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Abstract:

Brain tumors are among the most common and fatal types of cancer. Accurate and timely diagnosis of these tumors is
essential for disease management and successful patient prognosis. Additionally, the precise identification of the tumor
type is crucial in determining the treatment path. By recognizing the type of tumor, doctors can select the most
appropriate treatment method, which may include surgery, radiation therapy, chemotherapy, or a combination of these
methods. Furthermore, the tumor type helps predict disease progression and the quality of life post-treatment. In recent
years, deep learning has been a powerful tool for various image-processing tasks, including brain tumor detection. In
this paper, various deep learning models such as CNN, RNN, VGG16, InceptionV3, and ResNet101 are evaluated for
classifying brain tumor types from the Figshare dataset based on MRI images of glioma, meningioma, pituitary tumors,
and no tumor. Finally, a suitable deep model based on ResNet101 combined with transfer learning is proposed. Based
on various metrics and statistical tests, the findings indicate that deep learning models can be effectively used for brain
tumor detection. Among these, the ResNet101 model achieved an accuracy of 98.37% in classifying the four tumor
classes. This study demonstrates that deep learning holds significant potential for improving brain tumor detection
accuracy.
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1. Motivation of the work

Brain tumors are among the most severe and life-
threatening types of cancer, requiring accurate and early
detection to improve patient survival and treatment
outcomes. Traditional diagnostic approaches rely on
manual MRI analysis, which is time-intensive and
susceptible to human error. The rapid advancements in
deep learning have provided automated, highly accurate
solutions for medical image analysis, significantly
enhancing diagnostic precision. With the increasing
availability of medical imaging datasets, deep learning
techniques have emerged as transformative tools in
diagnosing and classifying brain tumors. Despite these
advancements, there remains a need to optimize model
performance and ensure generalizability across diverse
datasets. This study seeks to leverage state-of-the-art
deep learning architectures to enhance the accuracy and
efficiency of brain tumor classification, contributing to
improved medical decision-making and patient care.

2. Contributions

This research makes several significant contributions.
Firstly, it systematically evaluates multiple deep learning
architectures, including CNN, RNN, VGG16,
InceptionV3, and ResNetl01l, to determine their
effectiveness in brain tumor classification. Secondly, it
utilizes the Figshare dataset, which includes MRI images
of glioma, meningioma, pituitary tumors, and non-tumor
cases, ensuring comprehensive model training and
validation.  Thirdly, it introduces an enhanced
classification approach by integrating transfer learning
with  ResNetl01, demonstrating a  substantial
improvement in diagnostic accuracy. Finally, statistical
analysis and performance metrics are employed to
validate the effectiveness of the proposed model,
highlighting its superiority over conventional methods.
The insights derived from this study provide valuable
contributions to the field of medical imaging and Al-
driven diagnostics.

3. Procedures

The research follows a structured methodology to
achieve high-accuracy brain tumor classification.
Initially, dataset preprocessing is performed to enhance
image quality, normalize pixel values, and standardize
input dimensions. Various deep learning models,
including CNN, RNN, VGG16, InceptionV3, and
ResNet101, are trained and fine-tuned on the Figshare
dataset. Transfer learning is applied to ResNet101 to
facilitate feature extraction and improve generalization.
The models are evaluated using performance metrics
such as accuracy, precision, recall, and F1-score to assess
their classification capabilities. Additionally, statistical
significance tests are conducted to ensure the reliability
of the results. The proposed framework is designed to
optimize classification performance while ensuring
computational efficiency and robustness.
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4. Findings

The findings of this study highlight the effectiveness of
deep learning models in brain tumor detection. Among
the evaluated architectures, ResNet101 with transfer
learning achieves the highest classification accuracy of
98.37%, significantly outperforming other models. The
proposed approach demonstrates superior generalization
capabilities, making it a viable solution for real-world
medical diagnostics. The results emphasize the potential
of deep learning to reduce diagnostic errors, streamline
the classification process, and assist radiologists in
making more informed decisions. Furthermore, the study
underscores the importance of transfer learning in
leveraging pre-trained models for enhanced feature
extraction and classification accuracy. These findings
confirm that Al-driven methodologies can play a
transformative role in medical imaging and brain tumor
diagnostics.

5. Conclusion

This research illustrates the substantial advantages of
employing deep learning techniques, particularly transfer
learning with ResNet101, in brain tumor classification.
The high accuracy achieved underscores the feasibility of
integrating Al-based solutions into medical diagnostics,
paving the way for more reliable and efficient tumor
detection. The study provides evidence that deep learning
can enhance diagnostic accuracy, reduce human error,
and support clinical decision-making. Future research
may focus on further optimizing model performance,
incorporating larger datasets, and deploying Al-driven
systems in real-world clinical environments. These
advancements will contribute to the continuous evolution
of Al applications in healthcare, improving patient
outcomes and medical workflow efficiency.
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" Computed tomography

" Deep learning

¥ Convolutional neural network

® Visual Geometry Group
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¥ Vision Transformer

* Recurrent neural network
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'" Gray level co-occurrence matrix
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' Positive prediction rate
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