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Abstract: Automated detection and localization of brain tumors in MRI scans are essential tasks in clinical practice, facilitating
early diagnosis and treatment planning. Recent advancements in deep learning techniques have led to the development of efficient
and accurate models for this purpose. You Only Look Once (YOLO) models have shown promising results in detecting brain tumors
with high precision and recall. This abstract presents a summary of recent research efforts utilizing YOLO-based models for brain
tumor detection and localization. These studies leverage transfer learning, fine-tuning approaches, and innovative architectural
designs to train models on annotated MRI datasets. Experimental analyses demonstrate the robust performance of these models,
achieving notable metrics such as precision, recall, and mean average precision (mAP). Furthermore, computational analyses
indicate the efficient resource utilization of these models, making them suitable for deployment across diverse computing platforms.
Despite architectural complexities, these models exhibit stable convergence during training, highlighting their reliability and
effectiveness in medical applications. Overall, the findings underscore the potential of YOLO-based models as robust and efficient
tools for automated brain tumor detection, paving the way for improved diagnostic accuracy and clinical decision-making in
neuroimaging.

Index Terms - Brain Tumor, MRI, YOLO.

l. INTRODUCTION

Brain tumors, ranging from noncancerous to malignant growths, affect millions globally, with primary and secondary tumors
posing distinct challenges. Meningiomas and glioblastomas dominate diagnoses, with survival rates varying by tumor type. Pediatric
cases, comprising 3.9% of diagnoses, underscore the severity in younger populations. Adults over 40 face higher incidence rates,
with varying survival outcomes. Race, ethnicity, and gender also influence incidence and survival rates. Brain tumors disrupt vital
functions, emphasizing the need for accurate detection. Artificial intelligence, particularly YOLO object detection, shows promise in
MRI-based tumor identification, offering efficiency and accuracy in diagnosis.

Brain tumors, categorized as benign or malignant, are a significant healthcare challenge globally, affecting millions annually.
Manual interpretation of MRI scans, the traditional diagnostic method, is time-consuming and error-prone. Recent advancements in
deep learning, notably YOLO models, offer promising solutions for automating brain tumor detection and localization. Leveraging
transfer learning and fine-tuning, researchers have developed YOLO-based models capable of accurately identifying and delineating
tumors with high precision and recall. This review paper provides a comprehensive overview of recent research utilizing YOLO
models for MRI brain tumor detection. Summarizing methodologies, performance metrics, and findings, it highlights the potential of
YOLO models as efficient tools for automated diagnosis. Addressing research gaps, the paper suggests avenues for future studies to
enhance clinical adoption of YOLO-based models in neuroimaging, thereby improving patient outcomes and treatment planning
efficiency.

Il. LITERATURE REVIEW
a. A Computer-Aided Diagnosis of Brain Tumors Using a Fine-Tuned YOLO-based Model with Transfer Learning.

The research conducted by Francis Jesmar P. Montalbo from the College of Informatics and Computing Sciences at
Batangas State University presents a novel approach for MRI brain tumor detection. Leveraging the YOLOv4-Tiny
architecture, the model is pretrained on the COCO dataset and fine-tuned using labelled MRI brain tumor data. Montalbo's
dataset comprises 708 meningioma, 1426 glioma, and 930 pituitary tumor samples, each standardized to 512x512 dimensions
and including coronal, axial, and sagittal views. The YOLOv4-Tiny model, equipped with 18 Convolution layers, 9 routes, 3

IJCRT2405882 ] International Journal of Creative Research Thoughts (IJCRT)www.ijcrt.org | i98


http://www.ijcrt.org/

www.ijcrt.org © 2024 1JCRT | Volume 12, Issue 5 May 2024 | ISSN: 2320-2882

Max-Pooling layers, and a YOLOV3 detector, interprets images through logical grids, generating probability scores, and
bounding boxes.

Transfer learning and fine-tuning techniques are employed to optimize model performance, with hyperparameters adjusted
for efficient training. The convergence analysis demonstrates minimal loss during training, indicating precise validation and
gradual learning without overfitting. Despite variations in input dimensions, all models exhibit stable convergence.

Evaluation metrics, including Average Precision (AP) and Intersection over Union (loU), highlight the 416x416 variant as
the most precise overall, followed by 320x320 and 608x608. Notably, the 416x416 variant excels in detecting meningioma
tumors. Comparisons with existing methods underscore the superiority of YOLOv4-Tiny, achieving the highest mAP of
93.14%.

