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ABSTRACT
Background:
Generative Adversarial Networks (Goodfellow et al., 2014) (GANs)are the current state of the art
machine learning data generating systems. Designed with two neural networks in the initial architecture
proposal, generator and discriminator. These neural networks compete in a zero-sum game technique,
to generate data having realistic properties inseparable to that of original datasets. GANs have interesting
applications in various domains like Image synthesis, 3D object generation in gaming industry, fake
music generation(Dong et al.), text to image synthesis and many more. Despite having a widespread
application domains, GANs are popular for image data synthesis. Various architectures have been
developed for image synthesis evolving from fuzzy images of digits to photorealistic images.
Objectives:
In this research work, we study various literature on different GAN architectures. To understand
significant works done essentially to improve the GAN architectures. The primary objective of this
research work is synthesis of plant images using Style GAN (Karras, Laine and Aila, 2018) variant of
GAN using style transfer. The research also focuses on identifying various machine learning
performance evaluation metrics that can be used to measure Style GAN model for the generated image
datasets.
Methods:
A mixed method approach is used in this research. We review various literature work on GANs and
elaborate in detail how each GAN networks are designed and how they evolved over the base
architecture. We then study the style GAN (Karras, Laine and Aila, 2018a) design details. We then study
related literature works on GAN model performance evaluation and measure the quality of generated
image datasets. We conduct an experiment to implement the Style based GAN on leaf dataset(Kumar et
al., 2012) to generate leaf images that are similar to the ground truth. We describe in detail various steps
in the experiment like data collection, preprocessing, training and configuration. Also, we evaluate the
performance of Style GAN training model on the leaf dataset.
Results:
We present the results of literature review and the conducted experiment to address the research
questions. We review and elaborate various GAN architecture and their key contributions. We also
review numerous qualitative and quantitative evaluation metrics to measure the performance of a GAN
architecture. We then present the generated synthetic data samples from the Style based GAN learning
model at various training GPU hours and the latest synthetic data sample after training for around ~8
GPU days on leafsnap dataset (Kumar et al., 2012). The results we present have a decent quality to
expand the dataset for most of the tested samples. We then visualize the model performance by
tensorboard graphs and an overall computational graph for the learning model. We calculate the Fréchet
Inception Distance score for our leaf Style GAN and is observed to be 26.4268 (the lower the better).
Conclusion:
We conclude the research work with an overall review of sections in the paper. The generated fake
samples are much similar to the input ground truth and appear to be convincingly realistic for a human
visual judgement. However, the calculated FID score to measure the performance of the leaf StyleGAN
accumulates a large value compared to that of Style GANs original celebrity HD faces image data set.
We attempted to analyze the reasons for this large score.
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1

INTRODUCTION

Machine learning is the area of computer science (specifically related to artificial intelligence) that
combines statistical process with algorithm learning to let the computer program produce a decision
without explicitly feeding the decision itself. A Machine learning algorithm will involve: 1) Data
collection and Data preprocessing 2) Classifying the data into training data and test data 3) Building up
a Model by using the training dataset, and 4) Making a prediction on the test data. Based on the
information known about the input/output data, supervised learning and unsupervised Learning are the
two main categories of the machine learning techniques.
A supervised learning method contains a labelled sample data i.e., we know for each sample input of
the data, what the corresponding output value is, and the learning algorithm tends to infer a function
about the input and output data mapping. We have datasets, we have ground truth(target value) for every
input and then we try to deduce a function for that data; a function that best fits the data, so it can use
this function upon the test dataset to predict the output. Regression (having a real value output for a
combination of features mapped to the corresponding input value) and classification (having a common
known label for a group of output values, so the prediction will be more of classifying the input to the
known output labels) are two types of supervised learning. In unsupervised learning, there will be no
label related to the samples in the dataset. It has more general and less defined explanation of the data.
Therefore, the idea is to allow the learning model to identify the commonalities between the data samples
and groups and assign them a label. The learning model must derive the relationship between data
elements without any provided Label. Examples of unsupervised learning models can be clustering,
anomaly detection, neural networks etc.,
Neural networks are the unsupervised learning systems that provide computational frameworks for
various machine learning algorithms. They provide layers of computational networks for the algorithm
to work together and process complex data inputs. The original goal of neural networks is to mimic
biological neural networks, so it can have a similar approach to that of a human brain while solving a
problem. In the scope of machine learning problems, numerous variants of learning algorithms adapt
neural networks in their architecture. Most common of such algorithms are Convolutional neural
networks(CNNs), Long short-term memory networks(LSTMs), auto encoders, generative adversarial
networks and many more.
Generative adversarial networks, first introduced by Ian Goodfellow (Goodfellow et al., 2014 - 3.1.2
Generative Adversarial Networks) have been showing successful results applied in image generation
and editing, music generation, semi supervised learning domains etc., Improving over time there have
been numerous algorithms with the essence of traditional GAN architecture producing almost
indistinguishable results from that of real datasets they have been trained on and achieving training
stability. Style based GANs (Karras, Laine and Aila, 2018 - 3.1.4 Style GAN)is one of the significant
improvements proposed by Nvidia research team in the recent times. It used the novel concept of style
transfer while generating the image datasets and the results produced were photorealistic
indistinguishable celebrity face images. This paper was the one of the trending python projects in GitHub
as of February 2019. (Roboticist, Javad Amirian (February 14, 2019)

1.1

Problem Context

There has been many research works and projects emerging to make use of the various flavors of GANs
for image synthesis and how they are improved with inspiration from other domains of machine learning
systems. The results would still vary from fuzzy image datasets to photorealistic image data generation.
One research work (Baker, 2018) “Generation of Synthetic Images with Generative Adversarial
Networks” has been done previously that uses Deep Convolutional Generative Adversarial Network
10

(DCGAN) architecture to train over image datasets like MNIST digits, fashion MNIST and flower
datasets. The results however varied over the samples, while some samples have attained an overall
good quality, some of them had clear visible errors. The generated samples over MNIST digits and
fashion MNIST have decent quality while the samples generated over flowers dataset included noise
and had visible errors. This work concludes that DCGAN architecture can generate decent image data
to expand the dataset, it however needs larger training datasets to achieve indistinguishable results.
In the current research work, we address this problem scenario of generating image datasets that are
realistic and indistinguishable from the training dataset and using correct preprocessing techniques to
reduce the noise in the dataset, so it will not reflect the same in generated image samples using deep
learning GAN architecture .

1.2

Aim

The aim of this thesis is to improve the performance of Generative Adversarial Networks which we
anticipate that they can generate synthetic images similar to the ground truth. In this thesis, we decided
to use recent advancement in the GAN architecture by a group of NVIDIA developers called Style based
GAN architecture. As this paper introduces many novel concepts and draws inspiration from various
GAN training models, we do a review of existing GAN architectural models and elaborate their design
details in the methodology and results sections in the work. We will then study style GAN architecture’s
design details and implement it on real-world images (plant leaf images) from open source image data
sets (Kumar et al., 2012).We use this GAN architecture to train the model on plant leaf images data set
considered and generate fake image samples. We then evaluate the performance of the GAN model by
using learning algorithms performance evaluation metrics. For this purpose, we review over existing
performance evaluation measures that are most feasible to our training model.

1.3

Objectives

The main objectives of the current research are:
•

To investigate about the implementation of the Style GANs layer units and its improvements to
the traditional GAN architecture.

•

To improve the GAN architecture used in the previous research work to achieve enhanced
synthetic data samples from the input data (using style GAN, that uses an alternative generator
network than the standard architecture of GAN).

•

To identify the machine learning performance metrics and to use them to evaluate the
performance of the learning model with the mentioned datasets.

