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Abstract

The classi cation and tracking of targets is a task commonly performed over large
distances, and it can be impacted by atmospheric turbulence. As light travels
from the target, towards the camera lens, it is distorted due to uctuations in
the refractive index of air. When incident on a camera lens, such a distorted
wave results in blur and warping of the nal image, therefore increasing the
di culty of post-acquisition tasks such as tracking. It is therefore desirable for
such distortions to be minimised.

Whilst traditional turbulence mitigation techniques are able to improve the
quality of such images, the ever increasing availability of deep learning has allowed
huge progress in many computer vision and image processing applications. This
therefore prompts an investigation into its applicability for turbulence mitigation.
This thesis presents such an investigation.

In order to train deep learning networks, a substantial dataset is required.
However, due to di culties in data acquisition for turbulence mitigation, sim-
ulation tools are an obvious alternative to apply turbulence e ects onto clean
images. This not only allows any image contents to be used, but also allows full
control over the atmospheric conditions.

This thesis presents the development of a turbulence simulator, where the light
from a point source is propagated through a simulated atmosphere using a split-
step propagation method. Using this simulator, several datasets were synthesised
and used throughout the remainder of the work.

Leveraging the data generated through the simulator, an investigation into
the applicability of deep learning for turbulence mitigation was undertaken by
utilising existing o -the-shelf deep learning architectures not originally designed
for turbulence mitigation. By retraining these networks on turbulent data, their
ability to shift domain was tested, where it was found that deep learning could
indeed be applied to turbulence mitigation; however more success would be gained
by using video sequences as opposed to single images. With this information, two
video processing models were tested, EDVR and DATUM. It was found that, by
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altering the loss function of these models to prioritise perceptual image quality,
post-mitigation classi cation could be greatly improved.

In this context, it was also found that turbulence mitigation literature over
relies upon common image quality metrics such as PSNR and SSIM. As tasks
such as classi cation and tracking are the motivation behind turbulence mitiga-
tion, in this research it is argued that such metrics are ill-suited for turbulence
mitigation algorithm quality assessment. Therefore, to gain an understanding
of which metrics would be better suited for this task, an investigation was un-
dertaken, where metric scores were compared with classi cation accuracy. The
metrics that best aligned with this accuracy were identi ed as the optimal met-
rics for turbulence mitigation quality assessment. In this, it was found that the
DISTS metric was the best full-reference metric, whilst Q-ALIGN was found to
be the best no-reference metric.

The full scope of this thesis therefore covers the varied aspects of turbulence
mitigation research. From data sparsity and simulation, to removal and quality
assessment.
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Ch.1 Introduction

Chapter 1
Introduction

Optical imaging systems are constantly improving, especially in the case of long
distance observations, where modern lenses can capture high quality images over
extreme distances [1]. This capability is extremely bene cial for applications such
as long distance object recognition [2], agriculture optimisation [3] and astron-
omy [4]. In such applications however, image distortions are still present due to
di raction limitations and atmospheric turbulence [5]. In both cases, the level
of control is extremely limited, as the physics of di raction cannot be overcome,
and the amount of turbulence in the atmosphere cannot be controlled. In the
case of diraction, the distortion is spatially invariant and is a known quantity.
The removal of its e ects is therefore possible via deconvolution [6] and super
resolution techniques [7].

The e ects of atmospheric turbulence on the other hand are more severe,
and less predictable. A turbulent atmosphere is caused by temperature, pressure
changes and wind currents, which result in random uctuations in the refractive
index of air [8]. In the case of imaging through turbulence, light propagating
through the atmosphere can become severely distorted, resulting in imagery that
contains a signi cant amount of spatial blurring and warping. These distor-
tions therefore increase the di culty for tasks such as tracking or classi cation,
and would ideally be mitigated beforehand. A possible approach to reduce this
problem might be adjusting the imaging parameters, such that the turbulence
distortion is minimised. For example, one could move closer to the target or wait
for more favourable atmospheric conditions. However, in many applications, such
solutions are not possible, thus requiring turbulence mitigation techniques.

Due to the spatially varying nature of turbulence distortion, the task of tur-
bulence mitigation is extremely complex and di cult, and can be approached in
two ways. The rst is the use of adaptive optics, which aims to reduce turbu-
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lence at the time of image capture [5, 9, 10]. The second is the application of a
post-acquisition processing step, which aims to recover a clean, turbulence-free,
image. Of these two approaches, it is the post-acquisition turbulence mitigation
that is of most interest, as it allows the recovery of distorted images, no matter
what hardware was used for capture. Techniques for adaptive optics often require
complex and expensive hardware [11], and are therefore less useful to a majority.
The application of post-acquisition turbulence mitigation, on the other hand, can
be achieved on simple hardware and is a well researched eld [12{18].

In 2012, AlexNet, a deep learning model proposed by Krizhevsky et al. [19],
won the ImageNet Large Scale Visual Recognition Challenge (ILSVRC), marking
a breakthrough for convolutional neural networks (CNNSs) in computer vision [20].
The increasing availability of GPU computing further accelerated interest in deep
learning (DL), which now underpins state-of-the-art methods in tasks such as
image classi cation, segmentation, deblurring, and super-resolution [7, 21{23].

Given the continued success of DL for machine vision, its use for turbulence
mitigation was a natural progression. Where it was found that Machine Learning
algorithms could indeed recover a clean image when provided with turbulence
data, and outperform traditional approaches. Where the term 'traditional’ is
used throughout this thesis to denote earlier, image processing based, turbulence
mitigation algorithms that are not data-driven (i.e. before AI/ML). Given this,
the logical next step was the optimisation of this process, identifying the best
model architectures and datasets that would lead to state-of-the art performance.
This thesis presents such an investigation into the optimisation of of deep learning
for turbulence mitigation, and comments on the best practices.

1.1 Research Motivation

Atmospheric turbulence imposes a fundamental limit to the angular resolution
of many optical systems [5], especially in the case of long-range observations.
The aberrations acquired during propagation through the atmosphere present as
spatial warp and blur in captured images and videos. Such distortions therefore
greatly hinder post-acquisition steps such as tracking or classi cation [24].
Traditional methods for turbulence mitigation in images and videos are math-
ematically complex, and have limited capability. With the ever growing success of
deep learning models for image processing, its applicability to the task of turbu-
lence mitigation was the next logical step, providing improved performance. Due
to the early stages of such an application, a great deal of further improvement
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may be possible, greatly bene ting the turbulence imaging community.

In order to train deep learning networks, a large amount of diverse and accu-
rate data is rst required. While traditional methods are able to process images
based on mathematical algorithms, and can therefore be applied to any turbu-
lent image, deep learning relies on examples of both clean and turbulent data for
the network to understand the underlying distortions and how to mitigate them.
However, due to lack of control of the atmosphere, the acquisition of ground truth
images, required for deep learning, is not possible.

The common solution when faced with a paucity of data is that of simulation.
However, due to the complex nature of turbulence, such simulations are di cult to
develop. Initial simulation tools approximate turbulence distortion with random
warp and blurring, which does not represent an accurate model of turbulence [25].
More accurate simulation tools proposed in the literature have been developed
exclusively for internal use, are not open source, or were created after the start
of this research. There was therefore a signi cant lack in suitable data for deep
learning, as the ability to synthesise turbulence data was not possible without
accessible simulation techniques.

When training deep learning networks, a loss function is used to inform the
model of its quality. Using this, the internal weights can be updated accordingly
in order to improve performance. There is a great choice of loss functions in liter-
ature [26], however the choices made for image processing tasks such as deblurring
or super resolution prioritise reconstruction error, as opposed to '‘perceptual im-
age quality'. In the case of turbulence mitigation, the most likely motivation for
processing is that of tracking or classi cation. Therefore, loss functions that aim
for reconstruction quality may not be suitable for this task.

Furthermore, image processing tasks such as deblurring make use of image
quality metrics to assess model performance [27]. The commonly used metrics
however are not suited for the eld of turbulence mitigation as, similarly to the
loss function, the purpose of turbulence mitigation is that of facilitating post-
processing steps. The metrics with which images are measured should therefore
be in line with this goal and re ect how well they can be processed, as opposed
to how accurately they can be reconstructed.

In line with the potential misuse of metrics for turbulence research, it is also
true that, across literature, common results are di cult to obtain. As di erent
works make use of di erent metrics and di erent datasets, it is therefore extremely
di cult to identify the best methods, as cross comparison is not possible.
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1.2 Summary of Original Contributions
The main research contributions of this thesis are described below.

" Development of a split-step propagation turbulence simulation
tool. Given the lack of publicly available simulation tools, this thesis
presents the development of a turbulence simulator, created in MATLAB,
that is able to apply the e ects of turbulence onto clean images. The sim-
ulation tool is applicable to both single images and video sequences and is
controlled by an extensive set of parameters, where many di erent aspects
of the atmosphere can be altered for specic use cases. The development
of this simulator solves the initial concerns, present at the start of this
research, regarding the lack of available turbulence simulation techniques.
(Chapter 4)

Synthesis of a new dataset of turbulence videos. Using the developed
simulator, a dataset was synthesised from the Places dataset [28]. The
resulting dataset, ‘turbulence videos', contains a total of 148,884 videos,
with 15 frames per video, and has been made publicly available [29]. This
dataset further provides a solution to the lack of available turbulence data,
and can be used to train deep learning architectures in future literature.
(Chapter 4)

Identi cation of the optimal deep learning architecture for single

image turbulence mitigation. Using the data from the simulator, an
initial study was undertaken into the use of deep learning for turbulence
mitigation. In this, several deep learning models from di erent domains,
such as deblurring or super resolution, were re-trained on turbulence data.
The goal of this study was to identify which model architecture would best
adapt to turbulent data, providing the best results. Once tested, it was
found that the majority of the deep learning networks were indeed able to
perform turbulence mitigation, and the best performing architectures are
highlighted.(Chapter 5)

Optimisation of the loss function for turbulence mitigation mod-

els. By training two modern models with a perceptual loss element, it was
found that the post-processing capability of images/videos could be greatly
improved. This demonstrates that, when training deep learning networks
for turbulence mitigation, the post-mitigation application should always be
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taken into consideration. This nding demonstrates how future deep learn-
ing algorithms should be trained, and therefore is a vital contribution to
future research. (Chapter 5)

Analysis of image quality metrics for turbulence mitigation. It is
shown that the use of commonly used image quality metrics is not suitable
for turbulence mitigation quality assessment, as such metrics aim to opti-
mise reconstruction quality, as opposed to perceptual quality. A study was
undertaken to identify the optimal full-reference and no-reference metrics
for turbulence data. It is also shown that when measuring the quality of
such models, it is best to test on application speci c data, i.e. if the goal is
classi cation, then classi cation should be the quality metric. This study
presents a deeper understanding into how turbulence mitigation algorithms
should be compared, and makes suitable recommendations for future works.
(Chapter 6)

Development of new metrics for turbulence mitigation quality as-
sessment. Using the results from the investigation into image quality met-
rics, two new metrics are proposed; QI and T Ql+. These metrics combine
other metric scores to provide a wider understanding of image quality after
turbulence mitigation.(Chapter 6)

1.3 Organisation of the thesis

The remainder of the chapter is organised as follows.

Chapter 2 rstly covers the required knowledge for turbulence simulation, in-
cluding the theoretical background for modelling turbulence and the method used
for propagation through the atmosphere. The existing literature on turbulence
data, simulation and mitigation is then presented.

Chapter 3 provides information regarding deep learning, including commonly
used techniques and their applications. Existing deep learning techniques for
turbulence mitigation are also reviewed, alongside an extensive analysis of image
quality metrics.

Chapter 4 then provides the details of the turbulence simulator and its devel-
opment. Firstly it explains how each separate element functions, followed by the
description of the simulator as a whole. The techniques used to validate the sim-
ulator are then provided, showing that the resulting distortions match with the
expected theory. The several datasets that were synthesised with the simulator
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are then detailed.

Deep learning is then applied to the task of turbulence mitigation in Chapter 5,
where an initial study is performed using o -the-shelf architectures from other do-
mains. Using the information from this study, the investigation was expanded to
the use of video sequences. It is found that by adapting the loss function for post-
mitigation classi cation, a greater performance can be obtained. This nding is
then adapted to a current state-of-the-art model, where it is again found that the
loss function can be optimised towards turbulence mitigation applications.

Chapter 6 details an investigation into the use of image quality metrics for
turbulence mitigation, for which it is found that commonly used metrics are ill-
suited. With this nding, multiple metrics were then tested on common distor-
tions in order to identify the behaviour of each. A similar process is then applied
to turbulence mitigated images, to identify which would correlate positively with
classi cation results.

The conclusion of the thesis is then presented in Chapter 7 alongside possible
future directions of research.
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Chapter 2

Turbulence Theory and
Applications

2.1 Introduction

Atmospheric turbulence is caused by random uctuations in the refractive index

of air [8]. These uctuations can cause wavefronts to warp and distort as they
travel, resulting in di culties for numerous signal processing tasks such as im-
age/video acquisition [30], communications [31] or classi cation/recognition tasks
[24]. Such applications commonly require observations over a large distances, a
characteristic that greatly increases the potential of atmospheric turbulence in-
terference. Other factors that can increase the di culty of these tasks include
observation through di erent atmospheric layers (air-to-ground or ground-to-air)

or “close-to-ground' imagery, which is subject to more varied heat uctuations
[12]. Whilst the mitigation of turbulent distortion can be achieved using adap-
tive optics [5, 9, 10], such techniques require complex and expensive hardware [11].
This thesis therefore focuses on post-acquisition processing techniques designed
to mitigate these distortions, which a ect numerous domains, from astronomy [4]
to surveillance [32].

Due to the complex nature of the earth's atmosphere, the observation of
stars and satellites can be signi cantly degraded by poor atmospheric conditions
[33, 35]. In order to improve such observations, multiple algorithms have been
developed to mitigate the atmospheric distortions [36, 37], therefore facilitating
tasks such as target identi cation or understanding the working state of targets
[4]. Another common use for turbulence mitigation is that of facial recognition
[11, 38{40], where distortions can render a face unrecognisable. Similarly, track-
ing and classi cation can be severely impacted by atmospheric turbulence [24],
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(a) Satellite observation [33]. (b) Facial recognition[11]. (c) Object detection [34].

Figure 2.1: Example domains in which atmospheric distortion hinder performance.

especially when operating over large distances. In such cases, the easy solution of
‘moving closer to the target' may not be feasible, therefore requiring a post pro-
cessing solution. Examples of atmospheric turbulence reducing the image quality
in these various domains can be seen in Figure 2.1.

In order to develop algorithms for turbulence mitigation, it is rst vital to
de ne a theoretical model of turbulence. However, constructing such a model
has proven challenging due to the extremely complex nature of turbulence, with
mathematical di culties arising in the solving of the Navier-Stokes equations [41{
43]. Despite these challenges, researchers have formulated statistical theories by
observing turbulent elds and analysing how turbulence originates and dissipates
[41, 44, 45]. Using such theories, turbulence can be modelled and represented,
therefore facilitating the continued development of mitigation algorithms.

Due to the uncontrollable nature of atmospheric turbulence, the acquisition
of suitable data is a di cult task. Firstly, the number of factors that in uence
the atmosphere is substantial, including observation distance, observation angle,
temperature and wind levels. Furthermore, the domain of the data in question
may be extremely specic (i.e. images captured in an urban area, or in the
desert). Therefore, in order to represent such a diverse dataset, capturing all
potential scenarios, the logistics of data capture would be infeasible. Secondly,
many algorithms require a turbulent free version of each image/video captured,
typically referred to as "ground truth'. This is also infeasible, as to obtain such
an image, one would need to be able to ‘turn o' the turbulence to capture a
turbulent free image. It is for these reasons that, using the theoretical model
as a foundation, simulation models have been developed that are able to apply
turbulent distortion onto any scene required. This allows parameters to be varied,
and applied to any images required, therefore allowing extreme exibility for the
development of mitigation algorithms.
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The remainder of the chapter is organised as follows. Section 2.2 rst presents
the necessary background theoretical knowledge for turbulence simulation and
mitigation. Section 2.3 then presents a review of real datasets captured for var-
ious purposes including algorithm testing and atmosphere characterisation. The
di erent approaches to turbulence simulation are then presented in Section 2.4,
as well as the datasets synthesised and made publicly available. Section 2.5 then
provides a background into traditional (i.e. not based on deep learning) methods
of turbulence mitigation. Section 2.6 concludes the chapter.

2.2 Turbulence Theory

2.2.1 Image Formation

When capturing images or videos through a camera system, there are two key
factors that can a ect the resulting image: the camera setup and the atmo-
spheric conditions. The quality of the overall system can be described by the
Optical Transfer Function (OTF) of each individual component. The OTF is a
complex valued function that describes how an optical system transfers spatial
frequencies from one plane to another. In the case of the atmosphere, this OTF,
Ham (fx;fy), governs the frequency response between the object and the camera
lens. In the case of the camera setup, the OTHens (fx; fy), details the fre-
quency response of the lens itself. The OTF of a full system can then be found
via simple multiplication of the separate elements as,

H (fx;fy) = Hatm (fx;fy) Hlens (fx;fy) (2.1)

At this stage, it is bene cial to de ne two key operators. These are the Fourier
transform and the inverse Fourier transform, de ned as,
z 1
FfU(r)g= U(f) = U(r)e 2™ dr
Z (2.2)
F HU(f)g=U(r)= uf)e™ o
1

To transfer the OTF to the spatial domain, the inverse Fourier transform can be
applied to generate a Point Spread Function (PSF), as

h(x;y)= F *fH (f«;f,)g; (2.3)
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where the PSF describes how light from a point source spreads as it propagates
through an optical system. For simple blurring, for example, the PSF would
resemble a smooth, symmetric spot that spreads outward from the centre. In
this case, the PSF may be spatially invariant. i.e. the PSF would be the same
for each pixel within the image. However, more complex imaging systems may
have spatially varying blur, which would result in a separate PSF for each pixel.
The application of a PSF to a clean imagd,, can be achieved via convolution in
the spatial domain as,
7z
foay)=(1 hxy)=  1(ffy)hx foy fy)dady; (2.4)

where, I is the resulting distorted image. Equivalently, the same action can be
achieved in the frequency domain via multiplication as,

(y)= F Y I(fxfy)H(fefy) (2.5)

For spatially variant PSFs, each would need to be applied to its corresponding
pixel, therefore resulting in the following convolution,
ZZ
foay)=(1 hy) = It hy(x fay fy)ded,  (2.6)

where no frequency domain counterpart exists for spatially varying PSFs.
Given the de nition in Eq. (2.5), it can be seen that, if the system's OTF was
known, the frequency content of the original image could be recovered as,

F Axy) _ Mty

)= Wty T At &)
allowing the clean image to be reconstructed as,
( )
Yy = F Mi(ff)g= F 1o Ldf) (2.8)
’ Y H(fy;fy)

This however would require the OTFH (f4; fy) to be nonzero over all frequencies,
and for the imagel" to contain no noise. If such was the case, the division would
amplify the noise and small errors, resulting in extreme artifacts. To overcome
this, a Wiener Iter could be applied [46], which aims to regularize any inver-
sion by weighting each frequency according to the signal-to-noise ratio, restoring
attenuated components while preventing excessive ampli cation of noise.

