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Abstract- Brain tumor detection remains a critical challenge
in medical diagnostics. This paper presents a comparative
analysis of classification-based, segmentation-based, and
hybrid deep learning approaches for brain tumor diagnosis.
The system employs image processing and Convolutional
Neural Networks (CNNs), particularly the VGG16 model, to
extract and classify features from MRI scans. Tumor stages
and regions are identified using segmentation techniques,
while tumor types are classified using Support Vector
Machines (SVM). Experimental validation using MRI data
from 70 participants revealed that the hybrid approach
achieved the highest balanced accuracy of 87.7%, slightly
outperforming classification-only (87.1%).
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I. INTRODUCTION

Brain health is one of the most critical concerns in
modern medical diagnostics. Among various neurological
disorders, brain tumors stand out as a major cause of mortality
and morbidity, leading to thousands of complications and
deaths annually. Detecting brain tumors at an early stage is
crucial for effective treatment and improving patient survival
rates.

Traditional diagnostic methods have predominantly
relied on manual examination of MRI scans by radiologists.
These approaches, often subjective and time-consuming, can
miss subtle features of tumor growth and staging. As a result,
diagnosis can be delayed or inaccurate, impacting treatment
outcomes.

With advancements in medical imaging and deep
learning, more accurate and automated techniques have
emerged. Convolutional Neural Networks (CNNs) utilize
image features such as shape, intensity, and texture from MRI
scans to classify and segment tumors. These models offer a
faster, more consistent, and scalable solution to aid clinical
decision-making.
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In this research, we propose a hybrid deep learning
system that combines both classification and segmentation
techniques for enhanced accuracy in brain tumor detection.
We use Convolutional Neural Networks (CNN), specifically
the VGG16 architecture, to extract features from MRI scans
and Support Vector Machines (SVM) for stage-wise
classification. A comparative analysis is conducted to evaluate
the performance of classification-only, segmentation-only, and
hybrid approaches using a dataset of annotated MRI images.

The results demonstrate that the hybrid system
significantly outperforms individual methods, highlighting the
importance of integrating both spatial localization and tumor
classification in future diagnostic tools.

1. IDENTIFY, RESEARCH AND COLLECT IDEA

The motivation behind this research emerged from the
rising global health burden posed by brain tumors, which
contribute significantly to neurological-related mortality. To
develop an effective diagnostic solution, a comprehensive
study was conducted on existing brain tumor detection
methods. These approaches were broadly categorized into
classification-based and segmentation-based techniques based
on the type of analysis performed.

Classification systems focus on identifying tumor types
from MRI images, while segmentation methods aim to
localize tumor regions. Although both techniques have shown
promise, they often lack the combined accuracy required for
precise diagnosis and staging. Therefore, advancements in
deep learning and medical image processing provided a strong
foundation to explore hybrid systems that integrate both tasks.
To support this direction, we reviewed various academic
papers and industry applications focusing on CNN
architectures, medical image segmentation, and machine
learning classifiers. Public datasets from platforms like Kaggle
were utilized for model training and validation.

The idea evolved into creating a hybrid system that
combines both classification and segmentation approaches to
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increase the reliability of brain tumor detection. The final
concept incorporated MRI scans as input, Convolutional
Neural Networks (CNNs) for deep feature extraction using the
VGG16 model, and Support Vector Machines (SVMs) for
tumor stage classification. This integrative approach was
selected for its high diagnostic accuracy, non-invasive nature,
and efficient performance on publicly available datasets—
making it a promising solution for future implementation in
real-world clinical applications..

IHl. WRITE DOWN YOUR STUDIES AND FINDINGS

This research was initiated to address the growing
challenge of early and accurate brain tumor diagnosis by
designing an intelligent detection system using a hybrid
approach of classification and segmentation. The work was
divided into three major modules: dataset preparation, tumor
feature extraction using Convolutional Neural Networks
(CNN), and classification using Support Vector Machines
(SVM).

Dataset Preparation.

To train and evaluate the model, brain MRI images
were sourced from publicly available Kaggle datasets, which
included labeled samples of different tumor types and stages.
Preprocessing steps were applied, such as resizing images,
grayscale conversion, normalization, and noise reduction.
These processed images served as the input for CNN-based
feature extraction and segmentation.

