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Abstract: Over a decade of research topics, Deep learning is a prominent domain that has complex categories such as
image synthesis and classification. Generative Adversarial Networks is one of the methods in deep learning that are
essentially two networks which compete against each other to win a game. In 2014 Generative Adversarial Network
(GAN) has been introduced to support various applications such as computer vision and natural language processing
to achieve efficient performance. Over the past few years GAN has brought a potential growth for research. The
author has studied various applications of GAN, out of which image synthesis is well learned. The author has
recognized a drawback that images which are synthesized using GAN have low resolution. Hence, a Convolution
neural network was proposed to obtain high resolution images. The main objective of this paper is to create new
images from the existing images which will be helpful when the data set is of small size and it reduces the time in
creating the anime pictures for the designers .By experimental results, the author has identified that Convolution
Neural Network produced better clarity images with less number of epochs compared to artificial neural networks.
Keywords: Convolutional neural network (CNN), Deep learning, Generative adversarial network(GAN)

I. INTRODUCTION
Generative Adversarial Networks abbreviated as GAN uses Deep Learning techniques. Deep Learning is a sub
field of AI. Deep Learning methods help computer to recognize things as a human does[1][8][19]. GAN’s
primarily consists of two neural networks namely Generator and Discriminator. Generator creates new data from
the existing ones and the discriminator identifies whether pictures are fake or real .If yes the generator tries to
create new images until discriminator fails to recognize. This is the actual conflict that is present between
Generator and Discriminator. There are many number of applications using GAN’s such as Text to image ,
noise removal in images , Facebook uses GAN methods to replace closed eyes of a person with his own eyes in
another picture, medical field etc[4]. GAN plays a major role in generating new images from the existing ones

Vol XIII Issue IV 2020

106

http://www.paideumajournal.com

PAIDEUMA JOURNAL

ISSN NO : 0090-5674

thus reducing human time and effort. In GAN, both the networks need to be optimized and also function
simultaneously. Training GAN is the most difficult part and many researches are going on to make this process
easy. So that the networks will find a point where both will have minimum loss functions and do their job
perfectly. In the adversarial net framework, the generative model is made to observe the dataset thoroughly, a
discriminative model learns to distinguish whether the sample is from the original data or not. Here the
generative model can be thought of as similar to a team of counterfeiters, trying to generate fake currency and
without detection. The discriminative model is similar to the police who detect the counterfeit currency [9]. The
networks of generator and discriminator are typically implemented by multi-layer networks which are either
convolution or fully-connected layers .These models try to find all the statistical distributions of training data,
thereby helping in creating or synthesizing new samples from the learned distributions. Adversarial training is
complicated as both generator and discriminator needs to get optimized simultaneously and hence GAN’s are
very unstable. There will be many cases where generator fails in understanding the distribution of the original
data which user wants.
There are two main threads of research on GAN.
1) Generator
2) Discriminator
Generator:
The task of Generator is to generate fake data i.e., n from real data set and train the discriminator to
correctly predict them as real. The value of n can be any natural number between 1 and infinity.
Discriminator: The task of Discriminator Network is to take input either from the real data or from the
generator and try to predict whether the input is real or generated[3][14][15][19].

Figure 1: Generative Adversarial Network Architecture

The rest of paper is organized as follows: Section II describes the literature survey related to GAN .Section III describes
the proposed system and section IV presents the experiment results followed by conclusion in section V.

