for
the second convolutional
layer

Conv2 Padding

Same

Padding
second
layer

type for the
convolutional

Upl Size

(2,2)

Upsampling size for the
first upsampling layer

Output Layer

Number of filters in the
output  layer  (binary|
segmentation)

Output Activation

Sigmoid

Activation function for
the output layer

. Binary The loss function for
Loss Function -
Crossentropy [model training
Optimizer Adam Optlmlzatlon_ _algorlthm
for model training
Learning Rate  [Default The Iearnmg_ rate for the
\Adam optimizer
Number of samples per|
Batch Size 32 gradient update during
training
Number of times the
Number of - .
10 entire dataset is passed
Epochs

through the model

4.2. Hyperparameter of the Ensemble Classifier

Table 3 shows the Ensemble Classifier's hyperparameters
that were used for brain tumor categorization.

Table 3: Ensemble Classifier's hyperparameters that were
used for brain tumor categorization

Hyperparameter SVM Random [Voting
Forest Classifier
C(regularization [0.1, 1, 10]N/A N/A
parameters)
Kernel ['linear’, |N/A N/A
Tbf']
gamma ['scale’, |N/A N/A
‘auto’]
n_estimators N/A [50, 100,[10, 50, 100]
200]
max_depth N/A [None, 10,N/A
20]
min_samples_split [N/A [2,5,10] |N/A
min_samples_leaf  N/A [1,2,4] N/A
\voting N/A N/A ['hard’, 'soft']

4.3. Performance of Machine Learning Classifier

Table 5 shows the results of a classification test using three
different machine learning models: Ensemble Model,
Random Forest, and Support Vector Machine. The models
are assessed based on four criteria: Accuracy, Precision,
Recall, and F-score.

Recall and F-score are both highest for Random Forest at
95%, but Accuracy is lowest at 82%. That it accurately
identifies most positive situations but fails to catch some
true positives is a reasonable interpretation. Precision is
98% for SVM, Accuracy is 63.53% and Recall is 73%. So,
it's great at predicting false positives but often misses the
mark when it comes to positive cases. Impressively, the
Ensemble Model outperforms all other models concerning
Accuracy (98.25%), Precision (98.89%), Recall (97%), and
F-score (96%). Since it accurately identifies positive and
negative cases, it is likely the top-performing model in the
final analysis. Table 4 shows the Performance of Machine
Learning Classifier

Table 4: Performance of Machine Learning Classifier

Model Precision |Recall F-scorelAccuracy
Random 94 % 95 % 94 % 82 %
Forest

SVM 98 % 73 % 84 % 63.53 %
Ensemble [98.89% 97 % 96 % [98.25%
Model
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4.4. Model Accuracy and Loss Graph

The validation accuracy begins at approximately 0.979 and
grows marginally to approximately 0.9798 after 8 epochs,
as seen in Figure 7. The graph shows that the model can take
in information from the training set and use it to get better
at the validation function. The model might be getting close
to its optimal performance on this task, though, since the
improvement in accuracy is quite small. It appears from this
graph that the deep learning model can do well on the train
simulator challenge, but there might not be a lot of scope for
improvement.

The validation accuracy begins at approximately 0.979 and
grows marginally to approximately 0.9798 after 8 epochs,
as seen in Figure 7. The graph shows that the model can take
in information from the training set and use it to get better
at the validation function. The model might be getting close
to its optimal performance on this task, though, since the
improvement in accuracy is quite small. It appears from this
graph that the deep learning model can do well on the train
simulator challenge, but there might not be a lot of scope for
improvement. Fig 8 shows the Ensemble Accuracy.

0.043 —— Train
validation
0.042 4
2 o.041
=]
0.040 4
0.039 T—
o 2 a & 8

Epoch

Fig 7: Ensemble Loss

— Train
Validation

0.9798 4

0.9796 -

Accuracy

0.9794 4

0.9792 4

0.9790

Epoch

Fig 8: Ensemble Accuracy
4.5. Ensemble Confusion Matrix

An ensemble classifier's efficiency in a four-category
classification problem is illustrated by the ensemble
confusion matrix. The ensemble classifier considers the
predictions of numerous base classifiers before arriving at a
final prediction (Fig 9).

