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Abstract

This thesis investigates the field of super-resolution using deep learning methodologies, with a
specific focus on Convolutional Neural Networks and Generative Adversarial Networks. The
primary objective is to enhance the resolution and quality of low-resolution images by proposing

novel architectures and methodologies that address the inherent challenges in this domain.

The first contribution of this thesis is the development of a novel GAN-based architecture for
super-resolution. The proposed architecture incorporates a dual-stage upsampling approach
for an upscaling factor of 4, utilizing inter and intra residual dense connections. This design
enables the model to effectively capture high-frequency texture details in images. Furthermore,
the integration of semantic information with the input image enhances the depiction of objects,
resulting in visually compelling outcomes. To ensure stable training, spectral normalization is

employed in the discriminator architecture

The second contribution of this thesis is the introduction of the Generative Adversarial Based
SRINet model. This model obviates the need for linear filters by integrating complex filter
structures within the network. Additionally, the architecture incorporates dense skip connec-
tions to enhance the network’s learning capability while retaining computational efficiency. A
progressive upscaling approach is employed to preserve high-frequency components and pro-

duce output images with fine texture details.

Furthermore, this thesis presents a novel GAN-based progressive face hallucination network.
To generate output images with 3D parametric information, an auxiliary supervision network is
utilized, leveraging the shape model of a 3D Morphable Model (3DMM) to generate 2D images
with 3D parametric information. Additionally, an autoencoder is proposed to incorporate high-
frequency components using high-resolution coefficients of Discrete Cosine Transform (DCT).
An Inverse DCT (IDCT) block is introduced within the network to convert frequency domain
coefficients to the spatial domain, effectively embedding high-resolution DCT information into

the face hallucination network.

Lastly, this work investigates the benefits of incorporating audio signals in the video face hal-
lucination task. Empirical evidence demonstrates that audio signals aid in retrieving lost visual
information and maintaining visual consistency across consecutive frames. A novel lip-reading

loss, inspired by visual speech recognition, is introduced, enabling the proposed architecture to

v



generate facial images with fine texture details in areas such as the mouth and lips. Additionally,

a frequency-based loss function is incorporated to effectively capture salient frequency features.
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1 Introduction

1.1 Overview

A digital image comprises small picture elements called pixels. The number of pixels per unit
area defines the spatial resolution. In various applications of digital image processing, high
spatial resolution images are required. Capturing high-resolution images requires costly imag-
ing sensors. The high density of these sensors indicates a higher spatial resolution. Therefore,
to capture images with high-resolution, the image acquisition sensor’s density needs to be in-
creased, which in turn increases the hardware cost. In addition, they need higher bandwidth
and a large amount of data for transmission. Camera speed and optical blur are other factors
that affect the resolution of images. Therefore, low-resolution images could result from hard-
ware limitations, such as a low-resolution camera sensor or a low-bandwidth network connec-
tion, or intentionally downscaled to reduce storage or transmission costs. These low-resolution
images can suffer from a loss of critical visual details, making them difficult to interpret or
analyze. Therefore, the general techniques to enhance the resolution of images and generate

high-resolution images are:

1. Increasing sensor density,
2. Increasing the chip size of the capturing device, and

3. Super-resolution.

The first two methods are generally not preferred since they lead to increased cost of the de-
vice and higher computational complexity. Therefore, it is preferred to capture an image as
a low-resolution image and perform some pre and post-processing on the degraded image to
get a high-resolution image. Image super-resolution [1, 2] is the process of upscaling a low-
resolution image to a higher-resolution image while preserving or enhancing important details
in the image. The goal of image super-resolution (SR) aims to generate a higher-quality image

with a higher level of detail and clarity than the original low-resolution image.

SR is an inverse problem [3] where pixels participate in generating unavailable data, and there-
fore, there is no unique solution for this problem. The SR algorithm depends on the number
of input and output images used. In single-image single output (SISO) SR [4], a single low-

resolution image is used to produce a high-resolution image. In multiple-input single-output
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(MISO) SR [5, 6], multiple low-resolution frames estimate a single high-resolution frame.
MISO SR requires fusion stages and high computational complexity during image registration
and is not a very popular method. Therefore, single-image SR is preferred over multi-frame

super-resolution.

There are several approaches to image super-resolution, including interpolation, reconstruction,
and learning-based methods. Interpolation-based methods [7] involve simple algorithms such
as the nearest neighbor [8], bilinear, or bicubic interpolation to upsample the low-resolution
image to the desired resolution. Reconstruction-based methods [2] involve estimating a high-
resolution image from multiple low-resolution images, typically by exploiting the relationship
between the images in a Bayesian framework. Learning-based methods [9] involve training
a neural network to map low-resolution images to high-resolution ones, typically using deep

learning techniques such as Convolutional Neural Networks (CNNs) [10].

Deep learning-based methods have shown promising results in image super-resolution, achiev-
ing state-of-the-art performance on benchmark datasets [11]. These methods typically involve
training a CNN to learn a mapping function between low-resolution and high-resolution image
pairs, using a dataset of paired images to learn the parameters of the network. The trained net-
work can then be used to generate high-quality super-resolved images from new low-resolution

images.

Image super-resolution is an important technique for improving the quality and usability of low-
resolution images in many applications. With the development of deep learning-based methods,
generating high-quality super-resolved images from low-resolution inputs has become increas-
ingly feasible, enabling new applications in fields such as medical imaging, video streaming,

and computer vision.

1.1.1 Applications

Image super-resolution has a wide range of applications in various fields, including computer
vision, medical imaging, video streaming, and digital photography. The applications that make

advantage of image super-resolution methods are listed below.

1. Medical imaging [12, 13, 14]: Super-resolution imaging techniques are used in medical
imaging to provide clearer, more accurate images that help doctors and other healthcare
workers diagnose and treat a variety of medical disorders.

2. Satellite imaging [15, 16]: Using image super-resolution in satellite imaging provides
researchers with more detailed and accurate geospatial data and hyperspectral images,

which helps in analyzing and monitoring various environmental and social phenomena.
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3. Digital photography [17] : In digital photography, image super-resolution allows photog-
raphers to improve the resolution and clarity of digital photos, which is extremely useful

in applications like printing or online sharing.

4. Art restoration [18]: Image super resolution technology can assist art historians and re-
storers in enhancing the quality and resolution of artwork images in order to restore and

conserve the cultural legacy for future generations.

5. Video processing [19, 20]: Video satellite imagery is a new technique for earth dynamic
observation and has a wide range of uses in environmental fields. Despite its capability
of dynamic target detection, it sustains a severe restriction of image quality due to the
degradation and compression in its imaging process. In order to improve the quality of

the frames in video satellite imagery, super-resolution techniques can be applied.

6. Surveillance and image forensic [21, 22]: Generating a high-quality resolution image has
become essential in the forensic field. Video frames of common security surveillance
cameras are found to be very low in clarity and degraded with many noises, distortions,
blurs, and lousy illumination. So, SR techniques are required to enhance the quality of

videos.

7. Face hallucination: Applying super-resolution on faces is known as face hallucination
(FH) and is widely required in many image processing applications, such as facial emo-
tion detection [23], pedestrian reidentification [24], facial alignment [25], face recogni-
tion [26, 27], face identification [28] and deep fake detection [29].

8. Gaming [30, 31]: By improving video gaming frames’ visual quality and resolution, im-
age super-resolution techniques can give players a more engaging and realistic gaming

experience.

1.1.2 Challenges

Numerous methods have been proposed to solve SR problem. Still there are various issues that

remained unsolved. Following are the challenges that need to be addressed by researchers:

1. Super-resolution algorithm based on reconstruction based methods (edge directed and
interpolation based) are fast as comparison to deep learning based algorithms but they
oversimplify the SISR problem. They usually yield solutions with over smooth tex-
tures and missing high frequency details. Interpolation can lead to blurry images, while
reconstruction-based methods can be computationally expensive and require prior knowl-
edge of the image structure. These methods also tend to struggle with handling complex

image textures and patterns.
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2. Deep learning-based methods face challenges in terms of data availability, model ar-
chitecture, and computational resources. These methods require large datasets of high-
resolution and low-resolution images for training, which can be difficult to obtain in cer-
tain domains. Model architecture is also an important factor in achieving high-quality
results, and designing optimal architectures can be a challenging task. In addition, deep
learning-based methods require significant computational resources for training and in-

ference, which can be expensive and time-consuming.

3. Images with different scales and aspect ratios can pose difficulties in aligning the input

and output images, which can lead to distortion and artifacts in the output image.

4. Deep learning models trained on specific datasets can struggle to generalize to new datasets

or domains, leading to poor performance in image super resolution.

5. GAN based SR networks have high computational complexity and problem of vanishing

gradient arises with increase in depth of network.

6. Most current face super resolution methods rely on two-dimensional facial priors to gen-
erate high resolution face images from low resolution face images. These methods are
only capable of assimilating global information into the generated image. Still the local

features, subtle structural details and depth information is missing in final output image.

7. Quantitative results produced by super resolution methods based on generative adversarial

networks have less values as compared to other deep learning based methods.

8. Face super resolution task remains rather challenging in videos in comparison to the im-

ages due to inherent temporal consistency issues.

9. Another major issue in present video based SR approaches is the presence of blurriness
around the key facial regions such as mouth and lips - where spatial displacement is much

higher in comparison to other areas.

1.2 Objectives of dissertation

This thesis work was accomplished with primary focus on the following three objectives:

1. Development of a novel generative adversarial network to improve the quality of state-of-

the-art in image super resolution.

2. Incorporate semantic information from the scene into the image super resolution system

for better perception of an output image.

3. Quantitative and qualitative analysis of the proposed method.
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1.3 Structure of the thesis

Chapter 1 provides an overview of image super-resolution and approaches that are used to
perform image super-resolution. Then we discussed its applications and the challenges the

research community faces while performing it.

Chapter 2 covers the fundamentals of deep learning, along with a thorough explanation of the
various deep neural networks. We also discussed how these deep neural networks help perform

image super-resolution.

Chapter 3 provides a detailed literature survey on different approaches to performing image
super-resolution on generic images. Next, we covered the most recent developments in face
hallucination, an application of image super-resolution. We also covered several methods for

carrying out video-based super-resolution.

Chapter 4 presents a novel Generative Adversarial Network based architecture named Residue
and Semantic feature-based Dual Subpixel Generative Adversarial Network for image super-
resolution. This chapter provides insight into how semantic-based information can help the

GAN-based network to generate images with high texture.

Chapter 5 presents our work to generate an efficient GAN-based image super-resolution ar-
chitecture. Complex filter settings are used in the proposed work to reduce the computational

complexity of the model while retaining the quality of images.

Chapter 6 proposes a semantic structural constraint based face hallucination method along with
frequency supervision using generative adversarial networks. Extensive experimentation evalu-
ation shows the usefulness of the proposed architecture in the form of state-of-the-art quantita-

tive results.

Chapter 7 presents a video-based face hallucination method using audio-visual cross-modality
support. In this work, we also propose a novel loss function to mitigate the blurriness around

the mouth region and map the spatial displacement.

Chapter 8 presents the conclusion for the proposed works. We also discuss the future direction

of the proposed research in this chapter.

1.4 Contribution of the thesis

The following are the contributions of this dissertation:

1. A novel GAN based architecture is proposed for super-resolution where dual stage up-
sampling is done for an upscaling factor of 4. In dual upsamping stages, inter and intra

residual dense connections are done; making our model capable of sustaining high texture
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details of an image. To enhance the objects present in the image, semantic information is

merged with the input image; leading to excellent visual results.

2. Anefficient GAN based architecture is presented for generic image super-resolution. This
model alleviates the use of linear filters and integrates the complex filter structures in the
network to approximate most favorable sparse structures. Dense skip connections are
introduced in the architecture. This approach increases the learning capability of network

while retaining its computational complexity.

3. A novel GAN based progressive face hallucination network is proposed. To generate
the final output image with 3D parametric information, proposed model uses a auxiliary
supervision network which is compelled to generate 2D images with 3D parametric infor-
mation using shape model of 3DMM. To incorporate high frequency components in the
output image, an auto encoder is proposed which generates high resolution coefficients
of DCT.

4. In this work, the semantic relation between audio waves and corresponding visual frames
is explored to maintain temporal consistency across the frames of videos. We proposed a
novel lip-reading loss inspired by automatic speech recognition to generate video frames

with high textural information around the mouth region.
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2 Basics of Deep Learning

2.1 Introduction

Deep learning has a transformative impact on artificial intelligence, leading to remarkable ad-
vancements across various applications. Notably, in natural language processing (NLP) [32],
computer vision [33], and speech recognition [34], deep learning has brought about unprece-
dented breakthroughs.

Deep learning refers to a class of machine learning algorithms [35] that are based on artificial
deep neural networks (DNN) [36]. Neural networks consist of multiple layers of interconnected
nodes, which process input data and make predictions based on learned relationships between
the input and output. Unlike traditional machine learning algorithms that rely on hand-crafted
features, deep learning algorithms automatically learn high-level abstractions from data, allow-

ing them to achieve remarkable accuracy on complex tasks.

Deep learning exhibits a significant advantage in its capability to acquire hierarchical repre-
sentations of data, as emphasized in the survey by Dong et al. [37]. In computer vision, for
example, deep learning algorithms learn to recognize basic features, such as edges and corners
in the lower layers of a neural network, and then build up to recognizing more complex features
such as objects and scenes in the higher layers. The capacity of deep learning algorithms to
learn hierarchical representations of data has empowered them to surpass traditional machine
learning approaches in various computer vision tasks. In tasks like object recognition [38]) and

image segmentation [39], deep learning algorithms have exhibited superior performance.

Deep learning possesses another notable advantage in its capacity to effectively handle vast vol-
umes of data, which proves crucial for various applications, particularly in NLP and computer
vision. Deep learning algorithms excel in learning from extensive sets of data, including text,
speech and images, enabling them to extract meaningful representations that are instrumental

in tasks such as language translation and speech recognition and digital image processing.

The achievements of deep learning can be attributed to several critical factors, including the
abundance of sizable datasets, the availability of robust hardware resources, and the advance-
ments in sophisticated training algorithms. These factors collectively contribute to the success

of deep learning in various applications. The rise of cloud computing and the availability of
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Figure 2.1: Convolutional Neural Network Architecture

GPUs have made it possible to train large deep learning models on massive amounts of data,

leading to unprecedented levels of accuracy on a variety of tasks.

The advent of deep learning has a profound and transformative impact on artificial intelligence.
It has not only unlocked new possibilities for addressing intricate problems but has also gained
extensive adoption across a wide range of applications. With ongoing advancements in hard-
ware capabilities and the continuous development of novel training algorithms, deep learning is
poised to maintain a prominent role in shaping the future of artificial intelligence. CNNs [10],
generative adversarial networks (GANs) [40], and auto-encoders (AE) [41] are among the DNN
architectures that have recently exhibited exceptional performance in various computer vision

tasks.

2.1.1 Convolutional Neural Networks

CNNs (refer Figure 2.1) have become a prominent class of DNNs extensively employed in
computer vision applications. They have found success in tasks including image classification,
object detection, and segmentation [42, 43]. CNNs are designed to process images by extracting
meaningful features from them, and they are inspired by the organization and functionality of
visual cortex in human brain. CNNs works o the fundamentals of convolution, which involves
sliding a filter over an image and computing a dot product between the filter and the local patch
of the image. This operation produces a new feature map, which highlights the presence of
certain patterns or textures in the image. Convolutional filters are typically small and learn-
able, allowing the CNN to automatically discover the most relevant features for a given task.
CNNs are composed of multiple layers, each of which performs a specific function which are

as follows:
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Figure 2.2: Convolution layer operation

Convolution Layer:

Convolutional layers are crucial components within CNNs, serving as the main building blocks.
Their primary purpose, as depicted in Figure 2.2, is to apply learnable filters, also known as
kernels or feature detectors, to the input data with the objective of extracting high-level features.
The convolutional layer achieves this by performing a convolution operation, which entails
sliding the filter across the input data and computing the dot product between the filter weights
and the corresponding input data at each position. This process yields a set of activation values
known as feature maps or output channels, which effectively capture the presence of specific
patterns or features within the input data.

During the training phase, the parameters of the filters in a convolutional layer are learned
through backpropagation. This involves computing the gradient of the loss function concerning
the filter weights and using it to update the weights. This adaptive learning process enables the
filters to effectively capture the specific features in the input data and learn increasingly intricate
representations as the network delves deeper. Additionally, convolutional layers often incorpo-
rate other operations to enhance their performance and mitigate overfitting, thus improving the

overall efficiency and effectiveness of the layer, such as;

 Strides: By adjusting the step size of the filter as it moves over the input data, the output
feature maps can be made smaller, reducing the number of computations and potentially
improving the network’s ability to detect small or fine-grained features.

* Padding: To preserve spatial information and prevent edge effects, padding involves in-
troducing additional pixels or values along the edges of the input data. This technique
ensures that the output feature maps maintain same size as input data. Using padding,
the convolutional layer effectively mitigates any loss of spatial information and prevents
undesired artifacts that may arise at the edges of the input data.

* Nonlinear activation functions: Applying a nonlinear function to the output of each filter
enables the network to acquire more intricate and expressive representations. This non-

linearity enhances the network’s capability to capture complex patterns and relationships
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Figure 2.3: Activation Functions

within the data, enabling it to learn and represent more sophisticated features.

Activation Functions:

Activation functions (refer Figure 2.3) are a critical component of CNNs and other types of
neural networks. They introduce nonlinearity into the model and help the network learn com-
plex patterns and relationships in the data. Following are some of the commonly used activation

functions in convolution layers and their properties.

* Sigmoid Activation Function: This function is defined in eq. 2.1. It has a characteristic S-
shaped curve that maps any input value to a value between 0 and 1. It is useful for binary
classification problems because it produces a probability output that can be interpreted as
the likelihood of the input belonging to the positive class. However, sigmoid activation
functions have some drawbacks. First, the gradient of the sigmoid function is very small
for large or small input values, which can slow down the learning process during training.
Second, the output of the sigmoid function is not centered around zero, which can lead to

vanishing gradients and unstable training.

10



2.1. INTRODUCTION

fx) =1/(1 + exp(—2)) (2.1)

* The Rectified Linear Unit (ReLU): ReLLU is defined in eq. 2.2. It is one of the most widely
used functions in CNNs and other deep learning models because it is simple, computa-
tionally efficient, and can mitigate the vanishing gradient problem. The ReLU function
is linear for positive input values, which means that it does not saturate or plateau like
sigmoid function. This allows the network to learn more quickly and avoid the vanish-
ing gradient problem that can occur with other activation functions. However, the ReLU
function is not differentiable at x = 0, which leads to unability to calculate the gradi-
ent at z = 0. Since, all the negative values are always zero, the corresponding weights
and biases will never get updated, in turn making the gradient to be zero. This problem
is called dying ReLU. There are few variants of ReLU that are designed to increase the

further efficacy of existing function and resolve the dying ReL.U problem
f(z) = max(0,x) (2.2)

* LeakyReLU: Dying ReLLU problem is resolved by LeakyReL.U defined in eq. 2.3. For
negative values it adjoins a very small positive slope. Therefore, during back propagation
the gradient doesn’t become completely zero. « is a very small constant value multiplied

with the negative input values.
f(z) = max(ax,x) (2.3)

* Parametric ReLU (PReLu): It is the advanced version of LeakyReLU, the « value is not
fixed initially but learned adaptively during the training according the problem statement.

* Softmax: In CNNs, the Softmax function is commonly employed in the output layer for
multi-class classification tasks. This function normalizes an input vector, producing a
probability distribution across K classes, where K represents the number of classes. The
mathematical formulation of the Softmax function is presented in Equation 2.4, where x;
denotes the ith element of the input vector, and j iterates over all K classes. By applying
the Softmax function, the output values represent the probabilities that the input belongs

to each of the K classes, facilitating the interpretation of class membership likelihoods.

f(zi) = exp(z;)/sum(exp(x;)) (2.4)

The selection of an activation function in a CNN is influenced by both the problem at hand

and the network’s architecture. Among the various options, two commonly utilized activation

11
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Figure 2.4: Pooling layer

functions are Sigmoid and ReLLU. The Sigmoid function is frequently employed for its ability
to squash the input into a range of values between 0 and 1, which is advantageous in tasks
such as binary classification. On the other hand, the ReLU function, which sets negative val-
ues to zero and leaves positive values unchanged, aids in capturing non-linear relationships and
is widely used due to its simplicity and computational efficiency. Additionally, the Softmax
function is employed explicitly in the output layer of a CNN for multi-class classification prob-
lems, enabling the transformation of the network’s output into probabilities representing class

membership likelihoods.

