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ABSTRACT

Thefield of medical imaging has been revolutionized by intelligent systems, especially
those powered by machine learning and artificial intelligence (Al). Among various
applications, brain tumor detection and classification stand out due to their critical
impact on patient health outcomes. Brain tumors—whether benign or malignant—
are among the most serious neurological conditions and often require prompt and
accurate diagnosis. Traditionally, identifying brain tumors throughimaging has been
a manual and expertise-driven process, but with the integration of Al, especially
deep learning, the accuracy and speed of diagnosis have improved significantly. This
overview explores how machine learning contributes to brain tumor analysis, from
the collection and pre-processing of MRI data to model training and classification.
Key challenges such as data quality, model explainability, and tumor variability
are also addressed, alongside modern advancements in deep learning models that
continue to evolve in precision and clinical applicability.

1. INTRODUCTION

The field of medical imaging and healthcare has undergone significant trans-
formation with the introduction of intelligent technologies, particularly machine
learning and artificial intelligence (AI). One of the most impactful applications of
these advancements is in the detection and classification of brain tumors, which
are critical for timely and effective patient care. Brain tumors often present life-
threatening challenges and require immediate medical intervention. Traditionally,
diagnosing these conditions posed considerable difficulties due to the complexity
of brain structures. However, the incorporation of intelligent systems into clinical
practice has led to greater accuracy and efficiency in diagnosis.

This overview explores the various stages involved in brain tumor detection, from
the acquisition of imaging data to the application of advanced deep learning models.
It highlights the importance of early diagnosis, effective data preprocessing, and the
selection of meaningful features. Cutting-edge machine learning algorithms play a
vital role in enhancing diagnostic precision. The discussion also addresses current
challenges such as limited data availability and the difficulty in interpreting model
outputs. Finally, itemphasizes recent innovations and ongoing research efforts aimed
atimproving the reliability and accuracy of brain tumor detection and classification.
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1.1 Feature Selection

Hidden deep within the intricate structure of the human brain, a serious medical
threat can emerge — the brain tumor. Often undetectable through simple observa-
tion, these tumors can have devastating impacts on individuals. The brain, a highly
sophisticated and sensitive organ, governs our emotions, thoughts, movements, and
essential bodily functions. The presence of a tumor in such a critical organ pres-
ents a complex medical challenge that requires immediate attention and advanced
intervention strategies.

Brain tumors, whether non-cancerous or malignant, involve the abnormal growth
of cells that interfere with normal brain function. These tumors can vary significant-
ly in terms of their location, type, and behaviour, making diagnosis and treatment
especially difficult. In many cases, symptoms may develop subtly or resemble less
severe conditions, which can delay accurate diagnosis and timely treatment.

This discussion aims to explore the many dimensions of brain tumors — includ-
ing their classification, potential causes, warning signs, and the unique difficulties
they present to healthcare providers. We will also examine current diagnostic tools,
treatment options, and the growing importance of research and technological inno-
vation in this field. The fight against brain tumors reflects the continuous drive of
science and medicine to understand and overcome some of the most challenging
health issues through collaboration and technological progress.

Figure 1. Feature Selection
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1.2 Image Classification

Image classification is a fundamental technique in the analysis of medical images,
especially in detecting abnormalities such as brain tumors. It involves training algo-
rithms to categorize images based on learned features. In the medical domain, this
typically means distinguishing between healthy and diseased tissues. Deep learning
models, particularly Convolutional Neural Networks (CNNs), are commonly used for
this task. CNNs can automatically learn patterns such as shape, intensity, and texture,
which are critical for identifying tumors in MRI scans. Their ability to process and
classify visual data with high accuracy has made them indispensable in supporting
medical diagnoses and improving decision-making in clinical environments.

Figure 2. Image Classification
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1.3 Image Segmentation

Image segmentation is the process of dividing a digital image into multiple seg-
ments to simplify its analysis and highlight regions of interest. In brain MRI analysis,
segmentation helps isolate tumors from the surrounding healthy tissue. Accurate
segmentation is crucial for determining tumor size, shape, and exact location, which
directly influences treatment planning. Traditional segmentation techniques include
thresholding and region-based methods, but more advanced approaches like the
U-Net deep learning architecture have proven highly effective. U-Net and similar
models enable pixel-level classification, allowing for precise delineation of tumor
boundaries even in complex or low-contrast images.
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1.4 Deep Learning

Deep learning, a subset of machine learning, mimics the human brain through
artificial neural networks with many processing layers. These models can automatically
learn complex patterns and features from large datasets. In medical imaging, deep
learning is transforming how diseases like brain tumors are detected and analyzed.
By leveraging architectures such as CNNs and Recurrent Neural Networks (RNNs),
these models can process large volumes of MRI data, identify subtle differences
between healthy and affected tissue, and reduce the need for manual intervention.
Their ability to generalize across datasets makes them powerful tools for enhancing
diagnostic accuracy in healthcare.

1.5 Machine Learning

Machine learning involves algorithms that learn from data to make predictions
or decisions without being explicitly programmed. In the context of medical diag-
nostics, machine learning supports the early detection and classification of diseases,
including brain tumors. Classical models like decision trees, support vector machines
(SVMs), and k-nearest neighbors (KNN) have been used to analyze MRI data. While
these models are effective, combining them with deep learning techniques further
enhances performance. Machine learning contributes significantly to automating
diagnosis, reducing human error, and improving the efficiency of medical image
analysis systems.

