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Abstract 

            Brain tumors are among the most complex and life-threatening medical conditions, 

characterized by their diverse nature in terms of location, type, and appearance on imaging 
modalities such as MRI. Early and accurate diagnosis is critical to improving treatment 
outcomes, yet current diagnostic processes largely depend on manual radiologist 
interpretation, which is often subjective, time-consuming, and prone to inter-observer 
variability. Recent advancements in Artificial Intelligence (AI) have opened new avenues for 
leveraging Machine Learning (ML) and Deep Learning (DL) techniques to enhance diagnostic 
accuracy and efficiency in medical imaging. This research explores the application of deep 
learning models, particularly Convolutional Neural Networks (CNNs) and Transformers, to 
detect and classify brain tumors from MRI images. 

 

The study emphasizes the importance of robust data preprocessing, feature extraction, and 
model training to handle the challenges posed by heterogeneous imaging datasets. A 
comprehensive comparative analysis of CNNs and Transformers is conducted, highlighting 
their strengths in local feature extraction and global context understanding, respectively. 
Moreover, the integration of advanced attention mechanisms in Transformer-based models 
allows the identification of subtle and complex tumor patterns often overlooked in 
traditional methods. 

 

Experimental results demonstrate that both architectures achieve high diagnostic 
accuracy, with Transformers slightly outperforming CNNs. This study underscores the 
potential of AI-driven frameworks in automating and augmenting the diagnostic workflow, 
reducing diagnostic delays, and improving patient outcomes. Future directions include 
optimizing model architectures for real-time clinical use, incorporating hybrid CNN-
Transformer approaches, and expanding datasets to enhance generalizability across 
diverse populations and imaging conditions. 
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Chapter 1: Introduction 

1.1 Problem Definition 

Brain tumors are among the most critical health challenges, owing to their diverse 
presentation, complex structure, and potentially life-threatening implications. Early 
diagnosis plays a vital role in improving treatment outcomes, yet traditional diagnostic 
methods face significant limitations. These methods rely heavily on manual interpretation 
of MRI scans by radiologists, a process that is not only time-consuming but also prone to 
inter-observer variability and subjective bias. Moreover, the increasing volume of MRI data 
in clinical settings places additional burdens on radiologists, making it difficult to maintain 
consistency and accuracy. 

This study investigates the integration of deep learning models to address these challenges 
by automating and enhancing the diagnostic process. By leveraging advanced architectures 
such as Convolutional Neural Networks (CNNs) and Transformers, this research aims to 
overcome the limitations of existing methodologies, ensuring more accurate and efficient 
diagnosis. The novelty lies in combining these state-of-the-art algorithms with innovative 
preprocessing techniques and hybrid model architectures to detect and classify brain 
tumors with higher precision. 

1.2 Thesis Objectives 

The primary objectives of this thesis are: 

1. To evaluate and compare deep learning architectures, including CNNs and 
Transformers, for diagnosing brain tumors from MRI images, focusing on their 
strengths and limitations. 

2. To identify critical imaging features that differentiate between various brain tumor 
types and grades, leveraging attention mechanisms for improved feature extraction. 

3. To develop and validate a novel hybrid diagnostic framework, combining the 
strengths of CNNs and Transformers to improve accuracy, scalability, and 
robustness. 

4. To integrate explainable AI (XAI) methods into the diagnostic framework, ensuring 
interpretability and transparency for clinical decision-making. 

5. To establish a standardized preprocessing pipeline, incorporating data 
augmentation and advanced segmentation techniques, to handle challenges like 
variability in MRI scan quality and class imbalance in datasets. 



1.3 Thesis Contribution 

This research builds on existing work in brain tumor detection but introduces several 
innovative contributions: 

• Novel Hybrid Model Architecture: Unlike previous studies focusing solely on 
CNNs or Transformers, this thesis develops a hybrid model that combines the local 
feature extraction capabilities of CNNs with the global context understanding of 
Transformers. This integration enhances diagnostic accuracy and scalability. 

• Advanced Preprocessing Pipeline: The study introduces a comprehensive 
preprocessing pipeline, including normalization, augmentation, and semi-
automated segmentation, tailored specifically for MRI data. This ensures consistent 
and high-quality input, even with heterogeneous datasets. 

• Dataset Diversity and Generalization: By using a diverse dataset sourced from 
BRATS, Kaggle, and clinical collaborations, this research addresses the challenge 
of dataset bias and ensures the model’s generalizability across different 
demographics and imaging conditions. 

• Explainable AI Integration: To improve clinical adoption, the framework includes 
XAI methods such as class activation maps and attention heatmaps, allowing 
clinicians to interpret model outputs and understand decision-making processes. 

• Comparative Analysis of AI Models: This thesis provides a detailed comparison of 
CNNs and Transformers, highlighting their strengths and limitations in brain tumor 
detection and classification. 

• Real-Time Clinical Application: The proposed framework is designed to integrate 
seamlessly into clinical workflows, with a focus on real-time analysis and decision 
support. 

1.4 Thesis Organization 

➢ Chapter 2 provides an overview of AI applications in medical imaging, 
emphasizing the role of CNNs and Transformers in tumor detection. 

➢ Chapter 3 reviews significant prior research on brain tumor diagnosis using 
machine learning and highlights gaps that this thesis addresses. 

➢ Chapter 4 explains the theoretical background of machine learning, including 
supervised and hybrid learning techniques relevant to this study. 



➢ Chapter 5 details the methodology, covering data acquisition, preprocessing, 
feature extraction, and the development of the hybrid diagnostic framework. 

➢ Chapter 6 presents the experimental results, comparing CNNs and 
Transformers, and discusses the implications of these findings. 

➢ Chapter 7 concludes the thesis with key findings, recommendations for 
integrating AI models into clinical workflows, and directions for future 
research. 

Chapter Summary :  

This chapter highlights the urgent need for accurate and early brain tumor diagnosis, 
addressing the limitations of traditional radiologist-dependent methods. The research 
introduces a novel hybrid AI framework that combines CNNs and Transformers, leveraging 
their respective strengths in feature extraction and global context understanding. This 
approach represents a significant advancement over existing studies, particularly in its 
integration of explainable AI and real-time diagnostic capabilities. By focusing on dataset 
diversity, advanced preprocessing, and comparative analysis, this thesis lays the 
groundwork for a scalable and clinically relevant solution to brain tumor diagnosis. 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 2: Overview of AI in Medical Imaging 

2.1 Introduction 

The integration of Artificial Intelligence (AI) and Machine Learning (ML) into healthcare has 
revolutionized the field, particularly in radiology, where image analysis plays a central role 
in diagnosis and treatment planning. By leveraging large datasets and advanced 
computational models, AI offers tools capable of outperforming traditional methods in 
terms of speed, accuracy, and scalability. This chapter explores the fundamental principles 
of AI in medical imaging, with a specific focus on its applications in brain tumor detection. 
Special attention is given to the role of deep learning techniques such as Convolutional 
Neural Networks (CNNs) and Transformers in automating and enhancing diagnostic 
workflows. 

2.2 AI Techniques in Medical Imaging 

AI techniques in medical imaging are predominantly driven by advancements in deep 
learning. These techniques have been instrumental in analyzing complex medical datasets, 
particularly MRI scans, which are rich in spatial and contextual information. The following 
are key AI techniques used in medical imaging: 

• Convolutional Neural Networks (CNNs): 
CNNs are the backbone of image classification and pattern recognition tasks. They 
excel in identifying spatial hierarchies, such as edges, textures, and shapes, which are 
critical for detecting tumors in MRI scans. For example: 

o Feature Extraction: CNN layers automatically extract tumor-specific features 
like size, intensity, and edges. 

o Common Architectures: ResNet, DenseNet, and U-Net are widely used in 
segmentation and classification tasks. 

• Transformers: 
Originally developed for natural language processing, Transformers have recently been 
adapted for computer vision tasks. They utilize attention mechanisms to analyze 
relationships between distant regions in an image. 

o Self-Attention Mechanism: This enables the model to focus on critical tumor 
regions while ignoring irrelevant areas, making it highly effective in detecting 
subtle anomalies in medical images. 



o Vision Transformers (ViT): These have shown superior performance in analyzing 
MRI data by integrating global contextual information. 

• Hybrid Architectures: 
Combining CNNs with Transformers leverages the strengths of both techniques, 
enhancing the model's ability to process local and global features simultaneously. 

2.3 Applications of AI in Tumor Detection 

AI has become indispensable in tumor detection, offering capabilities that surpass 
traditional radiological methods. Key applications include: 

• Early Detection: AI models can identify small and subtle abnormalities in medical 
images that may go unnoticed by human radiologists. For instance, CNNs have been 
successfully used to detect early-stage gliomas from T1 and T2 MRI sequences. 

• Classification of Tumor Types: Models trained on diverse datasets can classify 
tumors into categories such as gliomas, meningiomas, and pituitary adenomas, 
aiding in tailored treatment planning. 

• Tumor Segmentation: Advanced AI algorithms like U-Net and Swin Transformers are 
used to segment tumor regions accurately, providing critical information about 
tumor size, shape, and location. 

• Prognosis Prediction: By analyzing tumor features and patient data, AI models can 
predict disease progression and treatment outcomes, enabling personalized 
medicine. 

• Automation and Efficiency: AI-driven tools reduce the workload on radiologists by 
automating repetitive tasks such as lesion detection and annotation. 

2.4 Goals of AI in Medical Imaging 

The primary goals of implementing AI in medical imaging are: 

• Enhancing Diagnostic Accuracy: AI models minimize human errors by providing 
consistent and objective analysis of medical images. For example, Transformer-
based models have achieved classification accuracies exceeding 90% in recent 
studies. 

• Speeding Up Diagnostic Processes: AI reduces the time required to analyze large 
datasets, enabling quicker diagnosis and treatment initiation. 



• Reducing Costs: By automating tasks like tumor segmentation, AI decreases the 
reliance on labor-intensive manual analysis, lowering healthcare costs. 

• Improving Accessibility: AI tools can assist in regions with limited access to expert 
radiologists by providing automated diagnostic support. 

2.5 Data and Evaluation Measures 

Data quality and evaluation metrics are critical components of AI in medical imaging. This 
study employs a robust dataset and comprehensive evaluation to ensure the reliability and 
clinical relevance of the proposed models. 

• Data Sources: 

o MRI images are sourced from public repositories like the BRATS dataset, 
which includes multimodal MRI scans (T1, T2, FLAIR) with pixel-level 
annotations. 

o Additional datasets, such as Kaggle's brain tumor datasets, provide diversity 
in tumor types and imaging conditions. 

• Data Characteristics: 

o Images are preprocessed to normalize pixel intensity values and address 
variability in resolution and scan quality. 

o Segmentation masks are provided by expert radiologists to serve as ground 
truth labels. 

• Evaluation Metrics: 
The performance of AI models is assessed using the following metrics: 

o Accuracy: Measures the overall correctness of predictions. 

o Precision: Evaluates the model's ability to correctly identify true positives, 
avoiding false positives. 

o Recall (Sensitivity): Indicates the model’s capability to identify true positives, 
avoiding false negatives. 

o F1 Score: Provides a balanced measure of precision and recall, particularly 
useful for imbalanced datasets. 



o ROC-AUC Curve: Assesses the model's ability to distinguish between 
classes, providing insights into its robustness. 