Additionally, computational analysis reveals the efficient resource utilization of YOLOv4-Tiny, making it suitable for
deployment across diverse computing platforms. These findings emphasize YOLOv4-Tiny's potential as a robust and efficient
tool for MRI brain tumor detection, surpassing existing methods in accuracy and computational efficiency. Metrics like F1-
Score provide insight into the model's effectiveness and reliability in medical applications, crucial for accurate diagnosis and
treatment planning.

b. Diagnosis of Brain Tumor Using Light Weight Deep Learning Model with Fine-Tuning Approach.

The study, conducted by Shelatkar, T.; Urvashi, Dr.; Shorfuzzaman, M.; Alsufyani, A.; and Lakshmanna, K., presents a
comprehensive methodology for brain tumor detection utilizing the YOLOvV5 model, trained and fine-tuned with the BRATS
2020 dataset. This dataset, sourced from the RSNA-MICCAI brain tumor radiogenic classification competition on Kaggle,
comprises MRI images categorized into T1, T2, and FLAIR scans, each with dimensions of 240x240 pixels. The dataset
includes annotations for glioma tumors, crucial for model training. YOLOV5, a state-of-the-art object detection model, is
chosen for its precision in tumor localization and high-speed detection accuracy. The model architecture consists of a
backbone, neck, and prediction layers, with the backbone utilizing the Bottleneck Cross Stage Partial Darknet (BCSPD) and
Spatial Pyramid Pooling (SPP) modules for feature extraction. Additionally, a Path Aggregation Network (PANet) is
integrated into the neck area to enhance information flow and positional characteristics. The prediction layer generates
multiscale predictions for tumor detection.

Transfer learning is employed by initializing the model with pre-trained weights from the COCO dataset, followed by fine-
tuning on the BRATS dataset to adapt to brain tumor detection. The YOLOvV5 model is trained using the Google Colab
environment, leveraging its GPU support for faster processing. Various YOLOV5 variants (YOLOv5s, YOLOv5m, and
YOLOVSI) are evaluated, with YOLOV5I exhibiting superior performance in terms of benign and malignant tumor
classification and prediction, as indicated by precision and recall metrics. The model's performance is further analyzed based
on mean Average Precision (mAP), with YOLOV5x variant achieving the highest mAP of 91.2%.

Comparative analysis with other detection algorithms, such as Faster R-CNN and YOLOv4, highlights the efficiency of
YOLOV5 in terms of accuracy and model size. Despite its smaller architecture, YOLOV5 outperforms other models in accuracy
and speed, making it a promising tool for brain tumor detection. Experimental results demonstrate the model's ability to
accurately detect tumors across different input images, underscoring its potential for clinical applications.

c. Brain Tumor Detection Based on Deep Learning Approaches and Magnetic Resonance Imaging.

Abdusalomov, Mukhiddinov, and Whangbo proposed a brain tumor detection system leveraging YOLOvV7, an advanced
real-time object detection model renowned for its effectiveness. YOLOV7 incorporates features like the Darknet-53 backbone,
PANet module, and Spatial Pyramid Pooling layer, enhancing its ability to handle scale variations and capture complex
contextual information. However, fine-tuning YOLOV7 was necessary for optimal performance in tumor detection due to the
uniqueness of MRI images.

The dataset comprised MRI images from various tumor categories, carefully labeled to ensure precision. Data
augmentation techniques increased the diversity of the training set, resulting in 51,448 images for model training.
Preprocessing involved techniques like grayscale conversion, resizing, noise reduction, and morphological operations to
prepare images for input into neural network models.

The network architecture includes a backbone network for feature extraction and a head network for object detection.
Attention mechanisms like CBAM and SPPF+ were incorporated to improve feature extraction and fusion, enhancing the
model's focus on relevant information in MRI images. The BiFPN module optimized multiscale feature fusion, while the
decoupled head architecture in YOLOX improved detection accuracy.

Evaluation metrics like precision, recall, sensitivity, specificity, accuracy, and F1-score were used to assess performance.
The model correctly identified 497 out of 500 MRI images as brain tumors, with 99.5% precision and 99.3% recall,
outperforming other CNN architectures. Qualitative evaluation demonstrated consistency across scenarios, and ablation
studies validated the effectiveness of attention mechanisms and additional modules.

In summary, the proposed model offers a promising approach to brain tumor detection, leveraging deep learning techniques
and fine-tuned YOLOV?7 architecture. Its high accuracy and reliability hold potential for improving diagnosis and localization
in clinical practice, ultimately enhancing patient care.
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d. Object Detection for Brain Cancer Detection and Localization.

The proposed method described in the paper authored by Mercaldo, F.; Brunese, L.; Martinelli, F.; Santone, A.; and
Cesarelli, M. aims to automate the detection and localization of brain cancer through the analysis of MRI scans. The method
utilizes deep learning techniques, specifically employing the YOLOV8s model, which has been tailored for object detection
tasks. The workflow begins with the acquisition of a high-quality dataset comprising brain MRIs with precise annotations
indicating cancer localization. Data augmentation techniques are then applied to expand the dataset, followed by preprocessing
to ensure uniform image dimensions. The YOLOv8s model is trained using this augmented dataset, leveraging its efficiency
and ability to handle diverse object shapes and sizes.

