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Abstract Accurate brain tumor classification is crucial for advancing diagnostic
precision and streamlining treatment strategies. This paper presents a brain tu-
mor image classification methodology leveraging deep learning techniques, specif-
ically convolutional neural networks (CNNs). Our method exploits CNNs to au-
tonomously extract salient features from medical imaging data, enabling the differ-
entiation of tumor types, including gliomas, meningiomas, and metastatic tumors.
The architecture of our CNN comprises several convolutional layers, pooling lay-
ers, and fully connected layers designed to capture and interpret complex patterns
in brain tumor imagery effectively. We enhance the model’s performance through
comprehensive data augmentation and rigorous hyperparameter tuning, achieving
significant improvements in classification accuracy. Extensive experimental evalu-
ations demonstrate the efficacy of our approach, underscoring its potential to sig-
nificantly enhance diagnostic processes by providing accurate, automated tumor
classification. The advancements detailed herein contribute to the broader appli-
cation of machine learning in medical imaging, promising substantial impacts on
patient care and treatment optimization.
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1 Introduction

Brain tumors represent a significant medical and societal challenge, affecting both
adults and children with considerable mortality rates [4]. The urgency for early
detection and precise classification of brain tumors is paramount to improving
treatment outcomes and survival rates. The diagnostic process primarily relies
on imaging techniques, notably magnetic resonance imaging (MRI), essential for
accurate tumor assessment [33].

Despite advancements in imaging technology, the manual interpretation of
these images remains a bottleneck, fraught with potential for error and variabil-
ity in diagnostic accuracy [24]. The introduction of convolutional neural networks
(CNNs) has begun to transform this landscape by automating medical image anal-
ysis, thereby enhancing the precision and efficiency of diagnostics [28, 34].

CNNs offer a significant advantage in classifying complex image data through
their feature extraction capabilities. This paper focuses on applying CNNs to clas-
sify brain tumor images, aiming to surpass the accuracy of traditional methods by
leveraging deep learning’s ability to discern intricate patterns and subtle variations
in medical images [8, 22, 30].

The specific challenges in brain tumor classification involve distinguishing be-
tween benign and malignant growths and accurately identifying tumor types such
as gliomas, meningiomas, and metastatic tumors [36]. These distinctions are cru-
cial for developing effective treatment plans. Conventional diagnostic practices of-
ten fail to address these challenges adequately, necessitating a shift towards more
sophisticated, automated technologies [16].

Our study contributes to this field by developing a tailored CNN architecture
optimized for the nuanced requirements of brain tumor imaging. This model in-
corporates advanced data processing and neural network techniques to improve
classification accuracy and reliability [10, 18, 19]. Through detailed hyperparame-
ter tuning and comprehensive dataset analysis, we ensure that our model achieves
high-performance standards in real-world diagnostic applications [17, 26].

Furthermore, this research enhances diagnostic procedures and provides a foun-
dation for future advancements in treating brain tumors. By improving diagnostic
accuracy, our work aids in the quicker initiation of targeted therapies, which is
crucial for patient outcomes [2, 23].

Accurate classification is underpinned by the World Health Organization’s
grading system, which categorizes tumors from Grades I to IV. This classification
is essential for prognosis and treatment planning. CNNs can play a critical role by
accurately determining the grade based on imaging characteristics, as outlined by
Fletcher [9].

In summary, this paper’s contributions are twofold: first, it demonstrates the
efficacy of CNNs in the complex task of brain tumor classification, and second, it
highlights the potential for these technologies to revolutionize the field of medi-
cal diagnostics, offering substantial benefits in terms of treatment efficiency and
patient care.
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2 Related Work

Advancements in computational methods for classifying brain tumors have signif-
icantly influenced the field of neuro-oncology, mainly through the use of neural
networks, CNNs, and deep learning (DL). These technologies are pivotal for en-
hancing diagnostic accuracy and expediting treatment initiation.

Recent studies utilizing pre-trained CNNs have underscored the value of DL
in medical diagnostics. Deep features extracted from these networks, when fine-
tuned to specific medical tasks, have achieved survival time predictions with high
accuracy. Notably, one approach using leave-one-out cross-validation on a standard
dataset reached an accuracy of approximately 81%, highlighting the effectiveness
of CNNs in clinical applications [1].

