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Abstract - This report gives an overview of the data mining project we are currently
working on. The objective of the project is to generate art like an actual artist which we
will be doing using generative adversarial networks. We found this problem as a
challenge on the website Kaggle. The project is really interesting as it mixes art and
(data) science. It is pretty challenging to re-create art which should look like it is made
by a reputable artist just by using lines of codes. Currently we are working on the
development of a generator model for the creation of images. We will mainly be using
Python as the base programming language for the project.
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CHAPTER 1
INTRODUCTION

General introduction to the project area

Our main project area is generative adversarial networks. GANs are a deep learning
based model which contain two neural networks which are used to train and test the
data. The two models are a generator model and a discriminator model. The generator
model is trained using the discriminator model. The two models work against each other
to get an optimal output. GANs include generative modelling which is an unsupervised
task in machine learning which means that we have input variables but do not have
output variables, so the model is made by evaluating the input data and identifying the
patterns in it to generate an output. In GANs we frame the problem as a supervised task
as we include two models and train them together to classify data as real or fake
(generated). The goal is to trick the discriminator for more than half of the input to get a
plausible output.

The two models work differently, the generator model takes input of any random vector
from a distribution of the data and creates a sample domain for the discriminator
model. After the training is complete the points inside the vector correspond to the
points in the domain created which creates a compact representation of the data. The
vector is referred to as latent (hidden) which has got meaning by the generative process
carried by the generator model, so that new points can be used by this model again to
develop new and different outputs. The discriminator model simply takes input from the
domain created and classifies the data as real or fake.

This model is very straightforward and upcoming in this field as it has the ability to
generate realistic outputs for a wide variety of problems. The advantage of using this
model is that it uses deep learning techniques which allows data augmentation resulting
in better developed models which reduce the errors and increase skill.
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Fig 1: A representation of how GAN works.
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OBJECTIVES

The Objective of our project is to take images as input and generate them as images
which are in the style of the renowned French artist Claude Monet. Every artist has a
unique style and way of creating art which cannot be replicated easily, but now with the
use of deep learning methods we aim to transform normal images into Monet-style
images. We are using generative adversarial networks about which we have explained in
the previous section.

The first objective will be to develop the generator model for the network which will
give a base domain for the discriminator model to classify the images. We will be using a
sub-category of GANs known as CycleGAN. This is a technique which basically trains data
from an image-to-image model without any paired examples. This is a powerful way to
easily transform images of a type into another which are visually very appealing and a
very good resemblance of the actual output required. We will use thousands of images
as input data and try to get a large number of Monet-style images. A credible output will
be if more than half the images generated by the generator model are classified by the
discriminator model as a real image.

This is a very good learning opportunity for us to understand deep learning models and
to increase our knowledge about data science by doing a meaningful and exciting
project. The biggest objective for us is to make something useful and provide something
of our own for others to learn from and make use of.
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Fig 2: CycleGAN representation.



MOTIVATIONS / CHALLENGES

The project we have chosen is an ongoing competition on the website Kaggle which has
a lot of data science projects, competitions and datasets. Already 156 teams are working
on this problem and many have submitted their ways of doing this. We decided to go
ahead with this problem simply because of the very intriguing and challenging nature of
it. The problem combines art and data science which to us was really interesting. The
field of data science involved in the problem is very new-age and will help us to gain
knowledge about a various number of concepts about deep learning methods and
neural networks.

Image-to-image translation has become popular recently and is being used in a wide
variety of fields for different purposes, although the problem we have is just for
beginners and just for learning purposes, we think that it can be put to real use and the
model can be developed for generating a lot of new art and can also help in reviving lost
and antique art forms. The motivation is very intrinsic for us and we will do our best to
produce something useful and original.

The challenge is to create a GAN that will generate around 7,000-10,000 Monet-style
images. The objective has been explained in detail in the previous section, but to look at
it as a whole we will use generative deep learning techniques to implement data
augmentation for the transformation of normal images into Monet-style images.
Another challenge for us is to study about CycleGANs and to learn how to use them. We
have the knowledge about basic python coding but this project will require the use of
advanced python algorithms which are developed specifically for machine learning. We
will use the PyTorch machine learning library which is used in the field of computer
vision. It is a widely used library and makes it very easy for the implementation of
machine learning techniques.
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Fig 3: Image to image translation.
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ORGANISATION OF THE REPORT

The first chapter contains the details about our project area, the objectives, motivations
and challenges of the project. We briefly explained about the project area which is
generative adversarial networks — a generative unsupervised model which uses deep
learning methods to implement data augmentation and is mainly used for image-to-
image translation.

The main objective of the project is to convert normal images to Monet-style images by
using machine learning techniques. The project is pretty challenging for us as we do not
have any experience in this field and therefore we have a self-developed motivation for
gaining knowledge about the field and completing the project.

