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Abstract

Human Pose Transfer is the process of transferring the appearance of the
source image into the pose of the target image. This topic has a diverse variety of
applications, including video generation, image-based animation, data augmentation
to train human pose estimation, person re-identification, and human parsing models.
The concept of human pose transfer can assist in the creation of multi-view images
of the same individual. Along with human parsing, human pose transfer tries to
generate a new image of a person using the source image and the target pose. While

retaining the appearance of the source image.

Keypoints and human parsing were utilized together to generate the target image.
The proposed system consists of four phases. The first phase is dataset preparation
which includes extracting the keypoints and human parsing for all images. Second
phase is preprocessing the images and the features extracted from phase one. Third
phase is generating a human parsing map matched with the target pose by the Parse
Generator to depict the style of the clothes. Fourth phase is using the Image
Generator to transfer the source image to be aligned with the target pose with the
help of the generated parsing from the third stage. The proposed Multi-Level
Attention Generative Adversarial Network includes two levels of attention the first
Is pixel-wise represented by Gated-Conv and the second attention level is channel-
wise attention represented by Squeeze and Excitation Block. Also, we have used the

Wasserstein GAN Gradient Penalty loss function instead of the vanilla loss function.

DeepFashion was used with (101967) training pair of images and (8570) testing pair
of images. Research results show that the proposed model outperforms other state-
of-the-art approaches. Four metrics were used Frechet Inception Distance (FID),

Learned Perceptual Image Patch Similarity (LPIPS), Inception Score (1S) and



Structural Similarity Index Measure (SSIM). The first two metrics are more
significant than the rest metrics because they are closer to human judgment. The
model has achieved first in FID (10.938) and third in the rest while the other metrics
(0.2173, 3.475, 0.775) respectively.
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Chapter One Introduction

Chapter One: Introduction

1.1 Overview

Computer vision (CV) is a popular study topic that investigates at how machines and
computers may copy human visual systems and gain, extract, understand, and
analyze data from videos and images [1]. Computer vision has vital applications to
a wide range of industries, including remote sensing, security, biology, engineering,
and medicine [2]. Image analysis is a critical activity in this field since it seeks to
obtain and interpret useful data from images. For decades, Researchers have
explored a variety of image analysis problems, including image segmentation, image
feature extraction, image classification, face recognition, object identification, and
object tracking [3]. However, Because of a variety of factors such as data difficulty,
cost of computing, limited interpretability, an absence of adequate labelled data, data
with a large dimension, and substantial variance among images, these tasks remain
extremely difficult. As a result, CV is still a fast-expanding field, with many new

studies and strategies being offered to efficiently tackle various jobs.

Human Pose Transfer attempts to rebuild a human appearance in different pose given
an image of the person. While it is quite easy for humans to visualize what a human
might seem in an another body pose, with a single 2D image of a human person, it
has been a tough task in computer vision to produce realistic photos based just on
the pose. The concept of human pose transfer can assist in the creation of multi-view

images of the same individual.

This topic has several applications in video generation, image-based animation, data
augmentation for training human pose estimation systems or person re-identification

or human parsing models. The production of pose-guided human images is a difficult
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task due to the distributions of clothing, body features, backgrounds, and positions
In human images vary substantially and one person in various poses might have
drastically different visual attributes and the generator network should usually infer

the appearance regions of body parts that are not visible in the source image.

The first paper that proposed the idea of human pose transfer was written by Ma et
al [4]. Ma used a two stages model. The first stage focuses on pose integration and
produces an initial output that captures the human's global structure. While the
second stage refines the initial result through adversarial training and creates clearer

Images.

Ma used 2D representation which is a set of joints and some face-landmarks,
previous papers used either 25 keypoints like Karmakar et al [5] and Esser et al [6]
or 18 keypoint as the rest of the papers. The methods that used 25 keypoints achieved
a better SSIM than the 18 keypoints methods but in trade of additional computation
cost. Most of the papers used 18 keypoints representations because it’s simpler,

faster and covers the entire body well enough.

Fine-grained spatial deformations cannot be captured by key-point-based models.
As a result, distortions or unrealistic characteristics are commonly produced,
especially when significant position changes are present. Latest developments used
a more comprehensive pose representation rather than the key-point-based one. The
latter is to allow for the computation of 'Human parsing' which defines how to shift
pixels from the input pose more effectively. As a result, surface-based pose
representation is a preferable option.

In this thesis, taking into account the drawbacks of using only the keypoints as the
pose representation as mentioned above. Human parsing was used along with the

keypoints to help the generator produce better and sharper images.
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Although recent advances in deep generative models like Generative Adversarial
Networks (GAN) [7] and Variational Auto Encoders (VAE) [8], as well as per-
trained model architecture like U-Net [9], human image generation between poses,
remains very difficult. In general, effective human pose transfer requires a good
representation of human pose and appearance. Most previous papers used one or a
mix of the models above like Lathuiliere et al [10] used Attention-based U-Net and
Lietal [11] adopted U-Net like architecture while Esser et al [6] used a mix of VAE
and U-net, but most of the papers used conditional GAN (CGAN). Although Esser
et al [6] with the mixed VAE and U-Net model achieved a better result in terms of
Structural Similarity Index Measure (SSIM) and Inception Score (1S) than GAN in
the papers that only used the 2D pose (Key-Points), the GANs overcame it when the

representation is the keypoints along with the human parsing.

A multi-level attention generative adversarial network (MLA-GAN) is presented in
this thesis, with the generator being an encoder-decoder architecture that largely
relies on the attention mechanism. The generator features two levels of attention:
pixel-wise attention, represented by the Gated Conv block, and channel-wise

attention, represented by the Squeeze and Excitation blocks.

1.2 Research Problem

The quality, quantity, and relevance of training data determine the performance of
most ML models, particularly deep learning models. Unfortunately, one of the most
common barriers to implementing machine learning models is a shortage of data.
This is because acquiring such data may be expensive and time-consuming in many
cases. Data augmentation can help researchers reduce their reliance on training data
collection and preparation, allowing them to develop more accurate machine
learning models faster, such as re-identification, human pose estimation, and human

parsing datasets.
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1.3 Challenges

Much research has dealt with the topic of human pose transfer, and the main

challenges of this problem are as follows:

a- The distributions of clothing, body appearance, backgrounds, and positions in

human images vary greatly.
b- A person in different stances may have significantly diverse visual characteristics.

c- In most cases, the generative model must infer the appearance features of body

components that are not visible in the input images.

1.4 Related Works

The related work is illustrated in the following review a number of the studies on

literature approaches and table 1.1 shows a summary of the papers:

Siarohin et al [12] in 2021 proposed Deformable GANs where in the generator
deformable skip connections are used to "shuttle™ local information from the
generator's encoder to the decoder. Where they take the feature maps of the encoder
and transfer them to match the target by affine transformation and then concatenate
the result with the decoder as in a normal skip connection. They also advocated
replacing typical pixel-to-pixel losses (e.g., L1 or L2 losses) in conditional
generative technigues with a nearest-neighbor loss.

According to Khatun et al [13] in 2021, the condition image and condition pose are
initially supplied into the appearance encoder and pose encoder, respectively, to
build the appearance map and the pose map. The pose attention-guided appearance
network receives both the appearance and the pose map. The output, along with the
desired pose, is sent into the pose attention-guided generation network to generate

the final image.
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Jiang et al [14] proposed BPA-GAN in 2021 which contains three generators, two
of which are part of the generation modules in charge of dealing with the head and
other body parts individually; both are encoder-decoder networks with skip links but
employ distinct parametric values. The encoders may extract features from multiple
positions since the training data is obtained from a video that typically contains
frames of varied viewpoints and poses of the target person. Furthermore, the target's
appearance is encoded in the network while being monitored by real images.
Another generator is programmed to combine the body sections generated by the
previous two generators and scaled by the mid-output module into the final outcome.
Zhang et al [15]'s technique in 2021 comprises two generators: a parser generator
and an image generator. A human parse image aligned with the target pose is
estimated by the parsing generator. This enables controllable image manipulation of
the final image's shape. Based on the human parsing map, the image generator
creates a high-quality image of the reposed person. They presented combining global
and local per-region encoding and normalizing to decouple the style and shape to
offer detailed control of the styles in particular regions. They detached the shape and
style of clothing using the created parsing map and per-region style control to make
Image editing tasks easier.

In 2020, Lathuiliére et al [10] proposed a generalization for the person-image
generation challenge. A human image is generated from a target position and a
collection of many source photographs. This allows for the use of various potentially
complementary images. They developed an attention-based decoder, which extends
the U-Net architecture to a multiple-input situation by incorporating an attention
mechanism that picks meaningful information from numerous sources and image
areas.

Men et al [16] proposed in 2020 pose encoding and deconstructed part encoding are

two approaches for embedding the desired pose and input image in a latent space.

5
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They extract component attributes using a human parser and encode them with a
global texture encoder for the latter. A succession of style blocks equipped with a
fusion module is presented to inject the texture style of the source person into the
pose code by altering the affine transform variables in adaptive instance
normalization (AdalN) layers. Ultimately, a decoder is utilized to rebuild the desired
image.

Zhang et al [17] in 2020 presented a framework for adaptive hierarchical
deformation for person’s pose transfer. First deformation step creates human
semantic parsing that is aligned with the target pose, and the second deformation
level creates the final textured person image with semantic guiding in the target pose.
Furthermore, while vanilla convolution is unsuitable for unaligned generation tasks,
they used gated convolution to dynamically choose essential features and modify the
image layer by layer.

Song et al [18] in 2019 introduced an unsupervised method in which the training set
consists of a source image together with its pose and segmentation in the absence of
a corresponding ground-truth image. The main concept is to use human parsing to
break it down into two models: semantic parsing transformation and appearance
generation. The semantic parsing transformation module seeks to produce a
semantic image under the goal pose first, which offers an important prior for the
person shape and garment properties. The appearance creation module then
generates textures for the desired image, guided by the expected semantic map and
the reference image. To achieve cycle consistency, they employ the final output,
together with its pose and segmentations, to construct the source image, as in Cycle
GAN.

In 2018, Zhao et al [19] proposed VariGAN. It comprises three modules: a coarse
Image generator, a fine image generator, and a conditional discriminator. The coarse

Image generator creates a low-resolution (LR) image conditioned by the desired

6
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person, conditioned image, and desired view during training. The fine image
generator with skip connections creates a high-resolution (HR) image. Lastly, the
HR image and the conditioned image are joined as fake pairs and sent into the
conditional discriminator alongside real pairs (target image and condition image) to
identify between real and fake.

Soft-Gated Warping-GAN was proposed by Dong et al [20] in 2018. The model
creates target parsing using a pose-guided parser first, given a condition image and
a target pose. Then, using a geometric matcher and a soft-gated warping-block to
warp the image features, estimate the transformations between the condition and
target parsing. The warped feature maps, embedded pose, and synthetic parser were

then concatenated to form a realistic-looking image.

Ma et al [4] want to separate the appearance and structure components in person
photographs so that they may change the foreground, backdrop, and pose
independently. They proposed a two-stage pipeline in 2017 to do this. In Stage |,
they use a reconstruction network to divide and conquer the foreground, backdrop,
and position elements. They recreate human images, in particular, by first
disentangling them into intermediate embedding characteristics of the three
variables, and then recovering the original image by decoding these features. In step
I1, they take these features as actual to develop mapping functions for adversarially

translating a Gaussian distribution to the embedding feature distribution.

