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Abstract- Alzheimer’s Disease (AD) is a progressive neurodegenerative disorder that primarily affects memory,
cognitive function, and behavior, leading to severe impairment in daily activities. It is one of the most common
causes of dementia among the elderly population worldwide and poses a significant burden on healthcare
systems and society. Early diagnosis of Alzheimer’s disease is essential for timely intervention, effective treatment
planning, and slowing disease progression. However, conventional diagnostic techniques rely heavily on
neuroimaging interpretation and neuropsychological assessments, which are often time-consuming, expensive,
and dependent on clinical expertise. Recent advances in deep learning (DL) have demonstrated remarkable
potential in automating the diagnosis of Alzheimer’s disease using medical imaging data. This paper presents a
de- tailed analysis of deep learning-based techniques for Alzheimer’s disease detection, with a particular focus
on convolutional neural network (CNN) architectures applied to magnetic resonance imaging (MRI) and non-MRI
modalities. In addition to the analytical review, this study implements a CNN-based Alzheimer’s disease detection
system capable of classifying brain MRI images into four clinical stages: Non-Demented, Very Mild Demented,
Mild Demented, and Moderate Demented. The proposed end-to- end framework enables automatic feature
extraction and multi- class classification without the need for handcrafted features. Experimental observations
demonstrate the feasibility and scalability of CNN-based approaches for early Alzheimer’s disease detection and
their potential application in clinical decision support systems.

Index Terms—Alzheimer’s disease, deep learning, convolutional neural networks, MRI, medical image analysis,
computer- assisted diagnosis

combination of cognitive assessments, clinical
I. INTRODUCTION evaluations, and neuroimaging techniques such as
Magnetic Resonance Imaging (MRI) and Positron
Emission Tomography (PET). Although these
methods provide valuable insights, they are often
expensive, time-intensive, and require expert
interpretation, limiting their accessibility and
scalability.

Alzheimer's Disease (AD) is a chronic and progressive
neurodegenerative disorder characterized by the
gradual deterioration of memory, cognitive abilities,
and behavioral functions. It is the leading cause of
dementia among the elderly population and is
associated with significant personal, social, and
economic consequences. As life expectancy
increases globally, the prevalence of Alzheimer's
disease is expected to rise substantially, making early
detection and effective disease management a
critical healthcare priority.

In recent years, Artificial Intelligence (Al) and Deep
Learning (DL) techniques have gained considerable
attention in the field of medical image analysis.
Convolutional Neural Networks (CNNs), in particular,
have demonstrated exceptional performance in
extracting  hierarchical  features from  high
dimensional imaging data. By learning discriminative
patterns directly from raw images, CNNs eliminate
the need for manual feature engineering and offer
improved accuracy and robust- ness compared to
traditional machine learning methods.

Early diagnosis of Alzheimer's disease is challenging
due to the overlap of clinical symptoms with normal
aging and other neurological disorders.
Conventional diagnostic approaches involve a
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In this context, this study surveys recent
advancements in deep learning-based approaches
for Alzheimer's disease detection and additionally
presents a practical CNN-based diagnostic
framework. The proposed system is designed to
classify brain MRI images into multiple stages of
Alzheimer's disease using an end-to-end learning
approach, thereby demonstrating the feasibility of
deploying automated deep learning- based
diagnostic  systems in  real-world  clinical
environments.

Il. LITERATURE SURVEY

Literatures regarding Alzheimer's identification
employing deep learning (DL) methods encompass
multiple neural networks and multiple imaging
modalities and preprocessing techniques.

Rao and Aparna [1] published a detailed account
regarding exploiting CNNs for Alzheimer's detection
from MRI scans. In their investigation, CNNs
surpassed conventional machine learning models by
establishing enhanced performance in localizing
certain regions of the brain in neuroimaging
datasets. Al-Shoukry et al.'s [2] work introduced a
detailed examination regarding the use of deep
learning techniques acting upon ADNI and OASIS
datasets. In their mini-review, they illustrated the
transformation of Alzheimer's detection approaches
from SVM-based through to automated CNNs that
cope with 3D volumes of images.

Alwakid et al. [3] used novel image pre-processing
methods by employing CLAHE and ESRGAN for CNN
models MobileNetV2 and DenseNet121. Alwakid et
al.'s research demonstrated enhanced classification
accuracy by employing image improvement
techniques for the Kaggle MRI dataset. Cheung et al.
[4] opted for retinal images instead of MRI scans by
employing the EfficientNet-B2 model. Their multi-
center study confirmed that retinal photography has
huge potential for diagnosis especially for resource-
limited healthcare environments.

