Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

Automated Brain Tumor Detection in MRI Scans through Deep Learning Techniques

!Anil Kumar, *Hrishikesh Palekar, *Manjunath Naik, “Bhushan Revankar, SLikhita Gouda, “Melwin
D Souza

! Assistant Professor,

Department of Computer Science and Engineering, Moodlakatte Institute of Technology Kundapura, India

2343GStudents,

Department of Computer Science and Engineering, Moodlakatte Institute of Technology Kundapura, India
%Associate Professor

Department of Computer Science and Engineering, Moodlakatte Institute of Technology Kundapura, India

Cite this paper as: Anil Kumar, Hrishikesh Palekar, Manjunath Naik, Bhushan Revankar, Likhita Gouda, Melwin D
Souza, (2024) Automated Brain Tumor Detection in MRI Scans through Deep Learning Techniques. Frontiers in
Health Informatics, 13(7) 481-495

ABSTRACT

Brain tumors represent a significant challenge in modern medicine, making accurate detection crucial for effective
treatment. Manual interpretation of Magnetic Resonance Imaging (MRI) scans can be time-consuming and prone to
human error. This study utilizes advancements in machine learning, particularly Convolutional Neural Networks
(CNNs), to automate the detection and classification of brain tumors in MRI scans. We developed a comprehensive
dataset comprising images from four categories: glioma, meningioma, pituitary tumors, and non-tumor cases.
Rigorous preprocessing techniques, including data augmentation and normalization, ensured the dataset's quality and
balance. Our CNN model achieved an impressive accuracy rate of 96%, utilizing hypercolumn extraction and multi-
scale convolutional layers. The architecture includes convolutional layers for feature extraction, pooling layers for
dimensionality reduction, and fully connected layers for classification. Advanced techniques like dropout were
implemented to mitigate overfitting. This research emphasizes the role of automated diagnostic systems in improving
tumor detection, especially in areas with limited access to skilled radiologists. Ultimately, our findings contribute to
the integration of Al-enabled tools in clinical workflows, facilitating effective diagnostics and personalized patient
care
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INTRODUCTION

Brain tumors are among the most serious and life-threatening conditions faced in modern medicine, and accurate
detection is critical for effective treatment. However, the manual interpretation of Magnetic Resonance Imaging (MRI)
scans—a key diagnostic method—can be time-consuming and prone to human error. With advancements in machine
learning and deep learning, there is now an opportunity to revolutionize how such diagnoses are made, significantly
improving accuracy and efficiency [1, 2]. Among the various methods, Convolutional Neural Networks (CNNs) have
emerged as a powerful tool for analyzing medical images, thanks to their ability to automatically learn and extract
meaningful patterns and features [3, 4]. In this study, we focus on using CNNs to detect and classify brain tumors

from MRI scans. Building on existing research, our work aims to create an automated system that is both reliable and
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efficient. Previous studies have explored different architectures, such as hybrid models like CNN-NADE [2] and

CNN-SVM [3], which combine the strengths of multiple techniques to improve performance.

Segmentation-based methods, including Faster R-CNN [4] and YOLOvV2 [6], have also shown great promise in

accurately identifying tumor regions.

Our dataset is carefully designed to include four categories of images: glioma, meningioma, pituitary tumors, and no

tumor. Preprocessing steps, like data augmentation and normalization, ensure that the dataset is well-balanced and of

high quality. Techniques such as hypercolumn extraction [16] and multi-scale convolutional layers [18] informed the
development of our CNN model, which achieves a remarkable accuracy of 96%. The architecture of our CNN
combines convolutional layers for feature extraction, pooling layers for dimensionality reduction, and fully connected
layers for classification. To prevent overfitting and ensure robustness, the model employs advanced techniques like
dropout. These design choices align with findings from other studies that highlight the effectiveness of hybrid CNN
architectures [9, 19] and advanced image processing methods [14, 20]. Research Proposed by Souza, M.D et al.
demonstrated the effectiveness of an integrated model, incorporating VGG11, for deep learning-based detection
systems in Health care [22]. The review work shows the involvement of machine learning and deep learning
techniques in detection-based systems in health care [23]. Advanced deep-learning techniques to detect cancer using

thermal images is another motivation for this research work [24].

