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Abstract: Creating machines that behave and work in a way similar to humans is the objective
of artificial intelligence (AI). In addition to pattern recognition, planning, and problem-solving,
computer activities with artificial intelligence include other activities. A group of algorithms called
“deep learning” is used in machine learning. With the aid of magnetic resonance imaging (MRI),
deep learning is utilized to create models for the detection and categorization of brain tumors. This
allows for the quick and simple identification of brain tumors. Brain disorders are mostly the result
of aberrant brain cell proliferation, which can harm the structure of the brain and ultimately result
in malignant brain cancer. The early identification of brain tumors and the subsequent appropriate
treatment may lower the death rate. In this study, we suggest a convolutional neural network (CNN)
architecture for the efficient identification of brain tumors using MR images. This paper also discusses
various models such as ResNet-50, VGG16, and Inception V3 and conducts a comparison between the
proposed architecture and these models. To analyze the performance of the models, we considered
different metrics such as the accuracy, recall, loss, and area under the curve (AUC). As a result of
analyzing different models with our proposed model using these metrics, we concluded that the
proposed model performed better than the others. Using a dataset of 3264 MR images, we found that
the CNN model had an accuracy of 93.3%, an AUC of 98.43%, a recall of 91.19%, and a loss of 0.25.
We may infer that the proposed model is reliable for the early detection of a variety of brain tumors
after comparing it to the other models.

Keywords: brain tumor; CNN; deep learning; MR images

1. Introduction

The brain, which is the primary component of the human nervous system, and the
spinal cord make up the human central nervous system (CNS) [1]. The majority of bodily
functions are managed by the brain, including analyzing, integrating, organizing, deciding,
and giving the rest of the body commands. The human brain has an extremely complicated
anatomical structure [2]. There are some CNC disorders, including stroke, infection, brain
tumors, and headaches, that are exceedingly challenging to recognize, analyze, and develop
a suitable treatment for [3].

A brain tumor is a collection of abnormal cells that develops in the inflexible skull
enclosing the brain [4-6]. Any expansion within such a constrained area can lead to issues.
Any type of tumor developing inside the skull results in brain injury, which poses a serious
risk to the brain [7,8]. In both adults and children, brain tumors rank as the tenth most-
prevalent cause of death [9]. There are many different types of tumors, and each one has
extremely low survival rates based on the texture, location, and shape [10-12].

Around 250,000 people are affected by brain tumors every year, with 2% of those
cases being confirmed as malignancies [13]. The predicted number of adults in the United
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States with a brain tumor in 2020 was 23,890, with 13,590 men and 10,300 women. In 2020,
1879 reported cases of brain cancer were anticipated to be diagnosed in Australia. Every
year, 14.1% of Americans are affected by primary brain tumors, of which 70% are children.
Although there is no early therapy for primary brain tumors, they do have long-term
negative effects [14,15]. Brain tumor cases increased significantly globally between 2004
and 2020 from nearly 10% to 15% [16].

There are about 130 different forms of tumors that can affect the brain and CNS, all
of which can range from benign to malignant, from exceedingly rare to common [5]. The
130 brain cancers are divided into primary and secondary tumors [17]:

1. Primary brain tumors: Primary brain tumors are those that develop in the brain. A
primary brain tumor may develop from the brain cells and may be encased in nerve
cells that surround the brain. This type of brain tumor can be benign or malignant [18].

2. Secondary brain tumors: The majority of brain malignancies are secondary brain
tumors, which are cancerous and fatal. Breast cancer, kidney cancer, or skin cancer are
examples of conditions that begin in one area of the body and progress to the brain.
Although benign tumors do not migrate from one section of the body to the other,
secondary brain tumors are invariably cancerous [19].

A study stated that brain tumors are responsible for about 85-90 percent of all sig-
nificant CNS tumors [20]. To drastically lower the fatality rate from brain tumors, early
identification is important [21]. Medical experts have significantly utilized medical imaging
for tumor identification [22]. One of the most-popular methods for the early diagnosis of
brain tumors is magnetic resonance imaging (MRI) [23]. Radiologists routinely manually
detect brain tumors [24].