2. LITERATURE REVIEW

2.1 Brain Tumor Magnetic Resonance Image
Classification: A Deep Learning Approach

Lakshmi and Rao (2022) propose that for once a decade, numerous experiment-
ers are concentrated on the brain excrescence discovery medium using glamorous
resonance images. The traditional approaches follow the point birth process from
nethermost subcaste in the network. This script isn't suitable to the medical images.
To address this issue, the proposed model employed Inception- v3 complication neural
network model which is a deep literacy medium. This model excerpts themulti-level
features and classifies them to find the early discovery of brain excrescence. The
proposed model uses the deep literacy approach and hyperactive parameters. The
soft maximum classifier is used in the proposed model to classify the images in
to multiple classes. It's observed that the delicacy of the commencement- v3 algo-
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rithm is recorded as99.34 in training data and 89 delicacies at confirmation data.
The developments in the medical field support the medical interpreters to grease
the cases effectively. With the application of artificial intelligence (Al) in the health
care helps the medical sphere to serve further to the cases. According to the statis-
tics of 2019, utmost of the deaths in the world are happed due to the cardiovascular
conditions and in the coming place the cancer conditions are enthralled. Brain ex-
crescence complaint is one of the life threating conditions in the world. glamorous
Resonance Imaging (MRI) is one of the safest imaging ways that excerpts the good
images and helps in the process of medical opinion. numerous experimenters are
concentrated on perfecting the quality of the MR images and also to develop the
new styles for quicker and easy medical opinion from the MR images. This study
concentrated on the brain excrescence discovery from MR images This paper ex-
plained the deep literacy medium for discovery of brain excrescences in MR images.
In the proposedpre-trained commencement- V3 deep literacy armature, some of the
commencement modules at nethermost layers are removed and concatenated the
features from the commencement modules from the top to perform the bracket in the
Brain MR Image datasets. The last commencement module in the armature is con-
catenated with the completely connected layers, global normal pooling and uprooted
features of the images from commencement modules. The proposed model excerpts
the features from the completely connected subcase and on the uprooted features to
the classifier. The soft maximum classifier is used in the proposed model to classify
the images in to multiple classes. Tensor inflow and Keros with backend have been
used to train the deep literacy model in the proposed armature. The delicacy of the
proposed model is recorded as99.34 which is high compared to the VGG- 16 and
ResNet50 models. In the future, we're concentrating on the combination of thick
Net model and commencement- v3 model to ameliorate the delicacy.

2.2 Brain Tumor Classification Based on
Attention Guided Deep Learning Model

In this study, Jun & Liana (2022) highlight that cancer remains the second
leading cause of death globally, with brain tumors accounting for a significant
proportion—nearly 25%—of all cancer-related fatalities. Ensuring an accurate and
prompt diagnosis is essential, as it enables early treatment and can significantly
improve outcomes. In recent years, the rapid progress in image classification tech-
nologies has greatly supported computer-aided diagnostic systems. Convolutional
Neural Networks (CNNs) have become one of the most widely adopted models for
image classification tasks. However, a major limitation of traditional CNNss is their
inability to precisely locate the lesion’s focal point. To overcome this, the authors
propose an enhanced brain tumor classification model that incorporates both an
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attention mechanism and a multipath network architecture. The attention mechanism
is designed to prioritize key features from the target region while filtering out irrele-
vant details. Simultaneously, the multipath network processes data through multiple
parallel paths, transforms each path individually, and combines the results. This
setup, inspired by grouped convolution techniques, helps to reduce computational
complexity while maintaining high performance. The model was evaluated using
a dataset comprising 3,064 MRI images and achieved an impressive classification
accuracy of 98.61%, outperforming existing models evaluated on the same dataset.
According to the World Health Organization, brain cancer continues to claim thou-
sands of lives annually, with over 17,000 deaths reported in the United States in 2019
alone. The five-year survival rates stand at 34% for men and 36% for women post-
diagnosis. Early detection and intervention significantly improve recovery chances
and life expectancy. Medical imaging, particularly Magnetic Resonance Imaging
(MRI), plays a crucial role in diagnosing brain tumours. However, manual analysis
of such scans is both time-consuming and highly dependent on expert radiologists,
increasing the likelihood of human error. With advancements in artificial intelligence
and deep learning, automated diagnostic systems are becoming more prevalent and
reliable in the medical field.This paper introduces a novel CNN-based architecture
specifically for classifying brain tumors using T1-weighted contrast-enhanced MRI
scans. The model focuses on three different types of brain tumors and leverages the
power of attention mechanisms and multipath networks to extract rich and relevant
features from the images, ultimately enhancing classification performance beyond
traditional methods.

