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ABSTRACT

Photographs are acknowledged as a major carrier of visual information, especially in on-
line interactions. The visual quality of photographs significantly influences the efficiency of
the daily interaction. Photograph enhancement aims to improve the visual quality of pho-
tographs by modifying the pixel values while retaining original semantic information. As
photograph retouching software requires operators to take professional training, an auto-
matic photograph-enhancing system can benefit non-expert photographers and save experts
from tedious retouching tasks. Modern automatic photograph-enhancing systems utilize con-
volutional neural networks (CNNs) to approximate the mapping relationship between raw
images and manually edited versions.

In this thesis, we present a novel deep learning framework based on an imitation-to-
innovation training scheme. Our method integrates a bilateral grid data structure and an ad-
versarial generative network (GAN) to achieve high time-efficiency and appealing retouched
output. We also present a bilateral loss function to maintain the piecewise smoothness. Our
experimental results demonstrate that our method is capable of recovering vibrant colour-

ization and sharpness from underexposed photographs in microseconds.
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Chapter 1

Introduction

Photograph enhancement refers to techniques that improve the visual quality of a given
image while preserving its semantic information. Images have become significant carriers
of information in contemporary online interactions. Users want to obtain images with high
perceptual quality to attract more attention and better express their individual viewpoints.
Multiple properties contribute to the visual quality of a photograph, such as global tone, il-
lumination, and photographic composition. In addition to illustration purposes, photograph
enhancement is also used to improve the accuracy of industrial computer vision tasks, such
as object detection and classification. Many techniques are involved in an image enhance-
ment pipeline, such as denoising [10], tone adjustment [11], and contrast enhancement [12].
In this thesis, we mainly focus on the enhancement of the visual quality of underexposed

photographs.

1.1 Photograph Enhancement

Almost all images can benefit from certain modifications, such as tone adjustment or con-
trast enhancement. Some image signal processors are embedded in mobile devices, but the

limitation of on-chip buffers restricts the implementations of complex algorithms. Some



post-processing software provide tools for pixel-level adjustments to maximize the visual at-
tractiveness of an input image. Two widely used professional retouching editors are Adobe
Photoshop and Lightroom. These editors provide a rich set of graphic editing tools to satisfy
different requirements. However, they require users to receive professional training to master
related manipulation skills. In addition, a retouching workflow typically entails tedious and
iterative operations regarding global tone and local features. Users often have to test several
strategies before achieving satisfaction. Processing a large number of images, like a collection
of wedding photos, can be a labour-intensive task even for a professional photography studio.

An automatic enhancement system could save users from lengthy training and heavy
workloads. Some mobile applications, such as Meitu and Instagram, provide one-click re-
touching tools for non-expert photographers. Users can choose from various masks with
different styles and can apply the selected mask to their photographs. These masks func-
tion via predefined colour lookup tables (LUTs) to modify the global tone. However, only
a limited number of predefined styles are available for users, and the use of ill-suited LUT
can result in unrealistic colour and destroys the original aura. These mobile applications
also provide simplified algorithmic procedures to adjust some graphic parameters such as
illumination or sharpness. Users can utilize slider bars to modify the parameters. These
one-click mobile applications are convenient, but they are not as powerful as professional
software.

Multiple properties, such as illumination, tone, resolution, content, and photographic
composition, contribute to the quality of one photo. Designing an automatic image process-
ing system that can handle these high-level features is challenging. Some researchers focus
on single property adjustment, such as illumination removal [13], tone adjustment [14], or
cropping [15]. However, one photograph usually suffers from multiple imperfections [16],
such as low light, overexposure, and haze. These systems usually fail to remedy other kinds
of imperfections and have unstable performance. The failure cases indicate that an auto-

matic retouching system is supposed to address all imperfections. Two major obstacles to



practical implementation are given below.

One problem of image retouching is ambiguity. Unlike traditional computer vision tasks,
such as automatic detection and classification, aesthetics is a subjective and abstract concept.
Photographers have different retouching preferences [14]. Some prefer vibrant and expressive
colours, while others incline towards a subdued and natural style. We captured a photo from
our daily life and sent this photo to four highly-rating retouching studios in Taobao, which
are denoted as A, B, C, D, respectively. The professional retouchers in each studio were asked
to edit this photo according to their personal preferences. We obtained four distinct styles,
and the outputs are illustrated in Figure 1.1. The subjectivity of the evaluation impedes the

design of an automatic enhancement system.

Figure 1.1 Different retouching styles on the same image Cat.

Some researchers sacrifice complete automation by requiring users to become involved in
the enhancement process, e.g. by selecting a template for style transfer [11]. Some works
simplify image enhancement to one-to-one mapping supervised learning. In this case, net-

works are trained to reproduce the retouching strategy of expert-retouched versions instead



of trying to satisfy different preferences [5, 17]. Some systems are trained to summarize the
general features from a collection of high-quality photographs, and apply these features to
input images |7, 8|.

Another obstacle impeding the development of photograph enhancement is the high time
cost. The ever-increasing quality of cameras provides technical support for capturing multi-
megapixel photographs, but the computational capacity of mobile devices remains limited.
The processing time cost typically grows with the size of the input images, especially when
some complex algorithms, like neural networks, get involved.

Gatys et al. [18] sacrifices time efficiency for high performance in image reconstruction
tasks, which require 1 to 10 minutes to handle a megapixel input, even on a GPU. One
solution is to process the downsampled images. The processing algorithms are applied to
low-scale input, and the generated output is up-sampled back to the original size as the
final result. However, simply applying up-sampling on images inevitably results in blurred
outputs. Shan et al. [19] proposed a fast algorithm for video and image up-sampling. Cai
et al. |20] utilized a joint bilateral filter for edge-preserved up-sampling operations. A detailed

introduction of the above methods is given in Chapter 3.

1.2 Thesis Contributions

Our proposed method focuses on the real-time enhancement of underexposed photographs.
We achieve high-quality performance and low time cost simultaneously by integrating the
GAN with the bilateral grid data structure. Like [7, 17, 20|, our network generates a single
output for each input image. Instead of merely imitating the retouching style demonstrated
by dataset producers, our network is also trained to learn from the underlying characteristic
of an extensive collection of highly-rated photographs.

The above combination avoids the desaturated colorizations caused by the average effect

in supervised learning and the less accuracy of unsupervised learning. A simple combination



sometimes causes posterization and unnatural colour. To maintain a stable system, we
present an imitation-to-innovation training scheme and bilateral loss function, which can
prevent model collapse in local regions. Our proposed method can produce visually appealing
results while preserving the structural and edge information. To our knowledge, our method
is the first to achieve real-time image enhancement on megapixel input while not merely

imitating the retouch preference of a single expert.

1.3 Thesis Structure

The thesis is organized as follows. Chapter 2 introduces basic concepts of the bilateral
grid and neural networks. Chapter 3 discusses several classical image processing algorithms
and art-of-the-state photograph enhancement methods based on neural networks. Chapter
4 presents our proposed methods. Chapter 5 presents our experimental results through
quantitative evaluation and user study. Chapter 6 gives the conclusion of the whole thesis

and introduces our future work.



Chapter 2

Background

2.1 Bilateral Grid

A bilateral grid is a data structure proposed by Chen et al. [21] to support rapid edge-
preserving image transformation. It is based on a bilateral filter, which assumes images are
piecewise-smooth except for edge areas [22]. Because of the high time cost and memory
cost when processing multi-megapixel images, some systems apply algorithms on the down-
sampled version of input images and up-sample the processed outputs back to full scale.
However, up-sampling through an interpolation kernel inevitably results in a blurred output.
The bilateral grid data structure provides an efficient solution for rapid manipulation of edge-
preserving processing of images. Instead of processing downsampled input images, a bilateral
grid enables the algorithm to generate a small set of value maps for pixel-level processing.

Neighbouring pixels with similar intensity share information of the same value maps.

2.1.1 Bilateral Filter

The bilateral filter proposed by Tomasi et al. [23] is a non-linear smoothing filter which can
maintain edge information. The bilateral filter is an improved version of the Gaussian filter.

Gaussian filter smooths images by replacing each pixel value with the weighted average



of neighbouring pixel values. The smoothing process is achieved through the convolution
between the input image and a kernel. Assume that I represents the input image, and G
represents the 2D Gaussian kernel with size (2k + 1) x (2k 4+ 1). The output value for the

pixel at position (z,y) is obtained through:

kook
O(z,y) = Z Z G(u,v) (x4 v,y +u) (2.1)
u=—kv=—k
where G(u,v) is defined as:
]. _u2+2v2
G(u,v) = 526 (2.2)

where 7 denotes the standard deviation, which determines the degree of smoothing.

The Gaussian filter can reduce noise but also blurs images. The bilateral filter was
proposed by Tomasi et al. [23] to reduce blurring of edges. The bilateral filter introduces
the range Gaussian kernel GG, to work with the original spatial Gaussian filter. The range
Gaussian kernel is a 1D convolution kernel depending on the intensity difference between
neighbouring pixels. Given the input image I and a kernel with size (2k + 1) x (2k + 1), the

bilateral filter is defined as:

k k
Bz,y) = Wi SN G, 0)Gon (I y) — I+ wy + o) (2y)  (23)

u=—k v=—~k

where G,, and G, respectively represent the 2D spatial Gaussian kernel and the 1D range

Gaussian kernel, and W), represents the normalization factor:

Wy = > > Go,(u,0)Go, (I(x,y) — I(z + u,y +v)) (2.4)

u=—k v=—k
The spatial Gaussian kernel G, assigns small weights to distant pixels during the con-
volution. Meanwhile, the range Gaussian kernel G, assign small weights to pixels with a
large difference in intensity compared with I(z,y). The introduction of the range Gaussian
kernel ensures that the pixels across an edge have a relatively small impact on each other

during the weighted average calculation. Thus, the contrast can be better preserved.



Figure 2.1 illustrates the difference between a 5 x 5 Gaussian filter and a 5 x 5 bilat-
eral filter. It is evident that the bilateral filter can maintain contrast in edge areas while

smoothing images.

4

(a) Original (b) Gaussian filter (c) Bilateral filter

(d) Zoom-in of (a) (e) Zoom-in of (b) (f) Zoom-in of (c)

Figure 2.1 Comparison between the bilateral filter and the Gaussian filter.

The bilateral filter is utilized in various research areas, such as sharpness enhancement
[24], image fusion [25|, and image dehazing [26]. Although the bilateral filter has demon-
strated better performance on image smoothness than other linear filters, its high computa-
tional requirement impedes its use in relative practical applications. It usually costs several
minutes to process a megapixel image, which is not a favourable property for a real-time
image-processing system. Paris et al. and Durand et al. [27, 28] proposed some enhanced
methods for accelerating the convolutional operation. However, these methods usually trade

the output quality for time efficiency.



2.1.2 Joint Bilateral Upsampling

With the development of optical sensors in mobile cameras, the size of digital photos has
grown to multi-megapixels. Multi-megapixels image imposes high computational and mem-
ory load during processing. Algorithms are sometimes applied to the down-sampled version,
and the generated output is then up-sampled back to the original size. Upsampling through
interpolation kernels will introduce blurring across edges in the final output because of the
information loss in the down-sampling process. The joint bilateral filter proposed by Kopf
et al. [29] address this problem by using the information from full-scale inputs to recover
edges in the down-sampling process.

