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[bookmark: _Toc197815346][bookmark: _Toc197817326]Abstract 
This study aims to enhance the classification of brain tumors using advanced deep learning models applied to magnetic resonance imaging (MRI) images. The methodology involves applying pre-trained Convolutional Neural Networks (CNNs) including ResNet50, MobileNet, and Inception v2, and transformer models such as Vision Transformer (ViT) and Shifted Window (Swin). A hybrid model combining MobileNet and Swin was developed to improve classification accuracy. Data augmentation and image enhancement techniques were applied to optimize model performance. The models were rigorously evaluated using metrics such as accuracy, precision, recall, and F1-score. Among the models tested, MobileNet-Swin achieved the highest classification with accuracy of 99.65 and precision of 99.82 and recall of 99.82 and F1-score of 99.82. The findings support the effectiveness of hybrid deep learning models in assisting radiologists and improving clinical decision-making for brain tumor classification. Future work should focus on expanding the dataset and exploring additional deep learning architectures to further enhance classification accuracy. 
Keywords: brain tumors, deep learning, MRI classification, MobileNet, Swin Transformer.
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[bookmark: _Toc197815354][bookmark: _Toc197817331]Chapter 1 Introduction 
1.1 [bookmark: _Toc197815355][bookmark: _Toc197817332]Problem Definition 
As one of the main causes of mortality globally, brain tumors present a serious threat to global health (World Health Organization, 2021). Even with improvements in early detection methods, it is still very difficult to correctly identify and diagnose the many forms of brain tumors. This challenge is made worse by the fact that symptoms frequently resemble those of other disorders (Li et al., 2023), which might result in incorrect diagnosis and postponed treatment. Traditional diagnostic techniques frequently depend on specialized imaging and knowledgeable staff, which may be scarce or nonexistent in resource-constrained settings (Anesi & Kerlin, 2021). Furthermore, manual MRI scan analysis is subjective, time-consuming, and sensitive to inter-observer variability, even with skilled radiologists. Therefore, prompt and precise brain tumor categorization from MRI scans is essential for better patient outcomes and efficient treatment planning; yet, current techniques frequently lack the precision needed for clinical use. The intrinsic complexity of brain tumor shape, changes in MRI image quality brought on by different scanning techniques and equipment, and the scarcity of sizable, well-annotated datasets for building strong deep learning models are the root causes of these constraints. Developing trustworthy automated diagnostic models with Deep Learning (DL) techniques is becoming more popular as a solution to these problems (Chan et al., 2020). Automated feature extraction from raw MRI images is made possible by convolutional neural networks (CNNs), which have become effective tools for image classification tasks (Krizhevsky et al., n.d.). Additionally, pre-trained CNN models like ResNet50, MobileNet, and Inception v2 have shown encouraging results in brain tumor classification when paired with transformer models like Vision Transformer (ViT) and Shifted Window (Swin) Transformer (Dosovitskiy et al., 2020). By creating a hybrid model that combines MobileNet and Swin Transformer architectures, this study seeks to advance this field by utilizing image and data enhancement techniques to boost classification performance, which will ultimately aid in clinical decision-making and improve patient outcomes.




[bookmark: _Toc197815356][bookmark: _Toc197817333]1.2 Thesis Objectives 
The primary objectives of this thesis are:

· To develop and assess a unique hybrid deep learning model for the precise and effective classification of brain cancers in MRI images by combining the MobileNet and Swin Transformer architectures.

· To investigate the individual and combined efficacy of Transformer models (Vision Transformer (ViT), Swin Transformer) and pre-trained CNNs (ResNet50, MobileNet, Inception v2) for brain tumor classification, determining their advantages and disadvantages in this regard.

· to overcome the difficulties of inconsistent picture quality and scarce data availability by applying data augmentation and image enhancement techniques to maximize the performance of the suggested hybrid model.

· to evaluate the hybrid model's performance against the most advanced techniques now in use for classifying brain tumors, showing how it may be more accurate and efficient.

· To develop a useful and easily available technology that can help radiologists identify brain tumors more quickly and accurately, thereby improving patient care and results.

[bookmark: _Toc197815357][bookmark: _Toc197817334]1.3 Thesis Contribution 
The following significant advances in the field of brain tumor categorization are made by this thesis:

· A new hybrid deep learning model that combines MobileNet and Swin Transformer: Compared to previous methods, this model offers a unique combination of MobileNet’s efficiency and the Swin Transformer's long-range dependency modeling capabilities, improving classification accuracy and lowering computing complexity.

· A thorough comparison of the Transformer and CNN architectures: This thesis offers important insights into the appropriateness of several CNNs and Transformer models for brain tumor classification by thoroughly evaluating their individual and combined performance.

· Improved classification accuracy through data augmentation and image enhancement: By addressing the issues of limited data and image quality variations, the suggested model's robustness and generalization ability are greatly increased using sophisticated data augmentation and image enhancement techniques.