2.3 A Deep Learning-Based Framework for Automatic
Brain Tumors Classification Using Transfer Learning

In their study, Archie Rehman et al. address the severity of brain tumors, which
are among the most aggressive and life-threatening medical conditions, especially in
their advanced stages. Misdiagnosis in such cases can lead to inappropriate treatment
and significantly reduce patient survival rates. Therefore, achieving accurate diagnosis
is crucial for developing effective treatment plans and improving the quality of life
for individuals affected by brain tumors. Recent advancements in computer-aided
diagnosis systems and convolutional neural networks (CNNs) have shown great
promise in enhancing the accuracy and reliability of tumor detection. Deep CNN
architectures are particularly effective at automatically extracting strong and relevant
features from inputimages, outperforming traditional neural networks in this domain.
In the proposed framework, three separate experimental studies were conducted
using well-known CNN architectures: AlexNet, GoogleNet, and VGGNet. These
models were employed to classify brain tumors into three categories—meningioma,
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glioma, and pituitary tumors—using MRI image slices from the Figshare dataset.
Transfer learning techniques such as fine-tuning and feature extraction (snap) were
applied to improve model efficiency and performance. To enhance generalization
and reduce the risk of overfitting, data augmentation techniques were used to ex-
pand the dataset and improve the robustness of the models. Among the different
approaches tested, the fine-tuned VGG16 model achieved the highest classification
accuracy of 98.69% in identifying brain tumor types. Despite tremendous medical
advancements over the past few decades, cancer—particularly brain cancer—remains
one of the most complex and deadly challenges to humanity. The brain, being the
control centre of the human body, governs critical functions such as movement,
breathing, and sensory processing. Tumors develop when certain brain cells begin
to grow uncontrollably, forming masses of abnormal tissue. Malignant brain tumors
are especially dangerous due to their aggressive and uncontrolled growth. In the
United States alone, approximately 23,000 new cases of brain tumors are diagnosed
each year. According to 2017 cancer statistics, brain tumors remain a major cause
of cancer-related illness and death worldwide, affecting both children and adults. In
summary, this research presents a pioneering approach in the field of brain tumor
classification using deep learning and transfer learning strategies. By leveraging
models pre-trained on the ImageNet dataset and applying them to medical imaging
data, the study effectively classifies tumor types with high accuracy. The deployment
of CNN architectures—Alex Net, Google Net, and VGGNet—on the MRI dataset
from Fig share, along with two modes of transfer learning, demonstrates the power
of deep neural networks in extracting distinctive features and patterns from medical
images. Among all trials, the fine-tuned VGG16 model yielded the best performance
with an accuracy of 98.69%.

2.4 Deep Learning for Medical Anomaly Detection - A Survey

Fernando et al. (2022) focus on the critical issue of anomaly detection in medical
diagnostics using machine learning techniques. This domain has been extensively
researched, with numerous strategies proposed across various areas of medical ap-
plications. Although many of these approaches share similar characteristics, there
is a noticeable absence of a structured and unified analysis that could help identify
their strengths and weaknesses more clearly. The main objective of this review is to
offer a comprehensive theoretical examination of prominent deep learning methods
used in medical anomaly detection. The authors provide a detailed and systematic
comparison of state-of-the-art techniques, focusing on differences in model architec-
tures and training methods. Additionally, the study explores various interpretability
methods for deep learning models, which are essential for understanding and trusting
the decisions made by these often “black-box” systems in medical contexts. The
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review also highlights major challenges and limitations in current deep learning
approaches to anomaly detection in medicine. It suggests future research directions
aimed at improving the detection of data instances that deviate from typical dis-
tributions—a core task in anomaly detection. Such anomalies may emerge due to
a variety of factors including data noise, shifts in underlying biological processes,
or the presence of previously unseen medical conditions.

Anomaly detection plays a vital role in medical signal processing, where identi-
fying unusual patterns or outliers is key to early diagnosis and treatment. The advent
of deep learning has significantly advanced the capabilities of machine learning and
has been widely adopted in the medical field for this purpose. The resulting surge in
research has produced a wide array of deep learning frameworks tailored to anomaly
detection in medical datasets. This review paper presents an organized and in-depth
summary of existing research, comparing methodologies across different data col-
lection environments and medical applications. It categorizes various deep learning
architectures that have been developed in response to specific data characteristics and
problem definitions. The authors also discuss multiple training strategies employed
in this field and emphasize the importance of model interpretability—essential for
validating and explaining diagnostic decisions made by Al systems. In conclusion,
this work provides a valuable overview of deep learning-based medical anomaly
detection, outlining key methodologies, interpretability techniques, challenges, and
future research avenues for improving reliability and performance in real-world
medical diagnostics.

