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Abstract—Training in supervised machine learning is based on 
the availability of datasets; however, medical datasets must 
comply with stringent privacy regulations. Generative 
Adversarial Networks (GANs) are a relevant alternative to solve 
the limitation of small medical datasets due to their ability to 
generate additional data with desired features. A significant 
drawback of these models is that they may produce unrealistic, 
blurred, or insufficiently diverse images. This paper proposes a 
data augmentation technique using GANs to create synthetic 
Magnetic Resonance Imaging (MRI) of four stages of Alzheimer's 
Disease (AD): non-demented, very mild demented, mild demented, 
and moderate demented. We designed a GAN based on the Pix2Pix 
model, which learns the features of each AD stage. Generated 
images are evaluated by multistage Convolutional Neural 
Network (CNN) models, greyscale histograms of the distribution 
of pixel intensities, and brain mass measurements on binarized 
images. The results indicate that AD synthetic MRI effectively 
captures disease patterns, demonstrating the potential of GANs to 
improve training and diagnosis of neurodegenerative diseases. 

Keywords—Alzheimer's Disease, Binarization, Convolutional 
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I. INTRODUCTION 
 Recent technological advances have significantly 
transformed medical imaging, offering innovative solutions for 
diagnosis and treatment planning. Magnetic Resonance Imaging 
(MRI), Computed Tomography (CT), and Positron Emission 
Tomography (PET) have helped improve diagnostic precision. 
Segmentation, classification, and personalised medicine address 
the challenges posed by neurodegenerative diseases, where tools 
have proven essential for accuracy and efficiency in clinical 
practice [1]. 

Generative Adversarial Networks (GANs) have 
revolutionised medical imaging by enabling the synthesis of 
realistic medical data. They can provide critical support in 
situations where real datasets are limited. Some studies 

demonstrated the ability of GANs to generate high-quality 
synthetic images in domains such as cardiac MRI, liver CT, and 
retinal imaging, making them valuable for training Deep 
Learning (DL) models [2]. Synthetic images may not always 
capture the full complexity of real datasets, but they remain a 
powerful tool for data augmentation. They facilitate the 
development of robust Machine Learning (ML) models for 
segmentation and disease diagnosis. 

Alzheimer's Disease (AD) is a slowly progressive 
neurodegenerative disease that leads to dementia. It is 
characterized by neurotic plaques—unexpected aggregations of 
altered glial cells and swollen cellular processes of nerve cells— 
and neurofibrillary tangles, resulting from accumulating a 
protein called amyloid beta peptide (Aβ) in affected brain areas, 
such as the medial temporal lobe and neocortical structures [3]. 
The first record of this disease showed a massive loss of neurons 
in the patient's brain, who suffered from memory loss and 
personality changes. This condition was described as a serious 
disease of the cerebral cortex [4]. 

Worldwide, 47 million people live with dementia, and by 
2050, the number is expected to increase to 131 million [3]. It 
has a significant impact as a global health concern because the 
condition continues to grow, with millions of new cases 
diagnosed annually. AD is the most widespread of all types of 
dementia, comprising roughly 70% of all diagnoses. Its early 
identification and treatment are crucial to managing the disease 
with pharmacological treatments and adequate care [5]. 

Computational tools have emerged as significant support for 
the medical field in the diagnosis of AD. In recent years, the use 
of DL algorithms in various areas of medicine has grown 
significantly [6]. These tools can be effectively applied in 
clinical practice, e.g., in cancer diagnosis [7], cardiac rhythm 
analysis and heart failure prediction [8], as well as in 
radiography and scans to detect strokes, fractures, and malignant 
lesions, among others. 
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DL faces significant issues related to privacy and data 
sharing of patient information [9], [10]. One of the main 
challenges in DL is the large amount of data required to train 
these models. A possible solution to increase data and preserve 
information privacy is the use of GANs [11], these models have 
emerged as an important technique in image processing to 
generate artificial data [12]. 

