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Abstract: A brain tumor diagnosis is a complex and difficult task that requires accurate and efficient
data analysis. In past years, deep learning has emerged as a promising tool for improving the accuracy
of mental health diagnoses. This research article presents a review of various in-depth studies and
models for mental health diagnosis and examines the performance of convolutional neural networks
(CNNs), VGG16, and other deep learning models on multistate data in the brain. The results show
that deep learning models can provide high accuracy and efficiency in brain tumor detection beyond
imaging techniques to also discuss the clinical applications of these models, including assisting
radiologists in brain diagnosis and improving patient outcomes. Overall, this work raises awareness
of deep learning’s application in medicine and offers insights into the future of brain tumor research.
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1. Introduction

Brain tumors are among the most challenging conditions to identify and manage.
They are hard to find with traditional imaging methods because of their differences in size,
shape, and position. On the other hand, current developments in deep learning methods
show promise for raising the precision and effectiveness of brain tumor diagnosis [1]. The
technique of deep learning, a kind of machine learning, uses neural networks to model and
solve complex problems. With the help of characteristics and patterns that may be utilized
to create predictions or classifications, these networks are made to learn from massive
datasets [2]. In clinical research, deep learning has demonstrated significant promise for
increasing diagnosis accuracy and decreasing analysis time. This paper examines the use of
deep learning for brain diagnostics in this model, discussing several techniques and models
created for this goal, such as VGG16 and convolutional neural networks (CNNs) [3,4].
Additionally, it examines how well these models work with various kinds of neurons and
contrasts the outcomes with those of more traditional models. The purpose of this work
is to show how deep learning can improve the precision and efficacy of mental health
diagnosis [5]. This method intends to break new ground in research and treatment options
while also increasing public awareness of the use of AI in medicine. Creating a normal
brain and tumor brain MRI dataset for medical research and diagnostic purposes involves
several critical steps. Here is a general overview of how you can work on such a dataset for
(a) a normal brain and (b) a brain tumor which is depicted in the Figure 1.
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Figure 1. Normal brain and tumor brain MRI dataset. (a) Normal brain; (b) brain tumor. 

2. Literature Survey 
In recent years, many in-depth studies have been conducted on the diagnosis of men-

tal illnesses. These techniques fall into three categories: convolutional neural networks 
(CNNs), VGG16, and hybrid networks. A CNN is a widely used neural network for image 
classification. A CNN uses layers to learn the features of the image and layers to shrink 
the rest of the map. CNNs are widely used in brain diagnostics to report a 3D neural net-
work design for MRI image-based brain delineation [6]. Their design is consistent with 
results from the Brin TS state-of-the-art database, which reported a CNN-based method 
for brain segmentation in MRI images [2,7]. The method they propose provides higher 
accuracy than traditional methods, such as fuzzy C-means clustering. The hybrid network 
is a combination of the CNN and RNN [8]. It has been proposed that these networks use 
CNNs and RNNs for brain diagnostics. Using a 3D convolutional neural network (CNN), 
MRI characteristics may be extracted, and scans have 92.7% accuracy [9,10]. A neural net-
work (FCN) takes advantage of the state of the BraTS dataset for brain segmentation [11–
14]. A study using transfection methods used the pre-trained Inception V3 network and 
adjusted it to data from MRI scans, achieving 96.05% accuracy [6,12]. Another method for 
the two-step deep learning-based method for brain diagnosis is MRI scans [13,15]. The 
author used an FCN to classify tumor sites and a CNN to classify tumors [16]. The author 
achieved 87.38% accuracy and 91% accuracy in tumor segmentation, and 32% was used 
for tumor classification using an SVM classifier for brain diagnosis with features extracted 
from MRI scans with an accuracy of 88.3% [1,6,17]. The classification of glioma grade us-
ing RF was performed for up to 80.2% of the actual value [18,19]. However, these algo-
rithms require manual processing, which can take a long time and cannot capture complex 
images. Genetic Algorithms (GAs) can be used to search for key sites for the selection of 
compounds. A GA gives better results than PCA but there are some minor problems, like 
not finding the global optimum and solving different problems to find the solution [19,20]. 
In this case, PSO is applied and used for selection. A Metaheuristic, Bionic Search Tech-
nique is the best PSO [7]. The authors classified oral cancer using PSO, Bayesian LDA, and 
colony optimization (ACO) [21]. They displayed the variations in fuzzy C-means classifi-
cation accuracy between the GA and PSO for brain tumor detection. 