· A well-documented and openly accessible use of the suggested model: To encourage more study and advancement in this field, the code and trained models will be made freely accessible.

· A possible tool to assist radiologists in making decisions: The created model can be a useful tool for radiologists, helping them to diagnose brain tumors quickly and accurately and eventually leading to better patient outcomes.


[bookmark: _Toc197815358][bookmark: _Toc197817335]1.4 Thesis Organization 
This thesis is organized into the following chapters:
Chapter 1: (Introduction) This chapter provides an overview of the problem of brain tumor classification, outlines the thesis objectives, highlights the key contributions of the research, and describes the overall organization of the thesis. It establishes the context for the research and emphasizes its significance.
Chapter 2: (Overview) This chapter provides a foundational overview of educational deep learning, including its applications and relevance to the broader field of data analysis.
Chapter 3: (Related Work) This chapter presents a comprehensive review of existing literature on brain tumor classification, focusing on deep learning approaches and related methodologies. It includes a historical perspective and identifies the gaps in the current research landscape that this thesis aims to address.
Chapter 4: (Proposed Approach) This chapter details the proposed hybrid deep learning model for brain tumor classification. It describes the architecture of the MobileNet-Swin Transformer, the data augmentation and image enhancement techniques employed, and the experimental setup used for evaluation.
Chapter 5: (Experimental Results and Discussion) This chapter presents the experimental results obtained using the proposed model and compares its performance with existing state-of-the-art methods. It includes a detailed analysis of the results, discussing the strengths and limitations of the proposed approach and providing insights into its effectiveness.
Chapter 6: (Conclusion and Future Work) This chapter summarizes the key findings of the thesis, reiterates its contributions to the field of brain tumor classification, and outlines potential directions for future research and development in this area.
 
 

[bookmark: _Toc197815359][bookmark: _Toc197817336]Chapter 2 Overview 
An introduction to deep learning is given in this chapter, with particular attention on how it links to educational theories and their more general uses in data analysis. Understanding the educational elements of deep learning helps contextualize the decisions made in model building, training, and assessment, even if the categorization of brain tumors is the main emphasis of this thesis.

2.1 Introduction
Image identification, natural language processing, and medical image analysis are just a few of the data analysis fields that have been transformed by deep learning, a branch of machine learning. The goal of this chapter is to provide readers with basic knowledge of deep learning concepts, with an emphasis on how applicable they are to education. Developing strong and trustworthy diagnostic tools, like the brain tumor classification system suggested in this thesis, requires an understanding of how these models learn and generalize. Setting the basis for a better comprehension of the suggested hybrid model, this chapter will examine the fundamental ideas of deep learning, important structures, training approaches, and assessment strategies.
2.2 Educational Deep Learning
2.2.1 Principles of Deep Learning:
Representation Learning: Deep learning models excel at automatically learning hierarchical representations of data. Instead of relying on hand-engineered features, they can learn complex patterns directly from raw input. This is achieved through multiple layers of interconnected nodes, each learning a different level of abstraction. 
Feature Extraction: The ability to automatically extract relevant features is a key advantage of deep learning. In image analysis, for example, early layers might learn to detect edges and corners, while deeper layers combine these features to recognize more complex shapes and objects. 
Generalization: A successful deep learning model must be able to generalize well to unseen data. This means that it should be able to accurately classify or predict outcomes for data that it has not been trained on. Generalization is influenced by factors such as the size and diversity of the training dataset, the model architecture, and the regularization techniques used. 
Overfitting and Underfitting: Overfitting occurs when a model learns the training data too well, resulting in poor performance on unseen data. Underfitting occurs when a model is too simple to capture the underlying patterns in the data. Balancing these two is critical. 

2.2.2 Key Architectures:
Convolutional Neural Networks (CNNs): CNNs are particularly well-suited for image analysis due to their ability to learn spatial hierarchies of features. Convolutional layers use filters to detect patterns in local regions of the image, while pooling layers reduce the spatial resolution and increase the robustness to variations in object position and orientation.
Transformer Models: Transformer models, originally developed for natural language processing, have recently gained popularity in computer vision. The attention mechanism allows these models to capture long-range dependencies between different parts of the input, which can be beneficial for understanding the global context of an image. 
2.2.3 Training Deep Learning Models:
Loss Functions: Loss functions quantify the difference between the model's predictions and the true labels. Common loss functions include cross-entropy loss for classification tasks and mean squared error for regression tasks. The goal of training is to minimize the loss function by adjusting the model's parameters.
Optimization Algorithms: Optimization algorithms are used to update the model's parameters during training. Stochastic gradient descent (SGD) is a widely used optimization algorithm, but more advanced algorithms such as Adam often converge faster and achieve better results.
Hyperparameter Tuning: Hyperparameters are parameters that are not learned during training, such as the learning rate and the batch size. Hyperparameter tuning is the process of selecting the optimal values for these parameters. Techniques like grid search and random search are often used.
2.2.4 Evaluation and Validation:
Evaluation Metrics: Evaluation metrics are used to assess the performance of deep learning models. Common evaluation metrics for classification tasks include accuracy, precision, recall, and F1-score. 
Cross-Validation: Cross-validation is a technique used to assess the generalizability of deep learning models. The data is divided into multiple folds, and the model is trained on a subset of the folds and validated on the remaining folds. This process is repeated multiple times, and the results are averaged to obtain a more robust estimate of the model's performance.



