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Abstract - The identification, segmentation, and extraction
of tumor-affected regions from Magnetic Resonance Imaging
(MRI) scans are important tasks in medical diagnosis. These
processes are usually performed by radiologists or medical
experts and require significant time and experience. Image
processing techniques help in visualizing the anatomical
structures of human organs more effectively, but detecting
abnormal structures in the brain using basic imaging methods
is still difficult. In this study, a Fully Automatic Heterogeneous
Segmentation using Support Vector Machine (FAHS-SVM)
method is proposed for brain tumor segmentation using deep
learning techniques. The approach introduces a fully automated
algorithm that separates the cerebral venous system in MRI
images by utilizing structural, morphological, and relaxometry
information. The segmentation process ensures a high level of
consistency between the brain anatomy and the surrounding
tissues. Extreme Learning Machine (ELM), which contains
one or more hidden layers, is applied as a learning algorithm
and is commonly used for tasks such as regression and
classification. In this work, a probabilistic neural network
classifier is used to train and evaluate the detection accuracy of
tumors in brain MRI images. Experimental results demonstrate
that the proposed system can effectively distinguish between
normal and abnormal brain tissues with an accuracy of
approximately 98.51%, showing the effectiveness of the
proposed method.

1. INTRODUCTION

Magnetic Resonance Imaging (MRI) has become an
essential tool in medical research and clinical diagnosis for
studying the structure of the human brain. It provides high-
resolution images with clear contrast between soft tissues,
which helps doctors identify diseases accurately. For proper
diagnosis, treatment planning, and understanding the
progression of diseases, it is important to clearly separate
abnormal tissues from normal brain tissues in MRI images.

Segmentation of MRI images plays a crucial role in medical
image analysis because it helps in identifying and isolating
specific regions of interest such as tumors. However, manual
segmentation performed by radiologists is a time-consuming
and complex task, especially when large volumes of imaging
data are involved. Automated segmentation methods can
support medical experts by improving the speed and reliability
of tumor detection and analysis.

A tumor refers to the uncontrolled growth of cells in any part
of the body. When such abnormal growth occurs in the brain, it
is called a brain tumor. Brain tumors can be classified into two
main types: benign and malignant. Benign tumors are non-
cancerous and usually grow slowly, while malignant tumors
contain cancerous cells and can spread rapidly to surrounding
tissues. Examples include meningioma and gliomas for benign
tumors, while astrocytoma and glioblastoma are considered
malignant types.

Among these, glioblastoma is one of the most aggressive
forms of brain tumors. It is characterized by rapid growth,
abnormal blood vessel formation, and the presence of dead
cells around the tumor area. Because of these characteristics,
early detection and accurate identification of tumor regions are
extremely important for effective treatment and surgical
planning.

In medical image processing, segmentation helps divide an
image into multiple meaningful regions based on
characteristics such as intensity, texture, color, and boundaries.
This process allows the identification of tumor tissues from
MRI scans more effectively. Therefore, developing efficient
automated techniques for brain tumor detection and
segmentation is essential to assist doctors and improve
diagnostic accuracy.

Machine learning and artificial intelligence have
significantly improved medical image analysis. These
techniques allow computers to learn patterns from large
datasets and identify hidden features within images. By training
models with labeled MRI datasets, the system can differentiate
between normal tissues and tumor tissues. This capability
enables more reliable detection of brain tumors and supports
doctors in making better clinical decisions.

Another important aspect of brain tumor analysis is accurate
segmentation of the tumor region. Segmentation divides the
MRI image into meaningful sections so that the tumor area can
be clearly separated from healthy brain tissues. Proper
segmentation helps doctors determine the size, shape, and
location of the tumor, which is essential for treatment planning
and surgical procedures.

Therefore, developing an efficient automated method for
brain tumor detection is an important research problem in
medical image processing. The proposed approach combines
image preprocessing, feature extraction, and machine learning
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techniques to detect tumor regions effectively from MRI
images. Such automated systems can support medical
professionals by providing faster and more accurate analysis of
brain MRI scans.

