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ABSTRACT

The image is a representation of something or thought we're imagining in our heads. Since one
image tells a hundred words peoples uses an image to exchange information on different
communication platform while, data scientist uses the image to investigate research on object
detection and classification, action recognition, image generation, image enhancement and for
other computer vision applications. To use an image for exchanging information and in computer
vision applications the image must have good quality. However, image quality is frequently
degraded by factors such as blur. Blur is a part of artifacts that occur during the image acquisition
time. An image deblurring mechanism is required before using the blurry image for computer
vision applications. Image deblurring is an essential and challenging low-level vision issue that
aims to get a sharp image from the blurred image. In the past several works have been conducted
on image deblurring by using the generative adversarial network on the paired dataset. However,
those methods cannot deliver satisfactory outcomes when the blur size is large since they rely only
on local convolution filters. In this work edge and attention-based image deblurring by the
generative adversarial network is proposed to mitigate these issues. The architecture utilizes a
feature pyramid network as the core building block of the generator since it can simply integrate
with many pre-trained backbones. To improve the execution of the network with small
computational complexity EfficientNet-B7 is utilized as a feature extractor in the generator
network. Further, to handle a large size blur kernel without increasing parameters the channel
and self-attention mechanism was utilized in this work to capture long-range dependencies
between channels and pixels instead of relying only on local convolution filters. Moreover, Edge
and least square loss are introduced to preserve the edge information and to stabilize the training
respectively. Broad subjective and quantitative evaluations illustrate the striking victory of the
proposed system against existing methods. The peak signal to noise ratio and structural similarity
index measure reaches over 26.174 and 0.8406 respectively which outperforms the other
comparative works. Average human assessment study has appeared that this research exceeds
expectations at 25% compared to DeblurGAN-v2. This work concludes that adding EfficientNet-
B7, self-attention, channel attention, edge, and least square loss does improve the execution of the
deblurring network.

Keywords: EfficientNet-B7, Generative Adversarial Network, self-attention, channel attention,
Image deblurring

xvii|Page



CHAPTER ONE
1. INTRODUCTION

1.1. Background of the Study

The image could be a representation of something or thought we're imagining in our heads. Due
to the growth of information technology, the importance of an image in people's daily life is
expanding at a breakneck pace. People share the photo for each other by using different
communication platforms to exchange information while, data scientist uses the image to
investigate research on object detection and classification, action recognition, image generation,
image enhancement and for other computer vision applications. To use an image for exchanging
information and in computer vision applications the image must have good quality. However,
image quality is frequently degraded by factors such as blur. Blur is a one-part artifact that occurred
during the image acquisition time. It can be appeared by flaws during the image acquisition time
such as camera shake, object motion, camera out-of-center, photos were taken with hand-held

cameras.

A blurred image is an image in which the detailed information of an image is not fully visible due
to its lack of a distinct shape (Nah et al., 2017). This loss of image details will result in a significant
decrease in image quality and it will have a basic effect on the human visual experience, will pose
a challenge to subsequent computer vision analytics, and will be incapable to meet the necessities
for picture quality execution markers in industrial production (Kupyn et al., 2019). A blurry image

E expressed can be expressed as:
E=K+S+N (1.1)

Where N, S, and K are representing the additional noise, the idle sharp picture, the blur kernel
matrices respectively, and * denotes convolution (Nah et al., 2017). The purpose of deblurring is
to obtain the sharp picture S from the blurred picture E. Based on blur kernel blurry removal
algorithm can be classified as blind and non-blind deblurring. A non-blind deblurring algorithm
works with a blurry image that has a known blur size or kernel. Whereas, a blind deblurring
mechanism is based on an unknown blur size or kernel assumption (Chakrabarti, 2016). Since real-
world blurs found in an image is non-uniform and too complicated, how to obtain sharp images

from blurred images is an issue.
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With the current success of deep learning, numerous research works have employed deep learning
architectures in image generation and image to image translation (121). Especially After the coming
of the generative adversarial network the image generation and image-to-image translation task
become easy. 121 is a branch of domain transfer that aims to map one class to another by using
generative adversarial network architecture. Such domain transfer could be used in different areas
including image colorization, image inpainting, style transfer, and image deblurring. Image
deblurring is a sub-problem of an image-to-image translation that aims to obtain a sharp image

from the blurry image.

To fully comprehend the Generative adversarial network, we must first provide a brief overview

of the following topics.
1.1.1. Generative Adversarial Network (GAN)

The word generative refers to the fact that how these networks can learn data distribution to
synthesize fake data that are similar to real image (Goodfellow et al., 2020). A GAN is a family of
deep learning in which contains two neural networks known as generators and discriminators
compete in a min-max game framework (Goodfellow et al., 2020; Radford et al., 2016). The main
aim of the generator network is to create new data samples from random noise close to that of the
training set, while discriminator networks try to classify actual samples from fake ones as appeared
in figure 1.1. The Generative network converges when the generator and the discriminator network

reach the Nash equilibrium. At Nash equilibrium discriminator randomly classifies real and

real
. D
Generator Discriminator
learmns to D learns to
synthesize G classify data as
data x’ real or fake
3

4

noise | 4 \ real or fake?

Figure 1. 1 Architecture of GAN

synthesized samples with an accuracy of 50.

fake J
data x

Source: Adapted from (Goodfellow et al., 2020)
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Conditional GAN (CGAN): The CGAN (Mirza & Osindero, 2014) is an expansion of the GAN
(Goodfellow et al., 2020) where the discriminator and generator are conditioned on a few extra
data Y. Y could be a condition variable such as information from other domains or class labels that
would allow generating a particular data distribution specified by the conditioning variable. CGAN

is described in detail with architecture in section 2.2.3.

Recent works (Kupyn et al., 2019; Pan et al., 2016) use the CGAN to restore sharp images from
blurred images. However, this work depends on the nearby features and overlooks long-range
dependencies from the non-local features and this limits the capability of the network to learn
contextual information from clean areas to restores sharp photos from the blurry photo when the
blur size is large. This work tries to solve these problems by extending the solutions presented in
these works.

1.2. Motivation of the Study

Recently deep learning practically delivered stunning achievements due to the abundance of the
enormous amount of data available nowadays. The quality of data is the fundamental thing in deep
learning. The quality of data has a critical impact on the execution of deep learning: high-quality
data can lead to high execution while poor data can reduce the execution of deep learning. Data
(image data) can be degraded by factors such as blur which occurs by camera shake, object motion,
and camera out-of-focus. These issues can be tackled by an image deblurring mechanism. After the
first paper on GAN by Goodfellow (Goodfellow et al., 2020), GAN has been made critical
advancements and performance in many applications such as image-to-image translation, realistic
image generation, and video-to-video translation. This is applicable in photo editing, game design,

and multimedia content generation.

By adopting the image-to-image translation idea, many researchers propose many approaches for
image deblurring networks to obtain sharp images from blurred images. However, previous works
rely on the local convolution features and do not care about long-range dependencies from the
non-local features and this makes it difficult to obtain an idle sharp image from a blurry image
when the blur size in the image is large. These issues are still open for further investigation in the

image deblurring problem.
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1.3. Statement of the Problem

Computer vision is one of the Artificial intelligence subfields that take images or video as input
and works through image, recognition segmentation, object detection, and image super-resolution.
To do all those actions the clarity of the image is very important. However, the quality of an image
can be degraded by factors such as blur. Since a blurry image does not have a clear edge it is
difficult to identify the objects in the image when the blur size in the image is large. Due to some
information and details are lost in a blurry image, it is difficult to use the blurry image for computer
vision applications such as object detection, image segmentation, classification, generation, and
recognition. Therefore, an image deblurring mechanism is required before using the blurry image
for computer vision applications. Recent works (Kupyn et al., 2019; Nah et al., 2017) proposes
image deblurring architecture based on CGAN. However, these works rely on the local
convolution features and do not care about long-range dependencies from the non-local features
and this makes it difficult to obtain an idle sharp image from a blurry image when the blur size in

the image is large.

To overcome this challenge edge and attention-based image deblurring by the GAN method is
proposed in this paper. Architecture is designed based on attention mechanism (self and channel)
and edge loss to make the network aware of global information between channel and pixel which

helps the network to handle large size blur kernel.

1.4. Research Questions

The goal of this work was to find an answer to the following question.
RQ1: What is the effect of adding an attention mechanism regarding
improving deblurring quality?
RQ2: What are the appropriate learning constraints that improve deblurring quality?

RQ3: What is the impact of image deblurring in computer vision applications?

1.5. Objectives
1.5.1. General Objective

The general objective of the study is to develop an edge and attention-based image deblurring by
GAN.
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1.5.2. Specific Objectives

The following are specific objectives under the proposed research to achieve the main objective.

e To review concepts and related works on image deblurring.

e To add attention mechanism (channel and self-attention) to generative adversarial
network.

e Tointegrate EfficientNet-B7 as a feature extractor to the generator in GAN.

e To identify the learning parameter of the designed model that improves the quality of an
image.

e To train the proposed model on the available dataset.

e To assess the model performance using standard evaluation metrics on test data.

1.6. Significance of the Research

Before using an image for a different purpose the sharpness of an image is important. This study
should be applied to different scenarios and serve as a primary-steps for other applications such as
object detection, image recognition, image classification, photo editing, face recognition, and
video surveillance. Generally, image deblurring architecture presented in this study has been
applied to different applications listed above with success in restoring a sharp image from a blurred
image. Future works might benefit from adapting and customizing this work on a large dataset and

utilizing it for numerous applications.

1.7. Scope and Limitation of the Study

1.7.1. Scope of the Study

The objective of this research is to create the architecture for image deblurring. The
implementation of the edge and attention-based image deblurring by GAN is to improve the image
deblurring tasks. Accessing the quality of the deblurred image results was also intentionally done.
The proposed work conditioning is the generator by feeding the blurred image as input rather than
random noise. As a result, the scope starts from developing an edge and attention-based image-
deblurring network to evaluate the results in contrast with other previously done approaches.

1.7.2. Limitation of the Study
This work does not cover the following due to tight schedules and resources limitations.
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e The style transfer is not part of this work. The proposed model is trained to translate

blurred images into sharp images.
e Image super-resolution is not part of this work

1.8. Application of Results

Image deblurring is a pre-request to improve the sharpness of the image before it is processed in
many application areas such as computer vision, computed tomography, classification, detection,
remote sensing, video surveillance, and face recognition. Generally, image deblurring is applicable

in the different areas where an image is used.

1.9. Organization of the Thesis

This thesis has been organized into seven-chapter as follows:

Chapter Two: discusses the background literature related works regarding image-to-image

translation and the theoretical framework of Deep Learning and Generative Adversarial Network.

Chapter Three: presents the research methodology, methods, and techniques used to develop the
solution, data collection mechanism, preprocessing, and annotation techniques, design tools, and

model and evaluation methods are discussed.

Chapter Four: describes the proposed model in detail. The proposed Architecture, loss functions,

and pseudocode for training have been made.

Chapter Five: Explains how the proposed solution is implemented and the working environment
setup, edge and attention-based image deblurring by GAN implementation, with training

implementation, described using snip code.

Chapter Six: explains the obtained results from the edge and attention-based image deblurring by

GAN and compares the result with other work.

Chapter Seven: summarizes and concludes the work along with the result and it explores the open

issues in the research.
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CHAPTER TWO

2. LITERATURE REVIEW AND RELATED WORKS

2.1. Introduction

Computer vision could be a scientific field that centers on how computers make an understanding
of video and advanced pictures. It is a department that deals with the classification of objects, as
well as to object recognition, detection, and segmentation. It tries to automate computers to process
and identify items in videos and images like humans. Because of the huge volume of data available,
today computer vision applications have evolved from simple data processing to machine learning

in recent years.

Machine learning is the huge research area that makes computers learn and grow through
experience from data. Depending on different learning capabilities machine learning techniques
can be categorized into reinforcement, unsupervised, and supervised learning. Supervised learning
is a basic machine learning algorithm that works on labeled data. Unsupervised learning is another
machine learning technique that can work with unlabeled data. Unsupervised learning's primary
goal is to group data points that are similar in a dataset without the label. Reinforcement learning
is a family of machine learning that an agent gains knowledge from its surroundings by performing
an action and observing the results. Machine learning plays a great role in the advancement of
computer vision applications but it is difficult to process complex data such as image and video
by machine learning algorithms and to work with such complex data a branch of machine learning

techniques called deep learning was used.

