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1. INTRODUCTION

Alzheimer’s disease (AD) is considered the most

common type of dementia seen in the elderly, mak-

ing up majority of dementia cases in people over

65 years of age or older [1]. AD late-onset symp-

toms usually begin in the mid-60s, while early-on-

set symptoms occur between the 30s and mid-60s.

It’s estimated that by the year 2050, roughly 640

million people may be affected by AD due to the

aging population in the world [2]. As the AD pro-

gresses, the brain structure changes; initial dam-

age occurs in the hippocampus. Mild cognitive im-

pairment (MCI) can be considered as the early sign

of AD, however, it’s not certain that MCI will turn

into AD in all cases. As the disease progresses,

hard plaques and tangles begin to appear in the

brain, causing cognitive issues such as memory

loss, and at later stages, inability to move. AD also

causes the hippocampus and cerebral cortex.

Because the hippocampus is responsible for epi-

sodic and spatial memory and plays the role of a

relay between the brain and the rest of the body,

neurons cannot communicate through synapsis.

This causes issues with thinking, planning, and

judgment. This is observed as a low-intensity

brain cell in medical imaging. Unfortunately, there’s

no definite cure for AD, and current solutions help

with alleviating symptoms and improving the

quality of life.

As the AD progresses, protein plaques in the

brain named amyloid-β (Aβ) and hyperphospho-
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rated tau, and leads to further neuron and axon

damage. These changes generally follow affecting

the early medial temporal lobe (entorhinal cortex

and hippocampus), followed by further neocortical

damage [3]. These changes in the brain can be seen

in medical images using different injected-chem-

icals into the bloodstream, as can be seen in Fig.

1. The indented surfaces of the brain disappear,

leaving a more smooth and bleak plaque behind.

The changes begin to appear years before AD

becomes prevalent. Nowadays it’s widely believed

that the toxic effects of the plaque changes in the

brain cause the symptoms of AD. This paper

works with PET/CT (Positron Emission Tomog-

raphy/ Computed Tomography) images where the

prevalence of these hardened plaques is highlighted

in patients.

Since the early 1970s, there has been a massive

R&D effort on developing CAD (computer-aided

diagnostics) systems that were based on manually

subtracted feature vectors [4]. Afterward, these

vectors would be put into a supervised training

model such as the support vector machine to per-

form classification. Not long after it was realized

there were serious limitations to such systems [5].

Due to these limitations, researchers shifted their

focus on data mining approaches in the 1980s and

1990s in hopes of developing more accurate and

flexible systems.

Nowadays, the performance of CAD systems

has improved so drastically that they’re being

compared to human experts. Due to deep learning

methods such as convolutional neural networks

(CNN) being able to extract meaningful features

from images automatically through supervised

training and give highly accurate results, the re-

placement of human experts with CAD systems for

the future is being discussed [6]. Deep learning

methods also perform well CAD systems with

medical segmentation, disease and tumor detection

[7], tracking, and classification in organs using mi-

croscopy and ultrasound as well.

In this paper, a stacked convolutional au-

toencoder is proposed to classify Alzheimer’s dis-

ease from given PET/CT images. Extracted fea-

tures are sent through an added classification layer,

and the diagnosis is performed. The proposed

model is trained with the dataset that is obtained

from Dong-A University Department of Nuclear

Medicine, using PET/CT images.

The paper is organized as follows; section 2 dis-

cusses related work on AD classification in medical

images, section 3 explains the proposed model and

the dataset, section 4 shows the simulation results

and considerations, and section 5 concludes the pa-

per and discusses the future work.

2. ALZHEIMER’S DISEASE CLASSIFICATION

In the field of medical imaging, there has been

a surge of developments to better identify in im-

ages for discrepancies in the brain as the AD

progresses. Different machine learning applications

have been used for the classification of AD using

imaging data [8-10]. There also has been docu-

mented correlation between brain connectivity and

the behavior of the patient [11]. Different imaging

techniques were used in AD diagnoses such as

PET [12], sMRI [13], fMRI [14], however, it’s been

shown that features from multiple modalities im-

prove the overall accuracy [15].

