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Annotatsioon

Parkinsoni tdbi on neurodegeneratiivne haigus, mis pohjustab patsiendil vérinaid, liigutuste
aeglustumist ja muutusi kdekirjas. Varajane Parkinsoni tdve tuvastamine on keeruline
ilesanne, kuid téhtis, et patsiendi elukvaliteeti parandada. Kaasaegsed masin dppe mudelid
on aidanud luua paremaid Parkinsoni tove tuvastamise siisteeme, aga on tihti limiteeritud

saada olevate treening andmete poolt.

Loputoo pohieesmirgiks on kasudata generatiivsed voistlusvorke (inglise keeles Gener-
ative Adverserial Networks - GANs) andmete augmenteerimis meetodina. T66 kdigus
treeniti nelja erinevat GAN arhitektuuri, mida kasutati Archimedeuse spiraalide genereer-
imiseks. Treenitud GAN mudelid ja genereeritud pilte headust hinnati kvantitatiivsete ja
kvalitatiivsete meetoditega. Peale seda kasutati genereeritud andmeid konvolutsiooniliste
nérvinorkude treenimisel (inglise keeles Convolutional Neural Network - CNN). CNNid
treeniti ilma augmenteerimiseta, traditsioonilise augmenteerimisega ning GAN-pdhise
augmenteerimisega, et vorrelda kas genereeritud andmed suudavad parandada Parkinsoni
tove tuvastamise tulemusi. Teisejarguline eesmérk oli vaadata moju on CNN arhitektuuril
Parkinsoni tove klassifitseerimisele. Selle tditmiseks valiti kuus CNN architektuuri ja

nende tulemusi vOrreldi.

Loputdo tulemused tdid esile, et StyleGAN3 ja Projected GAN poolt genereeritud tule-
mused olid kdige paremad. GANide genereeritud andmete kasutamise tulemusena CNN
mudelite tousis tundlikus kdrgemale kui traditsiooniliste augmentatsioonide puhul aga
samas mudelite spetsiifilisus oli madalam. Projected GAN genereeritud andmed saavu-
tasid koige korgema tundlikuse 96.6%. Baasjoone tundlikus oli 94.3% ja traditsioonilise
augmenteerimise tundlikus oli 93.7%. Kdikides katsetatud CNN arhitektuuridest ResNet,
VGG, Inception v3 ja Xception Idpptulemused olid viga sarnased. AlexNet ja DenseNet

tulemused olid halvemad.

Tulemused niitavad, et GANide kasutamine lisa andmete genereerimisel on abiks paremate

Parkinsoni tove tuvastamise siisteemide ehitamise.

Loputdo on kirjutatud inglise keeles ning sisaldab teksti 61 lehekiiljel, 7 peatiikki, 68

il



joonist, 10 tabelit.
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Abstract

Parkinson’s disease is an neurodegenerative disease that causes the patient to have tremor,
bradykinesia, and changes in writing, among other symptoms. Early detection of Parkin-
son’s disease is a challenging task, yet an important one to improve the patients quality of
life. Modern machine learning models have helped to create better Parkinson’s detection

systems, but are often limited by the amount of available training data.

The primary goal of this thesis is to use GANs as data augmentation to generate more
training data for the downstream classification task. Four different GAN architectures
were trained and used to generate additional Archimedean spiral training data. The
generated images and models were then evaluated with quantitative and qualitative methods.
After that the generated images were used in CNN training. CNNs trained with GAN-
based augmentations were compared with CNNs trained with no data augmentation and
traditional augmentations to find out if the generated data could outperform them. A
secondary objective was to find what kind of impact does the CNN architecture provide on
the Parkinson’s detection performance. To achieve this, six different CNN architectures

were chosen and evaluated.

The main results of the thesis show that StyleGAN3 and Projected GAN resulted in
the best generated data. GAN generated data resulted in CNN models that have higher
sensitivity than traditional augmentations, while also having lower specificity. Projected
GAN generated data lead to the highest sensitivity of 96.6%, when the highest sensitivity
of the baseline was 94.3% and traditional methods was 93.7%. Out of all the tested
CNN architectures - ResNet, VGG, Inception v3 and Xception performed with marginal

differences, while AlexNet and DenseNet performed worse.

These results show that GAN-based augmentation can be a viable method in generating

additional training data to help build better Parkinson’s detection models.

