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Abstract: 

Brain tumor detection and classification using medical imaging has become a critical area of research in 

healthcare informatics. This comprehensive review examines recent advances in machine learning and 

deep learning methodologies applied to automated brain tumor detection and segmentation from 

magnetic resonance imaging (MRI) scans. Thirty state-of-the-art approaches are examined and 

organized into four categories: traditional machine learning, deep learning, transfer learning, and hybrid 

approaches. Traditional methods leveraging Support Vector Machines (SVM), Random Forests, and 

feature extraction techniques such as Discrete Wavelet Transform (DWT) and Principal Component 

Analysis (PCA) demonstrate effectiveness in smaller datasets. Deep learning approaches, particularly 

Convolutional Neural Networks (CNNs), U-Net architectures, and Capsule Networks, have shown 

superior performance in complex tumor segmentation tasks. Transfer learning using pre-trained models 

like ResNet, VGG, and Inception has proven particularly effective for limited medical datasets. This 

review identifies key challenges including dataset limitations, computational complexity, and 

generalization across different imaging protocols, while highlighting promising directions for future 

research in multimodal learning, explainable AI, and clinical deployment strategies. 

 

Keywords: Brain tumor detection, MRI segmentation, deep learning, convolutional neural networks, 

transfer learning, machine learning, medical image analysis 

 

1. Introduction 

Brain tumors represent one of the most severe and life-threatening medical conditions, with gliomas 

being the most common and aggressive type among adults [1]. Pulse-coupled neural networks integrated 

with DWT and PCA achieved an accuracy of 99%. Their approach demonstrated that feedback pulse-

coupled neural networks (FPCNN) serve as an effective front-end processor for image segmentation and 

region of interest detection. The study validated that principal component analysis effectively reduces 

dimensionality while preserving discriminative information, resulting in more efficient and accurate 

classification [2]. 

MRI has emerged as the gold standard for brain tumor diagnosis due to its superior soft tissue contrast, 

non-invasive nature, and ability to provide multimodal imaging sequences [3][4][5]. According to global 

health statistics, brain tumors account for approximately 1.4% of all cancers worldwide, yet they 

contribute disproportionately to cancer mortality rates, particularly in children and young adults [6][7]. 
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Traditional machine learning approaches utilizing handcrafted features combined with classifiers have 

demonstrated promising results [8] [9]. Over the past decade, remarkable progress has been made in 

applying machine learning and artificial intelligence techniques to medical image analysis [10].Early 

and accurate detection of brain tumors is critical for treatment planning and significantly impacts patient 

survival rates and quality of life [11] [12]. 

However, manual segmentation and classification of tumor regions from MRI scans is time-consuming 

and suffers from inter-observer variability [13]. Deep learning methods, particularly CNNs, have 

revolutionized the field by automatically learning hierarchical features [14]. 

 

2. Research Synthesis 

This research synthesis explains the major advancements in brain tumor detection using MRI, 

highlighting the transition from traditional techniques to modern deep learning approaches. It examines 

the effectiveness of hybrid models, feature extraction methods, and multimodal imaging in improving 

diagnostic accuracy. The synthesis also identifies key challenges such as data limitations and variability 

in tumor characteristics. Furthermore, it provides a structured overview of current trends and research 

gaps to guide future developments in this domain. 

2.1 Traditional Machine Learning Approaches 

Early approaches relied on traditional machine learning with engineered features. Charfi et al. proposed 

a hybrid approach using histogram-dependent thresholding, DWT, PCA, and feed-forward neural 

networks, achieving 90% accuracy on 80 MRI images. The methodology incorporated automated 

threshold selection as a front-end processor for image segmentation, detecting regions of interest 

effectively. Feature extraction was performed using discrete wavelet transform, which captures both 

spatial and frequency information from MRI images. Specifically, the three-level Haar wavelet 

transform decomposition was utilized to extract features [1]. 
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Figure 1. Schematic Diagram of 3rd Level Wavelet Transform Decomposition [1] 

PCA provides dimensionality reduction while maintaining the variance necessary for discrimination. 