Pooling Layer

A pooling layer (refer Figure 2.4) is used to reduce the spatial dimensions (i.e., height and width)
of the input volume while retaining the most important features. They are commonly utilized
following convolutional layers to progressively downsize the feature maps, thereby aiding in
the prevention of overfitting. The pooling operation typically involves a sliding window moving
across the input volume and computing some function on the subregions of the input. The two

most prevalent types of pooling are max pooling and average pooling.

* Max pooling: This pooling operation computes maximum value within each subregion
of the input. It effectively reduces the dimensionality of the input volume by retaining
only the largest value in each subregion, and is useful for detecting important features

and maintaining spatial invariance.

* Average pooling: It computes the average value within each subregion of the input. It is
a simpler operation that can help to reduce overfitting by reducing the dimensionality of

the input volume.

The size of the pooling window, also called the pool size, is a hyperparameter that can be

adjusted to control the degree of pooling. A larger pool size will result in more aggressive

12
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pooling and greater spatial reduction, while a smaller pool size will lead to less reduction and

more detail retention.

Fully connected (FC) layer

In the final classification stages, the FC layer assumes a vital role by converting the high-level
representations acquired from earlier layers into suitable output class probabilities or predic-
tions. While convolutional and pooling layers are primarily dedicated to extracting local fea-
tures and reducing spatial dimensions, the FC layer focuses explicitly on mapping the learned

features to their corresponding output classes.

A FC layer connects every neuron in the previous layer to every neuron in the current layer,
forming a dense matrix of weights that are learned during training. The input to a FC layer
is typically flattened output of the preceding convolutional or pooling layers, which has been

reshaped into a vector.

In an FC layer, each neuron performs a weighted sum of the input activations and a bias term.
This computation is followed by applying an activation function, to introduce non-linearity to
the neuron’s output. The resulting output from each neuron represents a specific feature or class
probability. Ultimately, the FC layer produces a probability distribution across the potential

output classes.

Adjusting the number of neurons in the FC layer is a hyperparameter that influences the net-
work’s complexity and the number of possible output classes. Typically, the FC layer contains
a larger number of neurons compared to the preceding convolutional or pooling layers. This
arrangement allows the layer to capture more high-level features and abstract representations,

enabling the network to make informed predictions.

To ensure the output probabilities are normalized and sum up to one, a softmax activation func-
tion is commonly applied after the FC layer. This normalization step facilitates interpreting
the output probabilities as a probability distribution. These probabilities are then utilized for
predicting the class of the input image. The FC layer plays a critical role in a CNN, as it en-
ables the network to learn and utilize high-level representations of input images for accurate
classification.

2.1.2 Generative Adversarial Networks (GANSs)

GANsS, as depicted in Figure 2.5, belong to a class of deep learning models that comprise two
interconnected neural networks: a generator network and a discriminator network. These mod-
els, introduced by Ian Goodfellow in 2014 [40], have gained significant popularity in generative

modeling.

13
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Figure 2.5: Generative Adversarial Network Architecture

The generator network plays a crucial role in GANs. It inputs a random noise vector and synthe-
sizes artificial samples that closely resemble actual data. On the other hand, the discriminator
network is responsible for distinguishing between actual samples from the training set and the
synthetic samples generated by the generator. It performs binary classification, classifying input

samples as either natural or synthetic.

By training these two networks together in an adversarial manner, GANs aim to achieve a
competitive dynamic. The generator strives to produce increasingly realistic samples that can
fool the discriminator, while the discriminator aims to accurately discriminate between actual
and synthetic samples. Through this iterative process, GANSs learn to generate high-quality and

visually convincing synthetic data that closely resemble the actual data distribution.

In GAN:S, the loss function comprises two components: generator loss and discriminator loss.
These terms are combined to guide the training process. The generator loss, as shown in equa-
tion 2.5, evaluates the generator’s effectiveness in deceiving the discriminator by producing
synthetic samples classified as real. A popular choice for the generator loss is the binary cross-
entropy (BCE) loss. This loss is computed by comparing the discriminator’s predictions for
the generator’s samples with a vector of ones, indicating that the samples should be classi-
fied as real. The BCE loss quantifies the discrepancy between the discriminator’s outputs and
the desired classification, encouraging the generator to generate more convincing samples that

resemble the real data distribution.

—[log(1 = D(G(2)))] (2.5)

The variable z represents a random noise vector that acts as input to the generator. The dis-

14



2.1. INTRODUCTION

criminator, on the other hand, evaluates the generated sample produced by the generator and
produces an output denoted as D((G(z)). The negative sign is used to convert the minimization
problem of the generator loss into a maximization problem, which aligns with the minimization

problem of the discriminator loss.

The discriminator loss quantifies the discriminator’s ability to accurately differentiate between
authentic and fake samples. A frequently employed approach for the discriminator loss is the
BCE loss, as depicted in equation 2.6. It entails calculating the cross-entropy between the
discriminator’s predictions for both real and synthetic samples and their respective target values,
which are represented by vectors of ones and zeros. This loss function guides the training of
the discriminator, encouraging it to make accurate distinctions between real and synthetic data

points.
—[log(D(x)) + log(1 — D(G(2)))] (2.6)

In the equation provided, the variable = represents a real sample drawn from the underlying data
distribution, while D(x) represents the discriminator’s prediction for that particular sample. The
first term in the equation denotes the loss incurred by the discriminator when it incorrectly clas-
sifies a real sample as fake, while the second term signifies the loss incurred when it erroneously

classifies a synthetic sample as real.

The ultimate objective of training a GAN is to reach a state of Nash equilibrium, a concept
originating from game theory [44]. In this equilibrium, the generator is capable of producing
synthetic data that is virtually indistinguishable from real data, and the discriminator becomes
incapable of accurately discerning between real and synthetic samples. This equilibrium state is
desirable as it signifies that the generator has successfully captured the essential characteristics

of the real data distribution, leading to the generation of highly realistic synthetic data.

Throughout the training process, the generator network improves its ability to generate realis-
tic samples that can deceive the discriminator, while the discriminator network becomes more
adept at discerning between genuine and fake samples. Consequently, the final generator net-
work can generate new data that shares similarities with the training set, although it may not be

an exact replica.

Applications

GANSs have found extensive applications across diverse domains, including:

* Image and video synthesis [45]: GANs have demonstrated the ability to generate highly
realistic images and videos, making them valuable in computer vision, gaming, and en-

tertainment.
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* Style transfer [46]: GANs can be employed to transfer the visual style of one image to
another, enabling the creation of unique and artistic images that combine the content of

one image with the style of another.

* Data augmentation [47]: GANs are utilized for generating synthetic data samples that
can supplement the training set, improving machine learning models’ performance by

providing additional diverse and representative data points.

* Anomaly detection [48]: GANs can be used to identify anomalies or outliers in data,

which can be useful in fraud detection, security, and medical diagnosis.

* Drug discovery [49]: GANs have been used to generate new and diverse molecular struc-

tures, aiding in the discovery of new drugs and materials.

» Text-to-image synthesis [50]: GANSs can be used to generate realistic images from text

descriptions, which has applications in gaming, virtual reality, and product visualization.

* Super-resolution imaging [51]: By leveraging GANS, it become possible to enhance the
resolution of low-quality images, thereby improving the overall quality of various types

of images such as medical imaging and satellite imagery.

* Generative music [52]: GANs can be used to generate new and novel pieces of music,

with applications in the music industry and entertainment.

Challenges

Although GANs have shown impressive results in generating realistic data samples, they still

face several challenges. Here are some of the main challenges of GANS:

* Mode collapse: This occurs when the generator learns to produce a limited set of samples
that fool the discriminator, rather than generating diverse and high-quality samples from
the full data distribution.

* Training instability: The training process of GANs can be unstable and difficult to con-
verge, resulting in generator and discriminator models that oscillate and fail to produce

high-quality output.

* Evaluation metrics: It is challenging to evaluate and compare the performance of GANS,
as traditional metrics such as accuracy and loss may not accurately capture the quality of

the generated samples.

* Hyperparameter tuning: GANs’ performance is significantly influenced by hyperparam-
eters like learning rate, batch size, and network depth. However, effectively tuning these

hyperparameters can be a challenging task.
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» Data complexity: GANSs face difficulties in generating high-quality samples from com-
plex data distributions, such as those encountered in natural language processing and

medical imaging tasks.

* Data efficiency: GANs require a large amount of high-quality training data to learn the
underlying data distribution and produce high-quality output, which may not always be
available.

* Generalization: GANSs can exhibit overfitting behavior, where they perform well on the

training data but struggle to generalize effectively to new, unseen data samples.

2.1.3 Auto-encoders (AESs)

AEs, depicted in Figure 2.6, are DNNs used for unsupervised learning to discover data repre-
sentations [53]. They comprise an encoder network responsible for compressing the input data
into a lower-dimensional representation and a decoder network responsible for reconstructing

the original input data using this compressed representation

The objective of an AE is to acquire a concise and effective representation of the input data,
serving purposes like data compression, denoising, and data generation. To achieve this, the
AE is trained to minimize the dissimilarity between input data and reconstructed output data,

thereby learning a robust representation.

Autoencoders are typically trained using backpropagation, where the gradient of the reconstruc-
tion error is backpropagated through the network to update the weights. There are several types
of autoencoders, including the standard autoencoder, denoising autoencoder, and variational

autoencoder.

» Standard Autoencoder [54]: The standard AE, as the most basic type of autoencoder [54],
comprises an encoder and a decoder network. In this configuration, the encoder network
transforms the input data into a lower-dimensional representation, while the decoder net-

work reconstructs the original input data from the representation.

* Denoising Autoencoder [55]: The denoising autoencoder is a type of autoencoder that is

designed to remove noise from the input data. During training, the denoising autoencoder
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is presented with noisy input data and is trained to reconstruct the original clean data.
This approach can be used for tasks such as image denoising, speech denoising, and text

denoising.

Variational Autoencoder [56]: The variational AE is a specific type of autoencoder that
adopts a probabilistic approach to capture a concise and effective representation of the
input data. Unlike traditional AEs, the variational AE’s encoder network maps the input
data to a distribution within the latent space, and the decoder network reconstructs the
original input data from the latent space. The training objective of the variational AE
involves optimizing a lower bound on the log-likelihood of the input data, promoting the

model to learn a concise representation.

Applications

AEs find utility across multiple domains, with a variety of applications as outlined below:

Image and video compression [57]: AEs are used to compress large images and videos

while retaining their essential features, leading to efficient storage and transmission.

Denoising [58]: AEs are utilized to remove noise from images and videos, leading to

improved quality and better visualization.

Anomaly detection [59]: AEs identify anomalies or outliers in data, which can be useful

in fraud detection, security, and medical diagnosis.

Dimensionality reduction [60]: AEs reduce the dimensionality of high-dimensional data,

making it easier to visualize and analyze.

Feature extraction [61]: AEs can be used to extract important features from data, which

can be useful in machine learning and pattern recognition.

Generative modeling [62]: AEs generate new and novel data samples, with applications

in art and design.

Recommendation systems [63]: AEs can be used to model user preferences and recom-

mend products or services based on user behavior.

Natural language processing [64]: AEs encode and decode text data, with applications in

machine translation, summarization, and question-answering systems.

Challenges

Some of the main challenges of AEs are as follows:

Overfitting: AEs suffer from overfitting, leading to poor generalization performance on

new data samples.
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* Lack of interpretability: The encoded features learned by AEs may not be easily inter-

pretable by humans, which can limit their usefulness in some applications.

* Data efficiency: AEs rely on a substantial volume of high-quality training data to effec-
tively learn the underlying data distribution and generate high-quality output. However,

obtaining such data may only sometimes be feasible or readily available.

* Hyperparameter tuning: AEs depend highly on the appropriate selection of hyperparam-
eters, including batch size, optimizer, learning rate, and network depth. Tuning these

hyperparameters effectively can be a challenging task.

* Computational efficiency: AEs can be computationally expensive to train, especially for

large and complex data sets.

* Reconstruction quality: The fidelity of the reconstructed output is influenced by the qual-
ity of the encoded features, which may be constrained by factors such as the model’s

capacity or the complexity of the data distribution

* Handling missing data: AEs struggle to handle missing or incomplete data, which can be

common in real-world applications.

2.2 Importance of deep learning in SR

Deep learning has transformed the field of image SR by effectively generating HR images from
LR inputs. Unlike traditional methods that relied on manual feature engineering and interpo-
lation techniques, deep learning, specifically deep CNNs, enables the extraction of hierarchi-
cal representations to capture intricate LR-HR relationships. Deep learning models excel in
processing large datasets and have shown remarkable performance in diverse image SR tasks,

leveraging abundant paired LR and HR image data and the computational capabilities of GPUs.

2.2.1 CNNs and GANs for image super resolution:

CNN s have exhibited remarkable proficiency in capturing intricate spatial patterns within im-
ages, leading to significant advancements in image SR [65]. However, the utilization of deep
CNN architectures can be hindered by the issue of vanishing gradients, which impedes con-
vergence and limits their ability to capture complex spatial structures and preserve fine-grained
details. In order to address this limitation, the concept of residual learning [66] has been in-
troduced, enabling more efficient convergence and mitigating the challenges associated with
vanishing gradients in deeper CNN architectures. Residual learning is a mathematical frame-

work that enhances the training of CNNs by introducing residual mappings. Denoting the input
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to a specific layer as x and its corresponding output as F'(x), traditional learning aims to di-
rectly map x to F'(x). However, in residual learning, the focus shifts towards learning the
residual mapping R (x), which represents the discrepancy between the desired output, denoted
as H(z), and the current output F'(x). Mathematically, the residual mapping is defined as
R(z) = H(x) — F(x). To derive the final output, the residual mapping is incorporated by
adding it back to the input z, yielding H(z) = F(z) + R(z). This formulation allows the
network to primarily concentrate on learning the residual components rather than constructing
the entire mapping from scratch. By leveraging skip connections that enable the direct flow of
information, the network becomes proficient in capturing and assimilating the residual informa-

tion.

Despite the effectiveness of CNNs [67, 68], their inherent difficulties in accurately representing
complex spatial structures and preserving high-frequency details have been surpassed by the
superior performance of GANs in generating high-quality super-resolved images [69]. GANs
operate through the interplay of a generator network and a discriminator network, engaging in
an adversarial training process that produces outputs closely resembling authentic HR images,
thereby achieving heightened levels of realism. GANs excel in faithfully reproducing intricate
high-frequency details, including intricate textures and sharp edges, which pose challenges for

CNN s in faithfully capturing and representing them.

A pivotal advantage of GANS lies in their utilization of perceptual loss, which capitalizes on the
comprehensive features extracted from pre-trained CNNs, such as the widely employed VGG
network. By considering perceptual quality beyond mere pixel-level disparities, GANs effec-
tively encompass the overall structure and content of the image, resulting in visually compelling

and realistic super-resolved images.

Moreover, GANs possess an inherent generative capability, allowing them to acquire complex
mapping from LR images to HR images without necessitating explicit, task-specific training.
This intrinsic adaptability and flexibility render GANs an appealing choice for various image

SR scenarios, surpassing the limitations associated with CNN-based methodologies.
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3 Literature Review

3.1 Generic image super-resolution

Deep learning has become a popular approach for solving the SR problem. The literature survey

focuses on using CNNs and GANs for image super-resolution.

3.1.1 Different Upscaling techniques for SR

There are different type of upscaling technique to achieve the desired resolution. Most popular

approaches are as follows:

1. Bicubic Interpolation: Bicubic interpolation creates a new pixel value by calculating a
weighted average of the pixels around it. It is frequently employed for upscaling an im-
age’s resolution by a factor of 2, 3, or more. Unlike linear interpolation, which primarily
considers the four closest neighboring pixels, it employs a more intricate interpolation
method. Since the closest 16 pixels are taken into account, the bicubic interpolation for-
mula is more precise than linear interpolation. While, bicubic interpolation is a well estab-
lished technique for image upscaling, it has some limitations compared to deep learning
based upscaling methods. Since it is a fixed interpolation method that uses a mathemat-
ical formula to calculate new pixel values based on surrounding pixels, it cannot learn

complex patterns in the data, limiting its ability to produce high-quality upscaled images.

2. Deconvolution Layer: The deconvolution layer [70] also referred to as transposed convo-
lution, serves as the inverse process of convolution and is employed to enhance the reso-
lution of feature maps. It encompasses two primary stages: upsampling and convolution.
During the upsampling phase, the spatial dimensions of the feature maps undergo expan-
sion via the insertion of zeros or the utilization of learnable upsampling methodologies.
Subsequently, convolution is performed on the upsampled feature maps using learned fil-
ter kernels, generating intermediate feature maps. Ultimately, these intermediate feature
maps are combined and processed to reconstruct the final output, enabling the capture of
more intricate details by incorporating information from neighboring pixels. However,

deconvolution layers can also introduce artifacts, such as checkerboard patterns, if they
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Figure 3.1: Different approaches for image super-resolution

are not used correctly. This is because the insertion of zeros during upsampling can lead

to overlaps in the convolutions, creating these artifacts.

3. Sub-pixel layer : In order to mitigate the artifacts problem sub-pixel layer [68] is used.

The sub-pixel layer is descendant of the convolution layer.

To derive a sub-pixel layer, U (known as the upscaling factor) is added to the convolution
layer. It periodically shuffles the elements of tensor to rearrange elements with shape of super-
resolution image. When input image with dimensions W x H (width and height) is passed

through the convolutional layer; it produces the feature map with feature count defined below:

Frgwmi = N X W x H (3.1

here, N represents number of feature maps in convolution layer. Eq 3.2 represents the feature

maps in sub-pixel layer.

N = (N x U?) (3.2)

Hence, the final feature count is represented in Eq3.1

Fowi =N xU2xW x H (3.3)
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The sub-pixel layer rearranges the elements of the output tensor to produce shape N x (W xU) x
(H x U) from original shape ((N x U?) x W x H). Hence, unlike deconvolution layer , sub-pixel
layer does not induce any new elements in the matrix. It lead to much better performance in
SR task. The sub-pixel layer possesses either one or three channels corresponding to grayscale
or colored images, respectively. The upscaling factor (U) is pivotal in the model, establishing
a connection between the LR and HR feature spaces. It serves as a crucial parameter that
influences the mapping of LR to HR features, thereby impacting the overall performance and
quality of the model.

3.1.2 CNN based SISR
3.1.2.1 Shallow CNN architectures

The pioneering pre-upsampling SR framework utilizing CNNs, named SRCNN, was initially
introduced by Dong et al. [67] in their seminal work. In this framework, the CNN architecture
is fed with the bicubic-interpolated variant of the LR image, which serves as input. Through an
end-to-end learning process, the CNN learns to establish a mapping between the given input and
the subsequent generation of a HR image. This framework showcases the efficacy of employing
CNN s for SR tasks, particularly in the context of pre-upsampling.

To speed up the training mechanism in SRCNN architecture, Dong et al. [71] presented the

23



CHAPTER 3. LITERATURE REVIEW

Residual C ti
esiduat L-onnection Generated Output

Input
Image

Dense Connections

Generated Output

Input
Image

Generated Output

Input
Image

Figure 3.3: Different types of connections present in deep CNN architectures for image SR.

post-upsampling SR framework known as FSRCNN, with shrinking (to reduce the feature di-
mensionality before mapping) and expanding layer. For upsampling, transposed convolution

layer is used.

In work conducted by Shi et al. [68], a CNN architecture named efficient sub-pixel CNN
(ESPCN) was introduced. The main objective of this architecture was to facilitate real-time
SR by representing extracted features in a LR space. To achieve this, the authors proposed a
subpixel layer incorporating an array of upscaling filters for each feature map. This subpixel

layer played a crucial role in the upscaling, transforming the image from LR to HR space.

All the aforementioned approaches rely on shallow CNN architectures, which exhibit limited
feature learning capabilities. Consequently, these architectures yield suboptimal results in SR
tasks. To address the limitations associated with shallow architectures, researchers have turned

their attention to exploring deep CNN architectures for SR problems.

3.1.2.2 Deep CNN architectures

With the help of residual learning and optimum learning rate parameters Kim et al. [66] pre-
sented a CNN architecture with depth 20 for image SR. VGG-net is the motivation behind
this architecture and it resulted in significant increase in the performance of the architecture as

compared to the shallow architectures.
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The vanishing gradient problem emerges when deep CNNs contain more layers. In order to
mitigate this issue, Kim et al. [72] proposed a novel approach in deep CNN architectures, in-
corporating skip and recursive connections. These connections serve as mechanisms to address
the vanishing gradient problem by allowing information to bypass certain layers and enable

direct feedback loops.

