Iy -
JOB,

Journal of Computing & Biomedical Informatics Volume 08 Issue 01
ISSN: 2710 - 1606 2024

Research Article
https://doi.org/10.56979/801/2024

Deep Learning Approaches for Brain Tumor Detection and Segmentation in MRI
Imaging

Usman Humayun', Muhammad Tahir Yaseen?, Ali Shahwaiz3, and Arslan Iftikhar*

Department of Computer Engineering, Faculty of Engineering, Bahauddin Zakariya University Multan, Pakistan.
2College of Information and Science Technology Dalian Maritime University, Dalian, Liaoning, China.
3College of Engineering and Technology, 85017, Phoenix, AZ, Grand Cayon University, USA.
‘Department of Computer Science, TIMES Institute, Multan, 60000, Pakistan.

Corresponding Author: Usman Humayun. Email: usmanhumayun@bzu.edu.pk

Received: June 11, 2024 Accepted: September 19, 2024

Abstract: The identification and delineation of brain tumors are essential for precise diagnosis,
treatment planning, and improved patient outcomes. MRI has emerged as the preferred imaging
method, offering high-resolution scans with detailed brain tissue differentiation. Recent strides in deep
learning have significantly enhanced the automation of brain tumor detection and segmentation,
diminishing the need for manual analysis. This review examines state-of-the-art deep learning
techniques for brain tumor detection and segmentation in MRI, emphasizing architectures such as
CNNs, U-Net, and advanced models incorporating GANs. The study explores the integration of these
models with various MRI modalities, including T1-weighted, T2-weighted, FLAIR, and contrast-
enhanced MR, to achieve greater precision in tumor boundary and type identification. Furthermore,
the paper addresses challenges like data heterogeneity, model interpretability, and computational
requirements, alongside recent advancements in data augmentation and model explain ability. This
research underscores the potential of deep learning to streamline clinical workflows and support
radiologists in early and accurate brain tumor diagnosis, while also considering future directions for
enhancing robustness and clinical applicability.
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1. Introduction

In the realm of medical imaging, the detection and segmentation of brain tumors are critical tasks that
significantly impact early diagnosis, treatment planning, and patient outcomes. Magnetic resonance imaging
(MRI) stands out as a widely adopted non-invasive technique, offering detailed anatomical insights and
enabling clear visualization of tumor structures. Traditionally, the analysis of brain MRI data has relied on
manual inspection by radiologists, a process that can be time-consuming and susceptible to subjective errors,
particularly given the vast amount of data and subtle distinctions between normal and abnormal brain tissues
[1]. In response to these challenges, deep learning-based approaches have emerged as promising solutions for
automating and enhancing the accuracy of tumor detection and segmentation.

Among deep learning models, convolutional neural networks (CNNs) have gained prominence due to their
proficiency in image processing tasks [2]. The architecture of CNNs is particularly well-suited for extracting
spatial features, allowing them to capture the intricate patterns in MRI scans that differentiate healthy from
tumorous tissue. Furthermore, CNNs have been successfully combined with other network architectures, such
as recurrent neural networks (RNNs), to incorporate contextual information across MRI slices, thereby refining
the detection and segmentation process [3]. Notably, the U-Net model has demonstrated exceptional
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effectiveness in medical image segmentation, leveraging a symmetrical encoder-decoder structure that
captures both high-level features and spatial details, thus enabling precise localization of tumor boundaries
[4].

The field of brain tumor detection has become a focal point in medical imaging research, driven by the
complex nature and potential severity of brain tumors, which can pose life-threatening risks if not identified
early. Magnetic Resonance Imaging (MRI) serves as a primary non-invasive diagnostic tool, extensively
utilized for brain imaging due to its capacity to provide detailed views of soft tissue structures without
exposing patients to ionizing radiation [5]. However, the manual interpretation of MRI scans by radiologists
is often time-intensive, subjective, and prone to variability in accuracy [6]. Consequently, the integration of
machine learning (ML) techniques into MRI-based diagnosis has garnered significant attention, with the aim
of enhancing both efficiency and diagnostic precision.