The thesis is in English and contains 61 pages of text, 7 chapters, 68 figures, 10 tables.
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1. Introduction

Parkinson's disease is a neurodegenerative disease that causes the neurons from the central
nervous system to die or become damaged, causing severe disability. Symptoms of
Parkinson's disease include tremor (involuntary shaking of limbs), slowed movement
(bradykinesia), and changes in the person's writing, among others. As there is currently
no cure for Parkinson's disease, treatment consists of managing symptoms to improve
the quality of life of patients [1]. Therefore, early detection and treatment of Parkinson's
disease are important for a high quality of life for the patient [2].

Studies have found evidence that neurological disorders are one of the greatest burdens
on the healthcare system in the world [3]. With 6.1 million people having Parkinson's
disease worldwide in 2016, the number of patients has grown 2.4 times since 1990. Making
Parkinson's disease the fastest growing neurological disease currently and the number of
individuals with Parkinson's is expected to double again in the next generation[4].

Parkinson's disease is diagnosed using different kinds of writing and drawing tests. These
include drawing patterns such as spirals, Luria’s alternating series, and handwriting tests.
Today, drawing tablets and other tablet computers such as the iPad are used for digital
data collection [5]. This has allowed researchers to measure many more parameters
that are dif cult or impossible to measure with pen and paper. For example, kinematic
parameters (speed and acceleration) and other parameters such as pressure. In the past,
these parameters have been used to diagnose patients with Parkinson's disease [6].

With the increase in computing power over the last decade, CNNs (convolutional neural
networks) have become very popular in the eld of image classi cation. The popularity

of CNNs comes from their ability to accurately classify dif cult tasks and their ability

to learn to extract features automatically. CNNs have previously been used to solve the
problem of identifying Parkinson's patients by handwriting and drawing test images [7, 8].
Although the results have not been perfect, there has been shown that there is potential in
using CNNs to diagnose patients with Parkinson's disease.

The main issue with using CNNs is that they are data hungry. Requiring large and diverse
data sets to train them properly. In the medical eld, data is hard to come by, as collecting



it takes a lot of time and resources. For Parkinson's writing tests there are a handful of data
sets that at most contain around a few hundred images in total per test type. To solve the
problem of data scarcity simple of ine data augmentation has been used [5]. In the process
of data augmentation, different transformations are applied to the images, for example,
rotation, mirroring, and adding noise. Of ine data augmentation refers to the fact that data
augmentation takes place before the training phase. Although this has helped alleviate the
need for more data and increased classi cation accuracy, the problem has not been solved.

Over the last few years new generative neural networks like GAN (Generative Adversarial
Network) [9] and VAE (Variance Auto-encoder) [10] models have become popular, mostly
because of their ability to generate never before seen images out of training data. Using
these types of architecture, it could be possible to generate new Parkinson drawing test
images using the data that is available right now, after which the generated images could
be used to train the CNN classi cation model.

As GANSs have only become popular in the last few years, they have not been applied to
Parkinson's patient handwriting and drawing generation. Therefore, it would be important
to study whether these methods could help alleviate the problem of data scarcity and
improve Parkinson's disease classi cation performance. A more accurate classi cation
would help reduce the resources and time needed to diagnose a patient and support
physicians in the diagnosis process.

1.1 Related work

In [7], transfer learning with CNNs and data augmentation on the spiral test images
was applied to diagnose Parkinson's disease. Combining multiple data sets (HandPD,
NewHandPD, Parkinson's drawings), they managed to achieve a validation accuracy of
99% using AlexNet. Results that high are often met with skepticism in the medical
eld. They split their data set only into two (training, validation) and not three (training,
validation, test), it is hard to say how unbiased their nal results are. Otherwise, they give
a nice overview of the impact that different data sets and augmentation methods have on
classi cation performance.

Another study used six AlexNet models with a majority voting approach for Parkinson's
detection, where each CNN classi ed one type of handwritten drawing test [11]. For
their experiments, they used the HandPD data set. Their approach obtained an accuracy
of 93.5%. They also considered standard classi ers, but found that CNN pre-trained
on ImageNet data set produce the best single-model performance. Their single-model
performance for Archimedean spirals was 78%. Furthermore, the training on Archimedean
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spirals results in the CNN model having trouble classifying healthy controls.

Furthermore, [12] used data augmentation and enhanced their digital images of Parkinson's
handwritten drawings with pressure information to train their CNN. For training, they
used spiral pentagon and cube drawings for data collected by clinicians at Leeds Teaching
Hospitals NHS Trust. Using ten-fold cross-validation, they achieved accuracy of 93.5%.

Image enhancement and data augmentation have also been used in [8] to train CNN
(AlexNet) for Parkinson's disease detection. The work used DraWritePD data set and
enhanced the images with pressure and velocity parameters. AlexNet was used as a
classi cation model and achieved accuracy of 88.2% without any tuning.