2.3 Applications for Educational Deep Learning
2.3.1 Image Recognition and Classification:
Object Detection: Deep learning models can be used to detect and localize objects within an image. This has applications in areas such as autonomous driving, surveillance, and medical image analysis. 
Image Segmentation: Image segmentation is the process of partitioning an image into multiple segments. This can be used to identify different objects or regions within an image. 
2.3.2 Medical Image Analysis:
Disease Diagnosis: Deep learning models have shown great promise in diagnosing diseases from medical images. For example, they can be used to detect tumors, identify signs of disease, and assess the severity of a condition. 
Treatment Planning: Deep learning models can also be used to assist in treatment planning. For example, they can be used to predict the response to a particular treatment or to optimize the delivery of radiation therapy. 
Drug Discovery: Deep learning models are being used to identify potential drug candidates and to predict their efficacy and safety. 
2.3.3 Broader Applications of Data Analysis:
Natural Language Processing (NLP): Deep learning models are used to process and understand human language. This has applications in areas such as machine translation, text summarization, and sentiment analysis. 
Financial Modeling: Deep learning models are used to predict financial markets and to manage risk. 
Recommender Systems: Deep learning models are used to recommend products or services to users. 


2.4 Relevance to Brain Tumor Classification
The concepts discussed in this chapter are directly relevant to the problem of brain tumor classification. Appropriate evaluation metrics are used to assess the performance of the brain tumor classification model. The proposed hybrid MobileNet-Swin Transformer model builds upon these foundational principles, combining the strengths of CNNs and Transformers.
[bookmark: _Toc197815360][bookmark: _Toc197817337]Chapter 3 Related Work 

[bookmark: _Toc197815361][bookmark: _Toc197817338]3.1 Introduction 
This chapter presents different previous studies that were applied DL and ML models to predict brain tumors.

[bookmark: _Toc197815362][bookmark: _Toc197817339]3.2 History 
(Tiwari et al., 2022) analyzed global mortality data and discovered brain tumors as the tenth leading cause of death worldwide, focusing attention on the urgent need for improved diagnostic and classification methods. Although advances in technology have enhanced detection speed. Their study assessed the effectiveness of Convolutional Neural Networks (CNNs), particularly the VGG16 model, achieving an accuracy of up to 95%. While promising, other models have shown even higher performance levels.

(Reddy et al., 2024) investigate the performance of fine-grained vision transformers (FTVTs), including FTVT-b16, FTVT-b32, FTVT-l16, and FTVT-l32, in classifying brain tumors. These models were compared against conventional architecture such as ResNet50, MobileNet-V2, and EfficientNet-B0. The study found that FTVTs achieved up to 98% accuracy, surpassing traditional deep learning models. These findings advise that FTVTs are promising and should be considered for further growth and clinical testing.

(Islam et al., 2024) conducted a thorough analysis of DL-based techniques for medical imaging data augmentation. They underlined that augmentation strategies are essential for reducing overfitting and enhancing generalizability in models trained on small datasets. These techniques range from conventional geometric transformations to sophisticated generative approaches like GANs, VAEs, and diffusion models. Their review demonstrates how generative augmentation may improve model resilience in classification and segmentation tasks by simulating actual disease changes. Similarly, using a dataset of 3,064 brain MRI images, it showed the EfficientNetB3 model's usefulness. The study's increased tumor classification accuracy and clinical validation supported the model's applicability in actual diagnostic situations. They did, however, also highlight the need for independent assessments to gauge the model's generalizability in a range of clinical settings.

(Saeedi et al., 2023) suggest a hybrid approach combining discrete convolutional DL and ML methods for brain tumor detection in MRI scans. 3,264 contrast-enhanced T1-weight MRI images that were divided into pituitary tumors, gliomas, meningiomas, and healthy brains were used in their investigation. A training accuracy of 96.47% was attained by the 2D CNN model and 95.63% by the convolutional auto-encoder. Six conventional machine learning classifiers were also evaluated to compare performance; K-Nearest Neighbors (KNN) outperformed the others with an 86% performance rate. The outcomes showed that deep learning models outperformed traditional methods in terms of categorization. The study backs the use of CNN-based models as useful diagnostic instruments to help radiologists identify brain cancers precisely and early.

