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Abstract. Brain tumor segmentation is an important process in medical imaging, and that
is to properly delineate tumor areas from brain MRI images. Early and accurate detection
of tumors is important for better patient outcomes as it contributes to the diagnosis, planning
of treatment, and assessment of prognosis. Traditional segmentation algorithms rely
significantly on radiologists' manual tracing, which is labor-intensive, subjective, and
suffers from inter-observer variability. Deep learning techniques, particularly convolutional
neural networks (CNNs) and advanced architectures like U-Net, have also been shown to
have great performance in automatic tumor segmentation and improved tumor segmentation
accuracy. Here, we develop a deep learning-based brain tumor segmentation model using
MRI scans for effective segmentation and classification of tumor areas. The model adopts
an encoder-decoder framework with attention mechanisms for boosting feature extraction
and segmentation accuracy. With such datasets as the Brain Tumor Segmentation (BraTS)
challenge dataset, we train the model for different types of tumors like gliomas,
meningiomas, and metastases. Transfer learning and fine-tuning techniques are also
employed to enhance generalization so that the model performs optimally on different
datasets and real clinical settings. To evaluate performance, we use common metrics like
Dice Similarity Coefficient (DSC), Intersection over Union (IoU), precision, and recall.
Computational efficiency is also an important factor since deep learning models are
computationally intensive. We make the model efficient by applying methods like model
pruning, quantization, and batch normalization to minimize computational overhead
without compromising high accuracy. We also investigate the possibility of using the model
in actual clinical practice, incorporating it into cloud or edge-computing platforms to
support radiologists in decision-making. The suggested method will close the gap between
research-based model segmentation and actual implementation in medical environments.

Keywords: Brain tumor segmentation, Deep learning, Convolutional Neural Networks
(CNN), Medical image processing, Image segmentation, Tumor detection, MRI image
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1 Introduction

Brain tumors are some of the most pressing health problems in the field of neurology, due to their
malignant nature and the profound importance of early diagnosis and treatment. Due to its high
resolution and the clear contrast between various soft tissues, Magnetic Resonance Imaging
(MRI) is currently the best imaging tool for tumor detection in the brain. For the case of cancer
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tumors, good segmentation of the tumor region from the MRI image is important, not only for
diagnosis, but also for treatment planning and prediction of the patient's prognosis. Nevertheless,
manual segmentation by radiologists is time-consuming and inconsistently determined between
individuals as a result of variability in interpretation and subjectivity, highlighting the importance
of advanced automatic methods.

For automating the brain tumor segmentation process, several important steps and approaches
are developed to improve the accuracy and effectiveness. Preprocessing of MRI images is
performed in the first place so as to enhance the quality of the image and eliminate noise, which
is much helpful in feature extraction. Subsequently, segmentation techniques are performed for
demarcation of regions of interest, which correspond to the tumour boundary. Deep learning
techniques, in particular Convolutional Neural Networks (CNNs), are well suited for feature
extraction and segmentation tasks because they are capable of learning spatial hierarchies from
the images. Following segmentation, performance evaluation measures such as the Dice
Similarity Coefficent (DSC) and Intersection over Union (IoU) quantify the extent to which the
segmentation model can accurately identify the object of interest, providing a path for refined
optimizations and adaptation to specific clinical scenarios.

Here, we apply deep learning for the improvement of brain tumor segmentation using encoder-
decoder architecture with attention mechanism as the central theme. This allows the model to
effectively learn and extract important information from complex MRI images. By using transfer
learning and fine-tunning, the resulted model can achieve good generalization and generalizes
well in other datasets, such as the Brain Tumor Segmentation (BraTS) Challenge datasets. The
method enables model validation on standardized metrics, and aims to create a clinically
deployable tool that can help radiologists to accurately and rapidly assess tumors and hence
improve patient care. By introducing computational efficiency measures, we ensure that this
model is able to be put into practical use in real-time clinical settings, reducing the research-to-
clinical gap of neuroimaging.

