Copyright is owned by the Author of the thesis. Permission is given for
a copy to be downloaded by an individual for the purpose of research and
private study only. The thesis may not be reproduced elsewhere without
the permission of the Author.



st
o

(~
L

Feasibility of dashboard GUI design
and optimization from machine
learning

A thesis presented in partial ful Iment of the requirements
for the degree of

Masters
In
Mechatronics Engineering

by
Daniel Foster

Supervisors:
Johan Potgieter
School of Food and Advanced Technologies
Massey University
Palmerston North, New Zealand

November 10, 2022




Abstract

Web dashboard Graphical User Interfaces (GUI's) are becoming ever more im-
portant for today's big data requirements. A number of industries from Internet
of ings, to nance, to project management and everything in-between are pro-
ducing enormous amounts of data and the need to display this data for users and
internal employees in a useful way is incredibly necessary. is thesis attempts to
answer the question; Is it feasible to design and optimize dashboard graphic user
interfaces with machine learning?

To explore this question, we devised two experiments. One using full dashboard
images, and the other using dashboard cropped components. Two datasets were
built using images pulled o fthe internet and processed using four so tware scripts
builtforthe purpose ofthis project. eseincluded animage downloader, image du-
plicate detector, and a cropping tool designed to allow the user to crop sub-images
from a single image rapidly while assigning class labels to the main, and cropped
images. is resulted in two data-sets of 1024 dashboard images of size 512x512
pixels, and 5133 dashboard component images of size 256x256 pixels. We labelled
these data-setimages as one of eight class labels of di ferent dashboard types. ese
types were loT, agriculture, nance, analytics, miscellaneous, tness, project man-
agement, and social.

Following this, a machine learning architecture was chosen based on an eval-
uation using a set of weighted criteria. e results of this evaluation settling on
StyleGAN2-ADA developed by NVIDIA corporation. Chosen hardware was a purpose-
built machine learning computer with two NVIDIA a-40 Graphics Processing Units
(GPU's) which was able to perform at speed with the high memory and processing
requirements of this architecture.

Initial training runs showed a mixing of colours and styles through all the gen-
erated images whichwas xed by altering the architecture structure slightly. Subse-
guent parameter tuning experiments found that in builtimage augmentation meth-
ods of pixel blitting, geometry and colour transforms, along with a model parameter
gamma value of 50 were useful in achieving better training results. e nal two ex-
periments using the two datasets that we created showed symptoms of model failure
at a later stage in the training where the generated images were reduced in quality
and almost identical. Image generations taken from a point in the training prior to
this occurring showed patterns between the eight di ferent dashboard class types.
Although the image quality was not particularly good as training did not fully com-
plete, we made a number of observations for full dashboard images. Bar and line
graphs were extremely prevalent in most dashboards and found in similar positions
(middle/top le t), the algorithm favoured side menu dashboard format, and text was
not readable in the generated images. Regarding dashboard components a number
of classes su fered from low data numbers and generated purely text-based images,
while others mirrored the components shown in the full dashboard image tests.
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CHAPTER

Introduction

A Web Dashboard is a type of graphical user interface that provides data visualization
and/or control capabilities for users. Technology is rapidly advancing, itis estimated that
everyday 2.5 quintillion bytes of data are created with 1200 petabytes of data shared and
stored by major digital companies such as Facebook, Twitter, Google, and Amazon alone
[80]. is "big data" movement has become a common part of life from the rise of the
Internet of ings which sees thousands of homes and workplaces equipped with smart
devices and sensors, to the nance sector which has seen 250 publications in the big data
space in 2020 alone [74], and many others. With this large amount of data spread over
an ever-growing number of industries, it has never been more importantto nd ways to
easily display this to users. Typically, GUI dashboard development follows a number of
steps from the initial problem de nition to the actual deliverable solution which can be
time consuming.

is process, shownin g. 1 particularly the prototype design step, may be di cult for
engineering companies who may have a product, but do not have the sta f on hand with
the necessary skills to design a dashboard. is may lead to more time spent on product
development and therefore a slower transition to sales, and in a competitive big data/loT
space, time spent on product development is critical. e aim of this project is to assess
whether this prototype design step can be removed altogether using machine learning.
Which leads to the overall thesis question:

Isitfeasible to design and optimize dashboard graphic user interfaces with machine

learning?
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Assess the requirements

Choose a number of appropriate
widgets/charts

Prototype design drawing

Receive feedback |

Code and output the final
product

Figure 1:Design process for dashboard GUI

To answer this question, we devised two machine learning experiments. e rst ex-
periment focused on the generation of full dashboard images using a labelled data set,
while the second focused on the feasibility of generating individual dashboard compo-
nents of a speci ¢ dashboard type. is is a basic evaluation of the feasibility of the

method.

Objectives

To evaluate this hypothesis, a number of objectives must be met:

1. Conductresearch into currently used machine learning methods forimage related
problems and investigate if others are working in machine learning web GUI de-

sign.

2. If necessary, Build a dataset of dashboard GUI images. A set of criteria should be

created to vet these images and ensure the correct ones are used.

3. Buildadataset of individual dashboard components to assess the feasibility of gen-

erating and arranging separate components.
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4. As mentioned previously there are a large number of industries in need of dash-
board GUI design. Dashboard and component images should be labelled to re ect

the class they belong to.
5. Select a suitable machine learning architecture to generate dashboard designs.

6. Evaluate the trained results. If necessary, conduct more experiments with tuned

parameters.

7. Supply ndings and recommendations for future research and further develop-

ment in this area.

esis Outline

1.2.1 Chapter2 Literature Review

e literature review section provides a background to current dashboard GUI design
practices, and machine learning methods. We discuss Machine learning theory, and meth-
ods used to learn image data, from the basic methods to more advanced methods. We

discuss Current research in machine GUI design and identify gaps in the research.

1.2.2 Chapter3 Data Collection and Processing

is section describes the process of collecting and processing data to build the datasets
required in this project. e rst section outlines the criteria used to vet images dis-
cussing image resolution requirements, content and quality requirements, image label
classi cation requirements, and the data sources used. e second section outlines the
so tware created to retrieve and process the images. e third section demonstrates the

method used to collect and process images.

1.2.3 Chapter4 Material Selection

is section details the process of selecting hardware and so tware for this project. We
select hardware from a list of available devices. e so tware selection is a much more
involved process. We describe criteria to select an architecture in this chapter and evalu-
ations between a number of di ferent candidates are discussed with an eventual winner

being chosen for use in the project.
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1.2.4 Chapter5 Case Study

To prove the full workings of the solution for this project, a case study was undertaken to
generate a new loT dashboard. is section shows the method behind the experiments
as well as discussing any issues that arose while conducting the experiments and how
these were solved. Brief results from initial experiments are touched on in the context of
showing how issues were solved but the main results are delivered in depth in the follow-

ing section.

1.2.5 Results and Discussion

e results section discusses the ndings from the initial test experiments followed by
the main two experiments with the dashboard and dashboard component image sets.
Training statistics are displayed for all experiments as well as an analysis of the gener-
ated images a ter training with any patterns being found between di ferent classes of

dashboard.

1.2.6 Conclusion

is is the concluding chapter and discusses the decisions made in the project, sum-

marises the ndings and presents four recommendations for moving forward.
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Literature Review

Introduction

is literature review looks to provide the reader with su cient knowledge in two main
topics. e rstof which is a brief description of the current best practices in dashboard
design. e purpose of the second topic s to provide a background into machine learning
methods from the basics of classi ers all the way to the much more advanced generative
adversarial networks typically used for image generation. Understanding of the work-
ings of machine learning all the way from basics to the advanced are required to under-
stand image creation in machine learning and the following methods will be discussed

in relation to this project:
" Supervised and unsupervised learning types.
" Linear regression and basic cost function/loss theory.

" Classi ers including logistic regression, k-nearest-neighbourm and support vec-

tor machines.

" Arti cial Neural Networks including activation functions, basic neural network
structure, Recurrent Neural Networks (RNN) and Convolutional Neural Networks

(CNN).
" Generative Adversarial Network (GAN)s.

~ Evaluation metrics for Generative Adversarial Networks for the purpose of quanti-

fying generated results.
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e review will conclude by discussing the current research in the area of GUI genera-

tion as well as identifying potential gaps in the research.

E fective Dashboard Design Principals

For machine learning, data-set quality is essential. If there are inadequate quality im-
ages inthe dataset the output will su fer. erefore, when selecting dashboard images, it
isimportant to know the theory of good dashboard design. is section will cover essen-
tial dashboard design theory including data selection, typical dashboard components for

di ferent dashboard examples, and typical element colour selection.

2.2.1 Data Selection

e main job of a dashboard is to visualize data for a speci ¢ purpose. A dashboard loses
usability when it shows irrelevant data, meaning the dashboard becomes overcrowded
and therefore the data loses meaning. [19] suggest constructing a measurement model
to ndwhat data is collected and the reason it is collected which then allows the designer
to choose ifitis relevant to display. Di ferent types of dashboards will display di ferent

kinds of data for example:

~ A nance dashboard may display a list of recent transactions or contain a line/bar
graph of spending history or have a list of credit cards such as popular UK money

management app "Money Dashboard" [84].

" A Social mediadashboard may display information on subscribers and interactions

on your social media accounts.

" A tness dashboard might have data on earlier workouts or future scheduled work-
outs as well as other health metrics such as heart rate, calories burnt and number

of steps such as the Fitbit web dashboard [83].

is is an important thing to consider when devising labelling criteria for dashboard
images. Images chosen must display relevant data based on the type of dashboard while

not crowding the display area.
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Disk Usage [2)
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(c)Basic Dashboard Table (d)Basic Radial Progress Bar

Figure 2:Examples of Typical Dashboard Widgets

2.2.2 Typical Dashboard Components

To display relevant data, a dashboard must make use of various components, sometimes

referred to as "widgets". Five common widgets used in dashboard development are:

~ Line Graphs

" Bar Graphs

" Progress Bars and Dials
Lists

~ Tables

Line and Bar charts are e fective at allowing the user to quickly compare data and show
patterns [12], while progress bars and dials show real time statistics and accumulated
values and are typically well suited for Internet of ings applications [77]. Tables are a
well-known data presentation method for displaying substantial amounts of data, and

lists are used for purposes such as a to-do list, or a list of latest events.
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When nding image data to form a dataset these points should be considered. ere-
fore, based onthisresearch it seems a set of rules about what denotes an acceptable dash-
board should be created for this projectincluding de ning categories of dashboard based

on the di ferent data they present and the di ferent widgets on the dashboard.

Machine learning and Neural Networks

Machine learning is an area of computer science which focuses on two things; How can a
computer system be constructed which learns and self-improves through its experiences,
and what statistical methods closely map the structures of natural learning in humans
and organisations. Machine learning as a eld, attempts to answer these questions while
simultaneously providing practical so tware across many elds and industries [26]. Such
elds and industries include nance [38], microbiology [60], network security [3] and
even recently, fault diagnosis in machines [66]. In this section, theory will be discussed
to provide the reader with a basic understanding of the topic, before discussing di ferent
currently used image classi ers and neural networks to nd the best method for learning

and generating dashboard designs.

2.3.1 Background

2.3.1.1 Unsupervised Machine Learning

Unsupervised machine learning is the process of programming a computer to learn with-

out previously labelled examples. is method does not typically use labelled datasets as
used in supervised learning [11]. Instead of labelled datasets, the algorithm learns from
live data and extracts patterns. Pattern extraction uses a type of reward system for the

computer where the goal is to maximize rewards by correctly nding patterns.
2.3.1.2 Supervised Machine Learning

Supervised learning is a method where the learning algorithm extracts meaningful infor-
mation from a labelled data training set which a human provides [42] [26]. is training
set will contain various versions of what the algorithm is programmed to search for and

will contain a large number of items to achieve accuracy. Multiple areas of literature out-
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line a set of steps performed in supervised machine learning systems [71] [42]. ese are

as follows:

1. euser must establish the type of training examples.
2. Collecttraining set data from various sources and build the training set.

3. Label the data on each input in the training set. e accuracy of the algorithm de-

pends on the accuracy of the data labelling at this stage.
4. Choose a machine learning model based on the desired outputs.

5. Execute the learning algorithm on the training data set.

(o}

. Evaluate the accuracy of the model and perform any parameter tuning required.

2.3.1.3 Linear Regression

Linear regression uses a mathematical approach to predict outcomes from the given data
through a relationship between a dependent variable (y) and independent variable(s) (x).
is method dates to 1894 when Sir Francis Galton rst suggested it [68] and is the stan-
dard scatter plot graph with a regression line that most are familiar with. Linear regres-
sion can be thought of as the simplest arti cial neural network, consisting of a single

neuron [78].

Figure 3:Example of Linear Regression
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2.3.1.4 Loss

Cost functions are fundamental to machine learning and can easily be explained using
the linear regression model. Learning from the data is the main objective of a machine
learning algorithm. To learn correctly they must be provided with feedback on the suc-
cess of the learning; this is the purpose of a cost function. For the model to perform to
a high standard, the cost function must be minimised. is is achieved through gradi-
ent descent. Gradient descent is one of the most popular methods of reducing error in
machine learning [33]. A basic example of gradient descent in linear regression is shown
in g. 4 where the progress of the machine learning algorithm is assessed at each stage
using gradient descent. e parameters are automatically changed based on the error
results before the next iteration leading to reductions in error. is allows the machine

learning algorithm to progress towards convergence [41].

Figure 4:Example of Gradient Descent in Linear Regression

2.3.2 Classiers

2.3.2.1 Logistic Regression

While linear regression is used for prediction and forecasting of future values, logistic
regression is used for classi cation purposes [6]. Logistic regression in its simplest form,
binary logistic regression, uses the Sigmoid function where datais re-mapped to a value

between zero and one.
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A probability function is used to determine if the data ts a speci c requirement (i.e.,
is the object in the image a cat or not a cat). If the probability is approaching one, the
assumption is true. If it is approaching zero, then the function deems it to be false. e

Sigmoid function is as follows:

1
l+et

) =

Gradient descentis used as in linear regression to reduce the error of the algorithm as
it trains. Multi class separation is also possible using Multinominal [13], and ordinal [9]

logistic regression.
2.3.2.2 K-Nearest-Neighbour (KNN)

K-Nearest-Neighbour is a simple method of classi cation which classi es data points by
observing the class of their nearest neighbour. To nd the distance between points and
identify the nearest neighbour, this method utilizes one of multiple available distance
calculations, one of which being Euclidian distance which can be calculated given two

vectors x and y:
X

o<

(X - yi)?

i=1

D(xy) =

Two uses of this simple classi cation method include, bank credit risk analysis [24],

and even image classi cation [15].
2.3.2.3 Support Vector Machines (SVM)

Hyperplanes are one of the core components of Support Vector Machines. e de nition
of a hyperplane is a decision boundary between two classes of data points. Hyperplanes
can be viewed on a 2d graph as a simple line, or on a 3d graph as a plane.

e purpose of support vector machines is to classify between data classes. e main
task of a support vector machine is to calculate an appropriate hyperplane to separate two
classes of data on a graph. Data points are mapped to high dimensional feature space in
a binary classi cation problem where there exist two di ferent sets of labelled data on
a graph and there is an in nite number of planes that correctly separate the data. e

goal of the training is to nd the plane with the greatest margin on either side between
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both sets of data [4]. A ter this optimal classi cation plane has been found, training is
complete and future, unlabelled data can be evaluated on which side of the hyperplane
it lands. Typical areas Support Vector Machines have been used in the past include face
and eye detection [8], text detection in video [5], and image classi cation [73].

e above-mentioned methods are ideal for classifying data. For this problem how-
ever, simple classi cation is not enough as dashboard images have a large set of features
and variability. Because of this, these methods have been deemed impractical for the
task at hand. Itis believed that neural networks will be required as they tend to perform
better on image data and allow for a deeper learning through much more complicated

multi-neuron learning algorithms.

2.3.3 Arti cial Neural Networks

Arti cial Neural Networks (ANN) are widely used in machine learning forimage and pat-
tern recognition [16] [46] [7] [61]. Because of this, neural networks have been determined
to be of signi cant use to this project which requires a great deal of image and pattern
recognition. ere are multiple types of Neural Networks including Convolutional Neu-

ral Network (CNN), and Recurrent Neural Network (RNN). Two neural networks may also
work against each one another in competition to form a GAN. ese di ferentdeep learn-
ing methods will be discussed and evaluated in the following section.