10
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Figure 2.2: Airy disk pattern incident on camera sensor after passing through circular
aperture.

In line with Eg. (2.1), to obtain the full OTF of an imaging system, the OTF
of the contributing elements must rst be obtained. Of these, it is the lens OTF,
Hiens (fx; fy), that is the easiest to model.

When light reaches the camera lens, it rst passes through a circular diameter
aperture before reaching the camera sensor. The diameter of this apertideis
usually variable, depending on the operator preferences, and can be a deciding
factor in image quality. Itis more commonly expressed as the ratle; = fﬁ, where
F. is the f-number of the camera lens, andl is the camera focal length. The
diameter D directly controls the amount of light that is allowed to pass through
the lens and onto the camera sensor, therefore determining the sharpness and
depth of eld (DOF) of the resulting image. For larger values oD, more light is
passed through, and produces a shallower DOF, whilst smaller valuedbftesult
in a deeper DOF.

This circular aperture causes the incoming light to diract, resulting in a
pattern on the camera sensor known as an Airy disk [47]. This consists of a
bright central dot, surrounded by concentric rings of light, with each ring being
lighter than the last, as illustrated in Figure 2.2.

The size of this Airy disk is directly controlled by the aperture diameteiD
and focal lengthf , de ned as,

f
d 1225 (2.9)

where d is the radius from the central bright spot to the rst dark ring and
is the wavelength of light. This Airy disk represents the PSF of the lens due to
di raction, and therefore its OTF, Hgss (fy;fy).
As for the atmospheric OTF,Ham (fx; fy), it is more di cult to model. Due
to the nature of image capture, there exists a PSF for each point of light that

11
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passes through the atmopshere, i.e. the distortion is spatially varied. When an
image is captured, it is the accumulation of these PSFs for each pixel that result
in the nal image. The distortion due turbulent atmosphere for each of these
PSFs can be separated into two operations: warp and blur [29, 33, 48]. In the
case of optical turbulence, the warping induced is caused by deviations of the
PSF from its centre. This is also known as atmospheric tilt, and is the cause
of any ‘image dancing' found in the nal image. Blur is induced by both the
atmosphere OTF, alongside the diraction OTF, and is directly related to the
size of the resulting Airy disk. The full formulation ofHam (fx; fy) is detailed in
the following sections.

2.2.2 Kolmogorov Theory of Turbulence

The Sun's heating and cooling of Earth's surface lead to large-scale temperature
variations in the atmosphere. This, alongside convective air currents, results in
uctuations in the air's refractive index, which is known asoptical turbulence
[42]. Itis these uctuations that alter the path of of optical waves as they travel,
resulting in sub-optimal image and video capture. Such a random process how-
ever would be impossible to fully simulate, as there are far too many random
behaviours and variables to account for. It is for this reason that theories are
restricted to statistical analysis. The most widely accepted of these theories is
that from Kolmogorov et al. [45]. It is rstly considered that the atmosphere is

a viscous uid that can be categorised as one of two states of motion: laminar or
turbulent. In the case of laminar ow, no mixing occurs, resulting in a predictable
ow that has known characteristics. The ow becomes turbulent when mixing
occurs (i.e small temperature changes and wind), causing the ow to break into
sub ows called turbulent eddies, where any predictable characteristics are there-
fore lost [42]. The point at which a uid can transition from laminar to turbulent

ow can be determined by the nondimentional Reynolds numbeRe, de ned as

Re:v_l
\Y

where V, | and v are the velocity, length and kinematic viscosity of the uid
respectively. At low values of the Reynolds number, uids tend towards laminar
ow, whilst high Reynolds numbers characterise turbulent ow [42]. By consid-
ering the atmosphere as a uid, the same principles can be applied in the case of
turbulence modelling.

Once a uid transitions from laminar to turbulent ow, the resulting turbulent

12
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Figure 2.3: lllustration of the energy cascade theory [42].

sub ows can then be described as an energy cascade [43]. This begins with large
eddies forming due to an injection of energy (either wind or heat); these then
proceed to break up into smaller eddies and continue to reduce until the eddies
dissipate completely as heat. This cascade begins at a dizeand reduces in size
to lo, as illustrated in Figure 2.3. These two values are known as the inner and
outer scales of turbulence, where the eddies that lie within these two scales form
what is known as the “inertial subrange' [42].

Within this inertial subrange the eddies are considered to be statistically ho-
mogeneous and isotropic. A random function of the spatial vect®® = (X;y; z)
is called a random eld, denoted asi(R). This eld is is considered statistically
homogeneous if its mean is independent of the spatial locatidt, and its co-
variance is only dependant on the spatial separatioR = R, R;. WhereR;
and R, are two di erent points in space. It is further considered isotropic if it is
also invariant under rotations, i.e. the covariance is dependant only on trezalar
distanceR = jR, R;4j. The use of such mean and covariance values however
require the assumption that they are both constant over all space within the eld
u(R). This is not the case for a turbulent atmosphere however, as the mean will
uctuate over large distances. It is therefore assumed that the random eld is
locally homogeneoysmeaning that it can be decomposed as,

u(R) = m(R) + uy(R); (2.10)

wherem(R) = hu(R)i is the non-constant mean, andi;(R) is the uctuating
element with a mean oftu;(R)i = 0. Whilst statistically homogeneous random
elds can be well de ned by their covariance function)ocally homogeneous elds

13
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are better described by astructure function, de ned as
Du(R1;R2) Dy(R)= [u(R1) u(Ri+R)P (2.11)
which can be expanded as,
Du(R)=[m(Ry)) m(R; R)’+ [u(R) uw(R1 R ; (212

where, if the two meansnm (R;) and m(R; R) are approximately the same, the
above can be simpli ed to,

Du(R) [ui(Ry) ui(Ri R)?: (2.13)

Using dimensional analysis, Kolmogorov determined that, within the inertial
subrange, the structure function of wind velocity satis es the universal 2/3 power
law [42],

Dy(R)= (Vi Vp)? = CZRS; (2.14)

where V; and V, are the velocities at two points separated by the distancR,
and C2 is the velocity structure parameter, and is a measure of energy within
the turbulence. Similar analysis can be performed for thgotential temperature,
providing,

D (r)= C??3 (2.15)

whereC? is the potential temperature structure parameter. Note that thepoten-
tial temperature is pressure independent, and is linearly related to the absolute
temperature T.

As with a locally homogeneous eld (Eq. (2.10)), the refractive index at a
point R can be written as,

n(R)= a(R)+ ny(R); (2.16)

where ,(r) is the slowly varying mean andn,(r) is the zero-mean uctuations.
The variations in refractive index is given as [41].

dn=7:99 10 5%: (2.17)

This shows that refractive index variations are directly proportional to the varia-
tions in potential temperature, and therefore allows the refractive index structure

14
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function to follow the same power law as that oD (r), giving
Dn(R) = C2R*3; (2.18)

where C2 is the refractive-index structure parameter, and is a measure of refrac-
tive index uctuation strength, measured with units of m 2= Typical values of
C2range from 1 10 ! (weak) to 1 10 13 (strong).

The covariance function for a three dimensional statistically homogeneous and
isotropic random eld is de ned as

4“1
Bn(R) = R . n( )sin(R)d (2.19)

where = jKj is the scalar wave number and ,( ) is the corresponding power
spectral density (PSD). The structure functionD? is related to this covariance
function by,

Dn(R) =2[Bn(0) Bn(R)]: (2.20)
This can therefore be expressed as,
Z, :
Dn(R) =8 2y 1 SR (2.21)
0 R
which, when rearranged for ( ), provides [42],
Z
1 "!'sinR d _,d _
n( )= e ST R ﬁDn(R) dR: (2.22)

Using this and Eg. (2.18), Kolmogorov calculated th&olmogorov power-law spec-
trum, de ned as [45],

K()=0:03x2 3 1=L, 1=l (2.23)

where is the angular spatial frequency in rad/m. In order for this to be the-
oretically valid, it is assumed that the outer scalel() is in nite, and the inner
scale (o) is zero. This introduces restrictions to its use if the inner/outer scales
cannot be ignored. It is for this reason that the development of more sophisti-
cated refractive-index PSD was required. Such PSDs were designed such that the
inner and outer scales e ects could be included, one the simplest of which is the
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modi ed von Karman PSD [41], de ned as,

2— 2
MK () = o:0330,%9()('2Er—%)n;'}3 (2.24)
where is the angular spatial frequency measured in rad/m, , = 5:92=l, and
o = 2 =L . Noting that when lp = 0 and L, = 1, Eqg. (2.24) reduces to
Eqg. (2.23).

It is this representation of the Power Spectral Density for turbulent uctua-
tions that can be utilised to accurately model atmospheric conditions. As will be
detailed in Section 2.4, themodi ed von Karman PSD is used to generate tur-
bulent phase screens, by providing the power at each spatial frequency. It is the
propagation through these phase screens that allows the simulation to estimate
the optical OTF Ham (f«; fy).

2.2.3 Characteristics of Turbulence

Whilst C2 is the most informative parameter for atmospheric turbulence, and is
the measure of turbulence strength, other parameters can be de ned that allow
more control over atmospheric simulation.

One such parameter is thatmospheric coherence diametefor Fried param-
eter) ro, which is a measure of optical transmission quality through a turbulent
atmosphere [49] measured in meters, with small values mf indicating a more
turbulent atmosphere. As stated in Eq. (2.9), the size of the diraction PSF
is controlled by the aperture diameterD. The ratio of this diameter and the
Fried parameter, P—O, is a key indicator when considering the e ects of a turbulent
atmosphere on an imaging system [50]. In the case th&o{ < 1, the eects of
di raction will outweigh those of turbulence. However, ifrD—o > 1, the distortions
due to turbulence begin to contribute more towards overall image quality where,
for the range of 1< % < 2, the turbulence is considered as weak, and any ratio
of rD—O > 4 is considered to be strong turbulence [51]. For a spherical wave, the

Fried parameter is de ned as,

Z =
. 35

z
s = 04237 CA() iz dz (2.25)

which allows themodi ed von Karman PSD to be rede ned in terms ofr as [41],

0:023e f*=f4

mK(f) = ;
() (S (24 £2)°

(2.26)
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where the PSD is now written in terms off , which is the frequency measured in
cycles/m, f,, =5:92=21 , and fo = 1=L,.

Another key parameter of atmospheric turbulence is the isoplanatic anglg,
which describes the extent of anisoplanatism within the simulation and is mea-
sured in radians. A system is considered anisoplanatic if the OTF, and resulting
PSF, are not shift-invariant [41], i.e. the angular path through the system will
change the resulting PSF. If two point sources are separated by more than this
angle, their path through the atmosphere is assumed to be di erent, resulting in
di erent PSFs. For large values of g, the system tends towards isoplanatism, i.e
all paths through the atmosphere result in the same OTF. The isoplanatic angle
is de ned as,

zZ , _ 3=5
_ z 5=
0= 2:91k?* 773 Ci(2) 1 - dz (2.27)
0
The nal atmospheric parameter to de ne is that of the log-amplitude variance
2. This is a statistic that represents the uctuations in the amplitude of the wave
as it is propagated [52]. High values of?2 relate to a higher variance, therefore
indicating more severe uctuations in the wave amplitude. It is de ned as,
- Z - - z 56
2w = 0:56FK"° CX(2)2°® 1 —  dz (2.28)
0
Together, these three parameters allow thenodi ed von Karman PSD to be
accurately calculated at any point along the propagation path of the simulation.
Without these parameters, various assumptions would need to be made regarding
the characteristics of the atmosphere, and would lead to a inferior simulation.

2.2.4 Split-Step Propagation

The propagation of a light source through a turbulent medium is achieved through
the split-step beam propagation method [41]. This method facilitates the propa-
gation of a wave by separating the full propagation distance into discrete layers.
This discretisation of the full volume allows an assumption to be made that the
statistics of the atmosphere within each layer are approximately constant [5].
The full propagation can then be achieved by simply performing a propagation
through each layer in turn where, for each layer, two e ects can be de ned:
di raction and refraction [41]. Di raction is the e ect caused by free space prop-

agation from one point to another, whilst refraction is caused by the propagation
medium itself, i.e. the atmosphere, and is is modelled by a unit-amplitude thin
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Figure 2.4: lllustration of a single point emitting a spherical wave, as per the Huygens-
Fresnel principle.

Figure 2.5: Coordinate system of two planes. Fresnel diraction allows propagation
from one planeU(x1;y1) to another U(X2;Y>).

phase screen, which represents the phase perturbation of that particular sub-
volume. This is valid as long as the atmosphere within the layer is considered to
be statistically homogeneous and isotropic [41].

The Huygens-Fresnel principle [53] states that any point on a wavefront can
be considered as a new source of a spherical wave [54], i.e. it can be assumed
that each point on a plane emits its own spherical wave. This is illustrated in
Figure 2.4, where the wave propagates more strongly along the z direction, and
attenuates as it travels. The amplitude of this wave at any poink can found, in
complex notation, as "

z z .
U(x;t) = o F r—zékf; (2.29)
where €€ describes the spherical eld [54]¢ is the o -axis attenuation factor
and remaining+ is the distance attenuation factor.
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Figure 2.5 illustrates two planes, separated by a distance= L. As per the
Huygens-Fresnel principle, every point on the source plang(x;;y;) acts as a
source emitting a spherical wave. Consequently, the eld at any point on the ob-
servation planeU(x;;y,) can be found as the superposition of contributions from
all points on U(x1;y1). The total eld U(Xy;Y,) is therefore obtained by integrat-
ing the e ects of all the sources across the source plane. Such an integration is
also known as the Rayleigh-Sommerfeld Integral [54], and is given as,

27
1 L .
U(X2;Y,) = = U (X1; V1) r—zeIkr dx,dy; (2.30)

where r denotes the distance between two points ob(x1;y1) and U(Xz;Y>),
calculated using the Pythagorean theorem as,

q
r= (x2 x)?+(y2 yo)+LZ (2.31)

The factor of 5 in Eq. (2.30) can be approximated as’, assuming that
L?2>> (x; x1)*+(y2 1), giving,
ZZ

! U (X1;y1) €< dx,dy, (2.32)

U(X2;Y2) = T

The same assumption cannot however be madeef , therefore requiring a more
careful approach. Eq. (2.31) can be expanded as

S

2 2
r= L 1+ (X2 X1) I:"2()/2 Y1) (2.33)

where, with the assumption thatL2 >> (x, x1)°+(y> Y1) the square root
can be approximated with a rst order Taylor expansion ( 1 + 1+5 ),
giving, |

(X2 X1)2+(Y2 y1)2.

+
r L 1 o2

(2.34)

(X2 X1)2+(YZ Y1)2.
2L '

This is the Fresnel approximation, and allows Eq. (2.32) to be rewritten as the

L+
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Fresnel di raction equation, de ned as, [41]

eIkL (x22+ y22)
U (X2 yz) =—¢ 2L
1 YA 1

(itore?) (2.35)

U(xyyy) el a0 e 20 ety ) dy, dy,:

1 1

By comparing this with Eq. (2.2), it can be observed that the exponent within the
Fresnel di raction equation is the same as that found in the Fourier transform,
allowing the Fresnel di raction equation to be rewritten as,

( )
Uoaiy) = Sd e Do T L (g

In order to expand this equation to allow multiple propagations, as per the split-
step propagation method, it is rst useful to de ne spatial (1;r,) and spatial-
frequency vectors{ ;) as,

ri = (X y1) (2.37)
ro =(X2;Y2) (2.38)
f1=(fxu;fy1) (2.39)

It is also useful to introduce operator notation, which is executed from right to left
and puts emphasis on the operations taking place. Such operations are de ned
as,

Q[c:rfU(r)g= €29°y(r) (2.40)

VIb;rlfU(r)g = EU(br) (2.41)

Flr:ffU(r)g= 1 U(r)e 2 frdr (2.42)
z4

F If;r)fu(f)g= U(f)e2 f "df (2.43)

1

which allows Eq. (2.36) to be rewritten again as [41],

1 \Y 1 ro Fryf 1]Q rz fU(ry)g; (2.44)

U(r)=Q E;rz I

where the phase factoe®- in Eq. (2.36) can be ignored when using a reduced
eld distribution [55]. It is at this point that the Fresnel diraction equation
can be expanded for multiple consecutive propagations, and facilitate multi-step
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propagation. The following is the nal form of this expansion

1
U(ry)=Q i = .p

My 1 Zy 1
Yl Mi+ Zi 1
FLlf,— Q W-I;fi Flrsfil — (2.45)

1 m

re U(ry)

where the key changes made between Eq.s (2.44) and (2.45) include the expansion
to allow di erent grid sizes between planesri = —i) and the generalisation of

up to n partial propagations [41]. Using this nal form of the Fresnel di raction
equation, any point sourceU(r;) can be propagated through the atmosphere
to provide the resulting eld at the observation planeU(r,). This nal plane
represents how the point source has changed as it has propagated through the
atmosphere, and therefore represents the output of the OTF for that particular
path. It is from this that the nal PSF for each light source can be evaluated.

2.2.5 Formulation of Point Source

In an ideal scenario, the point source used for propagation would be a Dirac delta
function. This however has a constant value across all spatial frequencies, and
therefore has an in nite spatial bandwidth. Due to the sampling restraints of a
digital simulation, this is therefore not feasable. To overcome this, a bandlimited
point source must be used. This is achieved by rst representing the point source
as8; (r 1) and substituting it into the the Fresnel di raction equation (Eq. (2.35))

as, 7

kL 1
@ (r 2) = eITe|2kL(r%) @pt (r 1) el%(l’%)e i%(l’ 1r2)dr 1
I 1

which, after simpli cation and rearranging for 8y (r 1) provides,

8. (r)=iLe e A(DF 1 g(Lf et i (2.46)

where 8 (L f ;) is the complex eld at the observation plane. This can then
further be simpli ed by de ning the desired eld at the observation plane as,

jkL

8(ro)= ?TW (rp ro)ezire rei’: (2.47)

wherer, = X5 + y,| is the spatial vector in the observation planer = ( X¢; Vc)

21



Ch.2 Turbulence Theory and Applications

Figure 2.6: Propagated irradiance and phase of the point source de ned in Eq. (2.50)
for a region with a width of D = 8mm.

