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Abstract

Most semantic segmentation methods based on Convolutional Neural Networks (CNNs)
rely on supervised pixel-level labelling, but because pixel-level labelling is time-consuming
and laborious, synthetic images are generated by software, and their label information is
already embedded inside the data; therefore, labelling can be done automatically. This
advantage makes synthetic datasets widely used in training deep learning models for real-
world cases. Still, compared to supervised learning with real-world labelled images, the
accuracy of the models trained using synthetic datasets is not high when applied to real-
world data.

So, researchers have turned their interest to Unsupervised Domain Adaptation (UDA),
which is mainly used to transfer knowledge learned from one domain to another. That is
why we can use synthetic data to train the model. Then, the model can use what it learned
to deal with real-world problems. UDA is an essential part of transfer learning. It aims to
make two domain feature distributions as close as possible. In other words, UDA is mainly
used to migrate the learned knowledge from one domain to another, so the knowledge and
distribution learned from the source domain feature space can be migrated to the target
space to improve the prediction accuracy of the target domain.

However, compared with the traditional supervised learning model, the accuracy of
UDA is not high when the trained UDA is used for scene segmentation of real images. The
reason for the low accuracy of UDA is that the domain gap between the source and target
domains is too large. The image distribution information learned by the model from the
source domain cannot be applied to the target domain, which limits the development of

UDA.

Therefore we propose a new UDA model called TwinLossGAN, which will reduce the
domain gap in two steps. The first step is to mix images from the source and target
domains. The purpose is to allow the model to learn the features of images from both
domains well. Mixing is performed by selecting a synthetic image on the source domain
and then selecting a real-world image on the target domain. The two selected images are
input to the segmenter to obtain semantic segmentation results separately. Then, the seg-
mentation results are fed into the mixing module. The mixing model uses the ClassMix
method to copy and paste some segmented objects from one image into another using
segmented masks. Additionally, it generates inter-domain composite images and the cor-
responding pseudo-label. Then, in the second step, we modify a Generative Adversarial
Network (GAN) to reduce the gap between domains further. The original GAN network
has two main parts: generator and discriminator. In our proposed TwinLossGAN, the
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generator performs semantic segmentation on the source domain images and the target
domain images separately. Segmentations are trained in parallel. The source domain syn-
thetic images are segmented, and the loss is computed using synthetic labels. At the same
time, the generated inter-domain composite images are fed to the segmentation module.
The module compares its semantic segmentation results with the pseudo-label and calcu-
lates the loss. These calculated twin losses are used as generator loss for the GAN cycle for
iterations. The GAN discriminator examines whether the semantic segmentation results
originate from the source or target domain.

The premise was that we retrieved data from GTAb5 and Synthia as the source domain
data and images from CityScapes as the target domain data. The result was that the
accuracy indicated by the TwinLossGAN that we proposed was much higher than the base
UDA models.
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Chapter 1

Introduction

Deep learning currently provides the main development direction for machine learning and
artificial intelligence research, bringing revolutionary advances to diverse fields, including
computer vision. In computer vision, deep learning has been prominent in image classi-
fication, object detection and semantic segmentation |7, 27,30, 31,78, 79] in recent years.
Semantic segmentation, which associates labels or categories for each pixel of an image,
aims to cluster pixels into semantically meaningful classes. One thing to note is that se-
mantic segmentation does not separate instances of the same class; it only cares about the
class of each pixel. In other words, if the input image has two objects of the same class,
semantic segmentation does not distinguish them as separate objects.

There are two training mechanisms in the training process for semantic segmentation:
supervised learning and unsupervised learning. Supervised learning derives the prediction
function from labelled training data. The labelled training data means that each training
instance includes both the input and the desired output [62]. Under the supervised learning
mechanism, the model can learn the distribution of the data well because the model is
supervised by the ground truth at the pixel level of the image so that the final model can
achieve a high accuracy under this mechanism. The most popular deep learning models
on semantic segmentation [6] achieve good results using supervised learning, but they
also have their non-negligible drawbacks. Supervised learning relies on a large number of
pixel-level image annotations. These annotations are usually performed manually and are
time-consuming and labour-intensive, which blocks the use of supervised learning.

Unlike supervised learning, unsupervised learning infers conclusions from unlabelled
training data. Unsupervised learning typically utilizes clustering and association, which
can be used in the exploratory data analysis phase to discover hidden patterns or group



data [62]. Since unsupervised learning does not require a lot of manual labelling, a large
number of unsupervised learning models have been proposed for the semantic segmentation
of images in recent years.

There is also an issue of unseen images in the test stage. The trained models are not well
generalized to unseen images. The reason is that there are differences between trained data
and test data. As an example of city image data, the appearance of objects and scenes
is not identical in different cities. Even the same city can have huge differences due to
different lighting conditions. If these two data are from different domains, the performance
degenerates even more.

Transfer Learning is a system that has the ability to recognize and apply knowledge and
skills learned in existing domains/tasks to novel domains/tasks [$1]. It aims to improve
target learners’ performance on target domains by transferring the knowledge contained
in different but related source domains. For example, knowledge gained while learning to
recognize cars could be applied when trying to recognize trucks.

In transfer learning, our existing knowledge is called the source domain, and the new
knowledge to be learned is called the target domain.

The particular type of transfer learning we are concerned with is called Domain Adap-
tation (DA). The domain adaptation approach is to use knowledge from an abundantly
labelled source domain to train an effective model for the target domain with limited or
no labels while transferring the domain shift problem [77]. As a branch of unsupervised
learning, DA aims to map data with different distributions of source and target domain
into a feature space so that they are as close as possible in that space. The objective
function trained on the source domain of the feature space can then be migrated to the
target domain to improve the accuracy of the target domain.

DA methods are divided into three main categories. (i) Feature adaptation maps the
source domain and target domain samples to the same feature space. It allows the samples
to be "aligned" in this feature space. It is also the most common method. (ii) Instance
adaptation considers that there are always some samples in the source domain that are
similar to the target domain samples. So we assign different weights to all samples in the
source domain during the training. The more similar the samples are to the target domain,
the larger the weight will be. (iii) Model adaptation based on model parameters finds new
parameters to make the model work better on the target domain by parameter migration.

Mei Wang and Weihong Deng [63] classify the application of domain adaptation into
three categories in their survey. (i) The first category is discrepancy-based adaptation,
mostly used for image classification [70]. (ii) The second category is adversarial learning-
based adaptation, which is based on GAN [1(] neural networks, and the trained models



are mostly used for scene analysis. (iii) The third category is data reconstruction-based
adaptation. Since GAN models are trained using adversarial learning, this approach can
help DA models align the distribution of source domain images and target domain images
in the feature space.

When the images and labels of the source domain are visible to the model, the target
domain images are also visible to the model. Still, the target domain data do not have
labels. We consider this UDA [77,82].

UDA is a kind of transfer learning that is used to solve the distribution bias of source
domain and target domain sets. Various domain adaptation methods aim to apply the
classifier learned from the source domain to the target domain without labelling in the
target domain by learning the domain invariant features of source and target domains.

1.1 Problems and Our Solutions

We have also found many problems when applying deep learning to computer vision. Com-
puter vision tasks often require fine-grained annotations in supervised learning, such as
pixel-level category annotations, ID information to distinguish different instances (cars or
people), and video motion information. These fine-grained annotations are time-consuming
and labour-intensive. This kind of problem limits the model’s learning ability and semantic
segmentation accuracy.

In recent years, the use of synthetic data has become widespread. Synthetic data refers
to computer-generated data, usually using game engines such as Unreal, Blender and Unity.
The acquisition of new controllable samples is based on a priori knowledge, specifically by
using simulated scenes to obtain specific images, videos and annotations. In summary,
synthetic data can be generated quickly and accurately. The advantages of this type of
data are:

e The large amount of data generated.
e The high quality of the labels.
e The diversity of the data.

Diversity means that the environmental conditions are varied, such as weather, time
of day (morning and evening), light, etc. We want to explore the potential offered by



the availability of pixel-level labels of synthetic images and by the use of these images for
training our model.

As supervised learning with labelling information generally performs better than learn-
ing without labelling, we consider a case where the model can be trained using the already
labelled synthetic image in the source domain. Then, the trained model can be used to
predict the unlabelled images in the target domain. However, because the distribution of
source domain and target domain images sometimes differs greatly, the accuracy of the
model trained with source domain images is not high when used for target domain image
prediction, so DA is required here. Without DA, the trained model has very low accuracy
with real-world images. The reason is that the model does not have a strong ability to
segment images that have not been seen before. DA allows the model to predict real images
using the characteristics of the knowledge learned from the synthetic dataset.

After testing some existing DA networks |14, 56|, we found that the accuracy of these
networks is very low for detecting small and large objects. The maximum accuracy for
detecting large objects in a dataset called GTAS, such as walls, is currently only 32.7%.
Additionally, for detecting small objects, such as fences and poles, the maximum accuracy
is currently only about 25%. After finding these accuracy problems, it motivates us to
propose a new model to address the lack of accuracy of traditional models for segmenting
large and small objects.

Unlike image classification, feature adaptation for semantic segmentation may be af-
fected by the complexity of high-dimensional images and requires encoding of different
visual cues. This motivates us to create a new model that needs to be able to learn the
high-dimensional semantic information of images well, and in which the learning process
is relatively stable.

1.2 Owur Model Overview

The main task of our model is to segment real street scene images. Our end-to-end Convo-
lutional Neural Network-based (CNN-based) DA model for semantic segmentation is called
TwinLossGAN. The model is divided into two parts.

The first part is the image fusion of the source and target domains, and the overall
learning ability of the model is reduced because the labels of the target domain are not
visible to the model and the image distributions of the source domain and target domains
are different. Then, by using the mixing data method, the image distribution between
source and target domains can be narrowed by image fusion between different domains.
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The second part is the GAN-based segmenter, which solves the overhead problem caused
by manual labelling and lays the foundation for the subsequent segmenter learning. The
generator segments the images and computes the losses for both the source domain and
target domain. That is where the twin losses come from. Twin losses serve to help the
generator learn the features of both domains in the feature space. Then, the generator
sends the segmented results to the discriminator, which is used to determine which domain
the images come from. The generator here is used to learn domain-invariant features
and perform domain adaptation. The discriminator is for adversarial learning with a
generator. As the accuracy of generator segmentation increases, it becomes difficult for
the discriminator to distinguish the difference between source domain images and target
domain images.

GAN networks in our new model can first help the model obtain twin losses from the
source domain and target domain. In this way, the generator can be well-trained. Second,
the discriminator can help the model to migrate the learned distribution of synthetic images
to the real images, which makes the model good at semantic segmentation of the real
images. During the training process, the generator and discriminator have different learning
abilities, which makes the model training process unstable. Nevertheless, the addition of
the mixing data method helps the generator to improve its learning ability. Therefore, the
whole training process is stable. After tens of thousands of iterations, the model can use
the image features learned in the source domain to perform accurate semantic segmentation
of the target and the real image.

Our technological innovation is a novel idea about a twin-losses network. Our goal is
to improve the performance of DA models based on adversarial learning, and our main
contributions include:

e Reduce the gap between the source and target domains by mixing objects in an image
from different domains.

e One more loss in the real data where the partial labels are borrowed from the synthetic
object in mixed images.

1.2.1 Publication

Yuehua Song and Wonsook Lee. MixedGAN: Facilitating GAN for Domain Adaptation
Learning based on Mixing Different Domain Images for Semantic Segmentation. In 2022
IEEE International Conference on Semantic Computing (ICSC2022). Location: Laguna
Hill, CA, United States. Conference dates: Jan 2628, 2022.



1.3 Thesis Outline

This Thesis Outline is organized as follows.

e Chapter 2 introduces the background of machine learning and delves into the de-
velopment of deep learning and some classical deep learning networks for semantic
segmentation. Then, we discuss the background of domain adaptation. The solu-
tions and problems of some existing models for treating inter-domain differences are
discussed. Then, the basic principles and methods of image fusion are also presented.

e Chapter 3 first reviews the structure of the GAN network model and its theory.
Then, the structure of our proposed model is described in detail. A detailed analysis
of all the parts is also presented. At the end of the chapter, we introduce the most
important part of the neural network model: the loss function.

e Chapter 4 discusses the performance evaluation results.

e Chapter 5 gives the conclusion of this thesis and discusses a few possible future
research directions.



Chapter 2

Background and Literature Review

In this chapter, we present studies from various disciplines that are relevant to this work.
In Sections 2.1, 2.2 and 2.3, we introduce the basic knowledge of machine learning and
the foundation of deep learning — neural networks. Furthermore, we discuss deep learning.
Then, in Section 2.4, we describe the specific image recognition task, which is semantic
segmentation using deep learning. The methods used for semantic segmentation and some
classical model implementations are discussed. Next, we discuss DA in Section 2.5 in
detail, comparing different DA methods. In Section 2.6, we also compare various methods
of image fusion. In Section 2.7, we discuss DA-based semantic segmentation models.

2.1 Machine Learning

Machine learning is the study of computer algorithms that can improve automatically by
learning and gaining experience [36]. It is a branch of artificial intelligence. The basic
idea of machine learning is that systems can learn from data, recognize patterns and make
decisions with minimal human intervention [62].