1.4

Research Questions

To address the objectives, we formulated the research questions as follows:
RQ1. Which GANs architectures exist in the literature?
11

Motivation: A solid thesis work, always starts with the literature review, by surveying existing methods
/works done in the area in order to not reinvent the wheel.
RQ2. How well the performance of the Generative Adversarial Networks can be enhanced with the
use of style GANs, a variate of the base GAN architecture?
Motivation: This research question is formed to address the application of GANs architecture, Style
GANs in specific, and be used to overcome the challenges and limitations in the current work of
DCGAN (Deep Convolutional Generative Adversarial Networks) architecture applied to the mentioned
dataset(Kumar et al., 2012).
RQ3. What are the prominent metrics used to measure the performance of the used learning model?
Motivation: It is important to be able to measure and analyze the outputs of the learning model which
will be addressed by this research.

1.5

Outline

The entire thesis work is outlined as below:
Chapter1: Introduction and motivation regarding the thesis topic are briefly explained. The supporting
column of the thesis includes the problem statement, research questions and methodology.
Chapter 2: Related work for the thesis is presented. Brief descriptions of the machine learning tools
and algorithms are provided. Various analysis methods used in the thesis are also described.
Chapter 3: The background and terminology we use in this work are discussed in this chapter.
Chapter 4: The methodological process regarding machine learning is explained. The database
collection, inputs used, and data preparation and analysis are discussed.
Chapter 5: The results of the machine learning algorithm are described
Chapter 6: This chapter provides the analysis of the results produced in earlier chapter and the
limitations and validity threats to the current research work.
Chapter 7: This chapter provides the conclusion and future work for this thesis work.
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2

RELATED WORK

Ian Goodfellow et al. introduced the first generating adversarial net framework for image synthesis.
They proposed two simultaneously training models: a generative model G and a discriminative model
D. The generative model captures data distribution and D estimates the probability that a sample comes
from training data rather than G. While G tries to maximize the probability that D makes a mistake, D
tries to correctly discriminate the real and fake images. Their architecture uses a series of fully connected
layers and thus is limited to simple datasets. Using this base design of simple GAN, (Mirza and
Osindero, 2014) extended the GAN framework and proposed conditional GANs which is conditioning
the generator and discriminator model with additional information like class labels. They used MNIST
digit dataset conditioned on class labels for this study. After that there has been A. Radford et al.
(Radford, Metz and Chintala, 2015)work, that introduces a class of convolutional networks (CNNs)
called deep convolutional generative adversarial networks (DCGANs)and it quickly became the
standard GAN architecture for image generation problems. This work uses Imagenet-1k (Jia Deng et
al., 2009)dataset as a source of natural images for unsupervised learning.
Another work of research thesis by Z. Baker (Baker, 2018) which addresses the problem of not having
enough dataset, in terms of the number of training examples, for an image classification task. The work
uses Generative Adversarial Networks to generate synthetic images similar to the ground truth, and in
this way expand a dataset. Given the emerging variants of GANs and their real-world application David
Bau et al, made research work (Bau et al., 2019) to visualize and understand the internal model of GANs
to understand at unit, object and scene level. They address the questions like how architectural choices
affect GAN learning and what artifacts cause GAN results. They provided visual representation to
answer such questions.
In 2017 Karras et al, proposed new improvement (Seedbank: Compare GAN)- as progressive growing
GAN with the key idea that both Generator and discriminator should grow progressively. They start
with a low-resolution images to feed the training model and keep adding new layers as training
progresses. They used normalization in generator and discriminator learning rates to achieve model
stability. Basing this work as base architecture, recently Tero Karras et al from Nvidia team submitted
a work (Karras, Laine and Aila, 2018) on style-based generator architecture for GANs that draws
inspiration from style transfer design to the generator model that have control over the features of
generated images and came up with novel concept of “Style mixing”. Inspired by the style transfer
approach proposed by Xun Huang et al(Zhang et al., 2017)to transfer the real time arbitrary style
features. In that work the researchers made use of novel concept of adaptive instance normalization
(AdaIN) layer that aligns the mean and variance of the content features with those of the style features.
Motivated by this literature the Style based GAN re-designed the generator model architecture that
exposes novel ways to control the image synthesis process, which was not controlled before simple
GAN architectures.
With the emerging research works on GAN model improvements, there has been studies that focused
on evaluating the generated images quality and assessing the performance of various GAN algorithms.
Mario Lucic et al, in their study (Lucic et al., 2017) provided a comprehensive comparison of the state
of the art GANs and open sourced their experimental setup and model implementations (Seedbank:
Compare GAN). Another interesting work by (Borji, 2019)critically reviews available GAN
performance evaluation measures and classify them as qualitative and quantitative measures to help the
researchers objectively assess them for performance metrics.
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3

BACKGROUND AND TERMINOLOGY

3.1

Background

3.1.1

Supervised & Unsupervised Learning

It is important to give a brief description of the terminology and various concepts involved with
generative adversarial networks before we begin with the next sections.

The machine learning algorithms based on the data they learn on are classified as supervised and
unsupervised learning. In the case of supervised learning with the dataset we learn, we have ground truth
(target label) for every data sample and we try to deduce a function for the data; a function that best fits
the data. We then use this pseudo-code to predict the target label for the considered test data.
Xi → example
Yi → target value
f(x) → model, hypothesis function
X → f(x) → y predicted value
For this learning approach, mean squared error (MSE) is a good measure for model quality. The MSE
values are always non-negative and the lower the value is, the better is the model.
1

MSE = n ∑
Where

𝑛

2

̂i )
(Yi − Y

𝑖=1

(1)

n: number of data points
Y:predicted variable value
While supervised learning comes with labelled data i.e. some features and the referring classes like
dog/cats or continuous values like house prices etc., Unsupervised learning does not have this target
variable and has more general and less defined explanation of the data. An unsupervised learning model
tries to find most relevant features, compress information, retrieve similar objects(image retrieval) and
generate new data samples - this is like reverse of supervised learning say, you are given an image of a
cat and you need to find a label. Now you get a label if no data at all and you want to generate a cat
image or maybe that resembles the cat that is indistinguishable from actual images.

3.1.2

Generative Adversarial Networks

Coming from the domain of unsupervised learning algorithms, generative adversarial networks (GANs)
are implemented using two neural network models. A generator model and a discriminator model. They
are adversarial to each other and compete like in a zero-sum game all through the training process. The
generative model G as the name suggests generating the real like data starting from a random input
noise. This input, noise is multivariate gaussian distribution (generalization of one-dimensional normal
distribution to higher dimensions) and the values are sampled from this distribution and fed into the
generator model .While the discriminator model D identifies a data is real or fake and gives a probability
of the data sample being fake. The generator model is represented by a multilayer perceptron with
parameters 𝜃𝑔 . A second multilayer perceptron D (x; 𝜃𝑑 ) that outputs a single scalar. D(x) represents
the probability that x came from the data rather than random noise pg. These adversaries try to fool and
out max each other.
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Objective Function: As the two models compete in a zero-sum game the objective function would be
minimax function. The objective for D can be interpreted as maximizing the log likelihood for
estimating the conditional probability 𝑃(𝑌 = 𝑦𝑙𝑥) where Y indicates if x comes from original data
distribution 𝑝𝑑𝑎𝑡𝑎 or from fake generated distribution 𝑝𝑔 . Therefore, D uses gradient ascent objective
function to maximize the probability of assigning the correct label to both training examples and samples
from G. Gradient ascent on the discriminator model by

max [𝐸𝑥~𝑝𝑑𝑎𝑡𝑎 [log( 𝐷𝜃𝑑 (𝑥) + 𝐸𝑧~𝑝(𝑧) [log(1 − 𝐷𝜃𝑑 ( 𝐺𝜃𝑔 (𝑧)))] ]
𝜃𝑑

(2)

Where,
𝐷: discriminator model,
G: generator model,
𝜃𝑑 : discriminator parameter,
𝑝𝑑𝑎𝑡𝑎 : actual data distribution,
𝑝(𝑧): input noise variable
The generator model has the objective to minimize the log (1 - D(G(z))) to make D not assign fake label
to data generated. Early in training D rejects samples with high confidence because they are very
different to training data. So instead of aiming to minimize log(1 - D(G(z))), generator model G is trained
to maximize log( D(G(z))). Gradient ascent on the generator model is defined by
max 𝐸𝑧~𝑝(𝑧) [log( 𝐷𝜃𝑑 ( 𝐺𝜃𝑔 (𝑧)))]
𝜃𝑔

(3)

Where,
𝐷: discriminator model,
G: generator model,
𝜃𝑔 : generator parameter,
𝑝(𝑧): input noise variable

3.1.3

Pro GAN

Although simple GAN model promises to generate real-like data, the generated data however is of low
resolution with levels of noise and distortions. High quality image generation has been made possible
by ProGAN- Progressive GAN. The training of ProGAN used novel concept of training the generator
and discriminator models with a low resolution image (4 × 4) and adding higher resolution layer every
time until they reach the desirable high resolution (1024 × 1024).Training on low resolution image is
easier also it helps training the higher level features therefore making the training
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faster.

