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Abstract

Brain tumors are dangerous medical conditions that can
damage the brain and even cause death if not treated on time.
Early detection of tumors plays a key role in increasing the
chances of recovery. Magnetic Resonance Imaging (MRI) is
one of the most trusted scanning methods used in hospitals
because it provides detailed and clear pictures of the brain.
Traditionally, doctors or radiologists manually study these MRI
images to detect tumors. However, this process takes a lot of
time, requires expertise, and may lead to mistakes due to human
fatigue.

To overcome these problems, this paper presents an automated
system for brain tumor detection using deep learning methods,
especially Convolutional Neural Networks (CNN). The
proposed system takes MRI images as input, applies
preprocessing steps to enhance the quality, and then uses a
CNN model to automatically classify whether the brain has a
tumor or not. This system achieved high accuracy during
experiments and reduced the chances of errors compared to
manual detection. By reducing human workload and providing
quick results, this method can support doctors in making faster
and more reliable decisions.

Keywords: Brain Tumor Detection, MRI, Deep Learning,
Convolutional Neural Network, Medical Imaging, Al in
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I. INTRODUCTION

Brain tumors are abnormal growths of tissue inside the brain.
They can be either benign (non-cancerous) or malignant
(cancerous). If not diagnosed early, they may damage brain
functions such as memory, speech, vision, or movement.
According to medical studies, brain tumors are one of the
leading causes of cancer-related deaths worldwide.

MRI is commonly used in hospitals because it can show fine
details of brain tissues. Unlike X-rays or CT scans, MRI does
not use harmful radiation and provides better contrast for soft
tissues. However, analyzing MRI scans manually is not always
efficient. Radiologists must check hundreds of images
carefully, which increases the chance of missing a tumor.
With the growth of Artificial Intelligence (Al), new methods
have been developed to assist doctors. Deep Learning,
especially CNN, is very successful in analyzing images. Unlike
traditional methods, CNN can automatically learn important
features from MRI scans without manual work. This makes the
detection process faster and more accurate.

This research paper presents a deep learning-based model for
brain tumor detection. The system aims to reduce human errors,

II. LITERATURE SURVEY

Brain tumor detection has been studied for many years using
different technologies. The methods can broadly be grouped
into three categories: traditional image processing, machine
learning, and deep learning approaches.

Traditional Image Processing Methods

In the early stages, researchers applied basic image processing
techniques such as thresholding, region growing, and
clustering (e.g., K-Means, Fuzzy C-Means). These methods
attempted to separate the tumor area from normal tissues
based on pixel intensity or texture.
e Strengths: Easy to implement and required low
computational power.
e  Weaknesses: They failed when MRI scans had noise,
unclear boundaries, or overlapping tissue regions.
Tumor shapes are often irregular, so such methods
could not handle complex patterns well.

Machine Learning Approaches

Later, researchers introduced machine learning classifiers to
improve detection. Models such as Support Vector Machines
(SVM), Decision Trees, K-Nearest Neighbors (KNN), and
Random Forests were widely used. In these methods, features
such as texture, shape, and statistical values were manually
extracted from MRI images, and then the ML model classified
them into tumor or non-tumor.

e Strengths: More accurate than simple image
processing. ML models could generalize better.

e  Weaknesses: These methods required hand-crafted
features, which is time-consuming and often
depends on the experience of the researcher. They
also struggled with large and complex datasets.

Deep Learning Methods

With the success of deep learning in computer vision,
Convolutional Neural Networks (CNNs) became the most
popular choice for brain tumor detection. CNNs automatically
extract features from MRI scans, removing the need for
manual feature engineering.

e Researchers like Deepak & Ameer (2019) used
transfer learning with CNNs (e.g., VGG16, ResNet)
and achieved high accuracy (>95%).

e Sajjad et al. (2019) proposed multi-grade tumor
classification using CNN and extensive data
augmentation, which improved generalization.

save t.lme, and - provide reliable support to medical e Hybrid models combining CNN with segmentation
professionals.
© 2025, IJSREM | www.ijsrem.com | Pagel



http://www.ijsrem.com/

Volume: 09 Issue: 08 | Aug - 2025

International Journal of Scientific Research in Engineering and Management (IJSREM)

SJIF Rating: 8.586 ISSN: 2582-3930

methods (such as U-Net) further improved tumor
localization.