GAN models have two main components: A Generator (G) 
produces synthetic images, and a Discriminator (D) 
distinguishes between real and synthetic images. This approach 
can produce indistinguishable images between the generated 
and real images. GANs are efficient methods for medical 
diagnosis, cost reduction, and improving accuracy. The solid 
theoretical foundations of GANs enable their application across 
a wide range of domains, including computer vision, image 
segmentation [13], time series synthesis, image editing [14], 
text-to-image translation [15], and natural language processing 
[16]. A probability function represents the input dataset, and D, 
based on a Neural Network (NN) model, evaluates this 
probability to determine if a sample belongs to the population of 
real instances. 

GANs can generate high-quality synthetic data to improve 
the DL training process in diagnosing diseases such as AD. They 
are flexible models that can improve the resolution of MRI by 
improving the quality [17]. These models offer greater 
consistency and comparison between clinical studies performed 
by medical specialists [18]. Furthermore, GANs are important 
tools for medical image segmentation because they help to 
create more efficient models to identify brain structures affected 
by AD. More accurate DL models are crucial for developing 
treatments and monitoring the progression of the disease. The 
state-of-the-art highlights the use of these models for 
segmentation to improve accuracy and reduce the time required 
to process large volumes of medical image data [19]. 

This paper aims to generate synthetic images similar to real 
ones that facilitate the training of DL in the context of AD, 
where datasets have limitations due to the low number of 
instances, and obtaining images is complicated due to ethical 
and privacy restrictions [20]. Our main contributions are: 

• a GAN model based on Pix2Pix for MRI data augmentation 
to address the lack of data in the available medical datasets 
of AD; and 

• evaluation of the efficiency of the GAN model using three 
verification methods: CNN models, histograms, and 
binarization of the images. 

The content of the paper is structured as follows. The next 
section presents related work in the field. Section III describes 
the methodology of our research. Section IV summarises the 
results and main contributions. Finally, Section V presents the 
conclusions and future work. 

II. RELATED WORK 
GANs are effective tools for a variety of applications in 

different areas, e.g., image synthesis, improved image 
resolution, and synthetic data creation [21]. This section 
presents relevant information on the domain of GANs and their 
application in medicine. 

A. Generative adversarial network models 
GANs are widely used for synthesising realistic images. 

Although general-purpose GANs are capable of generating 
diverse and artistic visuals, they often underperform in 
specialised domains because their training process considers 
images of many objects. In contrast, task-specific GANs are 
trained on specific-purpose datasets, enabling them to generate 
more accurate and relevant outputs. 

The first GAN model, introduced by Ian Goodfellow, 
established the foundation for extensive research into generative 
modelling [12]. In recent years, numerous variants and 
enhancements of the original architecture have been proposed, 
each addressing specific limitations and improving performance 
across different application areas. The most recent models 
improve the quality of images generated by the original GAN, 
some of them perform better for specific tasks, and others have 
been adapted to work with medical images. GANs introduce a 
new technique confronting two CNN models, G and D. 

Figure 1 shows the GAN general scheme, where G 
introduces random noise to produce synthetic images 
resembling real ones, while D evaluates their authenticity. This 
process is the basis for the creation of images, which allows the 
number of instances of existing datasets to increase [22]. 

 

 
Fig. 1. The basic scheme of a GAN model. 

GANs are also used in image synthesis and translation 
between image modalities. These models allow images of one 
modality to be estimated from another, facilitating more 
efficient clinical workflows. For example, pseudo-CT images 
can be generated from MRI images, which is applied in MRI-
only radiation therapy planning, reducing radiation exposure 
and the costs of CT or PET scans. GANs also enable the 
generation of PET images from MRI, the creation of high-
resolution MRI images from low-field images, and the synthesis 
of missing MRI contrasts [23]. 

B. GAN models in medicine 
GANs use different approaches to generate more realistic 

synthetic images. Deep Convolutional GAN (DCGAN) [24] 
introduces convolutional layers to better control the features 
generated by realistic images. Its architecture improves the 
stability and quality of synthetic images. Pix2Pix [25] facilitates 
accurate image-to-image translation in structural shifting tasks 
through a U-Net and PatchGAN architecture, which simplifies 
the creation of fine details. CycleGAN [26] generates translation 
between domains using a cycle loss function without pairs 
aligned to ensure consistency, which allows solving a wider 
range of tasks and domains. 