- 70

glioma

- 60

10 2

notumor
|

True Labels

26 20 4

pituitary
N

- 20

1 5 2 =10

meningioma
'

glioma notumor pituitary
Predicted Labels

meningioma

Fig. 9. Ensemble Confusion Matrix.

4.6. Predicted Result by the Model

As shown in Figure 10, the suggested model could
accurately identify a meningioma brain tumor in the input
image.

| 4
0 50 100 150 200 0 50 100 150 200
Original Image given to the Predicted Image by the Model
Model (Meningioma)

Fig 10: Result provided by the proposed model
5. Comparative Analysis

Classifier performance is determined by comparing studies
and evaluating the classifiers' accuracy. Comparison among
classifiers such as 2D CNN, VGG-16, and Ensemble
method. The Ensemble methods have the highest 98.25%
accuracy. Second, the EfficientNetB1 method has the lowest
87.67 % accuracy. Table 6 shows the comparison of the
above-related work based on temperature.

Table 5: Comparative Analysis

Author Technique Outcome
Saeedi et al., (2023) [20] [2D CNN 96.45 %
Filatov et al., (2022) [21] [EfficientNetB1 87.67 %

Proposed method Ensemble (RF+SVM) [98.25 %

6. Conclusion

Brain tumors are a major focus of this study, which
concludes by outlining the problem and the difficulties that
people of all ages face as a result. Advancements in early
brain tumor identification through MRI-based diagnostics
have been greatly facilitated by the integration of
convolutional deep learning and machine learning
techniques. Specifically, the Ensemble Model (RF + SVM)
has been utilized. With impressive measures including a
Recall of 97%, an F-score of 96%, an Accuracy of 98.25%,
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and a Precision of 98.89%, the Ensemble Model emerges as
the clear winner in the thorough comparative analysis. The
Ensemble Model’s performance is incredible because it has
great power to accurately diagnose meningioma brain
cancers and can also recognize both positive cases and
negative ones. This novel approach is capable of early
identification of brain tumors with accuracy that could
entirely change the field of brain tumor diagnostics. These
advances are important as they can lead to better patient
outcomes due to more efficient and timely ways of
treatment. The findings in this study contribute important
information for the ongoing efforts on trying to address
public health implications regarding brain tumors, which are
closer to a day when early detection becomes paramount in
improving the lives of those who suffer from these
conditions.  Investigate complex Deep Learning
Architectures or ensemble models to further improve tumor
detection performance.

Acknowledgements

I would like to express my heartfelt gratitude to all the
individuals and organizations who have contributed to the
successful completion of my research paper on " Early
Detection Of Brain Tumors: A Comprehensive Study On
MRI-Based Diagnosis Using A Combination Of
Convolutional Deep Learning And Machine Learning
Techniques." Their unwavering support, guidance, and
encouragement have been invaluable throughout this
academic journey. | extend my deepest appreciation to my
supervisor who supported me during this research whose
expertise and dedication have been instrumental in shaping
the direction of this research. Their insightful feedback and
constant motivation have greatly enriched the quality of this
work. In conclusion, the successful completion of this
research paper would not have been possible without the
collective efforts and support of all. Thank you all for being
an integral part of my academic journey.

Author contributions

Patel Rahulkumar  Manilal:  Conceptualization,
Methodology, Software, Field study, Visualization,
Investigation D. J. Shah: Data curation, Writing-Original
draft preparation, Software, Validation., Field study,
Writing-Reviewing and Editing.

Conflicts of interest
The authors declare no conflicts of interest.
References

[1] Prabukumar, M., Loganathan Agilandeeswari, and K.
Ganesan. "An intelligent lung cancer diagnosis system
using cuckoo search optimization and support vector
machine classifier." Journal of ambient intelligence
and humanized computing 10 (2019): 267-293.

[2] Aleid, Adham, Khalid Alhussaini, Reem Alanazi,

3]

[4]

[5]

[6]

[7]

8]

[9]

[10]

[11]

[12]

Meaad Altwaimi, Omar Altwijri, and Ali S. Saad.
"Artificial Intelligence Approach for Early Detection
of Brain Tumors Using MRI Images." Applied
Sciences 13, no. 6 (2023): 3808.

