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Abstract

With the rapid development of image hardware, outdoor computer vision systems, for

instance, surveillance cameras, have been extensively utilized for various applications.

These systems typically equip a protective glass layer installed in front of the camera. How-

ever, during inclement weather conditions, images captured through such glass often suffer

from obstructions adhering to its surface, such as raindrops or dust particles. Consequently,

this leads to a degradation in image quality, which significantly affects the performance of

the system.

Existing obstruction removal algorithms attempt to resolve these issues using deep

learning techniques with synthetic data, which may not achieve a good visual result for

complex real-world situations. To solve this, some studies employ real-world data. How-

ever, they tend to focus on a singular type of obstruction, such as raindrops.

This thesis addresses the more challenging task of restoring images taken through glass

surfaces, which are impacted by various adherent obstructions such as dirt, raindrops,

muddy raindrops, and other small foreign particles commonly found in real-life scenar-

ios, including stone fragments and leaf particles. This work introduces an encoder-decoder

network that incorporates auxiliary learning and an attention mechanism. During the test-

ing phase, the auxiliary branch updates the shared internal hyperparameters of the model,

enabling it to restore images from not limited to known categories of obstructions from
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the training dataset, but also unseen ones. To better accommodate real-world situations,

this work presents a dataset comprising real-world adherent obstruction pairs, which cov-

ers a large variety of common obstructions along with their corresponding clean ground

truth images. Experimental results indicate that the proposed technique outperforms many

existing methods in both quantitative and qualitative assessments.
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“It’s puzzling. I don’t think I’ve ever seen anything quite like this before”

-Hal 9000, 2001: A Space Odyssey
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Chapter 1

Introduction

The rapid advancement of image hardware technology has led to the increasing implemen-

tation of outdoor vision systems across various applications. These systems are commonly

equipped with a protective glass layer to prevent them from external elements and potential

damage. Over time, or under extreme weather conditions, this glass layer may accumu-

late various types of occlusions, such as mud, and small particles. Consequently, images

captured through such an obscured medium are subject to multiple forms of degradation,

such as hazing, and occlusion. These degraded images signi�cantly affect the reliability of

outdoor vision systems, potentially resulting in false positives or false negatives, which in

turn may lead to inaccurate object detection outcomes in applications such as autonomous

vehicle systems. As a result, there is a need to develop algorithms that recover images free

from obstructions.

Addressing the challenge of restoring images affected by adherent obstruction to their

original, clean state is a problem within the domain of image restoration. As a low-level

vision task, image restoration involves the process of recovering images that are free from

degradation factors, such as addictive noise and artifacts. These techniques frequently
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serve as pre-processing methods that can enhance the performance of high-level vision

tasks, ultimately improving the effectiveness of computer vision systems [16].

In the early stages of image restoration research, researchers employed spatial domain

and frequency domain methods that relied on simple mathematical models to reduce noise

and artifacts in degraded images, such as median �ltering and Wiener �ltering [16]. As

the �eld advanced, more sophisticated methods were introduced, including model-based

methods like Total Variation Regularization [49] and Non-Local Means [5]. In addition to

using model-based approaches, some researchers also employed external image priors and

sparse representations [12]. Although these approaches demonstrate satisfactory perfor-

mance in certain situations, they are often time-consuming, computationally demanding,

and inadequate in effectively restoring complex image textures.

The advent of deep learning and arti�cial neural networks revolutionizes the �eld of

image restoration. With the rapid evolution of arti�cial neural networks, the scope of degra-

dation types of image restoration problems expands from addictive noise to more diverse

and complex ones such as deraining, obstruction removal, and image inpainting [61, 9, 37].

As a result, the capabilities of image restoration techniques have signi�cantly improved,

offering more robust solutions for a wider range of real-world challenges.