There are three types of machine learning. The first type is unsupervised learning. Un-
supervised learning refers to the automatic search for patterns and previously undetected
information. It mainly deals with unlabelled data. The second type is supervised learn-
ing. Supervised learning is a machine learning task that infers a function from labelled
training data. In supervised learning, each training data example is a pair consisting of an
input object and its desired output value [38]. The third type is reinforcement learning.
Reinforcement learning is a type of learning that can support people in decision making
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Figure 2.1: In binary classification problems, if each category has a Gaussian distribution,
then we can use unlabelled data to help the model in parameter estimation. This image is
from [30]. Permission is requested.



and planning. It is a feedback mechanism that rewards intelligent agents’ actions and
behaviours and facilitates learning through this feedback mechanism. In this context, an
intelligent agent perceives the environment it is in, acts autonomously to achieve its goals,
and may improve its performance or use knowledge through learning.
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] .
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Figure 2.2: The self-training process. First, the labelled data are divided into training and
test sets. The model is trained using the split training-set data. The trained model is used
to predict the unlabelled data and generate pseudo-labels. The pseudo-labelled data are
mixed with the training set, and the model is retrained. The model is evaluated using the
test set after completing the training.

The semi-supervised learning algorithm is an algorithm that lies between supervised
learning and unsupervised learning. It has been widely used in the field of machine learning.
There are many categories of semi-supervised learning, and we will discuss some of them
below [34].

1. Generative Models: Generating models is an old semi-supervised learning method
[20]. It assumes a model p(x,y) = p(y)p(z|y). where p(x|y) is a mixture distribution,
such as a Gaussian mixture model. When there is a large amount of unlabelled data,
the mixture components can be identified. Then, ideally, we only need one labelled
example for each component to fully identify the mixture distribution, see Figure 2.1.



2. Self-Training: Self-Training is a commonly used semi-supervised learning technique
[30]. The training process begins by training a classifier using a small amount of
labelled data. The classifier is then used to classify the unlabelled data. In general,
the unlabelled data with the highest confidence and their predicted labels are added
to the training set. The classifier is retrained. The whole process is repeated sev-
eral times to achieve better training results. The self-training structure is shown in
Figure 2.2.

2.2 Neural Network

As one machine learning algorithm, neural networks are the foundation of deep learning,
the hottest research area in artificial intelligence nowadays. With its unique network
structure and method of processing information, the neural network has led to brilliant
achievements in many fields such as automatic control, combined optimization problems,
pattern recognition, image processing and natural language processing. It is dedicated to
learning patterns from data.

A neural network is an operational model. It consists of many nodes (or neurons)
interconnected with each other. Each node represents a specific output function, called the
activation function. Each connection between two nodes represents a weighted value of the
signal, called weights. The neural network assigns weights to each element during training.
Weight affects the influence a change in the input will have upon the output. The bias
shifts the activation function to the left or the right. It helps the neural network to fit the
input data better. The output of the network depends on the structure of the network,
the connectivity of the network, the weight and the activation function. The design of a
neural network is shown in Figure 2.3.

Backpropagation is a standard method for training neural networks. It is often com-
bined with optimization methods (e.g., gradient descent). Backpropagation is done by
computing the gradient of the loss function for the weights in the network. This gradi-
ent can be used to update the weights to minimize the loss function. The algorithm for
backpropagation is shown in Algorithm 2.1.

The backpropagation process encounters two common problems: gradient vanishing
and gradient explosion. The gradient vanishing problem arises because the gradient solu-
tion in the backpropagation process generates successive multiplications of derivatives and
parameters. If the initial weights are small, the gradient near the input layer is almost
zero. The neural network parameters are not updated. The gradient explosion problem
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is due to the large initial weights, and multiple multiplications will lead to overflow. The
model does not converge.

w®

Figure 2.3: Neural network structure. The neural network shown in the figure has three
layers, the input layer (L;), hidden layer (Ly) and output layer (L3). The input layer does
not perform any operation, and it only represents the input of the neural network. The
hidden layer is designed to extract the abstract features of the input data. The output
layer is used to output the prediction results of the model. In the figure, w denotes weights.
Weights can be thought of as the strength of the connection. Weight affects the influence
a change in the input will have upon the output. In the figure, b indicates bias. Bias
represents how far off the predictions are from their intended value.

2.2.1 Activation Functions

Among the many factors that influence the training of neural networks, the activation
function plays an important role. There are five classical activation functions. They are
the step function, the sigmoid function, the Tanh function, the ReLU function and the
Leaky ReLU function.
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Algorithm 2.1 Backpropagation algorithm (From Wikipedia)

Input: Initialize network weights (usually small random values)
for Sample X in training set do
prediction = neural — net — output(network, X)
Calculate the error of the output unit : (prediction — ground truth)
Calculate 7wy, for all hidden layers to the weights of the output layer
Calculate 7 w; for all input layers to the hidden layer weights
Update network weights
Stop when All samples are correctly classified or meet other stopping criteria
end for
return network

Loss Functions
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Figure 2.4: The blue line represents the step function, which has only two states, "acti-
vation" and "inhibition". Therefore, it is often used to create binary classifiers. The red
line represents the sigmoid function. The Sigmoid function is continuous and smooth. The
function is shaped like an ”S”. When x tends to negative infinity, y is 0. When z tends
to positive infinity, y is 1. It takes values in the range [0, 1], corresponding to the proba-
bility range. The orange represents the Tanh function. This function is different from the
Sigmoid function. It is a completely symmetric function. The range of values is [—1, 1].
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2.2.1.1 Step Function

The step function is the simplest activation function, see Figure 2.4. This function is
usually chosen when we want to create a binary classifier. However, the step function
does not meet the needs of a multi-classifier. Since the gradient of the step function is
zero, it hinders the backpropagation process [53]. The mathematical expression of the step
function is shown below:

ro={o L

otherwise

2.2.1.2 Sigmoid Function

The sigmoid function is also known as the Logistic function. It is a widely used nonlinear
activation function, see Figure 2.4. The sigmoid function takes values in the range of (0, 1)
and can be used for binary classification [39,53]. The expression of the sigmoid function
shows as Equation 2.1.

1

= 2.1
1+e® (2.1)

f(x)

The sigmoid function is a continuous function with output in the range of (0, 1), for
which it is easy to find the derivative. However, in backpropagation, the gradient can
quickly vanish, and thus the training of the deep network cannot be completed.

2.2.1.3 Tanh Function

Tanh function is also known as the hyperbolic tangent function, see Figure 2.4. It takes
values in the range of [—1,1]. The Tanh function is defined as Equation 2.2.

The Tanh function is continuous and differentiable. Compared to the sigmoid function,
the gradient of the Tanh function is steeper, and its gradient is not restricted to vary in a
specific direction, which makes the Tanh function more popular than the sigmoid function.
However, it still suffers from the problem of gradient vanishing [39,53].

sinhx e*—e™@
f(@) At coshx e*+e® (2:2)
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Figure 2.5: The blue line represents the ReLLU function. It is a nonlinear function that
can be used for backpropagation. The ReLU function has an output of 0 when the input
is negative. In this way, the neurons are not activated, making the network sparse and
facilitating network computation. The red line represents the Leaky ReLU function. It is
designed to solve the problem that when x is less than 0, the neuron is not activated when
the ReLU function is used. In the Leaky ReLU function, a slope is set so that when z is
less than 0, the output is not all 0. The slope in the figure is 0.01.
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2.2.1.4 ReLU Function

ReLU is a nonlinear activation function, see Figure 2.5, which is widely used in neural
networks. The advantage of using the ReLLU function is that all neurons are not activated
simultaneously. In other words, a neuron is deactivated when the output of the linear
transformation is 0. The ReLU function is defined as follows: R(z) = maz(0,z) [53].

2.2.1.5 Leaky ReLU Function

The Leaky ReLU function is designed to solve the dead ReLU problem, see Figure 2.5. A
number of 0.01 is used to initialize the neuron so that the ReLU is more biased towards
activation in the negative region rather than directly to 0 [53]. The specific mathematical
expression is as follows:

0.0lz x<0

2.2.2 Loss Function

The loss function plays a crucial role in the performance of the model. Choosing the correct
loss function can help the model focus on the right set of features in the data and thus
achieve optimal and faster convergence.

2.2.2.1 Pixel-wise Loss

The pixel-wise loss function calculates the inter-pixel loss between the predicted image and
the ground truth. This loss function consists of Ly loss, Ly loss and cross-entropy loss, all
of which can be applied to predict between each pair of pixels of the target variable. One
of the L; loss functions is also called Least Absolute Error which is the sum of the absolute
values of the differences between the ground truth and the predicted value (as in Eq 2.3a).
The Ly loss function is also called Least Square Error which is the sum of the squares of
the differences between the ground truth and predicted values (as in Eq 2.3b).
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loss(z,y) Z lyi — f(z4) (2.3a)

loss(x,y) Z lyi — f(z9) (2.3b)

where i denotes the i*" sample, n denotes the total number of samples, x denotes the input
data, y denotes the ground truth, and f denotes the mapping relationship between input
and output.

For L loss, its derivative concerning the loss value is a constant. In the late training
period, when the loss value is small, if the learning rate is constant, the loss function will
fluctuate around the stable value, and it is difficult to converge to higher accuracy. For L,
loss, the derivative is different at each point, and the further away from the lowest point,
the larger the gradient. Using the gradient descent method may lead to gradient explosion

when solving, so many deep learning networks choose cross-entropy loss as the loss function
of the model (e.g., Eq 2.4).

:Zpl--lné:—sz‘ln%‘ (2.4)

where i denotes the index of i** sample, p denotes the true distribution and ¢ denotes the
predicted distribution, then H(p,q) is called the cross-entropy.

Cross-entropy is an essential concept in Shannon’s information theory, mainly used to
measure the discrepancy information between two probability distributions. The Cross-
entropy Loss function can measure the similarity between p and q. Because of this property
of cross-entropy loss, we can use it to measure the gap between the predicted semantic
segmentation results and the ground truth.

2.2.2.2 Adversarial Loss

The standard GAN loss function is also known as min-max loss. It was first proposed
by Goodfellow et al. [I6]. The GAN loss function is shown in Eq 2.5. The standard
GAN loss function can be further divided into two parts, namely, discriminator loss and
generator loss. The generator tries to minimize this function while the discriminator tries
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to maximize it. In practice, this loss function is saturated for the generator. In other
words, if the learning ability of the generator does not catch up with the discriminator,
then the network will often stop training.

minmax V(D,G) = Byputatolog D(@)] + Eovpollog(l = DG(2))]  (25)

m

Vo, %Z[log D(a') + log(1 — D(G(=')))] (2.6)
Vo, % Z log(1 — D(G(2))) (2.7)

where i denotes the index if i sample, m indicates the total number of samples. z
represents the real samples, and z represents a noisy sample in the latent space. Here
"latent space" refers to a mathematical space that maps what the neural network learns
from the images in a training set [23]. G is short for generator. D is short for discriminator.
G(z) indicates that the generator generates false images in random noise. The whole loss
function is generated at the output of D, which is generally 0 or 1.

1. Discriminator Loss: When the discriminator is trained, it classifies the real data
and the fake data generated by the generator. It will be penalized if it treats real
instances as false or treats false instances as real. The discriminator has to maximize
the equation as in Eq 2.6 during the training process to train the model.

2. Generator Loss: When the generator is trained, it samples random noise and pro-
duces an output from that noise. The output then passes through a discriminator.
The discriminator is classified as "true" or "false", depending on its ability to dis-
tinguish between true and false. The loss of the generator is then calculated from
the discriminator’s behaviour. If generator successfully fools the discriminator, it is
rewarded. Otherwise, it is penalized. The generator has to minimize the equation as
in Eq 2.7 during the training process to train the model.

2.3 Deep Learning

When machine learning began, the backpropagation algorithm [51] was proposed as one of
the training methods for neural networks. At that time, the neural network was a shallow
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model containing only one hidden layer. However, as the difficulty of the prediction task
increased, the shallow neural network could not meet the prediction accuracy requirements.

Subsequently, Geoffrey E Hinton and Ruslan R Salakhutdinov made two main points
about multi-hidden layers [19]:

1. Neural networks with multiple hidden layers have excellent feature learning capabil-
ities. Such networks can learn more essential data features, which can be helpful for
visualization or classification.

2. The difficulty of training deep neural networks can be effectively overcome by "layer-
wise pre-training".

This paper [19] solves the problem of gradient vanishing in the training of deep networks
by initializing the network weights with unsupervised predictive training and then fine-
tuning the model with supervised learning to complete the training. This idea gives deep
learning a significant advantage in complex tasks.

Deep learning is a subset of machine learning, essentially a neural network with three or
more layers. The core of deep learning is feature learning, which aims to obtain hierarchical
feature information through a hierarchical network, thus solving the critical problem of
manually designed features. Hierarchical feature information means that as the depth
of the network increases, the complexity of the extracted image features also increases.
Different network models are needed to achieve better results for various problems (image,
speech, text). Several popular deep learning networks such as CNN and deep generative
models are discussed below [11].