Deep learning is a family of machine learning that makes computers learn the complex
representations needed for detection or classification from the row data (Lecun et al., 2015). The
term deep indicates the number of layers in the network through which the input data is
transformed and helps deep learning solve more complicated tasks. Deep learning algorithms pass
the input data through layers and each layer is extracts features and passes them to the layer after
them (Lecun et al., 2015). Artificial neural network (ANN) is the deep learning algorithm that
gives the association between input and output data by artificially mimicking the physiological
structure and functioning of human brain structures (Kwon, 2011). Convolutional Neural Network

(CNN) was introduced in 1989 by Y. Le Cun et.al to recognize handwritten numbers (LeCun et
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al., 1999). CNN has had amazing results over the past time in different fields related to image
processing, pattern recognition, and video processing. CNN is effective than ANN since they have
smaller parameters than an artificial neural network. This helps researchers to use larger models
to solve complex problems, which was impossible in classic ANN. The CNN has seen dramatic
development after Alex-net (Gonzalez, 2007) win the ImageNet contest in 2012 using the CNN
image classifier network. Today many CNN effective models such as GAN are designed for
different tasks. Generative adversarial network are new emerging deep learning techniques where
the models are trained to learn real data distribution to synthesize fake data that are similar to real

data. Let's see the detail of the GAN in the next section.

2.2. Generative Adversarial Network (GAN)

The GAN introduced by Goodfellow in 2014 (Goodfellow et al., 2020) model contains two
independent models called discriminator model D and generator model G that are trained
simultaneously as depicted in figure 1.1. The objective of a generator is to capture actual data and
generate fake samples that look like real data. Discriminator plans to recognize fake samples from
the actual input data. This helps the generator to understand the real data pattern and generate
samples closer to real data. G and D are functions represented by a multilayer network with their
independent parameters called 6G and 6D respectively (S. Wang, 2017). Discriminator network
trained to discriminate the real training samples and fake generated samples. The generator
improves the quality of fake samples by using criticism from the discriminator to trick the

discriminator network. This situation is continued until both networks reach Nash equilibrium.

2.2.1. Principles of GANs

GAN is practically equivalent to a counterfeiter-police situation, where the generator act as a
counterfeiter and the discriminator act as police (Rodney & Lépez, 2019). The police are instructed
on how to identify whether a currency is either original or fake at the academy. Tests of real
currency from the bank and fake currency from the counterfeiter are utilized to prepare the police.
In any case, from time to time, the counterfeiter will try to imagine that he printed genuine
currency. At first, the police will not be tricked and will tell the counterfeiter why the currency is
fake. Taking into thought this criticism, the counterfeiter sharpens his aptitudes once more and
tries to create new fake currency. As anticipated, the police will be able to both spot the money as

fake and legitimize why the dollar bills are fake. This handle proceeds uncertainly, but it'll come
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to a point where the counterfeiter has aced the creation of fake currency to the degree that the fakes
are undefined from genuine currency — even to the foremost exceedingly practiced of police. The
counterfeiter can at that point interminably print fake currency without getting caught by the police
as they are not identifiable as fake currency.

Generator Discriminator

A gena®
AT

® {' ) W
-l‘.‘!i‘_:_,b > e _‘,“‘“ y
Real Money

Fake Money

Counterfeiter prints fake money, It is labelled as fake for
police training. Sometimes, the counterfeiter attempts to The police are trained to spot real from fake money.
fool the police by labelling the fake money as real. Sometimes, the police give feedback to the counterfeiter

on how they could tell why the money is fake.

Figure 2. 1 GAN discriminator and generator are similar to counterfeiters and police.
Source: Adapted from (Rodney & Lopez, 2019)

2.2.2. GAN Training

In deep learning training, a model means determining better weight values from examples. The
training process is searching for a good weight that is enough at solving the given problem. The
same is true for GAN, training is all about the process of learning real data distribution to generate
the fake ones. Training of GANSs is searching the parameters of the generator which confuse the
discriminator and finding discriminator parameters that maximize classification accuracy
(Creswell et al., 2018). During training discriminator parameters are fixed while parameters of a
generator are updated (Goodfellow et al., 2020). The discriminator is trained for some number of

iterations and then the generator model is updated simultaneously with the discriminator model.
Let's see pseudocode for training GANSs

For each training iteration do
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A. Train Discriminator
a. Take an arbitrary batch from real samples: x
b. Take arbitrary noise vector z and generate a group of fake samples: G(z)=x*
c. Compute the losses for D(x) and D(x*) and backpropagate the total error to update
parameters of Discriminator to minimize discriminator loss
B. Train Generator
a. Take arbitrary noise vector z and generate a group of fake samples: G(z)=x*
b. Compute classification loss for D(X*) and backpropagate the total error to update

parameters of a generator to maximize the discriminator loss
End

GAN is based on a min-max game between discriminator and generator networks. Discriminator
wins generator loses and vice versa. When the discrimination network and the generation network
reach the Nash equilibrium, the generation network converges i.e., the network reaches the Nash
equilibrium. At Nash equilibrium discriminator randomly classifies actual and fake data with an
accuracy of 50%. In later times numerous many researchers have developed numerous GAN
architectures to solve different computer vision problems. Let's describe some of the GAN

architectures in the next section.

2.2.3. Generative Adversarial Networks Architectures

A. Deep Convolutional GAN (DCGAN)

DCGAN merges a GAN with a CNN as depicted in figure 2.2. It has been developed to stabilize
GAN to train and synthesize high-quality images (Radford et al., 2016). DCGANSs are based on
fractionally stride convolution for generator and stride convolution for the discriminator to
downsample and spatial up sample the resolution of an image instead of the pooling layer. To
normalize the input and tackle the issue of vanishing gradient batch normalization (BN) is
introduced in DCGAN. DCGANSs uses ReLLU and LeakyReL U as activation function to improve

the network performance and to make the model learn quickly.
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Figure 2. 2 Architecture of DCGAN
Source: Adapted from(Review & Alotaibi, 2020)

B. Conditional Gan (CGAN)
GAN was a mechanism to train generative models. GAN models can produce new plausible fake

samples from real samples. However, there is no mechanism to control the sort of data being
generated. The CGAN (Mirza & Osindero, 2014) was proposed by Mirza et al. to tackle the issue
of conditional image generation. It conditions the generator by a class label such as data from other
domains which allows generating a particular data image from the data distribution. The class label
fades into the discriminator and generator network as appeared in figure 2.3 to make the generator
synthesize only the target class of image given from the class label. This work enables researchers

to do their work on interesting research areas such as 121 translation, style transfer, and image

deblurring.
'55)37?;,’13,52
4 .:? %
bt <
Real Data
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Class Label ."" M
L
Generated
Generator Image Discriminator

Figure 2. 3 Architecture of CGAN
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D. Self-Attention GAN (SAGAN)

Recently, attention mechanisms are popular and most useful algorithms in deep learning. They are
motivated by how humans pay attention to different parts of an image. In computer vision, the
attention mechanism makes the network focus an important part of the image during image
generation and this makes the network synthesize high-quality images. In 2019 Han Zhang et.al
proposes SAGAN (H. Zhang et al., 2019) to make the quality of synthesized images better by
incorporating a self-attention behavior into the GAN network. Due to the receptive field of the
convolution filter is operating at a small region of the image it is difficult to model long-range
dependency between image pixels by convolution filters only. To make long-range dependencies
along image regions, SAGAN adds a self-attention behavior to the generator network (H. Zhang
et al., 2019). SAGAN uses spectral normalization to minimize the number of computations and to
improve performance. As depicted in Figure 2.4, input feature-map X € R*"*W s split into three
new feature maps f(x), g(x) € RV (C* = C/8) and h(x) € R“*""*W, Next, f(x) and g(x) reshaped
into R N (N = H xW), carry out matrix multiplication between their transposed versions, and
activated by SoftMax layer to calculate attention map. If A represents an attention map, then the
attention map can be obtained as follows:

Aij = =220 \where Sij = f(x)T. g(x) (2.1)
> izo ©XP(Sij)

Where Ai, j measures the impact of the i position on the j™ position. The likeness of the feature
of any two positions contributes to the higher correlation between them. The final output can be
obtained by performing matrix multiplication between the transposed version of the attention map
(Aij) and h(x). The final output can be calculated by matrix multiplication between h(x) and the

transpose of A (attention map) and added to input feature-map X as shown in equation 2.2.
K=Xi+ Y Aij.h(xi) (2.2)

Where Xi, Aij, and h(xi) are representing a set of input feature-map, attention map, and value

respectively.
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Figure 2. 4 Self-Attention GAN module. The @ indicates matrix multiplication
Source: Adapted from(H. Zhang et al., 2019)

2.2.4. GAN Objective Functions

The objective functions used in GAN measure the gap between the actual data and fake data
distribution. GANs have problems such as model collapse and vanishing gradient that will occur
during training due to objective functions. These issues are solved by reformulating the objective
(loss) function. To tackle the limitation of the initial GAN and to improve image quality many

objective functions have been developed. Let's see some of them.

Adversarial Loss: Original GAN contains two networks that compete with each other by the
cross-entropy loss function. The two-network loss is based on min-max loss i.e., win for one
network is lose for another or vice versa. The discriminator is a function that takes input (x) and
outputs single scalar D(y). D(y) implies the likelihood of input (X) is real or fake data. Similarly,
generator (G) is a function whose input is random noise (z) is synthesized fake image looks real
image. Discriminator and generator functions have their loss function as depicted on eq 2.3 and eq
2.4 respectively. Generator and discriminator can update their parameter until they reach to reach
Nash equilibrium. Discriminator strives to maximize the likelihood of classifying real data as real
and fake data as fake. Whereas, the generator strives to minimize the loss to trick the discriminator
(Mathew et al., 2021).

LGAN (D) = Ex ~ pdata(x) [logD(x) + Ez ~ P(z)[log (1 — D(G(z)))] (2.3)
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LGAN(G) = Ez ~ P(2)[log (1 - D(G(2)))] (2.4)

Where, (Pdata, Pg) shows actual data distribution and generated data distribution (Review &
Alotaibi, 2020).

Wasserstein GAN: Arjovsky (Arjovsky et al., 2017) et.al proposes WGAN to overcome the GAN
mode collapse and model instability. WGAN calculates the similarity between generated and real
data patterns using the Wasserstein distance or Earth Mover's (ME) distance rather than the Jensen
Shannan divergence (Radford et al., 2016). The Earth Mover’s (ME) distance is used to calculate
the gap between actual data distribution and generated data distribution. Both discriminator and

generator have their own cost as shown on eq 2.5 and 2.6 respectively.

LWGAN(D) = Ex ~ pdata(x)[D(x) + Ez ~ P(2) [(1 - D(G(z)))] (2.5)

LWGAN(G) = Ez ~ P(2)[ (1-D(G(2)))] (2.6)

Least Squares GAN: Mau et.al (S. Zhang et al., 2020)propose LSGAN in 2016 to tackle the
vanishing gradient issue by adopting least square loss rather than cross-entropy. The authors stated
that the cross-entropy loss function leads to vanishing gradient during updating generator using
generated samples that are correct on decision boundary but distant from the actual data. As
depicted in figure 2.5 (b) When fake samples (magenta) are used to modify the generator by
convincing discriminators that they are from the actual data distribution, there will be no error
Since they are on the right way of the boundary. However, these samples are far from the decision
boundary and they need a mechanism to pull them close to the actual data (Mao et al., 2017). As
a result, the authors propose LSGAN, which employs the least-squares (LS) objective function as
the generator and discriminator loss function. The LS loss function pulls fake samples to the
decision boundary, by penalizing samples that are on the right side decision boundary but, far from
the decision boundary as depicted in figure 2.5 (b). It penalizes the generated images (in magenta),
and it encourages the generator to synthesize samples near to decision boundary.
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(a) (b) (c)

Figure 2. 5 (a): Choice boundaries of two-loss functions. (b): Choice boundaries for the cross-

entropy loss function (c): Loss function based on least squares.

Source: Adapted from (Mao et al., 2017)

If b and a are labels for real and fake data, respectively, then the least square loss of generator and
discriminator can be obtained as follows:

min D VLSGAN (D) = %E(x) ~ Pdata(x)[(D(x) — b) 2] +

~E(2) ~ Pz@)[(D(G(2)) - a) 2] 2.7)
min G VLSGAN(G) = %E(z) ~ Pz(2)[(D(G(2)) = ¢) 2] (2.8)

Where c is the value that the generator uses to trick the discriminator, VLSGAN (D) is the

discriminator objective function and VLSGAN (G) is the generator objective function.

