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Abstract—Magnetic Resonance Imaging (MRI) has been a
significant influence in the medical industry, since its early
inception in the year 1977. It has enabled practitioners to better
understand the organizational structure of internal organs,
including that of the human brain. In this article, the MRI data of
the brain is subjected to experimental tests in the process of
identifying cognitive impairment such as Alzheimer’s disease,
using machine learning algorithms. An automatic detection
system, using the deep learning network Inception V3, is proposed
for this purpose. This system utilizes the edge detection algorithm
in providing eﬃcient results. The system performs with an
accuracy of 82.89%, while being able to classify the images with
an eﬃcient time duration of 0.11s/sample.
Index Terms—Alzheimer’s disease, detection, edge, Inception V3,
MRI, ADNI, Bilateral Filter, Normalization.
Fig. 1. Dementia disease statistics

I. INTRODUCTION
Alzheimer’s disease – A critical ramification of the
cognitive function of the human brain, caused by complex
brain changes and cell damage, causes dementia, and aﬀects
approximately 30 million people around the world. Amongst
the most common dementia cases, the patients suﬀer from
perturbing memory and the normal functionality of the
brain. Dementia aﬀects over 50 million individuals
worldwide according to Statista [1] (figure 1) and predicted
to accrue to approximately 152 million, by the year 2050.
Alzheimer’s disease ranks as the 2nd most severe
neurological disorder in the world, with approximately 60%
to 80% of the cases aﬀected with Alzheimer’s disease,
develop dementia symptoms.
One of the most common and preliminary Alzheimer’s
disease detection tests, along with psychological
examinations, is the brain MRI scanning and analysis. The
medical professionals examine the MRI scans and assess
possible factors that have the potential to reveal the
presence of Alzheimer’s disease, such as, brain matter
degeneration, tumor, etc. Although manual examinations of
MRI data prove to be eﬀective in detecting the presence of
Alzheimer’s disease, this process tends to reduce the
eﬃciency of expeditious arrival of conclusions. This paper
proposes an automatic detection of Alzheimer’s disease
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from brain MRI scanned images, to improve the eﬃciency,
in terms of accuracy and speed. This paper is organized as
follows. Section II reviews the contemporary studies carried
out on the detection of Alzheimer’s disease. The
Experimental setup and results are discussed in Section III.
The limitation of this work, along with further directions are
discussed in Section IV.
II.

RELATED WORKS ON ALZHEIMER’S
DISEASE DETECTION

Reju John et al., focus on the detection of Alzheimer’s
disease using fractal edge detection method [11], in their
work. Utilizing filtering techniques such as Sobel and
Prewitt filter, they improve the edge detection mechanism
and accuracy in their work. Their work adopts the
methodology of classifying the MRI images based on the
variation in the hippocampal mass of the brain. i.e. the gray
and the white matter. Using fuzzy logic, the brain matter
diﬀerences are classified as either existence of Alzheimer’s
disease, or as a possibility for the Alzheimer’s disease to
occur, or as a healthy brain.
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D.P. Devanand et al., have performed a study on
evaluating local deformations of the hippocampus, para
hippocampal gyrus, and entorhinal cortex, in predicting
conversion from mild cognitive impairment to having
Alzheimer’s disease [12], using MRI surface morphometry
mapping. Their work follows baseline brain MRI with
surface morphological analysis for patients at a single site of
study. ANOVA, ANCOVA, and chi-square tests were used
to compare the demographic, clinical, and MRI variables of
patients (converters, non-converters to AD) and controls.
Volumetric and surface morphometry of the hippocampal
region for 134 patients are considered for classification,
using the above methods.
Andrea Chincarini et al., in their work on local MRI
analysis for the diagnosis of early and prodromal
Alzheimer’s disease [13], have performed experiments in
detecting the presence of Alzheimer’s disease conversion
probabilities. This is done by studying the features present
in the volume of interest, selected from the hippocampal
region of the brain. The T1-weighted MRI data, obtained
from Alzheimer’s Disease Neuroimaging Initiative (ADNI),
were subjected to analysis for obtaining the volumes of
interest, by sectioning the MRI data into several slices and
testing the section that provided the maximum features,
before analysis. These sections were subjected to further
analysis using the Random Forest algorithm, which
provided the regions showing relevant features. These
features were filtered and statistical models were generated
using Support Vector Machine, that provided with an
accuracy of AUC – 97% (sensitivity ≈ 89% at specificity ≈
94%) for Controls from AD and Controls from MCI –
converters with an AUC – 92% (sensitivity ≈ 89% at
specificity ≈ 80%). MCI – converters are separated from
MCI – non-converters with AUC – 74% (sensitivity ≈ 72%
at specificity ≈ 65%) for a 20-fold validation.
Elaheh Moradi et al., used the concept of Low-Density
Separation (LDS) in the development of a machine learning
framework for early MRI-based Alzheimer’s conversion
prediction, in MCI subjects [14]. In this method, the images
obtained from the ANDI baseline T1-weighted MP-RAGE
sequence, using 1.5 T scanners, are subjected to the LDS
method. The model is trained with supervised and
unsupervised data simultaneously. The unsupervised data
serves as a fine tuner for the machine, to identify the
Alzheimer’s disease location in the brain MRI using
elasticnet, with the highest accuracy in discriminating
Alzheimer’s disease and Normal Cognition subjects. The
features obtained from the LSD framework are applied to a
Random Forest framework, to classify the patients with a
higher risk of conversion from mild cognitive impairment to
having Alzheimer’s disease and the patients that have a
lesser chance of such a case.
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III. EXPERIMENT AND RESULTS
In this paper, a system that utilizes the edge detection
technique to identify the presence of Alzheimer’s disease is
proposed. The experiment is conducted on an image dataset
of MRI scans, to classify them based on the presence of
Alzheimer’s disease (AD), Mild Cognitive Impairment
(MCI) and normal cognition (CN). This experiment utilizes
the edge detection methodology, to detect and classify the
presence of AD and signs of MCI.