2. Body of Paper

In clinical studies on brain anatomy, MRI has become a
crucial tool [1]. The high resolution, contrast, and clear
separation of the soft tissue enable doctors to identify specific
diseases accurately [2]. For understanding pathology, assessing
evolutionary trends, for preparation, the best surgical method
or alternatives possible, an exact segmentation of the
pathological and healthy tissues that comprise the Magnetic
Resonance image are necessary [3]. Automated segmentation
methods are a helpful solution to help management with
unreliable degrees of automation to trace the boundaries of
various tissue areas, and by allowing automated volumetric of
pathologic MRI signal analysis

The proposed system focuses on automatically detecting
brain tumors from Magnetic Resonance Imaging (MRI) scans
using image processing and machine learning techniques. MRI
images are first collected and used as the input for the detection
process. Since raw MRI images may contain noise and
unnecessary variations, preprocessing is performed to improve
the image quality. This step includes noise removal and
normalization so that the important structures of the brain can
be clearly observed. Preprocessing helps in enhancing the
contrast of the image and prepares the data for the next stages
of analysis.

After preprocessing, the important characteristics of the
MRI images are extracted. Feature extraction plays a major role
in identifying abnormal tissues because it captures useful
information such as texture, intensity, and structural patterns
present in the brain image. These extracted features help
distinguish tumor regions from normal brain tissues. The
features obtained from the MRI scans are then provided as
input to the classification model, which analyzes the patterns
and determines whether a particular region belongs to a tumor
or healthy tissue.

To perform the classification process, the system uses a
Support Vector Machine (SVM)-based approach that can
effectively separate tumor and non-tumor regions. The
classifier is trained using labeled MRI images so that it can
learn the differences between normal brain tissues and
abnormal tumor regions. Once the training process is
completed, the model can analyze new MRI images and
automatically detect the presence of tumors. The method works
by identifying the boundaries and characteristics of the tumor
area within the brain image.

After the detection process, the system evaluates the
performance of the proposed approach using different
evaluation measures. These measures help determine how
accurately the model detects tumor regions from MRI images.
The evaluation is carried out by comparing the predicted tumor
regions with the actual tumor regions present in the dataset.
Performance metrics such as accuracy, sensitivity, and
specificity are commonly used to measure the effectiveness of
the detection system. Accuracy indicates the overall
correctness of the model, sensitivity measures the ability to

correctly identify tumor cases, and specificity represents how
well the system identifies non-tumor cases.

The experimental results obtained from the evaluation show
that the proposed automated approach is capable of detecting
tumor regions effectively from MRI images. The system
demonstrates improved detection performance and helps
reduce the time required for manual analysis by medical
experts. By combining image preprocessing, feature extraction,
classification, and evaluation techniques, the proposed method
provides a reliable approach for assisting doctors in brain tumor
diagnosis and medical decision-making.
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Fig 2: Fractional Dimension vs Mean Intensity

Shows the relationship between two extracted features from
MRI brain images: mean intensity (x-axis) and fractal
dimension (y-axis). These features are used to distinguish
between tumor tissues and healthy brain tissues. In the graph,
the red star symbols represent tumor samples, while the blue
cross symbols represent healthy samples. The tumor data points
mostly appear at lower mean intensity values and higher fractal
dimension values, indicating that tumor regions tend to have
more complex texture patterns.
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Fig 3: MRI image of a brain tumour

The detection process begins with collecting MRI brain images
from a reliable medical dataset. These images serve as the input
for the proposed system. Since MRI images may contain noise,
uneven intensity, and irrelevant background information,
preprocessing techniques are applied to improve the overall
quality of the images. Image enhancement methods help
increase the clarity and contrast of important brain structures so
that tumor regions can be identified more effectively. Noise
removal techniques are also used to eliminate unwanted
distortions that may affect the accuracy of the detection system.