Chapter Summary :  

This chapter examines the transformative role of AI in medical imaging, focusing on the 
techniques and goals relevant to brain tumor detection. Deep learning models, particularly 
CNNs and Transformers, are highlighted for their ability to automate and enhance 
diagnostic processes. The discussion emphasizes the applications of AI in tumor detection, 
segmentation, and classification, showcasing its potential to improve diagnostic accuracy, 
reduce human error, and expedite clinical workflows. Key metrics such as accuracy, 
precision, recall, and F1 score are identified as essential tools for evaluating the 
effectiveness of AI models in medical imaging. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 3: Related Work 

3.1 Introduction 

Brain tumors present significant diagnostic challenges due to the diversity in their 
presentation and location. Machine learning models have emerged as valuable tools for MRI 
analysis to aid early and accurate diagnosis. This chapter reviews significant prior studies 
that applied various machine learning and deep learning techniques for brain tumor 
detection, examining different approaches, datasets, and performance metrics. 

3.2 Brain Tumor Detection Using Machine Learning and Image Analysis 

1. Meshram et al. (2023): Brain Tumor Detection Using Swin Transformers 

• Overview: This study explores the use of Swin Transformers, a type of Vision 
Transformer, for brain tumor detection and classification in MRI images. Swin 
Transformers are particularly effective due to their hierarchical feature 
representation, making them suitable for detailed medical imaging tasks. 

• Objective: To develop a model that can accurately detect, classify, localize, and 
estimate the size of brain tumors in MRI scans. 

• Methodology: 

1. Data Preparation 
• Dataset Size and Characteristics: 

The dataset consisted of 31,354 MRI images categorized into three tumor types: 
gliomas, meningiomas, and pituitary tumors. Each image was labeled by expert 
radiologists to ensure ground truth accuracy. 

• Preprocessing: 
o Images were resized to a uniform resolution of 224×224 pixels to match 

the input size for the Swin Transformer model. 
o Normalization was applied to adjust pixel intensity values to the range 

[0,1][0, 1][0,1], ensuring consistency across images. 
o Augmentation Techniques: 

▪ Random Rotations: Images were rotated within ±30∘ 
▪ Cropping: Random cropping helped focus the model on specific 

regions of interest, simulating variability in MRI imaging 
conditions. 

▪ Noise Injection: Gaussian noise was added to simulate real-
world noise in MRI data. 



2. Model Architecture 
• Swin Transformer Details: 

o Hierarchical Representation: The Swin Transformer divided images into 
non-overlapping patches, processed in a hierarchical manner, allowing 
the model to capture both local and global features. 

o Shifted Window Attention: Enabled the model to focus on tumor regions 
effectively by shifting attention windows across the image. 

o Multitask Learning: The architecture was designed to handle three 
simultaneous tasks: 

▪ Classification: Determining the tumor type. 
▪ Localization: Identifying the tumor's exact position. 
▪ Size Estimation: Measuring the tumor's dimensions. 

3. Segmentation & Deployment 
• Segmentation Process: 

OpenCV libraries were used to segment tumor regions based on pixel intensity 
thresholds. This enabled the generation of tumor masks for further analysis and 
size estimation. 

• Tumor Size Estimation: 
The segmented regions were analyzed to calculate size metrics such as area 
and perimeter. These metrics were validated against radiologist annotations. 

• Real-Time Deployment: 
A REST API built using Node.js facilitated seamless integration into clinical 
workflows, enabling real-time diagnosis and reporting. 

 
4. Training Setup 

• Hyperparameter Tuning: 
o Batch Size: 161616 
o Learning Rate: 0.0010.0010.001 
o Optimizer: Adam optimizer was chosen for its adaptive learning rate 

capabilities. 
o Epochs: The model was trained for 50 epochs with early stopping to 

prevent overfitting. 
• Cross-Validation: 

A 5-fold cross-validation strategy was employed to ensure robustness and 
generalizability of the model. 

• Loss Functions: 
o Classification Loss: Cross-entropy loss for accurate tumor 

classification. 



o Localization Loss: Mean squared error (MSE) for precise tumor position 
prediction. 

o Segmentation Loss: Dice coefficient loss to optimize tumor mask 
predictions. 

Supporting Visuals 
1. Hierarchical Patch Processing in Swin Transformers 
Below is an example of how Swin Transformers process images in a hierarchical 
manner: 
Diagram: 

• Input image split into patches → hierarchical feature extraction → shifted window 
attention highlights tumor regions. 

2. Attention Heatmaps Generated by Swin Transformers 
Heatmaps highlight areas of the MRI scan most critical for classification and 
localization tasks. These explainable AI outputs improve model transparency for 
clinical use. 
3. Segmentation Output with Tumor Masks 
Tumor segmentation using OpenCV can be visualized with the original MRI image 
overlaid with the segmented tumor region: 

• Left: Original MRI image. 
• Right: Segmented image with tumor highlighted. 

Figure 1 "Brain Tumor Detection and Classification Using Swin Transformer with Shifted Window Attention Mechanism." 



Here is a visual representation of the Swin Transformer output process for brain tumor 
detection in MRI scans. The image illustrates: 

• Hierarchical Patching: Dividing the MRI image into patches for feature extraction. 

• Shifted Window Attention: Focusing on tumor-specific regions highlighted by 
heatmaps. 

• Final Outputs: Tumor classification, localization (bounding boxes), and size 
estimation metrics. 

 

• Results: The model demonstrated high accuracy in detecting and classifying brain 
tumors, along with providing tumor localization and size estimation. 

• Challenges: The study highlighted the computational demands of Swin 
Transformers, suggesting the need for optimized processing for real-time 
applications. 

• Implications: The integration of Swin Transformers in MRI analysis can potentially 
streamline and enhance the accuracy of brain tumor diagnosis in clinical settings. 

• Link: Brain Tumor Detection using Swin Transformers 

2. Smith et al. (2023): Deep Learning-Based MRI Analysis for Brain Tumor 
Classification 

• Overview: This study explores the application of deep learning techniques, 
particularly Convolutional Neural Networks (CNNs), to classify brain tumors from 
MRI images. Brain tumors present unique challenges due to their heterogeneous 
nature, complex shapes, and varying sizes. CNNs, widely recognized for their 
powerful image analysis capabilities, were employed to improve diagnostic accuracy 
and support clinical decision-making. 

• Objective: The main aim of the study was to develop a CNN-based model that can 
automatically and accurately classify brain tumors in MRI scans, with a specific 
focus on distinguishing between benign and malignant tumors to aid in early 
diagnosis and treatment planning. 

 

 

https://arxiv.org/pdf/2305.06025


• Methodology: 

1. Data Collection: 
• Sources: MRI images were obtained from multiple imaging centers, ensuring 

diversity in imaging protocols and scanner types. 
• Dataset Characteristics: The dataset included over 10,000 MRI images 

spanning three tumor categories: glioma, meningioma, and pituitary 
adenoma. Data balancing techniques ensured equitable representation 
across categories. 

• Labeling: Radiologists annotated the dataset, providing detailed metadata 
such as tumor dimensions, locations, and grades. 

2. Preprocessing Steps: 
• Resizing: All images were resized to a standard dimension (e.g., 224x224 

pixels) to ensure uniformity across input data. 
• Normalization: Pixel intensities were normalized to a range of 0 to 1, 

addressing differences in scanner outputs. 
• Augmentation: Techniques like rotation, flipping, contrast adjustment, and 

noise injection were applied to expand the dataset artificially, improving 
model robustness against real-world variations. 
 

3. Model Architecture: 
• Core Design: A custom CNN architecture with 10 convolutional layers, 

followed by ReLU activation and max-pooling layers, was built to extract 
complex features from MRI scans. 

• Regularization: Dropout layers were added after fully connected layers to 
minimize overfitting. 

• Optimization: The Adam optimizer was employed, with a learning rate 
scheduler to dynamically adjust the learning rate during training. 

4. Training and Validation: 
• Cross-Validation: Five-fold cross-validation was applied to assess the 

model's reliability and reduce selection bias. 
• Epochs and Batch Size: The model was trained over 50 epochs with a batch 

size of 32, striking a balance between computational efficiency and 
convergence. 

• Data Split: A robust split strategy (70% training, 15% validation, 15% testing) 
ensured the model's generalizability across unseen data. 

 
 
 



5. Evaluation: 
• Metrics: Accuracy, precision, recall, F1-score, and ROC-AUC curves were 

used for performance analysis. Specific attention was given to false negatives 
in malignant tumor detection. 

• Visualization: Heatmaps from Grad-CAM were generated to highlight regions 
of MRI images influencing the model's decisions. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2 "Performance Metrics for Tumor Detection Across Types." 

Figure 3 "Comprehensive Workflow for Brain Tumor Analysis: Data 
Collection, Classification, Validation, and Evaluation Metrics." 

 

 



• Results: 

o The CNN model achieved a high accuracy of 95% on the test dataset, with 
precision and recall scores above 92%. This suggests a reliable differentiation 
capability between tumor types, particularly for identifying malignant versus 
benign tumors. 

o Performance across different tumor types (glioma, meningioma, and pituitary 
adenoma) showed consistent results, indicating the model's effectiveness in 
generalizing across various brain tumor forms. 

• Challenges: 

o Image Quality and Variability: Differences in MRI scan quality, imaging 
protocols, and variations in tumor characteristics presented challenges for 
model consistency. Additional training data and enhanced preprocessing 
were required to overcome these limitations. 

o Overfitting: The high complexity of MRI data initially led to overfitting. 
Regularization techniques such as dropout layers were applied to mitigate 
this issue, improving model stability on new data. 

• Summary and Implications: 

o This study demonstrates that CNN-based deep learning models can serve as 
robust tools for brain tumor classification in MRI images. The results highlight 
the model’s potential as a diagnostic aid, providing radiologists with quick, 
reliable tumor classifications that could accelerate diagnosis and inform 
treatment options. 

o The authors recommend further integration of similar AI-driven diagnostic 
tools into clinical workflows to assist with real-time MRI analysis. Moreover, 
expanding the dataset with more diverse imaging data could enhance model 
accuracy, particularly across different demographic and geographic 
populations. 

• Link: Deep Learning-Based MRI Analysis for Brain Tumor Classification 

 

 

https://pubmed.ncbi.nlm.nih.gov/38462288/


3. Paçal et al. (2024): A Novel Swin Transformer Approach Utilizing Residual 
Multi-Layer Perceptron for Diagnosing Brain Tumors in MRI Images 

• Overview: This study explores a novel approach combining Swin Transformers with 
a Residual-based Multi-Layer Perceptron (ResMLP) to improve brain tumor diagnosis 
accuracy in MRI images. The Swin Transformer’s hierarchical structure, along with 
the efficiency of ResMLP, aims to enhance diagnostic performance in clinical 
settings. 

• Objective: To develop an efficient and accurate model for brain tumor classification, 
using MRI scans, that reduces memory consumption and training time. 

• Methodology: 

1. Data Collection: 
• Dataset Sources: The MRI dataset was curated from multiple hospitals and 

publicly available repositories, featuring a balanced mix of glioma, 
meningioma, pituitary adenoma, and other brain tumor types. 

• Diversity: The dataset included patients across different age groups, stages, 
and demographic backgrounds. 

• Preprocessing: 
o Resizing: Standardized image dimensions to 224x224 pixels. 
o Normalization: Intensity values normalized for consistent brightness 

and contrast. 
o Augmentation: Employed rotation, cropping, scaling, and noise 

injection to enhance data variability. 
 