To overcome the long-term dependency problem in deep CNN, an adaptive learning architecture
is proposed by Tai et al. [73] for deep networks. In this architecture, Gate unit stores the output
of the previous state and decides how much of this stored value will be used to produce an

output by adaptive learning procedure.

To further improve the performance of deep CNN based architectures, a ResNet based architec-
ture is proposed with a series of residual blocks with increasing numbers of filters [74]. This
network also incorporates a number of advanced techniques, including residual scaling and a

high-pass filter to enhance image details.

Ledig et al. [69] introduced a deep residual network (ResNet) architecture for SR known as
SRResNet. This network is a modification of the ResNet architecture that incorporates skip
connections to allow information to flow directly between layers, thus reducing the risk of
vanishing gradients. The proposed architecture comprises numerous residual blocks, each com-
posed of two convolutional layers with a size of 3 x 3. It incorporates batch normalization,
which normalizes the activations within each mini-batch and ReL.U activation function. In ad-
dition to these residual blocks, SRResNet incorporates an upsampling block that employs a
3 x 3 convolutional layer to increase the spatial resolution of the input feature maps twofold.
Subsequently, a sub-pixel layer is utilized to reorganize the channels of the convolutional layer,

generating the intended HR image.

Since the architectures mentioned earlier only generate images for a single upscaling factor, Li
et al. [75] presented a deep CNN network with a multi-scale approach. This network takes a
LR inputs images and generates intermediate HR images, each with a different scale factor. The

final HR output is then generated by combining the intermediate images in a weighted manner.

In order to gain insights into the degradation process of images from HR to LR and investi-
gate the interdependence between the input and target images, Haris et al. [76] proposed a
DNN architecture designed for SISR. The architecture comprises four distinct modules: fea-
ture extraction, back-projection, upsampling, and reconstruction. Of particular significance is
the back-projection module, which serves as the central component of the architecture and en-
gages in an iterative procedure to refine the feature maps. Refined feature maps through the

upsampling and reconstruction modules are utilized to obtain the SR image.

[77] presented a SR method consisting of multiple recursive sub-networks, each of which uses a
feature extraction module followed by a feature reconstruction module. The feature reconstruc-

tion module includes a residual dense block and a deconvolution layer for upsampling. This
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network also uses a feedback mechanism to iteratively refine the output image.

To achieve good generalized performance on images with varying scales and contents, fusion
model of residual dense connections and error feedback system is utilized by [78]. The pro-
posed model encompasses several stages, where each stage incorporates a feedback connection
to iteratively refine its prediction by leveraging the knowledge acquired in the preceding stage.
This iterative process facilitates progressive improvement and enhances the accuracy of predic-

tions as the model iteratively learns and integrates information from previous stages.

3.1.3 Progessive upscaling based networks

In their work, Lai et al. [79] introduced LapSRN. This SR architecture leverages the concept of
a Laplacian pyramid to reconstruct the HR output from an LR input progressively. The Lapla-
cian pyramid comprises a set of downsampled images alongside their corresponding residual
images, representing the difference between each image and its corresponding HR counterpart.
These residual images are generated through an LR to HR mapping network, which takes the
downsampled image as input and produces a residual image. This residual image is then added
to the upsampled image from the previous level of the pyramid. By adopting the Laplacian
pyramid framework, the network achieves a gradual reconstruction of the HR output from the
LR input.

The task of generating high-quality outputs for significant upsampling factors continues to pose

a challenge. In order to address this issue, a pioneering approach known as ProSR [80] has
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been introduced, incorporating a progressive architecture and training strategy. The network
systematically increases the resolution of images in incremental stages, leveraging a curriculum
learning methodology to optimize learning efficiency. Moreover, an innovative GAN called Pro-
GanSR has been proposed, prioritizing the enhancement of photorealism through the utilization

of a progressive multi-scale descriminator.

Chudasama et al. [81] introduced ComPrESRNet, a progressive and compact network designed
for superior SISR. The proposed methodology encompasses a series of stages, each employing
a compact residual block based architecture to generate HR images with increasing levels of
intricacy. The network integrates residual-in-residual blocks and dense connectivity to enhance
feature learning while mitigating the issue of vanishing gradients. Furthermore, a feedback
mechanism is introduced to augment the network’s capability to refine its predictions based on

previously generated images.

3.1.4 GAN based SR

Loss functions, like MSE, rely on pixel-wise difference. This pixelwise dependency diminish
their capability to retrieve high frequency features, generating images with very low visual qual-
ity [82, 83]. To solve this problem, GAN based architecture is proposed for SR framework by
Ledig et al. [69], where they integrated two loss functions, namely content and adversarial loss.
Rather than relying on pixel-wise differences, the authors computed feature-wise differences to

generate SR images.

SRGAN architecture and loss functions are reanalyzed by [84]. They used a generator archi-
tecture based on the Residual-in-Residual Dense Block (RRDB) design, incorporating residual
connections within each RDB block to learn more efficient image representations. Additionally,

the generator employed a Feature Fusion Module (FFM) to combine the outputs of the RRDB
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blocks, resulting in the generation of the final HR image. Furthermore, discriminator architec-
ture included a feature matching loss, which quantified the disparity between the discriminator’s
feature representations of the generated and authentic HR images, thereby improving the quality

and realism of output images.

Zhu et al. [85] proposed a discriminator architecture for GAN-based SISR framework utilizing
the Wasserstein distance. In their work, the generator architecture was designed with dense
skip blocks, which aimed to enhance learning efficiency by facilitating information flow across
different layers. Additionally, transition blocks were introduced, employing 1 x 1 convolution

layers to deepen the network while reducing the overall number of parameters.

[86] argued that the LR images used in training a GAN are inadequate to represent the real
world LR images. So, they introduced a combined network where at first, image learns a real

world degradation process and then the degraded image is converted to HR image.

To resolve issue of misalignment for LR images with small size, discriminative generative ar-
chitecture is proposed by Yu et al. [87]. To accurately mimic the features of face, a spatial
support is provided across with the input image as a high-frequency residual and [2 regulariza-
tion term is added to loss function. The added loss term corresponds to the feedback mechanism

of discriminator network.

Song et al. [88] proposed a method for efficient architecture search for SR networks. The
proposed method utilizes a RDB as key block and employs a search algorithm to explore the
space of RDB configurations. The search is guided by a proxy task of LR image classification,
which helps identify optimal configurations of RDBs for image SR. The authors have presented
their findings on a resulting network, named RDN-E, which exhibits state-of-the-art (SOTA)
performance on various benchmark datasets while requiring significantly fewer parameters and

computational resources than existing approaches.

Although GAN based SR has produced impressive results in photorealistic images, its high
memory consumption has prevented its widespread use in mobile devices with limited re-
sources. To solve this problem, [89] introduces a PatchGAN discriminator for quicker and more
frequent training and uses a memory-efficient network as the generator. Both the compressed
generator and the student discriminator are distilled to achieve equilibrium. A hardware-aware
neural architecture search is also carried out to locate a specific sub-generator for the intended
mobile device. This framework makes GAN based SR more appropriate for portable devices

by lowering the memory access cost of the generator while retaining performance.

The instability of GANs makes training them difficult because it frequently produces unde-
sirable artifacts in addition to the necessary features. To solve this issue, [90] presented a
technique that uses local statistics like residual variance to distinguish between GAN generated

artifacts and authentic details. The proposed method, locally discriminative learning (LDL),
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produces a more perceptually accurate and artifact-free SR image by creating an artifact map to

govern and stabilize the model training process.

Images produced by SR models using GANs frequently have structural flaws. These problems
have been addressed by a novel approach called high-frequency information fusion GAN [91].
High-frequency information that is crucial to the human eye is incorporated into the SR process
in this approach. It accomplishes this by enhancing the ESRGAN model’s network architecture

and constructing a compact spatial attention module to extract high-frequency data.

3.1.5 Attention based networks

Residual Channel Attention Networks (RCAN) is a CNN approach for SR, introduced by Zhang
et al. [92]. The architecture comprises a series of residual channel attention blocks (RCABs)
interconnected via skip connections. The RCABs are specifically devised to enhance the net-
work’s capacity for representation by dynamically scaling the importance of features. The skip
connections facilitate information propagation between different hierarchical levels within the

network.

Three main issues are addressed by Zhang et al. [93] on the existing CNN methods: small
receptive field, unable to distinguish between the plain area and textural area, and low and high
frequency components are treated equally. To overcome these issues, they proposed a RNAN
model where residual attention blocks based on local and non-local areas are combined to obtain

information of hierarchical features to generate a SR image.

Dai et al. [94] introduced a module based on channel attention to modulate the significance of
individual channels within a feature map. This module enables the network to concentrate on
the most informative features and enhance its discriminative capabilities for object differentia-
tion. Additionally, the residual connection based structure integrates non-local operations to ef-
fectively capture long-range dependencies. This structural component facilitates the network’s
acquisition of pixel relationships that span considerable distances, which holds substantial im-

portance in the context of SISR.

Yan et al. [95] proposed a lightweight multi-scale spatial attention networks (MSAN) SR net-
work. MSAN comprises a feature extraction stage, an MSA module, and a reconstruction stage.
The MSA module is designed to learn spatial dependencies between different feature maps at
multiple scales and uses a pyramid-like structure to capture both local and hierarchical features

before the final reconstruction stage.

[96] proposed dual-view attention network consists of two sub-networks, one focusing on image
details and the other on global features. The two sub-networks are combined through a dual-

view attention mechanism that utilizes both spatial and channel attention maps to highlight
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important features. The attention maps are used to re-weight the feature maps before they are

merged.

The existing approaches for channel attention have demonstrated effectiveness in preserving
features rich in information within individual layers of deep learning models. However, these
approaches often treat each convolution layer as an independent entity, which may lead to sub-
optimal performance. To overcome this limitation, a novel holistic attention network (HAN)
is proposed by [97] that captures comprehensive interdependencies among layers, channels,
and positions. The HAN architecture comprises two attention modules: a layer attention mod-
ule (LAM) and a channel-spatial attention module (CSAM).The LAM intelligently highlights
hierarchical features by incorporating correlations among layers, while the CSAM selectively

captures highly informative features by learning positional confidence across all channels.

[98] proposed the multi-path residual network (MPRNet) comprises three key components: 1)
Multi-path residual block containing a set of parallel residual paths with different dilation rates
to capture different scales of information; 2) Depthwise separable convolution that reduces the
computational cost and model complexity; and 3) Channel attention module that enhances the

feature representations by re-calibrating channel-wise feature responses.

Lu et al. [99] presented an approach to enhance the network’s capability of capturing essential
features in SR context. Their proposed method involved the integration of a convolutional
block attention module (CBAM) within a dense block, facilitating the efficient exchange of
information across feature maps. Moreover, the researchers introduced a spatial module that
leveraged the self-attention mechanism to effectively capture long-range spatial connections,

ensuring stability in the feature extraction process.

Behjati et al. [100] presented a novel network architecture for SISR that effectively balances
computational efficiency and accuracy. Their approach incorporates a directional variance at-
tention (DiVA) mechanism, enabling the concurrent capture of long-range spatial dependencies
and inter-channel relationships, thereby producing more informative representations. Addition-
ally, the authors introduced a residual feature group to parallelize the computation of attention
and residual blocks. By linearly fusing the outputs of each residual block at the RAFG output,
the network gains access to the comprehensive feature hierarchy, enhancing its overall perfor-

mance.

3.1.6 Frequency based networks

Discrete cosine transform (DCT) based methods employ a representation strategy that charac-

terizes feature maps in the frequency domain instead of the spatial domain

For various applications, CNNs are being trained in frequency domain, such as, Zhang et al.

[101] extended the idea of DCT coefficients and presented median filtering forensics approach
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which was based on a CNN with an adaptive filtering layer (AFL) built in the DCT domain.
Meanwhile, Verma et al. [102] addressed the problem of classifying images based on the num-

ber of JPEG compressions they have undergone, by utilizing deep CNNs in DCT domain.

For SR task, Islam et al. [103] used directional fourier phase feature components to adaptively

learn the regression kernel based on local co-variance to estimate the SR image.

Li et al. [104] introduced an innovative neural network for image SR that operates in the fre-
quency domain. The network capitalizes on the convolution theorem to transform spatial do-
main convolutions into frequency domain products. Furthermore, the conventional non-linearity
achieved through rectifier units in deep networks is effectively realized as a frequency domain
convolution. This strategy guarantees computational efficiency during testing while facilitating
parameter learning through backpropagation. The network employs the Hartley transform as an

alternative to the Fourier transforms, eliminating the requirement for complex numbers.

Guo et al. [105] proposed a DCT-DSR network that utilizes a convolutional DCT (CDCT) layer
to integrate DCT into the network structure. The CDCT layer is further extended to become
trainable by imposing orthogonality constraints on the individual basis functions. The proposed
orthogonally regularized deep SR network (ORDSR) takes advantage of the image transform

domain while adapting the design of the transform basis to the training image set.

3.1.7 Cross-modality support based networks

Semantic correlation between the audio and visual information is utilized in numerous computer
vision problems [106, 107]. For example, Tian et al. [108] used the aural information for the

comprehensive study of scene.

[109, 110] proposed an attention mechanism between the cross-modal aural-visual network to
abolish the temporal inconsistency during localization of events and analyze the longer videos
with prominent information, respectively. By exploring the relation between speech and visual
representation, Wen et al. [111] and Oh et al. [112] proposed GAN networks that generates
facial images from the speech using physical attributes like identity matching, age and gender

etc.

Chen et al. [113] converted the aural signals into a complex structure which corresponds to
facial landmarks and using these landmarks facial images are generated. Zhang et al. [114] em-
bedded the aural information in the CNN architecture to enhance the facial videos and remove

compression deformities.

Along with LR image encoder, the audio encoder is used by [115] for image SR. Feature maps
obtained by amalgamating the hierarchical features of both the encoders are applied to the

decoder, resulting in a high resolution image.
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3.2 Facial image SR

Depending upon the information utilized by the face super resolution (FSR) methods to generate
an output image, CNN based methods are broadly classified into three main categories. 1)
global methods (an entire face image is fed as input for SR network), 2) local methods (facial

components are used in the network to obtain a high resolution image) and 3) mixed methods.

3.2.1 Facial image SR by CNN

Huang et al. [116] introduced a method for obtaining HR face images by utilizing a multiple
filter convolution technique for feature map extraction, followed by a non-linear mapping. Liu
et al. [117] introduced a novel approach that incorporates an iterative back projection technique
as a post-processing technique within a CNN based framework designed for FSR. The CNN is
initially trained to generate a SR image from a LR input image. However, despite the initial SR
image produced by the CNN, it may still exhibit inherent imperfections and artifacts. In order
to address this concern, an iterative back projection method is employed to iteratively refine the

resulting image, leveraging the initial output of the CNN as a starting point for enhancement.

Attention based networks have achieved great performance in general SR [92]. Taking inspi-
ration from these networks, spatial attention is introduced by chen et al. [118] and channel
attention mechanism by Chudasama et al. [119] in CNNs, guiding the FSR system to generate

output images with sharp key features.

To add textural information in the FSR network, wavelet based network are proposed by [120,
121]. The proposed architecture is presented to effectively predict SR wavelet coefficients,
thereby achieving improved sharpness in facial images. By incorporating prior knowledge of
facial characteristics, the model selectively accentuates significant facial features. Moreover,
the network integrates a linear low-rank convolution methodology to optimize the SR process
further.

Different facial parts are generated using different strategies in local methods. Hu et al. [122]
introduced a FSR method where face image is decomposed into high frequency enhanced face
and low frequency basic face using sparse representation and deep convolution networks, re-

spectively. The output obtained from the two networks is then fused to get the final image.

Feng el al. [123] proposed a SR network where the outputs obtained from two patch based
auto encoders is merged with traversal network to generate final SR image. To incorporate both
local and global details within the face hallucination network, Lu et al. [124] introduced a fused
network that combines global and local information. This network adds high frequency details
by initially learning information at local level and then gradually moving to global level in the

architecture.
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3.2.2 Facial image SR using GAN

Earlier works in the field of FSR using GANSs include numerous renowned works, some of

which are mentioned below:

Enhancing facial images to ultra-resolution using a discriminator network is a notable approach
[125]. In this framework, the discriminator receives both the synthesized image from the gen-

erator network and the ground truth HR image, compelling the generator to mimic HR images.

To address the challenges associated with training GANs and ensure training stability, Chen et
al. [126] introduced utilizing Wasserstein distance as a training metric in FSR. Furthermore,
Huang et al. [127] proposed a SR network based on GANs, where the generator and discrimi-
nator components consist of AEs. The network is optimized using a combination of GAN loss

and pixel-wise loss to achieve improved results.

Inception architecture based GAN is presented by Indradi et al. [128] to obtain face images
with HR. Luo et al. [129] proposed a SR network, where an upsampling module composed of
encoder, decoder and upsampling layers. This module is designed to incorporate prior facial

information, and it is combined with a discriminator network to optimize the SR process.

In place of traditional discriminator, Zhang et al. [130] proposed a pixel-wise discriminator,
designed to receive two input arguments. First input is either the ground-truth image or the gen-
erated image and the second input comprises facial characteristics obtained from a pre-existing
facial analysis model, prompting the generator to generate images with enhanced texture and

finer details.

Cheng et al. [131] combined the traditional SR method with unsupervised domain methods
by commencing characteristic regularization between two CNNs. This technique improves the
gradient flow between the networks and hence network is able to generate images with HR. Ko
et al. [132] argued that recent GAN based methods require extra information along with the LR
image to generate images with fine perceptual details. But they utilized only a LR image with

its edge information at various scales to generate HR image.

Most GAN based methods use bicubic kernels to obtain LR images from the HR image for
training. So, the training dataset does not follow the natural degradation process, which affects
GAN-based method’s performance on realistic LR images. To address this problem, Aakerberg

et al. [133] introduced different types of noises in LR images for training dataset.

3.3 Video super resolution

Enhancing the resolution of videos, commonly referred to as video super-resolution (VSR),

aims to improve the quality and level of detail in the content. Deep learning techniques have

33



CHAPTER 3. LITERATURE REVIEW

been increasingly popular in VSR as they excel at acquiring intricate representations by lever-

aging large datasets.

The VSRnet2 [134], a VSR approach, was built on the SRCNN [67] method. Its network
architecture constitutes a module for motion estimation along with the convolution layer. In
contrast to SRCNN, which uses a single LR image as input, VSRnet2 makes use of a series of

motion-corrected frames that are taken one after the other to achieve HR.

Providing high-quality content for ultra-high-definition televisions requires VSR. The majority
of deep learning-based methods depend on precise motion estimation and compensation. Jo
et al. [135] instead suggested a new approach that creates dynamic upsampling filters and a
residual image depending on the immediate spatiotemporal neighbourhood of each pixel using
a DNN.

[136, 137] presented a VSR method that used a combination of 3D convolution and bi-directional
LSTM to map temporal dependency across adjacent frames and long-term dependency across
all the frames of videos simultaneously. However, 3D convolutions have high computational

complexity, which makes this network training challenging.

To capture temporal dependencies across frames, a novel feature extraction module was in-
troduced by Haris et al. [138]. This module serves a dual purpose: extracting feature maps
from the input frame and aligning the concatenated feature maps derived from the input and
neighboring frames. Subsequently, an encoder-decoder architecture based projection module is

employed to extract hierarchical features necessary for achieving the desired resolution.

To map the temporal information across the frames, the Haris et al. [138] proposed a feature
extraction module with two functionalities: extracting the feature maps from the input frame
and alignment performed on the feature maps extracted after concatenation of the input and
neighboring frames. This module is followed by a projection module based on the encoder-

decoder architecture to extract the hierarchical features to achieve the target resolution.

Zhu et al. [139] divided the VSR problem into three domains: firstly, by using inverse residual
block in parallel, authors tried to map the spatial information. The extracted spatial feature
maps are then applied to the ConvLSTM network to map the temporal features. Finally, the
adaptive sparse fusion technique selects the crucial features and generates a HR video.

Since L2 losses oversimplify the spatial details leading to smooth results across the generated
video, Chu et al. [140] presented a self-supervised learning approach, where temporal coher-

ence is attained without losing the spatial information using temporal adversarial learning.

Optical flow for the temporal alignment introduce artifacts in the generated video. Hence adap-
tive spatial filters are proposed by Wen et al. [141] for VSR. Building blocks for the proposed

architecture are residual blocks in combination with the channel attention layer.
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Chan et al. [142] empirically discovered that using a longer sequence of frames rather than
a bigger batch size is more effective in retaining temporal consistency while training a VSR
network. They also introduced a variety of degradations into the LR input frames so that the

proposed algorithm can generalize well for the real-world LR videos.