In 2014, [9] designed a new framework for generative neural networks called the generative
adversarial network. This new framework used an adversarial process to train the model,
which meant training two models (generator and discriminator) simultaneously, similarly
to a two-player minimax game. The adversarial training allows GANS to create outputs that
have much better quality than those of other models, which often produce blurry results.
Furthermore, the training process for GANs is unsupervised, which removed the need for
data labeling in the training process, making it more straightforward from a data collecting
view. However, training two models simultaneously made the training process much more
unstable. Additionally, the rst GAN models needed a lot of real input data for training
and produced low-resolution images.

In the image classi cation domain, GANs have been shown to improve classi cation
performance. A conditional GAN called ACGAN (Auxiliary Classi er Generative Ad-
versarial Network) has been used to generate image of insects [13]. Using the generated
images increased their CNN classi er F1-score from 92% to 95%.

Generators have also been applied in the low-shot learning domain to hallucinate new
instances of novel concepts [14]. The work focusses more on metalearning, or in other
words, the concept of learning to learn. Even so, they show that using a generator to
hallucinate new images increases the accuracy of classi cation. This indicates that there
is potential in using generated data as part of training data to improve classi cation
performance.

Improvements have also been made in the medical image classi cation domain. In [15],
unconditional DCGAN (Deep Convolutional Generative Adversarial Network) was used
to synthesise images of liver lesions and was able to improve the accuracy of the CNN
classi cation model by 7.1%. Their original data set contained 182 2-D CT scans from



which ROIs (region of interest) of the lesions were extracted. They used traditional data
augmentation to nd the optimal training data set for training the CNN model and used
this training set to train the GAN models.

Furthermore, [16] generated chest X-ray images from GANs and used VGG for abnormal
chest X-ray detection. They saw an increase in test accuracy of around 1% compared to
traditional augmentation.

1.2 Problem statement

The goal of this thesis is to investigate GANs as a data augmentation tool in a limited data
scenario. More speci cally, to generate Parkinson's patients' drawing images. Furthermore,
to evaluate if the generated data could be used in a downstream task. The secondary goal
Is to analyse the difference between CNN architectures, in terms of the performance of
classifying Parkinson's patients' drawings. In the process of completing the thesis, the
following questions should be answered:

Can generative neural networks be used to generate meaningful Parkinson's hand-
writing and drawing images?

How does the addition of GAN-generated data affect CNN model performance?
Which CNN architectures perform the best with classifying Parkinson's patients'
drawings?

In this thesis, GANs are used to generate images of Archimedean spirals drawn by PD
(Parkinson's patients) and HC (healthy controls). The generated images and generative
models are then evaluated with both quantitative and qualitative methods.

Compare the affect of generated images on the image classi cation task. Two sets of
baseline classi cation models are trained. One is trained on only real images, and the
other is enhanced by additional images that have been augmented by traditional methods.
The trained GAN models are then used to generate additional images for the training
set, and the classi cation models are trained on these training sets. The results are then
compared to the baseline models to see how the generated images affected the results of
the classi cation task.



1.3 Structure

The thesis is structured as follows. Chapter 2 describes in detail each data set used in the
thesis. Chapter 3 explains the theory behind GANs and the speci ¢ GAN architectures
used in the experiments for image generation. Chapter 4 provides an overview of the
CNN architectures utilised for image classi cation. Chapter 5 describes the experimental
work ow and hyperparameters used in each step. Chapter 6 analyses the result of image
generation and classi cation and offers a discussion of the results.



2. Materials

Total of ve different Parkinson's digital handwriting data sets containing Archimedean
spirals are used in this thesis. The following sections will describe the data collection and
content of these data sets.

2.1 DraWritePD data set

DraWritePD contains digitized data of different drawing tests collected with a Apple iPad
Pro (2016) and an Apple Pencil. A specially developed application was used to collect
coordinates of the pencil tip and pressure applied to the screen up to 240 times per second.
This data was stored in a JSON le as a time series, where each coordinate and pressure
reading is tied to a timestamp. The assembled testing group contained 58 volunteers of
which 24 were Parkinson's patients (mean @g¢d.  6:7) and 34 healthy controls with

the same age (medid:1 9:1) gender distribution. Each subject completed a series of

12 exercises and answered questions so that the practitioner could evaluate the subject's
condition.

In this work, 48 Archimedean spirals collected during the data acquisition are used. Of
these 48 spirals, 19 were healthy controls and 29 Parkinson's patients. To turn the time
series data into images, each data point was plotted as a point on an image. Examples from
the data set can be seen in Figure 1.

(a) Healthy control (b) Parkinson's patient

Figure 1. DraWritePD data set examples.



