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Abstract

Abstract

The classification 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 fluctuations in

the refractive index of air. When incident on a camera lens, such a distorted

wave results in blur and warping of the final image, therefore increasing the

difficulty 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 difficulties in data acquisition for turbulence mitigation, sim-

ulation tools are an obvious alternative to apply turbulence effects 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 off-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 classification 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 classification 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 classification accuracy. The

metrics that best aligned with this accuracy were identified 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 beneficial 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

diffraction limitations and atmospheric turbulence [5]. In both cases, the level

of control is extremely limited, as the physics of diffraction cannot be overcome,

and the amount of turbulence in the atmosphere cannot be controlled. In the

case of diffraction, the distortion is spatially invariant and is a known quantity.

The removal of its effects is therefore possible via deconvolution [6] and super

resolution techniques [7].

The effects 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 fluctuations 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 significant amount of spatial blurring and warping. These distor-

tions therefore increase the difficulty for tasks such as tracking or classification,

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 difficult, and can be approached in

two ways. The first 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 field [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 (CNNs) 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 classification, 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 classification [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 benefiting the turbulence imaging community.

In order to train deep learning networks, a large amount of diverse and accu-

rate data is first 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 difficult 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 significant 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 classification. 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 field 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 reflect 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 difficult to obtain. As different

works make use of different metrics and different datasets, it is therefore extremely

difficult to identify the best methods, as cross comparison is not possible.

3
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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 effects 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 different aspects

of the atmosphere can be altered for specific 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)

• Identification 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 different 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 finding 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 specific data, i.e. if the goal is

classification, then classification 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, TQI and TQIT . 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 firstly 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 off-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 classification, a greater performance can be obtained. This finding 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 finding, 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

classification results.

The conclusion of the thesis is then presented in Chapter 7 alongside possible

future directions of research.

6
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Chapter 2

Turbulence Theory and

Applications

2.1 Introduction

Atmospheric turbulence is caused by random fluctuations in the refractive index

of air [8]. These fluctuations can cause wavefronts to warp and distort as they

travel, resulting in difficulties for numerous signal processing tasks such as im-

age/video acquisition [30], communications [31] or classification/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 difficulty of these tasks include

observation through different atmospheric layers (air-to-ground or ground-to-air)

or ‘close-to-ground’ imagery, which is subject to more varied heat fluctuations

[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 affect 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 significantly 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 identification 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 classification can be severely impacted by atmospheric turbulence [24],

7
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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 first vital to

define a theoretical model of turbulence. However, constructing such a model

has proven challenging due to the extremely complex nature of turbulence, with

mathematical difficulties arising in the solving of the Navier-Stokes equations [41–

43]. Despite these challenges, researchers have formulated statistical theories by

observing turbulent fields 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 difficult task. Firstly, the number of factors that influence

the atmosphere is substantial, including observation distance, observation angle,

temperature and wind levels. Furthermore, the domain of the data in question

may be extremely specific (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 off’ 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 flexibility for the

development of mitigation algorithms.

8



Ch.2 Turbulence Theory and Applications

The remainder of the chapter is organised as follows. Section 2.2 first 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

different 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 affect 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,

Hatm (fx, fy), governs the frequency response between the object and the camera

lens. In the case of the camera setup, the OTF, Hlens (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 beneficial to define two key operators. These are the Fourier

transform and the inverse Fourier transform, defined as,

F{U(r)} = U(f) =

∫ ∞

−∞
U(r) e−2πifr dr

F−1{U(f)} = U(r) =

∫ ∞

−∞
U(f) e2πifr df

(2.2)

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−1 {H (fx, fy)} , (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 image, I, can be achieved via convolution in

the spatial domain as,

Î(x, y) = (I ∗ h)(x, y) =
∫∫

I(fx, fy)h(x− fx, y − fy) dfx dfy, (2.4)

where, Î is the resulting distorted image. Equivalently, the same action can be

achieved in the frequency domain via multiplication as,

Î(x, y) = F−1
{
I(fx, fy)H(fx, fy)

}
(2.5)

For spatially variant PSFs, each would need to be applied to its corresponding

pixel, therefore resulting in the following convolution,

Î(x, y) = (I ∗ h)(x, y) =
∫∫

I(fx, fy)hx,y(x− fx, y − fy) dfx dfy (2.6)

where no frequency domain counterpart exists for spatially varying PSFs.

Given the definition 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,

I(fx, fy) =
F
{
Î(x, y)

}
H(fx, fy)

=
Î(fx, fy)

H(fx, fy)
(2.7)

allowing the clean image to be reconstructed as,

I(x, y) = F−1 {I(fx, fy)} = F−1

{
Î(fx, fy)

H(fx, fy)

}
. (2.8)

This however would require the OTF H(fx, fy) to be nonzero over all frequencies,

and for the image Î 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 filter 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 amplification of noise.
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Figure 2.2: Airy disk pattern incident on camera sensor after passing through circular
aperture.

In line with Eq. (2.1), to obtain the full OTF of an imaging system, the OTF

of the contributing elements must first be obtained. Of these, it is the lens OTF,

Hlens(fx, fy), that is the easiest to model.

When light reaches the camera lens, it first passes through a circular diameter

aperture before reaching the camera sensor. The diameter of this aperture D is

usually variable, depending on the operator preferences, and can be a deciding

factor in image quality. It is more commonly expressed as the ratio F# = f
D
, where

F# is the f-number of the camera lens, and f 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 field (DOF) of the resulting image. For larger values of D, more light is

passed through, and produces a shallower DOF, whilst smaller values of D result

in a deeper DOF.

This circular aperture causes the incoming light to diffract, 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 diameter D

and focal length f , defined as,

d ≈ 1.22
fλ

D
(2.9)

where d is the radius from the central bright spot to the first dark ring and λ

is the wavelength of light. This Airy disk represents the PSF of the lens due to

diffraction, and therefore its OTF, Hdiff (fx, fy).

As for the atmospheric OTF, Hatm(fx, fy), it is more difficult to model. Due

to the nature of image capture, there exists a PSF for each point of light that
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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 final 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 final image. Blur is induced by both the

atmosphere OTF, alongside the diffraction OTF, and is directly related to the

size of the resulting Airy disk. The full formulation of Hatm(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

fluctuations in the air’s refractive index, which is known as optical turbulence

[42]. It is these fluctuations 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 firstly considered that the atmosphere is

a viscous fluid that can be categorised as one of two states of motion: laminar or

turbulent. In the case of laminar flow, no mixing occurs, resulting in a predictable

flow that has known characteristics. The flow becomes turbulent when mixing

occurs (i.e small temperature changes and wind), causing the flow to break into

subflows called turbulent eddies, where any predictable characteristics are there-

fore lost [42]. The point at which a fluid can transition from laminar to turbulent

flow can be determined by the nondimentional Reynolds number, Re, defined as

Re =
V l

v

where V , l and v are the velocity, length and kinematic viscosity of the fluid

respectively. At low values of the Reynolds number, fluids tend towards laminar

flow, whilst high Reynolds numbers characterise turbulent flow [42]. By consid-

ering the atmosphere as a fluid, the same principles can be applied in the case of

turbulence modelling.

Once a fluid transitions from laminar to turbulent flow, the resulting turbulent
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Figure 2.3: Illustration of the energy cascade theory [42].

subflows 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 size L0 and reduces in size

to l0, 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 vector R = (x, y, z)

is called a random field, denoted as u(R). This field is is considered statistically

homogeneous if its mean is independent of the spatial location R, and its co-

variance is only dependant on the spatial separation R = R2 −R1. Where R1

and R2 are two different points in space. It is further considered isotropic if it is

also invariant under rotations, i.e. the covariance is dependant only on the scalar

distance R = |R2 − R1|. The use of such mean and covariance values however

require the assumption that they are both constant over all space within the field

u(R). This is not the case for a turbulent atmosphere however, as the mean will

fluctuate over large distances. It is therefore assumed that the random field is

locally homogeneous, meaning that it can be decomposed as,

u(R) = m(R) + u1(R), (2.10)

where m(R) = ⟨u(R)⟩ is the non-constant mean, and u1(R) is the fluctuating

element with a mean of ⟨u1(R)⟩ = 0. Whilst statistically homogeneous random

fields can be well defined by their covariance function, locally homogeneous fields
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are better described by a structure function, defined as

Du (R1,R2) ≡ Du(R) =
〈
[u (R1)− u (R1 +R)]2

〉
(2.11)

which can be expanded as,

Du (R) = [m (R1)−m (R1 −R)]2 +
〈
[u1 (R1)− u1 (R1 −R)]2

〉
, (2.12)

where, if the two means m (R1) and m (R1 −R) are approximately the same, the

above can be simplified to,

Du (R) ≈
〈
[u1 (R1)− u1 (R1 −R)]2

〉
. (2.13)

Using dimensional analysis, Kolmogorov determined that, within the inertial

subrange, the structure function of wind velocity satisfies the universal 2/3 power

law [42],

Dv (R) =
〈
(V1 − V2)

2
〉
= C2

vR
2
3 , (2.14)

where V1 and V2 are the velocities at two points separated by the distance R,

and C2
v is the velocity structure parameter, and is a measure of energy within

the turbulence. Similar analysis can be performed for the potential temperature,

providing,

Dθ(r) = C2
θ r

2/3 (2.15)

where C2
θ is the potential temperature structure parameter. Note that the poten-

tial temperature θ is pressure independent, and is linearly related to the absolute

temperature T .

As with a locally homogeneous field (Eq. (2.10)), the refractive index at a

point R can be written as,

n(R) = µn(R) + n1(R), (2.16)

where µn(r) is the slowly varying mean and n1(r) is the zero-mean fluctuations.

The variations in refractive index is given as [41].

dn = 7.99× 10−5 dθ

T 2
. (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
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function to follow the same power law as that of Dθ(r), giving

Dn(R) = C2
nR

2/3, (2.18)

where C2
n is the refractive-index structure parameter, and is a measure of refrac-

tive index fluctuation strength, measured with units of m−2/3 Typical values of

C2
n range from 1× 10−16 (weak) to 1× 10−13 (strong).

The covariance function for a three dimensional statistically homogeneous and

isotropic random field is defined as

Bn(R) =
4π

R

∫ ∞

0

κΦn(κ) sin(κR)dκ (2.19)

where κ = |K| is the scalar wave number and Φn(κ) is the corresponding power

spectral density (PSD). The structure function D2
n is related to this covariance

function by,

Dn(R) = 2 [Bn(0)−Bn(R)] . (2.20)

This can therefore be expressed as,

Dn(R) = 8π

∫ ∞

0

κ2Φn(κ)

(
1− sinκR

κR

)
dκ (2.21)

which, when rearranged for Φn(κ), provides [42],

Φn(κ) =
1

4π2κ2

∫ ∞

0

sinκR

κR

d

dR

[
R2 d

dR
Dn(R)

]
dR. (2.22)

Using this and Eq. (2.18), Kolmogorov calculated the Kolmogorov power-law spec-

trum, defined as [45],

ΦK
n (κ) = 0.033C2

nκ
−11/3, 1/L0 ≪ κ ≪ 1/l0 (2.23)

where κ is the angular spatial frequency in rad/m. In order for this to be the-

oretically valid, it is assumed that the outer scale (L0) is infinite, and the inner

scale (l0) 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 effects could be included, one the simplest of which is the
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modified von Kármán PSD [41], defined as,

ΦmvK
n (κ) = 0.033C2

n

exp (−κ2/κ2
m)

(κ2 + κ2
0)

11/6
(2.24)

where κ is the angular spatial frequency measured in rad/m, κm = 5.92/l0 and

κ0 = 2π/L0. Noting that when l0 = 0 and L0 = ∞, Eq. (2.24) reduces to

Eq. (2.23).

It is this representation of the Power Spectral Density for turbulent fluctua-

tions that can be utilised to accurately model atmospheric conditions. As will be

detailed in Section 2.4, the modified von Kármán 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 Hatm(fx, fy).

2.2.3 Characteristics of Turbulence

Whilst C2
n is the most informative parameter for atmospheric turbulence, and is

the measure of turbulence strength, other parameters can be defined that allow

more control over atmospheric simulation.

One such parameter is the atmospheric coherence diameter (or Fried param-

eter) r0, which is a measure of optical transmission quality through a turbulent

atmosphere [49] measured in meters, with small values of r0 indicating a more

turbulent atmosphere. As stated in Eq. (2.9), the size of the diffraction PSF

is controlled by the aperture diameter D. The ratio of this diameter and the

Fried parameter, D
r0
, is a key indicator when considering the effects of a turbulent

atmosphere on an imaging system [50]. In the case that D
r0

< 1, the effects of

diffraction will outweigh those of turbulence. However, if D
r0

> 1, the distortions

due to turbulence begin to contribute more towards overall image quality where,

for the range of 1 < D
r0

< 2, the turbulence is considered as weak, and any ratio

of D
r0

> 4 is considered to be strong turbulence [51]. For a spherical wave, the

Fried parameter is defined as,

r0,sw =

[
0.423k2

∫ ∆z

0

C2
n(z)

( z

∆z

)5/3
dz

]−3/5

, (2.25)

which allows the modified von Kármán PSD to be redefined in terms of r0 as [41],

ΦmvK
ϕi

(f) =
0.023e−f2/f2

m

r
5/3
0 (f 2 + f 2

0 )
11/6

, (2.26)
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where the PSD is now written in terms of f , which is the frequency measured in

cycles/m, fm = 5.92/2πl0 and f0 = 1/L0.

Another key parameter of atmospheric turbulence is the isoplanatic angle θ0,

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 different, resulting in

different PSFs. For large values of θ0, the system tends towards isoplanatism, i.e

all paths through the atmosphere result in the same OTF. The isoplanatic angle

is defined as,

θ0 =

[
2.91k2∆z5/3

∫ ∆z

0

C2
n(z)

(
1− z

∆z

)5/3
dz

]−3/5

(2.27)

The final atmospheric parameter to define is that of the log-amplitude variance

σ2
x. This is a statistic that represents the fluctuations in the amplitude of the wave

as it is propagated [52]. High values of σ2
x relate to a higher variance, therefore

indicating more severe fluctuations in the wave amplitude. It is defined as,

σ2
χ,sw = 0.563k7/6

∫ ∆z

0

C2
n(z)z

5/6
(
1− z

∆z

)5/6
dz. (2.28)

Together, these three parameters allow the modified von Kármán 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 effects can be defined:

diffraction and refraction [41]. Diffraction is the effect 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: Illustration of a single point emitting a spherical wave, as per the Huygens-
Fresnel principle.

Figure 2.5: Coordinate system of two planes. Fresnel diffraction allows propagation
from one plane U(x1, y1) to another U(x2, y2).

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 point x can found, in

complex notation, as

U(x, t) =
z

r

eikr

r
=

z

r2
eikr, (2.29)

where eikr describes the spherical field [54], z
r
is the off-axis attenuation factor

and remaining 1
r
is the distance attenuation factor.
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Figure 2.5 illustrates two planes, separated by a distance z = L. As per the

Huygens-Fresnel principle, every point on the source plane U(x1, y1) acts as a

source emitting a spherical wave. Consequently, the field at any point on the ob-

servation plane U(x2, y2) can be found as the superposition of contributions from

all points on U(x1, y1). The total field U(x2, y2) is therefore obtained by integrat-

ing the effects of all the sources across the source plane. Such an integration is

also known as the Rayleigh-Sommerfeld Integral [54], and is given as,

U(x2, y2) =
1

iλ

∫∫
U (x1, y1)

L

r2
eikr dx1dy1 (2.30)

where r denotes the distance between two points on U(x1, y1) and U(x2, y2),

calculated using the Pythagorean theorem as,

r =

√
(x2 − x1)

2 + (y2 − y1)
2 + L2. (2.31)

The factor of 1
r2

in Eq. (2.30) can be approximated as 1
L2 , assuming that

L2 >> (x2 − x1)
2 + (y2 − y1)

2, giving,

U(x2, y2) =
1

iλL

∫∫
U (x1, y1) e

ikr dx1dy1 (2.32)

The same assumption cannot however be made in eikr, therefore requiring a more

careful approach. Eq. (2.31) can be expanded as

r = L

√
1 +

(x2 − x1)
2 + (y2 − y1)

2

L2
(2.33)

where, with the assumption that L2 >> (x2 − x1)
2 + (y2 − y1)

2, the square root

can be approximated with a first order Taylor expansion (
√
1 + α ≈ 1+ α

2
− . . . ),

giving,

r ≈ L

(
1 +

(x2 − x1)
2 + (y2 − y1)

2

2L2

)

≈ L+
(x2 − x1)

2 + (y2 − y1)
2

2L
.

(2.34)

This is the Fresnel approximation, and allows Eq. (2.32) to be rewritten as the
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Fresnel diffraction equation, defined as, [41]

U (x2, y2) =
eikL

iλL
eik

(x22+y2
2)

2L

×
∫ ∞

−∞

∫ ∞

−∞
U (x1, y1) e

ik
(x12+y1

2)
2L e−2πi(x2

x1
λL

+y2
y1
λL)dx1dy1.

(2.35)

By comparing this with Eq. (2.2), it can be observed that the exponent within the

Fresnel diffraction equation is the same as that found in the Fourier transform,

allowing the Fresnel diffraction equation to be rewritten as,

U(x2, y2) =
eikL

iλL
eik

(x22+y2
2)

2L F

{
U(x1, y1)e

ik
(x12+y1

2)
2L

}( x1

λL
,
y1
λL

)
(2.36)

In order to expand this equation to allow multiple propagations, as per the split-

step propagation method, it is first useful to define spatial (r1, r2) and spatial-

frequency vectors (f1) as,

r1 = (x1, y1) (2.37)

r2 = (x2, y2) (2.38)

f1 = (fx1, 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 defined

as,

Q[c, r]{U(r)} = ei
k
2
c|r|2U(r) (2.40)

V [b, r]{U(r)} = bU(br) (2.41)

F [r,f ]{U(r)} =

∫ ∞

−∞
U(r)e−i2πf ·rdr (2.42)

F−1[f , r]{U(f)} =

∫ ∞

−∞
U(f)ei2πf ·rdf (2.43)

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

U (r2) = Q

[
1

L
, r2

]
V

[
1

λL
, r2

]
F [r1, f1]Q

[
1

L
, r2

]
{U (r1)} , (2.44)

where the phase factor eikL in Eq. (2.36) can be ignored when using a reduced

field distribution [55]. It is at this point that the Fresnel diffraction equation

can be expanded for multiple consecutive propagations, and facilitate multi-step
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propagation. The following is the final form of this expansion

U (rn) =Q

[
mn−1 − 1

mn−1∆zn−1

, rn

]
n−1∏
i=1

{
F−1

[
f i,

ri+1

mi

]
Q2

[
−∆zi

mi

,f i

]
F [ri,f i]

(
1

mi

)}
{
Q

[
1−m1

∆z
, r1

]
U (r1)

}
,

(2.45)

where the key changes made between Eq.s (2.44) and (2.45) include the expansion

to allow different grid sizes between planes (m = ∆2

∆1
) and the generalisation of

up to n partial propagations [41]. Using this final form of the Fresnel diffraction

equation, any point source U(r1) can be propagated through the atmosphere

to provide the resulting field at the observation plane U(rn). This final 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 final 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 infinite 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 first representing the point source

as Ũpt (r1) and substituting it into the the Fresnel diffraction equation (Eq. (2.35))

as,

Ũ (r2) =
eikL

iλL
ei

k
2L(r22)

∫ ∞

−∞
Ũpt (r1) e

i k
2L(r21)e−i 2π

λL
(r1r2)dr1

which, after simplification and rearranging for Ũpt (r1) provides,

Ũpt (r1) = iλLeikLe−i k
2L(r21)

2

F−1
{
Ũ (λLf 1) e

−iπλLf2
1

}
(2.46)

where Ũ (λLf 1) is the complex field at the observation plane. This can then

further be simplified by defining the desired field at the observation plane as,

Ũ (r2) =
eikL

iλL
W (r2 − rc) e

i k
2L

|r2−rc|2 , (2.47)

where r2 = x2̂i + y2̂j is the spatial vector in the observation plane, rc = (xc, yc)
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Figure 2.6: Propagated irradiance and phase of the point source defined in Eq. (2.50)
for a region with a width of D = 8mm.
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Figure 2.7: Propagated irradiance and phase of the gaussian point source defined in
Eq. (2.51) for a region with a width of D̃ = 8mm.

is the location of the point source in the source plane and W (r2 − rc) represents

the aperture of the camera. Eq. (2.46) can therefore be rewritten as,

Ũpt (r1) = e−i k
2L(r21)ei

k
2L(r2c)FF−1

{
W (λLf 1 − rc) e

−i2πrcf1
}
. (2.48)

The operator W can be defined as a square region with a width of D as,

W (r2 − rc) = A rect

(
x2 − xc

D

)
rect

(
y2 − yc

D

)
(2.49)

which, when substituted into Eq.(2.48), simplifies to [41],

Ũpt (r1) = λLe−i k
2L(r21)

(
D

λL

)2

sinc

[
D (x1 − xc)

λL

]
sin c

[
D (y1 − yc)

λL

]
e
−
(

D
4λLr1

)2

(2.50)

Figure 2.6 shows the resulting irradiance field after propagation of Eq. (2.50). It

can be seen that the resulting field 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: Illustration of a lens transform, that converts a plane wave into a spherical
wave focused at the focal length f .

It is therefore desirable to mitigate this aliasing by introducing a Gaussian into

the point source equation. Such a gaussian point source can be defined as,

Upt(x, y) = λLα2e−i k
2L(x2+y2) sinc[αx, αy]e−

α2

16 (x2+y2) (2.51)

where α = D̃
λL

and D̃ is the desired width of the amplitude field 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 first 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 defined as,

eiϕlens = e−ik x2+y2

2f . (2.52)

Therefore, to obtain the field at the back of the lens, the wave at the front of the

lens, U(x, y, 0), is simply multiplied by this transfer function [54] as,

U(x, y, 0)e−ik
(x2+y2)

2f
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This spherical wave can then be propagated to the focal plane with the Fresnel

diffraction equation as defined in Eq. (2.36) giving,

U(x, y, f) = eik
(x2+y2)

2f F

{
U(x, y, 0)e−ik

(x2+y2)
2f eik

(x2+y2)
2f

}(
x

λf
,
y

λf

)

= eik
(x2+y2)

2f F{U(x, y, 0)}
(

x

λf
,
y

λf

)
.

(2.53)

where U(x, y, f) is the field 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 field at the focal plane, the

factor of eik
(x22+y2

2)
2f is cumbersome and can be removed by analysing the rela-

tionship between the field at the front focal plane, U(x, y,−f), and U(x, y, 0).

The relationship between these two planes is defined by the angular-spectrum

propagation of a wave [41] as,

F{U(x, y, 0)}
(

x

λf
,
y

λf

)
≈ F{U(x, y,−f)}

(
x

λf
,
y

λf

)
e−ik

(x2+y2)
2f (2.54)

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

U(x, y, f) = eik
(x22+y2

2)
2f F{U(x, y,−f)}

(
x

λf
,
y

λf

)
e−ik

(x22+y2
2)

2f (2.55)

where the two quadratic phase factors cancel out to give,

U(x, y, f) = F{U(x, y,−f)}
(

x

λf
,
y

λf

)
. (2.56)

Given this, an assumption can be made that the observed field after propagation

lies at z = L − f instead of z = L. This allows the field at z = L + f to be

obtained via a simple Fourier transform.

The final step required before an PSF is obtained is that of conversion from

field amplitude to intensity. For incoherent light, this is achieved via a squaring

operation [41] as,

I(x, y, f) = |U(x, y, f)|2 (2.57)

This therefore represents the final PSF of the turbulent path through the

atmosphere, and can be applied to the final image. By repeating this process for

each source of light in an image, a final turbulence image can be formulated.
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(a) Turbulent image of a
ship from Nieuwenhuizen et

al. [56].

(b) Turbulence examples
from CLEAR dataset [57].

(c) Turbulent and ground
truth resolution pattern from

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 different factors such as wind velocity, heat and object

distance. The acquisition of suitable data is therefore an extremely difficult 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 difficulties 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 fixed 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

25



Ch.2 Turbulence Theory and Applications

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 CLEAR2 [13]. In the case of CLEAR, six dynamic sequences were ob-

tained with real turbulence distortion present, and for CLEAR2, 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 UG2 (Now UG2+) competition for image enhancement, with the specific

goal of facilitating the automation of post-acquisition processing. In 2022, this

competition expanded to include a specific 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 beneficial to understand the level of turbulence within a given
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sequence, i.e. what is the representative C2
n value. In these cases, it is not just

the turbulent images/videos that is required, but also the ground truth C2
n value,

which can be obtained with a scintillometer. 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 perform C2
n estimation. Similarly, Tunick et al. [8]

took C2
n measurements over a distance of 2.3km for the purposes of turbulence

characterisation for different atmospheric conditions. Using this data, a better

understanding of how the atmosphere may affect 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
n

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 different targets at three different ranges (800m, 1500m

& 4000m). Then, from these charts, metrics such as blur and tilt were extracted,

therefore allowing the better mitigation algorithm to be identified. 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
n 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 difficulties 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 different 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 effects. 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-off 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 OTF H(fx, fy) which, in the case of turbulence, can be

represented by spatially varying warp and blur. It is therefore these two effects

that computer simulations aim to recreate.

The simplest way to represent H(fx, fy) for turbulence is to first isolate the

two effects, 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 effects, 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 difference lying in the fact that

tilt-then-blur models first 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 effect 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 first 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 effects of warp and blur, a single PSF can be generated that
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represents both effects. Such PSFs are estimated using the OTF of an imaging

system, as defined in Eq. (2.1) where the atmospheric OTF, Hatm ,α(ρ), is defined

as [46],

Hatm,α(ρ) = exp

{
−3.44

(
λlρ

r0

)5/3
[
1− α

(
λlρ

D

)1/3
]}

(2.58)

where ρ =
√
u2 + v2, and u and v are the spatial frequency coordinates measured

in cycles/m. The variable α is a measure of tilt compensation, with α = 0 being

no compensation, and α = 1 being full compensation. The two resulting transfer

functions, Hatm,0(ρ) and Hatm,1(ρ), relate to the long exposure (LE) and short

exposure (SE) OTFs respectively. The diffraction-limited OTF for a circular

pupil, Hdif(ρ), is defined as [74],

Hdif(ρ) =


2
π

[
cos−1

(
ρ
ρc

)
− ρ

2ρc

√
1−

(
ρ
ρc

)2]
ρ ≤ ρc

0 else,

(2.59)

where ρc is the optical cut-off frequency and is defined as

ρc =
D

λl
.

