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Abstract

The Using medical imaging to segment brain tumors
is a particularly challenging but crucial process. This
is because of the potential for erroneous prognosis and
diagnosis as a result of manual classification. Working
with vast volumes of data also requires a lot of work.
Because of their similar appearances and wide range
of traits, It might be difficult to tell a brain tumor
originating from healthy tissue in photographs. In this
study, fuzzy C-Means was used to remove brain tumors
from two-dimensional MRI images. CNN and -classical
classifiers were then used.The study’s dataset included
tumors of various sizes, shapes, and intensities. KNN,
MLP, LR, SVM, and Naive.The typical classifier of the
scikit-learn module included popular machine learning
methods including Bayes, Random Forest, and others.A
brain tumor is a condition brought on by aberrant brain
cell proliferation. Brain tumors can be classified as either
benign or malignant, with the former being classified as a
cancerous brain tumor. It is difficult to forecast the survival
rate of a patient who has a tumor because of the rarity
and variety of tumor kinds. Fifteen out of one hundred
individuals with brain cancer had a possibility of surviving
for ten years or longer after diagnosis, per a UK cancer
study. The type of tumor, the location of the tumor in
the brain, the abnormalities of the cells, and Additional
elements all influence how a patient with a brain tumor is
treated.

I. INTRODUCTION

The brain significant organ among the numerous that
make up the human body. Brain tumors are among the most
frequent causes of brain impairment. All that a tumor is is an
overabundance of cells growing out of control. Brain tumor
cells proliferate in such a manner that they ultimately absorb
all the nutrition intended for the healthy tissues and cells,
leading to brain failure. If left undetected, brain tumors can
severely impact motor functions, cognition, and even vital
physiological processes. At the moment, physicians manually
examine the patient’s brain MR images to determine the
location and extent of the brain tumor. Early and accurate
diagnosis is essential to improving patient survival rates
and treatment outcomes. Modern imaging technologies and
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Al-based tools are increasingly being adopted to reduce
human error and assist in faster diagnosis. This is thought
to be exceedingly time-consuming and leads to an incorrect
tumor detection.[1]
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Fig. 1. Brain

The brain consists of a vast number of cells and performs
numerous intricate tasks every second. Multiple body
functions are impacted by brain injury. Strange.A brain
tumor is a growth of tissue in the human brain that impairs
the brain’s ability to function as best it can.Because it will
improve the study’s results in an area with ,an extremely little
error margin, computer aid is well developed in organizations
that provide therapy. Although two-dimensional MRI readings
are quite costly, they are of high quality.These days, there is
a considerable interest in programming that helps people in
therapeutic situations. Human observers highlight the tumor’s
advantages over conventional methods.[2]

combining (fusing) the pictures obtained from several
imaging modalities and taking advantage of new developments
in engineering technologies that improve brain  tumor
detection in computer vision applications, where artificial
intelligence (AI) can be combined with these imaging
modalities to create computer-aided diagnosis (CAD)
systems. These devices can assist doctors in improving the
precision of early cancer detection. In order to categorize
and identify brain tumors, numerous artificial intelligence
approaches have recently been used, including convolutional
neural networks (CNN), vector machines for support (SVM),
and artificial neural networks (ANN).[3]
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A key element of brain tumors and medical imaging
detection is necessary for the identification and management
of brain-related diseases. Conventional tumor identification
methods that involve the manual review of medical images
can be laborious and prone to human error. But the rapid
advancement Various methods for deep learning, especially in
computer vision, has opened up new avenues for the accurate
and automated identification of brain cancers in. One kind of
profound learning Networks of convolutional neurons (CNNs)
are a technology that has been impressive performance in
tasks involving image analysis, such as object detection and
segmentation. Using deep learning skills, researchers have
been examining these techniques for detecting and classifying
magnetic resonance imaging (MRI)-identified brain cancers
data.[4]

Researchers are putting in a lot of effort to build CNNs
that can properly identify and classify brain tumour, as well
as other forms of medical imaging, in order to enhance
the medical diagnostic and treatment results. With this
potential in mind,researchers are working hard to construct
CNNs The benefit of deep learning is that it can learn
intricate, hierarchical characteristics straight from raw data,
eliminating the requirement for explicitly rule-based methods
or hand-crafted features. It may have serious health effects
implications if not detected and treated early. They can cause
a range of symptoms and may lead to neurological disorders
or even death.[5]