This thesis mainly focuses on the image restoration problem which removes artifacts

caused by images taken through obscured glass. To address this prevalent issue, this thesis

presents an attention-aided multi-branch network for adherent obstruction removal prob-

lem. By integrating auxiliary learning into the network, it gains the ability to adapt to

previously unencountered types of obstructions. Furthermore, this work presents a real-

world dataset for the adherent obstruction removal problem to enhance the network's per-

formance. Consequently, the proposed method successfully and ef�ciently reconstructs
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obstructed regions while maintaining the visual context and integrity of the scene.

1.1 Contribution

This thesis presents a learning-based approach for adherent obstruction removal, along with

auxiliary learning and attention mechanism. Inspired by the work done by Chi et al[7], this

work implements a two-branch network that enables test-time adaptation. Apart from that,

this work also proposes a real-world dataset for the adherent occlusion removal problem.

The dataset includes several common obstructions such as dirt, raindrops, muddy raindrops,

and small particles. This thesis makes the following contributions:

• This thesis discusses a new challenge for the image restoration problem, namely, the

adherent obstruction removal problem.

• This study introduces a real-world dataset tailored for addressing adherent obstruc-

tion removal challenges.

• This work proposes and implements a learning-based approach for tackling obstruc-

tion removal challenges, namely attentive multi-branch encoder-decoder network for

adherent obstruction removal.

1.2 Programming Language and Libraries

1.2.1 Python

Due to its straightforward and intuitive syntax, this work chooses Python as the program-

ming language for the development of all codes.

3
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1.2.2 PyTorch

PyTorch1 is an Python open-source machine-learning library which is extensively em-

ployed in the development of deep learning applications. PyTorch provides a �exible and

dynamic approach to building and training neural networks. It is built around a central data

structure called a tensor. The data structure of the tensor is closely resembles NumPy's

ndarray (Matrix Form) but is speci�cally optimized for GPU acceleration(especially for

NVIDIA GPU). PyTorch provides a range of functions for creating and manipulating ten-

sors, including functions for linear algebra operation and Fourier transforms[58].

1.2.3 NumPy

NumPy2 is a Python library dedicated to numerical computing, expecially for matrix com-

putation. Numpy offers a robust array data structure accompanied by an extensive array of

functions for data manipulation. NumPy also provides a diverse set of functions for array

operations, such as array creation, reshaping, slicing, and indexing.

1.2.4 OpenCV

OpenCV (Open Source Computer Vision Library)3 is an Python open-source computer

vision library for both Python nad C/C++ programming languages. It encompasses a com-

prehensive selection of image processing algorithms and functions, including decoding im-

ages into matrix forms, performing edge detection, and changing the color space of image

matrices.

1https://pytorch.org
2https://numpy.org
3https://opencv.org
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Chapter 2

Background

2.1 Machine Learning Background

This section delivers a comprehensive overview of essential concepts and background in-

formation for the development of the proposed learning-based method.

2.1.1 Machine Learning

Machine learning constitutes a subdomain of arti�cial intelligence that focuses on develop-

ing algorithms and models that empower computers to learn, as well as to make predictions

based on provided data. It builds on the idea that machines can automatically learn to

recognize complex patterns and make intelligent decisions without being explicitly pro-

grammed to do so. This is achieved through constructing mathematical models that are

trained on sample data known as training data, allowing them to adapt their behavior based

on the input they receive[30, 40].
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2.1.2 Deep Learning

Although deep learning and machine learning are often used interchangeably, it is essen-

tial to acknowledge the distinctions between these two concepts. Machine learning, deep

learning, and neural networks each represent subdomains within the arti�cial intelligence

�eld. Neural networks are actually a sub-�eld of machine learning, and deep learning is

a sub-�eld of neural networks. Deep learning also known as deep neural networks, con-

sists of multi-layers (usually more than three layers). The key advantage of deep learning

over traditional machine learning is its ability to automatically learn features from raw in-

put data, eliminating the need for extensive manual feature engineering. This capability

is particularly useful when working with large amounts of high-dimensional data, such as

images, text, or speech signals[17].