By modelling the atmosphere with Hatm,α and Hdif, a 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 coefficients to be transformed into PSFs basis

coefficients, 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 efficient approximation method. Furthermore,

the simulator is expanded to allow a near-continuous C2
n profile 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 affects, 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 modified von Kármán PSD as defined in Eq. (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 final 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 briefly 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 effective 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 beneficial in generating more of what is

already available, their ability to generate turbulence outwith their training data

is a significant 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

31



Ch.2 Turbulence Theory and Applications

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 UG2+ competition. Furthermore, in the two works from Zhang et al.

[87, 88], four different 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 specific 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 H(fx, fy)

for turbulence distortion. For turbulence mitigation, it is the inverse of H(fx, fy)

that is required, such that the original clean image can be recovered.

The difficulty in turbulence mitigation is in the spatially varied nature of

H(fx, 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 image Iout,

there exist an extremely large number of possible clean images Iin.

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. In this, different algorithms/frameworks may follow different paths as shown

by the different coloured arrows, applying different 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 identified 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
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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 first 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 significant 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 filter [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 defined

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 first 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 definitions

such as the modified von Kármán PSD. The key characteristics of turbulence were

also defined, where the Fried parameter, isoplanatic angle and log-amplitude vari-

ance provide useful insights into the nature of a turbulent volume over a defined

propagation distance. The Fresnel diffraction 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 effects of a camera system were also

defined, where it was shown that the aperture of a camera imposes a diffraction

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 different methods used to simulate the effects 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 classification and denoising is extremely

desirable as computer algorithms are able to perform extremely fast calculations,

therefore facilitating much more efficient 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 classification, 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 difference 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 classification 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 classification [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 field 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 field of turbulence mitiga-

tion is the difficulty of data acquisition. A problem that is further amplified 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 classification. It is therefore important that the metrics used to evaluate

the quality of deep learning models reflect this ultimate goal.

The choice of such a metric is a difficult task, as image quality assessment

(IQA) itself is a very popular and well researched field. 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 specific 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 first 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 specific 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

different 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 difficult 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 difficult for a computer to perform similar

tasks. According to a computer, an image of a dog is simple 0s 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 Artificial Intelligence (AI), where

a complete AI system would be able to think for itself, and create new ideas. A

more simple approach to AI 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 firstly requires data with which to train an algorithm. For

the task of classification 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 Artificial 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 ”fire” (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

field has undergone significant 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 offer 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 identification 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

different 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 identifies 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 first 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 filters 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: Illustration of a simple convolutional layer, with a 3x3 kernel and a stride
of 1.f

of size 3x3 or 5x5. These kernels are first 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 first ‘pad’ the input, such that the output size matches that of the

input. The mathematical representation of the convolution operation is given as,

Y (i, j) =
M−1∑
m=0

N−1∑
n=0

K(m,n) ·X(i+m, j + n) (3.1)

where, as seen in Figure 3.2, M and N are the dimensions of the convolutional

kernel K and the term X(i+m, j + n) represents the M ×N region of the input

image corresponding to the pixel at location (i, j).

The application of multiple convolutional kernels, allows each to inherently

learn a specific 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, where H, 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 size H ′ ×W ′ × 64, where H ′ and

W ′ 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 final 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 field 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 first 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 specific methods have been proposed for specific 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 Rectified 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: Different 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 final technique used across ML literature is that of regularisation. Due to

a models significant number of learnable parameters, it can quite easily overfit

on a given dataset. Overfitting 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 overfitting, 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

flipping. This essentially increases the size of the training dataset, making it

more difficult for the model to memorise. A final 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-

43



Ch.3 Deep Learning and Image Quality Metric Analysis

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 classification, a common loss function is that of Softmax [26],

which is defined as,

ŷi = softmax (zi) =
ezi∑
j e

zj
(3.2)

where z = [z1, z2, ...] are the raw outputs from the classifier (also called logits),

and the outputs represent the probability of each class. These probabilities are

then passed to a cross-entropy loss, defined as

L = −
∑
i

yi log (ŷi) (3.3)

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), defined as,

L =
1

n

n∑
i=1

|yi − ŷi| (3.4)

L =
1

n

n∑
i=1

(yi − ŷi)
2 (3.5)

where ŷi is the model output and yi is the corresponding ground truth. These

are also referred to as the L1 and L2 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 final 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 defined as,

L =

√
∥ŷ − y∥2 + ε2. (3.6)

When the error ŷ − y 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,

θ∗ = argmin
θ

L (fθ(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 finding the global minimum.

where θ represents all the learnable parameters within the model, such as weights

and biases. The term fθ(x) is the output of the model given an input x and

L (fθ(x), y) represents the resulting loss, given the model output and the ground

truth y. The iterative process of batch training allows the weights θ to slowly

‘walk’ towards the ideal solution θ∗ 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,

gi =
∂L(θ)
∂θi

(3.8)

where gi is the gradient associated with the parameter θi. 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 defined learning rate,

which is a tunable parameter during training. During this iterative process,

the loss should continue to fluctuate (hopefully in a downward fashion) until it

plateaus, where it could be considered that the minimum has been found, i.e.

θ∗ 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 finding 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 fine-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,

mt = β1 ·mt−1 + (1− β1) · gt (3.9)

vt = β2 · vt−1 + (1− β2) · g2t (3.10)

where mt, vt and gt are the first moment (Momentum), second moment (mean of

squared gradients) and the current gradient at the time step t respectively. The

parameters β1 and β2 control the level of decay present in each moving average,

and are typically set to values of β1 = 0.9 and β2 = 0.999. To avoid the potential

bias problems due to mt and vt being initialised at zero, they are first corrected

as,

m̂t =
mt

1− βt
1

, v̂t =
vt

1− βt
2

(3.11)

where, due β1 and β2 being raised to the raised power of t, as training continues,

the denominator slowly approaches 1, therefore reducing this bias correction. The

parameters θ are then updated as,

θt = θt−1 − η · m̂t√
v̂t + ϵ

(3.12)

where η is the learning rate provided as a parameter to the model.

A final 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 difficult 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 field, 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 η, as this is what controls the steps taken during gra-

dient decent, and can easily restrict a model from training if chosen incorrectly.

46



Ch.3 Deep Learning and Image Quality Metric Analysis

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 different 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 defined intervals
(e.g. every 10 epochs).

Exponential Decay Learning rate decreases exponentially over time, with a
defined 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 first key trend is the development, and use, of encoder-decoder archi-

tectures. These models provide the ability to map inputs to outputs by first

encoding the input into a latent representation, which is then decoded to gener-

ate an output. This architecture differs significantly from classification 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 benefit 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 input x, and aims to produce an output x̂ 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 different fields.

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 image y:

y = x+ n (3.13)

where x is the ideal, sharp image and n is the distortion applied to the image. The

inclusion of a skip connection allows the network to simply learn the residual, n,

which can then be subtracted from the original input x. 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, first 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) Illustration of two dilated convolution operations, with varied dilation rates. Such
convolution allows a larger receptive field [117].

(b) Example cases of deformable convolutions, where the offset 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 beneficial 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 field. Deformable convolutions

on the other hand, permit each each kernel weight to move around freely. Such

movement is governed by learnable offset 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 field of machine learning.

Firstly, several classification 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

EfficientNet [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 classifications. 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, EfficientNet improves on earlier models by carefully balancing how

deep, wide, and high-resolution the network is, and uses efficient building blocks

and attention mechanisms to focus on the most important features in an image.

It therefore represents an extremely accurate and efficient classification model

While classification 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 difference. 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 specific 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 significantly, 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 first 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
identified for the given image [127]

.

size 16x16, which are then flattened 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 classification prediction. This process allowed the ViT to

attend to different 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 effectively than traditional CNNs,

enabling improved performance. Significant 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 efficiency 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-off classification, 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 specific details such as ”A photo of a golden

retriever playing in the grass” allows more flexibility away from predetermined

classes. The most common model for this task is that of CLIP (Contrastive
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Language–Image 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 identifies 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 diffusion 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 Diffusion 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 diffusion 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 diffusion,

such as DALL-E [129]. In this, a text prompt is encoded using a technique like

CLIP. Then as diffusion is taking place, the model can attend to this encoding,

therefore steering the final 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 models with turbulent data, the use of

two separate techniques (mitigation then classification) can be replaced by a sin-

gle model (classifcation through 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 classification. The recent work from Piscaer et

al. [24] uses the EasyOCR engine to transfer a text recognition model to the field

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 different approaches. The first approach is fully

convolutional, and simply takes a sequence of frames, and outputs a predicted C2
n

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
n. Similarly, the work from Celik et al. [133] make

use of a neural network to estimate C2
n 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 Hoffmire [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 first 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 first 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 significant improvements. This finding was

then confirmed 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

field.

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

UG2+ challenge for turbulence mitigation.

Another popular approach to turbulence mitigation is the utilisation of GANs

[25, 59, 75, 144, 145, 156], especially in the field 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 different permutations

along two paths, before being fused together by a final 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
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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 GANs,

and towards diffusion 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 first to apply

diffusion for facial recognition and Wang et al. [158] applying diffusion to natural

scenes.

As well as diffusion, 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 diffusion 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 influence 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. It is 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
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in many different 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 coefficients have been developed, namely the Pear-

son Linear Correlation Coefficient (PLCC) [167], Spearman’s Rank Correlation

Coefficient (SRCC/SROCC) [168], and Kendall’s Rank Correlation Coefficient

(KRCC/KROCC) [169], where each coefficient emphasises different aspects of

the relationship between the metrics and the MOS.

PLCC is calculated as

PLCC =

∑n
i=1 (xi − x̄) (yi − ȳ)√∑n

i=1 (xi − x̄)2 ·
√∑n

i=1 (yi − ȳ)2
(3.14)

where n is the number of observations, xi and yi are the values of the two lists

(metric scores vs MOS), x̄ and ȳ are the means of x and y. This coefficient is able

to measure the strength and direction of the linear relationship between metric

scores and MOS. The PLCC has a value of −1 for a perfect negative correlation,

and +1 for a perfect positive correlation. SRCC is calculated as

SRCC = 1− 6
∑n

i=1 d
2
i

n (n2 − 1)
(3.15)

where n is the number of observations, di = R (xi)−R (yi) and R (xi) and R (yi)

are the ranks of xi and yi. This coefficient measures the strength and direction of

the monotonic relationship between metric scores and MOS. Unlike the PLCC,

the SRCC first ranks the two sets of scores (R (xi) and R (yi)), and then finds

correlation. KRCC is calculated as

KRCC =
C −D√

(C +D + Tx) (C +D + Ty)
(3.16)

where C is the number of concordant pairs, D is the number of discordant pairs

and Tx and Ty are the number of tied pairs in x and y, 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 coefficient 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 beneficial to examine
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Figure 3.9: Illustrating 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 classification task. If, for example, a

metric were able to reliably assign higher scores to correctly classified images and

vice versa, it could be used as a classification ’proxy’, indicating the likelihood of

correct classification. An issue with this approach however is that, when training

a classification 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 classification bias. Take the task of animal classifi-

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 classification 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 τ

as:

TPR(τ) =
TP (τ)

TP (τ) + FN(τ)
, TNR(τ) =

TN(τ)

TN(τ) + FP (τ)
.

The Balanced Accuracy is then defined as [170]:

Balanced Accuracy(τ) =
TPR(τ) + TNR(τ)

2
× 100. (3.17)

Where the value of τ can be altered until an optimal threshold τ ∗ is found such
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that

τ ∗ = argmax
τ

Balanced Accuracy(τ), (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

difficult. 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 difficult 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 efficient 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-off between ‘distortion’ and ‘perceptual’ quality. Where they define ’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 different 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 AI

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 Definition (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 different 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 different 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 diffi-

cult task, therefore prompting the development of new metrics more specifically

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], KonIQ-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 IQA, 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

techniques 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 different 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 find

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 affected 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 UG2+ 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, classification

and keypoint identification. 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

beneficial 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 finding is further supported by the work of Groff et al. [207],

who, after comparing the various SSIM techniques, identified CW-SSIM as the

most effective.

In line with identifying metrics that agree with turbulence levels, the work

from Sharghi et al. [208] apply metrics to real turbulence, and aim find the metric

that best correlates with the measured C2
n 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 with C2
n.

As in the work from Anantrasirichai et al. [57], several works have aimed to

develop a metrics specifically 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
n in an image using a neural network where, for training purposes,

real turbulent images were acquired alongside the measurement of C2
n.

Another turbulence specific 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 first detailed here, where, due to the abundance of metrics

developed in the IQA field, a full test of all available metrics would be infeasible.

The metrics used are implemented using the PyIQA 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 firstly be seen

that some metrics report ‘highest best’ (↑) scores, whilst others report ‘lowest

best’ (↓), with the former indicating that higher scores reflect 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

Architecture
Mathematical

ApproachMin Max

NR

ARNIQA ↑ [211] 0 1 2024 SimCLR* [212]
BRISQUE ↓ [213] 0 100 2012 NSS −→ SVM
CLIPIQA ↑ [214] 0 1 2023 CLIP [127]
LIQE ↑ [215] 1 5 2023 CLIP [127]

MANIQA ↑ [180] 0 1 2022 ViT [125]
NIQE ↓ [216] 0 100 2012 NSS −→ MVG
PI ↓ [217] 0 100 2018 Ma et al.[218] and NIQE [216]

PIQUE ↓ [219] 0 100 2015 MSCN coefficients
Q-ALIGN ↑ [220] 1 5 2023 LLM†

QualiCLIP ↑ [186] 0 1 2024 CLIP [127]
TOPIQ NR ↑ [174] 0 1 2024 ResNet-50 [114]

FR

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]

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] 0 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

†LLM model: mPLUG-Owl02 [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 first calculating the Mean Subtracted Contrast

Normalised (MSCN) coefficients of an image as,

Î(i, j) =
I(i, j)− µ(i, j)

σ(i, j) + C
(3.19)

where i and j are spatial indices, C is a stability constant and the terms µ(i, j)

and σ(i, j) are defined as,

µ(i, j) =
K∑

k=−K

L∑
l=−L

wk,lIk,l(i, j) (3.20)

σ(i, j) =

√√√√ K∑
k=−K

L∑
l=−L

wk,l (Ik,l(i, j)− µ(i, j))2 (3.21)

where K = L = 3 are the height and width of a local patch, wk,l is a Gaussian

weighting function and µ(i, j) is the mean of the local patch. These MSCN

coefficients are then fit 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 prompts t1 and t2, the cosine similarity be-

tween them and the image embedding x can be evaluated as,

si =
x⊙ ti

∥x∥ · ∥ti∥
, i ∈ {1, 2}, (3.22)

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

s̄ =
es1

es1 + es2
(3.23)

which therefore provides a score of how similar the image is to the prompt t1

(‘good image’), so a higher score corresponds to a better quality image.

LIQE[215]: The Language-Image Quality Evaluator metric also make use of

the CLIP vision-language model [127]. In this case, the metric first builds 495

different possible prompts, with the template ”a photo of a(n) {s} with {d}
artifacts, which is of {c} 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 c are then computed using cosine similarity. Following

a marginalisation and discretisation step, a final 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 final image score.

NIQE[216]: Similarly to BRISQUE, the Natural Image Quality Evaluator first

extracts the MSCN coefficients from the image, which is then partitioned into

patches, selected via their local sharpness, calculated as

δ(b) =
∑ ∑

(i,j)∈ patch b

σ(i, j) (3.24)

where σ(i, j) is the locally weighted standard deviation, calculated using Eq. (3.21).

Patches that surpass a threshold are then selected for full characterisation, where,

67



Ch.3 Deep Learning and Image Quality Metric Analysis

similarly to BRISQUE, a set of 36 features are extracted via the GGD and the

AGGD. Unlike BRISQUE, NIQE then fits a Multivariate Gaussian Distribution

(MVG) to these features (from multiple patches and images) to provide a natural

model mean and covariance: µn and Σn. The quality of an unseen image can

then be evaluated by fitting an MVG to the test image, providing µt and Σt. The

NIQE score is then evaluated as,

NIQE =

√
(µt − µn)

T

(
Σt + Σn

2

)−1

(µt − µn) (3.25)

PI[217]: The Perception Index is calculated as the average of the NR metric from

Ma et al. [218] and NIQE. It is defined as follows:

PI =
1

2
((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 coefficients extracted from an image. These coefficients 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 coefficients. 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 final metric is then calculated as,

PIQUE =
Number of distorted blocks

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 (ViT) 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-Owl02 LLM [225], which is fine-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 fine-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 different from one another due to their overlap.

TOPIQ NR[174]: This network, referred to internally as CFANet, first 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-

finement of the features before they are processed progressively by Cross-Scale

Attention (CSA) blocks. Finally, a pooling operation and MLP is used to define

the final 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 ViT, and passed to a Patch-Prediction module. This

module aims to perform spatial attention and patch-wise scoring to formulate a

final 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,

CW-SSIM(cx, cy) =
2
∑N

i=1 |cx,i||cy,i|+ k∑N
i=1 |cx,i|2 +

∑N
i=1 |cy,i|2 + k

·
2
∣∣∣∑N

i=1 cx,ic
∗
y,i

∣∣∣+ k

2
∑N

i=1

∣∣cx,ic∗y,i∣∣+ k
(3.28)

where N is the number of coefficients used in the local patch, cx and cy are

the complex wavelet coefficients from x and y respectively, with cx,i and cy,i

representing the ith coefficients of the local patch. c∗y,i indicates the complex

conjugate of cy,i. 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 modified VGG [120] to embed the distorted and ground truth images into

5 muliti-scale feature maps. For each scale, a difference score is evaluated that

makes use of the feature maps mean and standard deviation. The sum of these

difference across the 5 scales is then multiplied by two learnable weights to provide

a final 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

FSIM =

∑
x∈Ω PCm(x) · SL(x)∑

x∈Ω PCm(x)
(3.29)

Here, Ω is the spatial area in question (i.e. the whole image, or a local patch).

The term PCm(x) is the maximum phase congruency value between the reference

and test images at pixel x. The local similarity measure SL(x) is defined as

SL(x) = SPC(x) · SGM(x)

where SPC(x) is the similarity of phase congruency and SGM(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 classifi-

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,

MS-SSIM(x, y) = [lM(x, y)]αM ·
M∏
j=1

[cj(x, y)]
βj · [sj(x, y)]γj (3.30)

where M is the total number of scales (commonly M = 5) and lM(x, y) is the

luminance comparison at the largest scale M . The terms cj(x, y) and sj(x, y)

are the contrast and structure comparisons at scale j respectively. Finally the

terms αM , βj, and γj 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,

PSNR = 10 · log10
(

L2

MSE

)
(3.31)

where MSE is the using the Mean Squared Error, defined as

MSE =
1

mn

m∑
i=1

n∑
j=1

[I(i, j)− I ′(i, j)]2 (3.32)

where L is dynamic range (i.e. 255 for 8 -bit images), I ′ is processed output
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image, I is the original image, and m 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,

SSIM(x, y) =
(2µxµy + c1) (2σxy + c2)(

µ2
x + µ2

y + c1
) (

σ2
x + σ2

y + c2
) (3.33)

where µx and σ2
x are the mean and variance of x, and µy and σ2

y are the mean

and variance of y respectively and σxy is the covariance between x and y. c1 =

(k1L)
2 , c2 = (k2L)

2 are small constants for the stabilisation of the division (typi-

cally k1 = 0.01 and k2 = 0.03). Finally, as with PSNR, L is the dynamic range.

TOPIQ FR[174]: In order to utilise the TOPIQ metric for FR IQA, the same

basic structure is used as was defined 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 final 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

ANNs to CNNs. Due to the nature of this thesis, specific 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 specific 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 field 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 different

metrics, where no metric has an unfair advantage. This therefore allows the best

metrics to be identified, and utilised in adjacent research.

When such datasets are used to find IQA metrics, it is common that each

image is first provided a quality score via human observation, therefore providing

a Mean Opinion Score (MOS) for each image. It is this MOS that the different

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 classification 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 different 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 fluctuations 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 affected 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 difficult to obtain such a dataset of turbulence

affected 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 off. 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 effects 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 effects 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 first needs to understand what a turbulent

image is, before being able to recreate the effects.

Of these methods, it is the 3D propagation model that is the most theoreti-

cally justifiable [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 defined 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 final 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 defined. 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 final simulator is comprehensive, where not only the

atmospheric conditions can be defined, 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 difficulty 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 classification.

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 first 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 final 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 final 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 final 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 distance, L, is separated into n− 1 layers,

with n phase screens separated equidistantly between the source and observation

planes. Each screen lies at a location zn, and represents the atmospheric volume

spanning the distance ∆zn−1 (e.g. the volume between z1 and z2 is characterised

by the phase screen at z2). It is therefore worth highlighting the absence of a

phase screen at location zn = L. This is due to the fact that, during anisoplan-

tic simulation (Section 4.5), the final 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 final 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 (z1) 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 and N 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 (z1) is propagated through each phase screen (z2 → zn−1) to the observa-
tion plane (zn). A PSF is then generated via the lens equation over the distance f .

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

∆x =

(
λL

N

) 1
2

(4.1)

where λ is the wavelength of the light. By rearranging this equation, the sample

count N can be evaluated as

N =
X2

λL
. (4.2)

These equations allow the sample count and spacing to be evaluated according

to the desired volume width X. For the simulation of a camera system, X is

related to the diameter D of the camera aperture by X = sD, where s 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.e s ≥ 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. Choose s such that (s ≥ 4)

2. Calculate the width of the propagation volume (X = sD)

3. Calculate the sample count N (as in Eq. (4.2))

4. Round N to the nearest power of 2
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Table 4.1: User input parameters for turbulence simulation.

Symbol Description Category

C2
n refractive-index Structure Parameter

Turbulence
Characteristics

l0 Inner scale

L0 Outer scale

λ Wavelength of light

Sub Count No. of Subharmonics

Nsubharm Subharmonic grid size

D Camera aperture diameter

Propagation
Environment

L Propagation distance

nscr Number of phase screens

skip Pixel skip

Image Pixels Output Frame size

Output
Requirements

frame count
Number of video frames

to synthesise

turbSpeed
How fast the turbulence
moves between frames

turbDirection
Which direction the turbulence

moves between frames

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 defined in Chapter 2, the modified von Kármán Power Spectral Density (PSD)

Function is defined as,

ΦmvK
ϕi

(f) =
0.023e−f2/f2

m

r
5/3
0i

(f 2 + f 2
0 )

11/6
, (4.3)
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where f is the frequency in cycles/m, fm = 5.92/2πl0 and f0 = 1/L0. Note that

the PSD is now defined in terms of r0i , which facilitates the generation of each

phase screens by its own corresponding Fried parameter. In order to find the

Fried parameter for each screen, the behaviour of C2
n along the propagation path

must first be studied.

This can be represented by the three different characteristics of turbulence,

highlighted in Chapter 2, namely: the atmospheric coherence diameter (Fried

parameter) (r0), the isoplanatic angle (θ0) and the log-amplitdue variance (σ2
x).

Each of which can be evaluated with respect to the C2
n value of each screen (C2

ni
),

and are computed using the discrete-sum versions of the originals as,

r̂0,sw =

[
0.423k2

n∑
i=1

(
C2

ni

) (zi+1

L

) 5
3
∆zi

]− 3
5

(4.4)

θ̂0 =

[
2.91k2L

5
3

n∑
i=1

(
C2

ni

) (
1− zi+1

L

) 5
3
∆zi

]−3/5

(4.5)

σ̂2
x,sw = 0.563k

7
6L

5
6

n∑
i=1

(
C2

ni

) (zi+1

L

) 5
6
(
1− zi+1

L

) 5
6
∆zi (4.6)

where it is worth noting the presence of i+ 1 for each position z. This is due to

the fact that the source plane is located at z1, meaning that the first screen, C2
n1
,

is located at position z2, as shown in Figure 4.1.

Given that each of these parameters is expressed as weighted sums of C2
n, a plot

can further illustrate their importance at different locations along the propagation

distance. This is shown in Figure 4.2. It can be seen that each parameter displays

different characteristics at different points along the propagation path, with the

Isoplanatic angle being most prevalent at the beginning of propagation, and the

fried parameter coming more into effect nearer the observation plane. The log-

amplitude variance is most apparent in the middle of propagation. By using all

three of these parameters, the C2
n can be accurately represented along the entire

propagation path, as shown by the dotted line.

The Fried parameter for each screen, with respect to C2
ni
, is defined as

r0i =
[
0.423k2C2

ni
∆zi
]− 3

5 ,
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Figure 4.2: C2
n weighting of the Fried Parameter (r0,sw), Isoplanatic Angle (θ0) and

Log-Amplitude Variance (σ2
x,sw). The sum of which provide a consistent C2

n weighting
over the entire optical path.

and can be rearranged to give

C2
ni

=
r
− 5

3
0i

0.423k2∆zi
, (4.7)

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

r̂0,sw =

[
n∑

i=1

r
−5/3
0i

(zi+1

L

) 5
3

]− 3
5

σ̂2
x,sw = 1.311k− 5

6L
5
6

n∑
i=1

r
−5/3
0i

(zi+1

L

) 5
6
(
1− zi+1

L

) 5
6

θ̂0 =

[
n∑

i=1

L
5
3

(
1− zi+1

L

) 5
3
6.8794r

−5/3
0i

]−3/5

Using these equations, the values of r0 for each screen can then be calculated

by building a system of equations as,
(r̂0,sw)

−5/3

σ̂2
x,sw

1.311k−5/6L5/6

(θ̂0)
−5/3

6.8794L5/3

 =


(
z2
L

)5/3 · · ·
(
zn+1

L

)5/3(
z2
L

) 5
6
(
1− z2

L

) 5
6 · · ·

(
zn+1

L

) 5
6
(
1− zn+1

L

) 5
6(

1− z2
L

) 5
3 · · ·

(
1− zn+1

L

) 5
3




r
−5/3
01
...

r
−5/3
0n

 .

(4.8)
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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 different constraints.

Firstly, due to the presence of a negative power (r
−5/3
01

), the resulting values of r0i
must remain positive. Secondly, a constraint is placed upon the values of r0i such

that the resulting log-amplitude variance, σ̂2
x,sw, for each screen does not exceed

20% of the total variance [81], i.e.


0

0
...

0

 <


r
−5/3
01

r
−5/3
02
...

r
−5/3
0n

 <



0.2×σ̂2
x,Sw

1.311k−5/6L5/6( z2
L )

5
6 (1− z2

L )
5
6

0.2×σ̂2
x,sw

1.311k−5/6L5/6( z3
L )

5
6 (1− z3

L )
5
6

...
0.2×σ̂2

x,sw

1.311k−5/6L5/6(
zn+1

L )
5
6 (1−

zn+1
L )

5
6


.