Relativistic Discriminator: Montreal et.al introduces a relativistic loss to the discriminator
(Jolicoeur-Martineau, 2019) in 2018 to make the quality of an image better. Relativistic loss
calculates the probability of an actual image is more natural than a fake image and vice versa. The
author states discriminator and generator cost functions as shown in Equations 2.9 and 2.10

respectively.
LD = —E(xr, xf)~(P,Q)[log (sigmoid (C((Xreal) - (Xfake)))] (2.9)

LG = —E(xr, xf)~ (P, Q)[log (sigmoid ( C((xfake) — (xreaD)) )] (2.10)

Where (xreal), xfake are the real and fake data samples respectively.
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2.3. Image to image translation (121)

Suppose you take a selfie and wish to create it to look more artistic like a cartoonist's drawing how
can a computer do this automatically? The 121 translation problem is the name given to such type
of work. The I2I translation is a subproblem of computer vision in which tries to learn the
transformation between two domains using a training dataset (Pang et al., 2021). The problem of
121 translation can be described as translating an image from a source domain, X, target domain,
Y, for example, grayscale image to color image, color photo to edge-map. 12l translation
algorithms capture special features of one image domain and figuring out how these features could
be transformed into the other domain. There are two types of 121 translation methods: supervised
and unsupervised depending on training data. Supervised 121 translation uses pairs of the image to
translate source images to target images (Pang et al., 2021). Supervised 121 translation can translate
synthesizing color photos from edge-maps, black and white to color images, and generating images
from label maps as depicted in figure 2.6. Unsupervised 12l translation performs translation
between source and target domain without paired input-output. 121 translation gets attention in the
current time because it can be used for many computer vision applications such as style transfer,

photo colorization, image deblurring, and image super-resolution.

Labels to Street Scane Labels to Facade BW to Color

Figure 2. 6 examples of image-to-image translation applications

Source: Adapted from (Isola et al., 2017)
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2.3.1. Style Transfer

Style transfer is the photo stylization problem where the network paints the content of one image
with the style of another image. To alter the style of an image from one style to another the network
takes two images content image as source and style image as a reference image by combining
source and reference image the output looks like a source image but painted by the style of

referenced image (Z. Xu et al., 2018) as shown on figure 2.7.

Figure 2. 7 original images, style image, and the synthesized image

Source: Adapted from (Z. Xu et al., 2018)

2.3.2. Image Super-Resolution

Image Super-Resolution is the low-level vision issue that seeks to produce photorealistic images
(HR) images from low-resolution (LR) images (Ledig et al., 2017). Based on training data, image
super-resolution learns a mapping between low-resolution image and high-resolution image

information. Christian Ledig et.al (Ledig et al., 2017) propose SRGAN, which generates a high-
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resresolution image with 4x up-scaling while preserving content information as depicted in figure
2.8.

Generator Network B residual blocks

néds1 ' n64s1  n6dsi ' nedst n256s1 n3s1

PixelShuffler x

skip connection

Figure 2. 8 Architecture of SRGAN
Source: Adapted from (Ledig et al., 2017)

2.2.3. Image Deblurring (ID)

Image deblurring is a difficult and fundamental problem that seeks to recover sharp images from
blurred images (Kupyn et al., 2019; Nah et al., 2017). The goal of image deblurring is to learn a
mapping function F between the blurry input image and the sharp image as depicted in figure 2.9.
Many researchers have proposed numerous methods to address deblurring problems over the years,
all of which use from classic to well-known deblurring schemes. The deblurring issue can be

categorized into two classes based on the blur kernel K: blind deblurring and non-blind deblurring.

A. Non-Blind Deblurring
A non-blind deblurring algorithm works with a blurry image that has already a known blur size
(kernel) (Koh et al., 2021). In this deblurring mechanism, the neural network can be used as a
deconvolution network to get actual images from the blurry image. To obtain the actual image
from a blurry image those algorithms use a known kernel at the deconvolution network. Since the
blur size is already known, a suitable blurry image can be synthesized by convolving an actual
image with a blur kernel (Koh et al., 2021). Hence, those algorithms are commonly trained on
synthesized datasets. In general, non-blind deblurring algorithms cannot produce a good outcome
when the size of the blur is large, and it is difficult to tackle the deblurring problem because the
kernel of real blur is unknown.

B. Blind Deblurring
Blind deblurring is the inverse of non-blind deblurring; it is based on an unknown blur kernel

assumption. Blind image deblurring is another image-deblurring problem that strives to obtain a
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sharp image from a given blurred image (Kupyn et al., 2019; Nah et al., 2017) without knowing
the blur size (kernel). Those methods learn the mapping function between blurry and real images.
Non-blind deblurring algorithms are restricted to spatially unchanged blur, as different kernels
required to identify a spatially variant blur are available. Hence, spatially changed blurs are mostly

classified as blind deblurring problems.

Sharp image

blurry image

Figure 2. 9 Sharp and blurry image pairs

2.4. Related Works

Chakrabarti et.al (Chakrabarti, 2016) have proposed a CNN algorithm that estimates blur kernel
at patch level which is utilized in optimization framework for restoring the sharp image. The
estimated kernel at the patch level to obtain the global kernel. After that, the global kernel is
utilized as a deconvolution filter to obtain a sharp image from the blurry image. However, this

work does not perform well when the size of the blur is large since it focuses on the patch level.

Nah et.al (Nah et al., 2017) offer the advantage of enabling generalized dynamic image deblurring
at low latency, by iterative optimization stage involving the fitting of motion models designed by
hand. But there are two limitations to their work. The first one is filters of CNN are limited to the
receptive field and offer limited accuracy. The second one is the attempt to increase receptive field
can increase the model parameter. This makes networks with large model sizes and a high

computation cost and makes the model unsuitable to utilize in real-time applications.
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Jinshan et.al proposes a deep learning framework for image deblurring by using dark channels
prior (Pan et al., 2016). The authors used dark channel prior (the smallest RGB pixels value is
likely to be zero) to deblur scenarios such as text, low-illumination images, and face. This work
performs well when the dark channel between real and blurred images is high. However, their

method does not perform well when bright pixels dominant in the image.

Xiangyu et.al proposes learning to enhance the blurry text and face by using GAN (X. Xu et al.,
2017). To obtain a sharp image from a blurry image feature matching loss is added to CGAN.
This work outperforms other prior works on text and faces images, however, it excludes other

complex blurry objects.

DeblurGAN-v2 (Kupyn et al., 2019) was proposed by Kupy et.al by utilizing a relativistic average
discriminator as a loss function to train the network. To make the network more flexible and
compatible with a variety of backbones, as well as to balance performance and efficiency Feature
Pyramid Network (FPN) is utilized as a generator building block. This work achieves competitive
execution on a variety of efficiency benchmark datasets. However, the network relies on the local
features (convolution kernels) this limits the network from learning long-range dependencies
between pixels and channels which helps the network to synthesize sharp images when the blur

size in the image is large.

Chunxue Wu et.al proposes deblurring architecture by using CycleGAN (Wu et al., 2020) to
synthesize sharp images from blurred images. CycleGAN and PatchGAN discriminator was
utilized in this work to obtain the sharp images from the blurry images. To measure the gap
between real and generated images, perceptual and Wasserstein gradient penalty objective
functions were used. However, this doesn't produce a promising result due to the loss of valuable

information and an unstable train of a pair of networks.
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2.5. Summary of Related Works

Table 2.1 illustrates a summary of related works.

Table 2. 1 Summary of related works

2017)

Related papers Dataset Architecture Evaluation | Limitation
metrics
PSNR,
GoPr CNN and dark SSIM
Pan et al (Pan et al., 2016) orro and dar Does not perform well when bright pixels
channel loss
are dominant in the image
CNN Fourier Error ratio Does not perform well the size of blur is
. . ransform (DFT large since the n rk i n kernel
Ayan Chakrabarti (Chakrabarti, transform ( ) a ge SI_ ce the t.etwo Is based on kerne
2016) Sun dataset estimation technique at the patch level.
GoPro Complex architecture and hard to train. The
: i- attempt to handle large blur in an image is
Seungjun Nah et al(Nah et al., 2017) Multi-scale CNN PSNR, P _ g _ url I g. I
SSIM done only by maximizing the Convolution
filter.
PSNR,
T df Conditional SSIM Th k f I df
Yujin Zhang et al(X. Xu et al., ext and face | Conditiona The network focus only on text and face
dataset GAN image and excludes other complex blurry

objects
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Doesn't produce a promising result, due to the
Chunxue Wu et.al(Wu et al., 2020) loss of valuable information and an unstable
GoPro Cycle-GAN PSNR, train of a pair of networks
SSIM
FPN with pre- The network relies on the local convolution
DeblurGAN-v2 (Kupyn et al., 2019) trained PSNR, filters and ignores long-range relationships
GoPro InceptionResnet- SSIM from the non-local features.
v2 backbone

As appeared in the above table, researchers propose different architectures in previous work to obtain a sharp image from a blurred image.
However, those works rely on local convolution filters to restore an image, hence using only local convolution filters does not assure
obtaining a sharp image containing a strong blurring component. As a result, existing image deblurring approaches are prone to artifacts
problems in a synthesized image when the image containing a strong blurring component. Therefore, to solve the above issues adding an
attention mechanism (channel and self-attention) mechanism is essential because they help the network to get information from a clean
region when the image containing a strong blurring component. Moreover, adding edge loss to the image deblurring network helps the

network to generate an image with a clear edge.
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CHAPTER THREE
3. RESEARCH METHODOLOGY

3.1. Overview

This chapter explains the methodology utilized in conducting edge and attention-based image
deblurring by GAN. This section describes the dataset, preprocessing, feature extraction algorithm,
baseline work, and patchGAN discriminator. Finally, this chapter stated tools and evaluation
methods used to access the result of the study. Figure 3.1 describes the overall proposed model

process flow.

—
A

Dataset

v

v

Preprocessing Training

A 4

Evaluation

A 4 A 4

Human Evaluation Based on Generated

Objective Evaluation PSNR and SSIM
Images

Figure 3. 1 The proposed model process flow

3.2. Dataset

This study uses a deep learning mechanism to solve image deblurring problems in a supervised
manner, so data is an important part of the study. GoPro (Nah et al., 2017) * is used for both training
and testing as in (Kupyn et al., 2019) since it is the widely used dataset in image deblurring and

Lai (Lai et al., 2016) dataset can be utilized in this work to conduct a human evaluation. Those are

1 The GOPRO dataset is publicly available on https://seungjunnah.github.io/Datasets/gopro
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freely available online and accessible datasets. GoPro dataset contains a pair of sharp and blurry
images and it is used to train and test the model. Lai data set contains only blurry images and it is

utilized to conduct a human evaluation.

3.2.1. GoPro Dataset

GoPro dataset (Nah et al., 2017) is a common dataset for motion blurring and contains 3,214 pairs
of sharp and blurry images. Instead of employing a kernel to blur a sharp image, a sharp photo is
recorded and coordinated over time for blur photogeneration. GOPRO4 camera was used to record
video. To synthesize blurs of diverse strength 240 fps videos were taken and averaged between
different number (7-13) frames. The sharp image is defined as the medium frame that is utilized

to create a blurry image. The blur formation process can be done as:
B=g(; E@dt)~g (;; S EL]] ) (3.0)

Where E(t) and T reveals sensor signals of the sharp picture at time t and exposure time
respectively. Moreover, E[i], M are the ith actual frame signal captured amid the exposure time
and the number of examined frames, respectively and g is a camera response function (CRF) that
transforms a sharp signal E(t) into an obtained image E(t) such that E(t) = g (E(t)), or E[i] = g
(E[i]). Since there is not CRF estimation mechanism available non-uniform motion deblurring
becomes troublesome when nonlinear CRF is included (Nah et al., 2017). So to handle the
nonlinear CRF problem camera response function were approximated by gamma curve with y =

2.2 as takes after:

g(x) = x¥ 3.2)

Hence, by redressing the gamma work, the latent frame signal E[i] obtained from the observed
image E[i] by E[i] = g ~* (E[i]), and after that generate the comparing blurry picture B by utilizing
(3.2).
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Blurry Image

Figure 3. 2 GoPro dataset sample examples
3.2.2. Lai Dataset
This dataset has a collection of real-world blurry pictures of diverse qualities and resolutions
collected in different sorts of scenes. Those real pictures have no clean/sharp partners, making a
full-reference quantitative assessment inconceivable. Following (Lai et al., 2016)?, subjective
evaluation ( human evaluation ) was conducted to compare the deblurring execution on those real

blurred pictures as discussed in section 3.7.3.

Figure 3. 3 Sample from Lai test set

2 The Lai dataset is publicly available on http://vllab.ucmerced.edu/wlai24/cvprl6_deblur_study/
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3.2.3. Data Pre-Processing

It is a process of preparing the raw data and making it reasonable for a deep learning model. It is
the first and fundamental step before start training the deep learning model. Several methods were
used to preprocess data to create a better dataset before training any of the deep learning methods.
A. Normalization: is the process of uniformly scaling image pixels as [0,1] or [-1,1] to ease the
training and for faster convergence. In this study, the dataset is normalized between -1 and 1. This
means the maximum and minimum of each attribute is between 1 and -1 respectively. To normalize
images between -1 and 1 in TensorFlow first the image data type is converted to float. Then the

normalized image x can be defined as:
o= () @3
Where y is the input image that has a value between 0 and 1, i , and § are mean and variance

respectively. Both mean and variance have 0.5 values.