Figure 2.7: Propagated irradiance and phase of the gaussian point source de ned in
Eq. (2.51) for a region with a width of B = 8mm.

Is the location of the point source in the source plane and/(r, r.) represents
the aperture of the camera. Eq. (2.46) can therefore be rewritten as,

B (ry)=e w(Ddal@ep 1 w(Lf, roei2rfs (2.48)

The operatorW can be de ned as a square region with a width of D as,

W(ra ro= Arect 2 X rect ¥2_Ye (2.49)
D D
which, when substituted into Eq.(2.48), simpli es to [41],
2 2
@pt (r 1) = Le |%(r§) R Sinc M SinC M e zll_?il
L L L
(2.50)

Figure 2.6 shows the resulting irradiance eld after propagation of Eq. (2.50). It
can be seen that the resulting eld is as desired, i.e. square region with width
D. However, analysis of the phase shows aliasing outside the region of interest.
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Figure 2.8: lllustration of a lens transform, that converts a plane wave into a spherical
wave focused at the focal lengthf .

It is therefore desirable to mitigate this aliasing by introducing a Gaussian into
the point source equation. Such a gaussian point source can be de ned as,

. 2
Up(xy)= L 2e 205 sine[x; y Je w () (2.51)
where = % and B is the desired width of the amplitude eld at the observation
plane, as illustrated in Figure 2.7 , where it can be seen that any aliasing has
successfully been minimised by the included Gaussian.

2.2.6 Lens Transfer Function

The lens of a camera can be represented mathematically by rst showing that

a planar wave incident on a camera lens is converted to a spherical wave that
converges to the focal point, as illustrated in Figure 2.8. The transfer function of

such a lens is de ned as,

X2+ y2

glens = g ko (2.52)

Therefore, to obtain the eld at the back of the lens, the wave at the front of the
lens, U;y; 0), is simply multiplied by this transfer function [54] as,

x2+ y2)

U(x;y;0)e K57
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This spherical wave can then be propagated to the focal plane with the Fresnel
di raction equation as de ned in Eq. (2.36) giving,

( )
w24 y2 w24 y2 w24 y2
U(xy:f) = eika U(x;y; 0)e O )eik( ) fifl

o (2.53)
. X“+y
e T FfU(xy; 0)g fifl

where U;y;f) is the eld at the focal length and it can again be seen that a
constant phase factor has been dropped [54].
Whilst Eq. (2.53) would successfully obtain the eld at the focal plane, the

2 2
- (x2®+y2%)
factor of & = is cumbersome and can be removed by analysing the rela-

tionship between the eld at the front focal plane, Uk;y; f), and U(x;y;0).
The relationship between these two planes is de ned by the angular-spectrum
propagation of a wave [41] as,

Xy y K (207
f f f

FfU(x;y;0)g ,— Ff Uy, f)g fi;— e 7 (2.54)

which can be substituted into Eq. (2.53) to give

) (x22+y22 . (x22+y22)
Uy f)= e = Ffuy; f)g fifl e (2.55)

where the two quadratic phase factors cancel out to give,

Yo (2.56)

Ux;y;f)= FfU(xy; f)g 5

Given this, an assumption can be made that the observed eld after propagation
liesatz =L f instead ofz = L. This allows the eld at z= L + f to be
obtained via a simple Fourier transform.

The nal step required before an PSF is obtained is that of conversion from
eld amplitude to intensity. For incoherent light, this is achieved via a squaring
operation [41] as,

I(x;y; ) = jUuxy; f)j? (2.57)

This therefore represents the nal PSF of the turbulent path through the
atmosphere, and can be applied to the nal image. By repeating this process for
each source of light in an image, a nal turbulence image can be formulated.
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(a) Turbulent image of a (b) Turbulence examples (c) Turbulent and ground
ship from Nieuwenhuizen et from CLEAR dataset [57]. truth resolution pattern from
al. [56]. OTIS dataset [58].

Figure 2.9: Examples of real turbulence images found in literature.

2.3 Real Life Turbulence Datasets

Suitable data is paramount for the development of turbulence mitigation algo-
rithms. The distortion due to turbulence is extremely varied, and can change
due to a multitude of di erent factors such as wind velocity, heat and object
distance. The acquisition of suitable data is therefore an extremely di cult task
as, if the data used for development does not match that during validation or
testing, the algorithm will perform poorly. Not only this, but for algorithms such

as deep learning, a turbulence-free image is also required for each distorted one,
which is impossible to obtain in real applications without direct control over the
atmosphere itself.

Given these di culties however, real data is still highly valuable for validation
and testing. Simulation techniques, for example, require the knowledge that the
synthesised images are as realistic as possible. Therefore, by comparing with
real data, they can be validated. As for turbulence mitigation algorithms, the
removal of turbulence from synthetic data is pointless unless that same algorithm
can be used in practice. Real data is therefore useful for testing such algorithms
on realistic distortions. In order to supply such data, various sources have either
acquired their own data for internal validation, or acquired data for public use,
examples of which can be seen in Figure 2.9.

One such dataset for turbulence related processing is the Open Turbulent
Image Set (OTIS) [58], which contains various video sequences of both static
and dynamic scenes, where static refers to a scene with a xed camera and no
object movement, and dynamic refers to scenes where the camera, or objects in
the scene, may move. The static scenes consist of a known pattern printed onto
a piece of paper, which can then be used as the ground truth. For the dynamic
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scenes, the videos consist of a remote controlled car being driven through the
scene; for these, no turbulence-free ground truth images are available, however
the location of the car within each frame is available for tracking purposes.

Anantrasirichai et al. have twice collated real data for the purpose of turbu-
lence mitigation: CLEAR (Complex waveLEt fusion for Atmospheric tuRbulence)
[57] and CLEAR?2 [13]. In the case of CLEAR, six dynamic sequences were ob-
tained with real turbulence distortion present, and for CLEARZ2, seven additional
sequences were obtained via direct capture or were supplied by external sources.
For each of these sequences, no ground truth is present, but are mostly publicly
available. Similarly, Jin et al. [59] were able to capture a large dataset of turbu-
lence distorted data in Australia, again without ground truth data, and is also
publicly available.

In 2018, the Computer Vision and Pattern Recognition (CVPR) conference
held the UG?* (Now UG?+) competition for image enhancement, with the speci ¢
goal of facilitating the automation of post-acquisition processing. In 2022, this
competition expanded to include a speci c track for atmospheric turbulence mit-
igation. For this challenge task a new dataset was acquired for testing purposes;
the Turbulence Text Dataset [60]. It comprises of videos displaying printed text
on paper, captured through a real turbulent atmosphere over 300m.

More recently, Xu et al. [61] presented a dataset named RLR-AT. This dataset
contains 1500 sequences with approximately 800 frames per sequence, taken over
distances from 1 to 13km. Whilst the ground truth to these sequences is unavail-
able, the dataset is publicly available and represents one of the more comprehen-
sive datasets in literature.

Other examples of the acquisition of real turbulent data for mitigation vali-
dation can be found from Nieuwenhuizen et al. [56] and Piscaer et al. [24], both
of which focus on the processing of videos of ships at sea. In the case of [56],
real images of ships are acquired over a varied distance between 5 and 10km, and
the performance of the mitigation algorithms are assessed visually, as no ground
truth was possible. The work from Piscaer et al. focuses on the recognition of
text through the turbulent atmosphere, as opposed to mitigation. In this, they
captured videos of ships at distances of 10 to 15km, and were able to obtain the
ground truth ship names from publically available sources. Neither of these works
have made their data publicly available.

Obtaining turbulent images/videos is vital for turbulence mitigation algo-
rithms, however it may not always be the clean image that is required. In some
cases, it is more bene cial to understand the level of turbulence within a given
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sequence, i.e. what is the representative? value. In these cases, it is not just
the turbulent images/videos that is required, but also the ground truthC2 value,
which can be obtained with a scintilometer. One such dataset, that is publicly
available, is from Saha et al. [62], who make use of their labelled data to train a
deep learning architecture to performC?2 estimation. Similarly, Tunick et al. [8]
took C2 measurements over a distance of 2.3km for the purposes of turbulence
characterisation for di erent atmospheric conditions. Using this data, a better
understanding of how the atmosphere may a ect future optical communication
systems was obtained. Another example of turbulence characterisation is the
False Bay ATMOSpheric Experiment (FATMOSE) trial [48]. In this trial, the C2
was measured for a distance of approx 15.7km, and was measured over the span
of a year in order to capture seasonal variations. Using this data, the authors
presented a methodology for estimating the PSF by examining the size of point
sources in the captured images.

Turbulence mitigation algorithms can also be evaluated based on various
statistics that can be extracted from an image. It is common for the limita-
tions of camera systems to be found via the use of a resolution chart [30], where
a higher quality system will be able to capture higher frequency components.
This can also be achieved for turbulence mitigation by acquiring pictures of a
resolution chart through the atmosphere. Such was performed by Boehrer et al.
[51], who captured three di erent targets at three di erent ranges (800m, 1500m
& 4000m). Then, from these charts, metrics such as blur and tilt were extracted,
therefore allowing the better mitigation algorithm to be identi ed. Another use
of resolution charts can be found in the work from Miller et al. [63] who make use
of a known pattern to validate their turbulence simulation method. By capturing
the C2 value during image acquisition, the same distortion can be simulated and
applied to a clean image. The real and simulated distorted pattern can then be
compared.

2.4 Turbulence Simulation

To overcome the diculties and drawbacks of real turbulent data acquisition,
the distortion is most commonly simulated, and applied to clean images. This
can be done in two ways, either with physical simulation, or computer simulation.
Where computer simulation can be achieved via traditional mathematical models
or via deep learning methods.
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2.4.1 Physical simulation

Physical simulation is the process of creating a controllable environment, in which
the turbulence can be varied, allowing not only a ground truth image to be
obtained, but also di erent levels of turbulence strength. The most commonly
cited in literature is that from Hirsch et al. [64] who made use of a heating vent on
the top of a building to provide a turbulent atmosphere. By closing this vent, the
clean ground truth images could be also be obtained. The three images "'Books',
"Chimney' and "Building' can be found as common “real-life’ turbulent examples
in turbulence mitigation literature [14, 16, 25, 57, 65, 66].

Other methods of physical simulation include hair driers [67], heat plates [68],
gas burners [57, 59], and heat chambers [60]. Where in the case of [59] and [60],
the clean videos were displayed on a screen, therefore allowing any scene to be
‘simulated’. Many of these physical simulations were presented alongside the
real-life data described previously [57, 59, 60], where researchers made use of the
convenience and control of physical simulation alongside the theoretical accuracy
of real-life acquisition.

Whilst these methods introduce an element of control of the “turbulent' atmo-
sphere, they are not true simulations of turbulence, and commonly rely on heat
for their e ects. This means that they do not fully capture the complex nature
of long range atmospheric turbulence, and therefore imply an imitation of real
distortions caused by a turbulent atmosphere. Therefore, to allow the simulation
of long distance turbulence, as well as full control over the atmosphere, computer
simulations are commonly used.

2.4.2 Computer simulation

When developing computer simulations, a trade-o exists between accuracy and
processing time where, in order to ensure an accurate simulation, a large number
of calculations are needed, therefore increasing simulation time. Conversely, other
simulation methods that make use of turbulence statistics are faster, but are
limited in their ability to fully represent the turbulent atmosphere.

As described by Eq. (2.1), any distortion present within an image can be
described by the system OTHH (f4; fy) which, in the case of turbulence, can be
represented by spatially varying warp and blur. It is therefore these two e ects
that computer simulations aim to recreate.

The simplest way to represent (f,; fy) for turbulence is to rst isolate the
two e ects, and apply them independently, where blur is commonly represented
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Figure 2.10: Resulting pixel locations of blur-then-tilt (left) and tilt-then-blur (right)
models. Noting that the blur-then-tilt model results in the blur structure being lost,
and therefore incorrect.

by a Gaussian kernel, and the warping (tilt) function being the focus of most
simulation literature. The work from Chan et al. [69] takes this concept and
performs an investigation into the order of operations of these two e ects, posing
the question "Should it be tilt-then-blur or blur-then-tilt?", ultimately showing
that the tilt-then-blur model is correct. The key di erence lying in the fact that
tilt-then-blur models rst moves pixels to a new location, and blurs the result.
Whereas blur-then-tilt models end up moving the blurred points to new locations,
therefore losing the e ect of the blur, as illustrated in Figure 2.10.

Examples of tilt-then-blur models can be found in the work by Zhu et al.
[70] or Chak et al. [25], who model the spatially varied warp by sampling from
a normal distribution, and model the blur with a Gaussian kernel. Whilst this
approach is correct in its order of operations, warping the image with random
values is not recommended, as it does not capture the full complexity and nature
of atmospheric turbulence.

As previously described, the practical acquisition of turbulent data is a chal-
lenging task. However, the acquisition of of real data can greatly facilitate the
development of accurate computer simulations. A popular method of simulation
is from Repasi et al. [71, 72], who captured images of a checkerboard pattern
through atmospheric turbulence. By analysing the width and excursion of the
edges, they were able to draw valid statistics regarding the pixel movement due
to turbulence. This therefore allows their simulation method to draw upon real
turbulent experience when synthesising an image. This method has also been
used in [56, 65, 73]. Miller et al. [63], then make further improvements upon
this method by rst replacing the Gaussian blurring kernel with that of the short
exposure OTF for atmospheric turbulence.

Using this OTF is also a common method of turbulence simulation. Instead
of applying the two e ects of warp and blur, a single PSF can be generated that
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represents both e ects. Such PSFs are estimated using the OTF of an imaging
system, as de ned in Eq. (2.1) where the atmospheric OTH am . ( ), is de ned

as [0, ( 5=3 ’ 1—3#)
= | -

Ham: () =exp 344 I— 1 — (2.58)
o D

where = P u2+ v2, and u and v are the spatial frequency coordinates measured
in cycles/m. The variable is a measure of tilt compensation, with =0 being
no compensation, and = 1 being full compensation. The two resulting transfer
functions, Hamo( ) and Ham:1( ), relate to the long exposure (LE) and short
exposure (SE) OTFs respectively. The diraction-limited OTF for a circular
pupil, Hgi( ), is de ned as [74],
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where . is the optical cut-o frequency and is de ned as
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By modelling the atmosphere withH 5. and Hgi;, @ PSF for the entire imaging
system can be found via Eq. (2.3). Such approaches to turbulence simulation can
be found in [33, 75], as well in the work by Gao et al. [66], who make use of
previously generated PSFs.

By representing the Kolmogorov PSD with Zernike polynomials, Chimitt et
al. [49] developed an accurate method of turbulence simulation which is able
to generate spatially correlated PSFs for each pixel within an image. This was
further improved upon by Mao et al. [76], who developed a shallow deep learning
network that allows the Zernike coe cients to be transformed into PSFs basis
coe cients, removing the costly operation of per pixel Fourier transforms and
spatially varied convolution. Even further improvements to this simulation are
made by Chimitt et al. in [77], where the pre-computation of the cross-correlation
tensor is replaced with a memory e cient approximation method. Furthermore,
the simulator is expanded to allow a near-continuou€? pro le in [78].

Whilst 2D simulations can provide an indication of a turbulent volume, the
most accurate method of depicting the path of light is by implementing a propaga-
tion simulation [79]. Such a propagation for a single light source can be achieved
with minimal computation; however the aggregate time required to simulate the
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propagation for each pixel can result in a computationally expensive simulation.
Given this however, such a simulation allows a greater level of control over the
atmospheric a ects, and results in a more accurate model. Such models repre-
sent the atmosphere with a series of complex planes called phase screens [16, 80],
which are generated from the modi ed von Karman PSD as de ned in Eqg. (2.26).

The availability of such simulations is extremely limited, as most are developed
for internal use only [81{83]. However, sources such as "Numerical Simulation
of Optical Wave Propagation' from Jason D.Shmidt [41] or the python package
‘wavepy' from Beck et al. [80] provide useful tools for the development of such a
simulator.

2.4.3 Deep learning based simulation

The nal method of turbulence simulation is the use of deep learning. Whilst more
details of deep learning and its various applications are discussed in Chapter 3,
these methods are brie y introduced here for reference. The work from Rai et
al. [84] make use of a Generative Adversarial Network (GAN) to generate new
turbulent samples. They make use of the simulator described by Schwartzman et
al. [85] to generate a dataset with which to train their model. Franz et al. [86] on
the other hand aim to generate an array of PSFs instead of the turbulent image
directly. They achieve this by training a conditional Variational Autoencoder
(cVAE) with real turbulent images of an LED (Light Emitting Diode) array.

As the images are taken through atmospheric turbulence, the e ective PSF is
captured for each LED.

Once trained, a deep learning approach to turbulence simulation represents
the fastest possible method, as the inference time does not require complex calcu-
lations and can be greatly optimised on appropriate hardware (GPUs). However,
due to the fact that the models are trained with a limited distribution of tur-
bulent images, the resulting models will only be able to generate samples within
that same distribution. Therefore, whilst bene cial in generating more of what is
already available, their ability to generate turbulence outwith their training data
is a signi cant disadvantage.

Due to the ever growing popularity of deep learning approaches to computer
vision tasks, the creation and curation of dedicated datasets has become extremely
important. It is for this reason that many of the simulation methods described
(physical and computer) have synthesised data that is now publicly available. Of
the physical simulations, the data from Anantrasirichai at al. [57] and Hirsch et al.
[64] are publicly available, or are available with permission from the authors. The
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work from Jin et al. [59] produced a variety of data, included physical simulation
(gas burners), computer simulation (PSF generation) and real life data, all of
which have are open source. Throughout its various stages of development, the
simulator from Chimitt et al. [49] has been utilised to synthesise a number of
useful datasets, where the work from Mao et al. [76] is the core simulation method
used for the UG+ competition. Furthermore, in the two works from Zhang et al.
[87, 88], four di erent datasets were introduced. These were Turbsyn-static and
TurbSyn-dynamic from [87] and ATSyn-static and ATsyn-dynamic from [88]. By
separating the data into static and dynamic movement, the speci ¢ development
of algorithms in each domain is facilitated.