Figure 1: ProGAN Overview (R.Horev)

3.1.4

Style GAN

Style GAN is based on the standard GAN architecture and uses concepts of ProGAN. The source code
of Style GAN is actually an extended work of ProGANs implementation. It gets the inspiration from
“Style transfer” originally invented in Gatys et al work (Gatys, Ecker and Bethge, 2015).The concept of
style transfer is essentially where the system uses neural representations to separate and recombine
content and style of arbitrary images. The generator model G of Style GAN, generator images
continuously with an upscaled resolution from 8px → 16px → 32px → 64px → 128px and adds style
noise combined with adaptive instance normalization(AdaIN is a novel concept of neural layer that
aligns the mean and variance of the content features with those of the style features as a speed
enhancement to Gatys et al “Style transfer” work ).This additional input at each level of resolution tells
generator how to add the style input at that resolution. As the generator upscales the image resolution
so does the style noise upscales and affects image style in detail.
A fully connected layer connects every neuron in the input layer to every neuron in another layer.
Architecture wise, while almost all GANs make use of 1 or 2 fully connected layers, Style GAN makes
heavy use of 8 FC layers with 512 neuron to process initial random input. Also, it does not use newer
losses like relativistic loss that other GANs like VGAN assess critical.

3.2

Terminology

3.2.1

Multilayer perceptron

A perceptron is an algorithm intended for binary classification, i.e. whether an input belongs to certain
class Y = 0 or Y = 1. Multilayer perceptron is a class of artificial neural network consists of one or more
perceptron. MLP consists of an input layer, at least one arbitrary hidden layer and one output layer.
MLPs use backpropagation technique, an iterative method in which the calculated weights (from input
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layer through hidden layers to output layer) are measured against ground truth and the weights are
updated to improve the network until it can make its best prediction similar to ground truth.

Figure 2: Multilayer Perceptron network with one hidden layer.
The activation functions for MLP used to be sigmoid functions (takes domain of all real numbers and
returns the values either from 0 to 1 or alternatively from -1 to 1, depending on convention) described
as
𝑦(𝑣𝑖 ) = tanh(𝑣𝑖 ) 𝑎𝑛𝑑 𝑦(𝑣𝑖 ) = (1 + ⅇ −𝜈𝑖 )−1

(4)

For the values of 𝑣𝑖 in the domain of real numbers, the function is a hyperbolic tangent or a logistic
function

3.2.2

Rectifier linear unit (ReLU)

In neural networks, an activation function of a neuron defines its output. A rectifier linear unit is one of
most common activation function in deep learning models. It is defined as the positive part of its
argument, for example if the activation function takes a negative value as input it gives 0 as output; if it
takes a non-negative value as input it returns that value. It is given by
𝑓(𝑥) = 𝑥 + = max(0, 𝑥)
Where,
x: the input to a neuron

17

(5)

Figure 3: Plot of Rectifier functions near x = 0

Advantages of ReLU over other activation functions is the reduced likelihood of vanishing gradient.
When x>0, the gradient has constant value while the gradients of sigmoid and tanh functions will be
increasingly small as the x value increases. The constant gradient achieves faster learning in ReLUs.
Other advantage of ReLUs is sparsity. When x= 0, respective neurons will not be activated at all. This
makes the network layer sparse of the resulting representation. Whereas sigmoids always generate some
non-zero values, activating all the neurons resulting in dense network representations. Sparse networks
are more beneficial than dense network representations.

3.2.3

Minibatch discrimination

In simple GAN architectures a common failure is single mode collapse, where generator fools the
discriminator by generating data that looks exactly same across the batch. This makes the discriminator
learn the similarity across the batch and simply predict them as fake. This way generator will never be
able to produce many different samples, which kills the purpose of adversarial behavior of generator
and discriminator.
This problem is addressed by minibatch discrimination where the discriminator takes all the feature data
from the all samples within the batch instead of single input. This will force generator to generate
distinguishable better output samples within the batch and making room for generating more
possibilities similar to real data.
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4

METHODOLOGY

Following are the methods used to address the aforementioned research questions. Section 1 explains
literature review. Section 2 gives a brief overview of the experiment conducted, with an description
about tools and software requirements handled. Section 3 briefs data collection and implementations of
the data preprocessing. Section 4 describes the implementations of the data training. Section 5 describe
the metrics used to measure the results obtained

4.1

Literature review of GAN architecture

In this section, we address the following research question using literature review of various GAN
architectures
RQ1. Which GANs architectures exist in the literature?
Literature review assists in the finding the start-of-the-art on the research topic. It includes knowledge
about the findings in current topic in review and helps to build conceptual structure that ties all the key
ideas from relevant literature. The purpose of literature review (R.Labree, 2016) is:
• to identify each of the key research works that contribute to comprehend the research problem
being studied.
• describe the relationship of the research works in consideration and reveal any gaps in the
existing literature.
• identify areas of prior knowledge in order to avoid reinventing the wheel and preventing the
duplication of effort.
In this research work various articles(Perarnau, 2017), conference papers and journals relevant to the
area of Generative Adversarial Network architecture, the working details of GANs and state-of-the-art
image models that combine GANs with other methods are reviewed. By doing so, it provides a
description and critical evaluation of the articles being reviewed. The major area of interest in reviewing
these articles will be to extract information about the existing generator and discriminator networks in
various GAN models. With the methodological review of this data a solid base will be provided to derive
the possible outcomes for the RQ 1. For the literature review we use the available digital libraries like
Google Scholar, Springer, ACM digital library etc. We present the results obtained from literature
review of various GAN architectures

4.1.1

Generative Adversarial Network architecture

Generative Adversarial Networks are first mentioned in 2014 research publication (Goodfellow et al.,
2014)- Generative Adversarial Nets by Ian J. Goodfellow, et all. The researchers proposed new deep
learning framework of building and improving a generative model via an adversarial process. Two
models a generative model(G) and a discriminative model(D) are trained simultaneously. The generative
model starting with random noise captures data distribution while the discriminative model estimates
the probability that a sample comes from training data rather from G. This training procedure
corresponds to a min-max two player game. While G tries to maximize the probability of D making a
mistake. Training both models using only the highly successful backpropagation and dropout algorithms
(Karras et al., 2017) and sample from the generative model using only forward propagation. No
approximate inference or Markov chains are necessary.
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Figure 4: Generative Adversarial Network Base Architecture (Bruner Jon and Deshpande
Adit, 2017)
Both the models are multilayer perceptrons. 𝑃𝑔 is the generative distribution over data x, the generative
model starts with using a noise distribution variable 𝑝𝑧 (𝑍)then represent a mapping to data space as
𝐺(𝑧; 𝜃𝑔 ), where G is a differentiable function represented by a multilayer perceptron with parameters
𝜃𝑔 . For the discriminative model, another multilayer perceptron 𝐷(𝑥; 𝜃𝑑 )is defined whose output is a
probability scalar D(x) that represents x came from data rather than from pg. D is trained to maximize
the probability of assigning labels correctly for data coming from train data and samples from G.
Simultaneously G tries to minimize log(1 − D(G(z))). Hence D and G play min-max game with value
function as:
min max 𝑉(𝐷, 𝐺) = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) [𝑙𝑜𝑔 𝐷(𝑥)] + 𝐸𝑧~𝑝𝑧(𝑧) [log(1 − (𝐺(𝑧)))]
𝐺

𝐷

(6)

Where,
𝐷: discriminator model,
G: generator model,
𝜃𝑑 : discriminator parameter,
𝑝𝑑𝑎𝑡𝑎 : actual data distribution,
𝑝𝑧 (𝑧): input noise variable
The researchers propose in the space of arbitrary functions of G and D, after several steps of training, if
G and D have enough capacity, they will reach a point at which both cannot improve because
𝑝𝑔 = 𝑝𝑑𝑎𝑡𝑎 . The discriminator is unable to differentiate between the two distributions, i.e. D(x) = 1/
2 . That is the generator model will start generating real life-like images, and the Discriminator will not
be able to tell fake ones from genuine ones. This type of architecture was applied to relatively simple
image datasets like, MNIST(handwritten digits), the Toronto Face Database (TFD), and CIFAR-10 .

