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Abstract

Alzheimer’s disease is a progressive brain disorder that
affects memory,thinking,and behavior, and is one of the major
causes of dementia among older adults. Early detection is
essential for effective treatment and improved patient care, but
manual analysis of brain MRI scans is often time-consuming
and complex. This project focuses on developing an automated
system using deep learning techniques to detect and classify
Alzheimer’s disease from brain MRI images. The dataset
consists of images categorized into different stages such as
non- demented, very mild, mild, and moderate Alzheimer’s.
Preprocessing steps like image resizing and normalization are
applied to enhance data quality before training. Overall, this
project involves collecting and preprocessing MRI image data,
training multiple deep learning models such as CNN, VGG16,
and MobileNet, and evaluating their performance using
accuracy and confusion matrix. The best- performing model is
then integrated into a Streamlit-based web application, where
users can upload MRI images and receive instant predictions.
The system also provides visualizations to better understand
model performance. This end-to end approach offers a
simple,efficient and user user-friendly solution that supports
early detection and assists healthcare professionals in making
better decisions.

Index Terms—Crime Rate Analysis, Machine Learning, Ran-
dom Forest, Prediction, Classification.

I. INTRODUCTION

Alzheimer’s disease is one of the major challenges affecting
public health, cognitive well-being, and quality of life
worldwide. With the rapid growth of medical imaging data
such as MRI scans, traditional diagnostic methods have become
time-consuming, expensive, and dependent on expert
interpretation. Advancements in deep learning techniques
provide effective solutions for analyzing large volumes of
medical data and identifying complex patterns for early and
accurate disease detection.

Project Overview
This project focuses on the detection and classification of

Alzheimer’s disease using deep learning techniques applied
to brain MRI images. Data preprocessing methods such as
image resizing, normalization, and noise reduction are used
to enhance the quality of input data. Multiple models
including Convolutional Neural Networks (CNN), VGG16,
and MobileNet are trained to accurately classify the stages
of Alzheimer’s disease. A web-based interface is developed
using Streamlit to allow users to upload MRI images and
obtain predictions in real time. Visualization techniques
such as accuracy graphs and confusion matrices are used to
evaluate model performance and interpret results
effectively.

With the advancement of medical imaging
technologies, large volumes of MRI data are generated
daily, making manual diagnosis time-consuming and
dependent on expert analysis. Alzheimer’s disease,
including stages such as non-demented, very mild, mild,
and moderate dementia, has shown a significant increase
worldwide. Medical data collected from hospitals and
diagnostic centers is used to train deep learning models.
These models assist healthcare professionals by enabling
early detection, identifying disease progression, and
supporting accurate clinical decision-making.

A. ProblemDefinition

The objective is to design and implement an intelligent
system for the detection and classification of Alzheimer’s
disease using brain MRI images by leveraging deep learning
techniques. The system aims to assist healthcare professionals
by accurately identifying different stages of the disease and
enabling early diagnosis. In addition to analyzing MRI data,
the system should handle variations in image quality and
improve prediction accuracy through effective preprocessing
and model optimization. The system also provides prediction
probability and confidence scores for each class, ensuring
better interpretability and reliability of results. k\Furthermore,
the solution must include a user-friendly interface for real-
time prediction and easy understanding, supporting efficient
clinical decision-making
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B. Objectives

Themainobjectivesoftheproposedsystemare:

• Topredictcrimeoccurrencesbeforetheytakeplace.

• To detect Alzheimer’s disease using MRI images.

• To classify different stages of the disease.

• To improve accuracy using deep learning models.

• To provide prediction probability and confidence score.

• To enable real-time diagnosis through a web interface.

II. LITERATUREREVIEW

Several studies have explored the application of machine
learning and deep learning techniques for Alzheimer’s disease
detection using medical imaging data. These studies aim to
assist healthcare professionals in early diagnosis, stage
classification, and improving clinical decision-making
processes.
Basaia et al. [1] analyzed MRI data using deep neural networks
to classify Alzheimer’s disease stages. Their study
demonstrated that deep learning models can achieve high
accuracy when trained on large datasets. However, their
approach required extensive computational resources and
lacked real-time deployment.
Simonyan and Zisserman [2] introduced the VGG16
architecture, which has been widely used in medical image
classification due to its deep feature extraction capabilities.
VGG16 models have shown strong performance in identifying
complex patterns in MRI images, but they are computationally
intensive.
Howard et al. [3] proposed MobileNet, a lightweight deep
learning architecture designed for efficient computation.
MobileNet is widely used in medical applications where
resource constraints exist, providing faster inference with
reduced complexity, though sometimes at a slight trade-off in
accuracy.
Islam and Zhang [4] applied Convolutional Neural Networks
(CNN) for brain MRI analysis in Alzheimer’s detection. Their
work highlighted the effectiveness of CNNs in extracting
spatial features and improving classification accuracy, but the
model performance depended heavily on dataset size and
quality.
Khan et al. [5] presented a deep learning-based framework for
automated Alzheimer’s diagnosis using MRI data. Their system
achieved improved classification results but faced challenges
such as data imbalance and overfitting.
Despite significant progress in Alzheimer’s disease detection,
most existing systems face limitations such as limited datasets,
overfitting, and lack of real-time implementation.These
challenges motivate the proposed system, which integrates
CNN, VGG16, and MobileNet with preprocessing and
deployment techniques to improve accuracy and enable real-
time diagnosis.

