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ABSTRACT

Brain tumors have been considered to be one of the most severe neurological conditions
because they cause high mortality rates and impact negatively on the physical, cognitive, and
psychological health of patients. Early diagnosis and rapid disease identification is crucial
towards better treatment outcomes and higher survival. The Magnetic Resonance Imaging
(MRI) has become a credible modality of imaging to identify structural aberrations within the
brain tissues. The recent improvements on deep learning showed good prospects in automating
the medical image analysis, specifically undertaking the task of tumor detection and
classification. The paper is a comparative analysis of various deep learning methods, which are
Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN) and Transfer
Learning (TL) models, in automated brain tumor classification. The dataset of 3,190 contrast-
enhanced T1-weighted MRI images was preprocessed by data cleaning and augmentation
methods to improve models performance and generalization. According to the experimental
results, CNN-based structures are superior when compared to the traditional ANN models, and
their classification accuracy is higher. Moreover, a fine-tuned VGG16 transfer learning model
proves to be more effective when it comes to categorizing tumors with multi-classes and is able
to distinguish between benign, malignant and pituitary tumor. The suggested framework
demonstrates a high value of validation accuracy and F1-score, which indicates the efficiency
of deep learning in assisting in clinical decision-making. These results imply that a higher order
neural network model can be used to help diagnose the patient faster, better treatment planning,
and better patient care in neuro oncology.

Keywords- Deep Learning, Artificial Neural Network (ANN), Convolutional Neural Network
(CNN), Transfer Learning (TL), VGG16, Medical Image Analysis, Multiclass Classification,
Tumor Segmentation.

1. INTRODUCTION

The brain tumors are one of the most peculiar and dangerous disorders of the nervous system
as an unusual growth of cells in the brain may significantly impair the mental activity, motor
skills, and the quality of life [1]. The growing prevalence of brain tumors in the world has made
the early diagnosis and proper classification to be a key concern in medical studies [2].
Conventional diagnostic technologies are mostly dependent on the manual interpretation of
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medical images can often be a lengthy process and may also be prone to mistakes caused by
human error. Thus, the application of sophisticated computational methods to clinical practice
has received considerable popularity in the recent years. Magnetic Resonance Imaging (MRI)
has been well established as one of the best imaging modalities used in the detection of brain
tumors because it has the capability of producing high-resolution images of soft tissues without
subjecting the patients to ionizing radiations [3]. Nonetheless, the analysis of MRI data of large
amounts of data needs skill and regular criteria evaluation. As the artificial intelligence
accelerates, deep learning models have become dominant tools that can automatically extract
meaningful features in a complex medical image. This model not only helps to burden
radiologists, but also increases the accuracy and consistency in the diagnosis. Deep learning
methods, especially, the Artificial Neural Networks (ANN), Convolutional Neural Networks
(CNN), and Transfer Learning (TL) methods have shown impressive results in image
classification tasks and medical image analysis. The CNN designs are particularly useful since
they are capable of learning spatial hierarchies and fine details of MRI scans. Transfer learning
also enhances performance based on the fact that it takes advantage of the knowledge acquired
in pre-trained models to facilitate efficient learning despite having limited medical properties.
Through this combination, scientists hope to come up with strong systems that can effectively
discriminate various types of tumors like benign tumors, malignant and pituitary tumors. The
study is aimed at designing a deep learning-based brain tumor detection and multi-class
classification framework based on the MRI images. The paper informs and provides a
comparative analysis of various neural network structures in order to ascertain their
effectiveness in enhancing classification accuracy and reliability [4]. The proposed solution
will help in promoting effective diagnosis, improved planning of treatment and successful
patient outcomes by facilitating clinical decision-making and improving early detection of the
condition in neuro-oncology [5].