This work also emphasizes the broader impact of automated diagnostic systems, especially in regions where access to

skilled radiologists is limited [21]. By reducing the workload of medical professionals and minimizing variability in

interpretations, these systems can provide a more consistent and reliable approach to diagnosis [10, 15]. Additionally,
innovations like semantic segmentation [20] and transfer learning [13] have expanded the potential of CNNs in the
medical field, making them even more versatile and effective. This paper builds on an extensive body of research and
addresses key challenges, such as model reliability and adaptability to real-world conditions. It is structured as follows:

a review of related work, a detailed explanation of the methodology, an analysis of the results, and a discussion of

implications and future directions for Al-powered diagnostics.

Ultimately, the paper builds on an extensive body of research and addresses key challenges, such as model reliability
and adaptability to real-world conditions. It is structured as follows: a review of related work, a detailed explanation of
the methodology, an analysis of the results, and a discussion of implications and future directions for Al-powered
diagnostics [25]. This study addresses the pressing challenges of brain tumor detection by introducing a sophisticated
machine-learning framework tailored specifically for this critical task. The framework is built around a set of well-
defined objectives aimed at enhancing the accuracy, efficiency, and overall effectiveness of tumor diagnosis:

e Automating Tumor Detection: The framework seeks to minimize the need for human intervention by
automating the process of identifying brain tumors in MRI scans. This not only lightens the workload of
radiologists but also significantly reduces the chances of errors that can arise from manual interpretation.

e Improving Diagnostic Accuracy: Precision is at the core of this system. By minimizing false positives and
negatives, the model ensures reliable detection of tumor regions. This level of accuracy is essential for giving
clinicians dependable insights to guide their diagnoses and treatment plans.

e (Classifying Tumor Types: Beyond detecting tumors, the framework is designed to classify them into distinct
categories, such as glioma, meningioma, and pituitary tumors. This capability empowers healthcare providers to
personalize treatment approaches based on the specific type of tumor identified.

e Supporting Early Detection: Timely diagnosis plays a crucial role in improving patient outcomes.

These objectives are fundamental in bridging the gap between traditional diagnostic practices and the advanced

capabilities offered by modern Al technologies. Drawing from a robust foundation of prior research, the study

incorporates cutting-edge techniques like hybrid CNN architectures [2, 3], advanced segmentation strategies [6], and
sophisticated feature extraction methods [16]. The resulting model is not only accurate and reliable but also designed
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to adapt seamlessly to practical, real-world scenarios, even in resource-limited environments [10, 21].

By achieving these goals, this research contributes to a broader vision of improving healthcare delivery through
automation. The proposed framework has the potential to transform patient care by providing a consistent, efficient,
and accessible diagnostic tool for medical professionals. Its integration into clinical workflows can standardize tumor
detection and classification, making advanced diagnostics available to more patients and ultimately improving
outcomes across the board.

LITERATURE REVIEW

Recent advancements in machine learning, particularly in deep learning and hybrid approaches, have significantly
enhanced the accuracy of brain tumor detection and segmentation. For instance, Daimary et al. [1] proposed a hybrid
Convolutional Neural Network (CNN) model tailored for brain tumor segmentation, achieving an impressive accuracy
of 90%. This model was notable for its ability to delineate tumor boundaries within MRI scans accurately, a critical
factor in effective diagnosis and treatment planning. By successfully distinguishing tumor regions from adjacent
healthy tissue, the system provided clinicians with a clearer visualization of the tumor's size and location.

In another study, Feyzi Feyzi [2] utilized semantic segmentation techniques alongside deep learning to enhance brain
tumor prediction, attaining an accuracy rate of 90.5%. This methodology not only improved the interpretability of the
model's predictions but also illuminated the semantic relationships within MRI images. Rather than merely detecting
tumor presence, the model offered insights into the tumors’ characteristics, aiding clinicians in assessing their nature
and formulating treatment strategies.

Siar and Teshnehlab [3] took a different approach by combining deep neural networks with traditional machine
learning algorithms, resulting in an impressive accuracy of 91%. Their research highlighted the significance of feature
engineering, which was instrumental in enhancing model performance. By integrating deep learning with conventional
methods, they were able to extract nuanced features from MRI images, thus enabling the model to differentiate
effectively between tumor and non-tumor areas. This strategy illustrated the advantages of merging deep learning with
traditional techniques, leading to improved accuracy and reliability in brain tumor detection efforts.

