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Abstract:Globally, Dementia is most frequently caused by 
Alzheimer's disease (AD). From range in severity, it steadily gets 
worse, making it challenging for the individual to complete any 
work without assistance. Due to populations growth and the 
frequency of diagnoses, it starts to surpass. Existing methods for 
identifying cases include taking into account medical history, 
conducting cognitive challenging, then using magnetic 
resonance imaging (MRI); However, since they lack sensitivity 
and accuracy, successful approaches are uneven. A system for 
identifying certain MRI characteristics linked to Alzheimer's 
disease is developed using the convolutional neural network 
(CNN). By taking into consideration the four phases of dementia 
and making a diagnose, the proposed system creates high-
resolution diseases probabilities mapped from the local 
structural brain to a multilayer perceptron and gives accurate, 
clear visualization of particular Alzheimer's disease risk. To 
avoid class imbalance, the sampling should be evenly distributed 
among the four main MRI image types. Mildly demented, 
moderately demented, non-demented, and very mildly demented 
are the grades assigned by the DenseNet169 algorithm. There is 
a serious class imbalance issue with the MRI image dataset that 
was collected through Kaggle. To identify the phases of 
dementia using MRI, a DenseNet169 algorithm classification is 
suggested. We also used the Alzheimer's Disease Neuroimaging 
Initiative (ADNI) datasets to estimate AD categories, which is 
preferable than existing methods, in order to assess the 
proficiency of the proposed approach. 
Keywords: Convolutional Neural network, 
Neuroimaging.dementia,DenseNet169 

 
I.INTRODUCTION 
Dementia is caused by Alzheimer's disease. Due to some 
types of brain illnesses, dementia causes memory loss and 

diminished reasoning abilities. One of the brain disorders 
that lead to dementia is Alzheimer's. Mini strokes are 
brought on by this condition, which also causes nerve 
dysfunction and progressive cell death in the brain. Due to 
the tiny assaults that happen without any perception, a 
person with the condition may not be aware of the strokes. 
It occurs at certain losses. 

Unfortunately, this condition can develop as early as 
age 50, but such instances are far less common than those 
that affect people over 65. It is impossible to quantify that 
age in the modern world. Most of the time, those who are 
impacted early are conscious of their own alterations.They 
are greatly impacted by their memory loss and new 
nonconformities, which causes them to regularly forget 
things and makes it difficult for them to maintain their 
goods as they would if they were in good health. When 
speaking with family, friends, and other relatives, they 
experience some difficulty speaking and using language. 
This causes them to converse less, and this advanced stage 
causes them to forget their immediate relatives. 

There is no effective treatment for this illness; it may 
slow the progression but does not heal it. The doctor, their 
family, and other people close to them will all benefit if the 
sickness is detected early. so that the illness may be 
diagnosed sooner using machine learning techniques. Here, 
the highest accuracy is sought using five methods. 
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 While structural MRI is a reliable indicator of late-
stage AD, it does not provide much information regarding 
the difference between normal and accelerated brain ageing 
at an early stage. Due to this, some authors contend that 
electrophysiological diagnostics, such as event-related 
potentials, should be used to convert the MMSE regression 
models into a series of binary classification models as a 
reliable method of identifying people who are at risk of 
developing AD. We anticipate that fresh research on the 
relationship between brain anatomy and function may 
encourage efforts to identify NDs sooner and treat them. 
We use ML to create multimodal diagnostics that combine 
the benefits of morphological and functional results. 

This study evaluates the efficacy of a densenet-121, a 
three-dimensional CNN architecture trained on ADNI MRI 
data, in identifying Alzheimer's disease. We also want to 
achieve reduced economic costs. In particular, for 
underdeveloped nations that struggle to acquire specialised 
hardware platforms for computation, our goal is to produce 
a technical artefact that might be employed in the public 
health and wellness of people everywhere. As a result, 
picture geometry correction improves image information, 
making the image more valuable for any analytic 
procedure. The texture- and shape-based feature extraction 
approach can be used in some medical photos when colour 
information is less explicable. Concatenating the retrieved 
features allowed a multi-layer perceptron to be employed 
for classification. 

SCOPE OF THE PROJECT: Recent advances in early 
detection and algorithmic AD categorization have produced 
extensive multimodal neuroimaging data. MRI imaging and 
the findings of genetic sequencing are two different 
methods for AD research. Making a decision requires 
careful consideration of several modalities, which takes 
time. Patients may also experience radioactive effects when 
viewing modalities like MRI pictures. 

In this study, we hypothesis that the MRI mode gains 
from its superior tissue contrast, increased imaging 
elasticity, absence of ionizing radiation, and capacity to 
deliver valuable data on human brain architecture. 
Improved computer-aided diagnostic tools are needed to 
analyze MRI images and identify whether individuals have 
Alzheimer's disease or are well. Conventional deep learning 
algorithms conduct AD cataloging on unprocessed MRI 
images using the cortical surface as aparameter to the CNN. 