Fig. 1. Amyloid-positive (left) and amyloid-negative 

(right) images using PET/CT scans are used in 

diagnosis of the Alzheimer’s disease.
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PET/CT is a combination of the cross-sectional

anatomic information obtained through the CT, and

metabolic information, and the obtained through

PET, and then the information fused together. In

AD screening especially, this gives advantages

over single CT or PET, such as the ability to local-

ize the increased FBB activity in abnormal loca-

tions which may be impossible to localize with

PET alone. The literature shows that PET images

provide better classification accuracy [16] than

MRI images [17, 18] alone.

Deep learning models have a wide area of use

such as object recognition, object tracking, seg-

mentation, natural language processing, etc. due to

their automatic feature extraction capabilities.

Their deep structures allow them to learn high-

level features, and further down the pipeline, more

abstract features. They’re also capable of learning

certain disease-caused features in the brain from

images. That is why the CAD research was quick

to apply and develop such models for a more accu-

rate diagnosis of disorders. Brosh et. al. [19] devel-

oped a deep belief network (DBN) using manifold

learning to detect AD. Suk et. al. [20-22] developed

SVM kernels for an autoencoder using magnetic

current imaging (MCI) for classification. Cárde-

nas-Peña et. al. [23] developed a model using ker-

nel alignment ad show that pre-training of stacked

autoencoder provides higher classification accu-

racy than unsupervised pre-training with plain au-

toencoders and principal component analysis (PCA).

As of 2019, AD can only be classified in its later

stages using medical imaging, and early detection

can only help to slow down the progression of cog-

nitive decline. It’s vital to detect AD as early as

possible in MCI stage. In this paper, a stacked con-

volutional autoencoder is developed that is trained

with three classes; AD, MCI, and normal control

(NC), and provides a high classification accuracy.

The data used was provided by collaborating Dong-

A University Department of Nuclear Medicine.

3. THE PROPOSED STACKED CONVOLUTIONAL 

AUTOENCODER FOR CLASSIFICATION

3.1 Deep Learning Model

Autoencoders, although were initially proposed

for pre-training [24] purposes, are seeing a surge

of interest due to their flexible nature such as in

segmentation tasks in medical images such as

U-Net [25]. Recently developed stacked convolu-

tional autoencoders (SAE) are also state-of-the-

art learning and pre-training tools. Features that

are learned can be applied for different scenarios,

such as classification or segmentation.

When autoencoders are producing an output,

they try to copy the input to their outputs. A num-

ber of hidden layers h that mark out a code in order

to represent an input. Autoencoders are comprised

of two major components: an encoder   

where an input data is spatially shrunk through

feature extraction and a latent space representation

(or bottleneck), and a decoder which reconstructs

the input   , in CNN case, through the use

of transpose convolution. The convolution oper-

ation is defined as,

 ∗  
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where input image with height  , width , and

  channels (red, green, blue) such that

∈ ×× where  is a real number. Subse-
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filter.

Convolution between the input feature map of
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where  is the error or cost function,  is the 
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layer where    is the first layer and    is the

last layer,  is of dimension  × and has  and

 as the iterators,  is of dimension  ×  has 

and  as the iterators,  
 is the weight matrix

connecting neurons of layer  with neurons of layer

.

As seen in the left part of the Fig. 2, encoder

part of the proposed model has eight convolutional

layers with an initial input size of  ×  × . In

each of these layers, convolutional filters with a

size of  ×  are used, followed by ReLU (Rectified

Linear Units), and batch normalization thereafter

[26]. Last encoding layer also has a dropout [27]

operation with 50% probability. After two con-

volution layers, a max-pooling layer with a filter

size of ×  is used for dimension reduction. Lastly,

two fully-connected layers with 1024 units each

and last fully connected layer is connected to a

softmax layer for classification with three classes

(AD, MCI, and NC).

Moreover as seen in the right part of the Fig.