Table 1.1: Related Works Summary

References Pose Dataset Number of Methodology
Representation Human Parsing
Classes
[12] KeyPoints DeepFashion, - Deformable
Market-1501 GANS
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[13] KeyPoints Market-1501, - conditional
DukeMTMC- DCGAN and
relD U-Net
[14] KeyPoints They gathered 23 Body-Parts-
+ the training Aware
Human Parsing data from Generative
Internet videos Adversarial
Network
[15] KeyPoints DeepFashion 8 Decoupled
+ GAN
Human Parsing
[10] KeyPoints DeepFashion, - Attention-
Market-1501 based U-Net
[16] KeyPoints DeepFashion 8 Attribute-
+ Decomposed
Human Parsing GAN
[17] KeyPoints DeepFashion 12 GAN with
+ Gated Conv
Human Parsing
[18] KeyPoints DeepFashion 12 Model like
+ Market-1501 Cycle-GAN
Human Parsing
[19] KeyPoints DeepFashion, - Variational
MVC 1 GAN
[20] KeyPoints DeepFashion, 20 Soft-Gated
+ Market-1501 Warping-
Human Parsing GAN
[4] KeyPoints DeepFashion, - GAN
Market-1501

objectives:

1.5 Aim of The Thesis

The main aim of this thesis is to generate a person image based on two separate

8

factors: the appearance of a particular person in a certain image and the same or

different person's pose in another image. The main aim is divided into three

The first objective is to extract keypoints and human parsing maps for all the images

in the dataset. The second objective is to build a model that is capable of generating
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a human parsing for the given image aligned with the conditioned pose. Third
objective is to construct another model to transfer the appearance of the input image

to align with the target pose.

1.6 Thesis Contributions
The framework of this thesis was presented by a few previous papers but the
contribution is to build a new network architecture for the GAN generator also the

WGAN-GP loss function will be used instead of the traditional loss function of
GAN.

1.7 Thesis Organization

This thesis includes five chapters and each chapter begins with an overview and

then some details about the problem that this thesis addresses, as follows:

The first chapter explains a general introduction to the problem and its history, in
addition to the reasons and Aim of the thesis. The content of the other chapters is as

follows:

Chapter Two: Presents a comprehensive description of the main principles of

"theoretical background", which were used later in this thesis.

Chapter three: Under the title of “The proposed system”. Explains the proposed

system and the algorithms used in it.

Chapter Four: This chapter clarifies the results of the proposed system and research

experiments. It also discusses the evaluation of the system's performance.

Chapter Five: mentioned precisely the conclusions, it includes what was discovered

in this thesis, and the potential future research directions to improve this work.
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Chapter Two: Theoretical Background

2.1 Overview

Deep learning is the most interesting field in machine learning, and neural networks
and now deep learning presents solutions which are the most efficient for a broad
range of issues in image, audio, and text recognition, time series issues, video
analysis, and natural language processing. Because deep learning is a smarter way
than shallow algorithms of machine learning. However, it is not a simple task. Deep
neural networks are more difficult in training, and for better and faster results, they
require graphics processing support and large datasets [21]. The purpose of this
chapter is to introduce the fundamental information and concepts that are employed
throughout this thesis to achieve the Human Pose Transfer task. In section 2.2 human
pose will explained how to extract it from images furthermore the approach used in
this thesis will explained. In Section 2.3 human parsing will be introduced and the
approach have been used in this thesis will be shown. Section 2.4 Deep learning will
be introduced along with its types, activation functions, loss functions, optimizers
and a gentle overview of CNNs, data augmentation and GANSs. Squeeze and
excitation will be explained in section 2.5. Finally, section 2.6 will be about the

evaluation metrics that have been used to evaluate the results in this thesis.

2.2 Human Pose Estimation (HPE)

Pose estimation is a computer vision job that allows robots to recognize and analyze
human figures in films and photographs. It assists machines in determining where
the human knee is in an image, for example. Pose estimation is concerned with
predicting the placement of important body joints and is incapable of recognizing an
individual's identity in a video or image [22].

10
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Pose estimation models can aid in the tracking of an object or person (including
several persons) in real-world environments. They are superior than object detection
models in some circumstances, which may find things inside an image but only give
coarse-grained localization with a bounding box framing the item. In comparison,
pose estimation models estimate the precise position of the key points linked with a

specific object [22].

A pose estimation model's input is often a processed camera image, and its output is
key point information. A keypoint ID and a confidence score from 0 to 1 are assigned
to the discovered key points. The confidence score's job is to reflect the likelihood

that a crucial point exists in that given place.

Because the position of persons in an image is unclear, multi-person pose estimation

presents a substantial issue. Here are two methods for resolving this issue [22]:
a- Top-Down Approach

Top-down pose estimation operates by initially recognizing candidates for people in
the image, after which the section within the bounding box is evaluated of every
identified human to anticipate human joints. For instance, an algorithm that can serve

as a human detector.
The top-down method has various disadvantages:

» The accuracy of the pose estimator is heavily dependent on human detection
results; the pose estimator is usually particularly reactive to the person boundary

boxes found in the image.

» The time needed to execute the algorithm rises in proportion to the number of
people detected in the image, making it time-consuming to run.

11
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b- Bottom-Up Approach

Bottom-up pose estimation recognizes all human joints in a image and then
assembles them into a pose for each individual. Zhe Cao et al. [23] suggested
OpenPose in 2019.

It is a bottom-up approach in which the algorithm first detects body parts or

keypoints in the image and then maps related keypoints to produce pairings.

CNN is the fundamental architecture of OpenPose, as seen in Figure (2.1). A VGG-
19 network is used to extract patterns and representations from the input data. The
VGG-19 output is routed into a pair of convolutional networks. The first network
predicts a collection of confidence maps for each body component, whereas the
second predicts a set of component Affinity Fields (PAFs), which provides a degree
of linkage between parts. To obtain the final skeleton shape, they prune the weak

linkages in the bipartite graphs [23].

Essentially, the predictions from the two branches, together with the attributes, are
concatenated for the subsequent step to form a human skeleton, depending on the

number of persons in the input. CNNs are used in stages to improve prediction [23].

12
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Figure 2-1 OpenPose Architecture [23].

2.3 Human Parsing

Complete person visual comprehension of situations in the real world, is considered
one among the primary challenges in CV, it has the potential to make a huge
influence. On a wide range of application, including human behavior analysis,
automatic recommendation of products, person re-identification, and video
surveillance. Human parsing is a semantic segmentation challenge that seeks to
detect person images pixel by pixel, assigning every single Pixel to a relevant class,
such as arms, hair, clothes, and so on. Finally, as seen in Figure 2.2, these pixels
combine to generate a human parsing outcome. Human parsing aids in interpreting
the semantic data of different sections of the person body in the image and gives a
more complete comprehension of image contents, whereas human pose estimation
focuses on finding the precise placements of essential body joints. Human parsing

and position estimation are two crucial and associated activities in interpreting
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human images by giving pixel-wise knowledge as well as high-level joint structures
[24] [25].

Figure 2-2 Human Parsing Example [26].

Gong et al [26] suggested the Part Grouping Network (PGN) Model in 2020. In a
unified model, PGN trains and refines semantic part segmentation and instance-
aware edge detection. Both of these subtasks are pixel-by-pixel classification issues
that Fully Convolutional Networks (FCNs) excel at. PGN is defined as FCNSs. It first
acquires a similar representation utilizing common intermediate layers before adding
a pair of concurrent routes for semantic component segmentation and edge detection.
A refinement branch is also provided to make two targets mutually helpful for each
other by leveraging complementary contextual information to examine and exploit
the semantic linkage of these two activities. Finally, an efficient partition technique
with a heuristic grouping strategy may be used to provide instance-level human
parsing results by performing a breadth-first search over line segments obtained by
jointly scanning the constructed semantic component segmentation maps and

Instance-aware edge maps.
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2.4 Deep Learning

Deep learning is a field of artificial intelligence and both are elements of machine
learning [27]. It consists of hierarchical architecture, where each higher layer builds
on its previous lower layer, which makes it popular for the first time as hierarchical
learning [28]. The beginning of deep learning was in 2007. Deep learning works
well with a massive amount of data to solve a complicated problem. Many
applications improved with deep learning such as Object Recognition, Object
detection, Automatic Machine Translation, Investment Modeling, and drug

discovery.

Deep learning can extract high-level features from the input data. For example,
In image processing, deep learning can be used in several applications such as edge

extraction, image segmentation, shape recognition, and face verification.

Deep learning algorithms such as the Convolution Neural Network (CNN)
boost their efficiency on the conventional algorithms due to the automated function
learned without the need for human computational effort as it does in conventional
machine learning techniques. The conventional machine learning technique
requires a feature vector corresponding to the raw data (intensity pixel values in
the case of an image) as an input to detect and process it so the features must be
extracted and later fed into a classifier. Deep learning algorithms can learn these

features on their own [29].

2.4.1 Deep Learning Types
There are three main types of deep learning models, each has its specific network

architectures inside and has specific use.
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a- Supervised Deep Learning

In Supervised Deep Learning algorithms, the algorithm is trained on pre-
labelled data. Then the model is used the learning algorithm to adjust itself, and
during the testing phase, the model should determine the correct answer without
relying on any label. Supervised deep learning has two main fields: classification
problems and regression problems. One of the most frequently supervised
models used is a convolution neural network (CNN). Some of the CNN-based
supervised deep learning architectures are AlexNet, LeNet-5, VGGNet,
GoogleNet, ResNet, InceptionNet, and others [30] [31].

b- Unsupervised Deep Learning

In the unsupervised Deep Learning algorithms, training the model based
on unlabeled data, and the model tries for extracting patterns and features on its
own. Some of the unsupervised deep learning architectures are Deep
Belief Network (DBN), Restricted Boltzmann_Machine (RBM) and
Generated Adversarial Networks (GANS) [28].

c- Semi-Supervised Deep Learning

Semi-Supervised Deep Learning takes on an intermediate stage between
supervised and unsupervised learning. It takes a lot of categorized data to
support a larger collection of unlabeled data. This approach is especially useful
when it is difficult to extract relevant data features, and when labelling the
samples takes a long time [32].

2.4.2 Activation Functions

An Activation Function determines if a neuron is activated or not. This means that

during the prediction phase, it will employ simpler mathematical operations to

decide if the neuron's input to the network is necessary or not. The function of the
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Activation Function is to create output from a set of input values presented to a node
(or a layer) [33]. The most five activation functions that are important for use in

hidden layers:

a. Rectified Linear Activation (ReLU)

Rectified Linear Units (ReLU). Widely used in Neural networks especially
Deep learning models, it works by setting the threshold at 0, Simply stated, it
produces 0 when X is zero or a negative value and returns the same value in another
state [34] the function represented by equation (2.1). Figure (2.3) represents the
RelLU Activation Function plot.

ReLUX)=max (0,X)  ..ccovvivriiiininnnnn. (2.1)

fi{x) =, x==0
=0, xelh

Figure 2-3 ReLLU Activation Function [35].
b. Leaky Rectified Linear Unit
Leaky ReL U is a sort of activation function built around the ReL.U activation
function that instead of a level slope, features a slight slope for negative values.
The slope factor is specified prior to training rather than during training. This
type of activation function is commonly used in sparse gradient applications,
such as training generative adversarial networks [36] the function represented
by the equation (2.2). Figure (2.4) represents the LeakyRelLU Activation

Function plot.
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ay forx<0

LeakyReLU ={
eakyRelU(y) y forx=>0

e (222)

fy)=ay

Figure 2-4 Leaky ReLU Activation Function [36].
c. Sigmoid
Since sigmoid is a non-linear function, it is the most commonly employed
especially in binary classification. The Sigmoid activation function transforms
the value in the [0 — 1] range [33]. As shown in Figure (2.5), it can be summed
up as equation (2.3): f(X)=1/(1+e™) .. (2.3)

¢(2) =

1+e2

<05t

0.0

Figure 2-5 Logistic (Sigmoid) Activation Function [33].
d. Hyperbolic Tangent (Tanh)
It's a Tangent Hyperbolic function. The Tanh function resembles the

sigmoid activation function, However, it is symmetric across the origin. As a
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consequence, the outputs from previous layers would have different signs

when supplied as input to the following layer [33]. It's written as equation (2.4):
f(x) =2 * Sigmoid (2x) — 1 ..........coeeene .l (2.4)

The Tanh activation function is a continuous and differentiable function with
values ranging from -1 to 1 as shown in Figure (2.6). The Tanh function has

a steeper gradient than the Sigmoid function.

f{x) = 27 [1een[-2x)] -1

Figure 2-6 Hyperbolic Tangent (Tanh) Activation Function [33].

e. Softmax

The softmax function is one of the activation function types, it is widely
used in neural computing at the last layer to calculate the multiple probability
distributions of multi classes of more than two classes by using a vector of
real numbers. The output of Softmax function values in the range between 0
and 1, where the summation of the probabilities is equal to 1, and the target
class which have the highest value, the equation (2.5) represent the Softmax
function [37].

