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Abstract - Alzheimer's disease gradually damages brain 

functions such as memory, putting enormous load on 
healthcare systems. This study uses deep learning algorithms 
on MRI brain images to create a system for detecting 
Alzheimer's disease in its early stages and aiding in quick 
treatment. The model employs trained convolutional neural 
networks (CNNs) for greyscale MRI images of the brain and 
categorises patients into four categories: No Impairment, Very 
Mild Impairment, Mild Impairment, and Moderate 
Impairment. To improve the framework's learning and lessen 
the consequences of class imbalance, data augmentation, class 
weighting, batch normalization, dropout regularization, and 
other approaches are utilized. Brain Alzheimer scans captured 
in a Stream lit-based system are predicted by the algorithm. 
The scans are normalised, scaled, converted to greyscale, and 
put through a number of processes before being 
categorised..The scans are grayscaled, normalised, shrunk, and 
put through a number of adjustments before categorisation. 
Both the Alzheimer's disease stage and the prediction's 
confidence score are output by the system. With this integrated 
structure, the model reduces the bias common in manual 
patient diagnosis for timely patient treatment by using AI's 
ability to provide appropriate and quick clinical 
recommendations. 

I. INTRODUCTION 
Alzheimer's disease (AD), the most prevalent kind of 

dementia, is typified by a progressive loss of thinking, 
memory, and reasoning abilities. It is among the most 
detrimental illnesses to both people and healthcare systems 
worldwide. However, prompt and precise illness 
identification is essential to creating plans to provide better 
care and treatment.  

Professional diagnoses may involve clinical judgement, 
cognitive test analysis, and subjective interpretation of 
imaging modalities including Magnetic Resonance Imaging 
(MRI) images. These processes take a lot of time and differ 
amongstphysicians. These results indicate that the present 
use of deep learning and artificial intelligence (AI)  

Learning about medical imaging may help to improve 
evaluation speed and accuracy while lowering the 
subjectivity associated with medical imaging. 

The study focuses on using Convolutional Neural Networ
ks (CNN) on greyscale MRI brain images to create an AI mo
del for Alzheimer's disease stage categorisation. 
The adopted approach categorises brain images into four cate
gories: no impairment, very mild impairment, mild impairme
nt, and moderate impairment.  

Class augmentation, batch normalisation, dropout regular
isation, and class weighting all increase classifier performanc
e. The Streamlit web tool also allows researchers and doctors 
to submit brain scans and downstream forecasts with 
confidence scores in real time. The tool is an AI diagnostic 

application that is scalable, reliable, and improves 
Alzheimer's disease management and early detection. 

II. PROPOSEDSYSTEMARCHITECTURE 
The architecture's four linked levels allow for Alzheimer's 

classification from MRI input to clinical output.  

A. Data Collection and Cleaning:  
MRI scans are head-oriented and collected as greyscale 

split pictures. They undergo uploading, segregated batch 
processing using magnetic resonance registrations, angles of 
rotation, zoom motions, and blending and deblending disc 
module visers to supplement the data, relieve class imbalance 
difficulties, and improve overall model performance. 

B. Discriminative Layer: 
A five-block deep convolutional network (Conv-BN-

Pool) can achieve high performance softmax output with four 
class classification (as described in 2) by performing the 
following steps: complex operations with successive 
conglomeration of dense signal distributions, batch 
normalisation, planar shrinks and saturations, dense global 
agglomerative stages, and interleaves. At this point, the 
system begins to attenuate the categorisation of individual 
components by incorporating regularizers (BatchNorm, 
Dropout), allowing the decrease in classification error to 
become more stable. 

C. Model Evaluation: 
A batched version of the model, called "ezp" (Empirical 

Zip), utilizes session data and publicly customizable 
classifiers, allowing these classifiers to be shared with other 
users to assess the effectiveness of the granular model. 
Hyperparameter performance is managed using several 
techniques: network reductions employ a classification 
model optimizer (Nadam) and a weight multiplier (sc), along 
with early stopping rules, checkpoint saving, learning rate  

schedulers, and class weight balancing—using 
categorical cross-entropy and class-weighted cross-entropy 
loss functions. Model evaluation incorporates metrics such as 
accuracy, recall, F1 score, confusion matrix analysis, cross-
entropy loss, and learning curves. The Keras backend file 
structure saves the model as the "alzreinhard greyscale 
model." 

D. ModelDeployment: 
Web architecture that let users to engage with the model's 

layers through regulated permissions is known as streamlit. 
on order to provide predicted outputs on model prediction 
summary pages, users can submit additional head MRI 
images after all MRI scans have been analysed. Users may 
vary between the sorts of scans they want to designate as 
input, and the summary can be made more detailed at the 
class level. 
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Fig. 1. Blockdiagram 

III. SYSTEMREQUIREMENTS 

 
Fig. 2.  

Multi-core CPUs help to fine-tune deep learning models 
and handle MRI datasets during training and testing. 

Examples of processors are Intel Core i7-12700K, AMD 
Ryzen 7 5800X, and AMD Stacker at 4400 MHz. It 
accelerates training and decreases computing time in the 
CNN model. It also facilitates in parallel processing for 
imaging datasets such as the NVIDIA Ge ForceRTX2060. 
Preprocessing, model training, and medical image processing 
are all computationally intensive activities. It is critical that 
the system has sufficient RAM available. Example: Corsair 
Vengeance16GBDDR4 SSD requires fast access for storing, 
data access, and model check pointing. Example: Samsung 
970.EVO Plus SSD To boost the graphics, the photos should 
have higher resolution than usual. MRI scans, training, and 
complicated graphics Included should be training, MRI 
pictures, and complex graphical code. It ought to be more 
understandable than the given examples. Windows 10 or 11 
(64-bit) or Ubuntu Linux ensure compatibility with AI 
frameworks and GPU drivers. 