III. EXISTINGSYSTEM
Deep learning techniques have been widely applied in

medical imaging for Alzheimer’s disease detection,

primarily focusing on classification of brain MRI images.
Researchers have explored models such as basic
Convolutional Neural Networks (CNN) and transfer
learning architectures like GoogleNet to analyze brain
structures and identify disease patterns. These models
assist in automating diagnosis by extracting features from
MRI images and reducing the dependency on manual
interpretation. GoogleNet, with its deep architecture,
improves feature extraction efficiency, while CNN models
help in capturing spatial information from images.
However, despite their advantages, these systems have

several limitations. Basic CNN models often fail to
capture complex patterns associated with different stages
of Alzheimer’s disease, leading to reduced accuracy.
GoogleNet, although efficient, may not perform well on
medical datasets without proper tuning and sufficient data.
Additionally, these systems rely on limited datasets and
lack proper preprocessing, which affects performance.
Although these approaches provide useful insights, they
face challenges when applied to large-scale datasets and
real-time medical diagnosis.

A. ChallengesinExistingSystem

Despite the availability of medical imaging data and
advanced analytical tools, existing Alzheimer’s disease
detection systems face several critical challenges that limit
their effectiveness. One of the primary challenges is the
limited availability of high-quality labeled MRI datasets,
which makes model training and generalization difficult.
Traditional models are not always capable of efficiently
handling complex and high-dimensional medical image
data.

Another major challenge is data quality. MRI images
collected from different sources often contain noise,
variations, and inconsistencies, which negatively impact
classification accuracy. Additionally, limited access to
large-scale and diverse datasets restricts the performance
of deep learning models. Most existing systems rely on
basic models and lack the ability to capture complex
patterns, resulting in lower accuracy and poor stage-wise
classification.

Furthermore, existing systems provide limited real-
time implementation and lack user-friendly interfaces,
making it difficult for healthcare professionals to interpret
results and use them effectively. The absence of prediction
probability and confidence scores also reduces
transparency and trust in the system. These challenges
highlight the need for an intelligent, accurate, and scalable
Alzheimer’s disease detection system.

B. SystemArchitectureOverview

The architecture of the proposed Alzheimer’s disease
detection system follows a modular and layered design to
ensure scalability, accuracy, and ease of maintenance. The
system is composed of four primary components: image
acquisition, data preprocessing, deep learning model layer, and
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visualization and user interface layer.
The image acquisition module collects brain MRI scan

images from publicly available datasets such as Kaggle and
medical imaging repositories. This raw data is forwarded to the
preprocessing module, where images are resized, normalized,
and enhanced using data augmentation techniques such as
rotation and flipping. These steps help in improving data
quality and preparing it in a suitable format for deep learning
models.

The processed data is then supplied to the deep learning
model layer, where advanced Convolutional Neural Network
architectures such as VGG16 and MobileNet are trained and
evaluated using transfer learning. Based on performance
metrics such as accuracy and F1-score, the most effective
model is selected for Alzheimer’s disease classification.

Finally, the visualization and user interface layer presents
the results through prediction outputs using a web-based
dashboard. Users can upload MRI images and obtain real-time
predictions along with confidence scores, enabling easy
interpretation and supporting early diagnosis and decision-
making.

C. Motivation for Proposed System

The motivation for developing the proposed Alzheimer’s
disease detection system arises from the increasing number of
Alzheimer’s cases and the need for early and accurate
diagnosis. Traditional methods depend on manual examination,
which is time-consuming, costly, and requires expert
knowledge.

Advancements in deep learning and medical image
analysis enable automated detection using models such as
VGG16 and MobileNet, which can extract complex patterns
from MRI scans for early-stage classification.

The system is designed to support healthcare professionals
by providing a fast, reliable, and automated tool that improves
accuracy and reduces workload. It also helps in early detection,
which is important for effective treatment and slowing disease
progression.

Additionally, the proposed system offers a simple user
interface with clear visual results, making it easier for doctors
and researchers to interpret predictions and make informed
decisions.