2.2 HandPD & NewHandPD data set

HandPD is a set of handwritten drawing tests collected at the Botucatu Medical School,
Sé&o Paulo State University - Brazil [17]. The data set contains datagfondividuals:

18 healthy controls and 74 Parkinson's patients. The healthy controls consisted people in
the ages ranging from 19 to 79 years old (mdd122 16:53) and Parkinson's patients in

the age range of 38 to 78 (me&&75 7:51). Each person lled out a paper form with
templates of four Archimedean spirals and meanders. After that each test was cropped
from the form and stored as an image in JPEG format.

In total, HandPD contains 368 images of Archimedean spirals with 72 images being from
the healthy control group and the other 296 from the Parkinson's patients. Examples from
the data set can be seen in Figure 2.

(a) Healthy control (b) Parkinson's patient

Figure 2. HandPD data set examples.

NewHandPD is an improved version of HandPD [18]. The data set is composed of 66
individuals: 35 healthy controls in the age range of 14 to 79 (nf&0b 14:88) and

31 Parkinson's patients with ages ranging from 38 to 78 years old (51288 7:85).

Data collection was carried out on a paper form like HandPD. In addition to the tests

carried out in HandPD, NewHandPD also contains data on circle movements and left- and
right-handed diadochokinesis. Furthermore, the dynamics of the handwriting was recorded
using BiSP smart pen.

NewHandPD contains 264 images of Archimedean spirals. Of those images 140 are
healthy controls and 124 Parkinson's patients. Examples from the data set can be seenin
Figure 3.

Both HandPD and NewHandPD are publicly available from the HandPD data set home
pagée.

https://www?2.fc.unesp.br/~papa/pub/datasets/Handpd/



(a) Healthy control (b) Parkinson's patient

Figure 3. NeHandPD data set examples.

2.3 ParkinsonHW data set

ParkinsonHW data set is a digitized Archimedean spiral data set collected using the
Wacom Cintiq 12WX graphics tablet. The collection was carried out at the Department
of Neurology of the Cerrahpasa Faculty of Medicine, Istanbul University [19, 20]. The
data set consists of data from 62 Parkinson's patients and 15 healthy controls, in total, 77
individuals. In the data set, there are three types of drawing tests. The rst being the SST
(Static Spiral Test); in this test, individuals are asked to retrace the Archimedean spiral
visible on their tablet as closely as possible with a digital pen. The second test is DST
(Dynamic Spiral Test); in this test, the spiral template appears and disappears in a certain
time interval. The third test is STCP (Stability on Certain Point), where the subject must
hold their digital pen above a point in the middle of the screen without touching the screen
for a certain amount of time. The data for every individual was stores in a separate le,
where the time series data was delimited as CSV values. In the data set they collected the
coordinate values, pressure applied to the screen and the angle of the digital pen.

This thesis uses both the SST and DST data sets. As with the DraWritePD data set, each
data point in the time series is plotted to an image. The SST data set consists of 76 images
of which 15 are healthy controls and 61 are Parkinson's patients. The DST data set consists
of 72 images, of which 15 are healthy controls and 57 are Parkinson's patients. Examples

from the SST data set and DST data set can be seen in Table 4 and Table 5.

The data set is publicly available at UCI machine learning reposttory

2https://archive.ics.uci.edu/ml/datasets/Parkinson+Disease+Spiral+
Drawings+Using+Digitized+Graphics+Tablet#



(a) Healthy control (b) Parkinson's patient

Figure 4. Isenkul SST data set examples.

(a) Healthy control (b) Parkinson's patient

Figure 5. Isenkul DST data set examples.

2.4 Parkinson's Drawings data set

Parkinson's Drawings data set is a set of Archimedean spirals and waves [21]. The data
set contains data from 55 subjects: 28 healthy controls (meanlesg® 7:21) and 27
Parkinson's patients (mean ag&4l1 9:37). The data set consists of spirals and wave
patterns drawn on paper and cropped into individual les.

In total there are 102 images of Archimedean spirals: 51 healthy controls and 51 Parkin-
son's patients. Examples from the data set can be seen in Table 6.

(a) Healthy control (b) Parkinson's patient

Figure 6. Parkinson's Drawings data set examples.



Parkinson's Drawings data set is publicly available from Gagdgle

2.5 Summary

A summary of the data sets can be found in Table 1. In total, 930 images of Archimedean
spirals were collected. The data collected includes both digitized spirals that are plotted
using software and photographs of spirals drawn on paper. The collected data is unbalanced
and has a ratio df : 2 healthy control images to Parkinson's patient images.

Table 1. Archimedean spiral data set summary.