The amount of time it takes to grade a tumor depends on the radiologist’s skill and
experience. However, the process of identifying a tumor is imprecise and expensive. A
patient’s odds of survival can be significantly lowered by misdiagnosing a brain tumor,
which can result in serious problems. The MRI technique is becoming more and more
popular as a solution to address the limitations of human diagnosis.

In the healthcare industry, deep learning is frequently utilized for analysis, classifi-
cation, and detection [25-27]. The first time the CNN was utilized was in 1980 [28-30].
The CNN'’s computing capacity is based on a model of the human brain. Humans notice
and recognize objects based on their outward appearance. Similar in operation, the CNN
is renowned for processing images. Some of the most well-known CNN models include
ResNet (152 layers), GoogLeNet (22 layers), AlexNet (8 layers), and VGG (16-19) [31-33].

Figure 1 depicts an outline of the primary concepts in this work. The first section
introduces brain tumors, MRI for brain tumor detection, and the CNN. In the second section,
we review earlier studies on brain tumors using various machine learning models. The
proposed architecture is presented in Section 3. The methodology is described in Section 4,
where we give a step-by-step breakdown of this research. We also discuss the machine
learning models and performance metrics that we used in this study. The performance
analysis of the machine learning models is covered in Section 5. The final summary of this
research and some future prospects in this field of study are offered in Section 6.
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Figure 1. Outline of this paper.

2. Related Works

In this section we are studied previous researches works about brain tumor detection
using ML models. In Table 1 we have summarized some previous works.

Almadhoun et al. [17] proposed a deep educational model using an MRI dataset for
brain tumor detection. In addition to the deep educational model, they applied four other
transfer learning models: VGG16, MobileNet, ResNet-50, and Inception V3. They used a
dataset of 10,000 MR images with a 200 x 200 pixel resolution to evaluate their models.
The dataset was divided into two categories with 5000 images each: brain tumors and
non-brain tumors. Their proposed model, the deep educational model, performed better;
the training accuracy was 100%, and the test accuracy was 98%.

Musallam et al. [34] introduced a DCNN model using an MRI dataset for detecting
brain tumors. In their proposal, a lightweight model with a few convolutions, max-
pooling, and iterations was used. The researchers also analyzed VGG16, VGG19, and
CNN-SVM. Glioma (934), meningioma (945), no tumor (606), and pituitary(909) were
the four subcategories of the 3394 MR images. The suggested model achieved an overall
accuracy of 97.72%, a detection rate of 99% for glioma, a detection rate of 98.26% for
meningioma, a detection rate of 95.95% for pituitary, and a detection rate of 97.14% for
normal images.

Wozniak et al. [35] developed a cutting-edge correlation learning method (CLM) for
deep neural network structures that integrates the CNN with a conventional architecture.
Meningioma (708 images), glioma (1426 images), and pituitary (930 images) tumors were
among the 3064 brain cancers they investigated. Their designed CLM model had an
accuracy of around 96%, a precision of about 95%, and a recall of about 95%.

Garg et al. [36] suggested the naive Bayes, random forest, neural network, KNN, and
decision tree machine learning models for detecting brain tumors, as well as a hybrid
ensemble classifier (KNN-RE-DT). They evaluated the machine learning models using 2556
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brain tumor images, with 85% of the data used for training and 15% for testing. For the
classification, thirteen features were identified as a result of feature extraction by SWT, PCA,
and GLCM. The proposed approach for identifying and categorizing brain tumors was
evaluated, and the results showed that the method had an accuracy of 97.305%, a precision
of 97.73%, a specificity of 97.60%, a sensitivity of 97.04%, and a reliability of 97.41%.