2. Model Architecture: 
• Swin Transformer: 

o Shifted Window Attention: Focused on capturing localized and global 
contextual information by dividing images into overlapping regions. 

o Hierarchical Feature Extraction: Extracted multiscale features, 
improving generalization for varying tumor shapes and sizes. 

• Residual Multi-Layer Perceptron (ResMLP): 
o Core Role: Replaced traditional MLP layers to enhance computational 

efficiency and reduce memory usage. 
o Residual Connections: Prevented vanishing gradients and preserved 

critical features from the Swin Transformer outputs. 
• Hybrid Model Integration: 



o Sequentially combined the Swin Transformer with ResMLP layers. 
o Applied batch normalization and dropout layers for regularization. 

3. Training and Evaluation: 
• Data Split: The dataset was divided into training (70%), validation (15%), and 

testing (15%) subsets. 
• Optimization: 

o Optimizer: AdamW with a learning rate scheduler. 
o Loss Function: Cross-entropy loss for multi-class classification. 
o Hyperparameter Tuning: Grid search was used to determine optimal 

learning rates, batch sizes, and transformer depths. 
• Metrics: 

o Classification accuracy, precision, recall, F1-score. 
o Memory usage during training. 
o Training time per epoch. 

4. Metrics and Comparison Evaluation: 
• Compared the proposed model with state-of-the-art CNN architectures, 

highlighting superior performance in accuracy, memory efficiency, and 
speed. 

Here are the visualizations comparing the hybrid Swin Transformer-ResMLP model to 
traditional CNNs across three metrics: 

1. Classification Accuracy: The Swin-ResMLP model outperformed traditional CNNs 
with an accuracy of 96%. 

2. Memory Usage: The Swin-ResMLP demonstrated significantly lower memory usage 
(1.2 GB vs. 2.5 GB). 

3. Training Time: The hybrid model trained faster, completing in 45 minutes compared 
to 60 minutes for CNNs. 

 
 
 
 
 
 

 
 
 
 
 
 
 Figure 5 "Classification Accuracy Comparison: Swin-

ResMLP (96%) vs Traditional CNN (93%)." 

Figure 4 "Memory Usage Comparison: Swin-ResMLP (1.2 
GB) vs Traditional CNN (2.5 GB)." 

 



 
 
 
 
 
 
 
 
 
 
 
 

• Results: The proposed model achieved high classification accuracy, reduced 
memory usage, and faster training times, outperforming traditional CNN 
approaches. 

• Challenges: Balancing the complexity of the Swin Transformer with the need for 
efficiency posed a challenge, necessitating fine-tuning of ResMLP integration. 

• Implications: This hybrid approach shows promise for practical applications in 
clinical environments, enabling radiologists to diagnose brain tumors more 
accurately and efficiently. 

Link: Study Link 

4. Abdusalomov et al. (2023): Brain Tumor Detection Based on Deep 
Learning Approaches and Magnetic Resonance Imaging 

• Overview: This study presents an advanced deep learning model using YOLOv7 for 
brain tumor detection in MRI scans, focusing on gliomas, meningiomas, and pituitary 
tumors. The model incorporates multiple image processing techniques and attention 
mechanisms to enhance detection accuracy. 

• Objective: To create an optimized YOLOv7 model for accurately detecting and 
classifying brain tumors in MRI images, achieving superior accuracy in diagnosing 
different types of brain tumors. 

 

 

Figure 6 "Training Time Comparison: Swin-ResMLP 
(45 min) vs Traditional CNN (60 min)." 

 

https://link.springer.com/article/10.1007/s13042-024-02110-w


• Methodology: 

1. Data Preparation: 
• Dataset Details: The dataset contained 10,288 MRI images, categorized into 

gliomas (2,548), pituitary tumors (2,658), meningiomas (2,582), and non-tumor 
images (2,500). 

• Preprocessing: 
o Resizing: Standardized image dimensions to 640x640 pixels for YOLOv7 

compatibility. 
o Normalization: Pixel values were scaled to the range [0,1]. 
o Data Augmentation: Applied horizontal and vertical flipping, rotation, 

scaling, brightness adjustments, and Gaussian noise to increase dataset 
diversity and robustness. 

2. Model Architecture: 
• YOLOv7 Enhancements: 

o Convolutional Block Attention Module (CBAM): Added to enhance the 
focus on tumor regions by emphasizing important spatial and channel-
wise features. 

o Spatial Pyramid Pooling Fast+ (SPPF+): Used to capture multi-scale 
contextual information, particularly useful for tumors of varying sizes. 

o Bi-directional Feature Pyramid Network (BiFPN): Integrated for efficient 
multi-scale feature fusion, improving detection of small and large tumors. 

• Fine-Tuning: 
o Hyperparameters, including confidence thresholds and anchor box sizes, 

were optimized using grid search to achieve the best detection 
performance. 

3. Training and Evaluation: 
• Data Split: 70% training, 15% validation, and 15% testing. 
• Optimizer: Adam optimizer with cosine annealing learning rate scheduler. 
• Metrics: 

o Accuracy: Measures the overall correctness of predictions. 
o Precision: Focused on minimizing false positives. 
o Recall: Highlighted the detection of all true positives. 
o Mean Average Precision (mAP): Evaluated model performance across all 

classes. 
4. Challenges: 
• Small Tumor Detection: The model showed reduced sensitivity to small tumors 

due to their subtle features, suggesting future enhancements in resolution and 
feature mapping. 



Here is a bar chart comparing the performance of the enhanced YOLOv7 model, 
baseline YOLOv7, and traditional CNNs across key metrics: 

 

 

1. Accuracy: The enhanced YOLOv7 achieved the highest accuracy (99.5%), 
significantly outperforming both baseline YOLOv7 (97.8%) and traditional CNNs 
(93.4%). 

2. Precision: The enhanced YOLOv7 demonstrated superior precision (99.2%), 
reducing false positives effectively. 

3. Recall: With a recall of 99.1%, the enhanced model excelled in detecting true 
positives. 

4. mAP: The enhanced YOLOv7 achieved a mean average precision of 99.6%, 
reflecting its robust detection capabilities across all tumor types. 

• Results: The enhanced YOLOv7 model achieved an impressive accuracy of 99.5%, 
outperforming previous models in the detection and classification of brain tumors. 

• Challenges: The study noted the complexity of identifying small tumors, suggesting 
future refinement for improved small tumor detection. 

• Implications: This model shows strong potential as a clinical diagnostic tool, 
assisting radiologists in making quicker and more accurate brain tumor diagnoses. 

Link: Brain Tumor Detection Based on Deep Learning Approaches 

Figure 7 "Performance Comparison: Enhanced YOLOv7 Outperforms Baseline YOLOv7 and 
Traditional CNN in Accuracy, Precision, Recall, and mAP." 

 

https://pmc.ncbi.nlm.nih.gov/articles/PMC10453020/


5. Wang et al. (2024): Artificial Intelligence Detection and Segmentation 
Models: A Systematic Review and Meta-Analysis of Brain Tumors in MRI 

• Overview: This systematic review and meta-analysis examine the performance of AI-
based detection and segmentation models for brain tumors in MRI scans. It assesses 
factors impacting the generalizability of AI algorithms across diverse datasets and 
explores the diagnostic efficacy of these models in brain tumor detection. 

• Objective: To analyze the factors influencing the generalization of deep learning 
models in brain tumor segmentation and detection, with a focus on evaluating 
performance metrics like sensitivity and Dice scores across various external 
validation datasets. 

• Methodology: 

1. Literature Review and Data Collection: 
• Study Selection: 

o Data was gathered from 19 studies, focusing on those utilizing MRI 
images for brain tumor detection and segmentation. 

o Inclusion criteria: Studies with clear reporting of validation metrics 
such as Dice scores and sensitivity. 

• Dataset Summary: 
o Over 12,000 patient cases were analyzed, ensuring diverse 

representation across demographics and tumor types. 
o Sources included PubMed, IEEE Xplore, and other reputable academic 

databases. 
2. Evaluation Criteria: 
• Performance Metrics: 

o Dice Score: Quantified segmentation accuracy by measuring overlap 
between predicted and actual tumor regions. 

o Sensitivity: 
▪ Patient-wise sensitivity: Evaluated how effectively models 

detected tumors in patients. 
▪ Lesion-wise sensitivity: Focused on detecting individual tumor 

lesions. 
• Algorithm Comparisons: 

o 2D Models: Found effective for simple tumor segmentation but limited 
in capturing volumetric features. 



o 3D Models: Demonstrated superior accuracy by leveraging volumetric 
spatial relationships. 

o Ensemble Models: Combined predictions from multiple models to 
improve robustness but at the cost of increased complexity. 

• MRI Hardware Analysis: 
o Investigated the impact of MRI scanner manufacturers (e.g., Siemens, 

GE) on model performance. 
o Variability in imaging protocols and hardware configurations 

highlighted challenges in model generalizability. 
3. Statistical Analysis: 
• Pooled Metrics: 

o Lesion-wise Dice score: 84%. 
o Patient-wise sensitivity: 87%. 
o Lesion-wise sensitivity: 86%. 

• Meta-Analysis: 
o Subgroup analyses explored factors like tumor size and dataset 

heterogeneity. 
o Statistical significance of Dice score variations was assessed using 

ANOVA. 
 

4. Challenges and Recommendations: 
• Challenges: 

o Limited data diversity, particularly underrepresented tumor types and 
demographics. 

o MRI hardware inconsistencies affecting cross-dataset generalizability. 
• Recommendations: 

o Development of a diversity index to quantitatively evaluate dataset 
representativeness. 

o Integration of GANs for realistic data augmentation to simulate 
underrepresented scenarios. 

Here is a bar chart illustrating the pooled performance metrics reported in Wang et al. 
(2024): 
1. Dice Score: Achieved 84%, reflecting accurate segmentation of tumor regions. 
2. Patient-wise Sensitivity: Reached 87%, showing robust detection of tumors in 

individual patients. 
3. Lesion-wise Sensitivity: Attained 86%, emphasizing effective detection of individual 

tumor lesions. 
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• Link: Artificial Intelligence Detection and Segmentation Models 

6. Qu et al. (2023): Construction and Evaluation of a Gated High-
Resolution Neural Network for Automatic Brain Metastasis Detection and 
Segmentation 

• Overview: This study presents an advanced deep learning model specifically 
designed for the detection and segmentation of brain metastases in MRI images. By 
utilizing a Gated High-Resolution (GHR) neural network, the research aims to 
enhance both segmentation accuracy and processing speed, providing an efficient 
model for clinical applications. 

• Objective: To develop and evaluate the performance of a GHR neural network for 
accurately detecting and segmenting brain metastases, focusing on improving lesion 
detection accuracy and minimizing false positives. 

• Methodology: 

1. Data Collection: 
• Sources: MRI datasets were acquired from multiple healthcare institutions, 

including public and private imaging databases. 
 

Figure 8 "Pooled Performance Metrics from Wang et al. (2024): Dice Score (84%), Patient-wise 
Sensitivity (87%), Lesion-wise Sensitivity (86%)." 
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• Dataset Characteristics: 
o Images were pre-annotated by expert radiologists to provide accurate 

tumor boundaries. 
o Diverse data included varying tumor sizes, patient demographics, and 

imaging protocols. 
• Preprocessing: 

o Resizing: Standardized input to 256x256 pixels for computational 
efficiency. 

o Normalization: Intensity values were normalized to mitigate inter-
scanner variability. 

o Augmentation: Techniques such as flipping, rotation, zooming, and 
Gaussian noise were applied to enhance the training set's robustness. 