2, decoder part has also eight corresponding con-

volutional layers with  ×  filters to the encoder

in order to make the output same size, with

up-sampling (also called deconvolution, or trans-

pose convolution) [28] instead of pooling in order

to increase the spatial dimension After the last

convolution layer, the reconstructed image is given

as the output.

Loss function used in autoencoder-type archi-

tectures is generally mean squared error (MSE)

    ,which measures how similar the

reconstructed input  is to the original input .

For optimization, stochastic gradient descent

(SGD) with momentum was used for the proposed

model. The training data is split 80% and 20% for

training and validation, respectively. Nesterov mo-

mentum was also applied in order to speed up the

learning process and improve convergence. This

works as, given the objective function  is to

be minimized, the regular momentum is given as,

     ∇    (3)

     (4)

where  is the velocity,   is the learning rate,

∈   is the momentum coefficient, and ∇ 

is the gradient at  , whereas Nesterov momentum

is given as,

     ∇       (5)

     (6)

3.2 Dataset

In this paper, PET/CT images dataset is the

property of Dong-A university Hospital, Depart-

ment of Nuclear Medicine. In the dataset, there are

three classes; AD, MCI, and NC. The detailed in-

Fig. 2. Proposed stacked autoencoder architecture for classification of AD. Left side of the architecture is the encoder 

where the input image is encoded to its most abstract features through convolution and pooling operations 

and further, a classification layer (softmax). Right side of the architecture is the decoder part where the 

learned inputs from the bottleneck are used to re-create the original input. The total pixel value difference 

between the original image and the reconstructed image is used as a loss value (mean squared error) during 

the training, while the training’s main purpose is to reduce this value as low as possible through epochs.
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formation about the dataset can be found in Table

1. As can be seen in Fig. 3, each class in the dataset

has a different stage of the brain in AD, MC, and

NC whose features may be used to classify a cer-

tain individual’s case. FBB activity that is preva-

lent in AD and MCI cases can be observed.

In the original dataset, a single person has a total

of 110 axial images that comprise of their brain.

In this work, top and bottom 30 were discarded

since they did not provide any useful information

related to the work. Therefore, a single patient has

50 images from their brain with each image having

a size of  ×  × .

In order to see the model performance for other

axes of the brain, sagittal and coronal axes were

also created from a 3D brain model. For these axes,

the first and the last 15 images were discarded as

they did not carry useful information about the pla-

que formations in the brain. This means more im-

ages carrying information can be used for training

those specific axes. Number of total images for co-

ronal and sagittal axes can be seen in Table 2. The

flowchart of creating these axes can be seen in Fig.

4. An example of coronal and sagittal images can

be seen in Fig. 5 and Fig. 6.

For a specific set of data points        

a cubic spline consists of  cubic polynomial  ,

s assigned to each subinterval classifying given

constraints. Cubic spline is therefore defined as a

function      on an interval       for

       defined as,

   
 

 (7)

The dataset for all axes is split between 90%

training, and 10% testing. Training and testing im-

ages were not mixed in order to avoid overfitting

the model. Training dataset is split between 80%

training and 20% validation.

In machine learning, data augmentation is de-

fined as making the dataset larger through differ-

ent methods without affecting the characteristics

of possible features, and preventing overfitting

[29]. Because getting more data in medical imaging

Table 1. The dataset information with total number of 

classes and patients for each class.

Classes
Total Number
of Images

Total Number
of Patients

AD 7,050 141

MCI 5,250 105

NC 3,500 70

Dataset 15,800 316

Fig. 3. Sample AD, MCI, and NC images from the dataset in order. Each image was taken from the 60th slice (out 

of 11) of a different patient’s brain image.

Table 2. The number of images that were created and used for training after bicubic interpolation

Axes AD MCI NC TOTAL

Axial 7,050 5,250 3,500 15,800

Coronal 11,840 9,110 6,800 27,750

Sagittal 10,900 10,500 7,000 28,400
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is especially costly, augmentation is the most reli-

able way to increase the total number of images

in the dataset. These methods include, but not lim-

ited to, horizontal flip, width shift, height shift.