The second chapter is the main part of this report which incorporates the literature
survey we did about the different research papers from journals and conferences in the
same field of our projects. By reading and interpreting the papers we got to learn about
GANs and CycleGANs a lot more and it helped us to understand how they work and
what challenges we will face during the creation of the generator and discriminator
model. We read around 30 different papers from the past 5 years and all the papers had
something new to offer. The newer papers were able to overcome the difficulties faced
in the older projects and gave a sense of belief that we could also overcome the
complexities revolving around the different aspects of the project.

The third chapter simply informs you about the dataset which we will be using for the
project. We found the dataset on Kaggle.com and it contains some paintings of Monet
and thousands of normal images which we will try to transform into Monet-style
images. After that we have explained how we implemented the CycleGAN for the
project.

The fourth and final chapter covers the results we found on testing our model and how
we reduced the errors by using appropriate optimizers, and the conclusion of the whole
experience of doing this project.



CHAPTER 2

LITERATURE SURVEY

We surveyed research papers from the past 4-5 years related to generative adversarial
networks. People have been using GANs for various different purposes including
satellite imagery, image colorization, multi-domain image translation and many more.
The common trend we found in all the papers was that everyone was focusing on
realistic outputs and overall better performing models. GANs are simple deep learning
models which have two sub-models, generator model and discriminator model. They
work against each other to generate images and try to distinguish them into real and
fake. The most common category of GANs we found which was used in a significant
amount of research were the CycleGANs. These were used for super-resolution imagery,
changing emotions of an image, shape-agnostic image translation, etc.. Some of the
notable researchers proposed in the field of CycleGANs were the following, Lu et al.
proposed an identity-guided conditional CycleGAN to translate low-resolution face
images to high-resolution face images. Ehsan Hosseini-Asl et al. proposed a multi-
discriminator CycleGAN model for speech domain adaptation. Hiasa et al. extend
CycleGAN by adding a gradient-consistency loss to improve accuracy at the boundaries
of MRI and CT image synthesis. Choi et al. introduced StarGAN, a cycle-consistent
adversarial network that performs multi-domain image-to-image translation using a
single generator and a single discriminator using multiple datasets.

Our project is also based on image-to-image translation, what we require to do is that
convert an image by adding textures and styles to it, a lot of work has been done in this
specific field, most of them used unpaired data because we saw that earlier GANs were
being used as a supervised task and paired data was used, but to reduce the loss caused
by paired data input, unsupervised GAN frameworks were introduced. Another thing
which we found was the use of multiple generator models for cross-domain and multi-
domain image translation, we observed that GANs are not that much capable for
handling more than two domains at once. The newer models are now able to overcome
that difficulty and use just a single model for multi-domain purposes like the StarGAN
proposed for multi-domain image-to-image translation.

After reviewing the papers it was pretty clear to us about the advancements that have

been made in this field. The most prominent and significant impact of GANs has been in

computer vision, which is the up and coming field for research. It is a field of artificial

intelligence which deals with training computers to understand and interpret the visual
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world. Image translation, increasing resolution of images, identifying and classifying
images all come under computer vision.

The use of GANs has increased hugely in recent times, and they are being used for a lot
of other applications like fashion, art, video games, etc.. We found a discussion
regarding the misuse of GANs and what challenges have risen. People are using GANs
for human image synthesis for menacing purposes by creating fake and incriminating
images and videos. For example there is a GAN model called Speech2Face which can
reconstruct an image of a person’s face after listening to their voice, this can be used in
many wrong ways. Some states have taken up this issue and even banned the use of
such software for stopping such problems.

For our project we will only be needing a single generator model to process the image as
we are working with a single domain of normal images. We got a lot of inspiration for
the previous work and are fully determined towards creating our own model and
completing the project.
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Fig 4: Different types of neural networks.



CHAPTER 3
METHODOLOGY

DATASET DESCRIPTION

The dataset contains two main components, the first are the Monet style images, and
the second are the normal images. There are four directories: monet_tfrec, monet_jpg,
photo_tfrec, photo_jpg. The monet_tfrec and monet_jpg directories contain the same
image files, they are just of different formats TFRecords and JPG images same goes for
the photo_tfrec and photo_jpg directories. The monet directories contain Monet
paintings which we will use to train our model. The photo directories are images to
which we will apply Monet-style.