This is done to ensure that phase fluctuations within any single screen remain

within manageable limits and preserve simulation accuracy. If this constraint

were to result in deviations from the ideal values of r0i , more atmospheric layers

can be introduced, therefore allowing σ̂2
x,sw to be distributed over more screens.

Using these constraints, Eq. (4.8) can be evaluated to provide the final Fried

parameters for each screen. Figure 4.3 illustrates two examples of Fried parameter

calculation: one where C2
n remains consistent along the propagation path, and

another where C2
n 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 ideal r0i values which, as previously highlighed, can be

overcome by the introduction of additional phase screens.
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Figure 4.4: Modified von Kármán Power Spectral Density, ΦmvK
ϕ , where l0 = 0.1m,

L0 = 300m and r0,sw = 0.1.

4.3.2 Phase Screen Generation

Once the Fried parameters are found, they are used to evaluate the modified von

Kármán PSD, ΦmvK
ϕi

(f), for each screen (Eq. (4.3)). Its Fourier series coefficients,

cn,m, can then be obtained via square root (and rescaling) as,

cin,m =
√

ΦmvK
ϕi

(fxn , fym)∆f

where fxn and fym are the spatial frequencies and ∆f = 1/(N∆x). Random

realisations of these coefficients, ĉin,m , can then be found by multiplying by a zero

mean, unit variance Gaussian random series as,

ĉin,m = N (fxn , fym | 0, 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, ϕ(x, y).

Assuming that this imparted phase is a Fourier transformable function, it can be
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Figure 4.5: Three stages of phase screen construction. Left: Low frequency screen
generated via subharmonics. Middle: Phase screen generated by sampling ΦmvK

ϕi
at

∆f . Right: The final phase screen, a combination of low and high frequencies.

written as a discrete Fourier series [41, 229] as,

ϕi(x, y) =
∞∑

n=−∞

∞∑
m=−∞

ĉin,me
i2π(fxnx+fymy)

During propagation, the turbulence induced phase of each screen is then repre-

sented as,

T [zi+1] = e−iϕi(x,y) (4.9)

The limitation of this generation method is in the sampling of the modified

von Kármán PSD at ∆f . As shown in Figure 4.4, most of the power lies at the

low spatial frequencies, which are inaccessible with a large ∆f . The reduction of

∆f would however increase ∆x, which may lead to undersampling, as enforced

by Eq. (4.1).

To access these frequencies, additional phase screens can be generated at

subharmonics of ∆f (∆fp = ∆f/3p), which, when combined with the screen

sampled at ∆f , result in a phase screen that has suitably sampled the frequencies

of the PSD. An example of the process of combining a low frequency subharmonic

phase screen with a high frequency one can be seen in Figure 4.5.

4.4 Propagation

As derived in Chapter 2, the point source used for propagation is modelled as a

2D Gaussian windowed sinc function [41], defined as

Upt (x, y) = λLα2e−i k
2L(x2+y2)sinc [αx, αy] e−

α2

16 (x2+y2)
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Figure 4.6: Resulting magnitude of a propagated point source through a vacuum,
where D = 8mm (Red Circle). The point source is designed such that the field at the
observation plane is of a uniform amplitude with a width of 4D (Blue Circle).

where α = (4D)/(λL). This source is designed such that, if propagated through

a vacuum, the resulting field would be a 4D× 4D patch of uniform amplitude on

the observation plane, as is illustrated in Figure 4.6.

Propagation of the point source is performed using the Fresnel diffraction

equation (also derived in Chapter 2), and repeated here for reference as,

U (rn) =Q

[
mn−1 − 1

mn−1∆zn−1

, rn

]
n−1∏
i=1

{
T [zi+1]F−1

[
f i,

ri+1

mi

]
Q2

[
−∆zi

mi

,f i

]
F [ri,f i]

(
1

mi

)}
{
Q

[
1−m1

∆z
, r1

]
U (r1)

} (4.10)

where m is a scaling factor, defined as m = ∆z2
∆z1

, and allows for propagations

between screens with different sample spacings. In the case of this simulation,

all screens are sampled at ∆x (i.e. m = 1). As highlighted in Chapter 2 this
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Figure 4.7: Magnitude of the propagating wave at each phase screen.

equation is written in operator notation, with following definitions.

Q[c, r]{U(r)} = ei
k
2
c|r|2U(r) (4.11)

Q2[d, r]{U(r)} = eiπ
2 2d

k
|r|2U(r) (4.12)

F [r,f ]{U(r)} =

∫ ∞

−∞
U(r)e−i2πf ·rdr (4.13)

F−1[f , r]{U(f)} =

∫ ∞

−∞
U(f)ei2πf ·rdf (4.14)

Another operation found in Eq. (4.10) is T [zi+1], which represents the same as

defined in Eq. (4.9), except now with the inclusion of a super gaussian boundary,

gsg. This boundary exists to attenuate any signal energy that reaches the border

of the simulation during propagation, and is defined as,

gsg(x, y) = e−(
x

σ∆x)
n

e−(
y

σ∆x)
n

(4.15)

With this, the full propagation from source to observation planes can be per-

formed, starting with the point source, U (r1). After an initial multiplication with

a quadratic phase factor, n− 1 propagations are performed, in which the plane is

first propagated along the distance ∆z before being multiplied by the turbulence

induced phase factor T [zi+1]. After these propagations have been completed, a

final quadratic phase factor produces the final complex field, U0 (x, y), situated

at the observation plane (zn). The evolution of the waves magnitude as it passes

through each screen can be seen in Figure 4.7.
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Magnitude Phase

Figure 4.8: Magnitude and Phase of the final complex field, U0 (x, y), as with propa-
gation through a vacuum, the resulting magnitude has a width of 4D as intended.

Figure 4.9: Steps taken to obtain the amplitude distribution before the application
of the lens function. This consists of turning the incoming spherical wave into a plane
wave via collimation, as well as a masking operation to restrict the wave to the aperture
diameter D.

4.4.1 Lens Function

After propagation, the final field, U0 (x, y), represents a spherical wave that is

incident on the camera lens, the magnitude and phase of which is shown in

Figure 4.8. In order to simulate the lens of the camera, this spherical wave first

requires some additional processing, in the form of a collimation operation and

masking [81]. These steps are illustrated in Figure 4.9.

It is shown that the collimation operation converts the incoming spherical

wave into a plane wave such that it can be processed by the lens transfer function.

The masking operation, a (x, y), is then used to simulate the diameter of the

camera lens, D, and simply suppresses any values outwith its effective aperture.

The result of these two operations is a complex plane, p (x, y), and can be defined

mathematically as,

p (x, y) = a (x, y)U0 (x, y) exp

[
−iπ (x2 + y2)

λL

]
. (4.16)
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(a) Magnitude progression.
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(b) Phase progression.

Figure 4.10: Magnitude and Phase of the wave after the collimation and masking
operations. The spherical nature of the phase is nullified by the collimation operation,
whilst the magnitude is unaffected. The masking operation is applied to both magni-
tude and phase, and only allows the wave within the diameter D to remain.

An example of these operations on a complex screen is provided in Figure 4.10,

where it can be seen that the magnitude is left unaffected by the collimation

operation as expected, and both phase and magnitude are successfully masked as

per the aperture diameter.

The output of Eq. (4.16) represents the amplitude distribution at the front of

the lens (as shown in Figure 4.10). As derived in Chapter 2, the field intensity

at the focal point of the camera, h(x, y), is defined as,

h(x, y) =
(
|P (u, v)|2

)∣∣
u= x

λl
,v= y

λl

, (4.17)

where P (u, v) = FT{p(x, y)} and FT{·} denotes the forward Fourier transform.

This resulting intensity field, h(x, y), represents the PSF of the entire imaging

system as a whole, from point source to focal plane. Its width, Xf , can be found
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via the mapping operation in Eq. (4.17) as,

Xf = Xλl =
λl

∆x

where X is the width of the propagated plane. When the final image is syn-

thesised, the distance between each pixel is determined according to the Nyquist

sampling rate [81], and is defined as

δo =
λL

2D
. (4.18)

When this is projected through the lens onto the focal plane, the Nyquist sample

rate becomes

δf =
λl

2D
. (4.19)

This then allows the number of Nyquist samples/pixels in the PSF to be evaluated

as,

Nf =
Xf

δf
=

2D

∆x
,

which can be written with respect to the propagated sample count N as,

Nf =
2D√
λL

√
N,

Due to the fact that 2D√
λL

<
√
N , the value of Nf will always be smaller than N ,

therefore requiring a downsample from the original sample count, such that the

values at each location of the PSF align with their corresponding pixels in the

image. Note that this is not dependant on the focal length l, and is the reason

for its absence in the simulation input parameters. In practice, the values of δf

and Xf are only needed when displaying the spatial axes of the PSF. A final

operation is the normalisation of the PSF to have a sum of 1 [81]. The stages

of PSF generation are shown in Figure 4.11, where the spatial axes of the focal

plane and nyquist PSFs are shown with a example focal length of 1.2.

4.5 Extension to Anisoplanatic Simulation

The process detailed up to this point has only taken into consideration a single

propagation, producing a single PSF. If this was to be applied to each pixel in the

image, the result would be an example of isoplanatic simulation, where the result-

ing distortion would be spatially invariant, and would assume that each source
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Figure 4.11: Stages of Point Spread Function generation. After masking, the PSF
magnitude is obtained via Fourier Transform. The intensity is then calculated and the
coordinates are remapped according to the focal plane. Finally, the PSF is resampled
according to the Nyquist sampling rate. For this example, all spatial axes are shown
for a camera with a focal length of 1.2.

of light (pixel) passed through the exact same volume of turbulent atmosphere.

A more realistic model would assign a unique optical path to each pixel, and

perform a propagation for each. In this, the resulting simulation would take into

account multiple angles of arrival, i.e. an anisoplanatic simulation [5].

Figure 4.12 provides an illustration of how such a simulation is performed,

where the phase screens are expanded such that they represent a larger area of

the turbulent atmosphere. For each pixel, a ‘pencil ray’ can then be traced from

the source to the observation plane. The points at which these pencil rays inter-
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Figure 4.12: Geometry of 3D space in which phase screens are situated. For each
pixel, a pencil ray is traced towards the observation plane. The intersections of the
pencil rays correspond to the centre points for the cropped screens used for propagation
(shown by a red border). The resulting single propagation makes use of these cropped
screens to generate a single PSF for that pixel.

sect with the extended phase screens represent the centre points for a cropping

operation. Each of the cropped phase screens is then used for a single propaga-

tion for that pixel (as described in Section 4.4), resulting in a unique PSF for its

optical path. This process is then repeated for each pixel in the image, providing

an array of PSFs that represent spatially varying warp and blur. In Figure 4.12

it can also be observed that if a phase screen were to exist on the observation

plane, the final cropped phase screen for each pencil ray would be identical. As

mentioned in Section 4.2, this would lead to excess tilt correlation and is the

reason why there is no screen present at the observation plane.
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In order to generate the phase screens at an extended size, their width, X̃i,

can be expressed as,

X̃i = ∆xÑi (4.20)

where ∆x remains unchanged from the single propagation calculations (Eq. (4.1))

and Ñi is the number of samples required at position i along the propagation path.

As shown in Figure 4.12, the extended screen closest to the observation plane is

smaller due to the convergence of the pencil rays.

As shown in Eq. (4.18), the grid of pixels at the source plane is sampled

according to Nyquist [81] and provides an image width of

Xs = δoNs (4.21)

where the number of samples, Ns, is determined by the input parameter ‘Im-

age Pixels’ (see Table 4.1). The largest screen (i.e. closest to the source plane)

is sampled such that it is N samples larger than the source image for the accom-

modation of the corner pencil rays.

When generating the phase screens in Section 4.3, the screens were sampled at

a frequency of ∆f = 1
N∆x

. However, due to their increased size for anisoplanatic

simulation, the sample frequency is instead calculated as

∆f =
1

Ñ∆x
. (4.22)

This allows the cropped screens to maintain the appropriate structure for a valid

simulation.

A performance gain for the simulation process is possible at this stage. In

fact, due to the nature of the pencil rays, each pixel will have a very similar path

through the atmosphere as its immediate neighbours. If the angle of propagation

between two paths is within that of the isoplanatic angle θ0, it can be said that the

resulting PSFs will be approximately the same [81]. Therefore, a skip parameter

allows the pencil rays to be traced using a sparser grid of pixels. The PSFs of

the remaining pixels are then estimated using bilinear interpolation. Figure 4.13

shows examples of these spatially varied PSFs.

Once each PSF is obtained, they can be applied to their corresponding pixel

in the source image. This is achieved via spatially varied convolution, described

as

y [m,n] =
∑
j

∑
i

x [i, j] · hm,n [m− i, n− j] (4.23)
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Figure 4.13: Example array of Point Spread Functions. PSFs with a green border
are found via propagation, whilst PSFs with a red border are found via interpolation.
Such interpolation decreases the computational complexity of image simulation. Due
to similar paths taken by adjacent pixels, this computational saving does not impact
simulation accuracy.

where y is the distorted output image, x is the clean input image and hm,n is the

PSF associated with the pixel at location m,n.

In order to reduce the computations required for a single image or frame, it

was decided that the simulation would only be applicable to grayscale images as,

if an RGB image was required, three separate propagations would be necessary.

It was deemed acceptable to restrict the simulations to grayscale due to the fact

that the additional channels do not provide further information regarding the

spatial structure of an image. A further issue with RGB simulation is the fact

that the simulator is reliant upon the input wavelength λ. In its current state, a

change in the value of λ would also require the re-generation of the phase screens.

Due to the random nature of this generation, this would result in the propagation

for each channel using a different random realisation of the phase screens. This

would therefore result in three uncorrelated PSFs for each pixel which, when

applied to a clean image, would result in chromatic aberrations as the different

colours have tilted in different directions.

The simulation of colour images could be achieved, as in the work by Mao et

al. [76], by assuming that the wavelength of light does not drastically affect the

resulting PSF. Under this assumption, the wavelength of light can be chosen as a
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(a) Input Image (b) C2
n = 0.25x10−15m− 2

3 (c) C2
n = 0.6525x10−15m− 2
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(d) C2
n = 0.875x10−15m− 2

3 (e) C2
n = 1.1875x10−15m− 2

3 (f) C2
n = 1.5x10−15m− 2

3

Figure 4.14: Example outputs from the developed simulator. Shown are five different
levels of turbulence strenght (C2

n), as well as the original ground truth image.

central value on the visible spectrum (e.g. 525nm). A single simulation can then

be performed, with the resulting PSF being applied to all three colour channels.

The result of the spatially varied convolution is a distorted image that rep-

resents an accurate depiction of turbulent distortion, examples of which can be

seen in Figure 4.14.

A key observation to be made at this point is the assumption that the contents

of the input image x all lie on the same plane. In reality, objects in a scene

generally occupy different depths relative to the camera at the time of capture.

Therefore, a fully accurate simulation would take this added depth information

into account. i.e. for each pixel, the propagation distance should be bespoke. This

however is impractical, as it would require knowledge of the depth of each pixel

within the original image, as well as require propagation calculations for each pixel

within the image. It is therefore assumed during simulation that the object plane

is sufficiently far away from the observation plane such that any small differences

in the original image depth are negligible compared with the overall propagation

distance. Under this assumption, a single effective propagation distance provides

an adequate approximation.

Finally, the simulation framework can be altered once more in order to facili-

94



Ch.4 Development of a Turbulence Simulator

Frame 1 Frame 2 Frame 3 Frame 4
S
lo
w

F
a
st
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n = 0.25 × 10−15m−2/3)
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n = 1.5 × 10−15m−2/3)

Figure 4.15: Example video outputs from the developed simulator. Shown are the
first 4 frames of four different example videos. Each was synthesised with either ’Fast’
(turbSpeed=4) or ’Slow’ (turbSpeed=1) turbulence. Two different levels of turbulence
strength are shown.
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tate the synthesis of turbulent videos, where the number of frames in the output

video is determined by the ‘frame count’ parameter (see Table 4.1). Once the

number of frames is known, the phase screens are extended to an even larger size.

After the first frame is synthesised, the screens are then translated on their 2D

plane, before a second frame is synthesised, therefore simulating the temporally

correlated movement of turbulence between frames. The direction and speed of

this translation operation is determined by the ‘turbSpeed’ and ‘turbDirection’

input parameters, where ‘turbSpeed’ refers to the number of grid samples the

screens are translated and ‘turbDirection’ is the direction of this translationm

specified using any of the cardinal directions or diagonals (i.e.→→ → → →→→ →).
The use of the ‘turbSpeed’ parameter can be seen in Figure 4.15, where the videos

were either set to simulate ’Slow’ (turbSpeed=1) or ’Fast’ (turbSpeed=4) turbu-

lence. These two cases are shown for both low (C2
n = 0.25 × 10−15m−2/3) and

high (C2
n = 1.5× 10−15m−2/3) turbulence (More examples, showing all 15 frames,

can be found in Appendix B).

Given the ability to simulate temporally correlated images, the simulator can

then be used to generate two types of video sequence: static or dynamic. Where

for static video synthesis, the input is a single image, and for dynamic videos,

the input is itself a video sequence. In static video generation, it is only the

distortion due to turbulence that changes between each frame, whereas in the

dynamic case, the contents of the video may move as well. This movement may

originate from objects moving within the scene (a moving car) or from the camera

itself moving (on a moving platform). The two types of video sequence pose two

different problems for turbulence mitigation. In the static case, the goal is to

simply recover the underlying high quality image, whereas for dynamic scenes,

the turbulence mitigation algorithm is also required to maintain the temporal

consistency between frames. It can be seen therefore that a turbulence mitigation

algorithm designed for static scenes would not be applicable to dynamic scenes,

as it would have no knowledge of how to process movement between frames that

is not due to turbulence.

4.6 Validation

Before the simulator could be utilised to synthesise turbulent data, it first required

validation to ensure its accuracy. This was done by first validating individual

steps such as propagation and phase screen generation. The whole simulation

could then be validated by comparing simulated point spread functions with their
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theoretical counterparts.

4.6.1 Propagation

The first step in the validation of the propagation step has already been presented

in Section 4.4, where it was shown that the field found at the observation plane

was a uniform field with a width of 4D, as intended by the designed point source.

This was shown to be true for both vacuum and turbulent propagation. Another

validation step that can be performed is the analysis of the wave power as it is

propagated through the phase screens.

The intensity of a wave is defined as the squared magnitude of the complex

representation [54],

Ii,j = |Ai,j|2

allowing the power of the wave to be calculated as,

P = ∆x2
∑
i,j

|Ai,j|2 (4.24)

where the use of ∆x2 accounts for the spatial scaling. By evaluating the wave

power after each propagation step, we can see if any power is being lost during

the simulation. Figure 4.16 shows how the wave power changes over both vacuum

and turbulent propagations.

It can be seen that over the whole propagation distance, the power does not

drop significantly from the original power supplied by the point source. The only

reduction in power occurs near the end of the propagation, and is more apparent

during a turbulent propagation. This is simply due to the super Gaussian bound-

ary (Eq. (4.15)), and is only affecting the very edge of the propagating wave. The

turbulent propagation is impacted more significantly due to the random spread

of the propagating wave, resulting in more values being suppressed. Due to the

masking operation detailed in Section 4.4, this loss in wave power does not affect

the final simulation.

4.6.2 Phase Screens

The phase screens can be validated by comparing them with the theoretical

wave structure function for a plane-wave source with Kolmogorov turbulence
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Figure 4.16: Power of the propagated wave at each step along the propagation path,
alongside the original signal power from the point source. Shown are cases for both
vacuum propagation (top) and turbulent propagation (bottom). The approximately
constant signal power shows that the simulation is successfully performing split-step
propagation.

[41], which is defined as,

DK(|∆r|) = 6.88

(
r

r0

)5/3

(4.25)

where r =
√

x2 + y2, r0 is the atmospheric coherence diameter and ∆r is the ra-

dial separation between pixels. The evaluation of a discrete 2D structure function

is defined as [41],

Dϕ′(∆r) = 2F
{
Re [S (f1)A

∗ (f1)]− |P ′ (f1)|2
}

(4.26)

where F {·} is the Fourier transform and the values of A(f), P ′(f) and S(f) are

defined as,

A(f) = F{a(r)}

P ′(f) = F {ϕ′(r)}

S(f) = F
{
[ϕ′(r)]

2
} (4.27)

where a(r) is the camera aperture aperture and ϕ′(r) = ϕ(r)a(r) is the masked

phase screen.

A comparison between the theoretical structure function and the structure
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Figure 4.17: Comparison of theoretical and simulated structure functions. The ad-
dition of subharmonics greatly increase the accuracy of the synthesised phase screens.
Values were obtained by averaging over 1000 screen realisations. As in the final simu-
lator design, these screens were generated at larger scale Ñ , and cropped down to N

functions obtained from the generated phase screens can be seen in Figure 4.17,

where three phase screen structure functions are shown: two generated with the

use of subharmonics and one generated without subharmonics.

This graph firstly shows that the generated screens are very similar to that

of the theoretical structure function, indicating that the generated screens have

statistically valid phase values. Secondly, it can be seen that the use of sub-

harmonics provides significant improvement over the initial simulation method,

especially at larger values of |∆r|/r0. This is due to the fact that these values

correspond to lower spatial frequencies, which lie at the centre of the modified

von Kármán PSD. As presented in Section 4.3.2, the default frequency sample

rate is unable to appropriately access these frequencies. These results therefore

show that, by allowing access the lower frequencies of the PSD, the subharmonic

method of phase screen generation is more accurate when compared to theory.

It can also be seen that using more subharmonic screens allows the PSD to be

sampled at even lower frequencies, resulting in a more accurate structure func-

tion at larger values of |∆r|/r0. During simulation, the structure function for

each individual phase screen along the propagation path can also be analysed, as

shown in Figure 4.18.

Unlike Figure 4.17, this is simply a ‘one-shot’ view of the structure functions,

as opposed to an average over multiple screens. Due to the random nature of
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Figure 4.18: Structure function comparison for each screen generated during a single
simulation.

the screen generation, this leads to some structure functions being more accurate

than others when compared to the theoretical value. However, across all screens,

the calculated structure functions are well within the order of magnitude that is

expected. These graphs also show that the phase screens are being accurately

generated for multiple different values of r0.

4.6.3 Point Spread Functions

With the validation of the propagation and phase screens complete, the remaining

validation step is the validiation of the final image generation process. This can be

done by comparing the generated PSFs to the theoretical PSF for an atmospheric

model, as described in Chapter 2. In simulation, the LE PSF can be found by

simply averaging over a large number of PSF realisations, which represents a

long exposure version of the imaging system. To find the SE PSF, each PSF is

first tilt-corrected, i.e. adjusted such that the peak of the PSF is moved to the

centre coordinates. The same averaging procedure can then be performed over

many realisations. This process was performed for two levels of turbulence, i.e.

C2
n = 0.25e−15m−2/3 and C2

n = 1.5e−15m−2/3, and the resulting PSFs can be seen

in Figure 4.19, as well as a comparison with the theoretical PSFs in Figures 4.20

and 4.21.

These figures firstly show that the size of both LE and SE PSFs increase

with C2
n, as expected, demonstrating that the increased phase values in the phase

screens are indeed causing larger variations in the wave propagation. Secondly,

it can be seen that the simulated PSFs correlate extremely closely to those of

100



Ch.4 Development of a Turbulence Simulator

Long Exposure

-30 -20 -10 0 10 20

Nyquist Pixels

-30

-20

-10

0

10

20

N
y
q
u
is

t 
P

ix
el

s

Short Exposure

-30 -20 -10 0 10 20

Nyquist Pixels

-30

-20

-10

0

10

20

N
y
q
u
is

t 
P

ix
el

s

(a) C2
n = 0.25e−15m−2/3

Long Exposure

-30 -20 -10 0 10 20

Nyquist Pixels

-30

-20

-10

0

10

20

N
y
q
u
is

t 
P

ix
el

s

Short Exposure

-30 -20 -10 0 10 20

Nyquist Pixels

-30

-20

-10

0

10

20

N
y
q
u
is

t 
P

ix
el

s

(b) C2
n = 1e−15m−2/3

Figure 4.19: Long and short exposure PSFs for two different levels of C2
n.

the theoretical PSFS, showing that the resulting size of the simulated PSFs are

consistent with their expected theoretical counterparts.

The validation steps presented allow the accuracy of the simulator to be clearly

understood. It can therefore be confidently used to synthesise turbulent data.

4.6.4 Visual comparison with other simulation tools

A final validation step that can be undertaken is the comparison with other

publicly available turbulence simulation tools. As mentioned previously, such

tools were unavailable at the beginning of research, however since then, steps

have been taken to close this gap in simulator availability. One such simulation
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Figure 4.20: Central slices of the Long Exposure PSFs from two different levels of
C2
n, compared against the theoretical LE PSF.
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Figure 4.21: Central slices of the Short Exposure PSFs (Tilt-corrected) from two
different levels of C2

n, compared against the theoretical SE PSF.

tool is that from Mao et al. [76], who have made their simulator publicly available.

This tool has been used in the UG2+ competition track for turbulence mitigation.

By using the same settings in the simulator from Mao et al. and the simula-

tor developed within this chapter, a visual comparison between the syntehsised

images can be performed. Such images are shown in Figures 4.22 and 4.23 (With

more examples provided in Appendix B).

From these example images, there are a number of key differences that can

be observed. Firstly, for low levels of turbulence (Figure 4.22) the outputs from
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Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]

L = 5000m

Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]

L = 5000m

Figure 4.22: Example outputs from the developed simulation tool, compared with
the work from Mao et al [76]. Two outputs from each are shown: L = 2500m and
L = 5000m. Both synthesised with a turbulence strength of C2

n = 0.1 × 10−15m−2/3

the two simulators are similar for both values of L. This shows that both models

capture the fact that, in calm atmospheric conditions, additional distance does

not significantly increase distortion. However, as the strength of the turbulence

increases, any additional distance between camera and object makes a larger

impact on the image quality. This can be seen in Figure 4.23 where, again, both

simulators are able to accurately capture this relationship.

