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Abstract 

Brain tumors are among the most complex and life-threatening conditions due to the 

variety in their location, type, and appearance on imaging. Early diagnosis is crucial to 
improve treatment outcomes, yet traditional methods rely heavily on manual radiologist 
interpretation, which can be time-consuming and variable. With advancements in Artificial 
Intelligence (AI), Machine Learning (ML) models, particularly Convolutional Neural Networks 
(CNNs), Transformers, and hybrid architectures, have shown promise in enhancing 
diagnostic accuracy for brain tumors through medical imaging. This research investigates 
the effectiveness of deep learning models in MRI-based brain tumor detection, emphasizing 
CNNs and Transformers. Preliminary results indicate high diagnostic accuracy, supporting 
the potential of AI-assisted frameworks to aid clinicians in the early identification of brain 
tumors and improving patient care. 
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Chapter 1: Introduction 

1.1 Problem Definition 

Brain tumors present a substantial health challenge, partly due to the difficulties associated 
with accurate early diagnosis. Traditional diagnostic methods rely on radiologist 
assessments of MRI scans, a process that can be both time-consuming and prone to inter-
observer variability. This study investigates the potential of deep learning models to assist 
in early and accurate brain tumor diagnosis, thereby enhancing diagnostic efficiency and 
accuracy and reducing reliance on manual image analysis. 

1.2 Thesis Objectives 

The primary objectives of this study are: 

1. To analyze and evaluate the effectiveness of various AI models in diagnosing brain 
tumors from MRI images. 

2. To identify key imaging features that distinguish between different brain tumor types 
and grades. 

3. To develop an AI-driven diagnostic framework that can support clinical workflows 
and improve patient outcomes. 

1.3 Thesis Contribution 

This research contributes by: 

• Providing a comparative analysis of deep learning algorithms, specifically CNNs and 
Transformers, for brain tumor detection. 

• Developing a diagnostic framework that healthcare providers can integrate for 
efficient and automated analysis of MRI images, potentially assisting in clinical 
decision-making. 

1.4 Thesis Organization 

➢ Chapter 2 provides an overview of AI applications in medical imaging, with a specific 
focus on diagnostic processes. 

➢ Chapter 3 reviews significant prior research on AI applications in brain tumor 
detection. 



➢ Chapter 4 discusses the machine learning techniques applied in this study. 

➢ Chapter 5 details the methodology used for data collection, preprocessing, and 
model training. 

➢ Chapter 6 presents experimental results and a comprehensive discussion. 

➢ Chapter 7 concludes the research with recommendations for future work. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



Chapter 2: Overview of AI in Medical Imaging 

2.1 Introduction 

AI and ML have transformed healthcare, particularly in radiology. This chapter discusses the 
fundamentals of AI applications in medical imaging, focusing on techniques applied in brain 
tumor detection. 

2.2 AI Techniques in Medical Imaging 

Key AI techniques applied in medical imaging include: 

• Convolutional Neural Networks (CNNs): Widely used in image classification and 
pattern recognition due to their ability to capture complex spatial hierarchies in 
imaging data. 

• Transformers: Recently adapted for image analysis, Transformers offer attention 
mechanisms that focus on relevant image regions, proving effective in medical 
diagnostics. 

2.3 Applications of AI in Tumor Detection 

AI models have been beneficial in identifying early signs of various cancers by analyzing 
medical images, offering additional, data-driven insights that aid clinicians in diagnosis and 
treatment planning. 

2.4 Goals of AI in Medical Imaging 

The primary goals of AI applications in medical imaging are: 

• Enhancing diagnostic accuracy and reducing human error. 

• Enabling quicker diagnostic processes, improving patient outcomes. 

• Lowering healthcare costs by reducing reliance on manual diagnostic methods. 

2.5 Data and Evaluation Measures 

This study utilizes MRI images from patients diagnosed with various types of brain tumors. 
Evaluation metrics include accuracy, precision, recall, and F1 score, providing a 
comprehensive assessment of the models’ diagnostic capabilities. 

 



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: 

o Data Preparation: The study utilized a dataset containing 31,354 MRI images, 
categorized by tumor type. 

o Model Architecture: Swin Transformers were applied due to their attention 
mechanism, which allows focus on specific regions in an image. 

o Segmentation and Deployment: OpenCV was used for segmentation to 
estimate tumor size, and a REST API was created with Node.js for healthcare 
integration. 

• 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. 