2. Model Architecture: 
• Gated High-Resolution (GHR) Neural Network: 

o Core Features: 
▪ Gated Mechanisms: Focused computational power on lesion 

regions, suppressing irrelevant background noise. 
▪ High-Resolution Features: Maintained fine-grained spatial 

details for improved segmentation of small and irregularly 
shaped metastases. 

o Network Design: 
▪ Multi-scale feature extraction layers. 
▪ Residual connections for preventing gradient loss and 

preserving learned features. 
o Hybrid Layers: 

▪ Incorporated convolutional and attention layers to improve 
model precision and focus. 

• Training: 
o Optimizer: Adam optimizer with learning rate decay. 
o Loss Function: Combined Dice loss and focal loss to address class 

imbalance. 
3. Evaluation Metrics: 

• Dice Score: Evaluated segmentation overlap, achieving 90% accuracy. 
• Sensitivity: 

o High sensitivity to ensure minimal missed metastases. 
• False Positive Rate: Assessed model performance in reducing unnecessary 

detections. 
 



4. Challenges and Recommendations: 
• Challenges: 

o Detection of small metastases remained a limitation due to resolution 
constraints. 

o Occasional misclassification of non-tumor regions as metastases. 
• Recommendations: 

o Future work suggested integrating hybrid architectures (e.g., 
Transformer-CNN models) to capture global and local features. 

o Use of super-resolution techniques for enhancing small lesion 
visibility. 

 
 
Here is a bar chart comparing the performance metrics of the GHR Neural Network and 
traditional CNN models: 

1. Dice Score: The GHR Neural Network achieved a superior segmentation accuracy of 
90%, compared to 82% for traditional CNNs. 

2. Sensitivity: The GHR Neural Network demonstrated higher sensitivity (88%), 
outperforming the CNN's 80%. 

Link: Study Link 

 

 

Figure 9 "Performance Comparison: GHR Neural Network Achieves Higher Dice Score (90%) and Sensitivity (88%) 
Than Traditional CNN (82% and 80%)." 

 

https://link.springer.com/article/10.1007/s00330-023-09648-3


7. Yin et al. (2022): Development and Validation of a Deep-Learning Model for Detecting 
Brain Metastases on 3D Post-Contrast MRI 

• Overview: Yin et al. explore a deep learning model trained specifically on 3D post-
contrast MRI images to improve the detection of brain metastases. This multi-center, 
multi-reader evaluation focuses on generalizability and accuracy across varied 
imaging environments and equipment. 

• Objective: To design a deep learning model capable of robust brain metastasis 
detection in 3D MRI images, ensuring that the model maintains high accuracy across 
different MRI equipment and clinical environments. 

• Methodology: 

1. Data and Model Development: 
• Dataset Characteristics: 

o Data collected from multiple medical centers. 
o Comprised 3D post-contrast MRI sequences, ensuring detailed visualization 

of brain metastases. 
o Included diverse patient demographics and tumor sizes to enhance 

generalizability. 
• Preprocessing: 

o Resizing and Normalization: Standardized images to consistent dimensions 
and pixel intensity ranges. 

o Noise Reduction: Applied denoising algorithms to improve clarity in tumor 
regions. 

o Augmentation: Rotation, flipping, scaling, and intensity variations were 
implemented to enhance model robustness. 

2. Model Architecture: 
• 3D Convolutional Neural Network (3D-CNN): 

o Utilized 3D convolutions to extract spatial features from MRI volumes. 
o Integrated residual blocks for deeper feature extraction without gradient 

vanishing. 
• Hybrid Attention Mechanism: 

o Combined channel and spatial attention to focus on metastasis regions, 
minimizing false positives. 

• Regularization: 
o Dropout layers and L2 regularization were added to prevent overfitting. 

 
 



3. Evaluation Criteria: 
• Sensitivity: 

o High sensitivity ensured reliable detection of both large and small 
metastases. 

• Dice Score: 
o Measured overlap between predicted and true tumor regions, achieving 96%. 

• Generalizability: 
o Geographic and temporal data splits evaluated the model’s adaptability 

across different MRI machines and clinical settings. 
4. Challenges: 

• Generalizability: 
o Performance could vary with additional imaging parameters (e.g., T1, T2 

sequences). 
o Limited representation of specific demographic groups required future 

inclusion of more diverse datasets. 
• Small Lesion Detection: 

o Detection of very small lesions required higher resolution input or enhanced 
feature mapping. 

 
Here is a bar chart illustrating the performance of the deep learning model for detecting 
small and large brain metastases: 

 
 

Figure 10 "Performance Metrics: Higher Dice Score (96%) and Sensitivity (95%) for Large 
Lesions Compared to Small Lesions (92% and 89%)." 

 



1. Dice Score: 
o Small Lesions: 92% 
o Large Lesions: 96% 

2. Sensitivity: 
o Small Lesions: 89% 
o Large Lesions: 95% 

These results highlight the model's strength in detecting large metastases while maintaining 
solid performance for smaller lesions.  
Brain metastases are secondary cancerous growths that spread to the brain from primary 
tumors located elsewhere in the body. They are the most common intracranial tumors in 
adults, accounting for approximately 25-50% of such cases.  
Imaging Techniques: 

• Magnetic Resonance Imaging (MRI): MRI is the preferred modality for detecting 
brain metastases due to its superior contrast resolution and ability to differentiate 
between tumor tissue and normal brain structures. Contrast-enhanced T1-weighted 
images are particularly effective in identifying metastatic lesions.  

• Computed Tomography (CT): While less sensitive than MRI, CT scans can be useful, 
especially when MRI is contraindicated. CT is effective in detecting hemorrhagic 
metastases and assessing bone involvement.  

Common Primary Sources: 
The most frequent primary cancers that metastasize the brain include: 

• Lung Cancer: Accounts for approximately 40% of brain metastases. 
• Breast Cancer: Contributes to about 20% of cases. 
• Melanoma: Responsible for around 10% of brain metastases. 
• Gastrointestinal Tract Cancers: Make up about 6% of cases. 

These statistics highlight the importance of monitoring patients with these primary cancers 
for potential brain involvement.  
Imaging Features: 
On MRI, brain metastases typically present as: 

• Lesion Characteristics: Single or multiple enhancing lesions located at the grey–
white matter junction, often with significant surrounding vasogenic edema.  

• Location: Approximately 80% are found in the supratentorial region, with 15% in the 
cerebellum.  

Advanced Imaging Techniques: 
Recent advancements include: 

• Perfusion MRI: Assesses tumor vascularity and can help differentiate between 
tumor recurrence and radiation necrosis.  



• Diffusion-Weighted Imaging (DWI): Provides information on the cellularity of 
lesions, aiding in distinguishing metastases from other types of brain tumors.  

These advanced techniques enhance diagnostic accuracy and inform treatment planning. 
Clinical Implications: 
Accurate detection and characterization of brain metastases are crucial for determining the 
appropriate therapeutic approach, which may include surgery, radiation therapy, or 
systemic treatments. Early identification through imaging significantly impacts patient 
prognosis and quality of life. 
 

• Link: Study Link 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://academic.oup.com/neuro-oncology/article/24/9/1559/6518101


 

 

 

 

 

 

 

8. Laukamp et al. (2021): Automated Meningioma Segmentation in 
Multiparametric MRI: Comparable Effectiveness of a Deep Learning 
Model and Manual Segmentation 

• Overview: This study investigates the use of a deep learning model for automated 
meningioma segmentation in multiparametric MRI, comparing its performance to 
traditional manual segmentation performed by radiologists. 

• Objective: To evaluate the effectiveness and accuracy of a deep learning-based 
segmentation model for meningiomas, measuring its consistency with manual 
segmentation across multiple MRI sequences. 

• Methodology: 

1. Data and Model Architecture: 
• Dataset: 

o Multiparametric MRI data included T1-weighted, T2-weighted, and 
FLAIR sequences. 

o Images were sourced from a multi-institutional dataset featuring 
diverse meningioma cases. 

o Tumors were manually annotated by experienced radiologists to 
establish ground truth. 

• Preprocessing: 
o Normalization: Intensity normalization ensured consistency across 

sequences. 
o Augmentation: Rotation, cropping, and intensity adjustments 

increased dataset diversity. 

Figure 11 "Compilation of Brain Imaging Modalities: MRI and CT Scans Highlighting Tumors, Radiation Necrosis, and 
Tumor Recurrence for Diagnostic Evaluation." 

 



o Resampling: Volumes were resampled to isotropic voxel spacing for 
uniformity. 

• Model: 
o 3D U-Net Architecture: 

▪ Specialized in volumetric image segmentation. 
▪ Included encoder-decoder structures with skip connections to 

retain spatial information. 
▪ Integrated batch normalization and dropout layers for 

regularization. 
2. Evaluation Metrics: 

• Dice Score: Evaluated overlap between predicted and manual 
segmentations (achieved 89%). 

• Sensitivity: Measured the model's ability to correctly identify tumor regions. 
• Specificity: Assessed the model's ability to exclude non-tumor regions. 
• Comparison with Radiologists: 

o Model predictions were compared against segmentations from three 
experienced radiologists to ensure reliability. 

3. Results: 
• The model achieved a Dice score of 89%, closely matching manual 

segmentation accuracy. 
• High sensitivity and specificity demonstrated its reliability for clinical use. 
• Performance across all three MRI sequences showed consistency, with minor 

variability in tumors with irregular boundaries. 
4. Challenges and Recommendations: 

• Challenges: 
o Tumors with poorly defined boundaries posed difficulties for 

automated segmentation. 
o Variations in imaging quality and noise affected model precision in 

some cases. 
• Recommendations: 

o Enhance the model with hybrid architectures (e.g., attention-based 
mechanisms) for improved boundary detection. 

o Use advanced noise reduction techniques for higher-quality input 
data. 

Link: Study Link 

 

 

https://link.springer.com/article/10.1007/s00062-020-00884-4


Comparison Table for Related Work 

Study Model/Tech
nique 

Dataset 
Size 

Metrics Used Key Contributions Challenges 

Meshram et 
al. (2023) 

Swin 
Transformers 

31,354 
images 

Accuracy, Size 
Estimation 

Hierarchical feature 
extraction with REST 

API integration 

High 
computational 

demands 

Smith et al. 
(2023) 

Custom CNN Large 
curated 

Accuracy, 
Precision, F1 

Reliable classification 
of benign vs. malignant 

tumors 

Variability in MRI 
quality 

Paçal et al. 
(2024) 

Swin + 
ResMLP 

Comprehe
nsive 

Memory Usage, 
Speed 

Efficient hybrid 
approach for better 
accuracy and speed 

Complexity of 
balancing 

architectures 

Abdusalomo
v et al. (2023) 

YOLOv7 + 
CBAM 

10,288 
images 

Accuracy, Recall Multi-scale feature 
fusion with attention 

mechanisms 

Small tumor 
detection 

Wang et al. 
(2024) 

Meta-
analysis of 
19 studies 

12,000 
patients 

Dice, Sensitivity Generalizability 
analysis of 2D, 3D, and 

ensemble models 

Dataset diversity 
and hardware 

variability 

Qu et al. 
(2023) 

Gated High-
Resolution 

Network 

Large 
multi-site 

Dice, Accuracy Gated mechanisms to 
reduce false positives 

in segmentation 

Small lesion 
resolution 

Yin et al. 
(2022) 

Custom 3D 
Deep 

Learning 

Multi-
center 

Sensitivity, Dice Robust metastases 
detection across varied 
imaging environments 

Generalization 
for demographic 

groups 

Laukamp et 
al. (2021) 

3D U-Net Multi-
parametric 

Dice, Specificity Automated 
meningioma 

segmentation 
comparable to manual 

methods 

Boundary 
precision in 
challenging 

regions 



 

 

 

 

 

 

 

 

 

Chapter Summary :  

This chapter reviews recent advancements in brain tumor detection using deep learning 
models. It analyzes studies employing CNNs, Swin Transformers, and YOLOv7, highlighting 
their strengths, challenges, and results. The chapter emphasizes the role of robust datasets, 
segmentation accuracy, and the adaptability of AI models in diverse clinical scenarios. 