3. Proposed System 
A. Image Processing: There are many imaging techniques that use the brain, including 

Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and Positron 
Emission Tomography (PET). Each model has its own strengths and limitations, and 
the choice of model will depend on the specific issue and capability. MRI is the most 
widely used for brain imaging. It has a high resolution and similar texture, making 
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2. Literature Survey

In recent years, many in-depth studies have been conducted on the diagnosis of
mental illnesses. These techniques fall into three categories: convolutional neural networks
(CNNs), VGG16, and hybrid networks. A CNN is a widely used neural network for image
classification. A CNN uses layers to learn the features of the image and layers to shrink the
rest of the map. CNNs are widely used in brain diagnostics to report a 3D neural network
design for MRI image-based brain delineation [6]. Their design is consistent with results
from the Brin TS state-of-the-art database, which reported a CNN-based method for brain
segmentation in MRI images [2,7]. The method they propose provides higher accuracy
than traditional methods, such as fuzzy C-means clustering. The hybrid network is a
combination of the CNN and RNN [8]. It has been proposed that these networks use CNNs
and RNNs for brain diagnostics. Using a 3D convolutional neural network (CNN), MRI
characteristics may be extracted, and scans have 92.7% accuracy [9,10]. A neural network
(FCN) takes advantage of the state of the BraTS dataset for brain segmentation [11–14]. A
study using transfection methods used the pre-trained Inception V3 network and adjusted
it to data from MRI scans, achieving 96.05% accuracy [6,12]. Another method for the
two-step deep learning-based method for brain diagnosis is MRI scans [13,15]. The author
used an FCN to classify tumor sites and a CNN to classify tumors [16]. The author achieved
87.38% accuracy and 91% accuracy in tumor segmentation, and 32% was used for tumor
classification using an SVM classifier for brain diagnosis with features extracted from
MRI scans with an accuracy of 88.3% [1,6,17]. The classification of glioma grade using
RF was performed for up to 80.2% of the actual value [18,19]. However, these algorithms
require manual processing, which can take a long time and cannot capture complex images.
Genetic Algorithms (GAs) can be used to search for key sites for the selection of compounds.
A GA gives better results than PCA but there are some minor problems, like not finding
the global optimum and solving different problems to find the solution [19,20]. In this
case, PSO is applied and used for selection. A Metaheuristic, Bionic Search Technique is
the best PSO [7]. The authors classified oral cancer using PSO, Bayesian LDA, and colony
optimization (ACO) [21]. They displayed the variations in fuzzy C-means classification
accuracy between the GA and PSO for brain tumor detection.

3. Proposed System

A. Image Processing: There are many imaging techniques that use the brain, including
Magnetic Resonance Imaging (MRI), Computed Tomography (CT), and Positron
Emission Tomography (PET). Each model has its own strengths and limitations, and
the choice of model will depend on the specific issue and capability. MRI is the
most widely used for brain imaging. It has a high resolution and similar texture,
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making it ideal for determining the location and size of a tumor. MRI can also
provide information about the blood supply to the tumor and the presence of enemas
(swelling). MRI is noninvasive and contains no ionizing radiation, making it safe
and versatile. However, MRI can be expensive and time-consuming, and patients
may feel claustrophobic or uncomfortable during the scan. CT is another method
that can be used to image brain tumors. It uses X-rays to create detailed images of
the brain that can be used to determine the location and size of tumors. CT is faster,
cheaper, and sometimes more effective than MRI. However, CT contains ionizing
radiation, which can be dangerous to patients, and provides less contrast between
soft tissues than MRI. PET is a technique that can be used to identify areas of the
brain with increased metabolic activity that may indicate the presence of cancer.
PET scans are often used with CT or MRI scans to give more details regarding the
tumor’s dimensions and position. PET scans involve injections of antibodies that can
be harmful to patients and are more expensive and more common than MRI or CT.
For in-depth investigations, MRI is often preferred because of its high resolution and
tissue homogeneity. MRI images can be used to create 3D volumes of the brain. They
can be applied to deep learning model instructional design and evaluation. CT and
PET images can also be used for in-depth investigations but may require additional
pre-processing steps to improve image quality and reduce noise. In general, the
choice of modality depends on the specific questions and available resources, but
MRI is generally considered the gold standard for neuroimaging.