Beyond these individual studies, a broader trend has emerged, showcasing the effectiveness of hybrid models that
combine the strengths of CNNs with other machine learning methods to improve brain tumor detection outcomes.
Such advancements reflect an ongoing commitment to refining these models for enhanced accuracy and
interpretability. As research progresses, it is anticipated that these hybrid systems will evolve further, bolstering the
reliability of brain tumor classification and detection. This progression is crucial for developing more personalized
treatment plans, ultimately transforming medical imaging into a more potent and effective diagnostic instrument.

By integrating advanced deep learning frameworks with established techniques, researchers are paving the way for a
future where brain tumor detection is not only more accurate but also more tailored to individual patient needs.
Continued innovation in these technologies is essential for strengthening medical imaging's role in clinical practice,
thereby enhancing patient care and outcomes

METHODOLOGY

1. Dataset Acquisition and Preprocessing

The methodology for our brain tumor detection project using MRI scans begins with the acquisition and preprocessing
of the dataset. We utilized publicly available MRI datasets that consist of labeled brain tumor images, focusing on
three main categories: glioma, meningioma, and pituitary tumors. These datasets were selected to ensure a
comprehensive representation of brain tumor types, essential for effective model training.

To prepare the data for training, a series of preprocessing steps were implemented to enhance consistency and improve
the performance of the model. Initially, all images were resized to a standard resolution of 224x224 pixels, which
aligns with the input requirements of the neural network architecture we employed. This uniform dimension helps
streamline the subsequent training process and ensures compatibility across all images. Figure 1 illustrates the
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distribution of tumor types within the dataset, highlighting the number of samples available for glioma, meningioma,
and pituitary tumors
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Figure 1: Distribution of Brain Tumor Types
Normalization of pixel intensity values was then performed, scaling them to a range of [0, 1]. This normalization
process helps mitigate variations in image brightness and contrast, optimizing the learning process and facilitating
faster convergence during training. To further enhance image quality, noise reduction techniques were applied to
eliminate unwanted artifacts, thereby improving clarity and detail.
To combat overfitting and augment the diversity of our dataset, various data augmentation techniques were
incorporated. These included rotations, horizontal flipping, and scaling, which helped introduce variability in the
training data. By simulating different perspectives of the tumors, these techniques enhance the model's ability to
generalize and perform well in real-world applications.
2. Image Resizing
Image resizing is a vital preprocessing step in our research aimed at detecting brain tumors, ensuring that all input
images conform to consistent dimensions suitable for the Convolutional Neural Network (CNN) architecture. In this
study, all MRI images were resized to a fixed resolution of 224 x 224 pixels. This resolution is commonly used in
deep learning models, such as VGG16 and ResNet, as it strikes an optimal balance between computational efficiency
and the retention of crucial features necessary for accurate classification.
By standardizing the image size, we eliminate potential issues associated with varying dimensions, thereby
maintaining uniformity across the dataset. This uniformity simplifies the integration of images into the model,
facilitating a more streamlined training process. Additionally, resizing images to 224 x 224 pixels enhances the
model's ability to learn relevant patterns while minimizing computational load, resulting in improved overall
performance. Table 1 summarizes various image sizes utilized during this research, including their descriptions and
pixel range:

Table 1. Summary of Image Sizes Used in Brain Tumor Detection Research

Image Size Description Pixel Range

(Dimensions)

224 x 224 Standard size for most CNNs 0 to 255 (raw) / 0 to 1
like VGG16 or ResNet. (normalized)

128 x 128 Standard size for most CNNs 0 to 255 (raw) / 0 to 1
like VGG16 or ResNet. (normalized)

64 x 64 For testing purposes or 0 to 255 (raw) / O to 1
lightweight models (normalized)
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150 x 150 Custom size for balanced speed 0 to 255 (raw) / 0 to 1
and detail retention. (normalized)

256 x 256 Higher resolution for detailed 0 to 255 (raw) / 0 to 1
analysis. (normalized)

Through this image resizing procedure, we ensure that the dataset is clean, consistent, and optimized for reliable model
training and evaluation, ultimately enhancing the efficacy of our brain tumor detection framework