4.1.2

Deep Convolutional Generative Adversarial Network (DCGAN) (Radford, Metz
and Chintala, 2015)

Going forward from this adversarial nets model, Alec Radford & Luke Metz extended the work to use
convolutional neural networks (CNNs) in the conference paper, Unsupervised Representation Learning
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with Deep Convolutional Generative Adversarial Networks as they are well suited for working with
image data synthesis.
CNNs are multi-layer neural networks, framed to recognize patterns from pixel images straight forward
with minimal preprocessing. Structurally, a CNN architecture includes feature extraction and finishes
with classification. The feature extraction is done with number of convolutional and pooling layers.
The convolution layer applies a weighted filter on the input data to produce a feature map. Pooling is
done for the sole purpose of reducing the spatial size of the image to reduce the number of parameters
and computation in network. Classification is done by fully connected dense layers followed by a final
SoftMax layer. In the research publication, the researchers proposed a class of CNNs, Deep
Convolutional GANs (DCGANs) and framed the architectural topology for the same. Three core
changes were adapted to standard CNN architecture:
1. All the deterministic spatial pooling layers of convolutional network (Springenberg et al.,
2014)are replaced with strided convolutions for discriminator model and fractional-strided
convolutions for generator model.
2. Eliminating fully connected layers on top of convolutional extracted features. For generator
model reshaping the result of uniform noise distribution input Z. This result is used as the start
of convolution stack. For discriminator model, the last convolution layer is flattened and then
fed into a single sigmoid output
3. Batch normalization ((Ioffe and Szegedy, 2015)) of generator and discriminator models
(excluding generator output and discriminator input layers) to deal with poor initialization and
preventing the generator from collapsing all samples to a single point which is a common
failure mode observed in GANs.
Along with these major improvements, following additional guidelines added for stable DCGANs.
Using ReLU activation in generator for all layers except output layer, which uses Tanh function. For
discriminator using leaky ReLU activation worked well for high resolution models which is contrast to
the original GAN research work.

Figure 5: DCGAN Generator architecture with pooling layers replaced by strided convolutional layers
(Radford, Metz and Chintala, 2015)
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The DCGANS are known for their remarkable stable architecture in most training settings, provide a
baseline to work on much sophisticated datasets like Imagenet-1k (Deng et al., 2009), random web
image queries of people’s names to collect 3M face images from 10k people with sufficient high
resolution.

4.1.3

Conditional Generative Adversarial Nets (Mirza and Osindero, 2014)

In 2014, Mirza.M and Simon.O extended the GAN framework that make use of label of the data points.
The improved generative adversarial net can be designed by feeding the class label data y to condition
both generative G and discriminative D models. The feeding of the labels for generative and
discriminative models is done by an additional input layer. In the generator the initial input noise 𝑝𝑧 (𝑧)
and y are combined in joint hidden representation. To explain this, say the generator model generates
all kind of flower images and you are interested in a particular flower ‘rose’ images, then a label data is
passed along with the generated noise. For the discriminative model x and y are presented as input for
the discriminative function.
While adapting these changes the objective function of minimax game as proposed in initial GAN work
would be as Eq2
min max 𝑉(𝐷, 𝐺) = 𝐸𝑥~𝑝𝑑𝑎𝑡𝑎(𝑥) [𝑙𝑜𝑔 𝐷(𝑥|y)] + 𝐸𝑧~𝑝𝑧(𝑧) [log(1 − (𝐺(𝑧|y)))]
𝐺

𝐷

Where,
𝐷: discriminator model,
G: generator model,
𝜃𝑑 : discriminator parameter,
𝑝𝑑𝑎𝑡𝑎 : actual data distribution,
𝑝(𝑧): input noise variable,
𝑦: class label of the data
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(7)

Figure 6 : Conditional GAN architecture
Using the G and D conditioning using class label, Conditional GANs learn to exploit the additional data
and hence generate better samples.

4.1.4

Improved Conditional GANs

Recent research works that proposed improvements of Conditional GANs include Learning What and
Where to Draw: (Reed et al., 2016)which extends the Image synthesis by proposing a new model, the
Generative Adversarial What-Where Network (GAWWN)- the authors train the generator model by
conditioning with the labels like position of element via bounding boxes/landmarks describing what
content to draw in which location. Another work is StackGAN by Han Zhang et al in 2017 (Zhang et
al., 2017)which uses the similar idea and consider improving image quality using 2 GANs :Stage-I and
Stage-II.
While Stage-I network used to get a low-resolution image by conditioning the models with description
of image, the Stage-II network is used to refine the images with more details and higher resolution.

4.1.5

A Style-Based Generator Architecture for GANs (Karras, Laine and Aila, 2018b)

In this recent publication, the researchers propose an extended work on GAN framework using an
alternate generator network, draws inspiration from style transfer literature. This architecture leads to
unsupervised separation of high-level attributes (attributes specific to dataset). Style GANs generates
fake images from a very low resolution to high resolution (1024 × 1024) It allows to control visual
features in a given level by modifying input of each level separately. Therefore, it does not affect other
levels.
In simple GAN architecture the generator model input is a random noise vector, so the initial output is
noise as well. Researchers found it difficulty especially when generating high quality large images. In
2018, Te ro Karras et al addressed this using ProGAN (Karras et al., 2017) proposing to use a lowresolution image input (e.g. 4×4) to train generator and discriminator models initially then adding higher
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resolution layers continuously, hence it learns more and more details over time. While the high-quality
image generation makes it an effective improvement, ProGANs ability to control visual features of
generated images is very limited. Even a small change in input affects multiple features.
Style GANs generator model has a mapping network additional to ProGAN’s generators.
Mapping Network:
The mapping network essentially maps input vector into an intermediated latent space W whose different
elements control different visual features. This is significant since using another neural network the
model generates a vector that doesn’t have to follow training data distribution and hence reduce feature
correlation. The mapping network f consists of 8 layers.
AdaIN (Adaptive Instance Normalization) (Zhang et al., 2017):
This adaptive instance normalization module is added to each layer in generator network as the
researchers suggest this transformation is well suited for the current work due to its efficiency and
compact representation. Each feature map xi is normalized separately and scaled and biased using the
corresponding scalar components from style y. The same is defined in the publication as
𝐴𝑑𝑎𝐼𝑁 (𝑥𝑖 , 𝑦) = 𝑦𝑠,𝑖

𝑥 𝑖 − 𝜇( 𝑥 𝑖 )
+
𝜎 (𝑥𝑖 )

𝑦𝑏,𝑖

(8)

Where,
𝑥𝑖 : feature map,
𝑦: style inputs,
𝜎(𝑥𝑖 ): variance of feature map input,
𝜇(𝑥𝑖 ): mean of the feature map input
Using ProGAN setup as baseline configuration, with these improvements on CELEB-HQ and FFHQ
datasets, the researchers observed that the network no longer benefits from feeding the latent code to
first convolutional layer. Therefore, the traditional input layer is removed and starting the synthesis
network with constant values.
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Figure 7: Style based Generator Architecture.(Karras, Laine and Aila, 2018b)