B. Pre-Processing: The methods used to obtain digital images ready for examination or
additional processing are referred to as image pre-processing. Enhancing the clarity
or quality of the image and making it simpler to retrieve valuable information from
it are the two main objectives of image pre-processing.

C. Feature Extraction and Selection: Selecting a portion of the most significant character-
istics from a dataset’s larger collection of features is known as feature selection. This
is usually accomplished by selecting the characteristics that are most informative for
the model after assessing each feature’s correlation or significance with respect to the
target variable. Contrarily, feature reduction entails condensing the initial collection
of features into a new set that is smaller and yet preserves the majority of the original
features’ content.

D. Image Classification: In computer vision, classifying images is a frequent activity
that entails labeling a picture according to its visual information. Image classification
aims to create a model that can correctly recognize the objects or scenes that are seen
in an image and give the image the appropriate label or labels.

E. VGG16: With regard to picture classification, object detection, and segmentation,
among other computer operations, this deep learning system has demonstrated state-
of-the-art performance. Thirteen convolutional layers and three complete layers
make up the sixteen layers of the VGG16 architecture. There are fixed-size 3 × 3
filters on convolution layers and fixed-size 2 × 2 filters on pooling layers. Each
convolutional layer has twice as many filters as the previous layer, with the first layer
having 64 filters. The output layer features a SoftMax function for categorization, and
each layer includes 4096 units. The VGG16 architecture’s simplicity and consistency
are among its key characteristics. Using fixed filters and filters in each layer, this
model may be readily modified for various needs. Smaller-sized filters can also aid
in maintaining performance.

Figure 2 represents the proposed framework for the VGG166 method.
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4. Result 
I obtained the following search results after using the correct code. I see that VGG-16 

can detect brain tumors easily, whereas CNN cannot detect brain tumors accurately, so 
clinical-level results are unreliable. Figure 3 represents the effective result using 
VGG166 approaches. 
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4. Result

I obtained the following search results after using the correct code. I see that VGG-16 can
detect brain tumors easily, whereas CNN cannot detect brain tumors accurately, so clinical-
level results are unreliable. Figure 3 represents the effective result using VGG166 approaches.
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Figure 3. This figure shows the effective result using the VGG16 method.

Below are the results of the CNN and VGG16 methods I used to make the decision.
This includes the loss and accuracy of the model, which can be very helpful in deciding
which model to choose for different problems. The statistical result shows the accuracy
of the model and Figures 4 and 5 Show the accuracy result between the CNN feature and
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value points and the VGG16 feature and value points where Table 1 shows the statistical
result accuracy summary of the CNN.
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Figure 5 shows the results feature of VGG16 and Figure 6 represents the comparison
result between the CNN and VGG16 approaches. Table 2 lists the number of features
correctness of the training period, the test accuracy, and the accuracy of the validation
verification, along with certain feature part assumptions for this study.

Table 2. Statistical result accuracy summary of VGG16.

Accuracy Identification Feature Rates

Total Number of Features 14

Training Time Accuracy 100

Validation Accuracy 98.75

Testing Accuracy 99.56
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5. Conclusions and Future Work 
In conclusion, the use of CNNs and VGG16 for brain cancer diagnosis shows great 

promise in improving the accuracy and speed of diagnosis. While there are still some chal-
lenges and limitations to overcome, the potential benefits are huge. As machine learning 
continues to evolve, expect to see more models developed that can detect and diagnose 
brain tumors and ultimately lead to better outcomes for patients. For future work, I would 
like to discuss the following: using deep learning, improving model accuracy, using image 
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5. Conclusions and Future Work

In conclusion, the use of CNNs and VGG16 for brain cancer diagnosis shows great
promise in improving the accuracy and speed of diagnosis. While there are still some
challenges and limitations to overcome, the potential benefits are huge. As machine
learning continues to evolve, expect to see more models developed that can detect and
diagnose brain tumors and ultimately lead to better outcomes for patients. For future work,
I would like to discuss the following: using deep learning, improving model accuracy,
using image segmentation, and identifying tumors.
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