Assume that I represents the original high-resolution input, S| represents the generated
image based on a down-sampled version of I, and d represents the downsampling factor. In
the joint bilateral upsampling method, the information in [ is utilized to upsample S| to the
original size. The spatial Gaussian kernel is applied to the low-resolution image S|, while the
range Gaussian kernel is jointly applied to input /. Let x and y represent the pixel position
in I, and x; and y; denote the corresponding pixel position in S|. Assume that the spatial
kernel size is (2k + 1) x (2k + 1). The jointly upsampling process to obtain output S(x,y)

at full-scale is defined as:

S(x,y) = Wi S 3 G (g, 0) G (I, y) = I+ g +0)S, (21, )

u=—kv=—k

o (2.5)
Wy= 33 Go, (w4, 0)Go, (T ) = 1w+, +))

u=—k v=—~k

where x|, y|, u;, and v are defined as:
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By jointly applying the spatial kernel and range kernel to low resolution image S| and
high-resolution input I, the algorithm can efficiently restore images back to full-size while
retaining the adjusted features in the generated image S| and original edge information in
the input image I. Wu et al. |9] incorporated the joint bilateral upsampling into the neural
network structure to reduce the complexity of neural network models. Nevertheless, the high

time cost of bilateral filter convolution aggravates the pressure on computation capability.

2.1.3 Bilateral Grid Data Structure

A new data structure named ‘bilateral gird’ was proposed by Chen et al. [21] as an efficient
solution for the joint bilateral upsampling operation. It replaces the bilateral convolution
operation by trilinear interpolation in a high-dimensional space. It supports rapid manip-
ulation for some edge-aware operations, such as tone transformation and local histogram
equalization.

The 3D bilateral grid data structure can be represented as a 3D grid, as illustrated in
Figure 2.2. In this data structure, each node stores a value map for pixel-level manipulation.
The total number of value maps is less than the number of pixel values. Neighbouring pixels
with similar intensity will share information from the same value maps.

The size of the bilateral grid and the number of value maps are determined by the
predefined spatial sampling rate ss and range sampling rates s,. Let (H, W) represent the

size of the input image, and R represents the dynamic range of input. The size of generated
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bilateral grid is determined as [Sﬂ, sw

, %} A lower sampling rate results in a large grid. A
large sampling rate reduces memory and time costs, but neighbouring pixels share nearly
identical transformation value maps, which sometimes causes posterization. The stored value

maps are processed with 2D and 1D Gaussian kernel separately on the range and spatial

domains to produce a smooth distribution.

TR TN e Value map M
'_I_?_\_'T bf\_l _w‘ﬁ
f+ o= —)
~p ._._|_L\: + |

| |
"T¥\1T I\_l_\{\'\.
! Lo b L
Y SRTTIRTTN
“ N N\
' H
5

Figure 2.2 The data structure of a bilateral grid.

During the image transformation, the value map for a pixel located at (z;,y;) in input [

I(z.y)
Sr

will be extracted at position(:—:, 38/—, ) in the grid through trilinear interpolation, which
is called ‘slicing’ in [21]. Trilinear interpolation is the extension of bilinear interpolation.
It is used to approximate the value at a point within a 3D grid according to the value on
adjacent lattice points.

Through the trilinear interpolation, close pixels with similar intensity share the value
maps in the same lattice points, which can maintain the piecewise smoothness except for
edge regions. A simplified version based on a 1D image and a 2D bilateral grid is illustrated

in Figure 2.3. A 3D bilateral grid data structure is obtained by adding another dimension

to images and replacing the bilinear interpolation with trilinear interpolation.
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pixel value

A
9
e ® resize to fit
-]
o o o A
> A
i i X .
1D image input } slice and
o ® resize ? oo 0
o | (-] o 9 o o
> >
1D image output
M, M,
b||atera| gr|d p(x)o O(’L) = BP(M[.,MZ; Mj; M;) Xp(l);
M, v where BP represents bilinear interpolation

operation to obtain the value located at (x,p(x))

Figure 2.3 The overall pipeline of slice operation on a 1D image and a 2D bilateral
grid.

The GPU parallelization technique provides computational support to achieve the slicing
operation in real-time. Smoothing a megapixel image via a bilateral grid requires only several
microseconds. The main obstacle to the practical implementations of the bilateral grid is
the creation of the grid. The image-processing algorithms need to be redesigned to generate
a set of value maps stored in a 3D bilateral grid. Chen et al. [30] implements local Laplacian
filters, style transfer, and matting through the bilateral grid structure. Richardt et al. [31]
introduced a stereo matching technique based on the bilateral gird. Instead of manually
redesigning the processing algorithms, Gharbi et al. [17] delegated the generation of value
map to neural networks. Neural networks have demonstrated impressive performance in

various image transformation tasks, such as image enhancement, colorization and matting

117].
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2.2 Neural Networks

Neural networks were first proposed by Warren McCullough and Walter Pitts in [32]. Neu-
ral networks are a series of algorithms designed to recognize patterns, detect objects, or
implement other manual tasks by imitating the behaviour of biological neuron cells. Neural
networks can free humans from the manual design of logistic and mathematics algorithms.
With the support of rapid development in the computational capacity of current comput-
ers, neural networks have shown vast potential for tackling heavy workloads in real-time

applications, such as traffic monitoring and face detection.

2.2.1 Neuron

A neuron is the fundamental component of a neural network. Each neuron processes the
received signal and delivers the output to other neurons or to the external environment. All
neurons are interconnected to control the data flow from input to output. One basic type of
artificial neuron is the perceptron proposed by Rosenblatt et al [33]. It has a similar structure
to that of biological neurons, as illustrated in Figure 2.4. A neurons receives multiple signals
x; from other cells with different assigned weights w;. For a biological neuron, when the
weighted sum of received stimuli reaches a predefined threshold, the perceptron is activated

and transmits the signal into the next stage. The activation function is depicted as:

0 if Z w;x; < threshold

fla) = ' (2.7)
1 af Z w;x; > threshold
J

A threshold-based activation function is a step function. Biological perceptrons generate
only binary output, either 0 and 1. In neuron networks, activation function ¢ and bias b are
introduced to bring more complexity into a network. The calculating process is formulated

as:

13



f ()

Figure 2.4 The structure of one perceptron.

fla) =0 (D (wjz)) + b)) (2.8)

2.2.2 Activation Function

Activation functions can restrict the output range, generate numerical values instead of bi-
nary values, and introduce non-linearity into the system. They can smooth the gradient curve
for both forward propagation and backpropagation processes. There are several widely-used
non-linearity activation functions: sigmoid function, hyperbolic tangent function (Tanh),
and rectified linear unit (ReLU).

Sigmoid Function:

A sigmoid function is also called a logistic function. The formula is defined as:

fz) = (2.9)

Figure 2.5 illustrates the plotted sigmoid function. It has a similar shape to a step func-
tion. It restricts the output in the range (0, 1), which efficiently prevents gradient explosion.

The output can be used as the predicted probability of classification tasks.
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The sigmoid function leads to a vanishing gradient problem and to slow convergence
speed. It can be noticed that the function curve at either end has a small gradient. When
the gradient is close to 0, the neuron network only receives minimal feedback for neuron
weight update, which slows down or stops the training. Despite this defect, the sigmoid
function remains popular in neural network design because it can efficiently normalize the

outputs.

// 08

0.8

0.6

0.4

0.2

06

04

0.2

02

04

/ |
/ |
/ e /

) // 08

(a) Sigmoid function (b) Tahn function (c) Linear function

Figure 2.5 Different activation functions.

Tanh Function:
Tanh function is defined as:
sinh(z)

tanh(z) = cosh(z) (2.10)

It can be transformed into an exponential expression similar to Equ. (2.9) as:

er —e®

f@) = == (2.11)

et e "

A comparison between the curves of sigmoid, Tanh and linear function is illustrated in
Figure 2.5. It is evident that the Tanh function has similar characteristics to the sigmoid
function, but it is zero-centred and has a range between (—1,1). It has steeper gradients at
both ends of the curve. It alleviates the vanishing gradient problem to some degree, but this
problem remains.

ReLU:
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The mathematical formula of rectified linear unit [34] is:
A(z) = max(0, x) (2.12)

The ReLU function curve is shown in Figure 2.6. ReLU sets all negative values to 0
while keeping linear for positive values. This simple operation adds sparsity to activated
neurons and introduces non-linearity. The ReLU function is cheaper to compute during
training compared to other activation functions. Because ReLLU maintains the linearity for
all positive values, there is no vanishing gradient problem for Rel.U.

However, the ReLLU suffers from the dying ReLLU problem. When one neuron outputs
a negative value, the gradient is 0 during backpropagation as indicated in Figure 2.6. The
weight of this neuron will not be updated, and this neuron keeps generating the same value.
Thus, the neuron is regarded as ‘dying.” In addition, The output range of ReLU is (0, c0),
which may result in the gradient explosion.

Several variants of ReLU were proposed to address the dying ReLLU problem. For ex-
ample, leaky ReLU [35] replaces the negative parts in Equ. (2.12) with a small slope. The

function of leaky ReLU is defined as:

T ifx>0
fla) = (2.13)

ar, ifr<=0
where a denotes a small value, usually between 0.3 and 0.03 [35].
The Exponential Linear Unit (ELU) [36] introduces a non-linear exponential function

into for negative values. ELU is defined as:

T ifx>0
flw) = (2.14)

ale® —1), ifx<=0

where o denotes a small value.

16



Leaky ReLU and ELU are illustrated in Figure 2.6. A small slope is retained in the
negative part so that the gradient descent can provide valid feedback when one neuron

generates a negative output.
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Figure 2.6 Plotted function of ReLLU and its variants.

2.2.3 Neural Network

A neural network is composed of a group of connected neurons. In classical feed-forward
neural networks, neurons are arranged in layers, and layers are stacked to form the network.
A neuron receives signals from neurons in the previous layer and delivers the output to the
next layer. Each path is assigned with a weight. A basic neural network with three layers is
illustrated in Figure 2.7.

The input layer receives information from the outside world, and the output layer is
responsible for generating the final output. The layers between the input layer and the output
layer are called hidden layers, which have no connection with the outside. The hidden layer
performs nonlinear transformations from the input to the output. By repeatedly calculating
the weighted sum through successive layers, the network can produce an approximation of

the transformation algorithm between the input and the target.
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Figure 2.7 3-layer neural network.

2.2.4 Dropout

A common problem in network training is over-fitting, which means that the network pays
overattention to irrelevant features in the training dataset. Dahl et al. [37] introduced the
dropout technique to overcome this problem. In the dropout method, random neurons are
dropped out during the training process for each example, as illustrated in Figure 2.8. By
randomly excluding a certain percentage of neurons from the whole structure, the network
becomes more robust to noise and has less chance of being overfitting. In addition, dropping

some neurons can also facilitate fast computation.

2.3 Network Training

The ultimate goal of neural network training is to make precise predictions based on input
data. There are two types of neural network training, supervised learning and unsupervised
learning. Supervised learning provides networks with a labelled dataset, and the network is

supposed to process the input and generate output close to the corresponding label. Unsu-
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(b) With dropout.

Figure 2.8 The dropout function.
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pervised learning, in contrast, uses an unlabelled dataset for training. The model is required
to learn the underlying features without further information, such as clustering images into
different categories without knowing the original labels.

These two training schemes require a loss function to evaluate the performance of the
current network. The loss function is responsible for continuously giving feedback to every
neuron. The weights and biases are adjusted to minimize the loss function via the gradient

descent, which we will introduce in Section 2.3.1.

2.3.1 Loss Function

Loss functions are statistical approximations of the distance between predictions and targets.
Training a neural network is to find a set of coefficients that achieve minimal loss. In
computer vision tasks, several loss functions are widely used. Mean squared error loss (MSE)
and Mean absolute error (MAE) are designed for regression tasks, and cross-entropy loss is
common in classification tasks.