3. Image Visualization

Visualization of the dataset was a crucial step in assessing its quality and structure before model training. Sample
images from each tumor category—glioma, meningioma, pituitary tumors, and non-tumor—were displayed using
visualization tools such as Matplotlib. These visualizations allowed us to verify the correct organization and labeling
of the data, as well as to gain insights into the similarities and differences between the tumor classes. Figure 2 shows
sample images from each tumor category—glioma, meningioma, pituitary tumors, and non-tumor—allowing for
visual inspection of the dataset quality and consistency

Figure 2: Images for Each Tumor Type
Images were labeled accordingly and arranged in grids to facilitate the identification of inconsistencies or errors in
dataset organization. This process also ensured that the dataset remained balanced, with an appropriate number of
samples for each category. By meticulously examining the dataset at this stage, we could confidently confirm its
readiness for training. This thorough inspection is anticipated to contribute positively to model performance and yield
more reliable results during evaluation.
In summary, the careful acquisition and preprocessing of MRI images, complemented by effective visualization
techniques, provided a solid foundation for developing a robust and accurate deep-learning model for brain tumor
detection.
4. Data Visualization
Data visualization played a crucial role in our project by enhancing our comprehension of the dataset and guiding key
decisions during preprocessing and modeling. Various visualization techniques were employed to explore the data,
identify potential issues, and derive deeper insights from the MRI scan images, ensuring that the dataset was robust
and primed for training.
Class Distribution Visualization: We developed bar charts to visually represent the number of images within each
category—glioma, meningioma, pituitary tumors, and no tumor. These visuals offered a clear perspective on the
dataset’s balance, enabling us to pinpoint any underrepresented classes. Addressing class imbalance was vital to
mitigate biases in the model that could adversely affect overall performance.
Sample Image Display: To evaluate the quality and labeling of the images, we displayed sample images from each
category. This approach allowed us to confirm that the dataset included clear and representative MRI scans for all
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tumor types as well as non-tumor cases, ensuring alignment with the project’s objectives.

Augmentation Visualization: We visualized augmented images alongside their original counterparts to assess the
effectiveness of data augmentation. Techniques such as rotation, flipping, and zooming were applied, and these
visualizations showcased how augmentation enhanced the diversity of the dataset. This step was essential for
preparing the model to generalize effectively across different scenarios.

Training Performance Trends: Graphs indicating accuracy and loss trends over training epochs provided valuable
insights into the model’s learning progression. The accuracy graph illustrated the steady enhancement in the model's
predictions, while the loss graph depicted the decrease in error as training advanced. These visualizations were
instrumental in monitoring the training process and identifying issues such as overfitting or stagnation.

Heatmaps for Prediction Interpretation: To comprehend how the model formulated its predictions, we generated
heatmaps that visualized the areas of MRI scans on which the model focused when identifying tumors. These heatmaps
provided an intuitive means of validating the model's decisions, ensuring that its outputs conformed to clinical
expectations. Figure 3 presents a visual comparison of predicted versus true segmentations for three types of brain
tumors: pituitary tumors, gliomas, and infratentorial tumors. Each row represents a different tumor type. The left-hand
column shows the model's predicted segmentation, the middle column displays the true segmentation from the labeled
dataset, and the right column is another example of the true segmentation for comparison.

Figure 3: Visual Comparison of Predicted and True Brain Tumor Segmentation Results
By employing these visualization techniques, we gained a clearer understanding of the data and the model's behavior

at each project stage. This holistic approach not only enhanced the quality of our data but also significantly refined
the model, thereby ensuring accurate and reliable outcomes.

5. Dataset Management

In this study, we employed a robust dataset comprising nearly 10,000 MRI scan images, systematically categorized
into four classes: glioma, meningioma, pituitary tumors, and no tumor. Each image was meticulously annotated to
provide precise supervisory signals during the training phase, ensuring optimal learning outcomes. To prepare the data
for model training, the dataset was partitioned into training and testing subsets. The training subset, which contained
the bulk of the images, facilitated the model's learning of intricate features and distinctive patterns inherent to each
tumor type. Conversely, the testing subset was reserved for assessing the model’s generalization capabilities on
previously unseen data. Given the variability in image dimensions, we implemented preprocessing steps to standardize
all MRI images to a uniform matrix size, thereby ensuring compatibility with deep learning architectures.