Nayak et al. [37] proposed dense EfficientNet, which is a CNN-based network, to
detect brain tumor images using MRI. The researchers also analyzed ResNet-50, MobileNet,
and MobileNetV2, with their dense EfficientNet performing better. They obtained a 98.78%
accuracy and a 98.0% F1-score after training the dense EfficientNet model. Four different
types of MRI were employed in their research to identify brain tumors. The total dataset
comprised 3260 MR images.

Obeidavi et al. [38] introduced a CNN-based residual network for the early detection
of brain tumors using a dataset of 2000 MR images. They employed the BRATS 2015 MRI
dataset, and the findings for the residual networks were promising. The accuracy of their
proposed model was 97.05%. Additionally, they considered other metrics, achieving a
mean accuracy of 97.05%, a global accuracy of 94.43%, a mean IoU of 54.21%, a weighted
IoU of 93.64%, and a mean BF score of 57.027%. One-hundred epochs were utilized during
training to improve the performance.

Khalil et al. [39] proposed a modified two-step dragonfly algorithm for brain tumor
segmentation using 3D MR images. The greatest difficulties in identifying and segmenting
the early stages of brain tumors are variations in the tumor size and structure. To overcome
these challenges, the researchers employed a two-step dragonfly algorithm to precisely
extract the original contour point. To obtain the results using the proposed model, they
used BRATS 2017 3D MR brain tumor dataset. They achieved an accuracy that was about
5% higher than that of the previous researchers, who performed a nearly identical study. To
validate their findings, they also applied a variety of techniques, including fuzzy C-means,
SVM, and random forests. To evaluate their results, they considered the metrics of the
accuracy, precision, and recall. After evaluating their proposed model, they obtained an
accuracy of 98.20%, a recall of 95.13%, and a precision of 93.21%, which were better than
the other models. The main weakness in this study was that the researchers only focused
on the entire tumor segment, and they did not takeinto account many tumors per slice.

Sajid et al. [40] introduced a hybrid CNN model to detect brain tumors using BRATS
MR images. The analysis and validation were performed on the effectiveness of a unique
two-phase training method and sophisticated regularization approaches, such as dropout.
Their suggested hybrid model combined two- and three-path networks, which enhanced
the model’s performance. The model may be effective for a variety of segmentation tasks,
according to the capacity analysis of the CNNs, and better performance may be obtained
with more training instances. After examining their model, they discovered that their Dice
score was 86%, their sensitivity was 86%, and their specificity was 91%.

Lotlikar et al. [15] proposed a KNN classifier for the early detection of abnormalities
of the fetal brain. They also considered other classifiers such as RF, NB, and RBF for their
research. After evaluating their selected models, they obtained an accuracy of 95.6% and an
AUC of 99% for their KNN classifier. To obtain better results, they would need to collect a
large number of fetal brain images for their ongoing research. Attallah et al. [41] proposed
a deep-learning-based machine learning architecture for the early diagnosis of embryonic
neurodevelopmental abnormalities (ENDs). After evaluating various models, they found
that their proposed framework showed promising results for detecting ENDs.

Stadlbauer et al. [42] used a physiological MRI approach in combination with nine
different common machine learning models for the early detection of brain tumors. Many
performance indicators, including the accuracy, precision, F-score, AUROC, and classifi-
cation error, were taken into account when evaluating the model. In their research, they
mentioned that ML-based radiophysiomics might be helpful in detecting brain tumors
in the clinical setting. Aamir et al. [43] proposed an automated method for brain tumor
detection using MR images. They discovered after evaluating the proposed ML model
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that it demonstrated superior classification performance compared to existing approaches,
showing a 98.95% accuracy.

In our research work, we collected different types of brain tumor MR images. To assess
how well our proposed CNN model worked, we also took into account various machine
learning models. In our research, the CNN achieved better results compared to the transfer
learning models. However, other authors have shown good results when working on
transfer learning models and achieved results better than 90% [44]. In our future research,
we took this into account and tried to deeply understand this issue. In contrast to the
majority of other researchers, we utilized a large dataset of 3264 MRI scans, which is
considerably more than what is typically used in many studies. Initially, our system took a
long time to process because of the low GPU resources, but we improved the system and
lowered the training time. Though other research works had some limitations, we worked
to enhance our method, shorten the training period, and increase the performance.