Spatiotemporal information is investigated more comprehensively for the alignment of adjacent
frames across the videos by Chan et al. [143] They used a recurrent structure in conjunction

with second-order grid propagation to generate high-resolution output videos.

3.4 Summary

Deep neural networks have exhibited significant advancements in the domain of high-resolution
image generation. Notably, deep learning models, particularly those employing Generative Ad-
versarial Networks (GANSs), have proven to be efficacious tools for addressing super-resolution
challenges. These GAN-based architectures excel at rendering images with remarkable fi-
delity, precise details, and realistic textures, rendering them virtually indistinguishable from

their ground-truth counterparts.

However, earlier GAN-based methodologies encountered certain impediments, such as the com-
putational complexity associated with training and the issue of vanishing gradients. Moreover,
these methods were predominantly reliant on 2D information, potentially leaving out crucial
3D aspects, like depth and structural information, necessary for generating truly comprehen-
sive high-resolution images. Additionally, in the context of video super-resolution, temporal

inconsistency issues plagued the quality of the generated frames.

Hence, within the scope of this dissertation, our objective was to rectify the limitations observed
in prior research. We present a comprehensive exposition of our novel frameworks, meticu-
lously designed to overcome the intricacies inherent in the super-resolution problem, thereby

addressing the aforementioned challenges.
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4 Semantic Information Based Image
Super-Resolution System

4.1 Introduction

The common measure to optimize the SR algorithm is mean square error (MSE), and its perfor-
mance is evaluated using peak signal-to-noise ratio (PSNR) [144]. In PSNR based approaches,
error is minimized in the pixel space instead of the feature space. So, these approaches tend
to measure perceptual results poorly due to their inefficacy to measure high frequency com-
ponents. Therefore, GAN with adversarial loss function [69] are proposed to obtain visually
pleasing results. In these networks, loss functions data is minimized in the feature space and
visual results are calculated using mean opinion score testing method. Thus, they are able to

produce SR results that are very similar to the real images [145], as shown in Figure 4.1.
Our main contributions are as follows:

* Two architectures have been proposed. First architecture is Residue based Dual Subpixel
Generative Adversarial Network (RDS-GAN). This model consists of two stages: Pre-
mier Residual Stage (PRS) and Deuxieme Residual Stage (DRS). These two stages of
subpixel layer are used to increase resolution of an image. Two stage upsampling process
provides better learning capability to our model, allowing it to capture fine texture details
of an image. Dense blocks are connected within these two stages, where inter and intra

residual connections are made to preserve the high-frequency details.

* The second proposed architecture is Semantic feature based Dual Subpixel Generative
Adversarial Network (RSDS-GAN). In this model, we have introduced object based en-
hancement in the generator architecture. Feature maps extracted from VGG19 pre-trained

model are merged with the input image to embed semantic information in generator.

* Spectral normalization is introduced in the discriminator architecture to stabilize the train-

ing process for SR.

The architectures proposed in this chapter outperforms previous SOTA methods and produce

visually more appealing solutions.
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Original

RDS-GAN RSDS-GAN

Figure 4.1: Output image (right) is almost same as the real image (left).

4.2 Proposed Architecture

Our primary aim to train the Generator Network (G¢,) with the help of discriminator is to get

a HR image from its LR counterpart. To achieve this aim, a novel architecture for generator

is proposed as illustrated in Figure 4.2. We divide generator network into two stages: Premier
Residual Stage (PRS) and Deuxieme Residual Stage (D RS). These two stages provide better

feature learning capability to our model (discussed in section (4.3.1)).

As shown in Figure 4.2 , a low-resolution image (i'") and feature maps (i/m) produced from

VGG19 pre-trained model are passed to P RS as an input to convolution layer producing F'! and

F? (refer to eq. (4.1),(4.3)) on which LeakyReLU activation function (©) is applied resulting

in L'and L? (eq.(4.2),(4.4)).

FLAE7wy, b)) = w @47 4 by

F2(i75 w9, b9) = wy @ i + by

L2 = @(F2(me, way, b2>)
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4.2. PROPOSED ARCHITECTURE

To embed semantic based information in the generator L'and L? are merged resulting is eq.
4.5).

LP=L'+ 17 (4.5)

L3 is then passed to following convolution layers activated with LeakyReLU activation function
producing % and L* (refer to eqgs. (4.6,4.7) where k € [4,5])

FRL Y wg, b)) = we @ LM + by (4.6)

L = O(F*(L* ' wy, b)) 4.7)

High frequency feature maps are created by residual learning. First residue (') is generated
by merging L* and L®, obtained from the eq. (4.7) . Further R! from eq. (4.8) is merged with

L', generated from eq. (4.7), to create second residue (R?).

R' = L'+ L° (4.8)

R*=R'+ L' (4.9)

The output R? is passed to dense block (refer to Figure (4.3)) arranged sequentially with depth
of 8, refer to eqs. (4.14 — 4.19)

FU(R“ 7wy, by) = w, @ R+ b, (4.10)

L' =O(F' (R w,, b,)) (4.11)
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Figure 4.3: Dense block architecture
FU N (L weg1, bog1) = Wep1 @ LY + byy (4.12)
L' = O(F " (L wyy1, boya ) (4.13)
R*=L"+ L' (4.14)
R =R+ R+ L (4.15)
Here wue[3, 10] and ue[6, 13]
The output from 8th dense block is fed to the first subpixel layer as shown below:
SHLM;wis, bis) = ¢ (w15 @ R + b5 ) (4.16)

.) represents ReLU activation function, and R'° is the output of 8th dense block. So, the input
p p p

image is upscaled with a factor of two by using subpixel layer.

The output feature maps, obtained from PR.S stage, are passed to the D RS stage. Operations
performed in DRS stage are same as in PRS stage, except the feature map size and the opera-

tion performed in eqs. (4.3) and (4.4). The feature maps in this stage are of double size than the
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Figure 4.4: Discriminator architecture

previous stage. From the second subpixel layer we get the final image (/7)) which is four times

of the ground-truth image.

A Discriminator Network, denoted as Dg,, is trained to discern authentic images from those
generated by the generator network. The primary objective of training the generator network
is to deceive the discriminator network, enabling the generator to produce outputs resembling
ground-truth images. The architecture of the discriminator network is depicted in Figure (4.4).
In order to enhance the discriminator’s performance, we have incorporated spectral Normaliza-
tion, a technique introduced by Ledig et al. [69]. Spectral Normalization, proposed by Miyato
et al. [146], restricts the discriminator’s Lipschitz constant. This constraint facilitates a more
balanced training process within the GAN framework. Notably, spectral Normalization offers
the advantage of minimal computational complexity, as it does not necessitate the tuning of

additional hyperparameters.

4.2.1 Loss function

Generator network G, is dependent on parameters §,. &, refers to two parameters: weights
and biases (w1.,; b1.,,), v refers to the number of layers used in generator architecture. To obtain
final output image I, the loss function (L/) is optimized over M training samples and the pa-
rameters (weights and biases) are updated according to the optimization technique represented
in Eq. (4.17):

1
&g = argmin—
&g

.hr

]

’'m

M
> LG, (i

m=1

)

) (4.17)

Here, zf,: are the HR images used for training, and " are the corresponding LR images. Loss

function (L7) is formed by combining losses discussed in egs. (4.18, 4.19 and 4.20).

To obtain a SR image having perceptually suitable features, a loss function L/ has been defined
based on Ledig et al. [69] and Bruna et al. [83] instead of using MSE. This loss function

combines two distinct components: the adversarial loss and the content loss.
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f—rt f
L=, +1 (4.18)

gen

Here, L

vgg9
tual loss [147] is calculated. It satisfies the perceptual quality of an image. Euclidean distance

is a VGG features based content loss. Instead of using pixel based MSE loss, percep-

between the feature maps generated by VGG-19 (pre-trained model) from generated image
Ge,(i'") and the ground-truth image (i"") is calculated to find similar feature representation
constitutes the VGG loss (refer to eq. 4.19)

J

1 R -hr -lr
LY usii = o sz_; (i3 (I"ap — ©ij(Ge, (i"))ap)” (4.19)

t,g 44,5 1

Here, feature maps are represented by ¢; ;, which are obtained from the VGG network by
extracting the features from j — th convolution layer prior to the ¢+ — th maxpooling layer.

Feature map dimensions of VGG network are represented by W; ; and H, ;.

The second loss component of L/ is adversarial loss. This loss component lets our architecture
to use generative element for producing SR images that look similar to the natural images by
fooling a discriminator. This loss function relies on the probabilities given by the discriminator

on the generator’s output as shown below:

M
LT =% —logDe,(Ge,(i")) (4.20)

m=1

Here, D¢, (Ge,(i'")) shows the probability that the output image generated from the generator
(G, (i) is a ground-truth image.

4.3 Experiments, results and discussions

We have evaluated our model on publicly available benchmark datasets. First, analysis is done
for subpixel layer, then a brief introduction is given about the dataset used for training and
testing our architecture. After that a comparative analysis is presented between our model and
other SOTA techniques.

4.3.1 Analysis for subpixel layer

We analyzed the effect of using subpixel layer at different positions in the architecture. Three

cases are considered to evaluate the performance of subpixel layer. In the first case, as shown
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Figure 4.5: Generator model with one subpixel layer and 2 subpixel layers respectively
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Figure 4.6: Perceptual results showing effects of using subpixel layer at different positions.

Table 4.1: Performance comparison using quantitative values for different test datasets to show
the effect of using subpixel layer at different positions.

‘ Models ‘ Sub_1L ‘ Sub_2L ‘ RSDS-GAN (ours) ‘
Metric | MSE/PSNR(dB) | MSE/PSNR(dB) | MSE/PSNR(dB)
BSD200 0.0031/25.02 0.0024/26.06 0.0021/26.67
SET14 0.0071/21.47 0.0054/22.63 0.0056/22.46
Imagenet | 0.0037/24.21 0.0038/24.18 0.0030/25.02

in Figure (4.5), a subpixel layer is used as the last layer of the architecture (Sub_1L model)
with an upscaling factor of 4. Visual and quantitative results obtained from this model are poor.
This model is not capable to learn the fine details present in an image. In second case, we
use two subpixel layers (Sub_2L model) instead of a single subpixel layer as shown in Figure
(4.5). Results obtained from this model are perceptually good with high quantitative values as
compare to the first case. Third case is the proposed model (shown in Figure (4.2)). In this case,
upscaling is done in two stages. By using two stage enhancement process, our model is able to
mimic each minor detail of an image and provide results very similar to the ground-truth image.
Perceptual results from these models on test datasets (SETS [148], BSD200 [149], SET14 [150]
and imagenet [151] are shown in Figure (4.6) and corresponding quantitative analysis is shown
in table (4.1). From the qualitative and quantitative values, it is clear that the two stage subpixel
layer model (RSDS-GAN) provides superior results than the Sub_1L and Sub_2L model.
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4.3.2 Datasets

To assess the performance of the proposed architecture, an upscaling factor of 4 was employed,
indicating a four-fold increase in size between the input and output images. The dataset utilized
for evaluation consisted of a collection of 50,000 HR images. To generate LR counterparts for
the HR images, a downsampling process was applied using a bicubic kernel. Specifically, the
HR images, sized 120 x 120, were downsampled by a factor of 4, resulting in low-resolution
images of size 30 x 30. In order to incorporate semantic information, feature maps were ex-
tracted from the ninth layer of a pre-trained VGG19 model. These extracted features, with
dimensions of 30 x 30, were obtained by feeding bicubic versions of the low-resolution im-
ages, which were sized at 120 x 120, into the VGG19 model. The training process utilized a
dataset composed solely of high-resolution images. The Adam optimizer [152] was employed
with specific hyperparameters: a learning rate of 0.0001, 3; set to 0.9, and /3 set to 0.999.
The loss metric L/ (defined in equation (4.18)) was utilized to quantify the loss during train-
ing. The model was trained for 40 epochs, with training performed in batches using randomly
sampled examples from the training dataset, each batch consisting of 32 samples. The gener-
ator and discriminator models were updated alternately until the model reached convergence.
Two commonly adopted evaluation metrics were employed for quantitative analysis of the im-
age super-resolution techniques: Peak Signal-to-Noise Ratio (PSNR) and Structural Similarity
Index Measurement (SSIM). These metrics are widely used to assess the quantitative results of
SR tasks and provide valuable insights into the fidelity and similarity of the enhanced images

compared to the ground truth.

4.3.3 Comparison with SOTA methods

We evaluate our models performance with other SOTA methods: SRCNN [153], ESPCNN [68],
SRGAN [69], ESRGAN [84] and bicubic interpolation. All these models are trained on ima-
genet training dataset for 40 epochs for fair comparison. The quantitative analysis is presented
in table 4.2 shows the average values obtained on SOTA methods and our models. Visual results
are shown in Figures 4.8, 4.9, 4.10, 4.11, 4.12, 4.13 on the globally used benchmark datasets
(SETS5, SET14, BSD200) and the test dataset generated from the imagenet dataset with their

quantative analysis.

Variation of generative loss across epochs is shown in Figure (4.7) for SRGAN [153] and RDS-
GAN and RSDS-GAN. It is clear from the comparison that our method RDS-GAN is achieving
lower error rate than SRGAN but RSDS-GAN convergence error rate is more than the other
two methods. Based on an evaluation of previous GAN-based SR methods, such as those pro-
posed by Ledig et al. [69] and Wang et al. [84], as well as our own comprehensive visual and

quantitative analysis, it becomes evident that high quantitative metrics values do not consis-
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Figure 4.7: Comparison graph of generator loss against number of epochs for SRGAN and
RDS-GAN

tently correlate with superior perceptual results. Regarding visual quality, our proposed method

surpasses all other SOTA techniques, as our rigorous assessment supports.

4.3.4 Mean Opinion Score (MOS) evaluation

As introduced by Ledig et al. [69], a MOS test was conducted to assess the visual quality
of the generated output images. This test involved the evaluation of outputs obtained from
various SOTA methods, including SRCNN [153], ESPCNN [68], SRGAN [69], ESRGAN [84],
bicubic interpolation, and our proposed methods, namely RDS-GAN and RSDS-GAN. The
MOS test results, presented in Figures 4.8, 4.9, 4.10, 4.11, 4.12, and 4.13, were obtained by
soliciting ratings from 16 expert raters. Raters were asked to assign integral scores ranging
from 1 (indicating poor quality) to 5 (reflecting excellent quality) to randomly selected output
images from datasets such as SETS, SET14, BSD200, and ImageNet. The average values were
then calculated based on the integral scores provided by the raters. The results in the figures
demonstrate that our proposed method exhibits superior performance compared to other SOTA
methods in terms of visual quality, as verified by the MOS test.

4.4 Conclusion

A novel GAN based architecture is proposed for SR where dual stage upsampling is done for
an upscaling factor of 4 in this chapter. In dual upsamping stages, inter and intra residual
dense connections are done; making our model capable of sustaining high texture details of
an image. To enhance the objects present in the image, semantic information is merged with
the input image; leading to excellent visual results. To stabilize the training process spectral

normalization is used in the discriminator architecture. Qualitative and quantitative results are
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(22.62/0.791/1.34) (24.64/0.847/1.39) (25.91/0.859/2.34) (24.64/0.847/3.60)
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Figure 4.8: The perceptual results, accompanied by their corresponding PSNR/SSIM/MOS
scores, on the ‘baby’ image (SETS5) with the upscaling factor 4 using various SOTA
algorithms.

Table 4.2: Performance comparison on the basis of average MSE, average PSNR (dB) and av-
erage SSIM for various SR methods on various test datasets (SETS, SET14, BSD200
and Imagenet) with scale factor of 4.

Dataset SET5 SET14 BSD200 Imagenet test dataset

Metric MSE

PSNR ‘ SSIM MSE ‘ PSNR ‘ SSIM MSE ‘ PSNR ‘ SSIM MSE ‘ PSNR ‘ SSIM

Bicubic 0.0094 | 21.65 | 0.720 | 0.0083 | 21.34 | 0.686 | 0.0059 | 22.86 | 0.722 | 0.0057 | 23.21 | 0.766

SRCNN [153] 0.0077 | 22.83 | 0.701 | 0.0100 | 21.24 | 0.706 | 0.0089 | 21.04 | 0.677 | 0.0063 | 22.67 | 0.755

ESPCNN [68] 0.0056 | 23.82 | 0.811 | 0.0058 | 22.93 | 0.764 | 0.0040 | 24.57 | 0.795 | 0.0035 | 25.30 | 0.833

SRGAN [69] 0.0066 | 22.99 | 0.799 | 0.0064 | 22.50 | 0.751 | 0.0051 | 23.44 | 0.762 | 0.0047 | 23.93 | 0.801

ESRGAN [84] 0.0058 | 23.33 | 0.794 | 0.0060 | 22.78 | 0.749 | 0.0052 | 22.77 | 0.702 | 0.0048 | 23.70 | 0.786

RDS-GAN (ours) 0.0067 | 22.94 | 0.804 | 0.0072 | 22.16 | 0.746 | 0.0060 | 22.73 | 0.746 | 0.0053 | 23.42 | 0.789

RSDS-GAN (ours) | 0.0062 | 23.13 | 0.832 | 0.0072 | 22.12 | 0.762 | 0.0056 | 23.02 | 0.770 | 0.0050 | 23.64 | 0.812

i |
Bicubic SRCNN ESPCNN [ SRGAN

(21.02/0.747/1.48) (20.7/0.782/1.50) (22.63/0.807/2.25) (22.77/0.807/3.79)

I:R Image

A | e » » 3 Y h S
"ESRGAN  RDS-GAN RSDS-GAN  HR image

(22.43/0.824/3.71) (22.47/0.800/3.82) (22.92/0.833/3.98) (0/0.100/5)

Figure 4.9: The perceptual results, accompanied by their corresponding PSNR/SSIM/MOS
scores, on the ‘pepper’ image (SET14) with the upscaling factor 4 using various
SOTA algorithms.
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SRGAN

(26.22/0.842/1.06) (25.54/0.833/1.64) (27.94/0.873/2.56) (26.76/0.843/3.48)

Bicubic SRCNN ESPCNN

LR Image

ESRGAN

(26.34/0.856/3.80) (25.83/0.840/3.96) (25.85/0.858/4.22)  (00/0.100/5)

RDS-GAN RSDS-GAN  HR image

Figure 4.10: The perceptual results, accompanied by their corresponding PSNR/SSIM/MOS
scores, on the ‘104055” image (BSD200) with the upscaling factor 4 using various
SOTA algorithms.

'.

. Bicubic SRCNN ESPCNN SRGAN

(26.98/0.844/1.14) (26.14/0.839/1.96) (28.46/0.868/2.94) (27.30/0.848/3.86)

LR Image b

ESRGAN

(26.41/0.823/4.02) (26.05/0.833/4.34) (26.49/0.859/4.56) (00/0.100/5)

RDS-GAN RSDS-GAN  HR image

Figure 4.11: The perceptual results, accompanied by their corresponding PSNR/SSIM/MOS
scores, on the ‘36046’ image (BSD200) with the upscaling factor 4 using various
SOTA algorithms.

48



4.4. CONCLUSION

’ h‘ . .;_zé
Bicubic SRCNN ESPCNN SRGAN
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(25.36/0.874/3.56) (25.82/0.869/3.84) (26.29/0.897/4.42) (0/0.100/5)

Figure 4.12: The perceptual results, accompanied by their corresponding PSNR/SSIM/MOS
scores, on the test image (imagenet) with the upscaling factor 4 using various
SOTA algorithms.

Bicubic SRCNN ESPCNN

SRGAN
(23.13/0.814/1.22) (22.50/0.806/1.34) (24.77/0.841/2.60) (24.34/0.841/3.02)

o - - -

ESRGAN RDS-GAN RSDS-GAN HR image

(24.86/0.819/3.96) (24.09/0.837/4.26) (24.31/0.861/4.38) (©0/0.100/5)

Figure 4.13: The perceptual results, accompanied by their corresponding PSNR/SSIM/MOS
scores, on the test image (imagenet) with the upscaling factor 4 using various
SOTA algorithms.
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calculated for our method and other SOTA methods. Comparison is done using MOS values to
verify the perceptual quality of images produced by our method against other SOTA methods.
From the visual results and MOS testing values it is clear that our method outperforms all other

methods.
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5 An Efficient Image Super Resolution
Model Using Generative Adversarial
Networks

5.1 Introduction

The deep GAN models utilized in the context of SR possess a substantial depth, resulting in
considerably high computational complexity. In this chapter, we present a novel and efficient
GAN based model (SRINet) for image SR problem to overcome large network depth and high
computational cost problems. We use complex filter structure to build the generator architecture.
This structure is constituted using large and small convolution windows. The large windows
assist the network to learn hierarchical features, whereas small windows help to extract local
information from the image. In addition, dual stage enhancement approach is incorporated
in the generator which leads the network to learn precise mapping from a LR feature space
to generate a SR image. Residual learning based on dense skip connections is employed in
generator to increase the feature learning capability of model. Our model exhibits superior

performance compared to SOTA methods, yielding enhanced results.