2.5 Brain Tumor Segmentation Using
Deep Learning on MRI Images

Almetwally M. Mostafa et al. have presented a system addressing the complex-
ities of diagnosing brain tumors (BT), a process that demands significant expertise
from radiologists and consumes a considerable amount of time. As patient numbers
grow, the volume of medical imaging data increases, making traditional diagnostic
methods inefficient and costly. In response, researchers have explored various fast
and reliable methods to detect and classify brain tumors effectively. In recent years,
deep learning (DL) techniques have emerged as powerful tools for medical diagnos-
tics. These approaches utilize pre-trained convolutional neural networks (CNNs)
to identify and classify brain tumors from medical images with high accuracy and
speed. In this work, the authors use MRI images from the BT segmentation dataset,
which contains 335 annotated scans and serves as a benchmark for developing and
evaluating brain tumor detection algorithms. The BraTS dataset—a widely accepted
resource for brain tumor segmentation and classification tasks—is used for model
training and testing. The authors develop a deep CNN model, employing a cate-
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gorical cross-entropy loss function and the Adam optimizer to train the network.
The model achieves a validation accuracy of 98%, demonstrating its effectiveness
in identifying and segmenting tumors. Brain tumors result from the uncontrolled
division of abnormal cells, forming a mass that can disrupt normal tissue or organ
function. These tumors can be classified based on their origin, structure, and cell
type. While primary tumors originate in the brain, secondary tumors spread from
other parts of the body. Tumors are further divided into malignant (high-grade)
and benign (low-grade). Malignant brain tumors tend to grow rapidly and invade
surrounding tissues, severely affecting cognitive abilities and overall quality of
life. Even with advanced medical technologies, early diagnosis of certain diseases,
including brain tumors, remains a challenge for physicians. Diagnostic imaging
methods such as computed tomography (CT) and magnetic resonance imaging (MRI)
are commonly used to identify tumors. With a collection of these MRI scans, the
researchers trained their model using the U-Net architecture, which is known for
its success in image segmentation tasks. The U-Net design integrates convolutional
layers, max-pooling, upsampling, and skip connections, allowing it to capture both
fine and coarse features from medical images. Through this approach, the proposed
deep learning model effectively segments brain tumors and provides a promising
tool for enhancing diagnostic accuracy and supporting clinical decision-making.

2.6 Brain Tumor Detection and Classification Using Deep
Learning and Sine-Cosine Fitness Grey Wolf Optimization

ZainEldin et al (2022) have developed a system aimed at improving the diagno-
sis of brain tumors, a task that traditionally relies heavily on radiologist expertise
and time. As the number of medical cases and associated imaging data increases,
manual diagnosis becomes more time-consuming and costly. To address this, many
researchers have turned to advanced algorithms that are faster and more accurate.
This study introduces a Brain Tumor Classification Model (BCM-CNN) using
deep learning techniques, particularly a Convolutional Neural Network (CNN). The
novelty of this work lies in optimizing CNN hyperparameters through an innova-
tive algorithm called Adaptive Dynamic Sine-Cosine Fitness Grey Wolf Optimizer
(ADSCFGWO). This algorithm integrates the strengths of sine-cosine and grey wolf
optimization techniques to fine-tune the model for better performance. The model
uses Inception-ResNetV2, a powerful pre-trained network, and classifies brain tu-
mors with binary output: O for normal and 1 for tumor. The method focuses on two
sets of hyperparameters—those defining the network architecture and those guiding
the training process. Through optimization, the model achieves a remarkable accu-
racy of 99.98% using the BraTS 2021 Task 1 dataset. The research emphasizes the
need for efficient, accurate, and automated diagnostic systems in medical imaging,
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especially considering that brain tumors rank as the 10th leading cause of death in
the U.S. Traditional manual assessments are prone to human error, highlighting the
importance of computer-aided diagnostic systems in clinical applications.

2.7 Deep Learning Versus Classical Regression
for Brain Tumor Patient Survival Prediction

Suter et al. (2019) explored the use of deep learning (DL) models, specifically 3D
Convolutional Neural Networks (3D-CNNss), for predicting survival times in patients
with high-grade brain tumors. While DL. methods show promise in image-based
regression tasks, their success is often limited by the size of the training dataset.
This study compares 3D-CNN regression results with classical regression techniques
using handcrafted features like intensity, shape, and location. Surprisingly, traditional
models—especially Support Vector Classifiers (SVCs)—outperformed the CNNsin
survival prediction. The SVC ensemble achieved 72.2% cross-validation accuracy
on the BraTS 2018 training set, compared to only 51.5% accuracy for the best CNN
approach. The results suggest that CNNs tend to overfit quickly on small datasets
and struggle to generalize on unseen data. Additionally, non-imaging clinical data
plays a crucial role in enhancing prediction accuracy. The findings align with past
studies indicating that simpler regression models often yield better performance on
limited datasets due to having fewer learnable parameters. The study underlines the
challenges of predicting survival for patients with Grade III or IV gliomas, where
the average survival is just 14 months. MRI-based biomarkers could be vital for
improving prognosis and treatment planning, but current DL models require more
data for reliable results.

2.8 A Low-Resource 3D U-Net Based Deep
Learning Model for Medical Image Analysis

Chetty et al. (2022) propose a lightweight deep learning framework for segment-
ing brain tumors from 3D MRI scans, designed to be effective even in low-resource
settings. The motivation stems from the high computational cost and data require-
ments of existing models, which may not be practical in remote or under-equipped
healthcare environments. The method is based on a 3D U-Net architecture—a
type of encoder-decoder CNN known for medical image segmentation. The model
processes multi-modal, multi-contrast MRI scans without requiring additional data
augmentation or high-end hardware. Despite its simplicity, it delivers improved
segmentation performance when tested on the BraTS 2018 dataset provided by the
MICCAI community. This fully automated system is especially valuable for iden-
tifying and analyzing gliomas, which are difficult to detect due to their irregular
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shape and fuzzy boundaries. Traditional manual segmentation is labor-intensive,
subjective, and time-consuming, whereas the proposed system provides a fast and
consistent alternative. The integration of lightweight CNNs in this model allows for
effective segmentation with minimal resources, making it ideal for use in rural or
underdeveloped medical centers. It also opens doors for broader application of Al
in global healthcare, especially in diagnostic imaging tasks that require precision
and speed.