It can be seen however that, for all settings shown, the output from the

developed simulator is less distorted than that from the comparison simulator,

especially in the case of higher turbulence. However, it is argued that the output

from the comparison simulator is far too distorted for such settings. For example,

the settings used for Figure 4.23 (L = 5000), correspond to a Fried parameter of

r0 = 0.0458. Given that the simulation was performed with an aperture diameter

of D = 0.1, the resulting ratio of these two parameters is D
r0

= 2.182. As detailed

in Chapter 2, such a ratio lies just above the threshold for what is considered

weak turbulence. Given this, the images produced by the Mao et al. simulator

visually seem too distorted. This is further supported by the comparison made

in Figure 4.24, from which it can be seen that the Mao et al. simulator produces

output characteristics that align closely with those of the real high turbulence

example image. The outputs from the developed simulator however align with
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Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]

L = 5000m

Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]

L = 5000m

Figure 4.23: Example outputs from the developed simulation tool, compared with
the work from Mao et al [76]. Two outputs from each are shown: L = 2500m and
L = 5000m. Both synthesised with a turbulence strength of C2

n = 1.5 × 10−15m−2/3

the expectation of lower turbulence.

4.7 Dataset Synthesis

The remaining chapters of this thesis make use of Deep Learning algorithms,

which require sufficient datasets in order to train. As highlighted in Section 4.1,

the simulator described in this chapter was developed in order to facilitate such

data generation. To this end, three turbulent datasets were synthesised, using

two different source datasets.

To provide the Deep Learning algorithms with appropriate data, the image

contents first had to be suitable for the task at hand. This required a source

dataset consisting of scenes that could be legitimately corrupted by a turbulent

atmosphere. Given this, the Places dataset [28] was chosen, which contains a total

of 1,469,737 images within 205 different categories. Of these, 31 were chosen as

categories that could be prone to turbulent interference, where categories were

excluded if the contents were unlikely to be affected in a real scenario, such

as indoor scenes or scenes at close ranges. The remaining categories contained

images of outside scenes at varying ranges and environments. By isolating the
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Developed Simulator
( D
r0

= 2.182)
Real turbulence [51] ( D

r0
= 7.1) Mao et al. [76]

( D
r0

= 2.182)

Figure 4.24: Simulator outputs compared against a real image captured during high
turbulence [51].

data to these categories, a total of 148,884 images were selected as potential

candidates for simulation.

The second source dataset was that of ImageNet [230], which contains 1,281,167

training images, 50,000 validation images and 100,000 test images. The motiva-

tion for choosing this dataset was the ability to perform classification with a

pre-trained model. Therefore the effectiveness of any turbulence mitigation algo-

rithm can be quantified by classification accuracy after processing. For turbulent

dataset synthesis, the 50,000 images from the validation set were used, and were

pre-processed such that they were all the same size (257x257). Any images smaller

than this were simply ignored, and larger images had a central crop taken. This

resulted in 47,169 total images for simulation.

Although the two source datasets provided RGB colour images, all images

were first converted into greyscale in order for their use in the turbulence simu-

lator.

During development, two different iterations of the simulator were utilised.

The version described in this chapter is that of the final one, that allows the

simulation of videos as well as single images. An earlier version was incapable of

video simulation, and did not make use of phase screen subharmonics. The first

dataset, ‘turbulence images’, was synthesised using this earlier version, with the

remaining two datasets being synthesised with the final version.

Given that the Places and ImageNet datasets contain only single images, the

following datasets are inherently static (i.e. the only movement is due to turbu-

lence distortion). The motivation for this was the fact that turbulence mitigation

is already a challenging task, and that initial attempts would be simplified if the

difficulty was constrained to the turbulence strength itself, and not the video

contents. Another factor that led to this decision is the fact that the simulations

are run with a propagation distance of 5km. Under such long-range imaging
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Table 4.2: C2
n ranges used for the four sub-datasets, all of which constitute the ‘tur-

bulence images’ dataset. The number of images synthesised per sub-dataset is also
provided. The C2

n values used during simulation were five evenly spaced values be-
tween the minimum and maximum of each range, inclusive

Sub-Dataset Minimum C2
n Maximum C2

n Image Count

Low 0.001× 10−13m−2/3 0.334× 10−13m−2/3 3,100
Medium 0.334× 10−13m−2/3 0.667× 10−13m−2/3 3,100
High 0.667× 10−13m−2/3 1× 10−13m−2/3 3,100
Mixed 0.001× 10−13m−2/3 1× 10−13m−2/3 3,999

conditions, motion within the scene is expected to be minimal, therefore making

the use of static videos a reasonable approximation.

4.7.1 Single Frame Dataset

The first dataset that was synthesised was the ‘turbulence images’, which made

use of the first version of the turbulence simulator, and could therefore only

synthesise individual images. This dataset consisted of four sub-datasets, rep-

resenting ‘Low’, ‘Medium’, ‘High’ and ‘Mixed’ turbulence. The motivation for

these sub-datasets was the desire to test new turbulence mitigation algorithms

on increasing levels of difficulty. In order to ensure that each dataset was suitably

distributed, for each dataset, 100 images were randomly selected from each of the

31 suitable categories, resulting in 3,100 images per dataset. For the ‘Mixed’

Dataset, this was increased to 129 random images, providing 3,999 total images.

The corresponding C2
n values and number of images synthesised for each sub-

dataset are shown in Table 4.2.

The remaining simulation parameters used for this dataset are shown in Ta-

ble 4.3, where it is worth noting the absence of values for ‘Sub Count’ and

‘Nsubharm’. This is due to the fact that, at the time of synthesis, the use of

subharmonics was not yet implemented.

The values shown in Table 4.3 were chosen in line with those from Hardie

et al. [81], where the large value of L0 aims to emulate turbulence according to

Kolmogorov statistics. The wavelength λ was chosen such that it represents a

mid-point of the visible spectrum. Finally the values of D and L were chosen

to emulate a realistic telescope setup for long distance imagery, with the choice

of D also factoring in to the resulting sample count N during simulation. This

choice of D allowed this sample count to be 64, which resulted in a reduction in

computation complexity.

106



Ch.4 Development of a Turbulence Simulator

Table 4.3: Simulation parameters chosen for ‘turbulence images’ dataset, alongside
the varied C2

n values in Table 4.2. Note the parameters that were not yet implemented
when this dataset was synthesised.

Parameter Value

l0 0.01m
L0 300m
λ 525nm

Sub Count N/A
Nsubharm N/A

D 0.1m
L 5km

nscr 5 (4 non-zero)
skip 4

Image Pixels 257
frame count 1

turbSpeed N/A
turbDirection N/A

4.7.2 Video Datasets

Using the two source datasets, Places and ImageNet, turbulent video datasets

were synthesized from each: ‘turbulence videos’ from Places and ‘turbulent ima-

genet’ from ImageNet. The settings used for simulation were the same for both

datasets, and are shown in Table 4.4. The variables used for the simulations

were ‘C2
n’, ‘turbSpeed’ and ‘turbDirection’, the values of which are shown in Ta-

ble 4.5, where for each video, the values were randomly chosen assigned. Given

the potential values for each setting, a total of 160 different simulations were

possible, therefore ensuring comprehensive, diverse datasets. The range of values

for the refractive-index structure parameter C2
n was chosen such that a range of

low to high turbulence was represented, the two extremes of which are shown in

Figure 4.14.

As in the case of the single frame dataset, these settings were chosen in line

with that of Hardie et al. [81], where the key change is in phase screen count.

This was done to overcome the constraints applied during the Fried parameter

calculation (Section 4.3.1). The frame count of 15 was selected to approximate

the total depth provided by five RGB frames.

The ‘turbulence videos’ dataset consists of all 148,884 images selected from

the Places dataset, and is split into 98,263 training videos, 5,956 validation videos

and 44,665 test videos. This dataset was made publicly available [29] in order to
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Table 4.4: Simulation parameters chosen for ‘turbulence videos’ and ‘turbulent ima-
genet’ datasets.

Parameter Value

l0 0.01m
L0 300m
λ 525nm

Sub Count 2
Nsubharm 4

D 0.1m
L 5km

nscr 8 (7 non-zero)
skip 4

Image Pixels 257
frame count 15

Table 4.5: Ranges of the varied parameters for simulation of ‘turbulence videos’ and
‘turbulent imagenet’ datasets. The proposed values allow for 160 different possible
combinations.

Variable Values

C2
n (0.25, 0.6525, 0.875, 1.1875, 1.5)× 10−15m−2/3

turbSpeed 1, 2, 3, 4
turbDirection →→ → → →→→ →

facilitate further research using accurate turbulent data.

For ‘turbulent imagenet’, all 47,169 images were passed through the simula-

tor. However, due to the cropping operation performed on the larger images, as

well as the conversion to grayscale, the image subject may no longer have been

recognisable for classification. Due to this, the dataset was reduced such that the

clean, turbulence free, versions of the remaining images were 100% classifiable

by the EfficientNetV2-L classification model [21]. This resulted in a dataset of

34,467 videos, which was not split train/validation/test as its purpose was simply

as a test dataset.

4.8 Discussion

The simulation technique described in this chapter constitutes a split-step prop-

agation technique that can accurately propagate a point source through a simu-

lated atmosphere and generate accurate point spread functions. The versatility
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of such a simulation is extremely important, as not only can the base input pa-

rameters be changed for the users specific needs, but a varied C2
n profile can also

be provided, as well as control over the speed, direction and number of frames

in a video sequence. The largest downside to this type of simulation is that of

computation time. Due to the fact that for each frame, each pixel requires a

propagation, and the fact that a video sequence requires multiple frames, the

time taken to synthesise a single video can be large. Depending on the hardware

available, a 15 frame video can take anywhere from 12 seconds (NVIDIA A100)

to 50 seconds (Nvidia GTX 1070) to synthesise. Therefore, if requiring a large

dataset, the time required is a clear limitation. Furthermore, the simulation time

scales poorly with N , where a value of 64 produces a single image in approxi-

mately 4 seconds, a value of 128 takes approx. 13 seconds and 256 takes approx.

46 seconds (for 10 propagation steps). Therefore, if the input settings result in a

large value of N , the time required for dataset creation may be infeasible. Such

times could be further exaggerated if more screens were required, or a smaller

skip value was used. It is for this reason that the ‘turbulence videos’ dataset

was made publicly available. By sharing this dataset, it allows future research to

skip the complicated step of turbulence simulation, and focus on the mitigation

algorithms directly. As well as the dataset, this chapter has provided a detailed

description of how such a simulation process is performed, and will certainly assist

in its understanding.

4.9 Conclusion

This chapter has presented the implementation details of a turbulence simulation

tool. This simulator represents a turbulent atmosphere by first dividing it into

discrete layers, where the atmosphere within each layer is characterised by a single

phase screen. In order to simulate the effects of these phases screens on a light

wave, a point source is propagated from a source plane through each phase screen

in turn, until the observation plane is reached. At this point, the lens of a camera

is simulated, and a point spread function is generated. This PSF represents how

the turbulent atmosphere has diverted and affected the point source as it has

travelled. This process is repeated for each pixel within the source image, where

each pixel has a unique path through the atmosphere, as defined by its spatial

location in 3D space. Once a propagation has been performed for each pixel,

the resulting array of PSFs can be applied to the source image to synthesise

a final turbulent image. During simulation, the propagation of nearby pixels
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would result in very similar optical paths; this allows a skip parameter to be

provided, which allows the simulator to perform propagations over a sparser grid

of pixels, therefore reducing the number of computations required. As well as

single images, the simulator is also able to simulate video sequences by generating

extended phase screens where, in between each frame simulation, these screens are

laterally translated in a chosen direction by a chosen number of pixels. The next

frame is then synthesised as normal. This translation of the phase screens results

in a turbulent video that is temporally correlated. The simulator is successfully

validated by the confirmation of the operation of each sub-process in turn, where

the key validation technique is that of comparing the simulated elements with

their theoretical counterparts. Using this method, the generated phase screens

are found to be correctly generated, as well as the final PSFs of the system as

a whole. Finally, the simulator was used to generate 3 unique datasets, each

of which are used in the following chapters of this thesis. Of these datasets,

the ‘turbulence videos’ dataset was made publicly available, therefore facilitating

future turbulence mitigation research without the need for complex and time

consuming simulation.
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Chapter 5

Application of Deep Learning to

Turbulence Mitigation

5.1 Introduction

As presented in Chapter 2, the removal of turbulence induced distortion in im-

ages and videos is highly desirable, as it facilitates post-processing steps such as

tracking or identification. It recent years, it has been shown that deep learning

significantly outperforms traditional image processing techniques in many differ-

ent image processing applications. Examples of such fields are object classifica-

tion [21], image segmentation [22, 121], pose estimation [231] or super resolution

[7, 110, 232]. Such data driven approaches allow the models to learn the under-

lying behaviour of the task at hand, and adapt to unseen samples. This success

therefore motivated a similar application for the complex task of turbulence mit-

igation. The distortion induced by a turbulent atmosphere can render objects

completely unrecognisable, and traditional techniques can struggle to produce

a clean image in such scenarios. Initial adoption of deep learning to imaging

through turbulence provided extremely promising results, and were able to out-

perform traditional, image processing based, methods. [25, 33, 59, 66, 87, 142–

144]

As discussed in Chapter 4, the acquisition of real turbulence data is a near

impossible task, as it is extremely difficult to obtain a turbulence free image with-

out control of the atmospheric conditions. Lack of data is a prevalent issue in

many deep learning applications, as not only is suitably varied data required, a

substantial amount of such data is also required. As reported in Chapter 3, exist-

ing deep learning approaches for turbulence mitigation overcome this issue with

the use of simulation techniques. Similarly, the studies in this chapter make use
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of the datasets synthesised as described in Chapter 4. Other datasets that were

utilised alongside these simulated datasets were the ATSyn-static [88] dataset and

the Turbulence Text Dataset [60]. Note that all datasets used throughout this

chapter contain ’static’ videos only (i.e. the only movement in each sequence is

due to turbulence distortion). As discussed in Chapter 4, the justification for this

was to simplify the problem by restricting the problem to turbulence distortion

only, and not the contents of the videos.

This chapter presents an analysis into the application of deep learning to

turbulence mitigation. This is done as a series of three studies, with the first

being a preliminary study into single image turbulence mitigation using off-the-

shelf deep learning architectures. The second study expands this to turbulence

mitigation for video sequences, and aims to optimise a single network architecture.

The final study then aims to demonstrate state-of-the-art performance in video

turbulence mitigation, by leveraging the insights from the previous two study’s.

Given that previous works had already provided evidence that deep learning

yields improved results when compared to traditional techniques [25, 33, 66], the

goal of the first study was to find the optimal deep learning architecture that

would best lend itself to turbulence mitigation. When this research was begun,

the application of deep learning to turbulence mitigation was not widely reported.

Whilst these techniques had been proven to outperform traditional methods, there

was still a great deal to learn regarding the optimal architecture design. The

motivation of the first study was therefore to evaluate which network architecture

would be able to adapt best to different data, without any architectural changes.

The outcomes of such a study would then be extremely beneficial for any future

development of turbulent specific deep learning models. The networks under

review were originally designed for tasks such as image denoising, super resolution

or image deblurring. In line with the nature of the models used, and the common

practice of image deblurring/super resolution models at the time [110], only single

frames were used as inputs to the models, therefore making use of the ‘turbulence

images’ dataset synthesised in Chapter 4.

Traditional turbulence removal techniques, however, commonly make use of

video sequences to improve the quality of their outputs. The added temporal

information provided by video sequences allow a better understanding of the

underlying, turbulence free, scene. Therefore, the second study of this chapter

was the investigation into applying deep learning to turbulent videos. As with

the first study, when this research was conducted, there was a paucity of deep

learning turbulence mitigation models. It was therefore beneficial to make use of
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an existing deep learning model that was able to process video sequences. This

study therefore made use of the Enhanced Deformable Video Restoration (EDVR)

architecture [233], that was designed to perform various video restoration tasks,

and was the winner of the NTIRE 2019 challenge for image deblurring. Using

the original EDVR as an initial baseline, this study carried out two investigations

into both the architecture itself and the loss function. Firstly, the benefit of the

deformable convolution layers, used for image alignment, was examined. Secondly

the performance of the model when trained with a perceptual loss alongside the

original Charbonnier loss was also examined. The aim of these investigations was

to best determine how best to train a model when dealing with turbulent data,

and to identify potential avenues of improvement in the specific case of turbulence

mitigation. In order to facilitate this study, the datasets ‘turbulence videos’ and

‘turbulent imagenet’ were utilised.

The final study of this chapter aimed to use the key learning points from the

previous two studies, and apply them to a state-of-the-art turbulence mitigation

model. The model chosen was the Deep Atmospheric TUrbulence Mitigation

(DATUM) [88] model which, as well as providing state-of-the-art performance,

was also open source. From the results of the first two studies, two key findings

were highlighted. Firstly, the use of video sequences greatly increased the chance

of successful turbulence mitigation, and secondly, the loss function can improve

the performance of a model, without any significant architecture changes. To ap-

ply such learnings to the DATUMmodel, its base architecture was left unchanged,

as it was already capable of processing video sequences. Its loss function however

was investigated for potential improvement. This investigation included the addi-

tion of a perceptual loss, as well as the removal of the tilt loss found in the original

loss function within DATUM. As with EDVR, it was believed that the addition

of a perceptual loss would allow DATUM to generate more perceptually pleas-

ing images, therefore resulting in improved classification results. The removal

of the tilt loss was motivated by its requirement of specialised data, which may

not always be available. If DATUM was able to be trained without this loss, its

use cases would expand significantly. Finally, a comparison between the EDVR

and DATUM models was performed. Where, as well as turbulence mitigation

performance, their implementation details were also compared. This allowed any

advantage of each model to be highlighted.

The novelty of this chapter lies in its thorough investigation of how deep

learning can be optmised for atmospheric turbulence mitigation. Unlike prior

work, which primarily aimed to demonstrate that deep learning can outperform
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traditional restoration techniques, this chapter contributes a structured analysis

of which architectures and loss functions are best suited to the unique challenges

posed by turbulence distortion, and why. In particular, this chapter demonstrates

that a perceptual-loss offers substantial benefits to the task of turbulence mitiga-

tion, without requiring specialised architectural modifications. It is shown that,

for this task, the perceptual quality of the output images should be prioritised, as

higher perceptual quality improves downstream performance. Consequently, in-

corporating perceptual losses enables models to produce higher-quality outputs.

This principle is applied to a state-of-the-art model, where it is found that an

improvement can be made via los-function optimisation.

The remainder of the chapter is organised as follows. Section 5.2 first provides

the implementation details of the off-the-shelf single frame deep learning archi-

tectures that were retrained on turbulent data, with Section 5.3 then providing

details on the EDVR architecture and the various studies performed with its de-

sign and training process. Section 5.4 then details the DATUM architecture and

the different variations of the loss function that were tested. This section also

shows how the DATUM and EDVR architectures were compared. Section 5.5

then presents the results to each of these sections in turn with Section 5.6 pro-

viding a detailed discussion. Section 5.7 finally concludes this chapter.

5.2 Single Frame Turbulence Mitigation

To understand the optimal deep learning architecture design for turbulence miti-

gation, an initial approach was the utilisation of off-the-shelf Deep Learning (DL)

architectures that were originally designed for image processing tasks such as im-

age deblurring or super-resolution. The motivation for this was firstly due to

the lack of existing DL turbulence mitigation models at the time of study, and

secondly, to identify if these networks would be able to adapt to turbulent data

without significant changes to their architectures. For this work, the ‘turbulence

images’ dataset described in Chapter 4 was used. Where the ‘Mixed’ sub-dataset

was used for training, and the ‘Low’, ‘Medium’ and ‘High’ sub-datasets were

used for testing. The architectures under review were: BRDNet [234], RDN

[235], SuperSR [236], CAE-Unet-CAE [33], RCAN [237] and DnCNN [136]. Of

these networks, CAE-Unet-CAE was the only architecture originally designed for

turbulence mitigation and the DnCNN architecture has been similarly applied to

turbulence mitigation in other works [56, 66]. The following section provides a

high level description of each model, the full architectures of which can be seen
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in Appendix A.

5.2.1 Comparison Models

BRDNet: Originally designed for denoising, the architecture from Tian et al.

[234] makes use of batch renormalisation and dilated convolutions. Their overall

network is made up of two parallel paths (one with dilated convolutions, the other

with normal convolutions), the outputs of which are concatenated to provide a

predicted noise map that can be subsequently subtracted from the original input

image.

RDN: The Residual Dense Network from Zhang et al. [235] makes use of

Residual Dense Blocks (RDB) within their network. These blocks employ local

residual learning and densely connected convolutional layers followed by a 1× 1

kernel feature reduction. These blocks are stacked, such that the output of each

is concatenated together to act as a global feature fusion operation.

CAE-Unet-CAE: The architecture from Chen et al. [33] is the only archi-

tecture in this work that was initially designed to perform turbulence mitigation.

It consists of three networks: CAE 1, U-Net and CAE 2. The first CAE (Convo-

lutional Autoencoder) extracts features that are then fed into the U-net structure

for noise removal. The final CAE then reconstructs a clean image. In order to

train their network, the authors use the theoretical PSF for atmospheric turbu-

lence to generate synthetic data.

RCAN: The architecture from Zhang et al. [237] introduce the Residual

Channel Attention Block (RCAB), and was designed for the task of super resolu-

tion. The architecture consists of a Residual In Residual (RIR) structure, where

a series of Residual Groups are placed in series and within each are RCABs, also

placed in series. In the original architecture, the output of the RIR structure is

upscaled with the use of ESPCNN [238]. This was omitted for this investigation,

as the goal was the removal of turbulence from an image, without changing the

spatial dimensions.

SuperSR: The model proposed by Feng et al. [236] was initially designed

for the task of super resolution and was runner up in the 2019 NTIRE super

resolution challenge [110]. Their network consists of a U-net structure, where

the ‘main network’ processes the features at the lowest resolution. Within this,

several ‘Cascading blocks’ are connected together in a densely connected fashion.

Each of these cascading blocks contain a similarly densely connected structure of

RCABs (as introduced by Zhang et al. [237]).

DnCNN: The DnCNN architecture from Zhang et al. [136] was initially
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designed for the task of denoising, and was commonly used as a comparison for

newer networks [107].

The input to the architecture is passed through a convolutional layer with

ReLU (Conv+Relu) activation, followed by 17 ‘Conv+BN+ReLU’ layers. The

final residual image is a prediction of the noise present in the input, which can

then be subtracted from the original to provide a clean output image.

This model had been adapted for the task of turbulence mitigation before

[56, 66]. In the case of [56], the model was used as a component within a larger

turbulence mitigation framework, where it was used to replace more traditional

blur estimation and unsharp masking operations. Gao et al. [66] adapted the

model to perform full, end to end, turbulence mitigation, and improved perfor-

mance by increasing the kernel size of the network to 5× 5, which allowed for a

greater receptive field to better capture the full range of turbulent distortion.

5.2.2 Training Procedure

The networks were trained with the details provided in the original works. For

each, the base architecture structure remained unaltered with the exception of

RDN and RCAN due to memory limitations. In the case of RDN, the feature

size of each layer was reduced from 64 to 32. For RCAN the number of Residual

Groups in the model was reduced to 5 (from 10), with each containing only 10

RCABs (reduced from 20). The DnCNN model was implemented as inspired by

Gao et al.[66], with an increased kernel size of 5 × 5 and a network depth of 17

layers.

The loss function for each network was kept as intended in the source papers

and the ADAM optimiser was used for each, with B1 = 0.9, B2 = 0.999 and

δ = 10e−8.

In order to identify the optimal learning rate and batch size for the training

process, a hyperparameter search was performed for each model. Furthermore,

the number of training epochs was tailored for each network, as different networks

would train faster than others. The networks given 10 epochs of training had their

learning rate halved after the 5th and 8th epochs. Whereas, the networks given 15

epochs of training, had their learning rate halved after the 9th and 12th epochs.

The final training parameters used for each model can be seen in Table 5.1.

Each model was trained using the single frame ‘Mixed’ turbulence sub-dataset,

consisting of 3,999 turbulent images with a wide range of turbulent distortion.

For the purpose of training, 79,900 patches of size 80×80 were extracted from

the available images. This was then further split into training and validation
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Table 5.1: Training hyperparameters used to train each DL model for the task tur-
bulence mitigation.

Network Learning Rate Loss Optimiser Batch Size Epoch Count

BRDNet [234] 0.00001 L2 ADAM 16 10
RDN [235] 0.0001 L1 ADAM 10 15

CAE-Unet-CAE [33] 0.001 L2 ADAM 16 15
RCAN [237] 0.0001 L1 ADAM 10 15
SuperSR [236] 0.00001 L1 ADAM 16 10
DnCNN [136] 0.00001 L2 ADAM 10 10

L1: Least Absolute Error L2: Least Square Error

sets with a ratio of 0.8, resulting in 63,920 training patches and 15,980 validation

patches. Once trained, the models were tested using 1,000 images from each

of the ‘Low’, ‘Medium’ and ‘High’ sub-datasets (Randomly sampled from the

available 3,100). This allowed the analysis of each models ability to generalise

over different distortion intensity levels. The metrics used for reconstruction

quality assessment were the Peak Signal to Noise Ratio (PSNR) and Structural

Similarity Index (SSIM) [171].

5.3 Video Turbulence Mitigation with EDVR

The contextual information provided by a single image is very limited, especially

if that image has been distorted. This greatly increases the difficulty of developing

image recovery algorithms for single images. Traditional turbulence mitigation

algorithms commonly make use of video sequences rather than single images [12].

This therefore motivates the use of videos in a deep learning setting as well. This

section presents an analysis of an off-the-shelf deep learning model, the Enhanced

Deformable convolution Video Restoration model (EDVR)[233], for the purpose

of turbulence mitigation in videos.

The EDVR model was originally designed for two tasks: super resolution and

deblurring. It was the winner of both competition tracks in the NTIRE 2019 video

restoration and enhancement challenge [140], remaining unbeaten the following

year. The success of this model in two domains (super resolution and deblurring)

provided reassurance that it would also be able to perform well on turbulent data,

thus its selection for this investigation.

The architecture is well suited for turbulence mitigation, as it follows the

same principles found in traditional turbulence removal algorithms. The EDVR

architecture first aims to align each of the frames relative to the central frame.

It then utilises the added information provided by the video sequence to better
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Figure 5.1: EDVR Architecture [233]. A framework designed for various video restora-
tion tasks such as super resolution or deblurring. The input to the model is downsam-
pled to reduce computation, and a single high quality image is generated from a single
video sequence (Many to One).

understand the spatial and temporal distortion, and selectively chooses frames

that best benefit the image recovery.

As can be seen in Figure 5.1, the architecture consists of four modules: PD

(PreDeblur), PCD (Pyramid, Cascading, and Deformable) alignment, TSA (Tem-

poral and Spatial Attention) fusion, and Reconstruction. When performing video

deblurring, the input video is first downsampled by a factor of 4 before process-

ing, and is upsampled again at the end of the model. This downsampling allows

the computations to be performed in a low resolution space, therefore reducing

computational complexity. The model has a ‘many to one’ design, whereby the

input is a series of frames stacked together, and the output is a high resolu-

tion/deblurred representation of the central frame.