Style-mixing:
Style GANs incorporate mixing regularization, where given percentage of images are generated using
two latent codes instead of one. For such images, they copy a specified subset of styles from source 1
and taking the rest of the styles from source 2. They refer to this operation as style mixing. with this
style mixing they observed that each subset of styles controls meaningful high-level attributes of image
Stochastic variation:
When considering an image there will be stochastic features of it, say hair placement and freckles for
human face. These features can be randomized keeping the image identity intact. In traditional generator
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network, random noise is added to input vector to insert these features and the network has to invent a
way to generate pseudorandom numbers from earlier activations whenever they are needed. However,
this causes losing control over other features due to feature entanglement. This leads to other features
of the image being affected. In Style GANs, the stochastic variation noise is added as per pixel noise
after each convolution. This does not affect the global aspects of the image such as identity and pose.
Disentanglement studies:
To make the feature separation more quantitative the paper proposes the concepts like
Perceptual path length (Ranihorev) - where the difference between two consecutive images is measured
when interpolating with two random inputs. Drastic changes mean multiple features have changed
suggesting that they might be entangled.
Linear separability (Ranihorev) - classify inputs such as male or female. The better the classification
the more separable the features are.
With these improvements upon the base ProGAN architecture and presenting novel concepts like style
mixing and mapping networks, the StyleGANs produce high quality and realistic images with a superior
control over visual features of the input images.

4.2

Experiment

In this section, we address the following research question using experiment methodology
RQ2. How well the performance of the Generative Adversarial Networks can be enhanced with the
use of style GANs, a variate of the base GAN architecture?
In order to observe the enhanced results of generated samples using Style based GAN architecture, we
do the experiment where we perform data collection, preprocessing and model training which we
describe in detail in the next sections.

4.2.1

Tools and Software equipment for Data preparation and preprocessing

Hardware:
- RAM: 16.0 GB
- Processor: Processor Intel(R) Core (TM) i7-7820HQ CPU @ 2.90GHz
- Graphic card: Intel HD Graphics 630, NVIDIA Quadro M1200
- Disk size: 475 GB
Software:
- Operating System: Windows 10 (64- bit)
- Programming language: Python 3.6

4.2.2

Tools and Software equipment for Training the GAN model evaluation

Training the dataset with Style GAN algorithm required to have certain CPU memory threshold and
high-performance GPU requirements, which the local setup did not match to. For the same reason we
opted for cloud services. We made use of Google cloud Deep Learning virtual machine instance. The
hardware and software details of the chosen cloud instance are as follows.
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Hardware:
- Processor: Processor Intel(R) Core (TM) i7-7820HQ CPU @ 2.90GHz
- Graphic card: nvidia-tesla-k80
- Disk size: 100 GB
Software:
- Operating System: Debian GNU/Linux 9.9
- Programming language: Python 3.6
- Cuda toolkit
10.0.130
- Nvidia Driver Version: 410.72
- cudnn
7.3.1
- numpy
1.16.3
- TensorFlow
1.13.1
- tensorboard
1.13.1

4.2.3

Data Collection

For the current research purpose, we used Leafsnap Dataset (Kumar et al., 2012) that includes images
of leaves taken from two different sources, as well as automatically generated segmentations. This
dataset covers over 185 tree species from North-eastern United States. The detailed description of the
leaf’s dataset is as follows

Type of the Image

Number
Images

of Description

lab Images

23147

High quality images of pressed leaves. These images
appear in controlled backlit and front lit versions, with
several samples per species.

Field Images

7719

“Typical” images taken by mobile devices (iPhones
mostly) in outside environments varying amounts of blur,
noise, illumination patterns, shadows etc.

Table 4.1: Table showing list of image types and their description in Leafsnap dataset
For all these images, equal number of segmented versions are generated using Leafsnap segmentation
algorithm. For example, considering a lab image of “Halesia tetraptera” species of leaf, respective
segmented image would be like:
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Figure 8 : Example of lab image and segmented image
With over 30,000 image samples the same number of segmented images are provided in the dataset and
these segmented images are helpful for cropping the images that we describe in the next section. The
dataset size is 977 Megabytes. Each of the lab images will be around ~800 × 700𝑝𝑥 and that of field
images will be around ~600 × 800𝑝𝑥.

4.2.4

Data preprocessing

For running Style GAN on the considered leaf dataset, one of the challenging part is to prepare the
dataset accordingly. StyleGAN has some restrictions of the image datasets to be trained for example,
the input for the training process should be like .tfrecord files.
We used python scripts dataset.py and utils.py to do the following data preprocessing.
Scaling:
A Style GAN dataset must contain all the images in the dataset to be exactly uniform in order to train
precisely. They must be accurately either 512 × 512𝑝𝑥 or 1024 × 1024𝑝𝑥.They cannot be some
random 800 × 620𝑝𝑥 which is the case in our leaf dataset. We use PIL(Python Imaging Library) resize
functions to resize all the images to a desired 512 × 512𝑝𝑥.
Color Space & Image format:
Another requirement with Style GANs is that all the images must be in same color space. We cannot
use RGB and Grayscale images. Also, the file type must be same for all the images as well as across the
training process i.e., we cannot train the model with JPEGs and later retrain with PNG images. Any
different file format or color space will crash the import process with inscrutable convolution errors.
The later can be ensured by cautiously training without making any changes to the file formats, while
the former requirement was achieved by OpenCV Python library color conversion functions.
Cropping & Centering:
The images we have with Leafsnap dataset: almost every image have non-centered leaves with some
size measurement scale, color scale and gray shade scales included. These additional scales are removed,
and the images are center using the segmented image datasets. This functioning is covered in utils.py
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where the contours of the segmented images is calculated and is used to select combination of specific
blocks of the actual image which we then center using numpy array slicing as each image is array of
pixels(R,G,B values) deep down.
An example for this cropping of actual image using segmented image can be demonstrated as follows:

Figure 9 : Example of actual image and respective segmented image used for cropping

The result cropped and centered image:

Figure 10 : Cropped and centered image result

Shuffling:
In order to guarantee all the images are not in alphabetical order of their species names, we shuffle the
ordering of images and then assign labels to them before saving them. This was achieved by numpy
library’s random shuffle function.
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Generating tfrecords :
Unlike many GAN implementations, Style GAN only reads .tfrecord files(a TensorFlow supported data
format which stores each image as arrays at every relevant resolution) as input for training model, so all
the image file formats should be changed to .tfrecord files. This transformation can be done using
dataset_tool.py script from StyleGAN’s project which takes around ~38x additional disk space.( The
original dataset is around 977MB and the tfrecords dataset is around 32GB in our case)

Figure 11: Collection of leaf sample images from Leafsnap dataset before data preprocessing.
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Figure 12: Collection of leaf sample images from Leafsnap dataset after data preprocessing.

4.2.5

Training

While we used local computer environment for the data collection and preprocessing, training the style
GAN generator needs improved GPU support like NVIDIA tesla GPU and also other requirements as
mentioned in section 4.2.2.The training algorithm does not support NVIDIA Quadro series GPU, which
is the case with our local setup(We have tried using the local set up at first, but the training crashed
giving segmentation fault many times). For this purpose, we decided to choose Google cloud platform
to continue with the rest of experiment. We created a deep learning virtual instance with 1 NVIDIA
Tesla K80 GPU support and latest NVIDIA compile driver version installed. Manual installation of
python and TensorFlow environment has been done.
The official GitHub page for style GAN source code states expected times for default configuration
using Tesla V100 GPUs as:
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Figure 13 : Estimated training time when using different number of GPUs under default configuration
settings

