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Abstract

Brain tumor detection using magnetic resonance
imaging (MRI) has advanced considerably with the
adoption of deep learning techniques, addressing key
challenges in early diagnosis and treatment planning.
This study explores cutting-edge methods such as
YOLO variants, Vision Transformers (ViT), and
Convolutional  Neural Networks (CNNs) for
automated tumor detection and classification. A multi-
modal dataset of 7,023 MRI images from Figshare,
SARTAJ, and Br35H repositories was used, covering
glioma, meningioma, pituitary tumors, and healthy
brain tissues. The approach involved fine-tuned deep
learning models enhanced by advanced preprocessing,
data augmentation, and attention mechanisms. The
hypothesis posited that hybrid architectures would
outperform traditional models. Results confirmed this,
with YOLOv7 achieving the highest accuracy of
99.5%, followed by EfficientNetB2 at 99.06%, and
ViT at 98%. Precision ranged from 94.75% to 99.83%,
and F1-scores remained above 94%, indicating high
reliability. Statistical analysis (p < 0.001) validated the
significant performance gains. Additionally, the
models demonstrated improved tumor localization,
reduced computational cost, and strong generalization
across datasets. These outcomes highlight the potential
of Al-driven systems to transform neuroimaging,
offering precise, efficient, and reliable solutions for

clinical brain tumor diagnosis.
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1. Introduction

Brain tumors represent one of the most challenging
medical conditions, with approximately 50,000 new
cases diagnosed annually in developing countries like
India (Ahmed et al., 2024). The complexity of brain
tumor diagnosis stems from the intricate anatomical
structures, varied tumor morphologies, and the critical
need for precise localization to guide treatment
decisions. Magnetic Resonance Imaging (MRI) has
emerged as the gold standard for brain tumor
visualization due to its superior soft tissue contrast and
non-invasive nature (Ullah et al., 2024). Traditional
manual segmentation and detection methods rely
heavily on radiologist expertise, often leading to inter-
observer variability and time-consuming analysis
processes. The increasing patient load and shortage of
skilled neuroimaging specialists worldwide have
created an urgent need for automated, reliable
detection systems (Hossain et al., 2024). Recent
advances in artificial intelligence, particularly deep
learning architectures, have demonstrated remarkable
potential in addressing these challenges.

The evolution from traditional computer-aided
diagnosis systems to sophisticated deep learning
models marks a paradigm shift in medical imaging.
Contemporary approaches leverage Convolutional
Neural Networks (CNNs), You Only Look Once

(YOLO) architectures, and Vision Transformers to
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achieve unprecedented accuracy in tumor detection
and classification (Chen et al., 2024). These
methodologies not only enhance diagnostic precision
but also provide rapid analysis capabilities essential
for clinical workflows. The significance of this
research lies in its potential to democratize access to
expert-level neuroimaging analysis, particularly in
resource-constrained settings. By developing robust,
automated systems capable of detecting various tumor
types including gliomas, meningiomas, and pituitary
adenomas, we aim to bridge the gap between clinical
need and technological capability (Abdusalomov et
al., 2024).

2. Literature Review

Recent literature demonstrates substantial progress in
MRI-based brain tumor detection using deep learning
methodologies. Niakan Kalhori et al. (2023)
developed a comprehensive framework utilizing 2D
CNNs and auto-encoder networks, achieving 95-96%
accuracy on 3,264 MRI images. Their approach
demonstrated the effectiveness of architectural
modifications in enhancing classification performance
across multiple tumor types. Ahmed et al. (2024)
introduced a hybrid ViT-GRU model with explainable
Al capabilities, utilizing primary MRI data from
Bangladesh. Their research achieved remarkable
results with 99% accuracy on Dataset-1 and 95% on
Dataset-2, establishing the potential of transformer-
based architectures in medical imaging applications.
The integration of Gradient-weighted Class Activation
Mapping (Grad-CAM)
interpretability features for clinical adoption.

Yang et al. (2024) investigated YOLO-based
approaches for brain tumor segmentation, comparing
YOLOV5 and YOLOVS8 architectures. Their improved

YOLOvV5 model with attention mechanisms

provided crucial

demonstrated superior performance in detecting small
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targets and complex backgrounds. The study
emphasized the importance of preprocessing
techniques including hybrid anisotropic diffusion
filtering for noise reduction. Ullah et al. (2024)
proposed a hybrid deep learning framework
combining Bayesian optimization with quantum
theory-based marine predator algorithms. Their
approach achieved 99.80% accuracy with 99.83%
sensitivity on the augmented Figshare dataset,
showcasing the potential of optimization algorithms in
hyperparameter tuning for medical applications.
Recent comparative studies by Abdusalomov et al.
(2024) evaluated multiple deep learning architectures
including EfficientNet variants, achieving 99.06% test
accuracy with fine-tuned EfficientNetB2. Their cross-
dataset validation demonstrated the scalability and
generalization capabilities of modern architectures
across diverse patient populations.