The Predeblur and Reconstruction modules consist of cascaded residual blocks,

which are common building blocks found in image processing DL models [237,

239]. The purpose of the Predeblur module is to aid the PCD module by pre-

processing the input frames, and therefore improving the quality of alignment.

The Reconstruction module takes the output feature map from the TSA module

and performs the necessary processing to complete the image recovery process.

The feature map is upsampled to the original image size via pixel shuffle opera-

tions [238]. The output residual image is then combined with the centre frame of

the original video sequence to generate a high-resolution output image.

Pyramid, Cascading and Deformable alignment Module

The purpose of the PCD alignment module is to align the contents of each frame

with the centre reference frame. This is achieved via a cascading pyramid archi-

tecture, as shown in Figure 5.2. The input features are sequentially downsized
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Figure 5.2: Pyramid, Cascading and
Deformable convolution (PCD) Align-
ment Module [233].

Figure 5.3: Temporal and Spatial At-
tention (TSA) Fusion Module [233].

to form 3 layers; this stepped approach allows the model to perform alignment

in a course-to-fine manner. Within each layer, the current frame (t + i) and the

reference frame (t) are concatenated. Using this feature map, the model identifies

the difference between the two frames and generates a set of offsets that represent

this difference. These offsets, alongside the current frame (t+ i), are passed into

a deformable convolution (dcn) layer [119], the output of which then represents

the current frame aligned with the reference frame. This process is performed at

each level, with the outputs of each level cascading back up the pyramid, until the

final aligned feature map is obtained. The deformable convolution layer allows

the kernel weights to access locations outside of its traditional k × k grid (where

k is the kernel size). This aids in the task of alignment by enabling the kernels to

‘seek out’ features corresponding to the same spatial location from the reference

frame. This approach allows them to move beyond the constraints of their local

area.

Temporal and Spatial Attention fusion Module

The goal of the TSA module is that of image/frame fusion. Its purpose is to

take a series of input frame features and combine them in such a way that the

resulting feature map represents the best spatial features from each frame, as

shown in Figure 5.3.

It achieves this by first exploiting the added temporal information of a video

sequence, using temporal attention. For each frame, the similarity to the reference

frame is calculated, and subsequently used to apply greater focus to the frames

that are more similar to the reference.
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Once each frame has been temporally weighted, the fusion into a single out-

put feature map is achieved via a fusion convolution layer, the output of which

is a fused feature map of all input frames. This feature map can then be further

improved via spatial attention. To achieve this, the model creates spatial atten-

tion masks by downsizing the feature map from the temporal attention. Once

downsized to the lowest resolution, the remaining spatial features represent the

areas of the image that require the most attention. After being upsampled once

more, the feature maps represent spatial attention masks, indicating key areas of

the input feature map. The mask is formed of two parts, a multiplicative part

and an additive part. The combination of these allows any spatial location within

the feature map to be highlighted or reduced. The final output of the TSA is the

multiplication and addition of the spatial attention masks, resulting in a feature

map that represents a high quality output image.

5.3.1 Modified EDVR Models

In order to train EDVR, the model first required an alteration in the input shape

where, in the original work, five distorted RGB frames were used. However, the

turbulence dataset used in this work consisted of grayscale images only. In order

to compensate for this lack of RGB colour channels, the input was set to 15

grayscale frames, thereby maintaining the same total input size. This change

may also lead to a further enhancement, as the model now gains the temporal

knowledge of fifteen frames as opposed to five. As well as this change in input

shape, another change that was made to facilitate training was the use of a

smaller version of EDVR, named EDVRs, as explained below. The motivation

for this was a simple matter of hardware limitations at the time of training.

This would not pose a significant problem, as this smaller model was used in all

tests regarding the changing of the architecture, therefore the cross comparisons

performed between such models were still valid.

The following sections detail the various experimentations performed on the

architecture and training procedure of EDVR.

Deformable Convolution

One notable design choice from the original EDVR architecture was that of use

of deformable convolution layers, inspired by the TDAN model [240], within the

PCD alignment module. It was found that initial attempts at training the EDVR

model for turbulence mitigation were unsuccessful. As described in Section 5.3,
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(a) Original deformable convolution (b) Proposed replacement

Figure 5.4: Original deformable convolution [119] layout alongside the proposed re-
placement layout. In both cases, the input offset and frame features are combined to
create a feature map aligned with that of the reference frame.

the deformable convolution generates offsets using learned weights, where these

offsets allow the convolution kernel to look ‘outside’ its original spatial grid.

During training however, these offsets would grow too large, resulting in the model

being unable to train. To overcome this issue, the model training can be resumed

from a previous state, where the offsets have not yet become unstable. This

however is a frustrating task and may be required multiple times per training.

Given this complexity in model training, it was proposed that the deformable

convolution layer could be replaced with a much simpler CNN layout, as can be

seen in Figure 5.4. This replacement simply takes the learned offsets from the

PCD module and concatenates them with the current frame features, before being

processed by a single convolution layer. For this investigation into the presence of

DCN, two models were trained: the original model (EDVRs), trained by resuming

training, and a model with the replacement layout (EDVRs). Note that EDVRs

is the only model in this section that makes use of the original DCN layers, and

all other models make use of the replacement layout illustrated in Figure 5.4b.

As well as investigating the replacement of the DCN layer, another solution to

the unstable training could be the process of restricting its learnable offsets. By

setting a maximum value for the offsets with a clipping threshold, any unstable

growth can be mitigated. However, this would cause the clipped offset weights

to have zero gradients during backpropagation, potentially leading to training

limitations. With this taken into consideration, four models were trained with

four different threshold levels for weight clipping. These thresholds were: 1, 2,

5 and 10. By comparing their results to an unconstrained version, any advan-

tages/disadvantages to the clipping procedure can be understood.

Perceptual Loss

The default loss function used to train EDVR is that of the Charbonnier loss

function [233], which measures the squared difference between the output image
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and the corresponding ground truth. This therefore steers the model to produce

images that are as close to the ground truth as possible. This does not however

guarantee good perceptual quality. Turbulence mitigation is commonly used as

part of a larger pipeline, where the final objective is more likely to be that of object

identification, tracking or classification. It would therefore be desirable that the

loss function, alongside optimising the model to recreate the ground truth, could

also promote perceptual features, therefore aiding post-processing algorithms. To

this end, incorporating a perceptual loss [241] alongside the traditional loss would

be expected to improve turbulence mitigation models, enabling them to integrate

more effectively into larger frameworks.

Perceptual loss is calculated with a pre-trained classification model, ϕ, which

is used to encode each output image into its feature maps at each layer. The acti-

vations of the jth layer can then be compared with the corresponding activations

from the ground truth image. This is described as

Lϕ,j
percep(ŷ, y) =

1

CjHjWj

∥ϕj(ŷ)− ϕj(y)∥22 (5.1)

where ϕj(ŷ) are the activations from the jth layer given the output image and

ϕj(y) are the activations from the jth layer given the target (ground truth) image.

Cj, Hj and Wj are the number of channels, height and width of the jth layer

respectively.

Another loss function that would aim to steer turbulence mitigation models

towards promoting perceptual features is that of detection loss. Unlike perceptual

loss, which computes the L2 difference between intermediate feature maps, detec-

tion loss evaluates the output of a classification model. The limitation of such a

loss function however is the reliance on labelled data. When using detection loss,

it is the difference between the predicted label and the ground truth that pro-

vides feedback. Therefore, in order to train a turbulence mitigation model with a

detection loss, the data would require accurate classification labels. The percep-

tual loss avoids this by simply using a pre-trained classification model to extract

meaningful features. The loss then reflects how similar the model’s output is to

the ground truth in terms of perceptual quality, rather than binary classification

accuracy.

For this work, the activations for the perceptual loss were extracted from the

‘conv5 4’ layer of the VGG19 [120] pretrained model.

122



Ch.5 Application of Deep Learning to Turbulence Mitigation

Meanwhile the original loss function, the Charbonnier loss, is defined as

Lchar(ŷ, y) =

√
∥ŷ − y∥2 + ε2 (5.2)

where ŷ is the output image, y is the target image and ε is a small constant to

ensure differentiability at zero.

The final proposed loss, L, can then be constructed from (5.2) and (5.1) as

L = λLchar + αLpercep (5.3)

where λ and α are weighting values that control the influence of each loss. To

fully investigate the impact of perceptual loss, two models were trained, each with

different ratios of λ and α, first a model where λ/α = 0.75/0.25 (EDVRs25), and

secondly a model where λ/α = 0.5/0.5 (EDVRs50).

Model Size and Ablation Study

Due to limited access to suitable computational hardware at the beginning of this

investigation, the size of the model was reduced. As previously mentioned, this

smaller model was named EDVRs. For this reduction, the number of features in

each layer was reduced from 128 to 64 and the number of residual blocks in the

reconstruction module was reduced from 40 to 10. Access to improved hardware

at a later stage did enable the training of an original version of the model. Given

the previously mentioned difficulties in training the original model with the de-

formable convolution layers, this larger model was trained using the replacement

architecture as shown in Figure 5.4. This model is subsequently labelled EDVR.

This larger model therefore also allows an analysis of the impact of model size.

Using this, one can decide whether it is worth compromising on performance for

a smaller more deployable model. An ablation study of EDVRs was also con-

ducted, evaluating the presence of the PreDeblur (PD), PCD and TSA modules,

allowing an understanding of which modules are contributing most to the overall

performance. This also allows the original model design to be scrutinised when

being trained with turbulent data, as this change in image content may result

in one or more of the modules not performing as expected. The eight resultant

trained models represented all combinations of these three modules, and a ver-

sion that contained none of the modules; the chosen naming convention for these

experiments is shown in Table 5.2.
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Table 5.2: Assigned names and description for each version of EDVR trained for
ablation study.

Model Name Description

PD PCD TSA All modules present
PD PCD No TSA Module
PD TSA No PCD Module
PCD TSA No PD Module

PD Just the PD Module
PCD Just the PCD Module
TSA Just the TSA Module
None None of the Modules

5.3.2 Training Procedure

As in the original work, models were trained using the Adam optimizer with

β1 = 0.9 and β2 = 0.999. The learning rate was initialised as 6× 10−4 (2× 10−4

for EDVR), and was adjusted according to a ReduceLROnPlateau scheduler,

with a patience of 20 epochs and a reduction factor of 0.5, where the adjustments

were made according to the loss evaluated on the validation set of data. All mod-

els were trained from scratch until the learning rate dropped below a threshold

value of 2 × 10−6. The motivation for retraining a model from scratch, rather

than using pre-trained weights, is that of flexibility. When performing transfer

learning, where a pre-trained model is adapted to new data, the weights of the

source (pre-trained) model must be compatible with the architecture of the target

model. This therefore imposes constraints on the design and adaptation of the

architecture. Due to the nature of the various configurations of EDVR that are

proposed in this section, the constraint of this approach would result in unfair

comparison. Therefore, to ensure that each model is trained for fair comparison,

no pre-trained weights are utilised. A summary of the different configurations of

EDVR can be seen in Table 5.3.

The training data used for these models was that of the ‘turbulence videos’

dataset developed in Chapter 4, consisting of 148,884 turbulent videos, each with

15 frames. The dataset covers a wide range of turbulence, as well as varied

turbulence ‘speed’. The dataset is separated into a train/validation/test split of

98,263/5,956/44,665 images respectively.

As described previously, the most common use of a turbulence mitigation

algorithm would be that of pre-processing images for tasks such as tracking or

classification, and that the addition of a perceptual loss may improve a models

performance in this regard. Therefore, to test this hypothesis, a new method of
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Table 5.3: Summary of the different configurations of EDVR trained for analysis.

Model Name
Deformable
Convolution

Original Size λ α

EDVRs ✓ ✗ 1 0
EDVRs ✗ ✗ 1 0
EDVRs25 ✗ ✗ 0.75 0.25
EDVRs50 ✗ ✗ 0.5 0.5
EDVR ✗ ✓ 1 0

image quality assessment is proposed in the form of post-processing classification.

If the classification accuracy on the outputs of EDVRs25/EDVRs50 exceeds that

of the output images from EDVRs, it would indicate that the inclusion of percep-

tual loss is indeed beneficial. To facilitate this new metric, the EfficientNetV2-L

classification model [21] was used alongside the ‘turbulent imagenet’ dataset de-

scribed in Chapter 4, which contains accurately labelled data. The output images

from each model are passed to the classifier to assess if an improvement in ac-

curacy is achieved post-mitigation. Before simulation, each ground truth image

from ‘turbulent imagenet’ was confirmed as classifiable with 100% accuracy by

EfficientNetV2-L. The motivation for this was to ensure that the only reason for

an unclassifiable image would be that of turbulent distortion, and not due to the

classifier. This dataset was used only for testing purposes.

Alongside the classification accuracy, more image quality metrics are employed

to quantify the outputs of the models. As well as PSNR and SSIM, two more

Full Refernce (FR) metrics are used: CW-SSIM [221] and RMSE as well as four

No Reference (NR) metrics: BRISQUE [213], NIQE [216], CLIPIQA [214] and

MANIQA [180]. The motivation for the use of these metrics is to better gain an

understanding of image quality by referencing multiple metrics at once.

5.4 Video Turbulence Mitigation with DATUM

Over recent years, the field of turbulence mitigation with deep learning has be-

come more and more popular, with new turbulence mitigation architectures con-

stantly being developed. The DATUM architecture [88] is one such model, pro-

viding state-of-the-art results. For the design of DATUM, the authors took in-

spiration from traditional turbulence mitigation techniques, and aimed to follow

similar pipelines, using modern deep learning. This is presented as three distinct

steps: Feature Registration, Temporal Fusion and post-processing. These steps
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Figure 5.5: DATUM Architecture [88]. Showing the processing of the t-th frame in
the input sequence.

can be seen, alongside the full architecture of DATUM in Figure 5.5.

The purpose of the feature registration stage is to first construct a reference

frame from the provided input images. Each image is then aligned to this reference

frame. Within DATUM, this is achieved by first extracting features from the

input with a series of spatially decreasing Residual Dense Blocks (RDB) [235],

extracting features at each level as f
{1,2,3}
t . Where t ∈ {0, 1, 2, . . . , N − 1}, and

N is the total number of input frames.

The final feature map, f 3
t , is then passed into the Deformable Attention Align-

ment Block (DAAB), which is also provided a downsized version of the current

frame, It, a downsized version of the previous frame, It−1, and a reference map

from the previous frame, r
′
t−1. This reference map is generated recursively by the

Gated Reference Update Module (GRUM).

The DAAB first uses the SpyNet [242] to estimate the flow, Of
t−→t−1, between

the two frames It and It−1, which is then used to update the estimated flow

between the current frame and the reference, Ôf−→r
t . The final registered feature

map, ft, is then found using a Guided Deformable Attention (GDA) block. The

DAAB is employed in a bidirectional manner, in that, for each feature map, f 3
t , a

registered feature map, ft, is evaluated for both forwards and backwards optical

flow.

To then perform temporal fusion, the resulting registered features, ft, are

concatenated with the original feature map f 3
t and the reference map r

′
t−1 to be

passed into the Deep Integration Module (DIM) consisting of 15 RDB blocks. The

output of which represents the forward and backward embeddings efwt and ebwt .
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After concatenation, these are then passed to the Multi-head Temporal-Channel

Self-Attention (MTCSA) module for final frame fusion. Each are also fed back to

the GRUM module to update the reference map for the subsequent frame, It+1.

Up to this section of the model, all input frames have been processed the same.

For the MTCSA however, the input is defined by the chosen number future frames

(ff) and past frames (pf) that should be used for the fusion step. The number

of output frames from the model, Nout, is therefore limited to

Nout = N − ff − pf (5.4)

and the input to the MTCSA is therefore,

(et−pf , . . . , et, . . . , et+ff ), t ∈ {pf, pf + 1, . . . , N − ff} (5.5)

Finally, the output frames are generated by the post-processing stage, imple-

mented with a twin decoder structure. For each frame, the feature map from the

MTCSA is fed into two separate decoding paths. The upper path aims to undo

any tilt present in the frame, whilst the lower path makes use of the upper paths

tilt predictions to focus on the removal of blur. These paths are reinforced by the

two loss functions used to train DATUM.

The first loss function, Lchar, is simply that of a Charbonnier loss evaluated

between the output frame, Î, and the ground truth image, IGT. i.e.

Lchar

(
IGT, Î

)
(5.6)

The second loss, Ltilt, is the Charbonnier loss evaluated between the ground

truth and the ‘tilt corrected’ image, denoted as W
(
Itilt; T̂ −1

)
, where Itilt is the

‘tilt-only’ image and T̂ −1 is the estimated inverse tilt field from the upper path

of the twin decoder. The full tilt loss is therefore defined as,

Ltilt = Lchar

(
IGT,W

(
Itilt; T̂ −1

))
(5.7)

The final loss function is then calculated as a weighted sum of Lchar and Ltilt

as

L = α1Lchar + α2Ltilt. (5.8)

where the weights α1 and α2 are set as 0.2 and 0.8 respectively.

The original work employed two different datasets for training: ATSyn-static

and ATSyn-dynamic. For both, the data was synthesised using an improved

version of the turbulence simulator from the same authors [77]. Using this, the
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Table 5.4: Summary of the different configurations of DATUM trained for analysis.

Model Name
Lchar Ltilt Lpercep

α1 α2 α3

DATUMCT 0.8 0.2 ✗

DATUMC 1 ✗ ✗

DATUMCP 0.8 ✗ 0.012
DATUMCTP 0.8 0.2 0.012

‘tilt-only’ image Itilt can be generated alongside the full turbulent image.

5.4.1 Modified DATUM Models

Unlike the investigation into the EDVR model, the core architecture of DATUM

was left unchanged. Instead, the focus of this investigation was on the loss func-

tion. As with EDVR, this was also motivated by the use of turbulence mitigation

in a larger image/video processing framework. To this end, the addition of a

perceptual loss was proposed to improve the performance of DATUM.

Alongside this addition, the use of the tilt loss was also examined, as its

presence requires specific data to be available (i.e. the ‘tilt-only’ image). Whilst

this is possible via the simulator used by the original authors, such an image may

not always be available, therefore restricting the training of DATUM to specific

datasets. If the model was able to train without this loss, the flexibility of the

model as a whole would be greatly improved.

There were therefore 3 different loss functions available: The Charbonnier

loss Lchar, the tilt loss Ltilt and the perceptual loss Lpercep. The final loss, L, can
therefore be represented as a weighted sum of each loss,

L = α1Lchar

(
IGT, Î

)
+ α2Ltilt

(
IGT, Itilt, T̂ −1

)
+ α3Lpercep

(
IGT, Î

)
. (5.9)

Using different weightings of α1, α2 and α3, four different configurations of the

model were trained: the original DATUM configuration (DATUMCT ), a ‘no tilt’

configuration (DATUMC), the original configuration with an additional percep-

tual loss (DATUMCTP ), and finally the ‘no tilt’ configuration with an additional

perceptual loss (DATUMCP ). The corresponding weights for each configuration

are defined in Table 5.4. For α3, many different values were tested, examining

the impact that the perceptual loss had on the total loss L. It was found that

a value of 0.012 resulted in the best results, and resulted in a perceptual loss

contribution that was just above that of the Charbonnier loss Lchar.
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(a) Original configuration of the twin
decoder. With the output of the upper path

being fed into the lower half, whilst also
contributing towards the tilt loss alongside a

‘tilt-only’ version of the input.

(b) Proposed removal of the tilt loss. The
output of the upper path of the twin decoder

is still fed into the lower half, but not
passsed to any loss function.

Figure 5.6: Comparison between the original DATUM loss configuration and the
proposed removal of the tilt loss.

The Charbonnier loss and tilt loss were calculated as previously defined in

Eq.s (5.2) and (5.7). The perceptual loss was implemented in the same man-

ner as for EDVR in Section 5.3.1, where the activations were extracted from

the ‘conv5 4’ layer of the VGG19 [120] pretrained model, and used to evaluate

Eq. (5.1).

The original configuration of the Charbonnier loss and tilt loss can be seen

in Figure 5.6a, where it can be seen that the inverse tilt field, T̂ −1, is not only

passed to the tilt loss, but also fed into in the lower path of the twin decoder.

This allows the lower path to focus more on blur artifacts present in the image,

as the tilt is already removed. In the case of DATUMC and DATUMCP , this

connection is still implemented, however the tilt loss is no longer present in the

final loss function, as shown in Figure 5.6b.

5.4.2 Training Procedure

In order to train the different configurations of the DATUM architecture, some of

the training hyperparameters were altered, due to limited computation hardware.

The size of the model was left unchanged, however the training length, batch size

and number of frames used were reduced in order to remain within memory con-

straints. Each model was trained from scratch for a total of 200,000 iterations,

incorporating 2,500 warm-up iterations (Reduced from 400,000 total and 10,000
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warm-up). As with EDVR, the choice to train the models from scratch was to

allow additional flexibility, and to not be restricted by pre-trained model archi-

tecture. In order to allow the original model size, the batch size was reduced from

8 to 4 and the number of frames provided during training was reduced from 30

to 20. As in the original work, all models were trained using a Cosine Annealing

scheduler alongside an Adam optimizer and the learning rate was kept as a value

of 2 × 10−4. The training dataset used was the ATSyn-static dataset presented

in the original work [88].

In order to test the different configurations, three different test datasets were

utilised. Firstly the test set of the ATSyn-static dataset, which consists of images

from the Places dataset [28] with turbulence distortion applied via simulation. As

well as simulated data from the original author, the classification based metric,

proposed in Section 5.3.1, is also used. The only difference in the case of DATUM

is in the dataset size. Instead of the full 34,467 videos, a subset of 5,000 was

selected. As with the experimentation with EDVR, the motivation for this dataset

is the analysis of post-mitigation classification accuracy, where the classification

is evaluated by the EfficientNetV2-L classification model.

As well as this newly proposed metric using ‘turbulent imagenet’, another

application based metric in the form of text classification was also possible. This

was due to the existence of the Turbulence Text Dataset [60]. This is a dataset

consisting of real turbulent scenes, each comprising of 100 video frames of a piece

of paper with five printed words. Using this dataset, similar to that of ‘turbulent

imagenet’, the post-mitigation task of text classification can be performed. This

dataset is especially important, as the distortion present is wholly due to a real-life

turbulent atmosphere, and is therefore a more realistic scenario. As in the original

work [60], the evaluation of post-mitigation text classifications was achieved with

three different classifiers: CRNN [243], DAN [244] and ASTER [245].

In order to evaluate image quality, the PSNR, SSIM and MANIQA metrics

were used for this investigation alongside the classification results.

5.4.3 Comparison with EDVR

As well as the cross-comparison of the different DATUM configurations, a com-

parison can also be made with the previously implemented EDVR architecture.

In order to facilitate this and ensure a fair comparison, each model was trained

using the same dataset. Specifically, they were trained with 20 RGB input frames

from the ATSyn-static dataset [88], and tested with the corresponding test set

from ATSyn-static alongside the Turbulence Text Dataset [60].
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Table 5.5: Detail of the different future frames (ff) and past frames (pf) used, and
the corresponding input/output frame count.

Model ff/pf Frames In Frames Out

DATUM 0 15 15
DATUM 2 15 11
DATUM 7 15 1

As for the architectures, EDVR was trained with its original number of param-

eters and residual blocks, however, as with the models trained in Section 5.3.1,

the deformable convolution layers were replaced with the proposed solution. This

therefore matched the configuration of EDVR from Section 5.3.1. As for the DA-

TUM architecture, in order to comply with hardware limitations (in line with

Section 5.4.1), the batch size was reduced from 8 to 4 (DATUMCT ). However,

unlike previous configurations, this model was given a full 400,000 training iter-

ations. Both models were trained with their default loss functions.

Alongside the analysis of turbulence mitigation quality, the computation re-

quirements of the two models was also compared. For this analysis, the parameter

count, inference time, and GPU memory usage were evaluated.

In addition to the base comparison between EDVR and DATUMCT , both

methods were also evaluated for scalability with respect to input frame count

and image size. The evaluation of frame count was tested by increasing the

number of input frames from 10 to 60, in increments of 10, where, for each, the

profiling was performed with images sizes of 256 × 256 and 512 × 512. For the

image size analysis, resolution was increased from 256 × 256 to 1792 × 1792 in

increments of 256, whilst the number of input frames was fixed at 15.

Finally, the use of the future/past frames (ff/pf) parameter in DATUM

was also examined. This value alters the number of frames fed into the MTCSA

module and dictates the number of output frames from the model. The larger this

value, the more neighbouring frames are utilised for each output frame, therefore

resulting in fewer total output frames. The tested values of ff/pf are shown in

Table 5.5, where the resulting number of output frames is also provided.

For each test described, the profiling was evaluated 50 times, and the average

was then found. It is worth noting that for all the profiling performed, only

a single video was processed at a time, and was performed with the model in

evaluation mode and gradient computation turned off. Therefore, whilst this

analysis may indicate the potential hardware performance of the models at test

time, such performance may not be applicable during training due to the added

131



Ch.5 Application of Deep Learning to Turbulence Mitigation

Table 5.6: Average PSNR and SSIM results of each network. Each test dataset
contained 1000 images. (PSNR/SSIM). (Best results in bold).

Network Low Medium High

Turbulent Input 23.36/0.669 *20.90/0.544 *20.19/0.504

BRDNet 19.08/0.598 18.39/0.491 17.87/0.451
RDN 23.77/0.704 20.66/0.568 20.13/0.534

SuperSR 22.74/0.685 20.51/0.547 19.93/0.508
CAE-Unet-CAE 22.55/0.676 20.55/0.551 19.97/0.513

RCAN 22.14/0.688 19.75/0.545 19.21/0.503
DnCNN 23.35/0.669 20.89/0.545 20.19/0.505

* identifies cases where the turbulent input images actually achieved the best metric score

memory requirements.

5.5 Results

5.5.1 Single frame Turbulence Mitigation

To test the single frame networks, three datasets were used: ‘Low’, ‘Medium’

and ‘High’. Each comprising of 1,000 images, and varied strengths of turbulence.

Once tested, the average PSNR and SSIM scores were evaluated for each model,

and are shown in Table 5.6, alongside the metrics scores for the original turbulent

input images.

These results show that RDN provided the highest SSIM score over all three

datasets. It also achieved the highest PSNR score for the ‘Low’ dataset with

DnCNN achieving the best PSNR scores for the ‘Medium’ and ‘High’ datasets.