1.1 Background and Significance

One of the most urgent neurological disorders is the brain tumors that are associated with the
unnatural increase of the growth of the brain cell that may considerably influence the cognitive
processes, the motor functions, and the quality of life [6]. It makes them complex in nature and
possible to develop into life-threatening conditions, therefore, to be treated properly, it is
necessary to detect them early and properly classify them. The increasing cases of brain tumors
around the world has made researchers consider the use of intelligent diagnostic systems that
would be helpful to clinicians and minimize the chances of delayed or wrong diagnosis [7].
1.2. Role of MRI and Deep Learning in Diagnosis

The magnetic Resonance Imaging (MRI) is ranked among the most effective imaging methods
of detecting abnormalities in the brain due to the fact that it gives a detailed image of the soft
tissues without the exposure to harmful rays. Nevertheless, manual interpretation of MRI scans
is time-consuming and can differ according to the skills of radiologists [8]. The field of medical
image analysis has witnessed the development of a potent solution deep learning, which allows
extracting the features automatically and recognizing the patterns precisely. Artificial Neural

Networks (ANN), Convolutional Neural Networks (CNN) as well as Transfer Learning (TL)
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frameworks are models that have been shown to perform very well in image classification and
tumor detection tasks [9].

2. LITERATURE SURVEY

The recent years have been marked by tremendous advances in the detecting and classifying
brain tumors with the help of using medical imaging and smart computational techniques.
Initial studies were more on traditional methods of image processing and machine learning in
order to enhance the quality of diagnosis. Another interesting one involved the Watershed
segmentation algorithm coupled with a Euclidean distance classifier, which was used to
differentiate healthy and abnormal brain tissues. This approach allowed identifying the regions
of tumors much faster and assisting with the initial classification using regional boundaries and
spatial distances [10].

Future research used feature-based analysis of MRI images, in which preprocessing steps,
including normalization, intensive analysis, and detecting shape and texture features, were
important. The most relevant features were chosen with the help of such techniques principal
component analysis (PCA) feature reduction Linear Discriminant Analysis (LDA) was used to
increase the classification efficiency [11]. These techniques showed that the performance of
conventional machine learning models can be enhanced with the help of optimized feature
engineering. The methods that were introduced through the use of neural networks provided
more sophisticated learning abilities in identifying brain tumors. The Probabilistic Neural
Networks (PNN), Back Propagation Networks (BPN), and Radial Basis Function networks
were used as models to classify regions of tumors with the use of MRI images [12]. These
systems were generally used during training and testing, and thresholding and region isolation
methods were used to increase the accuracy of classification. The models of probabilistic neural
networks, specifically, demonstrated good performance with high accuracy rates on a variety
of datasets using matrix representations of MRI scans [13].

As the deep learning rapidly developed, researchers started to use Convolutional Neural
Networks (CNNs) to handle complicated problems of medical image analysis [14]. Proposed
cascaded CNN structures were used to find tumors and do intra-tumor classification at the same
time, and it was shown that they had better detection limits than traditional models [15].
Another recent development in the field was deep convolutional network in U-Net architecture
which facilitated accurate segmentation of tumors without invasive intervention, targeting at
core tumor regions based on MRI information. Moreover, CNN-based dedicated frameworks
were designed to categorize tumors as high-risk ones or low ones through clinical imaging
characteristics. More recent segmentation methods to solve the problem of glioma tumors have
also included the overfitting, noise reduction and even the post-processing and this has led to
more precise and consistent detection of tumor boundaries [16].

All in all, it can be seen that the literature is characterized by a significant shift in the traditional
approaches to machine learning to the solutions based on deep learning [17]. Though the
previous methods were mainly based on handcrafted features and classical classifiers, the
current architectures are based on the ability to use automated feature extraction and

hierarchical learning to improve performance in brain tumor detection and classification
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scenarios [18]. These developments give the basis to come up with stronger, more precise and
clinically viable diagnostic systems [19].

3.

KEY CHARACTERISTICS AND SUBFIELDS OF Al

Artificial intelligence has transformed the healthcare sector because of its innate capability to
work smartly, identify tendencies, and adjust to the realities. A number of different subareas of
Al have been instrumental in the application of Al to healthcare each offering distinct abilities
[20].