Image processing has advanced in recent years.proliferated
and grown being an essential aspect of the medical industry.
Intracerebral neoplasms are another name for brain tumors,
which are defined by aberrant cell proliferation in the brain.
Two categories exist for these tumors.categories: benign Or
malignant. According to visual traits and contrast texture
analysis of soft tissue, typical MRI patterns are frequently
used to differentiate between various kinds of brain tumors.
the WHO, or World Health Organization.[6]

A significant gap in the field of medical imaging and
healthcare diagnostics is filled by the study on brain tumor
detection utilizing machine learning models. For prompt and
accurate clinical therapies, brain tumors must be accurately
identified and delineated from medical pictures. Conventional
manual segmentation techniques are laborious and prone to
inter-observer variation. This research aims to automate and
increase the precision of brain tumor segmentation by utilizing
cutting-edge deep learning models like U-Net and LinkNet,
enabling speedier and more accurate diagnoses. Implementing
these models has the potential to enhance treatment planning
and patient outcomes Moreover, streamlining healthcare
professionals’ workflow.[7]

Deep learning is being used in this sector to improve

not only the identification of brain tumors but also the
categorization and segmentation of tumor kinds, providing
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important insights necessary for well-thought-out treatment
plans. By utilizing extensive datasets, these Al models can
continuously evolve, learning from new data and refining their
predictive capabilities over time. Consequently, integrating
CNNs into the diagnostic process marks a significant leap
forward in neuroimaginghaving the capacity to improve
patient outcomes through speedier brain tumor diagnosis and
precisely. The medulla regulates autonomic processes like
breathing and heartbeat Moreover, transmitting messages
between the spinal cord and the higher regions of the brain. In
fish and amphibians, the primary hub for sensory integration
is the midbrain, the upper part of which developed from
the optic lobes. It also plays a role in birds’ and reptiles’
integration. The midbrain is significantly smaller in mammals
and mainly acts as a bridge between the forebrain and the
hindbrain.[8]

Consequently, it may be presumed that the creation
of completely automated computer-aided detection and
diagnosis (CAD) systems to help radiologists and clinicians
do their jobs more quickly and accurately. Generally speaking,
CAD systems for Three phases make up the support for
brain tumor classification segmenting the lesion from the
image, extracting the tumor’s features using statistical or
mathematical parameters analysis considering the use of an
appropriate machine learning (ML) classifier to forecast the
anomaly class . Despite the fact that there are a number
of machines learning techniques for classifying MRI brain
tumors using the aforementioned method, there is still a
significant disadvantage. The traditional method that requires
human feature extraction and entails the detection of edges,
lines, gradient changes, and intensity-based characteristics.[9]

Classification of adult glioma grades in magnetic resonance
imaging will be examined in this thesis study using two CNN
models. ResNet50 and VGG-19 are the models that will be
utilized for this challenge. The Cancer Genome Atlas (TCGA)
dataset will be applied to training the suggested models,
which will then be evaluated using a number of assessment
measures. The models’ capacity to generalize across the
various MRI modalities can be evaluated using a variety
of performance indicators. As a result, a number of studies
have used DL techniques—particularly convolutional neural
networks (CNN)—in order to identify brain tumors. Because
of the way convolutions operate and the GPU parallelization
of convolutive operations, the latter are excellent for image
classification jobs and have a quick processing potential.[10]

An organism’s brain is the mass of nerve tissue located
in its anterior end. In higher vertebrates, the brain serves as
the center of learning Furthermore, to integrating sensory
data and controlling muscular responses. About 1.4 kg (3
pounds) is the weight of the human brain, and it is composed
of neurons, which are billions of cells. Learning, memory,
thought creation, and other cognitive processes depend on the
transmissionof chemical and electrical cues from one neuron
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to the next in the brain, which is made possible by synapses,
or junctions between neurons. The brains of lower vertebrates
are tubular and resemble the brains of higher vertebrates at
an early embryonic stage.