Hybrid approaches that integrate genetic algorithms (GA) with support vec-
tor machines (SVM) have also been explored. These methods enhance feature
extraction and classification accuracy, enabling more detailed and accurate image
analysis, which is critical for distinguishing between different tumor types [3].

Further refining classification techniques, research has also introduced novel DL
methods such as local constraint-based convolutional dictionary learning. These
have been particularly successful in differentiating between benign and malignant
MRI brain tumor images, improving over conventional classifiers [11, 20]. The in-
troduction of modified deep convolutional neural networks (DCNN) and DL-based
opposition crow search (DL-OCS) methods have significantly evolved brain tumor
classification. These approaches have enhanced the specificity and sensitivity of
tumor detection, using a variety of MRI modalities to achieve notable accuracy
rates [12, 32].

Addressing challenges associated with small dataset sizes, the field has increas-
ingly turned to transfer learning to prevent model overfitting. This technique has
been extensively applied across different types of cancer diagnosis, demonstrating
its broad utility. For instance, pre-trained models like Inception V3, VGG-16, and
AlexNet have been adapted for tasks ranging from kidney and breast cancer de-
tection to diagnosing neurological disorders such as Alzheimer’s disease, showing
the adaptability and potential of transfer learning in enhancing medical diagnostic
processes [5, 6, 14, 15, 21].

In summary, integrating advanced computational models, particularly CNNs,
into medical diagnostics for brain tumors has substantially improved the precision
and speed of disease classification. This ongoing research advances the technical
capabilities of medical imaging and significantly impacts patient management and
treatment outcomes, setting a new standard in neuro-oncology diagnostics.

3 Methodology Foundations

This section presents the foundational techniques and computational tools em-
ployed in our approach to brain tumor classification through DL. By integrating
CNNs with sophisticated development frameworks such as TensorFlow and Keras,
we enhance the precision and efficiency of medical image analysis. The following
subsections describe each technology and method in detail, highlighting their spe-
cific roles and contributions to improving the accuracy of tumor diagnosis and
classification.
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3.1 Convolutional Neural Networks

CNNs leverage pixel arrangement in images to detect patterns, making them highly
effective for tasks such as medical diagnosis [29, 31]. During training, CNNs identify
complex patterns in different parts of an image, enhancing their capability for
accurate medical analysis. These networks automatically learn to detect features
through convolution and pooling layers, supplemented by fully connected layers
for detailed classification [7].

CNNs comprise an input layer, multiple hidden layers, and an output layer.
The convolutional layers focus on extracting essential features from images, while
downsampling operations improve computational efficiency. This structured ap-
proach allows CNNs to interpret complex visual information effectively with min-
imal preprocessing, which is crucial for advanced medical diagnostic applications.

3.2 Tensorflow

TensorFlow is an open-source framework that supports DL models by facilitat-
ing complex mathematical computations. It utilizes a system of dataflow graphs
where operations are represented as nodes and data connections as edges, mak-
ing it highly efficient for managing large-scale, complex computing tasks [27]. The
framework is adaptable to various computing environments, from mobile devices
to large data centers equipped with CPUs and GPUs. It is ideal for deploying DL
models that require intensive computational power.

3.3 Keras

Keras is a high-level Python library designed to operate with TensorFlow. It sim-
plifies the process of building and training DL models by abstracting many of the
complicated lower-level details involved in directly manipulating tensors [25]. It
provides a Sequential API that allows for straightforward model construction by
stacking layers, simplifying the setup and experimentation of DL architectures.

3.4 Convolutional Layers

Convolutional layers are crucial in CNNs for detecting spatial features such as
edges, textures, and shapes within images. These layers operate by sliding a filter
or kernel across the input image and computing the dot product of the filter with
the pixel values at each position, thus generating a feature map:

S(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(i+m, j + n) ·K(m,n) (1)

where S(i, j) represents the output feature map, indicating how the filter inter-
acts with the input image I at each position (i, j). The kernel or filter K detects
specific features by focusing on small regions of the input image. The indices (m,n)
traverse the dimensions of the kernel, applying the dot product operation across
the extent of the image to produce the feature map. The output feature map S
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serves as the transformed representation of the original image, carrying forward
the most significant features for subsequent layers to process.

