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ABSTRACT: Functional Magnetic Resonance Imaging (fMRI) provides critical insights into dynamic brain activity
and connectivity patterns, enabling the study of neural functions over time. Traditional clustering methods, such as
Topological Data Analysis (TDA), are limited to grouping brain networks and cannot accurately detect or classify
active regions or abnormalities like tumors. Manual interpretation of MRI and fMRI data is time-consuming, prone to
human error, and often inconsistent across multi-site datasets. To overcome these challenges, the proposed system
introduces a hybrid YOLOv8 and Convolutional Neural Network (CNN) framework for automated detection,
localization, classification, and staging of brain tumors along with analysis of normal brain activity. YOLOVS precisely
detects and localizes active brain regions and tumor regions in MRI and fMRI-derived maps, generating bounding
boxes and confidence scores. The CNN extracts deep spatial and temporal features from these detected regions,
enabling accurate classification of brain states and determination of tumor stage. The hybrid approach combines object
detection with deep feature learning, capturing both spatial location and functional significance of regions. The system
is trained on multi-site, multi-modal datasets to ensure robustness against scanner variability and non-neural artifacts.
Experimental results show that the framework achieves high accuracy in both brain activity analysis and tumor
detection and staging. This automated method reduces dependence on manual interpretation, providing faster, more
reliable, and interpretable insights. It supports early diagnosis, treatment planning, and monitoring of brain tumors. By
integrating YOLOVS8 localization with CNN feature extraction, the system offers a comprehensive and scalable solution
for brain network analysis and clinical applications. Overall, this approach represents a significant advancement in deep
learning—based neuroimaging for automated brain activity and tumor assessment.
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I. INTRODUCTION

Brain tumors are among the most life-threatening and challenging medical conditions affecting the human nervous
system. Early and accurate detection of brain tumors plays a crucial role in improving treatment outcomes and
increasing patient survival rates. Traditional diagnostic methods, such as MRI (Magnetic Resonance Imaging) scans,
often require expert interpretation, which can be time-consuming and subject to human error. With the rapid
advancement in artificial intelligence and computer vision, deep learning has emerged as a powerful tool for medical
image analysis. Among various object detection algorithms, the You Only Look Once version 8 (YOLOVS) stands out
due to its real-time detection capability, high accuracy, and efficiency. This project, “Deep Learning-Based Approach
for Brain Tumor Detection with YOLOVS,” focuses on leveraging the YOLOvV8 object detection model to
automatically identify and localize brain tumors from MRI images. The system is trained on a dataset of brain MRI
scans and is capable of detecting tumors with high precision, reducing the dependency on manual analysis. By
automating the detection process using YOLOVS, this project aims to support radiologists and healthcare professionals
in making faster and more reliable diagnoses, ultimately contributing to better clinical decision-making and patient
care. The increasing prevalence of brain tumors has made early and accurate diagnosis a critical need in the medical
field, as timely intervention can significantly improve patient outcomes. Traditional diagnostic methods rely heavily on
manual examination of MRI scans by medical experts, which can be both time-consuming and prone to human error.
To address this challenge, this project presents a deep learning-based approach for brain tumor detection using
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YOLOVS, a state-of-the-art object detection algorithm known for its speed and accuracy. By training the YOLOVS
model on annotated MRI images, the system learns to automatically detect and localize tumors within brain scans,
offering a powerful tool for assisting radiologists in clinical diagnosis. This automated detection system not only
reduces the workload of healthcare professionals but also enhances diagnostic consistency and efficiency, making it a
promising advancement in the integration of artificial intelligence into medical imaging and healthcare applications.

1.1 SCOPE OF THE PROJECT

The proposed project aims to develop a hybrid YOLOvV8 and CNN-based framework for automated analysis of brain
activity and detection of abnormalities such as tumors using both MRI and fMRI data. It focuses on capturing dynamic
changes in brain connectivity over time while accurately localizing and classifying active regions. The system can
detect tumors, determine their stages, and classify different brain states, providing a comprehensive analysis tool for
clinical and research purposes. By integrating YOLOvVS8 for precise spatial localization and CNN for deep feature
extraction, the framework ensures accurate identification of critical brain regions. Multi-site MRI and fMRI datasets are
used to train and validate the model, enhancing its robustness against scanner variability and non-neural artifacts. The
project also aims to reduce the workload of radiologists by automating time-consuming tasks while improving
diagnostic reliability. It supports early detection of brain tumors, which is essential for effective treatment planning and
better patient outcomes. The framework can be extended to analyze multi-modal datasets, including structural MRI and
functional fMRI scans, for a more holistic assessment. It also provides interpretable outputs such as bounding boxes,
classification labels, and staging information, making results actionable for clinicians. Real-time or near real-time
analysis is possible due to the efficiency of the YOLOv8 and CNN combination. The system can be further adapted for
large-scale studies involving hundreds of subjects across multiple sites. By combining anatomical and functional
imaging data, the project enhances the understanding of brain network dynamics. It can also serve as a foundation for
future research in automated neuroimaging analysis and Al-assisted diagnosis. Overall, the scope encompasses
detection, classification, staging, and functional analysis of brain activity using advanced deep learning techniques on
MRI and fMRI data.