2.9 A State-of-the-Art Approach for Cloudbased Semantic
Segmentation Using Deep Learning and 3D U-Net Architecture

Shaukatet al. (2022) introduced a novel cloud-integrated 3D U-Net model aimed
at segmenting glioma, a highly aggressive and life-threatening primary brain tumor
with an average survival period of less than 14 months. This study emphasizes
the significance of deep learning, particularly 3D U-Net, in conducting semantic
segmentation using the BRATS dataset. The model was trained using the Adam
optimizer along with varied hyperparameters, achieving a remarkable Dice simi-
larity coefficient of 95%. This score, computed using the Sgrensen—Dice metric,
represents one of the highest accuracies in a cloud-based framework. An in-depth
review of recent literature over the past five years was also conducted to compare
various segmentation techniques, confirming that their model surpassed existing ar-
chitectures in accuracy for glioma segmentation. Gliomas, constituting approximately
16% of central nervous system (CNS) tumors, primarily affect the brain but can also
appear in the spinal cord, cerebellum, and brainstem. They occur most frequently
in individuals around the age of 64 but can emerge at any age. According to the
WHO classification, gliomas are divided into four grades based on malignancy, with
Grades III and IV being the most severe. Among all types, glioblastoma is notably
the most lethal and fast-spreading, making early detection and accurate diagnosis
crucial. The proposed 3D U-Net model is a fully automated, cloud-based solution
that allows access across the globe with minimal device requirements—only a stable
internet connection and a basic terminal device are needed. The model integrates
convolutional layers with max pooling and has proven to be highly effective in
semantic segmentation for medical imaging.

2.10 Deep Reinforcement Learning With Automated
Label Extraction From Clinical Reports for Accurate
Classification of 3D MRI Brain Volumes

Stember & Shalu (2022) explored an efficient method for image classification in
radiology, particularly in minimizing the workload of manual dataset labeling. The
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study introduces a dual-phase framework. In the first phase, sentence-level BERT
(SBERT) was fine-tuned on 90 radiology reports to automatically extract labels. These
labels were then used to train a reinforcement learning (RL)-based classifier in the
second phase. The classifier was trained using 40 images and tested on 24 separate
images.To compare, a supervised deep learning (SDL) model was also trained and
evaluated on the same dataset using the same labels. While the SDL model quickly
overfitted due to the limited training data and performed poorly on the test set with
just 50% accuracy, the RL model achieved perfect testing accuracy (100%), with a
statistically significant p-value of 4.9 x 10~*. This study highlights the practicality
of automated label extraction and reinforces the value of reinforcement learning in
developing data-efficient, generalized classifiers. The process proves beneficial in
scenarios where manual annotation is time-consuming and exhaustive.

2.11 Brain Tumor Segmentation and Classification
Using 3D U-Net Deep Neural Networks

Agrawal et al. (2022) proposed a deep learning-based framework designed for
precise segmentation and classification of brain tumors using 3D MRI scans. Early
detection of brain tumors significantly improves the patient’s chances of recovery,
and MRI is a preferred imaging modality for this purpose. However, manual eval-
uation of MRI data is often challenging and time-intensive, dependent heavily on
a radiologist's expertise.

To address these challenges, the authors employed a 3D U-Net model for
volumetric segmentation, followed by classification using Convolutional Neural
Networks (CNNs). Performance validation was done using accuracy and loss plots.
The framework outperformed existing methods, offering improved efficiency and
accuracy. The neural network was trained using an MRI dataset, and segmentation
was refined using soft Dice loss functions to correct inaccuracies. The 3D MRI data
was subdivided into smaller volumes for processing.

Two distinct datasets were used, collected from different global sources to mit-
igate dataset bias. The CNN classifier focused on identifying three common tumor
types: glioma, meningioma, and pituitary tumors. Unlike other models that rely
on region-based pre-processing, this system directly classifies tumors, enhancing
efficiency. The results affirm that the proposed model outperforms previous state-
of-the-art frameworks in both segmentation and classification tasks.
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2.12 Single-Level 3D U-Net With Multipath Residual
Attention Block for Brain Tumor Segmentation

Akbar et al. (2022) presented an optimized 3D U-Net-based segmentation model
designed to overcome the limitations of manual brain tumor annotation, which is
time-consuming, labor-intensive, and prone to human error. Their approach utiliz-
es a single-level down-sampling 3D U-Net architecture integrated with Multipath
Residual Attention Blocks (MRAB) to maintain spatial resolution and enhance
feature extraction.

Manual segmentation, especially in large MRI datasets, often leads to expert
fatigue and inconsistent results. This automated method uses datasets from the
Brain Tumor Segmentation (BraTS) competition, which includes 1251 patient scans
across four modalities. The segmentation targets are Whole Tumor (WT), Tumor
Core (TC), and Enhancing Tumor (ET).