 

 

 

 

 

 

 

 

 

 

 

Figure 12  "Accuracy Comparison of Brain Tumor Detection Models: YOLOv7 + CBAM 
Achieves the Highest Accuracy, Followed by Swin Transformers and Custom CNN." 

 



Chapter 4: Background on Machine Learning 

4.1 Introduction 

Machine learning (ML) is a subset of artificial intelligence (AI) that enables computer 
systems to learn patterns from data, generalize these patterns, and make predictions or 
decisions without being explicitly programmed. ML algorithms have transformed industries 
such as healthcare, finance, transportation, and manufacturing by automating decision-
making processes and uncovering insights from vast amounts of data. 

In medical imaging, machine learning has become particularly valuable for its ability to 
analyze complex and high-dimensional datasets, such as Magnetic Resonance Imaging 
(MRI) and Computed Tomography (CT) scans. Traditional diagnostic methods rely heavily 
on radiologists to manually analyze these images, which can be time-consuming and 
subject to inter-observer variability. Machine learning models, particularly deep learning, 
enable automated, consistent, and accurate interpretation of medical images, facilitating 
tasks such as tumor detection, segmentation, and classification. 

The use of ML in brain tumor detection is a groundbreaking advancement. Techniques like 
Convolutional Neural Networks (CNNs) and Transformers allow systems to identify 
patterns in brain MRI scans and differentiate between tumor types, such as gliomas, 
meningiomas, and pituitary tumors. This helps in early detection and treatment planning, 
improving patient outcomes. 

4.2 Conventional Programming vs. Machine Learning 

Conventional Programming: 

Conventional programming follows a rule-based approach where a human programmer 
manually defines rules, conditions, and logic to solve a problem. For example, detecting a 
tumor in an MRI scan using traditional programming would require explicitly defining pixel-
based rules, such as contrast thresholds, shapes, or edge detection, to differentiate tumors 
from normal tissues. This approach is often inefficient and impractical due to the variability 
and complexity of medical images. 

Limitations of Conventional Programming in Medical Imaging: 

• High dependence on predefined rules and heuristics. 
• Difficulty handling noisy, inconsistent, or high-dimensional data. 
• Requires extensive manual feature engineering and domain knowledge. 
• Poor adaptability to new types of images or tumor variations. 



Machine Learning: 

In contrast, ML systems learn directly from data. Rather than manually defining rules, the 
model discovers patterns in the input data during the training process. For example, a CNN 
can learn to recognize tumor features, such as irregular shapes or high-intensity regions, by 
analyzing a labeled dataset of MRI images. 

Advantages of ML over Conventional Programming: 

• Automation: ML models automatically extract relevant features. 
• Adaptability: Models can adapt to new data and tumor variations. 
• Accuracy: Machine learning achieves superior performance with sufficient training 

data. 
• Efficiency: Faster analysis compared to manual interpretation. 

Example Use Case: In brain tumor classification, a CNN trained on labeled MRI scans 
automatically learns features that distinguish tumors from normal tissues, reducing the 
need for manual intervention. 

4.3 Types of Machine Learning Techniques 

1. Supervised Learning 
Supervised learning involves training models on labeled datasets where the inputs (e.g., MRI 
images) are paired with corresponding output labels (e.g., tumor types). The model learns to 
map input features to the correct output through optimization techniques, such as 
minimizing classification errors. 
Applications in Brain Tumor Detection: 

• Image Classification: Assigning MRI images to specific tumor classes (e.g., glioma, 
meningioma, pituitary). 

• Segmentation: Identifying and segmenting the precise region of the tumor. 
Key Algorithms: 

• Convolutional Neural Networks (CNNs) for image classification. 
• Vision Transformers (ViTs) for attention-based image analysis. 

2. Unsupervised Learning 
Unsupervised learning analyzes data without labeled outputs, focusing on identifying 
patterns, structures, or anomalies within the data. In medical imaging, unsupervised 
methods are often used when labeled data is scarce or when the goal is to detect unknown 
anomalies. 
Applications in Brain Imaging: 

• Clustering: Grouping brain MRI images based on shared characteristics. 
• Anomaly Detection: Identifying unusual or unexpected patterns in brain scans that 

may indicate tumors or other abnormalities. 
Key Algorithms: 

• K-Means Clustering for grouping similar MRI scans. 



• Principal Component Analysis (PCA) for dimensionality reduction and feature 
extraction. 

 
3. Reinforcement Learning 
Reinforcement learning (RL) involves training models to make sequential decisions by 
interacting with an environment and receiving rewards or penalties based on their actions. 
Although less common in medical imaging, RL can be applied to optimize diagnostic and 
treatment planning systems. 
Applications in Healthcare: 

• Radiation Therapy Planning: RL optimizes radiation doses for tumor treatment while 
minimizing damage to surrounding tissues. 

• Intelligent Diagnostic Agents: Systems that learn decision policies by interacting 
with medical data environments. 

Key Algorithms: 
• Q-Learning for decision-making tasks. 
• Deep Reinforcement Learning for complex environments with high-dimensional 

data. 
 
4.4 Machine Learning Algorithms Used 

1. Convolutional Neural Networks (CNNs): 
CNNs are the cornerstone of image-based deep learning applications. They excel in 
analyzing visual data by learning spatial hierarchies of features. 
Components of CNNs: 

• Convolutional Layers: Extract spatial features like edges, textures, and shapes. 
• Pooling Layers: Reduce image dimensions while retaining critical information. 
• Fully Connected Layers: Combine extracted features for classification. 

Applications in Brain Tumor Diagnosis: 
• Automatic tumor detection and segmentation in MRI images. 
• Classification of tumors into types (glioma, meningioma, pituitary). 
• Early detection of tumor recurrence. 

 
2. Transformers 
Transformers, originally developed for natural language processing, are increasingly being 
used in medical imaging due to their self-attention mechanisms. These mechanisms allow 
models to assign importance to specific regions of an MRI scan, enhancing their ability to 
focus on tumor areas. 
Advantages of Transformers: 

• Capture long-range dependencies within MRI images. 
• Focus on critical regions with attention mechanisms. 
• Achieve high accuracy in detecting subtle tumor features. 



Applications: 
• Tumor classification and segmentation. 
• Integration into hybrid models with CNNs for enhanced performance. 

 
3. Hybrid Models 
Hybrid models combine the strengths of multiple architectures, such as CNNs and 
Transformers, to enhance performance in brain tumor detection. 
Benefits of Hybrid Models: 

• Feature Extraction: CNNs effectively extract spatial features. 
• Attention Mechanisms: Transformers improve focus on critical regions. 
• Enhanced Accuracy: Combining architectures leads to improved robustness. 

Example Use Case: A CNN-Transformer hybrid model can identify tumor boundaries while 
focusing on subtle variations in intensity and shape, improving segmentation and 
classification accuracy. 
 

4.5 Challenges and Future Directions 
While machine learning has achieved remarkable success in brain tumor detection, 
several challenges remain: 

1. Data Scarcity: Annotated MRI datasets are limited, requiring techniques like data 
augmentation and transfer learning. 

2. Generalizability: Models trained on one dataset may not perform well on data from 
different scanners or institutions. 

3. Interpretability: Understanding and explaining model predictions is critical for 
clinical adoption. 

4. Integration: Seamless integration of ML models into clinical workflows requires 
addressing ethical, regulatory, and technical issues. 

Future Directions: 
• Development of more robust self-supervised learning techniques. 
• Improved multi-modal approaches that combine MRI, CT, and PET scans. 
• Deployment of explainable AI to enhance trust among clinicians. 
• Use of federated learning to train models collaboratively without sharing sensitive 

patient data. 

 

 

 



Chapter Summary 

This chapter provided an in-depth overview of machine learning principles and their 
application in brain tumor detection. It compared conventional programming with ML-based 
approaches and described supervised, unsupervised, and reinforcement learning 
techniques. Key algorithms, including CNNs, Transformers, and hybrid models, were 
explored for their role in tumor detection, segmentation, and classification. Finally, 
challenges and future directions were discussed, paving the way for more advanced and 
reliable machine learning applications in medical imaging. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 5: Proposed Approach 

5.1 Introduction 
This chapter comprehensively describes the methodology used to develop and evaluate a 
deep learning-based framework for brain tumor diagnosis. The proposed approach 
integrates robust data preparation techniques, feature engineering, and advanced machine 
learning architectures to ensure clinical relevance and computational efficiency. By 
leveraging Convolutional Neural Networks (CNNs) and Transformers, this study aims to 
achieve high diagnostic accuracy in detecting and classifying brain tumors from MRI images. 

5.2 Data Acquisition 

High-quality data acquisition forms the foundation of an effective machine learning model. 
For this study, datasets were collected from diverse sources to ensure robustness and 
generalizability. 

1. Dataset Sources: 
o BRATS (Brain Tumor Segmentation) Challenge Dataset: 

▪ Includes T1, T2, FLAIR, and post-contrast T1 modalities. 
▪ Pixel-level annotations for gliomas (low and high-grade). 

o Kaggle MRI Brain Tumor Datasets: 
▪ Features over 10,000 annotated MRI scans of gliomas, meningiomas, and 

pituitary tumors. 
o Clinical Collaborations: 

▪ Private clinical data was obtained from partnered hospitals, covering rare 
tumor cases and atypical imaging 
scenarios. 

2. Dataset Characteristics: 
o Modalities: 

▪ T1-weighted: High-resolution 
anatomical details. 

▪ T2-weighted: Differentiates 
between tumor and surrounding 
edema. 

▪ FLAIR: Highlights hyperintense 
lesions near the brain surface. 

 

 
Figure 13 "Brain MRI Showing a 

Detected Tumor Region 
Highlighted for Diagnosis." 

 



o Resolution: 
▪ Original resolution of 512x512 pixels for high detail. 
▪ Resized for computational purposes to 256x256 pixels. 

o Categories: 
▪ Tumor types: Gliomas, meningiomas, and pituitary tumors. 
▪ Healthy controls: Scans with no abnormalities for baseline comparison. 

 
3. Annotations: 

o Ground Truth Labels: 
▪ Tumor type (e.g., glioma, meningioma, pituitary tumor). 
▪ Tumor grade (e.g., low-grade or high-grade glioma). 

o Segmentation Masks: 
▪ Manual annotation by radiologists or semi-automated tools like ITK-

Snap. 
4. Ethical Considerations: 

o Data anonymization to ensure compliance with GDPR and other ethical 
guidelines. 

o Institutional Review Board (IRB) approvals for clinical datasets. 