(Latif, 2022) Introduced DeepTumor, a complete framework for brain MRI analysis that combines tumor subtype identification, segmentation, and classification, was presented by Latif et al. in 2022. To differentiate between tumorous and non-tumorous pictures, the system uses a multi-stage pipeline that begins with binary classification utilizing bespoke 9-layer and 10-layer CNNs. The study used an enhanced Fuzzy C-Means (FCM) algorithm for tumor segmentation, which improves accuracy by using information from nearby slices. The last step involved classifying segmented tumor sections into four glioma categories—edema, necrosis, enhancing, and non-enhancing—using an 11-layer CNN. DeepTumor outperformed traditional models like LeNet, AlexNet, and GoogleNet in terms of segmentation performance and classification accuracy when tested on the BraTS dataset. The study shows how deep learning and conventional techniques can be combined to provide robust tumor analysis. 

(Dehkordi et al., n.d.) presented a sophisticated model for detecting brain tumors that combines the nonlinear Lévy chaotic moth flame optimizer (NLCMFO) for hyperparameter optimization with an upgraded convolutional neural network (CNN). MRI images are processed by the model using features for both classification and feature extraction. The model's performance is enhanced by the NLCMFO's optimization of the CNN's hyperparameters. In comparison to conventional CNNs and other optimization methods, the suggested model performed better when tested on the BRATS 2015 dataset and other datasets from Harvard Medical School. The work demonstrated the value of integrating cutting-edge optimization methods with deep learning architectures to improve the precision and resilience of brain tumor detection systems.

(Kibriya et al., 2022) suggested a unique method for classifying brain tumors that combines well-known machine learning classifiers with deep feature fusion. To extract deep features from MRI images, the researchers used CNN architectures such as AlexNet, GoogleNet, and ResNet18 in conjunction with transfer learning. After combining these deep features into a single vector, it was classified using well-known machine learning algorithms like K-Nearest Neighbors (KNN) and Support Vector Machine (SVM). A sizable MRI dataset was used to test their approach, showing how feature fusion may enhance classification performance. The study demonstrated how merging features from many CNN models improved the model's capacity to differentiate between different tumor types, providing a reliable and effective method of brain tumor identification that outperforms conventional single-feature-based techniques.

(He et al., n.d.) presented training of very deep neural networks was transformed by the DL architecture known as Residual Networks (ResNet). To solve the issue of vanishing gradients in deep networks, the authors suggested residual learning, in which each layer learns the input's residual instead of the output directly. Performance in image recognition tasks was greatly enhanced by this breakthrough, which made it possible to train networks with hundreds or even thousands of layers. ResNet outperformed earlier models in terms of classification accuracy and computing efficiency, achieving remarkable results on the ImageNet dataset. Since then, the idea of residual learning has grown to be fundamental to deep learning, impacting on the creation of several sophisticated architectures for a variety of uses, including natural language processing and computer vision.

(Kolla et al., 2022) created an autonomous model for detecting brain tumors by combining a SVM classifier, Local Binary Pattern (LBP) features, and CNNs. The model goes through phases of patch extraction, intensity normalization, and image filtering when processing MRI images. RGB pictures are first transformed to binary via grayscale conversion, and then LBP processing is performed during feature extraction. The multilayered SVM classifier is used for object identification, while the CNN is used for feature extraction. Metrics such the Jaccard Similarity Index (JSI), Dice Similarity Coefficient (DSC), sensitivity, accuracy, specificity, and precision were used to assess the model. The suggested method outperformed current techniques, indicating its potential as a useful tool for the identification and categorization of brain tumors.

(Amin et al., 2022) proposed an innovative brain tumor detection model that combines a quantum variational classifier (QVC) with ensemble transfer learning. After extracting features from MRI scans using the InceptionV3 deep learning model, the scientists categorized the pictures using QVC. This method was created to manage challenging tumor detection jobs by utilizing quantum computing capabilities to enhance classification. The model also included Seg-Net for tumor segmentation, which allowed for accurate tumor area definition. A local dataset, 2020-BRATS, and Kaggle were among the benchmark datasets used to assess the methodology. The outcomes showed how well deep learning and quantum classification techniques worked together to produce a reliable solution for brain tumor identification and segmentation that exceeded conventional approaches in several performance metrics.

(Arif et al., 2022) proposed algorithms with U-Net, Arif et al. (2022) presented a sophisticated deep learning framework for the segmentation and classification of brain tumors. Their approach involves preprocessing MRI images using grayscale conversion, skull stripping, and histogram equalization; segmenting the tumor region using GA; extracting features using DWT; selecting features using Particle Swarm Optimization (PSO); and classifying the results using U-Net. The suggested GA-UNET model outperformed more established models such as CNN, VGG16, GoogLeNet, and AlexNet when tested on the REMBRANDT dataset. The study demonstrated how well deep learning architectures and evolutionary algorithms work together to improve the precision and resilience of brain tumor detection systems.




[bookmark: _Toc197815363][bookmark: _Toc197817340]Chapter 4 Proposed Approach 
This study classifies brain tumors using DL models following a structured approach. The methodology's structure is essentially four main steps: data collection, data augmentation, classification models, and Evaluation models as shown in Figure 4.1.