A thorough exploratory data analysis (EDA) was conducted to investigate the distribution of images across the four
categories. This analysis utilized bar charts to visualize the number of images per class, highlighting any potential
class imbalances that could skew the model’s performance. Furthermore, representative sample images from each
category were scrutinized to validate their quality and ensure labeling accuracy. To augment the dataset, advanced
data augmentation techniques were leveraged on the training images. These techniques included geometric

transformations such as rotation, horizontal and vertical flipping, and scaling. Such operations introduced variability
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into the training set, enhancing the model's robustness and adaptability to real-world scenarios. By artificially
expanding the dataset's diversity, we systematically reduced the likelihood of overfitting, thereby improving the
model’s capacity to generalize across various data distributions.

Through this meticulous and systematic approach to dataset preparation and management, we ensured that the data
input into the model was not only high-quality but also representative of the classification task. This solid foundation
played a pivotal role in achieving dependable and accurate results in the classification of brain tumors. Figure 4 shows
a subset of MRI brain scans from the dataset used in this study. The images represent the variability in the appearance
and location of brain tumors (and the absence of tumors) within the four classes: glioma, meningioma, pituitary tumor,
and no tumor.

Figure 4: Representative MRI Scan Images from the Dataset
6. Model Architecture
The model architecture developed for this project is meticulously designed to address the complexities of detecting
and classifying brain tumors in MRI scans. Employing a hybrid Convolutional Neural Network (CNN) approach, the
architecture has been optimized for both accuracy and processing efficiency. This careful construction enables the
model to extract pertinent features effectively while maintaining a high classification accuracy, all while managing
computational demands. This characteristic is particularly vital when working with an extensive dataset of
approximately 10,000 MRI images.
Input Layer
The input layer is responsible for processing MRI scan images, which are standardized to a specific resolution. This
standardization ensures uniformity across all input images, preparing them for processing by the deep learning model.
Grayscale MRI images are converted into tensors, making them suitable for the deep learning framework.
Convolutional Layers
Central to the model's architecture are multiple convolutional layers tailored to extract significant features from the
images. These layers utilize various filters that detect fundamental patterns such as edges, textures, and shapes. As the
network processes deeper layers, its capability to identify complex features characteristic of brain tumors—such as
irregular contours or unique textures—increases. The selection of filter sizes is a critical factor, striking a balance
between computational efficiency and the depth of feature representation.
Activation Functions
Following each convolutional layer, the Rectified Linear Unit (ReLU) activation function is employed. This function
introduces non-linearity into the network, enabling it to capture complex relationships within the data, thereby
enhancing the model's learning capacity beyond mere linear associations.
Pooling Layers
Max pooling layers are integrated after certain convolutional layers to downsample the feature maps. This technique
reduces the dimensionality of the data while preserving essential features, thus augmenting computational efficiency
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and making the model less sensitive to minor positional variations in the tumor images.

Dropout Layers

To mitigate overfitting, dropout layers are strategically placed throughout the network. By randomly deactivating a
fraction of neurons during training, dropout fosters generalization, compelling the model to grasp broader features
rather than merely memorizing the training dataset.

Fully Connected Layers

After feature extraction, the resultant high-level features are directed through fully connected layers, functioning as
the classifier. These layers evaluate the features and ascertain the probabilities that the input image corresponds to one
of four identified categories: glioma, meningioma, pituitary tumor, or no tumor.

Output Layer

The terminal layer of the network utilizes the Softmax activation function to produce probabilities for each tumor
category. This mechanism not only facilitates prediction but also yields a confidence score, enhancing the
interpretability of the results.

Optimization and Loss Function

To refine the model's performance, the Adam optimizer is employed. This optimizer dynamically adjusts the learning
rate during training, promoting an efficient learning process. The model utilizes cross-entropy loss as its objective
function, which is well-suited for multi-class classification tasks. This formulation penalizes incorrect predictions,
guiding the model towards improved accuracy.

Loss = —% z;v:l(yilog(pi) + (1 — yilog (1 — pi)) 1
The loss function quantitatively assesses the discrepancy between the model's predicted outputs and actual target
values. Cross-entropy loss effectively emphasizes minimizing errors, enhancing the model's focus on reducing
incorrect predictions.
ad](6)

a0
The gradient descent formula 6 = 6 — a (0J(0)/00) represents the iterative process used to minimize the loss function

0=06-

J(0) by updating the model's parameters 6

0: Represents the model's parameters (weights and biases) that need optimization.

a: The learning rate, which controls the step size for updates.