Another important step in the detection process is skull
stripping. In MRI brain images, the skull and other non-brain
tissues may appear along with the brain region. These parts do
not contribute to tumor detection and may create confusion
during the analysis process. Therefore, skull stripping
techniques are used to remove the outer skull portion and retain
only the brain tissues. This step simplifies the image and allows
the system to focus only on relevant regions during further
processing.

After isolating the brain region, segmentation techniques are
applied to divide the MRI image into meaningful regions.
Segmentation helps separate different types of brain tissues
such as gray matter, white matter, cerebrospinal fluid, and
possible tumor regions.To evaluate the effectiveness of the
proposed detection system, different performance metrics are
used. These evaluation measures help determine how
accurately the system identifies tumor regions in MRI images.
Accuracy is used to measure the overall correctness of the
model’s predictions. Sensitivity evaluates the system’s ability
to correctly identify tumor cases, while specificity measures
how well the model identifies normal cases without tumors.
These metrics provide a comprehensive understanding of the
performance of the detection system.

3. LITERATURE SURVEY

3.1 Brain Tumor Classification Using Deep Learning
Neural Networks

Author: H. Mohsen et al

Focus: H. Mohsen and colleagues proposed a brain tumor
classification method using deep learning neural networks.
Their approach analyzes MRI brain images and automatically
identifies tumor regions by learning complex patterns from the
data. The study showed that deep learning models can improve

the accuracy and efficiency of brain tumor detection compared
to traditional machine learning methods.

3.2 MRI-Based Brain Tumor Image Segmentation Using Deep
Learning Methods

Author: A. Isin et al

Focus: A. Isin and co-authors presented a review of different
deep learning techniques used for brain tumor segmentation in
MRI images. Their work discusses how convolutional neural
networks and other deep learning models can effectively
separate tumor tissues from normal brain tissues. The study
highlights the advantages of automated segmentation in
assisting radiologists during diagnosis.

3.3 Brain Tumor Detection and Classification Using Deep
Learning Classifier on MRI Images

Authors: V. G. P. Rathi & S. Palani

Focus: V. G. P. Rathi and S. Palani proposed a brain tumor
detection system using a deep learning—based classifier on MRI
images. Their method focuses on extracting important features
from MRI scans and using a classifier to distinguish between
tumor and non-tumor tissues. The results demonstrated
improved classification performance in identifying brain
tumors.

4. TECHNOLOGY USED IN BRAIN TUMOUR
DETECTION

Software used:

This brain tumor detection system mainly include Deep
Learning, Computer Vision techniques, and Web Development
frameworks. The core technology used is a Convolutional
Neural Network (CNN), a deep learning model that is highly
effective for image classification tasks. CNN is used to analyze
MRI brain images, automatically extract important features,
and classify them as tumor or non-tumor. Before feeding
images into the model, image preprocessing techniques such as
resizing, normalization, and noise removal are applied to
improve image quality and ensure consistency in the dataset.
Data augmentation methods like rotation, flipping, and
zooming are also used during training to increase dataset
diversity and improve the model’s accuracy and robustness. For
the software implementation, the system is developed as a web
application using the Django framework as the backend, which
integrates the trained CNN model and handles the processing
of uploaded MRI images. The frontend interface is built using
HTML, CSS, and Bootstrap, which provide a simple and user-
friendly interface for users to upload images and view results.
The system also includes modules for image upload, result
display, and doctor appointment booking, making it a complete
application for assisting in brain tumor diagnosis. These
technologies together enable faster, automated, and more
reliable detection of brain tumors compared to manual analysis.

5.PROPOSED SYSTEM
Automated Brain Tumor Detection
e The system automatically detects and classifies
brain tumors from MRI images using deep
learning techniques.
e It reduces the need for manual analysis by
doctors.
e Use of Convolutional Neural Network (CNN)
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e A CNN model is used to analyze MRI images.

e It extracts important features from the images and
classifies them as tumor or non-tumor.