_ _exp(xi)
f(xl-) = Sexp(ep) T (2.5)
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2.4.3 Loss Function

In early models of neural networks, the error is measured by calculating
the difference between the real output and the expected output. At the moment,
several formulas have appeared for calculating errors in neural networks, these
formulas are called Loss Functions [38]. When using various loss functions can
lead to a different error value for the same prediction, therefore the type of loss
function has a major impact on the output of the network. There are three main
loss function types: Classification Loss Functions, Regression Loss, and
Embedding Loss Functions [39]. The classification loss functions use with
classification problems. The Regression Loss functions are used in regression
problems. While the Embedding loss functions use with tasks that need to

measure the similarity between two inputs [40].
a- Binary Cross Entropy

The binary classification issues in deep neural networks, the objective
function that is the binary cross entropy equation, as in logistic regression shown
in equation (2.6), where y; and §; are the true labels and the estimated output

probability from the neural network respectively [41].

1 N

b=—x 2V log(9i) + (1 — i) log(1 —9:) ... (2.6)
1=1
b- Categorical Cross-Entropy
This loss function uses in Multi-class classification problems. In these
problems, the target can only belong to one out of many possible categories. This
function is designed to calculate the difference between two probability
distributions [41]. The following equation (2.7) illustrates the categorical cross-

entropy.
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L(Xi, Yl) = - 2;::1 ylj * lOg(pl]) ...................... (27)

whereY; is one — hot encoded target vector (Vi1, Viz, - > Vic)

_ {1, if the i;pelement is in class j
Yij = 0, otherwise

pij = f(X;) = Probability that i, element is in class j

c- Mean Square Error Loss Function
MSE is one of the important regression loss functions, which measures the
square difference between the real and expected values [41]. Equation (2.8)

illustrates the mean square error loss.

1
MSE = ;Z?:l(yi - pi)Z ................. (28)

Where y; actual target vector, p; the output predicted vector,n vector length.
d- Euclidean Distance Loss
This loss function is an embedding loss usually used in problems that need to
measure the similarity between two inputs, not for classification problems. It
measures the distance between two distinct points or two vectors [41]. The

following equation (2.9) illustrates the Euclidean Distance Loss.

Euclidean loss = \/2?21( fy) —pi )2 e (2.9)
Where p; is the predicted vector
f(y;) is the actual input vector

n is the length of the vector.
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e- Mean Absolute Error (MAE) / L1 Loss Function
L1 is calculating the absolute difference between the real and the generated image

for one image while the MAE is the average of L1 values of all the dataset [42].

For Image Enhancement, MAE will most likely produce an image that looks to be
of greater quality to a human viewer. The L1 Loss function is shown in the following
equation (2.10):

L1 — LossFunction = Y"1 | Yirue — Ypreaicted | «--vveevvv--t (2.10)
Where Yie IS the real image and the Ypredicted 1S the generated image.
f- Perceptual Loss

Perceptual loss functions are used when evaluating two similar photos, such as the
same photo but shifted by one pixel. The function is utilized to evaluate high-level
variations across images, such as differences in content and style. A perceptual loss
function is extremely similar to a per-pixel loss function since both are used to train
feed-forward neural networks for image modification tasks. The perceptual loss
function is a more extensively used component because it delivers more precise
results for style transfer [43]. The equation of perceptual loss can be defined as
equation (2.11)

Lpercep = §V=1 a; ” (l)i (Ig) - (l)i(lt) ”1 (2-11)

where ¢i (Ig) indicates the feature map of the i-th (i = 0,1,2,3,4) layer VGG-19 for
the generated image Ig. And ¢i (It) indicates the feature map of the i-th (1=0,1,2,3,4)
layer in VGG-19 for the real image Ix.
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g- Gradient Penalty Wasserstein GAN (GP-WGAN) Loss Function

GAN training is difficult. Mode collapses are common, and models may never
converge. To proceed, either incremental improvements are made or embark on a

new road for a new cost function.

The Wasserstein distance (Earth Mover's distance) is a metric for measuring the
distance between two probability distributions on a particular metric space. It may
be viewed intuitively as the least amount of effort required to change one distribution
to another, where work is defined as the product of the mass of the distribution to be
shifted and the distance to be transported [44].

The original GAN objective is shown to be the minimization of the Jensen-Shannon
(JS) Divergence [4]. Compared to JS, Wasserstein distance has the following

advantages:

» The Wasserstein Distance is continuous and almost differentiable
everywhere, allowing the model to train to optimality.
 JS Divergence locally saturates when the discriminator improves, so the
gradients become zero and disappear.
» Wasserstein distance is a meaningful metric in the sense that it converges to
0 as the distributions grow closer together and diverges as they move further
apart.
* The Wasserstein Distance objective function is more stable than the JS
divergence goal function. When Wasserstein distance is used as the goal
function, the mode collapse problem is also minimized.
WGAN introduces a critic instead of the discriminator usually seen with GANs. The
critic network is similar in design to a discriminator network but predicts the

Wasserstein distance which can be written as in equation (2,11).
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ming maxp |5, <1 ELFC] = EFCO]covvniiin (2.11)

Where X is the real data while X is the generated data. Here, to enforce Lipschitz
continuity on the function f, the authors resort to restricting the weights w to a
compact space. This is done by clamping the weights to a small range ([-1e-2, le-2]
in the WGAN paper [44]).

The difference between the discriminator and the critic is that the discriminator is
trained to correctly identify samples of the ground truth distribution from samples
of the fake distribution, the critic estimates the Wasserstein distance between the real

distribution and the fake distribution.

The weight clipping technique employed to force Lipschitz continuity on the critic
Is at the root of WGAN's difficulties. WGAN-GP swaps weight clipping with a
constraint on the critic's gradient norm to ensure Lipschitz continuity. This makes it
possible for greater stability in network training than WGAN and necessitates less
hyperparameter tuning. Gradient Penalty aims to establish a constraint in such a way
that the gradients of the critic's outcome with regard to the input have a unit norm.
The authors of WGAN-GP proposed a soft form of this constraint in which the
gradient norm on the samples x Px is penalized. The new aim is depicted in Equation
(2.12).

€ =Ez p, [fO] = Exep, [fO)] + A Ezp, [([IVef (]2 — 1)°] ... (2,12)

The component to the left of the total in the preceding calculation is the initial critic
loss, while the term to the right of the sum is the gradient penalty [44].

Px is the distribution derived by sampling uniformly along a straight line between
the real and generated distributions Pr and Pg. Because the optimum critic has
straight lines with unit gradient norms between the samples linked from Pr and Pg,
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this is done. , on the other hand, is the penalty coefficient that is used to weight the
gradient penalty term. The authors set =10 for all of their experiments in the

publication.

Batch Normalization is no longer utilized in the critic since it translates a batch of
inputs into a batch of outputs. In this scenario, calculating the gradients of each
output in relation to its corresponding inputs is needed [44].
2.4.4 The Optimization Algorithms
One of the most essential phases is choosing the algorithm to use to optimize a
neural network. The Main types of optimization methods in machine learning are
batch or deterministic gradient methods, which handle all training instances in a
big batch at the same time, and stochastic methods, which work with only one
instance at a time and mini-batch which takes a specific number of the training

instances at a time [39].

There are two types of optimization algorithms: algorithms of adaptive
learning and algorithms with constant learning rates, such as SGD [45]. In the
first group, the learning rate n is chosen manually. The task of choosing the
learning rate in this type of algorithm is somewhat difficult. When choosing a
relatively small learning rate, the learning process is slowed, and the training time
becomes too large. While choosing a relatively large learning rate, can lead to
fluctuation in the loss value around the minimum value, and this hinders the
convergence process. While the algorithms of the second group, they do not need
to set the learning rate manually, they have a heuristic approach that takes care
of adjusting the learning rate value, several algorithms appeared that belong to

these two categories, the most important of which are illustrates as follows:
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a- Stochastic Gradient Descent (SGD)

SGD is one of the Constant Learning Rate Algorithms that try to update the
network parameters more repeatedly. In this algorithm, the network parameters
are modified on each training sample after the loss calculation. Therefore, if the
dataset contains 900 samples, the network parameters will be modified 900
times in one cycle of the dataset. The SGD is used to update parameters in a

neural network [45].
b- Adam

Adam is considered one of the adaptive learning rate optimization
algorithms, it measures individual learning rates for various parameters [45].
Adam sets the learning parameter automatically, this was done by using the
first and second-moment estimation. The moment is the expectation of a
random variable at the power of n [46]. The moment can illustrate in equation
(2.13).

Where: m is the_moment, and X is a random_variable.

The following equations are used to estimate, the first and second moment
of Adam.

ﬁlt:

N
I

Where m; is the previous first moment and v,, is the previous second

moment and they are initialized with 0 in the first step.
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B1 and B2 are new parameters inserted into the algorithm. They have

default values of 0.9 and 0.999 respectively.

After calculating the value of the first and second moments, it is used to

update the network weights according to the following equation (2.16) [46].

Where W is network weights, 1 is Stepsize, € = 1078
2.4.5 Convolution Neural Network (CNN)

CNN is a type of deep discriminative architecture that has been demonstrated
to be effective in processing two-dimensional data such as images and videos,
with a grid-like layout. The architecture of CNNs is based on brain cortical
architecture in animals. During the 1960s, CNNs is the first successful
architecture for deep learning Because of the excellent training of the hierarchical
layers. The CNN architecture takes advantage of spatial relationships to reduce
the parameter number of the network, which improves performance when typical
BP algorithms are used. The growth of computation techniques and GPUs-
accelerated, have been used to train CNNs more effectively. The CNN performs
two functions, the extraction function then the prediction function. Each function

used certain layers to achieve a particular purpose [47].
a- Convolution Layer

A convolution layer is a fundamental component of the CNN architecture
that performs feature extraction, which typically consists of a combination of
linear and nonlinear operations, i.e., convolution operation and activation

function.
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Convolution is a specialized type of linear operation used for feature
extraction, where a small array of numbers, called a kernel, is applied across
the input, which is an array of numbers, called a tensor. An element-wise
product between each element of the kernel and the input tensor is calculated at
each location of the tensor and summed to obtain the output value in the
corresponding position of the output tensor, called a feature map (Figure 2.7 a—
c). This procedure is repeated applying multiple kernels to form an arbitrary
number of feature maps, which represent different characteristics of the input
tensors; different kernels can, thus, be considered as different feature extractors.
Two key hyper parameters that define the convolution operation are size and
number of kernels. The former is typically 3 x 3, but sometimes 5 x5 or 7 x 7.

The latter is arbitrary, and determines the depth of output feature maps [48].
b- Gated Convolution

Vanilla convolutions are commonly employed in convolution neural
networks, which have made significant advances in object identification,

Image segmentation, and image-to-image translation.

The vanilla convolution layer output values are computed using the same filter
in all spatial locations. It accepts all pixels as acceptable values and uses a
sliding window to extract local features, which is useful for object

identification, image segmentation, and alignment generation tasks [49].