2.3.1 Convolutional Neural Network

CNN is a popular and widely used algorithm in deep learning. It has been commonly used
in different application areas such as natural language processing, speech processing and
computer vision. With increasing computing power, some large CNN networks have shown
significant advantages in many fields, especially images. In 2012, Krizhevsky et al. [21]
proposed the AlexNet network architecture and won the ImageNet image classification
competition. Subsequently, different scholars have proposed a series of network structures
and continue to improve the performance of ImageNet, among which the classic networks

include VGG, GoogLeNet and ResNet.
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CNNs have the main advantage of having local connections. The network uses local
connections and shared weights instead of the traditional fully connected network. Such
a network is faster and easier to train due to its very few parameters. This operation is
similar to the operation in visual cortical cells. These cells are sensitive to specific parts of
the scene rather than the whole scene. In other words, these cells are used as local filters
on the input and extract the spatially local correlations present in the data.
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Figure 2.6: The figure shows the structure of a convolutional neural network. A convolu-
tional neural network consists of an input layer, a convolutional layer, a ReLLU layer (as an
example), a pooling layer and a fully connected layer. By stacking these layers together, a
complete convolutional neural network can be constructed.

A typical CNN structure consists of an input layer, a convolutional layer, a pooling
layer, a fully connected layer (identical to multilayer perceptron) and an output layer. The
input layer is used to receive data and pass it on to the rest of the neural network. The
convolutional layer performs convolutional operations on the input data and passes the
result to the next layer. Pooling layers are used to reduce the dimensions of the feature
maps. They summarize the features present in a region of the feature map generated by
a convolution layer. Fully connected layers are an essential component of CNNs, which
connect every neuron in one layer to another. The convolutional layer, activate function
and pooling layers are set alternately. The CNN structure is shown in Figure 2.6).

The input image of a CNN is arranged in three dimensions, i.e., m x m X r, where m
refers to the height and width of the input image, and r refers to the depth of the image or
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the number of channels (e.g., for RGB images, r = 3). In each convolutional layer, there
are k filters of size n x n x ¢, also called kernels. Here n is generally smaller than the input
image size. ¢ can be smaller or of the same size as r. As mentioned before, filters are the
basis for local connections, which are convolved with the input. The filters share the same
parameters (weights W; and bias b;, i € [1,k]) among themselves, generating k feature
maps (h;). Each feature map is of size m —n — 1. Similar to the Multilayer Perceptron,
the convolution layer is used to compute the dot product between the weights and the
input [14], but the input is a partial region of the original input image. An activation
function or a nonlinear function f is then applied to the output of the convolution layer.
In the subsampling layers of the network, each feature map is downsampled. This is done
to reduce the number of parameters in the network, speed up the training process and
control overfitting. The pooling operation (e.g., average or maximum) is performed in a
continuous region of p x p (where p is the filter size) of all feature maps. The final stage
of the network usually uses fully connected layers. These layers use the low-level and mid-
level features previously extracted to generate high-level image feature information from
the data. The details of an image are low-level features, such as lines or dots, as well as
high-level features that are built on top of low-level features to detect objects and larger
shapes in the image. CNN uses both types of features. The first couple of convolutional
layers will learn filters for finding low-level features, while the later layers will learn high-
level features [25]. The final layer (e.g., Softmax or SVM) is used to generate classification
scores, each of which is the probability of a particular class.
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Figure 2.7: The figure shows the basic structure of a generative adversarial network net-
work. In the figure, z is the noise, and x is the training set of the model. The generative
adversarial network mainly consists of a generator GG and a discriminator D. The generator
generates fake images using random noise to fool the discriminator. The discriminator is
used to determine the authenticity of the input images. The neural network is trained by
adversarial learning. The image is from [11]. Copyright (©)2019, IEEE
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2.3.2 Generative Adversarial Network

GAN is an unsupervised learning method. The basic structure of GAN is shown in Fig-
ure 2.7. The Generative Network (the blue part in Figure 2.7) takes a random sample
from the latent space as input. Its output needs to mimic the real sample in the training
set as closely as possible. The discriminator network (the orange part in Figure 2.7) takes
as input the real sample or the output of the generative network. It aims to distinguish
the output of the Generative Network from the real sample as much as possible. On the
other hand, the generative network tries to deceive the discriminator network as much as
possible. These two networks fight against each other and constantly adjust their param-
eters until the discriminator network is unable to determine whether the output of the
Generator Network is real or not.
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Figure 2.8: The diagram shows the generator, discriminator and sample distribution. In the
figure, z represents noise, the arrows correspond to the distribution of z and z is the training
set of the model. The black dashed curve in the figure indicates the real sample distribution.
The blue dashed curve shows the discriminator discriminant probability distribution. The
solid green curve shows the distribution of the generated samples. The sample state (a) is
an initial state; the distribution generated by the generator is very different from the real
sample distribution, and the discriminator is not very stable in discriminating samples.
The sample state (b) shows that the discriminated samples are distinguished significantly
and well. The sample state (c) shows the generator distribution approximates the real
sample distribution compared to the previous one. After many iterations, the final ideal
situation (d) is that the discriminator does not discriminate against the real samples. The
image is from [16]. Permission is requested.

A GAN network is trained in two phases. The first phase is to fix the discriminator and
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only the generator is trained. The second stage is to fix the generator and only the discrim-
inator is trained. Figure 2.8 shows the distributions of the generator, discriminator and the
samples during the training of the GAN network. From that figure, we can find that in the
initial state (a), the distribution generated by the generator is very different from the real
distribution, and the discriminator is not very stable in discriminating samples. Therefore,
the discriminator will be trained first to discriminate the samples better. The discrimina-
tor is trained several times to reach the sample state (b) when the discriminated samples
are distinguished very significantly and well. Then, the generator is trained again. After
training the generator to reach the sample state (c), the generator distribution approxi-
mates the true sample distribution compared to the previous one. After several training
iterations, we eventually hope to reach the state (d), where the generated sample distri-
bution fits the real sample distribution, and the discriminator cannot distinguish whether
the sample is generated or real (the discriminant probability is 0.5). This state means that
we can generate samples close to the real image at this time, as seen from (d). Eventually,
the GAN network learns the image distribution of the source dataset accurately. In this
thesis, GAN can capture the distribution of the image set. In the later section, we will
describe the GAN network in the DA model.

2.4 Deep-Learning Semantic Segmentation Models

In [35], Shervin Minae et al. group deep learning-based segmentation works into 11 cate-
gories based on their main technical contributions. We will introduce four of them as they
are related to our work. Our model combines DeepLab V2 and GAN. All the methods we
used are discussed in detail below.

2.4.1 Convolutional Model with Graphical Models

In order to integrate more contextual information, some approaches try to combine proba-
bilistic graphical models such as Conditional Random Fields (CRF) and Markov Random
Fields with the CNN models. Where a random field refers a random function over an
arbitrary domain, it is a function that takes on a random value at each point [65].

Chen et al. [0] proposed an algorithm based on a combination of CNNs and a fully
connected CRF for image semantic segmentation (shown in Figure 2.9). In that paper,
they found that using the feature map from the last layer of the deep CNN for object
segmentation is not sufficient since such features are not localized enough. To overcome
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Figure 2.9: A combination of Convolutional Neural Networks and fully connected Con-
ditional Random Fields for image semantic segmentation. A deep convolutional neural
network, such as VGG-16 or ResNet-101, is used as a feature extractor. The deconvolution
continuously downsamples the feature map. The feature map is then scaled to the original
image resolution using a bilinear interpolation method. Then, a fully connected Condi-
tional Random Fields is used to refine the segmentation results. The image is from [0].
Copyright (©)2018, IEEE
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the localization problem, they combined the response of the last layer of the CNN model
with a fully connected CRF. They confirmed that this model could localize the object
boundaries more accurately through experiments.

In another related work, Lin et al. [27] proposed an efficient semantic segmentation algo-
rithm based on CRF models. In that paper, they explored the "patch—patch" context (be-
tween image regions) and the "patch—background" context. To capture the "patch—patch"
context, they combine a CRF and a CNN-based pairwise model to capture semantic cor-
relations between neighbouring patches. The authors show that a network design with
traditional multi-scale image input and sliding pyramid pooling can perform well to cap-
ture the patch—background context.

2.4.2 Multi-Scale and Pyramid Network

Multiscale analysis is an idea in image processing that has now been applied in various
neural network architectures. The low-level features have less semantic information in the
image task, but the target location is accurate. The higher layers are rich in semantic
details, but the target location is coarse.

predict|

Bottom-Up
Pathway

Lateral
Connection

Figure 2.10: The diagram shows the structure of the feature pyramid network. The feature
pyramid network adopts top-down and lateral connection methods. This allows high-
resolution, low-semantic features and low-resolution, high-semantic features to be fused
together. The resulting feature maps at different scales are rich in semantic information.
The image is from [28]. Copyright (€)2017, IEEE
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To make the model good at feature capturing, Lin et al. proposed a Feature Pyramid
Network (FPN) [28]. FPN is a neural network consisting of a bottom-up path, a top-
down path, and lateral connections. The specific model structure is shown in Figure 2.10.
The top-down path is to up-sample a higher-level feature map that is more semantic. The
features are then connected laterally to the previous layer of features. The authors then use
a 3 X 3 convolutional kernel to process the fused feature maps. Convolution generates the
output of each stage. Finally, each stage of the top-down pathway generates a prediction
to detect an object. Here FPN is mainly developed for target detection, but for now, it is
also applied to image segmentation.

Then, Zhao et al. [17] proposed the Pyramid Scene Parsing Network. In the paper, they
pointed out that for complex scenes, there are not only many objects with similar shapes,
but also some overlapping objects. In this case, the baseline model (Fully Convolutional
Network (FCN)) is not good at capturing the adjacency relationship between two adjacent
objects. It will cause a category confusion problem. In contrast, Pyramid Scene Parsing
Network can capture the contextual relationship of images. This ability is essential for
semantic segmentation.

The structure of the Pyramid Scene Parsing Network model is shown in Figure 2.11,
where a feature extraction network extracts the features of the input images. The extracted
features are used as the pyramid pooling module’s input. In the pyramid pooling module,
the authors construct a feature pyramid of depth 4. The features of different depths are
obtained by pooling at different scales based on the input features. The pooled feature
dimensions given in the paper are 1 x 1, 2 x 2, 3 x 3 and 6 x 6. The feature dimensions
are then reduced to % of the original dimension by a 1 x 1 convolution layer. Finally, these
pyramid features are upsampled directly to the same size as the input features and then
concatenated with the input features to obtain the final output feature map. The merged
feature is a fusion of the target’s detailed features (shallow features) and global features
(deep features, i.e., contextual information). In this way, the model can use the image
context information for semantic segmentation.

2.4.3 Dilated Convolutional Models and DeepLab Family

Dilated convolution is also known as atrous convolution. The dilated convolutions support
the exponential expansion of the receptive field without loss of resolution or coverage.
That means the dilated convolution allows the original 3 x 3 convolution kernel to have
a larger Receptive Field for the same number of parameters and computational effort.
Here receptive field means the region in the input space that affects a particular CNN’s
feature |15].
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Figure 2.11: Figure shows the Pyramid Scene Parsing Network model. (a) shows the input
image. (b) shows the feature map of the input image extracted using Convolutional Neural
Network. Then, the feature representations of different sizes are obtained using image
pyramids. The feature representations are then fused using upsampling and cascading to
produce the final pixel prediction. The image is from [17]. Copyright (©)2017, IEEE
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(@) (b)

Figure 2.12: The structure of the dilated convolution model. (a) indicates that the feature
map is generated by a 1-dilated convolution. The receptive field of each element in the
feature map is 3 3. (b) indicates that the feature map is generated by a 2-dilated convo-
lution. The receptive field of each element in the feature map is 7% 7. (c) indicates that
the feature map is generated by a 4-dilated convolution. The receptive field of each pixel
in the feature is 15 * 15. The image is from [2|. Copyright (©)2020, IEEE

The dilated convolution operation shows in Figure 2.12. Figure 2.12 (a) is the base
convolution kernel. The above figure (b) corresponds to a convolution with 3 x 3 and a
dilation rate = 2. The receptive field is equivalent to a kernel size of 7 x 7. Figure (c) has a
dilation rate = 4. Using this dilation rate, the receptive field is equivalent to a convolution
kernel of 15 x 15. As the size of the convolution kernel becomes larger, the receptive field
naturally becomes larger. The dilated convolution follows Eq 2.8.

RFi:RFi_l-i-(k‘—l)XS (28)

where RF';_; is the receptive field of the previous layer, ¢ denotes the #;;, layer, k is the size
of the convolution kernel, and s is the step size.

Dilated convolution is popular in real-time segmentation, and this technique has been
utilized in many articles. The most important uses of dilated convolution include the the
DeepLab series [7], multiscale background aggregation [71] and densely connected atrous
spatial puzzles [6].

There are three versions of the DeepLab family, and our model mainly uses the DeepLab
V2 model. The structure of the DeepLab v2 model is shown in Figure 2.13. It has three

27



T T ST Atrous S}Jatial l’yl'amicl PDO[II.I].:QJ

i Backbone: ResNel - (ASPP) ™

| [ {111 \

E Conv2_x Conv3_x Conv4_x Conv3_x | a=6 \\

; ' RIS IR I N

| i a=12 T 1@

! > | Edl P =2 ,fg:‘z) Upsan]ple
: {11121}/

| 3 : a=18 /'{

! 1/4 1/8 1/10 /16 /
e -l <1 1< 1]

- Pooling Atrous Conv a =24
< layer Dlayer ~ ~/

Figure 2.13: The structure of DeepLab V2. The DeepLab V2 model consists of ResNet-
101 and atrous spatial pyramid pooling. Atrous spatial pyramid pooling uses the fusion
of multi-scale features to improve the accuracy of segmentation results. The image is
from [13]. It has open access.

outstanding features. First, the model utilizes dilated convolution for dense prediction
tasks. Dilated convolution can effectively expand the receptive field. It helps the model
to integrate more contextual information of the images without additional parameters
and computational effort. Second, it uses atrous spatial pyramid pooling, which can fuse
multi-scale feature maps to accurately capture object adjacencies. Third, it improves
object boundary localization by combining methods from deep CNN and CRF. These
three features make DeepLab V2 perform well in the semantic segmentation task, and that
is why we chose it as the backbone.