Super-Resolution GAN (SRGAN) [27] improves the 
resolution of generated images with a residual block network 
and perceptual loss, increasing the fidelity in image production. 
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Wasserstein GAN (WGAN) [28] uses the Wasserstein distance 
that solves stability problems in training and provides a more 
reliable measurement of the differences between the generated 
and real data. Finally, Progressive Growing of GAN (Pro-GAN) 
[29] employs a progressive resolution increase technique that 
optimises image quality and reduces stability problems. 

Table 1 summarises the key characteristics of the most 
widely used GAN models in the medical domain, highlighting 
the specific contributions of each model to image generation. 
These advances have significantly enhanced the generative 
capabilities of GANs and broadened their applicability in 
medical imaging. 

C. Application of GAN models in medicine 
The capability of GANs to generate realistic synthetic data 

from a limited dataset has been helpful in the medical field, 
where datasets do not have the required number of instances to 
train ML models, and their combination is restricted due to the 
protection of private data. GANs provide improvements in the 
diagnosis and treatment of diseases, such as data augmentation, 
improved image resolution, and segmentation of anatomical 
images. 

Table 2 summarises the main characteristics of various 
medical applications of GAN, focusing on improving AD 
diagnosis by MRI. It includes details on the application of GAN, 
dataset, disease, organ of images, classification task (if 
performed), number of images extracted from the dataset, 
modality of MRI images, and evaluation metrics. The authors 
introduce techniques to improve classification accuracy, such as 
attention and transformation of modes. In addition, they work 
with MRI and PET images or a combination of both. 

The AD Neuroimaging Initiative (ADNI) and the Open 
Access Series of Imaging Studies (OASIS) are widely used 
datasets in the field. However, not all related works focus on 
improving the classification of disease stages, and the number 

of classes used in the different investigations varies. These GAN 
models outperform the results of various models in the literature. 
In addition, their flexibility allows for the definition of different 
evaluation criteria to measure the performance of the models. 
Finally, CNNs are a standard method for validating the 
generated image using GANs. 

In this paper, we address the generation of images with AD 
using a GAN, where the model learns image features to create 
new images with the disease of the four stages. The validation 
of synthetic images considers CNNs, greyscale histograms, and 
brain mass on binarized images to assess GAN efficiency in 
generating images with AD. Properly validating synthetic 
images can demonstrate the potential of GANs to create quality 
images for the training and diagnosis of neurodegenerative 
diseases. 

D. Ethical implications 
Although synthetic data addresses data scarcity and privacy 

issues, generating realistic medical images remains a challenge. 
Moreover, no current regulations guarantee the safe and ethical 
use of synthetic images, so more rigorous oversight laws are 
necessary, where interdisciplinary bodies integrated by 
physicians, AI developers, lawyers, among others, collaborate to 
develop, maintain, and continually refine best practices for 
synthetic data [30]. 

Generative AI has been integrated into healthcare to improve 
diagnostic accuracy or reduce errors by accessing knowledge 
during clinical services [31]. This integration has enhanced the 
people's awareness of potential misuse of these tools, including 
heightened concerns around security, privacy, and 
manipulation, where manipulation of human likeness and 
falsification of evidence underlie the most prevalent tactics in 
real-world cases of misuse [32]. Hence, generative AI tools must 
only help physicians validate diagnostics instead of being a 
method to define diagnostics. 

TABLE I.  GAN MODELS IN MEDICINE 

Model Description Loss function Advantages Ref 
DCGAN Convolutional. Cross-entropy Simple, efficient, and easy to train [24] 
Pix2Pix U-Net and PatchGAN L1, Adversarial Accurate in image-to-image translation  [25] 

CycleGAN Cyclic 𝐺𝐺-𝐷𝐷 Cycle Consistency, Adversarial Without paired data, style transfer, or 
domain change [26] 

SRGAN Deep residual convolutions Perceptual, Adversarial High-resolution, visual detail, and quality [27] 

WGAN Wasserstein distance Wasserstein Function Training stability, low collapse issues, and 
quality improvement [28] 

Pro-GAN Progressive resolution 𝐺𝐺 Adversarial High-quality and detailed images [29] 

TABLE II.  GAN MODELS APPLIED TO MEDICINE 

Application  Purpose Image 
type Dataset Classes GAN type  Evaluation* No. images Classific

ation Ref. 