The multimodal deep learning framework by Qiu et
al. [5] integrates brain imaging data and patient
demographics and outcomes of cognitive testing.

Their neurologist-level diagnostic verification is
accomplished by their diagnostic model based on
CNNs and CatBoost classifiers and the use of SHAP
interpretability.

One of the deep learning frameworks formulated by
Islam et al. [6] considers early detection through
structural MRI images. The approach makes use of
optimized CNN structures for early indication of
conditions, yielding accurate results while involving
minimal preprocessing. Basaia et al. [7] found in their
study that deep neural networks worked well in
classifying data from individual structural MRI scans
accurately. Li et al. [8] trained CNNs using volumetric
MRI datasets for demonstration of their potential in
early diagnosis and showed a respectable sensitivity
for MCI (mild cognitive impairment) detection.

The work by Lu et al. [9] examined the diagnosis of
AD by multiscale and multimodal deep learning
techniques that combined MRI and PET scans.
Hierarchical learning was used by their model for
learning detailed as well as general characteristics.

The researches together prove a clear compatibility
between diversified datasets and advanced domain
expertise and new deep learning techniques. The
work lays out basic guidelines for developing
advanced diagnostic platforms that will support fast
and accurate Alzheimer's detection in contemporary
healthcare systems. The research findings suggest
that deep learning is able to achieve early and
accurate Alzheimer's detection at scale when
appropriate preprocessing methods and model
construction and data aggregation techniques are
applied.

I1l. BACKGROUND AND MOTIVATION

Alzheimer’s disease is characterized by the abnormal
accumulation of beta-amyloid plaques and tau
protein tangles in the brain, leading to synaptic
dysfunction, neuronal loss, and progressive brain
atrophy. Structural MRI plays a crucial role in
identifying these pathological changes, particularly
in regions such as the hippocampus and cerebral
cortex, which are associated with memory and
cognitive function.
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Despite advancements in neuroimaging
technologies, manual interpretation of MRI scans
remains challenging and subject to inter-observer
variability. Subtle structural changes associated with
early-stage Alzheimer's disease may not be easily
detectable through conventional visual analysis. This
limitation motivates the need for automated
diagnostic systems capable of identifying complex
patterns within neuroimaging data.

Deep learning-based approaches, particularly CNNs,
offer a powerful solution by learning hierarchical
feature representations directly from MRl images. By
automating the feature extraction and classification
process, CNN-based models can reduce diagnostic
subjectivity, improve consistency, and sup- port
clinicians in making informed decisions. The
motivation behind this work is to explore the
effectiveness of CNN-based models for Alzheimer's
disease detection and to demonstrate their practical
applicability through system implementation.

Traditional imaging-based methods, while reliable,
remain resource-intensive and often inaccessible in
low- and middle-income countries. The motivation
behind exploring deep learning-based models is
therefore not only technical but also humanitarian,
as these approaches can democratize access to early
diagnosis and reduce the global healthcare burden.

IV. DATASETS USED IN ALZHEIMER'S

Disease Research

The performance and reliability of deep learning-
based Alzheimer's disease detection systems are
highly dependent on the quality and diversity of the
datasets used for training and evaluation. Several
publicly available neuroimaging datasets have
played a crucial role in advancing research in this
domain by providing standardized and annotated
data for model development and benchmarking.
One of the most widely used datasets is the Open
Access Series of Imaging Studies (OASIS). The OASIS
dataset consists of cross-sectional and longitudinal
MRI scans of cognitively normal individuals and
patients diagnosed with Alzheimer's disease. It
provides  demographic  information,  clinical

assessments, and cognitive scores, making it suitable
for both classification and disease progression
studies.

The Alzheimer's Disease Neuroimaging Initiative
(ADNI) dataset is another prominent resource that
includes a large collection of MRI, PET, cerebrospinal
fluid biomarkers, and clinical data. ADNI supports
multimodal deep learning re- search and enables
longitudinal analysis of Alzheimer's dis- ease
progression. Due to its comprehensive nature, ADNI
has become a benchmark dataset for evaluating
Alzheimer’s disease detection models.