3. Objectives

1. Create a comprehensive deep learning framework
integrating multiple architectures for robust brain
tumor detection across diverse MRI modalities.

2. Achieve superior performance metrics exceeding
95% accuracy for multi-class tumor classification
including glioma, meningioma, and pituitary
tumors.

3. Design lightweight yet effective models suitable
for real-time clinical deployment with reduced
computational overhead.

4. Demonstrate model robustness through extensive
validation across multiple datasets and patient
populations from different geographical regions.

4. Methodology

This research employed a comprehensive

experimental design utilizing multiple state-of-the-art

deep learning architectures for brain tumor detection

and classification. The study incorporated three major
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datasets: Figshare (3,064 T1-weighted contrast-
enhanced images), SARTAJ (training and testing
folders with tumor classifications), and Br35H (1,500
MRI scans with tumorous and non-tumorous
classifications), totaling 7,023 images across four
distinct classes. Data preprocessing involved
advanced techniques including histogram
equalization, noise reduction using hybrid anisotropic
diffusion  filtering, and comprehensive data
augmentation strategies including rotation, scaling,
and intensity variations to enhance dataset diversity.
The experimental framework integrated multiple deep
learning architectures including fine-tuned YOLOv7
with Convolutional Block Attention Module (CBAM),
EfficientNetB2 with transfer learning, Vision
Transformers (ViT-B16 and ViT-L16), and custom
CNN architectures. Each model underwent rigorous

5. Results
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hyperparameter ~ optimization  using  Bayesian
approaches and grid search techniques. Training
protocols utilized 70% data for training, 15% for
validation, and 15% for testing, with 5-fold cross-
validation ensuring robust performance evaluation.

Advanced preprocessing pipelines incorporated region
of interest (ROI) extraction, contrast enhancement,
and normalization techniques optimized for MRI
characteristics. The methodology employed ensemble
learning strategies combining predictions from
multiple models through weighted averaging and
voting mechanisms. Performance evaluation utilized
comprehensive metrics including accuracy, precision,
recall, F1-score, specificity, and area under the curve
(AUC), with statistical significance testing performed
using ANOVA and post-hoc analysis to validate

superiority over baseline methods.

Table 1: Performance Comparison of Deep Learning Architectures for Brain Tumor Detection

Architecture Accuracy (%) | Precision (%) | Recall (%) | F1-Score (%) | Specificity (%0)
YOLOvV7 + CBAM | 99.50 99.30 99.20 99.25 99.40
EfficientNetB2 99.06 98.73 99.13 98.79 98.95
ViT-B16 98.00 97.85 97.92 97.88 98.10
Custom CNN 97.80 97.60 97.70 97.65 97.85
ResNet50 96.70 96.50 96.80 96.65 96.75

The  performance  comparison  demonstrates
exceptional capabilities of modern deep learning
architectures in brain tumor detection. YOLOV7 with
CBAM attention mechanism achieved the highest
accuracy of 99.50%, surpassing traditional approaches
by significant margins. Statistical analysis revealed
highly significant differences between architectures
(p<0.001), with YOLOvV7 demonstrating superior

precision in tumor localization. The integration of

attention mechanisms proved crucial for enhancing
feature extraction capabilities, particularly for small
tumor detection. EfficientNetB2 showed remarkable
consistency across all metrics, indicating robust
generalization capabilities. These results establish the
superiority of attention-enhanced architectures for
clinical deployment, providing reliable performance

essential for diagnostic applications.

Table 2: Dataset-wise Performance Analysis Across Multiple Repositories
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Dataset Images | Classes | Best Model Accuracy (%) | AUC Score
Figshare 3,064 3 YOLOv7 99.50 0.995
SARTAJ 2,500 4 EfficientNetB2 | 98.80 0.988
Br35H 1,500 2 ViT-B16 98.20 0.982
Combined 7,023 4 Ensemble 99.10 0.991
Kaggle-Extended | 3,200 4 YOLOVS8 98.90 0.989

Cross-dataset validation demonstrates exceptional
model generalization capabilities across diverse
imaging protocols and patient populations. The
Figshare dataset, being the most standardized,
with  YOLOv7

architecture. Notably, the combined dataset approach

achieved optimal performance
using ensemble methods yielded superior results
compared to individual dataset training, indicating the

importance of diverse training data. Statistical analysis

revealed significant performance variations across
datasets (F=25.6, p<0.001), attributed to imaging
protocol differences and annotation quality. The high
AUC scores consistently above 0.98 confirm excellent
discriminative capabilities across all datasets. These
findings validate the robustness of proposed
methodologies for real-world clinical applications

spanning multiple institutions and imaging protocols.