Arti cial Neural Network (ANN) are a popular model for classi cation, pattern recog-
nition, and prediction and in terms of usefulness has become competitive to the use of
regular statistical modelling and regression methods [44]. An ANN is the emulation of
a biological human brain. e human brain typically consists of two main components:
Neurons, and Synapses [22]. Where neurons are responsible for receiving sensory input
from external sources, and synapses are the connectors between them. ANN works to
target speci c processes in the human brain, as emulating the entire human brain would
be far too complex. According to Dave & Dutta [22] Problems where ANN perform well

include the following:

" Problems which involve an association between a set of patterns.

" Problems with large and diverse datasets.
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~ Problems where conventional processes struggle to describe the relationship be-

tween data points in a set.

~ Problems where the number of variables is quite large.

Figure 5:Arti cial Neural Network Feed Forward Network Structure.

e human brain is emulated in these large computational networks by using nodes
(Neurons) and weighted connections (Synapses). Each node processes the input from
the previous node prior to passing it through a typically non-linear activation function to
generate a scalar output with one numerical value. Nodes are arranged in layers, starting
with the input layer, followed by a number of hidden layers of multiple varied sizes, and
ending with an output layer where the result is passed. Nodes are aware of only the in-
formation generated in themselves or passed to them through weighted connections to
other nodes [14] [43].

e sections that follow detail useful background learning on how ANN function, dis-
cussing activation functions, back propagation, and batch normalization as fundamental

components of these networks.
2.3.3.1 Activation Functions

Neural networks are known for their ability to compute any function given. To accom-

plish this, nodes should use non-linear activation functions to process data [43]. Acti-
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vation functions are responsible for deciding whether a neuron should " re" data to the
next set of neurons based on its computed output. Each neuron in a layer will typically
have the same activation function. ere are a number of activation functions available

for nodes to compute their output, with four relevant examples being:

" Linear
~ Sigmoid function
" RelU

" Leaky RelLU

Linear Activation Function:

Hx) = ax
As mentioned above, it is ideal to have a non-linear activation function. However, prob-

lems which require inseparability and other simple problems can bene t from a linear

activation function [43].

ReLU (Recti ed Linear Units):

y = max (0; X)

Recti ed Linear Units (ReLU) is a thresholding activation function which sees an out-
put of zero for all values less than 0, and a linear function output when it is greater than

or equal to zero [45].

-5 0 5 -5 0 5

(a)ReLU Activation Function (b)Leaky ReLU Activation Function

Figure 6:Recti ed Linear Units (ReLU) Activation Functions



CHAPTER 2. LITERATURE REVIEW 15

Leaky RelLU:
x; forx<O
X; forx O

f(x) =
Leaky ReLU is a slightly di ferent version of ReLU where a small non-zero gradient ex-
ists for input values below zero [20]. e coe cient of this slope is predetermined and

not learnt during training.
2.3.3.2 Back Propagation

While nodes are a particularly important part of neural networks, they only work together
with the help of weighted connections. e algorithm applies weights to the input data

at each node in the hidden layers of the network and these weights are responsible for
the overall loss in the algorithm output. To minimise loss, weights must be adjusted, and
this is achieved by comparing the real output data with the calculated model prediction
data. e diference between real outputs and predicted outputs are fed back through
the layered structure of the network with the goal of adjusting the connection weights to

reduce the overall loss of the model; this is known as back propagation [1].
2.3.3.3 Batch Normalization

In neural networks batch normalization is used to allow for higher learning rates, ac-
celerate training, and to improve generalization accuracy. Itis a method that is applied
in the deep intermediate layers of the model and is used to avoid activation explosion (a
runaway gradient when training which causes training to collapse) by correcting all acti-

vations to unit standard deviation and zero-mean. e formula is as follows:

T
Obicixy c C’X’y+ ‘+ . 8bcxy

Where . = lb;cxy €quals the mean activation. Whei contains all activa-

1
iBj by
tions in channelg, bis all features in the entire mini-batchy; y are spatial locations, and

¢, ¢ are both learned during training [50].

2.3.4 Recurrent Neural Networks

Recurrent Neural Network (RNN) are a type of arti cial neural network which is o ten

used for tasks such as speech recognition [18], language processing and translation [21]
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[17], or even image generation, which is highly relevant to this project [25]. Well known
examples of Recurrent Neural Networks are Apple's Siri, and Google Voice [58]. Recurrent
neural networks are used for data which involves sequences or time series data rather
than independent data points. Recurrent neural networks utilize internal loops in their
structure where current states of the network are a fected by both their currentinput and
their past inputs [48]. Although there have been cases of using this method for image
generation. isimage generation is usually sequence based such as generating images
based o flines of text [72] which does not particularly twithin the scope of this project
where we are trying to learn and output a set of dashboard design patterns based on the
type of dashboard. erefore, RNN have been deemed of potential future use for this

project, but not entirely necessary for use in this thesis.

2.3.5 Convolutional Neural Networks (CNN)

Convolutional Neural Network (CNN) are a type of neural network that are typically used
for image processing [69] [55], image detection and recognition [52], facial recognition
[2], audio recognition [28] and other analysis applications. e interesting aspectofthese

neural networks is the image processing, detection, and recognition.

As the name suggests, convolution plays a crucial role in this type of network. In this
explanation of image convolution, animage of size 512x512 pixels with three colour chan-
nels (RGB) will be used as this is the size of a small dashboard image that was show su -
cient detail. If the model received an image as raw pixels, the input layer connectionto a
single neuron would have 786,432, (512x512x3) individual weighted connections. If an ad-
ditional single neuron were added this number would increase to 1,572,864 (512x512x3x2)
which is a substantial number of connections for only two nodes. e actual number of

weighted connections required for the network for the image is:

N=(512 512 3) (512 512
N = 206; 158; 000; 000

is is an exceptionally large number of connections and would take a long time to
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process. To solve this issue, convolutional neural networks utilize a weighted kernel of
a speci ¢ size (3x3, 5x5, etc..) to convolve the entire image by adding pixel values with
their local neighbours [31] [36]. Using a kernel of 5x5 pixels, the number of connections
is reduced by over two hundred billion for the full image to approximately 75 per kernel
pass. e kernel is slid across the entire image and features are mapped based on this
kernel, therefore features can be learnt from an image independently from their position

[36].
2.3.6 Residual Neural Networks (ResNET)

While conventional CNN architectures perform well on image data, they tend to see an
increase in test error and decrease in test accuracy as the network depth grows [32] [70].
Initially this was attributed to over- tting or the exploding/vanishing gradientissue, but
eventually it was proven that there was an issue with degradation in very deep neural net-
works causing them to be outperformed by shallower networks. To overcome this issue,
Residual Neural Networks were introduced [32]. Residual networks introduce the resid-
ual block ( g. 7) which allows for a skip connection to add the input from a previous layer
to the next layer. is is achieved by adding the original input to the neuron to the out-
put function produced when the weightings and activation functions are applied to that
same input. is allows networks to extend to a great depth, up to one thousand layers
asrecorded in [32] without su fering in test accuracy compared to shallower networks for
the same problem. It is hypothesised that a deep neural network model will be required

for this project and therefore ResNet is something that should be considered.

2.3.7 Generative Adversarial Networks

While the previous neural networks demonstrate the ability to detect features in images,
for this project we are required to generate completely new images. First proposed in
2014 [23], GAN achieve this very well through the competition of two neural networks.
Because convolution is a particularly e fective way of speeding up computation of image-
based datasets a number of GAN architectures incorporate itin their architectures. ree
examples of these networks that utilize convolutional operations are: DCGAN [29], Style-

GAN [57], and SAGAN [62]. Generative Adversarial Networks are considered as either
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Figure 7:Residual Block introduced in the ResNet model

semi-supervised, or unsupervised machine learning and typically do not require exten-
sive labelling on images to learn features. e network consists of a generator and a
discriminator, and these can be thought of according to [53] as an art forger and an art
expert. e generator is the forger and the discriminator is the art expert. During the
training process, the generator attempts to make image forgeries with no knowledge of
the realimage data. ese images are then used as an attempt to fool the discriminator;
however, the discriminator is equipped with a set of realimages and is therefore an expert
on how images of this speci c type should appear. e discriminator then informs the
generator whether the images appear like they belong in the real set of images by advis-
ing on the current loss/error, leading to the generator to attempt again with this added
information. e competition concludes when the generator learns to produce images
that the discriminator cannot distinguish from the real ones.

Failure Points:GAN's can be notoriously hard to train, and training may result in fail-

ure due to several reasons. e most common types of failures are:
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Figure 8:High Level Overview of a Generative Adversarial Network.

" Mode Collapse Mode collapse occurs when the generator network chooses to
generate images from a small number of modes [30]. is leads to many duplicate
generated images and can be caused by several issues in training. Mode collapse
can be diagnosed by either looking at the generated images and observing identical
features in multiple places or searching for generator loss oscillations and slightly

higher discriminator losses than a typical stable model of the same type.

~ Vanishing Gradient Vanishing Gradientis anissue where the discriminator does
not provide adequate information to the generator and rejects fake images with
high con dence, leading to the gradient of generator learning diminishing or "van-
ishing" to where the generator is unable to properly learn [47]. isleads to little or
no improvement in generated fake images and can be avoided by not over-training
the discriminator, applying Wasserstein loss [37] or a modi ed minimax loss as

shown by the authors of the original GAN paper [23].

Evaluation Metrics: Because image quality is subjective, it can sometimes be hard to

assess the quality of a GAN generated image. Multiple methods have been devised to
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guantify the quality of animage including Inception Distance, Fréchetinception distance
(FID), and Kernel Inception Distance (KID). ese methods will be discussed in this sec-

tion.

" Inception Distance Inception distance is the basic method for evaluating GAN
generated images proposed by [34]. It was found in their experiments that human
assessors of generated images provided varied feedback with results changing dra-
matically when mistakes were pointed out. Every generated image has an incep-
tion model [35] applied to it to obtain the conditional label distribution based on a
pre-trained ImageNet [10] model. Images that include meaningful objects in this
label set should have alow entropy conditional label distributipfyjx). is, com-
bined with a high entropy marginaIRp(ij = G(z))dz to account for the gener-
ation of varied images gives a meaningful score that resembles human judgement

[34][39]. A higher value is better with this metric.

Fréchetinception distance One of the main drawbacks of Inception Distance is
that it only observes the generated data without factoring in and comparing real
world samples. Fréchet inception distance seeks to achieve this comparison by
using multidimensional Gaussian distribution to obtain the rst two image mo-
ments: mean, and covariance [39]. Using the Fréchet distance which uses location
and ordering of points to calculate a measure of similarity between curves. Fréchet

inception distance is de ned by the following formula:

d?((m; C); (My; Cy)) = jjm - myjjg+ tr (C+ C, - 2(CCy)?

Where:

(m; C) = mean and covariance obtained from generated model data

(my; Cy) = mean and covariance obtained from real world data

For this metric, a lower score means higher image quality and more diversity in

generated images.
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~ Kernel Inception Distance Kernel Inception Distance is a metric proposed for

GAN evaluation which is like FID but uses a polynomial kernel:
. — 1 T 3
kKcy)=(gxy+1

d =representation dimension [49].

KID compares skewness, mean, and variance and uses a simple unbiased estima-
tor in contrast to FID which is inherently bias. is lack of bias makes KID a much
better metric for use on small datasets [64] [49]. Similar to FID, a lower score indi-

cates a better-quality image.

Generative Adversarial Networks appear to be ideal for this project as they ful | the
need for image generation through learning. Some existing methods of designing ba-
sic web pages and mobile apps have been developed recently which demonstrate the use

cases for these networks. ese will be evaluated in the following section.

Existing Works Generating GUI Designs

2.4.1 Face O f: Assisting in the Manifestation Design of Web Graphical
User Interface

In 2019 a model known as Face O fwas proposed to aid with the design of websites based
on template retrieval. e styles information and screenshots of popular websites and
design examples were collected into a repository and used to transform poorly devel-
oped websites into 'good looking' websites using style transfer with a Convolutional Neu-
ral Network [63]. e paper concluded that the method was a success and styles could
be harmoniously embedded into existing websites to enhance their look. is research
demonstrates good methods for retrieving website data using scripts which both take

screenshots and download the Cascading Style Sheet (CSS) information.

While the idea of using a script to retrieve web CSS information is a promising idea, nd-
ing dashboard images may prove to be more di cult as a large number of them require
signing up to visualize the main dashboard in detail. erefore, alternative methods of

data collection using scripts will have to be devised for this project.
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2.4.2 GUIGAN

While the previous example provided style embedding to existing websites, the next ex-
ample of previous work in this eld goes a step further and seeks to output design draw-
ings new mobile apps.

GUIGAN uses an existing SeqGAN architecture to generate new GUI designs by learn-
ing sequences of sub-tree GUI components and compatibility of styles [79]. Based on the
theory that developers will reuse their components for various apps, rather than gener-
ating new Ul elements; elements with compatible styles are generated in di ferent se-

guences to produce new GUI designs. GUIGAN is executed using the following method:

1. Data is collected manually, and widgets and other sub-tree elements are cropped
from the main GUI screenshot. Sub-tree elements are pooled in an image reposi-

tory for later use.

2. Depth- rsttraversalis usedto serialize the sub-tree elements which are then mapped
to embedding space to extract vector features for input into the main GAN struc-
ture. A Siamese network with a dual channel convolutional neural network struc-
ture is used to determine if pairs of images are from the same app based on their

similar styles.
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3. A SeqGAN architecture using a LSTM (Long Short-Term Memory) generator and
a CNN as the discriminator, is used to generate new mobile GUI designs through
utilizing the pre-trained Siamese network to choose harmoniously tting sub-tree

elements from the pool and arranging them in di ferent sequences.

While GUIGAN appears to be the latest endeavour in GUI design, there exists some

gaps in the research.

" Mostresearchdiscovered seemsto be aimed at mobile apps or basic textand image-
based websites. No evidence was discovered of design generation for complex in-

formation dashboards was found.

" etwo research papers that address generation of mobile GUI's only deal in style
transfer or reusing components from existing GUI's. We want to assess whether
itis feasible to train an algorithm to design completely new dashboards with their

own unigue components.

Conclusion

e research demonstrates that a Generative Adversarial Network with some form of
residual block skip-connection convolution should be used. Methods of machine learn-

ing were analysed with the following results:

" Classi erswere deemedtoo simple for the use case but provided a good background

knowledge of the inner workings of neural networks.

~ Basic Arti cial Neural Networks were found to be good for data but were not the
best method forimage learning due to the time it takes to process and the fact there

are better methods out there for feature recognition.

" Recurrent Neural Networks are suitable for language and speech processing/trans-
lation or anything else that works in sequences. To evaluate the feasibility of dash-
board generation itis out of scope to work with sequences of dashboard widgets at

this stage.
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~ Convolutional Neural Networks are especially useful forimage recognition as they
reduce computing time and allow for features to be discovered anywhere in the im-
age. However, they su fer from decreased accuracy at depth compared to a shal-
lower network. Residual Neural Networks solve this issue by introducing residual
skip-connection layers which are particularly useful for GAN architectures. A GAN
architecture that uses residual skip-connections is likely to perform well for this

problem.

e feasibility of generating fully new dashboard images has yet to be assessed and
this report should demonstrate whether there are any learned patterns of interest

generated by the chosen algorithm.



CHAPTER

Data Collection and Processing

is chapter outlines the processes used and developed for the purpose of collecting im-
age data for the machine learning training process. e rst topic to be discussed is
the rules set out for image collection and subsequent labelling. Next to be discussed
Is the so tware written to make the job of downloading and processing the substantial
amounts of data, so they meet the required standards. e nal topic to be discussed is
the methodology of collecting and processing the image data.

Two main types of data were required for this experiment:
1. Fulldashboard images, gathered from various sources on the internet.

2. Dashboard componentimages, referred to as dashboard components in the rest of

this chapter. ese were cropped from the full dashboard images.