Name HC images | PD images| Total size
DraWritePD 19 29 48
HandPD 72 296 368
NewHandPD 140 124 264
ParkinsonHW SST | 15 61 76
ParkinsonHW DST | 15 57 72
Parkinson's Drawings 51 51 102

Total 312 618 930

3hitps://www.kaggle.com/kmader/parkinsons-drawings
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3. Generative Adversarial Networks

GANSs (Generative Adversarial Networks) were designed in 2014 [9]. The network consists
of two parts, generatdd and discriminatoD . G uses a noise variableas input from the
distributionp, (latent space) and produces an output in the form of an image that is in the
generated distributiopy. D takes in a image& and outputs the probability thatcame

from the real data distributiopes rather tharpy. Figure 7 shows the general architecture

of GANSs.

Figure 7. Generative adversarial network (GAN). [9]

To trainG andD an adversarial process is used, where both networks compete with each
other.D is trained to maximise the probability that the correct label is assigned to an image.
SimultaneoushG is trained to minimise the probability that the discriminator labels the
fake images correctly. In other word3,andG play the following two-player minimax
game with value functio (D; G) [9]:

minmaxV/(D; G) = Ex p., ll0gD ()] + E: pllogd DGE@N  (3.1)

In theory, during training, the GAN model converges when li»thndG reach a Nash
equilibrium, i.e., a saddle point, which is the optimal point for Equation 3.1. The Nash
equilibrium is achieved when players in a non-cooperative game lack any incentive to
change their strategy. With GANs, this means fhat p.ea andD cannot tell the
difference between real and generated samples. Finding this saddle point is a dif cult task
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and one of the main reasons why training GANSs is dif cult. For an example of how a
standard and adversarial network are different in their training process, see Figure 8.

(a) Standard neural network (b) Adversarial network

Figure 8. Standard and adversarial neural network training: (a) Standard neural network
training always converges towards the minimum of the loss function. (b) Adversarial
networks switch between minimisation and maximisation steps to converge to a saddle
point of the loss function. [22]

From Figure 8b, it can be seen why the GAN training is highly sensitive to hyperparameters,
such as the learning rate to nd the saddle point. If the hyperparameters are not carefully
chosen, a problem arises where one of the networks learns a lot faster and the other cannot
keep up, making the model collapse and never recover.

GAN models have multiple different failure modes. In the casearf-convergencehe
generator starts to output images that the discriminator can easily identify as fake. Usually,
it is hard to recover from this state, which will lead to unstable training later on. The best
way to identifynon-convergencis to look at the loss of the model and the output scores
of the discriminator.

The most common type of failure moden®de collapsewhere the generator outputs one

or a small subset of images for any input noise valuA modecan be thought of as an
output type, two images with the same mode are visually really similar but may not be
exact copies. There are two typeshodde collapsepartial and full.Full mode collapse
means the model only outputs a single mode or a very small subset of niRadieal mode
collapseis more subtle; the generated distribution seems quite diverse at rst glance, but a
closer look will reveal that the images contain features similar to each &aeral mode
collapseis usually identi ed by visual inspection of the generated images, as there is no
reliable way to measure iEull mode collapseisually is identi able by quality metrics.

An example oimode collapsean be seen in Figure 9

The third common failure mode anishing gradient$23]. This is closely related to
non-convergencé/Nhen the discriminator becomes too good at identifying real images
from fakes, the discriminator starts to provide the generator with less information on how
to make progress. This leads to the generator training failing. Keeping an eye on the loss
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Figure 9. Outputs from mode collapsed GAN.

of the discriminator throughout the training process will help identify this failure mode.

Another important factor in training a quality GAN model is the training data provided to
the model. GAN models usually need huge and diverse data sets to create quality images.
Furthermore, data sets must have high image quality. GANs capture the data distribution
of the training set. If the training set is corrupted in some way, these corruptions are also
present in the generated distribution.

In summary, training GANSs is a volatile process. Since 2014, a lot of research has been
done on stabilising GANs and they have improved drastically. In this thesis, 4 different
GAN architectures are used: StyleGAN2-ADA, StyleGAN2-ADA + LeCam, StyleGAN3,
Projected GAN. These models were chosen based on the following criteria:

Publicly available code,

Generate images with resoluti@d6 256

Show good performance on small data sets,

Publicly available pre-trained models for transfer learning

The following sections will give an overview of the chosen GAN architectures.
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3.1 StyleGAN2-ADA

StyleGAN2 [24] is the updated version of StyleGAN [25], a progressive growing GAN,
which signi cantly improves the quality of the generated images. This was achieved by
changing the generator architecture and adding regularisation terms that help stabilise
the training process. One signi cant fault that still remained was the need for large and
good quality data sets; the models were trained on the FFHQ data set (approximately 70k
images) and the LSUN data sets (>100k images). To reduce the number of imaged needed
to train the models, stochastic discriminator augmentation was introduced [26].