D. DisadvantagesofExistingSystem

The major drawbacks of the existing systems include:

• Rapidincreaseincrime-relateddatathatisdifficultto store and
manage.

• Dependence on manual diagnosis, which is time-
consuming and prone to errors.

• Low accuracy in early-stage Alzheimer’s detection.

• High cost and requirement of expert radiologists for
analysis.

• Lack of automated and real-time prediction systems.

• Limited ability to efficiently process large medical image
datasets.

IV. PROPOSEDSYSTEM

The proposed system employs deep learning and
medical image analysis techniques for Alzheimer’s disease
detection and classification. MRI brain scan images are
collected from publicly available datasets such as Kaggle
and include different classes such as Non-Demented, Very
Mild Demented, Mild Demented, and Moderate Demented.
Data preprocessing is performed to resize images, normalize
pixel values, and apply data augmentation techniques to
improve model performance and reduce overfitting.

Multiple Convolutional Neural Network (CNN)
architectures, including VGG16 and MobileNet, are
evaluated for Alzheimer’s disease classification. The model
with the highest accuracy and best performance metrics is
selected for final training and prediction. These models learn
deep features from MRI images to classify different stages of
Alzheimer’s disease effectively.

Visualization techniques are used to display
classification results, training accuracy, loss graphs, and
prediction outputs. The primary objective of the system is to
demonstrate how deep learning can assist medical
professionals in early detection of Alzheimer’s disease,
improving diagnosis speed and accuracy, and supporting
better treatment planning. The system can be further
extended with larger datasets and real-time clinical
applications for improved reliability.

V. DEEP LEARNING ALGORITHMS USED

This section describes the deep learning models
employed in the proposed Alzheimer’s disease detection
system. VGG16 and MobileNet CNN architectures are used
to classify MRI brain scan images and detect different
stages of Alzheimer’s disease based on historical medical
image data.

A. VGG 16
VGG16 is a deep Convolutional Neural Network

(CNN) architecture used for image classification tasks. It
consists of 16 layers, including convolutional and pooling
layers, followed by fully connected layers. It is known for
its strong feature extraction capability.

In the proposed system, the VGG16 model is used
with transfer learning to extract deep features from MRI
brain images. The model is trained on labeled Alzheimer’s
datasets to classify images into different stages such as
Non-Demented, Very Mild Demented, Mild Demented, and
Moderate Demented. VGG16 provides high accuracy due
to its deep structure but requires higher computational
resources and training time.

B. Mobile Net

MobileNet is a lightweight CNN architecture designed for
efficient computation and faster processing. It uses depthwise
separable convolutions, which reduce the number of
parameters and improve speed.
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In this project, MobileNet is used for Alzheimer’s
disease classification where fast prediction and low
computational cost are required. It is suitable for real-time
applications and web-based deployment. MobileNet provides a
good balance between accuracy and efficiency.

C. AdvantagesofProposedSystem

The proposed system offers several advantages:
 Early detection of Alzheimer’s disease using MRI images

 High accuracy classification using deep learning models

 Fast and automated prediction process

 Reduced dependency on manual diagnosis

 Lightweight model option for real-time applications

 Improved support for medical decision-making

VI. RESULTSANDDISCUSSION

The performance of the proposed Alzheimer’s disease
detection system is evaluated using standard deep learning
metrics, including accuracy, precision, recall, and F1-score.
The experimental results are compared with existing
approaches to demonstrate the effectiveness of the proposed
CNN-based models.

The proposed system achieved high classification
accuracy, with VGG16 and MobileNet showing strong
performance in detecting Alzheimer’s disease stages from MRI
brain images. VGG16 provided higher accuracy due to its deep
feature extraction capability, while MobileNet offered faster
prediction with slightly lower computational cost. The results
confirm that the use of advanced CNN architectures with
transfer learning significantly improves classification
performance and reduces misdiagnosis.

.

A. Stage-Based Alzheimer’s Detection Analysis

Alzheimer’s disease progression is analyzed based on
MRI brain scan images categorized into different stages such
as Non-Demented, Very Mild Demented, Mild Demented, and
Moderate Demented. The model effectively identifies patterns
such as brain shrinkage and structural changes associated with
disease progression.

The analysis shows that early stages (Very Mild
Demented) are more difficult to classify compared to advanced
stages due to subtle changes in brain structure. However, deep
learning models like VGG16 and MobileNet successfully
capture these hidden features, improving early detection
capability.

The system helps in identifying disease progression
patterns, which is useful for early diagnosis and timely
treatment planning.