Image and Label Rules and Requirements

3.1.1 Image Resolution

GAN's are trained on square images at power of 2 resolutions (32x32, 64x64, 128x128,
etc..). isis due to the fact most images are downscaled by powers of 2 multiple times
during training. e fact that dashboards are accessed using rectangular screens means
that the images must be resized and edited to t this requirement. To ensure image
details are retained through this, images sourced should be the highest possible qual-
ity. Dashboards contain a large amount of information, because of this, the training

should be conducted at 1024x1024 Pixels (px) or 512x512px. e former requires a large

25
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amount of training time and computing power, which was typically not available in this
project. e latter is acceptable and seems to show adequate detail with the bene t of
much lower training time therefore, the training resolution aimed for in data prepara-
tion was 512x512px.

Note: Training time is dependent on the architecture used which will be discussed in

length in the next chapter.

3.1.2 Full Dashboard Image Content and Quality Requirements

Itis important that all the images in the dataset follow a set of image content and quality
requirements. e considerable number of images that will be downloaded from image
search engines require manual and programmatic methods to be applied to ensure these
images are of good enough quality, do not contain any irregularities, or are even animage
of aweb dashboard at all.

We devised four criteria to ensure the images are appropriate for this experiment:

1. Images must not contain any watermarks. Including watermarks in the images
will misinform the algorithm and will cause irrelevant data to be processed. is
will lead to larger processing times and irregularities in the image. Any image that

contains watermarks must be removed from the dataset.

2. Images that are smaller than 512px in width or height should be discarded. All im-
ages must be eventually resized to 512px in width and images smaller than this will

have to increase in size. Leading to a lower quality image.

3. Imagesthat have previously been resized to be larger, while sacri cing image qual-
ity should also be discarded. ese images are blurry due to the resize operation

and therefore will a fect the results of the training.

4. Dashboard components shown in the image should not have irregularities. It was
found in prior research that design diagrams of dashboards sometimes will have
one or more components rotated or placed in a position to highlight that feature.
Including these imagesin the dataset will negatively a fect the outcome of the train-

ing as the algorithm will not understand that this has been done for aesthetic pur-
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poses. If possible, when evaluating an image for dataset suitability, these may be
able to be cropped out while still maintaining a suitable dashboard image. If not,

then the image should be discarded.

3.1.3 Dashboard Component Content and Quality Requirements

ese criteria de ne what is considered a dashboard component that should be cropped

from the main dashboard image as a dashboard component.

Ideally, the dashboard componentwould be aborder-de ned component contained

within the main section of the dashboard.

If there are no de ned borders around the component, su cient white space be-

tween components is acceptable to distinguish separate components.

Buttons should be included as dashboard components as they are quite prevalent

on dashboards.
Any drop downs boxes, or date selectors should be included.

Free standing text such as headings should be included for some dashboards ifitis

not the same as other samples collected. Text should be readable.

If the component su fers from low resolution or any irregularities that could a fect
the dataset it should not be included. is includes if it is simply too small to be

sized up to a maximum of 256x256 pixels while maintaining readability.

3.1.4 LabelCriteria

e following set of labels was developed for use in this experiment. ese labels allow
the algorithm to distinguish between the distinct types of dashboards. ese labels were
applied to both the main dashboard image, as well as any images that were cropped from
said image. e reason for this was to ensure dashboard components were categorised
by the dashboard type they belong to, rather than the type of dashboard component they
represent. islistwas constructed from abrieflook through the main dashboard images

while lightly categorizing.
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1. 10T Dashboard Any dashboard that is used to monitor or remotely control elec-

tronic devices or smart home setups.

2. Agriculture Dashboard- Dashboards that contain monitoring data speci cally for

an agricultural setting.

3. Financial Dashboard iscaninclude bankingapps, nancial marketwatch dash-
boards, crypto-currency dashboards or any other dashboard that primarily focuses

on monitoring funds.

4. Analytics Dashboard Dashboards that monitor a range of items such as sales
gures, statistics, company overviews, and personal medical analytical data not

speci cally related to tness.

5. Misc. Dashboard Any dashboard that does not tinto one of the other categories.
is is used for wildcards that may have a good design but due to placeholder text

they are unable to be placed in a category.

6. Fitness Dashboard Dashboards that display personal tness data e.g. heart rate

while exercising, exercise statistics, planned workouts etc.

7. Project Management DashboardDashboards used for managing teams complet-
ing projects in the workplace. ese dashboards consist of calendars, timelines,

planners, and project group assignment functionality.

8. Social Dashboard Dashboard used for displaying social media statistics of a single

or multiple users.

3.1.5 Data Sources

e following websites contained images that matched the above resolution criteria as
well as several other criteria that will be mentioned below. is section outlines the rea-

sons for choosing these websites to source the data.
3.1.5.1 Google Images

Google images provides access to an extremely large number of sources all in one place.

e user may also access full resolution images from the original websites. Itis easy to
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perform a search and retrieve a large number of satisfactory results. Especially using
the advanced image search feature. e advanced image search feature allows the user
to select the minimum image resolution of the search as well as providing the ability to
include optional key words inthe search. ese features allow for searches of images that
meet the resolution criteria mentioned above as well as the criteria forimage quality and

content.
3.1.5.2 Dribbble

Dribbble [81] is a website where top designers can highlight their work. is site is useful
because it contains designs that might be perceived as good. is website also provides
images at a high quality and resolution as well as provides the option to download them
in assorted sizes including the largest on o fer (1200x900px) which is especially useful
when building a dataset of high-resolution images. Dribbble o fers a large database of
designimages, and several searches determine there are web dashboards of distincttypes

available for download.

So tware

e following section details the so tware written to process the images and extract data

for this experiment.

Image URL Extractor

e following script was written based o fa tutorial by Adrian Rosebrock [75]. Its purpose
is to download all images currently loaded on the screen from a Google Images search.

A low-level overview of the script is as follows:

1. Iterate throughthe HTML documentobjectmodel (DOM) and nd all objects which

contain the html class "isv-r".
2. Foreachofthese objects, selectthe rstchild objectthatis an htmlanchortag (<a>).
3. Simulate aright click on the image tag child within this object.

4. Extract the URL for the full-sized image.
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Select HTML image
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Figure 10:Structure of Google Images URL download script

5. Push this URL to an array.

6. Once nished looping through the images, initiate a browser download of a text

document containing the URLS to the full-sized images.

3.2.1 Image Downloader

To download the images, a Python script was written to read the list of URLs and down-

load them to a speci ed folder.

e structure of the scriptis as follows:

1. Userinputsthe le address of atext le containing image URLSs to download.

2. Foreach URL inthe text le a GET request is performed.
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Figure 11Structure of Python image download script
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3. If the GET request returns successful (HTTP response code 200) then the image

type extension is checked.

4. Ifthe image extensionis "png", "jpg" or "jpeg" then the script may proceed with the
download into the given output directory on the local machine. is Iters outin-

appropriate image types such as GIF's.

5. e script then reads the downloaded images using OpenCV to ensure the le is
a proper image le and not corrupt in any way. If the image fails, this check it is

deleted automatically.

3.2.2 Detecting and Removing Duplicate Images

Due to the substantial number of images required for the dataset and the methods used
to collect the data in a quick manner, there is a high probability there will be duplicate
images in the dataset. Duplicate images in the dataset can cause over tting. Over tting
is where the model e fectively memorizes the images in the dataset leading to reproduc-
tion of dataset images. To solve this issue, a script was written in Python to calculate the
image hash using OpenCV. iswas written based o fatutorial by Adrian Rosebrock [76].

e structure of the script is as follows:

1. Twoinitial ags are given at program run time: dataset, the folder where the im-
ages are stored. remove, whether to remove duplicates (false means that thisis a

dry run, and no images will be deleted, for testing purposes.).

2. For each image, a hash is computed. e image is converted to grayscale and the
horizontal gradient between adjacent column pixels is calculated. is has valueis

added to an array.

3. e array of hashes is iterated over. If there are duplicates, all corresponding im-

ages are deleted except for one.

4. e image name and corresponding label will also be removed from the label le
if it exists in the main image directory. is is achieved by iterating over the le
contents until a match is found for the le name. is is then removed from the

array using the python "pop" function.
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3.2.3 Multi-Crop Machine Learning Image Processing Tool

is project required many image processing operations; from cropping/resizing main
dashboard images, to extracting dashboard components, to labelling data. Based on ini-
tial experience using a number of image processing tools it was deemed necessary to
create a custom tool for the needs of this project. It was found using other image pro-
cessing tools that a single dashboard component could be extracted at a time, and when
a machine learning data-processing tool was found with a multi-crop function, it only
allowed square images to be cropped. is did not work for this project as a large ma-
jority of the dashboard components, as well as the main dashboard images themselves,
are rectangular. As well as this, only certain tools were able to perform labelling for the
image. e following section details the structure of this program with both high-level

and low-level overviews.

Multi-Crop Tool High Level Overview

e function of the multi-crop tool is to allow the user to import a number of images,
allocate alabel using one of the number keys on the keyboard, and then identify regions of
interest by dragging the mouse and drawing arectangle. e regions of interest can then
be saved onto the user's computer with the corresponding label data, before moving onto
the nextimage. In order to start the program, the user must provide it with a destination
folder to save the cropped dashboard components to.

e GUI for the Multi-Crop tool developed in this project contains the following fea-

tures as labelled on gure: 12.

1. Load Images is button allows the user to select a folder of images for process-
ing.

2. Save Selection When the user is nished cropping, this button is used to save all
the user selected regions of interest on the image. e location these dashboard

components will be saved should be speci ed when the program is run using the

command line dest option. isis required for the program to run.

3. Undo Last- Undo the last drawn region of interest. is is used if the user makes

an error and selects the wrong region.
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Save Selection

4. Delete
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iot_dashboard

1 = iot_dashboard

2 = agriculture_dashboard
5 3 = financial_dashboard
: 4 = analytics_dashboard

5 = misc_dashboard

& = fitness_dashboard
7 = project_management

8 = social_dashboard

Progress: 0% (0/1)

4. Delete- isbutton deletes the image permanently. Deletes theimage fromthe le

system on the user's computer. isis used if the image is found to be bad quality

and should be removed from the dataset.

5. Labels- isis a list of the labels that have been hard coded in for this speci c use

case. Pressing the corresponding number key on the keyboard will identify the cur-

rentimage as that speci clabel and all subsequent dashboard components that are

saved from this main dashboard image will be labelled as such. Labels are saved to

two separate places:
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a) e destination folder for the dashboard components as speci ed when the
program is initialized. Labels in this le contain the name of the dashboard

component that has been saved, as well as the label that has been assigned.

b) e mainimage folder thatis selected with the load images button. Labels in
this le consist of the main dashboard image name, and the corresponding

label assigned to this image.

Labels are colour coded so it is easier for the user to know which label is currently

active.
6. Progress Bar- Tracks the progress of the images processed.
7. Image Canvas e area of the GUl where the main dashboard image is contained.

8. Crop Region of Interest Example is blue rectangle is an example of an area to

be cropped and that will be labelled as an IOT dashboard.
Low-Level Overview

e multi-crop tool is written in Python and is written using a single python class. De-
tailed in this section is the low-level description of how the code works and what steps
are taken to produce the output cropped images. Full code for this program can be found
in the appendix.

Initialization - e main function entry pointis initialized when the user runs the pro-

gram through the command line. e user provides the program with a number of ags:
" dest - e destination folder for the cropped images.

" target-size - Used for resizing the cropped images. is speci es size the images

should be when they are saved in the destination folder.
" save-as - Speci es the image compression type. Options are limited to:
png
irg

ti f
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"~ single-crop-Ifthis agisincluded, label data will not be written to the dataset.json

les. Used for initial processing of the dataset without labelling.

e MultiCrop class is then initialized with these arguments.

GUI Construction- e GUI is then built from the MultiCrop class. e GUI is written
using the python tkinter library and components are placed in a grid format within two
main frames onthe GUI. e rstframe simply contains a canvas elementthat housesthe
images. e second frame contains all the buttons and display elements such as progress
bar and label information. Listeners are also de ned in this function. ere are three

main listener groups:

" Rightand le t key listeners- ese are bound to the le t and right arrow keys and
are responsible for iterating backwards and forwards through the images in the

main image display area.

Number key listeners- Each number key on the keyboard is bound to a key press
event. As mentioned previously, these number keys are responsible for selecting a

label for the main image and subsequent cropped dashboard components.

Mouse button events ere are three main mouse button events. ese are re-
sponsible for drawing the cropping region of interest on the image displayed on
the canvas. ethreeeventsare le t mouse button press, le t mouse button release,

and le t mouse button motion (while pressed).

Load Images e rst button the user will press will be "load images". is button is
bound to a loading function. is function prompts the user to choose a folder using a
windows explorer pop-up. e folder is opened, and the image le-paths are read into
an array that is stored as a class member variable. Another class member variable (pos) is
used to determine the currently displayed image on the canvas based on this image path
array. For example, "pos" is initialized as zero, meaning the rstimage to be opened and
displayedisthe rstimage inthe mainimage array. When an arrow key is pressed, "pos"
is incremented or decremented (based on the arrow key that is pressed) and the nextim-
ageisopened andreplacesthe currentimage onthe display canvas. e usergiven output

directory and the selected image folder are then initialized to contain a dataset.json le
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which will be populated with all the labels as the MultiCrop tool is used. is dataset.json

le is initialized with the following structure:

{
}

labels : []

When the images are loaded, they are scaled down in order to fully tonthe GUI can-
vas (making sure aspect ratio is maintained as to not skew the images). Before the images
are scaled, afull-sized working copy of the loaded image is taken. is ensures that when
users are carrying out cropping operations the scaled down image is not used. isis so
image quality is not sacri ced by resizing to t the canvas, performing the operations
and then resizing the result back up to produce the nal cropped image. When the im-
age isresizedto tthe canvas, a resize ratio is taken based on how much the image was
resized in each direction (width and height). is ratio is used later on in the cropping
operations to ensure the proper areas of the full-size copy are cropped according to the
user's selections.

Resume Functionality e program willautomatically recognise ifthere is an existing
labels leineachdirectory. Ifthis le does existand contains records from a previous use,
the program will then ask the user whether they would like to continue where theyle to f.

If the user chooses not to continue, the selected output directory for cropped dashboard
components is wiped of any cropped images and both dataset.json les are reinitialized.

Drawing Regions of Interest- Once the images are loaded into the program, the user
may select a label using the number keys as mentioned above. Once a label has been se-
lected, the user may click and drag on the image in the GUI to create a bounding rect-
angle. isis handled by the Mouse click, release, and motion events bound to the le t
mouse button. Once the user clicks the le t mouse button a mouse click event is red.
is triggers a function to run which notes the current coordinates of the cursor over
the image. A basic rectangle is initialized and as the user holds the mouse button and
drags the mouse, mouse motion events are repeatedly red. As these events are red
the bounds of the rectangle are expanded based on the position of the cursor when the

mouse motion eventis red. When the mouse buttonis released, arectangle is drawn on
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the GUI canvas based on the nal coordinates of the cursor at the point of button release.
is leaves a rectangle bounding box on the screen for the user to observe. An array con-
taining the coordinates of this rectangle as well as the label data is appended to the main

array to store user selections for future cropping operations.

[Xo; Yo; Xg; Y1; labe]

Note: Because the image viewed by the user is scaled to t the canvas, the region of
interest coordinates are scaled by default. erefore, later on when the cropping occurs
these must be scaled back up in order to crop the dashboard component out of the real,
full-sized image.

Undo Last Action- Since rectangle data is saved to an array in the above operation, it
becomes easy to undo the last action. e lastrectangle coordinate array is removed from
the main array and the coordinates are used to delete the rectangle from the canvas.

Crop and Save Once the user has drawn all regions of interest, they must be saved.

e user presses the save selection button and the current array of regions selected is

iterated over. For each iteration, the following actions occur:

1. e subimage is cropped. e rectangle coordinate array including label data is
passed as an argument to a cropping function. is function then extracts the four
rectangle coordinates and divides each one by the scaling factor given when the
iImage was loaded and scaled to tthe GUI canvas. e image is then cropped by

performing an array selection operation on the main image array.

crop=[y0:yXx0:x]

e colon in this operation means to obtain all the values in the array between the
speci ed coordinates. e crop function then returns the cropped image array and
corresponding image label. If there is no label selected, for example if the so tware

IS in single-crop mode, the label will simply be setto -1 as it is not needed.