A. Dataset
All the data are collected from the ADNI database [4].
The database comprises of research from 63 sites, in the
regions of the United States and Canada. The multisite
corporation enrolls subjects from the age of 55 to 91,
recruited in over 57 sites of their operation, to produce MRI
and Positron Emission Tomography (PET) scans, to study
the causes and detection of AD in subjects. The data under
study, obtained for this experiment, were acquired using the
ADNI1 1.5T Siemens MRI scanners, with T1-weighted
(recovery of magnetization before measuring the MR signal,
by changing the repetition time (TR)) and dual-echo T2weighted (decay of magnetization before measuring the MR
signal, by changing the echo time (TE)) sequences. The data
obtained as NIfTI files and are converted to images of
coronal cross-sections. All the images are Gradwarp
corrected, to redress the gradient induced spatial distortions
of the MRI and B1 non-uniformity corrected, that rectifies
the intensity non-uniformity error caused by the sensitivity
of linearly polarized radio-frequency (RF) MRI coils,
performed by ADNI. For selected images, N3 sharpening [5]
is performed by ADNI, to correct the shading artifacts in the
MRI, caused by intensity non-uniformity. Figures 2a and 2b,
show the Gradwarp correction variation between the
uncorrected and corrected images, obtained from the
research work [6]. Figures 3a and 3b, show the B1 nonuniformity correction between the uncorrected and corrected
images, obtained from the research work [7].
B. Edge Detection System
The edge detection is an image processing technique, that
analyses an image and detects the boundaries of the objects
discovered in the image [2]. The system detects for variation
and discontinuities in the brightness of neighboring pixels,
to arrive at a significant boundary separation.
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(b) Gradwarp corrected MRI

Fig. 2. Comparison between original and Gradwarp corrected MRI
Fig. 4: Inception V3 Architecture

iv The classification group to which the test subject belongs.
v The number of times the subject has visited the ADNI site.
vi The types of pre-processing performed on the MRI data,
before being converted to a NIfTI file. i.e. Gradwarp
correction, B1 correction and N3 sharpening.
818 subjects had undergone the test procedure, to produce a total
of 9314 recordings of MRI study images. The distribution of the
metadata is given in Table 1.
TABLE I: Data distribution of test subjects
(a) Original MRI

(b) B1 corrected MRI

Fig. 3. Comparison between original and B1 corrected MRI

amongst objects in the images, which the system can utilize to
classify the objects using image identification algorithms. The
proposed model utilizes the classification weights of Inception
V3 [3]. Inception V3 is the version 3 of Inception, an image
identification neural network architecture, that has been trained
using the ImageNet, to identify a range of real-world objects in
existence. This trained model is utilized and the weights are
updated using the training data of this experiment, to identify
the three-group classification of this study during the learning
process of the system from the images. i.e. classify the images
as AD, MCI, and CN. Figure 4 shows the structural architecture
of the Inception V3 model.

Group
CN
MCI
AD

Sample Size
2896
4631
1787

Age

Gender

(years)
76.8±5.2
75.5±7.2
75.4±7.7

[M/F]
1451/ 1451
3048/ 1583
946/ 841

Visit
3±2
3±2
3±2

The correlation matrix amongst these features reveals the
degree of impact on others.