In supervised learning, assume that g, is the prediction from the network, y; is the target
value, and MSE is defined as the average of the squared difference between y, and y,. The
MSE term is also called L2 loss. Assume there are N samples. The formulation is defined

as:
N

1 2
MSE = 53— w0 (2.15)

MAE is also called L1 loss. It is similar to MSE. The MAE loss is the average magnitude
of the absolute value of errors. Compared to MSE, MAE keeps the error distance linear and

is thus more sensitive to outliers. The mathematical formula of MAE is defined as:

N
1
MAE =53l = (2.16)

Cross-entropy loss is commonly used in classification tasks. For classification tasks with

multiple categories, the output is usually denoted in a one-hot format. Assume that N
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represents the number of categories. A classification network generates the possibility p; that
an input belongs to category 7, and the ground truth is ;. The mathematical formulation

of the cross-entropy loss is defined as:

N
Cross Entropy Loss = — Zyz log(p;) (2.17)

=1
2.3.2 Gradient Descent and Backpropagation

Weights and biases need to be adjusted to minimize the loss function. Manually modifying
coefficients is impractical because of the large number of coefficients and the black-box
characteristic. Gradient descent is an automatic and iterative rectification process that
modifies neuron coefficients to minimize the loss function. Assume that # represents the set
of all weights and biases, and J(6) represents the cost function. By modifying the coefficient
0 towards the opposite direction of gradients s7¢.J(6), new tweaked parameters #; bring the
cost function one step closer to the minimum. The basic formula for gradient descent is

defined as:

91 = 90 —a\/g J(Q) (218)

The learning rate a determines how quickly a neural network learns to solve a problem.
A low learning rate results in slow learning. A high learning rate can speed up the training,
but giant steps in each update sometimes cause the loss function to fluctuate around the
minimum and never converge. Learning rate decay is a widely used training strategy. The
training starts with a high learning rate, and the learning rate is gradually reduced over a
fixed number of training epochs. This training strategy can accelerate training while reducing
the possibility that a neural network gets stuck in local minimums.

Neural networks are assemblies of neurons. The weights and biases for all neurons need

to be adjusted according to their contribution to the final output. However, only neurons in
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the output layer are directly connected to the output. The error needs to be back-propagated
from the output layer towards the input layer to obtain the error attributable to each neuron
in hidden layers. Computation of gradients is achieved through the chain rule [38], in which
the partial derivatives of one layer are utilized to calculate the derivatives of the previous
layers. Assume that the forward propagation function with two neurons is illustrated in
Figure 2.9. Let z = ¢g(y) and y = f(x) represent the calculation functions of two neurons.

The derivative of output z regarding z is defined as:

0z 0z 0y
X V 4

Figure 2.9 Chain rule.

When a neural network is trained with a large dataset, computing gradient descent for
every single example has a high time cost and may cause fluctuation. The parameters are
usually updated according to the average gradient of a small batch of examples. This scheme

is called batch gradient descent [39].

2.3.3 Optimization

Millions of parameters and non-linear activation functions cause a high-dimension non-convex
loss function. The fundamental gradient descent update scheme may be stuck at a local
minimum. Various optimization strategies for the coefficient update have been proposed to
tackle this problem and accelerate the training. These methods are described below.

Stochastic Gradient Descent (SGD)
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Instead of updating coefficients according to the average loss of the whole batch, SGD
randomly picks up one example from a batch to compute the gradients [40]. By randomly
excluding some examples, the SGD works much faster than batch gradient descent, and SGD
can import stochasticity into the backpropagation process. Stochasticity helps the algorithm
to escape from some local minimums. However, the stochastic update sometimes results in
large fluctuations during learning. Thus the network may fail to converge to the global
minimum, especially when the training dataset contains some noisy inputs [41].

Mini Batch Gradient Descent

The mini-batch gradient descent scheme [42] contains some advantages of SGD and stan-
dard gradient descent. It performs each update on every batch with n(n > 1) examples,
which provides more stable convergence compared to SGD. The size of the mini-batch can
be adjusted according to different situations and time requirements.

Momentum

Momentum was proposed by [43] to soften the oscillations of SGD. As indicated by its
name, momentum optimization retains the momentum of the last update. The current
update is influenced by the updating direction of past steps. The mathematical formula of

the current update is defined as:

Vi = Vo1 + 176 J(6) (2.20)

Wip1 = wy — V4
where V;_; represents the update in the last step. v and 7 represents the weights assigned
to the last update and the current gradient.
Adaptive Gradients (AdaGrad)
Neurons in a network have varying levels of importance. The AdaGrad optimization
strategy functions by assigning different learning rates to every parameter based on their
importance in each step [44]. AdaGrad makes a small update for frequently used parameters

and a large modification for unimportant parameters. It helps the network to deal with
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sparse data and maximizes the use of all neurons. The update of parameter 6, regarding

current parameter 6, is defined as:

9t+1 =0, — LQt
VGite (2.21)
gt = Vo (0r)

where 60; represents the set of current parameters, G; is a diagonal matrix that sums up
the square of past gradients, n denotes the learning rate, and ¢ is a small value to avoid
denominator that becomes zero.

Root Mean Square (RMSProp)

RMSprop is an unpublished optimization algorithm. It is similar to adaptive learning
models, but it replaces the sum of all gradients squared with an exponentially decaying
average [45]. RMSProp can accelerate training and solve the radically diminishing learning
rates. The learning rate is determined by the moving average parameter Sy,. The formula

to update the current coefficient set w is defined as:

Suw = BSaw + (1 — B)dw?
i (2.22)

wW=wW—-—0—F——

VS + €

where 7 is a small value to avoid the denominator from being zero, a denotes the default
learning rate, and 3 represents the weight assigned to the momentum of last update, which
is usually set to 0.9.

Adaptive Moment Estimation (Adam)

Adam uses both the momentum training strategy and an adaptive learning rate [46].
It combines the superiority of the AdaGrad and RMSProp. Assume that m, represents
the weighted average of past gradients, and v, represents the uncentered variance of past

gradients. Adam is defined as:
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L (2.23)
Vy =

T 1-p

my = (1 — B1)ge + Brmy—1
vy = (1= B2)g; + Bove_s
where [3; and (35 represent the weights assigned to momentum and importance of the neuron,

and 7 represents the default learning rate.

2.4 Convolutional Neural Network

Convolutional neural network was first proposed by LeCun et al. [47] for document recogni-
tion. It replaces the fully connected structure with convolutional layers. The convolutional
layer can reduce the number of parameters in the model and maintain the local information

from the previous layer.

2.4.1 Convolutional Layer

A convolutional layer uses a pile of filters to extract features from the upper layers via
convolution operation. The filter is also called the kernel. The manipulation of filters
is similar to an image filter. The output is calculated through the convolution between
the input and the kernel matrix, as illustrated in Figure 2.10. The convolution operation
keeps the relative position and captures local features from the previous layer. Filters with
different coefficients can perform different operations, such as edge sharpening or image
smoothing. By piling the kernels, the convolutional layer can extract high-level features
with fewer parameters compared to neural networks. Below are several important settings

for a convolutional layer.
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Figure 2.10 An example of the convolutional operation with respect to a single
kernel.

Stride

Stride defines how many pixels the kernel shifts for each matrix multiplication. A large
stride reduces the size of the feature map, extract high-layer features, and accelerate the sub-
sequent operations. However, less information is preserved with a large stride. A comparison
between different strides is illustrated in Figure 2.11.

Padding:

The convolutional operation may cut off some margin information and reduce the output
size, which is illustrated in the valid padding example in Figure 2.12. There are two widely
used paddings:

1. Zero padding (same padding): It pads the image margin with all zeros. The kernel
windows will slip outside the margin of the image.

2. Valid padding: It drops the invalid part and only maintains the valid part. Assumes
that the size of the kernel is s. Compared to the output of the zero padding, the valid

padding reduces the output size by s — 1 on both length and height.
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Figure 2.11 Comparsion between different strides.
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Figure 2.12 Different padding operations.

2.4.2 Complementary Layers

Pooling Layer:

Pooling layers are designed to reduce the spatial dimensionality of a feature map while
retaining important information, which is similar to a down-sampling operation [48|. This
layer can also be regarded as a convolutional matrix with non-trainable coefficients. There
are three popular pooling layers, and their features are illustrated in Figure 2.13.

1. Max pooling: it takes the largest element in the rectified feature map.

2. Average pooling: it calculates the average value of the feature map.

3. Sum pooling: it sums up all values in the feature map.

Fully Connected Layer (FCN):

FCN is used to flatten the output of the previous layer into a single vector. In CNN,
FCN was mainly used as the last layer of classification tasks. It can resize the n x w x h (w, h

represents the width and height of the matrix, n represents the number of feature maps) into
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Figure 2.13 Different effects of pooling layers with 3 x 3 rectified field.

a vector of size n x (w X h).

Normalization

The values of inputs to layers can vary from 0 — 1 or 1 — 1000. The large gap between
different features may cause large fluctuation during training. To speed up learning, scaling
the features is necessary.

Batch normalization is a typical normalization method. It is imposed on the whole batch
to reduce the covariance shift and align the distribution of different inputs. Supposing 13
represents the mean value of the mini-batch, 75 represents the variance of the mini-batch.
The weights for standard deviation v and mean [ are trainable during training. The batch

normalization is defined as:
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)

Vet (2.24)

yi =&+ 0

Batch normalization can efficiently reduce overfitting and oscillation. Nevertheless, batch
normalization sometimes introduces extra noise into the training process. Instance normal-
ization was devised by Ulyanov et al. [49] for style transfer. Instead of normalizing all samples
across the batch, instance normalization normalizes spatial dimensions for each individual
samples. The modification reduces the noise caused by the distinct data distribution in a

dataset.

2.4.3 Weight Initialization

Before training, the weights should be initialized. A suitable initialization strategy can ac-
celerate training and stabilizing the learning process. There are two well-known initialization
strategies, He [50] and Xavier [51].

As indicated by Kumar et al. in [52|, the variance of the layer output reduces during
training. Maintaining the variance close to 1 can prevent the vanishing gradient. A model
exhibits slow convergence when the variance is smaller than 1. The Xavier initialization
randomly assigns weights to each component with the standard normal distribution. Xavier

is mainly used for the Tanh activation function. The variance v follows:

V2 = — (2.25)

He initialization is designed for the ReLLU activation layer. As ReLU makes the function

non-differentiable at x = 0, The variance v follows:

(2.26)
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2.5 Evaluation Metrics

Two widely-used metrics, peak signal-to-noise ratio (PSNR) and structural similarity index
(SSIM) [53|, can measure the quality of generated images be comparing to reference images.
Given a generated image = and a reference image y, PSNR is defined as:

(2.27)

PSNR = 1010g10< MAX? )),

MSE(x,y)
where MAX represents the maximum pixel value in x. MSE is the mean squared error.

SSIM is a perception-based model, which identifies the difference between high-level
features. SSIM evaluates the difference in three features: luminance, contrast, and structure.
The difference of each feature is evaluated through designed comparison functions, and the
difference of each property is combined through a combination function to generate the final
score.

Assume x and y represent two images to be compared, luminance p is defined as the

mean of all pixel values. The luminance of x is defined as:

1
Ho = 3 Z;c (2.28)

The comparison function for luminance is defined as:

20z p0y + C1

Yy - 7 2.29
pi+pz + G (229)

l<$’y) =

where (' is a small constant in case of denominator being 0.
Contrast 7 is calculated through the standard deviation of all pixel values, and the

contrast of x is defined as:

r= (7 > (i~ o)) (2.30)

The contrast comparison function is defined as:
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27,7y + Oy

2.31
T3+T§+C2 ( )

c(z,y) =

where C is a small constant in case of denominator being 0.
The structural difference is calculated based on the standard deviation. The difference

is defined as:

= 2.32
s(z,y) p—oh (2.32)
where 7(z,y) is defined as:

) N
Tey = N1 Z(Iz — 1) (Yi — 1y) (2.33)

i=1

The SSIM score is defined as:

SSIM (z,y) = [l(z,y)]"[c(z, y)]’[s(z, y)]" (2.34)

where «, 3, v denote the importance of each property.