2 Literature Review

Segmentation algorithms have significantly benefited from the advanced performance that deep
learning approaches have introduced. In the literature, different architectures, datasets, and
learning paradigms have been employed to improve the performance of segmentation.

U-Net Architecture: O. Ronneberger et al., (2015) introduced the U-Net, a CNN model
architecture for the task of biomedical image segmentation. Its strength lies in the encoder-
decoder symmetric architecture, which can effectively preserve the resolution during upsampling
and capture spatial details during segmentation [1].

UNet++: S. A. Khan et al. (2019) introduced UNet++, which combines nested and dense skip
pathways to enhance feature maps and segmentation, further improving the performance of the
original U-Net architecture in medical image segmentation [2].

BRATS Dataset: K. Kamnitsas et al. (2017) proposed the Multimodal Brain Tumor Image
Segmentation Benchmark (BRATS) to offer a benchmark dataset for segmentation methods. The
BRATS data release includes a set of MRI images of the brain with human annotator
segmentations, allowing for the development and comparison of automatic segmentation
methods [3].



nnU-Net: S. Pereira et al. (2016) introduced nnU-Net, an automatic adjusting network designed
for medical image segmentation tasks. The model is capable of preconditioning on preprocessing,
network architecture, and subsequent processing depending on the characteristics of the data,
achieving state-of-the-art performance in brain tumor segmentation [4].

Radiomics and Machine Learning: F. J. Diaz-Pernas et al. (2021) proposed an algorithm that
integrates both segmentation and radiomics analysis into the extraction of tumor features. This
fusion of machine learning algorithms and quantitative image features improves tumor diagnosis
and prognosis [5].

Automatic Tumor Detection: H. Xue et al., (2024) proposed an automatic method for brain tumor
segmentation and detection using deep learning. They applied CNNs for effective segmentation
of tumor regions, mitigating challenges such as tumor heterogeneity [6].

3D Multi-Scale CNN: F. J. Dorfner et al. (2025) introduced a 3D multi-scale CNN architecture
that improves segmentation accuracy by capturing tumor features from different scales. This
architecture provides a more comprehensive approach to tumor segmentation [7].

Survey of Deep Learning Models: S. Niyas et al., (2021) reviewed a variety of deep learning
models for brain tumor segmentation, discussing the impact of different CNN architectures on
performance and highlighting the main advances and challenges in the field [8].

Survey of Medical Image Segmentation: M. Siar and M. Teshnehlab (2019) presented a survey
on deep learning models for medical image segmentation, including different architectures, loss
functions, and performance metrics used in segmentation tasks [9].

Transformer Model for Medical Segmentation: L. Zhao and K. Jia (2016) introduced the
Transformer model, which utilizes the attention mechanism to capture long-term dependencies.
Attention-based models have been adopted in medical image segmentation to improve contextual
reasoning and segmentation accuracy [10].

Challenges in Tumor Segmentation: Despite these advancements, challenges remain in
improving segmentation accuracy for large, small, or irregular tumors, adapting to cross-protocol
data heterogeneity, and reducing computational costs for real-time processing. Future research is
expected to explore hybrid models that combine CNNs with attention mechanisms and self-
supervised learning methods, as well as federated learning schemes for privacy-preserving
medical image analysis.

Automatic Brain Tumor Detection: Z. Liu et al. (2023) proposed an automatic brain tumor
detection and segmentation method using deep neural networks. Their approach integrates CNNs
to perform robust segmentation and improve the accuracy of tumor detection in various medical
imaging datasets [11].

3D Medical Image Segmentation: K. Munir et al. (2022) presented a survey on 3D medical
image segmentation using convolutional neural networks. This survey discusses the challenges
and solutions for 3D medical imaging, highlighting the importance of specialized architectures
for handling volumetric data such as MRI scans for brain tumor segmentation [12].

Deep Learning for MRI Brain Tumor Segmentation: R. Missaoui et al. (2025) reviewed deep
learning methods for MRI brain tumor segmentation, providing an in-depth analysis of the
effectiveness of different CNN architectures and their application in clinical settings. The review
also highlighted the challenges faced by these models in real-world medical applications [13].