Three key features contribute to the model’s superior performance: (1) limiting
the network to a single down-sampling level to retain spatial features, (2) employ-
ing atrous convolutions within MRABs to capture broader contextual features
without increasing computational load, and (3) integrating attention mechanisms
in both skip connections and MRABs to enhance focus on relevant features while
suppressing noise. The proposed architecture demonstrated competitive results in
Dice coefficient and sensitivity, and it holds potential for clinical application due
to its robustness and precision.

2.13 Brain Tumor Detection and Classification Using
Machine Learning: A Comprehensive Survey

Amin et al. (2022) conducted a detailed survey on brain tumor detection through
machine learning techniques, emphasizing MRI (Magnetic Resonance Imaging) as
the primary modality. The paper discusses how brain tumors result from uncontrolled
cell growth, which, if left untreated at an early stage, can be fatal. Despite significant
progress, accurately segmenting and classifying tumors remains challenging due to
the diversity in tumor size, shape, and location.

The survey comprehensively covers anatomical information of the brain, public
datasets, enhancement techniques, segmentation, feature extraction, classification,
and the roles of deep learning, transfer learning, and quantum machine learning in
tumor analysis. It also outlines brain anatomy—highlighting key regions such as the
cerebrum, cerebellum, and brainstem—and their functions in sensory processing,
memory, movement, and coordination. The paper concludes by identifying current
limitations in tumor detection models and encourages future researchers to explore
improved methods for better segmentation and classification outcomes.
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2.14 A Novel Approach for Brain Tumor Classification
Using an Ensemble of Deep and Hand-Crafted Features

Kibriya et al. (2023) proposed a hybrid feature-based model for brain tumor de-
tection, combining deep learning and handcrafted feature extraction methods. Given
the high fatality rate of brain tumors and the rise in annual cases, rapid and accurate
diagnostic systems are critical. The authors introduce an ensemble feature vector
(EV) that combines texture-based handcrafted features (using GLCM — Gray Level
Co-occurrence Matrix) and deep features extracted from the VGG16 neural network.

This combined feature vector is used in classification models such as Support
Vector Machines (SVM) and K-Nearest Neighbors (KNN). The model achieved
99% accuracy on the BT-Large dataset and 96% on the BT-Small dataset. The study
emphasizes the reliability of the proposed method and its potential for real-world
deployment in clinical MRI-based diagnostics. The authors also suggest expanding
the approach to multiple imaging modalities and deeper classification by tumor
type in future research.

2.15 A Comprehensive Survey on Brain Tumor
Diagnosis Using Deep Learning and Emerging
Hybrid Techniques With Multi-Modal MRI

Ali et al. (2022) reviewed recent developments in brain tumor diagnosis using
deep learning and hybrid approaches, focusing on MRI-based imaging. The paper
highlights the limitations of manual segmentation and the growing need for computer-
aided diagnostic systems. The review spans research from 2010 to 2020, noting a
paradigm shift from traditional machine learning to deep learning and hybrid models.

The paper categorizes tumor types, such as gliomas, meningiomas, pituitary ad-
enomas, and nerve sheath tumors, and discusses their grades according to the WHO
classification. It emphasizes that accurate diagnosis is hindered by low contrast,
tumor location variability, and overlapping intensity values. The review identifies
trends in classifier usage and imaging modalities, recommending future research
in deep, ensemble, and hybrid learning to design more robust and clinically viable
computer-aided diagnostic (CAD) systems.

2.16 Deep Learning Based Brain Tumor
Segmentation: A Survey

Liu et al. (2023) presented an in-depth study on brain tumor segmentation

using deep learning techniques, one of the most complex tasks in medical image
analysis. With over 100 referenced papers, the survey explores key areas including
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network architecture design, handling data imbalance, and processing multi-modal
data inputs.The study highlights the effectiveness of deep learning in capturing
high-level features for precise segmentation and evaluates various architectures and
techniques. Despite advancements, challenges such as tumor location variability, low
contrast imaging, and limited data remain significant barriers. The paper concludes
by proposing future directions such as improved model robustness and expanded
multi-modality training for enhanced performance in real-world scenarios.

2.17 D Deep Learning Based Brain Tumor
Segmentation: A Survey of State of the Art

Magadza & Viriri (2021) focused on quantitative brain tumor analysis using
advanced segmentation techniques. The authors argue that while manual segmenta-
tion is highly accurate, it is impractical for large-scale studies due to time and labor
constraints. Therefore, deep learning has emerged as a promising alternative due to
its ability to automate and enhance accuracy in segmentation.

The paper reviews several state-of-the-art deep learning architectures applied to
medical imaging and discusses their performance in dealing with challenges such
as varying image contrast across modalities, lesion heterogeneity, and data imbal-
ance. It emphasizes the critical role of accurate segmentation in clinical treatment
planning and prognosis, suggesting that deep learning, although promising, still
requires refinement for widespread clinical adoption.

2.18 MRI-Based Brain Tumor Detection Using
CNN-Based Deep Learning Approach

In this study, Chattopadhyay & Maftre (2022) explore the role of medical
imaging—anon-invasive method of examining internal body structures—inimproving
diagnosis and treatment. Among these, MRI plays a pivotal role in detecting brain
tumors. The segmentation of tumors from MRI scans is crucial for accurate image
analysis and diagnosis. The researchers focus on segmenting brain tumors using
deep learning, aiming to assist medical professionals in locating tumors efficiently.
Traditional manual segmentation, involving the examination of multiple MRI slices,
is time-consuming and prone to human error. Hence, the study highlights the effec-
tiveness of Convolutional Neural Networks (CNN5s) in learning features directly from
multi-modal MRI scans to distinguish between healthy tissue and tumor regions.