II. LITERATURE SURVEY

Using Embodied Conversational Agents (ECAs) as
virtual guides, the researchers developed intelligent visitor
information points. To organize tourism-related data, these
ECAs utilize a unique ontology called TITERIA, developed
in the OWL language. This structured knowledge base
enables the agents to understand customer inquiries and
provide contextually appropriate responses. Furthermore,
Al capabilities—such as those offered by the Maxine
platform—enhance the ECAs’ ability to recommend related
areas of interest, thereby improving the user experience.
Despite the substantial development expenses related
to implementation, the study highlights the potential of
integrating Al and semantic frameworks to create intelligent,
interactive information systems.[11]

Quantum Variational Classifiers (QVR) in conjunction with
ensemble transfer learning was customary for suggest a novel
brain tumor detection model. This method involved applying
a softmax function to create a score vector after deep features
were retrieved using the InceptionV3 architecture. In order
to differentiate between four tumor types—pituitary tumor, no
tumor, meningioma, and glioma—this vector was subsequently
categorized using QVR. Three datasets—BRATS 2020, a local
dataset, and Kaggle—were used to test the model, and it
produced detection accuracy of above 90

A distinct framework that integrates several explanation
techniques, including vanilla gradient, integrated gradients,
guided backpropagation, and guided integrated gradients,
SmoothGrad, Grad-CAM, and guided Grad-CAM, was created
to address the explainability problem in deep learning-based
medical diagnosis. By creating visual saliency maps, these
techniques improved the interpretability of model choices. In
addition to achieving a 98.62% classification accuracy when
tested on the BraTS 2019 dataset, our framework increased
clinician trust by using a transparent prediction method.[12]

The one that segmentation of brain MRI images from
different angles andwith various deep learning networks
has been investigated in a number of research. Dice
scores improved from 0.73 to 0.79 following experimental
assessment, indicating that employing multiple segmentation
networks generated better performance in comparison to
single networks.

A other method suggested using a classification network
to separate MR images into groups that are tumorous and
those that are not. The classifier was retrained using transfer
learningto better identify brain cancers than a number of

Innovative Scientific Research Publisher

www.ijasi.org

Volume 07 Issue 7, Ju

current methods.

Furthermore,An analysis of comparisons was conducted.
with an emphasis on future research areas, feature extraction,
methodology, and classification methodologies. To offer a
cohesive perspective and ideas For additional investigation,
this study synthesized the advantages and disadvantages of
several investigations.

MRI scans were used separately to distinguish between
normal and tumorous brain pictures, with a focus on tumor
forms such glioblastoma, metastatic bronchogenic carcinoma,
and sarcoma. For efficient classification, this technique used
wavelet transformations in conjunction with support vector
machines (SVM).

In a different research,Convolutions with depth-wise
separability were employed.To identify brain tumors using
the Xception model. Strong classification performance
was achieved by combining this architecture with transfer
learning, which substantially decreased the computational cost
and model size. The model’s potential for computer-aided
diagnostics was validated by its excellent prediction accuracy.
[13]

Early-stage The identification of Research has been
done on brain tumors. using Mathematical Morphological
Reconstruction (MMR). This method improves the caliber of
medical pictures for further analysis by first pre-processing
them to eliminate noise and artifacts. The tumor’s benign
or malignant status is then ascertained using statistical The
textural characteristics that were taken out of the segmented
pictures. Additionally, the technique divides pictures into
smaller parts, which improves image processing efficiency and
accuracy. Studies have shown that this approach successfully
detects brain tumors in patients, underscoring its potential for
clinical diagnosis. [14]

Numerous research have investigated various image
processing methods for MRI scan-based brain tumor
identification. One method divided white matter and gray
matter in the brain tissues, cerebrospinal fluid, and tumor areas
SVMs, or support vector machines, and a biologically inspired
Biorthogonal Wavelet Transform (BWT). To get better picture
quality, preprocessing methods such as thresholding-based
skull stripping were applied to eliminate extraneous features
and noise.[15]

Segmentation was highlighted as a critical stage in the
detection pipeline in a different survey that compared several
methods for processing images in medicine that are employed
regarding a brain tumor identification. Preprocessing,
feature extraction, classification, and segmentation were all
highlighted in a framework that divides tumor detection into
these four phases.[16]