1.2 OBJECTIVES

The primary objective of this project is to develop a hybrid YOLOvS and CNN-based framework for automated
detection, localization, classification, and staging of brain tumors while analyzing temporal brain activity using MRI
and fMRI data. It aims to accurately detect and localize active regions in the brain, including abnormal regions such as
tumors, using YOLOvV8 object detection. The project seeks to extract deep spatial and temporal features from detected
regions through CNNs to improve classification accuracy and interpretability of brain states. Another objective is to
classify different stages of detected brain tumors to support clinical diagnosis and treatment planning. The system also
intends to analyze dynamic brain connectivity patterns over time to provide insights into normal and abnormal neural
activity. It aims to reduce the reliance on manual interpretation of MRI and fMRI data, minimizing human error and
saving time for radiologists. Ensuring robustness across multi-site datasets with varying scanners and temporal
resolutions is a key objective. The project also targets early detection of tumors, which is crucial for improving patient
outcomes and prognosis. It seeks to combine spatial localization with temporal feature learning for a comprehensive
understanding of brain function. Another objective is to generate interpretable outputs, including bounding boxes,
classifications, and tumor stages, for practical clinical application. The framework is designed to be scalable and
adaptable for large datasets and future multi-modal neuroimaging studies. It also aims to demonstrate superior
performance compared to traditional clustering or TDA-based methods. Overall, the project strives to create an
efficient, accurate, and clinically useful tool for brain network analysis and tumor detection using advanced deep
learning techniques.

II. LITERATURE SURVEY

2.1. A. Kumar and R. Sharma-This research presents a robust deep learning framework utilizing a multiscale
recursive neural network (RNN) for the effective classification and segmentation of brain tumors in MRI images. The
proposed method addresses the challenge of accurately capturing the spatial heterogeneity of tumor tissues by
integrating features from multiple image resolutions. Unlike conventional convolutional neural networks (CNNs), the
recursive structure allows the model to refine predictions iteratively by learning dependencies across different image
scales and levels. The network employs both coarse and fine features to delineate tumor boundaries precisely and
classify tumor types effectively. The approach has been evaluated on standard datasets and has shown superior
performance in terms of segmentation accuracy, Dice coefficient, and classification metrics. This study demonstrates
that recursive neural networks, with their ability to model spatial hierarchies and contextual information, are highly
suitable for complex medical image analysis tasks such as brain tumor detection and segmentation.
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2.2 S. Gupta and P. Jain-This study explores the effectiveness of deep transfer learning techniques in automating the
classification of brain abnormalities using magnetic resonance imaging (MRI). Due to the limited availability of large,
annotated medical datasets, the authors employ pre-trained models such as VGG16, ResNet, and Inception, which are
fine-tuned on brain MRI images to identify various abnormalities, including gliomas, meningiomas, and pituitary
tumors. The transfer learning approach significantly reduces the need for extensive training and computational
resources while achieving high accuracy, sensitivity, and specificity. The paper emphasizes the advantages of using
pre-trained models, which are already adept at capturing general visual features and can be easily adapted to the
medical imaging domain. Through rigorous experiments and evaluations, the study confirms that deep transfer learning
not only accelerates the model development process but also enhances the reliability of diagnostic systems, making it
an ideal solution for real-time clinical applications.

2.3. M. Roy and K. Singh -This comprehensive survey delves into the role of deep learning in the multigrade
classification of brain tumors, particularly in the context of smart healthcare systems. The paper reviews a wide range
of studies that utilize convolutional neural networks (CNNs), recurrent neural networks (RNNs), and hybrid deep
architectures for classifying brain tumors across various grades such as Grade I (benign) to Grade IV (malignant). The
survey highlights the growing interest in automating the diagnostic process in hospitals and clinics using Al-powered
tools integrated into smart healthcare infrastructure. It discusses the challenges of data imbalance, overfitting, and lack
of annotated datasets, and proposes solutions like data augmentation, transfer learning, and ensemble learning.
Additionally, the paper emphasizes the importance of model interpretability and explainability to build trust among
medical professionals. This survey acts as a roadmap for future research by identifying gaps and suggesting directions
for developing more robust, accurate, and clinically applicable deep learning models for multigrade tumor
classification.