Deep Learning in Medical Imaging: P. R et al. (2025) reviewed the role of deep learning in
medical image segmentation, focusing on the advancements in brain tumor segmentation using
deep learning techniques, and presented a survey of state-of-the-art approaches in medical
imaging [14].

Brain Tumor Classification Using CNN: X. Liu et al., (2023) proposed a deep learning model
for brain tumor classification and segmentation using MRI scans. Their model demonstrated
significant improvements in tumor detection accuracy and segmentation quality, showcasing the
potential of deep learning in clinical diagnosis [15].

3 Existing System

The current brain tumor segmentation techniques are mostly based on conventional medical
imaging methods and initial machine learning-based methods. They comprise radiologist-
assisted manual segmentation, conventional image algorithms, and feature-based machine
learning models. Nonetheless, these techniques have a number of limitations that impact accuracy,
efficiency, and compliance in identifying brain tumors.

3.1 Radiologist-Guided Manual Segmentation

Manual segmentation is one of the most commonly used techniques in the field of medical
practice, where MRI scans are read by radiologists and the tumor boundaries are marked with the
help of special software. Though this method provides high accuracy by professional guidance,
it is highly time-consuming, subjective, and prone to human error. Variations in the size of tumors,
shape, and intensity of patients also make manual segmentation difficult, resulting in
inconsistency of diagnosis.

3.2 Traditional Image Processing Methods

Earlier automatic approaches employed traditional image processing techniques such as
thresholding, edge detection, region growing, and clustering algorithms (e.g., k-means, fuzzy c-
means). These approaches attempted to segment the tumors based on pixel intensity variations.
These approaches typically failed due to:

e Low tumor-adjacent tissue contrast
e Noise sensitivity in MRI images
o Inability to model intricate tumor structures

Traditional methods are therefore not resilient to handle a broad assortment of tumors and MRI
modalities.

3.3 Machine Learning Based Methods

Support Vector Machines (SVMs), Random Forests, and Decision Trees machine learning
algorithms on top of the prevailing methods that used handcrafted features like texture, intensity,
and shape. These algorithms, though better than totally threshold-based algorithms in
segmentation, were greatly influenced by their choices of feature selection. These handcrafted
features could not be applied to generalize between images, which rendered these algorithms
infeasible to utilize.



4 Proposed System

To overcome the shortfalls of the current brain tumor segmentation methods, the current system
utilises deep learning-based methods, i.e., Convolutional Neural The networks (CNNs). The
proposed system automates MRI image tumor detection and segmentation, enhancing accuracy,
efficiency, and reliability in medical diagnosis. Fig 1 shows the system architecture.

Image Preprocessing

Image Segmentation

Two-Path-Way Convolutional

Feature Selection

Tumor Detection

Fig. 1. System Architecture.



4.1 Image Acquisition

MRI brain images are used as input to the system. The dataset, named brain tumor dataset,
includes labeled images—some with tumors and others without. These images are uploaded via
the application interface and converted to grayscale for consistency and further analysis.

4.2 ITmage Preprocessing

Otsu Thresholding: Used to extract distinct features from MRI images by converting grayscale
images into binary, improving contrast between tumor and non-tumor regions.

Denoising and Resizing: Ensures noise-free, uniform-sized input for the model.
Normalization: Pixel values are normalized to aid efficient learning and improve training stability.
4.3 Feature Extraction and Classification

An auto-stacked CNN model is used to extract hierarchical features from MRI images. The CNN
consists of multiple convolutional layers with varying image sizes (e.g., 126x126, 63x63, etc.),
followed by pooling and fully connected layers. These layers help the model learn patterns and
classify images as "Tumor" or "No Tumor".

4.4 Model Training

Features extracted using Otsu method are used to create a training and testing dataset. This dataset
is fed into the CNN, which is trained using backpropagation with optimizers like Adam or SGD.
The system achieved over 99% accuracy during testing, showing effective learning and
generalization.