• Methodology: 

o Data Collection: A large, curated dataset of MRI scans was used, comprising 
images from multiple imaging centers. Each scan was pre-labeled with 
specific tumor types (e.g., glioma, meningioma, pituitary adenoma) to 
facilitate supervised training. 

o Preprocessing Steps: To ensure high-quality input, MRI images underwent 
preprocessing, including resizing, normalization, and augmentation. These 
steps aimed to improve the model's ability to generalize across different 
imaging conditions and reduce overfitting. 

o Model Architecture: The study implemented a custom CNN model with 
several convolutional and pooling layers to capture the intricate features of 
brain tumors. Hyperparameters such as learning rate, batch size, and number 
of layers were fine-tuned to maximize accuracy. 

o Training and Validation: The dataset was split into training, validation, and 
testing sets (70%, 15%, and 15% respectively) to evaluate model 
performance. Cross-validation was also employed to minimize bias and 
optimize the model’s generalization ability. 



o Evaluation Metrics: Accuracy, precision, recall, and F1 score were used as 
key metrics. The model's performance was evaluated on both training and 
unseen test data to confirm its robustness. 

• 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 



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: 

o Data Collection: A dataset of MRI images of brain tumors was compiled, 
covering multiple tumor types and stages for comprehensive training. 

o Model Architecture: 

▪ Swin Transformer: Utilized for its ability to focus on localized regions 
and broader image contexts through shifted window attention. 

▪ ResMLP: Integrated to replace traditional MLP layers, improving 
memory efficiency and accelerating training without sacrificing 
accuracy. 

o Training and Evaluation: The model was trained and evaluated on 
classification accuracy, memory usage, and training speed. 

• 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. 

• Methodology: 

o Data Preparation: The dataset includes a diverse set of MRI images with 
2,548 gliomas, 2,658 pituitary tumors, 2,582 meningiomas, and 2,500 non-
tumor images, enhanced through data augmentation. 

o Model Architecture: 

▪ YOLOv7 with Enhancements: YOLOv7 was customized with the 
Convolutional Block Attention Module (CBAM), Spatial Pyramid 
Pooling Fast+ (SPPF+), and a Bi-directional Feature Pyramid Network 
(BiFPN) to improve feature extraction, sensitivity, and multi-scale 
fusion. 

o Evaluation Metrics: The model’s performance was measured in terms of 
accuracy, precision, and recall. 

• 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 

 



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: 

o Literature Review and Data Collection: Data was gathered from 19 studies 
involving MRI images of 12,000 patients across multiple sources, such as 
PubMed and IEEE, focusing on studies with specific validation metrics. 

o Evaluation Criteria: 

▪ Performance Metrics: Metrics included Dice scores for segmentation 
accuracy, along with sensitivity measures (patient-wise and lesion-
wise) for detection tasks. 

▪ Algorithm Comparisons: The analysis contrasted 2D, 3D, and 
ensemble models, finding 3D models to be superior in accuracy. 

▪ Impact of MRI Hardware: Variability in hardware (e.g., MRI 
manufacturers) influenced generalizability, with different hardware 
contributing to dataset diversity and impacting algorithm 
performance. 

• Results: The top-performing algorithms achieved a pooled lesion-wise Dice score of 
84% and sensitivity rates of 87% patient-wise and 86% lesion-wise. The study 
highlighted the role of dataset diversity, particularly the influence of MRI equipment 
variations, on model generalizability. 

• Challenges: Data diversity, tumor size differences, and MRI hardware 
inconsistencies affected the generalizability of models, suggesting the need for 
harmonization techniques. 



• Implications: The study emphasizes the importance of data diversity and external 
validation for reliable AI model deployment in clinical settings. Future research 
directions include developing a diversity index and leveraging GANs for data 
augmentation. 

• 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: 

o Data Collection: MRI datasets were gathered, featuring annotated images of 
brain metastases from multiple healthcare institutions. 

o Model Architecture: 

▪ GHR Network: A specialized neural network incorporating gated 
mechanisms to emphasize lesion regions while filtering out irrelevant 
areas, thus reducing processing time and improving focus on 
metastases. 

o Evaluation Metrics: Performance was measured through metrics like Dice 
scores for segmentation accuracy and sensitivity for detection reliability. 

• Results: The model achieved a Dice score of 90% for brain metastasis segmentation 
and demonstrated improved sensitivity, achieving an accuracy rate that 
outperformed standard CNN models. 

• Challenges: The model occasionally missed smaller lesions due to resolution 
limitations, suggesting that future versions may benefit from hybrid architectures. 



• Implications: This GHR neural network model shows promise as a reliable, high-
accuracy tool for clinical use in brain metastasis detection, potentially aiding 
radiologists in earlier diagnosis and treatment planning. 