2.4. S. Gupta, P. Sharma-This paper introduces a novel deep learning model that adopts a concatenation-based
strategy to improve the performance of brain tumor diagnosis using MRI scans. The proposed method combines
features extracted at different convolutional layers, enabling the network to integrate both low-level (e.g., texture,
edges) and high-level (e.g., shape, structure) information. This fusion enhances the model’s capability to distinguish
between various tumor types and grades with high precision. The study also emphasizes the importance of maintaining
a balanced network depth to avoid overfitting and ensure generalizability. By leveraging the concatenation of features
from multiple paths in the network, the system benefits from enriched representations that lead to improved
classification accuracy. Comparative experiments against traditional CNN models and other feature fusion techniques
reveal that this concatenation approach results in faster convergence, better feature learning, and higher diagnostic
performance. The paper concludes that this model is well-suited for deployment in medical diagnostic systems, offering
both accuracy and efficiency.

III. EXISTING SYSTEM

The existing system primarily relies on Topological Data Analysis (TDA) for temporal clustering of fMRI brain
networks. TDA focuses on analyzing the topological features of dynamic brain connectivity, such as loops, voids, and
connected components, to group similar brain states over time. This method captures global patterns in the data and is
robust to noise and variations in threshold selection, making it useful for visualizing functional brain networks.
However, TDA-based systems are limited to clustering and do not perform detection, localization, or classification of
specific brain regions or abnormalities. They cannot identify tumors, determine tumor stages, or extract deep spatial—
temporal features, which restricts their usefulness in clinical applications. Additionally, these systems are sensitive to
scanner variability and differences in temporal sampling rates across datasets, which can affect the consistency of
results. The lack of automated feature learning means that human interpretation is still required for understanding the
significance of detected clusters. Moreover, existing TDA methods are not designed for real-time or near real-time
analysis, making them less practical for fast diagnostics. Overall, while TDA provides robust clustering of brain
networks, it fails to offer precise, actionable, and clinically interpretable outputs such as tumor detection, staging, or
functional classification of brain states.

3.1 DISADVANTAGES

e Limited Functionality: Only performs clustering of brain networks and cannot detect, localize, or classify specific
regions or abnormalities like tumors.

e Lack of Spatial-Temporal Feature Learning: Fails to capture fine-grained spatial and temporal patterns, reducing
accuracy in dynamic brain analysis.
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e Dependence on Manual Interpretation and Parameters: Results are sensitive to threshold selection and require
human interpretation, making the system less efficient and consistent across multi-site datasets.

IV. PROPOSED SYSTEM

The proposed system introduces a hybrid YOLOv8 and Convolutional Neural Network (CNN) framework for
automated detection, localization, classification, and staging of brain tumors, as well as analysis of temporal brain
activity using MRI and fMRI data. YOLOVS is used to accurately detect and localize active regions and abnormal areas
such as tumors in brain scans, generating bounding boxes with confidence scores. The CNN extracts deep spatial and
temporal features from these detected regions to classify brain states, determine tumor stages, and capture dynamic
functional connectivity patterns. By combining object detection with deep feature learning, the system overcomes the
limitations of existing TDA-based methods, providing precise, interpretable, and clinically actionable results. Multi-site
and multi-modal datasets are used to ensure robustness against scanner variability, non-neural artifacts, and differences
in temporal sampling rates. The hybrid framework enables faster and more reliable analysis, reducing manual workload
for radiologists while improving diagnostic accuracy.

4.1 ADVANTAGES

e Automated Detection and Classification: Accurately detects active brain regions and tumors, including tumor stage
identification, without manual intervention.

e Improved Spatial-Temporal Accuracy: Deep feature extraction with CNN captures both spatial and temporal
patterns of brain activity

e Faster and Scalable Analysis: YOLOvVS8 localization combined with CNN processing reduces analysis time and
allows handling large datasets.

e Robust Across Multi-Site Data: Effective even with scanner variability and different temporal sampling rate

4.2 SYSTEM ARCHITECTURE
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5.1 MODULE DESCRIPTIONS

5.1.1. Data Acquisition

This module focuses on gathering high-quality MRI and fMRI datasets from multiple sources, including hospitals,
research labs, and public databases. The data includes both healthy subjects and patients with brain tumors of various
stages. Multi-site data is incorporated to ensure variability in scanner types, resolution, and temporal sampling rates.
Collecting diverse datasets allows the model to learn generalized patterns of brain activity and tumor characteristics.
Each scan includes detailed metadata such as patient age, gender, and clinical notes, which can be used for validation
and correlation studies. Proper organization and labeling of the datasets are performed to facilitate smooth training and
testing processes. This module ensures that the input data is representative, diverse, and sufficient for training a robust
deep learning system.