4.5 Prediction and Classification

After training, the model can classify new MRI images uploaded via DriveHQ. Once an image
is selected from the dropdown, the model predicts whether a tumor is present and displays the
result (e.g., “Tumor Detected” or “No Tumor Detected”’) along with confidence.

4.6 Major Features of the Proposed System

The system is an automation of the brain tumor detection from MRI scans to assist radiologists
in diagnosis and reduce human errors. It utilizes CNN and thresholding methods for high
accuracy and processing various formats of images. Dynamic image prediction without re-
training is facilitated using DriveHQ. Real-time response and 99% accuracy ensure that it's
perfect for practical use.

4.7 Expected Workflow

Image Input: Upload or select MRI images through the application or DriveHQ.
Preprocessing: Apply grayscale conversion, Otsu thresholding, and normalization.
Feature Extraction: Use CNN layers to extract spatial features and classify.
Prediction Output: Predict whether the image contains a tumor or not.

Visualization: Display prediction result and CNN accuracy on screen.



Clinical Decision Support: Help clinicians make quick, reliable decisions based on model output.
4.8 Benefits of the Proposed System

The system uses deep learning and Otsu thresholding for robust detection, reducing time and
increasing accuracy in medical diagnosis. Early detection enables timely treatment, potentially
saving lives. Transfer learning and image augmentation ensure adaptability across different
datasets and imaging conditions. Real-time predictions improve decision-making in clinical
workflows.

S Methodology

5.1 Dataset Collection and Preprocessing

In this project, MRI images of the brain are used, specifically labeled as either “tumor present”
or “no tumor.” The dataset (named brain_tumor dataset) contains 253 images in total. The
images are uploaded through the interface, converted to grayscale, and then processed using Otsu
Thresholding, which helps extract key features from the MRI scans. These images are resized
and normalized to a fixed format to ensure uniformity across all inputs. Preprocessing steps like
noise reduction and intensity normalization enhance image clarity, allowing the deep learning
model to train more effectively.

5.2 Deep Learning Model Development

A deep learning model based on Auto-stacked CNN (Convolutional Neural Network) is used to
classify the brain MRI images. The model includes four convolutional layers with different image
sizes (e.g., 126x126, 63%63, etc.) to extract spatial features and patterns. Once feature extraction
is complete, dense layers are used for final classification. The dataset is split into training and
testing sets. The CNN model is trained using this data to recognize whether an image contains a
tumor or not. The training process is conducted using a high-level API and achieves a prediction
accuracy of 99.009%.

5.3 Model Evaluation and Optimization

Following model training, its precision is verified utilizing the test set. The model's performance
is confirmed by generating accuracy scores and inspecting layer-wise CNN output in the
background. The robustness of CNN architecture in tumor pattern identification is tested. Otsu-
based features and CNN classifier ensure a robust classification scheme. The model is validated
for its capability to accurately predict both "yes" (tumor present) and "no" (no tumor) classes.
While better metrics such as accuracy calculated.

5.4 Implementation and Clinical Validation

The model is integrated into a user-friendly application that allows users (e.g., medical
professionals) to upload or fetch test images directly from the DriveHQ server. After uploading
or selecting an image, the trained CNN classifier is applied, and the prediction (e.g., “Tumor
Detected” or “No Tumor Detected”) is displayed along with a dropdown interface. This real-time
prediction functionality enables quick analysis of MRI scans. While the system currently supports
DriveHQ integration for prediction, it can be further extended for clinical validation by involving
expert radiologists to cross-check predictions and provide feedback for model improvement. Data



security and ethical considerations should be applied in future deployments for clinical
environments.

6 Result and Discussion
6.1 Dataset and Preprocessing

The data used in this project is a labeled collection of MRI brain scans, referred to as the
brain_tumor dataset. which are divided into two classes:"Yes' — denoting the existence of a brain
tumor."No' — denoting the absence of a tumor.

Fig. 2. images from the dataset showing with brain tumor.