However, for misalignment tasks, such as human pose transfer, vanilla
convolution features do not necessarily have a good influence on the result.
As a result, learning a dynamic feature selection process to modify the image
is increasingly critical [49].
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Figure 2-7 An example of convolution operation [48]

While the Gated Conv is dynamically selecting the important pixels by
passing the input into two streams the first is the vanilla convolution and the
other stream will be the score for each corresponding pixel in the first stream

as illustrated in Figure (2.8).
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Figure 2-8 Gated Convolution

c- Regularization Layers

Overfitting is one of the important issues that face the network model, this
issue occurs in both following cases: when a model is complex, and when a
dataset is poor. The overfitting causes difficulty in generalizing the model on
the unseen samples, therefore, the accuracy of the model will be high during the
training phase and low during the testing phase. The regularization layers are
one of the important methods to avoid the overfitting problem. The most two

used regularization layers can be illustrated as follows:

e Dropout Layer

Dropout is a technique that addresses the overfitting issue. The word
"dropout" refers to removing (both hidden and visible) units. Where dropping
a unit out in a neural network means logically removing it or in other words
disconnecting its incoming and outgoing connections in the network. These

units are chosen randomly based on value [49].
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e Batch Normalization Layer Activation

Deep networks need layers of normalization and activation functions as
building blocks for stable generalization improvement and optimization. Batch
normalization is one of the techniques that regularize the neural network and
avoid overfitting. It makes to solve the Internal Covariate Shift problem which
Is defined as the changes in the distributions of inputs to the current layer due
to the changes in the parameters of the preceding layer. Readjusting the current
layer to new distribution constantly is required accordingly, in order to increase
training performance. Normalizing the output of the previous layers by fixing
it to be zero mean and one standard deviation (std) [50]. Suppose input data X,

batch normalization of it is as the following equation (2.17):

By continuing training, the network, layer by layer, it becomes more
intelligent to recognize shapes difficult than those recognized by the previous
layer. Where the beginner layers are capable to recognize colors, lines,
corners, etc. The later layers are capable to recognize components of shapes

and the overall shapes.

e Instance Normalization
Instance normalization (IN) is a word that was initially used in the
StyleNet paper to refer to contrast normalization. Both names provide some
details about this method. The term "instance normalization" indicates that it
acts on a single sample. Contrast normalization, on the other hand, claims to
equalize the contrast between a sample's spatial parts. IN conducts intensity
normalization over the width and height of a single feature map of a single

sample when given a Convolution Neural Network (CNN). To execute
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instance normalization on a single instance, the mean and variance must be
computed. The calculated mean and variance are then used to normalize each

spatial dimension [51].

2.4.6 Data Augmentation

Data augmentation is the process of intentionally increasing the quantity of data by
creating more data points from current data. Making minor modifications to data or
using machine learning models to generate additional data points in the original
data's latent space to boost the dataset are examples of this. The distinction between
data augmentation and synthetic data is that synthetic data is created artificially and
does not employ real-world images. Generative Adversarial Networks (GAN) are
widely used to produce synthetic data, whereas augmented data originates from
original images with slight geometric adjustments (such as flipping, translation,

rotation, or noise addition) to improve the variety of the training set [52] [53].
The performance of a Deep Learning model is determined by two factors:

* Neural Network Model

* Data Quality and Quantity

Even when a suitable model is used, satisfying outcomes are not always achieved.
The issue then becomes the data utilized to train the network. A huge dataset is
critical for the deep learning model's success. However, there may be a lack of the
quantity and diversity of data needed to train the model for a specific demand,

resulting in poor performance.

Data augmentation has several advantages, including:
 Improving model prediction accuracy.

» Contributing extra training data to models.
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* Reducing data shortages for improved models.

* Minimizing data overfitting and introducing unpredictability in data.
» Enhancing model generalization capacity.

* Assisting in resolving class imbalance concerns in the classification.
« Lowering data collection and labelling expenses.

* Enabling rare event prediction.

2.4.7 Generative Adversarial Networks (GANSs)

Generative adversarial networks (GAN) are algorithmic frameworks that put
two neural networks competing with one another (Therefore, the expression
"adversarial") to generate fresh, synthetic data samples that may be passed as real

data. They are often used in the creation of photos, films, and music.

GAN works by simultaneously training a discriminator and a generator in two
networks, as shown in Figure (2.9). The discriminator is trained to differentiate
among real dataset samples and fake samples created by the generator. The generator
Is trained to create false samples from an easy-to-sample random source so that the

discriminator cannot distinguish between actual and fake data samples [7].

Because GANs may mimic any data distribution method, they have immense
potential for both good and harm. GANs may be trained to create worlds that are
uncannily similar to every domain: images, audio, and speech. In other words, GANs
may be used to generate phony media content, and this is the technique behind Deep
Fakes [54].
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Figure 2-9 Simple Architecture of GAN network [55].
There is another type of GAN Conditional generative adversarial networks in
which both the generator and the discriminator are conditioned by some extra
information y.
The condition might be any type of additional information, such as class labels or
data from other modalities. Conditioning may be accomplished by including y as an
extra layer of input of each of the generator and the discriminator. In the generator,
the prior input noise Pz(z) and y are paired to generate a joint hidden representation,
and the adversarial training framework makes it possible to tremendous flexibility
in how this hidden representation is formed. x and y are presented as inputs to a
discriminative function in the discriminator [56].
The objective function of a two-player minimax game would be as in the formula
(2,18):

ming maxp V(D,G) = Ex-p,,,,cx) [108D(x|Y)]+ E, p,(z) [log(l — D(G(zly)))] ....(2,18)
Where x is the real image and z is a latent vector.

D is the discriminator and G is the generator.

D(x|y) is the discriminator output of the real image conditioned on y.

D(G(x|y)) is the discriminator output of the generated image conditioned on y.
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Figure (2.10) illustrates the structure of a simple conditional adversarial net.

Real
Images L Predicted Labels
’ Discriminator (Real / Generated)
Labels
Generator i_)Generated

Noise Images

Figure 2-10 structure of a simple conditional GAN [57].

2.5 Squeeze and Excitation

Squeeze and Excitation networks [58] present a constructing component for
convolutional neural networks that increases layer interdependencies at nearly no
extra expense of calculation. They provide significant performance gains and are
simply integrated into current designs. The basic concept is to add variables to every
channel of a CNN block so that the model may adaptively change each feature map's
weight.

Convolutional filters are used by CNNs to gain hierarchical data from images. Upper
layers may distinguish persons, characters, or other sophisticated geometrical
structures while lower levels identify unimportant background features like as edges
or high frequencies. They obtain anything is essential to efficiently perform an
objective. Everything of this occurs because merging spatial and channel
information from a image. Before merging the data’s overall potential output
channels, the various filters first will check for spatial components for every input
channel [58].

When constructing the output feature maps, the model equally weights all its
channels. SENets aim to change that with including a content-aware method to

adaptively weight every channel. In its simplest form, this may imply assigning a
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single variable to every channel and assigning a linear scalar to how important each
of them is. The next stages describe SE blocks, as shown in Figure (2.11):
1- It averages pools every channel to one numeric value provided the input block
and the present the amount of available channels.
2- Nonlinearity is added by a completely connected layer followed by a ReLU
activation function. It also decreases the outcome channel's complexity by a
specific factor.
3- A smooth gating function for each channel is provided by a second totally
connected layer, then a Sigmoid function.
4- Finally, depending on the results of the side network, it weights each

convolutional block feature map.

(17x1x0C) Compute (17x1x0C)
‘Squeeze’
(HxWxC)
‘Excite’
CNN Feature Output
Map Feature Map

Figure 2-11 Squeeze and Excitation Mechanism [58]
These four procedures add nearly no processing cost (less than 1% more) and may
be applied to any model.
The authors of SE demonstrate that by including SE-blocks into ResNet-50, the
results will be nearly identical quality as ResNet-101. This is amazing for a network

that just requires fifty percent the computing expenditures.
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2.6 Evaluation Measures

When developing a machine learning model, it is critical to evaluate performance
and efficiency. In order for the machine learning model to be dependable, an
assessment tool that is appropriate for the nature of the model's work must be chosen.
When evaluating machine learning models, it is common to utilize more than one
scale to verify that the model is correctly evaluated. The primary machine learning

assessment metrics for GANS are:

2.6.1 Inception Score (IS)

The Inception score (IS) is a prominent statistic for evaluating Generative
Adversarial Networks (GANSs) image outputs. A GAN is a network that learns how
to create fresh unique images that are comparable to the training data. The IS accepts
an image list and returns a single floating point value. The score indicates how
realistic the output of a GAN is. It is an automated alternative to having people judge
image quality. The score considers two factors at the same time: the diversity of the
images and the distinct appearance of each image. The score is considered high if
both of these requirements are satisfied. The score will be low if any or both of these
claims are false. It is ideal to get a higher score. This means that your GAN may
generate a large variety of images. Zero is the lowest possible score. The greatest

possible score in mathematics is infinite.

Tim Salimans et al. [59] suggested the Inception score. In the research, the authors
of IS analyzed a huge number of GAN-produced photos using a crowd-sourcing
platform (Amazon Mechanical Turk). They created the inception score to eliminate
the subjective human appraisal of visuals. The authors found that their scores were

highly associated with subjective judgment.
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2.6.2 Structural Similarity Index Measure (SSIM)

The structural similarity index measure (SSIM) [60] estimates the perceived quality
of digital television, cinema, and other forms of digital images and videos. To
compare the similarities between the two images, the SSIM technique is utilized.
The SSIM index is a full baseline metric, which implies that image quality is
assessed or projected using a reference image that is uncompressed or distortion-
free. The SSIM index originated from prior methodologies that were demonstrated
to be incompatible with human perceptual physiology, such as PSNR (peak signal-
to-noise ratio) and the MSE method. The difference between MSE and PSNR is that

these methods evaluate absolute errors.

The premise behind structural information is that pixels have a lot of
interdependence, especially when they're close together. These dependencies
communicate important information about the organization of the components in the
visual scene [54]. The SSIM score is depicted in equation (2,19).

(2pxky+ €1)(2oxy+ €2)
(HE+ W3+ c1) (0% + 03+ €2)

SSIM(x.y) =

Where

e U is the pixel sample mean of x.

e Uy is the pixel sample mean of y.

e o’ is the variance of x.

e o2 is the variance of y.

® oy the covariance of x and y.

e c1=(k1 L)? co=(k2 L)? are two variables to stabilize the division with a weak denominator.
e L is the dynamic range of the pixel values (typically this is 271t perpixel 1)

e ki =0.01and k2 = 0.03 by default.

38



Chapter Two Theoretical Background

2.6.3 Learned Perceptual Image Patch Similarity (LPIPS)

LPIPS approach is utilized to compare the perceptual likeness of two images. LPIPS
calculate the likeness of two image patch activations for an identified model. This
metric was discovered to correctly represent human perception. Perceptually, image

patches with low LPIPS scores are comparable [61].

The LPIPS metric is based on the use of so-called deep features in the construction
of a loss function. The measure has several conceivable versions, including lin, tune,
and scratch. Pre-trained network weights (F) are fixed in lin, but linear weights (w)
are learned. A pre-trained categorization model is employed for tuning, and all
network (F) weights are adjusted. For the last variation, scratch, a network is trained
using judgment from connected research and initialized with random Gaussian
weights [66]. The distance between a reference patch x and a distorted patch x0

determined with a given network (F) is provided by equation (2,20).
d(x%,%0) = Tz T IWe - Fhw = Fomn)l13 ... (2.20)

where §' and 'y are extracted deep embeddings from layer |, w; is a scaling vector

and (H, W) the spatial components [61].

2.6.4 Frechet Inception Distance (FID)
FID score [62] computes the distance of feature vectors obtained from real and

generated images.

The score sums up how comparable both of the groups are in terms of statistics on
CV aspects of raw images extracted from the inception v3 image categorization
network. The lower scores imply that the two groups of images are more comparable,
or that their statistics are more similar, whereas an ideal score of 0.0 indicates that

the two groups of images are equivalent.
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Lower FID values have been demonstrated to correlate better with better-quality
photos when utilized for assessing the quality of images created by generative

adversarial networks.