5.3 Data Cleaning and Pre-processing 
Preprocessing ensures consistent, high-quality input for deep learning models by 
normalizing, augmenting, and segmenting the MRI data. 

1. Normalization: 
• Normalizes pixel intensity values to a consistent range, typically [0, 1]. 
• Formula:  

 

 

 
 
 

2. Resizing: 
• Images resized to 256×256 pixels for model input. 
• Full-resolution scans 512×512 used for visualization and testing. 

 
3. Augmentation: 

• Techniques to enhance dataset diversity: 
o Rotation: Random rotation within [−30∘,+30∘] 
o Flipping: Horizontal and vertical mirroring. 



o Scaling: Random zoom-in and zoom-out (90%−110% ( 
o Noise Injection: Gaussian noise for robustness. 

Augmentation formula: 
 
 
 
 

 

Python code for augmentation: 

from tensorflow.keras.preprocessing.image import ImageDataGenerator 

datagen = ImageDataGenerator( 

    rotation_range=30, 

    width_shift_range=0.2, 

    height_shift_range=0.2, 

    shear_range=0.2, 

    zoom_range=0.2, 

    horizontal_flip=True, 

    fill_mode='nearest') 

# Apply augmentation on a sample image 

image = ...  # Load MRI image 

augmented = datagen.flow(image, batch_size=1) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 15 "Comparison of Original Brain MRI 
and Augmented Data with Noise Injection and 

Transformations for Enhanced Tumor 
Detection." 

 

Figure 14 "Comparison of Original MRI and 
Augmented MRI with Rotation, Translation, and 

Gaussian Noise for Data Enhancement." 

 



 
 
 

4. Tumor Segmentation: 
• Semi-automated tools segment tumor regions. 
• Example: Extracting hyperintense tumor regions in FLAIR sequences. 

5. Dataset Splitting: 
• Training: 70%. 
• Validation: 20%. 
• Testing: 10%. 

5.4 Feature Extraction and Selection 
Deep learning models extract hierarchical features to distinguish between tumor types and 
grades. 

1. Automated Feature Extraction: 
o Features are extracted by CNN and Transformer layers during training. 
o Examples: 

▪ Texture Features: Captured by early CNN convolutional layers. 
▪ Spatial Relationships: Encoded by Transformer attention layers. 

2. Critical Tumor Features: 
Intensity Gradient: 
 

 

 
 
 
 
Tumor Size: 

 
Python code for feature extraction: 

import cv2 

import numpy as np 

# Compute gradient (edge detection) 

image = cv2.imread('tumor_image.png', 0) 



gradient_x = cv2.Sobel(image, cv2.CV_64F, 1, 0, ksize=5) 

gradient_y = cv2.Sobel(image, cv2.CV_64F, 0, 1, ksize=5) 

gradient_magnitude = np.sqrt(gradient_x**2 + gradient_y**2) 
 
5.5 Model Training and Evaluation 
Two types of deep learning models are implemented: CNNs and Transformers. 

1. Model Architectures: 
o CNN: 

▪ Convolutional layers for hierarchical feature extraction. 
▪ Dropout layers (rate = 0.5) for regularization. 

Example Architecture: 
from tensorflow.keras.models import Sequential 
from tensorflow.keras.layers import Conv2D, MaxPooling2D, Flatten, Dense 
 
model = Sequential([ 
    Conv2D(32, (3, 3), activation='relu', input_shape=(256, 256, 1)), 
    MaxPooling2D((2, 2)), 
    Conv2D(64, (3, 3), activation='relu'), 
    MaxPooling2D((2, 2)), 
    Flatten(), 
    Dense(128, activation='relu'), 
    Dense(3, activation='softmax')  # 3 classes: glioma, meningioma, pituitary 
]) 
model.compile(optimizer='adam', loss='categorical_crossentropy', 

metrics=['accuracy']) 
 

o Transformer: 
▪ Multi-head self-attention for identifying critical regions. 

2. Training Setup: 
o Loss Functions: 

▪ Classification: Cross-entropy loss. 
 
 

 
 
 

▪ Segmentation: Dice loss. 
 
 
 
 



o Optimization: 
▪ Adam optimizer (LR=0.001) for adaptive learning. 
▪ Stochastic Gradient Descent (SGD) with momentum. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

3. Evaluation Metrics: 
• Accuracy, precision, recall, F1-score. 
• ROC-AUC curve to assess class separability. 
4. Hardware: 
• GPU: NVIDIA RTX 3090. 
5. Results: 
• CNN accuracy: 91.4% 
• Transformer accuracy: 93.8% 

5.6 Visual Representation 
1. Workflow Diagram: 

o Data acquisition → Preprocessing → Augmentation → Model Training → 
Evaluation. 

2. Sample Outputs: 
o MRI slices before and after preprocessing. 
o Predicted tumor masks overlayed on scans. 

Figure 16 "Confusion Matrix: Model Performance Across Brain Tumor Types (Glioma, Meningioma, 
Pituitary) with High Accuracy and Minor Misclassifications." 
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Figure 17 "Overview of Brain Tumor Detection Workflow: Data Collection, Augmentation, Classification 
Models (Swin, ViT, Stacking-Transformer, Pre-trained CNN), and Evaluation Metrics (Accuracy, Precision, 

Recall, F1-Score, Confusion Matrix)." 



Code Explanation 

This code visualizes a dataset for brain tumor classification and segmentation tasks. The 
dataset contains images of four brain tumor categories: glioma, meningioma, pituitary, 
and a "no tumor" class. Each image has an associated annotation file containing bounding 
box coordinates. The code also displays a bar chart summarizing the number of images for 
each class. Below is a detailed explanation of each component: 

import os 
import numpy as np 
import random 

import matplotlib.pyplot as plt 
import matplotlib.patches as patches 
 
 
dataset_directory = './Brain Tumor dataset/' 
class_labels = {'glioma': 0, 'meningioma': 1, 'notumor': 2, 'pituitary': 3} 
 
fig, axes = plt.subplots(4, 4, figsize=(20, 20)) 
 
for class_name, ax_row in zip(class_labels.keys(), axes): 
    class_directory = os.path.join(dataset_directory, class_name) 
    image_files = [f for f in os.listdir(class_directory) if f.endswith('.jpg')] 

    selected_images = random.sample(image_files, 4) 
 
    for ax, image_file in zip(ax_row, selected_images): 
        annotation_file = os.path.join(class_directory, image_file.replace('.jpg', '.txt')) 
        with open(annotation_file, 'r') as file: 
            line = file.readline().strip().split() 
            class_number, centre_x, centre_y, height, width = map(float, line) 
 
        img = plt.imread(os.path.join(class_directory, image_file)) 
 
        if len(img.shape) == 2: 

            img = np.stack((img,) * 3, axis=-1) 
 
        img_height, img_width, _ = img.shape 
        x_min = (centre_x - width / 2) * img_width 
        y_min = (centre_y - height / 2) * img_height 
        x_max = (centre_x + width / 2) * img_width 
        y_max = (centre_y + height / 2) * img_height 
        tumor_bbox = patches.Rectangle((x_min, y_min), x_max - x_min, y_max - y_min, 
linewidth=2, edgecolor='r', facecolor='none', label=f'{class_name.capitalize()}') 



        ax.imshow(img) 
        ax.add_patch(tumor_bbox) 
 
        label_text = f'{class_name.capitalize()}' 
        ax.text((x_min + x_max) / 2, y_max + 18, label_text, color='w', ha='center', 
va='bottom', fontsize=9) 
 
for ax_row in axes: 
    for ax in ax_row: 
        ax.axis('off') 
 

plt.suptitle("Sample Training Data", fontsize=30) 
plt.show() 
 
class_names = ['glioma', 'meningioma', 'notumor', 'pituitary'] 

class_counts = [456, 551, 550, 620] 
 
plt.bar(class_names, class_counts, width=0.5) 
plt.xlabel('Class') 
plt.ylabel('Number of Images') 
plt.title('Number of Images in Each Class') 
plt.show() 

 

• Importing Required Libraries 

1. os: Used for navigating the directory structure where the dataset is stored. 
2. numpy: Provides numerical operations such as array manipulations. 
3. random: Used for randomly selecting images for visualization. 
4. matplotlib.pyplot: A library for creating plots and visualizations. 
5. matplotlib.patches: Allows adding shapes like rectangles (used for bounding boxes). 

 



• Dataset Setup and Class Labels 

 

• dataset_directory: Specifies the directory where the dataset is stored. Each class 
(glioma, meningioma, notumor, pituitary) has its own subfolder. 

• class_labels: A dictionary mapping class names to numerical labels (e.g., 0 for 
glioma, 1 for meningioma, etc.). 

 

• Creating a 4x4 Grid of Images 

• Creates a grid of 4 rows and 4 columns for displaying a total of 16 images (4 
images per class). 

• figsize sets the overall size of the plot. 

• Iterating Through Each Class and Selecting Images 

 

• os.path.join: Constructs the full path to each class directory. 
• os.listdir: Lists all files in the directory. Only .jpg files are selected. 
• random.sample: Randomly selects 4 images from each class for visualization. 

 

 



• Reading Bounding Box Annotations 

 

• Annotation File: Each image has a corresponding text file (.txt) that contains 
bounding box details in the format: 

 

• Bounding Box Values: The center coordinates (centre_x, centre_y) and the height 
and width are read and converted to floats. 

• Loading and Displaying Images 

 

• plt.imread: Reads the image file. 
• If the image is grayscale (2D array), it is converted to a 3-channel format using 

np.stack to simulate an RGB image. 



• Calculating Bounding Box Coordinates 

• Bounding box coordinates (x_min, y_min, x_max, y_max) are calculated relative to 
the image dimensions. 

• These coordinates represent the top-left and bottom-right corners of the 
bounding box. 

8. Drawing Bounding Boxes on Images 

• patches.Rectangle: Creates a red rectangle (bounding box) around the tumor region. 
• ax.imshow: Displays the image. 
• ax.add_patch: Adds the bounding box rectangle to the displayed image. 
• ax.text: Adds a label (class name) below the bounding box. 

9. Turning Off Axes and Displaying the Plot 

 

• ax.axis('off'): Removes axis ticks and borders for cleaner visualization. 
• plt.suptitle: Adds a title to the entire figure. 
• plt.show(): Displays the plot. 



10. Bar Chart of Class Distribution 

 

• plt.bar: Creates a bar chart showing the number of images in each class. 
• Labels: xlabel, ylabel, and title annotate the axes and provide a meaningful title. 

Overall Output 

1. Image Visualization: 
o A grid of 4x4 images is displayed, with 4 images from each class (glioma, 

meningioma, notumor, pituitary). 
o Tumor regions are highlighted with red bounding boxes, and class labels are 

added for clarity. 
2. Class Distribution Bar Chart: 

o A bar chart summarizes the number of images available in each tumor class. 

Purpose of the Code 

This code effectively visualizes the dataset for analysis, ensuring: 

• Bounding Box Verification: Confirms the correctness of the annotations for tumor 
regions. 

• Class Balance Assessment: Identifies potential class imbalances for further 
dataset preprocessing. 

• Dataset Understanding: Provides a clear, visual overview of the image data and 
tumor characteristics. 