2.5 Traditional Turbulence Mitigation

The tasks of turbulence simulation and turbulence mitigation are linked by the
formulation in Eq. (2.1), where simulation methods aim to represent (f;fy)
for turbulence distortion. For turbulence mitigation, it is the inverse ofH (f4; f)
that is required, such that the original clean image can be recovered.

The di culty in turbulence mitigation is in the spatially varied nature of
H(fy;fy), where in each pixel can have its own unique PSF. Without an accurate
model of the distortion present, the original clean image cannot be fully recovered.
This is therefore an ill-posed problem, whereby, for a given distorted imadg:,
there exist an extremely large number of possible clean imadgs.

A widely used technique for this problem is the use of video sequences, as
opposed to single images. The added temporal information allows a better un-
derstanding of the clean latent image, and can greatly increase the performance of
turbulence mitigation algorithms. Such methods can be loosely described by the
diagram presented in the work from Anantrasirichai et al. [12], shown in Figure
2.11. Inthis, di erent algorithms/frameworks may follow di erent paths as shown
by the di erent coloured arrows, applying di erent functions for each block. Such
frameworks most commonly represent a many-to-one scenario, whereby the ex-
tra information provided by a video sequence is utilised to recreate a single high
quality output [51].

‘Image Selection' refers to the analysis of each frame, where the frames that
are of the best quality are identied and passed on to the next stage of the
framework. The motivation for this block is that it is assumed that, for each
edge/feature in the scene, at least one frame in the sequence will present a clean
representation. Such techniques were introduced by Gregory et al. [89] and is

32



Ch.2 Turbulence Theory and Applications

Figure 2.11: Flow of operations for traditional turbulence removal techniques [12]

known as "Lucky Imaging'. The "high quality' frames can be selected with the use
of an image quality metric, as in the work by Huebner et al. [90], who measure
both edge based and variance based metrics to identify high quality frames. Joshi
et al. [91] make use of three separate factors to obtain a "per pixel' quality
weighting, these factors being sharpness, resampling error and the presence of
dust. In the work from Wen et al. [92], they compute the average bicoherence
of image regions, where the regions with the lowest average are deemed as high
quality. Alongside traditional sharpness metrics, the work from Mao et al. [93]
introduce an additional metric for geometric consistency, which ensures that any
artifacts in the images do not report false sharpness patches. Another interesting
approach to image selection is found in the work by He et al [94], who make
use of Robust Principal Component Analysis (RPCA) to separate frames into a
high-part and sparse part, where the former represents the general structure of
the scene, and the latter contains the higher frequency texture information. By
applying adaptive thresholding, high quality patches are found from each input
frame [95].

Another method of processing the input sequence is with the “Image Align-
ment and Registration' block. Instead of identifying "high quality' frames, this
block aims to align each frame to compensate for spatial inconsistencies over
time. In this, the output is a sequence of frames that have been aligned tempo-
rally, therefore having any spatial distortions minimised. One technique that can
be employed for this task is that of block matching [46, 96] where, in the work by
Huebner et al [96] for example, it is used to align patches within each frame with
a reference, before performing temporal averaging. This technique was further
improved upon in the work by Rucci et al. [74], who developed an iterative block
matching algorithm that generates a new reference image each iteration, using
the registration information from the previous iteration. In the works by Zhu et
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al. [70, 97], a B-spline registration algorithm is introduced and utilised, in which

a reference image is obtained by averaging the sequence of input frames. The
geometric distortion between each individual frame and this reference image can
then be calculated using B-spline interpolation.

The job of the “Image Fusion' block is then to take a sequence of frames (either
“high quality' frames, or aligned frames) and fuse them into a single latent image.
By making use of the added temporal information, this block is able to output a
single image that represents the input scene with no spatial warping, with only
the average distortion remaining. The most simple method of such fusion is the
temporal averaging of the input frames [90{92], which would result in an image
where the average PSF would represent a spatially invariant blur. An example of
a pixel-based fusion method can be found in the works by Hardie et al. [15, 17],
who rst perform frame-wise alignment using interpolation. During this process,
the distances between original and interpolated pixels are retained. The fusion
step then makes use of these displacements as weights, where pixels with a larger
displacement are weighted less than pixels with small displacements. In this, the
pixels that did not require signi cant altering are reserved, as they were more
likely to be originally correct. Another method of image fusion can be found in
the works by Anantrasirichai et al. [13, 57], who utilise the shift invariance, ori-
entation selectivity and multiscale properties of the Dual Tree Complex Wavelet
Transform (DT-CWT) to perform region based image fusion at the feature level
(as opposed to pixel level).

Finally, the "Image Deblurring' block is responsible for removing any remain-
ing distortions present in either the latent image (from the “Image Fusion' block)
or the aligned frames (from the “Image Alignment and Registration' block). At
this stage of the framework, it can be assumed that any warp induced by turbu-
lence has been corrected, and the only remaining distortion is that of blurring.
The output is therefore a clean image or a sequence of clean images. A common
approach to such deblurring is the application of a Weiner lter [46, 98, 99], which
makes use of the atmospehric OTF (Eq. (2.58)) to restore a clean latent image.
Similarly Chimmit et al. [16] and Mao et al. [93] make use of the well de ned
PSF of turbulence to perform blind deconvolution.

2.6 Conclusion

This chapter has provided an in depth analysis of turbulence for the application
of long range imagery. Presented rst was a comprehensive introduction to turbu-
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lence theory. Due its complex nature, various assumptions can be made in regard
to the statistical characteristics of a turbulent atmosphere, leading to de nitions
such as the modi ed von Karman PSD. The key characteristics of turbulence were
also de ned, where the Fried parameter, isoplanatic angle and log-amplitude vari-
ance provide useful insights into the nature of a turbulent volume over a de ned
propagation distance. The Fresnel di raction equation was also presented, facili-
tating a multi-step propagation method that is able to simulate the propagation
of a point source through free space. The e ects of a camera system were also
de ned, where it was shown that the aperture of a camera imposes a di raction
limit to the captured image. Such an aperture projects an Airy disk onto the
camera sensor which, if larger than the pixel sensor, will result in blurring. The
transfer function of such a lens was also described, where it was derived that a
complex plane at the lens can be transferred to the focal length of the system
with a simple Fourier transform.

As well as the background theory, this chapter also presented an analysis of the
current literature in turbulence imaging. Firstly, existing datasets that consist
of real life turbulence were summarised. Such datasets are used for tasks such
as simulation validation, mitigation testing or turbulence characterisation. The
various di erent methods used to simulate the e ects of turbulence were then
presented, as well as the datasets they have produced. Such simulations allow
any level of turbulence to be applied to clean images, and are able to do so at a
large scale. They also allow a ground truth image to exist for each distorted one,
a feature that is of great use for mitigation algorithms that require the distortion
free counterpart, such as deep learning. Finally, a summary of traditional (non
deep learning) turbulence mitigation approaches were provided. It was shown
that the majority of these algorithms follow a similar framework, by making
use of multiple input frames and performing a combination of image selection,
alignment/registration, fusion and deblurring to generate a clean latent output
image. With the information presented in this chapter, the necessary background
on turbulence for the remainder of the thesis has been established. Especially in
regard to the development of the turbulence simulator described in Chapter 4.
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Chapter 3

Deep Learning and Image
Quality Metric Analysis

3.1 Introduction

The ability to automate tasks such as classi cation and denoising is extremely
desirable as computer algorithms are able to perform extremely fast calculations,
therefore facilitating much more e cient and streamlined processing frameworks.
For example, the ability to denoise an image allows for cleaner images to be
passed on to downstream tasks such as classi cation, ultimately improving the
performance of full computer vision pipelines. In recent years, these processes
have been dominated by machine learning architectures, as they have consistently
shown state-of-the-art performance and can be optimised for fast throughput.

Deep learning is a data-driven technique that aims to train an algorithm an
underlying representation of the data being used. For example, to train a machine
to identify the di erence between a dog and a cat, it is simply shown hundreds
of images of both until it learns to separate the two classes. This is achieved by
penalising the model when it predicts poorly, and rewarding it when it predicts
correctly.

Krizhevsky et al. [19] demonstrated the power of Convolutional Neural Net-
works (CNNs) for image classi cation with AlexNet in 2012, achieving a dramatic
improvement over traditional computer vision algorithms. This work is widely
recognized as the beginning of the deep learning revolution in computer vision.
Subsequent research has leveraged CNNs and other Deep Learning (DL) architec-
tures to tackle a variety of tasks|including classi cation [21], segmentation [22],
deblurring [23], and super-resolution [7]. The success of these models is closely
tied to advances in parallel computing hardware, particularly GPUs, which have
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enabled the training of increasingly deep and complex networks.

Another application that has seen an improvement from DL is that of tur-
bulence mitigation. Whilst only sparsely reported at the beginning of this re-
search, its application has become the standard for state-of-the-art turbulence
mitigation. This eld has also taken inspiration from its traditional roots, and
commonly makes use of turbulent video sequences, as opposed to single images.
This allows the networks to gain a better understanding of the “image behind the
turbulence’ (or latent image), and generate a turbulent free image accordingly.
As detailed in Chapter 2, the largest issue facing the eld of turbulence mitiga-
tion is the di culty of data acquisition. A problem that is further ampli ed when
applying machine learning techniques.

Another issue that faces the turbulence mitigation community is that of con-
sistency between literature, including common datasets and common metrics.
Whilst work continues in the development of simulation techniques and real life
data acquisition, the use of metrics throughout literature is inconsistent. The
most commonly used metrics are that of Peak Signal to Noise Ration (PSNR)
and the Structural SIMilrity (SSIM) index. Both of which have been adopted from
traditional image processing tasks. However, the task of turbulence mitigation, as
with many other image processing tasks, is the streamlining of downstream task
such as classi cation. It is therefore important that the metrics used to evaluate
the quality of deep learning models re ect this ultimate goal.

The choice of such a metric is a di cult task, as image quality assessment
(IQA) itself is a very popular and well researched eld. There are therefore a
great number of potential metrics to choose from, including traditional statistical
based methods, as well as more modern DL based methods. Some works aim to
ease this burden of choice by developing IQA datasets for the speci c purpose of
metric comparison; identifying which best agrees with human perception. In this,
many metrics have been highlighted throughout the years as state-of-the-art, and
have become more common in similar literature.

The remainder of the chapter is organised as follows. Section 3.2 rst presents
the background knowledge on machine learning and its evolution into the deep
learning used today. It provides details regarding the design of DL architectures,
as well as their training process. Section 3.3 then provides more detail into the use
of DL for the speci ¢ application of machine vision, highlighting key developments
in architecture design, and popular DL models. Section 3.4 provides an overview
of the current literature in turbulence mitigation with deep learning, detailing the
di erent approaches that have been employed. Section 3.5 provides a background
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of statistical analysis that is used throughout the thesis, especially for metric

analysis, which is further presented in Section 3.6 which provides an overview
of metric investigations in literature, as well as a high level description of the

metrics used throughout the thesis. Section 3.7 then concludes the chapter.

3.2 Deep Learning

3.2.1 Conventional Neural Networks

The human brain is exceptionally good at a great many tasks, especially in the
domain of processing visual signals. It is not di cult for a child to identify a dog,
or for a adult to track and catch a ball. These tasks are performed instinctively,
without thinking. It is however very di cult for a computer to perform similar
tasks. According to a computer, an image of a dog is simple 0Os and 1s, and it does
not have the capability to understand what a "dog' is, let alone if it is present in
a picture. To allow a computer to gain an understanding of images and videos, or
at least gain a mathematical representation of such, algorithms can be “trained'
to perform various tasks. This is the basis of Arti cial Intelligence (Al), where
a complete Al system would be able to think for itself, and create new ideas. A
more simple approach to Al is that of teaching a machine to perform a single
task, based on repeated experiences, also known as Machine Learning (ML).
The task of ML rstly requires data with which to train an algorithm. For
the task of classi cation for example, large datasets of images are necessary,
containing a restricted number of classes. Within these datasets, not only are the
images required, but also the correct label for each sample. The creation of such
a dataset is therefore labour-intensive, and is a key problem in machine learning.
Once a dataset is available, it can then be passed into a machine learning
algorithm in batches, where initially, the algorithm will be clueless as to what it
is seeing, and output gibberish. However, as the data is labelled, a penalty (or
loss) function can be evaluated, which indicates how far away from the correct
answer the algorithm is. Using this loss, the internal weights of the algorithm can
be updated before being provided with the next batch of data. By performing
these steps hundreds or thousands of times, the algorithm will slowly gain an
understanding of its input, and be able to make "educated' decisions regarding
its output. All that remains the design of the algorithm itself.
The focus of this thesis is that of image processing, and therefore mainly
makes use of Convolutional Neural Networks (CNNs). It is for this reason that
only a brief description of more traditional Arti cial Neural Networks (ANN)
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Figure 3.1: The Transformer architecture [103]

is provided here. Inspired by the architecture of the brain, Mcculloch et al.
[100] introduced a model of a biological neuron which aimed to model neural
activity with a binary threshold, whereby a neuron would "re" (output a 1)
only if the weighted sum of its inputs exceeded a certain threshold, otherwise
it would remain inactive (output a 0). In 1958, Rosenblatt et al. introduced
the Perceptron, [101], which was then further improved upon by Rumelhart et
al. [102], who introduced Multilayer Perceptrons (MLPs), non-linear activation
functions and backpropagation. It is backpropagation that allows a model to
‘learn’ from its mistakes via error gradients.

3.2.2 Transformers

Sequence modelling is the task of predicting or generating elements in a sequence
by identifying patterns and dependencies across its components. Such modelling
can be performed on sequences of ordered data such as words or characters. This
eld has undergone signi cant advances in recent years, driven largely by the
introduction of the Transformer architecture [103]. Compared to earlier recurrent
approaches such as Recurrent Neural Networks (RNNs) [104] and Long Short-
Term Memory (LSTM) models [105], Transformers o er improved performance
and scalability across a wide range of sequence tasks.
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The Transformer architecture consists of a stacked layers of encoders and de-
coders, as illustrated in Figure 3.1. Each of the encoder and decoder layers con-
tains two main components: a self-attention mechanism and a feed forward net-
work, with the decoder layers containing one additional component, the masked
multi-head attention module. The task of the encoder is that of processing the
raw input such that the decoder can use it to generate an output. It achieves
this by allowing each element of the input to contextualise itself within the whole,
therefore allowing the identi cation of key relationships and meaning. The task of
the decoder is to take the contextualised output from the encoder and, in the case
of the original transformer, perform text translation. To achieve this, the decoder
generates output tokens one at a time, with each step being conditioned on both
the encoder's output and the sequence of tokens it has already produced. This
autoregressive process enables the decoder to produce contextually appropriate
translations. The strength of the Transformer architecture lies in its ability to
attend to the most relevant information within the input sequence. By identify-
ing key relationships between words and phrases, it can generate an output that
is both contextually coherent and semantically accurate, capturing long-range
dependencies that traditional recurrent models often struggle to model. The in-
troduction of the Transformer has led to a rise in large, pretrained models for
language processing, commonly referred to as Large Language Models (LLMs).
Such models are trained on vast amounts of text data from a great number of
di erent sources including books, articles and websites. Each text sample is fed
into the model, where it attempts to predict the next word in the sequence, and a
loss function identi es how wrong the predicted word is. Over its training cycle,
the model is slowly able to form full sentences based on its training data.

Whilst the work in this thesis does not directly implement text based sequence
modelling, the processing of frame sequences is covered. The use of attention
based mechanisms for such a task is explored further in Section 3.3.

3.2.3 Convolutional Neural Networks

The potential of CNNs was rst shown in the work by LeCun et al. [106] in
2002, who used a CNN architecture to perform digit recognition. Then, as men-
tioned previously, the introduction of Alexnet [19] in 2012 constituted a major
breakthrough in the use of CNNs for image processing tasks.

Unlike MLPs, which operate on 1D input vectors, convolutional layers apply
learnable Iters over 2D inputs, such as images, enabling spatial feature extrac-
tion. This is achieved with the use of "convolutional kernels' which are typically
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Figure 3.2: lllustration of a simple convolutional layer, with a 3x3 kernel and a stride
of 1.f

of size 3x3 or 5x5. These kernels are rst applied at the top-left corner of a given
image, where an element-wise product is obtained before shifting the kernel across
for the next calculation. This process is then repeated for all possible overlaps of
the kernel and the input image. This process is illustrated in Figure 3.2, where
the kernel is of size 3x3 and is applied to the input image with a stride of 1. The
term “stride' refers to the number of pixels the kernel is moved in between sum-
ming operations. As shown, due to the sizes of the input and kernel, a stride of 1
results in a reduced resolution of the output. To overcome this size reduction, it
is common to rst “pad' the input, such that the output size matches that of the
input. The mathematical representation of the convolution operation is given as,

o1kt

Y(i;)) = K(m;n) X(i+ m;j+n) (3.1)

m=0 n=0
where, as seen in Figure 3.2/ and N are the dimensions of the convolutional
kernel K and the term X (i + m;j + n) represents theM N region of the input
image corresponding to the pixel at locationi{j ).

The application of multiple convolutional kernels, allows each to inherently
learn a speci c feature during training. For example, one kernel may learn to
look for edges, whilst another looks for textures. Given an input image with size
H W C, whereH, W and C are the image height, width and number of
channels respectively, if a convolutional layer contains 64 kernels, the resulting
output of that layer would be a feature map of sizéd® W©° 64, whereH°and
WO are the new spatial dimensions, depending on the kernel size, padding and
stride. Such layers can then be combined to form full CNNs, as shown by LeCun
et al. when they presented LeNet-5 [106].

One issue with early CNNs however was that of backpropagation. Due to
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the combination of derivatives during this step, it was common that gradients
would either vanish, or explode. This therefore limited the potential depth, and
therefore representation power of models. A shift towards Deep Neural Networks
(DNNs) was facilitated by the use of smaller kernels (3x3 instead of 11x11), which
allowed more depth to be obtained. The nal key breakthrough into DNNs came
via skip connections, which allowed the gradient to reach all parts of the model.

DNNs have demonstrated versatility across numerous application domains.
Consistently providing state-of-the-art models for machine vision that previously
relied upon traditional mathematical algorithms. For example, denoising is a
fundamental operation in image processing. The nature of image capture is ex-
tremely prone to additive noise, and commonly requires noise reduction. The
utilisation of deep learning in this eld is well established [107] and has indeed
proven to outperform traditional techniques. Another application is that of su-
per resolution, which aims to accurately resize images, whilst also increasing high
frequency detail. The largest jump in performance was achieved by Dong et
al. [108], who were the rst authors to use CNNs for super resolution. In the
years since, the use of deep learning has become the norm for super resolution,
with an annual competition to assess super resolution networks on the same data
[109, 110]. Due to the ever continuing growth of machine learning algorithms
and the increased improvement and availability of computing power, more and
more problems are being improved upon by the application of machine learning,
especially in the case of image and video processing.