Initially, the authors used SVM integrated with CNN, but the accuracy achieved
was low (20.83%). By modifying the network—changing the final layer to a softmax
function and the optimizer to AdaMax—accuracy improved to 98.10%. Further
enhancement using the RMSprop optimizer led to a final accuracy of 99.74%. The
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model used 2,473 training images and 273 testing images, with a 91:9 ratio over 11
training epochs. The CNN architecture includes 9 layers and 14 processing stages,
achieving high precision in tumor detection.

2.19 Brain Tumor Segmentation With Deep Learning and
Attention Mechanism Using MRI Multimodal Images

Ranjbarzadeh et al. (2021) propose a novel technique for segmenting brain tu-
mors from MRI scans using deep learning with attention mechanisms. Brain tumor
analysis using imaging modalities like T1, T1c, T2, and FLAIR provides essential
insights, but many existing models are computationally heavy and time-intensive.
To overcome this, the study introduces a preprocessing strategy that focuses on
analyzing only a smaller region of the MRI slices, which significantly reduces
computational load and addresses overfitting in cascade deep learning architectures.
A Cascade Convolutional Neural Network (C-CNN) is then developed to extract
both local and global features through separate processing paths. To further improve
segmentation accuracy, the authors implement a Distance-Wise Attention (DWA)
mechanism, which enhances the model's focus on the tumor’s central location within
the brain. The proposed model is tested on the BRATS 2018 dataset, achieving high
average scores for whole tumor (0.9203), enhancing tumor (0.9113), and tumor core
(0.8726) segmentations.

This research emphasizes the clinical importance of automated tumor segmenta-
tion, which can support radiologists by providing detailed information about tumor
volume, shape, and location. Such automation not only aids in treatment planning
but may also facilitate earlier diagnosis of related neurological disorders like Alz-
heimer’s disease, schizophrenia, and dementia.

3. EXISTING SYSTEM

Brain is the controlling focal point of our body. With the appearance of time, more
current and fresher cerebrum illnesses are being found. Subsequently, on account
of the changeability of mind illnesses, existing conclusion or location frameworks
are becoming testing and are as yet an open issue for research. Recognition of
mind illnesses at a beginning phase can have a colossal effect in endeavoring to fix
them. Lately, the utilization of computerized reasoning (man-made intelligence) is
flooding through all circles of science, and presumably, it is changing the area of
nervous system science. Use of simulated intelligence in clinical science has made
cerebrum sickness forecast and discovery more exact and exact. In this review, we
present a survey on late Al and profound learning approaches in identifying four
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mind illnesses like Alzheimer's sickness (Promotion), cerebrum growth, epilepsy,
and Parkinson's infection. 147 late articles on four mind illnesses

4. PROPOSED SYSTEM

We present a system that uses cutting-edge machine learning approaches to au-
tomate the segmentation of MRI images of brain tumors. To detect tumor locations
and healthy tissue, the system first pre-processes and segments raw MRI data. The
dataset is then divided into subsets for testing and training in order to construct and
assess the model. For classification, we use a deep learning architecture, such as a
Long Short-Term Memory (LSTM) network, where the model learns to categorize
each pixel or voxel into several classes. The model is used to forecast segmentations
for fresh MRIimages once training is finished. Ultimately, the segmentation findings
are refined by post-processing procedures, producing precise tumor region delinea-
tions. The suggested technique provides physicians with a reliable and automated
way to diagnose and treat patients with brain tumors more quickly and accurately.

4.1 Brain Image

This module pre-processes and segments the brain's raw MRIimages to find areas
of interest, such the edges of tumors or healthy tissue. To guarantee consistency across
scans, pre-processing techniques including noise reduction, intensity normalization,
and image registration may be used. After that, segmentation techniques like region
growth, thresholding, or sophisticated deep learning algorithms are used to identify
certain abnormalities or structures in the brain pictures.

Figure 3. Original MRI

e w1

==
P ] e | s [T om0 w1
= s w1

258



Senthil Kumar

ANV

avsenthilkumar@yahoo.c Dow

g5 2401:4900:882¢

4.2 Segmentation

The technique of dividing a picture into many segments or areas of interest is
known as image segmentation. Segmentation, as used in brain tumor analysis, is
the process of locating and separating the tumor from the surrounding healthy brain
tissue. For this purpose, a variety of segmentation algorithms may be used, including
deep learning-based techniques, region-growing, and thresholding.

4.3 Splitting Dataset Into Train and Test Data

The provided dataset is divided into several subsets for the purpose of training
and evaluating the machine learning model in this session. Training and testing sets
are created by randomly dividing the dataset, which contains brain MRI pictures
and the accompanying ground truth annotations, or by using certain techniques
(such stratified sampling). In order to enable the model to learn patterns efficiently,
most of the data is usually set aside for training, with a smaller amount set aside for
assessing the model's performance on unobserved data.