C. Metadata Analysis
The ADNI data website provides explanatory data on the
MRI files, which are explored in the remainder of this section.
This section analyses the demographics of the testing
procedures using the metadata, to provide an insight into the
data used to train the edge detection system.
i The subject ID of the test personnel.
ii The age at the time of the visit to the test site.
iii The gender of the subject.
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Fig. 5. Correlation matrix amongst meta data features

Form the correlation matrix, it is seen that the classification
group exhibits the highest negative correlation with age. This
shows that AD and MCI are detected for the subjects younger
than that of CN subjects in the overall average in the MRI tests.
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On the contrary, age is positively correlated with the Visit
parameter. This shows that, as the age of the subject increased,
the number of visits to the site to undergo the procedures also
increased to obtain sustainable test results. The box plot
distribution of data between group and age is given as in figure
6 shows that 50 percent of the subjects are between the ages of
70 and 81.

Fig. 8. Coronal cross-section of a subject’s MRI

Fig. 6. Data distribution between Group and Age

to calculate the dominance of noise in the image. The Equation.
1. shows the method equation used to obtain the SNR [8] value
for this experiment.

𝑺𝑵𝑹 =

Fig. 7. Data distribution between Visit and Age

Figure 7 boxplot shows that the quantile age values increases
with the increase in the number of visits to the test site. This
shows that the visits to the testing facility were more frequent
with the increase in age, exhibiting the fact that, the elderly
were tested more.
D. Image Data Analysis
The data obtained from the ADNI website are of NIfTI
format, that has been created by pre-processing the MRI data
and converted to the format that retains the space orientation
information of the MRI data. These files are converted to a
desired image file format using the Nilearn python package
version 0.5.0. Figure 8 shows the coronal cross-section of the
MRI image, produced by Nilearn using a NIfTI file.
The images produced are of the dimensions 187 × 157 pixels.
The Signal to Noise Ratio (SNR) is measured
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𝝁𝒔𝒊𝒈𝒏𝒂𝒍
0𝝈𝒔𝒊𝒈𝒏𝒂𝒍

(1)

Where µ is the average signal value from the image and σ
is the standard deviation of the signal.
The average SNR of the images generated using the Nilearn
package is approximately 0.889. This shows that the noise in
the image is not insignificant.
The MRI images are also capable of revealing the visual
diﬀerence between a CN brain and a brain with AD. The loss
in brain matter resulting in a mass reduction in the hippocampus
region and causing brain abnormality due to AD is shown in
figure 9.
Figure 9 shows the regions of interest used, to detect the
presence of AD. These are the regions used by the edge
detection system to classify the MRI images by learning to
diﬀerentiate the regions amongst the three groups.
E. Image Processing
From the previous section, it is seen that the images possess
noise. The presence of noise over the signal power leads to poor
detection of edges in the images by the system. Hence, the
images must be pre-processed to reduce noise. The image is
also normalized to maintain uniform intensity on all parts of the
image.
1) Noise Reduction: The noise present in the images is
reduced by smoothening the images. This is done by replacing
the pixel intensities with the weighted average of the
neighboring pixels. The weighted averages are calculated using
Gaussian distribution fg(x).

www.ijert.org
(This work is licensed under a Creative Commons Attribution 4.0 International License.)

20

Published by :
http://www.ijert.org

𝒇𝒈 (𝒙) =

International Journal of Engineering Research & Technology (IJERT)
ISSN: 2278-0181
Vol. 9 Issue 10, October-2020

𝟏

(𝒙:𝝁) 𝟐;
:
𝟐𝝈𝟐

𝒆
𝟐

6𝟐𝝅𝝈

lesser noise is produced. Figures 11a and 11b show the
diﬀerence between the original and the filtered image.

(2)

Fig. 10. Relation between pixel diameter and PSNR

Fig. 9. MRI showing reduction in brain matter

Where µ is the average signal value from the image and σ is
the standard deviation of the signal.
To achieve this operation, the Bilateral Filter is used.
The Bilateral filter is superior to the conventional Gaussian
filtering, as it can preserve the edges in the image while
providing a similar level of noise reduction through the ability
to control the intensity level of neighboring pixels. (3) denotes
the bilateral filtering equation, referred from the research works
of [9].