These methods demonstrate that carefully designed features achieve competitive performance on smaller 

datasets, though they may face challenges in generalizing  too larger, more heterogeneous datasets [2]. 

 

2.2 Support Vector Machines and Hybrid Classifiers 

Support Vector Machines have emerged as powerful classifiers for brain tumor detection, particularly 

when combined with advanced feature extraction techniques. Parveen and Amritpal Singh developed a 

hybrid approach combining SVM and Fuzzy C-Means (FCM) techniques, achieving 91.66% accuracy 

with linear kernel, 83.33% with quadratic kernel, and 87.50% with polynomial kernel. Their 

methodology demonstrated 100% specificity across all kernel functions, indicating excellent 

performance in correctly identifying non-tumor cases. Techniques proposed a hybrid classifier 

combining SVM and K-Nearest Neighbor (KNN), achieving 94.13% accuracy. Random Forest 

classifiers handle high-dimensional features robustly. Pinto et al. developed automatic segmentation 

using Random Decision Forests with k-fold cross-validation, extracting multiple feature types [6].  Their 

deep neural network architecture incorporated multiple convolutional layers for feature extraction 

followed by fully connected layers for classification. The programmed multi-classification approach 

achieved high accuracy in distinguishing between different tumor types, which is crucial for treatment 

planning [7]. The Random Forest approach demonstrated particular strength in handling the imbalanced 

nature of medical imaging datasets, where tumor regions typically represent a small fraction of the total 

image volume. Soltaninejad et al. combined FCN-learned features with texton features using Random 

Forests, achieving Dice scores of 0.88, 0.80, and 0.73 on BRATS 2013 for complete tumor, core tumor, 

and enhancing tumor regions respectively [8]. 
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The ensemble approach addressed class imbalance by assigning higher weights to minority class 

samples, resulting in improved sensitivity for brain tumor detection. Ensemble methods have 

consistently shown their ability to reduce variance and improve generalization performance across 

different patient populations and imaging protocols. 

Transfer learning leverages knowledge from large datasets to address limited medical data availability. 

Fine-tuned ResNet50 and Inception V3 pre-trained on ImageNet, demonstrating significant 

improvements over training from scratch. The study revealed that transfer learning reduces training time 

while maintaining high classification accuracy, with ResNet50 achieving superior performance in 

feature extraction and classification tasks [10]. 

2.3 Random Forest and Ensemble Methods 

Random Forest classifiers handle high-dimensional features robustly. Pinto et al. developed automatic 

segmentation using Random Decision Forests with k-fold cross-validation, extracting multiple feature 

types [6]. The Random Forest approach demonstrated particular strength in handling the imbalanced 

nature of medical imaging datasets, where tumor regions typically represent a small fraction of the total 

image volume. 

Combined FCN-learned features with texton features using Random Forests, achieving Dice scores of 

0.88, 0.80, and 0.73 on BRATS 2013 for complete tumor, core tumor, and enhancing tumor regions 

respectively [8]. Their multimodal approach leveraged T1, T1-contrast, T2, and FLAIR MRI sequences, 

demonstrating that ensemble methods effectively integrate information from diverse imaging modalities. 

The ensemble approach addressed class imbalance by assigning higher weights to minority class 

samples, resulting in improved sensitivity for tumor detection. Ensemble methods have consistently 

shown their ability to reduce variance and improve generalization performance across different patient 

populations and imaging protocols. 

2.4 Transfer Learning and Pre-trained Models 

Transfer learning leverages knowledge from large datasets to address limited medical data availability. 

Fine-tuned ResNet50 and Inception V3 pre-trained on ImageNet, demonstrating significant 

improvements over training from scratch. The study revealed that transfer learning reduces training time 

while maintaining high classification accuracy, with ResNet50 achieving superior performance in 

feature extraction and classification tasks [10]. 