PSNR focuses on the absolute pixel-by-pixel difference. By contrast, SSIM is closer to
the human perception model as it compares high-level features. Hore et al. [54] indicates
that PSNR demonstrates better performance in assessing images polluted by noise, while

SSIM better measures the distortion of structural content.

2.6 Generative Adversarial Network

Generative adversarial networks (GAN) are one of the major recent breakthroughs in deep
learning. A GAN can automatically create data that follows a specific distribution, such as
randomly generating cartoon character painting [1]. GANs have demonstrated vast poten-
tial in image generation tasks, such as bedroom photographs creation [55] and face image

generation [56]. The main feature of a GAN is that it can be trained in a semi-unsupervised
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situation without a paired training dataset. It is capable of automatically summarizing the
underlying data distribution from a collection of target items.

An original GAN accepts random noise as input. It has to map the noise in latent space
to the generated output, which is usually uncontrollable. The understanding of the high-level
information in latent space remains inadequate. The Conditional GAN proposed by Mirza
et al. [57] allows the received input to be in image or article format. This characteristic
supports the conditional GAN to transform input from one domain into another domain. It
largely expands applications of GANs. The conditional GAN has been utilized for prediction
of face aging 58], automatic makeup application in images [59], and cartoon image generation

[60).

2.6.1 Generator and Discriminator

A GAN consists of two networks: a generator and a discriminator. The generator is respon-
sible for producing output following a specific distribution. The discriminator is trained to
distinguish between the generated output by the generator and a real sample. The overall

structure of GAN is illustrated in Figure 2.14.

Latent Generator
vector " G " =)
D(G(z))
Discriminator
D
Real \_
image D(G(r))

Figure 2.14 Structure of a GAN [1].

The network structure of the generator is similar to the decoder network structure. It

receives a latent vector z as input. The input z is processed by multiple transposed convo-
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lutional layers (also called deconvolutional layers) and is up-sampled into a full-size image.
The randomly-generated latent vector determines the characteristic in generated images.

The transformation function can be illustrated as:

r=G(2) (2.35)

The generator is expected to generate images that have similar features to the given
collection. In other words, the generator is responsible for producing counterfeits that are
real enough to fool observers. However, as there are no labels for rectifying the behaviour of
the generator, theoretically, the generator cannot converge during training.

The discriminator is responsible for judging the quality of generated images. It is trained
as a classifier to distinguish between the generated images and real images. The discrimina-
tor will receive penalized when mistakenly classifying the input into the wrong categories.
Assume that the generated output is G(z) based on noise input z, and D(z) represents the
probability that x is classified into the real collection. The objective of the discriminator
is to maximize its success rate by giving a high score to x and a low score to G(z). The

objective function V(D) to be maximized is defined as:

V(D) = Eoppora@ 108 D(2)] + Eznp. {[log 1 — D(G(2))]} (2.36)

where pgqrq () represents the batch of real images, and p, represents the batch of noise inputs.

The training of a generator and a discriminator goes in parallel. During the training
process, the discriminator identifies the features that contribute to a real example, while
the goal of the generator is to produce plausible images that are real enough to fool the
discriminator. The judgement from the discriminator provides feedback for the performance
of the generator. The generator will be heavily penalized when the discriminator rejects its

output with a low score. The objective function V(G) to be minimized can be written as:
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V(G) = E.p. {[log 1 — D(G(2))]} (2.37)

The discriminator progresses while the generator improves. The training of the two
networks can be regarded as a mini-max competition between two players. The final target
of GAN training is to obtain a generator that human observers cannot distinguish between

a generated image and a real image.

2.6.2 Optimization of GAN

GANs demonstrate an impressive potential for handling automatic image generation prob-
lems. However, several potential problems of GANs have been identified:

1. The imbalance between generator and discriminator causes GAN notoriously difficult
to train. If the discriminator learns too fast, the generator suffers from the vanishing gradient
and may never converge.

2. The generator may collapse and generate only a few identical outputs if there is no
additional supervision.

3. The loss function sometimes fails to provide an objective metric to judge the image
quality. Hence, humans participation is still required to make the final decision about when
to end the training. The timing for manual intervention based on a subjective judgement is
sometimes inaccurate.

A classification task is usually easier than a generation task. Hence, during the training of
a GAN, a discriminator usually learns faster than a generator. As shown by Arjovsky et al.
[61], training a GAN is equivalent to minimizing the Jensen-Shannon (JS) divergence and the
Kullback-Liebler (KL) divergence between generated images and real images. Assume that
p and ¢ represent the data distribution of generated images and real images, respectively.

The JS-divergence and KL-divergence are defined as:
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1 p+aq) 1 p+q
Ds(pllg) = 5 Dkr (pH ) + 5 DKL (qH (2.38)

(z)
()

When the mean of ¢ is close to zero or becomes too large, the gradient of KL and DS

DkL(P||Q) = ZP log

(2.39)

vanishes. Therefore, if the discriminator is optimized much faster than the generator, the
generator cannot learn from the feedback of the discriminator. As a result, the training
sometimes collapses and suffers from the vanishing gradient problem.

One common approach to solve this problem is to enhance the difficulty of the task
assigned to the discriminator. However, several methods have been proved to be insufficient
to avoid the vanishing gradient problem, such as reducing the discriminator learning rate or
adding noise to the feature map in the discriminator [62].

Wasserstein GAN (WGAN) [62] and WGAN-Gradient Penalty (WGAN-GP) [63] avoided
KL and JS divergence by using the Wasserstein distance. The Wasserstein distance is the
minimum cost of the conversion between two data distributions [64, 65]. Assume the two
data distributions are P, and F,, the Wasserstein distance between P, and P, can be defined

as the greatest lower bound of distribution transfer as:

W (P, Pg) = inf Ey)~y [Hx - y‘” (2.40)

~EII(Pr,Py)

where II(P,, P,) represents the joint distribution between P, and P,.
The original Wasserstein distance is highly intractable. Arjovky et al. [62]| simplified it

as follows:

WP, Fy) = sup Bowp,[f(2)] = Eop, [f(2)] (2.41)

[1f]l2<1

where sup represents the least upper bound. f(x) should follow 11-Lipschitz constraint defined

as:
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£ (1) = f(w2) < |21 — 22 (2.42)

Compared with KL divergence, the Wasserstein distance has smoother gradients every-
where. As WGAN replaces the sigmoid layer in the output layer with a linear activation
function, the range of the output values is (—o0,00). To avoid gradient explosion and to
maintain the 1-Lipschitz constraint, WGAN introduces a clipping operation to restrict the
weights of the discriminator. The clipping operation keeps all weights in the discriminator
network in the range [—c, ¢], where ¢ represents a tiny value. The experimental results in [62]
demonstrated that WGAN maintains stable training even without the batch normalization.

The clipping operation enforces the Lipschitz constraint of discriminator models. How-
ever, it puts additional restrictions on the model’s complexity as it simply clips all large
weights. WGAN-GP replaces the clipping operation with a gradient penalty. Gradient
penalty punishes the model if the gradient norm moves away from 1.

Assume D represents the discriminator, and P, and P, represent the probability distri-
bution of generated images and real images, respectively. The loss function of WGAN-GP

is defined as:
L =Esop,[D(7)] = Bpmp, [D(x)] + ABanp, [(|| V2 D(2)]|2 — 1)°] (2.43)

where A represents the weight assigned to gradient penalty, and z is defined as:

t=tt+(1—-t)r with0<t<l1 (2.44)

WGAN-GP efficiently solves the model collapse problem. Furthermore, the generator can
still learn from the new feedback when the discriminator was reached its temporary optimal

status.

37



Chapter 3

Literature Review

3.1 Image Enhancement Based on Image Processing Al-
gorithm

Many properties contribute to the aesthetic attractiveness of a photograph, such as the
brightness, contrast, tone, and photographic composition. A photograph usually suffers from
a diversity of imperfections caused by hardware and environments. Some image enhancement
algorithms are embedded in camera devices to process raw photographs. However, processing
multi-megapixel raw images in on-chip buffers requires real-time throughput. Hegarty et al.
and Mullapudi et al. [66, 67| focused on the design of specialized image signal processors
(ISPs) and optimally scheduling line-buffered pipelines. The designed compiler supports the
implementation of high-level image processing codes, such as dynamic range enhancement
or motion blurring. Additional knowledge of the corresponding hardware and the compiler
is required for the practical implementations.

Due to the limitation of the computation of mobile devices, most image enhancement
tasks are transferred to computers. There are some well-known algorithms focusing on

the histogram to enhance the image contrast, such as histogram stretching [68] and his-
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togram equalization [69]. Examples of histogram equalization and histogram stretching are
illustrated in Figure 3.1. Adaptive histogram equalization and contrastive limited adap-
tive equalization were proposed by Pizer et al. [70] to facilitate local contrast adjustment
regarding distinct properties in different regions.

However, applications based on the histogram are limited. They usually fail to recover
lost information in underexposed images. In addition, simply enhancing contrast does not

always produce visually appealing output when a photo has multiple imperfections.

(a) Original (b) Histogram equalization (c) Histogram stretching [68]
[69]

__ YW -

Figure 3.1 Histogram equalization and histogram stretching.

Various methods have been developed to handle different aspects of a photograph. Retinex
theory is currently an important algorithm in image enhancement [20, 71]. ‘Retinex’ is a com-
pound word proposed by Land et al. [72] as a combination of ‘retina’ and ‘cortex’. Retinex
theory is a perceptual model that mimics the human visual function by decomposing the
received visual information into illumination and reflection. Illumination represents the light
intensity directed towards the surftace of objects, and reflection represents the light reflected
by the surface. Reflection is determined by the physical characteristic of objects. By re-
moving or reducing the illumination, the original colour of objects can be recovered from
underexposure or other distortion caused by the illuminating light. In the Retinex theory,
a pixel I(z,y) in image [ is decomposed into illumination L(x,y) and reflection R(x,y) as

follows:
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I(z,y) = L(z,y) - R(z,y) (3.1)

For convenient calculation, the multiplication operation is transferred to addition through

logarithmic transformation. The Retinex theory is rewritten as:

log(I(x,y)) = log(L(x,y)) + log(R(z, y)) (3.2)

Decomposing a single image into illumination and reflection is an ill-posed problem.
Researchers on Retinex theory mainly focus on the efficient decomposition of illumination
and reflection. Single-scale Retinex (SSR) [73], multi-scale Retinex (MSR) [74], multi-scale
Retinex with color restoration (MSRCR) [75] and multi-scale Retinex with chromaticity
preservation (MSRCP) [76] are the four classical algorithms for decomposition. These four
algorithms are all based on the smooth illumination assumption. After decomposing reflec-
tion R(x,y) and illumination L(z,y) from an input image I(z,y), gamma correction is used

to reduce the illumination. Gamma correction is defined as:

2=

log(R(z,y)) = log((z,y)) — log(L(x,y)) (3-3)

where he parameter v is set as 2.2 from empirical experience.

Figure 3.2 illustrates several outputs of different decomposition algorithms via gamma
correction. As illustrated in Figure 3.2, these algorithms can recover the information in dark
regions. MSRCP demonstrates the best performance in recovering colour fidelity. Neverthe-
less, it has a high compute cost and may introduce redundant artifact halos.