2.4.4 Generative Models

Since being proposed, GANs have been widely used for various tasks in computer vision. In
the following, we will focus on the classical model GANs used for semantic segmentation.

Luc et al. [32] first used the GAN idea for semantic segmentation. The specific network
structure is shown in Fig 2.14. The segmentor on the left side of the figure is the traditional
CNN-based segmentation network. Convolution and deconvolution processes can be seen
in the "Convnet" part. The adversarial network on the right is the discriminator in GAN.
Sigmoid activation is used at the end of the adversarial network for binary classification.
The segmentor is used for class prediction and feature extraction. The discriminator deter-
mines whether the input is ground truth or the segmentor’s prediction. The generator and
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the discriminator improve each other’s ability during the training process. This process
improves the segmentation accuracy and the discriminative ability.

Segmentor Adversarial network
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Figure 2.14: The structure of adversarial networks. The network in the box on the left is a
segmentation network using RGB images as input and assigning categories to each pixel.
The network in the right box represents the adversarial network. It takes the label map as
input to generate category labels. (ground truth=1, otherwise=0). The image is from [32].
Permission is requested.

2.5 Domain Adaptation

DA is a representative transfer learning method that shifts data with different distributions
in the source and target domains into one feature space. The main purpose of DA is to
let these distributions be as close as possible to each other in the feature space. The main
idea of DA is to use the model trained by source data to predict the target data. The
main problem of DA is how to reduce the differences between the different distributions
of the source and the target. Various methods have been proposed to solve this problem.
The essence of these methods is to adjust the feature distribution between the source and
target data so that the objective function learned from the source domain in the feature
space can be migrated to the target domain to improve the accuracy of the target domain.

DA includes unsupervised DA and semi-supervised DA. The data in the source domain
have their corresponding labels. In unsupervised DA, targets have no labels at all, and in
semi-supervised DA, targets have some labels, but the number is very small.
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Youshan Zhang et al. [77] proposed six different DA methods. In this thesis, we selected
only four methods that are relevant to our model.

2.5.1 Discrepancy-Based Domain Adaptation

The discrepancy-based approach is one of the commonly used methods in DA models. It
aims to reduce the difference between two domains while making the data distribution
consistent across domains during the training process. The discrepancy-based approach
can be further divided into many subgroups. We present only the commonly used methods
in the following subsections.

Source ¢

Minimize classification

RHRE Source ! Target

Maximize domain
confusion

Target

Figure 2.15: Maximum Mean Discrepancy. A model learned using source domain data
is not necessarily shift well to the target domain. The representations with domain-
independent distortion are learned by minimizing the classification error while maximizing
domain confusion. The image is from [59]|. Permission is requested.

2.5.1.1 Maximum Mean Discrepancy

Maximum Mean Discrepancy (MMD) is one of the methods for minimizing the distance
between two distributions. It is calculated by Equation 2.9. This equation means to
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find a mapping function f. This mapping function can map the distributions of source and
target domain data to a higher-dimensional space. The difference between the expectations
of the random variables of the two distributions after mapping is the mean discrepancy.
Finally, this function is used to maximize the mean discrepancy. This maximum value is
called MMD. Some neural networks use the following approach to reduce the inter-domain
variance. They choose a CNN with a fixed and robust representation capability, use MMD
to decide which layer to use to minimize the inter-domain variance, and then use the
reduced variance feature representation to do the classification. However, this approach
does not allow convolutional networks to maximize their learning capabilities.

MMD(Ds, Dr) = supsen || Exs[f(Xs)] = Ex,[f(Xr)]l5; (2.9)

where Dg and Dr indicate the distribution of source and target domain data, sup means
supremum, f indicates a mapping function, F is Euler number, and H represents Hilbert
space. Xg and X7 indicate source and target domain data.

The classical model of the DA method based on Equation 2.9 as its loss function is
called Deep Domain Confusion which is described in [59]. The starting point of Deep
Domain Confusion (as in Fig 2.15) is to reduce the difference between the source and
target distributions during training to allow the network to learn a representation that is
both semantically meaningful and domain invariant. The figure shows that reducing the
difference makes the classifier applicable to both domains.

In fact, feature extraction and classification capability can be optimized simultaneously.
Therefore, the Deep Domain Confusion approach is to add an additional adaptation layer
and domain error loss to the neural network to automatically learn some feature expres-
sions. The main use of MMD, assuming that the mapping function is ¢, can adopt the
following optimization objectives: first, to optimize the supervised classifier, and second,
to reduce the difference between domains (as in Eq 2.10).

L= Lc(Xs,ys) + \MM D*(Xg, X7) (2.10)

where Lo(Xg, ys) is used to calculate the cross-entropy loss between the existing label data
(Xs) and the ground truth labels (ys). MM D?*(X S, XT) is used to calculate the distance
between Xg and Xp. The hyperparameter A determines the robustness of the confusion
domain.
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Figure 2.16: The structure of Unsupervised Domain Adaptation using feature-whitening
and consensus loss. Here feature-whitening is a technique for image information correlation
reduction as well as speeding up training of this deep neural network. The model is trained
using the proposed Domain-specific Whitening Transform layer combined with Cross-entry
loss and minimum-entropy consensus loss by Subhankar Roy et al. The image is from [19].
Copyright (©)2019, IEEE

2.5.1.2 Entropy Minimization

The main objective of entropy minimization is to find the minimum entropy value between
two sample distributions. In Feature Transfer Network [51], Kihyuk Sohn et al. used the
entropy minimization loss function. Its role is to separate the source and target domains.
The discriminative power of the Feature Transfer Network for target domain images is
enhanced by optimizing the loss function. Then, Roy et al. in [19] proposed a new method
for helping the model (shown in Fig 2.16) for DA, which is called Minimum Entropy
Consensus. The formula is shown in Equation 2.11.

1 m
LYB: B = =Y Izl 2b 2.11
( 1 2) m; (:Cz 7xz> ( )
where I'(z', 27?) = —gmazyey (logp(ylai')) + logp(yle?)). plylzi') and p(y|z;?) are the

probability prediction assigned by the network to ‘> and z}* with respect to their ground-

truth label y. 2% € B, 2! € B and B!, B are two different target batches.
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2.5.1.3 Batch Normalization

Batch Normalization (BN) was proposed to address the challenge of deep model training.
In model training, batch normalization utilizes the mean and standard deviation on small
batches. By continuously adjusting the neural network parameters, the intermediate output
of each layer of the whole neural network is made more stable.

r 1 — 7_‘_
7} )
£y BatchNorm s DSBN “
)
(a) Batch Normalization (b) Domain-Specific Batch Normalization

Figure 2.17: Domain-Specific Batch Normalization for Unsupervised Domain Adaptation.
The difference between Batch Normalization and Domain-Specific Batch Normalization is
compared. Domain-Specific Batch Normalization has two Batch Normalization branches.
One branch is responsible for processing the source domain data. The other branch is
responsible for processing the target domain data. The Domain-Specific Batch Normaliza-
tion layer can be inserted into any unsupervised domain adaptive network with a Batch
Normalization layer. The image is from [1]. Copyright (©)2019, IEEE

Li et al. proposed Adaptive Batch Normalization in [26]. This method can improve
the generalization ability of the model. Compared with other domain adaptive models.
Adaptive Batch Normalization does not need to add additional modules or additional
parameters. The Adaptive Batch Normalization method can change the parameters of the
BN layer in the target domain by learning the source domain dataset. It can also update
the weights of DA.

Subsequently Change et al [1] proposed a Domain-Specific Batch Normalization based
on the original BN method, whose structure is shown in Figure 2.17. It works by estimating
the mean and variance over multiple sets of BN layers. Additionally, domain-specific batch
normalization can capture domain features. Compared to BN, it can better extract domain
invariant features and is more conducive to DA of the model.
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2.5.2 Adversarial-Based Domain Adaptation

Adversarial-based approaches have recently gained popularity. The model is usually com-
bined with a GAN network and typically contains a feature extractor and a domain dis-
criminator. The feature extractor is used to learn domain invariant features to deceive
the discriminator. The discriminator is used to distinguish between the source and target
domains. The differences between domains are reduced by using adversarial training.
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Figure 2.18: The structure of Domain-Adversarial Training. The model includes a fea-
ture extractor (green) and a label predictor (blue). Unsupervised Domain Adaptation is
achieved by adding a domain classifier (red). The image is from [I1]. Permission is re-
quested.
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In 2015, Ganin et al. proposed a DANN framework [I1], which combines adversarial
learning with DA for domain shift. This framework is outstanding in image classification
tasks. The structure of DANN is shown in Fig 2.18. It consists of three main components:
the feature extractor, shown in green, is used to shift the data to a specific feature space
so that the label predictor can distinguish the class of data from the source domain. In
contrast, the domain discriminator cannot distinguish where the data comes from. The
label predictor, shown in blue, classifies the data from the source domain and classifies
the correct label as much as possible. The domain classifier, shown in red, classifies the
data in the feature space. It tries its best to classify whether the data comes from the
source domain or target domain. In this case, the feature extractor and the label classifier
form a feed-forward neural network. Then, a domain discriminator is added after the
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feature extractor, connected by a gradient reversal layer. During the training process, the
network continuously minimizes the loss of the label predictor for labelled data from the
source domain. For all data from the source and target domains, the network continuously
minimizes the loss of the domain classifier. In the DANN, the optimized objective function
has two weighted components: classifier loss in the source domain and discriminator loss
in the source and target domains.

In the model called Adversarial Discriminative Domain Adaptation [58| proposed by
Hoffman et al., the two parts of the loss function weighted in one function do not fully
account for the discriminator loss. So the classifier loss and discriminator loss are trained
separately. Adversarial Discriminative Domain Adaptation can achieve higher accuracy
than other classification models, and the model also provides a unified framework for later
adversarial learning-based DA, see Figure 2.19.
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Figure 2.19: The image shows the generalized architecture for adversarial Domain Adap-
tation. Existing adversarial adaptation methods can be viewed as instantiations of this
framework with different choices regarding their properties.
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2.5.3 Pseudo-Labelling-Based Domain Adaptation

Pseudo labelling is a technique used to solve UDA. The essence of the pseudo labelling
technique is to generate pseudo labels for the target based on the predicted class prob-
abilities |5, 52,67, 74]. Classifiers are deep networks learned from source domain data,
then generate pseudo labels for the target domain. After generation, the network can use
the pseudo labels as real labels. In this mechanism, different algorithms are proposed to
facilitate the alignment of the distribution between two domains.
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Figure 2.20: The figure shows the structure of Asymmetric Tri-training for Unsupervised
Domain Adaptation. There are two classifiers classi fier; and classifiers. Both classifiers
first predict the samples. The unlabelled target samples are assigned pseudo labels using
the obtained prediction results. The image is from [52]|. Permission is requested.

Saito et al. [52]| proposed an Asymmetric Tri-training for UDA; the structure is shown
in Figure 2.20. It works by training two classifiers with the source domain data with labels.
The trained classifier in the source domain is used to label the data in the target domain.
The labelling is considered reliable only if the two classifiers predict the same label or at
least one of the classifiers predicts a result greater than a predefined threshold. Then, a new
classifier is trained with the pseudo-labelled target domain data to obtain a discriminative
representation of the target.

Chang et al. [!] proposed to combine a UDA algorithm with domain-specific batch
normalization to estimate the pseudo label of samples in the target domain. Such an
approach can learn domain-specific features more efficiently.
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2.5.4 Reconstruction-Based Domain Adaptation

The reconstruction-based approach is to reconstruct the sample of the domain. In this
way, the model can provide a good representation of the domain and, at the same time,
retain domain-specific features.
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Figure 2.21: In the figure, 7 is the corrupted result of x. The autoencoder then maps it to
y and tries to reconstruct z.

Self-encoders are typically used as a representation learning method for deep learning
models. It maps the input into the feature space and then maps it back to the input space
for reconstruction. Structurally, it consists of an encoder and a decoder. The encoder is
used to extract the features from the input data, and the decoder is used to reconstruct
the input data based on the extracted features.

Based on the above theory, Bengio et al. proposed a method called "corrupted" in
[60]. Tt is performed by adding noise parameters to the traditional autoencoder, and the
structure is shown in Figure 2.21. When feeding data into the model, the input is set
to zero with a certain probability. The input data are then reconstructed according to
the computed output data. Stacking denoising autoencoders aims to find common features
between the source and target domains by an autoencoder. Its objective function is defined
as Eq 2.12.

00" arg min — L(z", 2" _69 arg min — L(z* 2.12
i 3 L et Lo ) (22
where z is the input data and L is the loss function. L(z,z) = ||z — 2]||?, 6 is the parameter

of the autoencoder. f and g are the mapping functions.
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Subsequently, K. Bousmalis et al. [1] proposed the domain separation network as shown
in Figure 2.22. This network introduces the concept of a private subspace for each domain.
It helps the model capture the common features between two domains by using autoen-
coders and loss functions. The loss function is defined as:

L= Ltask + aLrecon + BLdifference + fYLsimilam'ty <213>
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Figure 2.22: The figure shows the structure of domain separation networks. The yellow
part of the figure shows an encoder F.(z) with shared weights. It is used to capture the
features of a given input sample. The input data are reconstructed using two loss functions,
Liif ference and Lgimiiarity- The image is from [1]. Permission is requested.