THE MAIN OBJECTIVE OF THE PROJECT 

 In order to slow down the aberrant degeneration of 
the brain, lower healthcare expenses, and provide 

better treatment, early diagnosis of this illness is 
being explored. 

 Recent findings study fails on Alzheimer's disease 
may indicate that early intervention and diagnosis 
are essential for a successful course of therapy. 
Numerous new diagnostic criteria reflect the fact 
that a broad array of neuroimaging techniques is 
increasingly dependent on the diagnosis of 
dementia. 

 Using machine learning, neuroimaging improves 
the diagnostic precision for different subtypes of 
dementia. Machine learning methods require 
certain pre-processing procedures. 

 Aspects of the machine learning-based 
classification process include morphological 
operations and selection, feature quantization, and 
the classifier algorithm. These methods call for in-
depth expertise and several processes of refining, 
which might take time. 

II. RELATED WORKS 

ABOL BASHER [1] combining a deep neural network 
(DNN) model with a convolutional neural network (CNN) 
approach A two-stage Ensemble Hough-CNN was used to 
dynamically locate the left and right hippocampi. fared 
better than the competition in the identical datasets by a 
specified margin. A somewhat modest private dataset has 
been used to evaluate the suggested technique.Kai Li [2]To 
achieve illness detection, combine latent EEG parameters 
with a variational auto-encoder to obtain features of 
Alzheimer's disease. Multiple latent variables are given into 
the Takagi-Sugeno-Kang classifier for decoding. The TSK 
technique performs much better at recognizing the features 
of AD. Due to the dataset's modest size and lack of MCI 
subjects, the effectiveness of training and classification are 
constrained.Yan Zhao [3]a 3D DenseNet based multi-class 
categorization network optimized with a focused loss to 
assess the clinical stage of the predicted brain, and a 3D 
multi-information generative adversarial network (mi-
GAN) to anticipate what one's entire brain will look such as 
using interval. A strategy for predicting progression of the 
disease is useful. It is necessary to enhance the grey matter 
distribution and short-term brain imaging 
prediction.Zhenyuan Ning [4]combines dimension 
reduction, classifier modelling, and representation learning 
into a single framework. discovers a few promising 
biomarkers for AD diagnosis. It is unknown whether there 
has been any research done on the viability of diagnosing 
other brain disorders.Jae Young Choi [5]Deep ensemble 
generalization loss, that takes into consideration 
collaboration and interaction during the search for the 
optimal weights. Taking longer than those of single DCNN-

Alzheimer’s disease detection using deep neural network in densenet 169             21



based techniques. The DCNN ensemble's typical testing 
period was brief.Protima Khan [6]overview of modern 
machine learning and deep learning techniques for the 
detection of four different brain disorders, including 
Parkinson's disease, epilepsy, brain tumors, and 
Alzheimer's disease. There are 22 datasets mentioned. 
Other concerns including resource efficiency, large-scale 
medical data administration, data protection must be 
addressed in order to make ML/DL-based systems more 
useful. Nora Shoaip [7]broad semantic knowledge 
foundation for the creation of CDSSs for AD diagnosis that 
are fuzzy ontology-based. mapped a number of genuine 
instances using ADNI. To aid doctors in automatically 
obtaining the patient data they need for diagnosis and to 
increase accuracy, both patients who are hospitalized and 
patients who are accessible remotely.Tian Zhu 
[8]Anatomical landmarks and a classification method based 
on directed acyclic graph (DAG) network feature learning 
are used to diagnose AD patients. Our technique for 
representing images lowers the characteristic dimension 
using landmarks. compared to VBM-based approaches, 
reduces the chance of overfitting. The proposed strategy is 
separate from the understanding of DAG network features, 
which can result in subpar performance.TIAN ZHU 
[9]compared to ROI-based approaches, the modest aberrant 
structural alterations of highlight patches were detected. 
Compared to VBM-based approaches, our landmark-based 
structure system method decreases the component 
dimensions and eliminates the possibility of over 
fitting.Lao [10]The performance of the classification might 
be enhanced by the numerous regularizations using labelled 
data, which could absolutely find the most exclusionary 
characteristics and eliminate irrelevant features. 
Additionally, every feature extraction approach 
outperforms the Raw, suggesting the need for selecting 
features in AD/MCI categorization. 