Several variational methods have been proposed to facilitate processing speed and avoid
the artifact halo, such as total variation model [77|, PED-based algorithm [78]|, variational
framework, and the weighted variational model [79]. A Joint intrinsic-extrinsic prior model
[20] has demonstrated superior performance in underexposed region recovery while main-

taining the colour information. It can preserve the edge information while achieving low
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(a) Original  (b) SSR[73] (c) MSR[74] (d) MSRCR [75] (e) MSRCP [76]

Figure 3.2 Outputs of different methods based on Retinex theory.

time cost.

The Retinex theory is mainly used for perceptual information reconstruction for under-
exposed images. It can be applied to traffic supervisory or other monitoring systems that
operate at night. Nevertheless, simply adjusting the illumination sometimes generate flat-
looking outputs as it reduces the contrast caused by shadow. In consequence, the results are
not usually visually attractive.

Several components contribute to the visual quality of one image, so image enhancement
is usually hard to achieve by modifying a single component following a rule-based procedure.
Some researchers deal with multiple features transferring features from high-quality images
to the given input. The example-based style transfer is achieved through tone transfer [80]
or multi-scale contrast transfer [81]. Kang et al. [80] provides users with a small collection of
photographs C' and a visualization interface. Users can retouch given photographs with this
interface and edit properties such as temperature, tint, and contrast. The feature vectors
and enhancement parameters of each retouched photograph are stored and transfer to input
images.

With the assumption that there exists a general strategy to enhance most photographs,
Bychkovsky et al. [14] collected a dataset named MIT-5k. The dataset contains 5000 raw
images and corresponding retouched versions, which were edited by five hired experts. They
utilizes regression techniques, such as linear least squares, LASSO, and Gaussian process re-

gression, to extract the general features from high-quality photographs. The image enhance-
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ment is achieved by applying extracted features on every pixel through a single luminance
remapping curve.

Adjusting photographs based on example images sometimes demonstrates good per-
formance but also demonstrates some problems. Most style-transfer systems are semi-
automated. Users are required to retouch photographs manually or provide a collection
of high-quality images. Besides, the performance of style transfer depends on the quality
and correlation of the provided examples. Transferring the style from the selected exam-
ples with unrelated content or distinct colour to the input, such as from portrait images to

scenery images, can result in unrealistic tones.

3.2 Image Enhancement Based on Convolutional Neural

Network

Neural networks have gained popularity in high-complexity problems. They provide solutions
to image reconstruction tasks, such as style transfer|82], image super-resolution [83] and
image dehazing [84]. The convolutional neural network was utilized by Lee et al. [2] to builds
an automatic style transfer system. Instead of requiring users to select style templates as
[14], Lee et al. collected a large set of high-quality photographs. The network was trained
to retrieve style exemplars from the high-quality collection automatically. The retrieved
exemplars are supposed to have similar content information to that of the input image.
The chrominance distribution and luminance feature were extracted through a multivariate
Gaussian and luminance histogram algorithm. The pipeline is illustrated in Figure 3.3.
The content-aware selection can retrieve several style exemplars I, and generate multiple
retouching styles for users. However, the style similarity loss function used in [2] failed to
provide a fully indicative loss function for network training. Thus, the system sometimes

shows unstable performance.
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Figure 3.3 The pipeline of content-aware color and tone stylization (adopted from

the original paper [2]).

Without style transfer, the main obstacle for applying neural networks to an end-to-end
image enhancement system is the multi-modality. Because there is no unique solution for
a retouching task, there is also no definite label for supervised learning. The subjective
aesthetic preference is still challenging to be transferred to an algorithmic loss function.
Some researchers have simplified the retouching task to a single-solution problem. The
neural networks are trained to imitate the retouching strategy demonstrated by a single
retoucher.

The MIT-5k dataset provides 5000 photographs with corresponding retouched versions,
and the retouched photographs can be used as the label for supervised learning. Gharbi et al.
[17] utilized this dataset and trained the neural network to generate affine transformation
matrices for each pixel. The network generated a retouching strategy regarding global and
local features. Wang et al. [85] adjusted the network structure in [17] by introducing colour
loss and smoothness loss. By imposing additional restrictions on illumination smoothness
and colour vector, the network can better recover the contrast and colorization of photos.

Ignatov et al. [3] utilized the neural network to bridge the gap between photographs
captured by mobile devices and DSLP-quality images. Ignatov et al. collects a new dataset,
which contains 6K photos taken synchronously by a DSLR camera and three mobile devices.

An encoder-decoder network is used to reconstruct the low-quality images. The network
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Figure 3.4 The structure of DSLR network (adopted from the original paper [3]).

structure is illustrated in Figure 3.4. Because the synchronously captured images are not
perfectly aligned, the MSE loss causes local distortions and blurred patches. Scale-invariant
feature transform (SIFT) is utilized to align the content. It builds their loss function by
summing up the colour loss, texture loss, content loss, and total variation loss.

Chen et al. |4] collected a new dataset which contains 5095 short-exposure images and
corresponding long-exposure reference images. Chen et al. proposed an end-to-end learning
pipeline via U-Net, and the network is trained to handle colour transformation and image
enhancement simultaneously. The network structure is illustrated in Figure 3.5. The network
operates on raw sensor data, and it can recover colorization information from images with
low dynamic range and short exposure time.

Loh et al. |5] shifted the focus from enhancing the visual attractiveness to serving in-

dustrial applications. It works on the enhancement of imperceptible features to improve the
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Figure 3.5 The pipeline of the paper ‘Learning to see in the dark’ (adopted from

the original paper [4]).
accuracy of subsequent tasks. Gaussian process regression is used to construct the distri-
bution via a convolutional neural network. The framework is illustrated in Figure 3.6. The
Gaussian process transfers the enhancement function into a joint distribution. The network
is trained to extract features and perform pixel mapping.

Photograph enhancement is subjective, but these networks trained with single-solution
datasets show a high bias towards a specific preference demonstrated by the retoucher. In
addition, an object can take a set of distinct tones in several image retouching tasks. For
instance, the colour of leaves can vary from dark green to yellowish-green, according to the
environment and the mood that a retoucher wants to express. As indicated by Zhang et al.
in [86], when using Euclidean loss as the loss function, the network takes the mean of all
the possible pixel values as an optimal solution. The average effect usually results in greyish
and unsaturated outputs.

The development of GAN supports networks to be trained in a semi-supervised way.
Training a GAN only requires two image collections without a paired relationship between
the samples. In an image enhancement task, the two collections are 1) a collection of raw
photographs and 2) a collection of expert-retouched photographs. The generator in a GAN
can learn to generate output following the underlying features of high-quality photographs.

Chen et al. [6] utilized the encoder-decoder network structure to build an automatic

retouching system. This system builds a two-way GAN network structure to maintain the

45



(a) Gaussian process

Gaussian Process

I

CNN model

Enhanced Image

—
b=l

Low-light Image

(b) The working pipeline

Figure 3.6 The overall framework of features retrieval using Gaussian process
(adopted from the original paper [5]).

content and prevent model collapse. The network structure is illustrated in Figure 3.7. The
two-way generator can maintain spatial information during the encoding-decoding process.
Chen et al. also introduced U-Net into the generator network structure to better extract
global information.

EnlightenGAN was proposed by Jiang et al. [7]. The system was designed to solve
low contrast and poor visual perception in underexposed regions. It uses a global-local

discriminator structure and a self-regularized attention mechanism to train the GAN. The

self-regularized attention mechanism prevents distortion. In addition, it introduces feature
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Figure 3.7 The two-way network structure of deep photo enhancer (adopted from

the original paper [6]).
preserving loss to prevent colour distortion. With the support of GAN, the network can
be trained with unpaired datasets, which are easier to obtain than paired datasets. The
flexibility makes EnlightenGAN adapt easily to other image transformation tasks. The
overall network structure of EnlightenGAN is illustrated in Figure 3.8.

A convolution-deconvolution pipeline is usually used for image reconstruction. This net-
work structure usually suffers from high time and space costs, especially when dealing with
megapixel input. Users may expect the digital camera to perform both photo capturing
and image enhancement, and the expectation places significant pressure on mobile devices.
A specially designed algorithm is required to facilitate deep neural networks to operate in
real-time.

The convolution-deconvolution pipeline has been discarded in some studies due to its
high time cost. Instead of reconstructing the input image through deconvolutional layers, Hu
et al. |8] designed several image filters with adjustable parameters. These pre-designed filters
were kept differentiable and resolution-independent to enable CNN backpropagation. A deep
reinforcement network was trained to generate a retouching sequence to apply these filters
on input images iteratively. The network structure is illustrated in Figure 3.9. Compared
with most black-box models, this work can generate an understandable solution for users
to study. The system utilized the discriminator network to evaluate the performance of the

reinforcement network. The input images to the reinforcement network were downsampled
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[8])-

Park et al. [87] used similar training strategy with [8], but the low-quality dataset was
obtained by randomly applying distortion filters to high-quality photographs. It utilizes
a Markov decision process to apply global colour adjustment operations on input images
iteratively. It extracts colour features and contextual features separately via VGG-16 and
CIElab histograms. The agent is trained to perform modification based on the extracted
features using the greedy algorithm.

There are some other alternative solutions for building real-time applications. Because
of the high time cost of CNN and the limitation of mobile hardware, the computation was
transferred to a cloud device in [88]. Wu et al. |9] integrated the guided filtering into FCN
with an additional guidance map. The guidance map has trainable parameters and provides
a task-specific map for joint bilateral up-sampling operation. The computation graph is
illustrated as Figure 3.10. The trainable guided filter can be used in different dense pixel-

wise image prediction tasks to reduce the time cost.
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Figure 3.10 The network structure of Trainable Guided Filter (adopted from the
original paper [9]).

3.3 Summary

In this chapter, we introduced several photograph enhancing systems based on image process-
ing algorithms and neural networks. The systems based on neural networks can be divided
into two categories: 1) systems learning to reproduce the retouching style of a single expert
2) systems learning to summarize a general retouching strategy among a large collection of
visually attractive photographs. Both two systems suffer from some potential problems.
We will propose a novel system that can learn from both imitating human retouching
strategy and unpaired datasets. The combination can help our system overcome the defi-

ciencies and work in real-time.
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Chapter 4

Image Enhancement via GAN Guided
Bilateral Grid Network

Image enhancement is typically a challenging task. An image enhancement system should
deal with images captured in different environments, satisfy public preferences, and achieve
real-time processing. When designing image enhancement via neural networks, generally,
three aspects should be considered:

1. A transformation network that can edit the pixel values while maintaining the struc-
tural information of images to achieve high visual attraction.

2. An objective loss function to measure the output quality and to provide valid feedback
to adjust the weights in the network.

3. A paired dataset containing input-retouched images for supervised learning or a stable

unsupervised training scheme.

4.1 Bilateral Grid Generator

The design of a network structure is a long-standing empirical problem, which usually entails

a conflict between high quality and low time cost. A widely-used network structure for image
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transformation is the encoder-decoder, and this network structure is illustrated in Figure 4.1.
The condensed feature maps are extracted from input through several convolutional layers,
and the extracted high-level features will be reconstructed to the original size through piles
of deconvolutional layers. Encoder-decoder is widely used in image transformation tasks

such as [82, 89, 57, 59, 58|.

Figure 4.1 The network structure of a classical encoder-decoder network.

Nevertheless, the encoder-decoder network is proved to be inefficient when processing
high-resolution image generation tasks. The time cost and memory cost grow with the image
size, and multi-megapixel images may cost several seconds to several minutes to finish on a
GPU. In addition, it sometimes brings distortion and unnatural colorization into output due
to the information loss during the convolutional process. For a photo-realistic photograph
processing task, slight distortion results in an unrealistic output.