Tumor Feature Extraction using CNN.

VGG16, a deep CNN architecture, was employed to
automatically extract features from MRI scans. The network
was fine-tuned to identify spatial patterns and texture
differences in tumor-affected regions. Segmentation was
integrated to outline the tumor boundaries, aiding in both
visualization and stage assessment. This process enabled the
system to capture both global and localized tumor
characteristics.

SVM-Based Classification.

Support Vector Machines were trained on the deep
features extracted by the CNN to classify the brain tumor into
specific categories (e.g., glioma, meningioma, pituitary) and to
determine the tumor stage. The classifier was also evaluated
on segmentation metrics to verify the model's precision in
delineating tumor areas. Finally, both classification and
segmentation outputs were combined to enhance the overall
diagnostic reliability in indirect detection. Finally, both sets of
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features were combined to develop a hybrid model for
performance comparison.

Performance Comparison

The model was evaluated using balanced accuracy as
the primary metric. The performance comparison yielded the
following results:

e Classification Only (CNN-based):87.1% accuracy

e  Segmentation Only:77.9% accuracy

e  Hybrid Approach (classification +
segmentation):87.7% accuracy

These results demonstrate that CNN-based
classification significantly improves tumor detection accuracy
over standalone segmentation. The hybrid model offers
marginally better performance, validating the effectiveness of
combining both spatial and diagnostic features.

Real-Time Implementation

The system was developed in Python 3.7 using
OpenCV,TensorFlow, and Keras. Preprocessed MRI images
were fed into the VGG16 model for feature extraction,
followed by SVM-based classification for tumor type and
stage. Segmentation maps were also generated to visually
highlight the tumor region.
These findings confirm that CNN-based medical image
analysis combined with SVM classification provides a reliable
and efficient solution for brain tumor detection and stage
estimation in real-world clinical environments.

V. GETPEERREVIEWED
1.Lackof ClinicalValidation.

While the system performs well on publicly available
datasets, there is no evaluation based on real-world clinical
data or radiologist-verified scans. Including testing in hospital
environments with expert feedback would significantly
improve the system’s medical credibility and generalizability.
2. Limited Dataset Diversity.

The dataset used for training and testing was sourced
from a single platform (Kaggle) and may lack diversity in
imaging conditions, tumor subtypes, and patient demographics
(age, gender, MRI machine type). Expanding to multiple

datasets or acquiring clinical MRI scans would enhance the
model's robustness.
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3.No Performance Metrics on Medical Hardware

Although the system is proposed as efficient and
deployable, there are no profiling results or benchmarks
provided for deployment on medical-grade embedded systems
(e.g., NVIDIA Jetson, hospital PACS systems). Such analysis

is essential to validate its real-time diagnostic feasibility.
4. Limited Output Feedback for Clinicians

The current system outputs only classification labels
and segmentation masks. A more comprehensive reporting
mechanism (e.g., tumor size, location coordinates, and
progression risk) would enhance clinical usability and
decision-making.

5. Sensitivity to Imaging Conditions

The model may be sensitive to poor image quality,
varying contrast levels, and MRI artifacts. These conditions
can reduce accuracy. Incorporating preprocessing techniques
like histogram equalization or using contrast-adaptive models
may improve performance.

6. Parameter  Justification Missing

The choice of model hyperparameters, segmentation
thresholds, and SVM kernel settings are not supported with
statistical analysis or domain-specific literature. Providing
empirical or clinical justification would strengthen the model’s
credibility.

7. Lack of Comparative Baselines

While the study evaluates classification,
segmentation, and hybrid approaches, it does not benchmark
against other deep learning models such as ResNet, U-Net, or
ensemble methods. Including these would contextualize the
results better.

8. User Interface Not Considered

There is no mention of a GUI or interface for
radiologists or technicians to interact with the results. A visual
dashboard for uploading scans, viewing outputs, and exporting
reports could improve practical adoption.

9. Limited Model Interpretability

Deep learning models like VGG16 and SVMs can act
as black boxes. The absence of interpretability techniques such
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as Grad-CAM, SHAP, or LIME reduces transparency, which
is critical in medical diagnostics.