Machine learning, particularly deep learning methods, has demonstrated considerable potential in the
detection of brain tumors by automating the analysis of MRI images and reducing reliance on subjective
interpretations [7]. Convolutional Neural Networks (CNNs), a widely adopted deep learning model, excel in
handling image data and have proven effective in distinguishing tumor regions from healthy tissues (Saba et
al., 2020). In contrast to traditional image processing techniques, CNNs possess the ability to learn hierarchical
features, enabling them to recognize complex tumor structures that may vary in size, shape, and location
[8]. The utilization of machine learning in tumor detection offers a substantial advantage in efficiently
processing extensive imaging datasets, a critical factor given the vast quantity of medical imaging data
generated [9]. Strategies such as data augmentation and transfer learning have enhanced model performance,
particularly when confronted with limited labeled data [10]. Moreover, the implementation of hybrid models
that integrate various machine learning algorithms has exhibited improved accuracy and resilience in tumor
classification [11].

Nevertheless, the application of machine learning in brain tumor detection faces several hurdles. Ongoing
research focuses on addressing issues like class imbalance, limited dataset diversity, and model
interpretability. The development of explainable AI models is crucial to bridge the gap between machine
predictions and clinical decision-making [12]. Furthermore, addressing the computational demands of these
models is essential for their practical implementation in clinical settings, where rapid and accurate diagnoses
are paramount [13]. Machine learning has propelled brain tumor detection toward increased accuracy,
consistency, and efficiency, providing radiologists with a valuable tool for early and precise tumor diagnosis.
The ongoing advancement of these technologies promises to revolutionize medical imaging, enhancing the
accessibility and reliability of tumor detection for improved patient outcomes.

Generative adversarial networks (GANs) contribute to brain tumor detection by generating synthetic MRI
images for data augmentation, addressing the class imbalance challenge prevalent in medical datasets [14].
This enhanced data diversity improves model robustness, enabling deep learning algorithms to better
generalize across diverse patient populations and tumor types. However, these models face challenges such as
limited interpretability and significant computational resource requirements, potentially impacting their
deployment in clinical settings [15]. Ensuring interpretability and reliability in model predictions is vital, as
clinicians must trust and comprehend the model's decision-making process, particularly in high-stakes medical
diagnosis scenarios.

In summary, deep learning-based brain tumor detection and segmentation in MRI imaging demonstrate
transformative potential, facilitating early diagnosis and improving clinical outcomes. Ongoing advancements
in this field, including the development of interpretable models and solutions for computational limitations,
will further support its integration into clinical workflows, ultimately enhancing patient care.

2. Literature Review

Deep learning techniques have transformed brain tumor detection and segmentation in MRI imaging,
offering automated solutions with exceptional accuracy and efficiency. Convolutional Neural Networks
(CNNs) remain the cornerstone of deep learning models in this field, thanks to their robust feature extraction
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capabilities that enable precise segmentation and classification of tumor regions [16]. These networks excel at
learning complex spatial hierarchies within images, making them particularly adept at distinguishing tumor
tissue from healthy brain areas. Researchers have developed various architectures to enhance segmentation
precision, such as U-Net, a fully convolutional network with an encoder-decoder structure. U-Net has
demonstrated remarkable success in medical image segmentation due to its ability to capture high-resolution
contextual information and perform accurate boundary delineation [17]. For brain tumor segmentation, U-Net
is frequently modified to address specific challenges, with adaptations that improve performance across
diverse tumor shapes and locations within the brain [18].

To tackle the issue of limited annotated medical data, researchers have employed techniques like data
augmentation and transfer learning. Data augmentation generates diverse training samples, mitigating
overfitting, while transfer learning utilizes pre-trained models from large datasets to enhance tumor
classification accuracy even with limited data [19]. Additionally, Generative Adversarial Networks (GANs)
have been utilized to create synthetic MRI images, expanding datasets and addressing class imbalances (Shin
et al., 2018). GANSs contribute to model robustness by generating realistic images that increase training data
diversity and improve model generalization [20]. The advent of machine learning has revolutionized brain
tumor detection, particularly with the progress in deep learning algorithms applied to MRI imaging. CNNs
have become indispensable in medical image analysis, offering high accuracy in differentiating tumor tissue
from healthy brain structures. The ability of CNNs to identify spatial features makes them exceptionally
effective for detecting intricate tumor shapes and heterogeneous tissue structures within MRI scans [21]. Unlike
traditional image processing methods, CNNs employ multiple layers to learn both high- and low-level
features, facilitating precise segmentation and classification tasks crucial for accurate tumor localization.