MRI Image Preprocessing

e The uploaded MRI images are preprocessed
before being given to the model.

e Techniques such as resizing, normalization, and
noise removal are applied to improve image
quality.

Model Training and Validation

e The CNN model is trained using labeled MRI
image datasets.

e Validation is performed to check the model
performance and avoid overfitting.

Real-Time Prediction

e  When a new MRI image is uploaded, the trained
model instantly predicts whether a tumor is
present or not.

e  User-Friendly Web Application

e The system is implemented as a web application
where users can easily upload images and view
results.

Doctor Consultation Feature

e  After detection, patients can book appointments
with doctors through the system for further
consultation.

6. CHALLENGES FACED IN IMPLEMENTATION

Limited Dataset Availability

Obtaining a large and high-quality MRI dataset for training the
model was difficult and A small dataset can affect the accuracy
and performance of the model.

Image Quality and Noise

MRI images may contain noise, distortions, or different
resolutions and Proper preprocessing was required to improve
image quality before training the model.

Model Training Complexity

Training a Convolutional Neural Network (CNN) requires high
computational power and time, Adjusting parameters such as
learning rate, epochs, and batch size was challenging.

Overfitting Problem

The model may perform well on training data but poorly on
new data.Techniques like validation and data augmentation
were needed to reduce overfitting.

Prediction Accuracy and Reliability
Ensuring that the model gives accurate and reliable predictions
is important, especially for medical applications.

User Interface Design
Designing a simple and user-friendly interface for uploading
images and viewing results was also a challenge.

Integration with Web Application
Integrating the trained CNN model with the backend
framework and web interface required additional effort.

Handling Different Image Formats Users may upload MRI
images in different formats and sizes.The system had to support
multiple formats and standardize them before processing.

7.SYSTEM DESIGN

7.1 Module include:
Image Upload Panel
e  Allows users to upload MRI or X-ray images.
e  Performs basic preprocessing of images.
Result Module
e Displays whether a brain tumor is detected or not.
e Shows prediction accuracy and allows report
download.
Doctor Appointment Module
o Allows patients to book appointments with doctors.
e  Doctors can view the uploaded images and results.

7.2 Architecture of the System

BRAIN TUMOR DETECTION SYSTEM

- v ~
USER INTERFACE CNN MODEL RESULT & REPORT
MODULE

v v

IMAGE UPLOAD PANEL RESULT PANEL
v

IMAGE PREPROCESSING
L v v

IMAGE UPLOAD MODEL TRAINING &
PANEL VALIDATION

RESULT PANEL

A4

DOCTOR APPOINTMENT PANEL

8. IMPLEMENTATION AND RESULTS

8.1 System Development

The system development process involved designing and
implementing an automated brain tumor detection system using
deep learning and web technologies. A Convolutional Neural
Network (CNN) model was developed to analyze MRI brain
images and classify them as tumor or non-tumor. During
development, MRI images were collected and organized into
training, validation, and testing datasets. Image preprocessing
techniques such as resizing, normalization, and noise removal
were applied to improve image quality and ensure uniform
input to the model. Data augmentation techniques like rotation,
flipping, and zooming were also used to increase the dataset

© 2026, IJSREM | https://ijsrem.com

DOI: 10.55041/IJSREM57516 |

Page 4


https://ijsrem.com/

Volume: 10 Issue: 03 | March - 2026

International Journal of Scientific Research in Engineering and Management (IJSREM)
SJIF Rating: 8.659

ISSN: 2582-3930

size and improve model performance. The CNN model was
trained using labeled MRI datasets so that it could learn
important tumor-related features. After training, the model was
integrated with a web application developed using Django for
the backend. The user interface was created using HTML, CSS,
and Bootstrap to make the system simple and user-friendly. The
system also included modules such as image upload, result
display, and doctor appointment booking to provide a complete
and functional application.