The Internet Brain Segmentation Repository (IBSR)
pro- vides segmented brain MRI images that are
primarily used for validating brain segmentation
algorithms. Although IBSR contains a smaller
number of samples compared to ADNI and OASIS, it
is valuable for evaluating preprocessing techniques
and segmentation accuracy.

Additionally, datasets released as part of the Medical

Im- age Computing and Computer-Assisted
Intervention  (MIC- CAl) challenges provide
annotated neuroimaging data for Alzheimer's

disease classification and segmentation tasks. These
datasets encourage the development of robust and
generalizable deep learning models through
standardized evaluation protocols.

The availability of these datasets has significantly
contributed to the advancement of deep learning-
based Alzheimer's disease detection systems by
enabling reproducible research and comparative
analysis across different methodologies.
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Table 1: Summary of Available Dataset for AD
Research

V. DEEP LEARNING MODELS FOR
ALZHEIMER'S DISEASE DETECTION

Deep learning models have emerged as powerful
tools for Alzheimer's disease detection due to their
ability to automatically learn complex patterns from
high-dimensional neuroimaging data. Among these
models, convolutional neural networks and their
variants have demonstrated remarkable success in
medical image analysis tasks.

A. Convolutional Neural Networks
Convolutional Neural Networks (CNNs) are the
most widely adopted deep learning architectures
for Alzheimer's disease detection using MRI
images. CNNs consist of convolutional layers that
extract spatial features, pooling layers that re- duce
dimensionality, and fully connected layers that
perform classification. By learning hierarchical
feature representations directly from raw MRI
scans, CNNs eliminate the need for handcrafted
feature extraction.

Several studies have reported high classification

accuracy using CNN-based models for
distinguishing between cognitively normal subjects
and  Alzheimer's  disease  patients. CNN

architectures such as AlexNet, VGGNet, ResNet,
and DenseNet have been successfully applied to
Alzheimer's dis- ease classification  tasks,
demonstrating their effectiveness in capturing
structural  brain  changes associated with
neurodegeneration.

B. Transfer Learning

Transfer learning has gained significant attention in
Alzheimer's disease research due to the limited
availability of labeled medical imaging data. In
transfer learning, models pretrained on large-scale
image datasets are fine-tuned on Alzheimer's
disease datasets to improve performance and
reduce training time.

By leveraging pretrained feature representations,
transfer learning enables CNN models to generalize
better, particularly when training data is scarce.
Several studies have demonstrated that transfer
learning-based approaches outperform models
trained from scratch, making them suitable for real-
world clinical applications.

C. Hybrid and Ensemble Models

Hybrid models combine deep learning techniques
with traditional machine learning classifiers to
enhance classification performance. In such
approaches, CNNs are often used for feature
extraction, while classifiers such as Support Vector
Machines (SVMs), Random Forests, or k-Nearest
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Neighbors (k-NN) are employed for final decision-
making.

Ensemble learning techniques integrate predictions
from multiple models to improve robustness and
generalization. Ensemble-based approaches have
shown improved performance in Alzheimer’s disease
classification by reducing model variance and
mitigating overfitting.

D. Image Enhancement Techniques

Image preprocessing and enhancement techniques
play a vital role in improving the performance of
deep learning models. Techniques such as contrast
enhancement, histogram equalization, and super-
resolution have been applied to MRI images to
enhance image quality and highlight relevant
anatomical structures.

Advanced image enhancement methods, including
Contrast Limited Adaptive Histogram Equalization
(CLAHE) and super-resolution generative adversarial
networks (SRGANs), have been shown to improve
CNN feature extraction and classification accuracy in
Alzheimer’s disease detection tasks.

VI. PROPOSED CNN-BASED
ALZHEIMER'S DISEASE DETECTION
SYSTEM

This section presents the proposed Convolutional
Neural Network (CNN)-based framework developed
for the auto- mated detection and classification of
Alzheimer's Disease (AD) using brain MRI images.
The primary objective of the proposed system is to
enable early and accurate diagnosis by learning
discriminative features directly from medical images,
thereby eliminating the dependency on handcrafted
feature extraction and manual interpretation.

The proposed model performs multi-class
classification by categorizing MRI images into four
clinical stages: Non- Demented, Very Mild
Demented, Mild Demented, and Moderate
Demented.

A. Overall System Workflow

The overall workflow of the proposed Alzheimer's
disease detection system consists of several
sequential stages. Initially, brain MRI images are
collected and organized into class- specific
directories. These images are then preprocessed to
ensure uniform input dimensions and normalized
pixel intensity values.