Advanced architectures such as U-Net further optimize CNNs for medical segmentation tasks by
incorporating an encoder-decoder structure that preserves spatial resolution and enables boundary
refinement. U-Net's design has proven particularly effective in brain tumor segmentation, allowing for more
precise delineation of tumor borders [22]. Other adaptations, including fully connected networks, have
enhanced performance for large-scale image data, improving segmentation quality and classification
consistency in challenging cases with highly variable tumor characteristics. Brain tumor detection faces a
significant challenge due to the paucity of labeled data, which is mitigated through data augmentation and
transfer learning techniques. Data augmentation enhances model generalization by introducing variations in
training data, such as image rotation or scaling, thereby reducing overfitting [23]. Transfer learning allows
models pre-trained on extensive datasets to adapt to smaller, task-specific datasets, improving classification
performance with limited data. Additionally, Generative Adversarial Networks (GANs) have been employed
to generate synthetic MRI images, addressing class imbalance and bolstering model robustness [24].

The field has seen the emergence of hybrid models that merge CNNs with other machine learning techniques,
such as Long Short-Term Memory (LSTM) networks. These models account for spatial dependencies across
MRI slices, providing three-dimensional insights into tumor morphology and enhancing detection accuracy
[27]. Ensemble methods, which integrate predictions from multiple models, have further improved reliability
and performance by compensating for individual model weaknesses [25]. Persistent challenges in brain tumor
detection include the need for interpretability and transparency in Al predictions. Explainable Al is vital for
clinical adoption, fostering trust and enabling radiologists to comprehend model decisions. Techniques to
enhance model interpretability include visualization tools, saliency maps, and activation maps, which
highlight regions of interest relevant to model predictions [26]. Moreover, class imbalance, where non-tumor
regions often outnumber tumor regions, continues to affect model sensitivity. Techniques such as the dice
coefficient and focal loss functions have been implemented to improve model focus on minor tumor regions,
effectively addressing this imbalance [28].

Machine learning has revolutionized brain tumor detection, offering scalable, accurate, and robust solutions
that enhance diagnostic efficiency and support clinical decision-making. However, ongoing research is
necessary to address current limitations and facilitate integration into real-world clinical workflows,
potentially transforming diagnostic processes and improving patient outcomes.
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Recent years have witnessed the development of hybrid deep learning models that combine CNNs with Long
Short-Term Memory (LSTM) networks to handle spatial and sequential dependencies within MRI slices. This
approach has improved segmentation performance, particularly in 3D tumor reconstruction.

Ensemble methods have also shown promise in tumor detection and segmentation by combining predictions
from multiple models to achieve more reliable and accurate results. The application of deep learning to brain
tumor segmentation continues to face hurdles despite recent advancements. A significant challenge is the
imbalance between healthy and tumor tissues in MRI scans, which can negatively impact model accuracy.
Researchers have addressed this issue by exploring innovative loss functions, such as the dice coefficient loss
and focal loss, which aim to improve the detection of tumor regions in unbalanced datasets. Another crucial
area of focus is the development of explainable Al models, which is essential for clinical implementation. These
models offer transparency in their decision-making processes, thereby fostering trust in automated systems
[29-31].

While deep learning has revolutionized the field of brain tumor segmentation and detection, ongoing
research efforts are necessary to enhance model generalization, interpretability, and seamless integration into
clinical workflows.

3. Methodology
brain MRI
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Figure 1. Methodology Block Diagram

The figure 1 depicts a systematic approach for detecting brain tumors using state-of-the-art deep learning
algorithms. The process initiates with the acquisition of brain MRI scans, which offer high-resolution images
of cerebral soft tissue structures. These scans undergo a vital preprocessing stage to optimize image quality,
reduce noise, and normalize formats for subsequent analysis. Post-preprocessing, the images are analyzed
using specialized classification algorithms designed for brain tumor identification. The YOLOvV? architecture
has been augmented with a Convolutional Block Attention Module (CBAM) to enhance its feature extraction
prowess. This attention mechanism directs the model's focus to crucial image regions, particularly those
potentially indicative of brain tumors. By emphasizing these areas, CBAM aids the network in prioritizing
pertinent features, potentially improving diagnostic accuracy.
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Moreover, a Spatial Pyramid Pooling Fast+ (SPPF+) layer has been integrated into YOLOV7's core framework.
This enhancement bolsters the network's ability to capture multi-scale features, which is particularly
advantageous for identifying brain tumors of varying dimensions. The SPPF+ layer facilitates more efficient
processing of spatial data, contributing to the model's capacity to detect even subtle tumor characteristics.
Additionally, YOLOV7 has been modified to incorporate decoupled heads, enabling independent processing
of multiple data aspects. This architectural refinement enhances YOLOV7's versatility and adaptability in
handling complex MRI data, improving its ability to extract meaningful insights across diverse data types.