2. ecroppedimageisthensaved. Toachievethis, rsttheimage mustbe paddedto
ensureit tswith the square image requirements. isis achieved by the following

steps:
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a) e original height and width of the image is obtained from the image array.

b) Ifthese values are equal, the image is already square, so itis simply returned

by the function.

c) If height is greater than width, then the height is set as the target size. e
width is resized.

w = height width

paddingle“t= TW

paddingright=w- 7W

paddingle“t= 0
paddingright= 0

d) If the width is greater than the height the same calculation occurs but with
the width as the target size, and the padding is added to the top and bottom

instead of le t and right sides.

e) eOpenCV function cv2.copyMakeBorder() is used here to apply the borders
to each side of the image. is takes the arguments; image, top, bottom, le t,
right, borderType, and colour of border. Border type is given as a constant

border type, and colour is given as a generic grey.

3. eimageisthenresized based onthe target size given by the user at program ini-
tialization. Since the image is square at this point, the resizing is simply achieved
using the OpenCV function cv2.resize. is function takes the arguments image,
dimensions, and interpolation. In this case the dimensions are given as the target
size and the interpolation is given as inter-area. According to the OpenCV o cial
documentation [82], inter-area interpolation should be the preferred method for
image decimation, which is what is occurring during a crop operation. It uses a

re-sampling method based on pixel arearelations in the image to resize the image.

4. Ifthe single-crop agis notset, the label data is writtento the label le inthe given
output directory. is is achieved through a function called write_json_le. e

function performs the following actions:
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a) e leisopenedinread mode.
b) e ledataisloaded into avariable.

c) Any existing labels data is extracted from the labels section of the data into an

array.

d) e title of the cropped image and the corresponding label is added to the

labels data. e resulting labels le will be as follows:

{
labels : [
["image_name", 1],
["image_name2", 3],
]
}

e) In order to ensure a clean le update, the labels le is opened a second time
in write mode. is overwrites the le entirely and allows the appended label
data to be written to the le ensuring there is no dangling data points from

the previous iteration of the le.

5. Finally, the cropped image is written to the output folder given by the user at pro-
gram initialization. e user may also specify an image compression type. ese
caninclude JPEG (Joint Photographic Experts Group), PNG (Portable Network Graph-
ics), or TIFF (Tagged Image File Format), with PNG being the default if none are
selected. All images are compressed with the highest possible quality settings to
keep image quality when the compression type is lossy, such as JPEG. e image
is saved using the OpenCV function cv2.imwrite which takes the arguments; le

name, image, and compression type.

A ter all the dashboard components have been cropped and saved, the main image is
labelled using the same method as the dashboard component labelling. Where a main
JSON label le located in the main image folder is appended to with the image name and
the label for the full image. is is to ensure that the dashboard components retain the

same label as the main image.
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Methodology

is section describes the methodology of obtaining the dashboard image dataset and

subsequent extraction of dashboard components.

3.3.1 DataCollection

Required so tware:
~ imageUrlExtractor.js

" downloader.py

1. Proceed to Google Images advanced image search and enter appropriate search
terms. Inthe section labelled "narrow your results” ensure that "image size" is setto
atleast 800x600px. Itis preferable to nd the highest possible resolution however,
full dashboard images of high quality available on Google Images are extremely
scarce. Click the button to proceed with the search and scroll the page until im-

ages look to be irrelevant or the page reports there are no more images to load.

2. euser mustopen their web browser development tools (typically by pressing f12
on the keyboard. is works in Chrome, Firefox, and Microso t Edge). Navigate
to the console section and paste the full code for the image URL extractor tool and
press enter on the keyboard. is will activate the script and initiate the download
of atext le containing allimage URL's. Each URL will point to the highest resolu-

tion version of the referenced image.

3. eimages must then be downloaded. is is achieved using the "Image Down-
loader" tool. e user will open the terminal of their choice (windows PowerShell,
windows command prompt, Linux terminal, etc..), navigate to the directory con-

taining the downloader tool, and enter the following command:
python .\downloader.py ==urls ="PATH TO URL TEXT FILE ==output=

e script will proceed to download all images to the given output directory. Any

incompatible images will be skipped.
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4. Writing scripts to automatically download images from Dribbble is speci cally against
terms of service. erefore, the user must manually download the image URL from
this website. To download each image URL, click on the image thumbnail to navi-
gate to the full-sized image. enright click and select "copy image address". is

will copy the image URL which can then be pasted into the main URL's le.

3.3.2 DataProcessing

A ter the data has been collected, it must be processed to meet the image size and res-
olution guidelines. e images must also be labelled. is section details the process of
processing the main dashboard images, as well as extracting the dashboard components.

Required tools:
" detect_and_remove.py

" MultiCrop.py

1. edetect_and_remove.py script should now be used to remove duplicate images.

is script should be run with the following command:

python . \d etect _and_remove.py \

--dataset="PATH TO DATASET"

Duplicate images will then be deleted from the destination folder. Any images be-

low a certain width will also be removed (default 512).

2. enextseveral stepsrequired the use of the MultiCrop Tool. e so tware was run

with the following command:

python . \MultiCrop.py \
--dest="MAIN DASHBOARD DESTINATION FOLDER" \
--target-size=512 \
--save-as="png" \

--single-crop

3. e rstuse of the MultiCrop so tware was to perform initial cropping operations

and clean up the main dashboard image dataset. When the so tware was initial-
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ized, the "Load Images" button was pressed, and the main dashboard image folder

was selected in the le explorer.

4. Each image in the dataset was evaluated against the set image criteria. Images
were deleted using the "Delete" button if they were deemed inappropriate for the
dataset. If the images included a large border around the dashboard, this was
cropped, and the image saved using the "Save Selection" button. If the image did
not include a large border and simply required scaling and padding, then the "Re-
size Main" button was pressed. All images were automatically made square, re-

sized, and then saved to the given output directory.

e MultiCrop tool should be closed a ter this step.

5. Because the mainimages were being cropped in this step we can disregard the cre-
ated dataset.json le in the main dashboard image folder. is was deleted before

continuing.

6. e following steps detail the process of creating dashboard components by crop-
ping the main dashboard components. e MultiCrop tool was initialized again

with the following command:

python . \MultiCrop.py \
--dest="SUB IMAGE DESTINATION FOLDER"
--target-size=256 \

--save-as="png"

7. e original image folder was selected for cropping. is was to ensure the dash-

board components were of the highest quality.

8. Anumberkeywas pressed to selectthe labelfor the dashboard and cropped compo-
nents. For the currentimage displayed on the screen, dashboard components were
evaluated against the dashboard component criteria. Components that matched
the criteriawere selected using the mouse. When allthe components were selected,

the "Save Selections" button was pressed. is saved the images into the destina-
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tion folder and saved the label data for the dashboard components and the main

dashboard images. e so tware automatically moves onto the nextimage.
9. eprevious step was repeated for the number of dashboard images in the dataset.

10. Ateralldashboard components had been extracted and saved, the dataset.json le
generated in the selected folder in step 7 had to be moved to the destination folder

givenin step 2. is contained all the label data for the main dashboard images.

In total the data collection stage of this project yielded 1024 main dashboard images

and a set of 5133 dashboard componentimages to be used for the model training.
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Material Selection

Based on the ndings in the literature it was determined that a Generative Adversarial
Network was the best way to generate new dashboard design images. It was determined
that due to the period and scope of this project that it was infeasible to develop a GAN ar-
chitecture from scratch and therefore, a pre-existing algorithm had to be selected. In this
chapter we will discuss the algorithm selection process including the hardware available
for the project, the criteria used to rank algorithms to determine the best for the project,
adetailed overview and score for each algorithm candidate, and nally a detailed analysis
of the di ferent types of GAN evaluation metrics with a discussion on which metric was

chosen for image generation evaluation.

Hardware

In this section the hardware available will be discussed. Generative Adversarial Networks
typically require alarge amount of computing power especially when dealing withimages
of areasonable size such as 512x512px or 1024x1024px. e mostimportant hardware re-
guirement in this project is the Graphics Processing Unit (GPU), this is due to the GPU's
ability to perform matrix calculations with much greater e ciency than the Central Pro-
cessing Unit (CPU). ere are a number of speci cations that are important in the selec-

tion of GPU's:

" Brand Dueto CUDA being a platform developed by NVIDIA, only NVIDIA GPUs

are compatible with it. CUDA is the only way for machine learning libraries such

45
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as Pytorch [59] and TensorFlow [27] to interface with the GPU. erefore, the GPU

must be an NVIDIA brand GPU.

" CUDA cores isis the amount of dedicated processing cores on the unit. is
denotes how many parallel operations can be computed. e more cores available,

the faster the training time.

Video Random Access Memory (VRAM) Duringthe training process severalitems
are stored in the VRAM such as: image data in batches of a certain number, the
model itself, performance metrics, and other such things. If more VRAM is avail-
able, the batch size can be increased leading to faster training times. For the higher
speci cation GAN architectures such as StyleGAN2 it is recommended that 12GB

minimum VRAM be available.

Max Power Consumption Power consumption is important since that the units

will need adequate cooling if the power consumption is too high.

GPU Candidates
GPU CUDA VRAM Power Con-
cores sumption

NVIDIA Quadro P2200 1280 5GB 75W
NVIDIA GeForce RTX 3060 || 3584 12GB 170W
NVIDIAv100 5120 32GB 300W
NVIDIA GeForce RTX 3090 || 10,496 24GB 350W
NVIDIA A40 10,752 48GB 300W

Table 4.1Available GPU Units for Selection with Speci cations

Based on the above table we can see that the A40 seems to be the best selection for this
project. e A40 has the most CUDA cores, VRAM and does not have an incredibly large
power consumption. Initial tests on these GPU's using one of the most computation-
ally intensive GAN architectures, StyleGAN2, with 512x512px testimages showed that the
P2200 was not usable due to having insu cient VRAM. e RTX 3060 was able to run at
aspeed of 367.45 seconds per kilo-image. is contrasts with the v100 which according to
StyleGAN2 documentation [64] runs at approximately 72.5 seconds per kilo-image. is
is bested by the a40 which computes at speeds of 50-60 seconds per kilo-image due to the

larger VRAM size meaning a larger batch of images can be loaded at a single time, as well
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as having over twice the CUDA cores of the v100. Power consumption for each unit seems
to be at an acceptable rate to not need to consider any extravagant cooling system.
Multiple GPU's can be connected to further speed up the processing time with up to 8
GPU's able to be used at once for most GAN models. We had available a machine which
holds two A40 GPU's which when tested on StyleGAN2 brought the processing time down

to around 28 seconds per kilo-image.

Evaluation Metric Selection

In this project there were two main evaluation metrics to choose from to assess the qual-
ity of the images produced by the model. ese were Fréchet Inception Distance (FID)
and Kernel Inception Distance (KID), which are both explained in detail in the literature
review chapter. Both these methods are similar except for the fact that FID carries an
inherit bias when there is insu cient real image data available. is does not seem to
be the case for KID as demonstrated by [64]. erefore, due to this existing bias on small
data sets, it was decided to go with the inherently non-bias option for evaluation metrics

based on the real dataset which is KID.

Model Selection

When choosing an algorithm for this project, several ranking criteria were considered.
is was to ensure that the overall best performing algorithm was selected. e following

criteria were selected:
"~ Training time
~ Conditional training
" Ease of using own dataset
~ Performance on small datasets
~ Customization

N

Evaluation metrics
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Each criterion was given a weighting based on how important it is from 1- 10. is
value was then used to multiply the values given to each criterion for each separate model
architecture to obtainthe nalscore. e modelwiththe highestscore was chosen foruse

in this project.
4.3.1 Training Time

Training a GAN can take a long time. Due to the time constraints on this project, itis a
great help if the algorithm can be run to convergence in areasonable time. Training time
was assessed in this ranking system as the time taken to perform a single epoch on our
machine with two A40 GPU's. is is one of the most important criteria and therefore
has been given a weighting of eight.

Weighting: 8
4.3.2 Conditional Training

A signi cant part of this project s the ability to generate a dashboard by classi.e., nance
dashboard, IoT dashboard, analytical dashboard etc. e chosen GAN architecture must
have the ability to allow for class labels in the dataset and train conditionally in order
to generate separate classes of images. is is a high-weighting criterion because it is
a large part of the project. is criterion will be ranked on whether the model is able to
train conditionally, as well as the di culty to do so.

Weighting: 10
4.3.3 Ease of Using Own Dataset

e chosen model should allow for the user to use a custom dataset. e reason this is
included is due to the fact some models are linked to a pre-existing dataset and using
a custom one involves a number of extra steps. is is not a high-ranking criterion as

it is not a breaking feature if there are a few extra steps to take to get a custom dataset
working.

Weighting: 3
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4.3.4 Performance on Small Datasets

is is one of the most important criteria. Due to the availability of viable dashboard
images online, only approximately one thousand images were able to be collected. is
is an exceedingly small number for GAN training and the chosen algorithm needs to ac-
count for this without over tting. Models which allow for augmentation to combat this
are preferred.

Weighting: 9
4.3.5 Customization

is criterion involves the ability for the user to change hyperparameters and control the
algorithm. isincludes any command line features that make it easier to control or run
the algorithm, as well as how easy it is to edit the code if necessary. isis a medium-to-
low priority criteria as it is more of a convenience thing than anything else.

Weighting: 4
4.3.6 Evaluation Metric Calculations

is criterion assesses whether the algorithm automatically calculates model performance
metrics, and which metrics it can perform. Some models may not calculate the speci c
metrics required and therefore a metrics calculation script will have to be written if the
model was the be used. is development can take valuable time away from the project
which could be used for lengthy training times. isis amedium priority ranking criteria

as it will have a small impact on the project completion timeline.

Weighting: 5

Criteria Weighting Summary
Criteria Weighting
Training Time 8
Conditional Training 10

Own Dataset

Small Data Performance
Customization
Evaluation Metrics

b O w

Table 4.20verview of Ranking Criteria Weightings for Model Selection
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DCGAN

4.4.1 Architecture

is model was introduced by [29] in 2015. It is a direct extension of the original GAN

architecture, but it utilises convolutions and convolutional transpose layers.
4.4.1.1 Generator

e generator ( G) in DCGAN maps the image data from the latent space vector to data-
space. isisachievedthroughanumber of strided two-dimensional convolutional trans-
pose layers. Each layer is paired with a ReLU activation function and a 2d batch normal-
isation layer. is batch normalization layer appearing a ter the convolutional transpose
layers is a main contribution of the paper where this algorithm was introduced. e nal

step is to use a tanh function to return to the input data range.
4.4.1.2 Discriminator

e discriminator ( D) consists of a binary classi cation network which receives an input
image and returns an output probability of whether the image is real. is uses multi-

ple convolutional layers to process the image as well as 2d batch normalization and Leaky
ReLU activation functions at each deep layer. e nal layer activation function is a Sig-

moid function which maps the result to a probability value.

4.4.2 Ranking Score

DCGANdoesnothaveano cialcodeimplementation available howeverthere are anum-
ber of tutorials given in the o cial Pytorch documentation on how to implement this
model. DCGAN is typically run on small image sizes and a ter initial tests and brief re-
searchitwas foundthatitis notviable for 512x512px images without signi cantly altering
the structure of the model. Due to the fact it was non-viable to run on the dataset for test-
ing, no ranking score has been given for this model and it was not used inthe nal project

but still was considered as it is a good model that is widely used.
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BigGAN

BigGAN was created with the intention of bridging the gap in image quality from the
data generated from GAN architectures and the real data in the ImageNet [10] dataset.
e contributions of this model were that GAN's bene tfrom scaling, the truncation trick
which allows ne grained control over the trade-o fs between delity and variety in sam-
ples, and instabilities in large scale GAN's were discovered along with some methods to

reduce these at the sacri ce of performance [51].