Their solution uses a augmentation probability to apply a wide range of augmentation to
the generated and real images that the discriminator sees. For this to work, the images
augmentations cannot be leaky. Meaning that the generator should not be able to learn to
generate images with augmentations. Non-leaking augmentation operations are de ned
by their ability to be invertible in the probability distribution. This allows the training to
process to revert these augmentations and nd the correct distribution. If only traditional
data augmentation were used to increase our training set size, the GAN model would learn
the distribution for augmented data and not the original distribution. The ow chart of
StyleGAN2-ADA can be seen in Figure 10.

The strength of the augmentations is controlled by a heuristic that measures over tting. If
the model starts to over t the augmentation strength, i.e. the probability that augmentations
are applied, is increased and vice versa. One side effect of this adaptive technique is that
if the augmentation strength increases too much, the generator no longer knows what a
non-augmented image should look like and might still start to leak the augmentations. The
effect of the augmentation probability on the images can be seen in 10.

Figure 10. StyleGAN2-ADA. (left) StyleGAN2-ADA ow diagram, (right) effect of
augmentation probability [26]

With this new method, the required data set size is reduced signi cantly. With only 1000
images, StyleGAN2-ADA managed to achieve only slightly worse FID (Fréchet Inception
Distance) score than StyleGAN2 with 20k images. Furthermore, they showed that transfer
learning from a GAN trained on a large data set signi cantly improved the quality of the
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model when used with small data sets.

This thesis uses the PyTorch implementation of StyleGAN2-ADA publicly available on
GitHub 1.

3.2 LeCam regularisation

This method regularisesfadivergence called the LeCam (LC)-divergence [27]. To achieve
this, exponential moving averages are calculated for discriminator's predictions for both
the real and generated images. The moving averagesd g, calledanchorsby the
authors, are subtracted from the discriminator predictions. Followed by normalisation,
squaring, and summing. Their proposed regularisation term:

Ric = Ex pea iD(X)  Fii’l+ E; (,0iD(G(2))  rii®] (3.2)

Finally, R.c is added to the discriminator training objectivg and the strength of
the regularisation term is controlled by a weight The nal objective of regularised
discriminator trainind-p:

mDin Lp;Lp= W+ Ric (D) (3.3)

The intuition behind this regularisation term is that the exponential moving averages are sta-
ble while the discriminator's predictions might not be and, therefore, the method penalises
the difference between real and generated image predictions, holding the predictions in a
particular range, helping the discriminator's predictions to converge to a stationary point
[27].

Using their regularisation method, they showed that under limited training data conditions,
l.e., 1000 images, addirfg. c to StyleGAN2-ADA improved the FID score from 23.27 to
21.70 on the FFHQ data set. LeCam regularizer is agnostic to the GAN architecture and can
be added to any architecture. In this thesis, LeCam regularizer is added to the StyleGAN2-
ADA architecture to see if it improves performance and is named StyleGAN2-ADA +
LeCam.

https://github.com/NVlabs/stylegan2-ada-pytorch
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The PyTorch implementation for LeCam regularisation is available on GitHub

3.3 StyleGAN3

StyleGANS3 [28] is an updated model of StyleGAN2-ADA, which tries to solve the
problem of "texture sticking"”, whereby certain textures like hair appear to not move
naturally with the object and seem to be stuck to the screen when in motion, and make
the GAN equivariant to translation and rotation. They found that the aliasing problem
was related to the poor handling of signal processing in the generator that leaked the
positional information synthesis process. To x this problem, they eliminated all positional
references for details, so that a detail could be generated equally well at any pixel coordinate.
Furthermore, they removed path regularisation, which encouraged sticking. The changes
in the model make StyleGAN3 a bit more expensive to train.

The quantitative results of StyleGANS are similar to the previous version of StyleGAN2-
ADA, the FID score decreased to 15.11 from 15.22, but the qualitative analysis shows that
the aliasing problem is no longer present.