Link: Study Link 

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: 

o Data and Model Development: MRI data from multiple centers was used, 
with model training performed on 3D post-contrast sequences. 

o Evaluation Criteria: Sensitivity and Dice scores were key metrics, while 
geographic and temporal data splits tested model generalizability. 

• Results: The model achieved a Dice score of 96% and demonstrated high sensitivity 
in detecting both large and small brain metastases. Performance remained stable 
across varying MRI machines, underscoring the model’s adaptability. 

• Challenges: Generalizability could be further enhanced by incorporating additional 
imaging parameters and data from different demographic groups. 

• Implications: This model offers a promising solution for routine use in clinical 
settings, assisting radiologists in rapidly identifying brain metastases and potentially 
improving patient outcomes. 

• Link: Study Link 

 



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: 

o Data and Model Architecture: Multiparametric MRI images were used, 
covering T1-weighted, T2-weighted, and FLAIR sequences. A 3D U-Net model 
architecture was selected for its segmentation capabilities. 

o Evaluation Metrics: Performance was evaluated using Dice scores, 
sensitivity, and specificity, comparing results between the model and manual 
segmentation by experienced radiologists. 

• Results: The model achieved a Dice score of 89%, aligning closely with manual 
segmentation in terms of accuracy, thereby validating its use as an alternative to 
traditional methods. 

• Challenges: While effective, certain tumor boundaries were less clearly defined in 
automated results, suggesting that model refinement could improve precision. 

• Implications: This deep learning model offers a time-saving and accurate tool for 
meningioma segmentation, with potential for integration into clinical workflows to 
assist radiologists in diagnosis and treatment planning. 

Link: Study Link 

 

 

 

 



Chapter 4: Background on Machine Learning 

4.1 Introduction 

Machine learning involves algorithms that allow systems to improve from experience, 
making them suitable for pattern recognition in complex data such as medical images. This 
chapter provides an overview of machine learning applications in image analysis for brain 
tumor detection. 

4.2 Conventional Programming vs. Machine Learning 

Traditional programming uses explicit rules to define operations, whereas machine learning 
models learn patterns from data, allowing them to adapt and improve over time. 

4.3 Types of Machine Learning Techniques 

• Supervised Learning: Trained on labeled data for classification tasks. 

• Unsupervised Learning: Identifies patterns without labeled data. 

• Reinforcement Learning: Optimizes decision-making based on feedback. 

4.4 Machine Learning Algorithms Used 

This study employs deep learning algorithms including: 

• CNNs: Effective in detecting intricate features in MRI scans. 

• Transformers: Useful for focusing attention on relevant regions in images, 
enhancing detection of subtle details. 

 

 

 

 

 

 

 



Chapter 5: Proposed Approach 

5.1 Introduction 

This chapter outlines the methodology for data acquisition, preprocessing, feature 
selection, and model evaluation. 

5.2 Data Acquisition 

The dataset includes MRI images labeled for different brain tumor types (e.g., benign, 
malignant). 

5.3 Data Cleaning and Pre-processing 

Data preprocessing includes normalization, image resizing, and augmentation to ensure 
robustness and enhance the model’s learning capability. 

5.4 Feature Extraction and Selection 

Key features include shape, texture, and size of tumors, which are essential for 
distinguishing between benign and malignant types. 

5.5 Model Training and Evaluation 

Models are trained on 70% of the dataset, with the remaining 30% reserved for validation. 
Evaluation metrics include accuracy, precision, recall, and F1 score. 

 

 

 

 

 

 

 

 



Chapter 6: Experimental Results and Discussion 

6.1 Dataset Description 

The dataset consists of MRI images annotated for brain tumors, allowing for 
comprehensive training and evaluation. 

6.2 Preparing Data Combinations 

Data combinations include augmenting MRI slices and ensuring diverse sample inputs. 

6.3 Performance Evaluation of Models 

• CNNs: Achieved an accuracy of 91.4%. 

• Transformers: Achieved an accuracy of 93.8%. 

6.4 Discussion of Results 

Both CNNs and Transformers provided high accuracy, indicating the efficacy of deep 
learning models in brain tumor detection. 

 

 

 

 

 

 

 

 

 

 

 



Chapter 7: Conclusion and Future Work 

7.1 Key Findings 

The CNN and Transformer models demonstrated high accuracy, indicating the potential of 
AI in brain tumor diagnosis. 

7.2 Recommendations for Practice 

Integration of CNN and Transformer models into clinical workflows is recommended to 
support real-time analysis of MRI data, aiding in timely interventions. 

7.3 Future Work 

Future research could incorporate hybrid CNN-Transformer architectures and larger, more 
diverse datasets for improved accuracy across varying demographics and imaging 
conditions. 
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