(a) Original MRI image

𝑩𝑭[𝑰]𝒑 = 𝟏0𝑾 ∑𝒒 𝝐 𝑺 𝑮𝝈𝒔 (||𝒑 − 𝒒||)𝑮𝝈𝒓 (|𝑰𝒑 − 𝑰𝒒 |)𝑰𝒒 (3)
𝒑

Where 𝑊K denotes the Gaussian pixel weights
𝑾𝒑 = ∑𝒒 𝝐 𝑺 𝑮𝝈𝒔 (||𝒑 − 𝒒||)𝑮𝝈𝒓 (|𝑰𝒑 − 𝑰𝒒 |)𝑰𝒒

(4)
(b) Bilaterally filtered image

Where, 𝐺MN is spatial Gaussian weighting, 𝐺MO is the range
Gaussian weighting, 𝐼K is the intensity of pixel p and 𝐼Q is the
intensity of pixel q.
Using the OpenCV package, version 4.2.0, the parameters
sigma color and sigma space, of the inbuilt bilateral function
are tested by iterating the pixel diameter through a range of
values, to find the optimal image quality with defining edges of
the image. Figure 10 shows the relation between the pixel
diameter and Peak Signal to Noise Ratio (PSNR) for a diﬀerent
configuration of sigma color and sigma space.
From figure 10, it is evident that the PSNR peaks at pixel
diameter between 2 and 10 and gradually decreases for all
sigma color and sigma space values. By selecting the optimal
sigma space and color configuration that produces the highest
SNR and the highest PSNR, an image with clear edges and
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Fig. 11: Noise comparison between original Image and bilaterally filtered
Image

2) Normalization: Normalization is a process done on the
images, to homogenizes the pixel intensity. This provides an equal
distribution of pixel strength. As a result, the edge detection system
can detect the edges more eﬃciently for an image with more
defining object boundaries. The normalization process utilizes the
minimum and maximum intensities of the image. After
normalization, the edges appear sharper than the bilateral filtered
image.

The linear normalization performed for this experiment,
follows the intensity range IN : {X ⊆ Rn} →
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(a) Bilaterally filtered image

Fig. 13. Canny edges on MRI of a subject

(b) Normalized image
Fig. 12: Image comparison between Bilaterally filtered image and Normalized
image

{mn, ..., Mn}. The equation followed for the normalization
process is given as
𝑰𝑵 = (𝟏 − 𝒎)

𝑴𝒏 :𝒎𝒏
𝑴:𝒎

+𝒎

Where m is the minimum pixel intensity of the image,
M is the maximum pixel intensity of the image, 𝑚W is the new
minimum intensity after normalization and 𝑀W is the new
maximum intensity after normalization.
F. Edge Detection System
A convolution neural network is used for the edge detection
system, that has been trained to detect the edges of objects in
the image and classify them based on the trained model. The
system uses Inception V3 pre-trained weights to provide
improved edge detection than a conventionally trained model.
Figure 13 shows the edges detected by the Nilearn package.
The edge detection system also utilizes a similar canny based
algorithm to identify the edges.
The edge detection system is implemented using the
TensorFlow framework, version r1.15. The system is tested on
a computer machine having the following configuration. An HP
Z4 G6 Tower workstation, having a 2.1 GHz octa-core Xeon
Haswell – EP processor, that a 64 GB DDR4 DRAM utilizes,
with an NVIDIA GeForce GeForce® GTX 1080 Ti consisting
of 3584 CUDA cores, clocking at 1.5 GHz.
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Fig. 14. Architecture of the proposed system

(5)

The weights of the convolution neural network are updated
through back-propagation during the training process. The
structure of the convolution network is given in figure 14.
The activation function used in the proposed model, for the
input layers and the hidden layers is the Rectified Linear Unit
(eqn. 6) (Fig. 15).
𝒈(𝒛) = 𝐦𝐚𝐱 (𝟎, 𝒛)
(6)
where z is the weighted summation of inputs. In the output
layer, the SoftMax activation function (Fig. 15) is used, to
categorize the images to their respective groups, based on the
maximum probabilities predicted for each group.
G. Optimizer
The optimizer used for this experiment is Adaptive Delta
Optimizer (ADADELTA). The optimizer performs optimally
by reducing computational duration of the learning process
significantly, with respect to other learning optimizers such as
its predecessor, Adaptive Gradient. It also proves to be eﬀective
than Adam Optimizer. This is because of the exponential
decaying average of the 2nd moment and the learning rate is
adaptive. thereby, optimally improving the GPU usage and the
model learning.
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Fig. 15. ReLu and SoftMax activation Function
Fig. 16: Training loss of the system

Equations 7-10 show the Adadelta optimizer states [10].
𝒔𝒕 = 𝝆𝒔𝒕:𝟏 + (𝟏 − 𝝆)𝒈𝟐𝒕
𝒈a𝒕 = b