Tomasila, Golda, and Andi Wahju Rahardjo Emanuel.
"MRI image processing method on brain tumors: A
review." In AIP Conference Proceedings, vol. 2296,
no. 1. AIP Publishing, 2020.

Ostrom, Quinn T., Gino Cioffi, Kristin Waite, Carol
Kruchko, and Jill S. Barnholtz-Sloan. "CBTRUS
statistical report: primary brain and other central
nervous system tumors diagnosed in the United States
in  2014-2018."  Neuro-oncology 23, no.
Supplement_3 (2021): iiil-iii105.

https://my.clevelandclinic.org/health/diseases/6149-
brain-cancer-brain-tumor

Saleh, Ahmad, Rozana Sukaik, and Samy S. Abu-

Naser. "Brain tumor classification using deep
learning.” In 2020 International Conference on
Assistive and Rehabilitation Technologies

(iCareTech), pp. 131-136. IEEE, 2020.

Musallam, Ahmed S., Ahmed S. Sherif, and Mohamed
K. Hussein. "A new convolutional neural network
architecture for automatic detection of brain tumors in
magnetic resonance imaging images." IEEE Access 10
(2022): 2775-2782.

Zhou, Leilei, Zuoheng Zhang, Yu-Chen Chen, Zhen-
Yu Zhao, Xin-Dao Yin, and Hong-Bing Jiang. "A deep
learning-based radiomics model for differentiating
benign and malignant renal tumors." Translational
Oncology 12, no. 2 (2019): 292-300.

Alsalman, Osamah, Jacob Wekalao, U. Arun Kumar,
Dhruvik Agravat, Juveriya Parmar, and Shobhit K.
Patel. "Design of Split Ring Resonator Graphene
Metasurface Sensor for Efficient Detection of Brain
Tumor." Plasmonics (2023): 1-10.

Hemanth, G., M. Janardhan, and L. Sujihelen. "Design
and implementing brain tumor detection using
machine learning approach.” In 2019 3rd International
Conference on Trends in Electronics and Informatics
(ICOEI), pp. 1289-1294. IEEE, 2019.

Shen, Dinggang, Guorong Wu, and Heung-Il Suk.
"Deep learning in medical image analysis." Annual
review of biomedical engineering 19 (2017): 221-248.

Litjens, Geert, Thijs Kooi, Babak Ehteshami Bejnordi,
Arnaud Arindra Adiyoso Setio, Francesco Ciompi,
Mohsen Ghafoorian, Jeroen Awm Van Der Laak,
Bram Van Ginneken, and Clara I. Sadnchez. "A survey
on deep learning in medical image analysis." Medical
image analysis 42 (2017): 60-88.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(22s), 0110 | 8



[13]

[14]

[15]

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Suzuki, Kenji. "Overview of deep learning in medical
imaging." Radiological Physics and Technology 10,
no. 3 (2017): 257-273.

Hijazi, Samer, Rishi Kumar, and Chris Rowen. "Using
convolutional neural networks for image recognition."
Cadence Design Systems Inc.: San Jose, CA, USA 9,
no. 1 (2015).

O'Shea, Keiron, and Ryan Nash. "An introduction to
convolutional neural networks." arXiv preprint
arXiv:1511.08458 (2015).

Wong, Kelvin KL, Giancarlo Fortino, and Derek
Abbott. "Deep learning-based cardiovascular image
diagnosis: a promising challenge." Future Generation
Computer Systems 110 (2020): 802-811.

Hua, Kai-Lung, Che-Hao Hsu, Shintami Chusnul
Hidayati, Wen-Huang Cheng, and Yu-Jen Chen.
"Computer-aided classification of lung nodules on
computed tomography images via deep learning
technique.” OncoTargets and therapy (2015): 2015-
2022.

Isin, Ali, Cem Direkoglu, and Melike Sah. "Review of
MRI-based brain tumor image segmentation using
deep learning methods." Procedia Computer Science
102 (2016): 317-324.