............... . Preprocessing 1--------------

Data Collection Data Preprocessing  Fine-Tuning YOLOV7 *

Attention
Mechanism
SPPF+

Decoupled
Head

__________________________________________

MRI scan

JpEEERmeinE N ( Model Training 1 -------
-
Training Dataset YOLOV7 model

.............. JTesting and Evaluationl

Testing Dataset Brain Tumor Detection Evaluation

Figure 2. Sequence Diagram
The figure presents a detailed protocol for detecting brain tumors in MRI scans utilizing an enhanced
YOLOV7 model. The process initiates with MRI scan collection to establish the primary dataset. Preprocessing
involves image resizing for uniformity and data augmentation to broaden dataset diversity, thus enhancing

S

model resilience.

Subsequently, the YOLOv7 model undergoes refinement with key components: an attention mechanism
focusing on crucial features, a Spatial Pyramid Pooling Fast+ (SPPF+) layer capturing multi-scale attributes, a
Bi-directional Feature Pyramid Network (BiFPN) for efficient cross-scale feature fusion, and decoupled heads
for distinct processing of various image aspects. Following preprocessing, the dataset is partitioned into
training and testing subsets. During training, the YOLOvV? architecture learns to discern tumor from non-tumor
regions in annotated MRI scans. Post-training, the model categorizes images as tumor-present or tumor-absent.
The testing and evaluation phase applies the trained model to the test dataset, assessing its efficacy.
Performance indicators including precision, recall, sensitivity, specificity, accuracy, and F1-score are employed
to comprehensively evaluate the model's accuracy in brain tumor detection from MRI images. This systematic
approach enables thorough assessment of the model's diagnostic capabilities in clinical contexts. To further
enhance performance, a Bi-directional Feature Pyramid Network (BiFPN) is integrated. BIFPN expedites multi-

ID : 738-0801/2024



Journal of Computing & Biomedical Informatics Volume 08 Issue 01

scale feature fusion, allowing more effective combination of information from various feature layers. This
results in improved aggregation of tumor-related features across different image resolutions, bolstering the
model's capacity to identify tumors at varying scales and positions.

The framework concludes with performance analysis and comparison, evaluating models based on critical
metrics such as accuracy, precision, recall, and F1 score. This assessment offers insights into each model's
effectiveness, facilitating a comparative analysis to determine the most accurate and reliable approach for brain
tumor detection in MRI images.

4. Results

This section outlines the findings from training and assessing the refined YOLOv7 model using MRI scans,
accompanied by an in-depth evaluation of its overall effectiveness. To enhance the dataset's quality and expand
its size, numerous preprocessing and data augmentation strategies were implemented. These methods,
including resizing, normalization, and rotation, among others, were employed to ensure the model's
robustness and adaptability across various MRI image conditions. The model underwent training with diverse
Hyperparameters to optimize its performance. Careful adjustments to learning rate, batch size, and epoch
number were made to boost accuracy and combat overfitting. The meticulous fine-tuning of these parameters
was crucial in maximizing the model's ability to accurately detect and classify tumor regions. This
comprehensive approach has resulted in high precision, recall, and F1-scores, yielding a reliable model for
brain tumor detection using MRI data.