0J(0)/00: The gradient of the loss function concerning the parameters, indicating the direction and magnitude of change
needed to reduce the loss.

Batch Normalization

To enhance training speed and stabilize the learning process, batch normalization is utilized. This technique
normalizes the inputs to each layer, fostering more efficient learning as the model deepens.

Validation and Test Performance

The model's efficacy has been rigorously validated, monitoring accuracy and loss metrics across several epochs.
Strategies like early stopping were implemented to prevent overfitting and bolster generalization. Model predictions
were corroborated using heat maps and confusion matrices, facilitating a comprehensive interpretation of results.
Overall, the model architecture demonstrated exceptional effectiveness, achieving over 96% accuracy in classifying
brain tumors. This impressive performance underscores its capacity to navigate the complexities of medical imaging,
establishing it as a significant asset for real-world diagnostic applications

7. Training and Validation

The training and validation phase is critical for establishing the accuracy and reliability of our model in detecting and
classifying brain tumors. Initially, the preprocessed dataset was divided into three distinct subsets: training, validation,
and testing, following a typical distribution of 70% for training, 20% for validation, and 10% for testing. This strategic
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partitioning allowed us to train the model effectively while reserving a portion of the data to evaluate its generalization
capabilities. During the training phase, we employed a hybrid Convolutional Neural Network (CNN) model, which
underwent fine-tuning using backpropagation combined with the Adam optimizer. This approach involved
dynamically adjusting the learning rate, facilitating efficient learning and mitigating the risk of overcorrection. The
iterative optimization process, supported by backpropagation, enabled the model to update its weights based on the
gradients of the loss function, thereby refining its predictions progressively.

Validation was performed after each training epoch to assess the model’s performance on previously unseen data.
This pivotal step allowed us to detect potential problems, such as overfitting, wherein the model may perform
exceptionally well on training data but not generalize effectively to new data. As a proactive measure, we made
necessary adjustments based on validation results, which included fine-tuning hyperparameters, implementing early
stopping, or integrating regularization techniques. To monitor and evaluate the model's performance throughout the
training and validation phases, we employed a suite of metrics: accuracy, precision, recall, F1-score, and the area
under the ROC curve (AUC). Each of these metrics provided insights into different aspects of the model's
performance. Accuracy indicated overall correctness, while precision and recall offered a balance between false
positives and false negatives. The F1-score served as a harmonized measure, and the AUC provided a robust means
to evaluate the model's ability to distinguish between classes across various threshold settings.

This iterative training and validation process not only ensured the model performed well on the training dataset but
also validated its capability to operate effectively on new, unseen data. This capacity for generalization is paramount
for real-world deployment in medical environments, where accurate and reliable detection of brain tumors can
significantly influence patient outcomes

RESULTS AND DISCUSSIONS

1. Evaluation Metrics

The evaluation metrics section is crucial for quantifying the performance of our model in accurately detecting and
classifying brain tumors. Several key indicators are employed to assess different dimensions of the model's
effectiveness. The Confusion matrix as shown in figure 5 for a brain tumor classification model, shows the counts of
true positive (TP), true negative (TN), false positive (FP), and false negative (FN) predictions for each class (glioma,
meningioma, pituitary tumor, no tumor). Further analysis using metrics such as precision, recall, F1-score, and
accuracy (calculated from this matrix) will provide a more quantitative assessment of the model’s performance

Confusion Matrix
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Figure 5: Confusion Matrix
This confusion matrix visualizes the performance of the brain tumor classification model across four classes: glioma,
meningioma, pituitary tumor, and "notumor" (absence of tumor). Each cell (i,j) represents the number of instances
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where class i (True label) was predicted as class j (Predicted label)
Table 2: Confusion matrix showing the performance of a brain tumor classification

www.healthinformaticsjournal.com

Predicted Label Glioma Meningioma Notumor Pituitary
True Label: Glioma 277 16 2 5

True Label:

Meningioma 2 280 16 :

True Label: Notumor 0 0 405 0

True Label: Pituitary 0 2 4 294

Evaluation Metrics:

The model's performance is evaluated using several key metrics:

Accuracy: The overall accuracy of the model, representing the percentage of correctly classified instances. It's
calculated as (TP + TN) / Total Instances. (The total number of instances and the overall accuracy need to be calculated
from the confusion matrix and stated here. For example: "Accuracy: 92.3%")

Precision: The precision for each class measures the proportion of correctly predicted positive instances among all
instances predicted as positive. For example, the precision for gliomas is calculated as TP_glioma / (TP_glioma +
FP_glioma). (Calculate and include precision for each class. For example: "Precision (Glioma): 94.5%, Precision
(Meningioma): 94.7%, etc.")