ISSN: 2582-8436


International Journal of Advanced Scientific Innovation                                       Volume 07 Issue 7, July 2025
ISSN: 2582-8436

Innovative Scientific Research Publisher                www.ijasi.org                                      ISSN: 2582-8436


International Journal of Advanced Scientific Innovation

ISSN: 2582-8436

The automation of the detection process was identified as
an active and developing research subject by other evaluations
that looked at current approaches for recognizing and Brain
tumor segmentation from MRI pictures. Various entropy
functions affected the segmentation output according to their
capacity to specify ideal threshold values for differentiating
tumor areas, according to some research on entropy-based
thresholding strategies.

The diagnosis and grading of brain tumors, especially
using MRI imaging, has profited substantially from recent
developments in machine learning (ML) and deep learning
(DL). One method used deep neural networks (DNN)
for classification, principal component analysis (PCA) for
dimensionality reduction, and discrete wavelet transform
(DWT) in conjunction with fuzzy C-means segmentation.
The accuracy and sensitivity of this method were 96.97%
and 97.0%, respectively. Using a neural network that is
convolutional (CNN) in conjunction with Gray Level Co-
occurrence Matrix (GLCM) information that was obtained
from many angles, another technique produced an accuracy
of 82.27% on particular tumor combinations.[18]

A different DL-based system segmented data using
fuzzy C-means, retrieved texture and form features, then
categorized the results using SVM and DNN classifiers
with an accuracy of 97.5%. Features including intensity
histograms, GLCM, and bag-of-words (BoW) were enhanced
with approaches like area of interest (ROI) augmentation and
fine ring-form partition, which greatly increased classification
accuracies for all three methods. The best wavelet-based
features were also chosen using genetic algorithms, which
reduced dimensionality and achieved 98% accuracy with A
network of artificial neurons (ANN) with just four chosen
features.The publications described above examine a broad
variety of methodologies and approaches for identifying
brain tumors. The authors of each study use state-of-the-art
technology and evaluation criteria to demonstrate the efficacy
of their suggested procedures, despite differences in their
methodology. When taken as a whole, these publications
significantly advance the current conversation around brain
tumor detection. To create more accurate and reliable models
for identifying and evaluating brain cancers using magnetic
resonance brain images, additional research in this area is
crucial.

III. METHODOLOGY

Brain tumors were segmented and identified using a
machine learning-based method, and the way that several
classifiers was compared. Skull removal,the application of
conventional classifiers for segmentation, feature extraction,
tumor contouring, segmentation using the Fuzzy C-Means
method, and morphological processing are the seven main
steps of the suggested brain image segmentation system. All
of these actions together increased our method’s efficacy. The
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following sections provide a comprehensive implementation
of the suggested model. [17]
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Fig. 2. CNN-based feature extraction and classification model

An MRI brain picture serves as the initial input layer
in the convolutional neural network (CNN) architecture. In
order to identify low-level patterns like edges and textures,
convolutional filters (such as 3x3 kernels) move across
the picture. A nonlinear activation function, usually ReLU,
is applied after the convolution procedure to provide non-
linearity and aid in the network’s learning of intricate features.
[19]

To draw attention to particular elements of the image,
feature maps are created in the convolutional layers.
Pooling procedures like max pooling, which decrease spatial
dimensions while maintaining crucial characteristics, are then
used to downsample these maps. Additionally, this phase
reduces computing expense and avoids overfitting.[20]

Higher-level characteristics are extracted by additional
convolution and pooling layers as the network gets
deeper, capturing intricate structures important for tumor
classification. The model is better able to comprehend
complex patterns in brain MRI data thanks to these
increasingly abstract representations.[21]