3.2.4 Basic Architecture Design

The range of techniques available for designing CNN architectures is extensive.
Whilst speci c methods have been proposed for speci c applications (see Sec-
tion 3.3), several architectural components remain fundamental across a wide
variety of CNN models.

One such component is the activation layer. This is usually applied directly
after a ANN or CNN layer, and introduces non-linearity into the model. With-
out such layers, the model would simply learn a linear function, and would not
learn complex patterns. Common activation functions include the the Sigmoid
function, tanh and the Recti ed Linear Unit (RelU), all of which can be seen in
Figure 3.3.

Another key design aspect of CNNs is the ability to downsample feature maps,
a technique used since early models like LeNet-5 [106]. The two most popular
methods of downsampling are max pooling and average pooling. In both cases,
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Figure 3.3: Di erent activation functions used to introduce non-linearity into models
[111].

the pooling operation operates on small patches of the input feature map. Within
each patch, either the max value or the average value is obtained, and used
as output. A similar downsampling can be achieved via a larger stride during
convolution.

A nal technique used across ML literature is that of regularisation. Due to
a models signi cant number of learnable parameters, it can quite easily overt
on a given dataset. Over tting is a scenario where a model can perfectly process
the training data, and can no longer be trained. Whilst this initially seems like a
good thing, such a model has no ability to generalise to new data, as it has simply
memorised the training data. To overcome over tting, a number of techniques can
be utilised, such as dropout. This method simply "drops' a fraction of the weights
each training iteration. This therefore discourages the network to rely on the same
set of available weights, and encourages generalisation. Another regularisation
technique is the augmentation of the input data, such as scaling, rotation and
ipping. This essentially increases the size of the training dataset, making it
more di cult for the model to memorise. A nal regularisation technique is that
of batch normalisation. This is applied to the output feature maps of linear or
convolutional layers, where they are normalised such that they have a mean of
zero and a standard deviation of one. This aids in training by regularising the
inputs to layers i.e. layers learn that their input will have known statistics.

3.2.5 Model Training

The training of CNNs involves an iterative process in which the model is pro-
vided with the entire training dataset multiple times where each complete pass
through the dataset is called an epoch. Within each epoch, the dataset is further
segmented into chunks called batches. This is required, as the processing of an en-
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tire dataset would be computationally infeasible. Batch training also introduces
another element of regularisation, as well as more stable gradient estimation.

The output of each batch is passed into a loss function, which determines
the accuracy of the model at its current state. It is therefore vital that the loss
function is designed such that the model is steered towards a correct solution.
For tasks such as classi cation, a common loss function is that of Softmax [26],
which is de ned as, =

¥ = softmax(z) = F’fezl (3.2)
J

where z = [z;; 2,; )] are the raw outputs from the classi er (also called logits),

and the outputs represent the probability of each class. These probabilities are
then passed to a cross-entropy loss, de ned as

X
L= yi log (%) (3.3)

i
which penalises the model if the probability for the correct class is low.
For regression models, such as image processing tasks, the most common loss
functions are those of the Mean Absolute Error (MAE) and Mean Squared Error
(MSE), de ned as,

1 X .

L=ﬁ ivi Wi (3.4)
i=1
1)(”

== o9 (3.5)

where Y} is the model output andy; is the corresponding ground truth. These
are also referred to as th& 1 and L 2 distances respectively. Due to the square in
MSE, any large errors are penalised more heavily. MAE on the otherhand is more
robust to outliers. A nal loss of interest is that of the Charbonnier loss [112].
This function aims to incorporate the robustness of MAE whilst also penalising
large errors. It is de ned as,

q -
L= k¢ yk®+"2 (3.6)

When the errory* vy is large, this loss behaves like the MSE, whilst when the
error is small it behaves more like the MAE loss.
The task of a machine learning algorithm is to minimise the chosen loss func-
tion such that,
=argminL (f (x);y) (3.7)
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Figure 3.4: Simple two dimensional example of a local minimum, potentially restrict-
ing an optimisation from nding the global minimum.

where represents all the learnable parameters within the model, such as weights
and biases. The termf (x) is the output of the model given an inputx and
L (f (x);y) represents the resulting loss, given the model output and the ground
truth y. The iterative process of batch training allows the weights to slowly
‘walk' towards the ideal solution in a process known as Stochastic Gradient
Decent (SGD).

To perform SGD, the gradient of each weight in the model is calculated as a
function of the current loss, calculated as,

g =20 (3.8)

@

whereg is the gradient associated with the parameter;. Once the loss is eval-
uated, the resulting gradients throughout the model are then calculated. Each
weight is then moved along the gradient direction by the de ned learning rate,
which is a tunable parameter during training. During this iterative process,
the loss should continue to uctuate (hopefully in a downward fashion) until it
plateaus, where it could be considered that the minimum has been found, i.e.

has been obtained. However, the “loss landscape' formed by Eq. (3.7) is un-
derstandably complex and multi-dimensional, therefore the optimisation process
could get “stuck' in a local minimum where the gradient is zero. This can be
problematic if the model's performance at this local minimum is worse than its
potential optimal performance, or global minimum, as illustrated in Figure 3.4.

To reduce the chances of nding local minima, optimiser functions are equipped
with several techniques to "escape’ such situations. One such technique is that of
momentum, whereby the movement of the weights along the gradient retains a
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fraction of the previous update. This allows the optimiser to “roll by' local minima

or saddle points. The learning rate can also be adjusted to improve optimisation,
as it is best to initially take larger steps towards the minimum, before reducing
the step size in order to ne-tune the optimum value. One such optimiser that
combines these ideas is that of ADAM [113], which keeps track of the momentum
as well as the mean of squared gradients, where the latter captures the scale of
the gradients such that the learning rate can be adapted to the “steepness' of the
gradients. These two moving averages are calculated as,

m= 1 mg 1+(1 1) G (3.9)

Vi= 2 v 1+(1 2) 912 (3.10)

wheremy, v; and g; are the rst moment (Momentum), second moment (mean of
squared gradients) and the current gradient at the time step respectively. The
parameters ; and , control the level of decay present in each moving average,
and are typically set to values of ; =0:9 and , =0:999. To avoid the potential
bias problems due tom, and v; being initialised at zero, they are rst corrected

as,
m V
t 0, t

Ty T g
where, due ; and ; being raised to the raised power df, as training continues,
the denominator slowly approaches 1, therefore reducing this bias correction. The
parameters are then updated as,

mt:

(3.11)

My
t= t1 po—t—+ (3.12)
where is the learning rate provided as a parameter to the model.

A nal element of training a model is the selection of the various parame-
ters that control the learning process, known as hyperparameters. These cover
areas such as architecture design, training time and dataset control. The experi-
mentation of these hyperparameters is a fundamental operation in deep learning
research, as it is dicult to initially know what values of each parameter will
result in an optimal model. For example, switching from 3x3 kernels to 5x5
kernels can increase the receptive eld, potentially improving performance. Sim-
ilarly, increasing the batch size can help the model form better representations
and train more quickly. Potentially one of the most important hyperparameter
is that of the learning rate , as this is what controls the steps taken during gra-
dient decent, and can easily restrict a model from training if chosen incorrectly.
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Alongside this is that of the choice of learning rate scheduler, which controls how
the learning rate changes during the training procedure. If the learning rate re-
mains unchanged, the optimizer can only progress so far. Once a minimum is
approached, a learning rate that is too large will cause the optimizer to overshoot
and keep \jumping over" the optimal solution, a learning rate that is too small
will simply take too long to reach the same optimal solution. A learning rate
scheduler therefore dynamically alters the step size as training proceeds. Exam-
ples of di erent learning rate schedulers, and a brief description of each can be
found in Table 3.1.

Table 3.1: Examples of learning rate schedulers.

Scheduler Description

Step Decay Learning rate drops a set amount at de ned intervals
(e.g. every 10 epochs).
Exponential Decay Learning rate decreases exponentially over time, with a
de ned decay rate.
Cosine Annealing Learning rate follows a cosine curve, gradually
decreasing over time.
Reduce on Plateau Learning rate is reduced when the loss has stopped
improving for a number of epochs.
Warm Restarts Learning rate is periodically reset to a higher value
after decaying, often using cosine annealing between
restarts.

3.3 Deep Learning for computer vision applica-
tions

3.3.1 Notable design techniques

The popularity of deep learning research inevitably lead to various breakthroughs
in architecture design. Such key trends are detailed here.

The rst key trend is the development, and use, of encoder-decoder archi-
tectures. These models provide the ability to map inputs to outputs by rst
encoding the input into a latent representation, which is then decoded to gener-
ate an output. This architecture di ers signi cantly from classi cation models
as, instead of reducing the input down to a single value, the encoder-decoder
architecture aims to map an input to a desired output. For example, the task of
image deblurring requires the output to be a clean, distortion free, version of the
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Figure 3.5: Example use case of dense blocks. Where within each block, each layer
is densely connected, i.e. each layer is fed into all subsequent layers [116]

input. This can be achieved via the encoder-decoder architecture. One bene t of
such a design allows a great deal of processing to occur within the latent space
between encoding and decoding. Such processing allows the models to focus on
the more important details of the input, and disregard redundant information.
A sub-class of the encoder-decoder architecture is that of the autoencoder. This
model simply takes an inputx, and aims to produce an outputx'that is as close
to the input x as possible. Such a model can then be used for dimensionality
reduction by simply using only the encoder, where it can be assumed that the
latent space represents a meaningful representation of the input. The ability
of the encoder-decoder to transform inputs into structured latent representations
before producing outputs has established it as a central approach in deep learning
research, and can be found across many di erent elds.

The next trend in architecture design is that of residual learning [114], which
is the inclusion of a skip connection that allows the input to the network to be
combined with the output. Let the input to the network be a distorted imagey:

y=X+n (3.13)

wherex is the ideal, sharp image ana is the distortion applied to the image. The
inclusion of a skip connection allows the network to simply learn the residual,
which can then be subtracted from the original inputx. This allows the network

to gain a better understanding of the degradation process without any bias from
the image contents. A further improvement on residual learning is the use of
residual "blocks' [115], where residual learning is performed over smaller segments
within the model. This allows the network to be far deeper, as the connections
allow a “highway' for the backpropagation of the loss.

Inspired by the success of residual learning, another common practice in deep
learning architectures is the use of densely connected layers, rst introduced by
Huang et al. [116]. This type of architecture sees the output of each layer being
fed as an input to each subsequent layer, as illustrated in Figure 3.5. As with
residual blocks, this aids backpropagation and also allows each layer to gain a
better understanding of the layers preceding it.
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(a) Mllustration of two dilated convolution operations, with varied dilation rates. Such
convolution allows a larger receptive eld [117].

(b) Example cases of deformable convolutions, where the o set vectors adapt to the image
contents, and allows the kernel to access pixels outside the traditional 3x3 grid [118].

Figure 3.6: Two key alternatives to traditional 3x3 kernel convolutions: Dilated
convolution and Deformable convolution.

As well as changes made to how each layer is connected to one another, dif-
ferent forms of convolution have also been presented. Whilst the most typical
convolutional kernels are 3x3 or 5x5, it is also bene cial to use simple 1x1 convo-
lutions. This allows the number of features in a model to be combined without
simply discarding information. More complex variations include dilated convo-
lutions [117] and deformable convolutions [118, 119], as shown in Figure 3.6. In
the case of dilated convolutions, gaps are introduced between the traditional 3x3
kernel grid, allowing a single convolution to access a larger area of the input im-
age, therefore increasing the resulting receptive eld. Deformable convolutions
on the other hand, permit each each kernel weight to move around freely. Such
movement is governed by learnable o set and modulation weights, where the
modulation mechanism was introduced by Zhu et al. [119]. The deformable con-
volution allows a model to dynamically adapt to image contents, and place more
attention on the areas of interest in an image. As shown in Figure 3.6b, this also
allows the layer to correct for scaling and rotations.
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Figure 3.7: U-net architecture that employs an encoder and decoder structure. Skip
connections link the levels of the encoder to the corresponding levels of the decoder
[121].

3.3.2 Notable architectures

Throughout this thesis, several deep learning models are mentioned and utilised.
It is therefore worth providing a brief overview of each, and highlighting their
importance in the eld of machine learning.

Firstly, several classi cation models have been proposed in literature as, since
the introduction of Alexnet [19], convolutional models have provided state-of-
the-art performance. Such models include VGG19 [120], ResNet-50 [114] and
E cientNet [21], each representing a step forward in model design as deep learn-
ing architectures evolved with continued research. The simplest architecture,
VGG19, makes use of 19 convolutional layers, applied to periodically downsam-
pled features, followed by 3 fully connected layers to predict classi cations. The
slightly more complex architecture of ResNet-50 makes use of 49 convolutional
layers followed by a single fully connected layer. They key change that ResNet
introduced was the use of skip connections, facilitating improved backpropaga-
tion. Finally, E cientNet improves on earlier models by carefully balancing how
deep, wide, and high-resolution the network is, and uses e cient building blocks
and attention mechanisms to focus on the most important features in an image.
It therefore represents an extremely accurate and e cient classi cation model

While classi cation models can accurately identify the contents of a scene,
there are times when the goal is not just to classify an image but to modify its
contents. As covered in Section 3.3.1, such a task can be achieved via encoder-
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decoder architectures. One such architecture that is widely adopted is that of
U-net from Ronneberger et al. [121], which was originally designed for the seg-
mentation of neuronal structures in electron microscopic stacks. It is fully con-
volutional and contains connections between each scale of the encoder and the
corresponding scale of the decoder, as seen in Figure 3.7. Such skip connections
prevents the loss of spatial information during downsampling.

Another desirable domain for deep learning is that of image generation. The
ability to generate a brand new, unseen, images allows for a great deal of creative
freedom, especially if able to direct the output image using a text prompt. The
original synthesis of such images, without a text prompt, was revolutionised with
the introduction of Generative Adversarial Networks (GANs) by Goodfellow et
al. [122]. In this work, Goodfellow proposed the use of two networks: A gener-
ator and a discriminator. These two networks would be trained in parallel, and
each would act as the others opposite. The purpose of the generator was to take
a noise vector as input, and generate a realistic looking image. The job of the
discriminator on the other hand was to assess these generated images and classify
it as fake. By supplying the discriminator with real life images, as well as the
generated ones, it would be able to learn to identify the di erence. However,
as the discriminator learns, the generator also learns to generate better looking
images. The two models therefore continue to improve throughout training until,
ideally, the generator can synthesise perfect images, and the discriminator can
perfectly distinguish between real and fake, this is known as a Nash equilibrium.
The original GAN was further improved upon by the introduction of the condi-
tional GAN from Mirza et al. [123]. This new model allowed an additional input,
alongside the random noise vector. This new input was a condition, or label,
that the GAN was to work towards. For example, if generating digits, this label
could instruct the model to generate a speci ¢ digit. An additional improvement
to the original GAN was introduced by Arjovsky et al. [124], who introduced the
Wasserstein GAN, which stabilised the training process and reduced the probabil-
ity of mode collapse. Where mode collapse is a state where the generator learns
to only generate a single image, one that it knows will fool the discriminator,
therefore simply ignoring the random input vector.

In recent years, the application of deep learning to computer vision tasks
has advanced signi cantly, largely due to the introduction of the Transformer
architecture [103].For example, in 2020, Dosovitskiy et al. introduced the Vision
Transformer (ViT), adapting the Transformer architecture for image recognition
[125]. This was achieved by rst partitioning an input image into patches of
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Figure 3.8: Overview of CLIP architecture. First the image and text encoders are
trained with correct image/text pairings. During test time, the optimal prompt is
identi ed for the given image [127]

size 16x16, which are then attened into a 1D vector. These vectors are then
embedded with patch and position encodings before being passed, as one, into a
standard Transformer encoder. The output of which can then be processed by an
MLP layer to provide a classi cation prediction. This process allowed the ViT to
attend to di erent spatial locations within the image, allowing a more compre-
hensive understanding of the image contents. By treating the image as a sequence
of patches rather than using convolutional operations, the ViT can capture long-
range dependencies and global context more e ectively than traditional CNNs,
enabling improved performance. Signi cant advancements of the ViT architecture
include the Swin Transformer [126] and Restormer [23], notable due to their use
for image processing tasks such as segmentation and deblurring. The Swin Trans-
former introduces a hierarchical design with Shifted Window-based Multi-head
Self-Attention (SW-MSA) blocks, which allow for greater e ciency by limiting
the attention mechanism to non-overlapping local patches. The Restormer archi-
tecture makes use of two core modules: multi-Dconv head transposed attention
(MDTA) and a Gated-Dconv feed-forward network (GDFN). Where the former
performs attention over channels, as opposed to the spatial domain, and utilises
depth wise convolutions (Dconv) to emphasise local context. The GDFN also
makes use of Dconv layers to perform feature transformation

As well as simple one-o classi cation, it is also highly desirable to gain a
natural language description of what is in an image, especially for automation
purposes. The ability to provide specic details such as "A photo of a golden
retriever playing in the grass" allows more exibility away from predetermined
classes. The most common model for this task is that of CLIP (Contrastive
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Language{lmage Pretraining) from Agnolucci et al. [127], which takes a series of
prompts and an image as input. Using an image encoder (Such as ViT) and a text
encoder (Such as a Transformer), embeddings are created for each, which are then
compared using cosine similarity. This process identi es which text embedding
best matches with that of the input image, which is then presented as the output.
An overview of the CLIP architecture is illustrated in Figure 3.8.

Another innovation in recent years is the introduction of di usion models. Al-
though GANs dominated state-of-the-art image generation for some time, contin-
ued advances in deep learning inevitably led to the emergence of new techniques.
One such method is the Denoising Di usion Probabalistic Model (DDPM), in-
troduced by by Ho et al. in 2020 [128], which is able to greatly exceed GANs in
Image generation quality. The principle behind di usion is to gradually add noise
to training images over many steps, and train a model to reverse this process by
denoising at each step. During training, the model learns to predict either the
original clean image or the noise added at each step. Once trained, the model
can start from pure noise and iteratively denoise it to generate a realistic image.
Such a technique was then be further evolved to perform text-to-image di usion,
such as DALL-E [129]. In this, a text prompt is encoded using a technique like
CLIP. Then as di usion is taking place, the model can attend to this encoding,
therefore steering the nal output towards the desired prompt.