99.6

99.5

99.4
99.3
99.3
99.2 ‘ ‘
99.1 < '
99

Evaluation metrics

Percentage

M Precision Recall ® Sensitivity M Specificity ™ Accuracy MF1-score

Figure 3. YOLOv7 Evaluation

The performance metrics of the YOLOV?7 algorithm for brain tumor detection are depicted in this figure. The
model exhibits exceptional precision and accuracy, both at 99.5%, demonstrating its prowess in correctly
identifying tumor regions while minimizing false positives. With a recall and sensitivity of 99.3%, the
algorithm shows remarkable ability in detecting actual tumor cases. The specificity stands at 99.4%, indicating
the model's proficiency in recognizing non-tumor areas. A 99.4% F1-score, which balances precision and recall,
underscores the algorithm's overall reliability in detecting and classifying brain tumors in MRI scans. These
comprehensive metrics highlight the YOLOv7 model's robustness and effectiveness in analyzing medical
images.
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The confusion matrix for the YOLOvV7 model demonstrates its high accuracy in classifying brain tumor and
non-tumor images. From a total of 500 brain tumor cases, 497 were accurately identified, with only 3
misclassified as non-tumor. Similarly, out of 500 non-tumor cases, 498 were correctly recognized, while 2 were

erroneously labeled as brain tumor.
Confusion Matrix

-- 3 -400

- 300
Non-Tumor 2 498
-- -

Brain Tumor Non-Tumor
Predicted Label
Figure 4. YOLOvV7 confusion matrix

Brain Tumor

True Label

The models table of proposes model accuracies is given by:
Table 1. Model accuracies

Models PR (%) RE (%) SE (%) SP (%) AC (%) F1-Score (%)
Xception 95.7 95.9 95.9 95.4 95.6 95.8
InceptionResNetV2 96.2 96.6 96.6 96.1 96.3 96.4
ResNet50 96.6 96.8 96.8 96.2 96.5 96.7
InceptionV3 96.7 97.1 97.1 96.3 96.4 96.9
VGG16 97.4 97.7 97.7 97.3 97.6 97.5
EfficientNet 97.7 97.9 98.0 97.5 97.8 97.8
The proposed model 99.5 99.3 99.3 99.4 99.5 99.4

The table showcases a comparative analysis of multiple models' efficacy in brain tumor detection, utilizing
crucial evaluation metrics including precision (PR), recall (RE), sensitivity (SE), specificity (SP), accuracy (AC),
and F1-Score. While the EfficientNet model demonstrates robust performance with 97.8% accuracy and F1-
score, closely trailed by VGG16, the newly proposed YOLOv7-based model emerges as the frontrunner. This
innovative model outshines its counterparts across all metrics, boasting 99.5% precision and accuracy, 99.3%
recall and sensitivity, 99.4% specificity, and a remarkable 99.4% F1-score. These exceptional results underscore
the YOLOvV7-based model's unparalleled proficiency in accurately identifying brain tumors, surpassing the
capabilities of other well-established models in the field.

5. Conclusion

The fine-tuned YOLOv7 model showcases exceptional performance in brain tumor detection using MRI
scans, surpassing the capabilities of established models like EfficientNet and VGG16. With impressive metrics
including 99.5% precision, 99.3% recall, and a 99.4% F1-score, the model demonstrates remarkable accuracy in
identifying tumor and non-tumor regions, with minimal errors. The model's robust performance across
various MRI conditions can be attributed to effective preprocessing techniques and optimized
Hyperparameters. A low misclassification rate, confirmed by the confusion matrix, further emphasizes the
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model's potential as a valuable tool in medical image analysis. By setting a new standard in brain tumor
detection, the YOLOv7 model opens up possibilities for efficient and effective application in clinical diagnostic
imaging.

6. Discussion

The fine-tuned YOLOvV7 model exhibits remarkable efficacy in brain tumor detection, demonstrating
substantial improvements over traditional models like EfficientNet and VGG16. Its impressive precision and
recall scores indicate a well-rounded capacity to accurately identify both tumorous and non-tumorous regions,
establishing it as a trustworthy option for clinical diagnostics. The model's success can be attributed to
thorough preprocessing, data augmentation strategies, and refined Hyperparameters, which collectively
enhance its adaptability to diverse MRI image conditions.

The confusion matrix demonstrates the model's minimal misclassification rates, emphasizing its resilience in
processing complex image data with few errors. This reliability is crucial in medical applications where
diagnostic accuracy is of utmost importance. In comparison to other models, YOLOV7's superior performance
metrics position it as a promising tool for automated brain tumor detection, potentially alleviating radiologists'
workload and expediting diagnoses. Future research could explore real-time applications and integration into
medical imaging workflows, further validating the model across various clinical settings.
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