An encoder-decoder network does not follow the general working pipeline of humans.
Retouchers do not decompose one photograph into abstract features and reassemble the
high-level information to recreate an image. Human operators tend to determine the re-
touching scheme regarding the global and local features of input images. Then they apply
the retouching strategy on each pixel value. This process retains substantial spatial and
structural information of the input image. Following this strategy, instead of directly recon-
structing input images, we train the network to generate the retouching strategy and apply

the strategy on raw input images.
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4.1.1 Bilateral Grid Data Structure

To fully reconstruct the fine-grained details in high-resolution input images, We use the
network structure proposed by Gharbi [17] to generate a set of affine transformation matrices
and apply the matrices on each pixel in input images. The affine transformation matrix has
size 3 x 4, which is a cascade of 3 x 3 color transformation matrix My and 1 x 3 bias [b,, by, by].

Assume that the pixel value is [r;, g;, b;], and the output pixel value [r,, g,, b,] is defined as:

[T07goabo] = [Tiagiabi]MT + [brabgabb] (41)

For multi-megapixel images, generating transformation matrices for each pixel value is
impractical due to its high time and space cost. Gharbi et al. [17] proposed the bilateral grid
network to store the affine transformation matrices in a bilateral grid data structure. We
used this network structure with some modifications to the layer size and the normalization

strategy.

1

4
Trilinear Generated
interpolation matrices

Figure 4.2 3D bilateral grid data structure example.
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The bilateral grid can be represented as a 3D grid, as illustrated in Figure 4.2, where
each blue dot denotes an affine transformation matrix stored in the grid. The size of our
bilateral grid is set as 15 x 15 x 11 in our network, which stores 16 x 16 x 12 transformation
matrices. Each pixel in the input image points to a unique location in the grid, and the
affine transformation matrix for each pixel is retrieved through trilinear interpolation with
respect to adjacent matrices around the location. The retrieval operation is illustrated in
Figure 4.2.

Image I with width W and height H first is processed with a guide map generator, which
transforms 3-channel images to a 1-channel guide map I, with the same size as /. The guide
map is used to calculate the corresponding location of the affine transformation matrix for
each pixel. The detail of the guide map generator is introduced in Section 4.1.3.

In Figure 4.2, each cuboid with eight vertexes (blue dots) has the same size. Each vertex
is identified by V., where w,h =0,1,--- /15, and r =0,1,--- ,11. The dynamic range of
I, is represented as R. The affine transformation matrix for pixel at (z.,y.) is supposed to

be located at (”’Wx, 15%, %) In other words, the pixel will be enclosed by the cuboid

whose leftmost nearest bottom vertex is identified by (LH’W’”J, LI%’eJ, \_%;yw >, where |- |
is the floor function. The affine transformation matrix for pixel at (z.,y.) is generated by
using the trilinear interpolation from the eight matrices at the eight corresponding vertexes
of the above-mentioned cuboid. The trilinear interpolation ensures that neighboring pixels

with similar intensity share matrices in the same cuboid, which can maintain the piecewise

smoothness.

4.1.2 Feature Extraction Network

Our network is trained to generate a set of affine transformation matrices and store the
matrices in a bilateral grid data structure. We used the two-path network proposed by

lizuka et al. [90]. In [90], two pipelines are designed to extract high-level information and
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Figure 4.3 3D bilateral grid data structure in our network.

middle-level features separately. Features of different levels are fused to provide holistic
guidance for colorization. The network structure of our network is illustrated in Figure 4.3.

The bilateral grid can be constructed based on downsampled images to save time cost.
The input image is down-sampled to 256 x 256. The low-scale image can provide sufficient
information for subsequent feature extraction. The low-level features are first extracted
through six convolutional layers, as illustrated in Figure 4.4. The extracted low-level features
are shared between the global and local extraction paths.

The local feature extractor is trained to generate the modification scheme based on local
information. It consists of two convolutional layers. The network structure is illustrated in
Figure 4.5a. The size of the final output is 16 x 16 x 96.

The global extractor consists of three fully-connected layers, and the network structure
is illustrated in Figure 4.5b. The fully connected layer generates a 1D vector as the global
features. The global features can provide holistic information about the semantic under-
standing of the whole image, such as whether the photograph is taken at night or in the
daytime [90]. The extracted global information gives full-scale guidance on image editing.

After the local features and global features have been obtained, they are concatenated

into the final output with size 16 x 16 x12x3x4. It can be viewed as a 3D bilateral grid, where
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Figure 4.4 Low-level feature extraction.

each grid vertex stores a 3 x 4 transformation matrix. Our experimental results indicated

that 16 x 16 x 12 bilateral grid provides sufficient information for image transformation.

4.1.3 Guide Map

Because our work mainly addresses the retouching of underexposed photographs, the network
should deal with the ill-posed problem to recover colour in dark areas. The ablation studies
in [17, 9] shows that some processing on the input can improve the quality of outputs. The
processing is achieved through several convolutional layers instead of an algorithmic proce-
dure. Besides, these convolutional layers can transfer input images into one-channel maps for
subsequent retrieving operations, which demonstrate better performance than simply con-
verting RGB images to grey images. In our network, The network for guide map generation
consists of two convolutional and one deconvolutional layer. The network structure of our

guide map generator is illustrated in Figure 4.6
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Figure 4.5 Local and global feature extraction pipeline.
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Figure 4.6 The network structure of guide map generation.

4.2 Discriminator

A photograph retouching task has multiple solutions. Hence, loss functions that calculate the
pixel-level difference between generated outputs and references, such as MSE, can only work
as a simplified evaluation metric. They fail to reflect the retouching quality when receiving
a photograph edited with a distinct retouching style compared to the reference image. In
addition, as Zhang et al. indicated in [86], using MSE to recover colorization information
usually results in unsaturated and greyish outputs. A single object can display various
colours in different environments. After the iterative training process, the network tends to
choose the average values of multiple possibilities. To address this problem, we encourage
the network to be ‘innovative’ and ‘brave’ to apply vibrant colorization by introducing GAN
into our system. The bilateral grid network will receive a binary evaluation from MSE and
a discriminator like Pix2pix [89].

GAN is a semi-supervised learning model used for automatic data-driven generations.
GAN consists of two networks, a generator and a discriminator. The goal of the generator is

to learn from a collection of samples and produce counterfeits. The discriminator is trained
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Conv Input: (None, 32, 32, 128) Stide =2 | gatch normalization | ReLU
(5x5) | Output: (None, 16, 16, 128) padding = 2
Conv Input: (None, 16, 16, 128) Stride = 1
. None RelLU
(16x16) | Output; (None, 1,1, 1) padding =0 °

Figure 4.7 Network structure of our discriminator.

parallelly with the generator to distinguish between real items and counterfeits [91]. We
utilize the bilateral grid network as our generator, and we build the discriminator with the
network structure as illustrated in Figure 4.7. We used large receptive fields and strides in
the network to extract global features better. Thus, the discriminator will not be restricted
by local details.

The basic GAN is notoriously difficult to converge during training. Therefore, we utilized
the WGAN-GP [63| for our training, which can efficiently prevent the model collapse and
the vanishing gradient problem.

During training, the discriminator is supposed to learn from a high-quality collection of
retouched photographs and distinguish the main properties contributing to a visually pleasing

photograph. If the bilateral grid network keeps generating greyish outputs because of the
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average effect, this characteristic is supposed to be identified by the discriminator. Therefore,
the feedback from the discriminator can navigate the generator away from the ‘preserved’
retouching strategy. The overall information flow between the bilateral grid network and the

discriminator is illustrated in Figure 4.8

_______ Bilateral grid
Inr:aut netwaork
Transformation | . . Generated Generator
matrices output loss

Al

Human-retouched
photos

— | Discriminator | —

Discriminator loss

Figure 4.8 Overall information flow of the bilateral grid network and the discrim-
inator.

4.3 Loss Function

4.3.1 Mean Squared Loss

We evaluate the quality of the generated images by comparing the difference between the
human-retouched version and our generated output. This loss function facilitates the network
to reproduce the retouching style demonstrated by the retouching operator. Let I; be the
original image, and I, be the generated output from the bilateral grid network. I; and I,

are both normalized to range |0,1]. The Ly/sg is defined as:

Lyse = || — L|)? (4.2)
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4.3.2 Discriminator Loss

The discriminator loss provides a binary evaluation standard for the generator. The generator
aims at getting a high score by cheating the discriminator, and it receives a large penalty if
the discriminator can easily classify the generated images as counterfeits. Let G represent
the bilateral grid generator, and D represent the discriminator. Assume P; represents the
batch of input images, the discriminator loss to update discriminator parameters 6 is defined

as:

Ly = Erpn[D(G(D) (4.3)

For the discriminator network D, the loss function is defined as the sum of discriminator
loss and the gradient penalty. The gradient penalty helps to maintain the Lipschitz constraint
of the discriminator. The discriminator receives generated outputs & in batch P, and expert-
retouched photographs z in batch P,. It is trained to give a high score for human-retouched

images and a low score for generated images. The loss function is defined as:

L =E;.p,[D(@)] — Egp, [D(2)] (4.4)

+AEier (| Vi D(@)]|2 — 1)7]
where we set the A to 10 as suggested in [63], and & is obtained by sampling uniformly along

the straight line between ¥ and x:
T=tr+(1—t)x (4.5)

where t is randomly selected in range (0, 1).

4.3.3 Bilateral Loss

Our experimental results indicated that the introduction of a discriminator can result in

vivid and saturated colour but sometimes bring unrealistic distortion, which seriously affects
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the visual quality of photographs. To figure out the cause of distortion, we tested several
grid sizes of the bilateral grid network from 8 x 8 x 8 to 36 x 36 x 24. During the test,
other parameters like training epochs and learning rate are kept the same. The comparison
between the output of different grid size is illustrated in Figures 4.9 and 4.10. Serious colour
quantization and false contouring can be noticed in the output generated through the smaller

grid, especially in hair areas like mustache and eyebrows.

(a) Grid with size 8 x 8 x 8. (b) Grid with size 36 x 36 x 24.

Figure 4.9 Comparison of the generated output Man between two different bilateral
grid sizes.

The colour quantization is caused by the conflict between the discriminator and trilinear
interpolation operation. To improve the dynamic range of input images, the feedback from
the discriminator facilitates a large gap between adjacent transformation matrices in the
bilateral grid. The large difference helps to enhance image contrast but sometimes transfers

the continuous gradation to abrupt changes from one tone to another in generated images.

62



(a) Grid with size 8 x 8 x 8. (b) Grid with size 36 x 36 x 24.

Figure 4.10 Comparison of the generated output Dog between two different bilat-
eral grid sizes.

Sometimes a small region contains multiple objects with distinct colours, but the pixels show
similar intensity in an underexposed photograph. When the bilateral grid fails to provide a
sufficient number of transformation matrices, the colorization of one object gets influenced
by neighbouring elements.

A large bilateral grid with abundant affine transformation matrices can reduce the un-
intended artifact of colour quantization. However, a large bilateral grid requires high time
and memory cost.