I

(T
N

\

where L;,s. denotes the loss of model training, and L,..,, indicates the loss of data re-
construction. Lg;fference 1S used to calculate the difference between the public space and
private space. Lgimiarity is used to measure the public space similarity between the source
and target domains.

2.6 Mixing Datasets

Since the distributions of source and target domain images are very different, semantic seg-
mentation by simply using the previously mentioned methods does not yield good results.
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So we tried to use the image fusion method to combine the images of the source domain
and target domain. This method can make the image distribution of the target domain
closer to the source domain. It also allows image enhancement to make the model more
robust for good inter-domain migration learning. In the following section, we present and
compare some recent image fusion methods.
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Figure 2.23: Mixing methods. Comparison of experimental results of Mixup, Cutout and
CutMix methods on ImageNet and Pascal VOC 07 datasets. The image is from [72].
Copyright (©)2019, IEEE

The first image fusion method is Mixup [73]. This method randomly selects two samples
and mixes them. Then, the classification results of these samples also are mixed. The
method of image fusion is to add each pixel value corresponding to the two images; the
formula is shown in Equation 2.14. The mixing result is then passed to the model to obtain
the output. The authors calculate the loss function separately for the labels of the two
images and then weigh the sum of the loss functions according to the fusion ratio lam
(shown in equation 2.15).

img = lam x X + (1 — lam) * X andom (2.14)
where X is the image from the training dataset and X,qn40m is @ random-selected image
from the same dataset. Parameter lam is the image fusion ratio, a random real number
between [0,1].

loss = lamxcriterion(outputs, targets 4)+ (1 —lam)*criterion(outputs, targetsg) (2.15)

where criterion is a function that calculates the difference between the predicted result
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and the ground truth, targets, and targetsp are two images from the same dataset, and
outputs are the model prediction results.

The second image fusion method is Cutout [l 1] which is a method that initializes a
mask M with 1s while randomly selecting a rectangular box and setting all the values in
that box as 0. In order to apply the Cutout method to the semantic segmentation task, the
input pixels are masked with M, thus ignoring the consistency loss of pixels masked as 0
by M. As a more robust data enhancement method, Cutout can be applied to the teacher
network to generate a pseudo-label for the original image, which can train the student
network. Here, the teacher network is a large complex model that distils its knowledge and
passes it to train a smaller network called the student network to match the output [16].
The loss function is shown in Equation 2.16.

Leons = 1M © (fo(M © x)) — go()||* (2.16)

where M is an initialization mask, fy is the student network, and g, is the teacher network.
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Figure 2.24: The figure illustrates the mixing regularization for semi-supervised semantic
segmentation with the mean teacher framework. The model uses image fusion to combine
the input images x, and x,. This helps the model to learn the semantic information in
different images. The image is from [13]. Permission is requested.

The third image fusion method is CutMix [72].This approach requires two input images,
which can be represented as z, and x;, to be mixed with a mask M. The authors mix
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the predictions of the teacher network for these two inputs g, (%), gs(xs), thus generating
a pseudo-label, which can be used to monitor the predictions of the student network for
the mixed images. The mix operation can be expressed as Equation 2.17. In 2019 Geoff
French. et al. proposed a semi-supervised learning model (Figure 2.24), using the CutMix
method for image enhancement. The specific enhancement method is shown in Figure 2.23.

Image enhancement in these three ways is more beneficial for training the neural net-
work. The table compares the effect of the Cutout and CutMix methods on the experi-
mental accuracy in the experimental section, as shown in Table 2.1. From that table, we
can see that in semi-supervised learning, the CutMix method can be the model to obtain
higher accuracy.

Table 2.1: Performance (mloU) on CITYSCAPES validation set, presented as mean =+
std-dev. The table is from [12|. Permission is requested.

Labelled samples  1/30 (100) 1/8 (372) 1/4 (744) AlL (2975)
Test Group 1 Results below are from [22] and [37] with ImageNet pre-trained DeepLab V2.
Baseline — 56.2% 60.2% 66.0%
Adversarial [22] — 57.1% 60.5% 66.2%
s4GAN [37] — 59.3% 61.9% 65.8%
Test Group 2 Results below are from [72] and [37]. Same ImageNet pretrained DeepLab v2 network |
Baseline 44.41% +£1.11  55.25% £0.66  60.57% +1.13 67.53% £0.35
Cutout [11] 47.21% +1.74  57.72% +0.83  61.96% +0.99 67.47% +0.68
CutMix [72] 51.20% +2.29 60.34% +1.24 63.87% +0.71 67.68% +0.37
mix(a,b,M)=(1—-M)Oa+MOb (2.17a)
Leons = ||miz(gs(xa), gs(2), M) — fo(miz(za, zp, M)) [ (2.17b)

where M is a mask, fy is the student network, and g, is the teacher network, a and b are
samples from the training dataset.

The forth image fusion method is proposed by Viktor Olsson et al. named Class-
Mix [10]. This paper introduces a new semantic segmentation strategy, using consistent
regularization and pseudo-labelling for semantic segmentation. The implementation is
shown in Figure 2.25, where two images A and B are sampled in unlabelled data. The
prediction of these two images is performed separately using a segmentation model, and
the prediction result of A is generated by the argmax function. Then, half of the predicted
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Table 2.2: Performance (mloU) on Cityscapes validation set averaged over three runs.
All models use the same DeepLab-v2 network with ResNet-101 backbone. The table is
from [10]. Copyright (©)2021, IEEE

Labelled samples 1/30 1/8 1/4 1/2 Full(2975)
Baseline - 55.5% 59.9% 64.1% 66.4%
Adversarial [22] - 58.8% 62.3% 65.7% -
Improvement - 3.3 24 1.6 -
Baseline - 56.2% 60.2% - 66.0%
s4GAN [37] - 59.3% 61.9% - 65.8%
Improvement - 3.1 1.7 - -0.2
Baseline 44.41% 55.25% 60.57% - 67.53%
French et al. [13] 51.20% 60.34% 63.87% - -
Improvement 6.79 5.09 3.3 - -
Baseline 45.5% 56.7% 61.1% - 66.9%
DST-CBC [12] 48.7% 60.5% 64.4% - -
Improvement 3.2 3.8 3.3 - -
Baseline 43.84% +£0.71 54.84% +1.14 60.08% £0.62 63.02% +£0.14 66.19% +0.11
Theirs 54.07% +1.61 61.35% +0.62 63.63% £0.33 66.29% +0.47 -
Improvement 10.23 6.51 3.55 3.27

labels are randomly selected as a mask, and the mask region in image A is merged into
image B. The authors compare their model with the previous model, and we can see from
the result Table 2.2 that the ClassMix method has a more significant improvement in the
model accuracy. Due to the usefulness of the ClassMix method, Wilhelm Tranheden et al.
modified it and used it in their DA model DACS [55] proposed in 2020. ClassMix, as a
way of data augmentation, allows DACS to reach 52.14% accuracy.

Inspired by these papers, we tried to apply this data augmentation approach to our
model and achieved great improvement. We will describe how we applied the mixing
method in the following chapter.

2.7 Semantic Segmentation in Domain Adaptation

In this section, we present some previous works in the related field and analyze their
strengths and weaknesses in order to compare our own model with previous models in the
experimental part of this thesis.

In 2016, Judy Hoffman et al. [21] proposed a framework for unsupervised domain adap-
tive semantic segmentation based on fully convolutional networks [31]. Its structure is
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Mix

Figure 2.25: The ClassMix enhancement technique is to select two images from the unla-
belled dataset. If we predict S, based on image A and generate binary mask M, M will
be used to mix image A and image B and generate a new image with its label. The image
is from [10]. Copyright (©)2021, IEEE

Algorithm 2.2 ClassMix algorithm Copyright (©)2021, IEEE

Input: Two unlabelled samples A and B, segmentation network fy
SA — fg/(A)
Sp + fo(B)
Sa < arg maxsSa(i,j, ) > Take pizel — wise argmax over classes
C <« Set of the dif ferent classes present in Su
¢ < Randomly selected subset of C such that|c| = |C| /2

1, ifS,ec
0, otherwise
Xa MoA+ (1 —M)® Br Miz images

Yo MO©Ss+ (1—M)o Sg> Mix Predictions
return X, , Y,

Forall i,j: M(i,j5) = > Create binary marsk.
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characterized by its ability to perform dense predictions without fully connected layers [21].
The proposed structure can accept input images of arbitrary size, so it is widely used for
semantic segmentation. This was the first time that DA methods were applied to the
semantic segmentation task of images.

Source domain: labeled data Source domain: Ground Truth

I Class Size
Nt - :Distributionl
i /
Domain - - _T e
Shared Weight Adversarial L Transfer

Training

- s N S § o

[arget domain: unlabeled data Target domain: Network Output

Figure 2.26: The source domain contains images with labels, and the target domain con-
tains images without labels. The model predicts the images in the target domain by

learning the features of images in the source domain. The image is from [21|. Permission
is requested.

The structure of the model built using the fully convolutional network is shown in
Fig 2.26. The model has two main tasks. Firstly, global features of images in different
domains are aligned. Secondly, specific category features are aligned. These two tasks serve
to perform DA. The model can then segment the target domain image using the features
learned from the source domain. Global domain alignment is the feature extraction of
images in both the source and target domains using an encoder network. Then, the image
features are used for adversarial training. As in Figure 2.26, domain adversarial training,
this part is like the adversarial training of GAN so that the extracted features of different
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domains have a similar distribution to the complete global information. Category-specific
Adaptation is the alignment of local information in the category space using Multiple
Instance Learning Loss [12] with full convolutional constraints. Multiple Instance Learning
Loss is used to calculate the loss of different classes. The constraints here are mainly in
two aspects. One is the constraint on the presence or absence of objects in the image.
Another is the constraint on the size of objects. These constraints are used to align the
information on specific classes.

Source Domain Target Domain

|

Large gap in
appearance

=

Smaller gap in
spatial layout

=

Figure 2.27: The figure shows the main idea of the AdaptSegNet model. Even though the
two street views themselves are very different, they have a lot of similarities in the output

space, such as spatial layout and local context. The image is from [56]. Copyright (©)2018,
[EEE

The experimental results of this model are shown in Table 2.3 and Table 2.4. From
these tables, we can see that the model’s accuracy is 27.1 for the experiment with the
GTAS5 dataset as the source domain and the CityScapes dataset as the target domain. The
model’s accuracy is 17.0 for the experiment with SYNTHIA dataset as the source domain
and the CityScapes dataset as the target domain. Although the accuracy of the model
mentioned in the paper [21] is not high, the model still has a milestone significance.

Then, in 2018, Yi-Hsuan Tsai et al. further explored the domain of DA [56]. They
proposed a DA method for pixel-level semantic segmentation called AdaptSegNet. The
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Segmentation Network Domain Adaptation Module
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Figure 2.28: AdaptSegNet model. The training process is that the model uses the features
learned from the source domain to predict the target domain images, where the source
domain images are labelled, and the target domain images are unlabelled. The model
performs semantic segmentation on the source and target images separately and obtains
the feature maps. The feature maps are then fed into the discriminator. The discriminator
is used to determine the origin of the feature map. The image is from [56]. Copyright
(©)2018, IEEE

Table 2.3: Adaptation from synthetic to real. Judy Hoffman et al. [21] use GTA5 as
source labelled training data and CityScapes train as an unlabelled target domain. Here
GA represents global domain alignment, and CA indicates category-specific adaptation.
Table is from [21]. Permission is requested.

GTA5 — CityScapes

= e
] % g g P = = £ g g < g £
3 = = = = = - @ o) w 5 = @
Method § —% z § & 2 = hﬁc %D E ) Z ? § Ls* : ; E E mlou
Dialation Frontend [71] 319 189 477 74 31 16.0 104 10 765 130 589 360 1.0 671 9.5 37 00 00 00 21.1
Their Method (GA only) | 674 292 64.9 15.6 8.4 124 98 27 741 128 66.8 381 23 630 94 51 00 35 00 255
Their Method (GA + CA) | 70.4 82.4 621 149 54 109 14.2 2.7 79.2 21.3 646 44.1 4.2 70.4 80 7.3 00 85 00 271
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Table 2.4: Adaptation from synthetic to real. Judy Hoffman et al. [21] use SYNTHIA as
source labelled training data and CityScapes train as an unlabelled target domain. Here
GA represents global domain alignment, and CA indicates category-specific adaptation.
Table is from [21]|. Permission is requested.

SYNTHIA — CityScapes

= o0
g £ © | g 4 = £
] 3] = = S < = g o0 £ o3 Z g =] 5 Z 3 = 2
Method 2 F 2 & 2 27 2 2 z 2 F S = 2 £ g 2 mlou
Dialation Frontend [71] 6.4 177 297 12 00 151 0.0 72 303 0.0 668 51.1 1.5 473 0.0 39 00 0.1 0.0 147
0.0

Their Method (GA only) | 11.5 183 88.3 6.1 0.0 23.1 00 112 43.6 70.5 455 13 451 00 4.6 0.0 0.1 05 16.6
Their Method (GA + CA) | 11.5 19.6 308 44 00 203 0.1 11.7 423 0.0 687 51.2 3.8 54.0 00 32 00 0.2 0.6 17.0

Table 2.5: Adaptation from synthetic to real. Yi-Hsuan Tsai et al. [506] used GTA5 as
source labelled training data and CityScapes train as an unlabelled target domain. The
table is from [56]|. Permission is requested.