Table 1. Literature Review.

Reference Dataset Models Performance Limitations
Deep educational model
. (proposed), VGG16, Deep educational model: Need to apply image
[17], 2022 10,000 MR images ResNet-50, MobileNet, accuracy 98% augmentation methods
Inception V3
Deepnce(’zvr:’\giiu(tll)() gﬂﬁ;ural Should consider more
[34], 2022 3394 MR images DCNN: accuracy 97.72%  datasets and various types
(proposed), VGG16, of images
VGG19, CNN-SVM &
Correlation learning Should consider more
[35],2021 3064, CT brain scan images mechanism (CLM) with CLM .m.odelz accuracy 9? tor datasets to obtain mpre
CNN precision and recall 95% accurate and promising
results
Hybrid ensemble classifier
Hybrid ensemble classifier (KNN-RF-DT): accuracy Should consider more
(KNN-RF-DT) (proposed),  97.305%, precision 97.73%, .
. . . e . datasets to obtain more
[36], 2021 2556 brain tumor images naive Bayes, random specificity 97.60%, accurate and promisin
forest, neural network, sensitivity 97.04%, Youden ros llt)s &
KNN, and decision tree index 94.71%, and F1-score v
97.41%
Dense EfficientNet Dense EfficientNet: Higher number of
[37], 2022 3260 MRI brain images (proposed), ResNet 50, accuracy 98.78%, parameters and evaluation
MobileNet, MobileNetV2 F1-score 98% time
[38], 2022 BRATS 2015 dataset, 2000 Residual network Residual networl:: Lack (.)f performz.ance
MR images accuracy of 97.05% metrics evaluation
Modified two-step ) o )
BRATS 2017, dragonfly method Accuracy: 98.20 /o,.rv.ecall. Data processing and
[39], 2020 . 95.13%, and precision: L
3D image dataset (proposed), random forest, o over-fitting
93.21%
SVM, fuzzy C-means
Dice score of 86%, .
[40], 2019 BRATS 2013 MRI Hybrid CNN models sensitivity of 86%, and Only one tumor per slice
tumor dataset e o was evaluated
specificity of 91%
. KNN classifier (proposed), Accuracy of 95.6% and .
[15], 2019 227 MR images RE, NB, and RBF AUC of 99% Lack of MR images
CNN (proposed), Accuracy of 93.30%, AUC
Our work 3264 MR images ResNet-50, VGG16, and of 98.43%, recall of 91.13%, —

Inception V3

and loss of 0.25
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3. Methodology
3.1. Proposed Architecture

In our study, an input image with a size of 32 x 32 pixels was sent to an initial
convolutional layer with 16 filters, a 32 x 32 x 16 feature map, and a kernel size of 3 x 3
in order to search for the most-generic features. The convolutional layer’s output was
then forwarded to a max-pooling layer feature map of 15 x 15 x 16 to decrease the size
of the spatial data for the subsequent layer by half. The max-pooling procedure selected
the greatest number of elements or pixels from the feature map area that the filter has
covered. This result was then fed to a further convolutional layer with filter values of 32
and a 13 x 13 x 32 feature map with a 3 x 3 kernel size. After that, the output was then
forwarded to the max-pooling layer feature map of 6 x 6 x 32 to cut the amount of spatial
data for the next layer in half. Another convolutional layer and another pooling layer came
next. The feature map of 4 x 4 x 64 in size was made up of 64 filter values and a kernel size
of 3 x 3 in the final convolutional layer, while the final pooling layer had a feature map of
2 x 2 x 64. The newly created 4160-dimensional fully connected dense layer received the
flattened final output of the previous convolutional layer. This output was sent to the final
output layer, which included a softmax activation function. While the last layer employed a
softmax activation with no dropout for the output, all the other layers utilized a dropout of
0.5 with a ReLU activation function. The above-proposed CNN architecture’s configuration
is depicted in Figure 2. The model was trained, validated, and tested using 80 epochs, a
batch size of 18, and a learning rate of 0.01. Along with the Adam optimizer, a categorical
cross-entropy-based loss function was calculated to find the loss value.