Main contributions of the proposed model are threefolds:

1. In this chapter, we introduced a novel two stage progressive upscaling GAN, SRINet,
for image SR. The generator component of our proposed model is partitioned into two
distinct stages, wherein each stage performs a X2 enhancement, thereby enabling a final
super-resolution factor of x4. Learning capability of our network increases by using pro-
gressive upscaling process. Training process is eased by introducing residual and dense

skip connections between these two stages to eliminate the vanishing gradient problem.

2. A High Feature Generation Block (HFG-B) is introduced in the generator architecture
consisting of cascaded modified inception blocks (MIBs). MIB assists the network to
learn hierarchical features and primitive features present globally and locally in an image,

respectively to learn more precise representations.
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Figure 5.1: Visual results on the ‘baboon’ image from SET14 and ‘YumeiroCooking’ image
from MANGA109 test dataset; upscaled by x4 factor.

3. Experiments on five benchmark datasets reflect better efficiency and superior performance
over SOTA.

5.2 Methodology

5.2.1 Revisit Inception architecture

Inception model was introduced by Szegedy et al. [154] for image classification and detection.
The fundamental inception block of the inception architecture is represented in Figure (5.2a).

This architecture tries to overcome two major drawbacks in deep learning models:
* Over-fitting,
* Excessive usage of computational resources.

The key point in the inception architecture is to determine how the dense components present in
convolutional neural networks can approximate the most favorable sparse structures. In incep-
tion architecture, complex filters are used instead of linear filters to foster the learning capability
of model. These complex filters introduce non-linearity by following the structure of multi-layer
perceptrons of 1 x 1 filter size; therefore, these structures perfectly fit in the CNN architecture.
Global average pooling layer is used in the inception architecture abolishing the need of fully
connected convolutional layer. This layer decreases the count of parameters used in the archi-
tecture, thus diminishing two major problems (over-fitting and high computational cost) of deep

learning algorithms.

[155] further explored inception architecture to reduce computation cost and optimize memory
usage. They presented an efficient way to scale up the convolution networks through optimiza-
tion. By utilizing the parallel structure and dimension reduction, they redesigned the inception

block through following modifications:
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1. Asymmetric structure is suggested in place of symmetric structure. Suppose, we are using
a convolution window of size 3 x 3, this window is replaced by stacking windows of 1 x 3
and 3 x 1 size (refer Figure (5.2b)). Thus reducing the number of computations from 9 to

6 for each convolution layer.

2. In place of using a single convolution layer with large convolution window, two layers
are superimposed with smaller convolution window (refer Figure (5.2c)). This means that
convolution window size of 5 x 5, i.e. 25 calculations is replaced by two superimposed

layers with convolution window size 3 x 3.

5.2.2 Proposed model

In proposed model, SRINet, we use progressive upscaling approach for the generator architec-
ture. SRINet uses two stage upscaling process (refer to Figure 5.3) to increase resolution of an

image with an upscaling factor of 4 (each stage producing a x2 scaled output).

Each stage of SRINet is divided into three blocks: 1. Elementary Feature Extraction Block
(EFE-B), 2. High Feature Generation Block (HFG-B), and 3. Reconstruction Block. To demon-
strate the working of architecture, we denote convolution layer as ©. Features obtained from

first block consisting of a single convolution layer are given by [y eq. (5.1).

Fo = he(ILr) G-

where convolution operation performed on the input image is represented by fig(.). This block
extracts the primitive information from a low resolution image. Next, F, is applied to the High
Feature Generation Block (HFG-B), resulting in eq. (5.2).

Fi = hnyg(Fo) (5.2)

where JF; are the features obtained from the HFG-B. The operations performed within this block
are represented by f,,(.). High level features obtained from the second block are passed to
the reconstruction block comprises of a subpixel layer followed by the ReLU. Feature maps
obtained from subpixel layer are applied to a convolution layer followed by a LeakyReLU

activation function refer eq. (5.3)
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Figure 5.4: Discriminator architecture

For = hpp(F1) (5.3)

F>, are the output features obtained from the reconstruction block and 7,,(.) is the operation
performed in this block. The upscaled output features generated from this block are applied

further in second stage.

This stage has three blocks similar to the first stage with the difference in the size of the feature
maps (double than previous stage). The final image obtained from the second stage is the SR

x4 image (refer eq. (5.4)).

Fuw = hsp(Faz) (5.4)

where F, and fisp(.) denote a final output image and operations performed in the second stage,

respectively.

Two stage upsampling process provides superior perceptual results as compared to the models
with single upscaling stage (refer section 4.3). This architecture mimics the frequency texture
along with very fine details present in an image by increasing the learning capability of the
model. Discriminator network (proposed by Ledig et al. [69]) is fed with the synthetic images
from generator component (/,,) and the HR images (/) (refer Figure 5.4). This network
is trained in such a way that it is capable of differentiating between these two images. The
generator network is trained to produce the synthetic images similar to the HR images. So, the

overall training process of these two networks will help to generate images with very HR.
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5.2.3 High Feature Generation Block

In this section, we are going to illustrate the most essential part of SRINet; i.e., High Feature
Generation Block (HPG-B). HPG-B consists of cascaded Modified Inception Blocks (MIBs).
Output features obtained from the first MIB block are applied as an input to the second MIB and
so on (up to the eighth block). Additionally, residual dense skip connections are introduced in
the network to eliminate vanishing gradient problem. Output features obtained from the EFE-
B are also merged with the output features of each MIB block to reduce the requirement of
long term memory depedency. Also, the MIB blocks are densely connected with each other as
shown in Figure 5.3. These connections provide fast learning competency to the network with

high frequency feature maps.

5.2.3.1 Modified Inception Block

Modified Inception Block (shown in Figure 5.5) is based on the fundamental inception block
of inception architecture. The salient parts of an image have huge inequality in terms of size in
different images. Inception architecture overcomes this problem by using different convolution
size windows on the same level. Convolution layers with large window size are used to extract
the hierarchical features of an image. And convolution layers with small window size are used
to extract the locally distributed features of an image. Additionally, convolution layer with
1 x 1 window size is introduced before the large filter size convolution layers to reduce the
computational complexity. This limits the input channels for the model and hence reduce the
number of parameters for the training. Maxpooling layer is also present in the fundamental
inception architecture (refer to figure 5.2). Pooling layer is used in classification problems
to suppress the irrelevant features and identify an object in an image. But in image super
resolution, we are generating the unavailable data by using the available pixels. Therefore,
pooling layer has no significance is this problem. Pooling layer produces artifacts in the SR
system (discussed in detail in section 5.3.3.2 and Figure 5.6). Also, the number of parameters
and computational complexity is increased to enormous amount by using maxpooling layer
in the inception block. Therfore, we modified the fundamental inception architecture (refer
figure 5.5a) to make it suitable for image super resolution and named it as Modified Inception
Block (MIB). In place of ReLLU activation function we use LeakyReLLU activation function.
LeakyReL U activation helps the network to achieve good local minimum as compared to the
ReLU activation function. For negative inputs, ReLU gives zero value which in turns makes the
gradient value zero. So, in some cases the network is not able to achieve good local minimum

while using ReL.U activation function.

The MIB, shown in Figure 5.5a, has three parallel pipelines of convolution layer depicted by
PL,y, PLy and PL3. The feature maps (F() obtained from eq (7.1) are passed through these
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Figure 5.5: a. Modified Inception Block (MIB) b. Modified Inception Feature Reduction Mod-
ule with Asymmetric Convolution Window (MIFR-ACW) c. Modified Inception
Feature Reduction Module with Smaller Convolution Window (MIFR-SCW)

58



5.2. METHODOLOGY

pipelines to produce features x, z2, x3, x4 and x5 (refer eqgs. (5.5), (5.6), (5.7), (5.8) and (5.9).

r1 = P[FoOuxyWi + Bi] |pr, (5.5)
7y = O[FoOuxyWa + Bo) |pL (5.6)
r3 = P20 3x3W3 + B3] |pL, (5.7)
24 = B[ Fo®uxyWi + Bl |pL (5.8)
T5 = P40 5x5W5 + Bs) |pr, (5.9)

where LeakyReLU layer and convolution layer is represented by ¢ and ©,,,,, respectively.
Subscript w is showing the kernel size of each convolution layer. |py,, indicates the processing

in mth pipeline (m € [1, 2, 3]).

The feature maps x1, x3 and x5 obtained from egs. (5.5), (5.7) and (5.9) are concatenated to

produce the output feature maps x (refer eq. (5.10))

xr = concat[zry, x3, T5) (5.10)

These features maps are applied as an input to the next MIB block and so on.

To reduce the memory usage and computational cost, we modify the inception v3 architectures

(refer b and c part of Figure (5.2)) for super resolution problem as shown in Figure 5.5 (b,c).
We use three different approaches for HFG-B in the generator to implement SRINet:

* Modified Inception Block (MIB)
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* Modified Inception Feature Reduction block with Asymmetric Convolution Window (MIFR-

ACW)

* Modified Inception Feature Reduction block with Smaller Convolution Window (MIFR-
SCW).

The other two blocks (EFE-B and reconstruction block) remain same for these three generators.

5.2.4 Loss Function

The final output image is obtained by optimizing the loss function (L°%) over K number of
training samples. Loss function (L°%) is formed based on Ledig et al. [69] by adding two
losses: feature-based contextual loss and adversarial loss.

LSRR =7 4 SR (5.11)

Pre-trained VGG-19 model is used for extracting the feature maps for the ground-truth images
and the output images. Convolution layer, before the last max pooling layer of Pre-trained
VGG-19 model, is used to extract the features maps of ground-truth images and output images.
The Euclidean distance is calculated between the feature maps of these two images. Feature-

based contextual loss is given by Eq (5.12).

Wi iHi;

1 , Ir

Ligesis = f g7 2o 2 (Vi(i%)an = 1i5 (G, (i"))as)’ (5.12)
2¥) %) a=1 b:1

Here, W and H are the dimensions of the extracted feature maps. ;;(i*") and ¢; ;(Ge, (i'")

represents the feature maps extracted from VGG-19 model for ground-truth images and the

output images produced from the generator respectively.

SR

adv?

To calculate adversarial loss (L2, refer eq. 5.13, generator component is added to loss func-
tion. Addition of this component guides the network to generate images similar to the real
images by misleading the discriminator. Mathematical formulation of adversarial loss is shown

in Eq. (5.13).

K
L% =>" —logDe,(Ge, (i) (5.13)

k=1
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Here, ©, and ©, are the optimization parameters (weights and biases) for discriminator and
generator network, respectively. Do, (Ge, (i) is the probability that the generated image is the

real image.

5.3 Experiments

5.3.1 Datasets

From the imagenet dataset, 80,000 images are selected randomly to train the dataset. Experi-
ments are performed on five benchmark SR datasets: Set5 [148], Set14 [150], BSD100 [156],
Urban100 [157] and Mangal09 [158] to validate the performance of the proposed architecture.

5.3.2 Training settings and implementation details

The model is evaluated for the upscaling factor of x4 between the ground-truth and low reso-
lution image. Crop size for the ground-truth image is 192 x 192. Gaussian noise is added to
the ground-truth image and then bicubic kernel is used to downsample it by a factor of x4 to

generate a low resolution image of size 48 x 48.

3 x 3 window size with 64 channels are used for EFE-B convolution layer. In the HFG-B,
number of channels used in each convolution layer are fixed to 64. Each HFG-B consists of 8
MIBs. The subpixel layer in the reconstruction block has 64 channels with 5 x 5 filter size. The
convolution layer of the first stage reconstruction block has 64 channels with 3 x 3 window size.
The convolution layer of the second stage reconstruction block has 3 channels with 3 x 3 window
size to get a RGB image at the output. Thus, the total number of convolution layers used in the
proposed generator are 86. LeakyReLLU with o = 0.2 is used as an activation function in both
generator and discriminator. (31, 32 has values 0.9 and 0.999, respectively with learning rate =
0.0001 and batch size of 16; the network is optimized with Adam optimizer. The batch size
is 16. From training dataset, samples are produced randomly to carry out training in batches.
Total number of steps used for training the model are 10° and number of steps per epoch are
5000. Loss functions, to minimize the difference between HR and LR image, is LSE (refer
section 3.3). Discriminator and generator networks are alternatively updated until the model
is fully trained. Each of these networks are held constant while training the other. Two most
common quality analysis metrics PSNR (Peak Signal to Noise Ratio) and SSIM (Structural
Similarity Index Measurement) are used to evaluate the proposed model. Both these metrics
are calculated on the Y-channel for fair comparison with the former works. To measure the
perceptual quality of images, we used Visual Information Fidelity (VIF) metic [159] which rely

on natural scene statistics and human visual system.
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Table 5.1: Contribution of different components: Performance investigation on SETS due to
different components present in our architecture.

a b c d e f
Single stage v v v
Two stagges v v v
MaxPooling layer | v v v v
ReLU v v
LeakyReLU v v v v
PSNR 12.83 | 14.24 | 22.78 | 24.23 | 24.56 | 27.64

a.13.23 b.15.67 €.22.32 d.25.09 €.25.65 £.28.42 HR IMAGE

gt

HR IMAGE

c.24.06 d.24.11 e.27.22 £.27.74

a.10.43 b.12.98

Figure 5.6: Performance investigation on SETS due to different components present in our ar-
chitecture.

5.3.3 Ablation study
5.3.3.1 Analysis of reconstruction module

We studied the effect of reconstruction block at two different positions. Firstly, we used re-
construction block at the end of the architecture as done in many earlier researches, such as,
SRGAN [69] and ESRGAN [84] etc. Then, we applied the progressive upscaling approach to
our model, as shown in Figure 5.3. Results obtained (refer Figure 5.6) after applying these two
approaches supports our claim that progressive upscaling is better than the single stage upsam-
pling process. As this approach provides high learning capability to our model and the model

is able to mimic the fine texture details of an image.

5.3.3.2 Analysis of maxpooling layer in inception module

We tried to solve the SR problem by using fundamental inception block (refer Figure 5.2a) in
the HFG-B. Number of parameters for this architecture are very high which further increases
the time per epoch for training. With the huge computational cost and high memory usage,
this model was not able to perform well for the SR problem as shown in Figure 5.6. The

maxpooling layer produces artifacts in the image. This layer is used to suppress the irrelevant
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features while performing tasks like image classification and detection. In super resolution data
is generated with the help of available pixels, thus this layer has no significance in SR task.
Therefore, we remove maxpooling layer from the inception module and examine the results.
After removing maxpooling layer from the 1B, number of parameters and computational cost
for the architecture is reduced to enormous rate as with improvement in the perceptual quality
of images. So, qualitative and quantitative results obtained with and without the max pool layer
support out claim that our network is performing better after removing the max pool layer from

the inception block for image super resolution task.

5.3.3.3 Analysis of activation function in inception module

We studied the effect of activation function in the inception block. In basic inception block
ReLU activation function is used after the convolution layers to add non-linearity. Sometimes,
ReL.U activation function is not able to achieve local minimum because it generates zero value
for the negative inputs which turns the gradient value to zero. Therefore, we removed the
ReLU activation function and use LeakyReLU activation after the convolution layer in the pro-
posed generator. Comparison results are shown in Figure 5.6 with ReLLU activation function
and LeakyReL.U activation function. From the experiment results, it is clear that after employ-
ing LeakyReLU activation function in the inception block there is significant increase in the

performance of the model as compare to the model with ReLLU as activation function.

5.3.4 Comparison with state-of-the-art methods

We compared our model with bicubic interpolation and other SOTA methods: SRCNN [67],
ESPCNN [68], SRGAN [69], ESRGAN [84], GSR-DDNet [85] and RNAN [93]. We presented
the qualitative and quantitative analysis on benchmark datasets. For the quantitative analysis,
average PSNR and average SSIM is calculated on benchmark datasets presented in table 5.2.
For fair comparison, the PSNR and SSIM values are calculated on the Y-channel similar to the
former works. For the qualitative analysis perceptual results are shown in Figures 5.7, 5.8, 5.9,
5.10, 5.11, 5.12 and 5.13 with their VIF scores. As shown in table 5.2, our model outperforms
over all the GAN based SR models in terms of PSNR ans SSIM for all the datasets except
BSD100.

Our model has achieved second highest average PSNR and highest average SSIM for Set5.
Perceptual results evaluated on Set5 are shown in Figure 5.7. From the figure, it is clear that
CNN based methods produced very smooth result. The competing GAN based methods are
also unable to recover the contours present in the image. Only the proposed method produces

results similar to the ground-truth image with the highest VIF score.
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Table 5.2: Performance comparison on the basis of average PSNR (dB) and average SSIM for
various SR methods on various test datasets (Set5, Set14, BSD100, Urban100 and
Mangal09) (First and second highest are Bold) with scale x4 factor.

’ Dataset ‘ Set5 Setl4 ‘ BSD100 ‘ Urban100 ‘ Mangal09 ‘
Metric PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM
Bicubic 2341 | 0.757 | 2442 | 0.724 | 23.04 | 0.618 | 20.01 | 0.565 | 20.32 | 0.692
SRCNN
[67] 2432 | 0.793 | 24.80 | 0.771 | 23.24 | 0.615 | 20.39 | 0.588 | 20.49 | 0.703
ESPCNN
[68] 26.55 | 0.811 | 2531 | 0.793 | 2493 | 0.629 | 21.43 | 0.691 | 21.38 | 0.724
SRGAN
[69] 2671 | 0.812 | 26.05 | 0.827 | 24.08 | 0.510 | 22.54 | 0.672 | 23.04 | 0.791
ESRGAN
[84] 2580 | 0.834 | 2573 | 0.813 | 23.60 | 0.518 | 21.88 | 0.650 | 22.21 | 0.755
GSR-DDNet
[85] 26.72 | 0.820 | 25.86 | 0.822 | 2392 | 0.523 | 21.99 | 0.643 | 22.13 | 0.753
RNAN
[93] 29.35 | 0.868 | 30.02 | 0.851 | 26.31 | 0.691 | 24.74 | 0.703 | 26.01 | 0.814
TwoFold
SRINet
(MIFR-ACW) | 26.73 | 0.805 | 27.84 | 0.699 | 2446 | 0.543 | 21.15 | 0.591 | 21.99 | 0.732
TwoFold
SRINet
(MIFR-SCW) | 26.87 | 0.799 | 2830 | 0.733 | 23.54 | 0.539 | 21.93 | 0.580 | 21.53 | 0.701
TwoFold
SRINet 27.64 | 0.870 | 2890 | 0.840 | 2442 | 0.608 | 22.71 | 0.675 | 23.29 | 0.792

For Set14, our model has second highest PSNR and SSIM. Comparison results for the qualita-
tive analysis are presented in Figures 5.8 and 5.9 with their PSNR, SSIM and VIF scores for
Setl4. CNN based methods are generating blurry effect in the output images. In Figure 5.9,
only our method is able to recover the edges and the lines present in the upper part of image

(crown) with higest VIF score.

For BSD100 dataset, the proposed model is third highest for average PSNR and SSIM. But the
perceptual results on our method are better than all the competing methods (refer Figures 5.10
and 5.11). In figure 5.10, most of the methods are producing blurry effect on the background
and unable to recover the sharpness of an image. Whereas visibility of lines in proposed method

is very clear with sharp details which is reflected in the VIF scores also.

Our model has achieved second highest PSNR and third highest SSIM for Urban100 dataset.
In Figure 5.12, small textural details and the horizontal lines are blemished in almost all the
competing methods. The proposed method recovers small textured details present on the bricks
with clear horizontal lines and maximum VIF score, which shows our model’s superiority over

other competing methods.

For Mangal09 dataset, our model has achieved second highest PSNR and SSIM. Perceptual
results for this dataset are shown in Figure 5.13. From the results, it is clear that no competing
methods are able to recover the exact font of letters and background details are also missing

in the output images. Our model is producing results similar to the output image with clear
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background details and sharp font of letters. From the analysis, it is clear that perceptually our

model is performing better than other models.