The inception value does not account for how generated and actual visuals compare.
The FID score was created with the objective of evaluating synthetic images by
considering the statistics of a collection of generated photos vs the statistics of a

collection of actual image from the desired domain [62].
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Chapter Three: The Proposed System

3.1 Overview

This chapter describes the main stages of the practical aspect of the thesis and the
methodology used to construct the proposed system. The proposed system includes
several phases to be able to perform a task that is capable of transferring a person’s
Image into a specific given pose. By first aligning the human parse of the source
person with the target pose and then using it to transfer the appearance of the input

Image to align with the target pose with another generator.

3.2 System Framework

The proposed system includes four phases as shown in Figure 3.1. The first phase is
preparing the dataset, two features are extracted from each image by pretrained
models the features are Keypoints Pose and Human Parsing images. The second
phase applies the necessary pre-processing on the image and the two features that
have been extracted from phase one. The third phase takes the source parse image
and transfers it to align with the target pose with a specific generator called Parse
Generator. The fourth and last phase takes the source image and transfers the
appearance of it to align with the target pose with help from the result of phase three.
3.2.1 Phase 1: Dataset Preparation

In this phase, the dataset is prepared to make it suitable for Human Pose Transfer

task by extracting two features from each image by pre-trained models.
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Raw Imags
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Figure 3-1 The Proposed System Framework

3.2.1.1 Dataset Organization

The images should be set as pairs where two images of the same person are taken
and paired so one of them will be the input image and the other one will be the target
Image. The pairs are saved as an Excel file with two columns the first column is the
paths of the source images and the second column is the paths of the target images.
The final files are a collection of (101967) training pairs and (8570) testing pairs.

3.2.1.2 Feature Extraction

The proposed system requires KeyPoints and Human parsing for each image and

since the dataset doesn’t provide these features thus this features will have to be

42



Chapter Three The Proposed System

extracted. First, the pose (Keypoints) is extracted using a pretrained Human Pose
Estimation (OpenPose) model. Second, the human parse (Semantic segmentation for
humans) of each person is extracted also using a pretrained Part Grouping Network

PGN model as illustrated in Figure 3.2.

/ Feature Extraction \
Images

| }

[ Human Pose Estimation (HPE) ] [ Part Grouping Network (PGN) ]

\ 4 Y

KeyPoints Human Parsing /

o

a- Human Pose Extraction

Figure 3-2 Feature Extraction

Since the Human Pose Transfer task is transferring a person’s image conditioned on
the pose and the dataset doesn’t provide the pose for each image the pose will have
to be extracted for each image using a pre-trained model. Human Pose Estimator
(OpenPose) will be applied to extract 18 key-point as pose representation these key-
points are (nose, neck, right shoulder, right elbow, right wrist, left shoulder, left
elbow, left wrist, right hip, right knee, right ankle, left hip, left knee, left ankle, left
eye, right eye, left ear, right ear) as shown in Figure 3.3 and Algorithm 3.1.

43



Chapter Three The Proposed System

(a) (b)

Figure 3-3 Poses detected using Human Pose Estimator (a) Dataset Images (b) poses extracted
using HPE

Algorithm 3.1: Human Pose Extraction

Input: Dataset Images.

Output: a CSV file contains 18 (x, y) points for each image in the dataset. Each point represents a
joint or a face landmark and the missing joint will be (-1).

Variables:

KeyPointsList: a list will be holding all the images KeyPoints.

KeyPoints: KeyPoints is a set of sets each one of the sets represents a point and contains the x
coordinate and the y coordinate.

Subset: a set shows the index of the available keypoints and -1for the missing ones.

xList: a list will be containing all the x coordinates of all the keypoints.

yList: a list will be containing all the y coordinates of all the keypoints.
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Begin

For image in dataset:
xList € -1 // initializing a list with all its values as -1
yList € -1 //initializing a list with all its values as -1
KeyPoints, Subset = OpenPose(Image) // Sending the image into the OpenPose Model
/I returning the keypoints and the Subset
For ID in Subset:
If (ID =-1): continue
else
X, ¥y = KeyPoints[ID] // KeyPoints are (X, y) coordinates
add x to xList[ID]
add y to yList[ID]

KeyPointsList.append([ImageName, yList, xList])

Header = [“ImageName”, “KeyPoint_y”, “KeyPoint_x’]

with open (‘ImageAnnotations.csv', 'w") as file: // make a csv file to add the keypoints
write the header row only once

write the KeyPointsList into the csv with each image taking row

End

b- Human Parsing Extraction

Most of the published papers about Human Pose Transfer are only using key-points

as a condition to transfer the person’s image into the target pose although it’s

working very well but key-points only provide so little information about the pose

and don’t cover the shape of the body this may lead to unsharp images. To solve this

Issue, another pose representation will be added along with the key-points that will

be Human Parsing. The process of segmenting a human image into fine-grained

semantic elements such as the head, chest, arms, and legs is known as human parsing

as in Figure 3.4. PGN will be used to produce human segmentation maps with 20
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labels (Background, Hat, Hair, Glove, Sunglasses, Upper-clothe, Dress, Coat, Socks,

Pants, torso-skin, Scarf, Skirt, Face, Left-arm, Right-arm, Left-leg, Right-leg, Left-

shoe and Right-shoe).

Because the human parser's projected 20 segmentation maps contain some unclear

regions like (left arm and right arm), the classes will be rearranged into 12 classes:
1. background (sunglasses)

hat

hair

upper clothes (scarf, coat)

dress

pants

neck (torso-skin)

skirt

© o0 N o g~ w N

face
10.hands (left arm, right arm, gloves)
11.legs (left leg, right leg)

12.shoes (left-shoe, right-shoe, socks).
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(@) (b)

Figure 3-4 Parsing maps extracted using Part Grouping Network (a) Dataset Images (b)
segmentation images extracted by PGN

The process of extracting the human parsing using PGN and the reorganization of

the classes is illustrated in algorithm 3.2.

Algorithm 3.2: Human Parsing Extraction

Input: Dataset Images.
Output: Human Parsing map for the input image, in the image each pixel is classified into

specific classes and Reorganize them into 12 classes.

Variables:

from_label: list of the original classes.

to_list: list of the reorganized classes.

Parse: the output of the PGN where each class is classified into a specific class.

Begin
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from_label =[0, 1, 2,3,4,5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19]
to_label = [0, 33,1, 8,0, 2,3, 2,10,4,5,2,6,7,8,8,9, 9, 10, 10]
For image in dataset:
Parse = PGN(Image) // pass the image to PGN model to get the labeled image
img = cv2.imread(Parse) // read the image
For label in range(len(from_label)):
Parse [Parse == from_label[label]] = to_label[label] // reorganize the labels
Parse [Parse == 33] = 11 // swap every pixel with value 33 to 11

cv2.save(Parse) // save the reorganized image

End

3.2.2 Phase 2: Pre-processing

Pre-processing is an essential part of every system, the image and the two features
that have been extracted in phase one the key-points and the human parsing will be
prepared to be ready to enter the generator and the discriminator models.

3.2.2.1 Image Pre-processing

Image pre-processing includes all the images in the dataset. First, the images will be
cropped and then normalized and finally filtered.

a- Images Cropping

For the image pre-processing first the unnecessary parts of the images are cropped,
which will not only reduce the computation time due to fewer pixels being used but
also affects the quality of the generated image also due to removing the unnecessary

parts of image. The original image is a size of (256, 256) as shown in Figure 3.5.
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) &
Figure 3-5 The original image from the dataset before cropping

The left and right grey regions will be removed from the image by cropping them.
Figure 3.6 shows the image after the image is cropped it resulting in shape (256,
176).

J &
Figure 3-6 The Image after Cropping

b- Normalization

After cropping the image, the images should be converted to tensors so they can be
used in training also the images will be scaled from the [0, 255] range to the [0, 1]
range since the computation of large numeric values may become more difficult

when the images are used as they are and send them through a Deep Neural Network.
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Thus scaling the images is done therefore the numbers will be small and the
computation becomes easier and faster.

The next step is to normalize the images because data normalization is a critical
process that guarantees each input pixel gets the same distribution of data. This
speeds up convergence while training the network. Data normalization involves
taking away the mean of each of the pixels and divide the outcome by the standard
deviation. Such data would have a distribution resembling a Gaussian curve centered
at zero. Also since GAN is used in this thesis and the GAN models for images always
end with a Tanh activation function which ranges the output pixels between -1 and
1. The input images need to be normalized so it has the same range as the output
Images to be more accurate when calculating the loss functions. After scaling down
the image’s pixel value from [0, 255] to [0, 1] and normalizing it with 0.5 mean and
0.5 std the result range will be [-1, 1] which is the optimal range when training
GAN:S.

c- Dataset Filtering

Another step in pre-processing is the excluding of the “non-person” images in the
dataset there are some images where it only shows clothes as in Figure 3.7 and no
human in the image so these images will be removed since they are useless for
Human Pose Transfer task, this process will be done after extracting the key-points
for each image where it will be filtered on a simple condition. The condition is the
image has to at least have these 4 key-points to be a valid image, these keypoints are
(Left Shoulder, Right Shoulder, Left Hip, Right Hip).
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Figure 3-7 Only cloth images in the dataset

3.2.2.2 Key-points Pre-processing

In terms of the key-points, they will also have to be prepared to be ready to enter the
generator and the discriminator models. The output from the pre-trained HPE model
IS just 18 (X, y) points each coordinate indicate a certain key-points thus every key-
point will be projected in a separate channel resulting in a total of 18 channel each
channel will be a same shape as the cropped image (256, 176) as shown in Figure
3.8. Dividing each key-point into a different channel gives us more control over the
pose and easier training since each key-point will have its own channel not just a
small region in one channel.

3.2.2.3 Human Parsing Pre-processing

Human parsing (semantic segmentation for humans) also has to be prepared to be
ready to enter the generator and the discriminator models. The output gotten from
applying the pretrained Part Grouping Network model on the images is an image
where each pixel is classified into one of the 12 classes (background, hat, hair, upper
clothes, dress, pants, neck, skirt, face, hands, legs, shoes). For more control over the
given human parse image it will be divided where each class has its own channel

same as the key-points resulting in 12 channels and each channel have the same
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shape as the cropped images (256, 176). Dividing the images into separate channels
based on the classes not only gives us more control and easier training but also giving

us the ability to transfer each region independently for future generator architecture.

[
]

Figure 3-8 Keypoints Pre-processing

KeyPoints
Pre-processing

3.2.3 Phase 3: Parse Generator

Human Pose Transfer is transferring the appearance of the source image to align
with the target image conditioned on the pose and the human parsing, in human
parsing there might be a big difference between the source and target images like the
source person is tall, wearing different cloths, fat or slim, it may differ significantly
so source human parsing should also be transferred to align with the desired pose
also to maintain the original image's appearance and shape. An encoder-decoder

architecture was designed and called the Parsing Generator to perform this task.
Table 3.1 shows the architecture of the generator (Cout is 12 in the parsing generator

one channel for each part). The inputs for the parse generator are the input image,
source pose, source parse image and the target pose as shown in Figure 3.9, with

these inputs the generator learns to generate the target parsing map.
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Two loss functions have been used the first one is the reconstruction loss represented
as the L1 distance loss between the original parse image and the desired parse image,
the equation of the L1 loss function is in equation (2.10).

The second is loss is categorical cross-entropy, which is used to motivate the parse
generator to generate better-quality parse images. The equation for the categorical
cross-entropy loss function is in equation (2.7).

where M, is the ground truth parsing map and M, is the generated parsing map and
N is the number of label classes (in this research, N = 12) and S is softmax activation
function.