The methodology is divided into a few important stages. First, we collected our data
from an available online source (kaggle.com (accessed on 10 November 2022)), then we
pre-processed our datasets. We used the holdout validation system in the validation stage.
We applied various machine learning models to train our images. Our dataset was split into
three groups: 80% for training, 10% for testing, and 10% for validation. We tried to validate
four different types of brain images: glioma tumors, meningioma tumors, no tumor, and
pituitary tumors. Then, in order to validate our findings, we considered several types of
metrics including the accuracy, recall, AUC, and loss. Figure 3 shows the step-by-step
breakdown of this research.

3.2. Environment Setup

We set up our environment using a fully cloud-based Google Colab Pro+ platform.
The Google Colab Pro+ platform was developed using an NVIDIA Tesla K80, T4, and P100
GPUs. This platform also used a 52 Gb high-RAM runtime. It is quicker and more efficient
to train machine learning models using a highly customized platform.

3.3. Dataset Collection

We obtained the dataset from publicly accessible online data on kaggle.com to detect
brain tumors [45]. Images from magnetic resonance imaging (MRI) were used to construct
the dataset. We selected MR images for our research since MRI is the best technique for
detecting brain tumors. Meningioma (937 photos), no tumor (500 images), pituitary tumor
(900 images), and glioma tumor (926 images) were the four different types of brain tumor
data that we used in our study. In total, we used 3264 MRI data in our dataset. Table 2
displays the breakdown of the dataset, and Figure 4 shows the MR images according to the
various forms of brain tumor.
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Figure 2. Proposed CNN Architecture.
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Brain Tumor Dataset Collection
(3264 MRI images)

Dataset Preprocessing

Applied Deep
Learning Models

CNN ResNet-50 VGG-16 InceptionV3
Image input 32x32, Image input 32x32, Image input 32x32, Image input 75x75,
Epochs: 80, Epochs: 80, Epochs: 80, Epochs: 80,
Batch size: 18 Batch size: 18 Batch size: 18 Batch size: 18

Hold-out Validation
Process

Training Data: Testing Data: Validation data:
80% 10% 10%

Brain Tumor classification

Glioma Tumor Meningioma Tumor No Tumor Pituitary Tumor

Results:
Accuracy, Recall, AUC, Loss

Performance Analysis
(Deep Learning)

Figure 3. Overall Study.

Table 2. Dataset.

Brain Tumor Type Count
Glioma Tumor 926
Meningioma Tumor 937
No Tumor 500
Pituitary Tumor 901
Total 3264

3.4. Pre-Processing of the Dataset

Pre-processing is an essential stage, where the data are processed to make them usable
for training purposes. Since the MR images were obtained from a patient database, they
were not clear and low-quality. In order to prepare our images for further processing, we
normalized them at this stage. In order to smooth the images and remove the blurred
images from the original images, the authors also used Gaussian and Laplacian filters.
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Figure 4. MR images of brain tumors. (a) Glioma tumor. (b) Pituitary tumor. (c) No tumor.
(d) Meningioma tumor.

3.5. Data Division and Augmentation

Our dataset was small and only included MR images, but deep neural networks
require a large dataset to produce promising results. Our dataset included a total of
3264 MR images, with 80% of the data used for training and the remaining images used
for testing and validation at a rate of 10% and 10%, respectively. The amount of the
original data can be increased by augmentation, and then, the training can be improved.
Additionally, this enhances the model’s capacity for learning. Therefore, we performed data
augmentation by mirroring the MR images and applied rotation, width and height shifting,
and zooming. The datasets were then validated using the holdout validation method.