GTA5 — CityScapes

= o0

° % é = 51 o = = w0 g § 5] s " g é )
Method § ? 2 g § g = 1 g E x: S FU: § E z : é E mlou
FCNs in the Wild [21] 704 324 621 149 54 109 142 27 792 213 646 44.1 42 704 80 73 00 35 0.0 271
CDA [75] 749 220 717 60 119 84 163 11.1 757 133 66.5 380 9.3 552 188 189 0.0 16.8 146 289
CyCADA (feature) [20] 85.6 30.7 747 144 13.0 176 13.7 58 746 158 699 382 35 723 160 50 0.1 3.6 0.0 29.2
CyCADA (pixel) [20] 83.5 383 764 20.6 16.5 222 262 21.9 804 287 657 494 42 746 16.0 266 2.0 80 00 348
Theirs (singel-level) [50] 87.3 298 786 21.1 182 225 21.5 11.0 79.7 29.6 713 468 6.5 80.1 230 269 0.0 106 0.3 35.0
Baseline (ResNet) 75.8 16.8 772 125 21.0 255 30.1 20.1 81.3 246 70.3 53.8 264 499 172 259 6.5 253 36.0 36.6
AdaptSegNet (feature) [56] 83.7 27.6 755 203 19.9 274 283 274 79.0 284 70.1 551 20.2 729 225 357 83 206 23.0 39.3
AdaptSegNet (single-level) [50] | 86.5 25.9 79.8 22.1 20.0 23.6 33.1 21.8 81.8 259 759 57.3 262 763 29.8 321 7.2 295 325 414
AdaptSegNet (multi-level) [56] | 86.5 36.0 79.9 234 233 239 352 148 834 333 756 585 27.6 73.7 325 354 3.9 30.1 281 424
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method is trained mainly by adversarial learning. Since the features in the segmentation
task contain high-dimensional information such as shape and texture, they are quite com-
plex and not easily transferable for learning. Yi-Hsuan Tsai et al. found that the two types
of data are more visually consistent in the segmentation results by observing the charac-
teristics of known and unknown data. Therefore, by performing DA on the output space
of the network, training results can be obtained better than in the previously mentioned
model. Figure 2.27 shows the similarity in this space.

Table 2.6: Adaptation from synthetic to real. Yi-Hsuan Tsai et al. [50] used SYNTHIA
as source labelled training data and CityScapes train as an unlabelled target domain. The
table is from [50]. Permission is requested.

SYNTHIA — CityScapes

o0 I
1< 4
= 7]

42.3 68.7 51.2

building
person
ar

Method :
FCNs in the Wild [21] 11.5

ED
@ mlou
11.7 54.0 32 02 06 229
CDA [75] 65.2 26.1 749 37 3.0 761 70.6 47.1 82 432 207 0.7 13.1 348
Cross-City [3] 62.7 256 783 12 54 81.3 810 374 64 635 161 12 4.6 357
AdaptSegNet (single-level) [56] | 78.9 29.2 755 0.1 48 726 767 434 88 711 160 3.6 84 376
12.1
11.4
10.5

road
= .
©| sidewalk
>
w .
%ol rider
C
bus
1

30.8 0.1

Baseline (ResNet) 55.6 23.8 746 6.1 748 79.0 553 19.1 39.6 233 13.7 25.0 38.6

Theirs (feature) 624 219 763 11.7 75.3 80.9 53.7 185 59.7 13.7 20.6 240 408
Theirs (single-level) 79.2 372 788 9.9 782 80.5 535 19.6 67.0 295 21.6 31.3 459
Theirs (multi-level) 84.3 427 775 47 7.0 779 825 543 21.0 723 322 189 323 46.7

Figure 2.28 shows the network structure, which has two parts: the generator G and
the discriminator D. Where generate G is composed of the segmentation network. The
synthetic and real images are input to the segmentation network, and the softmax seg-
mentation probability outputs P,, P; of the two images are obtained. These two feature
maps are then input to the discriminator network D. D determine which domain the fea-
ture map comes from. The loss function of the model consists of two parts: segmentation
loss and GAN loss. After tens of thousands of iterations, the model results are shown in
Table 2.5 and Table 2.6. From the tables, we can see that the AdaptSegNet model has a
much higher mlou than the FCNs, regardless of whether the GTA5 dataset is used as the
source domain or the SYNTHIA dataset is used as the source domain.

Based on these theoretical foundations, we tried to improve the DA model and use it
for semantic segmentation. Our final model is much more accurate than these models. We
will focus on our model in the next chapter to show how it works.
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Chapter 3

Proposed Model

In this chapter, we will focus on our unsupervised domain adaptation model, which firstly
uses a fusion of source and target domain images to help the model perform initial domain
adaptation. Secondly, with the help of GAN neural network, the model can better learn the
similarity of the distribution between two domains and further perform domain migration.
In this thesis, we name this model TwinLossGAN. The basic structure of this chapter is
arranged as follows. In Section 3.1, we review the structure and basics of GAN neural
networks. In Section 3.2, we will focus on the structure of our own model. In Section 3.3,
we introduce the loss function used to train the whole model. In Section 3.4, we provide a
comprehensive summary of what has been presented in this chapter.

3.1 Review of Traditional Unsupervised Domain Adap-
tation Model Based on Generative Adversarial Net-
work

The traditional unsupervised domain adaptation model based on GAN is shown in Fig-
ure 3.1. In previous work, it is customary to directly pass the images of the source domain
and target domain into two discriminators with shared weights. The semantic segmenta-
tion of the images in both domains is performed by two segmentors, and then the resulting
segmentation results are fed into the discriminator, which determines which domain the
segmentation results come from.

Due to the special structure of the generative adversarial network, the model can learn
the distributional similarity between two different domains during the adversarial learning
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Figure 3.1: Previous model structure. The traditional domain adaptation model uses the
source domain images and their ground truth to train the model. Then, the segmentation
results of the model for different domain images are sent to the discriminator. The dis-
criminator is used to determine the origin of the images.

process between the generator and the discriminator so that the image features learned
from the source domain can be used to semantically segment the images in the target do-
main. GANs with different structures have been widely used in domain adaptation tasks
in previous work. One of the classical models is [56]. This model mainly uses adversarial
learning of generator and discriminator to close the distance of image distribution between
two different domains, the source domain and target domain, in order to achieve the pur-
pose of domain migration learning. However, this model also inherits the shortcomings
of the GAN network. That is, the training process is unstable. We found in many ex-
periments that the learning ability of a discriminator is significantly stronger than that
of a generator. In order to train GAN stably, a lot of experiments are needed to tune
the parameters. And because the source domain images are from synthetic data and the
target domain images are from real data, the image distribution between the two domains
is very different, so it is not very effective to use a GAN network to learn the difference
between them. Therefore, we propose a new structure, as shown in Figure 3.2, and we will
introduce our model structure in detail in the subsequent sections.

In summary, based on the problems of the previous model, the problems that need to
be solved in our proposed model are:

1. The instability of GAN networks during training. This requires our model to be able
to learn both adversarially and stably during the training of the generator and discrimina-
tor. Too much fluctuation does not help the GAN network to learn the image distribution
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features.

2. The ability of GAN to reduce the inter-domain gap is limited. This requires our
model to leverage other existing image processing methods to help the GAN network to
further reduce the inter-domain gap. This can provide a good learning environment for
GAN to apply the image features learned from the source domain to the target domain
images.

Ground Truth

¥
A > Lsource
s =5 yd

Source | 7” Segmentation Source |
Bamali Network / Output \\\
) = AN - ~
o ‘ "\ Discriminator ~
Sharg % Network “lage (L Lseg
. Weights yan -

/
X . v/

Target » Mixing | Segmentation o Target

Domain Network Output \

Pseudo labels

Figure 3.2: New model structure. In this kind of model, one more module called Mixing is
added. This module can help the model narrow the gap between the source domain and
target domain. Then, the model can generate a pseudo-label for target domain images. In
this way, target images and their pseudo-label can help the model update its parameters.
This kind of model can be well-trained.

3.2 TwinLossGAN

Motivated by the above model, we consider an unsupervised domain adaptation task for
intensive prediction tasks. This model needs to address the two main problems of unstable
GAN training and limited ability to reduce the gap between domains. In this setup, we
assume that we have access to the source image set Xg, the source label set Yg, and the
unlabelled target image set X7. Our goal is to train a model that can reliably and accurately
predict the dense labels of each image in the target domain. An in-depth description of
our model is given below.

Our domain adaptation model, shown in Figure 3.3, consists of three parts: the first
part is the image fusion module M. The second part is the module GG, which contains two
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Figure 3.3: Structure of TwinLossGAN. our model is described clearly in section 3.2.

modules. One is the generator module Gg for source domain image segmentation, and the
other is the generator module Gy for target domain image segmentation. The third part is
the discriminator module D. The model inputs are images from two different domains. The
images in the source domain are synthetic images. The labels of the synthetic images are
visible to the model. The target domain image is the real image, and the label of the real
image is not visible to the model. The goal of the Gg module is to semantically segment the
images in the source domain under the supervision of the labels. Specifically, we input the
image Xg of the source domain into the Gg module, which will first semantically segment
the image and then compute the loss using the label set of the source image. The calculated
loss is used to help the model to adjust the parameters. Finally, the source domain image
can be segmented at the exact pixel level, and the segmentation result is noted as Pg. Then,
the image in the target domain is processed, and before sending the image to the target
domain image segmentor G, we will perform image fusion between different domains in the
first step. A new synthetic image X,; and its corresponding pseudo-label Y, are generated,
and then X,; is fed into the generator module G, which is used for image segmentation
in the target domain. Here the weights are shared between the two generator modules Gg
and Gp. Gr fully learns the distribution features of the target domain images under the
supervision of the pseudo-label Y;,. In addition, the target domain image is segmented at
a pixel level. The segmentation results are recorded as Pr. The loss is computed using
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the pseudo-label Y;; and Pr. Gp is optimized using backpropagation. This completes
the task of the generator module. Then, we input the prediction results Pg and Py from
the two generator modules into the discriminator module D. The discriminator is used to
determine whether the semantic segmentation results originate from the source domain or
the target domain.

In our model, the generator also plays the role of segmentor. In the training process,
in the same way as in the GAN network training, we first fix the discriminator to train the
generator. The main role of the generator is to maximize the distribution of the images
in the target domain as closely as possible to the distribution of the images in the source
domain. In this way, the discriminator will not be able to easily distinguish the source of
the final generated feature map. Then, we fix the generator and train the discriminator.
The goal of the discriminator is that even if the generator brings the image distributions of
two different domains infinitely close to each other, the discriminator can still distinguish
whether the semantic segmentation results originate from the source or the target domain.
In multiple adversarial learning, the model can fully learn the distribution features of source
and target domain images to facilitate further domain migration.

The following describes how the model performs domain adaptation, which is divided
into two stages. The first stage is a rough image fusion between domains before the images
in the target domain are fed into the neural network. Specifically, two images, A and B,
are sampled in the source and target domains, respectively. The prediction is performed
separately using the segmentation model. The prediction results are generated by the
argmax function in the prediction results of A. Then, half of the predicted labels are
randomly selected as a mask, and the mask region in image A is merged into image B.
The image fusion module generates synthetic images of source and target domains, and
these synthetic images will have their own pseudo labels. In this stage, the distribution
between the source and target images is brought closer together by the fusion, which helps
the generator to learn the inter-domain gap more easily. This makes up for the problem
we mentioned before: the discriminator learns too much. Our final goal is to make the
segmentation prediction maps (Ps, Pys) of the source and target prediction images close to
each other. So in the second stage, we input the segmentation prediction results of the two
unused domains predicted by the generator to the discriminator to determine their sources.
Under the adversarial loss of the target prediction, the network propagates the gradient
from D to G, that is, Gg and Gr. This will encourage G to produce a similar segmentation
distribution in the target domain as the source prediction. In order to make the model
description clearer, we split the model and explain it step by step in the following sections.
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Figure 3.4: Semantic segmentation for source domain images.

3.2.1 Semantic Segmentation for Source Images

The red box in the Figure 3.4 indicates the process of training the model under the su-
pervision of the source domain images. The images in the source domain and their labels
are visible to the model. The images used in the source domain are synthetic images.
The backbone is first given initial parameters. Then, we input the synthetic images into
the backbone. The model performs semantic segmentation on the synthetic image. The
obtained feature map is resized. Then, the obtained result is compared with the label. The
calculated loss is used to update the parameters in the backbone. In summary, this is the
training process for the source domain images for the model.

Figure 3.5: Images mixing result.
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Figure 3.6: Images mixing result.