B. Resize Image: Image resizing is a critical preprocessing step in deep learning that allows
adjusting input data to the size of the network. The original image size was 1280x720 and for

computation complexity, the input data is resized to 256x256 pixels.

3.3. Development Tools
Development tools can be numerous types of software or hardware that are used to implement

and design this work.

3.3.1. Hardware Tools

Table 3. 1 Hardware tools used to do the research

No Device Name Purpose

1 RAM To improve hardware performance

2 Hard Disk To store datasets and models

3 GPU To increase the computation and to
fasten the training process

3.3.2. Software Tools

Software tools are tools used for writing the code, visualizing results, and documenting the

research process for reporting.
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Jupyter notebook: is an open-source Python programming language distribution geared toward
scientific computing (data science and machine learning applications), intending to simplify
package and management. It provides a navigator application to view different settings like Jupiter
notebook, spider, vs-code, and modules installed in the environment. Anaconda simplifies package

administration and deployment.

TensorFlow: is a machine learning platform that’s open source. and will be utilized to build a
model and deploy it in client environments like other real-world applications. It has a robust,
adaptable ecosystem of tools, libraries, and community assets that permit researchers to thrust the
boundaries of machine learning and it simplifies the creation and deployment of ml-powered

applications.

Keras: Keras is a powerful and easy-to-use deep learning framework built on top of Tensorflow.
It is easy and it is preferable due to its user-friendly modular and extensible work on CPU and
GPU though it depends on the task to execute.

OpenCV: is a library mainly aimed to provide shared infrastructure for image processing
applications. The library contains over 2500 optimized algorithms including a thorough collection
of classic and cutting-edge computer vision algorithms. These algorithms are capable of detecting
and identify objects in videos classify actions in videos and find similar images in an image

database.

3.4. Baseline Works

To validate the effectiveness of this, work the implemented model is compared to recent models
on image deblurring with GAN. Deblurgan-v2 (Kupyn et al., 2019) was used as a baseline in this
work since Deblurgan-v2 restores better quality images with small epochs when compared to other

existing images deblurring works.

Deblurgan-v2 (Kupyn et al., 2019) uses an FPN to restore the actual image from the blurred input
image. This work employs it to makes comparisons to identify whether the quality of the

synthesized image is superior.

3.5. Feature Extraction

It is a mechanism for reducing the dimension of input data in which, the raw data is partitioned

and decreased to more reasonable groups without losing important information (Kumar & Bhatia,
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2014). The foremost critical characteristic of these huge data sets is they have an expansive number
of variables. These factors require expensive computing assets to handle. Feature extraction aids
to get the finest features from enormous data sets by selecting features that represent the whole
dataset. These features are simple to process and describe the original data. Over the last few
decades, researchers have proposed a slew of cutting-edge deep CNN architectures for image
detection and classification. Inception-ResNet-v2 (Szegedy et al., 2017), Xception (Avery et al.,
2014), DenseNet121 (Huang et al., 2017), and EfficientNet (Tan & Le, 2019) are some of the
different architectures. Figure 3.3 depicts the topl accuracy as well as the number of parameters.
The number of trainable parameters is shown on the x-axis. In terms of accuracy, EfficientNet
outperforms other CNN architectures with fewer parameters. Based on the perception made above,
EfficientNet-B7 is used as the backbone in the generator for feature extraction in this study to

improve the network performance with small computational complexity.
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Figure 3. 4 ImageNet Accuracy vs Model Size in parameter

Source: Adapted from (Tan & Le, 2019)
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EfficientNet-B7 was made up of seven blocks and each block further has a different number of
sub-blocks. All these sub-blocks can be made from five different modules (Complete Architectural
Details of All EfficientNet Models | by Vardan Agarwal | Towards Data Science, n.d.). Module
one is utilized as the starting point for sub-blocks and contains DepthwiseConv2D,
BatchNormalization, and  Activation, module two contains DepthwiseConv2D,
BatchNormalization, Activation, ZeroPadding, DepthwiseConv2D, BatchNormalization,
Activation, and it is used as an initial point for the first sub-block of all the main blocks except the
first block, module three contains GlobalAveragePooling2D, Rescaling, Conv2D, Conv2D and its
is used to connect all subblocks by skip connection, module four is made up of element-wise
multiplication, Conv2D, BachNormalization and utilized for joining the skip connection with the
first sub-blocks and module five contains element-wise multiplication, Conv2D,
BatchNormalization, Dropout and it is utilized to combine previous subblocks.

3.6. PatchGAN Discriminator

When dealing with image generation issues, using only L2 and L1 loss does not promote high-
quality image generation because it produces blurry results due to failure to capture the high
frequencies. So, is adequate to concentrate on high frequencies to generate high-quality images.
PatchGAN discriminator is a mechanism that solves this issue by capturing high frequency to
generate high-quality images. PatchGAN discriminator is designed by Philip Isola et.al (Isola et
al., 2017) and it penalizes areas at the scale of patches. This discriminator attempts to decide
whether each of an image's NxN patches is fake or real. Where N can be much smaller than the
image's full size and help to produce high-quality results since it operates at the local image patch.
This makes PatchGAN has small parameters, applied to images of any size, and run faster. This
type of discriminator represents the image as a Markov random field with pixels separated by more
than a patch diameter assumed to be independent. Recently, Jo et.al (Jo & Park, 2019; Ozcinar et
al., 2019) use a patchGAN discriminator and outperforms prior works in terms of image quality.
Based on this perception the PatchGAN discriminator was used in this study.

3.7. Evaluation Method

Any handling applied to an image may cause an important loss of data or quality(Horé & Ziou,
2010). There are different metrics used to assess the quality of an image. The metrics are classified
as subjective or objective. Subjective methods depend on human judgment, and there are no

explicit criteria and rules. Objective methods are depending on explicit numerical criteria in terms
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of statical parameters. The objective evaluation method was used to describe the execution of the
image deblurring model on the test dataset. The dataset is divided into test and training sets, and
the algorithm is evaluated on the test set. One major issue with GANSs is that there is no reliable
way to go beyond visual inspection so to address this problem human evaluation is used in this
work. The following section provides a subjective (human evaluation) analysis as well as an
objective metric (PSNR, SSIM) to assess this work.

3.7.1. PSNR (Peak Signal to Noise Ratio)

It is the ratio of a signal's maximum possible value to the ability to distort noise that impacts the
representation’'s quality (Isa et al., 2015). The PSNR will be used to evaluate image quality after
reconstruction, with a higher PSNR indicating a better reconstruction. PSNR based on MSE and
MSE is calculated as :

MSE = —— 3"V (v (i) — X(i)))? (3.4)

MxN i=1j=1

where X and Y show the actual and synthesized images of size MxN respectively.

PSNR is expressed in dB and formulated as:

PSNR = 20 * log10 [ (3.5)

v
3/MSE
where K is the maximum signal intensities.

3.7.2. SSIM (Structure Similarity Index Measure)
It is an algorithm for assessing the perceptual quality of natural images (Bovik et al., 2005). The
SSIM compares a test output image X to an original image Y to determine their visual similarity

based on contrast, luminance, and structural terms.

Luminance: it's measured with the aid of using averaging all pixel values of the image. Itis
characterized by a function, I(x, y) which is appeared below.

2uspp +Cq1

UE+up+Cy (36)

l(x,y) =
Where, Cy, us pp, are constant protects denominator form zero, mean of real and restored images

respectively.

Contrast: It is obtained by taking the standard deviation of the pixel values. It is indicated by

o(sigma) and represented by:
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205 0p+C,

o2+0f+C, 3.7)

c(x,y) =

Where, C,, 05, 0, are constant protects denominator form zero, the standard deviation of real and

restored images respectively.

Structure: It is denoted by the function s(x, y) which is described below.

O-Sb+C3

s(x,y) = 3.7)

os0p+C3

Where, C3, 0, 0, are constant protects denominator form zero, standard deviation and ay,,

calculated as:

Ogp = — I o(x — 1) (yl- - uy) (3.8)

N-1
Finally, the SSIM score is obtained by:

SSIM(x,y) = [L(x, »)] * * [c(x, »)] # * [s(x, »)]" (3.9)

Where o> 0, B > 0 and y > 0 are parameters used to adjust the three components and [, ¢ and s are
luminance, contrast, and structure respectively.

3.7.3. Human Evaluation Study

Comparing the abilities of various models is difficult in GAN because lacks an objective function.
This means that there isn't a widely used method for evaluating a specific GAN generator model.
The objective assessment models of GAN generators are still a work in progress. Regardless of the
fact, several measures have been implemented there is still no agreement on which measure best
captures model strengths, and limitations should be utilized to compare models reasonably. To
tackle this issue GAN model performance was evaluated by a human. This evaluation method
employs 15 to 25 volunteers who assess whether the given image is better than baseline work after
seeing sharp images restored by this work and baseline work. The average score value is obtained
using the number of figure entities. The higher the human evaluation score means, the better the

execution of the network.
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CHAPTER FOUR

4. PROPOSED EAIDGAN ARCHITECTURE

4.1. Introduction

This chapter describes in detail the proposed architecture of edge and attention-based image
deblurring by GAN. Ideally, this chapter can be organized into three main parts; the first part
describes the proposed model architecture; the second part gives an overview of model learning
functions. The last part explains Pseudocode utilized to train the model.

4.2. Proposed Architecture

The model architecture has been adopted from the architecture defined in “Feature Pyramid
Networks for Object Detection” (Lin et al., 2017) for learning mapping functions between blurry
and sharp images. To handle large size blur kernel residual blocks and self-attention layer (H.
Zhang et al., 2019) were added as bottleneck layer, and channel-attention layer was used after each
upsampling block to model the channel correlations. To clearly understand the architecture, let’s

make a short introduction to the following topics.

4.2.1. Feature Pyramid Network (FPN)

The FPN module was originally proposed for detecting objects (Lin et al., 2017). It generates
multi-layer feature maps which encode diverse semantics and contain quality information. FPN
includes top-down and bottom-up pathways. The bottom-up pathway is feedforward ConvNet for
feature extraction, throughout this spatial resolution is downscaled by half, but more important
information is extracted and compressed. The top-down pathway remakes higher spatial resolution
from the semantically wealth layers (Lin et al., 2017). To take advantage of sematic information
on different levels those features are resized to ¥ of input shape and concatenated into one tensor
as shown in figure 4.1. To get the original image size and reduce artifacts two upsampling block
and convolution layers were added after the concatenation layer. To seek after the state-of-the-art
deblurring quality and minimize computational complexity pre-trained EfficientNet-B7 (Tan &

Le, 2019) was utilized as a feature extractor in the generator network of GAN.

32| Page



9 ResBlocks
AL Upscale 4x

Y4 N
el il

Upscale 2x

Upscale 1x

PatchDiscriminator

Real / Fake?

I—
== = = = m e e e e e e e e e e e — — — — — — I
(W Pretrained EfficientNet B7 pn Up sampling2D 1 ReLU !
! 1
i s Convolution Block — Ix1 Conv I [nstanceNormalization i
! I
E Self Attention Layer I Channel Attention Layer IS Concatenation Laver i

Figure 4. 1 Proposed EAIDGAN architecture
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4.2.2. Bottom-up Pathway

The bottom-up pathway is feedforward ConvNet for feature extraction, throughout this resolution
is downscaled by half, but more important information is extracted and compressed. To extract
more important information pre-trained EfficientNet-B7 (Tan & Le, 2019) is used in bottom-up
pathways since EfficientNet-B7 has fewer parameter and outperform other feature extraction net
works as described in section 3.5. The output of the high-level feature at “block6a_expand_activa
tion”, “block4a_expand_activation”, “block3a_expand_activation”, and “block2a_expand_activa
tion” are used as feature extractor. Each pre-trained block takes input from the previous block an
d extracts important information by reducing the resolution by half and passes to the block next t
o it as shown in figure 4.2. Finally, the channel of the last pre-trained block was reduced to

256 by 1x1 convolution and passed as input to the residual block.