3.6. Validation Process

For the dataset of the 3264 scan images, it was critical to choose the best validation
procedure. We used a holdout validation process, keeping 80% of the data for training
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and 20% for testing. The holdout validation technique is the most-commonly used method
and produces effective results [46]. The holdout method typically involves splitting the
dataset into two parts: a training set and a testing set, which helps the model train faster.
The training set was used to train the deep learning model, while the testing set was used
to evaluate the model’s performance. In the holdout method, 80% of the dataset was
randomly selected to be used as the training set, and the remaining 20% was used as the
testing set. The model was trained on the training set and then evaluated on the testing
set to estimate its performance. The advantage of using 80% of the data for training is that
the model has more data to learn from, which can help it generalize better to new, unseen
data. However, the testing set is not representative of the overall data, so the performance
estimate may be biased.

3.7. Performance Metrics

To evaluate the machine learning models and analyze their performances, we consid-
ered some metrics such as the accuracy, recall, and area under the curve (AUC).

3.7.1. Accuracy

Accuracy measures the number of correct predictions divided by the total number of
samples. Applying Equation (1), we can calculate the accuracy.

Accuracy = ((TN + TP)/(TP + TN + FP + FN)) x 100% 1)

where:

TP = True positive;
TN = True negative;
FN = False negative;
FP = False positive.

3.7.2. Recall

Recall is one of the another most important metrics to evaluate machine learning
model. The recall can be calculated as:

Recall = TP/ (TP + FN) )

3.7.3. Area under the Curve

AUC stands for the area under the curve. The AUC evaluates how effectively the
model distinguishes between both positive and negative categories. Higher AUC values
indicate a better performance of the model.

4. Machine Learning Models
4.1. Transfer Learning Models

Transfer learning is a type of machine learning that is frequently employed with
previously trained neural networks [47-49]. For image categorization and detection, some
transfer learning models, including VGG16, ResNet-50, and Inception V3, are frequently
utilized [50,51]. Transfer learning methods have the greatest advantages in terms of cost
and time efficiency [52]. Instead of beginning from scratch, which takes more time and
requires the utilization of GPU resources and big image databases, the pre-trained models
are leveraged to transfer information and complete the task [53,54].

4.1.1. ResNet-50

The short form of the residual network is ResNet-50. ResNet-50 is an adaptation of the
ResNet architecture that has 50 deep layers and has been trained using at least one million
examples from the ImageNet database [55]. The ResNet-50 architecture comprises a series
of average pooling convolutional units [56].
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Although the residual network layer is connected to the layers further ahead, in typical
neural networks, each layer’s output is connected to the next input layer [57]. Figure 5
shows the residual block of the transfer learning model [58]. If there is a large amount
of data accessible and there are more layers and parameters, the accuracy will increase.
However, when the number of parameters or layers increases, issues such as vanishing
gradients start to occur. At this moment, residual networks operate more effectively and
provide good solutions. They might skip superfluous or unnecessary layers to achieve
greater accuracy. Using residual connections, some layers can be skipped. Skip-connections
can be placed between two or more layers [59-61].

Fix)+x

Weight Layer

F(x) X Identity

Weight Layer

X
Residual Block

Figure 5. Residual block.

4.1.2. VGGI16

The VGG16 network structure was proposed by Zisserman and Simonyan in 2014,
which is one of the VGG-NET-based networks [62]. VGG16 is a deeper network for
detecting and classifying images, similar to AlexNet [62-64]. The ImageNet database can
be used to train VGG16 [65]. When recognizing and categorizing the images, the dataset
can be expressed with greater accuracy using VGG16 [66]. One benefit of VGG16 is that it
performs better when dealing with vast amounts of data and in complex context recognition
tasks [67-69]. The VGG16 network includes 16 convolutional layers and a 3 by 3 receptive
field. There are a total of 5 such layers, each with a size of 2 x 2 (max-pooling layers). The
final max-pooling layer is followed by 3 completely linked layers. The ReLU activation
function is utilized to activate the hidden layer in VGG16, and the final layers use the
softmax classifier [58]. Figure 6 shows the VGG16 architecture.
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Input Image 32x32

Convolution + ReLU

Conv 2

Max Pooling

32x32x64
onv 3 Fully Connected + ReLU

16x16x128

BxBx256

Axdx512

1x1x1000
Figure 6. Architecture of VGG16.