Tumour Anonymisation MRI ADNI, BRATS 5 Pix2Pix CNN 3,416 and 264 x [33] 
Histopathology Data augmentation Tissue Dartmouth-Hitchcock Medical Centre 3 Cycle-GAN CNN 427 x [34] 
Alzheimer MRI-PET mode change MRI ADNI 4 GANDALF CNN 1,525 ✓ [35] 
Alzheimer Anomaly detection MRI OASIS-3 2 MADGAN AUC 1,133 x [36] 
Alzheimer Data augmentation PET ADNI 3 DCGAN PSNR, SSIM - x [37] 
Age estimation Data augmentation MRI ABIDE l-ll 2 WGAN-GP CNN 862 x [38] 
Alzheimer Data augmentation MRI ADNI 2 BrainNetGAN CNN 220 ✓ [39] 
Hand Sequence transformation MRI One patient 1 Pix2Pix and CycleGAN PSNR, SSIM 790 x [40] 

Alzheimer Image harmonisation MRI ADNI, OASIS, AIBL 2 AG-GAN with attention CNN 1,016, 628, and 
235 ✓ [41] 

Alzheimer Data augmentation MRI OASIS 3 Standard GAN CNN 3,000 ✓ [42] 
Alzheimer Data augmentation MRI OASIS 3 Standard GAN with attention CNN 3,000 ✓ [43] 

     *Area Under Curve (AUC), Peak Signal Noise Ratio (PSNR), Structural Similarity Index (SSIM). 



 

 
Fig. 2. Two-phase methodology for the training and evaluation of the GAN. 

III. METHODOLOGY 
The proposed methodology involves two phases: The first 

phase, or the image generation phase, consists of training a GAN 
model with a real-image dataset of the four stages of AD to 
generate a new set of synthetic images. The second phase, or 
validation of synthetic images, involves verifying the synthetic 
set of images by training a CNN with the dataset of phase one. 
Once the CNN is trained, the images generated by the GAN will 
be evaluated by the CNN to show the model's accuracy. 

 In addition, the second phase considers two methods to 
validate the images: histogram and binarization. A histogram 
line of the image can describe the percentage of healthy and 
damaged brain mass. So, we can use the comparison of 
histograms between real and synthetic images to estimate the 
level of dementia in patients. Similarly, image binarization can 
represent an estimate of the percentage of healthy brain mass. 

Figure 2 shows the two-phase methodology for training and 
evaluating the GAN, where the red and blue boxes mark the 
steps of the first and second phases, respectively. Also, phase 
two describes two verification method routes. Route (a) shows 
the model evaluation using a CNN. Meanwhile, route (b) 
presents the histogram and binarization processes for the same 
purpose. 

A. Generative Adversarial Networks 
GAN models are unsupervised DL models [12], commonly 

used for data augmentation. We propose using Pix2Pix GAN to 
generate synthetic images [25]. This GAN is an image-to-image 
translation model that uses a conditional-type architecture based 
on U-Net for G and a PatchGAN for D. Pix2Pix generates 
images very similar to the originals because it identifies and 
preserves the most important information in the image-to-image 
translation in as much detail as possible. 

Figure 3 shows the Pix2Pix GAN for the generation of 
synthetic images. It shows the structure of the encoder-decoder 
U-Net and PatchGAN. The U-Net generator features encoder 
and decoder layers connected by skip connections, allowing for 
preserving spatial details during image reconstruction. 
PatchGAN 𝐷𝐷 evaluates small regions of the generated image, 
rather than the entire image, to distinguish between real and fake 
images, improving accuracy by capturing local patterns. 
PatchGAN evaluates small regions of the generated image, 
rather than the entire image, to distinguish between real and fake 
images, improving accuracy by capturing local patterns. 

 
Fig. 3. Pix2Pix GAN model 

The validation phase involves evaluating the synthetic 
images generated by Pix2Pix GAN using three methods. First, a 
CNN model is used. Second, histogram analysis is used to 
compare pixel intensity distributions. Third, a binarization 
technique estimates the proportion of healthy brain mass. The 
following sections describe each of these validation methods in 
detail. 