Experimental analysis conducted on a dataset of 300 brain MRIs demonstrates the effectiveness of the proposed method.
Precision and recall metrics achieved notable values, indicating the model's capability to accurately detect and localize brain
cancer. The mean average precision (mAP) values, particularly for IOU thresholds of 0.5 and 0.5:0.95, further validate the
model's performance. The precision-recall graph illustrates the balance between accuracy and completeness achieved by the
model, with a decreasing trend expected due to the inherent trade-off between these metrics.

Additionally, the normalized confusion matrix confirms the model's proficiency in distinguishing between tumor and
healthy brain tissue. Prediction examples showcase the model's ability to accurately identify cancerous regions within MRI
scans, with bounding boxes automatically added to highlight these areas.

Overall, the proposed method offers a promising approach for automating brain cancer detection and localization in MRI
scans. By leveraging deep learning techniques and the YOLOv8s model, the method demonstrates high precision, recall, and
mAP values, indicating its potential for improving diagnostic accuracy and efficiency in clinical settings.

Table 1. Performance Metrics of YOLO-based Models for MRI Brain Tumor Detection

dataset to detect brain tumors from MRI
scans. Achieved highest mAP of 93.14%,
precision of 90.34%, recall of 88.58%, and
F1-Score of 89.45%.

e Recall: 88.58%
e F1-Score: 89.45%

Authors Methodology Performance Citation
Montalbo, Transfer learning and fine-tuning YOLOv4- | ¢ mAP: 93.14% Montalbo, F.J.P. "A Computer-
F.J.P. Tiny with pre-trained weights from COCO | ¢ Pprecision:90.34% Aided Diagnosis of Brain

Tumors Using a Fine-Tuned
YOLO-based Model with
Transfer Learning."

Shelatkar, T. et
al.

Utilized YOLOVS variants with transfer
learning on Brats 2021 dataset for brain
tumor  detection. Achieved precision
ranging from 82.9% to 89.1% and mAP
ranging from 87% to 91.2%.

YOLOVS5s:

e Precision: 82.9%
o mAP: 87%

YOLOVSn:

e Precision: 81.5%
e mMAP: 85.2%

YOLOvSm:

e Precision: 85.2%
e mMAP: 89%

YOLOVSI:

e Precision: 88.2%
e mAP:90.2%

YOLOv5x:

e Precision: 89.1%
e mMAP:91.2%

Shelatkar, T. et al. "Diagnosis
of Brain Tumor Using Light
Weight Deep. Learning Model
with Fine-Tuning Approach.”

Abdusalomov, | Developed YOLOv7 model with data | e Precision: 99.5% Abdusalomov, AB.;
AB.etal augmentation and attention mechanisms for | ¢ Recall: 99.3% Mukhiddinov, M.; Whangbo,
accurate detection of brain tumors. | o Specificity: 99.4% T.K. "Brain Tumor Detection
Achieved precision of 99.5%, recall of | | F1-Score: 99.4% Based on Deep Learning
99.3%, specificity of 99.4%, and F1-Score Approaches and Magnetic
0f 99.4%. Resonance Imaging."
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Mercaldo, F. et | Utilized YOLOv8 model for automated | e Precision: 94.3% Mercaldo, F. et al. "Object
al. brain cancer detection and localization from | ¢ Recall: 93.2% Detection for Brain Cancer
MRI analysis. Achieved precision of | o Specificity: 93.8% Detection and Localization."

94.3%, recall of 93.2%, specificity of
93.8%, mAP 0.5 of 94.1%, and
mAP_0.5:0.95 of 42.1%.

e mAP_0.5:94.1%
e mAP_0.5:0.95:
42.1%

I11. RESEARCH GAP

While the research on utilizing YOLO-based models for MRI brain tumor detection has shown promising results, several gaps
remain to be addressed. One significant research gap lies in the generalization and robustness of these models across diverse datasets
and clinical settings. Despite achieving high performance on specific datasets, the ability of these models to adapt to variations in
imaging protocols, patient demographics, and tumor characteristics remains an area for further investigation.

Moreover, there is a need for comprehensive comparative analyses to evaluate the effectiveness of different YOLO variants and
architectures in terms of accuracy, computational efficiency, and model size. Understanding the trade-offs between model
complexity and performance can guide the selection of appropriate models for specific clinical applications.