8.2 System Testing

System testing was carried out to verify that the developed
system works correctly and meets the required objectives. The
CNN model was tested using a separate testing dataset to
evaluate its performance on unseen MRI images. Different
evaluation metrics such as accuracy, precision, recall, F1-score,
and confusion matrix were used to analyze the prediction
results. Functional testing was performed to check whether all
modules of the system, including image upload, preprocessing,
prediction generation, and result display, were working
properly. The web interface was also tested to ensure users
could easily upload MRI images and obtain results without
errors. Performance testing was conducted to measure the
response time of the system when processing images. Any
errors or bugs found during testing were corrected to improve
the reliability and stability of the application.

8.3 Results

The results obtained from the system demonstrated that the
proposed brain tumor detection model can successfully identify
tumors from MRI images with good accuracy. The CNN model
effectively extracted important features from the MRI scans
and classified them into tumor and non-tumor categories. The
system was able to produce prediction results quickly after an
image was uploaded, making the detection process faster and
more efficient than manual analysis. The result panel displayed
the prediction outcome along with the accuracy of the model,
allowing users to easily understand the output. The generated
reports could also be downloaded or printed for future
reference. In addition, the system provided an option for users
to book doctor appointments after receiving the results.
Overall, the results show that the system can assist medical
professionals by providing faster, reliable, and automated brain
tumor detection.

Fig 1: Register page

Brain Tumouw Hub

Fig 2: Login page

Brain Tumow Hub

MR! Scan Upload

Fig 3: MRI upload page

Brain Tumouwr Hubd

USERS

Fig 4:Users list view page

9. DISCUSSION AND ANALYSIS

9.1 Advantages of Brain Tumour Detection

Early Detection: Helps in identifying brain tumors at
an early stage, improving treatment chances.

High Accuracy: Deep learning models like CNN
provide more accurate results compared to manual
analysis.
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e Faster Diagnosis: The system analyzes MRI images
quickly and provides instant results.

e Reduces Human Error: Automated detection reduces
mistakes that may occur during manual examination.

e Saves Time for Doctors: Doctors can get quick
analysis results and focus more on patient treatment.

e Easy to Use: The web-based interface allows users to
easily upload images and view results.

e Remote Access: Doctors and patients can access the
system from different locations through the web
application.

e  Stores Medical Records: The system can store patient
images and results for future reference.

9.2 Future Works
e Improve Model Accuracy
o Use Advanced Deep Learning Models
e Multi-Class Tumor Classificatio
o Integration with Hospital Systems
e Real-Time MRI Analysis
e Improved Image Processing Techniques
e Automated Tumor Segmentation
e  Enhanced Security and Privacy
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11. CONCLUSIONS

The Brain Tumor Detection system demonstrates how artificial
intelligence and deep learning can be effectively used in the
medical field to assist in disease diagnosis. By using a
Convolutional Neural Network (CNN), the system
automatically analyzes MRI brain images and identifies
whether a tumor is present or not. Image preprocessing
techniques such as resizing, normalization, and noise removal
help improve the quality of the input images, allowing the
model to extract important features more accurately. Data
augmentation methods are also used to increase the diversity of
the dataset and improve the robustness of the model.The system
is developed as a user-friendly web application using Django
for the backend and HTML, CSS, and Bootstrap for the
frontend. This allows users such as doctors or patients to easily

upload MRI images and receive prediction results in a short
time. The result panel clearly displays the detection outcome
and provides options to store or download the report. In
addition, the system includes a doctor appointment module that
enables patients to consult with medical professionals after the
detection process.Overall, the project highlights the potential
of deep learning technologies in improving medical diagnosis.
The automated detection system helps reduce human error,
speeds up the diagnosis process, and supports doctors in
making better clinical decisions. With further improvements
and the use of larger datasets, the system can become an even
more reliable tool for assisting in the early detection and
treatment of brain tumors.
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