B. CNN to evaluate GAN efficiency 
The Visual Geometry Group Net (VGGNet) is an object 

recognition method developed by Oxford University [44]. Its 
VGG-16 version can outperform several state-of-the-art CNNs 
for the detection of objects. It has a uniform architecture of 3x3 
filters across the network with 13 convolutional layers, five 
max-pooling layers, and three dense layers. VGG-16 has been 
extensively explored for classifying images in the medical 
domain due to the simplicity of its structure. 

C. Histogram method to evaluate GAN efficiency 
Comparison of histogram curves of real and synthetic 

images that consider the characteristics of the image is an 
alternative method for detecting AD [45]. This method measures 
the grey-to-white matter ratio, identifies the maximum number 
of pixels based on intensity, and applies a Gaussian filter to 
smooth the total number of pixels per intensity. Figure 4 shows 
examples of smooth histogram curves for the four stages of real 
images in the data set. 

For this analysis, values close to zero correspond to the white 
part of the images, and values close to 255 correspond to black. 
The healthy brain image has more pixels with an intensity 
between 0 and 50 (red line). This number decreases according 
to the severity of the disease: very mild (blue line), mild (green 
line), and moderate (purple line). This pattern describes the 
progression of the disease with higher white areas for images 
with healthy brains and higher black areas for damaged brains. 
In addition, a lower presence of pixels with an intensity between 
200 and 255 is a characteristic of healthy brains (red line); this 
number increases according to the severity of the disease. The 
number of pixels with an intensity between 50 and 200 does not 
reflect a pattern or characteristics of the AD stages. 



 

 
Fig. 4. Examples of smooth histogram curves of the four stages of AD. 

D. Binarization to evaluate GAN efficiency 
A binarization process estimates the percentage of healthy 

brain mass described in the image with the white colour. Hence, 
the complement of brain mass is considered the damaged part of 
the brain. The binarization of the images defines a mask to 
obtain the values corresponding to the brain and ignore the 
contour accompanying images, which do not provide relevant 
information. Figure 5 shows the binarization process. 

Initially, the original image is smoothed, and the Canny 
algorithm is applied to detect the edges of the brain with the 
closing technique to define the contour of the brain mass. Later, 
the largest contour is defined and drawn on the mask so that it 
can be filled with one’s values and finally obtain the mask 
corresponding to the brain. Finally, the mask consists of zero 
values that point out the black area without relevant information 
and one value that points out the white area with the necessary 
information about the image. 

    
 Black=0, Mask=1 Mask > 0 Pixels [Mask>0] =255 

Fig. 5. Binarization of images for the estimation of brain mass. 

A threshold defines the binarization of the images. If a pixel 
has a value lower than or equal to the threshold, then the pixel is 
considered white. In other cases, the pixel is set to black. The 
binarization process is carried out using the following equation 

                     percentage = �𝑤𝑤ℎ𝑖𝑖𝑖𝑖𝑒𝑒𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑙𝑙𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

� ∗ 100                             (1) 

where the percentage of the white area is calculated by counting 
the pixels of the white colour and dividing them by the total 
number of pixels within the mask. 

Figure 6(a) shows an example of real images to define the 
percentage values using the binarization process. Table 3 
presents the percentage of brain mass for the four stages. 
Healthy brains have a greater amount of brain mass, and this 
value decreases as the disease progresses in stages. 

 

TABLE III.  PERCENTAGE OF BRAIN MASS OF REAL IMAGES.  

AD stages Brain mass (%) 
None 66.49 
Very Mild 60.21 
Mild 56.53 
Moderate 52.86 

IV. EXPERIMENTAL RESULTS 
We evaluated the performance of GAN for generating AD 

images. The implementation based on Python 3.12.14 and the 
PyTorch 2.4.0 library is performed on a server with Debian 6 
OS, 2 processors Intel Xeon Gold 5420+, 56 cores, 100 GB 
RAM, and a NVIDIA A100-PCIE-40GB GPU. 