The total loss function of the parse generator is the addition of both of the loss

functions with equal weights and it can be formulated as equation (3.1)

LParsing = Llog + Lt’l (31)

Generated Parsing

Figure 3-9 Parse Generator
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Table 3.1: The network architecture (Co.: is the number of output channels).

Operation Stride Output Shape
Input (256,176,47)
GatedConv 2 (128,88,64)
GatedConv 1 (128,88,128)
GatedConv 2 (64,44,256)
GatedConv 1 (64,44,256)
ResBlock (64,44,256)
ResBlock (64,44,256)
ResBlock (64,44,256)
GatedDeconv 1 (128,88,256)
GatedConv 1 (128,88,128)
GatedDeconv 1 (256,176,64)
GatedConv 1 (256,176,32)
Conv 1 (256,176, Cou)

3.2.4 Phase 4: Image Generator

The Last and final phase in the proposed system is generating the target image which
should be aligned along the conditioned pose and the generated human parse which
generated from phase 3 the Parse Generator. The same encoder-decoder architecture
has been adopted as the parsing generator as shown in Table 3.1 (Cout is 3 in this
generator because it outputs a colored RGB image), but obviously with different
weights because it’s trained to do a different task. The input image, source parse
Image, target pose and the output of the parse generator (generated human parse
image) are concatenated then fed to the image generator outputting an image with
the input image appearance and the target image pose as shown in Figure 3.10.
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Source Image

Source Parsing

Image Generator
g Generated Image

Generated Parsing

Parse Generator

Target Image Target Pose

Figure 3-10 Image Generator

The generator is trained with three loss functions. The first loss function is the
conditional adversarial loss with two discriminators. Appearance discriminator to
make sure to have the right texture and pose discriminator to ensure that the
generated image is aligned with the desired pose. The loss functions are defined as
equation (2.12)

another loss function is also used called L1 (Manhattan Distance) distance to
calculate the distance among the synthesized image Ig and the real image I, as shown
in equation (2.10).

Since perceptual loss has been so successful in image generation it has been added
as a third loss function for the Image generator. Perceptual loss is applied to calculate

the distances between high-level features from a pretrained model among the
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generated image lg and the real image It. The formula of the perceptual loss is in

equation (2.11)

Finally, the total loss function of the image generator is the weighted addition of all
of the three loss functions and this loss function will be used to train the image

generator. It can be formulated as equation (3.2).

LImage = MLy + }\ZLpercep + Aslcgan---- (3.2)

where )4 is the weight of the L1 loss function, and A, is the weight of the perceptual
loss function, and lastly As represents the weight of the adversarial loss function.

Figure 3.11 illustrate how the loss functions are calculated and Algorithm 3.3 shows

the entire training process.

Pose

Discriminator

GAN Loss

Appearance

Discriminator

Target Image

perceptual Loss

Generated Image

Target Image

Total Generator Loss

L1 Loss

LT LT T

Generated Image

Figure 3-11 Generator Loss Function

Algorithm 3.3: Image Generator

Input: Sourcelmage, Targetimage.

Output: an image has the appearance of the source image and is aligned with the target pose.

Begin

Dataset Preparing

SourceKeyPoints = HumanPoseExtraction (Sourcelmage)
TargetKeyPoints = HumanPoseExtraction (Targetimage)

SourceParse = HumanParseExtraction (Source Image)

56




Chapter Three The Proposed System

Data Preprocessing

Sourcelmage = ImagePreprocessing (Sourcelmage)
Targetlmage = ImagePreprocessing (Targetimage)
SourcePose = KeyPointsPreprocessing (SourceKeyPoints)
TargetPose = KeyPointsPreprocessing (TargetKeyPoints)

SourceParse = HumanParsingPreprocessing (SourceParse)

Image Generator

ParseGenerator = GeneratorModel () // initializing the Parse Generator
ImageGenerator = GeneratorModel () // initializing the Image Generator
AppearanceDisc = ResNetDiscriminator () // initializing the Appearance Discriminator

PoseDisc = ResNetDiscriminator () // initializing the Pose Discriminator

/I Extracting the Generated target parse from the parse generator

GeneratedTargetParse = ParseGenerator (Sourcelmage, SourceParse, SourcePose, TargetPose)

/[Training The Discriminators
// DiscGenRatio is the ratio of training the discriminator to the generator in this case the
/1 discriminator will be trained twice as much as the generator (1:2)
For from 0 to DiscGenRatio
Generatedlmage = ImageGenerator (Sourcelmage, SourceParse, TargetPose,
GeneratedTargetParse)
/I Appearance Discriminator Training
Real Appearance = AppearanceDisc (Sourcelmage, Targetimage) // Real pair

FakeAppearance = AppearanceDisc (Sourcelmage, GeneratedImage) // Fake pair

/[ calculate the loss function of the appearance discriminator using Wasserstein GAN loss

AppearanceLoss = WassersteinGAN (Real Appearance, FakeAppearance)
AppearanceDisc.UpdateWeights (AppearancelLoss) // update the weights

// Pose Discriminator Training
RealPose = PoseDisc (Targetimage, TargetPose) // Real pair
FakePose = PoseDisc (Generatedlmage, TargetPose) // Fake pair
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/I calculate the loss function of the pose discriminator using Wasserstein GAN loss
PoselLoss = WassersteinGAN (RealPose, FakePose)
AppearanceDisc.UpdateWeights (AppearanceLoss) // update the weights

// Generator Training

FakeAppearance = AppearanceDisc (Sourcelmage, Generatedimage)
FakePose = PoseDisc (Generatedlmage, TargetPose)

GANLoss = WassersteinGAN (FakeAppearance, FakePose)

L1 Loss = L1 (Targetimage, Generatedimage)

Perceptual_Loss = Perceptual (Targetimage, GeneratedImage)

/Il Calculate the total loss function for the image generator

Total Generator Loss =A1 * L1 Loss + A2 * Perceptual Loss + A3 GAN_Loss
Il updating the weights of the image generator
ImageGenerator.UpdateWeights (Total_Generator_L0ss)

/l This algorithm is for one image only, it will be repeated for each image in the dataset
End

3.3 Generative Adversarial Networks Models

There are two components of Generative Adversarial Networks the main component
Is the Generator and the second component is the Discriminator. This thesis will
propose its own Generator and Discriminator architectures.

3.3.1 Generator Model

The Generator is a neural network that is responsible for generating images, video,
sounds etc. An encoder-decoder architecture was used as shown in Figure 3.12
where the encoder down size the input image to (64, 44) shape, and after the
ResBlocks it is reversed with the decoder to get back to the original shape. Various
techniques were used in the generator because they were suitable for Human Pose
Transfer task. Because this task is defined as an “unaligned” task the generator will

heavily depend on attention mechanisms thus the generator has two levels of
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attention, the first is pixel-wise attention which is represented by using gated
convolution instead of vanilla convolution layer. The second attention level is
channel-wise attention which is represented in squeeze and excitation blocks (SE
Block). Also, skip connections used the same as Residual Networks, these skip

connections were used in ResBlocks, three ResBlocks were used due to the limited

Output
(3, 256, 176)

Gated Conv
(32, 256, 176)

computation power while the intended number of ResBlocks was five.

input
(45, 256, 176)

Gated Conv
(64, 128, 88)

Gated DeConv
(64, 256, 176)

Gated Conv
(128, 128, 88)

Gated Conv
(128, 128, 88)

Gated Conv
(256, 64, 44)

Gated Conv Gated DeConv
(256, 64, 44) (256, 128, 88)
. Res Block 1 Res Block 2 Res Block 3
@ Addition (256, 64, 44) (256, 64, 44) (256, 64, 44)

Figure 3-12 Generator Architecture

3.3.1.1 Gated Convolution

Gated Convolution is giving a weight for each pixel selecting only the important
regions and these weights and learnable parameters that will learn to pick the desired
areas to deform throughout the training stage.

Gated convolution may gather important information at each spatial position for the
Parse Generator, which is excellent for maintaining semantic components of the
person (e.g., clothing style). To produce a textured human image, gated convolution
can maintain critical characteristics while deforming vital areas.

As a result, all normal convolutions are replaced with gated convolutions in order to
acquire and distort features adaptively. Gated Convolution sends the input in two

different streams the first one is a normal convolution layer with a ReLU activation
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function while the second stream is also passing the input through a convolution
layer but with a Sigmoid activation function to scale the output values between (0,
1) because they will be the attentions score for each corresponding pixel in the first
stream. After that the output of both the streams is multiplied to get the final output

from the GatedConv. Figure 2.8 shows the architecture of the GatedConv block.

3.3.1.2 Squeeze and Excitation

Squeeze and Excitation (SE), along with Gated Convolution, is the second level of
attention in the generator model. Squeeze and Excitation enhance channel inter-
dependencies while consuming essentially little computing resources. It provides a
significant performance improvement. The basic concept is to add variables to every
layer of a convolutional blocks in order that the network itself might automatically
change how it weights each of its feature maps. As a result, only the most significant
channels are considered.

The SE Block that is used in the generator model consist of an adaptive average
pooling layer that squeezes the entire channel down to a single value and then passes
it through a conv layer for further computations with the SiL U activation function
continuing with another conv layer but this time with sigmoid activation functions
to scale the output between (0, 1) and give the final attention score which will be
multiplied with the input of the Squeeze and Excitation Block so each attentions

score excite its corresponding channel as shown in Figure 3.13.
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Res Block 1 Gated Conv
Res Block 2 Adaptive Average
Pooling
Gated Conv |
‘ Conv
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| |
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L _\\;/, SE Block
Res Block 3 Gated Conv
@ Addition () multiplication
Ny

Figure 3-13 ResBlock and SE Block details

3.3.2 Discriminator Model

By replicating the ground truth distributions, GANs are utilized to create realistic
looking images. In conventional generative adversarial networks, the discriminator
is utilized to identify if the generated image is real or fake in order to motivate the
generators to generate realistic images. In addition to providing realistic images, it
Is critical for conditional image generation activities to guarantee that the created
images fulfil the condition image criteria (for example, in human pose transfer, the
pose of the generated image needs to be matched with the target pose). As a result,
two discriminators have been used: a pose discriminator and an appearance
discriminator, to motivate the generators to produce images that are aligned with the
target pose while keeping the appearance that was present in the source image. The

CGAN loss function is shown in equation (2.12).
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3.3.2.1 Appearance Discriminator

The appearance discriminator aims to keep the appearance of the generated image
as close as to the source image, the inputs to the appearance discriminator are two
pairs one of them is real represented by (source image, target image). The second
pair are the fake pairs represented by (source image, generated image) as in Figure
3.14.

Appearance
Discriminator

( ([

Appearance
Discriminator

( i =

Figure 3-14 Appearance Discriminator

Real Pair

3.3.2.2 Pose Discriminator

The pose discriminator aims to keep the pose of the generated image aligned with
the target pose, the inputs of the pose discriminator are two pairs real and fake. The
real pair is represented by (target image, target pose), while the fake pair is

represented by (generated image, target pose) as shown in Figure 3.15.
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Figure 3-15 Pose Discriminator
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3.3.2.3 Discriminators Architecture

The discriminator’s architecture shown in Figure 3.16 down-samples the input
images to (64,44) and then passes it through four ResBlocks which outputs a
(256,64,44) output shape where the first number represents the number of channels
while the second and third represent the resolution of each channel. The output goes
directly to the loss function to get the GAN loss value in order to add it to the other

loss functions (perceptual and L1) to get the final loss value.

Input
(6, 256, 176)

Conv
(64, 256, 176)
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Figure 3-16 Discriminator architecture

Res Block2 | ~

(256, 64, 44) | N

3/

3

63



Chapter Three The Proposed System

3.3.3 GAN Loss Function

There are two models in GAN implementation: discriminator and generator. After
being trained directly on actual and generated photos, the discriminator is
responsible for classifying photographs as real or not. Rather than directly training
the generator, the discriminator model is employed to teach it. The discriminator is
particularly trained to generate the generator's loss function.