[image: ]
[bookmark: _Toc197816122]figure 4. 1: The steps of methods

Step 1: Data Collection

First, we collect and compile the brain MRI image dataset. The dataset includes various types of brain tumors, such as:

· Glioma: Cancerous tumors that Initiate in glial cells of the brain.

· Meningioma: Non-cancerous tumors that make protective layers around the brain.
· 
No Tumor: Normal brain scans that do not show any tumors.

· Pituitary: Tumors impacting the pituitary gland, which can be cancerous or non-cancerous.

Labeled MRI images of high quality are sourced from publicly available medical repositories and the archives of medical hospitals. For this study, we utilized the Brain Tumor MRI Dataset available on Kaggle (Masoud Nickparvar, 2021). To achieve uniformity in size, resolution, and format, the images are also preprocessed.

This preprocessing step is essential as it facilitates the utilization of deep learning models, improving efficiency and ensuring consistent data. Images are properly labeled to enable supervised learning for tumor classification, utilizing characteristics that differentiate among the various tumor types as shown in Figure 4.2.

[image: A close-up of a brain scan
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[bookmark: _Toc197816123]figure 4. 2:The sample image from each class


Step 2: Data Augmentation

DL models require large images of input to achieve high accuracy and avoid overfitting. However, medical image datasets might be limited, the use of data augmentation techniques to artificially increase the dataset (Li et al., 2023).

Various augmentation strategies are employed during training to introduce variability, including rotation, flipping, contrast adjustment, brightness correction, noise addition, and cropping. Rotating images at different angles helps the model generalize the appearance of tumors from various views.

We apply horizontal flips, resize = 224 x244, and normalization = rescale to [0, 1]. These augmentation strategies help ensure that the model can effectively generalize across different tumor views and imaging conditions. 

Step 3: Classification Models

Multiple DL architectures are necessary to classify brain tumors accurately. In that regard, the main models used in this study are pre-trained CNNs, Transformers and hybrid models. Fully connected Neural Networks, including the Inception v2, ResNet50 and MobileNet, are used due to their high feature extraction skills. The results of these models help us understand how tumor types are distinguished by significant spatial patterns and top-to-bottom characteristics derived from brain MRI scans. 

Transfer learning is also used, whereby the pre-trained CNN models used here are trained on every image to exploit experience on image representation garnered from prior datasets. Besides, shifted window Transformers (Swin) are considered because of their enhanced throughput for global features through self-attention. 

While CNNs are formulated on local patterns of the image pixel dependency, Swin encodes long dependencies, which makes them more useful for complex medical image classification tasks. As a result, a Swin Transformer, a hierarchical vision transformer model, is incorporated into the proposed framework to improve classification performance. 

Pre-trained CNNs models:

· ResNet50: To address the vanishing gradient issue and enable the training of deeper networks, ResNet50, a 50-layer deep convolutional neural network, adds residual connections (He et al., n.d.).

· MobileNet: is a lightweight CNN architecture optimized for mobile and embedded vision tasks (Howard et al., 2017). It uses depth wise separable convolutions, which split standard convolutions into two layers: a depth wise convolution that applies a single filter per input channel, and a pointwise convolution (1×1) that combines outputs across channels. The architecture consists of an initial standard convolution layer, followed by multiple blocks of depth wise and pointwise convolutions, batch normalization, and ReLU activations. This design significantly reduces computation and model size while maintaining strong classification performance.

· Inception v2: is an improved version of the original Inception architecture, designed to enhance computational efficiency and accuracy in image classification tasks (Szegedy et al., n.d.). It builds on the concept of Inception modules, which apply multiple convolution filters (1×1, 3×3, 5×5) in parallel to capture features at different scales. Inception v2 introduces factorized convolutions to reduce computational cost, and it incorporates batch normalization after each convolution to accelerate training and improve stability. The architecture includes convolutional, pooling, and fully connected layers, structured to balance depth and width efficiently.

Transformers models: 

· ViT: applies the Transformer architecture, originally developed for natural language processing, to image classification tasks (Dosovitskiy et al., 2020). It divides an input image into fixed size patches, flattens them, and embeds each patch into a vector. These vectors are then passed through a standard Transformer encoder, which consists of multi-head self-attention layers, position embeddings, and feed-forward networks. Unlike CNNs, ViT relies entirely on attention mechanisms to capture global context, enabling competitive performance on large-scale image datasets.

· Swin: is a hierarchical vision Transformer that enhances scalability and efficiency for high-resolution image tasks (Liu et al., n.d.). It divides the image into non-overlapping windows and performs self-attention within each window. To enable cross-window interaction, it introduces shifted windows between layers. Swin features a multi-stage architecture, with each stage containing patch merging layers, window-based multi-head self-attention, and MLPs. This design enables both local and global feature representation, making it highly effective for classification, detection, and segmentation tasks.