II.LITERATURESURVEY
Phillip Isola et al [12] proposed “Image to image translation with conditional networks”. These networks not
only learn the mapping from input image to output image and also learn a loss function to train this mapping.
The author has demonstrated an approach at synthesizing the photos from label maps, reconstructing the objects
from edge maps and colorizing the images among other tasks. In this paper the author has taken significant steps
in the direction of convolution neural networks becoming the common workhorse behind a wide variety of
image prediction problems that traditionally would require very different loss formulations. CNN’s learn to
minimize a loss function and the process is an automatic that thereby a lot of manual effort still goes into
designing effective losses. The author has implemented a new type of GAN’s such as Patch GAN and U-Net
based architecture. After this in order to decrease the loss function they have used stochastic gradient descent
(SGD). Han Zhang et al [8] proposed “text to photo-realistic image synthesis with stacked generative adversarial
networks”. In this paper the author has demonstrated the Synthesizing photo-realistic images from text
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descriptions and it is a challenging problem in computer vision and has many practical applications. Qiang
Huang et al [13] has proposed “synthesis of images by two-stage generative adversarial networks”. In this paper
the author has proposed a technique divide-and-conquer using generative adversarial networks (GANs) to
explore how a machine can represent colorful pictures (bird) using a huge amount of training data and they
simulate the procedure of an artist drawing a picture, where one begins with drawing objects contours and edges
and then paints them different colors. They adopted two GAN models to process basic visual features including
shape, texture and color. The first GAN model to generate object shape and the Second GAN model to paint the
black and white image based on the knowledge learned by running their experiments on 600 color images. The
experimental results show that the use of their approach can generate good quality synthetic images, comparable
to real ones. Xian Wu et al[17] has present “a survey of image synthesis and editing with generative adversarial
networks. It produces a reasonable and realistic image by using generative adversarial network. Leon A. Gatys
et al [10] has demonstrated “a neural algorithm of Artistic style”. In fine art, especially painting, humans have
mastered the skill to create unique visual experiences through composing a complex interplay between the
content and style of an image. However, in other key areas of visual perception such as object and face
recognition near-human performance was recently demonstrated by a class of biologically inspired vision
models called Deep Neural Networks. The author has introduced an artificial system based on a Deep Neural
Network that creates artistic images of high perceptual quality. The system uses neural representations to
separate and recombine content and style of arbitrary images, providing a neural algorithm for the creation of
artistic images. Moreover, in light of the striking similarities between performance-optimized artificial neural
networks and biological vision, their work offers a path forward to an algorithmic understanding of how humans
create and perceive artistic image. Tero karras et al [15] has proposed a paper “Progressive growing of GAN’s
for improved quality”. In this paper , a new training methodology for generative adversarial networks. The main
idea of this paper is to generate high resolution by adding new layers for the model with the use of generator and
discriminator. This both speeds the training up and greatly stabilizes it, allowing us to produce images of
unprecedented quality of images. Finally, they suggest a new metric for evaluating GAN results, both in terms
of image quality and variation.
III. PROPOSED SYSTEM
This section will demonstrate the proposed system for image generation i.e GAN which can be developed using
basic neural network and later adding convolutional neural network to it.
3.1 System ArchitectureThe system architecture is represented in the form of flow chart as shown in figure 2. This represents the basic
architecture of implementation of GAN for fake image synthesis, which consists of a generator and
discriminator using convolution neural network method.

Figure 2: System Architecture

The Figure 2 shows the two important components of GAN i.e Generator and Discriminator where
Generator tries to create new fake images in such a way that discriminator don’t notice that it is fake . In this
way it fools discriminator thereby creating new images. Generative Adversarial Networks are composed of two
models:
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•

The first model is called a Generator and it aims to generate new data similar to the expected one. The
Generator could be assimilated to a human art forger, which creates fake works of art.

•

The second model is named the Discriminator. This model’s goal is to recognize if an input data is
‘real’ belongs to the original dataset or if it is ‘fake’ generated by a forger. In this scenario, a
Discriminator is analogous to the police (or an art expert), which tries to detect artworks as truthful or
fraud.

3.2 Algorithm stepsStep 1: Getting the Data- In this step gathering of data is done. The dataset which we have taken is
MNIST-Modified National Institute of Science and Technology. This dataset contains 10,000 images of
handwritten digits from 0 to 9.Each number is going to have 1000 images.
Step 2: Initialize parameters-We first define methods to initialize both the filters for the convolution
layers and the weights for the dense layers. The number of filters to be chosen is completely based on user.
Step 3: Define the back propagation operations-To compute the gradients that will force the network to
update its weights and optimize its objective, we need to define methods that back propagate gradients through
the convolutional and max pooling layers. And pooling can be either max pooling or average pooling based on
user need.
Step 4: Building the network-We now define a method that combines the forward and backward
operations of a convolution neural network. It takes the network’s parameters and hyper parameters as inputs
and spits out the gradients:
Step 5: Training the network-To efficiently force the network’s parameters to learn meaningful
representations, we use the Adam optimization algorithm.
IV. EXPERIMENT AND RESULT
In the Experimental results, the data set the author has taken standard MNIST dataset. It contains handwritten
digits.It contains 60,000 training images and 10,000 testing images for validation. This dataset contains
handwritten digits from 0-9 as shown in figure 3.

Figure 3 Sample Data set: Handwritten digits

The author has implemented GAN with ANN and CNN. After performing all the operations of GAN the author
has observed a lot of changes in the output of ANN and CNN using GAN. The images generated by CNN using
GAN are more clear and they are obtained with less training that is with less number of epochs. For CNN based
GAN the clarity images have started coming at 90th epoch where as ANN from after 140th epochs.
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Figure 4 ANN for Epoch 1

Figure 5 ANN for Epoch 9

Figure 6 ANN for Epoch 150

Figure 7 ANN for Epoch 200

Figure 8 CNN using GAN for Epoch 1
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Figure 10 CNN using GAN for Epoch 50

Figure 11 CNN using GAN for Epoch 150

V. CONCLUSION
In this paper, the author has studied how to use GAN and various applications of GAN, out of which image
synthesis is well learned. The author has implemented ANN and CNN using GAN and found that CNN using
GAN shows the clarity images while comparing ANN with less number of epochs. The author has create new
images from the existing images which will be helpful when the data set is of small size and it reduces the time
in creating the anime pictures. The data set used in this work is hand written recognition from MNIST dataset.
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