This therefore indicates that, of the chosen networks, it was RDN that would

be best suited for turbulence mitigation. However, if the metric scores for the

turbulent input images are also examined, it can be seen that although RDN

provides the best performance out of the different models, its scores are still

very close to, if not less than, those obtained from the original turbulent input,

suggesting that little to no improvement was made. In order to further analyse

these results, output images can be examined. Firstly, shown in Figure 5.7,

are two cases where a selection of the models were successfully able to improve

upon the turbulent input image, for both PSNR and SSIM. Before discussing

the quantitative improvements, it is worth examining the characteristics of the

turbulent input images themselves. The input shown in Figure 5.7a does not

fully resemble a typical turbulent image, as it lacks clear tilt effects and appears
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primarily blurred. Similarly, the input in Figure 5.7b does not accurately depict a

turbulent atmosphere, with dark pixel artifacts appearing disconnected from the

main building. These shortcomings are a result of the simulator’s development

timeline where, at the time of this investigation, only the first version of the

simulator described in Chapter 4 was available. Whilst these inaccuracies were

addressed in the subsequent iteration of the simulation tool, the images presented

here reflect the dataset that was used during this study.

Whilst the average scores reported in Table 5.6 suggest that the models are

not able to fully mitigate the effects of turbulence, these example images show

that improvement is indeed possible in some cases. With the best performing

model being RDN where, in the case of ‘Low’ turbulence, it is able to recover

a high level of sharpness. For the case of ‘Medium’ turbulence, whilst the high

frequency details are unable to be recovered, the RDN network is still able to

improve the quality of the edges by a significant margin. Given these positive

examples, it is also worth examining cases where the model metric scores were

worse than that of the turbulent input. Such examples are shown in Figure 5.8.

Analysing these images clearly reveals why the average metric scores reported

in Table 5.6 were so low. It can be seen that the image backgrounds show signs of

severe clipping, and is therefore the likely reason for the poor average PSNR and

SSIM scores. Despite this however, it can be seen that the areas of interest within

these images have indeed been improved, where lines have been straightened

and the contrast has been improved. This therefore is the first indication that

commonly used metrics are unable to present an accurate description of image

quality, as they are not nuanced enough to capture local improvements that may

have been made.

Given this however, an analysis of these images can also be completed via a

post-processing step that aims to remove the effects of clipping seen in Figure 5.8.

Whilst this problem would ideally be overcome during turbulence mitigation, via

a clamping or softmax operation, the only method of fixing such clipping after

the fact is by comparing with the original ground truth image. By comparing the

pixel values between the model outputs and the original image, any pixel that

has been clipped or wrapped can be identified and fixed. This operation can be

133



Ch.5 Application of Deep Learning to Turbulence Mitigation

Ground Truth Turbulent Image (23.5/0.84) BRDNet (17.51/0.72) RDN (33.59/0.98)

SuperSR (27.31/0.95) CAE_Unet_CAE (29.75/0.95) RCAN (29.55/0.97) DnCNN (23.5/0.85)

(a) Examples of successful outputs from models presented with the ‘Low’ turbulence
sub-dataset (PSNR/SSIM)

Ground Truth Turbulent Image (20.7/0.62) BRDNet (17.55/0.55) RDN (22.59/0.67)

SuperSR (22.28/0.63) CAE_Unet_CAE (22.26/0.65) RCAN (21.19/0.64) DnCNN (20.71/0.62)

(b) Examples of successful outputs from models presented with the ‘Medium’ turbulence
sub-dataset (PSNR/SSIM)

Figure 5.7: Example outputs of models given different levels of turbulent images.
Shown are cases where at least one or more model is able to achieve higher metric
scores than the turbulent input.
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Ground Truth Turbulent Image (32.78/0.94) BRDNet (24.35/0.87) RDN (24.85/0.93)

SuperSR (15.67/0.87) CAE_Unet_CAE (14.73/0.84) RCAN (13.02/0.84) DnCNN (32.72/0.94)

(a) Examples of unsuccessful outputs from models presented with the ‘Low’ turbulence
sub-dataset(PSNR/SSIM)

Ground Truth Turbulent Image (19.29/0.56) BRDNet (14.28/0.48) RDN (13.18/0.52)

SuperSR (12.06/0.42) CAE_Unet_CAE (10.98/0.44) RCAN (6.45/0.32) DnCNN (19.28/0.56)

(b) Examples of unsuccessful outputs from models presented with the ‘High’ turbulence
sub-dataset (PSNR/SSIM)

Figure 5.8: Example outputs of models given different levels of turbulent images.
Shown are cases where the models are unable to achieve higher metric scores than the
turbulent input.
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Table 5.7: PSNR and SSIM results for post-processed images using threshold values
of TL = 20 and TU = 235. Each dataset contains 1000 images. Format: PSNR/SSIM.

Network Low Medium High

Turbulent Input 23.36/0.669 20.90/0.544 20.19/0.504

BRDNet 20.18/0.609 18.96/0.496 18.53/0.457
RDN 24.96/0.710 21.09/0.572 20.62/0.539

SuperSR 23.97/0.692 20.91/0.551 20.31/0.512
CAE-Unet-CAE 24.11/0.685 21.17/0.557 20.51/0.519

RCAN 24.53/0.703 20.95/0.558 20.32/0.516
DnCNN 23.35/0.669 20.89/0.545 20.19/0.505

described by the following equation,

IOut(x, y) =


255, if IGT(x, y) > TU and IClipped(x, y) < TL

0, if IGT(x, y) < TL and IClipped(x, y) > TU

IClipped(x, y), otherwise

,

(5.10)

where IClipped(x, y), IGT(x, y) and IOut(x, y) are the clipped, ground truth and

output (fixed) images respectively. The two thresholds TL and TU denote the

sensitivity of the operation, where TU = 255 − TL and TL was set to a value of

20. Example outputs of this operation can be seen in Figure 5.9, where it can be

seen that the clipping has been greatly reduced. The resulting metric scores on

these processed images can be seen in Table 5.7.

Unlike the previous results (Table 5.6), these results show that, after post-

processing, the image are indeed of better quality than the turbulent input. As

before, it is RDN that provides the best results for all datasets, with the exception

of PSNR for the ‘Low’ dataset, which is obtained by CAE-Unet-CAE. However,

RDN is still very close to this highest value. Alongside quantative analysis, the

performance of the models can also be judged based on visual observation. In

this, it is clear that the RDN network that produces the cleaner output images,

with SuperSR providing the next best results. The outputs of CAE-Unet-CAE

and RCAN are visually similar to each other, and present slight improvements

over the input. The outputs from BRDNet and DnCNN contain the same level of

distortion as the input, therefore suggesting that they have not learnt any form

of turbulence mitigation.

Whilst all models use different design techniques, RDN and SuperSR both

make connections in a dense manner i.e. each layer is connected to all that fol-
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Ground Truth Turbulent Image (32.78/0.94) BRDNet (24.74/0.88) RDN (41.2/0.98)

SuperSR (35.61/0.96) CAE_Unet_CAE (32.11/0.92) RCAN (30.79/0.94) DnCNN (32.72/0.94)

(a) Examples of corrected outputs from models presented with the ‘Low’ turbulence
sub-dataset(PSNR/SSIM)

Ground Truth Turbulent Image (19.29/0.56) BRDNet (15.81/0.49) RDN (21.62/0.63)

SuperSR (19.56/0.57) CAE_Unet_CAE (20.36/0.59) RCAN (19.61/0.58) DnCNN (19.28/0.56)

(b) Examples of corrected outputs from models presented with the ‘High’ turbulence
sub-dataset (PSNR/SSIM)

Figure 5.9: Results of post-processing operation to remove the effects of clipping.
Compared to Figure 5.8, it can be seen that the image backgrounds have been corrected.

low. As this is the core feature of the best model (RDN) it is therefore proposed

that such a design will result in improved turbulence mitigation performance.

The architectures of CAE-Unet-CAE and RCAN are clearly able to make im-
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provements over the turbulent input, but lack the representation power to fully

recover sharp details. Finally, due to their simplicity, BRDNet and DnCNN are

clearly not transferable for turbulence mitigation. This is due to their archi-

tecture’s lacking capacity to learn the extremely complex nature of turbulence

distortion.

These results provide further proof that the application of deep learning is

indeed viable for the task of turbulence mitigation, provided that a suitable ar-

chitecture is chosen. They indicate that models originally designed for other

image processing tasks, such as deblurring or denoising, may be repurposed for

other data contents without requiring changes the core architecture.

However, although this investigation provided positive results, it was deemed

that even better results were still achievable. For example, it can be seen in

Figure 5.9 that the output of RDN, whilst mitigated of serious warping, still

lacks the high frequency detail that would be desired. It was believed that this

shortcoming was less of an issue with the model architectures, and more due to

the single frame input as, with such limited information, the performance of each

model is naturally restricted.

This therefore shows that the task of single-frame turbulence mitigation is

extremely difficult, reinforcing the findings of traditional turbulence mitigation

techniques that utilise video sequences. Due to turbulence distortion being tem-

porally varying, the use of video sequences greatly reduce the difficulty of turbu-

lence mitigation, as it would allow a deep learning model to fully understand the

underlying high quality latent image.

5.5.2 Video Turbulence Mitigation with EDVR

Deformable Convolution

The two models EDVRs and EDVRs were evaluated using the test set of the

‘turbulence videos’ dataset. The resulting metric scores are reported in Table 5.8.

These show that the replacement of the deformable convolution makes very

little impact to the model performance in the case of static turbulence mitiga-

tion. This is further highlighted in the table via the absolute difference column,

which emphasises the model’s similar performance. The term ‘static’ in this case

refers to video sequences that contain static contents, i.e. no movement between

frames. The opposite of this would be ‘dynamic’, where a video sequence would

contain moving objects or were taken by a moving camera. Given the fact that

the inclusion of the deformable convolution can lead to difficulties in the train-
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Table 5.8: Results from the replacement of the deformable convolution layer (EDVRs

vs EDVRs). Each was tested on the ‘turbulence videos’ test set, containing static scenes

Metric EDVRs EDVRs Difference

FR

PSNR ↑ 30.8073 30.8018 0.0055
SSIM ↑ 0.9197 0.9199 0.0002

CW-SSIM ↑ 0.9656 0.9655 0.0001
RMSE ↓ 7.9576 7.9565 0.0011

NR

BRISQUE ↓ 36.049 36.013 0.0355
NIQE ↓ 6.205 6.243 0.038

CLIPIQA ↑ 0.472 0.474 0.002
MANIQA ↑ 0.2864 0.2883 0.0019

ing process, these results show that the proposed replacement structure not only

mitigates such complications but also maintains model performance. Further-

more, the size of the EDVRs model contains 8.5% fewer trainable parameters

than EDVRs (3,771,393 vs 4,122,465), therefore providing further motivation to

replace the DCN layers.

It is worth noting however that the data used in this test was static, and

therefore may not require as much alignment as the data used in the original

work. This may be a reason for the results presented, where as, if dynamic data

was used, the model may require more complex alignment, which deformable

convolution could assist with. Another factor that may impact the usefulness

of the DCN layer is that of turbulence strength, where it may be the case that

the technique might prove more useful for more difficult scenarios. Shown in

Figure 5.10 are the average metric scores over a range of Low (C2
n = 0.25×10−15)

to High (C2
n = 0.25 × 10−15) turbulence strengths. Of these plots, it is only

the NR metrics that indicate any clear difference in performance for different C2
n

values. Of these, it is only NIQE that reports EDVRs outperforming EDVRs

at all strength levels (as expected from Table 5.8). Whilst MANIQA reports

that the two models drop in quality at the same rate, BRISQUE and CLIP IQA

indicate that the higher levels of turbulence do indeed benefit from the additional

DCN layer, with BRISQUE reporting that, for the highest level of turbulence, the

EDVRs model provides the best results. This indicates that the use of deformable

convolutions may indeed lead to better performance when dealing with higher

distortions levels, especially if paired with the additional complexity of dynamic

data. However, when dealing with lower levels turbulence and static scenes, the

DCN layer may not be necessary.
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Figure 5.10: Metric scores for EDVRs and EDVRs outputs over different turbulence
strengths. Low C2

n = 0.25 × 10−15 and High C2
n = 0.25 × 10−15

As well as investigating the replacement of the DCN layer, the practice of

clipping its learnable offsets was also tested. Table 5.9 presents the results for

the EDVRs model with four different values of clipping threshold, as well as the

results of EDVRs without clipping.

These results show that none of the clipped models are able to outperform the

unconstrained version, however the performance decrease is extremely minimal,

with a threshold of 5 providing the best results. This therefore indicates that

the clipping does indeed impact the training performance in a small manner, and
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Table 5.9: Results of EDVRs with different clipping thresholds, tested on the ‘turbu-
lence videos’ test set.

Metric
Clipping Threshold

1 2 5 10 None

FR

PSNR ↑ 29.848 29.929 30.091 29.966 30.808
SSIM ↑ 0.905 0.906 0.909 0.908 0.920

CW-SSIM ↑ 0.960 0.960 0.962 0.961 0.966
RMSE ↓ 8.830 8.787 8.615 8.739 7.958

NR

BRISQUE ↓ 36.070 36.300 36.300 36.388 36.049
NIQE ↓ 6.260 6.226 6.215 6.284 6.205

CLIPIQA ↑ 0.451 0.465 0.462 0.458 0.472
MANIQA ↑ 0.281 0.282 0.283 0.284 0.286

Table 5.10: Statistical values of the offset vector at the end of training from EDVRs

at different clipping thresholds.

Clipping
Threshold

Offset Statistics
Min Average Max std

1 -1 0.0077 1 0.80
2 -2 0.026 2 1.50
5 -5 -0.0255 5 2.46
10 -9.38 0.11 9.12 2.83

None -7.27 0.12 7.01 2.46

could potentially be a larger issue in different circumstances. To fully understand

how much clipping is occurring, the statistics of the offset values after training

are reported in Table 5.10.

These statistics show that, as expected, the average value of the offsets in all

models is close to zero, therefore indicating that the distribution of the weights

is centred about zero. It can also be seen that for the case of a threshold of

10, clipping was not actually implemented, as the min/max of the weights did

not reach this threshold. It is the standard deviation of the final weights that

is the most informative element of these results. For the model with a clipping

threshold of 1, the std was 0.8. This is 80% of the threshold value, implying that

the distribution of the weights were heavily restricted by the clipping procedure

and would have grown larger if given the opportunity. The results from the higher

thresholds prove this as, once a threshold above 2 was used, the std of the weights

seemed to ‘settle’ at a value between 2 and 3. This suggests that a threshold of

5 would be the preferred value if clipping were to be implemented, as this allows

enough space for the offsets to work with, whilst also not allowing them to grow
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Table 5.11: Classification accuracy of the ‘turbulent imagenet’ dataset after turbu-
lence mitigation by EDVRs25, EDVRs50 and EDVRs. Classification accuracy on the
turbulent input was 74.48%.

Model
Charbonnier
Weight (λ)

Perceptual
Weight (α)

Classification
accuracy

Increase

EDVRs 1 0 90.14% +15.66%
EDVRs25 0.75 0.25 92.34% +17.86%
EDVRs50 0.5 0.5 92.33% +17.85%

too large. This is also the threshold that provided the best results.

However, if the ‘settled’ std of the weights were to increase (e.g. via architec-

ture or data changes), a threshold of 5 may result in more clipping, and therefore

reduced performance. In such a case, choosing a larger threshold of 10 may be

more appropriate; however, a key caveat is that if the offsets reach such high

values, it likely indicates that training has already become unstable, and clipping

alone will not be sufficient to prevent it. The choice of the threshold is therefore

a very delicate decision. Too small, and performance will be limited. Too large,

and the clipping of the weights may come into effect too late, as the model has

already become unstable.

Perceptual Loss

It was proposed that the introduction of a perceptual loss to the training of

EDVRs would result in improved post-processing classification. Each of the pro-

posed models (EDVRs, EDVRs25, EDVRs50) were evaluated on the ‘turbulent im-

agenet’ test dataset and the resulting turbulence mitigated images were passed to

the EfficientNetV2-L classification model. Each video in the ‘turbulent imagenet’

dataset contains 15 frames and, as detailed in Chapter 4, were preprocessed prior

to this evaluation, where each of ground truth images within the final dataset are

correctly classified by the EfficientNetV2-L model. This pre-processing removes

any losses that may have been incurred during cropping and grayscale conversion.

The resulting accuracy for each EDVR model is reported in Table 5.11.

The first highlight of these results is the fact that for all models, regardless of

the loss function, classification accuracy is improved following turbulence mitiga-

tion, therefore showing that the use of deep learning for turbulence mitigation is

an extremely useful tool for such post-processing tasks.

With regard to the presence of the perceptual loss, it is clear that models

trained with such an addition are indeed able to outperform those trained with
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(a) Output image from
EDVRs25. Correctly

predicted as: ‘American
chameleon’

(b) Output image from
EDVRs. Incorrectly

predicted as: ‘Whiptail
lizard’

(c) Output image from
EDVRs25. Incorrectly

predicted as: ‘Greater Swiss
Mountain dog’

(d) Output image from
EDVRs. Correctly

predicted as: ‘EntleBucher’

Figure 5.11: Two cases of classification performance. Top: A case where EDVRs

outperforms EDVRs25. Bottom: A case where EDVRs25 outperforms EDVRs

the original loss function.

This was the desired outcome, but was also as expected. The perceptual loss

is, by definition, the use of a classifier’s weights to determine image quality. Given

the minimisation of such a loss, it is reasonable to presume that the resulting

images from such a model would therefore be easier to classify. This does not

however guarantee that the images are of better quality. With such a dependence

on classification, the model may have learnt to simply generate classifiable images,

that have no bearing on the original input. i.e. the model has ‘hallucinated’ its

output image. This is the reason that the perceptual loss is not used in isolation,

but rather alongside more traditional loss functions. The combination of losses

allows the models to maintain the overall image structure, whilst also promoting

sharp classifiable features. To check if this is indeed the case, the output images

can be visualised and assessed for any such ‘hallucinations’.

Shown in Figure 5.11 are two different scenarios: firstly, a case where EDVRs
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Table 5.12: Count of cases where MANIQA (NR) agrees/disagrees with PSNR (FR).

PSNR MANIQA Image count Percentage

EDVRs50 < EDVRs EDVRs50 < EDVRs 1131 3.28%
EDVRs50 < EDVRs EDVRs50 > EDVRs 31523 91.46%
EDVRs50 > EDVRs EDVRs50 < EDVRs 82 0.24%
EDVRs50 > EDVRs EDVRs50 > EDVRs 1731 5.02%

obtains a correct classification and EDVRs25 does not, and secondly a case where

EDVRs25 results in correct classification and EDVRs does not.

Firstly, from visual inspection of these images, it can be seen that the images

are clear of any ‘hallucinations’ induced by the perceptual loss therefore suggest-

ing that the improved classification accuracy is not due to unwanted artifacts,

but because of the models ability to promote sharper images with higher detail.

This can be seen in both scenarios, where the perceptual quality of the images

generated by the EDVRs25 are sharper than those from the EDVRs model.

Given this added sharpness however, it can be seen in Figures 5.11c and

5.11d, that the output of the EDVRs model is successfully classified, whilst the

EDVRs25 output is not. This is a rare case of where the added sharpness does

not aid in classification accuracy. However, as shown by the average results in

Table 5.11, cases like this are in the minority. Furthermore, if the classification

was to be performed by a human, the added sharpness provided by EDVRs25

would not make a significant difference to classification accuracy. However, if

such a task were to be autonomous, the increased confidence in classification

accuracy provided by a perceptual loss model would be invaluable.

It is worth highlighting the similarity between the two perceptual loss models.

The reason for this is the difference in scale between the two losses. During

training, typical values of the Charbonnier loss are Lchar ≈ 0.04, whereas typical

values of perceptual loss are Lpercep ≈ 1. Therefore, for both ratios of λ/α, the

Charbonnier loss Lchar only represents a small magnitude of the total loss, L.
This results in both models being predominantly controlled by the perceptual

loss element, hence their similar performance. It is positive therefore that such

a dominance of the perceptual loss did not lead to hallucinations, and that the

Charbonnier loss was still able to contribute towards the output image structure.

Finally, these results also show the importance of using application based

tasks, such as classification, as a measure of model quality, alongside more com-

mon image quality metrics. Table 5.12 shows that, for 91.46% of the dataset,

the PSNR metric would have identified EDVRs as the better model, while the
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Table 5.13: Results of EDVRs and EDVR, tested on the ‘turbulence videos’ test set.

Metric EDVRs EDVR

FR

PSNR↑ 30.802 32.763
SSIM↑ 0.920 0.943

CW-SSIM↑ 0.966 0.974
RMSE↓ 7.956 6.356

NR

BRISQUE↓ 36.013 36.311
NIQE↓ 6.243 6.236

CLIPIQA↑ 0.474 0.497
MANIQA↑ 0.288 0.300

Table 5.14: Classification accuracy of the ‘turbulent imagenet’ dataset after turbu-
lence mitigation by EDVRs and EDVR. Classification accuracy on low resolution input
was 74.48%.

Model
Charbonnier
Weight (λ)

Perceptual
Weight (α)

Classification
accuracy

Increase

EDVRs 1 0 90.14% +15.66%
EDVR 1 0 91.62% +17.14%

EDVRs25 obtained a classification accuracy of 92.34%

MANIQA metric would have identified EDVRs50. Given that that the out-

puts of EDVRs50 lead to increased classification accuracy, this indicates that

the MANIQA metric would be far more reliable in identifying ‘good images’ for

classification. In such a case, the PSNR metric would be extremely misleading,

as it clearly prefers the less sharp images produced by EDVRs. These results

highlight a significant issue with the commonly used metrics in the literature, in

that they are not always able to identify the best performing models; this issue

is further explored in Chapter 6.

Model Size and Ablation Study

As well as the alteration of the fundamental architecture and training procedure,

the EDVR model was also tested in regards to its size alongside an ablation

study of its modules. Firstly, the result of increasing the model size is shown in

Table 5.13.

With a total of 23,519,873 learnable parameters (compared to 3,771,393 within

EDVRs) it was as expected that the larger model, EDVR, was able to provide

better results. Whilst this is the case, if the deployment of such a model was
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Table 5.15: Performance Comparison of EDVR with and without the TSA module
(PSNR/MANIQA).

Model w/o TSA With TSA Percentage Increase

PCD PD 30.470/0.287 30.706/0.290 0.773/0.959%
PCD 30.766/0.293 30.859/0.290 0.301/-1.497%
PD 29.203/0.276 29.430/0.279 0.777/0.923%
None 29.105/0.280 29.139/0.275 0.117/-2.017%

Table 5.16: Performance Comparison of EDVR with and without the PCD module
(PSNR/MANIQA).

Model w/o PCD With PCD Percentage Increase

TSA PD 29.430/0.279 30.706/0.290 4.336/4.013%
TSA 29.139/0.275 30.859/0.290 5.903/5.333%
PD 29.203/0.276 30.470/0.287 4.339/3.977%
None 29.105/0.280 30.766/0.293 5.708/4.777%

Table 5.17: Performance Comparison of EDVR with and without the PD module
(PSNR/MANIQA).

Model w/o PD With PD Percentage Increase

TSA PCD 30.859/0.289 30.706/0.289 -0.496/0.095%
TSA 29.139/0.275 29.430/0.279 1.000/1.365%
PCD 30.766/0.293 30.470/0.287 -0.962/-2.340%
None 29.105/0.280 29.203/0.276 0.337/-1.588%

hardware limited, these results show that the small model is still able to pro-

vide competitive results, even with 16% of the parameters. The EDVR model

can also be evaluated on the classification dataset ‘turbulent imagenet’ to assess

the potential classification improvements from using a larger model size. The

corresponding results are presented in Table 5.14.

Again, as expected, the larger model is able to provide improved results.

However, even with the added parameters, EDVR was still unable to outperform

results of EDVRs25, therefore showing the relative power of model size vs loss

function. If the loss function is chosen appropriately, it can compensate for a

smaller model size.

Finally, the results of the ablation study can be seen in Tables 5.15, 5.16 and

5.17. For each table, the PSNR and MANIQA metrics are presented, and the

modules that make the biggest contributions can be identified.

Firstly, the inclusion of the PCD module is the most noticeable result, as its
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Table 5.18: FR and NR Metric results for each DATUM configuration, tested on the
ATSyn-static [88] test set.

Metric
DATUM Configurations

CT CTP C CP

FR
PSNR ↑ 25.329 24.971 25.335 24.988
SSIM ↑ 0.7477 0.734 0.7482 0.733

NR MANIQA ↑ 0.256 0.243 0.259 0.241

C: Charbonnier Loss, T: Tilt Loss, P: Perceptual loss

presence makes a significant difference to the overall model performance. This is

most likely due to the fact that the majority of the model weights exist within

this module, and therefore its absence also correlates with a significant reduction

in model representation ability. It is also likely that this module is responsible

for the majority of the image recovery process. Whilst the other modules have

their parts to play, they do so on top of the initial processing performed by the

PCD module. This is also the case for the TSA module which, on the whole, also

provides an improvement when present.

Another observation from these results is the impact of the PreDeblur module.

It can be seen in Table 5.15 that the TSA module makes a larger contribution

when the PD module is also present. However, in Table 5.16, the presence of

the PD module seems to reduce the contribution from the PCD module. This is

unexpected, as the purpose of the PreDeblur module is to preprocess the input to

aid alignment. However, these results suggest that the PreDeblur module might

be adding unnecessary processing to the images, leading to the reduced capability

of the PCD module, but the increased capability of the TSA module. It seems

however, that the impact to the PCD module outweighs the improvement in the

TSA module, as the best performing model is that of TSA PCD, implying that

the removal of the PreDeblur would result in a better model. It is important to

note however that these results only represent a single scenario, i.e. simulated

grayscale turbulent images. It could be the case that the use of RGB images, or

a different simulator, may result in the EDVR modules reacting differently.

5.5.3 Turbulence Mitigation with DATUM

The previous results showed that the addition of a perceptual loss to the EDVR

model greatly improved its performance, and resulted in higher quality, sharper

images. The following section outlines the results of a similar investigation into
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Table 5.19: NR Metric results and text classification accuracies for each DATUM
configuration, tested on the Turbulence Text Dataset [60]. Each configuration was
tested twice: first with 20 frames as input, then with 60 frames as input.