However, these extremely long training GPU hours cannot be achieved with a cloud instance having
relatively low computing GPU. We tried to train our leaf dataset for relatively lesser GPU hours.
Training for lesser GPU hours than those suggested by Style GAN official estimated training hours
might arise the question of compromising on quality of generated data samples. This is handled by
tuning the hyperparameters ( Section 5.1.1 - Tuning hyperparameters) to result in faster convergence
of generator and discriminator model learning rates.
While the starting point after generating tfrecord files is train.py, it needs configuration changes to be
done to load our desired dataset tfrecords and GPU configuration needed. In the file config.py from
source directory, the data directories are to be configured accordingly.
Then we need to modify train.py with the number of GPUs, image resolution, datasets and location of
tfrecords etc. We can choose the mirroring data augmentation which would require larger memory size.
We set the mirroring data augmentation to ‘False’. The configuration looks like this
# Dataset.
desc
+=
'-leafsnap';
dataset
EasyDict(tfrecord_dir='/home/leasfnap_tfrec/',resolution=512);
train.mirror_augment = False;

=

This sets up the data for leafsnap dataset pointing to the leafsnap tfrecord files, resolution as 512px and
mirror augmentation is turned off. This now sets up title ‘-leafsnap’ for logs and resuming the training.
Also, we need to change the default settings to 1 GPUs
# Number of GPUs.
desc += '-1gpu'; submit_config.num_gpus = 1;
This needs to be correctly configured with the matching number of GPUs on the instance otherwise style
GAN fails to find the nonexistent GPUs and terminates the training with an error. Also, in
training_loop.py, the resume_id needs to be set to pick up the latest network pickle(Style GAN stores
the overall training progress in pickle files) otherwise all the previous progress will be lost.
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With these configuration changes we started to train the model on the dataset. We ran the Style GAN
from a GNU screen session which can be detached from the SSH connection to the cloud instance and
the process keeps running separately on the cloud shell.

4.3

Literature review of Performance Metrics

In this section we address the third research question ,
RQ 3: What are the prominent metrics used to measure the performance of the used learning model?
We used literature review methodology to answer this question. While several measures have been
introduced to evaluate GAN model’s performance, there is no consensus as to which measure best
captures the strengths and limitations of models as well as evaluating the generated image quality in
respect to the original images. To address this, we review the existing research works using various
metrics for evaluating GAN performance.
When considering the design of a GAN, usually the objective function of generator and discriminator
networks measures how well they are trying to perform against each other. For example, how well the
discriminator model tries to discriminate real data and generated data. And how well the generator model
tries to fool the discriminator model. While this can be good measure for the GAN architecture, it is not
a good metric to measure the image quality and their similarity to ground truth. It is important to be able
to measure and analyze the outputs of the learning model. This brings the necessity to use of qualitative
and quantitative evaluation measures. While measuring accuracy of the images synthesized is simple
and a common measure, using a distance measure between the generated distribution and the real
distribution can be more efficient measure. According to “Pros and Cons of GAN Evaluation
Measures”(Borji, 2019), a good performance evaluation measure should :
- Favor the models with discriminability i.e., ability to discriminate generated samples from ground
truth.
- Favor the models that generate diverse samples so that it will be sensitive to overfitting
- Agree with human judgement of models and human rankings
- Be sensitive to pixel level image transformations. For image datasets, a few pixel level transformations
do not change the semantics of the data samples.
With respect to the above essential properties, following qualitative and quantitative measures are
studied in order to choose an efficient evaluation measure for the Style GAN image generation.

4.3.1

Quantitative measures

1.Average Log-likelihood:
Log likelihood has been the standard measure for training and evaluating learning algorithms. For
optimizing algorithms like gradient descent, log likelihood serves as objective function to stabilize the
algorithm when sample size changes. For evaluating the training models, it measures the likelihood of
the real data within the generated data distribution. It can be defined as
1𝛴

𝐿 = 𝑁 1 log 𝑝𝑚𝑜𝑑ⅇ𝑙 (𝑥𝑖 )
Where,
𝑁: number of samples of generated data,
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(9)

𝑝: probability mass function of the model,
𝑥𝑖 :outcome of random variable X
The intuition of this measurement is that a training model with maximum likelihood signifies perfect
samples are generated. And the division by N times would make it compatible over datasets with
different sample sizes. One of the drawbacks of this evaluation metric is that likelihood estimate
generally remains uninformed about quality of images .For example a model with low likelihood
estimate can produce good samples and another similar case would be, models with high likelihood
estimate can produce poor samples.
2. Inception Score (IS):
It is the commonly used metric for evaluating the synthetic image outputs of Generative Adversarial
networks, that tries to estimate the quality of images generated. It was introduced as an alternative that
correlates well with human judgement of image output (Salimans et al., 2016).This metric uses a pretrained neural network (Inception net) which is trained on ImageNet(Jia Deng et al., 2009) Inception
score which is the output of this metric depends on two concepts simultaneously:
1. Images variation, if each generated image is coming from a different label
2. Each of the generated image uniquely looks like a meaningful sample, for example one leaf
image clearly looks like one species X and the next one looks like species Y
For a given image output, if both these subjects are true then a high inception score will be assigned. If
either or both are low, then the score is low. Inception score over the ground truth can serve as upper
bound for the measurement. Despite the convincing facts about Inception score, following are some
limitations to be noticed:
As inception score uses network pre-trained on ImageNet(Jia Deng et al., 2009) that covers many class
labels. If the images generated uses different class labels from the classifier training set, the score will
be low even if the generated images look more realistic
If the generator model generates only one image per class label, the inception model can assign high
score(since it covers both points - image diversity and distinct image generation to be true)
3.Fréchet Inception Distance (FID):
The Fréchet Inception Distance(Heusel et al., 2017)(FID) is the current state-of-the-art since it has
relatively low variance given sufficient samples and it is strongly affected by mode collapse(Lucic et
al., 2017).In FID model, an inception network extracts features from intermediate layer(a set of
generated images are embedded into the feature space)The data distribution is viewed as multivariate
gaussian distribution with mean µ and covariance Σ, for both real images r and generated images g. The
Fréchet distance between these two gaussians is given by
2

𝐹𝐼𝐷 = ||μr − μg||

+ + 𝑇𝑟(Σr + Σg − 2 (ΣrΣg)0.5 )

Where,
𝑟: real data distribution,
𝑔: generated data distribution,
μr, μg: mean of real and generated data respectively
Σr, Σg: covariance of real and generated data respectively
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(10)

Where Tr is the sum of diagonal elements. This distance is used to measure the quality of images
generated. Lower the FID values indicates better image quality. Also, the FID score is more robust to
noise, say a generator model generates only one image per classification image class its Inception score
will be high however its Fréchet distance will be bad making FID a better measurement for image
diversity. However, the Fréchet Inception Distance assumes the features follows gaussian distribution.
4. Precision, Recall and F1 Score:
Kurach et al(Lucic et al., 2017)proposed that these measures can be used to quantify degree of
overfitting in GANs. Precision can be defined as the ratio of correctly predicted positive observations
to the total predicted positive observations. It tries to answer the question of all the positively predicted
labels how many are actually positive. If the generated images are similar to real images, then they are
said to have high precision. Recall is the ratio of correctly predicted positive observations to the sum of
all the observations for the considered class label X. Recall answers the question, of all the samples
coming from class X how many we labelled correctly. High recall implies that the generator model can
generate any sample found in the training dataset. A F1 score is the weighted average of precision and
recall.
Precision measures the quality of generated samples while recall measures proportion of real distribution
over generated distribution. The researchers argue that Inception score only cover precision while
Fréchet Inception Distance covers both precision and recall. The main limitation of these scores is that
it is impractical to apply these for large variant image datasets and their use is limited to evaluations on
synthetic data.

4.3.2

Qualitative measures

While the above evaluating measures are more inclined to produce a score/values from the properties
of generated image outputs, there has been research works to evaluate the quality of generated images,
some of them are as follows:
1.Visual examination:
Visual examination of generated samples with the human judgement is one of the most common and
most intuitive ways to evaluate quality of the generated images. It can be good to use visual examination
to closely observe the model and for tuning hyperparameters, it is expensive, biased and impractical to
reproduce the same exact measurements.
2.Nearest neighbors:
This measurement is generally used to detect overfitting, involves showing the generated samples
nearest to real images in the training set. The nearest neighbors are calculated using Euclidean distance,
which is highly sensitive to minor perceptual disturbances. For example, images with small shift in the
order of pixels can have larger Euclidean distance change.