Intelligent operation: The design of Al systems has been to be proactive and respond to
developments as they come about in the system and it is intentional, intelligent and
adaptive. This competence is essential to the domain of healthcare since the patient
outcomes can be greatly affected by the adequacy of decision-making; the latter is timely
and precise [21].

Pattern recognition: The design of Al systems has been to be proactive and respond to
developments as they come about in the system and it is intentional, intelligent and
adaptive. This competence is essential to the domain of healthcare since the patient
outcomes can be greatly affected by the adequacy of decision-making; the latter is timely
and precise [22].

Dynamic and autonomous learning: The Al systems are vibrant and independent where
they never cease to learn and refine over time as the volume of data increases. This
flexibility is crucial throughout healthcare as Al systems should keep up-to-date on the
current medical knowledge and patient information to be able to give correct and topical
recommendations [23].

3.1 Subfields of Artificial Intelligence

Machine learning: Machine Learning (ML) is concerned with the creation of algorithms
that allow computer software to become more auto-enhanced through experience. It
includes supervised learning (learning on labelled data), unsupervised learning (learning
patterns on unlabelled data), and reinforcement learning (learns by acting, trying out, and
increasing the rewards). [24].

Deep learning: DL is the branch of ML that involves a multilayer neural network to process
the extensive data. It is especially useful in visual and speech recognition where it can draw
complicated patterns and draw correct decisions [25].

Natural language processing: NLP allows the Al systems to comprehend human language
and communicate with it. Applied in the healthcare industry, NLP can be used to analyze
clinical notes, extract information based on the medical records, and assist patients in
communication by chat bots and virtual assistance [26].
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Figure 1: Subfields of Artificial Intelligence
3.2 Importance of Al in healthcare and aim of Al in healthcare
Acrtificial intelligence will transform healthcare in various aspects of improving diagnostics,
leading personalized therapies, and real-time monitoring, and making healthcare procedures
more efficient [27]. Diagnostic systems powered by Al are tapping into deep learning with
convolutional neural networks to diagnosed medical images, such as CT scans, MRIs, X-rays,
and ultrasounds, with relative accuracy, oftentimes detecting subtle level of information that
was overlooked by the clinicians a number of studies have said that Al has the capacity to
actually diagnose human experts at utilizing their skin cancer, breast cancer, diabetic
retinopathy, pneumonia, and a myriad of other diseases and can actually perform better than
them [28]. In personalized treatment, Al processes scan huge amounts of data, such as genetic
data, all the way to electronic health records and clinical trials, identifying the optimal
treatment to apply to a particular group of patients [29]. To be quite frank, this is absolutely a
game changer and a shift to a more precise form of medicine where we are tailoring individual
treatments according to the individual make up of each person. Remote patient monitoring has
ceased to be a geeky idea but emerged to be a game-changer in reality [30].
3.3 Al potential
Acrtificial Intelligence (Al) can revolutionize almost all types of activities in society, such as
healthcare and education, transport, and finance. Using data, machine learning, and
sophisticated algorithms, Al systems can be used to increase efficiency, improve decision-
making, and develop new products and services. In the medical field, Al might be used to help
in the diagnosis of diseases, drugs, and treatment systems. In business, Al is simplifying
business procedures by automating business processes, predictive analytics, and customer
personalization [31]. Moreover, Al is also assisting scientific research by accelerating the data
analysis and simulations and simulations in many fields of science, such as climate science,
and molecular biology. Nevertheless, there are also ethical, legal, and social issues that are
becoming increasingly problematic with the fast development of Al, e.g., job displacement,
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algorithm bias, and data privacy. Consequently, the responsible development, governance and

cooperation among stakeholders are the keys to the realization of the full potential of Al [32].