Comprehensive experiments conducted with six state-of-the-art pre-trained models: Xception, 

MobileNetV2, InceptionV3, ResNet50, VGG16, and DenseNet121. Figure 6 presents the architecture 

and workflow of their proposed brain MRI classification methodology, illustrating the complete pipeline 

from data preprocessing through model prediction [17]. 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260274059 Volume 8, Issue 2, March-April 2026 5 

 

 
Figure 2. Architecture and workflow of the proposed brain MRI classification methodology [17] 

 

The Xception model achieved the highest performance with weighted accuracy of 98.73% and weighted 

F1 score of 95.29%. MobileNetV2 demonstrated excellent efficiency for deployment on resource-

constrained devices while maintaining competitive accuracy. ResNet50's residual connections 

effectively addressed the vanishing gradient problem in deep networks, enabling training of much deeper 

architectures. VGG, Alex Net, Google Net, and Dense Net have been successfully adapted for brain 

tumor classification [17]. 

Figure 3 shows sample images from the two-class brain tumor dataset used for training and validation, 

demonstrating the diversity of MRI appearances across different tumor types and imaging protocols 

[10]. 
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Figure 3. A Sample of Two-Class Brain Tumor [11] 

 

2.5 Deep Learning and Convolutional Neural Networks 

Their hybrid approach leveraged the automatic feature learning capability of CNNs while utilizing the 

classification strength of traditional machine learning algorithms. This combination strategy has proven 

effective in scenarios where deep learning models alone may overfit due to limited training data [12]. 

Deep learning has revolutionized medical image analysis through its ability to automatically learn 

hierarchical feature representations. Pereira et al. developed CNNs for brain tumor segmentation, 

achieving state-of-the-art results on BRATS datasets. Their architecture employed small kernels (3×3) 

and deep networks to capture both local and global context. The study demonstrated that preprocessing 

techniques, particularly intensity normalization, significantly impact CNN performance. Figure 2 

illustrates the boxplot comparisons of various preprocessing and data augmentation experiments on the 

BRATS challenge dataset [13]. 
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Figure 4. Boxplot for each of the experiments in Table IV in the Leaderboard data set [13] 

 

2.6 Data Augmentation Strategies 

Rotation augmentation strategies were analyzed by comparing multiples of 90° against uniformly 

distributed rotation angles.Their experiments demonstrated that rotations improved Dice scores by 2.6% 

on average across tumor regions. The study revealed that geometric transformations preserve anatomical 

structures while increasing training sample diversity, leading to better feature learning and 

generalization [13]. 

2.7 Capsule Networks 

Brain tumor classification is performed using a Capsule Network that fuses raw MRI inputs with coarse 

boundary representations. Figure 5 illustrates the proposed CapsNet architecture with its unique 

structure that takes both brain images and tumor boundary information as inputs before making final 

classification decisions [18]. 

 
Figure 5. Proposed CapsNet architecture for brain tumor classification. 
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The proposed architecture takes the tumor coarse boundary into consideration, before making the final 

decision. The experimental results demonstrated that CapsNets achieve 90.89% accuracy when provided 

with both brain images and coarse tumor boundaries, outperforming traditional CNN architectures. 

Table 2 presents a comprehensive comparison between the proposed CapsNet approach and previous 

methods, including various CNN configurations and input strategies [18]. 

 

Table 1. Comparison between the proposed approach and previous results. 

 
 

The bold number corresponds to the proposed approach, which outperforms its counterparts [18].Caps 

Nets achieve competitive performance with fewer training samples due to their ability to recognize 

objects regardless of viewpoint and maintain equivariance rather than invariance [19] [20]. The routing-

by-agreement mechanism enables dynamic routing between capsule layers, allowing the network to 

learn part-whole relationships effectively. This capability is particularly valuable in medical imaging 

where anatomical structures exhibit consistent spatial relationships. 

 

2.8 U-Net Architecture for Segmentation 

U-Net for brain tumor segmentation, demonstrating its effectiveness in generating pixel-wise 

classification masks. Figure 4 demonstrates the segmentation results achieved by the U-Net model, 

showing both tumor and non-tumor region predictions with overlaid probability maps [21]. U-Net 

architectures have gained widespread popularity for medical image segmentation due to their encoder-

decoder structure with skip connections [22-27]. The architecture addresses the challenge of precise 

localization while maintaining contextual information through its symmetric design. Figure 6 presents a 

detailed block diagram of the U-Net based approach for brain tumor detection and classification [27]. 