3.4 Deep Learning for Turbulence Mitigation

Whilst the majority of turbulence literature attempts to mitigate the distortions
present, some approaches simply apply deep learning for tasks without such mit-
igation. It is argued that, by retraining modelswith turbulent data, the use of
two separate techniques (mitigation then classi cation) can be replaced by a sin-
gle model (classifcatiorthrough turbulence) [130]. For example, Hu et al. [131]
make use of a multi-scale feature extractor and region proposal network to clas-
sify object types in turbulent environments. LeMaster et al. [132] make use of
pooling layers to reduce an input image into features, which are then passed into
more traditional ANN layers for classi cation. The recent work from Piscaer et
al. [24] uses the EasyOCR engine to transfer a text recognition model to the eld
of turbulence, and shows promising results.

Another use of deep learning for turbulence image data is that of turbulence
estimation, whereby the task of the model is to identify the level of turbulence
present, as opposed to its mitigation. One such model is proposed by Saha
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et al. [62] who propose two di erent approaches. The rst approach is fully
convolutional, and simply takes a sequence of frames, and outputs a predic@l
value. The second approach combines deep learning and known imaging priors
such as the camera settings, where such knowledge is utilised alongside a CNN
architecture to estimate C2. Similarly, the work from Celik et al. [133] make
use of a neural network to estimateC? using only meteorological data such as
temperature and humidity.

Before detailing the trends in "end to end' approaches, whereby models per-
form the full mitigation process, it is worth highlighting deep learning networks
that have been integrated into traditional frameworks by replacing the ‘image
deblurring' block shown in Figure 2.11. An example of such an approach can
be found in the work by Ho mire [134], who modify the BM-WF method from
Hardie et al. [46] by replacing the Wiener Filter (WF) with a convolutional neu-
ral network, therefore presenting BM-CNN. Nieuwenhuizen et al. [56] perform
a similar replacement of the blur estimation and unsharp masking steps in [135]
with a DnCNN model [136]. As well as deblurring, the other steps of traditional
frameworks can also be improved with deep learning, as in the work from Fazali
et al. [137], who employ an encoder to extract features for frame selection as well
as performing fusion with an autoencoder architecture.

The application of deep learning for turbulence mitigation, from a data per-
spective, makes use of both single frame [4, 60] and multi-frame sequences [59,
138, 139] where, in line with video processing techniques of the time, video frames
are rst stacked prior to being processed. This was a shift away from RNN type
architectures that were used before [140].

One of the earliest uses of deep learning for turbulence mitigation was that
from Chak et al. [25], who were the rst to identify the potential improvements
over traditional approaches that DL could provide. Using the two methods,
SGL [141] and IRIS [14], Chak et al. showed that their Turbulence Removal
Network (TRN) was able to provide signi cant improvements. This nding was
then con rmed in future works, such as Gao et al. [66] and Jin et al. [59], both
of which present a deep learning model that is able to outperform the chosen
traditional algorithms. This pattern has continued throughout research [87, 142{
144], where modern papers no longer compare against traditional metrics, and
aim to simply improve upon the results reported from other DL based models
[60, 88, 145{149].

With regard to architecture design, it is common for pre-existing architec-
tures to be repurposed for the task of turbulence mitigation. The U-net [121]
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architecture for example is utilised in a great number of turbulence mitigation
approaches [4, 36, 37, 40, 76, 148, 150], where the architecture is commonly used
as a backbone for more complex techniques. The work from Xia et al. [148] for
example, make use of a U-net to extract frame-wise feature maps for the input
sequence, before being passed onto their Output-By-Group module for feature
fusion. Another example can be found in the work from Li et al. [150], who
stack two U-nets together, with a supervised attention block placed in between,
to form their DeblurNet.

Uses of more traditional CNN architectures have also been adopted, and fur-
ther adapted to better suit turbulence mitigation [33, 66, 143, 151, 152]. The
work from Guo et al. [152] for example, make use of traditional convolutional
layers and dilated convolutional layers for feature extraction, as well as densely
connected layers for feature fusion. Another interesting use of CNN layers can
be found in the work by Whyte et al. [153], who propose two networks: a grid
deformer and an image generator, both of which are composed of convolutional
layers. In this, the grid deformer takes the input frames and estimates the de-
formation due to turbulence, which it then applies to a uniform grid. This grid
is then fed to the image generator, which aims to undo the resulting distortion
eld.

The work by Anantrasirichai et al. [139] expand on traditional CNN architec-
tures by employing complex-valued convolutions where it is proposed that, due
to the phase shift induced by turbulence, such layers are better able to remove
atmospheric distortions. Similarly, two works by Khowaja et al. [154, 155] make
use of the Discrete Wavelet Transform (DWT) in their architecture to perform
image registration. An approach that resulted in 2nd place [154] in the 2022
UG?2+ challenge for turbulence mitigation.

Another popular approach to turbulence mitigation is the utilisation of GANs
[25, 59, 75, 144, 145, 156], especially in the eld of turbulence mitigation for facial
recognition [38, 39, 138, 157], where their ability to generate photo-realistic images
is utilised. The Atmospheric Turbulence Face GAN (ATFaceGan) from Lau et
al. [38] makes use of two separate generator model: one to correct distortion
and one to perform deblurring. These are applied in two di erent permutations
along two paths, before being fused together by a nal generator model. To train
these three models in parallel, three seperate discriminators are also utilised, one
for each generator. This methodology allows the authors to “disentangle' the
two distortions of blur and turbulence distortion. An example usage of GANs
for natural scene data can be found in the recent work by Lu et al. [156], who

55



Ch.3 Deep Learning and Image Quality Metric Analysis

develop a generator network with multi-scale feature extraction, and employ a
VGG architecture for their discriminator network [120].

More recently, image generation techniques have shifted away from GANSs,
and towards di usion models, which are far more capable at generating realistic
output images. The DDPM architecture has also been adopted by the turbulence
mitigation community [158, 159], with Nair et al. [11] being the rst to apply
di usion for facial recognition and Wang et al. [158] applying di usion to natural
scenes.

As well as di usion, transformer architectures have also become widely used
in machine vision tasks [35, 60, 88, 160, 161], where the work from Sun et al. [159]
actually combines these two techniques for their Probabilistic Prior Turbulence
Removal Network (PPTRN). Whilst di usion models can provide state-of-the-art
generation techniques, transformers are better able to capture the context of the
input, and understand the spatial and temporal correlations. A common trans-
former architecture repurposed for turbulence mitigation is that of Restormer
[23, 87, 162, 163], where its attention mechanism allows the high quality regions
of the input sequence to be prioritised. In fact, even when not using Restormer
directly, its in uence can still be seen in other works [87, 160]. The use of at-
tention mechanisms, which is the core principle of transformer networks, is an
extremely useful tool capable of incorporating useful information accross chan-
nels. The DATUM architecture from Zhang et al. [88] make use of attention in
their Multi-head Temporal-Channel Self-Attention (MTCSA) module to perform
feature fusion. The recent work by Yin et al. [35] also made use of attention in
their physics-based Turbulence Mitigation network guided by Turbulence Signa-
ture (TMTS) approach for the improved observation of the earth from space.

Recently, several works have made use of MAMBA from Gu et al. [164] for
turbulence mitigation, such as Hill et al. [149], who present a 3D Mamba-Based
Atmospheric Turbulence Removal (MAMAT) model. Similarly, Zhang et al. [147]
present their MambaTM model. In both works, the results presented outperform
recent state-of-the-art approaches such as DATUM.

3.5 Quality Analysis

When assessing the quality of an algorithm, the idea of what constitutes as "good'
is often highly subjective, especially in the case of image processing. Itis therefore
common to obtain human subjective scores for datasets. Such a collation of
judgements is known as a Mean Opinion Score (MOS) [27], which can be obtained

56



Ch.3 Deep Learning and Image Quality Metric Analysis

in many di erent manners, such as asking users to choose between two images
[165] or by assigning each image with a score between 1 and 5 [166].

Once the MOS has been obtained, it is common to identify metrics that best
agree with human perception. To assess the agreement between each metric and
the MOS, several correlation coe cients have been developed, namely the Pear-
son Linear Correlation Coe cient (PLCC) [167], Spearman's Rank Correlation
Coe cient (SRCC/SROCC) [168], and Kendall's Rank Correlation Coe cient
(KRCC/KROCC) [169], where each coe cient emphasises di erent aspects of
the relationship between the metrics and the MOS.

PLCC is calculated as
"k 0 y)
PLCC = gp—r»ll c,)g'n y 2 (3.14)
i=1 (Xl X) i=1 (yl y)

wheren is the number of observationsy; and y; are the values of the two lists
(metric scores vs MOS)x andy are the means ok andy. This coe cient is able

to measure the strength and direction of the linear relationship between metric
scores and MOS. The PLCC has a value of1 for a perfect negative correlation,
and +1 for a perfect positive correlation. SRCC is calculated as

P
6 L

SRCC=1
n(nz 1)

(3.15)
wheren is the number of observationsd; = R(x;) R (y;) and R(x;) and R (y;)
are the ranks ofx; andy;. This coe cient measures the strength and direction of
the monotonic relationship between metric scores and MOS. Unlike the PLCC,
the SRCC rst ranks the two sets of scoresK (x;) and R (y;)), and then nds
correlation. KRCC is calculated as

KRCC = p ¢ D (3.16)
(C+D+T)(C+D+Ty)

where C is the number of concordant pairsD is the number of discordant pairs
and Ty and T, are the number of tied pairs inx andy, respectively. Concordant
and discordant pairs are determined by comparing the orderings of two variables,
where a pair is concordant if the order is the same in both variables, and discor-
dant if the order is reversed. This coe cient also makes use of ranked scores and
is more robust to ties.

Whilst correlation scores such as SRCC and KRCC can provide a measure of
agreement between metric scores and MOS, it can also be bene cial to examine
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Figure 3.9: lllustrating of a confusion matrix, showing True Positive (TP), True
Negative (TN), False Positive (FP) and False Negative (FN).

how these metric scores relate to a binary classi cation task. If, for example, a
metric were able to reliably assign higher scores to correctly classi ed images and
vice versa, it could be used as a classi cation 'proxy’, indicating the likelihood of
correct classi cation. An issue with this approach however is that, when training

a classi cation algorithm, it is important to provide it with an equal distribution

of all classes. However, sometimes it is inevitable that one class is more common
than another, resulting in a classi cation bias. Take the task of animal classi -
cation for example. If 10% of the images are dogs whilst 90% are cats, there is a
clear imbalance of representation. To reduce the bias caused by this imbalance,
the evaluation metric of Balanced Accuracy (BAcc) can be utilised. This metric
aims to balance the True Positive Rate (TPR) and True Negative Rate (TNR),
and represents a probability of classi cation accuracy. The TPR and TNR are
derived from the four components of a confusion matrix: True Positives (TP),
True Negatives (TN), False Positives (FP), and False Negatives (FN), as shown
in Figure 3.9. The TPR and TNR are calculated as a function of a threshold

as:
TP()

TP()+ EN()’

The Balanced Accuracy is then de ned as [170]:

TNC) .
TN( )+ FP()’

TPR( )= TNR( ) =

TPR( )+ TNR( )

. 100 (3.17)

Balanced Accuracy() =

Where the value of can be altered until an optimal threshold is found such
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that
= arg max Balanced Accuracy(); (3.18)

3.6 Metrics for Image Quality Assessment

In tasks such as tracking, the error between the predicted location and the ground
truth is an easy calculation, it is therefore trivial to identify if an algorithm is
performing well. For image processing tasks, such an assessment is far more
di cult. The quality of an image is extremely subjective, and can rely on multiple
factors such as sharpness, contrast, composition or colour grading. Whilst most
human observers would be able to distinguish between blurry and sharp images,
it is di cult to obtain such an observation via computer algorithms. In domains
such as image compression for transmission, it is vital that the reconstructed
images matches the original as accurately as possible. Therefore, when designing
image processing algorithms, metrics of image quality are also required. Such
image quality assessment (IQA) metrics mainly come in two forms: Full Reference
(FR) and No Reference (NR). Where in the case of FR metrics, the original,
ground truth, image is available alongside the processed image, therefore allowing
a direct comparison to be made between the two. In the case of NR metrics, the
ground truth image is unavailable, so the metric aims to measure image quality
based on information extracted from the processed image alone.

The most commonly used metrics in literature are that of the FR metrics Peak
Signal-to-Noise Ratio (PSNR) and Structural SIMiliarity (SSIM) [27, 165, 171],
as they are both informative and e cient to compute. However, it is argued
that, in some image processing applications, the pervasive use of these metrics
is ill-suited. The work from Blau et al. [172] perform an investigation into the
trade-o between ‘distortion' and “perceptual' quality. Where they de ne 'dis-
tortion' quality as the dissimilarity between an image and its ground truth, and
‘perceptual’ quality as the visual quality of an image, regardless of its similarity
to the ground truth. In this work, Blau et al. comment on the misuse of distor-
tion measures such as PSNR and SSIM, as they are potentially overlooking visual
quality [173, 174], an aspect that some applications would prefer over reconstruc-
tion quality [115]. For example, it is commonly agreed that metrics such as PSNR
and SSIM are at odds with perceptual quality [115, 173, 175{177]. Whilst it is
true that an exact match with the ground truth would imply a ‘good' image [178],
such a reconstruction is only one possible solution, and better solutions may exist
that would be penalised by FR metrics [176]. It is therefore recommend by Blau
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et al. that, when assessing the quality of images, multiple IQA metrics should be
employed, including both FR and NR approaches. What remains is the challenge
of selecting appropriate metrics for di erent applications, a choice which has been
approached in literature via IQA competitions and IQA datasets.

Since 2017 the Computer Vision and Pattern Recognition (CVPR) has hosted
the New Trends in Image Restoration and Enhancement (NTIRE) workshop, in
which several challenges are presented to the research community. Such challenges
include super resolution, shadow removal and low light enhancement. The most
recent challenge for IQA was held in 2022 [27], following on from the FR only
competition held in 2021 [179]. In both competitions, the Perceptual Image
Processing ALgorithms (PIPAL) dataset [165] was used to assess the competition
entries. To assess the quality of the proposed metrics, their scores were compared
against the MOS using a combination of the SRCC and PLCC to obtain a ‘main
score'. The winners of the two tracks were MANIQA [180] and AHIQ [181],
who achieved the highest score for NR and FR metrics respectively. Since 2022,
the challenge of single image IQA has not been renewed, however a challenge on
video quality assessment was presented in 2023 [182], and the assessment of Al
generated content was presented in 2024 [183].

More recently, the European Conference on Computer Vision hosted the com-
petition for Advances in Image Manipulation (AIM) [184] which focuses on NR
IQA metrics for Ultra High De nition (UHD) images. This competition is fa-
cilitated by a dataset released from the same authors [185], in which a metric
comparison is also performed. Consisting of 6,073 images, this dataset relies
on naturally occurring distortions instead of synthetic. A panel of experts were
shown these images and asked to rate them on a scale of 0% (bad) to 100%
(excellent), therefore allowing a comparison between human perception and IQA
metrics. Within the dataset paper, the QualiCLIP [186] metric is found to cor-
relate the best with human perception. For the AIM competition, a combination
of PLCC, SRCC and KRCC were utilised to identify which metric best aligned
with the MOS. It was found that the top three competitors all outperformed
QualiCLIP from the dataset paper, and the the overall winner was UIQA [187].

As well as competitions open to public entries, many works perform IQA
comparisons via the creation of IQA datasets, with which, existing metrics can
be compared with new metrics.

One such dataset is that of PIPAL from Gu et al. [165, 189], used in the
NTIRE2022 competition for IQA. This dataset consists of 250 original images,
degraded by 40 di erent distortion types, resulting in 29k total images. In ad-
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(a) PIPAL [165]. (b) TID2013 [188].

Figure 3.10: Correlation results from TID2013 and PIPAL IQA datasets.

dition to traditional distortions, this dataset also contains output images from
image recovery algorithms such as denoising and super-resolution, which include
GAN-based methods. This is motivated by the fact that such image recovery al-
gorithms are capable of generating complex textures, or unrealistic artifacts that
metrics may be incapable of interpreting [179]. The MOS is obtained for each im-
age via an Elo rating system, whereby observers are asked to choose between two
images, and the chosen image's score is updated accordingly. Using this system,
it is found that the PieAPP [190] metric provides the highest correlation, followed

by WaDIQaM [191], where the correlation metrics used are that of SRCC and
KRCC. The plot of metric correlations can be seen in Figure 3.10

Another IQA dataset is TID2013 from Ponomarenko et al. [188], which is a
successor to TID2008 [192]. This dataset consists 25 original reference images,
each of which is distorted by 24 di erent distortions, where there are 5 levels
of each distortion. This resulted in a dataset of 3,000 distorted images, each of
which having a MOS obtained from subjective opinions from human observers.
Using these images, and their corresponding MOS, numerous IQA metrics were
tested and their correlation was measured with SROCC and KROCC. It was
found that the FSIMc [193] metric provided the best overall correlation, as seen
in Figure 3.10.

By comparing the two graphs shown in Figure 3.10, it can be seen that the
highest correlating metric on PIPAL (PieAPP) is far below that of the highest
correlating metric on TID2103 (FSIMc). This observation does not imply that
the PieAPP is an inferior metric, but rather that the PIPAL dataset is more
challenging for the metrics to agree with the MOS scores. This therefore shows
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that the PIPAL dataset achieved its goal of presenting the metrics with a di -
cult task, therefore prompting the development of new metrics more speci cally
targeted toward outputs of image recovery algorithms.

Many other IQA datasets exist such as LIVE [194], LIVE In the Wild [195],
CSIQ [196], Kadid 10k [166], KonlQ-10k [197]. Where the common theme is the
acquisition of data either via real life distortions [195], or the post acquisition-
application of such [166, 194, 196, 197]. These images are then passed to a
series of observers, from which an MOS is obtained. Using this, new metrics are
introduced, and compared with existing ones to identify which correlate positively
with human observation.

Within the various works regarding the comparison of IQA techniques, a great
number of metrics have been proposed. Traditionally, these rely on statistical
features extracted from images. Lately however, deep learning has dominated
the state-of-the-art for 1QA, as it has for most image processing tasks. Such
metrics can be found in both the NTIRE2020 and AIM competitions, where the
winners, MANIQA, AHIQ and UIQA, all employ complex modern deep learning
technigues such as vision transformers.