BICUBIC SRCNN
22.55/0.746/0.286  25.37/0.822/0.326

-

ESPCNN
29.84/0.922/0.426

" SRGAN
20.48/0.893/0.658

GSR-DDNe

S t RNAN
28.85/0.561/0.590 32.42/0.943/0.438
- L}

SRincNet SRincNet
(MIFR-SCW)

(MIB)
29.29/0.794/0.691  30.32/0.925/0.703

SRincNet
(MIFR-ACW)
27.89/0.766/0.688

Figure 5.7: Perceptual results with their PSNR/SSIM/VIF score on the ‘butterfly’ image from
the SETS; upscaled by x4 factor.
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Figure 5.8: Perceptual results with their PSNR/SSIM/VIF score on the ‘ppt3’ image from the
SET14; upscaled by x4 factor.
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Figure 5.9: Perceptual results with their PSNR/SSIM/VIF score on the ‘comic’ image from the
SET14 test dataset; upscaled by x4 factor.

67



CHAPTER 5. AN EFFICIENT IMAGE SUPER RESOLUTION MODEL USING
GENERATIVE ADVERSARIAL NETWORKS

BICUBIC SRCNN
91/0.69 /0

8/0.318 9

MAGE ESPCNN SRGAN
HRI 26.74/0.872/0.439 _27.92/0.734/0.599

ESRGAN
25.90/0.690/0.592

GSR-DDNet
26.43/0.691/0.482

SRINet
(MIFR-ACW)

24.61/0.546/0.525

SRINet SRINet

(MIFR-SCW) }MIB)
26.36/0.553/0.528 27.34/0.702/0.600

Figure 5.10: Perceptual results with their PSNR/SSIM/VIF score on the ‘101085’ image from
the BSD100; upscaled by x4 factor.
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Figure 5.11: Perceptual results with their PSNR/SSIM/VIF score on the ‘102061° image from
the BSD100 test dataset; upscaled by x4 factor.

69



CHAPTER 5. AN EFFICIENT IMAGE SUPER RESOLUTION MODEL USING
GENERATIVE ADVERSARIAL NETWORKS

H

BICUBIC SRCNN
19.29/0.307/0.187 20./0.508/0.240_

-

ESRGAN GSR-DDNet ~ RNAN
20.25/0.638/0.385  21.19/0.634/0.389  24.41/0.742/0.338

| e
]

% ,:;f; -

SRINet
(MIFR-ACW) (MIFR-SCW) (MIB)
21.12/0.683/0.409  20.75/0.664/0.394  21.31/0.698/0.430

Figure 5.12: Perceptual results with their PSNR/SSIM/VIF score on the ‘076’ image from the
URBANI100 test dataset; upscaled by x4 factor.
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Figure 5.14: Failure case on the ‘067 image from the URBAN100 test dataset for image super
resolution; upscaled by x4 factor.

5.3.5 Limitations

Our model shows good performance for SR task by producing very good perceptual and qual-
itative results as compare to other state-of-the-art methods. In few cases quantitative results
produced by our model hace lower values than the CNN based SR methods (refer table 5.2).
In few images of Urban100 dataset, our model, like all other competing models, struggles to

visualize subtle details (refer Figure 5.14).
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5.4 Conclusion

Current chapter presents a novel GAN Based SRINet model. This model alleviates the use of
linear filters and integrates the complex filter structures in the network to approximate most
favorable sparse structures. Dense skip connections are introduced in the architecture. This
approach increases the learning capability of network while retaining its computational com-
plexity. In addition, progressive upscaling approach is used, where image enhancement is done
in two stages, to sustain high frequency components, allowing us to produce output images with
fine texture details. The model is able to produce better perceptual results than the other SOTA

methods.
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6 Frequency Aware and Semantic
Structural Constraint Based Face
Hallucination System

6.1 Introduction

Particularly, applying SR on faces is known as Face Hallucination (FH). High resolution facial
images are widely required in many computer vision applications, such as facial emotion detec-
tion [160], pedestrian re-identification [161], facial alignment [162], face recognition [163] and
face identification [164].

Based on deep learning, researchers have effectively applied numerous algorithms to solve face
SR problem [165]. However, the first drawback of majority of these algorithms is that they
rely on two dimensional facial priors to recover structural details of facial images, such as,
Grm et al. [166] proposed a face SR algorithm, where the identity priors are incorporated at
multiple stages of CNN to perform image hallucination. Progressive facial attention loss is
proposed by Kim et al.[167] to incorporate facial attributes in the generated SR face images.
Yu et al.[168] used coarse SR image from the intermediate stage to extract heatmaps by passing
that image in an UNet architecture. Extracted heatmaps are then merged with coarse SR image
to generate final SR image. All the above mentioned methods used 2D priors to guide the
deep learning models to generate the HR face images. The information extracted from the
2D priors is only capable of incorporating global features in an output image. Still the local
features or the subtle structural details like skin irregularities, wrinkles and depth details are
missing in the final output image. To embed the above mentioned features in the generated
image, we have proposed a progressive Face Hallucination (FH) network. An auxiliary sub-
network is employed in the proposed FH network by using 3D Morphable Models (3DMMs)
[169] to embed structural information in the output image. 3DMMs are the three dimensional
meshes of face images used to reconstruct a 3D image from its 2D counterpart using shape
and texture models of Principal Component Analysis (PCA). To add the semantic structural
constraint to proposed FH model, we are utilizing the PCA shape model of 3DMM [170]. The
shape components of PCA shape model constitute different face parameters, like, the first shape
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component signifies the shape of face (slim, chubby or round etc). And the secondary shape
components accounts for the more finer details (wrinkles, face irregularities, face depth etc)
of face images. These three dimensional meshes with face parameters are rendered as two
dimensional points on the face image. The obtained 3D points fitted on 2D images act as a
target images for our auxiliary network. This auxiliary network act as a supervision network to

add structural constraint to our face hallucination network.

Second drawback of Super resolution methods based on generative adversarial networks [69,
84] is that the quantitative results produced by these methods have less values as compared to
other deep learning based methods due to missing frequency details. To overcome this draw-
back, a sub-network comprised of an auto encoder is added along with the proposed FH network
to explicitly add high frequency facial details from an face image. Discrete Cosine Transform
(DCT) based feature maps with high resolution are generated using this network. Frequency do-
main loss is calculated between the generated DCT feature maps and ground truth DCT feature
maps which is used to train the sub-network. This loss function will guide our FH network to
produce output images with high quantitative values. To embed high feature DCT maps in the
FH network, we used an Inverse Discrete Cosine Transform (IDCT) block. This IDCT block
converts the frequency domain feature maps into the spatial domain feature maps. Then the
converted feature maps are merged with the output feature maps of FH network, supervising

our network to produce images with high frequency details.
Main contributions of presented work are as follows:

1. GAN based progressive face hallucination network is proposed. The generator network
in the proposed network comprises of FH network and two sub-networks, assisting FH
network to generate high resolution face image. The FH network consists of Hierarchi-
cal Feature Extraction Module and Computationally Efficient Channel based Attention
Module. The hierarchical feature extraction module helps the model to learn hierarchical
as well as primitive information present in the image. Where as channel based attention
block is used to add channel-wise attention in the network and reduce the computational

complexity of the network.

2. First sub-network produces high resolution DCT feature maps. This network supervises
FH network to produce images with high frequency details. Proposed frequency domain
based loss, assists our face hallucination network to reflect the quality of resultant images.
IDCT block is used at the end of this network to convert the frequency domain feature

maps to spatial domain and merge them in the FH network.

3. An auxiliary sub-network generates a high resolution 2D image with 3D parameters fitted
on it. This network adds, structural constraint to our FH network, producing face images

with semantic facial details, like skin irregularities, wrinkles and depth information etc.

4. Experiments on facial benchmark datasets reflect superior performance over recent SOTA.
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6.2 Methodology

As depicted in the Figure 6.1, generator network of the proposed architecture consist of three

branches:

1) Progressive face hallucination branch (PFH-B), powerfully built with a combination of cas-

caded hierarchical feature extraction module and channel based attention module,

i1) Semantic structural constraint branch (SSC-B), serves as a supervision network by constrain-
ing PFH-B to generate resultant images with three dimensional parametric feature information,

and

iii) DCT based auto encoder branch (DCTAE-B), compelling PFH-B to produce images with
high frequency details.

Basically, the objective of proposed face hallucination model is to find the mapping function
Fo,, (refer eq. 6.1) to obtain a HR face image (H Ry;) from its LR counterpart (LRy;).

‘Fefh = LRf’L — HRfZ (6'1)

where, 0y, are the parameters learned throughout the mapping process. To minimize the dis-
tance between H Ry; and its counter LRRs;, proposed face hallucination network employs the
combination of pixel based loss, feature based loss, structured parametric loss and DCT based
loss and updates the learnable parameters during the training process. The output face images
generated by face hallucination network is fed to discriminator network [69] along with the HR
face images. In the proposed architecture, discriminator is acting as a binary classifier, and
trained in such a way that it classifies the ground-truth face images as label 1 and generated
face images as label 0. On the contrary, generator is trained to trick discriminator by generating
the face images similar to HR face images. Comprehensive training of both these networks will

lead to the generation of HR face images.

Detailed explanation of components employed in the generator network are discussed next.

6.2.1 Progressive face hallucination branch

As 1illustrated in Figure 6.1, PFH-B uses a progressive upscaling technique where at every
stage the input image is upscaled by the factor of 2. Further, each stage is divided into three
phases. First phase is elementary characteristic extraction phase (ECE-P), where LR face image
is passed through a convolution layers to extract the elementary characteristics of an image. The

feature maps obtained from the first phase are applied to the second phase which is hierarchical
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Figure 6.1: Proposed Generator architecture with three branches: 1) FH network- progressive
face hallucination branch from where resultant output image is generated, 2) sub-
network1- a DCT based encoder network to add high frequency components in the
output image, and 3) sub-network2- semantic structural constraint branch to add 3D
parametric information in the generated image.

feature extraction with channel attention mechanism (HFE-CA). This is the most crucial com-
ponent of PFH-B. HFE-CA is composed of two main blocks - hierarchical feature extraction
block and computationally efficient channel based attention module, which are explained in de-
tail in the following subsection. Output feature maps obtained from the HFE-CA are applied
to the reconstruction phase, where the features maps are upsampled by the factor x2 using

subpixel convolution layer [68] to get the final output image.

6.2.1.1 Hierarchical feature extraction module

Hierarchical feature extraction module (HFE-M) is shown in Figure 6.2. Hierarchical feature
extraction block (HFE-B) is the building block of HFE-M. To sustain the long term memory
dependency, residual connections are used between the HFE-Ms. Total five HFE-Bs are used
in each HFE-CA phase, where the output feature maps of first HFE-B are applied to the second

block and so on.

The motivation of hierarchical feature extraction module (HFE-M) is taken from the inception
architecture [154]. As depicted in the Figure 6.2, the same input is applied across three different

convolution layers with different kernel sizes. Notion for utilizing this complex filter structure
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Figure 6.2: Hierarchical feature extraction module

across the input is to acquire local as well as global features of an input face image. Salient
attributes like nose, eyes, lips, ears and wrinkles of face images have distinct sizes across an
image. Therefore, to extract local attributes from an image, HFE-M uses convolution layers
with small kernel sizes (1 x 1, 3 x 3). While the hierarchical and the global features are extracted
using larger kernel sizes (5x5). Before the convolution layer with large kernel sizes (3 x3, 5x5),
convolution layer with 1 x 1 kernel size is used to curb the input channels and hence reducing
the computational parameters of the architecture. All the convolution layers are followed by
LeakyReL.U activation function in order to introduce non-linearity in the model. The final
feature maps are obtained by concatenating the individual feature maps obtained from each

convolution layer with different kernel size.

6.2.1.2 Computationally efficient channel based attention module

As depicted in Figure 6.3, the motivation for computationally efficient channel based attention
module (CEC-AM) is taken from mobilenet V3 model [171]. Rather than using regular con-
volution layer, depthwise separable convolution layers (combination of depthwise convolution
layer and pointwise convolution layer) are used in this block. In depthwise convolution, for each
channel in the feature space a single filter is applied and followed by 1 x 1 convolution using
pointwise convolution layer to amalgamate the feature maps of depthwise convolution layer.
This layer is preferred over the regular convolution layer due to its ability to use lesser number
of computational parameters without affecting the functionality of traditional convolution layer.
Second fundamental component used in this module is squeeze and excitation block [172]. The
essence for using this block is to explicitly model the mutuality present between the channels of
convolution feature maps, guiding the network to enhance the representational quality of output

features. Thus, CEC-AM is used to incline the architecture’s ability to assign the accessible
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Figure 6.3: Computationally efficient channel based attention module

processing resources to the most essential information present in the input feature maps.

6.2.2 DCT based auto encoder branch (DCTAE-B)

As shown in Figure 6.1 (sub-networkl), a discrete cosine transform based auto encoder is em-
ployed in parallel with PFH-B to incorporate frequency details in our SR network. Basically,
following two contributions are proposed in this sub-network: 1) an auto encoder is employed
in parallel with PFH-B to generate high resolution DCT coefficients from low resolution DCT
coefficients. 2) DCT and IDCT blocks are defined in the network to transform data from spatial

domain to frequency domain and vice versa.

The autoencoder takes the DCT coefficients of LR image as input and upsample it to the DCT
coefficients of HR scale. The use of skip-connections ensure long passage of information in
the network. We do not use any form of normalization in the network as it tends to produce
artifacts in the image. The DCT to IDCT block helps in transforming the DCT coefficients back
to spatial domain, and thus provides a common link between frequency and spatial domains.
The output of AE is merged with the output of PFH-B. This serves the purpose of using DCT
coefficients which have high frequency explicitly embedded in it.
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6.2.2.1 DCT and IDCT module

To operate in the frequency domain, firstly the face images are converted from the spatial do-
main to frequency domain using DCT. For a single block, DCT is calculated by the formula

given in equation 6.2 and DCT of ground-truth image is shown in figure 6.4

1 RN (2z + 1) ar
Da,b — Wﬁ (Cl) B (b) ;};) 1z, COS [2]\4]
coS [W] (6.2)

here, block size is represented by M, image is denoted by ¢ and pixel coordinates as x and y. a
and b represents indexes of spatial frequency. Scale factor (3 (refer eq. 6.3) is used for transform

to be orthogonal.

vz, ifv=1.
v) = ’ 6.3
) { 0, otherwise. ©3)

In order to establish a connection between the DCT based encoder network and main SR net-
work, IDCT is used. IDCT transforms the frequency domain coefficients back to the spatial
domain. The transformed values are then fused with the main SR network to get output images

with high frequency details. The formula to calculate IDCT for single block is given by eq. 6.4

, 1] MM 200 + 1
by = NG x;)yz::o B(a) B (b) Dyycos [(JJQM)MT]
cos [W] 64)

here, i, , represents spatial domain image coefficients.

6.2.3 Semantic structural constraint branch

As shown in Figure 6.1, sub-network2 (SSC-B ) is an auxiliary branch guiding our PFH-B to
generate images with three dimensional parametric feature information. This branch consists of
consecutive five HFE-Bs followed by a reconstruction module to achieve image size same as of

the final output image.
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..........

HR Face Image DCT of HR Face Image

Figure 6.4: Figure shows (from left to right) ground truth face image and corresponding discrete
cosine transform

To add structural semantic constraint in the proposed face super resolution, we use 3D facial
parameters fitted on a 2D image. In the following subsections, we have explained the surrey
face model and procedure to get the target 2D image fitted with 3D parametric information

obtained from surrey face model.

6.2.3.1 Surrey face model

High resolution 3D face scans obtained from the 3dMDface camera were utilized to build a 3D
morphable model (surrey face model) [173] by bringing them in dense correspondence using
an iterative multi-resolution dense 3D registration technique (IMDR) [174]. Resultant mesh
constitutes two vectors: 1. shape vector represented by SeM3" 2. texture vector represented by
TeM?L. Here, S vector carries the coordinate information i.e. X, y and z components while per-
vertex RGB data is present in 7' vector. Number of vertices used to built a mesh is represented
by L. Principle components of both vectors (S, T) are extracted. The resulting 3DMM accounts
for PCA shape model and PCA color model. Each model is mathematically represented by eq
6.5:

P :=(m,o,M) (6.5)

here, meM?>” represents example meshes mean. M = [mi,my — —m;|eMP**, j and M
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represents number and set of principal components; and, o is standard deviation which belongs
to MY to keep 99% of variance in ground-truth data. Also j < w — 1, where, number of 3D
scans, utilized to construct a 3DMM, are represented by .

Novel faces using PCA shape model are generated by using equation 6.6

_ J

i=1

here, shape coefficients are denoted by . These coefficients form the set constituting the in-

stance coordinates of three dimensional face in PCA shape model.

The primary components of the PCA shape model signifies the shape of the face (slim, chubby
or round etc). And the secondary components account for the more finer details (wrinkles, face
irregularities, face depth etc) of face images. Whereas the primary component of PCA color
model accounts for the change of face color from black to white and secondary components are
related to gender. 3DMM shape model is sufficient to recover high facial details from a low

resolution image. Hence, we considered only 3DMM shape model for our work.

6.2.3.2 3D model fitting to 2D images

To obtain this image following steps are followed:
1. Firstly, facial landmarks of 2D facial image are extracted through dlib library [175].

2. We used PCA shape model of Surrey Face 3D Morphable model to obtain a 3D face mesh
(refer eq 6.6).

3. Using EOS library, the face mesh obtained above is fitted to the extracted landmarks
[170]. Four steps are followed to perform this shape-to-landmark fitting: Estimate the
pose of the facial image, shape-specific identity fitting, linear expression fitting, and con-

tour (which includes front facial contour and occluding contour) fitting [173].

4. The last step is to render the obtained 3D face mesh parameters (v = [z,y, 2]*) as 2D
points (v' = [2/,4']*) on the face image (refer Figure 6.5). And for this translation, scaled
orthographic projection [176] is used.

6.2.4 Loss Functions

To obtain the final output face image, loss function L/" is optimized over M training samples.

Loss Function L' is weighted combination of loss functions explained in this section.
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aZDFaoeIn’aée b. Extracted Landmarks C. 3DPaIanEtersFittedoiiZDhmge

Figure 6.5: Generation of training data for SSC-B. Figure shows (from left to right) a ground-
truth 2D image, landmarks extraction on 2D images and then 3D parameters fitting
on 2D image.

6.2.4.1 DCT based loss function

For subnetwork-1 i.e. autoencoder, L, loss between the generated coefficients from subnetwork-
1 and HR DCT coefficients of high resolution face image is calculated. This loss function as this
loss function is trying to penalizes the proposed network for not predicting the high frequency

details correctly. The proposed DCT based loss function (LI )is defined in eq. (6.7)

det/i.g

Wi i H; j

det/z]_WjH ZZ|A,] hrab_

0J a=1b=1

(SN, (23 (i")))as (6.7)
where, W and H represents the dimensions of DCT based HR coefficients. A; ;(i"") and

A, ;(i'") are the DCT coefficients extracted from the ground truth HR face image and low reso-

lution face image, respectively. SNQgrepresents the subnetwork-1 and its parameters.

6.2.4.2 Semantic Structural Constraint Loss

To add three dimensional parametric information to obtain the final output image, we proposes

semantic structural constraint loss. L, loss is calculated between the generated image from
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the subnetwork-2 and its corresponding ground-truth image (2D HR face image fitted with 3D

parametric information) and is given by eq. 6.8

th I HE h
Lssc/i.j = VVZ]H Z Z| gi,j(Z T)a7b - T

] a=1b=1

(SNG,,(i"))ab (6.8)

here, g; ;(i"") represents the 2D HR face image fitted with 3D parametric information. i'" is the

low resolution face image which is passed to subnetwork-2 (S Nég ,) to update its parameters.

6.2.4.3 Final loss function
Final loss function is the combination of dct based loss function, semantic structural constraint

loss, feature based L loss and adversarial loss. Feature based loss L/" and adversarial losses

v99
Lf:gv are explained it detail by Ledig et al. [69]. So, final loss function (L") is the combination

of four loss functions as mentioned in eq. 6.9

L =Lih +aLll + BLIL + LI (6.9)

here, «, [ and ~y are the weight parameters used to balance the impact of individual loss func-

tions.

6.3 Experiments

6.3.1 Datasets

From CelebA dataset [177], 108, 640 images are selected for the training purpose, 5000 images
for validation and 5000 for testing purpose. To validate the performance of proposed architec-
ture, we have performed experiments on benchmark face hallucination datasets- Menpo dataset
(left, right and semi-frontal profile) [178] and Helen dataset [179].

6.3.2 Implementation details

The performance evaluation for the proposed architecture is performed for upscaling factors of

x4 and x8 between the HR face image and LR face image. For an upscaling factor of x4, the
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HR images are of size 128 x 128. These images are downsampled using bicubic kernel with a
factor of x4 to generate a LR face images with size 32 x 32. For an upscaling factor of x8, the
HR face images (128 x 128) are downsampled with a factor of X8 to generate low resolution
images (16 x 16).