 

 
Figure 6: Block Diagram of DCNN-U-Net Model Architecture [27] 
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The U-Net encoder path consists of repeated application of convolutional layers followed by max-

pooling operations for down sampling. Each convolutional operation can be represented mathematically 

as X(l+1) = σ(W(l) * X(l) + b(l)), where W represents the weight filters, b denotes bias terms, *  

indicates convolution, and σ is the activation function (typically Re LU). The decoder path performs up 

sampling using transposed convolutions, represented as         X(l+1) = σ(W(l)^T * X(l) + b(l)), where 

W^T represents the transpose of the filter. The skip connections in U-Net concatenate feature maps from 

the encoder to corresponding decoder layers: 

X= Concat (X encoder, X decoder), preserving spatial information lost during down sampling. This 

architectural design enables the network to learn both high-level semantic features and fine-grained 

spatial details necessary for accurate tumor boundary delineation [27]. 

 

 
Figure 7. Dataset classification and model prediction of tumor regions [22] 

 

2.9 Image Preprocessing and Segmentation Techniques 

Effective preprocessing is crucial for brain tumor detection systems. Grampurohit et al. implemented 

comprehensive preprocessing pipelines including grayscale conversion, noise removal using 

morphological operations, Gaussian blur for smoothening, contour extraction, and image cropping based 

on extreme points. Segmentation techniques play a vital role in isolating tumor regions. The 

conventional FCM algorithm clusters pixels based on similarity, but the modified approach incorporates 

spatial information to improve segmentation accuracy. 

Table 2 presents performance comparisons between conventional and modified FCM techniques, 

demonstrating 92.45% segmentation efficiency for the modified approach with significantly improved 

convergence rate [21]. 
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Table 2. Performance measures of FCM and modified FCM techniques [21] 

 
 

Histogram based thresholding methods provide effective segmentation for MRI images with distinct 

intensity distributions. Otsu's thresholding method automatically selects optimal threshold values by 

maximizing inter-class variance. Local thresholding techniques adapt threshold values based on local 

image characteristics, providing better results for images with varying illumination or contrast. Edge-

based segmentation methods identify tumor boundaries by detecting abrupt intensity changes. The Sobel 

operator, Canny detector, and Laplacian of Gaussian (LOG) operator are commonly employed for edge 

detection. Region-based methods, including region growing algorithms, segment images by grouping 

pixels with similar properties based on predefined criteria. 

2.10 Benchmark Datasets 

The BRATS dataset includes multimodal MRI sequences: T1-weighted, T1-weighted with contrast 

enhancement (T1CE), T2-weighted, and FLAIR images. Tumor regions are annotated into three 

categories: whole tumor (complete tumor extent), tumor core (enhancing tumor and necrosis), and 

enhancing tumor. The challenge evaluates algorithms using Dice Similarity Coefficient (DSC), Positive 

Predictive Value (PPV), and Sensitivity metrics. Other widely used datasets include the Figshare dataset 

containing T1- weighted contrast-enhanced images of meningioma, glioma, and pituitary tumors. The 

TCGA-LGG (The Cancer Genome Atlas-Lower Grade Glioma) and TCIA (The Cancer Imaging 

Archive) provide comprehensive genomic and imaging data .These standardized datasets enable fair 

comparison across different methodologies and facilitate reproducible research [22]. 

 

3. Methodology Analysis 

This methodology synthesis explains the key techniques used for brain tumor detection from MRI, 

including preprocessing, feature extraction, and classification models. It highlights the growing adoption 

of deep learning and hybrid approaches for improving accuracy and reliability. It also outlines the 

strengths and limitations of existing methods to guide future methodological improvements. 