4 APPLICATIONS OF BRAIN TUMOR

e Automated Medical Diagnosis: Brain tumor detection systems that are developed based
on deep learning assist radiologists with automatic screening of MR1 images and detection
of any abnormal tumor. Such systems enhance faster diagnosis and minimise the possibility
of human error, which contributes to more accurate clinical assessment [33].

e Early Tumor Detection: Deep learning models are able to identify images of tiny
structures in medical images, which are not easily visible by human vision. The timely
medical intervention, higher cure rates, and prevention of further development of the
disease allow this to be achieved by early detection of the tumors [34].

e Tumor Classification and Risk Assessment: Advanced neural networks categorize the
tumors into various types like benign, malignant or pituitary tumors. Proper diagnosis is
valuable in the sense that it guides physicians to determine the severity of the tumor and
the kind of treatment that is likely to be best in a particular patient [35].

e Treatment Planning and Monitoring: Applications of deep learning are used to assist in
treatment planning with the ability to offer detailed information regarding tumor size,
location, and growth patterns. These systems also enable doctors to observe the
effectiveness of treatment by making comparisons of MRI scans between times [36].

e Surgical Assistance and Precision Medicine: Al-based tumor detection can instruct
neurosurgeons in terms of showing tumor boundaries and important brain areas. This assists
in the carrying out of safer surgeries and aids in personalized medicine in that the treatments
are custom-made to meet the specific tumor traits of patients [37].

e Telemedicine and Remote Diagnosis: Deep learning models can be used to analyse MRI
scans remotely and allow specialists to diagnose patients even in a distant place. The
application is especially handy in the regions with the lack of professional medical care
[38]

5 PROPOSED METHODOLOGY

The research methodology is based on the creation of the automated deep learning framework

to detect brain tumors and classify them in multiclasses with MRI images viewed as accurate.

The general stage of work is divided into a number of steps, such as the data acquisition, pre-

processing, and modeling development, training, and performance analysis. All the steps are

meant to increase feature extraction, accuracy of classification, and provide reliable results to

be used in clinical practice [39].

5.1. Data Collection and Dataset Description

The research comes with a contrast-enhanced T1-weighted MRI brain data set which contains

various types of tumours. The dataset consists of pictures of benign tumors, malignant tumors

and pituitary tumors. Each image is further classified into organized classes in order to allow
supervised learning. Effective labeling of the deep learning models will be necessary to be able

to learn the distinguishing characteristics between various types of tumors [40].
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5.2 Data Preprocessing and Augmentation

Prior to training, MRI images are subjected to pre-processing in order to enhance the quality

of data and noise reduction. This step involves resizing of images, normalizing the images, and

contrasting the images, as well as removing any irrelevant background details. Data
augmentation methods are used to process rotation, flipping, and zoom in and scaling to
enhance the diversity of a dataset and reduce over fitting. Pre-processing is used to standardize

the input data and enhance the generalization of the model [41].

5.3. Model Architecture Design

The suggested model analyzes several deep learning networks, such as artificial neural network

(ANN), convolutional neural network (CNN) and transfer learning (TL) methods.

e ANN Model: It is a baseline classifier, which extracts flattened image features and learns
non-linear correlations between input data and tumor classes [42].

e (NN Model: This architecture has several convolutional and pooling layers that are used
to extract spatial patterns and hierarchical characteristics of MRI scans. Activation and
dropout layers are added to improve the efficiency of the learning process and over fitting
[43].

e Transfer Learning Model (VGG16): It is a fine-tuning of a pre-trained VGG16 with the
help of the MRI dataset. The last fully connected layers are adapted to multi-class
classification to enable the model to use previously learnt features of the images [44].

5.4. Training Strategy

The dataset will be separated into training, validation, and testing sets. In a training process,

model weights are updated by using the optimization algorithms of categorical cross-entropy

was used as the loss function and the Adam optimizer was considered to train the model with
the hyperparameters of learning rate, batch size, and the number of epochs being important that
are very carefully selected to have the stable convergence. The regularization methods used

include drop out and early stopping so as to avoid over fitting [45].