256x256x3
128x128x192

64x64x288

Input Image

32x32x 480
16x16 x 1344

I 16x16 x 256

Figure 4. 2 Bottom-up pathway

4.2.3. Residual Blocks
The residual block is a shortcut connection block, which learns the residual function regarding the

input of the layer. Due to computationally less expensive and shortcut connection residual blocks
are used to train very deep networks without vanishing gradient problems (He et al., 2016). To
handle a large blur, the size of the receptive field is very important. Xintao Wang et.al (X. Wang
et al., 2019) applied residual blocks to super-resolution problems and improve the execution of the
network. Based on this to handle the large blur size and to improve performance nine residual
blocks were used in this work. Residual blocks contain a convolution, instance normalization,
RelLU, Dropout with a probability of 0.5, convolution, and ReLU activation respectively as
appeared in figure 4.3. This block takes the bottom-up pathway output as input, extracts more

information, and passes the output to the self-attention layer.
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Figure 4. 3 Residual blocks
4.2.4. Self-Attention Layer

Recently, attention mechanisms are popular and most useful algorithms in deep learning. They are
motivated by how humans pay attention to different parts of an image. In computer vision, the
attention mechanism makes the network focus an important part of the image during image
generation and this makes the network synthesize high-quality images. For example, self-attention
GAN (SAGAN) improved the best-reported baseline inception result from 36.8 to 52.52 and
reduced Fréchet inception distance from 27.6 to 18.65, which is significantly better than the
previous image synthesis work (H. Zhang et al., 2019). Yuan et.al (Yuan et al., 2020) uses the self-
attention layer into the up-sampling part of the generator to tackle the issue that the restricted size
of the convolution kernel causes the network to be unable to learn a wide range of global
dependencies and outperforms previous work in terms of quality. Based on this observation self-
attentions were added to the generator model in GAN as the bottleneck layer next to residual
blocks. This layer takes the output of the residual block as input and models the correlation or
dependency between pixels to help the network concentrate on the important part of the image and
passes the output to the top-down pathways. SAGAN mathematical expression and diagram were

discussed in section 2.2.3.
4.2.4. Top-down Pathway

The top-down pathway takes the output of the self-attention layer and remakes higher spatial
resolution from the semantically wealth layers through the up-sampling block. As input goes down
within the top-down pathway the spatial size of an image is doubled and the channel is reduced.
Each up-sampling block contains upsampling2D, Conv2D, Instancenormalization, ReLU, and
channel-wise attention layers respectively as appeared in figure 4.4. To improve the feature maps
of top-down pathways lateral connection was used as skip connection between the same spatial

size of bottom-up and top-down pathways since bottom-up activation is more precisely localized
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(Lin et al., 2017). Each lateral connection performs 1x1 convolution to minimize the number of
channels. To take advantage of feature fusion features of semantic information on different
locations are resized to ¥ of input shape (64x64) and concatenated to one tensor and then followed
by two up-sampling blocks to get the original image size as appeared in figure 4.4.
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Figure 4. 4 Top-down pathway
4.2.5. Channel Attention

Channel attention is a mechanism that makes the network focus on more important futures and
exploits the relationship between feature channels (Hu et al., 2020). How to create diverse
considerations for each channel-wise feature could be a key step. Because convolutional layer
filters operate on the small receptive field it is difficult to obtain the sharp image from a blurry
image blurred by heavy camera shake and object movement simultaneously happen, so the global

spatial relationship too ought to be considered. For example, in the image containing a strong
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blurring component exact discrimination utilizing any conceivable strategy may require relevant

data from clean regions.

Based on these examinations, the channel-based global spatial information takes into a channel
descriptor by utilizing global average pooling. As appeared in figure 4.5. let M = [m1, - - -, mc, -
-+, mD ] be an input, which has D feature maps with size WxH. The channel-based statistic z €
RC can be obtained by aggregating M through spatial dimensions H xW. After that, the c-th

member of z is obtained as:

2o = Fop(ye) = =31 YW v.(0)) (4.2)

Hxw <=

Where y.(i, j) is the value at position (i, j) of the c-th feature y.. F;p(.) shows the global average
pooling function. Such channel measurements can be seen as a set of the nearby descriptors, whose

measurements contribute to express the total image.
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"

Figure 4. 5 Channel attention (CA). ® shows element-wise product

Source: Adapted from (Y. Zhang et al., 2018)
As discussed in (Hu et al., 2020), to capture channel-based relationships from the shrunk
information by global average pooling gating mechanism is introduced. The gating mechanism
should fulfill two criteria. To begin with, it must be able to memorize nonlinear intuition between
channels. Moment, as numerous channel-based features can be emphasized as contradicted to one-

hot actuation, it must learn a non-mutually-exclusive relationship as in 4.2.
s = f(WU 8§(WD?) 4.2)

where f(.) and 8(.) show the sigmoid gating and ReLU function, respectively. WD indicates
the weight set of a Conv layer, which downscales the channel with a reduction rate r. After being
activated by ReL U, the low-dimension flag is at that point expanded with proportion r by a

channel-upscaling layer, whose weight set is WU. Then the final channel statistics s obtained by:

7=12z.y. (4.3
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Where y, and z_.are input feature map and scaling factor in the c-th channel.

Yulun Zhang et.al (Szegedy et al., 2017) uses a channel attention mechanism in image super-
resolution and obtain the high-quality image from low-resolution images and outperform other
previous works. Based on this observation channel attention was used in this study after each top-
down pathway. It takes the output of the top-down pathway and filter the most important channel

and passes the result to the next top-down block next to it as shown in figure 4.1

4.3. Model Learning Functions

It is well known that planning a viable learning function is exceptionally key for yielding
wonderful results. The loss function is utilized to assess the gap between the synthesized image
and the real image which is the optimization protest of the GAN. The littler the loss function value,
the littler the gap between the synthesized image and the real image, and the superior the
reconstruction impact. A sensible learning function can give exact gradient information for

network training, subsequently improve reconstruction execution (performance).

To fix the research question, this work adds a learning function to improve the quality of the
restored image. Since this work follows the GAN architecture, the Least square GAN loss, called
PLSGAN is used in this work to train the generator and discriminator. And the feature loss £feature,
Content loss £Content, and edge loss £edge are too utilized. The total loss function of this model

is as follows:

ftotal = YLSGAN + yffeature + afContent + Bfedge (4.4)
Where vy, a, B, are used hyperparameters weights utilized to adjust weights.
To fully understand the model learning function let's look in detail at all loss functions.

4.3.1. Least Squares loss (LS)

Instead of vanilla GAN loss, LS loss is introduced in this work to train generator and discriminator
simultaneously. As discussed in Section 2.2.3 the LS loss function draws fake samples to the
decision boundary, by penalizing samples that are on the right-side decision boundary but, far from
the decision boundary and this helps the network to generate high-quality images. The Least

Squares loss is obtained as:
PLSGANG = 3 E(2) ~ Pz(2)[(D(G(2)) — ) ?] (4.5)
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Where ¢ shows the value that the generator used to trick the discriminator and Pz(z) is the

probability of fake data distribution.

4.3.2. Content Loss

Content loss guarantees that the network holds the color structure of the image. Content loss
utilizes mean-square error (MSE) or mean absolute error (MAE) loss to access the pixel-based
content closeness. But both losses causing excessively smooth results (S. Zhang et al., 2020). In
this work, Charbonnier loss is presented as a content loss to preserve color details (Lai et al., 2017).
As appeared in (Lai et al., 2017), it gives pixel-space regularization for loss optimization and

contributes to subjective enhancement. The content loss is obtained as:

fContent = %Z{-‘zl (GHG (Iibl) — Ifh) Z+e? (4.6)

Where Ggg (I,f’l) represents the restored image, I5" i = 1, ...,k real image responding with a blurry

image It i = 1,..., k and @ represents the parameters of the generator. € is a penalty value near to

0, which shows the impact of the Charbonnier penalty.

4.3.3. Feature Loss

Feature loss measures high-level feature and semantic contrasts between restored and ground truth
images (Johnson et al., 2016) to reduce feature disappearance problems during training. It utilizes
feature maps extracted after activation in feature loss. However, wang et.al (Rakotonirina &
Rasoanaivo, 2020) have illustrated that utilizing feature maps before activation can be creating
more exact texture details. Thus, following (Rakotonirina & Rasoanaivo, 2020), the high-level
feature of the layer “Conv4-3” of the pre-trained VGG19 network was utilized to preserve the

feature structure of an image.

tfeature = || Q( IS") — Q(Gog (1°Y))|| 3 4.7
Where Gg¢ (I°) and (15") are the restored image and true real image, respectively and Q

shows feature maps from the pre-trained vgg-19 model.

4.3.4. Edge Loss

Having sharp edges is an instinctive judgment to demonstrate the image clarity of an image. Sharp
images have a clear edge while the blurry image has not a clear edge because the shape of the
items in the image was distorted by motion blur as appeared in figure 4.6. So to obtain a sharp

image with a clear edge from a blurry image it is better to measure the edge features divergence
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between the generated image and the ground truth image. This result is used as generator loss and
makes the generator synthesize sharp images close to the ground truth image. Based on this
observation Sobel edge detection is introduced in this work since it is based on the first-order
derivative and requires a small computational cost. Edge loss can be calculated with the outlined
Sobel convolution (Chaple & Daruwala, 2014) layer by using Sobel kernel operators. It utilizes
the convolution operation and kernels to extract edges map. The algorithm uses two kernels to
extract edge information along the x-direction and y-direction. The two kernels are convolved with
each pixel within the image to recognize the districts where the change (gradient) is maximized in
size within the x and y magnitude. The point where the gradient change is understood as an edge

in the Sobel algorithm. The edge loss Zedge is obtained as:

W H
fedge = LZ Z (”Vh(Sh)x,y - Vh(G(blr))x,y” 1

+[| Vo (5R)xy = Vo (GBI y | 1 (4.8)

Where V, and V, are the Sobel operators along the horizontal and the vertical directions
respectively, H and W are the height and width of inputs respectively and (sh) and G(blr) are

ground truth and generated image respectively.

Sobel Y

Input Image Sobel X

Sharp Image

Blurry Image

Figure 4. 6 Sharp and blurry image edge features extracted by Sobel operator
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4.4. Patch Discriminator

To improve quality Patch GAN discriminator (Isola et al., 2017) is adopted in this work. As stated
in section 3.6 PatchGAN discriminator makes the network produce high-quality results since it
penalizes only structure at the local scale of patches. The discriminator architecture and the output
stay the same with PatchGAN (Isola et al., 2017). As depicted in figure 4.2 discriminator
architecture contains a series of Convolution, Instancenormalization, and LeakyReLU layers with
alpha 0.2 except the first and the last layer. Like a generator, Least Squares loss is used as
discriminator loss. The Least Squares loss of the discriminator is mathematically expressed as

follows:
YLSGAND = %E(x) ~ Pdata(x)[(D(x) —b) 2]

+2E(z) ~Pz()[(D(G()) —2) 2] (4.9)

Where, a and b are the labels for fake data and real data, respectively, and Pdata, Pg shows real
data distribution and generated data distribution respectively.

256x256x3  128x128x64

64X64x128
I I 32x32x256 31x31x256  30x30x1
K4 Stride 1 K4 Stride 1
K4 Stride 2

K4 Stride 2 K4 Stride 2

Convolution Block

1
| |
| |
|
O cckReL |
| |
I I
| |
I |

Figure 4. 7 Patch discriminator architecture
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4.5. Training Pseudocode

This section describes the training algorithms used in this study. The procedure in Table 4.1 was
used to train the channel and self-attention-based image deblurring by the GAN model in the same
manner with which most GAN are trained. The entire configuration and training process is aimed

at reducing the dissimilarity between the Ground truth and the restored image.

Algorithm 1: Proposed architecture with total loss and PatchGAN discriminator

Input: batches of blurry images
Output: restored image
1. Load batches of data from the dataset into memory
2. Give the batch of input to the generator network
3. Train discriminator:
3.1. Restore the sharp image from the blurry batch of input
3.2. Calculate discriminator least square loss by using restored and ground truth image
3.3. Update discriminator parameter to minimize classification loss
4. Train generator:
4.1. Restore the sharp image from the blurry batch of input
4.2. Least square loss of restored image is computed
4.3. Content loss is calculated with the original sharp and the restored images
4.4. Feature loss is computed with the original sharp and the restored images
4.5. Edge loss is computed with the original sharp and the restored images

4.6. Update generator parameters based on least square, content, feature, and edge loss to

minimize reconstruction loss

The bold indicates the added learning functions.
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CHAPTER FIVE

5. IMPLEMENTATION DETAILS
5.1. Overview
This chapter describes the implementation of the proposed model. The working environment and
edge and attention-based image deblurring by GAN implementation are discussed. In this section,
important portions of code were displayed while the imperative detail codes were outlined in the

appendix section.

5.2. Working Environment
This section describes the hardware specification that has been used to implement the conditional

GAN experiment.

e Desktop Computer: used for implementing and training the edge and attention-based
image deblurring by GAN model.
» Model: DELL OptiPlex 9020
Operating system: Windows 10
Processor: Intel ® Core™ i5-4580 CPU @ 3.29GHz x 4
Graphics Card Upgrade: GeForce RTX 2070 Super 8 GB RAM
Memory Size: 12.00 GB
» System Type: 64-bit Operating System, x64-based Processor

YV V V V

e Laptop computer: The laptop computer is utilized for creating a network architecture.
» Model:3168NGW

Operating system: windows 10 pro

Processor: Intel ® Core™ i3-7020U CPU @ 2.30 GHz

Memory Size: 4.00 GB

System Type: 64-bit Operating System, x64-based Processor

Y V VYV V
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Figure 5. 1 GPU configuration as components in other systems

5.3. Setup Environments

5.3.1. Integrated Development Environments and Editors
Jupyter Notebook: is the most popular Block-wise programming IDE used to edit python code

and to visualize diagrams. This thesis work uses Jupiter notebook 6.0.0.