After reviewing the existing qualitative and quantitative evaluation measures, we decide to use FID
score to evaluate the leafsnap style GAN model. While Inception score (IS) or FID score being the most
common measures used in GAN models, we opted FID score for the following reasons:
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•
•
•

FID score is more robust to noise than inception score.
If a model generates only one image per class, IS will usually give a better score whereas FID
will give a bad score indicating insufficient data samples generated, so FID is a better source
for image diversity.
FID score is enhancement over the IS as it actually compares the statistics of generated samples
to real samples, instead of evaluating generated samples in vacuum.

With the performance measure chosen as FID score we use experiment methodology to evaluate the
learning model. We use experiment methodology with the following dependent and independent
variables.
Independent and Dependent Variables :
• Variables that are manipulated and controlled in a process are called as
independent-variables. The number of training examples and the distribution of the
images (real or synthetic) are the independent variables in the
experiment.
• Variables that are caused by the effect of the change in independent variables are called as
dependent variables .The dependent variable in this experiment is the accuracy ,
Fréchet Inception Distance score (against the data distribution).
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5

RESULTS

The results from the experiment that is described in section 4.3 and 4.4 are presented here. We first
present the generated synthetic images from the style GAN architecture and then the evaluation of the
image data generated using performance metrics. By presenting the results from the experiment answer
the following:
RQ 2. How well the performance of the Generative Adversarial Networks can be enhanced with the
use of style GANs, a variate of the base GAN architecture?

5.1

Generation of synthetic plant leaf Images

Style GANs with the configurations improved according to the leaf dataset, initially starts with a random
image noise. Patterns of image noise will be populated over squares of the actual fake image.

Figure 14 : Initial Image noise generated by the generator model of Style GAN
Throughout the process of training the generator and network models, the style GAN algorithm makes
progress in form of ticks. These ticks display the total time taken till the current tick, the progress in
total number of training images made, GPU memory made use of etc.
For style GANs adaption can happen within a few ticks. Starting from the random image noise which
will differ each time you start training from the beginning, the model starts to adapt to the dataset using
its expressive latent space. Within a few ticks, the model generates the adapted fake image related to the
dataset used upon.
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Figure 15 : Style GAN generator adapting to the leaf dataset after around 12 ticks with a training time
of 2 h 18 min and minibatch size of 128

With the minibatch size starting from 128 it reduces to 64 after certain ticks. Note that as explained in
section 3.2.3, when the minibatch size decreases the different variations of fakes images that the model
can generate, reduces. So, they can be quite monotonous with decreasing minibatch size. Also, for each
different minibatch size the average tick processing time noticeably increases.(might be not a noticeable
in the case larger number of GPUs)
While there are quite interesting adaptations the model makes for every tick, we present only some of
these ticks.

Figure 16 : Style GAN generator adapting to the leaf dataset after around 40 ticks with a training time
of 48 GPU hours and minibatch size of 64
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Figure 17: Style GAN generator adapting to the leaf dataset after around 20 ticks with a training time
of 100 GPU hours+ and minibatch size of 16

5.1.1

Tuning hyperparameters

Later in training as we observed the images generated are transferring the coarser style visualizing the
G and D learning rates showed that they are not converging towards each other. We then changed the
balance of LR’s of G and D in train.py. The default of 0.003 might be a good to start but can be too high
once the images reach relatively high quality. We tried experimenting with lower values of LR’s set.
First, we tried to reduce the LR’s by a third i.e. 0.001 and then later reduced in even to a tenth of original
value i.e., 0.0003 .After the latter tuning it helped to achieve better image quality outputs.
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Figure 18 : Style GAN generator adapting to the leaf dataset after around 80 ticks with a training time
of 164 GPU hours+ and minibatch size of 8

Figure 19 : Style GAN generator adapting to the leaf dataset after around 87 ticks with a training time
of 192 GPU hours+ and minibatch size of 8
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5.2

Evaluating the performance of the used learning model

In the section 4.5 we have reviewed and discussed various qualitative and quantitative measures for
evaluating the GAN flavor learning models. We discussed what a good performance evaluation model
should and should not do. In this section we present the experiment results for the third research
question ,
RQ 3: What are the prominent metrics used to measure the performance of the used learning model?
After tuning the Generator and discriminator learning rates, using tensorboard, we visualized the
progress G and D LR’s convergence towards the ultimate goal of 0.5 (at the latest training level we
observed they converged to a loss of 0.3). Also, we visualized the loss scores the for real and fake images
the discriminator model penalizes on the generated data

Figure 20 : Screenshot of Tensorboard real and fake loss scores on the leaf dataset StyleGAN making
progress towards convergence

To evaluate our style-based GAN learning model, we used Fréchet Inception Distance measure. As the
FID is an improvement over IS as it actually tries comparing the statistics of generated fake image
samples to real samples. While Inception score evaluates generated samples in a vacuum. Lower the
FID is better but a minimum size of 50000 image samples is needed to estimate the true FID of the
model.
The FID is calculated by assuming that X_1 and X_2 are the activations of Inception-v3 pool3 layer for
generated samples and real-world samples respectively. mu_n is the mean and C_n the covariance of
the activations of the coding layer over all real world or generated samples.(Heusel et al., 2017)
In our plant leaf data, the FID is calculated by the metric_base.py and frechet_inception_distance.py
python scripts. The real data samples are supplied by the .tfrecord files generated from real image
samples and the generated fake image samples are supplied as network snapshot pickle files( networksnapshot-005845.pkl in our case). And the inception v3 features data is supplied by
inception_v3_features pickle file.(inception_v3_features.pkl).First it calculates the statistics for real
images like mean and covariance for the activations of inception pickle on real data. Then it does the
same statistics for generated fake data. The FID score generated for our leaf StyleGAN is 38.851
.

41

Figure 21 : Screenshot of the log file after calculating FID score for generated leaf data
While the training is continued for additional GPU hours, we calculate the FID score again which is
observed to be 26.4268. It is to remember that exact results may vary from run to run due to nondeterministic nature of TensorFlow.
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6