B. ConfusionMatrixAnalysis

Fig.1illustrates the performance of the proposed
Alzheimer’sdiseasepredictionmodelacrossmultiplecognitive

cognitive condition categories. The diagonal elements
represent correctly classified instances of each class,
including Non-Demented, Very Mild Demented, Mild
Demented, and Moderate Demented, while the off-diagonal
elements indicate misclassifications between these
categories. A higher concentration of values along the
diagonal highlights the model’s effectiveness in accurately
distinguishing different stages of dementia. Although a few
misclassifications are observed, particularly between
closely related classes such as Mild and Moderate
Demented, the overall distribution confirms that the model
demonstrates strong classification capability. The results
indicate that the proposed system is reliable and capable of
supporting early detection and diagnosis of Alzheimer’s
disease with satisfactory accuracy.

C. CrimeTypeDistribution

Fig. 2 shows the distribution of different Alzheimer’s
disease categories in the dataset. Classes such as Non-
Demented and Mild Demented contain a higher number of
samples compared to Very Mild Demented and Moderate
Demented. This distribution highlights the presence of class
imbalance within the dataset. Such analysis is important for
understanding data representation and helps in improving
model performance by applying techniques like data
augmentation or resampling. It also assists in developing
more reliable prediction systems for early detection and
accurate classification of Alzheimer’s disease stages.

Fig.1.Confusion matrix forAlzheimer prediction model

Fig.2.Distributionoftoptencrimetypes
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TABLEI
COMPARISONOFEXISTINGANDPROPOSEDSYSTEMS

Metric ExistingSystem ProposedSystem

Accuracy 75% 90%

Precision 73% 89%

Recall 71% 88%

F1-Score 72% 88%

VII. CONCLUSION

This paper presents a deep learning-based system
for the detection and classification of Alzheimer’s disease
using brain MRI images. The proposed framework utilizes
multiple models, including a custom Convolutional Neural
Network (CNN) and transfer learning architectures such as
VGG16 and

MobileNet, to effectively extract spatial features and
improve classification accuracy. The system classifies MRI
images into four stages: non-demented, very mild demented,
mild demented, and moderate demented. Preprocessing
techniques such as image resizing and normalization are
applied to enhance data quality and model performance.
Experimental results demonstrate that the proposed approach
achieves improved accuracy compared to traditional machine
learning methods. The system is deployed as a Streamlit-
based web application, enabling users to upload MRI images
and obtain real-time predictions. This makes the solution
simple, efficient, and accessible for practical use. The
proposed framework can assist healthcare professionals in
early diagnosis and support decisionmaking processes.

Future work will focus on addressing challenges
such as data imbalance, limited labeled datasets, and model
overfitting, as well as improving model performance and

scalability for realworld healthcare applications.

FUTUREENHANCEMENTS

The The proposed Alzheimer’s disease detection system
can be further enhanced in several directions to improve its
accuracy, scalability, and real-world applicability.

Integration of Larger and Real-Time Medical Data

The current system relies on limited MRI datasets for
training and prediction. In future implementations, larger and
diverse datasets from hospitals and diagnostic centers can be
integrated. Real-time data collection will improve model
robustness and enable continuous learning for better
diagnosis.

A. ApplicationofDeepLearningModels

Although the proposed system utilizes CNN, VGG16,
and MobileNet, advanced deep learning techniques such as
Vision Transformers (ViT) and hybrid architectures can be
explored to capture more complex spatial patterns in MRI
images. These models can improve feature representation
and enhance classification accuracy for better disease stage

prediction..

B. Integration of Clinical and Patient Data

Future versions of the system can incorporate additional

patient information such as age, medical history, cognitive test

results, and genetic factors. Combining imaging and clinical

data will provide a more comprehensive diagnosis and

improve prediction reliability.

C. Advanced Image Analysis Techniques

Advanced preprocessing methods such as image segmentation,
enhancement, and noise reduction can be integrated to
improve feature extraction. Visualization techniques like
heatmaps can help identify affected brain regions more clearly.

D. Handling Data Imbalance and Augmentation

Future work can focus on addressing class imbalance using
data augmentation techniques such as rotation, flipping, and
scaling. This will improve model generalization and reduce
bias toward specific classes.

E. Scalable Cloud-Based Deployment

Deploying the system on a cloud-based platform can
significantly improve scalability and accessibility. A cloud-
enabled architecture will allow hospitals and diagnostic
centers to process large datasets and access the system
remotely.

F. Mobile and Web-Based Application Development

The system can be extended to mobile and web platforms to
provide easy access for healthcare professionals. A user-
friendly interface with interactive visualization will support
real-time diagnosis and decision-making.

G. Explainable AI and Decision Support System

Explainable AI techniques can be incorporated to highlight
important regions in MRI images and provide insights into
model predictions. This will improve transparency, trust, and
assist doctors in clinical decision-making.
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