A. Dataset 
Our implementation uses MRI images from the Kaggle 

Alzheimer's Dataset [46] to train the GAN model and a CNN to 
diagnose AD. The dataset has images of a single pre-selected 
slice, ready to be processed without a pre-processing stage. 
Figure 6 shows four examples of the images in the dataset for 
three stages of the demented and healthy brain. Table 4 presents 
the distribution of the images in the dataset for the four stages. 
All images have a pixel resolution of 176 x 208 pixels, axial 
slice, and a JPG format. 

                      Non            Very Mild          Mild Moderate 

(a) 

 

(b) 

 

(c) 

 
Fig. 6. Difference (c) between (a) real and (b) synthetic images. 

TABLE IV.  DATASET CHARACTERISTICS 

Non-demented Very Mild 
demented Mild demented Moderate 

demented 
3,200 2,240 896 64 

B. Image generation using GAN 
The configuration of the hyperparameters for the GAN is 

fundamental because they affect the model’s performance. We 
use a set of hyperparameters reported in the literature for training 
and evaluation [39], [42], [43]. The GAN was trained using the 
following hyperparameters: 100 epochs, batch size of 16, 
learning rate of 0.0002, and Adam optimiser. The training time 
of the GAN model with 5,757 images is 44.83 minutes, and the 
generation time of 100 images is 0.0193 minutes, considering 
this configuration. 

The loss function combines Binary Cross Entropy (BCE) 
with L1 regularisation. BCE is defined by: 

𝐵𝐵𝐵𝐵𝐵𝐵 =  − 1
𝑁𝑁
∑ (𝑦𝑦𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙(𝑝𝑝𝑖𝑖) + (1 − 𝑦𝑦𝑖𝑖)log (1− 𝑝𝑝𝑖𝑖))𝑁𝑁
𝑖𝑖=1             (2) 



 

where 𝑁𝑁 is the number of samples, 𝑦𝑦𝑖𝑖  is the target value (1 for 
real samples and 0 for generated samples), 𝑝𝑝𝑖𝑖  is the prediction 
of 𝐷𝐷, probability that a sample is a real image. 

The L1-norm is 

𝐿𝐿1 =  
1
𝑛𝑛�

|𝑦𝑦�𝑖𝑖 − 𝑦𝑦�𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

 (3) 

where 𝑛𝑛 is the number of pixels in the image, 𝑦𝑦�𝑖𝑖  is the pixel 
value in the real image and 𝑦𝑦�𝑖𝑖 is the pixel value in the generated 
image. 

Figure 6 shows a comparison of real and synthetic images 
from the four AD stages. The columns define the AD stages, and 
the rows present the type of image. Row (c) shows the difference 
between real images (a) and synthetic images (b) generated by 
the GAN based on the real images of row (a). Row (c) highlights 
the variation between the two images. 

Figures 7-10 present loss function values for 𝐺𝐺 and 𝐷𝐷 during 
the GAN training with four AD stages. In Figure 7, the values 
of 𝐺𝐺 tend to be higher than the values 𝐷𝐷, which suggests that 𝐺𝐺 
faces difficulties in creating sufficiently realistic images. 
Furthermore, the abrupt changes in both losses indicate a 
problem of model convergence. In Figure 8, the model 
significantly reduces the difference between the generated and 
real images during the first epochs, indicating good initial 
progress. However, some fluctuations appear during training. 
These results suggest that the model is learning correctly, 
although fine-tuning can help to achieve more stable 
convergence. 

 

 
Fig. 7. Loss functions of the GAN for the Non-Demented stage. 

Figure 9 shows the behaviour of the loss function during the 
training of GAN with Mild Demented images. Loss values of 𝐺𝐺 
show fluctuations after epoch 50, similar to the training of the 
GAN model for Very Mild Demented. 

Figure 10 shows the values of the loss function for the 
training of the GAN with the Moderate Demented stage. The 
value of 𝐺𝐺  decreases rapidly and stabilizes at low values, 
indicating that 𝐺𝐺  creates realistic images that are difficult to 
differentiate for 𝐷𝐷. The values of 𝐷𝐷 remain close to zero, which 
suggests that 𝐷𝐷  remains effective in identifying real images, 

achieving a balance with 𝐺𝐺. Likewise, the L1 values decrease at 
the beginning and stabilise, implying that the images G maintain 
a structural similarity with the real ones. Overall, L1 indicates 
that the model shows good convergence by generating images 
that resemble real ones. 