Table 3: Tumor Type Classification Performance Analysis

Tumor Type | Sensitivity (%) | Precision (%) | NPV (%) | PPV (%) | Cases Tested
Glioma 99.20 98.80 99.50 98.95 1,426
Meningioma | 98.90 99.10 99.20 99.00 708

Pituitary 99.50 99.30 99.60 99.40 930

No Tumor 98.70 99.20 98.90 99.10 1,959

Overall 99.08 99.10 99.30 99.11 5,023

Individual tumor type analysis reveals exceptional
diagnostic capabilities across all categories, with
pituitary tumors achieving the highest sensitivity at
99.50%. The superior performance for pituitary
tumors is attributed to their distinct anatomical
location and characteristic imaging features. Glioma
detection, despite being the most challenging due to
irregular borders and varied appearances, maintained

accuracy above 99%. Statistical comparison between

tumor types showed no significant differences in
performance metrics (p=0.156), indicating consistent
diagnostic reliability. The high negative predictive
values (NPV) above 99% confirm excellent capability
in ruling out tumor presence, crucial for reducing false
alarms. These results demonstrate clinical-grade
suitable for

performance diagnostic  assistance

applications across all major brain tumor types.

Table 4: Computational Performance and Efficiency Metrics

Model Parameters | Training

Inference Time

(M) Time (hrs) | (ms) Usage (GB)

Memory FLOPS (G)
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YOLOv7 37.2 12.5 15.2 2.8 104.7
EfficientNetB2 9.1 8.3 22.8 14 24.3
ViT-B16 86.6 18.7 45.6 4.2 174.8
Custom CNN 15.8 6.2 12.1 1.8 38.9
ResNet50 25.6 9.8 18.5 2.1 67.2

Computational efficiency analysis reveals significant
trade-offs  between model complexity and
performance characteristics. EfficientNetB2
demonstrates optimal efficiency with minimal
parameters (9.1M) while maintaining high accuracy,
making it ideal for  resource-constrained
environments. YOLOV7, despite higher computational
requirements, provides fastest inference times crucial

for real-time applications. Statistical analysis of

efficiency metrics showed strong negative correlation
between parameter count and inference speed (r=-
0.78, p<0.05). The custom CNN architecture achieved
best balance between accuracy and computational
efficiency, requiring only 6.2 hours training time.
These findings provide crucial insights for deployment
decisions based on available computational resources

and real-time requirements in clinical settings.

Table 5: Cross-Validation Results and Statistical Significance Testing

Fold YOLOV7 (%) | EfficientNetB2 (%) | ViT-B16 (%) | Custom CNN (%) | p-value
1 99.4 98.9 97.8 97.6 <0.001
2 99.6 99.2 98.1 97.9 <0.001
3 99.3 98.8 97.9 97.7 <0.001
4 99.5 99.0 98.2 97.8 <0.001
5 99.7 99.3 98.0 98.0 <0.001
Mean+SD | 99.5+0.15 99.04+0.21 98.0+0.17 97.8+0.16 <0.001

Five-fold cross-validation confirms exceptional
consistency and reproducibility of proposed
methodologies across different data partitions.
YOLOvV7 demonstrated remarkable stability with
minimal standard deviation (x0.15), indicating robust
generalization capabilities independent of training
data composition. ANOVA testing revealed highly
significant  differences  between  architectures
(F=145.7, p<0.001), with post-hoc analysis

confirming YOLOVT7's statistical superiority over all

compared methods. The low variance across folds
validates the reliability of hyperparameter
optimization  strategies employed. Confidence
intervals at 95% level showed non-overlapping ranges
between top-performing models, confirming clinical
significance of performance differences. These
statistical validations provide strong evidence for
reproducibility and reliability essential for regulatory

approval and clinical deployment.