StyleGAN3 implementation is publicly available on GitH&ib

3.4 Projected GAN

Projected GAN [29], promises to make the GAN training even more accessible. Their
novel training method uses a pre-trained network to obtain embedding for images that
the discriminator processes. The generator and discriminator do not optimise the image
distribution in the image space, but in the pre-trained feature space. Projected GAN
introduced a set of feature projectds which turn real and generated images into features
mapped to the discriminator input. The features are obtained at different resolutions and,
for every resolution, they use a separate discrimin@iaio classify between real and fake
features. Projected GAN training can be formulated as follows:

X

min max (Ex prea 0[10gD1(PI((X)] + Ez p,»[log(l  Di(PI(G(2)))])  (3.4)
2L

This new training method results in the model converging much faster while still providing

2https://github.com/google/lecam-gan
3https://github.com/NVlabs/stylegan3
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state-of-the-art FID scores. Projected GAN matched the previously lowest FID score 40
times faster. Using small data sets ( 1000 images) Projected GAN improved the FID score
over StyleGAN2-ADA from 43.07 to 27.96.

The code for Projected GAN is publicly available on GitHub

“https://github.com/autonomousvision/projected_gan
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4. Convolutional Neural Networks

CNNs (Convolutional Neural Networks) are a popular tool for image classi cation, as they
provide automatic feature extraction [30]. A CNN consists of two parts: a feature extractor
and a classi er (Figure 11). Feature extractor consists of subsequent convolutional and
pooling layers, which take images as input and create feature maps as output. This is then
used as input to the classi er, outputing the class to which the image belongs.

Figure 11. Basic architecture of CNN [31].

For the image classi cation task, 6 different convolutional neural networks: AlexNet,
ResNet, VGG, Inception, Xception, DenseNet are used. The selection contains both
recent and older model architectures. This was done to gain a better understanding of
how architectures with different depths and levels of complexity affect the performance
of Parkinson's classi cation. In the following sections, the model architectures will be
described.

4.1 AlexNet

AlexNet [32] is one of the most important CNN architectures of the past decade. It started
the use of ReLU activation function, pooling layers with overlapping and could be trained
with multiple GPUs. Furthermore, it was one of the rst models to use dropout. This
allowed AlexNet to be the rst CNN architecture to win the ILSVRC (Imagenet Large
Scale Visual Recognition Challenge) with an error rate of 15.3%, over 10% better than the
second-best model.
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AlexNet consists of ve convolutional layers and three fully connected ones. In total, it
consists of 61 million learnable parameters. An illustration of AlexNet, from the original
article, can be seen in Figure 12.

Figure 12. AlexNet architecture [32].

4.2 VGG

To further improve classi cation accuracy, [33] increased the depth of the model by adding
convolutional layers and us&d 3 kernels throughout the network. In 2014 their model
got a top-5 error rate of 6.8% at ILSVRC (10-crop), only beaten by GoogLeNet. A
visualisation of the model can be seen in Figure 13.

Figure 13. VGG architecture [33].

The smallest con guration of the model consists of 133 million learnable parameters, and
the largest 144 million, more than double the size by number of parameters. Con guration
A described in [33] is used in this thesis.
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4.3 Inception v3

The Inception architecture [34] performs convolution on the input with different Iter
sizes, and additionally, the input is max pooled. This Inception module helps the network
to collect global and local information in the image. The naive version of the Inception
module can be seen in Figure 14. Furthermore, they use average pooling before the nal
fully connected layer. To deal with vanishing gradients, the model uses two auxiliary
classi ers, which increase the gradient signal that is backpropagated.

Figure 14. Inception module [35].

The rst model to use the Inceptions architecture, GoogLeNet (Inception-v1), won rst
place on the ILSVRC 2014 classi cation task with a top-5 error rate of 6.7% (10-crop),
slightly outperforming VGG. Another bene t of this model is that it uses 6.8 million
learnable parameters, 20 times less than VGG.

The second and third versions of the Inception architecture were published a year later
[35]. The second version optimises the convolutional operations by creating multiple
versions of the inception model. One in which the 5 convolution is replaced with two

3 3convolutions, another in which threconvolution is replaced with a combination of
landn 1 convolutions, and the nal in which the lter bank output is expanded. The
third version further improves the model by adding label smoothing, factorsing
convolutions, and batch normalising the fully connected layers of the auxiliary classi er.
With these improvements, Inception-v3 achieved a top-5 error rate of 4.2% (multi-crop) on
the ILSVRC classi cation benchmark. Inception-v3 has 24 million model parameters.
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4.4 ResNet

The authors of ResNet noted that increasing the depth of the network by simply adding
layers does not improve performance [36]. As a network gets deeper, vanishing gradients
become a larger issue. This means that as the gradient is backpropagated through the
layers, it might become insigni cant. Resulting in a network with degraded performance.
The authors of [36] introduced a residual block. This works by skipping one of more layers

and adding the input of the skipped layer to the outputs. Figure 15 shows a visualisation of
the block.

Figure 15. Residual block [36].