This process was applied to training and testing

dataset separately.

4. SIMULATION RESULTS AND 

CONSIDERATIONS

4.1 Simulation Environment and Training

Implementation of the proposed model was done

with Tensorflow [31] and Keras [32], using Python

2.7 in Ubuntu 16.04 OS computer. In training SGD

with a mini-batch size of 80, a learning rate of

0.001, a weight decay of 0.06, and momentum of

0.9 Nesterov optimization was used. Training was

done for 100 epochs. The model’s accuracy and loss

graph change can be seen in Fig. 7.

Fluctuations seen in Fig. 7 are caused by the

SGD optimization reducing the loss value received

in the forward-propagation pass, by updating the

weights in the backward-propagation. It can be

observed that after 100 epochs, validation loss has

Fig. 4. Flowchart of the followed method for creating sagittal and coronal axes using tensor of axial images. Using 

cubic spline method, initially a 3D image of the brain is created. Then, through bicubic interpolation, sagittal 

and coronal images are extracted to be used in training.

Fig. 5. Example of coronal images that were created. These images are from AD, MCI, and NC classes, respectively. 

Sample number of slice is taken from different patients.

Fig. 6. Example of sagittal images that were created. These images are from AD, MCI, and NC classes, respectively. 

Sample number of slice is taken from different patients.
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reached the global minima. Getting the loss value

to drop even further may be possible, however, this

increases the chances of the proposed model to

overfit, meaning the model memorizes the dataset

instead of generalizing. This drops the accuracy of

the model when tested with an image it has not

encountered.

4.2 Model Performance 

After the training, the model produces outputs

of the initial inputs, which can be seen in Fig. 8

for axial (a), sagittal (b), and coronal (c) axes,

respectively. This gives important information

about the learned features, and to see if the model

is not overfitting.

Autoencoders give a generalized reconstruction

image output instead of the exact copy (which

means the system has overfit instead of generaliz-

ing according to the input dataset) of the initial in-

put, which means the output generally appears

blurry. In the proposed model, the desired output

is obtained; the images are slightly blurry, and the

accuracy is not affected negatively from too much

training.

4.3 Results

Proposed model was compared with other state-

of-the-art classification models such as VGG16

[31], GoogLeNet (Inception v4) [33], and AlexNet

[34] which the comparison can be seen in Table

3. The results show that the proposed autoencoder

provide higher classification accuracy than the

compared models. In model inference, the accuracy

of the model is calculated as,

   
 

(8)

The proposed model was able to extract more

Fig. 7. Accuracy and loss graph of the proposed model during training for 100 epochs for both training

and validation steps. The reason of small increments observed in the accuracy and loss is due to the

small learning rate used.

Table 3. Accuracy comparison between different deep learning models and axes.

Model Axial Coronal Sagittal Average

AlexNet 92.26% 91.83% 92.91% 92.33%

GoogLeNet 83.72% 82.38% 83.77% 83.29%

VGG-16 93.33% 96.24% 94.42% 94.66%

Autoencoder 96.37% 98.09% 98.54% 97.67%
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meaningful features from obtained sagittal images

than the original images. This means there are

useful spatial information carried in other planes.

5. CONCLUSION

In this work, a stacked convolutional autoen-

coder is proposed for AD classification. The pro-

posed model was found to be able to extract fea-

tures better than benchmark models which shows

as the higher classification accuracy results. This

shows that the autoencoders are still very powerful

tools that can be used for classification purposes.

It’s also been found that created sagittal images

from the 3D brain give better overall accuracy than

axial images that they were created from. More re-

search on why sagittal images give better accuracy

will be conducted.

For future work, more transition stages of AD

will be introduced, along with innovative approac-

hes for higher classification accuracy. Ways to

make the model more lightweight will also be

researched.

(a)

(b)

(c)

Fig. 8. Autoencoder’s reconstructed images from given input images in axial (a), sagittal (b), and coronal (c) axes, 

respectively. It should be noted that slightly blurry images are desired for the well-generalized model instead 

of the perfect replica of the original input.
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