4.1.3. Inception V3

The Inception v3 model is a deep learning network model that is mostly used for image
categorization and detection [70-73]. The training of Inception V3 is difficult with a low
computer configuration; sometimes, it takes few days to train the model [71,74]. Compared
to Inception V1, which GoogLeNet released in2014, Inception V3 is an upgrade [75]. In
2015, Inception V3 was released with 42 layers and minimal error rates compared to its
predecessors. The steps of the Inception process are convolution, pooling, dropout, fully
connected, and softmax [76,77]. Figure 7 shows the architecture of Inception V3 [78].

( 2x )

[ Convolution

=3 MaxPool [ Dropout
mm AvgPool B Fully Connected
I Concat [ SoftMax

Figure 7. Architecture of Inception V3.
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5. Results’ Analysis and Discussion

The results of various types of developed deep learning models—i.e., the VGG16,
CNN, ResNet-50, and Inception V3 classification algorithms—on the brain tumor MR image
dataset are analyzed in Table 3, and comparisons are shown in Figure 8. In Table 3, we
present the performance of the models with respect to the accuracy, area under the curve
(AUC), recall, and loss function results. After analyzing the methods of the CNN, VGGI6,
ResNet-50, and Inception V3, it was observed that the CNN outperformed the other deep
learning models based on the findings in Table 1. The CNN achieved a validation accuracy
of 93.3%, a validation AUC of 98.43%, a validation recall of 91.1%, and a validation loss
of 0.260.

Table 3. Deep learning models” performance on brain tumor detection.

Models Accuracy (%) AUC (%) Recall (%) Loss
CNN 93.30 98.43 91.13 0.25
ResNet-50 81.10 94.20 81.04 0.85
VGG16 71.60 89.60 70.03 1.18
Inception V3 80.00 89.14 79.81 3.67

In Figure 9, the validation accuracy with respect to the training accuracy graphs for
the CNN, ResNet-50, Inception V3, and VGG16 are presented accordingly. The blue lines
present the training accuracy, and the orange lines present the validation accuracy. Here,
the CNN achieved the highest validation accuracy of 93.30% with a training accuracy
value of 90.50%. ResNet-50 achieved a validation accuracy of 81.10% with the highest
training accuracy value of 98.43%. Inception V3 achieved a validation accuracy of 80% and
a training accuracy of 91.79%. However, VGG16 achieved the least validation accuracy
of 71.60% and the least training accuracy of 79.20%. While implementing the models, the
epochs were selected to be 80, and the batch size was selected to be 18 with the Adam
optimizer. According to the accuracy graph analysis, the CNN performed better than the
other models, because the validation accuracy had a great output curve with respect to the
training accuracy, and no over-fitting or under-fitting problems occurred.

120

100 98.43%
93.3% 94.2%
89.14% 89.6%
81.1% 30%
20
71.6%
60
40
20
3.67
0.25 0.85 1.18
0
CNN ResNet-50 Inception V3 VGG-16

W Accuracy mAUC Loss

Figure 8. Performance analysis of the proposed model in terms of the accuracy, AUC, and loss.
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Figure 9. Accuracy Graphs for the CNN, ResNet-50, Inception V3, and VGG16.