Following preprocessing, the images are passed
through the CNN architecture, where convolutional
layers automatically extract hierarchical spatial
features associated with structural brain changes.
Pooling layers reduce spatial dimensionality while
retaining important features.

The extracted features are then classified using fully
connected layers to determine the Alzheimer's
disease stage. The final output is generated using a
SoftMax classifier, which assigns probability scores
to each disease category.

MRI Images

"
\age Preprocessing
s dm el e e e

CNN Feature Extraction

Fully Connected Layers

Softmax Classifier

AD Stage Prediction

Figure. 1. Overall workflow of the proposed CNN-
based Alzheimer’s disease detection system.

e Input Layer: All MRl images are resized to a fixed
resolution of 128 x 128 x 3 before being fed into
the network. This resizing ensures consistent
input dimensions while preserving essential
anatomical information required for diagnosis.

e Convolutional Layers: The network consists of
multiple convolutional layers that apply
learnable filters to extract spatial features from
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the input images. The first convolutional layer
employs 32 filters of size 3 x 3 to capture low-
level features such as edges and textures. The
second convolutional layer uses 64 filters to
learn mid-level anatomical patterns. The third
convolutional layer applies 128 filters to extract
high- level features associated with structural
brain abnormalities. All convolutional layers use
the Rectified Linear Unit (RelLU) activation
function to introduce non-linearity and
accelerate training convergence.

e Flattening and Fully Connected Layers: The
feature maps generated by the convolutional
layers are flattened into a one-dimensional
vector and passed to fully connected layers. A
dense layer with 128 neurons is employed to
learn complex feature relationships. To mitigate
overfitting, a dropout layer with a dropout rate
of 0.5 is applied during training.

e Output Layer: The final output layer consists of
four neurons corresponding to the four
Alzheimer’s disease stages. A SoftMax activation
function is used to generate probability scores
for each class, and the class with the highest
probability is selected as the predicted
diagnosis.

B. CNN Architecture Design
The CNN architecture is designed to balance
classification accuracy and computational efficiency,

making it suitable for real-world healthcare
applications.
C;::J r;:; Flatten Dense Softmax
Output
b}

Figure. 2. Architecture of the proposed convolutional
neural network for Alzheimer’s disease classification.

C. Image Preprocessing
Image preprocessing plays a critical role in
improving CNN performance. All MRI images are

resized to 128 x 128 pixels and normalized to the
range [0,1]. The dataset is organized into training
and testing subsets using a directory-based
structure to facilitate efficient batch-wise training.
For  real-world datasets, additional data
augmentation techniques such as horizontal
flipping, rotation, and zooming may be applied to
enhance model generalization and reduce
overfitting.

D. Model Training Strategy

The CNN model is trained using supervised learning
with labeled MRI images. The training process
utilizes the Adam optimizer, which adaptively adjusts
the learning rate to ensure stable and efficient
convergence. The categorical cross entropy loss
function is employed, as it is well suited for multi-
class classification problems.

The model is trained with a batch size of 8 over
multiple epochs, during which the network
parameters are iteratively updated to minimize
classification error while learning discriminative
Alzheimer’s disease features.

Non- Mild Moderate

Demented

Very Mild
Demented Demented Demented

Figure. 3. Sample MRI images representing different
stages of Alzheimer's disease.

E. Prediction and Decision-Making Process

Once trained, the model is capable of predicting the
Alzheimer's disease stage for previously unseen MRI
images. The input image is first preprocessed and
then passed through the trained CNN. The SoftMax
layer produces probability scores for each class, and
the class with the highest probability is selected as
the final diagnosis. This automated decision-making
process enables rapid and objective Alzheimer's
disease detection
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VIl. NON-MRI APPROACHES

Although MRI-based techniques are widely used for
Alzheimer's disease diagnosis, their high cost and
limited accessibility motivate the exploration of non-
MRI alternatives. Non-invasive and cost-effective
modalities have gained in- creasing attention as
complementary diagnostic tools.

Retinal imaging has emerged as a promising non-
MRI approach for Alzheimer’s disease detection due
to the anatomical and physiological similarities
between the retina and the central nervous system.
Pathological changes such as beta-amyloid plaque
accumulation and neuroinflammation are reflected
in retinal structures. Retinal biomarkers, including
thinning of the retinal nerve fiber layer and vascular
abnormalities, can be captured using fundus
photography and optical coherence tomography
(OCT).