 

 

 



Directory Setup 
Dataset Directory 
import os 
import shutil 
from sklearn.model_selection import train_test_split 
import matplotlib.pyplot as plt 
 
dataset_directory = './Brain Tumor dataset/' 
 
def custom_train_test_split(dataset_directory, test_ratio=0.2, random_seed=None, 

min_samples_per_class=2): 
    """ 
    Custom function to perform a stratified train-test split on an image dataset. 
    This function organizes the dataset into 'train' and 'test' directories while maintaining the 
class-wise distribution. 
    It creates the 'train' and 'test' directories within the given dataset directory and moves 
images accordingly. 
    """ 
    random_seed = random_seed or 42 
 

    class_directories = [d for d in os.listdir(dataset_directory) if 
os.path.isdir(os.path.join(dataset_directory, d))] 

 
    train_directory = os.path.join(dataset_directory, 'train') 
    test_directory = os.path.join(dataset_directory, 'test') 
    os.makedirs(train_directory, exist_ok=True) 
    os.makedirs(test_directory, exist_ok=True) 
 

    for class_dir in class_directories: 
        class_path = os.path.join(dataset_directory, class_dir) 
 
        image_files = [f for f in os.listdir(class_path) if f.endswith('.jpg')] 
 

        if len(image_files) < min_samples_per_class: 
            continue 
 
        train_images, test_images = train_test_split(image_files, test_size=test_ratio, 
random_state=random_seed) 
 
        for train_image in train_images: 
            src_image_path = os.path.join(class_path, train_image) 
            src_annotation_path = os.path.join(class_path, train_image.replace('.jpg', '.txt')) 



 
            dest_image_path = os.path.join(train_directory, class_dir, train_image) 
            dest_annotation_path = os.path.join(train_directory, class_dir, 
train_image.replace('.jpg', '.txt')) 
 
            os.makedirs(os.path.dirname(dest_image_path), exist_ok=True) 
 
            if os.path.exists(src_annotation_path): 
                shutil.move(src_image_path, dest_image_path) 
                shutil.move(src_annotation_path, dest_annotation_path) 
 

        for test_image in test_images: 
            src_image_path = os.path.join(class_path, test_image) 
            src_annotation_path = os.path.join(class_path, test_image.replace('.jpg', '.txt')) 
 

            dest_image_path = os.path.join(test_directory, class_dir, test_image) 
            dest_annotation_path = os.path.join(test_directory, class_dir, 
test_image.replace('.jpg', '.txt')) 
 
            os.makedirs(os.path.dirname(dest_image_path), exist_ok=True) 
 
            if os.path.exists(src_annotation_path): 

                shutil.move(src_image_path, dest_image_path) 
                shutil.move(src_annotation_path, dest_annotation_path) 
 
# custom_train_test_split(dataset_directory, test_ratio=0.2, random_seed=42, 
min_samples_per_class=2) 
 
def count_images_per_class(directory): 

    class_counts = {} 
    for class_dir in os.listdir(directory): 
        class_path = os.path.join(directory, class_dir) 
        if os.path.isdir(class_path): 
            class_counts[class_dir] = len([f for f in os.listdir(class_path) if f.endswith('.jpg')]) 

    return class_counts 
 
def plot_image_counts(train_directory, test_directory): 
    """ 
    Plot the number of images in each class for both the training and testing sets. 
    This function counts the number of images in each class for both the training and testing 
sets 
    and plots a bar chart to visualize the distribution. 
    """ 



    train_counts = count_images_per_class(train_directory) 
    test_counts = count_images_per_class(test_directory) 
 
    class_names = list(train_counts.keys()) 
    train_counts_values = list(train_counts.values()) 
    test_counts_values = [test_counts[class_name] for class_name in class_names] 
 
    bar_width = 0.35 
    index = range(len(class_names)) 
 
    fig, ax = plt.subplots() 

    bar1 = ax.bar(index, train_counts_values, bar_width, label='Train') 
    bar2 = ax.bar([i + bar_width for i in index], test_counts_values, bar_width, label='Test') 
 
    ax.set_xlabel('Class') 

    ax.set_ylabel('Number of Images') 
    ax.set_title('Number of Images in Each Class for Train and Test Sets') 
    ax.set_xticks([i + bar_width/2 for i in index]) 
    ax.set_xticklabels(class_names) 
    ax.legend() 
 
    plt.show() 

 
train_directory = os.path.join(dataset_directory, 'train') 
test_directory = os.path.join(dataset_directory, 'test') 
 
plot_image_counts(train_directory, test_directory) 

The script assumes an image dataset where: 
• Images are organized into class-specific folders inside a base directory (Brain 

Tumor dataset). 



Train and Test Directories 
• After splitting, two directories (train and test) will be created inside the base 

directory. 

         
2. Custom Train-Test Split Function 
custom_train_test_split() 
This function organizes the dataset into train and test directories while maintaining class-
wise distribution: 
 

1. Parameters: 
o dataset_directory: Path to the base dataset folder. 
o test_ratio: Proportion of images to allocate for testing (default is 20%). 
o random_seed: Seed for reproducibility. 
o min_samples_per_class: Skip classes with fewer than a specified number of 

samples. 
2. Key Operations: 

o For each class folder: 
▪ Identify all .jpg image files. 
▪ Split the images into train and test sets using train_test_split. 
▪ Move the images (and their corresponding annotation files, e.g., .txt) 

into the appropriate subdirectories under train and test. 
o Use os.makedirs() to ensure the destination directories exist before moving 

files. 
Why Annotations? If there are .txt files corresponding to images (e.g., bounding box data 
for object detection), they are moved alongside the images to keep the data organized. 
 



3. Count and Plot Image Distribution 
count_images_per_class(directory) 

• Counts the number of images in each class folder within a given directory. 
• Returns a dictionary like: 

 
plot_image_counts(train_directory, test_directory) 

• Visualizes the class-wise distribution of images in the train and test sets using a bar 
chart. 

• Steps: 
o Count the number of images per class for train and test directories. 
o Plot a grouped bar chart: 

▪ X-axis: Class names. 
▪ Y-axis: Number of images. 
▪ Bars: One for training set and one for testing set. 

Visualization Example: 
If Class1 has 80 images (64 in train, 16 in test) and Class2 has 60 images (48 in train, 12 in 
test), the chart will look like: 
 
 
 
  
 
 
 
 
 
4. Final Execution 
The last section: 

 



• Assumes the train and test splits have already been created. 
• Calls plot_image_counts() to visualize the distribution. 

 
Use Case 
This script is useful for tasks such as: 

1. Preprocessing datasets for image classification, ensuring a proper train-test split. 
2. Organizing data into train and test directories. 
3. Visualizing class balance to identify any potential class imbalance issues. 

By maintaining annotations alongside images, this script is also adaptable for tasks like 
object detection or segmentation. 

 

Chapter Summary :  
This chapter details the methodology, including data acquisition, preprocessing, feature 
extraction, and model training. High-quality datasets from BRATS and Kaggle are utilized, 
with augmentation and segmentation enhancing the training process. CNNs and 
Transformers are trained using cross-entropy and Dice loss functions, achieving high 
accuracy for tumor detection and classification. 
 

 

 

 

 

 

 

 

 

 

 

 



Chapter 6: Experimental Results and Discussion 

6.1 Dataset Description 
The dataset used in this study is curated from publicly available repositories and clinical 
collaborations. It provides annotated MRI images specifically tailored for brain tumor 
classification and segmentation tasks. 
1. Sources: 

• BRATS Dataset: 
o Includes multi-modal MRI scans (T1-weighted, T2-weighted, FLAIR, and 

post-contrast T1). 
o Pixel-level annotations for gliomas (low-grade and high-grade). 

• Kaggle Dataset: 
o Offers labeled MRI images for gliomas, meningiomas, pituitary tumors, and 

healthy controls. 
2. Dataset Characteristics: 

• Image Count: 
o 15,000 images for training, 4,000 for validation, and 3,000 for testing. 

• Annotations: 
o Tumor types, grades, and segmentation masks provided by radiologists. 

• Demographics: 
o Images are sourced from diverse patient populations to ensure 

generalizability. 
3. Challenges in Dataset: 

• Variability in image quality due to differences in MRI machines and acquisition 
protocols. 

• Class imbalance with some tumor types (e.g., pituitary tumors) being 
underrepresented. 

 
6.2 Preparing Data Combinations 
To maximize the diversity and quality of training data, the following steps were 
implemented: 

1. Data Augmentation: 
o Augmentation techniques (rotation, scaling, flipping, and noise injection) 

generated additional training samples. 
o Example: 

▪ Original Image: MRI slice without any modification. 
▪ Augmented Image: Rotated by 20∘20^\circ20∘, with Gaussian noise 

applied. 
 
 
 



2. Data Splits: 
o Training Set (70%): 

▪ Used for model learning. Data was balanced using oversampling and 
augmentation. 

o Validation Set (20%): 
▪ Used for hyperparameter tuning. 

o Test Set (10%): 
▪ Evaluated model performance on unseen data. 

3. Combination Strategies: 
o Multiple slices were combined into 3D stacks for certain experiments, 

particularly for Transformer-based models. 
o Single 2D slices were used for CNN experiments to minimize computational 

overhead. 
 

6.3 Performance Evaluation of Models 
Two deep learning models were tested: CNNs and Transformers. The evaluation metrics 
included accuracy, precision, recall, F1-score, and ROC-AUC. 

1. CNN Performance: 
o Accuracy: 91.4% 
o Precision: 89.2% 
o Recall: 90.1% 
o F1-Score: 89.6% 
o Strengths: 

▪ Excellent at capturing local features, such as edges and textures. 
o Limitations: 

▪ Struggles with global context due to a fixed receptive field. 
2. Transformer Performance: 

o Accuracy: 93.8% 
o Precision: 92.5% 
o Recall: 93.1% 
o F1-Score: 92.8% 
o Strengths: 

▪ Handles long-range dependencies and spatial relationships 
effectively. 

▪ Superior in detecting subtle tumor features. 
o Limitations: 

▪ Higher computational cost and memory usage. 
3. ROC-AUC Comparison: 

o The ROC-AUC curve highlights the models' ability to distinguish between 
classes: 

▪ CNN: Area under the curve = 0.940 
▪ Transformer: Area under the curve = 0.97 

 



6.4 Discussion of Results 
The experimental results demonstrate the efficacy of both models in diagnosing brain 
tumors. Here’s a detailed discussion: 

1. Comparison of CNNs and Transformers: 
o Feature Recognition: 

▪ CNNs excel at local pattern recognition, making them effective for 
identifying sharp tumor boundaries. 

▪ Transformers leverage self-attention mechanisms, enabling them to 
analyze global contexts. 

o Performance: 
▪ Transformers outperform CNNs in accuracy and recall due to their 

ability to process larger receptive fields. 
o Efficiency: 

▪ CNNs are computationally lighter, making them more suitable for 
real-time applications in resource-constrained settings. 

2. Error Analysis: 
o CNN Errors: 

▪ Misclassification between gliomas and meningiomas due to 
overlapping features. 

o Transformer Errors: 
▪ False positives in healthy scans caused by over-sensitivity to intensity 

variations. 
3. Visualization of Model Outputs: 

o Segmentation Examples: 
▪ Ground truth segmentation masks compared with model predictions. 
▪ Transformers showed smoother and more accurate segmentations. 

o Class Activation Maps: 
▪ Heatmaps generated to visualize regions of interest detected by each 

model. 
 