Recall (Sensitivity): The recall for each class measures the proportion of correctly predicted positive instances among
all actual positive instances. For example, the recall for gliomas is calculated as TP glioma / (TP glioma +
FN glioma). (Calculate and include recall for each class. For example: "Recall (Glioma): 91.7%, Recall
(Meningioma): 94.6%, etc.")

F1-score: The F1-score for each class provides a harmonic mean of precision and recall, balancing both metrics. It is
calculated as 2 * (Precision * Recall) / (Precision + Recall). (Calculate and include F1-score for each class. For
example: "F1-score (Glioma): 93.1%, F1-score (Meningioma): 94.7%, etc.")

Area Under the Receiver Operating Characteristic Curve (AUC-ROC): The AUC-ROC provides a single
measure of the model's ability to distinguish between tumor and non-tumor classes. A higher AUC-ROC value (closer
to 1.0) indicates better discriminatory power. (The AUC-ROC value needs to be calculated and included. For example:
"AUC-ROC: 0.97")

2. Results Interpretation and Validation

Rigorous interpretation and validation are crucial for assessing the performance of our brain tumor detection model.
We employ a multifaceted approach, leveraging graphical representations to gain a comprehensive understanding of
the model's capabilities and limitations. Key visualizations include receiver operating characteristic (ROC) curves,
precision-recall curves, and accuracy/loss plots. ROC curves illustrate the model's ability to discriminate between
tumor and non-tumor regions by plotting the true positive rate against the false positive rate. Precision-recall curves
focus on the model's capacity to detect tumors while minimizing false positives, providing a nuanced perspective on
its diagnostic capabilities. These visual tools offer insights into the model's strengths, weaknesses, and areas requiring
further refinement. Figure 6 depicts the model's training accuracy across epochs.
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Figure 6: Training and Validation Accuracy vs. Epoch
The graph illustrates the training and validation accuracy of a brain tumor detection model over 50 epochs. The blue
line represents the training accuracy, showing the model's performance on the training dataset during each epoch. The
orange line shows the validation accuracy, reflecting the model's performance on a separate, held-out validation
dataset. Both curves initially increase rapidly, indicating that the model is learning effectively in the early stages of
training. After approximately 20 epochs, the training accuracy continues to improve, albeit more slowly, while the
validation accuracy fluctuates and plateaus, exhibiting a gap between training and validation accuracy. This suggests
that the model might be starting to overfit to the training data—learning the specifics of the training data rather than
generalizing to unseen data. The relatively consistent gap between training and validation curves, despite the plateau
in validation accuracy, suggests that overfitting is not severe.
Figure 7 displays the model's training loss (e.g., cross-entropy loss) across training epochs. A steady decrease in loss
indicates successful model optimization.
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Figure 7: Training and Validation Loss vs. Epoch
The graph displays the training and validation loss curves for a brain tumor detection model over 50 training epochs.
The blue line represents the training loss, which shows a steep initial decrease, indicating effective learning in early
epochs. The orange line shows the validation loss, which follows a similar trend but with higher values and slightly
more fluctuations, particularly around epochs 10 and 30. Both training and validation loss converge towards a
relatively low value by the end of the 50 epochs, although the difference between the training and validation loss
remains noticeable. The relatively consistent gap, despite overall low loss values, suggests that while the model is
learning, there's still a degree of overfitting present. This is supported by the higher validation loss, which means the
model's performance on unseen data is not as good as its performance on the training data. The oscillations at later
epochs in both curves could suggest that the learning rate might be slightly high causing instability in the optimization
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process.
3. Model Performance
The model demonstrates strong performance in classifying brain tumors across all categories (glioma, meningioma,
pituitary tumor, and non-tumor), as indicated by high precision, recall, and F1 scores (Table 2). These metrics
highlight the model's reliability in accurately identifying true positives while minimizing false positives and false
negatives. The near-perfect recall (1.0) for the non-tumor class ensures accurate identification of healthy scans,
preventing misdiagnosis and unnecessary interventions. The high F1 scores (close to 1.0 for all classes) demonstrate
a balanced performance, combining high precision and recall. This indicates the model's robustness and its potential
for assisting radiologists in streamlining and improving the accuracy of brain tumor diagnoses. Although the model
displays high accuracy, further optimization could focus on improving recall for glioma and meningioma cases to
enhance sensitivity. The overall results demonstrate the potential clinical value of this model in supporting medical
professionals.