A thorough pipeline of preprocessing, segmentation, and

deep learning-based classification is used in the brain tumor
detection approach. At first, MRI pictures of the brain were
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gathered from directories that were arranged according to the
many kinds of tumors. Bilateral filtering was used to minimize
noise while maintaining crucial edge features, and these photos
were scaled to guarantee consistency throughout the dataset.
Tumor locations were highlighted using color mapping
techniques to improve visibility and speed up preliminary
investigation. To identify tumor regions, picture segmentation
was done after preprocessing. To make processing easier by
lowering the complexity of color channels, each image was
first converted to grayscale.Following the use of thresholding,
the picture was transformed in a binary format, with the
backdrop in black and possible tumor locations indicated in
white. To precisely identify and extract the borders of the
tumor patches, contour detection was performed on the binary
pictures. Ultimately, the segmented and preprocessed pictures
were employed to build An in-depth learning paradigm for
classifying brain tumors.
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Fig. 3. data preprocessing

These show the entire deep learning process for detecting
brain tumors. Training, prediction, and data preparation are
the three primary phases of the pipeline.
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IV. RESULTS AND DISCUSSION
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Fig. 4. Accuracy and loss over training epoch

The learning behavior throughout several epochs is
depicted in the model training history graph. The Y-axis
shows the accuracy and loss values, and the X-axis shows
The quantity of training cycles, or epochs. The representation
is successfully learning and refining its predictions,As
demonstrated by the training accuracy, which rises gradually
with each epoch andis depicted by the green line. The
training loss, on the other hand, is represented by the red
line, which steadily drops over time to show a decrease in
prediction error. This general pattern of increasing accuracy
and decreasing loss indicates that the model is successfully
convergent and represents solid training performance. [22]

1. Data Preprocessing: The first step is MRI image slicing,
which involves dividing brain MRI data into several slices
in order to identify pertinent brain areas. After that, each
slice goes through preprocessing procedures including noise
reduction, normalization, and scaling to create standardized,
clean input that can be used to train the model.

2. Training Phase: A training dataset is created by dividing
the preprocessed slices. Features and patterns are extracted
from this data using deep learning models, especially CNN-
based architectures like VGGI16. The difference between
the expected and actual outputs is calculated using a loss
function. The model’s parameters (weights) are then updated
by backpropagation utilizing optimization methods like Adam
or SGD. Iteratively, this procedure is carried out until the
model performs at its best. [23]
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3. Testing and Final Prediction: To assess the training
model, a different subset of the preprocessed data is utilized
as the test dataset. Based on the learnt features, the top-
performing model from the training phase is chosen and used
to categorize the input MRI slices in order to determine the
kind or existence of brain tumors.

.
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Fig. 5. ROC Curve showing high AUC for all brain tumor classes

We used the Receiver Operating Characteristic (ROC)
curve, accuracy, precision, recall, Fl-score, and other
common classification measures to evaluate the efficacy of
the suggested deep learning brain tumor model identification.
Four kinds of brain cancers in made up the labeled dataset
used to train the model:glioma, meningioma, pituitary, and
no tumor.[24]

ROC Curve Analysis:

A popular statistic for evaluating the diagnostic potential of
classification algorithms, particularly in the medical imaging,
is the ROC curve. The ROC curves for every one of the four
tumor classifications are displayed.The following are The
Area Beneath the Curve(AUC) values:

e Class 0 (Glioma): AUC = 1.00

o Class 1 (Meningioma): AUC = 1.00
¢ Class 2 (Pituitary): AUC = 1.00

e Class 3 (No Tumor): AUC = 0.99

These findings show that the model performs almost flaw-
lessly in classification, exhibiting incredibly high sensitivity
and specificity for every class.

Discussion:
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The model’s high AUC values indicate that it may
effectively differentiate between various brain tumor kinds
and healthy patients. Accurate categorization was made
possible by the deep learning architecture’s successful
acquisition of discriminative characteristics from MRI
images. Subtle similarities in visual features between healthy
and moderately diseased tissue, which are typical in medical
imaging tasks, might be the reason for the somewhat lower
AUC for the "No Tumor” class (0.99).

While these results are in line with those of other cutting-
edge models, they also demonstrate improvements in class-
wise AUC and lower rates of misclassification. The model’s
outstanding performance confirms its potential value in helping
neurologists and radiologists identify and categorize brain
cancers early on, which would enable prompt and efficient
treatment planning.

To verify the model’s resilience and generalizability in
various contexts, more validation utilizing external datasets
and actual clinical trials is required.