Figure 2.1: An illustration for deep learning family[33]
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2.1.3 Supervised/Unsupervised Learning

There are several types of machine learning approaches, such as supervised learning and

unsupervised learning. Supervised learning entails acquiring knowledge from labeled data,

wherein the algorithm receives input-output pairs and aims to learn a mapping between

them. Given a collection of input-output pairs with size N, denoted as(x1; y1); :::; (xN ; yN ),

the i-th input data, represented byx i is referred to as the feature vector, whileyi signi�es the

corresponding i-th label. The supervised learning model endeavors to identify a mapping

function, or hypothesis function, expressed asg : X ! Y, where X symbolizes the input

space and Y represents the output space[40]. The learning process entails the discovery of

an appropriate hypothesis function g within a predetermined space of potential functions,

designated asG, which is commonly referred to as the hypothesis space. The hypothesis

function g can also be represented using a scoring functionf : X � Y ! R, where g

represents the returned y value that corresponds to the highest score achieved:

g(x) = argmax
y

f (x; y) (2.1.1)

In contrast to supervised learning, the model for unsupervised learning earns to identify

patterns or structures by analyzing the relationships between data points, without using any

prede�ned target variable. The primary goal of unsupervised learning is to discover hidden

structures, patterns, or relationships within the data, without relying on any prior informa-

tion or guidance[3]. Self-supervised learning is a subcategory of unsupervised learning in

which a model learns to make predictions or representations from the input data without

relying on human-labeled examples. Instead, the learning process leverages the structure

and inherent properties of the data itself to generate ”pseudo-labels” that the model can use

7
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for training [26].

2.1.4 Auxiliary Learning and Test-time Adaptation

Auxiliary learning, alternatively referred to as multi-task learning, is a training methodol-

ogy wherein a singular model is concurrently trained to execute multiple correlated tasks[38].

The fundamental concept for auxiliary learning is the exploitation of shared representations

or features across tasks, thereby enhancing the model's generalization and increasing the

performance of the primary task. By acquiring knowledge from auxiliary tasks, the model

can adeptly capture and leverage the underlying data structure, which may remain obscured

when concentrating solely on the primary task.

In the context of auxiliary learning, the model is structured with multiple output branches,

primary branches and auxiliary branches. The primary branch is the main objective of the

model, while auxiliary branches aim to assist the primary branch. By carefully choosing

correlated tasks for the auxiliary branch, the trained model is able to adapt to unseen data

without any additional training or �ne-tuning of the primary task, this technique is known

as test-time adaptation. By leveraging auxiliary learning, the model can be guided to adjust

the shared internal parameters of both the auxiliary branch and primary branch, resulting

increase in performance on the primary task at test time[7]. This is particularly useful when

the test data distribution differs from the training data distribution[13].

2.1.5 Optimization

In machine learning, the objective is to develop a model capable of generating accurate

predictions given input data. To achieve this, a loss function, denoted asJ (� ) is estab-

lished to quantify the difference between the predicted outcomes and the true labeled data.

8
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� represents the model parameters:� 2 Rd. Given the learning rate� , which determines

the size of steps to reach a minimum, The goal is to �nd the model parameters� � that

minimize the loss function, and this is the optimization process. Optimization in machine

learning can be broadly classi�ed into two categories: convex and non-convex optimiza-

tion. Convex optimization pertains to scenarios when every local minimum concurrently

serves as a global minimum, and the objective function is convex. Conversely, non-convex

optimization addresses issues where the objective function is non-convex and may possess

multiple local minima[4]. Machine learning models, especially deep learning models, of-

ten involve non-convex optimization due to the complexity of their loss functions. To solve

these optimization problems, various optimization algorithms have been proposed[48]:

Batch gradient descent: Batch gradient descent, also known as vanilla gradient descent, is

a �rst-order optimization algorithm that relies on the gradient of the loss function to update

the model parameters. It calculates the gradient for the entire dataset and updates the model

parameters accordingly:

� = � � � � r � J (� ) (2.1.2)

The main drawback of gradient descent is its computational cost when dealing with large

datasets.