45.1 Architecture

Input (z)

Linear 4x4 x 16¢ch

ResElock up 16ch - 16ch

ResBlock up 16ch - 8ch

ResBlock up 8ch - 8ch

ResBlock up 8ch - 4ch

Mon Local Block (64x64)

ResBlock up 4ch - 2ch

ResBlock up 2ch - ch

ResBlock up ch - ch

BM, RelU, 3x3 conv ch - 3

Tanh

(a)BigGAN Generator for 512x512px

Images

RGE image
312x312x3

ResBlock down ch - ch

ResBlock down ch - 2ch

ResBlock down 2ch - 4ch

Mon Local Block (64x64)

ResBlock down 4ch - 3ch

ResBlock down 8ch - 8ch

ResBlock down &ch - 16ch

ResBlock down 16ch - 16ch

ResBlock 16ch - 16ch

RelLU, global sum pooling

Embed(y).h + (linear -= 1)

Images

Figure 13BigGAN Architecture Showing a) Generator, b) Discriminator.

(b)BigGAN Discriminator for 512x512px

e generator forthe 512x512px implementation of BigGAN as described in[51] is made

up of multiple residual blocks consisting of multiple instances of batch normalisation,
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convolutions, and activation ReLU functions with each one shi ting to various channel
widths. A non-local block is used to capture long ranged dependencies [56]. As the au-
thors mention this non-local block is moved to the 64x64 resolution to abide by mem-
ory constraints. e nal output passes through a Tanh function which like the Sigmoid

function, maps the value to between -1 and 1.

3x3 Conv
Average Pooling

RelU

Upsample
3x3 Conv Average Pooling

3x3 Conv

1x1 Conv

Upsample 3x3 Conv

RelU 1x1 Conv

(a)BigGAN "Residual Block Up" Used in (b)BigGAN "Residual Block Down" Used
the Generator. in the Discriminator.

Figure 14BigGAN Residual Blocks a) Residual Block Up Used in the Generator, b) Residual Block
Down Used in the Discriminator.

e discriminator takes an RGB image as an input and then runs it through a number
of residual block down functions which consist of a number of convolutions, ReLU acti-
vations and average pooling steps. e discriminator also contains a non-local block at

the 64x64 resolution and nishes with a ReLU function and global sum pooling.

4.5.2 Ranking Score
45.2.1 Training Time

Based on the documentation for the authors "o cially uno cial Pytorch BigGAN imple-
mentation” [51], the algorithm runs for approximately 15 days for 150,000 iterations on
images of size 128px using eight NVIDIAv100 GPU's. atworks outto be approximately
8.64 seconds per iteration. Compared to the likes of FastGAN and StyleGAN2 which run

atless than one second per iteration, and 3.9 - 4.9 seconds respectively, thisis slightly on
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the slow side. 15 days is still a reasonable amount of time in total as it really depends on
the number of iterations to convergence as well.

Score: 6
4.5.2.2 Conditional Training

BigGAN o fers full conditional training as it was designed around the ImageNet database
which contains class labelled images. Labels are loaded into BigGAN using atext le with
a JSON style format where the number image is on the le t-hand side and the label or set
of labels foranimage are onthe right side. Itis not entirely clear from the documentation
how to incorporate this when using a custom dataset. erefore, the score given for this
criterion is medium to high.

Score: 8
4.5.2.3 EaseofUsing Own Dataset

Due to the fact BigGAN was designed to work speci cally with the ImageNet dataset, it
canbedi cultattimes forthe user to provide their own dataset. ere are briefinstruc-
tions in the main code repository, but they are quite vague and require the editing of
multiple code les. is algorithm has been given a relatively low score for this criterion
asitisthe mostdi cult out of all compared models in this report.

Score: 2
45.2.4 Small Dataset Performance

Like the previous point, since this method was designed to work with ImageNet, it was
not speci cally designed to manage small datasets. Atypical dataset for BigGAN involves
the entire ImageNet library (approximately 1.2 million images and 1000 categories) and
Is trained using di ferent batch sizes of images ranging from 256 - 2048. e higher the
batch size, the better the results. e dataset for this project consists of one thousand im-
ages which is considered exceedingly small. Compared to the other two methods which
are speci cally designed to perform well on small number datasets, this criterion scores
low.

Score: 2
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45.2.5 Customization

BigGAN provides a large list of customizable options to use when initializing the pro-
gram. A number of shell scripts are available to run the model with various batch sizes.
Each one contains a number of ags that can be set and include everything from genera-
tor and discriminator speci cations to dataset and batch size modi cations. is model
seems highly customizable from the command line and therefore has received a high
score in this area.

Score: 9
45.2.6 Evaluation Metrics

Two evaluation metrics are supported in the main code, Inception Score, and FID. While
these are both good metric indicators, as seen in the previous section, we are interested
in KID for its performance on small datasets and non-biased nature. is is mainly be-
cause BigGAN was introduced in the same year as the paper describing KID and there-
fore the method was not available or well-known enough to be implemented with this
model. Further research into the BigGAN code would have to be completed to write a
script for calculating KID which would have crossed into potential training time in the
overall project timeline. e score awarded to this method re ects this fact but also con-
siders that there were two methods available.

Score: 5

BigGAN Ranking Summary
Criteria Weighting
Training Time(8)
Conditional Training(10)
Own Dataset(3)

Small Data Performance(9)
Customization(4)
Evaluation Metrics(5)

Total

Total (Weighted) 213

w
I\)U'IGDI\)I\JOOCD

Table 4.3BigGAN Ranking Overview

Total Score:213/390
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FastGAN

FastGAN was designed with the goal of learning and generating high resolution images
with few training samples and low computational cost. ese are di cult to train due
to the risk of mode collapse and over tting meaning the model fails. e authors of this

model [67] introduce three main contributions in the form of:

" euse of an SLE (Skip-Layer channel-wise Excitation) module which allows for a
more robust gradient ow through the weights of the model by revising the high

scale feature map channel response using low-scale activations.

~ A self-supervised discriminator trained as a feature encoder which can pass more

detailed signals to the generator.

" etwo above contributions combined to form a fully functional network.

4.6.1 Architecture

Feature Map
(64x128x128)

Feature Map
(64x1x1)

2 ¥ Nearest Upsample, X
Bath Norm, GLU, Conv C?q”;;*f'gf&m Input(z)
33

Feature Map Feature Map
(64x128x128) (51248x8)

(a)FastGAN Generator Flow with Skip
Layer Excitation (b)FastGAN Skip Layer Excitation Block

Figure 15FastGAN Generator a) Generator, b) SLE Block.

e generator used by FastGAN uses a method called Skip-Layer Excitation. isis a
reworked version of Residual Blocks due to Residual Blocks being computationally ex-
pensive. Element wise addition in Residual Blocks is swapped for a channel wise multi-

plication, eliminating computationally heavy convolution, and meaning one side of the
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activation only needs a spatial dimension of 1x1. Skip Layer excitation can be formulated

as:

Y = F (Xiow;TWiQ  Xnign

Where:

" Xiow @ndXpign are the feature map inputs in g.15b 8x8 beingi,, and 128 being

Xhigh -
~ Fis the function indicating the operations to be completed o, .

~ Wi is the weights to be learned for this module.

Typically, with Residual Blocks, equal spatial dimension is required. However, this
method eliminates this requirement meaning that skip-layers can be applied between
di ferentimage resolution steps (e.g., between 16x16 and 256x256). is gives this method
the advantages of Residual Blocks with signi cantly less computation [67].

Conv 1x1,
Batch Morm +
LeakyRellU,

Conv 4x4

RealFake P P
logits C 52 imple imple

Conv 4x4, Average Pool 2x2,

. Batch Norm + Leaky RelU Conv 1x1,
| part Conwv 3x3, Batch Norm +
IR R128x128 Batch Norm + L eaky Rel U Leaky ReLU

R128x128

Conv 4x4, i
Real Image Leaky ReLU, Nearest Upsample x2,
R1024x1024 Conv 4x4, Conv 3x3,

RelU

Figure 16FastGAN Discriminator Flow

e self-supervised discriminator used by FastGAN is treated as an encoder and trained
with small decoders. Auto encoded training pushes the discriminator to pull image fea-
tures which can be decoded to good reconstructions. Two decoders are used on the 16x16

and 8x8 scales and these decoders are optimized together using simple reconstruction
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loss trained on only real samples as demonstrated by this formula:

Lrecons = Ef Dencode(X); X lreal [iG(f) - T (X)ii]
where:
" fequals the intermediate feature maps from the Discriminator.
" FunctionGis the processing of the decoder and f.
" T isthe processing on sampbefrom the real image input.

is method introduced in [67] means that the discriminator extracts a more broad,
complete data representation from all inputs. is discriminator is built to deliver high
computational speeds and allow the full network to converge on high resolution data

much faster than a typical GAN.

4.6.2 Ranking Score
4.6.2.1 Training Time

Itis understood this method is the highest ranking with regards to training time as this is

the entire purpose of the model. Testing completed ona 12GB NVIDIA GeForce RTX 3060
graphics card obtained speeds of one second per iteration on 1024x1024 sized image-
data. erefore, this method receives the highest score out of all available models with
regards to training time.

Score: 10
4.6.2.2 Conditional Training

Unfortunately, FastGAN does not o fer class conditional training as the model is uncon-
ditional. isisamajor problem due to one of the main goals of this projectis to generate
based on class labels. Implementing this would be extremely hard as it would require a
full model re-write. erefore, this model scores the lowest score in this category.

Score: 0
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4.6.2.3 Ease of Using Own Dataset

It is easy to use a custom dataset with this architecture. Images must be in a speci c
folder structure outlined in the documentation. is model is not designed around or
tied to a speci c image library like BigGAN. However, compared to StyleGAN?2 it falls
slightly short in ranking points in this category because styleGANZ2 provides a full image
processing tool to shi t allimages into the appropriate formats, letype and folder struc-
ture. erefore, it was deemed that a high score is deserved, but this does not rank the
highest out of all the models.

Score: 8
4.6.2.4 Small Dataset Performance

Again, this model was speci cally designed to work with incredibly low dataset sizes at
high speed. erefore, the small dataset performance of this model is the best of all mod-
els compared in this chapter. Few shot image tests were conducted in [67] using image
sets of 100 - 400 images achieving good results using FID metrics compared to 20-hour
training on StyleGAN2 with the same datasets. is model received a high score in this
criterion due to the fact it seems to outperform all other models on small datasets.

Score: 10
4.6.2.5 Customization

Several command line arguments are available when running the model such as image
size, batch size, number of iterations and which GPU to use. ese are all standard argu-
ments typically available to the other models. e ability to change hyper-parameters lies
with editing the code directly but this is not too much of an issue as instructions on which
valuesto change are included in the documentation. ese hyper-parametersinclude the
model depth, mode width, and augmentation options.

Score: 8
4.6.2.6 Evaluation Metrics

Two metrics are used for evaluation in FastGAN: FID and Learned Perceptual Similar-

ity (LPIPS). ey concluded that if FID was to be inconsistent it would be inconsistent
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throughout each testto the same degree, so it was appropriate for comparing their model
with other models. In this case however, we are looking for models that can implement
KID asithas been deemed the best for small datasets. Implementing this may be di cult
and time consuming so therefore a score has been given that references this fact but also

considers the two methods on o fer, the same as BigGAN.

Score:5

FastGAN Ranking Summary
Criteria Weighting
Training Time(8) 10
Conditional Training(10) 0
Own Dataset(3) 8
Small Data Performance(9) 10
Customization(4) 8
Evaluation Metrics(5) 5
Total 40
Total (Weighted) 251

Table 4.4FastGAN Ranking Overview

Total Score:251/390

StyleGAN2-ADA

StyleGAN2 as proposed in [65] is an improved version of the famous StyleGAN, a model
designed to allow control over the image synthesizing process. StyleGAN was designed
with style transfer literature in mind to create an unsupervised, automatically learned
model that allows for the separation of high-level features and direct control of image
synthesis through its generator design [54]. Several improvements were made for Style-
GANZ2 including a reworked generator network, removal of normalization artifacts, and
general image generation improvements. Further to this, StyleGAN2-ADA [64] is an ad-
dition to StyleGANZ2 with the main goal being the ability to train on low amounts of data

using Adaptive Discriminator Augmentation (ADA).

4.7.1 Architecture

4.7.1.1 Generator
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Figure 17StyleGAN Generator Iterations a) Original StyleGAN generator proposed in [57], b)
Revised Weight Demodulation StyleGAN2 Generator Model proposed in [65]

e StyleGAN generator has undergone many revisions. e original takes the origi-
nal GAN generator model where the latent code is fed through only the input layer and
revises it to be mapped through an intermediate latent spat®). e style blocks con-
tain Adaptive Instance Normalization blocks which in [65] were found to be the cause of
some unsavoury artifacts. ese blocks were replaced in StyleGAN2 with a new demod-
ulation method which is applied to the convolutional layer associated weightg); e
generator utilizes explicit Gaussian noisB)to help generate stochastic detail in gener-
ated images. is noise is added to a bias variabldaf) a ter each style block in the revised

model before the data travels to the next convolutional layer.
4.7.1.2 Discriminator

e previous iteration of StyleGAN used progressive growing for the discriminator model,
however, in [65] itwas advised progressive growing should be swapped foranon-progressive
growing method. e authors assessed standard feed-forward networks, skip-connection
networks, and residual networks and found that a residual network discriminator pro-

vided the best results when combined with a skip-connection generator. ADA was incor-
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Figure 18Residual Discriminator Model Used for StyleGAN2

porated into the discriminator model in order to work with small image sets, over tting

is an issue for small datasets and this was addressed using methods described below.
4.7.1.3 Adaptive Discriminator Augmentation (ADA)

ADA involves the manipulation of image data to e fectively create more image training

data. For example, a one thousand image training setis able to be trained as if there were
25,000,000 imagesinthe dataset. StyleGAN2-ADA trains with a single epoch being made
up of four minibatches of one thousand images (1kimg) each known as 1 kimg. Several

manipulation techniques are used by StyleGAN2-ADA to achieve these augmentations:

" Pixel Blitting (including ipping the image in the x-direction, 90-degree rotations,

and integer translation).

~ Geometrictransformations (including isotropic scaling, Arbitrary rotation, Anisotropic

scaling, and fractional translation).
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~ Colour manipulation (including brightness, contrast, luma ip, hue rotation, and

saturation adjustments).
" Image lItering through various frequency bands.
~ Added noise

~ Cutting out sections of the image.

Each transformed image is shown to the discriminator in a speci c order. A scalar
p 2 [0; 1] controls the strength of the augmentations in a way that each transformation
has a probability of occurringpg) or being skipped1- p). e same value pis used for
all transformations. e generator is guided by the discriminator to only produce clean
images and ifp remains in a'safe zone' gf < 0:8 there should be no leaking of augmen-
tations into the generated images. e augmentation strength is automatically tuned
based on the level of over tting by assessing the divergence towards zero between real
and generated images as over tting gets worse. Augmentation strength increases every

four minibatches and if over tting is detected therpis adjusted accordingly [64].

4.7.2 Ranking Score
4.7.2.1 Training Time

According to the StyleGAN2-ADA so tware documentation the time taken per epoch (1
kimg) is 37.7 - 40 seconds using 512x512 images on a similar 2 GPU (NVIDIA v100) setup
to what is available for this project. Using similar equipment and settings as BigGAN
which was trained at 8.64 seconds per epoch on 128x128 images using an 8GPU v100 setup
StyleGAN2-ADA runs at 3.9 - 4.9 seconds per iteration which is twice as fast. Typically,
StyleGAN2 seems to converge at 25,000 kimg runs which means at 512px resolution using

2 GPU's it should take approximately 11 days. is is not unusual for GAN training, but

it also makes it di cult to adjust hyperparameters as the time tends to add up. isis

signi cantly slower than FastGAN however, and therefore this criterion receives a score
slightly better than BigGAN but less than FastGAN.

Score: 7



CHAPTER 4. MATERIAL SELECTION 63

4.7.2.2 Conditional Training

StyleGAN2-ADA o fers conditional training based on image labels arranged in a JSON
le. e le tside of the JSON object contains the name of the image in the dataset and
the right side contains its class label. Documentation provided shows the exact struc-
ture required for the class labels le and provides good instruction on how to include it.

is was the best out of each method in terms of conditional labelling and therefore is
deserving of the highest score.

Score: 10
4.7.2.3 Ease of Using Own Dataset

As mentioned above, this model includes a dataset tool which can be used to arrange data
into the correctformat. e user simply provides afolder with all the images they wish to

use (including a label le), and the tool will place them into folders of 1000 images each,
name them appropriately, convert the le type to a.png (required) and create a new label
le with the new image names. e tool is simple to use and provides many command
line ags to allow for adjustments to how the data is processed. is model ranks the
highest in this category because it is extremely easy to use a custom dataset.