The Wasserstein loss is based on observing that typical GANs are driven to reduce
the distance between the true and predicted probability distributions, which is
commonly referred to as the Jensen-Shannon divergence or Kullback-Leibler.
Rather they propose modeling the issue using the Earth-Mover distance, often
known as the Wasserstein-1 distance. The Earth-Mover's distance is the distance
between two probability distributions measured in terms of the cost of transforming
one distribution (pile of earth) into another.

The GAN with Wasserstein loss involves altering the discriminator into a critic that
is updated more frequently than the generator model (e.qg., five times as frequently).
The score is derived in such a way that the difference between the scores for true
and fake images is as little as possible.

Because of the benefits of the Wasserstein mentioned in Chapter 2 section 2.6.3

Wasserstein loss is used instead of the original GAN loss function.
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Chapter Four: Experimental Results and

Discussion

4.1 Overview

This chapter includes an explanation of the experiments and results for each step
of the proposed model. In addition to explaining the used dataset in the proposed
system, the hardware, and software used to implement the proposed system. The

results of the stages are sorted by their appearance in Chapter Three,

4.2 Hardware Requirements

Implementing image processing systems using machine learning with a deep
learning approach requires high computer resources to apply flexibly, especially
with huge datasets. Therefore, the proposed model was implemented using two main

sources:
A. Local Hardware

e Central Processing Unit (CPU): Intel(R) Core(TM) i7-8750H CPU @
2.20GHz.

e RAM: 16 GB.

e Graphics Processing Unit (GPU): NVIDIA GeForce GTX 1060 6GB.

e Hard Disk: 256 GB SSD.

e Operating system: Windows10, 64 bit.

e Programing language: Python 3.9 Anaconda with PyCharm 2022 IDE.
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B. Cloud GPU

e Google Colab Pro subscription for 1 month.

e Google Colab Pro+ subscription for 1 month.

4.3 The Experimented Dataset

DeepFashion database is a large-scale clothing database [63] with various enticing

features:

* DeepFashion, the biggest visual fashion research database, has over 800,000 varied

fashion images ranging from well-posed store shots to unrestricted consumer photos.

* Second, DeepFashion contains detailed information on clothing goods. This dataset
labels each image with 50 categories, 1,000 descriptive features, a bounding box,

and clothing landmarks.

* DeepFashion also includes approximately 300,000 cross-pose/cross-domain image

pairings.

The DeepFashion database is used for developing four benchmarks: attribute
prediction, consumer-to-shop clothes retrieval, in-store clothes retrieval, and

landmark detection.

4.4 Dataset and Implementation Details

DeepFashion Inshop Clothes Retrieval Benchmark [63] is used for the experiment,
which has 52712 photos with a resolution of (256x256). The attitudes and looks of
the images vary.

First, the parsing generator is trained for 50 epochs, after obtaining a decent result

from the parse generator, the parse generator stop training. The input of the parse
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generator is the target pose, source pose, source image and source parsing image, the
result is a generated parse image aligned with the target pose.

The discriminators and the image generator are alternatively trained for 50 epochs
and the discriminator is trained twice as much as the generator. The inputs of the
Image generator are the source image, source parse image, generated parse image
and the target pose, the result is the final generated image.

While the appearance discriminator takes the (source image, target image) as the real
pair and (source image, generated image) as the fake pair, and the pose discriminator
takes (target pose, target image) as the real pair and (target pose, generated image)
as the fake pair.

The ratio of generator-discriminator training is (1:2) the discriminator is trained
more than the generator to obtain a better discriminative power in order to get better
results from the image generator. Adam optimizer is used with b1=0.5 and b2=0.999
and learning rate=1e-4. Also, the values of the A1, A2, and A3 in the generator loss are

(1, 1, 5) respectively.
4.5 Features Extraction

This section will be about the results of the feature extraction stage in the data

preparation phase.

4.5.1 Pose Extraction

The Human Pose Estimation system that has been used in this thesis to extract the
pose is called “OpenPose” after downloading the project and the weights the images
are fed to the model to get 18 (x, y) coordinates for each point representing a joint
or a face landmark. After getting the coordinates it will be saved in a csv file as
(ImageName, Keypoints_y, Keypoints_x).

If a full-person image is fed to OpenPose the output should be 18 (X, y) points as

shown in Figure 4.1.
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Figure 4-1 Pose Extraction

4.5.2 Human Parsing Extraction

The human parsing system that has been used in this thesis is Part Grouping Network
(PGN). After downloading the project and the weights now human parsing maps
will be extracted for each image in the dataset. When the images are fed to the PGN
model the output should be an image where the person in the input image is
segmented into 20 classes. After receiving the segmented image, the classes will be

reorganized into 12 as shown in Figure 4.2.
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Re-orginizing

Figure 4-2 Human Parsing Extracting

4.6 GAN Model Experiments

In this section, the development of the MLA-GAN will be described as well as the
stages of and all the tests that have been done.

All the tests will be on a sample of the dataset. This sample will be 200 pairs with
50 epochs for each test.

4.6.1 Generator Architecture

The Generator is the main part of GANs, since it’s the most important part more
tests will be done with the generator than the discriminator, after having a look at
serval pre-trained models architectures like (LeNet, VGG, InceptionNet, ResNet,
EfficientNet, Xception, SE-Net, U-Net) and serval types of GAN architectures like
(vanilla GAN, C-GAN, DC-GAN, Pix2Pix-GAN, Cycle-GAN, Pro-GAN, SR-
GAN, Style-GAN), basic knowledge is gained about how to build a deep neural
network for GAN from scratch.

4.6.1.1 Generator Architecture Version 1 (V1)

An encoder-decoder architecture network with convolution and residual blocks was
the baseline of the network as shown in Figure 4.3. The convolution block consists
of a convolution layer, instance normalization and ReL.U respectively.

The convolution layer parameters are (kernel-size = 3x3, stride = 2, padding = 1,

padding-mode = “reflection”):
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a- kernel size of 3 was used because of the following:

o first odd numbers are very preferable over even numbers when it comes
to picking a kernel size due to the odd kernel size having a center
position, unlike the even kernel size.

o Second, the smaller the kernel size the smaller the computations needed
due to having fewer parameters to update while back-propagation.

b- The stride used was 2 to downsize the feature maps to half.

c- While the padding was used to make sure the downsizing is perfectly the half
of the input feature map else it would be minus one dimension because the
kernel size used is a (3x3), while the padding mode was used is “replicate”
because the borders of the images are unimportant in our case so it just
replicates the nearest pixel to it which is 99% are just white background pixels
in the dataset.

About the normalization layer, instance normalization was chosen which normalizes
each channel of each sample individually because every single channel should be
independent of the other channels due to the nature of human pose transfer.

RelLLU was utilized as the activation function, which stands for “Rectified Linear
Unit”. Main advantage of using this activation versus the others is that it won't
simultaneously triggers all of the neurons. This indicates that neurons are only going
to be silenced if the result is lower than zero. Negative input values result in zero,
indicating that the neuron is not activated. The ReLLU function is significantly faster
in terms of computation than the other function since it just engages certain groups

of neurons.
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Figure 4-3 lllustration of the early steps in developing the Generator

The Res Block consist of three Conv Blocks with a “ResNet “skip connection as
shown in Figure 4.4,

Skip connections take the input features of the res block and add them with the output
of the third conv block features at the end of the res block right before the output.
This procedure takes no additional parameters since the result from the layer before
it is added to the layer ahead. The skip connection of ResNet allowed us to build a
deeper network to solve even more complex tasks.

4.6.1.2 Generator Architecture Version 2 (V2)

In this version of the generator, skip connections have been added between the
encoder and the decoder to transfer the feature maps of the encoder directly to the
decoder just like U-net skip connections as shown in Figure 4.5. The layers in the
encoder part are concatenated with layers in the decoder part. Long skip connections
are used to transfer features from the encoder side to the decoder side, permitting the
recovery of spatial information left while down-sampling. These skip connections
are different from the ones used in the Res Block, the skip connections between the

encoder and the decoder are called long skip connections to reuse the features of the
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encoder in the decoder by concatenating them, while the skip connections in the Res

Block are short connections and it adds the input to the output of the res block.

Res Block 1
[

¥

Res Block 2

Conv Bleck
Conv Bleck
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—

l

Res Block 3

EB Addition

Figure 4-4 Res Block details
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Figure 4-5 The Generator Architecture after adding the skip connections
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4.6.1.3 Generator Architecture Version 3 (V3)
In generator V3 vanilla convolution was replaced with gated convolution as shown

in Figure 4.6 as well as adding squeeze and excitation blocks.
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a- Gated Conv: normal convolution layers show that the result values are generated
using the same filter in all spatial locations. It accepts every pixel as acceptable
values and uses a sliding window for obtaining local features. which is useful for
applications like as object identification, image segmentation, and aligned tasks.
However, for misaligned tasks, such as human pose transfer, vanilla convolution
features do not necessarily have a good influence on the result. As a result, learning
a dynamic feature selection process to modify the image is increasingly critical. Thus
using gated convolution is more suitable for this task by adding attention to each

pixel.
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Figure 4-6 The Generator Architecture After adding the Gated Conv

Gated DeConv
(1024, 16, 11)

b- Squeeze-and-Excitation Networks (SENets): SENets presented a CNN
building block that increases channel interdependencies at nearly no computational
cost. They provide significant performance gains and are simply integrated into
current designs. The core concept is to add variables to every channel within a
convolutional block in order that the algorithm may modify the importance of every
feature map adaptively. So the second gated conv block is replaced with a squeeze

and excitation block instead as shown in Figure 3.15.
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SE blocks have been used because in our task not all channels are equally important
thus an attention mechanism was needed over the feature maps to pick the most
useful features that directly help to transfer either the human parsing in the Parse
Generator or transferring the appearance in the Image Generator.

SE blocks use a third type of skip connection, unlike the ResNet skip connections
which are added to the output, and the U-net skip connection are concatenated, SE
skip connections are the multiplication of the input with the output because the

output of SE block will be only the attention scores.

4.6.1.4 Generator Architecture Version 4 (V4)

Long skip connections have been removed between the encoder and the decoder due
to the nature of this task which is unaligned which means the input image is not
aligned with the generated image, unlike semantic segmentation which is an aligned
task (U-net major usage is in semantic segmentation tasks). The tests after removing
the long skip connection yielded better generated images. But this issue can be fixed
by adding a transformation block before concatenating the encoder features with the
decoder features. This transformation block should be trained to make the encoder
features aligned with the target image. In this case, the long skip connection would
be useful in this task, but this will be a future work due to the limited resources
during the development of this generator architecture. Figure 4.7 shows the

architecture after removing the skip connections.

4.6.1.5 Generator Architecture Version 5 (V5)

The number of down samples has been reduced from 4 down samples which made
the feature map size to be (16, 11) to only 2 making the feature map size to be (64,
4), thus getting the feature maps bigger in the Res Blocks. The new feature maps did
affect the generated images for the better. We are not exactly sure why it yielded
better results but it may be due to bigger feature maps that can learn more complex
features and with the channel-wise attention this paired very well.
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Figure 4-7 Generator Architecture after removing the skip connections

But getting the feature maps bigger brought another problem during the training
which is the computation. Thus the number of channels has been limited to (256)
instead of (512). This did affect the generated image but not significantly while it
did reduce the training time quite well. The final form of the generator is shown in
Figure 3.13.

With this architecture, we are satisfied enough with the result but we would like to
keep developing and testing more techniques and tweaking the architecture
unfortunately due to the limited time the development stopped with the current

architecture.