4.4 Classification

This module involves the training of a machine learning algorithm, such as an
LSTM network, to categorize individual pixels or voxels in the brain pictures into
distinct groups (e.g., tumor, background, healthy tissue). The classification model is
trained using the training data, which consists of input MRI pictures and matching
ground truth segmentations. Gradient descent and backpropagation are two methods
used in iterative parameter optimization that help the model learn to translate input
data to the appropriate class labels.

4.5 Prediction

After training, the classification model is used to fresh, unobserved brain MRI
data in order to forecast the segmentation masks, or the boundaries between vari-
ous areas within the pictures. When the raw MRI images are input into the trained
model, it produces predictions for every pixel or voxel that show the likelihood or
class label connected to the existence of a tumor or other structures. Large amounts
of imaging data are often handled effectively by this prediction method with the use
of parallel processing techniques.
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4.6 Result Generation

In order to produce final outputs and assess the segmentation algorithm's ef-
fectiveness, this module post-processes the anticipated segmentation masks. The
segmentation results may be improved, artifacts can be eliminated, and the final
output mask accuracy can be increased by using post-processing methods as mor-
phological operations, linked component analysis, or probabilistic graphical models.
Performance metrics are computed to evaluate the segmentation quality statistically
and compare it with ground truth annotations. These metrics include the Hausdorff
distance, sensitivity, specificity, and Dice similarity coefficient.

5. RESULT ANALYSIS

The accuracy of two well-known deep learning architectures, Long Short-Term
Memory (LSTM) and Convolutional Neural Network (CNN), was assessed in this
comparison study of brain tumor picture segmentation techniques. With an accuracy
of 90%, the LSTM model outperformed the CNN model, which had an accuracy of
85%. Tumor segmentation became more accurate as aresult of the LSTM architecture's
greater performance in collecting the complex characteristics and spatial interactions
seen in brain MRI images. This architecture is well-known for its capacity to capture
temporal dependencies and contextual information. On the other hand, while CNN’s
are good at identifying hierarchical characteristics in pictures, they may not be as
good at capturing temporal dynamics, which might have affected the quality of the
segmentation. These results highlight the usefulness of LSTM-based methods for
challenges involving the segmentation of images of brain tumors.

Table 1. Comparison graph

Methods accuracy
LSTM 90
CNN 85
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Figure 4. Comparison graph
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6. ALGORITHM DETAILS

The vanishing gradient issue is notably addressed by the Long Short-Term Mem-
ory (LSTM) method, a form of recurrent neural networks (RNNs), which makes it
possible for it to capture long-range relationships in sequential data. LSTM units
control information flow by combining memory cells with input, forget, and output
gates. This allows pertinent information to be retained across longer sequences while
unnecessary details are filtered away. Backpropagation across time optimizes the
model's capacity to learn and represent intricate temporal patterns by updating its
parameters throughout training. LSTM networks are particularly good at capturing
temporal and spatial relationships between image slices in the setting of brain tumor
MRI image segmentation. This allows for accurate segmentation by using temporal
dynamics and contextual information seen in multi-sequence MRI data.

Initialize weights and biases for LSTM cells

Initialize hidden state h_t and cell state c_t to zeros

For each time step t:

Concatenate input data x_t with previous hidden state h_{t-1}

Calculate input gate i_t = sigmoid(W_i * [x_t, h_{t-1}] + b_i)

Calculate forget gate f_t = sigmoid(W_f * [x_t, h_{t-1}] + b_f)

Calculate output gate o_t = sigmoid(W_o * [x_t, h_{t-1}] + b_o)

Calculate candidate cell state values ~c_t = tanh(W_c * [x_t, h_{t-1}] + b_c)

Update cell state c_t:

ct=ft*c {t-1}+i t*~c_t

Calculate hidden state h_t:

h_t = o_t * tanh(c_t)

End loop
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7. CONCLUSION

Finally, the LSTM method demonstrates its effectiveness in capturing temporal
dynamics and long-range relationships, making it a formidable tool for sequential
data processing. LSTM networks are very effective in a number of tasks, such as
language modelling, time series prediction, and picture sequence analysis, thanks
to its gated mechanism and memory cells. Because LSTM can include both spatial
and temporal information, it presents a viable solution for precise and reliable brain
tumor MRI picture segmentation. This might pave the way for improved neuro-
oncology diagnostics and individualized treatment plans.

8. FUTURE WORK

Subsequent research endeavors in the domain of brain tumor MRI image segmen-
tation may investigate many pathways towards more progress. First off, by offering
complementary details regarding tumor properties, the inclusion of multimodal
MRI data, such as diffusion-weighted imaging and perfusion-weighted imaging,
may improve the segmentation models' resilience and accuracy. Furthermore,
investigating the attention processes in LSTM networks may enhance the model's
capacity to concentrate on pertinent areas of interest, which may result in a more
accurate delineation of tumors. Additionally, the creation of synthetic data or the
improvement of segmentation boundaries may be made possible by using gener-
ative adversarial networks (GANs) or reinforcement learning approaches. This
would increase the dataset and enhance the generalization of the model. Lastly, in
order to translate research results into useful clinical practice, it would be crucial
to implement and evaluate these sophisticated segmentation algorithms in clinical
settings in conjunction with radiologists' knowledge.
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