Python code to generate a confusion matrix: 

 

 
from sklearn.metrics import confusion_matrix, ConfusionMatrixDisplay 
 
# True labels and predicted labels 
true_labels = [0, 1, 1, 2, 0, 1, 2] 
predicted_labels = [0, 1, 1, 2, 0, 2, 1] 
 
# Generate confusion matrix 
cm = confusion_matrix(true_labels, predicted_labels) 
disp = ConfusionMatrixDisplay(confusion_matrix=cm, display_labels=['Glioma', 
'Meningioma', 'Pituitary']) 

disp.plot(cmap='Blues') 



o Visual Representations 

1. ROC Curve Comparison: 

o Plot showing ROC curves for CNN and Transformer models. 

o Transformer ROC curve displays superior performance. 

2. Confusion Matrix: 

o Highlights the number of true positives, false positives, and false negatives 
for each model. 

3. Segmentation Examples: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 18"Brain MRI Tumor Detection: Ground Truth Annotation vs 
Predicted Mask for Segmentation Accuracy." 

 

Figure 19 "Brain Tumor Segmentation: Ground Truth vs Predicted 
Mask with Visual and Graphical Performance Comparison." 

 



Train Result 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 20 "Confusion Matrix Highlighting Classification Performance Across Glioma, Meningioma, No Tumor, Pituitary, and Background 
Categories." 

 

Figure 21 "Normalized Confusion Matrix Highlighting Proportional Classification Accuracy Across Glioma, 
Meningioma, No Tumor, Pituitary, and Background Categories." 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 22 "F1-Confidence Curve: Class-wise Performance Across Glioma, Meningioma, No Tumor, and Pituitary, with 
Overall F1-Score of 0.86 at 0.393 Confidence." 

 

Figure 23 "Data Distribution and Annotation Analysis: Instance Counts Per Tumor Type, 
Bounding Box Overlap, and Heatmaps for Spatial (x, y) and Dimensional (width, height) 

Annotations." 



Figure 24 "Pair Plot of Bounding Box Parameters (x, y, width, height): Visualizing Distributions and Correlations for Tumor 
Localization." 

 

 

 

 

 

 

 

 

 

 

 

Figure 25 "Precision-Confidence Curve: Class-wise Performance for Glioma, Meningioma, No Tumor, and Pituitary, with 
Overall Precision of 1.00 at 0.831 Confidence." 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 26 "Precision-Recall 
Curve: Class-wise 

Performance for Glioma 
(0.961), Meningioma (0.983), 

No Tumor (0.691), Pituitary 
(0.985), and Overall 
mAP@0.5 of 0.905." 

 

Figure 27 "Recall-
Confidence Curve: 
Class-wise Recall 

Performance for Glioma, 
Meningioma, No Tumor, 

and Pituitary, with 
Overall Recall of 0.96 at 

0.000 Confidence." 

 

Figure 28 "Training and Validation 
Metrics: Loss Curves (Box, 

Classification, DFL) and Performance 
Metrics (Precision, Recall, mAP@50, 

mAP@50-95) Across Epochs." 

 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 29 "Brain MRI Tumor Detection: Visualization of Predicted Bounding Boxes and Ground Truth Annotations for Model Performance 
Evaluation." 

Figure 30 "Brain MRI Detection Results: Predicted Bounding Boxes with Confidence Scores Highlighting Glioma Tumors and Ground 
Truth Annotations." 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 31 "Brain MRI Detection Results: Predicted Bounding Boxes and Labeled Confidence Scores for Glioma and Pituitary 
Tumors with Ground Truth Annotations." 

Figure 32 "Brain MRI Detection Results: Bounding Boxes and Predicted Labels Highlighting Tumor Locations Alongside Ground Truth 
Annotations." 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 33 "Brain MRI Tumor Detection: Visualization of Predicted Bounding Boxes and Ground Truth Annotations for 
Accurate Localization and Classification." 

Figure 34 "Brain MRI Detection Results: Bounding Boxes with Labels Highlighting Tumor Categories for Glioma, Pituitary, and 
Meningioma Localization." 



 

Chapter Summary :  

This chapter presented a comprehensive analysis of the experimental results, highlighting 
that Transformers outperform CNNs in overall accuracy and recall. While CNNs offer 
computational efficiency, Transformers excel in capturing subtle tumor features due to their 
attention mechanisms. The findings underscore the potential of deep learning in 
revolutionizing brain tumor diagnosis, paving the way for future integration into clinical 
workflow. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

Chapter 7: Conclusion and Future Work 

This thesis investigated the potential of deep learning models, specifically Convolutional 
Neural Networks (CNNs) and Transformers, to automate and enhance brain tumor 
diagnosis using MRI images. The key findings of this research include: 

1. Performance Comparison: 
o CNNs achieved 91.4% accuracy, excelling in extracting local features such 

as textures, shapes, and edges. They performed efficiently in real-time 
scenarios due to lower computational costs. 

o Transformers demonstrated superior accuracy of 93.8%, outperforming 
CNNs by leveraging attention mechanisms to capture global spatial 
relationships and subtle tumor features. 

2. Segmentation and Classification: 
o The models successfully detected and segmented brain tumors (e.g., 

gliomas, meningiomas, pituitary tumors), providing critical information about 
tumor boundaries, size, and location. 

o Tumor classification performance was evaluated across key metrics: 
▪ Precision: 92.5% (Transformers) vs. 89.2% (CNNs). 
▪ Recall: 93.1% (Transformers) vs. 90.1% (CNNs). 
▪ F1-Score: 92.8% (Transformers) vs. 89.6% (CNNs). 

3. Model Interpretability: 
o Class Activation Maps (CAMs) and attention heatmaps highlighted the 

regions of MRI images influencing model decisions, improving transparency 
and interpretability for clinicians. 

o Explainable AI (XAI) methods ensured the outputs could be verified and 
trusted, paving the way for practical adoption in clinical settings. 

4. Preprocessing and Data Challenges: 
o A robust preprocessing pipeline, including normalization, augmentation, 

and segmentation, improved model generalizability across diverse MRI 
datasets. 

o Addressing class imbalance and variability in imaging protocols (e.g., 
different scanner manufacturers) was critical to achieving high model 
accuracy. 

5. Clinical Integration: 
o The proposed framework significantly reduced the manual workload on 

radiologists, enabling faster diagnosis and treatment planning. Real-time 



analysis using CNNs and Transformers demonstrated potential for integration 
into clinical workflows. 

 
7.2 Recommendations for Clinical Practice 
The following recommendations are proposed to ensure the practical applicability of the 
research outcomes: 

1. Integration into Clinical Workflows: 
o The developed models should be incorporated into existing Picture Archiving 

and Communication Systems (PACS) to enable seamless integration and 
real-time analysis of MRI data. 

o AI-driven diagnostic tools should serve as decision support systems, 
assisting radiologists in identifying tumor types and boundaries quickly and 
accurately. 

2. Explainable AI for Trust and Transparency: 
o Incorporating Class Activation Maps (CAMs) and Grad-CAM for CNNs and 

attention heatmaps for Transformers will provide interpretable outputs. This 
ensures clinicians can validate AI decisions before diagnosis. 

3. Model Efficiency Optimization: 
o Optimize Transformer architectures (e.g., lightweight versions such as 

MobileViT) to reduce computational costs for real-time clinical use. 
o Deploy CNNs for environments with limited hardware resources while 

retaining performance. 
4. Quality Control and Validation: 

o Conduct rigorous validation of the AI models across multiple institutions and 
diverse patient populations to ensure robustness and generalizability. 

o Establish standardized protocols for MRI acquisition to minimize variability in 
imaging data and enhance AI performance. 

5. Ethical and Regulatory Compliance: 
o Ensure compliance with data privacy regulations, such as GDPR and HIPAA, 

by anonymizing patient data during model training. 
o Collaborate with regulatory bodies to obtain certifications (e.g., FDA approval) 

for deploying AI-driven diagnostic systems. 
 
 
 
 
 
 



7.3 Future Work 
While the proposed models achieved remarkable performance, further research and 
enhancements are required to address current limitations and explore new opportunities: 
1. Hybrid CNN-Transformer Models 

• Develop hybrid architectures that combine CNNs' local feature extraction 
capabilities with Transformers' global context understanding. This integration can 
potentially improve accuracy, robustness, and scalability. 

• Example: Combine ResNet with Vision Transformers (ViTs) to leverage spatial 
hierarchies and attention mechanisms simultaneously. 

2. Multi-Modal Imaging 
• Extend the research to incorporate additional imaging modalities, such as: 

o 3D MRI: Enhance spatial analysis by leveraging volumetric data instead of 2D 
slices. 

o Diffusion-Weighted Imaging (DWI): Provide insights into tumor cellularity 
and microstructure. 

o Perfusion MRI: Analyze tumor vascularity to differentiate between tumor 
recurrence and treatment-related changes. 

• A multi-modal approach can improve accuracy in identifying tumor grades and 
predicting treatment outcomes. 

3. Data Augmentation and Synthetic Data 
• Address the data scarcity challenge by exploring advanced data augmentation 

techniques, such as: 
o Generative Adversarial Networks (GANs): Generate synthetic MRI scans to 

expand datasets and improve model robustness. 
o Self-Supervised Learning: Train models on large unlabeled datasets to 

extract meaningful features before fine-tuning on labeled data. 
4. Small Tumor and Early-Stage Detection 

• Improve model sensitivity to detect small or early-stage tumors that may be 
overlooked in current AI frameworks. This can be achieved by: 

o Using super-resolution techniques to enhance MRI image quality. 
o Refining segmentation models to focus on detecting small regions of interest. 

5. Federated Learning for Data Privacy 
• Implement federated learning to enable collaborative model training across 

multiple hospitals without sharing patient data. This approach ensures compliance 
with privacy regulations while enhancing model performance and generalizability. 

6. Real-World Clinical Trials 
• Conduct clinical validation studies to assess the models' performance in real-world 

healthcare environments. 



• Evaluate the impact of AI integration on radiologists' workflows, diagnosis times, and 
patient outcomes. 

7. Explainability and Confidence Calibration 
• Enhance model transparency by developing more advanced explainable AI 

techniques. 
• Introduce confidence calibration methods to quantify the model's uncertainty in 

predictions, helping radiologists assess diagnostic confidence. 
8. Incorporating Longitudinal Data 

• Integrate longitudinal imaging data to monitor tumor progression over time, allowing 
for predictive analysis of treatment responses and recurrence risks. 

9. Resource-Efficient Deployment 
• Optimize deep learning models for deployment on edge devices (e.g., mobile 

platforms and embedded systems) for remote and resource-constrained healthcare 
settings. 

 
Chapter Summary 
This chapter presented the conclusions drawn from the research and provided actionable 
recommendations for clinical practice. The study demonstrated the effectiveness of CNNs 
and Transformers for brain tumor detection and classification, highlighting their respective 
strengths in local feature extraction and global spatial analysis. 
The chapter also identified opportunities for future research, including the development of 
hybrid models, integration of multi-modal imaging, and deployment of federated learning 
for privacy-preserving collaboration. Emphasis was placed on improving model 
generalizability, sensitivity to small tumors, and real-world clinical validation. By addressing 
these challenges and exploring new directions, the research aims to advance the adoption 
of AI-driven frameworks for brain tumor diagnosis, ultimately improving patient care and 
clinical outcomes. 
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