Allah, Ahmed M. Gab, Amany M. Sarhan, and Nada
M. Elshennawy. "Edge U-Net: Brain tumor
segmentation using MRI based on deep U-Net model
with boundary information." Expert Systems with
Applications 213 (2023): 118833.

Saeedi, Soheila, Sorayya Rezayi, Hamidreza
Keshavarz, and Sharareh R. Niakan Kalhori. "MRI-
based brain tumor detection using convolutional deep
learning methods and chosen machine learning
techniques.” BMC Medical Informatics and Decision
Making 23, no. 1 (2023): 16.

Filatov, Dmytro, and Ghulam Nabi Ahmad Hassan
Yar. "Brain tumor diagnosis and classification via pre-
trained convolutional neural networks." arXiv preprint
arXiv:2208.00768 (2022).

Almadhoun, Hamza Rafig, and Samy S. Abu-Naser.
"Detection of brain tumor using deep learning."
(2022).

Senan, Ebrahim Mohammed, Mukti E. Jadhav, Taha
H. Rassem, Abdulaziz Salamah Aljaloud, Badiea
Abdulkarem Mohammed, and Zeyad Ghaleb Al-
Mekhlafi. "Early diagnosis of brain tumor MRI images
using hybrid techniques between deep and machine
learning." Computational and Mathematical Methods
in Medicine 2022 (2022).

Soewu, Taiwo, Dalwinder Singh, Manik Rakhra,

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

Gouri Shankar Chakraborty, and Arun Singh.
"Convolutional Neural Networks for MRI-Based
Brain Tumor Classification." In 2022 3rd International
Conference on Computation, Automation and
Knowledge Management (ICCAKM), pp. 1-7. IEEE,
2022.

Khan, Abdul Hannan, Sagheer Abbas, Muhammad
Adnan Khan, Umer Farooq, Wasim Ahmad Khan,
Shahan Yamin Siddiqui, and Aiesha Ahmad.
"Intelligent model for brain tumor identification using
deep learning." Applied Computational Intelligence
and Soft Computing 2022 (2022): 1-10.

Majib, Mohammad Shahjahan, Md Mahbubur
Rahman, TM Shahriar Sazzad, Nafiz Imtiaz Khan, and
Samrat Kumar Dey. "Vgg-scent: A vgg net-based deep
learning framework for brain tumor detection on MRI
images." IEEE Access 9 (2021): 116942-116952.

Noreen, Neelum, Sellappan Palaniappan, Abdul
Qayyum, Iftikhar Ahmad, Muhammad Imran, and
Muhammad Shoaib. "A deep learning model based on
concatenation approach for the diagnosis of brain
tumor." IEEE Access 8 (2020): 55135-55144.

Amin, Javaria, Muhammad Sharif, Mudassar Raza,
Tanzila Saba, and Muhammad Almas Anjum. "Brain
tumor detection using statistical and machine learning
method." Computer methods and programs in
biomedicine 177 (2019): 69-79.

Siar, Masoumeh, and Mohammad Teshnehlab. "Brain
tumor detection using deep neural network and
machine learning algorithm."” In 2019 9th International
Conference on Computer and Knowledge Engineering
(ICCKE), pp. 363-368. IEEE, 2019.

https://www.kaggle.com/datasets/sartajbhuvaji/brain-
tumor-classification-mri/data

Ronneberger, Olaf, Philipp Fischer, and Thomas Brox.
"U-net: Convolutional networks for biomedical image
segmentation.” In Medical Image Computing and
Computer-Assisted Intervention—-MICCAI 2015: 18th
International Conference, Munich, Germany, October
5-9, 2015, Proceedings, Part 11l 18, pp. 234-241.
Springer International Publishing, 2015.

Oktay, Ozan, Jo Schlemper, Loic Le Folgoc, Matthew
Lee, Mattias Heinrich, Kazunari Misawa, Kensaku
Mori, et al. "Attention u-net: Learning where to look
for the pancreas." arXiv preprint arXiv:1804.03999
(2018).