In Figure 10, the validation AUC with respect to the training AUC graphs for the CNN,
ResNet-50, VGG16, and Inception V3 are presented accordingly. The blue lines present the
training AUC, and the orange lines present the validation AUC. Here, the CNN achieved
the highest validation accuracy of 93.30% with a training accuracy value of 90.50%. The
AUC determines the model’s performance and assesses the model’s ability to differentiate
between classes. The higher the AUC value, the better the model’s performance is. Here,
the CNN achieved the highest validation AUC of 98.43% with a training AUC value of
98.40%. ResNet-50 achieved a validation AUC of 94.20% with the highest training AUC
value of 99.95%. Inception V3 achieved the least validation AUC of 89.14% and a training
accuracy of 96.97%. However, VGG16 achieved a validation AUC of 89.60% and the least
training accuracy of 95.32%.

In Figure 11, the validation loss with respect to the training loss graphs for the CNN,
ResNet-50, VGG16, and Inception V3 are presented accordingly. The blue lines present
the training loss, and the orange lines present the validation loss. The loss is a penalty
for making an incorrect prediction. However, the loss is a number that indicates how
inaccurate the model’s prediction is at each epoch. If the loss is zero, the model’s prediction
is perfect; otherwise, the loss is greater. To calculate the loss in the detection process, we
used the categorical cross-entropy loss function. The categorical cross-entropy is a loss
function that is mostly used in multi-class classification tasks. Here, the CNN achieved the
lowest validation loss of 0.250 with a training loss value of 0.289. ResNet-50 achieved a
validation loss of 0.853 with a very low training loss value of 0.063. Inception V3 achieved
the highest validation loss of 3.67 and a training loss of 0.535. However, VGG16 achieved a
validation loss of 1.18 and a training loss of 0.533.
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Figure 10. AUC graph for the CNN, ResNet-50, Inception V3, and VGG16.

In Figure 8, a comparison is made in terms of the accuracy, AUC, and loss of the
models. The performance of the models was considered in terms of the accuracy, AUC,
and loss. From Figure 5, we can observe that the CNN achieved the highest validation
accuracy and validation AUC compared to the other models, which were 93.30% and
98.43%, respectively. Apart from that, the CNN achieved the lowest validation loss of 0.25.
However, Inception V3 achieved the highest loss of 3.67 and the least AUC score of 89.14%.
Besides, VGG16 achieved the least accuracy score of 71.60% with a high loss value of 1.18.
In addition, ResNet-50 achieved the second-highest accuracy and AUC score with a lower
loss value. After analyzing the overall scores and performance, the proposed CNN was
considered the bestmodel for detecting multiple brain tumors using MR images.

In this research, we tried to analyze various transfer learning models; however, we did
not conduct experiments to evaluate how these models work. Considering the fine-tuning
of the pre-trained models, we will explore this in future research and strive to gain a
deeper understanding of them. In addition, another limitation of this study is that we
did not visualize the important areas of the brain tumors due to the lack of any post hoc
explanation tools.
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Figure 11. Loss graph for the CNN, ResNet-50, Inception V3, and VGG16.

6. Conclusions and Future Works

Early detection of brain tumors can play a significant role in preventing higher mor-
tality rates globally. Due to the tumor’s form, changing size, and structure, the correct
detection of brain tumors is still highly challenging. Clinical diagnosis and therapy decision-
making for brain tumor patients are greatly influenced by the classification of MR images.
Early brain tumor identification using MR images and the tumor segmentation method
appear promising. Nevertheless, there is still a long way to go before the tumor location can
be precisely recognized and categorized. For the purposes of early brain tumor detection in
our study, we used a variety of MRI brain tumor images. Deep learning models also have
a significant impact on classification and detection. We proposed a CNN model for the
early detection of brain tumors, where we obtained promising result using a large amount
of MR images. We employed a variety of indicators to ensure the efficiency of the ML
models during the evaluation process. In addition to the proposed model, we also took
into account a few other ML models to assess our outcomes. Regarding the limitations of
our research, as the CNN had several layers and the computer did not have a good GPU,
the training process took a long time. If the dataset is large, such as having a thousand
images, it would take more time to train. After improving our GPU system, we minimized
the training time. Future work can be performed to better correctly identify brain cancers
by using individual patient information gathered from any source.
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