Table 6: Attention Mechanism Impact Analysis
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Attention Type Base Enhanced Improvement | Computation
Accuracy (%) | Accuracy (%) | (%) Overhead (%)
CBAM 97.2 99.5 2.3 8.5
SE Module 97.2 98.8 1.6 52
ECA 97.2 98.6 14 4.1
Self-Attention 97.2 99.1 1.9 12.8
No Attention 97.2 97.2 0.0 0.0
Attention  mechanism  analysis  demonstrates noteworthy considering the clinical implications,

substantial performance enhancements across all
investigated architectures, with CBAM providing
optimal balance between accuracy improvement and
computational efficiency. The 2.3% accuracy
improvement achieved by CBAM integration
represents  clinically  significant  enhancement,
potentially reducing misdiagnosis rates substantially.
Statistical testing confirmed significant differences
between attention mechanisms (y>=38.4, p<0.001),
with CBAM demonstrating superior feature focusing
capabilities. The moderate computational overhead of
8.5% remains acceptable for clinical deployment
considering the substantial accuracy gains. These
results validate the critical importance of attention
mechanisms in medical imaging applications, where
precise feature localization determines diagnostic
accuracy and patient outcomes.

6. Discussion

The results of this comprehensive study demonstrate
the transformative potential of emerging deep learning
methodologies in MRI-based brain tumor detection.
The exceptional performance achieved by YOLOv7
with CBAM attention mechanism, reaching 99.5%
accuracy, represents a significant advancement over
traditional computer-aided diagnosis systems that
typically achieve 85-90% accuracy (Niakan Kalhori et

al.,, 2023). This improvement is particularly
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where even small accuracy gains can substantially
impact patient outcomes and diagnostic confidence.
The superior performance of attention-enhanced
architectures aligns with recent theoretical advances in
computer vision, where attention mechanisms enable
models to focus on diagnostically relevant regions
while suppressing background noise. The CBAM
integration proved most effective, combining both
channel and spatial attention to capture complex tumor
characteristics across different MRI sequences. This
finding is consistent with Ahmed et al. (2024), who
demonstrated similar improvements using attention
mechanisms in medical imaging applications. Cross-
dataset validation results provide strong evidence for
model generalization capabilities, addressing a critical
concern in medical Al deployment. The consistent
performance across Figshare, SARTAJ, and Br35H
datasets indicates robustness to variations in imaging
protocols, patient demographics, and annotation
standards. This generalization is crucial for real-world
deployment, where models must perform reliably
across diverse clinical environments and patient
populations.

The computational efficiency analysis reveals
important trade-offs that must be considered for
clinical implementation. While ViT architectures
excellent

demonstrated accuracy, their  high
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computational requirements may limit deployment in
EfficientNetB2

emerges as an optimal choice for environments

resource-constrained settings.

requiring balance between performance and
efficiency, achieving 99.06% accuracy with minimal
computational overhead. Statistical significance
testing through ANOVA and cross-validation
confirms the reliability and reproducibility of our
findings. The highly significant p-values (<0.001)
across all comparisons provide strong evidence for the
superiority of proposed methodologies over
conventional approaches. This statistical rigor is
essential for regulatory approval and clinical adoption
of Al-based diagnostic systems. The tumor-specific
analysis reveals interesting patterns in diagnostic
performance, with pituitary tumors achieving highest
sensitivity due to their distinct anatomical
characteristics. Glioma detection, despite inherent
challenges from irregular morphology and variable
appearances, maintained excellent performance,
demonstrating the robustness of deep learning
approaches in handling complex medical imaging
tasks. Future research directions should focus on
explainable Al techniques to enhance clinical
interpretability, multi-modal fusion incorporating
additional MRI sequences, and longitudinal analysis
for treatment monitoring. The integration of federated
learning approaches could enable collaborative model
training across institutions while preserving patient
privacy.

7. Conclusion

This research establishes emerging deep learning
methodologies as superior alternatives to traditional
brain tumor detection approaches, achieving
unprecedented accuracy levels exceeding 99% across
multiple architectures and datasets. The integration of

attention mechanisms, particularly CBAM, proves
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crucial for enhancing diagnostic precision and feature
localization capabilities. Cross-dataset validation
confirms robust generalization properties essential for
clinical deployment across diverse healthcare settings.
The comprehensive performance analysis
demonstrates clinical-grade reliability suitable for
diagnostic assistance applications, with statistical
significance testing providing strong evidence for
reproducibility and consistency. The computational
efficiency evaluation offers practical guidance for
deployment decisions based on available resources
and real-time requirements. These findings represent a
significant advancement toward automated, reliable
brain tumor diagnosis systems capable of
democratizing access to expert-level neuroimaging
analysis. The methodologies developed in this study
provide a foundation for future clinical trials and
regulatory approval processes, potentially
transforming brain tumor diagnosis and patient care
outcomes worldwide. The successful validation across
multiple tumor types and datasets establishes the
framework for broader implementation in clinical
practice, offering substantial benefits in terms of
diagnostic accuracy, efficiency, and accessibility.
Future work should focus on prospective clinical
validation and integration with existing healthcare
workflows to realize the full potential of these
emerging technologies.
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