4.6.1.6 Generators Comparison Results

Comparing the different versions of the generators according to four metrics (IS,
SSIM, LPIPS, FID) in Table 4.1. The table shows the evolution of the generator

during the development process and its noticeable that adding the attention to the

generator enhances the result.
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Table 4.1 Comparison of different versions of the generator

Generator NY) SSIM1 LPIPS| FID| Number of
Version Parameters|
V1 2.3877 0.3561 0.3731 37.7260 15.6M
V2 2.5082 0.6278 0.3684 24.64329 30.8M
V3a 2.6344 0.7064 0.2492 15.5304 39.6M
V3b 2.7391 0.7638 0.2147 12.7649 35.4M
V4 2.7709 0.8900 0.1471 9.6994 20.8M
V5 2.6641 0.8497 0.1751 10.3568 7.5M
Real Data 2.7894 1.0000 0.0000 0.0000 -

The aforementioned table presentation has undergone experimentation involving a
dataset comprising a mere two hundred pairs. Each testing iteration, spanning fifty
epochs, was executed. In the initial generator iteration denoted as V1, a
convolutional neural network (CNN) employing an encoder-decoder architecture
was exclusively utilized. Subsequently, in the second generator iteration (V2), an
augmentation was introduced in the form of skip connections extending from the
encoder to the decoder. This augmentation is discernible in the substantial increase
in the count of trainable parameters. Consequently, the augmented parameter load

contributes to an extended training duration.

The third version (V3) introduces an attention mechanism into the generator, applied
across two distinct levels. In the first tier (V3a), conventional convolutional layers
were replaced with gated convolutional layers. While this substitution led to
Improvements in results, it simultaneously engendered a notable expansion in the

parameter space, thereby potentially complicating the training process. Upon the
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introduction of the second tier of attention (VV3Db), characterized by the incorporation
of squeeze and excitation blocks within the residual blocks, a twofold effect was

observed: a reduction in the parameter count and an amelioration in results.

Generator iteration four (V4) departs from the approach undertaken in V2 by
omitting the integration of skip connections. This deliberate omission yielded a
substantial reduction in parameter count, nearly fifty percent, consequently
expediting the training duration and concurrently enhancing output quality. The
developmental constraints imposed by limited temporal and resource provisions
necessitated a further reduction in training time was applied in generator version five

(V5), even if accomplished at the expense of the resultant image quality.

4.6.2 Discriminator Architecture

The discriminator is the second model of GAN and it is only used during training.
The discriminator is nothing more than a classifier. It tries to distinguish between
real and fake data. It can employ any kind of network layout appropriate for the kind
of data getting classified.

The discriminator's training data is taken from two sources. The first is real data
examples, such as actual images of people. The discriminator views these images as
positive examples during training. The second is the generator's fake data images.

The discriminator uses these images as negative examples during training.

4.6.2.1 DC-GAN Discriminator

DC-GAN paper proposed a simple discriminator with a single-digit output. With the
output being as close to (1) is an indication that the input image is a real image
(ground truth) while if the output is closer to (0) this represents that the input image
Is fake (generated). This discriminator can be shown in Figure 4.8. But the issue with
this discriminator it’s too simple for this task, the discrimination power of this

discriminator is not powerful enough.
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Figure 4-8 Single Digit Discriminator

4.6.2.2 Patch Discriminator

After the single digit discriminator, another type of discriminator has been tried
called patch discriminator. Patch discriminator output is a single channel but it has
height and width (matrix) the idea behind it is that each pixel tells if the
corresponding area to it in the input image is fake or real. For example, if the output
of the patch discriminator is (2x2) that the original image is divided into 4 quarters
and each pixel of the output is corresponding to one quarter. This discriminator can
be shown in Figure 4.9. After using this discriminator, it improved the quality of the
Images due to the fact that a better discriminator can in turn leads to a better

generator. Because the better the discriminator can get in distinguishing between the

real and fake images the better the chance of training the generator to optimality.
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(32.16.11)

Figure 4-9 Patch Discriminator

output
(1.16.11)

4.6.2.3 ResNet Discriminator

Another discriminator was tested and that is the ResNet Discriminator. It is called
the ResNet discriminator due to it having few residual blocks in its architecture. The
idea behind using this discriminator is to use the internal features instead of a few
parameters thus resulting in a better discriminating power. The ResNet discriminator

can be shown in Figure 3.18.

4.7 Visual Results

In this section, visual results will be shown for the proposed system including both
the parse and the image generators along with the inputs. The results are shown in
Figure 4.10. We can note the importance and the effect the parse generator has on
the image generator; the image generator just fills the texture depending on the parse
generator output. Also from the below figure we can notice some mistakes with the
parse generator if the target image is wearing shorts but this isn’t clear in the input
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Image the parse generator assumed the input image was wearing pants instead due
to lack of information in the input image so the parse generator just predicted pants

because it is the dominant class over the shorts in the dataset.

Source Source Target Target Target Generated Generated
Pose Parsing Image Pose Parsing Parsing Image

Figure 4-10 Visual Results
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4.7.1 Parse Generator
The results of the parse generator are shown in Figures 4.11 and 4.12. In the Figures,
the input image is on the left and the condition pose and the output of it is on the

right.

Figure 4-12 Parsing Generator results
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4.7.2 Image Generator
The results of the image generator are shown in Figures 4.13 and 4.14. In the figures,
the input image is on the left and the condition pose and the output of it is on the

right.

Figure 4-14 Image Generator results
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4.8 Quantitative Comparison

Four metrics were employed as evaluation metrics to assess the efficacy of human
pose transfer. The qualitative results are applied on DeepFashion dataset. Table 4.2
compares the findings of 8750 test images to the state-of-the-art approach.

The Inception Score (IS) and Structural Similarity (SSIM) are two popular
assessment measures for quantifying perceptual performance and image quality.
SSIM directly compares the reconstructions to the original images. Because the
technique varies from both by creating images based on pose and appearance, it
highlights the value of conditional representation for image production. Unlike
SSIM, the inception score is calculated on the collection of reconstructed images
apart from the original images.

Learned Perceptual Image Patch Similarity (LPIPS) is utilized to determine the error
of reconstruction among the created image and the real in order to match human
judgment. The Frechet Inception Distance (FID) is a metric used to assess the
realism of produced images. LPIPS computes the perceptual distance between
produced images and references images. It denotes the perceived distinction between
the inputs. Meanwhile, FID computes the Wasserstein-2 distance between the
produced image distributions and the ground-truth image distributions.

the results obtain the best FID performance, which is more compatible with human
judgment, indicating that the model not only creates realistic images but also
maintains shape and texture consistency.

In terms of IS, the model gained the 3" place in the table with only a 0.001 difference
from the 2" place. The same with SSIM the model took the 3" spot with a 0.003
difference behind the 2" spot. While in LPIPS the model again took the 3™ place.
But this research took 1% place in the FID score. Besides, this model has the fewest

parameters.
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We need to mention that this score isn’t the full potential of the generator model
because it wasn’t fully trained because it requires very high computation power.
Unlike the models we compared which had access to high-end GPUs and were able
to train their models for (200-800) epochs while we only been able to train the model
for 50 epochs.
Table 4.2: Results comparison with state of art papers. Bold indicates the highest
score and underline indicates the second highest score.
Method ISt | SSIM? | LPIPS| | FID| | Number of

Parameters |

Deformable GANSs for Pose-based Human 3.439 0.756 0.2330 18.457 82.08M

Image Generation

A Variational U-Net for Conditional 3.087 0.786 0.2637 23.667 139.36M

Appearance and Shape Generation

Progressive Pose Attention Transfer for 3.209 0.773 | 0.2533 | 20.739 41.36M

Person Image Generation

Dense Intrinsic Appearance Flow for Human | 3 339 0.778 0.2131 | 16.314 49.58M

Pose Transfer

Pose Guided Person Image Generation 3.090 0.762 0.2901 47 917 437.09M
Guided Image-to-Image Translation with Bi- 3.220 0.767 _ 12.266 _

Directional Feature Transformation

Human Pose Transfer by Adaptive 3.419

- 0.2159 | 12.635 20.41M

Hierarchical Deformation

Controllable Person Image Synthesis with 3.364 0.772 0.2383 18.395 _

Attribute-Decomposed GAN

MUST-GAN: Multi-level Statistics Transfer 3.692 0.742 0.2412 15.902 _

for Self-driven Person Image Generation

Bipartite Graph Reasoning GANSs for Person 3.430 0.778 0.2428 24.360 _

Image Generation

XingGAN for Person Image Generation 3.476 0.778 0.2914 | 41.790 -
Region-Adaptive Texture Enhancement For 3.125 0.774 | 0.2180 | 14.611 -

Detailed Person Image Synthesis

Towards Fine-grained Human Pose Transfer 3.125 0.774 | 0.2180 | 14611 -

with Detail Replenishing Network

Our Model 3.475 | 0.775 | 0.2173 | 10.938 7.5M
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Chapter Five: Conclusion and Future Work

5.1 Conclusions
Several conclusions throughout the design and implementation of the proposed

system have been drawn. Following the results of this thesis:

1. KeyPoints and Human Parsing are the chosen pose representation for our
proposed model because the key-points don’t provide enough information
about the pose so we used human parsing which is semantic segmentation for
humans along with the keypoints to boost the pose representation, furthermore
the human parsing gives us control over each individual part of the human in
the input image.

2. Attention mechanism is to take a huge role in our generator architecture due
to its efficiency in selecting the important features. We have used two levels
of attention: pixel-wise represented by the gated convolution and channels-
wise represented by the squeeze and excitation blocks:

a. In the generator architecture vanilla convolution was replaced with
gated convolution because gated convolution is more suitable for the
unaligned task like human pose transfer. Gated convolution is giving
an attention score for each pixel in each feature map thus taking the
important parts of each feature only.

b. squeeze and excitation technique is added to the the generator
architecture to select the most important feature channels by giving an
attention score for each channel in the residual blocks.

3. GP-WGAN was used instead of the traditional GAN loss function because it
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allows us to train the model to optimality and Wasserstein Distance as an
objective function is more stable than using JS divergence also we have
trained the discriminator twice as much as the generator as recommended
when using this loss function. The recommended ratio is (5:1) discriminator
to the generator but due to our limited resources, we have used a (2:1) ratio.

4. Human pose transfer is a complex task so one loss function is not enough to
cover all the aspects. So we have used three loss functions in the image
generator, the first loss is the L1 loss function as a reconstruction loss and the
Perceptual loss function to keep the texture of the image along with the GAN
loss function.

5. Interms of the GAN loss function we have used two discriminators instead of
one due to the complexity of the task we have assigned each discriminator a
task the first one makes sure the output is aligned with the target pose thus it
Is called pose discriminator and the other one is used to ensure that the output
has the same appearance as the input image thus it called the appearance
discriminator.

6. Three different types of discriminators were tested and we used the Res
discriminator over the single digit and the patch discriminator because the Res
discriminator compares the features not only outputting if this image was real
or fake.

7. Although in GANSs the best metric is human judgment still we have to use
Image metrics to evaluate the proposed system like IS, SSIM, LPIPS and FID.
We have achieved the best in FID and the 3™ in the other metrics. It’s
Important to note that LPIPS and FID are closer to human judgment than the
IS and SSIM thus they are more important.

8. Unseen parts are still difficult to predict. The dominant class (in human
parsing) is usually what is predicted in the missing parts. Although the face is
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impossible to predict no matter what.

5.2 Future Works

1. Try to get the generator model bigger by simply adding more channels and
more Residual blocks like doubling the channels and adding 2 more residual
blocks so in total it would be 5. Because bigger models usually do better.

2. Long skip connection were removed the from the generator because it was
unsuitable for the unaligned tasks but we suggested that adding a few layers
to transform the encoder features before the concatenation might solve the
problem. We haven't applied it due to the limited computation power we had.

3. Transferring each part of the human individually with each part having its own
simple generator and then merging them back into one image but due to the
limited time it has been added to the future work.

4. key-points and the human parsing were used to represent the pose and there
few more representations could be tried like DensePose and 3D meshes or

might be there are other representations
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