Metric
DATUM Configurations

CT CTP C CP

Text (20)
Classification

MANIQA ↑ 0.314 0.321 0.308 0.324
CRNN 86.60% 86.80% 88.20% 88.20%
DAN 92.00% 93.60% 95.00% 94.80%

ASTER 93.20% 94.00% 93.40% 92.80%

Text (60)
Classification

MANIQA ↑ 0.342 0.340 0.337 0.379
CRNN 90.20% 92.35% 94.10% 85.30%
DAN 94.00% 97.50% 97.65% 97.10%

ASTER 94.05% 97.55% 96.40% 97.10%

C: Charbonnier Loss, T: Tilt Loss, P: Perceptual loss

the DATUM architecture, using four different configurations of the original train-

ing loss. Each configuration was tested on three separate datasets, the results of

which are provided for each test dataset in turn.

Natural Scene Metrics

The first results are those from the test set of ATSyn-static, and are shown in

Table 5.18, from which two important conclusions can be derived.

Firstly, the configurations that include a perceptual loss provide the lowest

scores, especially for the FR metrics. This is due to the fact that these metrics

do not take perceptual quality into account, and simply score the images by how

similar they are to the ground truth. Therefore, any additional improvements

made by the perceptual loss will be overlooked.

Secondly, and most significantly, the model’s performance remains unaffected

by the removal of the tilt loss and, in fact, improves. Due to the training limitation

caused by the tilt loss (requirement of ‘tilt-only’ images) this is a significant

finding, as its removal will allow any data to be used whilst also improving the

performance of the model.

Text Classification

The text classification results and MANIQA scores for the Turbulence Text

Dataset are shown in Table 5.19, where each configuration of the DATUM loss

was tested twice. First with 20 input frames (Text (20)), and then with 60 (Text
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(60)). This was to assess how the performance of each model would change when

provided different levels of information.

The results show that the more frames that are provided to the model, the

better the mitigation performance, leading to much better classification. This is

as expected for DATUM, as the increased frame count allows the feature regis-

tration and temporal fusion to better understand the distortion present.

As for the comparison between DATUM loss configurations, once again it is

shown that the removal of the tilt loss does not lead to reduced performance.

In fact, in this case, the DATUMC model is able to outperform DATUMCT by

a significant margin, boosting the text classification by an average of 1.6% for

Text (20) and 3.3% for Text (60). A similar pattern for Text (20) can also be

seen between DATUMCP and DATUMCTP where, DATUMCP facilitates better

classification for CRNN and DAN. However, for ASTER, and Text (60), it can

be seen that the removal of the tilt loss leads to a reduced classification accuracy

when a perceptual loss is included.

As for the impact of the perceptual loss, it can be seen that its addition to the

base model provides minimal improvement to classification accuracy when pro-

vided with 20 frames, but is able to increase the effectiveness of all classifiers when

provided with 60 frames, where DAN and ASTER gain significant improvement.

Once the tilt loss is removed, the resulting impact of an additional perceptual

loss is varied. For Text (20), the perceptual loss seems to inhibit the classification

accuracy for both DAN and ASTER, whilst leaving CRNN unaffected. Whereas,

for Text (60), the perceptual loss improves ASTER, whilst inhibiting CRNN and

DAN.

To gain a better understanding of why the different configurations provide

such different classification accuracies, example output images can be analysed.

Such images are shown in Figures 5.12 and Figure 5.13, with the first notable

difference being the clear improvement gained by providing the model with more

frames. This provides further validation of the fact that the use of video sequences

can greatly increase the performance of turbulence mitigation algorithms.

The largest difference that can be seen between the outputs is in the change

induced by a perceptual loss, which results in the models including a ‘high fre-

quency’ texture in their images. This is due to the fact that the models were

trained using the natural scene contents of ATSyn-Static so, when presented

with somewhat plain images that contain minimal features, they still attempt to

apply high frequency components, manifesting as noise. This is not to say that

the resulting images are of bad quality however, and such an observation would be
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(a) Sample input frame (b) DATUMCT (c) DATUMCTP

(d) DATUMC (e) DATUMCP

Figure 5.12: Examples of turbulence mitigated images from the Turbulence Text
Dataset, with 20 input frames.

(a) Sample input frame (b) DATUMCT (c) DATUMCTP

(d) DATUMC (e) DATUMCP

Figure 5.13: Examples of turbulence mitigated images from the Turbulence Text
Dataset, with 60 input frames.
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dependant on the application. For example, if the turbulence was being mitigated

for the images to then be used by humans, this added noise could appear as an

unwanted distortion. However, the added high frequency content may even aid

in some post-processing, such as text classification. In Figure 5.13c for example

it could be argued that the additional noise provided by DATUMCTP actually

increases the readability of the text, which is reinforced by the additional 3.05%

average classification accuracy of this model over DATUMCT . The opposite is

true however in the comparison of DATUMC and DATUMCP , where the output

of DATUMCP has a higher level of noise (Figure 5.13e). It is clear by the results

in Table 5.19 that such a high level of noise in fact reduces the capability of the

text classification models. These results and images therefore show that the ap-

plication of a perceptual loss must be done with caution. If testing on data that

contains features outwith the training data, the models may impart unexpected

distortions, such as noise, which may be beneficial in some cases, but detrimental

in others.

As for the tilt loss, its presence during training results in a more subtle change

to the output images. For example, comparing Figure 5.13d and Figure 5.13b, it

can be seen that there is a sharper difference at edge of the paper when the tilt

loss is absent. In Figures 5.12b and 5.12d it can also be seen that the absence of

the tilt loss allows the model to better recreate the text contents. This can be

especially noticed in the ‘ber’ of ‘december’ and the ‘fri’ of ‘africa’, and is likely

the source of the average accuracy increase of 1.6%.

When the perceptual loss was present however, it was found that the accuracy

of Text (60) reduced once the tilt loss was removed. By analysing the difference

between Figures 5.13c and 5.13e it can be seen that the presence of the tilt loss

seems to restrict the level of noise being induced by the perceptual loss. This is

also the case for the Text (20) images, but is far less severe. This observation

therefore implies that the interaction between the perceptual loss and the tilt loss

is far more ‘reactive’ when more input frames are available, and that the tilt loss

can be utilised to ‘control’ the strength of the perceptual loss.

Given the results, and the visual analysis, it is difficult to identify any one

loss configuration that is best for turbulence mitigation in text scenes. However,

various recommendations can still be proposed. Firstly, the more frames avail-

able to the model, the better the performance. By providing the model with as

much information as possible, it is better able to recreate the high quality latent

image. Secondly, if providing only 20 frames to the model, the presence of the

tilt loss is not necessarily required as, in all cases, its removal provides increased
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Table 5.20: MANIQA results and EfficientNetV2-L object classification accuracies
for each DATUM configuration, tested on the subset of ‘turbulent imagenet’.

Metric
DATUM Configurations

CT CTP C CP

MANIQA ↑ 0.345 0.321 0.343 0.32

Classification
Top 1 84.10% 85.12% 84.28% 84.94%
Top 5 96.96% 97.02% 97.04% 97.06%

C: Charbonnier Loss, T: Tilt Loss, P: Perceptual loss

classification accuracy, and any high noise induced by a perceptual loss is reduced

by the lack of input data. Finally, if more frames are available, the ratio between

the tilt loss and perceptual loss requires careful consideration. If not using a

perceptual loss, then the best performance is achieved by also removing the tilt

loss. However, if using the perceptual loss, the inclusion of the tilt loss allows a

degree of ‘control’ over the tendency of the perceptual loss to induce noise into

the output image.

Object Classification

The final test dataset was that of the ‘turbulent imagenet’ subset. The classifica-

tion accuracies of the EfficientNetV2-L classifier, as well as the MANIQA metric

score, are reported in Table 5.20.

Unlike the text classification results, these show a clear winner in terms of

classification accuracy. The DATUMCTP model is able to outperform all mod-

els in top1 accuracy, with DATUMCP providing the second best results. This

therefore clearly shows that in the case of ‘turbulent imagenet’, the addition of

a perceptual loss will result in models that generate more classifiable images,

regardless of the presence of the tilt loss. In contrast to the text classification re-

sults, the data found within ‘turbulent imagenet’ is closer to the training data for

these models. Therefore, as the perceptual models were training, they learnt that

the application of high frequency content led to a more classifiable image. There-

fore, when presented with the Turbulence Text Dataset, this learnt characteristic

manifested as visible noise.

As with the text dataset, the interaction between the tilt loss and the per-

ceptual loss provides interesting results. When a perceptual loss was used, the

tilt loss aided in the performance and resulted in the best overall model. This

aligns with the results found for the text data, where the combination of both

the tilt loss and perceptual loss lead to a strong performance. Alternatively, if a
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Table 5.21: Metric results and text classification accuracies of the ATSyn-static and
Turbulence Text Dataset after turbulence mitigation by EDVR and DATUMCT .

Metric EDVR DATUMCT

ATSyn-static
PSNR ↑ 25.014 25.405
SSIM ↑ 0.728 0.751

MANIQA ↑ 0.246 0.262

Text (20)
Classification

CRNN 88.80% 86.00%
DAN 92.80% 92.40%

ASTER 94.40% 93.60%
MANIQA ↑ 0.269 0.294

perceptual loss is not used, adding the tilt loss results in reduced performance.

Comparison with EDVR

The metrics and text classification results of the model comparison between

EDVR and DATUMCT are reported in Table 5.21.

These results are particularly significant, as they show that EDVR can indeed

compete with the more ‘turbulence specific’ architecture of DATUMCT , despite

originally being designed for other tasks. EDVR was even able to just outperform

DATUMCT in the text classification test. To further understand these results, two

example output images from the Turbulent Text Dataset are shown in Figure 5.14,

where it can be seen that both models are able to perform well on the given

input. The output from EDVR however does seem slightly more ‘natural’ with

the output of DATUMCT having bolder text, leading to a higher contrast.

Given the similarity of the performances of the two models, other factors

may also be taken into consideration, for example functionality. The values in

Table 5.22 show the profiling results of the two models DATUMCT and EDVR.

Due to the fact that DATUMCT outputs more frames, its overall inference time

is longer. Therefore, to ensure a fair comparison, the timing results are reported

on a ‘per output frame’ basis. The reported memory usage refers to the peak

GPU memory allocated during inference. All results were obtained using a single

NVIDIA A100 SXM GPU.

It is shown that EDVR has approximately 4×more parameters than DATUMCT ,

and is slower to produces output frames. This is especially true in the case of

the larger 512×512 image size, where the time-per-output of EDVR increases by

86%, compared to an increase of only 47.37% for DATUMCT . However, despite

these shortcomings, it can also be seen that EDVR is able to process the video se-
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(a) Sample input frame (b) DATUMCT

(c) EDVR

Figure 5.14: Example outputs from the Turbulence Text Dataset after mitigation by
DATUMCT and EDVR. Each was supplied with 20 input frames.

Table 5.22: Profiling results of the two models DATUMCT and EDVR for two image
sizes.

Frames
Parameters

256 × 256 512 × 512
In Out Time Memory Time Memory

DATUMCT 20 16 5,779,873 19ms 1.92 GB 28ms 7.59 GB

EDVR 20 1 23,687,171 50ms 1.53 GB 93ms 5.83 GB

quence whilst utilising less GPU memory, despite having more parameters. This

therefore makes EDVR more suitable if hardware memory is limited.

The response of each model to an increasing frame size is shown in Figure 5.15,

where inference time-per-output and GPU memory allocation is shown. As ex-

pected, both time and memory usage increase with image size for both models.

However it can be seen that the time for EDVR is always greater than that of
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DATUMCT , and also increases at a higher rate. Nevertheless, similar to the re-

sults in Table 5.22 this behaviour is swapped in the GPU allocation, where it is

DATUMCT that requires more memory, and scales far worse as the image size

increases.
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Figure 5.15: Profiling results of EDVR and DATUMCT for increasing images size.
For all results, the number of input frames was fixed to 15, and for DATUMCT the
value of ff/pf was set to 2.

As well as the input image size, the impact of the number of frames used was

also be examined, the results of which are shown in Figure 5.16.
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Figure 5.16: Profiling results of EDVR and DATUMCT for increasing frame counts.
Shown are results for two image sizes. For DATUMCT the value of ff/pf was set to 2.

In these results, the same pattern can be found as before, with EDVR requir-

ing more time-per-output than DATUMCT , but requiring less memory. The most

noticeable difference in these results is the time-per-output of DATUMCT , where

it can be seen that as more frames are fed into the model, the output frames are

actually produced at a faster rate. This is due to the fact that the DATUMCT

model processes the whole input video at once and outputs multiple frames (as

opposed to EDVR, which only outputs a single frame). Therefore, when pro-

cessing longer video sequences, the total inference time does indeed increase, but
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Table 5.23: Profiling results for altering ff/pf values. In all scenarios, the number
of input frames was fixed to 15. The profiling of EDVR is also shown for reference.

ff/pf
Frames
Out

Parameters
256 × 256 512 × 512

Time Memory Time Memory

DATUMCT

0 15 4,486,433 15ms 1.55 GB 22ms 6.14 GB
2 11 5,779,873 21ms 1.34 GB 30ms 5.26 GB
7 1 14,389,473 216ms 0.63 GB 300ms 2.34 GB

EDVR N/A 1 23,523,331 42ms 1.17 GB 68ms 4.40 GB

ff : Future Frames pf : Past Frames

so does the number of output frames, therefore resulting in the time-per-output

remaining stable.

The reason for this stability is the manner in which DATUMCT processes a

video sequence where, up until the MTCSA module, each frame is processed in

the same way. It is here that temporal fusion, the process of fusing a series of

frames into one clean image, is applied. By default, DATUMCT fuses together

groups of 5 frames at a time (2 future frames, 2 past frames and the central frame,

i.e. ff/pf = 2). This is the major difference between the two models. Whilst

DATUMCT fuses 5 frames at time, EDVR fuses the entire input sequence. This

therefore allows more refined control of the DATUMCT architecture, as both the

number of input frames as well as the value of ff/pf can be chosen. The profiling

impact of the ff/pf parameter is shown in Table 5.23.

As expected, the increase of ff/pf also increases the number of parameters

within the model, as it is a fundamental change to the architecture. The time-

per-output also increases dramatically. This is due to the fact that the entire

video sequence is still being processed as before, but now only one output image

is being generated, therefore revealing the true inference time of DATUMCT . In

the case of ff/pf = 7, the input/output characteristics of DATUMCT become

equivalent to that of EDVR (15 frames in, 1 frame out). The results show that,

in this case, the EDVR model is significantly faster at inference.

Another interesting result is the allocated memory, which decreases as ff/pf

increases. This is due to the fact that, in the case of ff/pf = 7, the MTCSA

only performs a single fusion operation, on all 15 input frames. When ff/pf = 2

however, the MTCSA operates on a ‘sliding window’ of 5 frames. If applied to

Eq. (5.5), the indices therefore become

(et−2, et−1, et, et+1, et+2), t ∈ {2, 3, . . . , 13}
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where t represents each output frame. Therefore, the values of t = 2 and t = 3

for example, there would exist an ‘overlap’ where copies of the same frames are

created, leading to more total memory allocation during inference.

One element that these scaling studies do not take into account is the turbu-

lence mitigation performance. Whilst the knowledge of inference time and mem-

ory allocation is extremely useful, the performance of the configuration should be

the first priority. For example, whilst the ff/pf = 7 configuration of DATUMCT

results in a far longer inference time, it could be the case that this also corresponds

to the best performing model. It is therefore worth noting that any comparisons

outside of those from Table 5.21 are purely from a hardware deployment point of

view, but worthwhile nonetheless.

This comparison between the two models highlights several key factors. First,

concerning memory allocation, whilst EDVR contained more learnable param-

eters, it consistently required less memory during inference, allowing easier de-

ployment alongside flexibility of the input size. For example, during testing, the

largest image size that was possible for DATUMCT was 1792 × 1792, whereas

EDVR could process images up to 2048 × 2048. As for frame count, with a

ff/pf value of 2, DATUMCT maxed out at 700 frames for 256 × 256 and 200

frames for 512 × 512. EDVR on the other hand managed up to 1700 and 500

frames for 256× 256 and 512× 512 respectively.

The other key investigation was that of inference time, where it was shown

that, per output image, DATUMCT was the faster of the two models. However, if

taking into account the full inference time of each model, the DATUMCT archi-

tecture takes significantly longer to process all input frames. If such models were

being used to perform real-time turbulence mitigation, the DATUMCT model

would produce its output in ‘chunks’, whilst EDVR would be able to opperate

on a sliding window of the input frames.

As an example, say that turbulence mitigation was required on a 10fps video

sequence and the input to each model was set as 20 frames of size 256 × 256

(Where ff/pf = 2 for DATUMCT ). Given the first 20 frames, DATUMCT would

produce 16 output frames, and take approx 304ms. During this time 3 new frames

will have been made available. At this point, the 3 new frames could be fed into

the model, alongside the most recent 17 frames from the previous batch, however

this would lead to duplicate output frames. Another option would be to wait for

another 20 frames to be available, which would result in an output of 16 frames

every 2s. EDVR on the other hand would be able to process the first 20 frames

in only 50ms. Once the next frame is then available, the oldest frame can be
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discarded and a new batch of 20 can be fed in for processing. This therefore

is more conducive towards a real-time processing framework, whilst obtaining

comparable turbulence mitigation quality as reported in Table 5.21. DATUMCT

could be configured and used in the same manner as EDVR (i.e. set ff/pf = 7),

however as shown in Table 5.23, each inference would still take 216ms.

This therefore highlights the strength of DATUMCT as a multi-input/multi-

output model, rather than a real-time applied model. By using the default value

of 2 for ff/pf , the time-per-output frame remains efficient, whilst maintaining

model performance. The remaining GPU memory can then be used for as many

input frames as possible, as it was shown in the original work [88] as well as in

Table 5.19 that the use of more frames leads to a better overall performance.

Moreover, the use of more frames allows the model to generate temporally cor-

related outputs. The fact that the whole video sequences is processed at once,

allows the architecture to create an output video that is also consistent between

frames. EDVR on the other hand does not have any knowledge of its previous

output frame, so when processing a video using a sliding window, the resulting

output video could contain temporal anomalies. This is especially important

when processing ‘dynamic’ data, in which objects may move. DATUMCT ’s abil-

ity to capture temporal information across an entire video will mean that any

movement in the sequence is dealt with appropriately, as shown in the original

work [88].

A final difference between the two architectures concerns the training process.

As described, the original DATUM model, DATUMCT , requires an additional

‘tilt-free’ image to be available during training, whereas EDVR does not. This

would therefore provide more motivation to make use of the EDVR model, as

it allows for more flexibility when choosing training data. However, it has been

shown in this chapter that the ‘tilt-free’ image loss may not be required in all

scenarios, so therefore can be removed, allowing the training of DATUM on any

dataset.

In summary, the difference between the two models, EDVR and DATUMCT ,

is not as simple as identifying the model with the best metrics, as both mod-

els offer advantages in different scenarios. It was found that, on the whole, the

DATUMCT model was the better performing model for turbulence mitigation,

however requires more time to process its input fully. This would therefore be

put to better use in scenarios where video sequences have already been obtained,

and post-processing is required. The DATUMCT model will provide a temporally

correlated output video with greatly reduced turblence distortion. EDVR, whilst
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not able to fully outperform DATUMCT , was however found to be competitive.

The manner in which it processes its input is potentially more useful in real-time

processing scenarios, where its fast processing time and lower GPU usage may al-

low a video sequence to be processed frame-by frame, instead of in large ‘chunks’.

The two models could therefore be used in tandem, with EDVR providing the

more deployable real-time solution that could be used for initial evaluation of

the video sequence. Once fully obtained, that sequence can then be fed in to

DATUMCT to gain the best possible output video.

5.6 Discussion

The results reported in this chapter clearly show that deep learning is well suited

for the field of turbulence mitigation. Models are able to understand the under-

lying distortion, and apply that understanding to unknown samples, providing

turbulence mitigated data. As well as this, the models are able to process data

in real-time, therefore being a vital tool in any image processing toolbox.

The first key takeaway from the results is the confirmation that video se-

quences facilitate significantly better turbulence mitigation. Whilst the single

frame models were able to provide some promising results, the addition of tem-

porally variant information allows the deep learning architectures to better un-

derstand the latent, turbulence free image.

The subsequent results from EDVR, as well as the single frame results, also

highlight the versatility of deep learning architectures. In both cases, the archi-

tectures were not originally designed with turbulence in mind, but were able to

adapt after retraining, therefore demonstrating that achieving strong results in

deep learning relies more on the dataset, and less on the architectures themselves.

This was also shown by the replacement of the deformable convolution layers

with a far simpler design. Not only did this allow an easier training process, but

did not result in a loss of performance.

What plays a far more pivotal role in deep learning success is the loss function.

If the loss function is not fit for purpose, then the resultant model will fall short

of its potential. This was shown constantly in this chapter. By highlighting the

fact that turbulence mitigation is primarily an initial processing step within a

larger system, attention was brought to the definition of ‘success’ in turbulence

mitigation. If, after processing, classification is to be performed, then the training

of the model should be undertaken with that in mind.

By using classification as a metric, the outputs of EDVRs25 and EDVRs50
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were shown to be of better quality, by their higher classification accuracy scores.

This therefore indicated that the addition of a perceptual loss into the training

process better prepared the model for application based quality metrics. This

understanding was then applied to a state-of-the-art model, DATUM, where it

was also found that the addition of a perceptual loss resulted in improved perfor-

mance. Not only this, but it was also found that the tilt loss used in the original

work was potentially unnecessary, as the model was able to provide improved re-

sults when removed. The removal of this loss also allows this model to be trained

on different datasets, as the ‘tilt-only’ image is no longer required.

Finally, it was shown that, whilst the more modern, turbulence specific, model

DATUMCT was able to outperform EDVR, in terms real-time applications, the

EDVR model would actually be more suitable. This due to how the two models

process their data, as well as EDVR requiring less memory for inference. The

choice between the two simply comes down to the application at hand. If per-

forming real-time processing, EDVR may not provide as high quality images, but

will be able to process each new image and be deployed on smaller hardware. On

the other hand, if a sequence is already obtained, then DATUMCT would be able

to process large sections and provide a high quality output video.

5.7 Conclusion

This chapter has presented an in-depth analysis of the use of deep learning for

turbulence mitigation, and has presented key findings in its application. It was

first found that simple off-the-shelf architectures could be repurposed for single

frame turbulence mitigation, and provide somewhat positive results. However

it was noted that such a task, given only a single image, was extremely diffi-

cult, especially in cases of extreme turbulence. This, alongside inspiration from

traditional techniques, therefore motivated the use of turbulent video sequences,

providing the the models with a better chance of finding a turbulent free latent

image.

This was achieved, again with an off-the-shelf architecture, with EDVR. How-

ever, it was found that the training process could be improved by replacing its

deformable convolution with a more simple design. As well as this, the loss was

altered such that the training process was better suited to turbulence mitiga-

tion. These alterations were successful, with the replacement of the deformable

convolution resulting in no drop in performance. The addition of a perceptual

loss greatly increased the performance of the model, providing images that were
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visually sharper, and were easier to classify. These findings were then translated

over to a more modern, state-of-the-art, turbulence mitigation model DATUM.

In this case, it was also found that improvements could be made by altering the

loss function, where the perceptual loss, again facilitated better classification, as

well as the removal of the tilt loss. This not only provided better results, but also

opened up the training of the model to more varied datasets in the future.

Finally, a comparison between the two models was provided. It was shown

that the DATUMmodel was the better performing of the two models, and allowed

for more flexibility during testing. However, EDVR was found to be competitive,

and more deployable in a real-time application.

In conclusion, the contribution of this chapter is a thorough analysis of turbu-

lence mitigation techniques using deep learning as well as an improvement upon

state-of-the-art by optimising the loss function for the training of DATUM.
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Chapter 6

Analysis of Image Quality

Metrics For Turbulence

Mitigation

6.1 Introduction

For every algorithm designed, there must also exist an assurance of quality. In the

case of image processing, such a promise of quality can be obtained by employing

of a variety of different image quality metrics. These metrics mainly come in

two forms: Full Reference (FR) and No Reference (NR). Full Reference metrics

utilise the information of a ground truth image, from which it can determine how

close an algorithm is to reproducing that ground truth. Conversely, No Reference

metrics do not have access to such information, so aim to determine the quality

of an image from just the available pixel values alone. The most common metrics

used for image processing/recovery algorithms are Peak Signal-to-Noise Ratio

(PSNR) and Structural SIMilarity (SSIM) [27, 165], and are ubiquitous in the

field of turbulence mitigation [75, 143, 150, 246].

As shown by the results in Chapter 5, models trained with a perceptual loss are

able to outperform others in the task of image classification, even when metrics

such as PSNR and SSIM report poorer quality. This is an issue as, if trusted, such

metrics would have suggested a model that would have been insufficient for the

task at hand. Furthermore, as proposed by Gu et al. [165], deep learning networks

may introduce additional texture-like noise in images. This occurs when a model,

having been rewarded during training for adding high-frequency detail, begins to

apply such detail to unseen data. This results in images that are potentially high

quality (due to high frequency content), but also far away from the ground truth
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(due to noise). It is therefore important to choose an image quality metric that

can account for such noise, which is a characteristic lacking in traditional metrics

such as PSNR and SSIM.

In order to fully understand the potential shortcomings of commonly used

metrics, it is first useful to distinguish between perceptual and distortion quality.

Distortion quality is focused on the reconstruction of images and is a direct mea-

sure of how close an image, x̂, is to its reference x. Perceptual quality instead

refers to the visual appearance of x̂, as opposed to its resemblance to x. An

image that looks realistic may have a high perceptual quality, even when very

dissimilar to its corresponding reference image. It is therefore common that these

two are at odds with each other. As presented in [172], perceptual and distortion

quality can be evaluated using NR and FR metrics respectively, with FR metrics

typically rewarding images with minimal distortion, while NR metrics aim for

perceptual quality.

In the context of turbulence mitigation, when a ground truth image is un-

available, each potential reconstruction of the scene is as equally plausible as the

last. However, when a ground truth image becomes available, all but one of these

reconstructions would become ‘incorrect’ when compared to the ground truth (i.e.

their distortion quality could be measured and found to be poor). However, these

solutions may still have a high perceptual quality and provide useful information

regarding the original image contents.

An example is illustrated in Figure 6.1, showing the outputs of two different

turbulence mitigation models (A and B), alongside the ground truth image. It

can be seen that the output of model A (6.1b) is of higher perceptual quality than

that of model B (6.1c). However, a direct comparison with the ground truth (via

PSNR) would suggest the opposite. This is therefore a clear example of human

visual perception disagreeing with that of distortion metric measurements.

Given the disparity between certain distortion metrics and human percep-

tion, it is argued that the field of turbulence mitigation may be hindering its

own progress by relying on metrics that fail to align with perceptual quality. If

the literature continues to present their results in the form of PSNR/SSIM, the

resulting turbulence mitigation algorithms may be solving the wrong problem

[165]. The models reported in Chapter 5 show that, for turbulence mitigation,

when perceptual quality is taken into consideration, the resulting performance of

the post-processing tasks, such as classification, improve greatly.