Programming and Development Tools 

Python 3.8 or above may be used to construct models in 
conjunction with Jupyter Notebook, VS Code, or PyCharm. 
To develop, pre-process, and evaluate CNNs, candidates 
should be skilled in TensorFlow/Keras, NumPy, Pandas, 
OpenCV, Pillow, and Scikit-learn. Streamlit was utilised to 
create a web application for automatic Alzheimer's 
categorisation.  

Matplotlib and Seaborn generate and store model training 
and validation plots. Pickle and Joblib provide efficient 
model storage.  

Anaconda is used to implement the virtual environment 
while CUDA and cuDNN provide GPU acceleration 

IV. WORKINGOFALZHEIMER'SCLASSIFICATION 
SYSTEM 

Greyscale magnetic resonance imaging (MRI) is used to 
diagnose Alzheimer's disease. Every image is processed to 
guarantee consistency. After filters are extracted from 
images, they are preprocessed, scaled, normalized, and 
enhanced. CNNs employ a neural network to assess the 
produced feature map in a variety of ways to organise the 
model and reduce overfitting. Dropout, batch normalisation, 
and pooling follow. To improve convergence, the model is 
trained as a categorical cross entropy loss using an Adam 
optimiser, which includes early halting and learning rate 
scheduling. Convergence is calculated by modifying 
hyperparameters and applying class weights via callbacks 
(checkpoints).  

The engineering model is then evaluated using the 
hyperparameterized Tableau model.  

The trained/validation model produces metrics like 
accuracy, precision, recall, cross F1 score, and confusion 
matrix to evaluate model performance. First, a streamlit 
application is used to implement the model. 

The end interface accepts diagnostic MRI scans provided 
by users through an internet application. All persons, both 
trained and unskilled. 

 
Fig. 3.  

 
Fig. 4. Alzheimer’s Disease classifier 
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V. CONCLUSION 
The whole pipeline of the suggested system, including 

the application interface, demonstrates how CNNs and deep 
learning may be used to automatically detect Alzheimer's 
disease in greyscale MRIs. Using the Streamlit interface to 
speed up preprocessing, augmentation, model training, and 
deployment, the deep learning model was seamlessly 
incorporated into the whole pipeline, enabling real-time 
prediction. 

It has been demonstrated that the system as a whole is 
very precise, readily scalable, and therapeutically beneficial, 
enabling improved illness surveillance and diagnosis. Even 
though the system is still in its early stages, it has shown 
promise in the field of AI-assisted healthcare despite 
challenges including inconsistent datasets, expensive 
computation needs, and poor model explainability. 

Clinical testing might help these systems develop into 
reliable decision support systems that allow for prompt 
diagnosis, which would improve patient care and optimise 
therapy 

 REFERENCES 
[1] ADNI Consortium, Alzheimer’s Disease Neuroimaging Initiative 

(ADNI): MRI data for early diagnosis of Alzheimer’s Disease, 2004 
to present. 

[2] Payan, A. and Montana, G., “Predicting Alzheimer’s disease: a 
neuroimaging study with 3D convolutionalneural networks,” arXiv 
preprint arXiv:1502.02506, 2015. 

[3] Hosseini-Asl, H., Keynton, R., and El-Baz, A. “Alzheimer’s disease 
diagnostics by a 3D deeply supervised adaptable convolutional 
network,” Frontiers in Bioscience (Elite Edition), 2016. 

[4] Korolev, S. and Safiullin, A. and Belyaev, M. and Dodonova, Y., 
“Residual and plain convolutional neural networks for 3D brain MRI 
classification,” in Proc. IEEE Int. Symp. Biomed. Imaging (ISBI), 
2017, 835–838. 

[5] Basaia, M. and Agosta, S. and Wagner, L. et. al, “Automated 
classification of Alzheimer’s disease and mild cognitive impairment 
using a single MRI and deep neural networks,” Neuroimage: Clinical 
2019, 21, 101645. 

[6] Li,R.andZhang,W.andSuk, Y.andWang,L.and Shen, D., “Alzheimer's 
disease diagnosis based on hippocampal volume using 3D CNN,” 
IEEE Transactions on Medical Imaging, 2020, 39(9), 2644–2655. 

[7] D. Lu, J. Popuri, G. Ding, R. Balachandar, and M. Beg, F. Beg, “The 
early detection of Alzheimer’s disease via structural MR and FDG-
PET images,” in Deep multimodal and multiscale networks, in: Sci. 
Rep. 2018, 8(1), 5697. 

[8] J.Wen,E.Thibeau-Sutre,P.Diaz-Melo,A.Samper- 
Gonzalez,J.Routier,S.Bottani D.Bottani, S. Dormont, 

[9] S.Durrleman, and N. Burgos and O. Colliot, 'Reproducible evaluation 
of convolutional neural networks for Alzheimer’s disease 
classification: A review and supervised classification’ Medical Image 
Analysis. 2020. 63:101694 

[10] C. Yang, H. Rangarajan, and G. R. Reddy, “Using MRI images, Grad-
CAM, and explainable 3D CNNs to diagnose Alzheimer's disease,” in 
Sci. Rep. 2021, 11(1), 5438 

 

Asian Journal of Convergence in Technology 
ISSN NO: 2350-1146 I.F-5.11

Volume XII and Issue I 

109