Hybrid and Advanced Approaches

Recent studies have also explored:

e 3D CNNs: Instead of analyzing only 2D MRI slices,
3D CNNs process volumetric data, capturing more
spatial details.

o Transfer Learning: Pre-trained models (e.g., ResNet,
Inception, DenseNet) fine-tuned on MRI datasets
provide high performance with smaller datasets.

e Segmentation + Classification Models: Some
systems first segment the tumor area using models like
U-Net, then classify the tumor type using CNN.

o Explainable AI (XAI): New research is focusing on
making Al predictions more understandable for
doctors by showing which parts of the MRI influenced
the decision.

Summary of Literature

From the review of existing work, it is clear that:

1. Traditional methods are simple but not accurate for
complex tumors.

2. Machine learning improved accuracy but depends on
manual feature selection.

3. Deep learning, especially CNNs, provides the best
results because it learns features directly from data.

4. The trend is moving toward hybrid systems (CNN +
segmentation, 3D CNN, or CNN + Transfer
Learning).

5. Future work should focus on larger datasets, real-time
detection, and explainable Al to support clinical use.

1. EXISTING SYSTEM

In current medical practice, the detection of brain tumors
mainly depends on manual diagnosis by radiologists. Doctors
carefully examine MRI scans to identify abnormal regions that
may represent tumors. While MRI provides excellent image
quality, the process of interpreting these scans is time-
consuming, requires high expertise, and is prone to human
error. Fatigue or the presence of very small or irregularly
shaped tumors may cause mistakes, which can delay treatment.
Earlier computer-based systems were designed to assist
radiologists, but they had several limitations.

Traditional image processing techniques such as thresholding,
histogram analysis, and clustering (K-Means, Fuzzy C-Means)
were among the first methods applied. These techniques
attempted to highlight tumor areas by separating bright or dark
regions. However, tumors vary in shape, size, and intensity,
which makes it difficult for such simple algorithms to detect
them accurately. Noise in MRI scans often resulted in false
detections.

Later, machine learning algorithms such as Support Vector
Machines (SVM), K-Nearest Neighbors (KNN), and Random
Forest were introduced. These approaches required manual
feature extraction, where experts selected features like texture,
shape, and edge details. The extracted features were then given
to ML models for classification. While these systems
performed better than simple image processing, their accuracy
was still limited because manually chosen features could not
capture all tumor variations.
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Overall, the existing systems have several limitations. Manual
diagnosis requires radiologists to check large numbers of
scans, leading to delays. Human analysis is subjective, as
different doctors may interpret the same scan differently.
Traditional ML systems often fail to generalize well when
tested on datasets from different sources. They also depend
heavily on handcrafted features, which is not practical for
large-scale hospital use. The accuracy of most existing
systems remains below the level required for reliable clinical
application, and scalability remains a major challenge.

In conclusion, existing systems for brain tumor detection are
either manual (doctor-based) or semi-automatic (ML-based).
Manual methods are accurate but slow, while machine
learning methods are faster but less reliable. There is a clear
research gap in building systems that are both fast and highly
accurate. This gap can be addressed using deep learning
models, especially CNNs, which automatically learn complex
features and provide high accuracy.

IV. PROPOSED SYSTEM

The proposed system is an automated approach for detecting
brain tumors from MRI images using deep learning. Instead
of depending on manual interpretation by radiologists or
traditional machine learning that relies on handcrafted
features, this system makes use of Convolutional Neural
Networks (CNN). CNNs have the ability to automatically
extract patterns and important features directly from MRI
scans, which makes the system faster and more reliable.

The process starts with MRI scans collected from publicly
available datasets or hospital records. These images are first
preprocessed to improve their quality. Preprocessing includes
resizing the scans to a fixed size, normalizing the pixel
intensity, and applying noise reduction techniques. Data
augmentation, such as rotation, flipping, and scaling, can also
be used to increase the size and diversity of the dataset so that
the model becomes more robust.

After preprocessing, the CNN model is applied to the images.
The convolutional layers of the model identify important
patterns such as texture, shape, and edges of the suspected
tumor region. Pooling layers reduce the size of the data while
keeping the important details. Fully connected layers then
combine the extracted information and classify the scan as
either tumor or non-tumor. Finally, the system provides the
result to the user, and the prediction can also be stored in a
database for future reference.

This system is designed to assist radiologists rather than
replace them. It can provide a quick and consistent prediction,
which doctors can use as a second opinion to confirm their
own analysis. The use of deep learning also ensures that the
system improves as more data is added, making it adaptable
for real-time medical use.

Advantages

Provides faster and more accurate tumor detection compared
to manual methods.

Reduces the workload of radiologists and helps in saving
time.
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Removes the need for manual feature extraction, which was
required in traditional ML approaches.