 

 
Fig. 8. Loss functions of the GAN for the Very Mild dementia stage. 

 

 
Fig. 9. Loss functions of the GAN for the Mild Demented stage. 

 

 
Fig. 10. Loss functions of the GAN for the Moderate Demented stage. 

0
2
4
6
8

10

0 10 20 30 40 50 60 70 80 90 100

Lo
ss

Epochs

Adversarial Loss Non-Dement

Discriminator
Generator

0
0.02
0.04
0.06
0.08

0.1

0 10 20 30 40 50 60 70 80 90 100
Epochs

L1 Loss Non-Demented

L1 Loss

0
2
4
6
8

10
12

0 10 20 30 40 50 60 70 80 90 100

Lo
ss

Epochs

Adversarial Loss Very Mild Demented

Discriminator Loss
Generator Loss

0
0.02
0.04
0.06
0.08

0.1

0 10 20 30 40 50 60 70 80 90 100
Epochs

L1 Loss Very Mild Demented
L1 Loss

0
3
6
9

12
15
18
21

0 10 20 30 40 50 60 70 80 90 100

Lo
ss

Epochs

Adversarial Loss Mild Demented

Discriminator Loss
Generator Loss

0
0.03
0.06
0.09
0.12
0.15
0.18

0 10 20 30 40 50 60 70 80 90 100
Epochs

L1 Loss Mild Demented

L1 Loss

0
20
40
60
80

100

0 10 20 30 40 50 60 70 80 90 100

Lo
ss

Epochs

Adversarial Loss Moderate Demented

Discriminator Loss
Generator Loss

0
0.2
0.4
0.6
0.8

1

0 10 20 30 40 50 60 70 80 90 100
Epochs

L1 Loss Moderate Demented

L1 Loss



 

A total of 25 images are generated using the trained Pix2Pix 
GAN model per stage, totalling 100. We used this set of images 
to validate the efficiency of GAN before producing a more 
significant number of images to balance the dataset.  

Figures 1A to 4A show examples of the images generated 
using the GAN model for the four AD stages; see the Appendix. 

C. Evaluation of synthetic images using histograms 
The first evaluation method uses histograms to test the 

efficiency of GAN to create magnetic resonance imaging for the 
stages of AD. The histogram patterns of the real and synthetic 
images show their similarities. Hence, we can use them to 
classify the synthetic images generated using GANs. 

Figure 11 shows the comparison of histograms between 
synthetic and real images. The distribution of values in the 
histogram indicates the similarity between the images generated 
by the GAN and the real images. It suggests the efficiency of the 
model in replicating the features of real images. 

 
Fig. 11. Comparison of histogram curves of real and synthetic images. 

D. Evaluation of synthetic images using binarization 
The binarization method is the second method used to 

evaluate the quality of the synthetic images generated by the 
GAN. Four synthetic images from different stages are randomly 
selected for evaluation. The threshold for the binarization 
process is set at 128, which provides better control over the 
process, contrary to the adaptive thresholds in the literature [45], 
[47], [48]. 

Figure 6(b) shows the images for evaluation with their 
respective real images; see 6(a). Table 5 shows the percentage 
of brain mass in synthetic images using the binarization process 
with a static threshold. Synthetic images show percentages 
similar to those observed in the real images: the percentage of 
healthy brain mass decreases as the disease progresses. The 
binarization method provides a measure that can be used to 
classify the AD stages of synthetic images. 

TABLE V.  PERCENTAGE OF BRAIN MASS OF SYNTHETIC IMAGES 

Dementia Stages Brain mass (%) 
None 64.07 

Very Mild 62.07 
Mild 59.45 

Moderate 55.15 

E. Evaluation of synthetic images using VGG-16 
The VGG-16 model is the third method used to evaluate the 

quality of the synthetic images generated by the GAN. The 
VGG-16 model was trained with the following 
hyperparameters: 100 epochs, a batch size of 64, a learning rate 
of 0.001, the Adam optimiser, and Binary Cross Entropy as a 
loss function. We use the values reported in the literature to set 
the hyperparameters [49], [50], [51], [52]. Additionally, we 
apply a simple split of 80-20 for VGG-16 training with the 
dataset described in Table 4. 