Stochastic Gradient Descent: Stochastic Gradient Descent (SGD) is a variant of gradient

descent that updates the model parameters using the gradient of the loss function with

respect to a single data point, chosen randomly at each iteration. This makes the algorithm

much faster than gradient descent but introduces more noise in the optimization process.

� = � � � � r � J (� ; x(i ) ; y(i )) (2.1.3)

9
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Mini-batch Gradient Descent: Mini-batch gradient descent is a compromise between

gradient descent and SGD. It updates the model parameters using the gradient of the loss

function with respect to a mini-batch of data points, which reduces the noise of SGD while

maintaining faster convergence compared to full gradient descent.

� = � � � � r � J (� ; x(i :i + n) ; y(i :i + n)) (2.1.4)

Adaptive Learning Rate Method: Adaptive Learning Rate Methods, such as Adaptive

Moment Estimation (Adam)[29], Adagrad[10], and RMSprop1, adjusting the learning rate

during optimization. They maintain per-parameter learning rates, allowing for individual

updates of each model parameter depending on its importance. This helps improve con-

vergence speed and performance in complex optimization landscapes. Optimization in ma-

chine learning often involves additional techniques to improve generalization and prevent

over-�ttings, such as regularization (e.g., L1, L2, or dropout[54]) and early stopping.

Figure 2.2: A graphical representation of a optimization process using Stochastic Gradient
Descent[25]

1RMSprop proposed by Geoff Hinton is an unpublished adaptive learning rate technique. This technique
is introduced during his Coursera class in Lecture 6e.
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2.1.6 Backpropagation

In the gradient descent process, the gradient of the loss function,r � J (� ), is required. Al-

though determining this gradient using analytical expressions is relatively simple, each

gradient descent step requires the calculation of gradients for all weights and biases (pa-

rameters) within the network. Consequently, for extensive networks, such as those com-

prising one million parameters, the associated computational expense is considerably high.

In 1986, Rumelhart et al. [50] conducted an experimental analysis of backpropagation

applied to several neural networks. Their �ndings demonstrated that backpropagation sig-

ni�cantly outperformed the direct computation approach, making previously intractable

problems solvable.

The operations of the Backpropagation neural networks can be divided into two steps:

feedforward and Backpropagation[42]. In the feedforward step, the input is passed through

the network to compute the predicted output. Each neuron calculates a weighted sum of its

inputs, adds a bias term, and applies an activation function. The predicted outputO, also

known as the activation, is then compared to the true output, and the loss is computed using

a loss function. The backward pass calculates the gradients of the loss with respect to the

weights and biases of the network. Using the chain rule, these gradients are computed in a

layer-wise manner, starting from the output layer and moving back toward the input layer.

The gradient calculation involves computing the partial derivatives of the loss function with

respect to the neuron's activation and the weighted sum at each layer. Givenl as the last

layer of the neural network, a cost functionC, a biasbl , and a weightwl with respect tol,

the gradient can be calculated as:

@C
@wl

=
@C
@al

@al

@zl
@zl

@wl
(2.1.5)
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@C
@bl

=
@C
@al

@al

@zl
@zl

@al
(2.1.6)

wherezl = wl � x + bandal = f (zl ) with f bing the activation function. The weight

and bias for the last layer of nerual net can be updated using an optimization technique

discussed in the previous section.