3.6.1 Metrics for Turbulence mitigation

Image quality assessment after turbulence mitigation is very similar to that in
other image processing domains, where the majority of literature rely on PSNR
an SSIM scores [60, 61, 76, 87, 198{202].

Other metrics that have been utilised include LPIPS [158, 203], NIQE [152,
204], BRISQE [144, 152], FID [158], BIQI [152] and PIQUE [144], where the
two works from Liu et al. [144, 205] make use of multiple di erent metrics to
assess the quality of their proposed turbulence mitigation algorithms, therefore
supplying an in-depth analysis of their true performance.

These metrics are employed due to their proposed similarity to human percep-
tion, therefore promoting algorithms that produce perceptually pleasing images.
In the case of post-mitigation automation however, it matters not if humans nd
an image perceptually pleasing. What matters is if the automated system can
make good use of the generated images. The work from Zhang et al. [88] aim to
address this by presenting a dataset of images a ected by turbulence, where the
image contents is text printed onto paper. Therefore, by performing text recog-
nition before and after mitigation, an algorithm can be fully evaluated. This
is therefore one of the tests for the U& competition on turbulence mitiga-
tion [154, 162]. Another example of application based metrics can be found in
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the work from Philippe et al. [206] who apply turbulence mitigation to better
improve downstream facial recognition.

The work from Rai et al. [145] liberally apply the concept of algorithm quality
assessment via post-mitigation applications. In their work, they test their pro-
posed algorithm on multiple applications such as depth estimation, classi cation
and keypoint identi cation. This concept is further highlighted in the work from
Wang et al. [204] who state that the enhancement of downstream tasks is a more
important goal than obtaining the best IQA metric scores. It would therefore be
bene cial to identify a metric that correlates with such downstream tasks.

To attempt to identify the most suitable NR metric for turbulence mitigation
applications, the work from Anantrasirichai et al. [57] make use of physically
simulated turbulence data, induced with gas hobs. Using this simulation method,
the ground truth is known, therefore allowing both NR and FR metric scores to be
obtained. By comparing the correlation between the chosen NR metrics, and the
corresponding FR scores, it was found that their own developed metric, QSVR,
that best agreed with that of the FR scores.

In the work from Zhang et al. [88], an investigation into metrics for turbu-
lence mitigation is also undertaken, where the metrics studied were PSNR, SSIM,
LPIPS and CW-SSIM. As the work made use of their own simulation tool, the
exact distortions present in the test images were known, therefore allowing the
correlation between each metric and the level of turbulence to be obtained, where
it was found that the CW-SSIM metric is more sensitive to image distortions due
to turbulence. This nding is further supported by the work of Gro et al. [207],
who, after comparing the various SSIM techniques, identied CW-SSIM as the
most e ective.

In line with identifying metrics that agree with turbulence levels, the work
from Sharghi et al. [208] apply metrics to real turbulence, and aim nd the metric
that best correlates with the measuredC? value. In this, they compare the NR
metrics of BRISQUE, MTF and the Variance of Laplacian, where the MTF is
measured using a known resolution chart placed in the images. It is found that
the inverse of the Variance of Laplacian provides the best correlation witG2.

As in the work from Anantrasirichai et al. [57], several works have aimed to
develop a metrics speci cally for turbulence mitigation applications.

One such metric from Saha et al. [163] makes use of edge detection in the
captured images to present a Line Deviation Metric. It is proposed that high
quality turbulence mitigation techniques should correct any warping distortions
present. They judge such warping by performing edge detection followed by
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a hough line transform, from which they quantify the angular deviations from
horizontal/vertical.

Another method of turbulence mitigation quality assessment could be that of
attempting to estimate the level of turbulence in a given image. Therefore, if the
level of turbulence is reported as low, the image will be of better quality. Such an
investigation was undertaken by Saha et al. [62], who aimed to directly estimate
the level of C2 in an image using a neural network where, for training purposes,
real turbulent images were acquired alongside the measurementG#.

Another turbulence speci ¢ metric is proposed by Hill et al. [209], who present
"Background-Var', which leverages the fact that the background of a given se-
quence should not move, especially if captured with a static camera. By seg-
menting this background and measuring the temporal variance, the quality of an
image can be obtained, where a lower variance corresponds to a higher quality,
stable image.

3.6.2 Investigated Metrics

The work in Chapter 6 presents a detailed investigation into image quality metrics
for turbulence mitigation. In order to provide context to this investigation, the
metrics used are rst detailed here, where, due to the abundance of metrics
developed in the IQA eld, a full test of all available metrics would be infeasible.
The metrics used are implemented using the PylQA python package [210], which
is an up to date library with implementations of many traditional and modern
IQA techniques. The use of this library enables seamless implementation of the
metrics and provides a common framework that facilitates valid comparisons in
future research with consistent implementations

The list of chosen metrics is reported in Table 3.2, where it can rstly be seen
that some metrics report "highest best' () scores, whilst others report “lowest
best' (#), with the former indicating that higher scores re ect better image quality,
and the latter indicating the opposite. It can also be seen that metrics are either
based on traditional mathematical approaches or deep learning techniques, where
the details of the base architectures were presented in Section 3.3.

As well as the details provided in Table 3.2, a brief description of each metric
is now provided.
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Table 3.2: List of metrics chosen for study. Showing minimum and maximum possible
scores and the year of publication. The core methodologies used are also shown, being
either data driven (deep learning), or mathematical. " indicates that higher scores are
better, whilst # indicates that lower scores are better. Metric implementations are from
the PyIQA library [210].

Metric Range Year Base DL Mathematical
Min Max Architecture Approach
ARNIQA " [211] 0 1 2024 SImMCLR* [212]
BRISQUE # [213] 0 100 2012 NES SVM
CLIPIQA " [214] 0 1 2023 CLIP [127]
LIQE " [215] 1 5 2023 CLIP [127]
MANIQA " [180] 0 1 2022 ViT [125]
NR NIQE # [216] 0 100 2012 N8&S MVG
Pl #[217] 0 100 2018 Ma et al.[218] and NIQE [216]
PIQUE # [219] 0 100 2015 MSCN coe cients
Q-ALIGN " [220] 1 5 2023 LLM
QualiCLIP " [186] 0 1 2024 CLIP [127]
TOPIQ_NR" [174] O 1 2024 ResNet-50 [114]
AHIQ " [181] 0 1 2022 ResNet-50 [114], ViT [125]
CW-SSIM " [221] 0 1 2009 Complex Wavelet Transform
DISTS # [222] 0 1 2020 VGG [120]
FSIM " [193] 0 1 2011 PC and GM evaluation
LPIPS # [223] 0 1 2018 AlexNet [19]
FR  MS-SSIM" [224] 0 1 2003 Scaled Image statistics
PieAPP # [190] 0 5 2018 Novel DCNN
PSNR" 0 100 N/A Log pixel comparison
SSIM™" [171] 0 1 2004 Image statistics
TOPIQ_FR " [174] O 1 2024 ResNet-50 [114]

NSS: Natural Scene Statistics,LMM : Large Language Model
SVM : Support Vector Machine, MVG : Multivariate Gaussian
MSCN : Mean Subtracted Contrast Normalized
PC : Phase Congriguity, GM : Gradient Magnitude

SimCLR makes use of the ResNet-50 architecture
YLLM model: mPLUG-OwI02 [225], makes use of ViT-L from [127]
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No Reference Metrics

ARNIQA [211} The leArning distoRtion maNifold for Image Quality Assess-
ment metric makes use of the ResNet-50 [114] architecture and a 2-layer Mul-
tilayer Perceptron (MLP) to provide image quality scores. They adopt a self-
supervision mechanism, whereby crops are extracted from two images and de-
graded equally. After being processed by the model, the loss function aims to
maximise the similarity between the embeddings obtained from each crop, whilst
also minimising the similarity between another pair of crops, degraded by a dif-
ferent distortion. This allows the model to prioritise the recognition of the un-
derlying distortion, regardless of the image contents.

BRISQUE [213} The Blind/Referenceless Image Spatial Quality Evaluator ex-
ploits Natural Scene Statistics by rst calculating the Mean Subtracted Contrast
Normalised (MSCN) coe cients of an image as,

1Gi)  G)

=" c

(3.19)

wherei and | are spatial indices,C is a stability constant and the terms (i;j )
and (i;j ) are de ned as,
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whereK = L = 3 are the height and width of a local patch,wy, is a Gaussian
weighting function and (i;j ) is the mean of the local patch. These MSCN
coe cients are then t to both the Generalised Gaussian Distribution (GGD)
and the Asymmetric Generalised Gaussian Distribution (AGGD) to provide 36
features. A Support Vector Machine (SVM) is then trained using these features
and the LIVE database [194]. The resulting SVM then represents the BRISQUE
metric, where the same 36 features from an unseen image can be fed in to the
pre-trained model to obtain a quality score.

CLIPIQA [214} The CLIP Image Quality Assessment metric, as the name sug-
gests, makes use of the CLIP vision-language model [127]. It employs CLIP by
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passing in each image alongside two prompts: ‘good image' and "bad image'.
Given the two features from these promptd; and t,, the cosine similarity be-
tween them and the image embedding can be evaluated as,

X t;

S = m i 2f1;2g; (3.22)

The Softmax function is then used to calculate a nal score as,

esl

which therefore provides a score of how similar the image is to the prompt
(‘good image'), so a higher score corresponds to a better quality image.

LIQE [215} The Language-lmage Quality Evaluator metric also make use of
the CLIP vision-language model [127]. In this case, the metric rst builds 495
di erent possible prompts, with the template "a photo of a(n) fsg with fdg
artifacts, which is off cg quality”. Where there exist 5, 9 and 11 potential options
for s, d and c respectively. Crops are then taken from each image and passed
into the CLIP model, which provides visual and textual embeddings. The joint
probability over s, d and ¢ are then computed using cosine similarity. Following

a marginalisation and discretisation step, a nal image score is obtained.

MANIQA [180} The winner of the 2022 NTIRE competition for NR IQA meth-
ods [27], the Multi-dimension Attention Network for IQA utilise a Vision Trans-
former (ViT) [125] to provide image quality scores, where the ViT is used to gener-
ate a series of output feature maps characterising each input patch. These feature
maps are then passed into the proposed Transposed Attention Block (TAB), be-
fore being reshaped into a full image and fed to the Scale Swin Transformer Block
(SSTB), which strengthens the local interaction between each patch. Finally a
dual-branch structure is used to obtain a nal image score.

NIQE [216} Similarly to BRISQUE, the Natural Image Quality Evaluator rst
extracts the MSCN coe cients from the image, which is then partitioned into
patches, selected via their local sharpness, calculated as

X X
(b) = (i) (3.24)

(i;j )2 patch b

where (i;] ) is the locally weighted standard deviation, calculated using Eq. (3.21).
Patches that surpass a threshold are then selected for full characterisation, where,
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similarly to BRISQUE, a set of 36 features are extracted via the GGD and the
AGGD. Unlike BRISQUE, NIQE then ts a Multivariate Gaussian Distribution
(MVG) to these features (from multiple patches and images) to provide a natural
model mean and covariance: , and ,. The quality of an unseen image can
then be evaluated by tting an MVG to the test image, providing  and . The
NIQE score is then evaluated as,

S

NIQE= (. n)

t+t n
2

(¢ n) (3.25)

P1[217} The Perception Index is calculated as the average of the NR metric from
Ma et al. [218] and NIQE. It is de ned as follows:

Pl = %((10 Ma) + NIQE) (3.26)

where the metric from Ma et al. makes use of image statistics such as the Dis-
crete Cosine Transform (DCT), wavelet decomposition and Principle Component
Analysis (PCA) to train a regression model for image quality score prediction.
Its output is a score between 0 (worst) to 10 (best).

PIQUE [219} The Perception-based Image Quality Evaluator also makes use of
the MSCN coe cients extracted from an image. These coe cients are segmented
into non-overlapping blocks, where each block is either labelled as "uniform’ or
“spatially active', depending on the variance of the local MSCN coe cients. Each

“spatially active' block is then examined for Noticeable Distortion via edge anal-

ysis and Noise via analysis of the standard deviation. If found to have either
distortion, that block is labelled as such. The nal metric is then calculated as,

Number of distorted blocks
PIQUE = Total number of blocks 100 (3:27)

Q-ALIGN [220} This metric is the only Large Language Model (LLM) approach
in this study. Similarly to CLIP, this architecture makes use of a Vision Trans-
former (VIiT) to encode the input image. However, unlike CLIP, the resulting
features are not compared with corresponding text encoded features, but are fed
into the mPLUG-OwI02 LLM [225], which is ne-tuned from pretrained weights.
Using a dataset with labels like 'The quality of the image is excellent’, the LLM
Is trained to output similar text based responses. This text is then converted into
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a score between 1 (bad) and 5(excellent). This provides Q-ALIGN with more
freedom for IQA, as the CLIP based architectures are dependant on the text
encoding of binary antonyms such as "Good photo' and "Bad Photo'.

QualiCLIP [186} The highest ranking metric in the UHD dataset for AIM [185],
the Quality-aware CLIP metric actively ne-tunes a pretrained CLIP model, as
opposed to using the pre-trained model directly, to allow CLIP to become quality-
aware. Firstly, overlapping crops are taken from each image such that the two
crops have comparable quality, which are then degraded by 5 levels of distortion
intensity. Each set of crops are then fed into the image encoder of CLIP whilst
the text encoder receives two prompts: ‘good photo' and "bad photo'. Loss
functions are then applied to ensure that the more intense levels of distortion are
appropriately tagged with “bad photo’, whilst less intense distortions are tagged
with "good photo'. Each pair of crops from each distortion intensity are also
examined, and a loss function ensures that they recieve similar scores, as they
are only slightly di erent from one another due to their overlap.

TOPIQ _NR [174} This network, referred to internally as CFANet, rst extracts
multi-scale features from the input image via ResNet-50 [114]. These features are
then passed into the proposed Gated Local Pooling (GLP) layer, to standardise
their spatial size. Self-attention (SA) blocks are then employed for further re-
nement of the features before they are processed progressively by Cross-Scale
Attention (CSA) blocks. Finally, a pooling operation and MLP is used to de ne
the nal quality score.

Full Reference Metrics

AHIQ [181} The winner of the 2022 NTIRE competition for FR IQA methods
[27], the Attention-based Hybrid Image Quality Assessment Network utilises both

a vision transformer and CNN in parallel. By providing each with an image
pair: a distorted image and its corresponding reference, feature maps can be
extracted from both. The feature maps from the ViT are then utilised to inform

a deformable convolution step that is performed on the output features from
the CNN (ResNet-50 [114]). The otuputs of this deformable convolution are then
fused with the output of the VIiT, and passed to a Patch-Prediction module. This
module aims to perform spatial attention and patch-wise scoring to formulate a
nal image quality score.
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CW-SSIM [221} The Complex Wavelet SSIM measures the similarity of images
by comparing phase patterns of local patches in the complex wavelet domain,
where the patches are typically of size 3 3. It is evaluated as,

2 o dcaicijt K =1 G oy
Nz N icuit+k 20N o G * K

CW-SSIM(cx; ¢y) = P (3.28)
where N is the number of coe cients used in the local patch,c, and c, are
the complex wavelet coe cients fromx and y respectively, with c; and c;

representing thei™ coe cients of the local patch. C,; indicates the complex
conjugate ofc,;. As with SSIM, k is a small constant for the stabilisation of the
calculation.

DISTS [222] The Deep Image Structure and Texture Similarity Index make use
of a modi ed VGG [120] to embed the distorted and ground truth images into

5 muliti-scale feature maps. For each scale, a di erence score is evaluated that
makes use of the feature maps mean and standard deviation. The sum of these
di erence across the 5 scales is then multiplied by two learnable weights to provide
a nal image quality score.

FSIM [193] The Feature SIMilarity index evaluates perceptual image quality
by combining phase congruency and gradient magnitude to model human visual
sensitivity to structural and contrast information. It is evaluated as

P
p PCn(¥) SL(Y

FSIM =
«» PCm(x)

(3.29)
Here, is the spatial area in question (i.e. the whole image, or a local patch).
The term PC,,(x) is the maximum phase congruency value between the reference
and test images at pixelx. The local similarity measureS, (x) is de ned as

SL(X) = Spc(X) Sem(x)

where Spc (X) is the similarity of phase congruency andgy (X) is the similarity
of gradient magnitude.

LPIPS [223} The Learned Perceptual Image Patch Similarity metric presents a
framework of image quality assessment, that can make use of multiple classi -
cation models such as Alexnet [19], VGG [120] and Squeezenet [226]. From the
chosen model, similarly to DISTS, multi-scale features are extracted, and scaled
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by a weighting vector. The L2 distance is then taken at each scale between the
two feature sets. The average of these L2 values is then passed into a small sec-
ondary network that is trained to output a image quality score, given the average
L2 distance.

MS-SSIM [224} An extension of SSIM, the Multi-Scale SSIM computes image
similarity across multiple spatial resolutions to better account for variations in
viewing conditions and image scale. It is calculated as,

Al
MS-SSIM;y) = [Im (X y)] ™ [g sy [si(x )] (3.30)

=1

where M is the total number of scales (commonlWM = 5) and Iy (X;y) is the
luminance comparison at the largest scall. The terms ¢ (x;y) and s;(X;y)
are the contrast and structure comparisons at scale respectively. Finally the
terms u, j, and ; are the exponents used to adjust the contribution of each
component.

PieAPP [190} This metric outperformed all others in the investigation per-
formed by Gu et al. [189] when presenting the PIPAL dataset. It consists of
a pairwise-learning framework that inputs two distorted images alongside the
ground truth. An error score is obtained for each image using an encoder style
CNN and two fully-connected layers. The two errors are then used to estimate
the probability that one image is preferred over the other. Once trained, PieAPP
is simply given the distorted and ground truth images in order to provide an
image quality prediction.

PSNR: The Peak Signal-to-Noise Ratio calculates a logarithmic ratio between
the maximum possible pixel value and the mean squared error between two im-
ages. It is calculated as,

L2
where MSE is the using the Mean Squared Error, de ned as
1 XX
MSE = — Qi) 1)) (3.32)
mn i=1 j=1

where L is dynamic range (i.e. 255 for 8 -bit images).®is processed output
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image,| is the original image, andm and n are the image dimensions.