3.1 Multimodal MRI Integration 

Multimodal MRI consistently outperforms single-sequence approaches. Different MRI sequences 

provide complementary information: T1-weighted images show anatomical structure, T1CE highlights 

vascular regions and blood-brain barrier disruption, T2-weighted images reveal edema and fluid content, 

and FLAIR suppresses cerebrospinal fluid signal to better visualize lesions [5].Integration strategies 

include early fusion (concatenating images as input channels), late fusion (combining features or 

predictions from separate pathways), and intermediate fusion (merging representations at intermediate 

network layers). Multi-stream architectures process each modality through separate pathways before 

fusion, enabling the network to learn modality-specific features before integration [8]. 
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3.2 Performance Comparison 

Traditional machine learning methods achieve 90-99% accuracy on smaller datasets but may face 

challenges generalizing to larger heterogeneous datasets. The constrained performance on diverse data 

reflects the limitation of handcrafted features to capture the full complexity of tumor appearances across 

different imaging protocols and patient populations [23]. 

3.3 Computational Efficiency 

Transfer learning reduces training time while maintaining accuracy, by leveraging pre-trained weights, 

transfer learning significantly decreases the computational resources required for training, making deep 

learning more accessible for medical imaging applications. Fine-tuning typically requires 2-5 times less 

training time compared to training from random initialization [10] [11].MobileNetV2 and other efficient 

architectures specifically designed for mobile and edge devices achieve competitive accuracy while 

significantly reducing computational requirements, these architectures employ depth wise separable 

convolutions and inverted residual structures to minimize operations while preserving model capacity, 

enabling deployment on smartphones and embedded devices [17]. 

Traditional methods offer faster inference with less computational resources, making them suitable for 

resource-constrained environments such as point-of-care settings or mobile devices. The reduced 

computational burden enables real-time processing without specialized hardware, facilitating broader 

clinical deployment [19]. 

3.4 Feature Extraction and Representation 

Feature extraction approaches fundamentally differ between traditional and deep learning methods. 

Traditional approaches rely on handcrafted features designed based on domain knowledge and 

mathematical principles. DWT captures multi-resolution frequency information, GLCM (Gray-Level 

Co-occurrence Matrix) encodes texture patterns, and shape descriptors characterize geometric properties 

[19]. 

 

4. Key Findings 

The literature on MRI-based brain tumor detection clearly shows a transition from traditional image-

processing and machine-learning techniques toward deep learning–driven approaches, with 

Convolutional Neural Networks (CNNs) and architectures such as ResNet50, VGG16, and U-Net 

consistently achieving superior performance. While early methods relied heavily on handcrafted features 

like texture, histogram analysis, and wavelet transforms, modern systems leverage automatic feature 

extraction, significantly improving classification accuracy, often reaching 95–99%. Hybrid models that 

combine deep learning with traditional techniques such as SVM, Random Forest, and feature extraction 

methods further enhance robustness and reliability. Despite high classification accuracy, tumor 

segmentation remains more challenging due to variability in tumor shape, size, and intensity, with 

performance typically lower for tumor core and enhancing regions. The integration of multimodal MRI 

data (T1, T2, FLAIR) has proven effective in improving detection and segmentation accuracy, while 

dimensionality reduction techniques like Principal Component Analysis help optimize computational 

efficiency and reduce overfitting. Transfer learning using pretrained models has emerged as a powerful 

strategy, enabling high accuracy even with limited datasets. However, the lack of large, diverse, and 

standardized datasets continues to hinder generalization, although benchmarks such as the BRATS 

dataset have significantly contributed to comparative evaluation and progress. Ensemble and multi-stage 

approaches further improve performance by combining strengths of multiple models, while emerging 
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trends such as attention mechanisms, Vision Transformers, Capsule Networks, and explainable AI aim 

to enhance interpretability and clinical applicability. Despite promising results, a gap still exists between 

research and real-world clinical deployment due to challenges in generalization, interpretability, and 

regulatory acceptance, indicating that future work must focus not only on improving accuracy but also 

on building reliable, scalable, and clinically viable diagnostic systems [1-30]. 

 

5. Challenges and Limitations 

Dataset limitations persist as a major challenge, with most publicly available datasets containing fewer 

than 500 cases. The limited size constrains the ability to train large models and validate performance 

across diverse patient populations. Data imbalance between tumor types and class imbalance within 

segmentation tasks (tumor regions typically occupy small fractions of images) further complicate model 

training [5]. 