Figure 12 shows the values of the loss function for the 
training and validation of the CNN model.  Both values are 
stable after epoch 40, suggesting a good fit and consistent 
performance. The small difference between training and 
validation loss values reflects that the model generalises well, 
achieving balanced and accurate learning. 

 
Fig. 12. The loss function of VGG-16 for the classification of AD stages. 

Figure 13 shows the confusion matrix for the evaluation of 
VGG-16 with a set of 100 synthetic images, 25 per stage. The 
diagonal values show that all the synthetic images are correctly 
classified, so the model accuracy is 100%. 

  Non Very 
Mild Mild Moderate 

St
ag

es
 

Non 25 0 0 0 

Very Mild 0 25 0 0 

Mild 0 0 25 0 

Moderate 0 0 0 25 

Fig. 13. Confusion matrix of VGG-16 for the GAN-generated image 
classification. 

To further assess the quality and consistency of the MRI 
generated by the GAN—previously validated through the VGG-
16 classification (see Figure 13)—we performed a Principal 
Component Analysis (PCA). This analysis evaluates the 
similarity between real and synthetic images based on their 
extracted feature representations. As a case study, we consider 
the MD stage, for which images were generated in pairs. Feature 
extraction was applied to both real and synthetic images prior to 
PCA, following the methodology described in [48]. Figure 14 
presents the resulting distribution of features in the PCA space, 
where the orange points denote synthetic images and the blue 
points correspond to real images. 

Figure 14 shows that the synthetic images exhibit a feature 
distribution closely aligned with that of the real images. Most of 
the synthetic feature points are tightly clustered around those of 
the real samples, with minimal dispersion. This compact 
distribution indicates that the GAN can generate synthetic 
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images that effectively capture the characteristics of the target 
stage of dementia. Consequently, these synthetic samples are 
reliable for augmenting training datasets and enhancing the 
development of balanced and robust classification models. 

 
Fig. 14. Characteristics of real and synthesised images generated by the GAN 
of the MD stage. 

V. CONCLUSION AND FUTURE WORK 
Data augmentation techniques are fundamental in machine 

learning, especially when data cannot be shared due to privacy 
restrictions. In recent years, Generative Adversarial Networks 
(GANs) have been viewed as an important and prominent 
alternative to solve the limitation of small datasets. 
Unfortunately, these models exhibit limitations for several 
specific domains, such as medicine, which are important current 
research topics due to the benefits for the field. 

In this paper, we use three techniques to verify the efficiency 
of a GAN in generating magnetic resonance imaging images of 
the four stages of Alzheimer's disease. We train a Pix2Pix GAN 
model to generate synthetic images of brains without demented, 
very mild demented, mild demented, and moderate demented. 
The techniques to evaluate the efficiency of the GAN are based 
on Convolutional Neural Networks (CNN), Histograms, and 
image binarization. 

The results show that histograms, image binarization, and 
CNNs are important alternatives to evaluate the efficiency of the 
GAN in generating images for AD stages. The histograms show 
patterns similar to the original images. Meanwhile, binarization 
of synthetic images provides similar percentages of brain mass 
to those generated with real images. The verification with the 
CNN based on VGG-16 demonstrates the model's efficiency in 
generating images of the four stages. The precision of the 
evaluation is 100% for all the stages of the disease. 

More studies are required to assess the actual performance 
and effectiveness of the approach in a more complex domain. 
Some topics to be addressed are a large number of synthetic 
images, an exhaustive search of hyperparameters, adaptive 
thresholds for the binarization of the images, deep analysis of 
the histograms, additional metrics for image evaluation, 
verifying the biologically implausible patterns in the synthetic 
images, and a comparison with the state-of-the-art models in the 
literature. 
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APPENDIX 

 
Fig 1A. Examples of synthetic images with Non-Demented 

 
Fig 2A. Examples of synthetic images with Very Mild Demented 

 
Fig 3A. Examples of synthetic images with Mild Demented 

 
Fig 4A. Examples of synthetic images with Moderate Demented 
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