Colab: is Online Jupyter Notebook provides several utilities for running codes General

processing Unit (GPU), Tensor Processing Unit (TPU), and Random-Access Memory.

Visual-Studio-Code: is a popular source code editor IDE that is easily configured and used to edit
different programming languages such as c++, python, java, and other programming languages. In
addition to Jupiter notebook, Visual-Studio-Code version 1.56.2 was installed for implementation

of this work.
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5.3.2. Programming Language and Libraries Used

e Python 3.8.3: is used in this work due to many packages and libraries for scientific
computing and large community support are available on python.

e Keras 2.4.3: deep learning architecture designing framework which used to apply
different operations such as convolution, pooling, and other deep learning processes and
to load the pre-trained model.

e TensorFlow 2.4.1: is used for computations and to connect the retrained model to the
graphs.

5.4. Training Procedure

5.4.1. EAIDGAN Implementation

As described in chapter four EAIDGAN is based on an FPN to get sharp images from the blurry
image. The EAIDGAN consists of two top-down and bottom-up pathways to extract features and
reconstruct the image. The bottom-up pathway is downscale the size of an image and extracts more
semantic important information. The bottom-up pathway utilizes EfficientNet-B7 as a feature
extractor to extract key features of the input image. The bottom-up pathway is followed by 1x1
convolution which is used as a skip connection between top-down and bottom-up and to reduce
the channel of the pre-trained model for computational complexity as shown in code snippet 5.1.

from tensorflow.keras.applications import EfficientNetB7
def generator():
i_shape=Input (shape=(256,256,3))
modl=EfficientNetB7 (weights='imagenet',6 include_top=False,
input_tensor=i_shape)
e3=modl.layers[-253] .output #16x16
e2=modl.layers[-550] .output #32x32
el=modl.layers[-654] .output #64x64
e0=modl.layers[-758] .output #128x128
#lateral connections
lateral 0 = Conv2D (128, kernel size=l,strides=1,padding='same') (e0)

lateral 1 = Conv2D (256, kernel size=l,strides=1,padding='same') (el)
lateral 2 = Conv2D (256, kernel size=l,strides=1,padding='same') (e2)
lateral 3 = Conv2D (256, kernel size=l,strides=1,padding='same') (e3)

Code snippet 5. 1 Bottom-up Pathway Implementation

The output of the bottom-up pathway passes through the bottleneck layer (residual blocks and

self-attention layer) to increase receptive field and to learn dependencies between pixels as
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shown in the code snippet 5.2. Residual blocks are implemented by the function called

resnet_block.

def resnet block (inputs, filters):

_res = inputs
= tf.pad(inputs, [[0,0],[1,1],[1,1],([0,0]], mode = 'REFLECT')

X
X

X
X
X
S
r

= InstanceNormalization (axis=3) (x)

= ReLU() (x)

= Dropout (0.5) (x)

= tf.pad(x, [[O0,0],[1,1],[1,1],[0,0]], mode =
= InstanceNormalization (axis=3) (x)

kip = _res+x

eturn skip

map_ 3=lateral 3

#bottleneck layer

bl
b2
b3
b4
b5
bé
b7
b8
b9

self

resnet _block (map_3,256)
resnet_block (bl,256)
resnet block (b2,256)
resnet block (b3,256)
resnet block (b4,256)
resnet_block (b5,256)
resnet_block (b6,256)
resnet_block (b7,256)
resnet_block (b8,256)

attention = SelfAttention () (b9)

Conv2D (filters=filters, kernel size=3,strides=1l,padding='Valid') (x)

'"REFLECT')

Conv2D (filters=filters,kernel size=3,strides=1,padding='Valid') (x)

Code snippet 5. 2 Bottleneck Layers Implementation

The top-down pathway takes self-attention output as input and remakes higher spatial resolution

from the semantically wealth layers. The top-down pathway contains a series of upsampling2D,

Conv2D, Instancenormalization, ReL U, and channel attention layers. To add resolution details and

localize object lateral skip connections was used between top-down and bottom-up pathways.

Since information on different levels of image, regions contain different important semantic

information features of different levels are concatenated into one tensor by resizing to 64x64 as

shown in the code snippet 5.3.

map 2=lateral 2+UpSampling2D((2, 2)) (channe_att)
map 2=conv_bn_ relu(map_ 2) #32%32

channe_att = channel attention (map_2,256) #channel attention layer

map l=lateral 1+UpSampling2D((2, 2)) (channe att) #64%64
map_l=conv_bn relu(map 1) #64 #conv2D, InstanceNormalization, Relu
layer
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map O=lateral 0

#upsample images to 64x64

map 1 = feature pyramid head(map 1)
map 1 = upsample iterations(map_1l, scale_iterations=0)
map 2 = feature pyramid head (map_2)
map_2 = upsample iterations(map 2, scale_iterations=1)
map 3 = feature pyramid head(map_3)

map 3 = upsample iterations(map 3, scale_iterations=2)
#concatenation layer

xr = tf.keras.layers.Concatenate() ([map_3, map 2, map 1])
x = smooth 1 (xr)

Code snippet 5. 3 Top-down and Future Fusion Implementation

As described in section 4.2.1 after sematic information resized to ¥4 of the input shape (64x64) and

concatenated to one tensor, the concatenation layer was followed by two upsampling blocks to get

the original image size as shown in the code snippet. Finally,tanh activation function was used as

an activation function in the last convolution layer as shown in the code snippet 5.4.

channe att = channel attention(x,128) #channel attention layer

x = UpSampling2D((2, 2)) (channe_att)

X
X

(x + map_0)
smooth 2 (x)

channe_att = channel_attention (x,64)
x = UpSampling2D((2, 2)) (channe_att)
final conv = Conv2D(3, kernel size=3, padding="same") (x)

residual = tf.tanh(final conv)
Code snippet 5. 4 Top-down Pathway Implementation

5.4.2. Feature Loss Implementation

As described in section 4.3.3 feature loss measures high-level feature and semantic contrasts

between restored and ground truth images to reduce feature disappearance problems during

training. To do so, the pre-trained VGG19 model is imported. Since the goal is to extract the feature

map of the input image, the layers after “block4_conv3” are removed, as shown in the code snip.

5.5. Using a pre-trained VGG19 model, the new Tensorflow model has been created.
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from keras.applications.vggl9 import VGG19
vgg=VGG1l9 (include_top=False, weights='imagenet',6 input shape=( 256,256,3))

vgg. trainable = False
loss_model = KM.Model (inputs=vgg.input,outputs=vgg.get layer
('block4 conv3') .output)

Code snippet 5. 5 Pre-Trained VGG19 Model

To measure and return the feature value of the restored and real image a function called
perceptual _loss is defined. First, the perceptual_loss function extracts the feature map of restored
(generated fake image) and real image. After that feature loss between real and restored (fake)
image pairs can be computed by L2 distance between the feature map of the real and restored
image. Then the loss has been used to modify network weight. As appeared in code snippet 5.6.

#fcomputes feature loss for sharp and generated images
@Qtf. function ()
def perceptual loss(fake,real):

vggX loss_model (real)
vggY = loss_model (fake)

return tf.reduce_mean (tf.square (vgg¥-vggX))

Code snippet 5. 6 Feature Loss Fonction Implementation

5.4.3. Patch Discriminator Implementation

To improve generator training patch discriminator was introduced in this thesis work. The
discriminator architecture is similar to (Isola et al., 2017) discriminator. It takes images as input to
discriminate whether the images are real or fake at the patch level as described in section 3.6. This

helps the network to strictly focus on the local region of the image as shown in code snippet 5.7.
def patch discriminator():

input shape=KL.Input (shape=(256,256,3))
kw = 4
pad = int(np.ceil ((kw-1)/2))
cl =tf.pad(input_shape, [[0,0], [pad,pad], [pad,pad],
[0,0]] ,mode="REFLECT")
cl = KL.Conv2D (64, kernel size=kw, strides=2, padding='valid') (cl)
cl = KL.LeakyRelLU(0.2) (cl)

c2 = tf.pad(cl, [[0,0], [pad,pad], [pad,pad],[0,0]], mode = 'REFLECT')
c2 = KL.Conv2D (128, kernel size=kw, strides=2, padding='valid') (c2)
c2 = InstanceNormalization (axis=3) (c2)

c2 = KL.LeakyRelLU(0.2) (c2)

48 |Page



c3

tf.pad(c2, [[0,0],[pad,pad], [pad,pad],[0,0]], mode = 'REFLECT')

c3 = KL.Conv2D (256, kernel size=kw, strides=2, padding='valid') (c3)
c3 = InstanceNormalization (axis=3) (c3)

c3 = KL.LeakyReLU(0.2) (c3)

c6 = tf.pad(c3, [[0,0], [pad,pad], [pad,pad],[0,0]], mode = 'REFLECT')
c6 = KL.Conv2D (512, kernel size=kw, strides=1, padding='valid') (c6)
c6 = InstanceNormalization (axis=3) (c6)

c6 = KL.LeakyReLU(0.2) (c6)

final = tf.pad(c6, [[0,0], [pad,pad], [pad,pad], [0,0]], mode =
'"REFLECT')

final = KL.Conv2D (1, kernel size=kw, strides=1,
padding='valid') (final)

model = KM.Model (input_shape,final)

return model

Code snippet 5. 7 PatchGAN Discriminator Implementation

5.4.4. Edge Loss Implementation

As described in section 4.3.4 image must have a sharp edge to judge its clarity. Edge loss measures
the edge dissimilarity between generated and ground truth images and this helps the generator to
generate an image with a clean edge. Edge loss can be obtained by using Sobel kernel operators as
edge extractors along the horizontal and vertical axis. Edge loss can be obtained in two steps. First
edge information of synthesized and a real image along the horizontal and vertical axis can be
extracted by Sobel kernel operators. After that edge loss between real and synthesized image pairs
is computed by the L1 distance between the edge map of the real and restored image as shown in
the code snippet 5.8. Then the loss has been utilized to modify network weight.

def Edge loss (fake, real):

real edge tf.image.sobel edges(real)
fake edge = tf.image.sobel_ edges (fake)

real y = real_edge[O, :, :, :, O]
real x = real_edge[O, :, :, :, 1]
fake y = fake edge[0O, :, :, :, 0]
fake x = fake edge[O, :, :, :, 1]

edge loss = tf.reduce_sum(tf.abs( real_y - fake y )) +
tf.reduce sum(tf.abs(real x- fake x))

return edge loss
Code snippet 5. 8 Edge Loss Implementation
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5.5. Hyperparameter Configuration

Hyperparameters are a configuration such as optimization, epochs, batch size, learning rate, and
loss weights that are set before the learning process starts. These configurations are tunable and
can straightforwardly influence how the model trains. Optimizations are a method used to change
neural network attributes such as weights and learning rate to minimize losses. There are many
optimizations such as Adam, stochastic gradient descent, RMSProp, AdaGrad, etc. Adam (Kingma
& Ba, 2015) with learning_rate=0.0001,beta_1=0.9, beta_2=0.999 was used in this study since it
is designed to combine the advantage of RMSProp and AdaGrad. Additionally, Adam is efficient
and requires less memory since it is based on a first-order gradient (Kingma & Ba, 2015). Based
on baseline work the model is trained with a batch size of one for 200 hundred epochs. After 150
epochs the learning is linearly decayed to 0.0000077 to stabilize the training. The coefficients v,
a, and f are loss weights for feature, content and edge loss respectively and utilized to adjust the
relative importance of the loss functions. Those coefficients have no default value generally they

can be tuned between 1 and 100.

Hyperparameter name Value
Optimization Adam
Epoch 200
Batch size 1
Learning rate 0.0001
Y 50

a 10

B 12

5.6. Experiment Class

To assess the execution of the proposed model testing the initial work (baseline work) is important.
Five different classes of experiments are conducted as shown in table 5.1. The first experiment is
the implementation of the baseline work (DeblurGAN-V2) which uses pre-trained
InceptionResnet-v2 as a feature extractor. The second experiment (EIDGAN) is the initial work of
the proposed model. It replaces InceptionResnet-v2 with EfficientNet-B7 for feature extraction,
additionally, edge loss was utilized to preserve edge information. The third experiment

(EAIDGAN-Ra) is based on the second experiment. In the third experiment channel and self-,
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attention, and the relativistic average loss are introduced to the network as described in the previous
section. The fourth experiment (EAIDGAN -LS) is similar to the third experiment the only
difference is least square loss is used instead of the relativistic average loss to train the generator
and discriminator. Finally, to examine the importance of edge loss EAIDGAN-LS is trained
without edge loss (EAIDGAN-LS-WE).