Score: 10
4.7.2.4 Small Dataset Performance

StyleGAN2-ADA was speci cally designed to work with small datasets without model
over tting. Augmentation proves to be a good method of achieving this and has been
tested on image sets ranging in size from 162 to 1944 when testing on small datasets.
When compared to the likes of FastGAN it slightly loses out as FastGAN achieved better
FID metrics on datasets of one hundred images. However, this model still performs very
well on small datasets and is deserving of a high score.

Score: 8
4.7.2.5 Customization

A number of customization options are available when running the training script for

this model. ese include; the ability to turn on/o f di ferent augmentation methods (or
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turnit o f completely for larger datasets), the ability to turn on/o f conditional labelling,
options for mirroring the data along the x axis, gamma hyper-parameter override, ADA
target value settings, the number of iterations to run, resume functionality (for transfer
learning or to resume a failed run), di ferent con g options for hyperparameter tuning,
and many more. Custom hyper-parameter con gurations can be added by editing the
training code and while this is not documented, it is easy to do. is model is highly
customizable, and these are documented reasonably well meaning this model receives a
high score for this criterion.

Score: 8
4.7.2.6 Evaluation Metrics

Several evaluation metrics are available and can be easily selected using a ag when run-
ning the training algorithm. e main metrics of interest are IS, FID, and KID but also
included are Precision and Recall (PR) and perpetual path length (PPL). As mentioned
above we are interested in KID as it is most suitable for small datasets. Metrics are cal-
culated every n number of iteration when the model produces a training snapshot (this
can be set in the command line when training the model, but the default is every ty
iterations of four kimg). A log of all metrics from each snapshot is provided throughout
training as a JSON Lines le (.jsonl) which can be used for graphing at a later stage. is

is the strongest metric system of all the models and therefore deserves the highest score.

Score: 10
StyleGAN2-ADA Ranking Summary

Criteria Weighting
Training Time(8) 7
Conditional Training(10) 10
Own Dataset(3) 10
Small Data Performance(9) 8
Customization(4) 8
Evaluation Metrics(5) 10
Total 53
Total (Weighted) 340

Table 4.5StyleGAN2-ADA Ranking Overview

Total Score:340/390
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Overall Ranking Summary
Model Score
DCGAN N/A
BigGAN 213
FastGAN 251
StyleGAN2-ADA 340

Table 4.60verall Model Ranking Summary

From this analysis it could be seen that the best architecture to test the feasibility of
generating a dashboard image going forward was the StyleGAN2 model with ADA. is
model ranked highly at 340/390 points followed by FastGAN which su fered in the ranking
points for its lack of conditional label training ability. From now in this document any
time a GAN modelis used it should be noted that this is referring to the chosen StyleGAN2

model.



CHAPTER

Case Study

e purpose of this chapter is to demonstrate the main aspects of the previous two chap-
ters in a case study which shows a comprehensive start-to- nish implementation of the
project. iscase study will show the steps taken to collect data and train the algorithm to
attempt to produce results for an loT dashboard and IoT dashboard components, as two
di ferent experiments. Results for this chapter will be demonstrated in the subsequent

chapter along with full results for all tests.

Data Collection

To train the model image data must be collected. Although this section demonstrates a
case study of IOT dashboard generation, all types of dashboard data were collected and
labelled into categories as the StyleGAN2-ADA model we are using supports class condi-
tional training allowing for isolated generation of speci ¢ dashboard types. Image data

was obtained using the method and tools outlined in chapter 4. A quick summary of these

IS below:
1. Perform a Google Images or Dribbble search and scroll as far down as possible.

2. Download a number of pictures using the web scraper tool provided (or for Dribb-

ble manually download images of interest as it is against terms of service to web

scrape).

3. Download the images using the python image download script provided.

66
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4. Repeat this using various search terms until there are a large number of images to

process.

Six di ferent searches were conducted on Google Images resulting in six separate fold-
ers ofimages. A preliminary search through the images revealed images that did not be-
long in the set such as advertising promotions for dashboard design services and front-
page design presentation drawings showing parts of dashboards and many other data
anomalies. eseimages were promptly removed as part of a pre-processing step. ese
six folders of images were arranged into a single folder ready for processing.

e same was completed on the website Dribbble [81]. Images that were deemed ap-
propriate in the search were manually added to the URL list for download by method of
right clicking. is was very time consuming but within the terms and conditions of the
website. Approximately seven searches were conducted on Dribbble as the images from
this website were of a higher quality both in resolution and content and were therefore a

good tfor the training set.

Data Processing

A ter the images were collected, they were processed following the processing steps in

chapter 3. ese steps are summarized below:

1. Duplicate images were removed from the dataset using a detection script.

2. Afull inspection of images was completed using the custom made MultiCrop tool
and images were cropped to remove borders. Images were deleted if they did not

meet a speci c criterion.

3. e Multicrop toolwas used to crop components from the mainimages. A label was
selected based on the type of dashboard prior to cropping by using the number keys
1-8. is label information was appended to two di ferent existing label les, one

for the main dashboard and one for the cropped component.

A ter this process we were le t with a set of 1024 main dashboard images and a set of

5133 dashboard componentimages. Ofthese datasets for the main dashboard set 104/1024
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images were labelled as IoT dashboards, and for the component set 567/5133 images. is
was a small number for each set and could possibly cause some issues due to low variabil-
ity in samples during training.

Once the images were processed, the StyleGAN2 dataset tool was used to validate the
les and arrange them in the appropriate folder structure for the model. Images were
split into folders on 1000 images each in the main directory along with the dataset.json
label le. All images were renamed in this process and all labels from the original label
le were renamed accordingly and added to the new dataset.json labels le. An example

Is shown below of the directory structure of the main dashboard images:

dashboards _—full _set _512px/
| 00000/
img00000000.png
img00000001.png

img00000999.png
| 00001/

img00000000.png

img00000001.png

img00000024.png
| dataset.json

is was repeated for the dashboard components and six folders were produced for
this. Once this process was complete the training could begin. Training was split into
two separate sections, one set of training for the full dashboard images, and one set of

training for the dashboard components.

Training

is section outlines the steps taken to train the StyleGAN2-ADA model using conditional
training. So tware setup steps will be discussed along with any issues during the instal-
lation, followed by initial experiments to obtain a baseline of training statistics, any code

alterations that were made, and the tuning of model hyper-parameters to obtain better

quality outcomes.



CHAPTERS. CASE STUDY 69

5.3.1 So tware Setup

Four main so tware applications had to be installed on the machine being used to conduct
the experiments. Included is a full list of so tware requirements to run the StyleGAN2-

ADA model:

" Python version 3.7 at least

"~ Visual Studio 2019 (c++)

" CUDA toolkit 11.0 or later

" PyTorch 1.7.1 or later with cuda support
" As well as eight Python Libraries:

click

requests

tqgdm

pyspng

ninja

imageio- fmpeg v0.4.3
Python Image Library (pillow)

numpy

e installation began with the Python installation. iswas installed and added to the
windows system path environment variable. Visual Studio c++ was required as there are
custom Pytorch extensions included in StyleGANZ2 which rely on run-time compilation
with NVCC. A Visual Studio installation was required to install NVCC capabilities, with
the 2019 version being required for compatibility reasons. is had to be added to the
path environment variable using instructions in the StyleGAN2 documentation. CUDA
toolkit was installed and then the compatible version of Pytorch was installed along with

all the python libraries.
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5.3.1.1 Issues

ere were a number of issues during the installation process that must be noted in case

of replication.

" CUDA toolkit ere was an issue when running StyleGAN2 where it would be
unable to access the GPU and would default to using the CPU. is was found to be
due to a mismatch in versions between the CUDA toolkit and the NVIDIA driver
installed on the machine. is was xed by installing the appropriate version of
CUDA toolkit for the existing driver so tware on the machine as this could not be

changed due to the machine being used for other purposes.

Custom PyTorch Extensions StyleGAN2 as mentioned before has custom Py-

Torch extensions that require the NVIDIA Cuda Compiler (NVCC). We ran into

an issue where these extensions could not be setup and an unexpected error was

thrown upon trying to run StyleGANZ2. e cause of this issue was thought to be

missing system variables for CUDA_PATH, CUDA_ PATH_<VERSION>, LIB and
LIBPATH. ese were added with both CUDA variables pointing to "C:\Program
Files\NVIDIA GPU Computing Toolki\CUDA\<VERSION>"and LIB and LIBPATH

pointing to "C:\Users\<USER>\AppData\Local\Programs\Python\Python<VERSION>\libs".
Once these were all added the errors did not occur again and the extensions were

successfully setup.

5.3.2 Initial Experiments
5.3.3 Training

Once the so tware was setup, it was necessary to conduct some initial experiments to
gauge the type of outputs the model would give when using automatic parameters. ese
experiments were run on the dashboard cropped component dataset as these images are
only 256x256 resolution resulting in shorter training time for these initial tests. Itwas also
deemed that any parameter tuning in these experiments would be valid for both datasets
based on the fact the components were cropped from the main dashboard images any-

way. To run the experiments StyleGAN2 requires the user to use the command line to
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(@)

(b) (€) (d)
Figure 19: aJ-ull Overview of Generated Images from the Final Training Snapshot of the First
Experiment Using Cropped Dashboard Components. Examples of Generated Components
Show What Appears to bel@ Calendarc) Credit Card andd) a Graph
run the train.py script included in the code repository. ere are a number of ags and

options that can be set when running this code, the options of note are shown intable 5.1.

An initial experiment was conducted using the following command line options:

" outdir Setthisto a new "results” folder created in the Stylegan2 code folder.

" data is was set to the folder containing the processed image data from the

dataset tool.
" gpus ere were two GPU devices available, so this was set to two.

" snap edefault tyiterationswas foundto be too large of aspread. To prevent
time lost if a failure were to occur and the model needed to be resumed from a

checkpoint, this value was set to ten.
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StyleGAN2 Command Line Options

Flag Default | Description

outdir - Path to where results should be saved.

data - Path to input training data.

gpus 1 No. GPU devices available for training.

shap 50 Interval for Metric calculation, fake im-
age set generation and general check-
point.

metrics d50k_full | Set evaluation metric (d50k_full,
kid50k_full, pr50k3_full, is50k).

cond false Enables class conditional training using
the labels le.

subset all Train with this number of images.

mirror false Enables x direction ipping of images.
Useful for symmetrical images.

cfg auto Con g option to select (auto, stylegan2,
paper256, paper512, paper1024, cifar)

gamma - is overrides the R1 gamma value in the
chosen con guration.

kimg 25,000 | enumber of iterations to train.

batch - Overridesthe con gvalue for the number

of images in each training batch.

augpipe bgc Augmentation method to use (blit, geom,
color, lter, noise, cutout, bg (blit, geom-
etry), bgc, bgcf, bgcfn, bgcfnc).

resume noresume | Restart the model (if crashed or training
from a pre-trained model) from the given
.pkl le from the results folder.

Table 5.1Notable training options for StyleGAN2.

" metrics Asmentioned in chapter 4 we are interested inthe Kernel Inception Dis-

tance. erefore, this option was set to kid50k_full.

" cond is was initially le t as the default "false" as this experiment was more
to test hyper-parameter and augmentation settings than checking conditional as-

pects.

~ subset iswasletas the default value.
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~ mirror Mirror was set to false as dashboard images tend to not be symmetrical

around the x-axis due to side menus and arrangement of di ferent components.
" cfg Forthe initial experiment auto con guration was set.

" gamma is ag was not set as the auto con g was used meaning gamma was

calculated automatically.

" kimg is agwas notset meaning the training continues until the default 25000

iterations.

" batch is agwas not set as batch size is automatically calculated in auto con-

guration.
" augpipe Initially this was set to default (bgc).

" resume istestwas conducted from scratch, so no resume ag was required.

e experiment was stopped at 19,880 kimg iterations a ter 5 days as the results did
not seem to be improving. We can see from the full overview (19) that the images fol-
low a very similar colour pattern. Most of the images appear to be light coloured and
predominately feature a light blue colour rather than all di ferent colours and styles. All
generated images had similar features although are very clearly di ferent overall meaning
mode collapse had not occurred. erefore, something else had to be causing the issue
and this was discovered to potentially be the style-mixing regularization component of

the model.
5.3.3.1 Code Additions

It was found that the le train.py in the main StyleGANZ2 code an if statement which
checks for a certain dataset con guration (CIFAR dataset from ImageNet). In this sec-
tion of code, they show the ability to change certain parts of the model architecture. In
particular; style-mixing, path length regularization, and discriminator residual skip-
connections. ese options can be switched o f for improvements in training largely
diverse datasets such as the CIFAR dataset. To switch o f these options and train us-

ing our own custom parameters, two new entries were added to the con guration object
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"cfg_specs" in the train.py le. ere are six options of interest that can be set in this

con guration object:

" ref_gpus e number of GPUs to use. Can be overridden by the command line

interface when running the training script.

kimg is denotes how many iterations the experiment will train for. is is

overridden by the command line option.

mb e batch size that will be used to train the network. is is also overridden
from the command line option "batch". Many values needed to be tried to evaluate
the capability of the GPU. Started from a high number and worked down until the

algorithm ran without an "out of memory" error.

Irate Learningrate. isisthe step size when working towards the loss function

minimum.

gamma Gamma is a hyper-parameter and can also be set from the command

line when the programis run.

ema Exponential Moving Average is used to optimize the model and update the

weights while training.

ese new con gurations were named "48-gb-256-complex" and "48-gb-512-complex"
to be used with the dashboard components and full images, respectively. Initially, these
con gurations were set to be the same as already existing con gurations consisting of
similar sized images from previous experiments conducted by the authors. To allow the
selection of this new con gitalso had to be added by name to the conditional arguments
for the run-time ag "cfg". is code is located at the end of the le and dictates which
values the user can enter for this command line ag. A conditional statement was then
added to detect this con guration and switch o f the path length regularization, style-
mixing, and discriminator residual skip connections by setting the following variables in

the code:

"~ args.loss_kwargs.pl_weight = 0 (Path length regularization)
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" args.loss_kwargs.style_mixing_prob =0 (Style Mixing)
" args.D_kwargs.architecture ="orig' (D skip-connections)

A further experiment was conducted with these settings to determine if there was any
di ference in results with respect to the colour variability and variation of generated com-
ponents. e model was trained for 1520 kimg iterations as this was a quick testto ensure

the change in the code had worked.

Figure 20:Second Initial Experiment: Style Mixing, Discriminator Residual Skip-Connections,
and Path Length Regularization Disabled

As is demonstrated by the overall spread of generated images from the second exper-
iment shown in g. 20, we can see that there is a great deal more colour variation in the

generated samples indicating that this change was a success.

5.3.4 Hyper-parameter Tuning Experiments

A ter correcting the colour and style issues from the rst experiment, the model needed
to be tuned to nd the best settings before running the full nal training experiments.
Two di ferent experiments were completed. e rst being with dashboard components
(256x256) testing di ferent augmentation modes, namely blit, geometry (bg), and blit, ge-
ometry, colour (bgc). Two experiments were run for 1520 kimg iterations ( 12 hours), one
with the bgc augmentation mode, and another with bg augmentation mode. Both ex-

periments were run with a gamma value of 50 as this was the median value for gamma
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values assessed in the following experiment. KID scores were taken for each experiment
to compare results receiving scores of 0.042458 and 0.043998, respectively. As a lower
KID is considered better quality, we can see in this experiment that the bgc augmenta-
tion method performed better (table 5.2). is was also evaluated with a gamma value

of 0.5 to con rm and received KID scores of 0.032332 and 0.060253 respectively. is
con rms that the model works better with the default augmentation using pixel blitting,
geometrical transforms, and colour augmentation. Other methods such as lter, noise
and cutout were nottested as they provided little change in results in the StyleGAN2-ADA

paper [64] and due to time constraints it was deemed unnecessary to test these.