For every stage in progressive face hallucination branch, five HFE-Ms are used with fixed chan-
nel size (64) followed by a CEC-AM. In CEC-AM, the number of input channels are 256 and
number of output channels are 64 with an expansion factor of 3. To reduce the number of pa-
rameters in FC layer, total channels present is a layer are divided by a factor R having value
24. The LeakyReL.U hyper parameter « is 0.2. Batch size is 8; optimizer used is Adam with
parameters 3; = 0.9 and S, = 0.999. Initial learning rate = 0.0001. To minimize the distance
between the HR face image and generated face image, /" 6.9 is used. To fully train the model,
alternate training between the generator and discriminator is done to update their weights. Pro-
posed model is evaluated using two commonly used metrics: SSIM and PSNR. For equitable

comparison with the previous works, these metrics are computed on Y-channel.

6.3.3 Ablation study

In order to understand the importance of individual sub-modules of the proposed architecture,

ablation study is conducted as summarized in table 6.1.

Firstly, we studied the effect of using upsampling layer at different positions in the architecture
i.e. a single stage upsampling model vs a progressive stage upsampling model. From the results
obtained after employing upsampling layer at end of the architecture (refer Figure 6.6a) and at
progressive stages (refer Figure 6.6b), it is clear that multi-stage upsampling performs better
than single stage upsampling model. As progressive upscaling approach allows the network to

mimic the fine details present in an input image and increases its ability to learn.

The proposed architecture is compared with or without using CEC-AM. There is significant
improvement in the results after adding this module in the architecture (refer Figure 6.6b and
6.6c). This module is basically used to slant the network’s ability to provide access of available

resources to the most important information present in the feature maps.

In order to further improve the quality of the generated image, we embed sub-network1 in the
architecture (refer Table 6.1d). Results obtained (refer Figure 6.6d) after adding sub-network1
in the proposed architecture supports our claim that DCT based auto encoder is able to add high

frequency information in the architecture.

Still some facial details like skin irregularities and depth information is missing in the generated
image. So, we tried to add these facial details using sub-network?2 (refer Table 6.1€). In this ex-
periment we used the progressive upscaling and sub-network2 and excluded the sub-networkl.

Results obtained shows substantial improvement in the generated images perceptually. As facial
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Table 6.1: Contribution of different components utilized in the proposed architecture

‘Components ‘a‘b‘c‘d‘e‘f‘

Single stage v
Multiple stages VAN VAR VAR BVEN IV
HFE-M VIV VIS
CEC-AM VI RVAR VAR IV
Sub-network 1 v Vv
Sub-network2 v |/

details and skin irregularities are more prominent in these images. But there is little mismatch
in the color as compare to the ground-truth images (refer Figures 6.6e and 6.6g). So, for the
final architecture we combined both the approaches i.e. DCT based auto encoder and 2D im-
ages with 3D parametric information to get the final output images (refer Figure 6.6f), performs

better quantitatively and qualitatively.

o

b.23.845 ¢.25342 d.26.526 e.26.032 f.28.163 g

a.17.296

Figure 6.6: Investigation of different components utilized in the proposed architecture: a) Single
stage upscaling with HFE-M in generator, b) Multiscale upscaling with HFE-M, c)
Adding Channel attention mechanism in b. d) Using sub-networkl (DCT based
autoencoder) along with c. e) Using sub-network2 (Semantic Structural constraint
block) along with c. f) Using both sub-network1 and sub-network?2 along with c.

6.3.4 Comparison with the SOTA method

We compared our proposed architecture with seven SOTA methods: SRCNN [144], VDSR [66],
SRGAN [69], ESRGAN [84], ImprovedFSR [180], SICNN [181], SAM3D [182] and bicubic
interpolation to show the efficacy of our network. For fair comparison, we trained all these

models on our training dataset with same parameters.

Menpo dataset- We evaluated the performance of our model and other SOTA methods on
Menpo dataset (left, right and semi-frontal profiles) [178] qualitatively and quantitatively. For
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left profile, our model has achieved second highest PSNR and highest SSIM for both x4 and
x 8 scaling factors (refer Table 6.2). For right profile our model has achieved highest PSNR
and SSIM for x4 scale. For x8 scale, our model has achieved second highest PSNR and
highest SSIM values. For semi-frontal profile x4 scale, our model has second highest PSNR
and highest SSIM values and highest PSNR and SSIM numbers for x8 scale.

Perceptual results for Menpo dataset are represented in figures 6.7, 6.8 and 6.9. In figure 6.7, al-
though the image generated by ImprovedFSR has highest PSNR, still there are artifacts present
in the eyes and mouth region. In SAM3D model, the generated image has blemished skin with
noise present in the mouth region. Only the image generated by proposed model is able to
mimic the ground-truth image. As shown in figure 6.8, the image generated by SRGAN model
has some artifacts in the hair region. And none of the competing GAN methods are able to
generate a mole present on the face. Our method is recovering small details or textures present
in the face image. In figure 6.9, competing GAN methods are unable to recover the details of
the nose region. And CNN based methods are producing smooth faces with very less textural

details. Image generated by our model is looking perceptually better than all other methods.

Table 6.2: Quantitative result comparison on the basis of average PSNR (dB) and average SSIM
on different facial poses (left, right and semi-frontal) of Menpo dataset.

Scale x4 x8

Left ‘ Right ‘ Semi-frontal Left ‘ Right ‘ Semi-frontal ‘

PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM | PSNR | SSIM

Bicubic 2732 | 0.794 | 2628 | 0.772 | 24.89 | 0.763 | 22.01 | 0.634 | 21.07 | 0.602 | 20.31 | 0.501
SRCNN[144] 2699 | 0.811 | 26.59 | 0.794 | 25.15 | 0.772 | 22.14 | 0.663 | 21.16 | 0.623 | 20.99 | 0.509
VDSR[66] 2745 | 0.831 | 26.78 | 0.793 | 2532 | 0.769 | 2256 | 0.671 | 21.12 | 0.625 | 20.61 | 0.512
SRGANJ69] 2934 | 0.873 | 29.51 | 0.871 | 2894 | 0.868 | 2234 | 0.681 | 2231 | 0.661 | 21.02 | 0.557
ESRGAN([84] 28.99 | 0.821 28.83 | 0.813 | 2843 | 0.813 | 21.04 | 0.662 | 21.06 | 0.621 20.19 | 0.532
SICNN[181] 28.09 | 0.812 | 28.12 | 0.803 | 27.02 | 0.799 | 2245 | 0.679 | 22.69 | 0.659 | 21.21 0.613

ImprovedFSR[180] | 30.85 | 0.887 | 30.78 | 0.884 | 30.25 | 0.877 | 23.90 | 0.713 | 23.56 | 0.676 | 21.28 | 0.623
SAM3D[182] 2823 | 0.842 | 2891 | 0.848 | 2792 | 0.838 | 23.71 | 0.692 | 23.01 | 0.654 | 21.11 | 0.601
Ours 3036 | 0924 | 30.81 | 0925 | 29.80 | 0.922 | 23.73 | 0.723 | 23.52 | 0.689 | 21.34 | 0.641

Helen dataset- For Helen test dataset [179], quantitative results (PSNR/SSIM) are shown in
Table 6.3 for an upscaling factor of x4. Our method is able to achieve hightest PSNR and
SSIM values as compare to SOTA methods. Perceptual analysis with the PSNR and SSIM
values is presented in figure 6.10. CNN based methods like SRCNN and VDSR are generating
output images with blurriness. SRGAN and ESRGAN are also producing images with some
artifacts at the eyes and cheeks. Other competing methods like ImprovedFSR and SAM3D are
unable to generate better images perceptually. Only the proposed method is able to recover fine

textural details like eye brows and depth details similar to the ground-truth image.

Proposed model has achieved highest SSIM and second highest PSNR for x 8 factor (refer Table
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LR Image SRCNN
PSNR/SSIM 28.92/0.864

VDSR SRGAN ESRGAN
28.92/0.864 28.92/0.864 27.88/0.797

Ours
32.37/0.896 28.99/0.851 31.25/0.896

ImproveFSR

Figure 6.7: Perceptual and quantitative (PSNR/SSIM) result comparison with SOTA methods
for magnification factor of x4 on Menpo test dataset.
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LR Image HR Image SRCNN
PSNR/SSIM 26.43/0.803

VDSR SRGAN ESRGAN
26.71/0.819 27.76/0.901 27.73/0.815

ImprovedFSR SAM3D Our Method
30.85/0.918 28.95/0.891 32.49/0.933

Figure 6.8: Perceptual and quantitative (PSNR/SSIM) result comparison with SOTA methods
for magnification factor of x4 on Menpo test dataset.

&9



CHAPTER 6. FREQUENCY AWARE AND SEMANTIC STRUCTURAL
CONSTRAINT BASED FACE HALLUCINATION SYSTEM

LR Image SRCNN
PSNR/SSIM 23.22/0.738

VDSR SRGAN ' ESRGAN
23.33/0.764 24.44/0.816 24.02/0.758

— |
ImproveFSR Ours
25.09/0.829 23.08/0.775 25.40/0.841

Figure 6.9: Perceptual and quantitative (PSNR/SSIM) result comparison with SOTA methods
for magnification factor of x4 on Menpo test dataset.
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Table 6.3: Quantitative result comparison on the basis of average PSNR (dB) and average SSIM
of Helen dataset.

’ Scale ‘ x4 ‘ X8 ‘
PSNR | SSIM | PSNR | SSIM
Bicubic 2506 | 0.692 | 21.67 | 0.612
SRCNN[ 144] 2645 | 0712 | 22.04 | 0.634
VDSR[66] 2689 | 0.734 | 22.14 | 0.639
SRGAN[69] 2845 | 0.851 | 2231 | 0.689
ESRGAN[84] 27.86 | 0.790 | 21.99 | 0.674
SICNN[181] 2643 | 0.757 | 22.76 | 0.681
ImprovedFSR[ 180] | 28.83 | 0.856 | 23.99 | 0.701
sam3D[182] 2732 | 0.834 | 22.16 | 0.712
Ours 28.86 | 0911 | 23.83 | 0.741

6.3). Qualitative analysis with their quantitative numbers are presented in figures 6.11 and 6.12.
From the figures, it is clear that perceptually our model is performing better than the other
competing methods. ImprovedFSR has highest PSNR value but visually our model is able to

recover more finer details and textures.

6.4 Conclusion

Current work presents a novel GAN based progressive face hallucination network. To gener-
ate the final output image with 3D parametric information, proposed model uses a auxiliary
supervision network which is compelled to generate 2D images with 3D parametric informa-
tion using shape model of 3DMM. To incorporate high frequency components in the image, an
AE is proposed which generates HR coefficients of DCT. To embed HR DCT information into
the face hallucination network IDCT block is introduced within the network to convert the fre-
quency domain coefficients to spatial domain. Output images generated by the proposed model

have subtle structural details with depth information, outperforming the SOTA methods.
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LR Image
PSNR/SSIM

SRCNN
23.02/0.759

ESRGAN

VDSR
23.14/0.761 23.46/0.810 23.04/0.752

. \\
\ L

ImprovedFSR SAM3D Ours

24.28/0.810 23.34/0.793 26.17/0.841

Figure 6.10: Perceptual and quantitative (PSNR/SSIM) result comparison with SOTA methods
for magnification factor of x4 on Helen test dataset.
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- b

LR Image HR Image SRCNN
PSNR/SSIM 18.54/0.402

VDSR SRGAN ESRGAN
19.01/0.414 22.76/0.457 21.81/0.425

't
e il
SICNN ImprovedFSR Ours
23.54/0.510 23.88/0.578 23.91/0.602

Figure 6.11: Perceptual and quantitative (PSNR/SSIM) result comparison with SOTA methods
for magnification factor of x8 on Helen test dataset.
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LR Image HR Image SRCNN
PSNR/SSIM 17.36/0.385

m

VDSR SRGAN ESRGAN
17.91/0.356 20.14/0.487 19.13/0.462

SICNN Ours

21.32/0.521 21.41/0.529 22.03/0.543

ImprovedFSR

Figure 6.12: Perceptual and quantitative (PSNR/SSIM) result comparison with SOTA methods
for magnification factor of x8 on Helen test dataset.
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7 Video face hallucination with
frequency supervision and cross
modality support

7.1 Introduction

Resolution enhancement of the facial images has a wide range of applications in different fields
of computer vision, such as face recognition [183], deep fake generation and detection [184,

185], emotion detection [186], face identification [187] and face alignment [188], etc.

Recently, a number of approaches have been proposed to solve the problem of face halluci-
nation in static images [182, 189, 190]. Despite these breakthroughs, there are still numerous
challenges in Video Face Hallucination (VFH). The temporal and spatial information are two
critical prerequisites for VFH models. Since, only a single image is considered in current face
hallucination models - the spatial information has been predominantly used in most of the SOTA
methods. Whereas, to solve the VFH problem, temporal motion of the spatial features is a key
component. Some recent works aim to incorporate this temporal information in VFH mod-
els, for example, [136, 137] uses 3D convolution network to learn temporal consistency in the
network for VFH.

However, these methods have very high computational resource requirements. The other type
of methods [191, 135] use stacks of multiple low resolution frames from videos and pass them
to the deep neural network. Since, these methods naively fuse multiple frames at the input,
no implicit leaning mechanism is used to learn the temporal relationship between the spatial
features. The semantic priors (such as, facial parsing maps) and 3D priors also assists the VFH
models to generate superior results. Yet, the requirement of pre-trained networks to obtain a

better prior leads to extra computation cost.

One major limitation of generative models is their inability to learn the whole range of frequen-
cies present in a pattern [192]. These models prioritise a smaller band of frequencies instead of
learning the full spectrum. Hence, the salient local features of the regions are harder to learn as

they are generally absent in low resolution images. This issue has been overlooked in the GAN
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LR Image Without Audio With Audio

Figure 7.1: Visualisation of activation maps from the generator network to show the importance
of attention based audio network.

based face super-resolution literature. Most of the SOTA use objective function that only opti-
mize the spatial domain features. Consequently, learned feature representations do not contain
the high frequency detail leading to lower sharpness of the visual output. Furthermore, current
VFH approaches have blurriness in regions with larger motion, such as mouth, lips, teeth, etc.
The root cause of this problem is absence on implicit mechanism to learn temporal dependence
between the frame. Higher structural complexity of a region is also partially responsible for

degradation of quality.

In is a known fact that audio signal and the motion in facial video have very high correlation
[193]. This correlation can be used to implicitly learn the mechanism for motion in different
facial regions. However, this has never been explored up to now. We hypothesis that an objective
function capturing the speech variation can also build the temporal consistency in the visual
outputs. Furthermore, speech signal carries a lot of information regarding gender, identity and
age [112]. Hence, audio signal can play a critical role in re-identification of such information,
especially in the very low resolution images where gender and identity details are almost lost
(refer Figures 7.1 and 7.3).

In this chapter, we exploit the correlation between the frequency spectrum of the speech signal
and the motion of spatial regions (like, mouth and lips). We present a multi-modal GAN ar-
chitecture that uses both speech and video modalities to further enhance the quality of SR for
facial images. The proposed method uses two feature encoder in the generator. First encoder
extracts the spatial features from the facial image while second extracts the audio features at
corresponding time step. An axial self attention mechanism [194] is used for the feature fusion

between both the modalities.
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We also use a frequency based loss function (derived from 2D discrete Fourier transform) in
order to learn high frequency details which are otherwise difficult to generate. Furthermore,
we present a lip reading loss to resolve the issue of blurriness in large motion regions. Instead
of directly minimizing the distance between generated image and the ground-truth image -
distance between their corresponding feature maps (extracted from the intermediate layers of
the pre-trained lip-reading network) are minimized. The proposed loss function propels the
Video Face Hallucination Network (VFHN) to generate faces with very sharp mouth region.

Main contributions are as follows:

* We proposed first multi-modal architecture with cross-modality support to learn depen-
dence between audio and facial videos to generate fine grained spatial-temporal motion

and retrieve facial identity information.

* An explicitly defined lip reading loss is presented to further improve the temporal consis-

tency and remove the blurriness in key facial regions.

* A Fourier transform based frequency domain loss is also applied to add the salient fre-

quency features.

* Visual results, quantitative numbers along with their edge restoration number (metric used
to examine the restoration quality of edges in videos) show superiority of proposed work
over other SOTA methods.

7.2 Proposed Methodology

Frequently, videos that capture faces, such as those recorded by webcams or mobile cameras,
include accompanying audio. However, the VFH literature has not explored the semantic cor-
relation between the audio features and facial frames. We introduce a novel multi-modal ar-
chitecture with cross-modality support to investigate the significance of aural features in facial
videos. To further enhance the quality of our outputs, we incorporate a Fourier transform based
frequency domain loss to highlight important frequency features. Additionally, we address is-
sues with blurriness in regions such as the mouth and chin and ensure temporal consistency
across consecutive video frames by introducing a lip reading-based loss function. This loss
function encourages our VFH network to produce outputs with improved texture details around
the mouth region while maintaining consistency across frames. This section provides a com-
prehensive overview of our proposed architecture and the various loss functions that were de-

veloped for it.
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Figure 7.2: VFHN: final output is generated by progressive hierarchical feature extraction
branch (PHFE-B). Audio features are extracted from the cross-modal feature
support- branch (CMFS-B). Since, PHFE-B is based on progressive upscaling, so
aural embedding are merged at the very initial stage of the network to add semantic
supervision.

7.2.1 Overview

The aim of the proposed video face hallucination network (VFHN) is to generate a high res-
olution video frame (f*") from corresponding low resolution frame (f!"), its temporal neigh-
borhood (f/" ;... f"1.f%1...f%;) and audio signal (a;) (refer eq 7.1). Here, t refers to the time
step at which face hallucination is performed and 2 is the size of temporal neighborhood win-
dow used to support the super-resolution. VFHN (¢) further comprises of two branches. The
first branch is the progressive hierarchical feature extraction branch (PHFE-B), which generates
a high-resolution video through a series of hierarchical feature extraction steps. The second
branch is the cross-modal feature support branch (CMFS-B), which employs an auto-encoder
based architecture to extract features from the audio signals. The output feature maps obtained
from the second module are merged in the PHFE-B, guiding it to generate facial videos with

correct identity and gender. These two modules are explained in detail, later in this section.
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Since, CNNs are predominantly used in image data due to their established superiority in mod-
eling spatial context. Furthermore, short instantaneous audio (near to the input frame) does not
provide very useful information due to lack of context. Therefore, rather than directly apply-
ing audio signal to CMFS-B, we transformed it into frequency representation (spectrum) using
short time Fourier transform: ay = STFT(ar) (here, T represent full length of sequence).
This spectrum is further converted into mel-spectograms (a,,_s) for better perception and used

as an input to our CMFS-B (refer eq 7.1).

7 = U N ) B ) "y

here, f" is the generated high-resolution output frame and ¢ represents the VFHN. (},,, ;, and
(s, b, are the weights and bias parameters of video processing module (PHFE-B) and audio
processing module (CMFS-B), respectively. For optimization of both the modules, multiple
loss functions (for each independent modality and joint for cross-modal) are used to control

learning of parameter.

Proposed architecture (VFHN) is depicted in Figure 7.2. The motivation for the visual branch
(PHFE-B) of VFHN is taken from [195]. This branch comprises of two sub-modules. The
first module rely on the complex filter formation, where input feature maps are passed through
different convolution layers with increasing filter sizes (1 x 1,3 x 3,5 x 5,7 x 7). Different
size kernels allow the network to assimilate primary (local) attributes as well as hierarchical
(global) features. Second module is channel attention module where depth-wise convolution
layers [196] are utilized. These layer compute association on short stacks of feature making
them computationally efficient. Further, we used a squeeze and excitation block [172] on the
output of previous block to encourage the network to emphasize on extracting feature maps

from channels which are more affluent.

As shown in Figure 7.2, CMFS-B module also contain two further sub-modules. First sub-
module takes feature maps from the convolution layer of the first stage of of PHFE-B as

input (&( ft”/; @wv/,bv,)) while audio mel-spectogram is fed as input to the second sub-module

(¢(am_s; (Z)w,l,ba))~

Feature embedding obtained from these two sub-modules are concatenated and are further con-
verted into a latent vector ( fl”/) (refer eq. 7.2). This latent vector f (refer eq. 7.3) is applied
to axial attention layer [194] to capture the long range dependencies and identify important

features with higher relevance.