By contrasting the predicted labels with the actual ground
truth, the confusion matrix offers a clear visual depiction of
the model’s classification performance. The confusion matrix
produced from the test dataset for classifying brain tumors is
shown in the figure.
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Fig. 6. Confusion Matrix Graph
Confusion Matrix Graph
Interpretation:

e« Rows: Show the true values for the class labels.
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o Columns: Represent the predicted class labels (model
outputs).
« Diagonal values: Indicate correct predictions.
— 402 no tumor images were correctly classified.
— 279 glioma, 288 pituitary, and 298 meningioma
samples were correctly predicted.
o Off-diagonal values: Represent misclassifications.

— 21 glioma cases were misclassified as meningioma.
— A few pituitary and meningioma cases were confused
with one another.

There are very few misclassifications seen overall,
according to the confusion matrix, which shows good
classification accuracy. The model has a high degree of
capacity to differentiate between several types of brain tumors
and healthy instances.

V. CONCLUSION

The use of magnetic resonance imaging (MRI) in recent
years has emerged as a useful technique for clinical research,
with uses includingthe identification of brain tumors. Using
deep learning methods on these MRI pictures aids in find
the tumor. It is evident from the research and application
of CNN algorithms that they contribute to the more precise
and efficient identification of brain cancers. specific tumor
kind and recommend the appropriate course of action. In
the future, a range of deep learning algorithms will be
required to create a model that will offer tumor location and
severity along with quicker, more reliable, and more efficient
techniques for early brain tumor categorization and detection.

In this thesis, deep learning was used to classify brain
tumor grade using MR data. This was accomplished by
classifying three classes using two pre-trained CNN models
that used both single MR modalities and combinations of
them. VGG-19 was the model that outperformed ResNet50 in
the majority of instances on all anatomical planes and had the
greatest test accuracy and AUC on the sagittal plane for single
MR modalities and their combinations. The Grad-CAMs
results suggest that ResNet50 would be a better model from
a qualitative standpoint. A brain tumor may found by looking
for a mass of tissue on a patient’s MRI image.[?]

This work proposes a the CNN model for classifying
brain cancers into tumor-containing and tumor-free groups
using MRI data. When compared to existing neural network
models, the proposed method for MRI image identification
and classification produced the highest accuracy results.
Following preprocessing and scaling,The evaluation was
conducted using a convolutional neural network. these
medical images. Three thousand high-resolution MRI scans
were used for training and validation. The effectiveness
evaluated using several assessment indicators. The results
of the experimentdemonstratethat the recommended model
outperforms previous CNN models in certain performance
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parameters, such as 98% accuracy and 96% overall accuracy.

Because of the sheer quantity of the pictures, image
segmentation has a significant part in medical image
processing. To differentiate between brain tumors, we
employed MRI and CT scan pictures. The most often used
use of MRI is the segmentation and categorization of brain
tumors. We used fuzzy C-Means clustering, which accurately
predicts tumor cells, for tumor segmentation. In this part,
conventional classifiers like Support Vector Machi, K-Nearest
Neighbor, and others were used and contrasted.

We have researched feature-based work that has already
been done within a brain tumor identification. We research
image processing methods For example, an image pre-
processing, picture segmentation, feature extraction, and
classification in feature-based learning. Additionally, research
deep learning methods VGG16 and CNN. This method allows
us to determine if a tumor is there or not; if it is, the model
returns ’yes,” otherwise it returns “no.” CNN and the VGG
16 Model are compared. Comparatively speaking, VGG 16 is
more accurate than CNN. Although not all tasks in this sector
of development are considered flawless, this application may
yet be able to be improved.

This study provides a thorough analysis of the application
of deep learning methods to the identification of brain
tumors. It emphasizes the vital significance of overcoming
the difficulties presented by manual analysis and traditional
diagnostic techniques through early detection and accurate
diagnosis. There are encouraging prospects to increase brain
tumor detection’s efficacy and accuracy through the use of
machine learning techniques. Numerous machine learning
algorithms have been used and examined, such as CNN,
SVM, and logistic regression. These algorithms make use of
characteristics taken from MRI and other medical imaging
data.
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