ANALYSIS AND DISCUSSION

6.1

Analysis

In this section, we present the interpretations of the experiment we did and evaluate the results we
outlined in the previous section.
Once the data preprocessing is done, the images are converted to style GAN dataset format
dataset_tool.py. However, it is worth noting this python script is extremely fragile and does not warn
about any differences in image format that could potentially crash during importing the data while
training model. We had to ensure all the images are of identical format, i.e. 512×512 px RGB scale jpeg
images. Also, any duplicated images created while preprocessing must be eliminated as style GAN
unlike many other GAN models, accept only .tfrecords input format and the input image files will slowly
be converted to this format and could take up to ~38x more disk space(which is the case with our leaf
dataset).Therefore, we made sure the input files are perfectly uniform without any duplications.
Since we switched between the local and cloud VM instance setups for data preprocessing and model
training processes, the data had to be migrated from local environment to google cloud VM. The current
experiment of model training had been done for ~8 GPU days. A general rule of thumb is that a GPU is
~20 - 30 times faster than same processing in CPU. So, a common question to arise is if StyleGAN is
memorizing the data or overfitting the data. There are reasonable explanations to think that GANs are
not just memorizing. Although this cannot be tested by looking at the model samples alone. Common
technique to check overfitting is nearest neighbors from training set. Another estimate of log likelihoods
on GAN-50’s training and test data distribution are proved to be identical throughout the training,
denying the hypothesis that it was memorizing training data. This has not been estimated for StyleGAN
yet, but we won’t expect it to be different as GANs consistently deny this hypothesis. Another question
that could be pointed is if StyleGAN takes too long to train. According to the estimated GPU hours to
train the model on 512px data with 1 GPU could be 24 days 21 hours of training. Thus ~8 GPU days is
almost of one third of an estimated training model. Also, most of the basic feature that help to resemble
leaf samples are generated within ~2-3 days of model training.
At the time of training, the model adapts to the input leaf samples starting from blobs. These blobs of
extremely low-resolution image fakes move around during the training and generation. These blobs are
said to be related to 3*3 convolutional layers(Making Anime Faces With StyleGAN - Gwern.net) and
that is how StyleGAN creates new features adapting from these blobs.
Another observation made after around ~3 days of training is occurrences of coarse/ sharp pixels. These
coarse pixels usually appeared at the images center and are usually adapted to change colors as per
observation. These adaptations even after consistent training speaks about non-converging learning
rates, thus we lowered the generator and discriminator learning rates for better converging. Also, it could
take several ticks after each modification to see if it made any difference.
We had to skip running the FID metric python script during the training as it gives consistent permission
denied errors when trying to load pickle files from cloud drive shared locations(this can be regarded as
google cloud VMs security limitation not to access public shared drive URLs).
Every time changes are made to the training code modules; the ongoing training process cannot pick the
changes on fly. Training has to be halted explicitly, save the changes and retrain the model. It is
important to configure the resuming snapshot pickle files and image id to resume from. These can be
specified in training_loop.py at respective fields of “resume_run_id”,”resume_kimg” .If not set or gets
overwritten, StyleGAN appears to ignore the pretrained model which wastes all the trained GPU hours.
StyleGAN simply overlooks the already existing pickle files and snapshots unless specified explicitly.
We have to make sure that the resume configurations are applied correctly by checking the first sample
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generated after retraining. It should contain the name something as fakes005485.png not
fakes000000.png.
As described in earlier sections, StyleGAN generates the samples at regular ticks. However, the tick
duration changes with a change in minibatch size. Initially the tick duration was ~ 30 GPU minutes
when the minibatch size was 128. Later on, it increases, and the tick duration was ~5 GPU hours per
each tick for the minibatch size 8. The results we presented in the earlier section cover various ticks of
the model during training.
To visualize the ongoing training progress, StyleGAN saves the summaries to tensorboard events.
Which helps to visualize if the scores and learning rates are progressing correctly. However, using the
tensorboard from google cloud VM as it uses proxy port mapping which will not be normally the case
with local setup. As a workaround , we had to copy the so far logged tensorboard events file locally and
run with it. Also, we can generate a computation graph for the overall training model by explicitly
configuring it in training_loop script. In our case it looks like the following:

Figure 22 : Tensorboard generated computation graph for the full training model.
Calculating the FID score during the time of training was proved unsuccessful multiple times. One of
the persistent errors we got was memory error (which was suspected to be because of using too much
RAM resources for simultaneous training and evaluating, also during the time of training it has to update
the score with every snapshot generated ).Another error was permission denied error, which we think
was due to cloud VM’s security limitation. For these reasons we skipped the FID metrics during training.
After the model started generating convincing image fakes which is around day 8 of training. We
decided to calculate the FID score for the leaf StyleGAN model. We had to configure the real image
dataset and generated fakes dataset(detailed in section 5.2). Memory error was resolved at this point,
but permissions error was still reproduced. We downloaded inception v3 pickle manually and fed it to
the algorithm. It calculated for the network-snapshot-005845.pkl file, the latest generated fakes
snapshot. The score, 26.4268 however is a larger value compared to NVIDIA's celebrity face
model(usually the lower the better).One reason could be the FID algorithm requires a minimum of 50000
data samples to calculate a true FID estimate to the model. In the case leaf dataset, it is ~27000 samples
for real data and could be much lower for generated fakes(due to uncertainty of pickle file size).The 48
layers deep inception v3 convolutional neural network that is trained on more than a million images
from the ImageNet database; what is existent on ImageNet might have little to do with our leaf dataset
domain. As we researched a little into the class labels existent in ImageNet, they cover plant related
labels like flowers, tree, vegetables but not leaf label in particular. While an FID score like 100 is
concerning, a score of over 20 or even higher is not necessarily a problem.
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6.2

Validity Threats

Validity is important to the research work as it signifies how well we did the experiment to produce the
results. There are two categories of validity threats that are concerned with a research work. Internal and
external validity.

6.2.1

Internal Validity:

6.2.2

External Validity:

6.3

Limitations

This refer to the ability to determine the cause and effect relationship between the variables considered
in the study. Using internal validity, we consider how certain we can be with the findings of the research
work. In the current study, one internal validity threat is of losing the generated fakes that are not over
fitting and have sufficient high quality. We mitigated this threat by collecting the generated samples and
observing manually from each of the snapshot throughout the model training.

This refers to the extent the experimental study can be generalized to other settings in a wider view. The
structured and controlled experiment settings ensure improved external validity. The training model
configuration is made in a way that the study can be replicated again with different sample sizes to
produce identical results.

•

•

One of the limitations in the research work is constrained training times. As the estimated
training times were longer for Official StyleGANs model, we had to tune the discriminator and
generator model’s learning rates and balance them to converge faster to .This ensures the results
produced were with sufficient high resolution.
In this experiment we performed the data preprocessing techniques in a local environment
while training the model is done in a cloud environment. So the data migration is done with
some duplication of effect and resources.

45

7 CONCLUSION AND FUTURE WORK
In this chapter we present the conclusions drawn from this research work as well as possible proposals
for future work.

7.1

Conclusion

In this research work, we describe the problem context of generating image datasets that are similar to
that of training dataset so to expand the input image dataset using Style based generative adversarial
networks. We formulated three research questions to address the objectives of the research. We then
presented the related work including various research work on GAN flavors and evaluation measures.
We detailed about background and terminology of various concepts related with GANs.
We address the first research question about the existent literature for various GAN architectures. In
order to answer the question, literature review of various articles conference papers and journals relevant
to the GAN architecture was done and described in detail about the key research contributions to
comprehend the research problems in each of the studied papers. We used digital library platforms like
BTH library, Google scholar, Springer, ACM digital library etc. By answering this research question,
we aimed to focus on the surveying the existing methods in order not to reinvent the wheel. We address
the third research question partially with literature review methodology to review the existing qualitative
and quantitative performance evaluation measures. We detailed what a good performance evaluation
measure should and should not do.
In order to answer the second research question, we conducted an experiment to use the style-based
GAN architecture on a plant leaf dataset(Kumar et al., 2012) to observe how well the performance of
GANs has been enhanced with the use of Style based GANs. The limitations of research work on
DCGANs(Baker, 2018) were concluded to be insufficient dataset and noisy data samples. We tackled
with this issue by using a leaf dataset of size about ~27000 samples. We presented a detailed description
of data collection and preprocessing with a visualized examples. And then the training process of
learning model and the software equipment requirements has been discussed. We stated the limitations
of the local setup to continue with the training and the about the cloud instance used.
The results were presented with the generated fake data samples under different minibatch and tuned
learning rates for generator and discriminator models. The initial image was a random noise image
pattern while the latest generated fake was convincingly similar to the ground truth with 8+ GPU days
training adequate to expand the dataset. We discussed about how the learning rates are tuned to get better
samples. The model performance is visualized by tensor board figures of penalty scores for real and fake
images. We then calculated the Fréchet Inception Distance score for our leaf Style GAN which is larger
when compared to that of Style GANs original celebrity faces FID score. We analyzed the results
produced and addressed the shortcomings in our experiment at various stages.

7.2

Future work

In this research we presented the image synthesis of plant image data using Style GAN architecture.
While the results produced are convincing for visual judgement, the model training required quite long
GPU hours. Further possible work can be done by training the model to converge on smaller minibatch
sizes and finer hyperparameters tuning. Style GAN implementation includes network models pretrained
on celebrity faces dataset. This can be possibly used on similar domain (face)1024px dataset instead of
training from scratch, as this will save around ~1000 GPU hours by starting from Nvidia’s FFHQ face
model which is already fully trained and can converge even faster. Another possible future work will be
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improving the transfer learning scripts to allow 512px pretrained model along with existing 1024px
model.
With evaluating the Style GAN leaf model, the observed Fréchet inception distance is larger than the
range of scores presented for Style GAN face model. Possible future work can be using larger datasets,
approximately double the size of our leaf dataset, to get better estimates on Fréchet inception distance.
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