Files:

monet_jpg - 300 Monet paintings sized 256x256 in JPEG format
monet_tfrec - 300 Monet paintings sized 256x256 in TFRecord format
photo_jpg - 7028 photos sized 256x256 in JPEG format

photo_tfrec - 7028 photos sized 256x256 in TFRecord format

Link to the dataset: https://www.kaggle.com/c/gan-getting-started/data



https://www.kaggle.com/c/gan-getting-started/data

IMPLEMENTATION DETAILS

For this project we have implemented a CycleGAN for image translation. To learn the
basics of using this model we used a pre-made kernel as a reference and made our
model based on that. The methodology was fairly simple, first we loaded the data which
was in TFRecords format. TFREC is a file format used to store binary strings. Image
datasets can be converted to this format, stored and used easily. After loading the
dataset, the images were extracted and stored again.
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Fig 5: Examples of normal and Monet images.

Then the generator was built which converts normal photos to Monet-esque, then these
images are sent to the discriminator which differentiates between real and generated
images. This model is then trained using the CycleGAN class which automatically trains
the data in an unsupervised fashion without requiring paired data items. We have used
the TensorFlow API for this project which is a simple machine learning library which has
a lot of useful features for training deep networks. For building the generator we used
the UNET architecture.
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Fig 6: UNET-GAN architecture for CycleGAN.

There are two methods used inside a generator function, downsample and upsample.
The first method is used to reduce the size of the images, the height and width. We
decreased it by 2. We used instance normalization for style transferring, this helps in
increasing the convergence of output layers during training. Instance normalization can
be used from the TensorFlow-addons library. The downsample method uses
normalization and the function Conv2D() to decrease the size and add the layer to the
result. Then the upsample method uses the function Conv2DTranspose to increase the
dimensions by 2 and stores the layers in result. Then the generator function passes the
images in batches to the downsample function followed by sending them to the
upsample function. Then the output layers of the downsample function are
concatenated to the upsample layers one by one. This completes the generating of
images. Then the discriminator comes into play which has a simple function. It takes an
image input and classifies it as real or fake. If the image is real it outputs a 2D image
with high resolution and if it is fake it outputs a low resolution 2D image. Next we built
the CycleGAN using tf.keras.model which is a class in the TensorFlow library which
helps us to group the layers into one object which contains the features we have
applied during training. This model is more useful because when we subclass it we can
configure the model with losses and easily train it by using the functions
model.compile() and model.fit() respectively. In the CycleGAN class we define the
generators and discriminators and some losses which will help us to estimate the
correctness of our outputs.
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Fig 7: Photos before training the model.

We train the model by using a method in which we translate an image to Monet-esque
style then translate it back to normal and see the difference between the two to find
out how much is the loss. If they come out to be pretty similar then it means that the
model is giving feasible output. After training the losses and the gradients which are
applied to the optimizers.

We are taking four types of losses, discriminator loss, generator loss, cycle loss and
identity loss. The discriminator loss function calculates the average of the real and
generated loss. Ideally the discriminator should give 1 for a real image and 0 for a fake
image so, both are respectively compared to matrices of 1’s and 0’s. The generator loss
function compares the generated images to a matrix of 1’s as the generator wants to
trick the discriminator into believing that the generated images are real. The cycle loss
function compares the input image to the image we get after transforming it twice, first
generated and then normal again and computes the average of their difference. The
identity loss function compares the input image to the generator with its output to find
out how much difference is there between them. Lastly we use the model.fit() function
to train our model , we took epoch to be 5 only as it is a heavy process and took nearly
26 minutes to complete one epoch.
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CHAPTER 4

RESULTS AND CONCLUSIONS

After running the model for 5 epochs we found the following output log:
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Epoch 1/5
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Fig 8: Output log.




If we take the averages of all the losses over the 5 epochs we get:

Average Monet generator loss = 3.7713
Average photo generator loss = 3.8615
Average Monet discriminator loss = 0.6464
Average photo discriminator loss = 0.6324

We notice that the errors of the discriminators are fairly less which means that the
generated images are very Monet-like and it is difficult for the discriminator to
distinguish between them. The generator losses are around 3-4 which is fine for a
standard generator model.

We also notice that with iterations taking place the error is getting reduced which is a
positive result.
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Fig 9: Loss vs Epoch graph for all the losses.
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For the optimizers in the CycleGAN class, we have used four different optimizers for
each attribute, this helps in both networks to get better.

We have used the Adam optimizer for estimation. This optimizer is very useful as after
every epoch it changes the learning rate, bias and weights, this helps in achieving a good
result. Following is the visualization of some images:

Input Photo Monet-esque

Fig 10: Some input images and their outputs.

We can conclude that our model is working viably with reducing error as iterations
increase. The output images we are getting are pretty Monet-like. A lot of models have
been proposed for image translation tasks, we found that the CycleGAN model is very
reliable and practical for the same. It is very easy to understand and implement .
Working on this project was a very good opportunity for us as we have gained a
tremendous amount of knowledge about deep learning techniques, TensorFlow, UNET
architecture and working with GANs which has only helped us to develop our coding
skills and understand machine learning even better.
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