Proposed model:

We suggest a hybrid model as shown in figure 4.3 that combines the strengths of MobileNet and Swin Transformer. MobileNet is great at extracting local features because of its simple design and efficient use of resources, making it ideal for devices with limited computing power.
 
On the other hand, the Swin Transformer uses an attention mechanism to capture both local and global features, giving it a deeper understanding of the image. By combining these two models, the hybrid model takes advantage of MobileNet easy-to-understand feature extraction and Swin's ability to capture complex relationships in the image.
 
This combination improves accuracy and decision-making while still maintaining high performance and clear interpretability, combining the best of both pre-trained CNNs and Transformers.

 [image: A diagram of a brain tumor
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[bookmark: _Toc197816124]figure 4. 3: Proposed Hybrid model (MobileNet, Swin)
Step 4: Evaluation Models

A set of metrics is applied to evaluate the efficiency of the classification models. 
Formula:















TP = True Positives
TN = True Negatives
FP = False Positives
FN = False Negatives


[bookmark: _Toc197815364][bookmark: _Toc197817341]

Chapter 5 Experimental Results and Discussion 

5.1 Experimental setup

The models were applied in Anaconda environment by using Jupyter for coding and compiling. A desktop equipped with an Intel Core i7-6700 processor and 16GB RAM was used for the experiment. In data splitting we have a training set which is used to train the model. The model learns patterns, features, and relationships in the data from this set, usually around 70% to 80% of the total dataset, also we have a test set which is used to evaluate the final performance of the model after training. It provides how the model is expected to perform on real-world data, usually around 10% to 15% of the total dataset. In each of them has four classes which are glioma, meningioma, notumor and pituitary. Table 5.1 shows the number of images in each class that were used in the dataset during this experiment. 


[bookmark: _Toc197816378]Table5. 1: Number of images in each class
	Dataset 
	Class label
	Training
	Testing
	Total

	Brain MRI
	glioma
	1321
	300
	1921

	
	meningioma
	1339
	306
	1951

	
	notumor
	1595
	405
	2405

	
	pituitary
	1457
	300
	2057



5.2 Results of model performance

Table 5.2 shows the average performance of each model based on different evaluation methods: accuracy, precision, recall, F1-score. MobileNet outperformed others, achieving excellent results with an accuracy of 93.34%, precision of 100%, recall of 81%, and an F1-score of 89%. ResNet50 recorded the lowest performance, with an accuracy of 54.28%, precision of 63%, recall of 22%, and an F1-score of 33%. Inception v2 performance recorded, with an accuracy of 88.20%, precision of 91%, recall of 80%, and an F1-score of 85%. The Transformer-based models also showed strong performance, with ViT achieving an accuracy of 95.73% and 94.33% precision, recall, and F1-score. and Swin excelling with an accuracy of 99.08%, precision of 99.66%, recall of 98%, and F1-score of 98.82%. To further enhance performance, a hybrid model combining MobileNet and Swin was developed, resulting in the highest average performance: 99.65% accuracy, 99.82% precision, recall, and F1-score.

Where MobileNet from pre-trained CNN and Swin from the transformers have achieved the best performance then we combine both in a hybrid model to achieve the best average performance.



[bookmark: _Toc197816379]Table5. 2: Models performance average
	Approaches 
	Models
	Accuracy 
	Precision 
	Recall 
	F1-score

	Pre-trained CNN
	ResNet50
	54.28
	63.00
	22.00
	33.00

	
	MobileNet
	93.34
	100
	81.00
	89.00

	
	Inception v2
	88.20
	91.00
	80.00
	85.00

	Transformer 
	ViT
	95.73
	94.33
	94.33
	94.33

	
	Swin
	99.08
	99.66
	98.00
	98.82

	Hybrid models
	MobileNet- Swin
	99.65
	99.82
	99.82
	99.82



5.3 Results of model for each class

Table 5.3 shows the performance of various models across four tumor types: glioma, meningioma, no tumor, and pituitary. In Glioma ResNet50 model scores: precision: 63.00%, recall: 22.00%, F1-score: 33.00%, this model struggles significantly, particularly in recall, indicating poor detection of gliomas, and Inception v2: Precision: 91.00%, Recall: 80.00%, F1-score: 85.00%, this model performs well, balancing false positives and negatives better than ResNet50, and MobileNet Precision: 100%, Recall: 81.00%, F1-score: 89.00%, this model with perfect precision, effectively identifying predicted glioma cases, and ViT Precision: 94.33%, Recall: 94.33%, F1-score: 94.33%, this model maintains a strong balance between precision and recall, indicating similar performance, and Swin: Precision: 99.66%, Recall: 98.67%, F1-score: 99.16%, this model Excellent capability in detecting pituitary tumors with very few errors less than ViT, and Hybrid Model (MobileNet-Swin): Precision: 99.39%, Recall: 99.39%, F1-score: 99.39%, this model strong performance, outperforming other models in this category, indicating its dissimilar.