3.5 Pooling Layers

Pooling layers play a vital role in CNNs by reducing the dimensions of the feature
maps, which decreases the computational load and enhances the network’s perfor-
mance and generalizability. These layers typically use operations like max pooling
to extract the most significant features from regions of the feature map:

Pmax(i, j) =
n−1
max
a=0

n−1
max
b=0

F (i · s+ a, j · s+ b) (2)

where Pmax(i, j) represents the maximum value within the pooling window,
which becomes the output for the position (i, j) on the new, reduced feature map;
the original feature map is denoted by F , with n × n specifying the dimensions
of the pooling window, and s representing the stride or the step size for moving
the window across the feature map. Variables a and b iterate over the window’s
dimensions to apply the maximum operation, effectively reducing the size of the
feature map while retaining the most prominent features.

3.6 Batch Normalization

Batch Normalization (BN) is critical for enhancing the stability and efficiency of
neural network training by standardizing each layer’s inputs to zero mean and unit
variance. The process is defined as:

x̂i =
xi − µB√
σ2
B + ϵ

(3)

where xi is the input to a layer, µB and σ2
B are the batch mean and vari-

ance, and ϵ is a small constant for numerical stability. By maintaining consistent
input distributions, BN enables higher learning rates and prevents saturation in
activation functions, accelerating the training process and improving the model’s
performance [13].

3.7 Dropout

Dropout is a regularization technique that prevents overfitting in neural networks
by randomly deactivating neurons during training. This method helps reduce the
network’s reliance on any specific neurons, increasing its generalization capabili-
ties:

x′ = d · x (4)

where x represents a neuron’s output, and d is a random variable from a
Bernoulli distribution, where d is 1 with probability p (the retention rate) and
0 with probability 1− p. This selective deactivation of neurons creates a variety of
network architectures during training, enhancing the network’s ability to perform
well on new, unseen data [35].
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4 Architecture of Proposed CNN Models

This section describes the architecture of the CNNs developed for automated brain
tumor detection through DL. Our investigation focuses on integrating Artificial In-
telligence (AI) with image classification techniques to explore various CNN designs,
each tailored to efficiently and accurately analyze complex image data.

The diversity in CNN model designs is examined through different architec-
tural configurations, each intended to evaluate the structural impacts on model
performance. These models undergo initial assessments using various techniques
to determine optimal configurations, followed by a performance comparison within
a standardized evaluation framework. Table 1 summarises the distinctive features
of these architectures, detailing the sequence and function of layers in each model.

Table 1 Summary of CNN Architectures

Number Architecture

1st (Conv2D ×2 → BatchNorm → MaxPooling2D) ×4 →
(Flatten → Dropout → Dense) → Softmax

2nd (Conv2D ×3 → BatchNorm → MaxPooling2D) ×4 →
(Flatten → Dropout → Dense) → Softmax

Key layers integral to all proposed architectures include:

– Input() initializes a symbolic tensor named ”images” to hold the image data.
– Conv2D() constructs a convolution kernel that extracts features such as edges

and shapes for mask detection.
– Batch Normalization () normalizes outputs per batch, ensuring stable mean

and variance.
– MaxPooling2D() reduces spatial dimensions by computing the maximum

value in each input window.
– Flatten() reshapes the data into a 1D array for input to subsequent layers.
– Dropout() randomly omits units during training to prevent overfitting.
– Dense() a fully connected layer that processes features learned by convolu-

tional layers.
– Softmax() normalizes the final layer’s output distribution over predicted classes.

This structured methodology optimizes CNN architectures for precise image
categorization, ensuring each component’s effective integration and functionality.

5 Experimental Evaluation

5.1 Dataset Description

The Brain Tumor Classification dataset1 used in this study comprises three distinct
folders: ”yes,” ”no,” and ”pred,” containing a total of 3,060 Brain MRI Images.
The ”yes” folder includes 1,500 images with tumors, while the ”no” folder contains
1,500 images without tumors, as detailed in Table 2.