Figure 2.3: Example of Backpropagation Neural Network with one hidden layer[39, 42]
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2.1.7 Neural Network

Figure 2.4: Anatomy of human neuron parts[39, 41]

The Neural network in machine learning, often referred to as an arti�cial neural network

(ANN), is a computational model inspired by the biological neural networks found in the

human brain[14]. Similar to a biological human neuron shown in Figure.2.4, the arti�cial

neural network is a simpli�ed abstraction. In the human brain, neurons are the basic build-

ing blocks that receive, process, and transmit information through electrical and chemical

signals[39]. Similarly, ANNs consist of interconnected processing units called arti�cial

neurons or nodes. Each arti�cial neuron receives input from other neurons, performs a

computation, and sends the output to subsequent neurons in the network. The connections

between arti�cial neurons are like dendrites and axons[41], with each connection having

an associated weight that models the strength of the synapse. These weights determine the

in�uence of one neuron's output on another neuron's input. When the integrated signal in

a biological neuron reaches a certain threshold, the neuron generates an action potential

or spike, which is then transmitted along the axon to other neurons. In arti�cial neurons,

this behavior is modeled by applying a non-linear activation function to the weighted sum,

13
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determining the neuron's output. Common activation functions include the sigmoid, hy-

perbolic tangent, and recti�ed linear unit (ReLU), which introduce non-linearity into the

network, allowing it to learn complex patterns.

Figure 2.5: An example of an arti�cial neuron, this neuron calculates the weighted sum of
its inputs, followed by a non-linear function.[39, 41]

2.1.8 Convolutional Neural Network

Convolutional Neural Network (CNN) proposed by Lecun et al. [34] is a Deep Learning

algorithm that is speci�cally designed for tasks that involve processing grid-like data struc-

tures such as images. CNNs leverage the spatial structure of the input data by employing

convolutional layers. In each layer, a �lter, often referred to as a kernel, which is an� m� d

matrix (usually a square matrix), is placed over a small region of the input data, originating

from the top-left corner of the input matrix. The element-wise product between the �lter

and the input region it covers is computed, followed by summing up the resulting values.

This sum produces a single value, which becomes the output for that speci�c region. Then,

the �lter slides across the input data, typically by one or more pixels at a time (known as the

stride). At each position, the convolution process is repeated to compute the corresponding

output value, until it reaches the end of the input matrix. As the �lter progresses across the

entire input data, a new matrix denoted as the feature map (or convolutional layer output)
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Figure 2.6: Illustration of convolution process using 3x3 kernel[52]

is created. Given the 2D input matrixI with sizem � n and a �lter F ,the feature mapg

can be calculated as:

g(x; y) =
m� 1X

i =0

n� 1X

j =0

I (x + i; y + j ) � F (i; j ) (2.1.7)

Assuming that both the input and �lter are square matrices, let the dimension of the in-

put matrix be M and the dimension of the �lter be F.The size of the feature map can be

calculated as:

M out =
�

M � F + 2P
S

�
+ 1 (2.1.8)

Such feature map encapsulates the spatial information and discernible patterns inherent in

the input data, thereby serving as a vital component in the analysis and interpretation of

complex structures. By stacking multiple convolutional layers, CNNs can learn increas-

ingly complex and abstract features. CNN architectures also incorporate activation layers,

pooling layers, and fully connected layers for non-linearity, dimensionality reduction, and

�nal output generation, respectively [31]. The network is trained using supervised learning

algorithms and backpropagation to minimize a loss function, which measures the difference

between its predictions and the true output labels.
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Figure 2.7: An example of CNN architecture, LeNet[34]

2.1.9 Residual Network

ResNet, an abbreviation for Residual Network, represents a deep neural network architec-

ture proposed by He et al. in their paper, ”Deep Residual Learning for Image Recognition”

[23]. Training deeper neural networks can be challenging due to the problem of vanishing

gradients. To address this issue, ResNet introduces shortcut connections, also known as

residual connections, which allow deep neural networks to learn a residual function, effec-

tively mitigating the vanishing gradient problem and facilitating more effective training.