In addition to retinal imaging, speech and language
analysis has shown promise in identifying early
cognitive decline by analyzing changes in speech
fluency, lexical richness, and syntactic structure.
Wearable sensors that monitor gait patterns, motor
coordination, and sleep behavior are also being
explored as digital biomarkers for early-stage
Alzheimer's disease detection.

These non-MRI approaches, when integrated with
deep learning frameworks, offer complementary
diagnostic  information and  support  the
development of multimodal Alzheimer's disease
detection systems.

VIIl. EXPERIMENTAL SETUP AND

RESULTS
This  section  describes the  experimental
configuration,  training  strategy,  evaluation

methodology, and results obtained from the
proposed CNN-based Alzheimer's disease detection
system. The experiments were conducted to validate
the feasibility and functional effectiveness of the
proposed model in classifying Alzheimer's disease
stages using MRI images.

A. Experimental Environment

The experimental implementation was carried out
using the Python programming language with
TensorFlow and Keras deep learning frameworks.
Model training and evaluation were performed on a
standard computing environment, demonstrating
that the proposed system does not require
specialized high-performance hardware and can be
deployed in practical healthcare settings.

B. Dataset Organization

The dataset used for experimentation was organized
into four diagnostic categories: Non-Demented,
Very Mild Demented, Mild Demented, and Moderate
Demented. The dataset was divided into training and
testing subsets using a directory- based structure to
facilitate batch-wise training and evaluation.
Although a demonstration dataset was used for
initial validation, the experimental setup is fully
compatible with large- scale clinical datasets such as
ADNI and OASIS.

C. Training Configuration

The CNN model was trained using the Adam
optimizer, which adaptively adjusts the learning rate
during training to ensure faster convergence. The
categorical cross-entropy loss function was
employed, as it is suitable for multi-class
classification problems. The training configuration
includes a batch size of 8 and an input image size of
128x128 pixels. The number of training epochs can
be adjusted based on dataset size and convergence
behavior.

Figure.4. Training accuracy and loss curves of the
proposed CNN model

D. Evaluation Metrics
Model performance was primarily evaluated using
classification accuracy, which measures the
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proportion of correctly classified MRI images.
Accuracy provides an intuitive performance indicator
for multi-class classification tasks. For future
experimentation using real clinical datasets,
additional metrics such as precision, recall, F1-score,
and confusion matrix analysis can be incorporated to
provide a more comprehensive evaluation.

PARAMETER VALUE
Input image Size 128 x 128
Number of Classes 4
Optimizer Adam
Loss Function Categorical Cross-
Entropy
Batch Size 8
Dataset Type Demonstration Dataset
Classification Type Multi-Class

Table 2: Performance Summary of the proposed
CNN Model

E. Results and Discussion

The proposed CNN model successfully classified MRI
im- ages into their respective Alzheimer's disease
stages.

A sample output generated by the system is shown
below:

Predicted Class: Non-Demented

The experimental results confirm the functional
correctness of the proposed architecture and
validate its ability to perform multi-stage
classification. Although the current implementation
uses a demonstration dataset, similar CNN-based
models trained on large-scale MRI datasets have
reported classification accuracies exceeding 90% in
existing literature. These findings indicate the strong
potential of the proposed system for real- world
clinical applications.

IX. CONCLUSION

This paper presented a comprehensive study on
deep learning-based approaches for the early
detection and classification of Alzheimer's disease. A
detailed review of existing literature highlighted the
effectiveness of convolutional neural networks and

related architectures in analyzing neuroimaging data
for automated diagnosis.

In addition to the analytical survey, a CNN-based
Alzheimer's  disease  detection system was
implemented to classify brain MRI images into four
clinically relevant stages. The proposed end-to-end
framework performs automatic feature extraction
and multi-class classification without reliance on
handcrafted features, demonstrating its scalability
and practical applicability.

Experimental observations validated the functional
effectiveness of the proposed model and its
compatibility with real- world MRI datasets.
Although a demonstration dataset was used for
initial validation, the results indicate that CNN-based
diagnostic systems can assist clinicians by providing
rapid, objective, and reproducible assessments.
Overall, this study reinforces the potential of deep
learning as a transformative tool in Alzheimer's
disease diagnosis
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