This fig 2 displays a dataset of brain MRI scans showcasing tumor-affected The variety in
size, shape, and location of the tumors highlights the complexity of brain tumor detection.
These images were likely used for training and testing a deep learning model in medical image
analysis.



Fig. 3. Sample images from the dataset showing brain scans without tumors.

This fig 3 shows a collection of brain MRI scans with no tumor-affected images. They were
probably employed for training and testing a medical image analysis deep learning model

6.2 Model Performance

C:/Users Ganeswarl Seelam Desktoy DEEP LEARNING APPLICATIONS IN MEDICAL IMAGE ANALYSIS-BRAIN TUMORDEEP LEARNING APPLICATIONS IN MEDI
CAL IMAGE ANALYSIS BRAIN TUMOR braia_tumor dataset loaded

Total wwmber of images fownd in dataset ; 25

Total wumber of classes : )

NN Model Generated. See black console to view lavers of CNN

CNN Prediction Accuracy ou Test Lmages : 99.00990128517151

Fig. 4. CNN Prediction Accuracy on Brain Tumor Test Dataset.

The preloaded dataset for brain tumor analysis has a total of MRI images, split into 2 classes:
with tumor and without tumor. A Convolutional Neural Network (CNN) model was
successfully created and tested on the test set. The model had a high prediction accuracy of
99.0009128571321%, which suggests successful classification of brain MRI images as shown
in fig 4.



6.3 Graph Analysis

Comparative Analysis: Existing vs Proposed System
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Fig. 5. Comparative Analysis of Brain Tumor Detection — Existing vs. Proposed System.

This fig 5 bar chart illustrates the performance comparison between the existing and the
proposed CNN-based brain tumor detection systems. The proposed system demonstrates
significant improvements in all key evaluation metrics.

6.4 Output
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Fig. 6. CNN Prediction Result — No Tumor Detected.

The fig 6 shows the output of the brain MRI scanning administered to the Convolutional
Neural Network (CNN) model that is advocated. The system generated output includes:
"Disease Identified as: No Tumour Detected" in large yellow font. This implies that the
trained CNN has taken the brain MRI and made a decision that it is normal, there is no
presence of a tumour. Such automatic diagnosis assists doctors to rapidly screen the non-



critical cases and then accelerates the diagnostic workflow and improves the decision-making
efficiency.
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Fig. 7. CNN Prediction Result — Tumor Detected.

This fig. 7 is a brain MRI scan processed with a p/4 CNN-based brain tumor detector. The
model has detected that there is a tumor there (as seen by the yellow text "Disease Identified
as: Tumor Detected")! A significant bright white matter strength is conspicuously labelled in
the left-brain hemisphere and hence the presence is affirmed. This prediction exemplifies the
model's capability of effectively identifying anomalous patterns related to tumors, which is
important to improve the speed and accuracy of medical diagnosis.

7 Conclusions

In this paper, we have now developed a neurodegenerative diseases system based in deep
learning achieving a great result. The task for which we aimed to determine the presence or
absence of a brain lesion based on an MRI. We used Convolutional Neural Networks (CNN),
which are most successful in image classification. To improve quality and eliminate noise, the
MRI images were preprocessed, so as to allow the model to extract the main features. It was
trained to accurately identify normal brains and those with tumors. It displayed the output in an
intuitive format, providing clear “Tumor Detected” or “No Tumor Detected” signboards. This
helps doctors and such experts to make quick and accurate decisions as to what to do. The
project also showcases the utility of deep learning in healthcare. As with automation of cancer
detection the automation of malaria detection reduces reliance on manual analysis resulting in
reduced human errors. It also contributes to the speed of diagnosis, which is particularly
important in emergency medical situations. The user interface we implemented is intuitive and
interactive for clinical use. Project is cost-effective and can be scaled to perform in real-time. It
can also be extended to tumor type identifying and severity forecasting. From all these aspects,
our model enhances early diagnosis of the tumor and shows its potential in auxiliary medical
applications.
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