10. Formatting and Structure

Some sections (e.g., Software Design, Non-functional
Requirements) resemble software project documentation more
than a scientific study. These could be condensed or moved to
an appendix to maintain academic focus.

V. IMPROVEMENT AS PER REVIEWER
COMMENTS

1. Clinical Testing Integration Improvement:

Plan and document pilot testing using clinical MRI datasets
from hospitals or diagnostic centers under expert supervision.
This would validate real-world applicability and ensure the
model performs accurately in authentic diagnostic workflows.

2. Increase Dataset Diversity Improvement:

Enhance dataset variety by incorporating scans from different
MRI machines, tumor types, age groups, and imaging
protocols. Explore additional sources like The Cancer Imaging
Archive (TCIA) to cover a broader spectrum of cases.
3.Deployment on  Embedded Medical
Improvement

Implement the model on edge devices such as NVIDIA Jetson
Nano or medical-grade processors. Measure and report key
metrics like inference time, memory consumption, and real-
time processing capability for clinical deployment viability.

Systems

4. Enhanced Feedback System Improvement:

Extend output beyond simple labels by including tumor
boundary coordinates, confidence scores, and automated
report summaries. These additions can assist radiologists in
quick decision-making and improve workflow efficiency.

5. Adaptability to Imaging Artifacts
Improvement: Introduce preprocessing enhancements such as
noise filtering, contrast normalization, and adaptive
segmentation thresholds to maintain performance under
varying imaging quality or artifacts in MRI scans.

6. Parameter Tuning and Validation Improvement:
Conduct empirical tuning of hyperparameters (e.g., SVM
kernel, segmentation thresholds) using statistical tools like
ROC curves, grid search, and cross-validation. Document the
rationale for each selected parameter based on data-driven
insights.
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7. Benchmark Against Other Models Improvement:
Compare your model’s performance with baseline deep
learning and hybrid architectures such as ResNet, CNN-
LSTM, and Random Forest. Include metrics like precision,
recall, and F1-score to position your model's strengths
objectively.

8. User Interface Integration Improvement:

Develop a basic interface using tools like PyQt or Streamlit
that allows clinicians to upload MRI images, view detection
results, and interact with segmentation overlays. This
enhances usability in clinical settings.

. Model Explainability Integration Improvement:

Use explainability techniques such as Grad-CAM or SHAP to
visualize which image regions influenced classification. This
promotes transparency and trust, especially when deploying
Al in sensitive medical decisions.

10. Document Structure Enhancement Improvement:
Restructure the project report to align with scientific paper
standards. Relocate technical development sections (e.g.,
software architecture) to the appendix and focus the main
content on methodology, experimental results, and medical
relevance.

VI. CONCLUSION

Driver drowsiness is a leading cause of road
accidents, making its early detection critical for ensuring road
safety. This study presents a comparative analysis of three
approaches to drowsiness detection: indirect (vehicle-based),
direct (facial-based), and a hybrid approach that combines
both. Leveraging  machine  learning  techniques—
Convolutional Neural Networks (CNNs) for facial feature
extraction and Support Vector Machines (SVMs) for
classification—we developed a real-time, non-intrusive
monitoring system capable of detecting key indicators such as
prolonged eye closure and yawning.

The CNN model successfully identified eye and
mouth landmarks, which were converted into quantitative
metrics like Eye Aspect Ratio (EAR) and Mouth Opening
Ratio (MOR). These features proved reliable for fatigue
detection. The indirect approach employed simulated vehicle
behavior data (e.g., lane deviation, steering patterns), while the
direct method utilized only facial features. The hybrid model,
which integrated both, offered improved robustness and
accuracy.

Experimental results showed that the direct method
outperformed the indirect one, achieving a balanced accuracy
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of 87.1%, compared to 77.9% for the indirect approach. The
hybrid method vyielded the highest accuracy at 87.7%,
reinforcing the conclusion that facial behavior provides more
immediate and reliable indicators of drowsiness, and that
combining it with vehicle-based data enhances detection
performance.

The system was implemented using Python 3.7 with
libraries such as OpenCV, TensorFlow, Dlib, and Scikit-learn.
It processed real-time video frames and generated immediate
alerts when signs of drowsiness were detected. Designed with
low resource consumption in mind, the system is well-suited
for deployment on budget-friendly embedded platforms or
integration into in-vehicle infotainment units.