Generalization across imaging protocols remains challenging. MRI acquisition parameters, scanner 

manufacturers, and field strengths vary across institutions, introducing appearance variations that models 

may not have encountered during training. Domain adaptation techniques and multi-center 

collaborations help address this limitation, but achieving robust generalization remains an active 

research area [13]. 

Interpretability barriers hinder clinical adoption Deep learning models function as black boxes, making it 

difficult for clinicians to understand why specific predictions were made. This lack of transparency 

raises concerns about reliability and makes it challenging to identify when models might fail. 

Explainable AI techniques including attention visualization, saliency maps, and gradient-based methods 

provide some insights, but comprehensive interpretability remains elusive. Computational requirements 

for training deep models demand specialized hardware [25].Manual annotations exhibit Dice scores of 

74-85% agreement between expert radiologists, introducing noise into training labels. This variability 

can limit achievable model performance and complicates the interpretation of evaluation metrics [18]. 

 

6. Clinical Translation 

Handling diverse imaging qualities presents practical challenges, Clinical MRI scans vary in resolution, 

signal-to-noise ratio, and artifact presence. Robust preprocessing pipelines and models trained on diverse 

data sources help ensure reliable performance across varying image qualities, but degraded images may 

still challenge even advanced algorithms. Regulatory approval demands prospective clinical trials 

demonstrating safety and efficacy. Algorithms must undergo rigorous validation on independent 

datasets, show consistent performance across institutions, and demonstrate clinical utility beyond 

technical accuracy metrics clinicians need intuitive visualization tools that present segmentation results 

alongside original images, enable interactive refinement, and generate structured reports for medical 

documentation [21]. 

 

7. Future Directions 

This section explains the potential advancements in brain tumor detection, focusing on emerging 

technologies such as deep learning optimization, Vision Transformers, and explainable AI. It highlights 

the need for larger, diverse datasets and improved model generalization for real-world clinical 

application. It also outlines opportunities for developing efficient, scalable, and interpretable systems to 

enhance diagnostic reliability and adoption. 
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7.1 Federated Learning 

Federated learning enables privacy-preserving multi-institutional collaboration. Models train locally at 

each institution without sharing patient data, with only model parameters aggregated centrally. This 

approach addresses data privacy regulations while enabling learning from diverse patient populations 

across multiple centers, potentially improving model generalization and robustness. Differential privacy 

techniques can further protect patient confidentiality by adding controlled noise to model updates. 

Secure aggregation protocols ensure that individual institution contributions remain confidential while 

still enabling effective collaborative learning. These privacy-preserving approaches may accelerate 

clinical adoption by addressing regulatory and ethical concerns around data sharing [22]. 

7.2 Self-Supervised and Semi-Supervised Learning 

Self-supervised techniques leverage unlabeled medical imaging data. Pretext tasks such as image 

rotation prediction, contrastive learning, and masked image modeling enable learning useful 

representations without manual annotations [23][24]. These representations can be fine-tuned with small 

labeled datasets, addressing the annotation bottleneck in medical imaging. Semi supervised learning 

combines labeled and unlabeled data to improve model performance. Techniques including pseudo-

labeling, consistency regularization, and co-training enable effective utilization of abundant unlabeled 

medical images alongside limited expert annotations. These approaches show particular promise for 

scaling to larger datasets while minimizing annotation burden [25] [26]. 

7.3 Multimodal Learning 

Future research should integrate multiple imaging modalities and clinical data Combining MRI with 

other imaging techniques such as CT, PET, or advanced MRI sequences (perfusion, diffusion, 

spectroscopy ) provides comprehensive tumor characterization. Integration of clinical data including 

patient demographics, symptoms, biomarkers, and genetic information could enable more accurate 

diagnosis and treatment planning. Cross-modal learning techniques enable knowledge transfer between 

different imaging modalities, potentially addressing missing modality scenarios. This capability proves 

valuable when certain sequences are unavailable or of poor quality, allowing models to leverage 

available information effectively while maintaining diagnostic accuracy [27]. 