Experiment 2.1 Augmentation Adjustments
Test Number|| Augmentation| Gammal/| KID 10°
1 bg 50 43.998
2 bgc 50 42.458
3 bg 0.5 60.253
4 bgc 0.5 32.332

Table 5.2Augmentation Pipe Value Experiment KID Results

Once the augmentation method was selected, more experiments were conducted to
nd suitable values for the gamma hyper-parameter. e dataset used for these exper-
iments was the full sized dashboard images (512x512) set. ree experiments were con-
ducted examining di ferent gamma values and observing the impact on the KID score.
ree di ferent gamma values were used, these were 0.5, 50, and 100. 0.5 was chosen
as the low value due to its use in the con guration "paper512" and 50, 100 were chosen
to observe the e fect of higher gamma values on the dataset as it is quite diverse. Other
variables such as learning rate and exponential moving average were slightly altered in
these experiments as well to see their e fect on training time and success of the model.
ese models were trained for at least 3000 kimg cycles, except for the gamma 0.5 test
as this experienced an early mode collapse at around 1500 kimg cycles. Each model was
trained for 29 hours except the 0.5 gamma test that experienced failure. e best KID
scores were noted as 0.079112 for gamma = 0.5, 0.032061 for gamma = 50, and 0.046816
forgamma=100. is clearly shows that a gamma of 50 is the best out of the set and was
to be used for future training runs. Full training graphs showing KID scores for these

experiments can be found in a.
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Experiment 2.2 Gamma Adjustments

Test Number|| Augmentation| Gamma| BestKID 10°
1 bgc 0.5 79.112
2 bgc 50 32.061
3 bgc 100 46.816

Table 5.3Gamma Adjustment Experiment KID Results

5.3.5 Conditional Training

Once the experiments for parameter selection were complete the model was then trained
using these settings with conditional labelling activated (cond=1 when running the train-
ing script). is conditional training was conducted with both dashboard components

and main dashboard images and included a number of di ferent class labels in the dataset
the most important for this case study being loT dashboards. Training was conducted
for 2 days 9 hours on the dashboard components set, and 2 days 22 hours on the main
dashboard image set. e resulting trained models were used to generate full sized im-
ages of loT dashboard components and loT dashboards. Images were generated using the

StyleGAN2-ADA generate.py script which allows the following command line options:

" network e network .pkl le fromthe results folder that the user wishes to gen-
erate images from. is can be a .pkl le from any stage of training but is usually

the latest one.

seeds A list of random numbers that will be used to seed the network and gen-

erate images.
trunc Truncation psi.

class e selected class label the user wishes to generate. In this case we used "1"

which corresponded to loT dashboard in our labelling le.

noise-mode Can choose from a list of const, random, none where const is the

default value.

projected-w Projection results le. Not applicable in this case as we do not have

a projection results le.

outdir e directory where the generations will be saved.
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e generate.py script was altered to automatically generate random seeds between
a certain range to remove the user from having to manually randomize values. When
generating an loT dashboard, a number of trunc values (0.1, 0.5, 0.7, 1) were used to get
a good range of generated images. Using the .pkl le with the highest KID score, four
generations were run with the various truncation values and pictured in g. 21 is some

of the best results for both the main dashboard images, and the dashboard components.
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(b) (©) (d)
Figure 211(a) Generated loT Dashboard (b,c,d) Generated loT Dashboard Components

is concludes the case study on training a model and generating an loT dashboard
image. e results from these generations will be discussed in more depth in the fol-
lowing chapter. It can be observed that the main dashboard image shows some form of

structure with what appears to be a bar graph, list of some sort and various other com-
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ponents that seem to have su fered some distortions. is could be due to the fact there
were not a large number of 10T dashboard/component images in the training set and a

high variability between samples.



CHAPTER

Results

is chapter outlines the results obtained from the nal experiments as well as a discus-
sion of these results. Initial training experiments demonstrated in the previous chapter
will be discussed along with their training model loss values and discriminator accuracy

in identifying fake and real images. ree main initial experiments were conducted:

" Aninitial test experiment with automatic settings

" Afollow up experiment changing augmentation modes and testing these with dif-

ferent gamma values on the dashboard component dataset.

“ A nal tuning experiment using the chosen augmentation mode from the previ-
ous experiment and further evaluating gamma value adjustments using the main

dashboard dataset.

For these initial experiments, model loss for the Generator and Discriminator net-
works will be discussed as well as discriminator accuracy in identifying real and fake im-
ages with discussions on why speci ¢ parameters were chosen for the main experiments.
Following this, the main class conditional experiments involving the dashboard compo-
nents dataset and main dashboard dataset will be discussed along with loss and accuracy
graphs and full KID score graphs for the duration of training. Generated images will be
shown for each class label and patterns and common widgets will be discussed with the
goal of detailing if there are speci c patterns that have been picked up during training

for speci c dashboard types.

81
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Figure 22:Initial Experiment with Automatic Settings Using the Dashboard Component
Dataset (top) Accuracy Scores of Real and Fake Data from the Discriminator (bottom) Model Loss
of Generator and Discriminator Over Training Duration.

Initial Experiment Results

6.1.1 Initial Test Experiment

As mentioned in the previous chapter, this experiment was conducted to evaluate the
output using automatic settings and observe if any changes were needed. e dashboard
component dataset was used for the rstexperiments as the images are all acquired from
the main dashboards, and they are smaller (256x256 vs 512x512) resulting in faster train-
ing times. is experiment was run for 19,880 kimg iterations over a period of 4 days,

23 hours, 16 minutes before the image quality was found to be decreasing and the train-
ing was ceased. When plotting the loss of the generator and discriminator ( g. 22), it

can be observed that there seems to be an upward trend throughout the duration of the
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training, accompanied by a downward trend towards zero for the loss of the discrimi-
nator. e pointthese upward/downward trends occur also marks upward trends in the
accuracy graphs for the discriminator shows a type of convergence failure. is tending
towards 100 (100%) for realimages and -100 (100%) for fake images indicates the discrim-
inator is extremely con dentin its decisions of which images are real and which are fake
meaning that the discriminator has essentially overpowered the generator. is meant

the generator was outputting lower quality images as training progressed and therefore,
hyper-parameter tuning was required to attempt to achieve better stability between the

two networks.

6.1.2 Hyper-parameter Tuning Experiments

A ter turning o f the style-mixing, path length regularization, and discriminator resid-
ual skip-connections, di ferentgamma parameter values, and augmentation modes were
adjusted, and the results plotted to see how these changes a fected training stability.

ese are the results from the four experiments discussed in chapter 6 where gamma

Figure 23:Hyper-parameter Tuning Experiment Loss (Top le t) G and D loss for 50 Gamma
using blit, geometry, and colour augmentations. (Top right) G and D loss for 50 Gamma using
only blitand geometry augmentations. (Bottom le t) Same above but with 0.5 gamma. (Bottom
right) Same as above but using 0.5 gamma.
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Figure 24:Hyper-parameter Tuning Experiment discriminator accuracy for various gamma and
augmentation settings. (Top le t) 50 Gamma using bgc augmentation mode. (Top right) 50
Gamma using bg augmentation mode. (Bottom le t) 0.5 gamma, bgc augmentation mode.

(Bottom right) 0.5 gamma, bg augmentation mode.

values of 50 and 0.5 were used along with two di ferent augmentation modes, blit, geom-

etry and colour (bgc), and blit, geometry (bg). e experiments were run for 1520 kimg

iterations over a period of 11 hours each. Fig. 23 shows a stark di ference between the
two gamma values with the 50-gamma settings outperforming the 0.5 gamma settings

in terms of stability. Failure modes do not seem to be present in the tests with the 50

gamma setting as both the generator loss and the discriminator loss begin far apart and

settle to similar values with the generator being slightly higher. e discriminator is not

tending towards zero rapidly, and the generator loss is not rising as we saw in g. 22.

Mode collapse does not appear to be occurring in the short duration of the experiment

and this was con rmed by visual inspections of the training outputs shown in appendix

a. elossfunctions for the 0.5 gamma setting for both bgc and bg augmentation modes

appears to be less stable, especially the bg augmentation mode which can be seenin g.

23 which shows extremely large oscillations in generator loss.

e accuracy plot of this experiment set shown in g. 24 shows that the 50 gamma

experiments have similar accuracy beginning at 100% before settling just above 50%. A

similar pattern occurs with the 0.5 gamma bgc experiment with slightly more accuracy
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Figure 25:Generator and Discriminator loss trained on the main dashboard image dataset with
di ferent gamma values to con rm whether higher gamma values were more bene cial on the
full dashboard images. (Top le t) 0.5 gamma, (Top right) 50 gamma, (Bottom le t) 100 gamma.

All using bgc augmentation mode.

instability at the beginning but ultimately settling at approximately the same 52 - 57%
values at the end of the 1520 kimg iterations. 0.5 gamma with bg augmentation shows
a similar 50% accuracy but with much more variance meaning it is unstable compared
to the other test runs. Overall, these tests show that stability can be increased with a
higher gamma value and bgc augmentation modes. erefore, it was decided that these
higher gamma values would be assessed on the main dashboard images as a nal test
before the main experiment conditional training was conducted with the nal selected
values. e experiments on the main dashboard images were necessary to ensure the
parameter tuning worked on both dashboard components and main dashboard images.
It was hypothesised that this would be the case, and this needed to be con rmed.

Using the full dashboard image dataset the model was trained for at least 3000 kimg
iterations for three di ferent gamma values using bgc augmentation mode. e three

di ferent gamma values that were chosen were:

" 0.5 iswas chosen to con rm if the previous test results with this value were

not just exclusive to the dashboard component dataset.

" 50 iswas the best performing gamma value in the previous tests so therefore
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it was tested on the main dashboard dataset.

" 100 isvalue was chosen out of curiosity for a much larger gamma value and

its e fect on training.

Each of the three experiments ran for 1 day, 5 hours to reach 3000 kimg iterations.

e loss scores shown in g. 25 con rm that the 0.5 gamma score is not appropriate

for this image generation problem as it remains unstable on the full dashboard images.
e loss for the generator was reasonably unstable at the beginning of the training for
this experiment and then settled somewhat, however, there appears to be a large spike in
both loss plots around 1600 kimg iterations. A ter this spike, the loss seems to attempt
to correct itself but a visual inspection showing that the latest generated images were
identical con rmed that the model had failed due to mode collapse. isis backed up by
the sudden drop towards zero of the real/fake accuracy for this testin g. 26. Similar
drops in accuracy can be seen in the graphs for 50 gamma and 100 gamma as well, al-
though these seem to recover in the next snapshot, with the 100-gamma test seemingly
the most stable in this regard. e loss functions for 50 gamma and 100 gamma training
cycles seem relatively similar except with slightly more discriminator loss spikes in the
50-gammatest. Training was carried on further for the 100 gamma, and 50-gamma tests
past 3000 iterations to test their performance over time. e 100-gamma test showed
signs of deteriorating image quality at 3300kimg iterations with KID scores dropping
rapidly. Eventually, signs of mode collapse appeared with several similarimages appear-
ing in the generated results and the training was halted at 4919kimg. KID scores from
the 50 gamma experiment began decreasing at 4798kimg iterations with mode collapse
seemingly beginning to appear at 6200kimg iterations with the training being halted at
8588kimg iterations when image quality was reduced to extremely poor generations.

Based on these initial experiments it was determined that moving forward a gamma

value of 50 with augmentation mode bgc should be used as well as ensuring style-mixing,
path length regularization, and discriminator residual skip-connections remaino f. e
next section discusses the main experiments with these parameters using the dashboard

components dataset and the main dashboard dataset.
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Figure 26:Discriminator accuracy on real and fake images using di ferent gamma levels trained
on the main dashboard image dataset. (Top le t) 0.5 gamma, (Top right) 50 gamma, (Bottom le t)
100 gamma. All using bgc augmentation mode.

Dashboard Components (256x256)

e rst experiment involved training on a dataset of 5133 cropped dashboard compo-
nents. isexperimentwas runwith conditional labelling turned on with eight categories

of dashboard included in the labelling. e experiment was run for a total of 2 days, 8
hours, and 38 minutes for 8656 kimg iterations or 2147 ticks averaging 18.5 seconds per
kimg with added snapshot and maintenance time. 13.7-14gb of GPU memory was used
during each tick of the algorithm and augmentation p value reached 0.655 by the nal it-
eration which is still in "safe zone" in terms of augmentations leaking into the generated
images. Training was halted as the KID score for the images began rapidly decreasing

showing the images were progressively getting worse.

6.2.1 Training Loss and Scores

As we can see from the loss function the training remains stable for 7000 kimg cycles be-
fore relatively large spikes appear in the generator loss. ese spikes can also be seentoa

lesser extent in the discriminator loss as well as a slight overall increase in slope. During
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Figure 27:Training Statistics for Dashboard Component Training (top) Generator Loss vs
Discriminator Loss plotted over the duration of training (bottom) Discriminator Accuracy on
Real dataset Images and Fake Generated Images

GAN training spikes inthe loss functions are reasonably normal and as we observe the ac-
curacy, we can see thatitis tending to 50% for whether the image is real or fake (with vari-
ance) meaning the discriminator is essentially ipping a coin. Usually when this occurs

it means the GAN has reached convergence, however, in this case the images generated
seem to have multiple duplicates. is potentially indicates mode collapse occurred dur-

ing the training. is can be seen by g. 28 where a blue circle is present in a number of
pictures as well as a speci c type of bar graph sloping to the right with three distinct bars.

e image quality is not up to the standard of the real images based upon inspection and

a human can easily identify that these are not real images. is means the generator has
found a way to fool the discriminator easily with a speci c type of dashboard component

image.
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Figure 28:Training Checkpoint Output at 8628 kimg Iterations Showing Several Similar
Images/Colours Indicating Possible Mode Collapse
e KID score vs training durationin g. 29 further demonstrates that this model may
be su fering from mode collapse where the score troughs and then begins increasing,
indicating a reduction in quality from the point where the discriminator accuracy tends

to 50%.

Figure 29:KID score for training duration of dashboard component dataset.
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6.2.2 Discussion

Due to the appearance of mode collapse near the end of the training the model was not
trained to the level it could have reached should this have not occurred. isledtoimage

generations of reasonably low quality.

KID Score Comparison with Previous Research
Dataset KID ( 10%)
MetFaces 2.41
BreCaHAD 2.88
AFHQCat 0.66
AFHQDog 1.16
AFHQWild 0.45
Dashboard Components 33.64

Table 6.1KID score comparison with KID score data from [64] for dashboard components.

e maximum KID score achieved in this training experimentwas 33.64 (0.033640°).
Compared to results obtained from the StyleGAN2-ADA paper [64] this is signi cantly
worse than the highest score of 2.88 from their experiments. is can be attributed to
these issues with mode collapse as the model was unable to improve the quality of the
images through further training. In future experiments it would be interesting to adjust
a number of other parameters but due to time constraints, namely the large amount of
time required to run experiments, this was unable to be achieved in this study. A number
of other factors play a partin the di ferences in image quality between class label images.

One of the main contributors to this is the spread of labels in the dataset.

Images/Class - Components
Class Label | No. Img
loT 1 567
Agriculture 2 34
Finance 3 1229
Analytics 4 2207
Misc. 5 459
Fitness 6 105
Project 7 337
Social 8 195

Total: 5133

Table 6.2Class label spread for
Figure 30:Class label spread for dashboard dashboard components. Table
components. Graph representation. representation.
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e conditional class label spread can be observed in g. 30 and table 6.2 and de ni-
tively shows a large amount of analytical and nance dashboard components while dis-
playing a lacking in all other areas with agriculture and tness being the worse o f. is
section discusses the implications of this class label spread as well as other a fecting com-
ponents over each of the conditional label classes. A number of generated results can be
seen in appendix A for each type of dashboard component.

loT: Starting with the loT dashboard components, we can see that the generated image
quality is relatively low. is seems to be in part due to this low amount of labelled image
data (567 images) for this particular class, as well as a large amount of image variance in
cropped images. is variance can be put down to the fact that a lot of lIoT dashboard
components include camera feeds or other such widgets of extremely high detail that is
not presentin any more than a single image. isleadstoalarge amount of blurring with
areas of the images unable to be de ned at a glance. Dark coloured components featured
predominantly here, showing that a number of the training images for loT dashboards
must be set to dark mode.