III.METHODOLOGY 

In this study, we provide a multi-modal shared 
learning-based paradigm for similarity AD diagnosis. There 
are three phases to this framework: relational quantization, 
training, and validation. In order to create identify the areas, 
the architecture first learns a bi-directional transfer among 
original space and shared space during in the training 
stage.For particular, we introduce the projection matrix, 
which performs an original-to-shared conversion, in order 
to construct latent discriminative models using multi-modal 
inputs. We also expect that now the associated forms will 
preserve initial data to the maximum extent possible, 
therefore the reconstructive matrix is employed to carry out 
the sharable conversion. Using a weight matrix, whose 
entries indicate the significance of the relevant feature 
vectors in the target space, we next project the shared 

representations onto that space. We next use a weight 
matrix, whose entries indicate the significance of the 
relevant feature vectors in deep learning MRI pictures for 
each kind of dataset,to enlarge the targeted space using the 
describes the procedures. The final DenseNet169 algorithm 
class categorization of AD diagnosis includes mildly 
demented, moderately demented, non-demented, and very 
lightly demented. As a result, the unified framework allows 
for the simultaneous optimization of classifierModeling and 
pattern recognition (from communal space to labeled space 
and from original feature space to common space, 
respectively).As a result, picture geometry correction 
improves image information, making the image more 
beneficial for any analytic procedure. The texture and 
shape-based feature extraction approach is employed in 
some medical photos when the explanation of the colour 
information is less clear. Concatenation was done using the 
retrieved features, and a multi-layer perceptron was used 
for classification. 
 
 

 

FIGURE.1. Flow diagram of Proposed Model  

DATA ACQUISITION 

The first step is to acquire images. Computers must 
learn by doing in order to create categorization models. For 
the computer to recognise an item, multiple photos must be 
seen. Deep learning models may also be trained using data 
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in other forms, such as time series data and speech data. 
The pertinent information needed to identify Alzheimer's 
disease in the framework of the work covered in this paper 
will be photographs.The result of the stages are images that 
will ultimately be utilized to train the model. 

DATA PREPROCESSING 

An image classification task determines the category 
of a given input MRI image. In high-level image 
interpretation it is fundamental problem that may be broken 
down into binary- and multiclass classification tasks. An 
image is categorized in the output layer in accordance with 
the criteria following numerous convolution-and-pooling 
processes using a CNN. The output layer activation 
function is the only distinction between binary and 
multiclassification tasks. It is simple to identify an image 
classification task for MRI image analysis, and from there, 
the essential steps may be taken to ascertain whether any 
kind of dementia is present. Convolutional neural networks 
(CNNs) and other high-performanceJPG and PNG image 
categorization may be done using natural image different 
classifiers. 

MAGNETIC RESONANCE IMAGING 
CLASSIFICATION 
 

This imaging method creates 2D and 3D pictures of 
the brain's structural components using radio waves and 
magnetic fields. Neither radioactive tracers nor X-rays 
produce any hazardous rays. The structured MRI, that 
analyses brain volumes in reality to identify brain 
deterioration, is the type of MRI most frequently utilized 
for AD patients (loss of tissue, cells, neurons, etc.). An 
unavoidable and ongoing aspect of AD is brain ageing. 
Brain atrophy can be discovered using a functional MRI. 
As just an alternate, functional MRI (fMRI), a commonly 
used technique to assess the size of the human’s primary 
visual cortex as well as determine the topography of the 
brain, offers important information and data well about 
processes of the human brain, or the way the brain works. 
The increased metabolic rate of utilization of oxygen and 
regional cerebral blood can be detected using fMRI 
techniques including imaging techniques relying upon 
arterial Blood Oxygenation Level Dependent (BOLD) 
contrasts and spin-labelling (ASL). 
 
DENSENET 169 
 

Densenet169 is oneof the main image different 
classifiers developed by the Densenet group. The model's 
comparative popularity is aided by its larger size and 
improved accuracy. It serves as an output classifier object 
for the ImageNet’s 1000 different classifications. The 

categorization of pictures using the Densenet model has 
demonstrated respectable accuracy.Interesting charts from 
the model have been displayed. 128 batches were used in 
all. There have been 40 iterations of the model. The 
precision of the model was approximately 87% in the 
training data and 80% in the test data. The model 
demonstrated an AUC of about 88% in the training data and 
about 82% in the test data, and the resultant model losses is 
also relatively low. 

 

 
 

FIGURE.2. Training dataset 
 

The model identifies the photos after passing through a few 
levels. Mild dementia, moderate dementia, non-demented 
dementia, and very mild dementia are the four categories 
used for categorization.  

 
 

FIGURE.3.Model Loss 
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FIGURE.4.Model AUC 

 
On the training dataset, the models had an efficiency of 
around 87%, while on the testing dataset, it had an 
efficiency of almost 78%. 
 
IV.CONCLUSION 
 

In this study,Dementia's primary root is Alzheimer's 
disease. This study identifies a potential remedy for 
catching the condition earlier. The statues utilised in this 
study correctly divided the photos onto the necessary four 
groups, and they gave us some very encouraging outcomes. 
We see how DenseNet169 functions. To guarantee that this 
specific technique can be used in hospitals and improve the 
efficiency of treatment for this certain condition, more 
study is needed. Individuals ought to get educated about 
this condition as well as urged to have a physical 
examination. For easier to use, we are nowdeveloping the 
model to simulate webpage deployment 

 

   FIGURE.5.Testing NonDemented 

 

FIGURE.6.Output screenshot 
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