Table 5. 1 List of experimental Classes

Notations Experiment Dataset Model Used
DeblurGAN-V2  Baseline work GoPro InceptionResnet-
V2
EIDGAN Initial work of the GoPro EfficientNet-B7
proposed model without
attention mechanism
EAIDGAN-Ra EIDGAN with attention GoPro EfficientNet-B7
mechanism and
relativistic average
discriminator loss
EAIDGAN-LS EIDGAN with attention GoPro EfficientNet-B7
mechanism and least
square loss
EAIDGAN-LS- EAIDGAN-LS without GoPro EfficientNet-B7
WE edge loss
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CHAPTER SIX

6. RESULTS AND DISCUSSIONS
6.1. Results And Discussions
Having discussed the details of the implementations and experiments to be performed, this chapter
presents the results that were obtained from the experiments. The proposed model performance
was tested using the evaluation metrics mentioned in the third chapter. Moreover, the proposed

model’s performance is compared with existing image deblurring architectures (Deblurgan-v2).

6.2. Image Deblurring

Image deblurring takes a low-level blurry image as an input and generates a sharp image with
consideration of preserving feature and edge information. This work conducts a distinctive training
experiment to clarify the subjective and quantitative results of comparing the baselines on two
different datasets that have been used to train and test the proposed model. These datasets are
namely the GoPro (Nah et al., 2017) data set and Lai dataset. After training the model the execution
of the model was tested for its ability to reconstruct the original image. To measure the similarity
between original and synthesized images the GoPro test set was used, while to conduct human

evaluation Lai data set is used since it has not ground truth as described in chapter three.

Five experiments were conducted in this study as described in table 5.1. First, baseline work
(DeblurGAN-V2) is implemented. It utilizes InceptionResnet-v2 as the backbone in the generator
network, it is based on global and local discriminators. However, as discussed in the result section
the score of this experiment was not sufficient and the quality of the image was also not good. To
solve this one EIDGAN was implemented by replacing InceptionResnet-v2 with pre-trained
EfficientNet-B7 in the generator network and additionally, edge loss was utilized to preserve edge
information. In this experiment, the score of the SSIM was improved but the score of the PSNR is
smaller than baseline work. To improve the score EAIDGAN-Ra is proposed by adding channel
and self-attention to the EIDGAN with a relativistic average loss. EAIDGAN-Ra outperforms the
two experiments in terms of qualitative and quantitative measurement. EAIDGAN-LS is the fourth
experiment proposed by replacing the relativistic average loss with the least square loss and it
outperforms all three experiments. Finally, to examine the importance of edge loss in this work
EAIDGAN-LS is trained without edge loss (EAIDGAN-LS-WE), and the model shows the
striking drop in performance as appeared in table 6.1 All five experiments were performed in the
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same hardware and software, hyperparameters, and dataset configuration as described in section
5.6. All models are trained for 200 epochs with a batch size of 1. The EAIDGAN-LS takes around

3 days to converge.

6.3. Experimental Results

Figure 6.1 shows the result obtained by baseline work (DeblurGan-V2). As shown in the figure
the baseline work removes some blur from the blurred image, but still, some details of the image
are not visible when compared to the original image. For example, the wood in front of the standing

man and the lines around the window is still not close to the original image.

Input Image DeblurGAN-V2 Original image

Figure 6. 1 Sample test result by DeblurGAN-V2 model

Figure 6.2 depicts the result obtained by testing EIDGAN. As seen in the figure this model
improves the details around the window, however the area around the face of the standing man
contains some ringing artifacts, and some lines on window areas were disappeared as shown in

cropped image patches.
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Input Image SCIDGAN Original image

Figure 6. 2 Sample test result by EIDGAN

Figure 6.3 depicts the results of EAIDGAN-Ra. The figure shows how this experiment improve
the quality of the image when compared to the above two experiments. As seen in the figure the
blur around the window is improved, and the ringing artifact that occurred on the man's face in the
second experiment also improved, but still, the details of the lines in the window area are not

visible.

Input Image SCIDGAN-Ra Original image

Figure 6. 3 Sample test result by EAIDGAN -Ra
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Figure 6.4 explains the results of EAIDGAN-LS. As seen in the figure the quality of an image was
improved more than all three experiments. As seen in cropped image patches the lines around the
window and the area around the standing man were closer to the original image. In general, this
figure demonstrates how the EAIDGAN-LS experiment outperforms the other three works in

terms of the quality of the image it generates.

Input Image SCIDGAN-LS Original image

Figure 6. 4 Sample test result by EAIDGAN-LS
6.4. Evaluation Metrics

6.4.1. Objective Evaluation metrics

Two objective evaluation metrics (PSNR and SSIM) were utilized to assess the execution of the
model as described in section 3.6. Table 6.1 summarizes the result of the learned model to show
their reconstruction ability via PSNR and SSIM metrics to measure the similarity of restored image
and ground truth image. Those metrics are calculated by using 1,111 images from the GoPro test
sets. The Higher PSNR and SSIM show the restored image became close to the ground truth image.
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Table 6. 1 PSNR AND SSIM for all experiments

S.NO  Experiments PSNR SSIM Parameter in million
1 DeblurGAN-V2 25.62125 0.82452 59.6
2 EIDGAN 25.52 0.82588 26.9
3 EAIDGAN-Ra 26.1293 0.8364 33.9
4 EAIDGAN-LS 26.174 0.8406 33.9
5 EAIDGAN-LS-WE 24.26 0.778 33.9

Bold values indicate the best results in the experiments.

Quantitative Experimental result shows the EAIDGAN-LS outperform other three experiments by
PSNR and SSIM score; this indicates the generated image are closer to the real image with shape
and feature. In the experiments, EIDGAN sores smaller PSNR than other this is because it has the
small number of the parameter when compared to other three models. EAIDGAN-Ra is similar to
EIDGAN but an attention mechanism is added to EAIDGAN-Ra and the average PSNR and SSIM
are improved. To improve performance more relativistic average loss in EAIDGAN-Ra is replaced
by least square loss and forms EAIDGAN-LS. This outperforms all experiments by average PSNR
and SSIM. EAIDGAN-LS has the best results giving the highest PSNR and SSIM on the GoPro
dataset with a small parameter when compared to baseline work. Finally, to identify the impact of
edge loss on this work EAIDGAN-LS trained without edge loss (EAIDGAN-LS-WE) experiment
shows a striking drop in performance and this demonstrates how edge loss impacts the

performance of this work.
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Input Image

G L.

SCIDGAN-Ra Original Image

Figure 6. 5 Model comparison on GoPro dataset
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Discriminator loss

Generator Loss

Figure 6. 6 EAIDGAN-LS training loss
6.4.2. Human Evaluation
Since objective evaluation is not sufficient for accessing the quality of an image, so human
evaluation is also performed in this work 3. The interested user fills the questionaries by given two
images generated by baseline and proposed model to choose the more natural image from the given

two images as depicted in figure 6.7. Higher values indicate the best results.

3 Human Evaluation User found at:
https://docs.google.com/forms/d/1xzQk2GPzOkiDI6iKRnNKsHWO08BizIzXL6sYW1LDPztx4/edit
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Image A image B

from above two images which one looks more real ?

B

Figure 6. 7 Human evaluation study

Table 6. 2 Summary of a human evaluation

Q1 Q2 average

A B A B A B

User Guess 16 8 14 10 15 9

User Guess/Total User | 8/24 | 16/24 | 10/24 | 14/24 | 9/24=0.375 | 15/24=0.625

Where A is the DeblurGAN-V2 result and B is the EAIDGAN-LS result. The detailed Human

evaluation is discussed in the appendix section of a human evaluation user study.
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6.5. Object Detection on YOLO

Object recognition is the most studied topic in computer vision with applications in various fields
from autonomous driving to security. In recent years, deep CNN-based approaches have appeared
superior execution compared to traditional methods. To solve any computer vision problem with
a high-performance CNN algorithm requires a large data image dataset. However, the quality of
images was degraded by various artifacts, including motion blur, as described in chapter 1. Before
being used by those algorithms a blurry image must be deblurred by the image deblurring
algorithm to improve quality. Based on this, to assess the importance of the proposed model in
computer vision applications, the confidence and number of an object detected result of the blurry
and restored image was evaluated by the YOLO-V3 object detection. Both the blurred and the
restored image were sent to the pre-trained YOLO-V3 network and the confidence and the number
of objects detected by the blurred image and the restored image were assessed as appeared in
Figures 6.8 and 6.9.

YOLO v3 detection result on blurry image

Figure 6. 8 Detection result of a blurry image on YOLO-V3

As appeared in figure 6.8 the network only detects two objects with small confidence. This due to
the quality of an image is significantly decreased by blur artifact and this indicates how the blur
affects the performance of the computer vision algorithm.
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DeblurGAN-V?2 EAIDGAN-LS

Figure 6. 9 Yolo-V3 detection result of images restored by baseline work and proposed model

Table 6.9 describes the Yolo-V3 detection result of baseline work (left) and the proposed model
(right). As appeared in figure 6.9 the number of an object detected and the confidence was
significantly improved when compared with the detection result of a blurry image. The number of
objects detected in the image restored by baseline work is ten, while the number of objects detected
in the image restored by the proposed model is twelve and this indicates that the image deblurred

by the proposed method has high quality when compared to the image restored by baseline work.

Figure 6. 10 Detection result of a blurry on YOLO-V3
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Figure 6.10 shows the Yolo detection result of a blurry image. As appeared in the figure the

algorithm only detects one object with small confidence.

DeblurGAN-V?2 EAIDGAN-LS

|

'son(83.708) rson (52.057)

Figure 6. 11 Yolo-V3 detection result of images restored by baseline work and proposed model

Figure 6.11 depicts how the image deblurring algorithm improves the detection power of Yolo-
V3. The detection result of Yolo-V3 was improved on image deblurred by baseline work (left) and
the proposed model (right). As appeared in figure 6.10 Yolo-V3 detects only one object with small
confidence while after the image is deblurred Yolo-V3 detects three objects with high confidence
when compared to a blurry image. The confidence score of the image restored by the proposed

model (right) was higher than the image restored by baseline work (left).

Generally, as the proposed model ( EAIDGAN) improves the number of an object detected and
the score of confidence when compared to blurry image and image restored by baseline work. This
illustrates that the proposed method solves the problem stated in section the statement of the

problem to some extent.

6.6. Discussion
6.6.1. Discussion on PSNR Results

For the performance and quality evaluation purpose, a PSNR was performed as appeared in figure
6.7. EIDGAN is implemented without an attention mechanism and the average PSNR of EIDGAN
is only 25.52. EAIDGAN-Ra is implemented with attention mechanism and relativistic average
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loss and the average PSNR is improved from 25.52 to 26.1293. EAIDGAN-LS is implemented by
replacing the relativistic average loss with the least square loss and it beats EAIDGAN-Ra in
average PSNR. EAIDGAN-LS beats EAIDGAN-Ra by average PSNR because the least square
loss penalizes the samples on the right side of the decision boundary but far from the decision
boundary as described in section 2.2.3. As shown in figure 6.12 the PSNR score of EAIDGAN-
LS-WE is dropped from 26.174 to 24.26 when EAIDGAN-LS is trained without edge loss. Based
on this one, this experiment tells us how the attention mechanism (self and channel), edge, and
least square losses are important in this work.

PSNR
26.5
26
25.5
25
24.5
24
23.5
23
EAIDGAN-LS-WE DeblurGAN-V2 EIDGAN EAIDGAN-Ra  EAIDGAN-LS

Figure 6. 12 PSNR comparison of the five models

6.6.2. Discussion on SSIM Results

SSIM is another quality evaluation metrics performed on this work to measure structural similarity
between real image and restored image based on luminance, brightness, and luminance. The SSIM
shows the EAIDGAN-LS beats other models as shown in figure 6.13. This is because of the
attention mechanism and least square loss as described in section 6.6.1. As shown in the figure.
To access the importance of edge loss EAIDGAN-LS is trained without edge loss (EAIDGAN-
LS-WE) and the score is dropped from 0.8406 to 0.778. Based on this observation, it is simple to
understand the importance of attention mechanisms (self and channel), and edge loss in image

deblurring.
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EAIDGAN-LS-WE DeblurGAN-V2 EIDGAN EAIDGAN-Ra EAIDGAN-LS

Figure 6. 13 SSIM score of the five models

6.6.3. Discussion on Human Evaluation Results

In this evaluation, users had a chance to compare the more realistic images from baseline and the
EAIDGAN-LS model. Based on a human evaluation study some users choose the image restored
by DeblurGAN-V2 work as more realistic, while the other users choose the image restored by
EAIDGAN-LS as more realistic than baseline work. The average user study chooses the image
restored by DeblurGAN-V2 as more real is 37.5%, while the average user chooses the image
restored by EAIDGAN-LS as more real is 62.5%. Based on this one, this work tells us the image

restored by EAIDGAN-LS is more natural and closer to the real image.