5.2.2. Data Preprocessing

In this module, acquired MRI and fMRI data undergo extensive preprocessing to enhance quality and consistency.
Steps include noise removal, slice-timing correction, motion artifact correction, and intensity normalization. Images are
resized or resampled to a uniform resolution to maintain consistency across different scanners. Temporal fMRI
sequences are aligned to correct for head motion and other temporal inconsistencies. Brain regions are segmented, and
irrelevant background data is removed to focus on areas of interest. Preprocessing also includes standardization of
intensity values to ensure the neural signal is preserved while reducing scanner-specific variations. This module
prepares the datasets for accurate feature extraction and deep learning analysis.

5.2.3. Feature Extraction using YOLOvVS

YOLOVS is applied to detect and localize active brain regions and tumor areas in the preprocessed MRI and fMRI
scans. The model divides the brain images into grids and predicts bounding boxes, confidence scores, and class
probabilities for each region. This process identifies regions of interest (ROIs) that are likely to correspond to neural
activity or abnormal growth. By detecting spatial patterns, YOLOvS8 reduces the amount of irrelevant data processed by
the CNN. This module ensures precise localization of tumors and important functional regions, improving the accuracy
of subsequent classification. The detected ROIs are annotated for training and can be visualized to help clinicians
interpret the results. It significantly speeds up the identification process compared to manual detection.

5.2.4. Deep Feature Learning using CNN

The CNN processes the YOLOvS8-detected regions to extract deep spatial and temporal features from brain scans.
Convolutional layers capture local spatial patterns, while pooling layers reduce dimensionality and enhance feature
robustness. Temporal sequences from fMRI are processed to capture dynamic changes in connectivity over time. The
extracted features represent complex relationships between brain regions, including functional connectivity patterns and
tumor-specific characteristics. By combining spatial and temporal information, the CNN enables accurate classification
of brain states and tumor stages. Dropout and regularization techniques are applied to prevent overfitting. This module
forms the core of the system’s learning capability, translating raw brain scan data into meaningful feature
representations.

5.2.5. Classification and Tumor Staging Module

This module uses the CNN-extracted features to classify brain activity states and determine tumor stages. Multi-class
classification is performed to differentiate between normal brain regions, active functional areas, and tumor types. The
system can also identify tumor severity or stage based on learned features. Outputs include class labels, confidence
scores, and bounding boxes from YOLOVS for interpretability. This module enables clinicians to quickly understand
the patient’s condition and aids in treatment planning. By integrating localization with classification, the system
provides accurate, interpretable, and actionable results. It also supports early detection of tumors, improving prognosis
and patient care.

5.2.6. Performance Evaluation

The performance of the proposed system is evaluated using metrics such as accuracy, precision, recall, F1-score, and
mean average precision (mAP) for YOLOv8 detection. Comparisons are made with traditional TDA-based clustering
and manual interpretations. Cross-validation and multi-site testing are performed to ensure robustness and
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generalization. Visualization tools are used to display bounding boxes, detected regions, and classification results for
interpretability. The evaluation also examines the system’s ability to correctly detect tumor stages and functional brain
states. Efficiency metrics such as processing time per scan are recorded to assess practicality for clinical deployment.
This module ensures that the system meets both accuracy and reliability requirements for real-world applications.

VII. CONCLUSION

The proposed hybrid YOLOv8 and CNN framework provides an efficient and automated solution for analyzing brain
activity and detecting brain tumors from MRI and fMRI data. It overcomes the limitations of traditional TDA -based
clustering by providing precise localization, classification, and staging of brain abnormalities. YOLOV8 effectively
detects active and abnormal brain regions, while CNN extracts deep spatial and temporal features for accurate
classification. The system demonstrates high accuracy, robustness, and interpretability across multi-site datasets. It
reduces the dependency on manual interpretation, saving time for radiologists and minimizing human errors. Dynamic
functional connectivity patterns are captured, improving understanding of normal and abnormal brain states. Tumor
detection and staging are integrated into the framework, supporting early diagnosis and treatment planning. The
framework is scalable, adaptable to large datasets, and suitable for multi-modal imaging applications. Performance
evaluation confirms improved reliability compared to existing methods. Overall, this approach represents a significant
advancement in automated neuroimaging analysis and clinical decision support.

VIII. FUTURE ENHANCEMENT

The system can be extended to real-time monitoring of brain activity for clinical applications. Integration of 3D-CNN5s
or Transformers could further improve temporal and spatial feature learning. Multi-modal datasets, including MRI,
fMRI, and CT scans, can enhance robustness and accuracy. The framework can also incorporate predictive modeling
for tumor progression and patient outcomes. Future enhancements aim to make the system more adaptive, scalable, and
clinically actionable.
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