5.5. Performance Evaluation

Accuracy, precision, recall, F1-score and confusion matrix are all standard measures that can

be used to assess model performance. ANN, CNN and transfer learning models are compared

to, and the most effective architecture is determined. The validation accuracy, loss curves are
followed to determine stability of training and model ability to generalize. The suggested
methodology will develop an effective and powerful system of deep learning that identifies and
recognizes brain tumors on MRI images with accuracy and precision, which will ultimately
assist in the rapid diagnosis and optimal clinical decision-making [46].
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Figure 2 Show the complete system architecture diagram of the proposed method.
6 RESULT ANALYSIS
The suggested deep learning model was tested on a set of 3190 contrast-enhanced T1-
weighted MRI images comprising three classes: benign, malignant, pituitary tumors. The data
was separated into training, validation, and testing data sets with the aim of achieving the
right generalization of the models.
Three models were put in place and compared:
1. Artificial Neural Network (ANN)
2. Convolutional Neural Network (CNN)
3. Transfer Learning model using VGG16

Model Accuracy Precision Recall F1-Score

ANN 88.2% 87.5% 86.9% 87.2%

CNN 94.6% 94.1% 93.8% 93.9%
VGG16 (TL) 97.8% 97.5% 97.2% 97.3%

The results clearly indicate that:

e (NN significantly outperforms ANN due to spatial feature extraction.

e VGG16 achieves the highest performance due to transfer learning and pre-trained feature

representations.
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6.1 Training and Validation Performance
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Figure 3: Accuracy vs Epochs
e (NN and VGG16 show smooth convergence.
e ANN displays slower learning and a bit of instability.
e VGG16: Pre-trained weights make VGG16 achieve peak accuracy more quickly.
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Figure 4: Loss vs Epochs
e (NN and VGG16 exhibit a decreasing loss.
e ANN exhibits increased loss and slower convergence.
o Little overfitting because of dropout and augmentation.
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6.2 Confusion Matrix Analysis
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Figure 4: Confusion Matrix (VGG16 Model)
e Most forecasts are in the diagonal — high classification accuracy.

e Misclassification of minor type between: benign and malignant tumors.
e Pituitary tumors can be classified most accurately because of their unique characteristics.
6.3 Discussion
This is shown through the results of the experiment to prove that deep learning models are
effective when dealing with brain tumor classification tasks.
6.3.1. ANN vs CNN
ANN models use flattened input features and cannot represent spatial relationships in MRI
images. Consequently: Reduced accuracy (88.2%) and less generalization ability.
CNN models,
1. Capture spatial hierarchies
2. Extract edges, textures, and tumor boundaries effectively
— Leading to a significant improvement (94.6%)
6.3.2 Superiority of Transfer Learning (VGG16)
The VGG16 model achieved the best performance (97.8%) due to:
1. Pre-trained weights on large datasets (ImageNet)
2. Better feature extraction
3. Faster convergence
This further confirms transfer learning is quite applicable in the field of medical imaging,
particularly when the size of datasets is small.
6.3.3 Effect of Preprocessing and Augmentation
Preprocessing and augmenting of the data were essential:
1. Reduced noise in MRI scans
2. Increased dataset diversity
3. Prevented overfitting
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This resulted in:

1. Stable training curves

2. Improved validation accuracy

6.3.4. Limitations

The sample of this study is moderate in size (3,190 images), which could be disadvantageous

in generalization. The performance of the model may be different in a real-world hospital

setting because of the differences in imaging conditions and patient diversity. Also, the method

consumes large amounts of computational capacity, thus less resource-constrained

environments.

1. CONCLUSION AND FUTURE WORK

This paper introduces a deep learning method of brain tumor detection and classification based

on MRI images. Further comparative studies between ANN, CNN, and transfer learning

models indicate that deep convolutional architectures, especially the fine-tuned VGG16 model,

are more accurate and performing better with multi-class tumor classification. The results show

that deep learning tools can potentially improve the efficiency of diagnosis and help politicians

make clinical decisions in neuro-oncology.

Future studies can be conducted to learn with bigger and more diverse datasets to enhance

model generalization. Future improvement can be achieved through exploration of super-

architectures like attention-based or hybrid models, explainable Al techniques, and lightweight

models to run in the real-time clinical setting.
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