It is necessary to place additional restrictions on the difference between neighbouring
affine transformation matrix stored in the bilateral grid to prevent posterization. Chen
et al. |21] applies Gaussian filters on the spatial and range dimensions of the bilateral grid
to maintain the smooth distribution of value maps. In our case, a network receives feedback
from the loss function. Hence, instead of directly smoothing the generated bilateral grid,
we propose a bilateral loss function to guarantee the piecewise smoothness on the none-edge

regions. We calculate the derivatives on both horizontal and vertical directions of generated
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image I, and expert-retouched images I;. When there is no edge in I;, but a large gradient is
detected in the same position in I, the network would receive a large penalty for introducing
extra edges. The bilateral loss function would sum up the squared difference between the

gradient images, and the formula is defined as:

L =1=Y > (f(0:1)(0: ]y — 0:1,)°
P (4.6)

+ f(ax[t)(ayjt - 8y[g)2)/2,

1

where f(x) represents: f(z) =1— 7=

4.3.4 Imitation-to-innovation Training Scheme

To further reduce the conflict between the GAN and the bilateral grid, we introduce a new
training strategy to mimic the learning process of human learners. As mentioned earlier,
GAN is notoriously difficult to train because of the imbalance between the generator and
the discriminator [63]. Non-convergence, vanishing gradient, and mode collapse are common
obstacles in the GAN training process. WGAN-GP replaces the last sigmoid layer with a
linear activation to facilitate the calculation for Wasserstein distance. However, a linear
activation sometimes results in large fluctuations. Even with the gradient penalty, the dis-
criminator loss will range from about —10 to 10, whereas the MSE loss usually ranges from
1x 1073 to 1 x 10~*. From our experimental results, it is hard to determine a proper weight
for the discriminator loss. The network failed to converge when we assigned a large weight to
discriminator loss. Nevertheless, if a small weight was assigned to the discriminator loss, the
discriminator does not make a large difference. Some failure cases are illustrated in Figure
4.11. Some unnatural colour blocks can be noticed in the output images.

During the experiment, we found that some manual modifications on the weight assigned
to the discriminator loss during training can improve the quality of outputs. The modifi-

cations are similar to the human learning process. When learning image retouching, novice
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retouchers usually begin by following tutorials and mimicking the retouching workflow of
experts. Although there is no determined workflow for image retouching, novice retouchers
can learn some general techniques, such as improving the colour contrast. Retouchers with
some experience will move beyond simple mimics and step into spontaneous innovation re-
garding their aesthetic understanding. They usually receive feedback from their teachers or
viewers on online platforms. The positive or negative comments from outside motivate the

retouchers to adjust their strategy.

Figure 4.11 Outputs of the bilateral grid network when weight assigned to the
discriminator loss is set as 0.1.

Similar to the learning process of human beginners, our network is required to duplicate
the retouching strategy demonstrated by hired experts at the start of training. The weight
assigned to the discriminator loss grows when the training proceeds. We use the learning
rate decay as the training strategy, so the learning rate decreases while the weight of the
discriminator loss increases. Assuming e; denotes the number of training epochs, the weight

assigned to discriminator loss wp is calculated as follows:

wp = < el ) % 1073 (4.7)

]-+6i

The overall loss function L is defined as the weighted sum of MSE loss L, discriminator

loss Lp and bilateral loss Lp:

By introducing the imitation-to-innovation training scheme and bilateral loss, the pos-

terization artifacts in local areas are reduced. The colors of neighbouring elements have less
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influence on each other. Thus, the system is capable of recovering plausible colorization in

underexposed regions. Some comparisons will be given in Chapter 5.
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Chapter 5

Experimental Results and Evaluation

5.1 Environment Setup

Python is a widely-used language in deep learning areas. Two popular deep learning frame-
works, Tensorflow and Pytorch, have been developed on Python. Tensorflow has a wide
application in industrial fields due to its earlier release. Nevertheless, its complex graph
construction process makes it challenging to build and debug. Although TensorFlow 2 en-
ables a high-level API extension called Keras, which provides simple interfaces for network
flow design, it has some incompatibility with some older features. Although developed later,
Pytorch provides convenient syntax and concise operations after several updates.

Due to the convenience of Pytorch, We built our network via Pytorch on the Windows
system. We trained our network for 60 epochs with a mini-batch size, which equals to 4.
Our training was carried out on an Intel-based PC equipped with one NVIDIA Geforce GTX
1080Ti. We used the bilateral grid data structure in our network design, so training a CNN

on megapixel images only cost 4 to 5 days.
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5.2 Experiment Settings

5.2.1 Datasets

Training Datasets:

Manual image enhancement requires operators to have professional skills. It is a heavy
workload even for experts to edit a large bunch of photographs. Although lots of visually
pleasing photographs can be found on photograph sharing platforms, photographers usually
do not share the raw editions before retouching. Therefore, collecting a paired dataset for
supervised training is expensive. Some methods rely on synthetic data for training. For
instance, Park et al. [87] randomly applied distortion filters on high-quality photographs
to obtained the paired raw photographs. There are only a limited number of public image

enhancement datasets available at present, which are introduced below:

e MIT-Adobe FiveK Dataset: MIT-Adobe 5K was released by Adobe in [14]. The dataset
contains 5000 photographs captured straight from cameras. The raw photographs
mainly suffer from underexposure and unsaturated colour. This dataset consists of a
broad diversity of contexts and environments. Five photography students (also referred
to as retouching experts in this thesis) in an art school were hired to retouch each
photo according to their own preference. MIT-Adobe 5K is the most popular dataset

for image enhancement tasks.

e DPED dataset: Ignatov et al. [3] released a dataset containing a paired photograph col-
lection with low-quality and corresponding high-quality photographs. The low-quality
photographs were collected via built-in cameras in smartphones, such as BlackBerry
or iPhone. The high-quality set was captured through Canon 70D. Due to physical

limitations, the captured photographs are not perfectly aligned.

o See-in-the-Dark (SID) dataset: SID dataset is provided by Chen et al. in [4] for short-

exposure images enhancement. It contains short-exposure images and a corresponding
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long-exposure reference image. Paired images were captured by the same device fixed
at one location with different exposure settings. The slight time gap causes unaligned

content.

We utilized the raw images in the MIT-5K dataset as the inputs to our network. The MIT-
5K dataset provides images in Adobe digital negative (DNG) format with 16-bit information.
DNG is Adobe’s proprietary image standard for raw images captured directly from camera
sensors without processing. This format cannot be read by most third-party software or
image processing libraries, such as Pillow. To process the image in Pytorch, we utilized
Adobe Lightroom to convert the DNG files to TIFF format in RGB colour space with 8-bit
colour depth.

To accelerate the training, we resized input images to 600 x 600 through bicubic inter-
polation, and the resized images were randomly cropped to 512 x 512 patches for training.
The input to the bilateral grid generator was downsampled to 256 x 256. Our experimental
results showed that images of size 256 x 256 were sufficient for the bilateral grid network to
generate a retouching strategy and can reduce the time cost.

MIT-5K also contained five different retouched versions based on each raw image. The
retouching is implemented by five hired experts A, B, C, D, and F. The user study in [14]
indicated that expert C was most favoured. Therefore, we utilized the retouched version of
expert C as the ground truth.

The MIT-5K dataset was collected in 2013, and most photographs in MIT-5K are re-
touched with a natural style to improve the colour saturation. However, some different
retouching styles can be noticed in several online photograph sharing platforms. Instead
of reproducing the visual scenes, some photographers retouch their photos to idealize their
work and exaggerate some features. Some photographers demonstrated their favour for exag-
gerated contrast and vibrant colorization. Meanwhile, some people pursue subdued or even

monochromatic photographs. These works are usually visually attractive but sometimes
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render images less realistic.

Figure 5.1 Some example from Flickr dataset.

Consequently, the MIT-5K dataset fails to reflect the current preference of retouching
style. Instead of utilizing only the retouched photographs in MIT-5K as high-quality collec-
tions as did in [89], we created another dataset. We crawled 1000 high-rating photographs
from the favourite list on Flickr, a free platform for photo sharing. We ensured the dataset
containing a broad range of subjects, including natural scenery, portraits, and animals. We
also kept the dataset containing various colorization and retouching styles. Some examples
are illustrated in Figure 5.1

To maintain a balance between the natural editing style and the exaggerated style, we
randomly picked up one example from the Flickr or MIT-5k retouched dataset and give
the image to the discriminator. The image is resized to size 600 x 600 and then randomly
cropped to size 512 x 512.

Test Datasets:

We separated the MIT-5k into two subsets, one contained 3000 images for training, and
the other contained 2000 images for testing. During training, the test dataset was hidden
from our network. To maintain the intact content of test images for visual quality evaluation,

we kept their original size during testing.
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5.2.2 Parameter Setting

We conducted a series of experiments to determine the optimal set of all coefficients and
parameters. We utilized the Adam optimizer in the generator with 5 = 0.999, and RMSprop
with 5 = 0.999 for the discriminator as suggested in [62|. The generator starts with learning
rate r = 2 x 1074, while the discriminator begins with »r = 2 x 107°. Both learning rates
decay to 1 x 107% at the end.

We utilize the default scheme of Pytorch for parameter initialization, where Xavier is
applied to the layer containing Tanh optimizer, and He is applied to layers with ReLU. As
ReLU and LeakyReLU are the only two activation functions we used, the He initialization

is applied to all layers.

5.3 Evaluation Metrics

To better evaluate the performance of our system, We implemented three state-of-the-art
image enhancement methods for comparison. The three methods are based on different
theories, and they demonstrated the best performance regarding the corresponding theories

for both visual quality and time cost.

e JP [20]: JP was based on the Retinex theory, which demonstrates excellent perfor-
mance in recovering information in underexposed regions. It iteratively decomposes

illumination and reflection from input images.

e BIL [17]: The BIL network was trained via a supervised learning strategy. The net-
work was trained to reproduce the retouching strategy of Expert C of the MIT-5K
dataset. It can process images in real-time. This method demonstrated the most

stable performance in photograph enhancement tasks.

e Whitebox [8]: Hu et al. utilized GAN for a semi-supervised learning scheme. The

network was trained to apply predefined filters to an input image to improve its visual
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Table 5.1 Quantitative comparison between different methods.

Method PSNR(dB) | SSIM | Structural difference
JP [20] 24.96 0.792 0.937
BIL [17] 98.74 | 0.866 0.962
White-box [8] | 24.42 | 0.822 0.943
Our Work 27.82 0.857 0.965

quality. Although the network theoretically can generate multiple solutions for one
image, only one or two solutions provide enough perceptible details in images. We

used the outputs with the clearest details for comparison.

BIL [17] and Whitebox [8] both utilized MIT-5K dataset as the train and test dataset. In
addition, Hu et al. 8] crawled 766 photographs from two photographers on 500px.com and
added them to retouched photographs in MIT-5k dataset to train the discriminator. This
dataset has not been released due to the copyright issue, so we use the high-quality image
crawled from Flickr as an alternative.

Aesthetic is a subjective topic. It is challenging to evaluate the attractiveness of one
image quantitatively. Most evaluating metrics are reference-based, and they measure the
perceived quality of generated images based on a reference image, such as the PSNR and the
SSIM. We employed the PSNR and the SSIM to evaluate the performance of our network
regarding the expert-retouched images and generated images. We compared our results with
the above three enhancement methods. The results are shown in Table 5.1.

As BIL is trained to reproduce the reference photographs, it demonstrated the best re-
sults. The superiority is especially evident when tested with PSNR, which estimates absolute
errors between pixels. SSIM measures the mean luminance, contrast and structural differ-
ence between reference images and test images. Because JP, Whitebox, and our network do

not aim to reproduce the retouching style of a single human retoucher, the luminance and
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Table 5.2 Comparison in terms of NIQE between different methods.

Method NIQE
Original 3.9012
JP [20] 3.3377
BIL [17] 3.4196

White-box [8] | 3.3597

Our Work 3.3471

Expert-retouched | 3.3395

contrast of generated outputs usually have differences with the human retouched versions.
As all four methods should maintain the same structure with the reference images, we also
separately calculated the structural difference using Equ. 2.32. It can be noticed that our
system demonstrated the best performance to maintain the original structural information.