𝜟𝒙𝒕d𝟏 e 𝜺

(7)

⊙ 𝒈𝒕

𝒔𝒕e 𝜺

(8)

𝒙𝒕 = 𝒙𝒕:𝟏 − 𝒈a𝒕

(9)

∆𝒙𝒕 = 𝝆𝜟𝒙𝒕:𝟏 + (𝟏 − 𝝆)𝒙𝟐𝒕

(10)

Where, 𝑠j = second moment of the gradient,
𝑔j = gradient,
𝑔ja = rescaled gradient,
𝑥j = leaky average of the second moment of the change of
parameters in the model,
𝜌 = decay rate,
𝜀 = fuzz factor.
Table 2. Shows the accuracy and loss results, comparing
each of the optimizers tested in the experiment.
TABLE II: Validation results for diﬀerent optimizers
Validation

Optimizer
Adadelta

Adagrad
Adam

Acc.
(%)
80

64
54

Validation
Loss
1

1.07
1.04

H. Results
The experiment is conducted using a sample train dataset of
size 6519 MRI images (70% of the dataset) to train the model
for 10 epochs with a batch size of 32 samples. The Adadelta
optimizer is applied in the system using the following
configuration.
i Fuzz factor (ε) = 1e-1
ii decay rate (ρ) = 0
The results are validated with a 10-k fold validation that
produces an average accuracy of 80%.
A sample test dataset (30% of the dataset), consisting of
2795 samples, is tested using the trained model. Figure 20
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Fig. 17. Training accuracy of the system

shows the probability distribution of the predicted group for the
test dataset.
Table 3. shows the confusion matrix result of the test dataset
prediction.
The accuracy obtained for the test dataset, using the model is
82.89%. Table 4. shows the accuracy report for the test dataset.
A Support Vector Machine (SVM) classifier (linear kernel
and γ = 0.001, 0.0001) and a Random Forest classifier with 100
estimators, are trained using the training dataset with 10-fold
cross-validation and tested with the test
TABLE III: Confusion matrix for the test dataset results
Group
AD
MCI
CN

AD
447
22
127

MCI
87
1150
15

CN
6
221
720

TABLE IV: Accuracy report for the test dataset.
Group
AD
MCI
CN

Precision Recall f1-score

(%)
75
92
76

(%)
83
83
84

Support

(%)
79
87
80
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Fig. 21. AUC ROC of Test Dataset result
Fig. 18. Validation loss of the system

TABLE V: Accuracy report for the prediction models
Prediction Model
Edge detection system
SVM
Edge detection system
(without pre-processing)
Random Forest

Accuracy

(%)
82.89
78.66
76.00
75.52

respectively, the edge detection system can produce results
with higher accuracy.

Fig. 19. Validation accuracy of the system

dataset. Table 5 shows the aggregated accuracies of all the
prediction models proposed in this article.
The Inception V3 model predicts the classification groups of
the test dataset of size 2795, in 322 seconds. Hence, the models
can process an MRI image with a duration of 0.11s/sample.
Although the SVM classifier and the Random Forest classifier
can outperform the edge detection model, by predicting the
classification groups for the test dataset in 0.079s/sample and
0.092s/sample

IV. Conclusion
An edge detecting system, that and classifies the brain MRI
based on the abnormality observed the hippocampal region of
the brain. Some of the conclusions derived from this
experiment are listed below.
i The loss of brain matter registered in the MRI is utilized to
train the model. thereby, detecting cognitive impairments.
ii The brain MRI shows a significant diﬀerence amongst the
classification groups to be recognized by the system.
iii The accuracy of the correctly classified image is
proportional to the quality of the image.
iv The edge detection system outperforms the SMV and the
Random Forest classification algorithms.
v The edge detection system is eﬃcient in processing the
image within a short duration of time.
A. LIMITATIONS
Although the MRI scan can reveal the reduction in brain
matter, which indicates possibilities of cognitive impairment, a
physician must not conclude with the results provided by the
automatic AD detection system. The patient must be subjected
to further tests such as the Mini-mental state examination
(MMSE), the Montreal Cognitive Assessment (MoCA) and the
Self-Administered Gerocognitive Examination (SAGE).
B. FUTURE WORKS
This image detection system does not take into consideration
the diﬀerent types of brain matter, i.e. white

Fig. 20. Probability distribution of predicted group
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matter, gray matter while learning to classify the images.
This system can be improved by enabling to diﬀerentiate
between the types of brain matter and classify based on the
significance of each brain matter on AD development.
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