Can generalize well across large and diverse MRI datasets.
Stores results in a database for record-keeping and further
medical analysis.

Acts as a supportive diagnostic tool, helping doctors make
reliable decisions.

Has the potential to be deployed in hospitals and integrated into
real-time medical systems.
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Fig 1: Proposed Model

V. IMPLEMENTATIONS

The brain tumor detection system is implemented as a deep
learning-based application that processes MRI images and
predicts whether a tumor is present. The implementation involves
several key stages, from dataset preparation to final evaluation.
The first step is dataset collection. For this work, MRI datasets
are taken from publicly available sources such as Kaggle or The
Cancer Imaging Archive (TCIA). These datasets contain brain
MRI scans that are already labeled as tumor or non-tumor, which
is necessary for supervised learning.

The next stage is data preprocessing, where the MRI scans are
prepared before being given to the model. Preprocessing
includes resizing the images to a fixed dimension, normalizing
pixel values for uniform intensity, and applying noise reduction
filters to improve clarity. Data augmentation techniques such as
rotation, flipping, zooming, and scaling are also applied. This
increases the variety of training images and helps the model
generalize better.

The system then proceeds with model development. A
Convolutional Neural Network (CNN) is built with multiple
convolutional and pooling layers to automatically extract
important features from MRI scans. These layers capture
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texture, shape, and contrast information from the brain
regions. The extracted features are passed to fully connected
layers that perform the final classification. A Softmax
function at the output layer predicts the probability of the scan
belonging to either the tumor or non-tumor category.
Training and testing are carried out using a split dataset. The
training set is used to teach the model, while the testing set is
used to evaluate performance. The Adam optimizer and
categorical cross-entropy loss function are applied to improve
learning efficiency. The model is trained for multiple epochs,
and parameters such as learning rate and batch size are
adjusted to achieve the best results.

For performance evaluation, metrics such as accuracy,
precision, recall, F1-score, confusion matrix, and ROC curve
are used. These metrics show how well the system is able to
detect tumors without producing false positives or false
negatives.

The system can be deployed as a user-friendly application
where doctors or users can upload MRI scans to get
predictions. The results can also be stored in a database for
future reference and reporting. With additional development,
the system can be integrated into hospital management
software or cloud-based healthcare platforms for real-time
use.

VI. CONCLUSIONS

This paper presented a deep learning-based system for brain
tumor detection using MRI images. The proposed approach
focused on using Convolutional Neural Networks (CNN) to
automatically learn and classify tumor patterns without
requiring manual feature extraction. By applying
preprocessing techniques and data augmentation, the model
was able to achieve high accuracy and strong generalization
across the dataset.

Compared to traditional image processing and machine
learning methods, the deep learning approach proved to be
faster, more accurate, and less dependent on human expertise.
It reduces the workload of radiologists and provides
consistent results that can be used as a supportive tool in
medical diagnosis. The ability to store predictions in a
database also makes it useful for maintaining patient records
and carrying out further medical analysis.

Overall, the system shows great potential for integration into
real-world healthcare environments. It is not intended to
replace doctors, but to assist them by providing reliable
second opinions and saving valuable time in diagnosis. By
detecting tumors early and accurately, such systems can play
a crucial role in improving patient care and survival rates.

VII. FUTURE ENHANCEMENTS

Although the proposed system shows strong performance in
detecting brain tumors from MRI scans, there is still room for
further improvement and extension. Future research can focus
on several important directions.

One area is the use of 3D MRI scans instead of only 2D slices.
Three-dimensional imaging captures more spatial information
about the tumor, which can improve accuracy and help in
understanding the tumor’s size, depth, and location more
precisely.

Another direction is the development of multimodal systems
that combine MRI with other medical imaging techniques
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modalities, the system can provide a more complete view of the https://doi.org/10.1016/j.procs.2021.05.089

patient’s condition and reduce the chances of misclassification.

There is also scope for creating real-time applications that can
be directly used in hospitals. For example, a cloud-based or
mobile application could allow doctors to upload MRI scans
and instantly receive results, which would be especially useful
in emergency cases and remote locations.

Future systems should also focus on explainable Al techniques.
Doctors often need to understand why the model predicted a
tumor in a specific region. By providing heatmaps or visual
explanations, the system can build trust and increase its
acceptance in the medical community.

Finally, expanding the dataset size and diversity is important.
Training models on a wide range of MRI scans from different
populations, scanners, and conditions will make the system
more robust and reliable for real-world use.
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