7.4 Explainable AI and Interpretability 

Developing interpretable models remains crucial for clinical trust and adoption. Attention mechanisms 

visualize which image regions influence predictions, providing insights into model decision-making 

processes. Gradient-based methods including Grad CAM and integrated gradients highlight important 

features, while concept-based explanations relate predictions to human-understandable concepts. 

Uncertainty quantification techniques including Bayesian deep learning and ensemble methods provide 

confidence estimates alongside predictions. Knowing when models are uncertain enables appropriate 

human oversight, with uncertain cases flagged for expert review. This human-AI collaboration approach 

balances automation efficiency with diagnostic safety [28]. 

7.5 Real Time 3D Analysis 

Extending segmentation to 3D volumetric analysis provides comprehensive tumor characterization. 

While 2D slice-by-slice processing is common, 3D architectures better capture spatial context and tumor 

extent. Efficient 3D CNNs and sparse convolutional networks enable processing of full 3D volumes 

while managing computational requirements. Real-time processing capabilities would enable 

intraoperative guidance during surgical resection. Rapid segmentation updates as new imaging is 

acquired could help surgeons identify tumor margins and critical structures, potentially improving 
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surgical outcomes. Hardware acceleration using GPUs and specialized AI processors makes real-time 

3D analysis increasingly feasible [29]. 

7.6 Automated Report Generation 

Integrating detection and segmentation with automated report generation would streamline radiological 

workflows. Natural language generation models could produce structured reports describing tumor 

characteristics, dimensions, locations, and changes over time. Template-based approaches combined 

with AI-generated descriptions provide consistency while allowing customization for specific clinical 

contexts. Integration with treatment planning systems could enable direct translation of segmentation 

results into radiation therapy plans or surgical navigation systems. This seamless workflow integration 

would reduce manual data transfer, minimize errors, and accelerate treatment planning processes [30]. 

 

Conclusion 

Remarkable progress in brain tumor detection and classification, from traditional feature engineering 

approaches to sophisticated deep learning architectures. Traditional machine learning methods utilizing 

SVM, Random Forests, DWT, and PCA demonstrate effectiveness on smaller datasets with lower 

computational requirements, achieving accuracies of 90-99%. These approaches remain relevant for 

resource-constrained environments and provide interpretable feature representations. Deep learning 

methods, particularly DWTs and U-Net architectures, achieve superior performance on larger 

heterogeneous datasets, with Dice scores exceeding 0.80 and classification accuracies reaching 98-99%. 

Transfer learning and pre-trained models address limited dataset challenges effectively. Models pre-

trained on large-scale natural image datasets provide robust initialization for medical imaging tasks, 

significantly reducing data requirements and training time, Key challenges persist including dataset 

limitations, generalization across imaging protocols, computational requirements, and interpretability 

concerns. Most publicly available datasets contain fewer than 500 cases, limiting model training and 

validation. Variations in MRI acquisition parameters across institutions introduce appearance changes 

that challenge model generalization. Deep learning's black-box nature raises clinical acceptance 

concerns, highlighting the need for explainable AI techniques. Future research directions include 

multimodal learning integrating multiple imaging techniques with clinical data, self-supervised 

techniques leveraging unlabeled data, and federated learning enabling privacy-preserving multi-

institutional collaboration. Real-time 3D segmentation, automated report generation, and treatment 

planning integration present exciting opportunities for clinical impact. Explainable AI techniques will be 

crucial for building clinician trust and facilitating clinical adoption. 

As deep learning capabilities advance and data sets grow through collaborative efforts. The convergence 

of advanced algorithms, larger datasets, improved computational infrastructure, and clinical validation 

will enable widespread deployment of AI-assisted brain tumor detection and classification systems. 

Continued collaboration between computer scientists, radiologists, neurosurgeons, and oncologists 

remains essential to translate research advances into tangible clinical benefits that improve diagnosis, 

treatment planning, and ultimately patient survival and quality of life. 
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