3.2.2 Mixing Progress

Before training with the target domain images, we utilize image enhancement methods.
Image fusion of the source and target domains is performed first. The image fusion part is
shown in the orange box in Figure 3.6. This is done by first copying the backbone structure
mentioned in the previous section. Using the copied model, here labelled as a duplicate
model, this model is used to semantically segment the images in the target domain. Then,
we will have four input images. One of the images is from the source domain, and the other
is the semantic segmentation result of the source domain image. Similarly, the other two
images are the target domain images and the corresponding semantic segmentation results.
We use the original images selected from the source and target domains for category fusion.
By doing this, we select the categories in the source image to make a mask and use the
mask to copy and paste the selected categories in the source domain to the target image,
see Figure 3.5. This completes the blending of the images. In the same way, the semantic
segmentation results of the two images can also be fused and used as labels for the new
images. In summary, this concludes the image mixing part.

3.2.3 Semantic Segmentation for Target Images

The green box in the Figure 3.7 indicates that the model is trained using the images in
the target domain. The images in the target domain are visible to the model, but the
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Figure 3.7: Semantic segmentation for target domain images.

labels of the images are not visible to the model. The model mentioned in the previous
section recombines the source and target domain images to generate their corresponding
labels. We feed the newly generated image into the model. The model performs semantic
segmentation on this image. The labels are then used to compute the cross-entropy loss.
The loss function will help the model update the parameters since the segmentors in the
source, and target domains share parameters. So after parameter update, the model can
learn the picture features of source and target domains better.

3.2.4 Discriminator

Discriminators play a crucial role in our entire model. The discriminator here (Figure 3.8)
is similar to the discriminator in a GAN neural network. We feed both the semantic seg-
mentation results obtained from the source domain image prediction and the semantic
segmentation results obtained from the target domain image prediction into the discrim-
inator. The discriminator needs to determine the source of the semantic segmentation
results. Discriminating the source of the semantic segmentation results allows the two
image distributions to approach each other through model learning. This facilitates the
segmentor to apply the image distribution information learned from the source domain
to the segmentation of the target domain images. In the overall model, the above two
segmentors are equivalent to generators in GAN networks. Therefore, our model is trained
based on the training mechanism of GAN neural networks.
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Figure 3.8: Discriminator in our model.

As you can see from the model description, the most important part of the model is
the loss function. Our model contains three main loss functions, and we will focus on how
these loss functions help train the model in the next section.

3.3 Loss Function

The loss function is crucial to the training of a model. It is used to evaluate the extent
to which the predicted value of the model is different from the true value. A better
loss function usually means a better model. Different models use different loss functions.
There are two main types of loss functions. They are the empirical loss function and the
structural risk loss function. The empirical loss function refers to the difference between
the predicted and actual results. The structural risk loss function refers to the empirical
risk loss function plus the canonical term. In this thesis, our model uses the empirical loss
function in order to calculate the gap between the semantic segmentation domain and the
ground truth performed by the model on the image. Thus, it helps the model to learn the
image features better. Our model generates three loss functions, which we will introduce
one by one below.
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Algorithm 3.1 TwinLossGAN algorithm

Input: Source-domain and target-domain datasets Dg and D7, segmentation network fy,
discriminator dgo, initialize network parameters 6; and 6, randomly
for:=1tondo
Xg,Yg ~ Dg
Xy ~ Dy
Yr + fo(X7) ~
)~(M, Yy < Generate new mixed images using images Xg, Ys, X7 and Yr
Vs < fo(Xs)
Y — fo(Xum)

For all i;g,);M : d92(y57Y~M) = {

1, if the prediction is from source

0, if the prediction is from target
l < ls+ 1y +1g> Losses from two segmentors and one discriminator, Lg and Ly,
are called twin losses
Compute Dyl by backpropagation
Perform SGD on 60
end for

return fo1, fo2

Ps = f(Is) (3.1a)
Pr = f(Ts) (3.1b)

Equation 3.1a indicates that the images from the source domain are fed into the model
to obtain the image prediction results. Where Pg denotes the prediction result of the
model for the images from the source domain, it denotes the image from the source domain,
and f denotes the model function used to perform semantic segmentation. Equation 3.1b
indicates that the target domain images are fed into the model to get the prediction results.
Where P denotes the prediction result of the model on the target domain image, I denotes
the image is from the source domain and f is the same as Equation 3.1a.

Iy=M~olIs+(1-M)o Ir (3.2a)
Gu=M®oOPs+(1-M)O Pr (3.2b)
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To help the GAN-based neural network stabilizes its training process, the model per-
forms semantic segmentation on the source and target domain images separately after-
wards. We will use the source and target domain images and their prediction result maps
to generate the mixed images. The formulas are shown in Equation 3.2a and Equation 3.2b.
This is done by selecting a picture we and a picture T" from the source and target domains,
respectively. M is a binary mask that is used to randomly select half of the categories from
the originating picture, set the pixels of these categories to 1 in M, and fill all other parts
with 0. This mask is then used to generate the synthetic image ;. By the same principle,
using the prediction results of the model for images I and T', we can generate the ground
truth G, corresponding to the synthetic image I;.

C

Lsource = (Is, GS) = - Z fz(IS) 10g<GS) (33&)
=1
C

Ligrget = (Ini, Gu) = — Z fi(Iar) log(Gar) (3.3b)

Equation 3.3a indicates that the model first predicts the source domain images and
then computes the cross-entropy loss using its ground truth. Backpropagation with the
computed loss can guide the whole model to learn the distribution features of the source
domain images. Cross entropy is an important concept in information theory, which is
mainly used to measure the similarity between the prediction results and the real results.
Here we use this property to calculate the gap between the semantic segmentation results
predicted by the model and the true labels. Equation 3.3b represents the loss generated by
training the model with mixed images and their pseudo-labels. The principle is the same
as in Equation 3.3a.

La= =) (1= 2)log((p)"*) + zlog((p)™*") (3.4a)
L) =~ (D) o

Equation 3.4a and Equation 3.4b are used to represent the generative adversarial learn-
ing process. L, denotes the loss generated by the discriminator, which is used to train the
discriminator to accurately distinguish the prediction results from the source domain or
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the target domain. L,4, denotes the loss generated by the generator, which is used to help
train the generator to fool the discriminator so that the discriminator cannot distinguish
the source of the semantic segmentation results. The model undergoes multiple generative
adversarial learning iterations, and the model can extract the source and target domain
image feature more accurately, which is beneficial for domain migration learning.

Lseg - Lsourse + Ltarget + )\Ladv (35)

In summary, the final loss used for semantic segmentation is Ly.y. In this Equation 3.5,
Lgouree 1 used to calculate the cross-entropy loss between the predicted result for the
source domain image and the real label. This cross-entropy loss can be used to help the
neural network optimize the internal parameters so that the generator module G, which
is used for source segmentation, can better learn the image distribution characteristics
of the source domain to obtain more accurate segmentation results. L4 is used to
calculate the cross-entropy loss between the image prediction in the target domain and
the pseudo label. The purpose is the same as above. The cross-entropy loss is used to
further adjust the internal parameters of the model. L4, is the adversarial loss, which is
used to adapt the predicted segmentation of the target image to the distribution of the
source prediction, which is more useful for migration learning. A4, is used to balance the
weights of the two losses. The total loss is back-propagated for the training of the whole
model and parameter updating. The final model is able to perform more accurate semantic
segmentation of real-world images.

3.4 Summary

In this chapter, we introduced the traditional generative adversarial learning network GAN.
Based on the characteristics of GAN networks, we applied it to our own model, which is
TwinLossGAN. Its adversarial learning facilitates our model to learn the similarity of image
features between the source and target domains. We also use another image enhancement
method, the mixing method, in our model. It helps the GAN-based model to perform
image fusion first. This helps to stabilize the whole training process of the model and also
facilitates domain migration learning. Finally, we introduce the loss functions used in the
model. They are essential for the training of the model. In the next chapter, we describe
the experimental parameters and the results in detail.
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Chapter 4

Experimental Analysis

In this chapter, we will present the experimental parameter settings and some experimental
results. In order to prove that our model is a significant improvement over the original
model, we tested our model using the current popular UDA test datasets GTA5 and SYN-
THIA. The results are compared with other previous models. For ease of understanding,
we will describe the two datasets we used in detail later. In this chapter, Section 4.1
introduces the experimental details, such as the experimental parameters and settings.
In 4.2, we introduce in general the two datasets we used. In 4.3, we describe in detail the
test results of our model on the GTA5 dataset and another test dataset, SYNTHIA. In
Section 4.4, we conclude this chapter.

4.1 Implementation Details

Our model is based on the [56] model, and the general structure of the model has been
described in the previous chapter. Our model has three parts: the image fusion module
M, the generator modules G and G for source domain image segmentation and target
domain image segmentation, respectively, and the discriminator module D. Among them,
the generator modules Gs and G use the ResNet101 network implemented in the DeepLab
V2 framework as the backbone, which is used for semantic segmentation of the source and
target domain images. This backbone network is already pre-trained on ImageNet [10] and
MSCOCO [29]. Here we directly use the DeepLab trained model for prediction. Most of
the parameters we borrowed from [50].
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4.1.1 Parameter Setting

The details of the network training are as follows. First, we re-scaled the source image to
760 x 1280 and the target image to 512 x 1024. After that, we extracted a fixed size image
of 512 x 512 for the whole network training. Several attempts have been made to find out
that the 512 x 512 image size is more conducive to the training of generative adversarial
networks.

For the initial learning rate, we set it to 2.5 x 10* and use the gradient descent
algorithm with Nesterov acceleration. Accelerated Gradient Descent is an improved version
of the Gradient Descent algorithm (GD), which was first proposed by Nesterov in 1983.
It has been shown that the Accelerated Gradient Descent algorithm is the best method
among all gradient-based algorithms. However, the original Accelerated Gradient Descent
algorithm can only handle smooth convex optimization problems. So far, Accelerated
Gradient Descent has been extended to a wider range of types of convex optimization
problems. It was used here early so that the model could converge quickly. A polynomial
decay with an exponent of 0.9 is used to improve the overall learning ability of the model.

In the implementation of the image fusion module M, we used ClassMix and added
image colour dithering and random blurring to fully fuse the images while performing image
enhancement. For the training, we formed a batch of two original images and two mixed
images to train the network for 150,000 iterations. The experiments were implemented
using a GTX 3090 GPU with 24GB of RAM. The detailed performance analysis report
can be found in the appendix ?77?.

4.1.2 Training Details

Our model mainly performs domain migration learning. First, for semantic segmentation of
images in the source domain, we used segmenter;, denoted as S;. S; segments the images
and then computes the loss function using the labels of the images themselves. The param-
eters of the S; itself are updated using the loss function. Secondly, for the target domain
images, we used an auxiliary segmentor with the same structure as S;. This segmentor is
designed to perform the mixing of source domain target domain images. This is done by
selecting one image from the source domain, and one from the target domain denoted as A
and B. Some categories in A are selected using the image mask. The corresponding pixels
in image B are removed using the same mask. Then, the categories selected are pasted
from A into B. This completes the mixing of the images. The next step is to semantically
segment image B using the auxiliary segmentor. We generated pseudo-labels using the
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same method as above. The segmentation result of the B picture is combined with the
segmentation result of the source domain picture A generated by S;. The pseudo-label
corresponding to the blended image is then obtained. At this point, we feed the blended
image to segmenters, denoted as S;. Here S; and S; have the same structure and share
weights. Migration learning is performed between these two segmentors. Subsequently, Sy
performs semantic segmentation of the mixed image. Here the main segmentor is trained.
It should be noted that here the segmentor acts as a generator in the GAN network, con-
tinuously learning the similarity of image distribution between two domains to fool the
discriminator, and then we send all the semantic segmentation results generated by the
segmentor to the discriminator to determine whether the results originate from the source
or target domain.

4.2 Dataset

We show the experimental results of the UDA semantic segmentation model in this chapter.
We used the synthetic dataset as the source domain to train the model. The trained model
was then used to perform semantic segmentation on the real images, which are the target
domain images. The source domain dataset used two commonly used synthetic image
datasets, GTA5 [17] and SYNTHIA [18]. The target domain dataset used was Cityscapes.
It was used to evaluate the learning results of the model on the source domain dataset.
Before presenting the model results, we introduce the two datasets.

4.2.1 GTA5

As neural networks get larger and deeper, they are also more and more demanding on the
dataset. The reliance on manually labelled images is no longer adequate for training large
neural networks. In 2016 Stephan R. Richter et al. proposed that images of in-game scenes
from modern games can be extracted and relevant labels made from them. GTAb contains
25,000 synthetic images. The number of categories labelled in these synthetic images is 19,
which is the same number of categories labelled in Cityscapes (shown in Figure 4.1).

Richter et al. [17] conducted experiments using their own generated dataset. The re-
sults (shown in Table 4.1) of the semantic segmentation experiments show that using the
acquired data to fill in real-world pictures can significantly improve the accuracy of the
model. The first experimental component is that the authors performed control experi-
ments on the CamVid dataset. From the very beginning, when the full CamVid was used
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Images Ground Truth

ko

Figure 4.1: Images and labels in GTA5. Images are from [17]. Permission is requested.

for training, to later when all synthetic images were used, they found that the final accuracy
could be improved by 3.9%.

4.2.2 SYNTHIA

SYNTHIA [18] is a composite dataset consisting of a set of realistic frames rendered from
a virtual city, containing 9400 composite images (shown in Figure 4.2). SYNTHIA comes
with precise pixel-level semantic annotations for 13 categories: miscellaneous, sky, build-
ings, roads, sidewalks, fences, vegetation, poles, cars, signs, pedestrians, bicyclists and lane
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Table 4.1: Controlled experiments on the CamVid dataset. The table is from [17]. Per-
mission is requested.

real images 100% - 25% 33% 50% 100%
synthetic images (all) - 100% | v v v v
Intersection-over-union (Iou) | 65.0 | 43.6 | 63.9 65.2 66.5 68.9

Images Ground Truth (RGB) Ground Truth

Figure 4.2: Images and labels in SYNTHIA. Images are from [18]|. Permission is requested.

markings.