Agriculture: e agriculture and tness dashboard components were dominated with
images of numbers with subtext as we can observe multiple examples of this in Appendix
aYa-lland Ya-VI. Although the images of text may have had a high variance of text combi-
nations as the textis non-readable. e numbers however are all readable to some extent.

ere was a lack of data available for the training of this class label possibly contributing
to the lack of variability in the generations.

Finance:Finance dashboard components do not appear to be of good quality which is
odd since they are the second most represented class in the dataset (1229 images). is
could be due to a high data variability as well as simply the training time not being suf-

cient due to the mode collapse issues. Some of the generated components appeared to
resemble credit cards, lists and bar graphs were also noted.

Analytics: e analytics components are one of the more de ned and identify-able sets
with adiverse spread of components. iscould be because there are 2207 images labelled
as this class meaning there is a great deal more learning opportunity. As well as this,

the variance of images in this set could be smaller meaning more examples of similar
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components for the model to learn. A number of pie and line charts as well as progress
bars, circular or linear were observed for this class label set.

Miscellaneous: e miscellaneous set of dashboard components appeared to be the
most de ned out of all. ese were dashboard components that were extracted from
dashboards which did not tinto a speci c category. Line and bar graphs can be ob-
served in these generated examples as well as what appears to be a list of users.

Fitness:Fitness dashboard component generations seemed to su fer the same issues
as the agricultural dashboard components due to low numbers of labelled images in the
dataset. Components were predominantly made up of text. No real patterns could be
seen in the components.

Project Management:e project managementdashboard components generated show
aclearexample of a calendar and a task progress widget as well as the usual graphs which
seem to be present in nearly all categories. e project management components have
beenlearned better than several other categories despite only containing 337 images which
Is less than the loT class (567 images). e reason the project management components
seem to outperformthe loT components appears to be due to less variation and less com-
plicated images in the training set.

Social: e social dashboard components are like the analytical components where
they contain a number of circular progress bars. e number of images in the dataset
labelled as social dashboards was reasonably low (195) not too dissimilar to the numbers
for the tness dashboards. Perhaps the presence of circular progress bars indicates that
some inspiration was drawn from the analytics class when learning these components.
Otherwise, the rest of the components seemed to be text based similar to the agriculture
and tness dashboards which is consistent with the class labels of low image numbers.

roughout the training it became apparent that there was an issue with text and pro-
le picture learning. It is assumed these occurred due to the extremely high variability
in text present in the images leading to all the text almost being merged in the generated
images. Numbers seemed less a fected by this issue which could be placed down to the
fact that there are only ten individual number characters leading to less combinations.

It could also be that the designers of these dashboard in the dataset tend to use similar
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ller numbers when putting placeholder data in their dashboards. With regard to pro le
picture learning, there is a great amount of detail in a person's face, which typically takes
StyleGAN2 25,000 kimg cycles to learn using a face image dataset of 10's of thousands of
images. is aspect could potentially be improved by training upon a pre-trained model
using facial data. Overall, the dashboard components generations are not the best qual-
ity and would bene t from increased training time if the issue of mode collapse could be

solved.
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Dashboards (512x512)

e second experiment involved training the model on a dataset of 1024 full dashboard
images. Conditional labelling was switched on for this test and the same labelling cate-
gories were used as for the dashboard components. e experiment was run for 2 days,
22 hours and 5 minutes for 6947 kimg iterations (1723 ticks). e average time per kimg
was 29.8 seconds and eachtick used 26-27 GB of GPU memory. eaugmentation pvalue
reached 0.956 by the end of the training which is above the "safe zone" of 0.8 which means
that augmentations may have leaked into the generated images. Training was halted as
the KID score began increasing drastically indicating the image quality was becoming

worse.

6.3.1 Training Loss and Scores

Figure 31Training statistics for full dashboard images (top) Generator loss and Discriminator
loss vs training duration (bottom) Discriminator accuracy on real dataset images and fake
generated images.

Like the dashboard components training loss graph, the full dashboard image graph
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Figure 32:Final training snapshot (6935 kimg iterations) image generation before termination
due to GAN failure.

shows a decrease in generator loss and increase in discriminator loss indicating that it
Is training correctly, however near the 7000 kimg mark the loss begins to separate with
the generator loss beginning to rise and the discriminator loss dropping. At the same
point, discriminator accuracy which was tending to 50% begins to rise towards 100%.
is paired with a large spike in KID score shownin g. 33 would indicate that the model
has experienced atype of GAN failure. Looking at the training image output represented
in g. 32, we can see that this model is likely experiencing mode collapse as each image
is nearly identical. Compounding this potential mode collapse, these separations of loss
values with D tending downwards and G increasing show the discriminator potentially
out training the generator without providing appropriate feedback as well. We can see
this failure beginning to occur at around 6500 kimg cycles where the loss and accuracy
graphs begin to separate. Image generations for this experiment can be seen in Appendix

b.

6.3.2 Discussion

Similar to the dashboard components training, GAN training failure was an issue. How-
ever, prior to this failure, a passable KID score was received for one of the generations
which was lower than that of the dashboard components (28.89 vs 33.64). While this is

still not as good as any of the scores from the StyleGAN2-ADA paper shown in table. 6.3
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it still produced some results where patterns could be recognised between the di ferent

class labels.
KID Score Comparison with Previous Research
Dataset KID ( 10°)
MetFaces 2.41
BreCaHAD 2.88
AFHQCat 0.66
AFHQDog 1.16
AFHQWild 0.45
Dashboards 28.89

Table 6.3KID score comparison with KID score data from [64] for dashboard images.

loT: Beginning with IoT dashboards, we can see from the generated images that there

appearsto be abar graph presentonthe le t/upper le tside of 5/10 of the dashboards gen-

erated. In the top right corner, it can be observed that there is a mix of multiple di ferent

colours in a single widget on 3 of the dashboards which indicates possibly a camera wid-

get as there were a number of these in the dataset. As previously explained in the compo-

nents section a camera widget would be extremely di ferent in each training image and

carry a large amount of image data to be learnt leading to a mix of colours and patterns

thatdoes notappear toresemble anything. isis a pointfor future experiments whether

the training of this can be improved using pre-trained models with a prior knowledge of

Figure 33KID scores for full dashboard images for full training duration.
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items in a home environment. Other widgets present include a line graph, and what ap-
pears to be alist.

Agriculture: e agriculture dashboards su fered from a lack of data. As seen by ta-
ble. 34 there were only 5 dashboards in this dataset and upon inspection several of these
were found to be the same image meaning they had by-passed the duplicate image detec-
tion script. is led to the generated agriculture dashboards being very similar, almost
memorised by the model which is a symptom of repeated images in a GAN dataset. is
means that the experiment failed for this type of dashboard and any patterns obtained
from this would essentially be copying one or two types of dashboards, so this class label

can be ignored.

Images/Class - Dashboards
Class Label | No. Img
loT 1 104
Agriculture 2 5
Finance 3 249
Analytical 4 436
Misc 5 97
Fitness 6 17
Project Management, 7 79
Social 8 37

Total: 1024
Table 6.4Class label spread for full
Figure 34:Class label spread for full dashboard dashboard images. Table
images. Graph representation. representation.

Finance: Similar to the dashboard components, the class label spread shown by g.
34 and table 6.4 indicates that analytics and nance dashboards have the largest repre-
sentation in the dataset which means any patterns found will less likely be memorised
from the dataset. For the nance dashboards bar graphs can be observed again in similar
positions to the IoT generations in 4/10 dashboards. A line graph can also be seen in the
same position indicating it is favourable to include graphs on the upper le t according to
this dataset. Finance dashboards seem to include various lists, but they are too blurry to
distinguish what is contained in them. isis possibly due to either augmentation leak-
ing or the fact that they simply were not able to train enough. ere seems to be attempts
at generating an image of a credit card on a number of generations, however, these are

very low quality and hard to distinguish. e dataset did contain a number of nance
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dashboards with credit cards featured so this would make sense. ese seem to be po-
sitioned on the right side of the dashboard, either middle or bottom and appear on 3/10
dashboards.

Analytics Analytics dashboards also displayed any graphs on the middle le t/top le t
side of the dashboard and prominently featured bar and line graphs along with what ap-
pears to be circular progress bars. A number of what seems to be analytical indicators
appear over the top of graphing areas consistently, with the bottom of the dashboard
seemingly reserved for a list of some sort. Augmentation leakage seems quite prevalent
in these images as there seems to be a number of artifacts. Image variability seems to
have played a factor in the training process of these images as well as they appear quite
blurry, and widgets are not so de ned. is could be due to the di ferent vertical image
positioning when the datasetimages were cropped and padded with borders where some
images were vertically larger than others leading to the blurring we see.

Miscellaneous: e dataset section dedicated to miscellaneous dashboards was re-
markably diverse as these were dashboards that did not tinto a speci c category there-
fore, many patterns were not expected to be found in these image generations. is has
provento be true as each dashboard generated appears to be di ferent from the last. Each
one has quite blurred components indicating the high variability of component position-
ing in the dataset for this class label. General distinguishable widgets are still seen such
as the likes of bar graphs and line graphs, but their positioning is inconsistent.

Fitness:Fitness dashboards were only represented by 17 dashboard imagesin the dataset
similar to the agricultural dashboards. Some images are similar indicating potential
memorisation in this class label set which makes sense due to the sparse number of ex-
amples.

Project Management:Project management dashboards tended to have what appears
to be calendar components in the top right of the dashboard as seen in two of the gener-
ated examples. e usual graphs were also present in a number of the dashboards with
a preference for both line and bar graphs. e positioning of these graphs seemed to be
either top le tor centre. Anumber of lists were included in these dashboards as well with

one of the dashboards being exclusively a list without any other components. e other
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dashboard displaying a listincluded it across the bottom of the dashboard.

Social:Social dashboards also seemed to su fer with low data numbers at 37 class labels
inthe dataset. ese were similar to analytics dashboardsin design andincluded line/bar
graphsgenerallyinthetople t, with analytical widgets positioned above across the length
of the main dashboard. Circular progress widgets were quite prevalent in these dash-
boards as well. Lists with what appears to be pro le images were generally positioned
on the right-hand side spanning the length of the dashboard in a number of generated
images.

Overallthe dashboard images it was noticed that a side bar menu was presentinalarge
number of dashboards. Menu placement plays an important role in the usability of the
dashboard, and this is an interesting pattern to note.

e image quality for the generated dashboard components, and generated dashboard
images was relatively low compared to the scores obtained in other experiments in the
StyeGAN2-ADA paper [64]. In future experiments hyper-parameters and model struc-
ture would have to be tweaked numerous times to achieve better results and training sta-
bility. ere is a high variability in the data that needs to be accounted for with these

parameter values and model alterations may be required to account for this.
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Conclusions and Recommendations

With a large amount of information being created every day in multiple sectors, and
a large number of automation solutions being created the need for quick design dash-
boards has arisen. Designing a dashboard is time consuming and requires sta f that cer-
tain engineering companies may not have on hand. is thesis sought to determine the
feasibility of designing and optimizing a dashboard GUI using machine learning. A ter
a literature review was performed, it was determined the best machine learning method
to use for this problem was the Generative Adversarial Network (GAN) and although re-
search had been conducted into creating mobile apps using machine learning and an ex-
isting pool of cropped components, more understanding was needed on fully generating
adashboard from a training set. A number of initial parameter testing experiments were
performed followed by two main experiments, one with cropped dashboard components
and full dashboard images, with each set labelled as one of eight di ferent dashboard
types. e main objective was to observe the training and nd any patterns common to
distinct types of labelled dashboard and receive a number of newly generated dashboard
and dashboard component designs.

In order to conduct the training experiments a training dataset had to be constructed.
is was achieved through the use of a Google Images, a design website called Dribbble,
and a number of purpose-built program scripts. ese scripts included an image down-
load script which took a list of image URLs and downloaded them into a speci c folder,
animage duplicate detection and deletion script, and a multi-crop image processing GUI

purpose built for this project. Images were passed through a set of criteria and processed

100
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to produce a set of 5133 cropped dashboard components 256x256px in size, and 1024 full
dashboard images 512x512px in size.

Following the construction of the datasets a GAN architecture had to be selected. It
was decided to assess the feasibility of this problem an existing architecture should be
selected due to time constraints. A number of architectures were considered and ranked
using a weighted set of criteria, ultimately settling on the StyleGAN2-ADA architecture
developed over a number of years by NVIDIA cooperation [40], [57], [64], [65].

Using the StyleGAN2-ADA model a number of initial tests were run to obtain a grasp
on the various hyper-parameter and model settings. Automatic settings were tested rst
which showed a number of model structure settings had to be disabled to prevent colour
mixing of images while training. Furtherinitial tests showed that parameter values gamma=50
and augmentation mode bgc (blit, geometry and colour) provided the best results regard-
ing kernel inception distance scoring. e ndings from these initial experiments pro-
vided the basis for the main two experiments where the model was trained until failure
for both the dashboard components and full dashboard images. It was discovered that
mode collapse had occurred for both these experiments as the images produced a ter a
number of days became terribly similar and began to su fer from reduced quality. Prior
to failure a number of notes could be made about the patterns discovered in generated

dashboard images:

~ Side bar menus tend to be the most prevalent over all dashboard types.
" loT

Although the images were indistinguishable due to training failure, it was de-
duced by observing the dataset that the model was attempting to generate a

camera feed, generally positioned in the top right of the dashboard.

Bar graphs seemed to be the most prevalent graph type followed by line and

were generally located in the top le t/middle le t sections of the dashboard.

~ Agriculture dashboards su fered from lack of data (5 images) and the model mem-

orised the dataset. ese results were discarded.

~ Finance
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Bar graphs were noted to occur in 4/10 dashboards in the same position as loT

dashboards.

Items possibly resembling credit cards were noted, typically appear in the

middle/bottom of the far-right side of the dashboard.
~ Analytics

Graphs were displayed middle le tgenerally and featured line and bar graphs.

Possible analyticalnumberindicators appeared above the graphs and spanned

the width of the dashboard.

" Miscellaneous ese dashboards su fered from expected high variability in the

dataset and no de nitive patterns could be found.

" Fitness Fitnessdashboards su feredthe same low dataissues as agriculture dash-

boards and the generations were not good quality.
~ Project Management

Componentsresembling calendars were noted to be positioned in the top right.

Lists/tables with text and icons were included either at the bottom spanning
the width of the page or in one dashboards case, the entire dashboard con-

sisted of a table.

" Social ese were very similar to the analytics dashboards with a line/bar graph

positioned middle le t, and a number of indicators positioned above.

e image quality of generated components and full dashboards was low compared
to results obtained from the StyleGAN2-ADA paper [64] and the full dashboard images
began su fering from some augmentation leakage issues. Overall, dashboards and com-
ponents were able to be generated however, all of these are easily distinguishable as fake
by human eyes. e feasibility of generating dashboard componentimages is there buta

number of further experiments and changes would likely have to be explored:
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1. Further parameter tuning experiments should be conducted to nd a combination
where mode collapse does not occur. If this does not solve the issue then architec-

ture alterations may be required.

2. Experiments should be conducted to nd whether using a pre-trained model is a)
possible, and b) will help the model more easily identify items such as camera feeds

and photo pro le pictures.

3. It was noted that text recognition and generation appears to be a problem over
both the dashboard component and full dashboard image generation. Research
into ways to mitigate this issue and properly recognise text during training would

be highly bene cial.

4. When these issues are resolved and the model is able to train further, experiments

should be conducted to train for a large amount of time and observe the results.

In conclusion, we can see that the learning and generation of dashboard images and
dashboard componentsisfeasible, however, more researchis neededtoimprove the learn-
ing capabilities and produce vastly more realistic images. erefore, we can answer the

question posed at the beginning of this thesis:

Isitfeasible to design and optimize dashboard graphic user interfaces with machine
learning?

Yesitis feasible.
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Figure 35Twelve image generations for IoT dashboard components
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Figure 36:Twelve image generations for nance dashboard components
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Figure 37Twelve image generations for nance dashboard components
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Figure 38:Twelve image generations for analytics dashboard components
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Misc

Figure 39:Twelve image generations for miscellaneous dashboard components
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Fitness

Figure 40:Twelve image generations for tness dashboard components
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Figure 41 Twelve image generations for project management dashboard components
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Figure 42:Twelve image generations for social media dashboard components
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