Additionally, research efforts should focus on improving the interpretability of YOLO-based models to facilitate clinical
validation and regulatory approval. Explainable Al techniques, such as attention mechanisms and feature visualization methods,
can enhance the transparency and trustworthiness of these models in medical decision-making processes.

Furthermore, integration studies are needed to assess the impact of deploying YOLO-based models in real-world clinical
settings, including workflow integration, user experience, and patient outcomes. Collaborative efforts between clinicians,
researchers, and industry partners are essential to address these research gaps and accelerate the translation of YOLO-based models
into clinical practice for improved patient care.

1VV. CONCLUSION

The advancement of deep learning techniques, particularly with the utilization of various YOLO models such as YOLOv4-Tiny,
YOLOV5, YOLOv7, and YOLOVSs, has significantly contributed to the automation of brain tumor detection and localization in
MRI scans. These models, pretrained on diverse datasets and fine-tuned with labelled brain tumor data, exhibit promising
performance in accurately identifying and delineating cancerous regions within MRI images. Experimental analyses demonstrate
high precision, recall, and mean average precision (mAP) values, indicating the potential for improving diagnostic accuracy and
efficiency in clinical settings.

Furthermore, computational analyses reveal the efficient resource utilization of these models, making them suitable for
deployment across diverse computing platforms. Their ability to handle scale variations, capture complex contextual information,
and efficiently process input images underscores their effectiveness in medical applications. Despite variations in input dimensions
and architectural complexities, these models consistently demonstrate stable convergence during training, with minimal loss and
without overfitting.

Overall, the findings highlight the potential of YOLO-based models as robust and efficient tools for MRI brain tumor detection,
surpassing existing methods in accuracy, computational efficiency, and speed. Further research efforts should focus on addressing
specific challenges, such as improving model generalization across different datasets, enhancing interpretability, and integrating
these models into clinical workflows to facilitate seamless adoption and validation.

REFERENCES

[1] Brain tumor - Symptoms and causes - Mayo Clinic. (2023, April 21). Mayo Clinic. https://www.mayoclinic.org/diseases-
conditions/brain-tumor/symptoms-causes/syc-20350084

[2] Brain Tumor Facts - National Brain Tumor Society. (2024, February 20). National Brain Tumor Society.
https://braintumor.org/brain-tumors/about-brain-tumors/brain-tumor-facts/

[3] Montalbo, F.J.P. "A Computer-Aided Diagnosis of Brain Tumors Using a Fine-Tuned YOLO-based Model with Transfer
Learning." College of Informatics and Computing Sciences, Batangas State University, Batangas City, Batangas 4200,
Philippines. [E-mail: francismontalbo@ieee.org] *Corresponding author: Francis Jesmar P. Montalbo. Received August 5,
2020; revised November 4, 2020; accepted November 23, 2020; published December 31, 2020.

[4] Shelatkar, T., Urvashi, Dr., Shorfuzzaman, M., Alsufyani, A., & Lakshmanna, K. (2022). Diagnosis of Brain Tumor Using Light
Weight Deep Learning Model with Fine-Tuning Approach. Computational and Mathematical Methods in Medicine, 2022,
2858845. https://doi.org/10.1155/2022/2858845

[5] Abdusalomov, A.B.; Mukhiddinov, M.; Whangbo, T.K. Brain Tumor Detection Based on Deep Learning Approaches and
Magnetic Resonance Imaging. Cancers 2023, 15, 4172. https:// doi.org/10.3390/cancers15164172

[6] Mercaldo, F.; Brunese, L.; Martinelli, F.; Santone, A.; Cesarelli, M. Object Detection for Brain Cancer Detection and
Localization. Appl. Sci. 2023, 13, 9158. https://doi.org/ 10.3390/app13169158

[7] U. (2024, January 7). YOLOvA4. Ultralytics YOLOV8 Docs. https://docs.ultralytics.com/models/yolov4/

[8] U. (2024, May 8). YOLOVS5. Ultralytics YOLOV8 Docs. https://docs.ultralytics.com/models/yolov5/

[9] U. (2024, January 7). YOLOv7. Ultralytics YOLOVS8 Docs. https://docs.ultralytics.com/models/yolov7/

[10] U. (2024, May 8). YOLOV8. Ultralytics YOLOV8 Docs. https://docs.ultralytics.com/models/yolov8/

[IJCRT2405882 ] International Journal of Creative Research Thoughts (IJCRT)www.ijcrt.org | i101


http://www.ijcrt.org/
https://braintumor.org/brain-tumors/about-brain-tumors/brain-tumor-facts/
https://doi.org/10.1155/2022/2858845
https://docs.ultralytics.com/models/yolov4/
https://docs.ultralytics.com/models/yolov5/
https://docs.ultralytics.com/models/yolov7/
https://docs.ultralytics.com/models/yolov8/