Due to the multi-modality nature of photograph retouching, reference-based metrics are
not fair for unsupervised learning models and non-learning-based algorithms. There are
some no-reference based models for image quality assessment. One widely-used model is
called Natural Image Quality Evaluator (NIQE) [16]. It is a blind perceptual model that can
evaluate the image quality without prior knowledge about the reference image and possible
distortions. It generates a score by comparing the distance of the multivariate Gaussian of
natural scene statistics between a test image set and a high-quality image collection. We
randomly selected 200 images from the expert-retouched test dataset and 100 images from
the Flickr dataset to train the NIQE model. We tested the remaining 1800 images in the test
dataset on NIQE, and the results are illustrated in Table 5.2. A low NIQE score represents
good performance.

In Table 5.2, it can be noticed that JP demonstrates the best performance, even better

than human retouched photographs. However, from the visual comparison, the outputs
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of JP are usually subdued and unsaturated, and they are not superior compared to the
manually retouched work. As indicated in [16], NIQE is sensitive to computer graphic editing
and sometimes regards retouching as distortion. Consequently, it cannot fully provide an
indicative evaluation for retouching quality.

To date, there is still no reliable objective evaluation system to judge the visual quality.
Thus, to compare the performance of different systems, we conducted a user study and asked

humans to get involved in image quality evaluation as did in [8, 85].

5.3.1 User Study

To obtain a reliable evaluation of the performance of our network, we conducted a user
study on Amazon Mechanical Turk (AMT) [92]. AMT is a crowdsourcing marketplace for
subjective research, such as market surveys or data annotations. Tasks are completed by
distributed workers over the Internet, and workers receive a small reward for every action
they perform. We have obtained the ethics approval from the Office of Research Ethics and
Integrity at University of Ottawa. The ethics file number is H-12-20-6411.

The workers on AMT are registered users who are required to be at least 18-years-
old. The workers are people who want to make money in their spare time. In AMT, the
requesters who publish tasks have the opportunity to evaluate the completed work and decide
whether to approve it or decline it. The approval rate is recorded for each worker. When
publishing a task, the requesters can specify additional requirements. Workers must meet
the requirements to work on these tasks. To ensure our user studies to be completed in high
quality, we require the participants to have an approval rate of 90 percent or above. Because
of the confidentiality term of AMT, the personal information of participants is hidden from
the requesters.

We randomly selected 112 raw images from our test dataset, and we implemented our

method as well as the other three methods on this collection to generate 448 images in total.
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The layout of the web page for the study was designed, as shown in Figure 5.2. During the
user study, one image is displayed to the participants each time. Participants were asked
to rate the quality of the generated images according to the given questions. There are
four questions: (Q1) ‘are the details in the image perceptible?’; (Q2) ‘Is this image visually
realistic?’; (Q3) ‘Does this image suffer from underexposure or overexposure?’; and (Q4) ‘Is
this image visually pleasing?’. Participants were given five options from 1 to 5, where 5

represented perfect, and 1 represents bad quality.

‘ Instructions ‘ | Shortcuts | Is this image visually realistic?

Instructions X Select an option
Please rate the photo guality according to 1-Bad 1
the given question.

2-Not Good 2
Please do not give a photo low score
because you do not like its content. 3-Normal 3
Before starting the evaluation, please read 4-Good 4

the Consent Form in ‘more instruction’
below. By submitting your work, you are
indicating that you have read the consent
form, you are age 18 or older and that you
voluntarily agree to participate in this enline
research study.

5-Excellent 5

More Instructions

Figure 5.2 The layout of our user study page.

Because the AMT only supports one question for a task, we recruited 50 workers for
each question. Instead of asking participants to evaluate 448 images at one time, we give
each participant 71 of images in case that the judgement of participants is influenced by
fatigue. To exclude participants who made rash decisions to save time cost, we rejected
several submissions that were completed within one minute. In addition, We shuffled the
exhibition order of every four images with the same content in case a participant becomes

sensitive to underlying retouched patterns in different methods.
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Figure 5.3 Rate distributions of our user study.
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Figure 5.4 Average rating scores of our user study.
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We gathered the scores to evaluate our performance compared with other methods. The
distributions of the scores and average scores are illustrated in Figures 5.3 and 5.4. It can be
noticed that our method obtained the highest rates from human participants compared with
other methods on all features. Our system can generate visually pleasing and realistic results
while maintaining perceptible details from underexposed areas. In addition, although JP
obtains the best NIQE, it obtained the lowest score for ‘visual pleasing’ (Q4). The contrast
reveals that NIQE score cannot fully reflect visual aesthetics preference. The design of an

indicative evaluator for photo quality is still challenging today.

5.3.2 Time Cost Comparison

One of the major obstacles to photograph enhancement is the high time cost for processing
multi-megapixel images. To demonstrate that our proposed method can efficiently reduce
time costs, we compared the time cost of our methods to the other three approaches.

We randomly selected 100 images from MIT-5K dataset. To prevent the out-of-memory
error because of the high memory cost of the Whitebox method [8], we randomly cropped the
input image to size 1920 x 1080. As the time cost may fluctuate slightly for each image, we
calculated the average time cost for every example, and the results are illustrated in Table
5.3. It can be noticed that only our method and BIL [17] successfully reduced the time cost
to microseconds, while the other methods required several seconds to process the megapixel

image on a GPU.

5.3.3 Visual Comparison

To compare the performance of different methods, we picked several raw images from MIT-
5K dataset and implemented different methods on these datasets. The obtained outputs are
illustrated in Figures 5.5, 5.6, 5.7, 5.8, and 5.9.

From the visual comparison, it can be noticed that our method generated more vibrant

7



Table 5.3 Comparison in terms of time cost between different methods.

Method Average Time Cost
JP [20] 6.75s
BIL [17] 14.10ms
White-box (8] 5.54s
Our Work 16.52ms

and natural colorization compared with other works. Our system successfully combined the
superiority of simplified one-solution training strategy and semi-unsupervised learning. It is
capable of generating vibrant colours compared to desaturated colorizations caused by aver-
aging effect, such as [17|. Moreover, our approach demonstrated a more stable performance
than simply utilizing GAN for unsupervised learning. It is capable of recovering impercepti-
ble details while maintaining the contrast of dark and light regions, while JP [20] will reduce
the contrast to recover information in extreme dark parts, which may render the image less
stereo as illustrated in Figure 5.9. It can also be noticed that our network is not restricted
to a single tone. It can process diverse contents, such as oceans, forests, flowers, portraits,
and night scenes.

Besides, our system can produce compatible tones for realistic portraits. Portrait pro-
cessing is always challenging among image enhancement tasks. Humans have more acute
insight into human faces. A slight distortion, like shape contrast or unsuitable tone, usually
result in an unrealistic feeling. Besides, the solution should handle the fine-grained and mul-
tifold details of every person like skin tone, freckles, hair, or the shadow cased by a dimple.
Compared with other methods, our method is capable of generating natural portraits and

recovering imperceptible details, as shown in Figure 5.7.
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(a) Original

(d) White-box [§] (e) Our work (f) Expert-retouched

Figure 5.5 Visual comparison between different methods on photograph Forest.
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(e) Our work (f) Expert-retouched

Figure 5.6 Visual comparison between different methods on photograph Fall Forest.
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Figure 5.7 Visual comparison between different methods on photograph Father-

and-son.
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(e) Our work (f) Expert-retouched

Figure 5.8 Visual comparison between different methods on photograph Shopping.
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(e) Our work (f) Expert-retouched

Figure 5.9 Visual comparison between different methods on photograph Street.
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5.3.4 Comparison between with or without Bilateral Loss and Imitation-

to-innovation Training Strategy

In the network training, we propose the bilateral loss and imitation-to-innovation training
strategy to prevent noise enhancement, posterization artifacts and unnatural colour. To
prove that our strategy can efficiently reduce the distortion, we trained one network with the
same network structure but without the bilateral loss and imitation-to-innovation training
strategy. The loss function is defined as the sum of discriminator loss Lp and MSE loss Ly,

as:

L =Ly +0.03Lp (5.1)

The two networks were trained for 60 epochs with a mini-batch size of 4, which is the same
as our proposed network. The comparison is illustrated in Figures 5.10, 5.11, 5.12 and 5.13.
It can be noticed that without bilateral loss and imitation-to-innovation training strategy,
the system sometimes brings unintended artifact and generates unrealistic photographs. In
Figures 5.10, our system reconstructs the continuous gradation of shadow on human face,
while the system without our training scheme and loss function introduces abrupt change
of tones. In Figure 5.11, our system smooths the yellow noise on the neck. The unnatural
color on sky in Figure 5.12 and on hair in Figure 5.13 are also prevented by our training
scheme and loss function. By comparison, it can be noticed that our method with bilateral
loss and imitation-to-innovation training scheme can successfully prevent posterization and

noise enhancement.
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(a) Without

Figure 5.10 Visual comparison of face shadow between with or with using our
proposed bilateral loss function and imitation-to-innovation training scheme.

(a) Without (b) With

Figure 5.11 Visual comparison of face details between with or with using our
proposed bilateral loss function and imitation-to-innovation training scheme.
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(a) Without (b) With

Figure 5.12 Visual comparison of sky color between with or with using our proposed
bilateral loss function and imitation-to-innovation training scheme.

(a) Without (b) With

Figure 5.13 Visual comparison of hair color between with or with using our pro-
posed bilateral loss function and imitation-to-innovation training scheme.
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Chapter 6

Conclusion

In the thesis, we proposed a new real-time photograph enhancement system by combining
the bilateral grid network with GAN. The MSE loss and discriminator function provide
binary metrics to evaluate the quality of photographs. Our proposed method overcomes the
one-to-one mapping restriction and succeeds in generating images that can satisfy global

aesthetic value. Our contributions can be summarized as follows:

e We integrated the bilateral grid data structure and generative adversarial network
in image transformation area for the first time. The discriminator can facilitate our
bilateral grid generator to learn from an unpaired collection of high-quality images

without introducing additional time cost.

e To maintain an effective combination of bilateral data structure and discriminator
loss feedback, we replace the batch normalization layer with instance normalization to
remove the mutual influence of different distribution. Besides, we introduced an addi-
tional bilateral loss function to force smooth affine matrix distribution in the vertical
direction on the bilateral grid. Compared with simply using bilateral grid or using
GAN to train the system, our network demonstrates high performance in photograph

enhancement. It can recover vivid colors from underexposed photographs.
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(a) Original (b) Expert- (c) JP [20] (d) Our work

retouched

Figure 6.1 A failure case of our system on photograph Orchid.

There are still limitations for our system. When processing photo captured in extremely
dark environments, our system sometimes generates plausible color which has a large dif-
ference with the real scenes. One example is illustrated in Figure 6.1. In this case, our
system fails to display the original texture and colour of the orchids. Besides, the datasets
for photograph enhancement are limited. The raw photographs in MIT-5K dataset mainly
suffer from underexposure and subdued color. Thus, our network has limitations on fixing
overexposed photographs. Afifi et al. [93] collected 24330 photographs under multiple expo-
sure problems. However, this dataset has not been released to the public. After its release,
we will train our network with this dataset and evaluate the performance of our system.

In the future, we would like to work on some practical applications of our system by
deploying it on cloud and testing its performance as a mobile app. We would also work on the
further enhancement of our network to handle images captured in extremely dark situations.
Retinex theory demonstrates good performance in information recovery of underexposed
images by removing the effect of illumination from reflection. The reflection information
represents the physical characteristics of objects. We will try to first decompose reflection
from images, and then train our network to process the reflection. Thus, the network may be
able to better maintain the characteristics and prevent noise enhancement. One challenge
for the implementation is the high time cost of Retinex algorithm. We will work on the

integration of Retinex theory and neural networks while reducing the time complexity.
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