SSIM [171} The Sturcutral SIMilarity index makes use of statistics extracted
from the image to provide a quality score. It is calculated as,

(2 X y+ Cl)(2 xy+ CZ)

24 2 24+ 2
2+ 2+ 2t 2t o

SSIM(x;y) =

(3.33)

where , and 2 are the mean and variance ok, and y and 3 are the mean
and variance ofy respectively and ,, is the covariance betweex andy. ¢, =
(le)2 ;G = (k2L)2 are small constants for the stabilisation of the division (typi-
cally k; = 0:01 andk, = 0:03). Finally, as with PSNR, L is the dynamic range.

TOPIQ _FR[174} In order to utilise the TOPIQ metric for FR 1QA, the same
basic structure is used as was de ned for the NR implementation. For FR IQA,
ResNet-50 is used to extract multi-scale features from both images: distorted
and ground truth. The Gated Local Pooling (GLP) layer then takes the feature
maps from both images and outputs a single feature map. The remainder of the
model then proceeds as before, with Self-attention blocks followed by Cross-Scale
Attention. The nal score is then found via pooling and a MLP.

3.7 Conclusion

The use of deep learning in modern machine vision tasks has become ubiqui-
tous. The ability of these data-driven algorithms to gain an understanding of the
problem at hand has led them to dominate state-of-the-art algorithms.

This chapter has provided a detailed description how such models have become
so popular, and has provided details regarding their training procedure, from
ANNSs to CNNs. Due to the nature of this thesis, speci c importance was placed
on the description of CNNs and DL for image processing tasks. Detailing how a
convolutional layer is employed and providing high level descriptions of popular
architectures.

As well as a fundamental understanding of deep learning, an overview of
the current literature was also provided, through the specic lens of turbulence
mitigation. It was shown that, whilst sparsely reported at the beginning of this
research, the application of deep learning has become the norm for turbulence
mitigation.

An overview of the eld of image quality assessment was also presented, where
it is common for new metrics to be introduced alongside large datasets. Where
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the datasets can be used to perform accurate cross-comparison between di erent
metrics, where no metric has an unfair advantage. This therefore allows the best
metrics to be identi ed, and utilised in adjacent research.

When such datasets are used to nd IQA metrics, it is common that each
image is rst provided a quality score via human observation, therefore providing
a Mean Opinion Score (MOS) for each image. It is this MOS that the di erent
metrics are compared with, where metrics that agree with human observation are
deemed better. This comparison is known as correlation, where a metric that
agrees with the MOS has a positive correlation. The various correlation metrics
commonly used in literature were presented, alongside that of balanced accuracy.
This is a metric that facilitates the optimisation of a classi cation threshold when
presented with unbalanced data.

Finally presented in this chapter was a high level description of the met-
rics used throughout the thesis. The chosen metrics cover di erent approaches,
from traditional metrics such as PNSR and SSIM, to more modern DL based
approaches such as AHIQ and ARNIQA.

With the information presented in this chapter, the necessary background on
deep learning and IQA metrics for the remainder of the thesis has been estab-
lished. Especially in regard to the investigations presented in Chapters 5 and
6.
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Chapter 4

Development of a Turbulence
Simulator

4.1 Introduction

Fluctuations in the refractive index of air can cause light to divert from its in-
tended path as it travels. When incident on a camera sensor, the consequences
of these diversions are angle of arrival uctuations and phase alterations. The
resulting image is therefore degraded by spatially varied warping and blur. The
processing of such an image can be rather challenging, as the combined warping
and blurring result in a loss of image clarity and high frequency detail. There-
fore, a common post-acquisition step is that of image recovery (i.e. turbulence
mitigation) [12, 57, 227].

However, in order to design such mitigation algorithms, example data is
needed. Where it is often the case where such post-acquisition processing meth-
ods require not only the turbulence a ected images, but also the clean, turbulent
free images as reference. This is especially true for the case of deep learning
approaches, as a large quantity of paired data is necessary for training purposes.

In practice, it is extremely di cult to obtain such a dataset of turbulence
a ected imagery, as the high resolution, clean images, are unavailable. To obtain
a suitable dataset, the atmospheric conditions during image capture would need
to be controllable. Such as the work by Anantrasirichai et al. [57] where a
turbulent atmosphere was induced with gas hobs, allowing high resolution images
to be captured when the hobs were switched o . Such a physical simulation does
not however model the real life outdoor turbulence over long distances, and the
capture of such a dataset would be intractable.

To overcome this issue, a turbulent atmosphere can be simulated within soft-
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ware. Using such a simulation, in principle, allows any atmospheric conditions
to be modelled, and repeated consistently to synthesise large datasets. In order
to achieve such a simulation, a number of methods have been proposed. These
methods can be separated into 3 dimensional (3D) and 2 dimensional (2D) ap-
proaches. 3D approaches [16, 79, 81], aim to fully simulate the propagation of
light from one point to another, introducing the random distortions of turbulence
during propagation. 2D [72, 76, 85] approaches aim to avoid the computational
expense of 3D simulation and apply the e ects of turbulence directly onto a 2D
image. These 2D approaches are based on empirical data, from which they can
extract suitable statistics. This allows the e ects of turbulence to be reduced to

a 2D representation which can then be applied to clean images [72, 85]. More
recently, deep learning has also been utilised for turbulent data generation [84],
where a Generative Adversarial Network (GAN) has been trained to generate
new turbulence data, providing a method of data generation that takes a fraction
of the time of a statistical model. The issue with such a model however is still
that of training data, where the model rst needs to understand what a turbulent
image is, before being able to recreate the e ects.

Of these methods, it is the 3D propagation model that is the most theoreti-
cally justi able [77], and facilitates an accurate and controllable simulation. This
chapter presents the development and implementation of such a simulator for
generating anisoplanatic turbulent imagery. Based on the works of Schmidt [41]
and Hardie et al. [81], the proposed simulator models a turbulent atmosphere as
a series of discrete layers, each of which can be characterised by a single phase
screen. Light from a point source is propagated through these screens from the
source plane to the observation plane (camera sensor); the result of this is a com-
plex matrix that can be transformed into a point spread function (PSF) using
the lens transfer function de ned in Eq. (2.57). Such a propagation represents a
single optical path through the turbulent volume. By tracing a path from each
point on the object plane, through the atmosphere to the image plane at the cam-
era, a separate propagation can be performed for each. To achieve this, the phase
screens are generated at an extended size where, once a trajectory (pencil ray) is
traced through the atmosphere, its intersections with the extended phase screens
are taken as centre points for a cropping operation. The cropped screens are then
used for propagation. This inclusion of multiple optical paths is known as aniso-
planatism (or anisoplantic) [5]. Once each pixel has been propagated through
the atmosphere, each will have its own unique PSF, which can be applied to the
image via spatially varied convolution. For the simulation of video sequences, the
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phase screens are expanded once more, and the video is simulated one frame at a
time. In between each frame, the phase screens are translated laterally, simulat-
ing turbulent motion within a video, with each frame being temporally correlated

to its neighbours.

To ensure that the nal simulator is accurate, several validation steps are
undertaken. This includes the validation of the propagation through a vacuum,
as well as a turbulent atmosphere. The generated phase screens can be validated
by comparing their structure functions to the theoretical values. Finally the PSFs
generated by the simulator can also be compared against a theoretical ideal.

The simulator presented in this chapter was developed in MATLAB and is able
to produce turbulent images as well as videos, where the speed and direction of
the turbulence can also be de ned. At the time of development, such a turbulence
simulator was not publicly available, and any existing implementations were for
internal use only. This simulation tool encompasses a full range of simulation
techniques, from phase screen generation to image and video formation. The
level of control over the nal simulator is comprehensive, where not only the
atmospheric conditions can be de ned, but the speed and direction of turbulence
between frames can also be chosen. Without such a simulation, the work achieved
in Chapter 5 would not have been possible, as publicly available tools, such as
the work from Mao et al. [76], had yet to be published.

Using this simulation implementation, three datasets were generated: "turbu-
lence images', “turbulence videos' and “turbulent imagenet'. The dataset "turbu-
lence images' consists of single images distorted by turbulence, and is separated
into 4 sub-datasets, namely "High', "Medium’, "Low' and "Mixed' turbulence,
which facilitate a stepped di culty testing approach for turbulence mitigation.
Both “turbulence videos' and “turbulent imagenet' contain turbulent video se-
quences consisting of 15 frames each. Of these, "turbulence videos' is the largest
dataset, containing 148,884 total videos, whilst “turbulent imagenet' contains
47,169. A key advantage of "turbulent imagenet' is that, as it has been synthe-
sised from the imagenet dataset, any turbulence mitigation algorithm can measure
its success by any increase in post-mitigation image classi cation.

The code for the simulation tool is available upon request, whilst the “tur-
bulence videos' dataset is publicly available from the University of Strathclyde
KnowledgeBase.

The remainder of the chapter is organised as follows. Section 4.2 rst describes
the layered atmosphere model, on which the simulator is based, as well as de-
scribing sampling constraints. Section 4.3 then presents the operations required
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for phase screen generation, from parameter calculation to screen synthesis. Sec-
tion 4.4 details how the point source is created and propagated between screens.
The nal step of the simulator is then described in Section 4.5, where the ex-
pansion to anisoplanatic simulation is described, alongside PSF generation via
the lens equation and the nal image synthesis via spatially varied convolution.
Section 4.6 then describes the steps taken to validate the simulator. Finally,
Section 4.7 presents the three datasets that were synthesised for this work, and
Section 4.8 and Section 4.9 provide the nal discussion and conclusion.

4.2 Layered atmosphere model

As highlighted in Chapter 2, the propagation of a light source through a tur-
bulent medium can be achieved with the split-step beam propagation method,
which separates the full propagation distance into discrete layers. Such a layered
model of the atmosphere is shown in Figure 4.1, where it can be seen that for
this simulation, the entire propagation distancel, is separated inton 1 layers,
with n phase screens separated equidistantly between the source and observation
planes. Each screen lies at a locatiary, and represents the atmospheric volume
spanning the distance z, ; (e.g. the volume betweerz; and z; is characterised
by the phase screen ar,). It is therefore worth highlighting the absence of a
phase screen at locatioz, = L. This is due to the fact that, during anisoplan-
tic simulation (Section 4.5), the nal phase screen is shared by all propagation
paths. This would therefore result in all propagations undergoing identical phase
alterations by the last screen, which would lead to excess tilt correlation [81]. By
removing this nal screen, this problem is alleviated, and its absence does not
lead to a reduction in simulation accuracy.

Using the split-step propagation method, a point source can be propagated
from the source plane%,;) to each phase screen in turn until the observation plane
is reached, where a PSF can be generated with the lens equation.

Sampling Constraints

In order to ensure an accurate simulation, sampling constraints are placed upon
the discrete planes during propagation. The propagation volume has a width of
X = xN, where x is the grid spacing andN is the number of samples.

X is calculated such that it is able to accurately represent each screen without
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Figure 4.1: Volume representation of a single propagation. A point source at the
source plane £;) is propagated through each phase screerzf! z, ;) to the observa-
tion plane (z,). A PSF is then generated via the lens equation over the distancé .

undersampling. To ensure this, Voelz's critical sampling rule is applied [228], as

NI

L
X = N (4.2)
where is the wavelength of the light. By rearranging this equation, the sample
count N can be evaluated as X2
= T: (4.2)
These equations allow the sample count and spacing to be evaluated according
to the desired volume widthX. For the simulation of a camera systemX is
related to the diameterD of the camera aperture byX = sD, wheres is a scaling
parameter. This scaling parameter is chosen such that the resulting screen width,
X, is at least 4 times that of the aperture diameter (i.es 4), as well as ensuring
that the resulting value of N is a power of two.
Therefore, once the diameter of the camera aperture is known, each sampling
parameter can be evaluated in turn. This can be summarised by the following

steps,
1. Chooses such that (s 4)
2. Calculate the width of the propagation volume X = sD)
3. Calculate the sample couniN (as in Eq. (4.2))

4. RoundN to the nearest power of 2

78



Ch.4 Development of a Turbulence Simulator

Table 4.1: User input parameters for turbulence simulation.

Symbol Description Category
C2 refractive-index Structure Parameter
lo Inner scale
Lo Outer scale Turbulence
Wavelength of light Characteristics
Sub_Count No. of Subharmonics
N subharm Subharmonic grid size
D Camera aperture diameter
L Propagation distance Propagation
nscr Number of phase screens Environment
skip Pixel skip
Image Pixels Output Frame size

Number of video frames
to synthesise

How fast the turbulence
moves between frames

Which direction the turbulence
moves between frames

frame_count

Output

turbSpeed Requirements

turbDirection

5. Calculate resulting grid spacing x (as in Eq. (4.1))

4.3 Turbulence simulation parameters

Control over the simulation is facilitated through the set of input parameters
shown in Table 4.1. Whilst all parameters are listed here for reference, each will
be explained in detail throughout the remainder of the chapter. These parameters
can be grouped into three categories: Turbulence characteristics, Propagation
Environment and Output Requirements.

4.3.1 Calculation of Fried Parameters

As de ned in Chapter 2, the modi ed von Karman Power Spectral Density (PSD)
Function is de ned as,

0:023e 2=

MK (f) = ;
i ( ) r‘gi:3 (f 2 4 fg)llzﬁ

(4.3)
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wheref is the frequency in cycles/mf,, =5:92=21 , and f; = 1=L,. Note that
the PSD is now de ned in terms ofrq, which facilitates the generation of each
phase screens by its own corresponding Fried parameter. In order to nd the
Fried parameter for each screen, the behaviour G along the propagation path
must rst be studied.

This can be represented by the three di erent characteristics of turbulence,
highlighted in Chapter 2, namely: the atmospheric coherence diameter (Fried
parameter) (ro), the isoplanatic angle () and the log-amplitdue variance ( 2).
Each of which can be evaluated with respect to th€? value of each screendy ),
and are computed using the discrete-sum versions of the originals as,

# 3
fom = 04237 2 S
osw = O N Z (4.4)
i=1
"’ Xn 5 # 3=5
o= 2013 ¢z o1 ALY, (4.5)
i=1
X Ziiq 2 Ziiq 2
b2, =0:56%sLs  C? Llﬁ 1 'ﬁ ° oz (4.6)

i=1
where it is worth noting the presence of + 1 for each positionz. This is due to
the fact that the source plane is located az;, meaning that the rst screen,CZ ,
is located at positionz,, as shown in Figure 4.1.

Given that each of these parameters is expressed as weighted sun@2f plot
can further illustrate their importance at di erent locations along the propagation
distance. This is shown in Figure 4.2. It can be seen that each parameter displays
di erent characteristics at di erent points along the propagation path, with the
Isoplanatic angle being most prevalent at the beginning of propagation, and the
fried parameter coming more into e ect nearer the observation plane. The log-
amplitude variance is most apparent in the middle of propagation. By using all
three of these parameters, th€2 can be accurately represented along the entire
propagation path, as shown by the dotted line.

The Fried parameter for each screen, with respect t@ﬁi, is de ned as

fo = 0:42%2C2 7 °;
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Figure 4.2: C2 weighting of the Fried Parameter (ro.sw), Isoplanatic Angle ( o) and
Log-Amplitude Variance ( E;SW). The sum of which provide a consistentC2 weighting
over the entire optical path.

and can be rearranged to give

5

cz=_To . (4.7)
" 042%2 7' '

which can then be substituted into Eq.s (4.4), (4.5) and (4.6) to give,

n #%
r\o _ X r 5=3 Zj+1 %
swoT O;
i=1 L
Xz Zia o
b2y =1:31%k sLs  r%® 'Ll "1 'Ll °
i=1
llX1 # 3=5
Z.+ 3 =
o= L3 1 2% 68794,

Using these equations, the values of for each screen can then be calculated
by building a system of equations as,

2 3
( o ) 22 5=3 Zn+1 5=3 5=3

SW L ] .

xsw % 5 Z2 6 Zn+l 6
g 1311k56L56 é § o1 T L Is_ 25 é

1 Z2 3 1 Zn+l 3
6: 8794L5 3 L L
(4-8)
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() Fried parameters calculated for a (b) Fried parameters calculated for a varied
consistent C2 pro le. C2 pro le, with a higher C2 at the source.

Figure 4.3: Resulting Fried parameters after optimisation of Eq. (4.8). Both con-
strained (blue) and unconstrained (red) values are illustrated, showing that too few
phase screens can lead to suboptimal results.

This system of equations can then be solved according to two di erent constraints.
Firstly, due to the presence of a negative power({f:?’), the resulting values ofr,
must remain positive. Secondly, a constraint is placed upon the valuesrgf such
that the resulting log-amplitude variance, %, , for each screen does not exceed
20% of the total variance [81], i.e.

2 0:2 b2 3
X;Sw
2 3 2 5=3 3 5-6 5-6(22) & 2218
0 lo, 1:311k 5=6L5= (2T) (1 )
0 " 5=3 0:2 bygy
5 5
1< 02_ < 1:311k 561.5=6(23)8 (1 23)%
5=3 .
0 ro, 0:2 bZg,

2 5
1:311k 5=6L5:6(ZnL7+1)6(1 ZnTﬂ)g

This is done to ensure that phase uctuations within any single screen remain
within manageable limits and preserve simulation accuracy. If this constraint
were to result in deviations from the ideal values afy, , more atmospheric layers
can be introduced, therefore allowing 2, to be distributed over more screens.
Using these constraints, Eq. (4.8) can be evaluated to provide the nal Fried
parameters for each screen. Figure 4.3 illustrates two examples of Fried parameter
calculation: one whereC2 remains consistent along the propagation path, and
another whereC2 decreases from the source to the observation plane.

It can be seen in both cases that the constraints placed upon Eq. (4.8) result
in deviations from the idealry values which, as previously highlighed, can be
overcome by the introduction of additional phase screens.
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Figure 4.4: Modi ed von Karman Power Spectral Density, mvK where lp = 0:1m,

4.3.2 Phase Screen Generation

Once the Fried parameters are found, they are used to evaluate the modi ed von
Karman PSD, "‘iVK (f), for each screen (Eqg. (4.3)). Its Fourier series coe cients,
C»m, Can then be obtained via square root (and rescaling) as,

q

Cin;m = rr:VK (an;me) f

wheref,, and fy  are the spatial frequencies and f = 1=(N x). Random
realisations of these coe cientsc}. . , can then be found by multiplying by a zero
mean, unit variance Gaussian random series as,

qn;m = N (an;me J 07 1)Cin;m

This multiplication allows for the random nature of turbulence to be simu-
lated, resulting in no two phase screens being the same.

During simulation, a point source is propagated through each phase screen in
turn, each of which imparts a turbulence induced optical phase change(x;y).
Assuming that this imparted phase is a Fourier transformable function, it can be
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