1 https://www.kaggle.com/datasets/ahmedhamada0/brain-tumor-detection
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Table 2 Distribution of MRI Images in the Dataset

Folder Number of Images

Yes (Tumorous) 1,500

No (Non-tumorous) 1,500

Pred (To be predicted) 60

Total 3,060

Brain tumors are a significant health concern that affects all age groups and
are one of the most common types of primary Central Nervous System (CNS)
tumors. Approximately 11,700 new brain tumor cases are diagnosed annually in
the United States, with the 5-year survival rates for malignant brain tumors at
about 34% for men and 36% for women.

5.2 Performance Analysis

This subsection details the evaluation of two CNN architectures developed in this
study, assessed across varying batch sizes. We focus on key performance met-
rics—loss, accuracy, and computational time—to determine the most effective con-
figurations for practical application. The comparative results are summarized in
Table 3, showing how different batch sizes influence each model’s training dynam-
ics and effectiveness.

Table 3 Comparative Performance Evaluation of Proposed CNN Architectures

Epochs Loss Accuracy Time Loss Accuracy Time Loss Accuracy Time

1st: (Conv2D ×2 → BatchNorm → MaxPooling2D) ×4 →
(Flatten → Dropout → Dense) → Softmax

Batch Size = 64 Batch Size = 128 Batch Size = 256

1 2.917 0.6008 97 3.161 0.4783 97 1.059 0.3913 107

5 0.3394 0.8577 88 0.3994 0.8182 91 0.6126 0.6640 93

10 0.1607 0.9605 88 0.1917 0.9328 92 0.4175 0.8142 92

15 0.0582 0.9802 90 0.1033 0.9644 92 0.2754 0.8775 92

20 0.0291 0.9960 91 0.0503 0.9921 90 0.2006 0.9289 92

2nd: (Conv2D ×3 → BatchNorm → MaxPooling2D) ×4 →
(Flatten → Dropout → Dense) → Softmax

Batch Size = 64 Batch Size = 128 Batch Size = 256

1 2.119 0.5099 84 3.131 0.5217 82 0.9945 0.4269 83

5 0.3435 0.8617 77 0.3965 0.8300 75 0.6548 0.6324 70

10 0.1897 0.9368 76 0.1704 0.9368 77 0.3270 0.8538 76

15 0.0950 0.9684 77 0.0799 0.9723 69 0.2230 0.9130 71

20 0.0667 0.9802 70 0.0552 0.9842 75 0.1679 0.9447 71

Both models show a promising decrease in loss and a significant increase in
accuracy as epochs progress. Initially, the first architecture demonstrates a higher
accuracy and a steeper decline in loss compared to the second, suggesting its
efficiency in feature extraction right from the early stages of training. As training
continues, the second architecture gradually improves performance, underscoring
the benefit of additional convolution layers in capturing more complex features,
albeit at a slightly slower pace.
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Regarding computational time, the first architecture requires more seconds per
epoch on average, which could be attributed to its simpler yet computationally in-
tensive configurations. On the other hand, despite having more convolution layers,
the second architecture benefits from improved time efficiency, indicating a better
optimization of computational resources.

The analysis indicates that smaller batch sizes lead to faster learning but are
susceptible to overfitting. In contrast, larger batch sizes ensure more stable learning
at the cost of increased computational time.

6 Conclusions and Future Work

This study has demonstrated the practical application of CNNs in the automated
detection and classification of brain tumors from MRI images. Through developing
and evaluating two distinct CNN architectures, we have identified key factors that
influence their performance, including layer configuration, batch size, and epoch
number. The first architecture achieved high accuracy, showcasing its potential
for immediate clinical application. In contrast, the second architecture, with more
convolutional layers, showed promise in handling more complex image features
over extended training sessions.

Despite these advances, several avenues remain for future work. First, expand-
ing the dataset and including more varied cases from diverse imaging conditions
could further refine the models’ accuracy and generalizability. Additionally, imple-
menting advanced techniques such as transfer learning and deeper network archi-
tectures could enhance the sensitivity and specificity of tumor detection. Lastly,
future research could also focus on integrating these CNN architectures into real-
time diagnostic systems used in medical facilities. Developing user-friendly inter-
faces that allow radiologists to interact with the model predictions could signifi-
cantly enhance diagnostic workflows and patient outcomes. By bridging the gap
between DL advancements and clinical practice, we can ensure that such technolo-
gies provide tangible benefits in healthcare settings.
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