In Meningioma ResNet50 model scores: precision: 55.00%, recall: 33.00%, F1-score: 41.00%, this model has limited effectiveness, particularly in recall, leading to many missed cases, and Inception v2: Precision: 77.00%, Recall: 74.00%, F1-score: 75.00%, this model shows similar performance to MobileNet but slightly lower in precision and recall, and MobileNet Precision: 82.00%, Recall: 81.00%, F1-score: 82.00%, this model demonstrates improved performance compared to ResNet50, maintaining a solid balance, and ViT Precision: 97.19%, Recall: 90.52%, F1-score: 93.07%, this model exhibits excellent performance with high precision indicating reliability in positive predictions, and Swin Precision: 97.13%, Recall: 99.67%, F1-score: 98.39%, this model shows high recall, indicating very effective detection of meningiomas, and Hybrid Model (MobileNet-Swin) Precision: 99.77%, Recall: 99.77%, F1-score: 99.77%, this model consistently performs well across all metrics, showcasing its strength in detecting meningiomas. 

In notumor ResNet50 model scores: precision: 72.00%, recall: 81.00%, F1-score: 76.00%, this model shows moderate performance, with room for improvement in precision, and Inception v2: Precision: 91.00%, Recall: 97.00%, F1-score: 94.00%, this model performs well, but is slightly less effective than MobileNet, and MobileNet Precision: 97.00%, Recall: 98.00%, F1-score: 97.00%, this model demonstrates strong performance, effectively distinguishing between tumor and non-tumor cases, and ViT Precision: 99.25%, Recall: 98.52%, F1-score: 98.88%, this model shows very high performance, indicating reliability in identifying non-tumor cases, and Swin Precision: 99.75%, Recall: 99.75%, F1-score: 99.75%, this model indicates excellent performance with minimal false positives and negatives, and Hybrid Model (MobileNet-Swin) Precision: 99.99%, Recall: 99.99%, F1-score: 99.99%, this model demonstrates near-perfect performance, showcasing exceptional capability in classifying the "no tumor" category. 

In Pituitary ResNet50 model scores: precision: 46.00%, recall: 85.00%, F1-score: 59.00%, this model has low precision, indicating many incorrect predictions among those labeled as pituitary tumors, and Inception v2: Precision: 90.00%, Recall: 97.00%, F1-score: 93.00%, this model performs well, balancing precision and recall effectively, and MobileNet Precision: 84.00%, Recall: 100%, F1-score: 91.00%, this model shows strong recall, effectively detecting all pituitary tumors, though it has some false positives, and ViT Precision: 91.36%, Recall: 98.67%, F1-score: 94.87%, this model exhibits high performance, similar to Inception v2, and Swin Precision: 99.66%, Recall: 98.67%, F1-score: 99.16%, this model shows excellent capability in detecting pituitary tumors with very few errors, and Hybrid Model (MobileNet-Swin) Precision: 99.39%, Recall: 99.39%, F1-score: 99.39%, this model indicates strong performance, outperforming other models in this category, showcasing its dissimilar.

As a result, the hybrid model (MobileNet-Swin) records the highest performance for all classes demonstrating exceptional capability in detecting these tumor types and no tumors. 

[bookmark: _Hlk195643888][bookmark: _Toc197816380]Table5. 3: Models’ performance in each class
	Approaches 
	Models
	Classes
	Precision 
	Recall 
	F1-score

	Pre-trained CNN
	ResNet50
	glioma
	63.00
	22.00
	33.00

	
	
	meningioma
	55.00
	33.00
	41.00

	
	
	notumor
	72.00
	81.00
	76.00

	
	
	pituitary
	46.00
	85.00
	59.00

	
	MobileNet
	glioma
	100
	81.00
	89.00

	
	
	meningioma
	82.00
	81.00
	82.00

	
	
	notumor
	97.00
	98.00
	97.00

	
	
	pituitary
	84.00
	100
	91.00

	
	Inception v2
	glioma
	91.00
	80.00
	85.00

	
	
	meningioma
	77.00
	74.00
	75.00

	
	
	notumor
	91.00
	97.00
	94.00

	
	
	pituitary
	90.00
	97.00
	93.00

	Transformer
	ViT
	glioma
	94.33
	94.33
	94.33

	
	
	meningioma
	97.19
	90.52
	93.07

	
	
	notumor
	99.25
	98.52
	98.88

	
	
	pituitary
	91.36
	98.67
	94.87

	
	Swin
	glioma
	99.66
	98.00
	98.82

	
	
	meningioma
	97.13
	99.67
	98.39

	
	
	notumor
	99.75
	99.75
	99.75

	
	
	pituitary
	99.66
	98.67
	99.16

	Hybrid models
	MobileNet- Swin
	glioma
	99.82
	99.82
	99.82

	
	
	meningioma
	99.77
	99.77
	99.77

	
	
	notumor
	99.99
	99.99
	99.99

	
	
	pituitary
	99.39
	99.39
	99.39



5.4 Discussion

As shown in Table 5.4 recently many methodologies have developed for brain tumor classification using DL, each some highlight and limitations. (Tiwari et al., 2022) achieved good accuracy in tumor classification; however, their methods are complex and have a limited dataset. Also, (Reddy et al., 2024) introduced the FTVT model, which reduces error rates, but its requirement for high-specifications hardware and large datasets brining challenges for practical implementation.