In a ResNet, each residual block comprises a sequence of convolutional layers, followed

by batch normalization2and activation functions. The residual block can be expressed

mathematically as:

y = F (x; fWg ) + x (2.1.9)

2Batch Normalization [24] computes the mean and variance of each equally divided subset (mini-batch),
then normalizes the a layer's input by subtracting the mean and dividing by the standard deviation. This
technique mitigates internal covariate shift, and accelerates convergence.
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Figure 2.8: Residual Block with shortcut connection[23]

wherex andy are the input and output of the residual block,F (x; fWg ) represents residual

mapping that needs to be learned

2.1.10 U-Net

U-Net[47] is a type of convolutional neural network (CNN) architecture that was originally

designed for biomedical image segmentation tasks. It was introduced by Olaf Ronneberger,

Philipp Fischer, and Thomas Brox in their 2015 paper ”U-Net: Convolutional Networks for

Biomedical Image Segmentation.”. Inspired by the shape of the English alphabet 'U', the

U-Net architecture has a symmetric design. With left half of the 'U” as the encoder path

and the right half as the decoder path.

The encoder path is composed of several layers of convolutional blocks, each consisting

of two consecutive 3x3 convolution layers followed by a recti�ed linear unit (ReLU) acti-

vation function and a 2x2 max-pooling layer for downsampling. As the path progresses, the

number of feature channels is doubled after each max-pooling layer, allowing the network

to learn increasingly complex features and capture hierarchical information.
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The decoder path mirrors the contracting path but replaces the max-pooling layers with

2x2 up-convolution (also known as transposed convolution) layers for upsampling. Each

up-convolution layer is followed by a concatenation operation with the corresponding fea-

ture map from the contracting path, which is achieved via skip connections. This process

helps the network retain �ner-grained spatial information. After concatenation, two 3x3

convolution layers and ReLU activations are applied, similar to the contracting path.

The output from the deocder path's last layer is passed through a 1x1 convolution layer

with a softmax or sigmoid activation function, generating the �nal segmentation map. This

map represents the probability of each pixel belonging to a speci�c class or region in the

input image.

Figure 2.9: U-Net Architecture[47]

In 2015, the U-Net architecture demonstrated superior performance compared to the

previously established best method, a sliding-window convolutional network, on the ISBI

challenge for segmentation of neuronal structures in electron microscopic stacks [47]. In
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addition to its achievements in the �eld of image segmentation, the U-Net architecture

exhibits versatility by accommodating adjustments in the activation function, allowing for

its application in various image restoration tasks. For instance, U-Net has been employed

in image denoising, as demonstrated by Abascal et al. [1], and in image deblurring, as

shown by Chi et al. [7]. These examples highlight the �exibility and adaptability of the

U-Net architecture, enabling its use across a diverse range of image processing challenges.

2.1.11 Autoencoder

Autoencoders are a type of unsupervised neural network architecture that can learn ef�-

cient representations of input data by compressing and reconstructing the input through

a bottleneck layer[63]. The presence of a bottleneck in the network force a compressed

knowledge representation of the original input, which could potentially pose challenges

during the reconstruction process.

In the case where input features are entirely independent of one another, achieving

accurate compression and subsequent reconstruction becomes a complex task. However, if

the data exhibits some inherent structure, such as correlations between input features, the

network can effectively learn and exploit this structure while passing the input through the

bottleneck[62].

Like U-Net, Autoencoder consists of an encoder and decoder network, the encoder is

composed of several layers of feedforward neural networks or convolutional neural net-

works (CNNs). For image data, CNNs are often used to extract spatial information and hi-

erarchical features. As the encoder progresses, the spatial dimensions are typically reduced

using pooling or strided convolutions, while the number of feature channels increases. The

�nal layer of the encoder produces the latent representation, often referred to as the ”code”
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Figure 2.10:An autoencoder architecture.The input image undergoes a systematic
encoding process, resulting in a compact representation and then be decoded. [62]

or ”bottleneck.” The decoder is designed to mirror the encoder's structure but in reverse or-

der. It takes the latent(compressed) representation as input and attempts to reconstruct the

original data. For image data, the decoder often employs transposed convolutional layers

or upsampling operations to increase the spatial dimensions while reducing the number of

feature channels. The �nal layer of the decoder outputs the reconstructed data, typically

using an activation function that matches the desired range of the input date.