Average Human Evaluation
0.7
0.6
0.5
0.4
0.3
0.2
0.1

DeblurGAN-V2 EAIDGAN-LS

Figure 6. 14 Human evaluation study
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CHAPTER SEVEN

7. CONCLUSION AND FUTURE WORKS

7.1. Conclusion

Currently, image-to-image translation has shown successive results in changing an image from
one class to another class. This can be applied in various domains such as image deblurring, black
and white to the color photo, image super-resolution, edge to photo, and style transfer. Image
deblurring is an extension of image-to-image translation that aims to restore sharp images from
blurry images. One of the main challenges in image deblurring is it is difficult to handle blur
kernels in the image only with convolution kernels since it limits the ability of the network from
learning global information. To tackle this problem using an attention mechanism in the deblurring

network could be an alternative solution.

This work presented edge and attention-based image deblurring by GAN. The purpose of this study
was to improve the quality of the synthesized image by adding a learning function and attention
mechanisms (self and channel) to the generator network of baseline work (Kupyn et al., 2019).
Among the examination, the goal was to restore the visually realistic image from the blurred image
with small computational cost as possible. To do so, this work adds EfficientNet-B7 as a feature
extractor to minimize computational cost, channel and self-attention mechanism, and edge loss to
the baseline work. Indeed, these modifications make EAIDGAN-LS restore sharp images with

clear edges and closer to the original image.

The experiment showed the logical process of the architecture with the mathematical expression
utilized to move forward the quality of an image. Out of the five models, the reconstruction result
using the EAIDGAN-LS section had better visual quality and performance with different
evaluation metrics (PSNR, and SSIM) as shown in the result and appendices section.

EIDGAN is not based on attention mechanism and it has been shown to have poor restoration
performance than other models. EAIDGAN-LS has been shown to have better restoration
performance than the other four comparison models. As discussed in the result section the score
of EAIDGAN-Ra is almost close to EAIDGAN-LS. Both EAIDGAN-Ra and EAIDGAN-LS
network is similar and in both networks except the loss function. Both networks utilize attention

mechanisms and outperform the other three models and this has answered the first research
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question of what is the effect of adding an attention mechanism regarding improving deblurring

quality.

The score of EAIDGAN-Ra is almost close to EAIDGAN-LS as shown in the result section. Both
networks are similar except EAIDGAN-LS uses the least square loss and EAIDGAN-Ra uses
relativistic average loss but, EAIDGAN-LS showed better restoration capability than EAIDGAN-
Ra as discussed in the result section. EAIDGAN-LS was trained without edge loss (EAIDGAN-
LS-WE) and the model shows the striking drop in performance as appeared in table 6.1. This
addresses the second research question of what are the appropriate learning constraints that

improve deblurring quality.

Broad subjective and quantitative evaluations illustrate the striking victory of the proposed system
against existing methods. The peak signal to noise ratio and structural similarity index measure
reaches over 26.174 and 0.8406 respectively which outperforms the other comparative works.
Average human assessment study has appeared that this research exceeds expectations at 25%
compared to DeblurGAN-v2. Finally, it is reasonable to conclude that adding an attention
mechanism (self and channel) and edge loss to the deblurring network would yield a better
performance due to they make to makes the network focus on more important futures and exploit

the relationship between feature channels and preserve edge information.

7.2. Future Work

As watched within the experiment, the model is emphatically dependent on the attention
mechanism (channel and self-attention) and edge loss. Synthesized output depends mainly on
attention mechanisms performance as discussed in table 6.1. Based on this one integrating another
attention mechanism such as contextual and scale attention to the model can improve the execution
of the model. Edge loss is another essential part of the model which has a great impact on the
performance of the network as appeared in table 6.1. For computational complexity, the Sobel
edge detector was used since it is based on the first-order derivative. So, replacing the Sobel edge
detector with another edge detector such as a Laplacian operator can improve the performance of
the network. Due to computational resource scarcity, this experiment could not be done on a large-
scale dataset. Training the model on a huge dataset would in advance illustrate the effectiveness
of the proposed model. Taking the research in this way could make it more robust and fundamental

to be utilized on a wide scale.
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APPENDICES
Appendix A: Sample Dataset

Appendix A.1. GoPro sample Dataset

Blurry Image Sharp Image
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Appendix A.2. Lai sample Dataset
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Appendix B: Result on Different epochs

Appendix B.1: Result of DeblurGAN-V2
Epoch 1 Epoch 10 Epoch 15

Epoch 51 Epoch 101 Epoch 110

Epoch 200
Epoch 150 Epoch 170 P
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Appendix B.2: Result of EIDGAN
Epoch 1 Epoch 10 Epoch 15

Epoch 110

Epoch 200
Epoch 150 Epoch 170 P
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Appendix B.3: Result of EAIDGAN-Ra
Epoch 1 Epoch 10 Epoch 15

Epoch 51 Epoch 101 Epoch 110

Epoch 200
Epoch 150 Epoch 170 P
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Appendix B.4: Result of EAIDGAN-LS
Epoch 1 Epoch 10 Epoch 15

Epoch 51 Epoch 101 Epoch 110

Epoch 200
Epoch 150 Epoch 170 p
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Appendix C: Sample Code
Appendix C.1: Dataset preprocessing

def select patch(sharp, blur, patch size x, patch size y):
sharp=tf.image.resize (sharp, size=[256,256] ,method='nearest')
blur=tf.image.resize (blur, size=[256,256] ,method='nearest')
return sharp,blur

def get dataset path(dataset name):
return Path("datasets") / dataset name

class IndependantDataloader:
def image dataset(self, images_paths):
dataset = tf.data.Dataset.from tensor slices(images_ paths)
dataset = (
dataset.map (
tf.io.read file,
num parallel calls=tf.data.experimental.AUTOTUNE
)
.map (tf.image.decode_png,
num parallel calls=tf.data.experimental.AUTOTUNE)
.map (
lambda x: tf.image.convert image dtype(x, tf.float32),
num parallel calls=tf.data.experimental.AUTOTUNE,
)
.map (
lambda x: (x - 0.5) * 2,
num parallel calls=tf.data.experimental.AUTOTUNE,

)

return dataset

def load test(self,
dataset name,
mode="test",
batch_size=1,
patch_size=(256, 256),
shuffle=False,

dataset path = get dataset path(dataset name) / mode

print("test data is loaded")

sharp images path = [str(path) for path in
glob.iglob("datasets/gopro/test/B/*.png") ]

blur images path = [path.replace("B", "A") for path in
sharp images_path]

print(len(sharp images_path))

print (len(blur_images_path))

sharp dataset = self.image_dataset(sharp_images_path)
blur dataset = self.image dataset(blur_images_path)
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dataset = tf.data.Dataset.zip((sharp_dataset, blur dataset))

if shuffle:
dataset = dataset.shuffle (buffer size=200)

dataset = dataset.map(
lambda sharp image, blur_ image: select patch(
sharp image, blur image, patch_size[0], patch _size[1l]
),
num parallel calls=tf.data.experimental.AUTOTUNE,

)

dataset dataset.batch (batch_size)
dataset = dataset.repeat()
dataset =
dataset.prefetch(buffer size=tf.data.experimental.AUTOTUNE)

return dataset

def load(
self,
dataset name,
mode="train",
batch_size=1,
patch_size=(256, 256),
shuffle=False,

dataset path = get dataset path(dataset_name) / mode
print("train data is loaded")
sharp images _path = [str(path) for path in
glob.iglob ("datasets/gopro/train/B/*.png") ]
blur images_path = [path.replace("B", "A") for path in
sharp images_ path]

sharp dataset = self.image_ dataset(sharp_ images_path)
blur dataset = self.image dataset(blur_images_path)

dataset = tf.data.Dataset.zip((sharp_dataset, blur dataset))

if shuffle:
dataset = dataset.shuffle(buffer size=200)

dataset = dataset.map(
lambda sharp image, blur_ image: select patch(
sharp image, blur_ image, patch_size[0], patch_size[1]
),
num parallel calls=tf.data.experimental.AUTOTUNE,

)

dataset dataset.batch (batch_size)
dataset = dataset.repeat()
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dataset =
dataset.prefetch (buffer size=tf.data.experimental.AUTOTUNE)

return dataset

Appendix C.2: Train generator and discriminator network
@tf. function
def train step(blurs,sharps,epoch):

with tf.GradientTape() as gen_tape,tf.GradientTape() as
disc_patch_ tape:

gen_output = generator (blurs, training=True)
disc_real output patch = patch discriminator(sharps, training=True)

disc_generated output patch = patch_discriminator(gen_output,
training=True)

gen_total loss, gan_loss,
perceptual loss,charbonnier loss,edge loss=
generator loss(disc_generated output patch,gen_output, sharps)

disc_loss_patch = discriminator_ loss(disc_real output patch,
disc_generated output patch)

disk t = disc_loss_patch
generator gradients = gen_tape.gradient(gen_total loss,
generator.trainable variables)

discriminator_gradients_patch =
disc_patch_ tape.gradient(disc_loss patch,

patch_discriminator.trainable variables)

generator optimizer.apply gradients (zip (generator_ gradients,

generator.trainable variables))

patch_discriminator optimizer.apply gradients(zip(discriminator gradient
s_patch, patch_discriminator.trainable variables))

with summary writer.as_default():
tf.summary.scalar('gen_total loss', gen_total loss, step=epoch)
tf.summary.scalar('disk_t', disk t, step=epoch)

def train(epochs,train dataset, test_dataset):
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current learning rate = LR
print (current learning rate)
for epoch in range (epochs) :
start = time. time ()
#reduce LR by at every epochs
if epoch >= 150:

current_ learning rate =
learning rate_decay(current learning rate)

print('current learning rate %f' % (current learning rate))
set learning rate(current learning rate)

for sharps, blurs in test dataset.take(l):
generate_images (generator,blurs, sharps,epoch)

# Save the model every 15 epochs

for index, (sharp_images, blur images) in enumerate(train_dataset):
if index > 2000:
break
train step(blur_images,sharp images,epoch)
# Produce images for the GIF as you go
if (epoch + 1) % 1 ==
save_model (generator,patch _discriminator,epoch)

print ('Time for epoch {} is {} sec'.format(epoch + 1, time.time()-
start))

#save the model at the end of each epochs

def save_model (generator,patch _discriminator,epoch) :

generator.save ("drakmo/generator {:04d}.h5".format (epoch))
#discriminator.save ("drakmo/discriminator{:04d}.h5" . format (epoch))
patch_discriminator.save("drakmo/patch_discriminator{:04d}.h5".format(ep
och))
#load train dataset
train dataset = IndependantDataloader () .load (

"gopro", patch size=(256, 256), batch_size=1, mode="train")
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test_dataset=IndependantDataloader () .load test(
"gopro", patch size=(256, 256), batch size=1, mode="test"
)

train(200,train_dataset, test dataset)

Appendix C.3: Edge Loss
def Edge loss(fake,real):
real edge = tf.image.sobel edges (real)

fake edge = tf.image.sobel edges (fake)

real y = real edge[O, :, :, :, 0]
real x = real edge[O, :, :, :, 1]
fake y = fake_edge[O, :, :, :, 0]
fake x = fake_edge[O, :, :, :, 1]

edge loss = tf.reduce_sum(tf.abs( real_y - fake y )) +
tf.reduce_sum(tf.abs(real x- fake x))

return edge loss

edge loss = Edge_ loss(gen_output, target)
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Appendix E: Human Evaluation User Study

> <

human evaluation user study

Thank you for participating Human Evaluation User study

Email

Image A Image B

from above two images which one looks more real ?

A
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Image A

from above two images which one looks more real ?
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S.NO Name of Evaluator Q1 Q2
1 Merga B B
2 Muktar B B
3 Yordanos A B
4 Dagmawit B B
5 Mengistu A A
6 Dedefo B B
7 Seid B A
8 Kidist A A
9 Biruk B B
10 Chala B B
11 Diriba B B
12 Bahradin B A
13 Fayyisa B B
14 Bikila B B
15 Anteneh A B
16 Ebisa B A
17 Biniyam A A
18 Yadeta B B
19 abera A A
20 Dagne B B
21 Felmi A A
22 Lata B B
23 Deyyas B A
24 Tihtina A A
Total A 8/24 =0.333 10/24 = 0.416
B 16/24 = 0.66 14/24 = 0.583

Where A is the result of DeblurGAN-v2 and B is the result of EAIDGAN -LS
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