EfficientNet-B3, which was developed by (Islam et al., 2024), exceeded other models in regarding accuracy but also required high-specifications devices, which limited accessibility.  Although the results of (Saeedi et al., 2023) were limited by dataset differences, which may have an impact on generalization across other populations, they showed that attention-guided DL could enhance classification performance.

By using image enhancement techniques, (Latif, 2022) were able to analyze images more quickly and with better quality.  However, the generalizability of their findings is limited by their focus on a single dataset along with specific tumor types.  However, (Amin et al., 2022) only focused on binary classification, which may have ignored the complexity of multi-class scenarios. They achieved reduced processing costs by combining clustering and classification algorithms.

Dense EfficientNet, which was presented by (Islam et al., 2024), successfully lowers overfitting but requires an important amount of computing power.  To improve feature extraction, (Kolla et al., 2022) integrated CNN with support vector machines (SVM) and local binary patterns (LBP); nonetheless, they encountered significant computational complexity, which would restrict real-time applications.  (Amin et al., 2022) also investigated ensemble techniques, which required a lot of data and processing power but were successful in lowering overfitting.

Finally, (Arif et al., 2022) used a hybrid strategy that combined genetic algorithms with U-Net. This method showed promise in increasing accuracy but required preprocessing and parameter tuning.  Although (He et al., n.d.) suggested a deep tumor architecture that enhanced segmentation, its actual implementation was made more difficult by the need for a sizable dataset and substantial processing power.

All things considered, even though this research progresses the field of DL-based brain tumor classification, issues including dataset constraints, processing requirements, and the requirement for generalizable models continue to be common. Future studies should concentrate on developing more effective algorithms that function well in a variety of computational contexts and datasets.

[bookmark: _Toc197816381]Table5. 4: Previous Studies Summary
	References
	Methods
	Datasets

	(Tiwari et al., 2022)
	CNN
	3,264 images (826 glioma, 822 meningioma, 395 no tumor, 827 pituitary)

	(Reddy et al., 2024)
	FTVT-b16/b32/l16/l32
	7,026 MRI images (gliomas, meningiomas, pituitary)

	(Islam et al., 2024)
	EfficientNet-B3
	3,064 MRI images (glioma, meningioma, pituitary)

	(Saeedi et al., 2023)
	Attention-Guided Deep Learning
	5,000+ MRI images

	(Latif, 2022)
	Image Enhancement + Classification
	3,064 CE-MRI images (930 pituitary, 708 meningiomas, 1,426 gliomas)

	(Dehkordi et al., n.d.)	VGG16 + ResNet
	Figshare Dataset (3,064 images)

	(Kibriya et al., 2022)	Dense EfficientNet
	3,260 T1-weight contrast-enhanced MRI images

	(Kolla et al., 2022)
	CNN + LBP + SVM
	MRI dataset with LBP features

	(Amin et al., 2022)
	Ensemble TL + Quantum Classifier
	MRI images

	(Arif et al., 2022)
	Genetic Algorithm + U-Net
	T1-weighted MRI dataset

	(He et al., n.d.)	Deep Tumor Framework
	Multi-modal MRI dataset





[bookmark: _Toc197815365][bookmark: _Toc197817342]Chapter 6 Conclusion and Future Work 
This study proposed the effectiveness of advanced DL models in enhancing the classification of brain tumors using MRI images. We obtained notable gains in classification measures, such as accuracy, precision, recall, and F1-score, by merging pre-trained CNN and transformer architectures, especially the hybrid model combination (MobileNet, Swin).  The findings show that our hybrid model not only performs better than conventional classification techniques but also offers radiologists a dependable tool to help them make prompt and precise diagnoses.  The model's excellent performance highlights how DL technologies have the potential to revolutionize clinical procedures, especially in areas with limited access to skilled medical imaging specialists.

Furthermore, the use of data augmentation techniques has been crucial in overcoming the difficulties presented by small datasets, allowing for the development of more dissimilar models that can generalize across a range of imaging situations.  Given the increased frequency of brain tumors worldwide, this strategy is in line with the urgent need for efficient diagnostic technologies.  

Future studies should concentrate on growing the dataset, investigating different DL structures, and confirming the model's functionality in actual clinical contexts.  We can increase the precision of brain tumor classifications and eventually help improve patient outcomes in the oncology area by further improving these approaches.

In summary, the findings of this study make further advancements in automated medical diagnostics and highlight the significant role of DL in the future of healthcare.
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