Mathematically, the proposed model comprises an encoder function, denoted byg(�)

and parameterized by� . A decoder function, denoted byf (�) and parameterized by� . The

compact representation, acquired from the inputx within the bottleneck layer is represented

asz = g� (x). Consequently, the reconstructed input is expressed asx0 = f � (g� (x)) .

The parameters(�; � ) are jointly optimized to produce a reconstructed data sample that

closely approximates the original input,x � f � (g� (x)) . In essence, this process aims to

learn an identity function[62]. To quantify the discrepancy between two vectors, various
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metrics can be employed, such as mean squared error (MSE) loss:

LAE(�; � ) =
1
n

nX

i =1

(x (i ) � f � (g� (x (i )))) 2

2.1.12 Attention

During human cognitive processes, our brain can selectively concentrate on speci�c aspects

of a scene while �ltering out less relevant details. Inspire by this idea, the attention mech-

anism is created. the attention mechanism allows models to selectively focus on speci�c

parts of an image or speci�c features when making predictions or generating output. For

instance, the Convolutional Block Attention Module (CBAM)[65] focuses on re�ning fea-

ture representations by applying two types of attention mechanisms: channel attention and

spatial attention. Channel attention focuses on emphasizing informative feature channels.

It uses global average pooling and global max pooling to capture channel-wise statistics,

followed by a shared multi-layer perceptron (MLP) to generate channel attention weights.

These weights are then used to rescale the input feature maps. The spatial attention fo-

cuses on emphasizing relevant spatial locations in the feature maps. It uses global average

pooling and global max pooling to capture spatial information from the input feature maps,

followed by a convolutional layer with a kernel size of 7x7 to generate a spatial attention

map. This map is then used to rescale the input feature maps element-wise.

Given an intermediate feature mapF with channel size ofC, height ofH and width of

W as input,F 2 RC� H � W , the attention process can be summarized as:

F0 = M s(F) 
 F (2.1.10)

Where
 denotes element-wise multiplication andM s is the 2D Spatial Convolutional
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Block Attention Module:

M s(F) = � (f 7� 7([AvgPool(F); MaxPool(F])))

= � (f 7� 7([Fs
avg; Fs

max ]))
(2.1.11)

where� denotes the sigmoid function andf 7� 7 is a convolution �lter with size 7x7[65]

Figure 2.11: Diagram of CBAM attention modules [65]

2.2 Evaluation Metrics and Loss Functions

Loss functions and evaluation metrics occupy a critical position in the development and

evaluation of arti�cial neural networks. These quantitative measures facilitate the deter-

mination of a model's performance and steer the optimization process throughout training.

This section presents an overview of several most widely-used loss functions and evaluation

metrics.
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2.2.1 Mean Absolute Error

The Mean Absolute Error (MAE), alternatively referred to as L1-norm loss or L1 loss,

serves as a loss function in machine learning and optimization contexts. This function

measures the absolute distance between reconstructed imageI 0and original imageI 0. Given

an image size ofM � N , mathematically, this relationship can be expressed as follows[64]:

MAE =
1

MN

MX

i =1

NX

j =1

jI (i; j ) � I 0(i; j )j (2.2.1)

2.2.2 Mean Squared Error

Mean Squared Error (MSE), also known as L2-norm loss or L2 loss, is more sensitive to

outliers and emphasizes larger errors due to the squaring operation. The L2 loss calculates

the squared differences between the predicted values and the true values and then aver-

ages these squared differences over the entire dataset. Mathematically, it can be expressed

as[51]:

MSE =
1

MN

MX

i =1

NX

j =1

(I (i; j ) � I 0(i; j ))2 (2.2.2)

2.2.3 Peak Signal-to-Noise Ratio

Peak Signal-to-Noise Ratio, also known as PSNR constitutes a prevalent metric in mea-

suring the quality of reconstructed images, particularly in image compression and image

denoising tasks. PSNR is a logarithmic measure that quanti�es the difference between

the original image and the reconstructed image, with higher PSNR values indicating better

image quality. Mathematically, it can be formulated as[51]:

PSNR = 10 � log10
MAX 2

I

MSE
(2.2.3)
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WhereMAX 2
I is the maximal of image data if the image is 8 bits, the possible maximal is

28 � 1, which is 255. The unit for PSNR is in dB.