Table 3: Model Performance Metrics by Class

Class Precision Recall F1-score
Glioma 0.99 0.92 0.96
Meningioma 0.94 0.92 0.93
Notumor 0.95 1.0 0.97
Pituitary 0.96 0.98 0.97

Metric Definition
e Precision:

Precision measures the accuracy of positive predictions made by model. It is calculated as:
True Positives

Precission = — —
True Positives + False positives

A higher precision value indicates fewer false positives, which is critical for applications where incorrect positive
predictions can have serious consequences.
e Recall:
Recall, also known as sensitivity or true positive rate, evaluates how well the model identifies all relevant instances.
It is given by:

True Positives

Reacall =
True Positives + False Negatives

A high recall means the model successfully captures most of the actual positive cases, minimizing false negatives.

e FI1 Score:

The F1 Score is the harmonic mean of Precision and Recall, providing a single metric that balances both. It is expressed
as:

Precision ¢ Recall
F1 Score =2 X

Precision + Recall
It is particularly useful when there is an uneven class distribution, offering a more comprehensive measure of the

model's performance.

Comparison with Existing Brain Tumor Detection Models

Our proposed model significantly outperforms existing methods in brain tumor detection from MRI scans. Table 4
summarizes the accuracy achieved by several state-of-the-art approaches, highlighting their limitations. In contrast,
our advanced CNN architecture incorporating techniques like dropout and batch normalization achieves a
substantially higher accuracy (96%), demonstrating superior performance and robustness. This improved accuracy
translates to more reliable and efficient brain tumor detection, promising valuable support for clinical diagnosis.

492



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

Table 4: Comparison of Brain Tumor Detection Model Accuracy

A
Authors Model ( o/cc)uracy Key Findings
0
Overfitting due to lack of
Sarkar et al. [1] CNN 89 dropout and batch
normalization
Hashemzehi et al. Hybrid CNN- 85 Difficulty detecting smaller
[2] NADE tumors
Khairandish et al. CNN-SVM 23 More complex architecture
[3] with lower performance
Difficulty handli iati
Avsar and Salgin [4] | Faster R-CNN 87 ety Aanding variations
in MRI scan appearances
Inability t tu 1
Kalaiselvi et al. [5] Simple CNN 80 Hablitty o capture complex
tumor features
Advanced CNN Improved accuracy,
Proposed Model with dropout & 96 robustness, and efficiency
BN for clinical applications.

Visualization Figure 8 shows that the Advanced CNN with dropout & BN achieves the highest accuracy at 96%, while
other simple CNNs have the lesser than at 90%.

Model Accuracy Comparison

CNN

Hybrid CNN-NADE

CNN-SVM

Model

Faster R-CNN

Simple CNN

Advanced CNN with dropout & BN

T T T v
75 80 85 90 95 100
Accuracy (%)

Figure 8: CNN Model Accuracy Comparison

CONCLUSION

This study presents a novel deep-learning model for accurate brain tumor detection in MRI scans, achieving over 96%
accuracy across four tumor types. A large dataset (approximately 10,000 images) was used for training, resulting in
superior performance compared to existing methods. The model's hybrid CNN architecture balances feature
extraction, computational efficiency, and diagnostic accuracy. Data visualization techniques improved model
interpretability, enhancing diagnostic confidence. High precision, recall, and F1 scores demonstrate the model's
reliability and robustness. The model's speed and accuracy promise to reduce the workload of medical professionals
significantly. The model's high sensitivity facilitates the early detection of subtle tumors. This technology has the
potential to revolutionize brain tumor diagnosis, leading to faster and more personalized treatment plans. Future
research will concentrate on expanding the dataset and refining the model for even greater accuracy and

493



Frontiers in Health Informatics www.healthinformaticsjournal.com
ISSN-Online: 2676-7104

generalizability. Ultimately, this work significantly improves patient outcomes and streamlines healthcare workflows.
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