SYNTHIA is a very popular synthetic dataset at the moment. Scenes are taken from
200,000 video streams of HD images and 20,000 individual snapshots of HD images. It
also contains a variety of scenes, such as European towns, highways, etc. Various dynamic
objects are also marked: cars, bicyclists, etc. SYNTHIA also provides multi-seasonal im-
ages, as different lighting conditions and seasonal changes have an impact on the prediction
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Images Ground Truth (RGB) Ground Truth

Figure 4.3: Images and labels in Cityscapes. Images are from [9]. Permission is requested.

results of the neural network model. In terms of lighting and weather, SYNTHIA offers,
for example, a rain and night mode and a night mode. To sum up, SYNTHIA is an image
information-rich synthetic image library. This is why we chose it as the original dataset.

4.2.3 Cityscapes

Cityscapes |9] is a dataset of semantic understanding images of urban street scenes. Cityscapes
contains street scenes from 50 cities with different scenes, backgrounds and seasons, provid-
ing 5000 high-quality pixel-level annotated images of driving scenes in urban environments
(2975 for training, 500 for validation, 1525 for testing, in total 19 categories; Samples
shown in Figure 4.3). In addition to the 5000 frames of high-quality pixel-level annota-
tions, Cityscapes has 20,000 coarsely annotated images (gt coarse). Therefore, the dataset

is much larger in order of magnitude than the previous dataset.

The Cityscapes dataset aims to evaluate the performance of vision algorithms in two
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major tasks of semantic urban scene understanding: pixel-level and instance-level semantic
annotation. It supports research aimed at exploiting large amounts of (weakly) annotated
data. The Cityscapes dataset, for example, is promoted by Mercedes-Benz and provides
image segmentation datasets in automated driving environments. It is used to evaluate the
performance of vision algorithms for semantic understanding of urban scenes. The perfor-
mance of the algorithm is evaluated using the Iou score of the PASCAL VOC standard.

In this thesis, Cityscapes was chosen as the target domain. The semantic segmentation
of real images within the dataset was performed using the trained model.

4.3 Results

In this section we will show the results of our model. We use the Iou as our criterion to
evaluate the accuracy of the model. ToU measures the number of pixels common between
the target and prediction masks divided by the total number of pixels present across both
masks. Then we compute the Iou scores for each class separately and average them over all
classes to provide the global average lou which is mIoU scores for our semantic segmentation
predictions.

Table 4.2: GTAb5 to Cityscapes, our results are shown as per-class Iou and mloU. We also
compare our results to several previous works.

= [}
2 o ) 2
- ZS 15 o § % H i P - .g %
E 2 z 3 g <z g & £ 2y z g = E B R 5

Method g = z B z E= £ : & oz F g E 2 E 2 2
ResNet [19] 758 168 772 125 21 255 301 201 813 246 703 538 264 499 172 259 65 253 36 366
AdaptSegNet(s) [70] 865 259 798 221 20 236 331 218 818 259 759 57.3 262 763 298 321 72 295 325 414
DCAN [66] 85 308 813 258 212 222 254 266 834 367 762 589 249 807 295 429 25 269 116 417
DLOW [17] 871 335 805 245 132 298 205 266 826 267 818 559 253 78 335 387 0 229 345 423
AdaptSegNet(m) [56] 865 36 79.9 234 233 239 352 148 834 333 756 585 27.6 737 32, 354 39 01 281 424
SIBAN [33] 885 354 795 263 243 285 325 183 812 40 765 581 258 826 303 344 34 216 215 426
CLAN [50] 87 271 796 273 233 283 855 242 836 274 742 586 28 762 331 367 67 1.9 314 432
FDA [69] 90 405 794 253 267 306 319 293 794 288 765 564 275 SL7 277 451 17 238 296 446
FDA-ENT [69)] 908 427 808 281 266 318 328 291 816 312 762 569 27.7 828 253 441 153 211 302 45
ABStruct [3] 915 475 825 313 256 33 337 258 827 288 827 624 80.8 852 217 345 64 252 244 454
AdvEnt [61] 894 331 81 266 268 27.2 335 247 839 367 788 587 305 848 385 445 17 316 324 455
MRNet [61] 891 239 822 195 201 335 422 391 853 337 764 602 337 860 361 433 59 228 308 455
CBST [53] 918 535 805 327 21 84 289 204 839 342 809 531 24 827 303 359 16 259 42.8 459
APODA [6%] 85.6 328  79.0 205 255 268 346 199 837 406 779 592 283 846 346 492 80 326 396 459
PatchAlign [77] 923 519 821 292 251 245 338 330 824 328 822 586 27.2 843 334 463 22 205 323 465
FCAN [70] - - - - - - - - - - - - - - - - - - - 466
Source 6331 1566 5939 856 1517 1831 2694 1500 8046 1525 7297 51.04 17.67 5068 2819 33.07 353 2321 16.73 32.85
Ours 94.33 62.92 85.82 38.16 35.49 3166 3532 39548 84.82 3465 84.03 5952 1748 87.58 50.11 47.57 002 1237 03 47.24

67



4.3.1 GTAS5 — Cityscapes

We show the results for GTA5 — Cityscapes in Table 4.2 and compare our models with
previous models, all of which use the DeepLabV2 framework as the backbone. In the table,
"Source" refers to a model that was trained only on the source data and then evaluated
on the target data as the benchmark used for comparison in our table. From Table 4.2,
we can see that our model performs very well on many objects compared to the previous
model. For example, it has high accuracy on small objects such as signs and fences and
large objects such as roads and sidewalks. As shown in Table 4.2, the final mlou accuracy
of our model can reach 47.24%.

In addition to the table, we also provide a comparison with the original model (Fig-
ure 4.5), from which we can see that our model has a much higher segmentation accuracy
than the previous model for sidewalk and road signs. Further, as can be seen in Figure 4.4,
the road sign circled by the orange box is regarded as a small object in the semantic
segmentation. The road sign is very fuzzy in the prediction result of the original model.
In addition, the pixels assigned to the road sign classification are obviously insufficient.
Additionally, in the same position in our model, it can be seen that the semantic segmen-
tation of the road sign classification has been significantly improved compared with the
previous model. Additionally, the blue box part can fully prove that our model has been
improved. The blue area has two parts, lawn and ground. It can be seen from the semantic
segmentation result of the original model. It cannot distinguish the lawn part from the
ground part well. But in the results generated by our model, it can be seen that there is
a clear separation between the lawn and the ground. This fully proves that our model is
better than the original model for detecting large objects. These examples convincingly
demonstrate that our model can fully learn the features of the synthetic image in the source
domain and can be well applied to the image segmentation of the real image.

Table 4.3: SYNTHIA to Cityscapes, our results are shown as per-class Iou and mloU. We
also compare our results to several previous works.

Method road sidewalk building light  sign veg sky  person rider car bus  mbike bike  mloU
Baseline(ResNet) [13] 55.6 23.8 74.6 6.1 12.1 74.8 79 55.3 19.1  39.6 233 13.7 25 38.6
AdaptSegNet(feature) [56]  62.4 21.9 76.3 1.7 114 75.3 809  53.7 185  59.7 137 20.6 24 40.8
IBAN [33] 78.2 19.7 80.5 9.4 8.9 e 82 56.3 9.6 76.3 228 17.5 23.3 43.2
AdaptSegNet(s) [50] 79.2 37.2 78.8 9.9 10.5 782 80.5  53.5 19.6 67 295 21.6 313 45.9
SIBAN |[33] 82.5 24 79.4 16.5 12.7 79.2 828 58.3 18 79.3 253 17.6 25.9 46.3
PatchAlign [57] 824 38.0 78.6 3.9 11.1 7.5  84.6 535 21.6 714 326 19.3 31.7 46.5
AdaptSegNet(m) [56] 84.3  42.7 7.5 4.7 7 779 825 543 21 723 322 18.9 32.3 46.7
Source 36.30 14.64 68.78 559 9.05 6896 79.38 5245 11.34 49.77 9.53  11.03 20.66  33.65

Ours 75.52  14.96 80.19  3.55 26.52 84.82 73.68 54.05 238.12 82.1 88.17 1397 48.85 47.62

68



Images Ground Truth Based Model Our Model

Figure 4.4: The figure shows a comparison between our model and the previous base model,
showing that our model is more accurate in detecting smaller objects and larger objects.

4.3.2 SYNTHIA — Cityscapes

We show the results of SYNTHIA — Cityscapes in Table 4.3 for the SYNTHIA dataset,
which contains only 16 of the 19 cityscape categories. In our experiments, we selected 13
categories to evaluate our model and compared our experimental results with the previous
model. From the table, we can see that the models trained using the SYNTHIA dataset are
not particularly outstanding compared to other models. However, although it is not as good
as other models for some large objects such as roads, sidewalks, etc., it has high semantic
segmentation accuracy for some small and medium-sized objects such as signs, riders, cars,
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buses, etc. This further confirms our model’s performance. This further confirms the
outstanding performance of our model in the recognition task of smaller objects. The final
mlou accuracy can reach 47.62%.

However, the model also has some shortcomings, the segmentation results for some
large objects were not very satisfactory, and the model can be focused on the recognition
of large objects in the subsequent research.

4.4 Summary

In this chapter, we gave a detailed description of the details of the model training and the
equipment used. We then introduced all the datasets used for the experiments: GTADB,
SYNTHIA and Cityscapes, and gave some sample images from the datasets. This provided
an overall view of the datasets used for model training and testing. In this chapter, we
also compared our model with other previous classical models, and we could clearly see the
improvement of our model compared to other models in the table. In addition, we selected
examples to illustrate the improvement of our model for small object prediction. At the
end of this chapter, we also provided a graph of the model results and compare them with
the base model and the ground truth.
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Images Ground Truth Based model Our model

Figure 4.5: The model was trained on GTAS and tested on Cityscapes. The original model
cannot split the sidewalk and the road, but this problem does not occur very often in our
model.
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Chapter 5

Conclusion and Future Work

5.1 Conclusion

In this thesis, we proposed a new model, TwinLossGAN. This model can solve many prob-
lems found in traditional models. As mentioned in the previous sections, GAN networks
have the problem of instability in the training process. The discriminator is much stronger
than the generator. This will not allow the model to fully learn the distribution information
of the synthetic images in the source domain. This results in the unsatisfactory segmenta-
tion results of the target domain images. Secondly, due to the limited learning ability of
the GAN network combined with the UDA model, we introduced the inter-domain image
fusion technique. This technique refers to the class-based fusion of the target domain im-
ages with the source domain images and generates pseudo-labels before feeding them into
the model. This helps the model to better learn the similarity of the distribution between
the source and target domain images and thus better apply the knowledge learned from
the source domain to the target domain.

In this thesis, we trained our model using two synthetic datasets, GTA5 and SYN-
THIA and tested it on a real dataset, Cityscapes, to show the advantages of our model in
comparison to previous model results. When using GTA5 as the source domain dataset,
our model had higher semantic segmentation accuracy than the traditional model for very
large and very small objects. While using the SYNTHIA dataset as the source domain
dataset, our model did not detect larger objects as well as the traditional model. However,
the detection of small and medium-sized objects is better than the previous traditional
model.
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5.2 Future Work

Although our model improved in accuracy compared to the traditional model, many issues
still need to be discussed. First of all, we encountered a problem where the segmentation
accuracy of the model for larger objects was higher than that of the traditional model
when the GTADS training set was used as the source domain, but the semantic segmentation
accuracy for larger objects was not as good as the conventional model when SYNTHIA
was used as the source domain. One possibility is that SYNTHIA data and images are
too complex compared with GTA5 objects, i.e., the overlap of objects is too high. After
conducting image fusion in the source and target domains, the image complexity only
increased further. It meant that our model was unable to learn how to distinguish between
different objects smoothly, which led to a loss of accuracy.

Secondly, we found that the model could not meet the semantic segmentation accuracy
requirements for objects of different sizes, which is also a point for future improvement.
We hope that the model can deliver high segmentation accuracy on various sizes of objects.
At present, we believe that if we want to continue to improve the accuracy of the model,
it will be necessary to use other auxiliary information, such as depth information. Depth,
as another type of essential image information, can help the model learn object contour
information. In this way, we can theoretically improve the overall accuracy of the model.

Finally, the central part of our model uses a domain adaptation model. The biggest
problem of the domain adaptation model is inter-domain variation. Too much difference
between the distribution of images in two domains can seriously affect the learning of the
domain adaptation model. However, on the other hand, we want to use synthetic images to
train the domain adaptation model to perform semantic segmentation on real-world images.
In this thesis, we used a GAN-based model combined with inter-domain image fusion to
close the distance between two domains. The model was an improvement over the previous
classical model. However, whether there are other ways to reduce the inter-domain gap
faster is a question we need to consider further.

We will also continue to improve our model in the future. The improvement can be
achieved in two ways, as summarized above. Firstly, we can add auxiliary information to
enhance the learning ability of the model. Secondly, we can try to use a more advanced
derivative version of the GAN network model as the main body, which may be of great
help in model learning. More experiments will be conducted in the future to confirm our
speculations.
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