Du, Getao, Xu Cao, Jimin Liang, Xueli Chen, and
Yonghua Zhan. "Medical image segmentation based
on u-net: A review." Journal of Imaging Science and
Technology (2020).

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(22s), 0110 | 9



[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

Ding, Yi, Fujuan Chen, Yang Zhao, Zhixing Wu, Chao
Zhang, and Dongyuan Wu. "A stacked multi-
connection simple reducing net for brain tumor
segmentation.” IEEE Access 7 (2019): 104011-
104024.

Kattenborn, Teja, Jens Leitloff, Felix Schiefer, and
Stefan Hinz. "Review on Convolutional Neural
Networks (CNN) in vegetation remote sensing."
ISPRS journal of photogrammetry and remote sensing
173 (2021): 24-49.

Sharif Razavian, Ali, Hossein Azizpour, Josephine
Sullivan, and Stefan Carlsson. "CNN features off-the-
shelf: an astounding baseline for recognition.” In
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition Workshops, pp. 806-
813. 2014.

Kayed, Mohammed, Ahmed Anter, and Hadeer
Mohamed. "Classification of garments from fashion
MNIST dataset using CNN LeNet-5 architecture.” In
2020 International Conference on Innovative Trends in
Communication and Computer Engineering (ITCE),
pp. 238-243. IEEE, 2020.

https://www.analyticssteps.com/blogs/common-
architectures-convolution-neural-networks

Huang, Shujun, Nianguang Cai, Pedro Penzuti
Pacheco, Shavira Narrandes, Yang Wang, and Wayne
Xu. "Applications of support vector machine (SVM)
learning in cancer genomics." Cancer genomics &
proteomics 15, no. 1 (2018): 41-51.

Mahmoud, Ahmed Abdulhamid, Salaheldin Elkatatny,
Abdulwahab Ali, Abdulazeez Abdulraheem, and
Mohamed Abouelresh. "Estimation of the total organic
carbon using functional neural networks and support
vector machine.” In International petroleum
technology conference, p. D031S086R002. IPTC,
2020.

Han, Tian, Longwen Zhang, Zhongjun Yin, and Andy
CC Tan. "Rolling bearing fault diagnosis with
combined convolutional neural networks and support
vector machine." Measurement 177 (2021): 109022.

Harini, V., and V. Bhanumathi. "Automatic cataract
classification system." In 2016 International
Conference on Communication and Signal Processing
(ICCSP), pp. 0815-0819. IEEE, 2016.

Jackins, V., S. Vimal, Madasamy Kaliappan, and Mi
Young Lee. "Al-based smart prediction of clinical
disease using random forest classifier and Naive
Bayes." The Journal of Supercomputing 77 (2021):
5198-52109.

Parmar, Aakash, Rakesh Katariya, and Vatsal Patel.

[45]

[46]

[47]

"A review on random forest: An ensemble classifier."
In International conference on intelligent data
communication technologies and Internet of things
(ICICI) 2018, pp. 758-763. Springer International
Publishing, 2019.

Palimkar, Prajyot, Rabindra Nath Shaw, and Ankush
Ghosh. "Machine learning technique to prognosis
diabetes disease: Random forest classifier approach."
In Advanced Computing and Intelligent Technologies:
Proceedings of ICACIT 2021, pp. 219-244. Springer
Singapore, 2022,

Geetha, R., S. Sivasubramanian, Madasamy
Kaliappan, S. Vimal, and Suresh Annamalai. "Cervical
cancer identification with synthetic minority
oversampling technique and PCA analysis using
random forest classifier." Journal of Medical Systems
43 (2019): 1-19.

Gelzinis, Adas, Antanas Verikas, Evaldas
Vaiciukynas, Marija Bacauskiene, Jonas Minelga,
Magnus Hallander, Virgilijus Uloza, and Evaldas
Padervinskis.  "Exploring  sustained  phonation
recorded with acoustic and contact microphones to
screen for laryngeal disorders." In 2014 IEEE
Symposium on Computational Intelligence in
Healthcare and e-health (CICARE), pp. 125-132.
IEEE, 2014.

International Journal of Intelligent Systems and Applications in Engineering

IJISAE, 2024, 12(22s), 0110 | 10