Challenges encountered during development included
sensitivity to poor lighting, occlusion from eyeglasses or facial
hair, and occasional false positives during non-fatigued
behavior. Despite these limitations, the system delivered
satisfactory overall performance and demonstrated strong
potential for real-world deployment.

In conclusion, the proposed hybrid drowsiness
detection framework offers a practical, cost-effective, and
scalable solution for improving road safety. Future
enhancements will focus on increasing robustness under
varied environmental conditions, expanding real-world dataset
coverage, and integrating auxiliary sensors such as infrared
cameras and eye-tracking systems. Further improvements may
include adaptive alert mechanisms and potential linkage with
vehicle control systems to trigger automated responses during
high-risk scenarios.

APPENDIX

The appendix includes supplementary information
that supports the research, such as system configurations,
software tools used, code snhippets, and design diagrams
referenced throughout the study. This section is useful for
readers who want to replicate or build upon the system.

A. System Configuration
Hardware:

e Processor: Intel Core i5/i7 (64-bit)

e RAM: 8 GB (minimum 4 GB)

e Hard Disk: 500 GB+

e GPU (optional for deep learning): NVIDIA GTX
1060 or higher

e Webcam: Not applicable (for MRI images)
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Software:

e  Operating System: Windows 10 (64-bit) / Linux
e  Programming Language: Python 3.7
e IDEs: Jupyter Notebook / Spyder / VS Code
e Libraries:
o TensorFlow/Keras (for deep learning)
o OpenCV (for image processing)
o NumPy (for data manipulation)
o Scikit-learn (for additional algorithms and
metrics)
SimplelTK (for medical image processing)
Matplotlib (for visualizations)
o Watershed (for image segmentation)

o O

B. Functional Modules Overview

1. Dataset Collection
o Source: Kaggle (Brain MRI images dataset)
o Types: Labeled MRI images for brain tumor
(tumor vs. non-tumor)
o Size: ~2,000 images
2. Preprocessing Steps
o Image resizing to 224x224 px (for VGG16
input)
o  Grayscale conversion (if necessary)
Image normalization (to improve model
performance)
o Data augmentation:
scaling, and zoom

Rotation, flipping,

3. Feature Detection
o VGG16 Model: Used for extracting deep

features from the MRI images for
classification
o Watershed Segmentation: Applied to

segment the brain and tumor regions for
more accurate diagnosis.
4. Classification
o Algorithm: VGG16 model, pre-trained on

ImageNet, fine-tuned for brain tumor
classification

o Labels: Tumor, No Tumor

o Model Input: MRI images after

preprocessing and segmentation
5. Real-Time Workflow
o Frame Capture — Preprocessing (Resize,
Normalize) — Watershed Segmentation —
VGG16 Classification — Tumor Detection
Result

C. Code Snippet (Example: Watershed Segmentation)
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python

CopyEdit

import cv2
importnumpyasnp

defwatershed_segmentation(image):
# Convert image to grayscale
gray = cv2.cvtColor(image, cv2.COLOR_BGR2GRAY)

# Threshold the image
. thresh = cv2.threshold(gray, 0,
cv2.THRESH_BINARY_INV + cv2.THRESH_OTSU)

255,

# Noise removal using morphological operations
kernel = np.ones((3, 3), np.uint8)
sure_bg = cv2.dilate(thresh, kernel, iterations=3)

# Compute distance transform
dist_transform = cv2.distanceTransform(thresh, cv2.DIST_L2,
5)

_, sure_fg = cv2.threshold(dist_transform,
dist_transform.max(), 255, 0)

0.7 *

# Finding unknown regions
unknown = cv2.subtract(sure_bg, sure_fg)

# Marker labelling

_, markers = cv2.connectedComponents(sure_fg)
markers = markers + 1
markers[unknown == 255] = 0

# Apply watershed algorithm
cv2.watershed(image, markers)
image[markers == -1] = [0, 0, 255]

return image
D. Alert Conditions

e  Tumor Detection Alert: If the VGG16 model detects
a tumor with a classification probability greater than
80%, it triggers an alert.

e  Segmentation Alert: If the tumor segmentation using
watershed identifies a significant region (above
threshold), further analysis and confirmation are
done.
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