2.2.4 Structural Similarity Index Measure

The Structural Similarity Index Measure (SSIM) is another widely employed metric for

evaluating the quality of reconstructed images. In contrast to PSNR, SSIM emphasizes

the assessment of structural, luminance, and contrast information within images to more

accurately re�ect the human perception of image quality[51]. The SSIM index is calculated

using a sliding window that traverses the entire image, comparing local regions within the

window from both the reconstructed and original images. The SSIM can be mathematically

expressed as:

SSIM (x; y) =
(2� x � y + C1)(2� xy + C2)

(� 2
x + � 2

y + C1)( � 2
x + � 2

y + C2)
(2.2.4)

wherex andy are image windows from original imageI and reconstructed imageI 0. � x

and� y are their local means.� 2
x and� 2

y are local variance,� xy is the local cross-covariance

between x and y.C1 = ( k1L)2 andC2 = ( k2L)2 are small constants to prevent instability

when the denominator is close to zero, where L is the dynamic range of the image, for 8-bit

image, the L has the value of 255 which is28 � 1. the default value ofk1 andk2 are 0.01

and 0.03. SSIM values range from -1 to 1, with a value of 1 signifying identical images

and values approaching 1 denoting greater similarity.
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2.2.5 Multi-Scale Structural Similarity

The Multi-Scale Structural Similarity (MS-SSIM) index is an extension of the Structural

Similarity Index Measure (SSIM). Unlike SSIM, MS-SSIM provides a more comprehen-

sive and robust measurement of perceptual image quality than SSIM.[60]. MS-SSIM works

by applying SSIM calculations at multiple scales, which are obtained by iteratively down-

sampling the images through a Gaussian pyramid. The �nal MS-SSIM score is computed

as the product of the SSIM values at each scale, with the luminance, contrast, and structure

components combined differently for each scale. The MS-SSIM can be mathematically

expressed as:

MS-SSIM(x; y) = [ lM (x; y)]�M
MY

j =1

[cj (x; y)]� [sj (x; y)]
 (2.2.5)

wherex andy represent the original and reconstructed image windows.M is the highest

scale,lM (x; y) is the luminance comparison at the highest scale,cj (x; y) is the contrast

comparison at scalej , andsj (x; y) is the structure comparison at scalej . The exponents� ,

� , and
 are weighting factors that control the relative importance of each component.

Figure 2.12: Diagrams of MS-SSIM measurement system, whereL is low-pass �ltering
and# is down-sampling by factor of 2 [60].
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Chapter 3

Problem De�nition and Related Work

Distinct from the existing obstruction removal problem, which aims to eliminate captured

obstructions like fences or raindrops from images or videos. This thesis tackles the chal-

lenge of artifact removal in images taken through an obstruction-adhered glass. This prob-

lem can be commonly found in outdoor vision systems, particularly for surveillance cam-

era systems. This problem was proposed by Dr. Xiaolin Wu, who is the supervisor of this

work. To date, no feasible solution exists for such a problem, except works like Qian et

al.[44], which focus on restoring clean images from raindrops adhered to a glass medium

or surface of the camera lens. However, these works are limited to deraindrop, rather than

removing various types of obstructions. Upon analyzing the artifacts caused by obstruc-

tions in the image dataset introduced in Chapter 5, this thesis categorizes the problem into

three sub-problems: image deraindrop and image dehazing and small adherent particles

removal.
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