P =EST Dy n,) + V(s D)) D, } (7:2)

v v
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1% = azial_atten(f') (7.3)

Obtained feature maps (f®) are applied to a series of hierarchical feature extraction steps fol-
lowed an upscaling using a sub-pixel layer [68]. Since, the proposed architecture follows the
progressive upscaling, hence at each stage the feature maps are upscaled by a factor of 2. The
final output video facial frames (f") generated by the proposed model are the enhanced and
upscaled version of low resolution input video facial frames with correct identity, gender infor-

mation and temporal consistency across the frames.

7.2.2 Loss function

The overall loss function, used to optimise whole GAN architecture, is weighted combination
of five loss functions, which are: lip-reading based loss (Llj—fi Rrd/Lm)» Weighted frequency loss
(L), perceptual loss (L2) [69], adversarial loss (L', [182] and L1 Loss [115], (refer eq.

7.4).

L = L v allft g+ BLYE, + AL, + oL (7.4)

here, coefficients («, 3, yandd) are used to control the contribution of each loss. After empirical
analysis, we found optimal values for best results to be: a= 0.0001, 8= 0.001, v= 0.0001 and
0=0.01.

The output video frame (f") is generated by optimizing the model for overall loss function
(LM), calculated between the ground-truth video frame (f?') and generated video frame ")

over N training data samples.

Perceptual loss is computed by comparing the feature representations of the generated high
resolution image and the ground-truth image at a layer of pre-trained VGG network. Adver-
sarial loss is computed as the binary cross-entropy loss between the discriminator’s prediction
of whether an image is generated or real and the true label. Lip reading loss and weighted

frequency loss is explained in detail in the next subsection.

Lip reading loss function

Accurately identifying the lip movements is elemental for visual speech recognition. Hence, the

lip-reading applications involve explicit learning mechanisms for movement of teeth, tongue
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and lips. Another prerequisite for correct lip-reading is extraction of temporal dependency
across consecutive video frames. These attributes of lip-reading networks can assist video face
hallucination network in learning key scene components for generating finer texture of mouth
region and maintaining temporal consistency across frames. We used pre-trained lip-reading
network [197] to extract these texture rich feature embedding. The overview of the lip-reading

model we used is as follows.

Firstly, a sequence of video frames with cropped mouth region are passed as input to the 3D
convolution layer (refer eq. 7.5).

F = Conv3D({ f{"}iX1_)) (7.5)
here, { ;" };T7eRP***h*w p is the batch size, k represents the number of frames in the video

sequence, height and width of video frame is denoted by h and w, respectively. The f*"" is the

output feature embedding.

These features f* are passed to ResNet-18 (f*"" = ResNet(f*")) after reshaping them from
bxkxh=*wtoB=xhsxuw. B is the final batch size, generated by concatenating number
of frames (k) over batch dimension (b). The output visual features from Resnet-18 ( fs’"”) are
sent to multi-scale temporal convolution network with dilated convolution layers. Use of dilated

convolution assists the network in learning long distance spatial contexts from the feature maps.

We used this lip-reading network to extract high level feature embedding (refer eq 7.6).

Wi,m hl m

L papim = ——— 22 2 N {7 e~

wlm Lm z=1 y=1

R ({7 1D oy (7.6)

here, L}/ Raji.m 18 the lip-reading loss. th({ff’t}fi{,j) and th({ff"}fi{,j) are the feature
embedding obtained from the intermediate layers of lip-reading network. L loss is calculated
between these feature embedding. The L, loss forces VFHN to generate images with better

texture in key facial region and maintain temporal consistency across the sequence of videos.

Weighted Fourier Frequency Loss

Frequency representation of image gives better perception of artifacts present in an image [198].
Missing high frequency components can lead to ringing artifacts in the image. Whereas, sole
presence of high frequency information will provide an image with just region boundaries and

edges. Checkerboard artifacts can be seen in images when a band stop filtering is applied in
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frequency domain [199]. From the above, it can be concluded that absence of some frequency
components can lead to various artifacts in the spatial domain. Hence, we hypothesise that in-
corporating these missing frequencies in the frequency domain should lead to better perceptual

quality in spatial domain. This has been validated by our results in table 7.1

We use 2D discrete fourier transform (DFT) to generate the frequency domain representation of

an image (refer eq. 7.7, 7.8).

w—1h-—1
Fuv) = 3 S (P, )4 (cos2m (S + 20)—
oy e w o h (7.7)
vy
zsm27r( ” —l— Y —=))
w—1h—1 ) vy
Fru,v) =Y Y (P, )it (cos2m(“= + Y-
=0 =0 w o h (7.8)
vy
zsm27r( ” —|— Y —=))

here, P(z,vy), P¥(x,y) are the pixel values of ground-truth and generated video frames at x and

y coordinates, respectively.

Frequency spectrum coordinates are represented by u and v and its value by F *(u,v). Mean
square error is calculated between the ground-truth and generated image in the frequency do-

main as shown in eq. 7.9.

1w1h1

Lfreq = =2 2 > F (u,0) = F*(u, )] (7.9)

uOvO

Generative models are more inclined towards generating easy (low) frequencies as compare
to hard (high) frequencies [200, 201]. Since, each frequency value have same weightage and
inherent biasing allows generative models to learn easy frequencies better than the hard fre-
quencies. During training, to put more weightage to hard frequencies, a weight matrix (refer
eq . 7.10), similar to the shape of spectrum, is introduced which adds non-uniformity to each

frequency component in the cost function.

m(u,v) = |F (u,v) — F*(u,v)| (7.10)

m(u,v) is the weight matrix having range [0, 1], where weights near 0 signifies the frequen-

cies with more weightage and 1 signifies the frequency which is getting vanished. Therefore,

102



7.3. EXPERIMENTS

frequencies which are learned by the model easily are down-weighted. And hence, the final

weighted frequency cost function (L freq) is shownineq. 7.11.

1 w—1h-—1
l;}eq— ZZZmuv IF (w,v) — F*(u,v)]] (7.11)
u=0 v=0

7.3 Experiments

7.3.1 Datasets and Metrics

There are no publicly available datasets for video face hallucination which also contains corre-
sponding audio signals. For training purpose, we selected LRW dataset [202] which is collec-
tion of videos having 500 words spoken in different sentences from more than 1000 speakers.
We carefully selected videos from the dataset with maximum variance and divided them in
training, validation and test sets. Facial landmarks estimated from OpenFace [203] are used to
obtain a square crop and eliminate the undesired background from the frames. Cropped image
is resized into fixed 128 x 128 size and then further downsampled to 32 x 32 for input LR image.
For testing purpose, in addition to LRW dataset [202], we use grid speech corpus [204], VHFQ
[205], Voxceleb [206] and LRS2 [193] datasets. All these datasets are audio-visual datasets,
hence they satisfy the requirements for evaluation of proposed architecture.

In addition to the PSNR and SSIM (both calculated on Y channel after transforming RGB image
into YCbCr), we also evaluate our results using edge quality assessment metric (ERQA). This
metric is used to estimate the network’s capability to restore the real information present in the

videos.

7.3.2 Ablation study

Audio signal analysis: To validate the proposed hypothesis that the audio signal can play crit-
ical role in retrieving the lost visual data, we first train VFHN without the CMFS-B. The em-
pirical (Table 7.1) as well as the visual results (Figure 7.3) verify that use of audio modality
significantly improves the quality of the output SR images. The visual artifacts present in the
output images generated without audio have disappeared the the output when audio modality
is introduced. Quantitative metrics also support the hypothesis as average PSNR (11.65dB),
SSIM (10.037) and ERQA (70.08)) have increase with the use of audio(refer table 7.1).

We further extend the architecture with axial attention mechanism on the output of CMFS-B.
The axial attention supports the proposed architecture in understanding association between

different audio frequencies and pixels of each image region. We see further improvement in
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With Audio

With Audio & attention

w/o Audio

HR Image

Figure 7.3: Qualitative results on LRW test set showing the importance of audio signal in the
proposed network.

Metric ‘ w/o audio ‘ with audio ‘ with audio and attention

PSNR(db) | 27.128 28.784 28.960
SSIM 0.862 0.899 0.915
ERQA 0.512 0.592 0.601

Table 7.1: Quantitative results evaluated on LRW test dataset showing the importance of audio
signal in the proposed network.

both visual as quantitative results after the use of axial attention. The colors of the facial regions

becomes sharper and region boundaries are very distinct.

Loss component analysis: The final function in proposed architecture is combination of five
losses (refer 7.4). Initially, we applied the combination of perceptual and adversarial and L1
loss (refer Figure 7.4b and table 7.2a. The results obtained from the network show issue in both
color or texture of images. With the introduction of weighted frequency component as the loss
function, we can clearly see improvement in texture of generated images (Figure 7.4c and table
7.2b). Still the generated image has small artifacts. As a next step, we introduce lip-reading
loss (along with perceptual and adversarial loss) that focuses on generating sharper pixels for

mouth region and maintaining temporally consistency (Figure 7.4d and table 7.2c).

The final network uses combination of all five losses to optimize the VFHN. The results in
Figure 7.4e and table 7.2d show that there is significant improvement in both the color sharpness

and uniformity in the texture of all facial regions.

Different backbone architectures: We studied the effect of different backbones in the section.
We used existing SOTA architecture as backbone in place of PHFE-B to demonstrate the signif-
icance of proposed architecture. When PHFE-B module in the proposed architecture is replace
by generator of SRGAN [69] and EDSR [74], the results show presence of visual artifacts in
key facial regions (Figure 7.6b). The quantitative values also show large decline in performance
(7.6¢).
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a. b. C. d. e.

Figure 7.4: Qualitative results for VFHN with different loss functions: a. HR Image, b. per-
ceptual and adversarial loss, c. perceptual, adversarial and weighted frequency loss,

d. perceptual, adversarial loss and lip-reading loss, e. perceptual, adversarial loss,

weighted frequency loss and lip-reading loss.

d.

C.

Metric| a. | b.
PSNR | 26.003 | 27.892 | 28.420 | 28.603

SSIM | 0.864 | 0.893 | 0.902 | 0911
ERQA | 0413 | 0471 | 0472 | 0.497

Table 7.2: Average metric values calculated on LRS2 test dataset by using different combina-

tions of loss functions.
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Figure 7.5: mixnet block

After analysing the shortcomings of existing architectures, we propose a generator backbone
with multiplex filter structure (refer Figure 7.5). Taking inspiration from mixnet, We design
progressive upscaling generator with two mixnet blocks in each stage. Results obtained us-
ing this architecture have high resolution with sharp features (refer Figure 7.6d). Yet, there is
texture issue in the generated images, since there is color discrepancy between generated and
ground-truth image. We resolved the texture issue by using progressive hierarchical feature ex-
tractor generator [195]. The empirical metrics shows a marginal improvement from the above

discussed generator backbones (refer Figure 7.6¢).

7.3.3 Comparison with the SOTA
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PSNR(dB)/SSIM24.010/0.854 20.091/0.876 25.590/0.903 25.880/0.909

PSNR(dB)/SSIM 23. 220/0 81322.052/0.872 21. 550/0 886 22.250/0.928

Figure 7.6: Effect of different backbone architectures: a. High resolution image, b. backbone
architecture- SRGAN c. backbone architecture- EDSR d. backbone architecture-
mixnet and e. image generated with PHFE-B .

LR Image SRGAN ProgGAN SICNN GFPGAN  RealBasic RealBasic Ours Ours. HR image
VSR VSR++ (mixnet)  (main)

Figure 7.7: Qualitative results comparison with x4 upscaling factor using various datasets:
GRID datset (rows: 1), LRW dataset (rows: 2), VFHQ (row: 3 and 4) and Vox-
celeb (row: 5) (Please zoom in for the better visual comparison).
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For the performance evaluation, we compared proposed VFHN with SOTA super resolution
methods: SRGAN [69], ProgGAN [167], SICNN [181], GFPGAN [207], RealBasicVSR [142],
RealBasicVSR++ [208] and bicubic interpolation.

Grid speech corpus dataset: The first dataset that we use for comparative analysis is grid
speech corpus dataset. We carefully selected 15 videos from the datasets to represent maximum
variance in the samples. The SSIM, PSNR and ERQA are used as evaluation and comparison
metrics for performance analysis. The empirical results shown in Table 7.3 and visual results
shown in row-1 of Figure 7.7 show a clear superiority of the proposed methods over others.
Numerically, the proposed model achieved best values for all three metrics. We can also see
that the proposed model produces true skin tone and retrieve lost visual features in key areas like
mouth. Whereas facial images generated by SRGAN and ProgGAN have artifacts present near
the teeth, eyes and hair. The SICNN and RealBasicVSR++ produce blurry images. GPFGAN
changes structure of the face and produces appalling eyes area. Although, images generated
by RealBasicVSR look sharper than other methods, however after close observation they look

highly animated rather than real.

LRS2 dataset & LRW dataset: Similar to above section, we manually selected 15 videos from
each datasets making sure that they represent maximum diversity of the present samples. The
comparison with SOTA on both the datasets is shown in Table 7.3. Our method achieves highest
average SSIM and ERQA numbers for both the datasets. However, PSNR values are slightly
lower than ProGAN. If we closely observe the visual results of the ProGAN in row-2 of Figure
7.7, we can clearly see the presence of visual artifacts. Furthermore, according to [69], higher
PSNR values don’t always employ higher visual quality in images. The output generated using
GFPGAN are more inclined toward an image generation rather than the SR task. For example,

the model is adding beard to the face which is not present originally.

VFHQ and Voxceleb dataset: The VFHQ and Voxceleb dataset are two high resolution datasets
which can be used to qualitatively evaluate the methods due to their better quality images. We
again choose 15 videos from each of the datasets for the comparative evaluation. The numerical
results of the evaluation are shown in Table 7.3. Here, our proposed methods is able to beat all
the recent approaches on SSIM and ERQA metrics. Highest PSNR value is achieved by Pro-
GAN and RealBasicVSR++ on Voxceleb and VFHQ, respectively. Visual results from VFHQ
and Voxceleb dastaset are shown in row-3&4 and row-5 of Figure 7.7, respectively. For both the
datasets, proposed VFHN shows its ability to retrieve real skin tone and generate the missing
region properties like teeth, microphone and glasses. Whereas in methods like RealBasicVSR
and GFPGAN, images have overstretched contrast and making image visually unrealistic. The
more recent method (RealBasicVSR++) maintains blurriness in the outputs confirming our hy-
pothesis that explicitly learning high frequency component can help in maintaining better region

boundaries.
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7.4 Conclusion

This work investigates benefits of employing audio signal in video face hallucination task. The
chapter empirically verifies that audio signal helps in retrieving the lost visual information and
supports in maintaining visual consistency across consecutive frames. We introduce a novel lip-
reading loss inspired by visual speech recognition. The loss enables proposed architecture to
generate facial images with fine texture details in areas like, mouth, lips, etc. (which is generally
absent in the previous SOTA). Further to effectively incorporate salient frequency features, we
incorporate a frequency-based loss function in addition to spatial domain loss functions. Our

experimental results demonstrate a clear superiority of our proposed model over SOTA.
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8 Conclusion and Future Scopes

8.1 Conclusion

Deep neural networks have demonstrated considerable advances in producing high-resolution
images. Due to their ability to produce realistic images with precise details and textures, deep
learning-based approaches typically GAN-based networks offer an effective solution for super-
resolution challenges. By leveraging the adversarial training process, GANs can learn from
large datasets and generate high-quality, visually appealing images that are indistinguishable
from ground-truth images. Previous GAN-based methods were used to resolve super-resolution
problems such as high computational complexity and vanishing gradient. In addition, these
methods only rely on 2D information to generate high-resolution images. Therefore, the gen-
erated images should include 3D information such as depth and structural information. The

frames generated for video super-resolutions have temporal inconsistency.

Hence, in this dissertation, we tried to solve problems present in the previous literature. A
detailed description of the proposed frameworks to solve the challenges imposed by the super-

resolution problem are as follows:

8.1.1 Semantic Information Based Image Super-Resolution
System

Deep learning methods for the super-resolution problem are better than other traditional tech-
niques. However, these methods cannot learn complex spatial structures and high-frequency
details, leading to over-smooth results. We developed a novel Generative Adversarial Network
based architecture named Residue and Semantic feature-based Dual Subpixel Generative Ad-
versarial Network to solve the super-resolution problem. The generator network is residue and
semantic feature-based dual subpixel generative architecture, divided into the premier resid-
ual stage and deuxieme residual stage. These two stages are concatenated together to form
a two-stage upsampling process, enhancing the model’s feature learning capability. Inter and
intra-residual connections are made within these two stages, helping to sustain images’ high

texture details.
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Semantic-based information is implanted in a generator to enhance the quality of objects in
an image. For embedding semantic information in the generator, feature maps extracted from
the pre-trained model are merged with the input image. To stabilize the training process, we
introduced spectral normalization in the discriminator. Visual perception and mean opinion

score show that the proposed method outperforms the other state-of-the-art methods.

8.1.2 An Efficient Image Super Resolution Model Using Generative
Adversarial Networks

This dissertation proposes a novel GAN-based architecture, Super Resolution with Inception
Network (SRINet), to solve the high computational complexity, enormous depth, and vanishing
gradient problem. The generator architecture of SRINet uses a complex filter structure rather
than the linear filter structure to increase the depth and width of the network without increas-
ing the computational cost. Complex filter settings in the architecture help it attain locally

distributed information along with hierarchical global information in an image.

Hence, the proposed method approximates the most favorable sparse structures to foster the
learning capability of the network. To measure the visual quality of an image, we use a human
visual system based visual information fidelity metric. The proposed method outperforms all
the state-of-the-art methods qualitatively (perceptually) and quantitatively on other GAN based

methods.

8.1.3 Frequency Aware and Semantic Structural Constraint Based
Face Hallucination System

In this dissertation, we also address the issue of face hallucination. Most current face hallucina-
tion methods rely on two-dimensional facial priors to generate high-resolution face images from
low-resolution images. These methods are only capable of assimilating global information into
the generated image. Still, there exist some inherent problems in these methods, such as local

features, subtle structural details, and depth information is missing in the final output image.

This work proposes a generative adversarial network (GAN) based novel progressive face hallu-
cination (FH) network to address these issues present among current methods. The generator of
the proposed model comprises of FH network and two sub-networks, assisting the FH network
in generating high-resolution images. The first sub-network leverages explicitly adding high-
frequency components into the model. An autoencoder is proposed to generate high-resolution
discrete cosine transform (DCT) coefficients to encode the high-frequency components explic-

itly. The second sub-network is proposed to add three-dimensional parametric information into
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the network. This network uses a shape model of 3D morphable models (3DMM) to add struc-

tural constraints to the FH network.

8.1.4 Video face hallucination with frequency supervision and
cross modality support

Recently, there have been numerous breakthroughs in face hallucination tasks. However, the
task remains rather challenging in videos than images due to inherent consistency issues. An
extra temporal dimension in video face hallucination makes learning the facial motion through-
out the sequence non-trivial. In order to learn these fine spatiotemporal motion details, in this
dissertation, we presented a novel cross-modal audio-visual Video Face Hallucination Genera-
tive Adversarial Network (VFH-GAN).

The architecture exploits the semantic correlation between the movement of the facial structure
and the associated speech signal. Another major issue in current video-based approaches is
the presence of blurriness around the key facial regions such as mouth and lips - where spatial
displacement is much higher than in other areas. The proposed approach explicitly defines a lip
reading loss to learn the fine-grain motion in these facial areas. During training, GANs have
the potential to fit frequencies from low to high, which leads to missing the hard-to-synthesize
frequencies. Therefore, to add salient frequency features to the network, we add a frequency-
based loss function. The visual and the quantitative comparison with state-of-the-art shows a

significant improvement in performance and efficacy.

8.2 Future Scope

GANSs have been widely used in image super-resolution tasks, and their future scope is promis-

ing as they improve accuracy and efficiency. The following are some possible growth areas:

* Generating multiple HR images at different scales from a single LR input allows for
more detailed and accurate reconstructions, increasing its usefulness in satellite imagery

analysis or medical imaging applications.

» Systems based on generative modeling can be developed to support cross-modality SR.
For example, LR infrared (IR) images may be captured in security and surveillance ap-
plications due to low light conditions or thermal imaging. However, these LR images
may need to provide more details for identification or analysis. These low-resolution IR
images can be converted into HR visible-light images using image SR models, providing

more detailed information and enhancing the overall image quality.
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* Real-time super-resolution is essential in various applications, including video confer-
ences and gaming. GAN-based approaches can be optimized to generate high-quality
images in real time by reducing computational complexity and memory requirements,

leading to more efficient and practical applications of GAN-based SR.

* GANSs can be trained to perform joint super-resolution and image restoration tasks, such
as denoising, deblurring, or dehazing, improving the HR images overall quality and mak-

ing them more usable in downstream applications.
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