Their model architecture is inspired by VGG but they remove two of the three fully-
connected layers from the end and replace it with average pooling. Furthermore, they use
convolutional layers with smaller input and output. Both of these changes signi cantly
simplify the models' complexity, bringing it down to 12 million learnable parameters with
the 18-layer con guration. In comparison, the ResNet con guration with 152 layers is still
less complex than VGG. ResNet won rst place on the ILSVRC 2015 classi cation task
with a top-5 error rate of 3.57%.

4.5 Xception

Xception [37] introduces an "extreme" version of the Inception module. This version of
the Inception module uses a 1x1 convolution to cross-channel correlations, after which
each output channel's spatial correlation is individually mapped. This "extreme" Inception
module is very similar to depthwise separable convolution. An illustration of the module
can be seen in Figure 16. Additionally, each of the "extreme" Inception modules uses
residual connections, similar to ResNet.

This change results in a model that has a similar amount of model parameters to Inception-
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Figure 16. Extreme Inception module [37].

v3, while improving the top-5 classi cation error rate by 0.4% (single crop, single model)
over Inception-v3.

4.6 DenseNet

DenseNet architecture [38] connects each layer of the network with every other layer.
This helps further alleviate the problem of vanishing gradients, encourage feature reuse,
strengthen feature propagation, and substantially reduce the number of model parameters.
To achieve this, the architecture consists of multiple dense blocks where every layer
Is connected to every other layer, and transitional layers that change the feature map
sizes. Simply connecting layers in a regular CNN would not work because CNNs use
downsampling layers that change the feature map size between convolutional layers. An
illustration of DenseNet can be seen in Figure 17.

Figure 17. DenseNet architecture [38].

The authors report a 5.29% top-5 error rate (10-fold) on the ILSVRC 2012 classi cation
validation set.
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5. EXxperimental setting

This chapter describes the overall work ow, experimental settings, and hyperparameters
used for image processing, GANs, and CNNs. This consists of several different steps,
a visualisation of the work ow can be seen in Figure 18. The following sections will
describe each of these processes in more detail.

Figure 18. Experimental work ow.
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5.1 Data ltering

To clean up the data set, exact duplicate and low-quality images were searched for. Dupli-
cates were found using a perceptual hashing algorithm implemented in the imagededup
library 1. Perceptual hashing takes an image and creates a ngerprint from that. After all
the images are hashed, Hamming distance is used to compare the similarity of images.
Exact duplicates were found in two data sets HandPD and NewHandPD, other data sets
did not contain any duplicates. As the NewHandPD data set is an extension of the HandPD
data set, these data sets contain inter data set duplicates. Furthermore, the NewHandPD
data set itself contains intra data set duplicates. In total, 144 duplicate images were found.
An example of duplicate images can be found in Figure 19, the ir6@g86-1.pngs from
HandPD and others from NewHandPD.

Figure 19. HandPD and NewHandPD duplicates example.

Additionally, the data sets were combed over manually to nd images of poorer quality and
remove them. NewHandPD images in the range xxx-H16 to xxx-H37 were particularly
poor quality and appear to exhibit image compression artefacts (Figure 20). NewHandPD
contained 84 of these types of images.

After the removal of duplicates and low quality images, 702 images were left (210 healthy
controls and 492 Parkinson's patients).

https://idealo.github.io/imagededup/

24






	List of Figures
	List of Tables
	Introduction
	Related work
	Problem statement
	Structure

	Materials
	DraWritePD data set
	HandPD & NewHandPD data set
	ParkinsonHW data set
	Parkinson's Drawings data set
	Summary

	Generative Adversarial Networks
	StyleGAN2-ADA
	LeCam regularisation
	StyleGAN3
	Projected GAN

	Convolutional Neural Networks
	AlexNet
	VGG
	Inception v3
	ResNet
	Xception
	DenseNet

	Experimental setting
	Data filtering
	Preprocessing
	Data set splitting
	Traditional image augmentation
	GAN training
	GAN evaluation
	Image generation
	Augmented training set generation
	CNN training
	CNN evaluation

	Results
	GAN results analysis
	StyleGAN2-ADA
	StyleGAN2-ADA + LeCam
	StyleGAN3
	Projected GAN
	Summary

	CNN classifier results analysis
	Baseline evaluation
	Augmentation evaluation
	StyleGAN2-ADA augmentation evaluation
	StyleGAN2-ADA + LeCam augmentation evaluation
	StyleGAN3 augmentation evaluation
	Projected GAN augmentation evaluation

	Discussion

	Summary
	Bibliography
	Appendices
	Appendix 1 - Non-exclusive licence for reproduction and publication of a graduation thesis
	Appendix 2 - GAN sample grids