However, in many cases, using a post-processing step as a metric to evaluate

an algorithm’s performance is not feasible, therefore requiring the use of image
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(a) Ground Truth (b) Model A Output
(PSNR=19.82dB)

(c) Model B Output
(PSNR=24.23dB)

Figure 6.1: Two example outputs of turbulence mitigation, where the output of the
model B is given a lower PSNR score than model A, despite being of better perceptual
quality.

quality metrics. Given this understanding, it would therefore be advantageous to

identify a metric that is best suited for turbulence mitigation, and that correlates

well with application based tests such as classification accuracy.

Image Quality Assessment (IQA) is an extremely well researched field, and

new state-of-the-art (SOA) algorithms (For both NR and FR) are constantly

being developed [184, 186]. This chapter presents an analysis of such image

quality metrics through the lens of turbulence mitigation and evaluates the ap-

plicability of such metrics when application-based tests (such as classification) are

unavailable. Whilst previous works have approached this problem [57, 88, 145],

the analysis presented in this chapter constitutes a far larger investigation, with

more metrics, and comprehensive analysis. Such an analysis will be greatly bene-

ficial to the research community, as it will identify metrics that are most suitable

for turbulence mitigation quality assessment and, in turn, greatly improve the

development future algorithms.

The metrics for this analysis were chosen such that a diverse area of techniques

were represented. Modern methods were chosen to assess the state-of-the-art, and

more traditional methods were chosen to analyse the performance of these metrics

that are ubiquitous to image processing research. The list of metrics, and their

descriptions were presented in Chapter 3 (Table 3.2).

The remainder of the chapter is organised as follows. Section 6.2 first compares

the chosen metrics against human perception, in order to provide further analysis

into the disparity between perceptual and distortion quality. The metrics are then

tested against eight different types of distortions over five datasets in Section 6.3

to gain a better understanding of how each metric reacts to certain image features.

Finally in Sections 6.4, the metrics are evaluated against outputs of turbulence
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mitigation models, where each metric is inevitably compared to the classification

accuracy of both text data and natural scenes, therefore providing a suggestion

as to which metric is most trustworthy in each scenario. Section 6.5 provides the

results to each of these studies in turn. Sections 6.6 and 6.7 then discuss and

conclude the chapter.

6.2 Turbulence Mitigated Image Quality Survey

In Section 6.1 it was proposed that, of the two images shown in Figure 6.1, one

output was of ‘higher quality’ than the other. However, this was only a single

example, and does not guarantee that traditional metrics such as PSNR and SSIM

will always disagree with human perception. In order to therefore ascertain if the

example shown is a common occurrence, a survey was conducted to gain a wider

opinion. To supply images for this survey, two of the models from Chapter 5 were

used, notated as Model A and Model B, where the difference between the models

was in the loss function. Model A was trained using its default Charbonnier

loss function, whereas model B was trained with an additional perceptual loss.

As shown in Chapter 5 the inclusion of a perceptual loss results in an improved

classification accuracy. It was argued that the reasoning for this improvement was

the ability of these models to generate sharper, less distorted images, therefore

making the subsequent classification task easier. By utilizing the outputs of these

two turbulence mitigation models for this survey, the IQA metrics from Table 3.2

can be evaluated to determine which best align with human perception.

The dataset used for this survey was a subset of the ‘turbulent imagenet’

dataset presented in Chapter 4. Of the 34,467 original videos, a subset of 5,000

was randomly selected.

The user interface for the survey can be seen in Figure 6.2. The user can

toggle between the two versions of the image, where the labelling of ‘Version A’

and ‘Version B’ to each version is not tied to the source models, and is randomised

for each image to avoid the introduction of bias. Once the user has selected which

version ‘looks better’, they submit their response, and are shown a new image.

Survey participants were encouraged to take their time on each image, and skip

if they were uncertain. Although 5,000 images were available, participants were

told that they could go through as many as they would like. The images shown

to each participant were a randomised order of the original 5,000.

Unlike other in depth image quality surveys [165, 192] the purpose of this

survey was not to obtain a ‘score’ of image quality. The purpose was simply to
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Figure 6.2: User Interface for Image Quality Survey. Participants were asked to select
the version of the image they perceived as ‘better quality’.

highlight the disparity between visual perception and the commonly used metrics

in research.

6.3 Metric Analysis for Common Image Distor-

tions

Before applying the chosen metrics to turbulence mitigated output images, it

is first desirable to understand how each reacts to more traditional distortions.

This may allow a better understanding as to why certain metrics perform well or

poorly in different scenarios. In order to achieve this understanding, a similar,

smaller scale, study as found in [165] was conducted.

The data used for this study originated from 5 separate datasets, with the

desire to represent a variety of image contents. These datasets were: Flickr-Faces-

HQ (FFHQ) [247], III 5K-word dataset [248], ImageNet [230] and Places [28]. The

resulting combined dataset therefore contained contents of faces (FFHQ) , natural

scenes (ImageNet & Places) and text (IIIT5K). Also included were two ‘Fixed

pattern’ resolution chart images from the Open Turbulent Image Set (OTIS) [58].

This diverse collection of image content enables the evaluation of each metric’s
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Table 6.1: Count of images used in metric investigation from each original dataset.

Dataset Images Used

FFHQ 250
IIIT5K 300

ImageNet 500
Places 500
OTIS 2

Total 1552

applicability to different content types, as well as distortions. In fact, a metric

may correlate positively with increased distortion in natural images, but not

within text content. The image count taken from each dataset can be seen in

Table 6.1.

Alongside the variety in image contents, eight different distortions were cho-

sen; for each distortion there were 10 levels of ‘distortion strength’, with the

exception of turbulence which was represented by 15 levels. The reason for this

additional representation was the fact that turbulence was the key motivation

for the study, and that the improved fidelity provided by more data would allow

a greater understanding of the metric responses. For each distortion type, the

lower and upper bounds of “low” and “high” distortion were established through

visual analysis of the resulting images, ensuring that the selected limits produced

visibly minimal and high degradation, respectively. Intermediate distortion levels

were then generated by linearly interpolating between these two extremes. The

chosen distortions can be seen in Table 6.2, as well as the units that represent

their minimum and maximum levels of distortion. A brief description of how each

distortion is applied is provided.

1) Circular Masked Blur is the application of a gaussian blur kernel to

a restricted region of the image, where the levels of the distortion relate to the

radius of the circular mask used. The MATLAB ‘fspecial’ function is used to

create a gaussian blur kernel of size of 30x30 with a sigma value of 7. It is

then applied to the regions of the image outwith the current mask radius. This

distortion was included to identify if the metrics would be able to identify region

specific image quality. This is useful, as there may be cases where the foregraound

is in focus, but the background is blurry. A scenario that would be considered as

good quality.

2) Compression is the application of JPEG compression to the original im-

ages. By using MATLAB ‘imwrite’ function, the level of jpeg compression can

167



Ch.6 Analysis of Image Quality Metrics For Turbulence Mitigation

be provided as a level of quality between 0 (Full compression) and 100 (no com-

pression). This distortion was included to determine whether any of the metrics

are sensitive to compression-related artifacts, such as blocking and ringing, which

differ fundamentally from blur or noise. This is useful because real-world imag-

ing systems often involve compression, and an ideal metric would ideally penalise

overly compressed images.

3) Contrast is the remapping of the maximum and minimum pixel values

within the image. The highest contrast is achieved by remapping all pixel values

between 0.3 and 0.7 to between 0 and 1. The lowest contrast is represented by

remapping the pixels values between 0.1 and 0.9 to 0 and 1. This distortion

was included to test whether metrics respond appropriately to changes in global

luminance distribution that do not alter spatial structure. This is useful because

images with poor contrast can appear washed out or overly harsh, and a good

metric should reflect these perceptual effects.

4) Gaussian Noise is simply the addition of noise to the original input.

Achieved with MATLAB ‘imnoise’ function, kernels were generated with a zero

mean, and the variance was varied to achieve a range from low noise (0.001) to

high noise (0.03). This distortion was included to evaluate how metrics react to

random high-frequency artefacts that degrade fine detail. This is useful, as noise

is common in many imaging systems, and metrics should be able to distinguish

clean images from noisy ones.

5) Motion Blur is most common in handheld photography, as it can be

difficult to remain steady during image/video capture. This distortion also makes

use of the MATLAB ‘fspecial’ function, where the differing levels of blur are

defined by the ‘length’ of motion introduced (in pixels). This ranged from low

motion (1) to high motion (15). This distortion was included to assess metric

sensitivity to directional blur, which differs from isotropic blur both perceptually

and structurally. This is useful because motion blur is prevalent in real-world

imagery, and metrics should recognise it as a significant degradation of image

sharpness.

6) Resizing is the simple act of downsizing the original image by a factor,

and then resizing back to the original dimensions. The range of resize factors

used for this distortion were between 0.05 (worst) and 0.4 (best). This distortion

was included to test whether metrics can detect resolution loss and upsampling

artefacts resulting from downsampling. This is useful because many modern

imaging tasks—such as super-resolution and compression depend on preserving

or restoring fine details lost during resizing.
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Table 6.2: Values used to impart the minimum and maximum of each distortion type.
Where for each distortion, 10 levels of strength were used (*15 levels of turbulence).
The manner in which each distortion was applied is also provided.

Distortion Type Minimum
Distortion

Maximum
Distortion

Units detail

Circular Masked Blur 1 0.2
Diameter of circular mask (As a ratio

of image width)

Compression 40 0 jpeg ‘imwrite’ quality

Contrast [0.1,0.9] [0.3,0.7]
Range of values to be remapped to

[0,1]

Gaussian Noise 0.001 0.03 Gaussian Noise Variance

Motion Blur 1 15 Pixel Movement

Resizing 0.4 0.05 Downsize ratio

Saturation 1 1± 0.5 Saturation Channel Multiplier

Turbulence* 0.05e−15m−2/3 2.5e−15m−2/3 Cn2 value for simulator

7) Saturation was only applied to the datasets that contained colour im-

ages, as saturation is a colour shift operation. Therefore the OTIS dataset was

unsuitable. In order to apply saturation shifts, the images first were converted

into the Hue, Saturation, value (HSV) colour space with the MATLAB ‘rgb2hsv’

function. From this, the Saturation channel can be isolated and multiplied by

differing factors. This, once restored back to the rgb colour space, results in sat-

uration shifted images. For this distortion, the values of saturation are centred

around 1, with a minimum value of 0.5 (Low saturation) and a max value of 1.5

(High saturation). This distortion was included to determine whether metrics are

responsive to colour-based degradations, which do not alter image structure or

sharpness. This is useful because some metrics focus solely on luminance infor-

mation, and saturation shifts test their ability, or inability, to account for colour

fidelity.

8) Turbulence distortion was generated using the simulator developed in

Chapter 4 and was applied in the same manner, using the same settings as the

‘turbulence videos’ and ‘turbulent imagenet’ datasets. Unlike those datasets, a

wider range of C2
n was used, where it varied from 0.05e−15m−2/3 to 2.5e−15m−2/3.

For the purpose of this investigation, turbulence distortion was only applied to

the Places and ImageNet images within the dataset. As the true goal of this

section is to identify a suitable metric for turbulence mitigation, the first step

is to determine which metrics can reliably distinguish between different levels of

turbulence before processing.

Examples of each distortion are shown in Figures 6.3 and 6.4.
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(a) Circular Mask Blur:
1.00

(b) Circular Mask Blur:
0.56

(c) Circular Mask Blur:
0.20

(d) Compression: 40 (e) Compression: 18 (f) Compression: 0

(g) Contrast: [0.1,0.9] (h) Contrast:
[0.189,0.811]

(i) Contrast: [0.3,0.7]

(j) Gaussian Noise:
0.001

(k) Gaussian Noise:
0.014

(l) Gaussian Noise:
0.030

Figure 6.3: Example images of the first four of the chosen distortions: Circular Mask
Blur, Compression, Contrast and Gaussian Noise. Shown are examples of the minimum
distortion (Left), medium distortion (Middle) and maximum distortion (Right).
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(a) Motion Blur: 1 (b) Motion Blur: 7 (c) Motion Blur: 15

(d) Resizing: 0.40 (e) Resizing: 0.21 (f) Resizing: 0.05

(g) Saturation: 0.50 (h) Saturation: 0.94 (i) Saturation: 1.50

(j) Turbulence:
0.05e−15m−2/3

(k) Turbulence:
1.275e−15m−2/3

(l) Turbulence:
2.5e−15m−2/3

Figure 6.4: Example images of the second four of the chosen distortions: Motion Blur,
Resizing, Saturation and Turbulence. Shown are examples of the minimum distortion
(Left), medium distortion (Middle) and maximum distortion (Right). With the excep-
tion of Saturation, which is displayed as: most Desaturated (Left), Normal (Middle)
and most Saturated (Right).
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Table 6.3: Total image count for each combination of distortion and dataset, where
the count of available images per dataset are presented in Table 6.1, and each distortion
has 10 levels (15 for turbulence).

Distortion OTIS FFHQ IIIT5K ImageNet Places
Total per
distortion

Masked Blur 20 2500 3000 5000 5000 15520
Compression 20 2500 3000 5000 5000 15520
Contrast 20 2500 3000 5000 5000 15520
Noise 20 2500 3000 5000 5000 15520
Blur 20 2500 3000 5000 5000 15520
Resizing 20 2500 3000 5000 5000 15520
Saturation - 2500 3000 5000 5000 15500
Turbulence - - - 7500 7500 15000

Total 123,620

Given 5 original datasets, 8 distortions and 10 levels per distortion (15 for

turbulence), the final dataset contained a total of 123,620 images. A more detailed

breakdown can be seen in Table 6.3.

Using this dataset, a full analysis of the chosen metrics could be undertaken,

where their applicability to different image contents and distortions could be

identified. This was as simple as taking each of the 123,620 images in the dataset

and obtaining a score from each of the metrics.

In order to form an analysis of the results of such an investigation, the corre-

lation between the original distortion ‘strengths’ and the metric response can be

calculated. For this, the Spearman rank-order correlation (SRCC) and Pearson

linear correlation (PLCC) metrics can combined to form a final score, as sug-

gested in the NTIRE 2021 competition [179] (and continued in 2022 [27]). This

final score (or ‘main score’) is evaluated as

MainScore = |SRCC|+ |PLCC| (6.1)

where the PLCC and SRCC scores are evaluated using MATLABs ‘corr’ function

and, unlike previous works [27], are evaluated using all available data samples

instead of first evaluating a 3rd order polynomial. Each metric score corresponds

to a unique distortion value, therefore a 3rd order polynomial would reduce the

data into only 10 points (15 for turbulence), and remove the detail gained by

evaluating the correlation over all the data. For the remainder of the chapter,

the term ‘correlation’ is used to describe the quality of a given metric. If a metric

is described to have good correlation, then as the image distortion increases, that
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metric has, in turn, provided a poorer score (where ‘poorer’ depends on the nature

of the metric, either ↑ or ↓).

6.4 Metric Analysis for Turbulence Mitigation

6.4.1 Observed Distortions

The previous study allows for a better understanding of each metric when faced

with different data and distortions. This however is not the core investigation of

this chapter as the investigation of metrics on distortions has been an ongoing

field of study [166, 185, 188, 196, 197]. However, as highlighted by Jinjin et

al. [165], the simple assessment of metrics on common distortions is not able to

tell a full story when it comes to Image Recovery (IR) algorithms, especially in

the modern era of data driven deep neural networks. Jinjin et al. highlight the

prevalence of Generative Adversarial Network (GAN) based IR algorithms, and

state that while they are easily able to generate realistic images, the resulting

images may contain ”fake details and textures” [165]. They therefore include

such GAN generated images within their dataset for metric analysis. Such a

study is yet to be performed for the task of turbulence mitigation (TM), and

is therefore presented here. The aim of such a study is to find a metric that

correlates best with image quality after processing. For example, Zhang et al.

[88] find that in the case of turbulence distortion, the CW-SSIM metric presents

the best correlation with increasing turbulence distortion. However, this does not

necessarily justify its correlation with the image quality after being processed.

By the nature of deep learning, the model may impart details from what it has

identified during the learning process. The resulting image quality therefore may

no longer correlate with previously assumed metrics.

This section aims to perform an initial study of how metrics respond to tur-

bulence mitigated images. During the training processes in Chapter 5, many

different models were trained, with varied levels of success. These are utilised

in this section to generate images that, to a human perspective, are of differing

quality.

Two datasets were used for this generation process: the ATSyn-static [88] test

dataset and the Turbulence Text dataset [60].

The ATSyn-static data consists of natural scene images, similar to that which

was used to train each of these models. The text dataset simply contains images of

text printed onto a piece of paper; not only is this type of image contents different

from the training data, but was also obtained without the use of a simulator with
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the turbulent distortion being captured in camera. For this dataset, the available

videos were utilized in two ways: firstly by feeding the model 20 input frames per

output frame Text (20), and secondly by feeding the model 60 input frames per

output frame Text (60).

For each of these three potential output image types (ATSyn-static, Text

(20) & Text (60)), models from Chapter 5 were chosen based on the ‘observed

distortion’ in the output images. Where the observed distortion was from a single

source, and was restricted to a single type, i.e. blurry/sharp or noisy/clean, and

did not represent the observed quality of the images, as it is possible for text to

remain highly readable even within a noisy image. The details of the models used

for each dataset are reported in Table 6.4.

Table 6.4: Architecture details for each model chosen for each dataset. As well as
the observation as to the output image quality. Each model is referred to by their
respective ‘Reference Name’ in the main text.

Dataset Architecture Sheduler Perceptual Loss Observed Distortion Reference Name

ATSyn-static

DATUM Cosine - Blurry Blurred 1
DATUMs Plateau - Blurry Blurred 2
DATUMs Cosine Low Sharp Sharp 1
DATUM Cosine Medium Sharp Sharp 2
DATUM Plateau Medium Anomaly Anomaly ATSyn-static

Text (20)
DATUM Cosine - Low Noise Low Noise 20
EDVR Plateau - Med Noise Med Noise 20
EDVRs Plateau V. High High Noise High Noise 20

Text (60)

DATUM Cosine - Low Noise Low Noise 60
DATUMs Cosine Low Med Noise Med Noise 60
DATUMs Cosine High High Noise High Noise 60
DATUM Plateau Medium Anomaly Anomaly Text

As mentioned, these models were originally trained to varied success, meaning

that the training procedure between each model is not consistent. This however

is not an issue, as it is the relationship between the output images and the metrics

that is under investigation, not the quality of models themselves.

Of the details provided in Table 6.4, EDVR represents the original EDVR

architecture [233] with the deformable convolution replaced as in Chapter 5.

EDVRs represents a smaller version, with 64 features and 10 reconstruction blocks

(Instead of 128 and 40). DATUM represents the original architecture [88], and

DATUMs again represents a smaller version with only 8 features (instead of 16).

Models that were trained with a cosine scheduler had a fixed number of train-

ing iterations, as the learning rate dropped in a cosine manner. The models

trained with a plateau scheduler were unbounded, and were allowed to train until

the loss dropped too low. Different models also contain different levels of influ-

ence from a perceptual loss element, the level of which is classified as Low (Less
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impact than the default loss), Medium (Slightly more impact than the default

loss), High (More impact than the default loss), and V. high (much more impact

than the default loss).

Example output images for each model on their respective datasets are shown

in Figures 6.5, 6.6, 6.7 and 6.8.

(a) Output from ‘Sharp 1’
model

(b) Output from ‘Sharp 2’
model

(c) Output from
‘Blurred 1’ model

(d) Output from
‘Blurred 2’ model

Figure 6.5: Example outputs of the chosen ATSyn-static models. Showing the differ-
ence between what was observed as ‘Sharp’ or ‘Blurry’.

(a) Low Noise (b) Medium Noise (c) High Noise

Figure 6.6: Example outputs of the Text (20) models, with the observation ranging
from Low to High Noise.

175



Ch.6 Analysis of Image Quality Metrics For Turbulence Mitigation

(a) Low Noise (b) Medium Noise (c) High Noise

Figure 6.7: Example outputs of the Text (60) models, with the observation ranging
from Low to High Noise.

(a) ATSyn-static Anomaly (b) Turbulence Text Dataset (60)
Anomaly

Figure 6.8: Example output images from the anomaly model, where the resulting
images contain noise in an interesting uniform pattern.

For the ATSyn-static data (Figure 6.5), it is difficult to initially notice the

differences between each model output, however once examined more closely,

differences become clearer. These observations are classified as either ‘blurry’ or

‘sharp’.

The models were trained on natural scenes, meaning that they learned to

include high frequency detail in their outputs. When presented with ‘synthetic’

images however, this high frequency content manifests as noise, as is the case for

the Turbulence Text dataset (Figures 6.6 and 6.7). Therefore, the observations of

these outputs are identified as three levels of noise in the images: Low, Medium

and High. Finally, a model was chosen due to its ability to impart an ‘interesting’

distortion to the output images (Figure 6.8). This model has been noted as

‘Anomaly’ in Table 6.4.

Using the output images from the selected models on their respective datasets,
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a metric analysis can be performed. This will allow an initial understanding of

how each metric reacts to the different levels of observed distortions in the output

images, with the aim to find the metric that is able to consistently identify the

differences in the quality.

6.4.2 Metrics for Application

When applying image processing algorithms, there must also be a reason for doing

so. For example, super resolution is used to upsample old data for a new (larger)

format, or segmentation can be used to identify multiple subjects in an image

without human supervision. Turbulence mitigation algorithms are most likely

used as an initial step in a larger processing chain, where it could be followed

by tasks such as detection, classification or tracking. The fundamental goal of

turbulence mitigation, therefore, is to assist post-processing algorithms by first

improving the image/video quality, and should therefore be trained with such

post-processing in mind.

Traditionally, the best metric for a task would be identified by determining

its correlation with human scores [165, 185, 188]. Achieved via detailed survey

techniques, images are shown to a large population of human observers to obtain

a mean opinion score (MOS) for each image. These can then be compared with

the metrics under investigation, allowing the identification of the metric that

best agrees with human perception. However, this is a lengthy process and not

only requires a suitably large number of observers, but also observers that are

capable of providing good quality feedback. Furthermore, this process still does

not align with the overall goal of post-processing success. Just because a human

perceives an image to be of good quality, that does not infer that it is also easily

classifiable. This is especially true if the post-processing classification/tracking is

an automated task.

With this in mind, it would therefore be desirable to identify metrics based

on their ability to maximise the efficiency of post-processing techniques. Not

only will this aid in the future development of TM algorithms, but the resulting

metric could also be utilised in scenarios where classification/tracking knowledge

is unavailable. If a metric can be found that correlates well with classification

accuracy, it can then instead be used as a ‘prediction of classification’ where, by

setting a threshold, an image can be labelled as ‘classifiable’ or ‘unclassifiable’

depending on the metric score.

To identify if any of the chosen metrics correlate well with classification, two

models were chosen: A version of EDVR trained with a perceptual loss, and a
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version of DATUM also trained with a perceptual loss. These models were then

used to process two turbulent datasets: the same subset of the ‘turbulent ima-

genet’ dataset used in the image quality survey (5000 videos) and the Turbulence

Text Dataset [60] dataset, the contents of which are able to be processed by a

text classification model. The output images were then also subject to metric

evaluation, therefore providing a direct comparison between metric scores, and

classification accuracy.

As well as the difference between the two models’ architecture, two different

datasets were used for the training process, where the EDVR model was trained

using the ‘turbulence videos’ dataset proposed in Chapter 4 and the DATUM

model trained with the ATSyn-static dataset [88]. The choice of the models and

their training datasets provided a good range of potential turbulence mitigation

success. It was expected for example, that the EDVR model trained on ‘turbu-

lence videos’ would perform the best on the ‘turbulent imagenet’ test data, as the

two datasets are sourced from the same simulator, therefore giving the EDVR

model an advantage. The difference in model quality was not to highlight the

difference between the models themselves, but to allow a full analysis of the met-

rics. By having two models with differing ability, the consistency of the metrics

can be fully understood.

In order to obtain the classifications of the model outputs, off-the-shelf classi-

fiers were used. In the case of the ‘turbulent imagenet’ data, the EfficientNetV2-L

[21] classifier was used. For these results, it is worth highlighting that the ground

truth images from the ‘turbulent imagenet’ subset are classifiable with 100% ac-

curacy with this classifier, meaning that any images that are incorrectly classified

after turbulence mitigation are so solely due to the distortions present.

For the case of text classification, as in [88], three text classification models

were utilised: CRNN [243], DAN [244] and ASTER [245]. The Turbulence Text

dataset is supplied with the correct bounding box for each word, where there are

five words per image/video. Using these, each word is first cropped out of the

image before being processed by the text classification models. Another factor

for this dataset is the fact that each of the 100 videos contains 100 frames. The

two models utilize frames differently: the EDVR model takes 15 frames as input

for each output frame, while DATUM adjusts the number of input and output

frames as per its configuration. For EDVR therefore, the 100 available frames are

separated into 6 ‘sub videos’ with 15 frames each, resulting in 6 output frames per

video. For DATUM, the model was configured to take 60 frames (from the centre

of the 100) as input, and produce 4 output frames. Given these input/output
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configurations, alongside the fact that each image contains five words, of the 100

input videos, the EDVR generates a total of 3,000 output samples, and DATUM

generates 2,000.

The application of the metrics to the ‘turbulent imagenet’ output images was

achieved in the same manner as in previous sections, with each metric assessing

the quality of each image. For the text data however, the metrics were provided

with the whole images, as opposed to the cropped text. This therefore introduces

a disparity between what the metric is reporting, and the classification ability

of the text. However, the bounding box of text is very rarely available outside

carefully labelled datasets, so the application of metrics to the whole image was

deemed more appropriate.

Once each of the datasets had been processed by the models, the classifica-

tions obtained and the metrics evaluated, the correlation between metrics and

classifications could then be found. This was done in the same manner as the

distortion study in Section 6.3, where the PLCC and SRCC scores were combined

to evaluate the main score for each metric, as per Eq. (6.1).

The final step in this investigation is to then find an optimal threshold for

each metric, and evaluate its performance in a scenario where classification is

unavailable. To achieve such an understanding for each scenario, the Balanced

Accuracy (BAcc) can be calculated for each metric. As detailed in Chapter 3,

BAcc is an evaluation metric that aims to balance the True Positive Rate (TPR)

and True Negative Rate (TNR). It represents the probability of classification

accuracy, where, in an ideal case, the two distributions of classifications would

be successfully separated by the threshold, resulting in a BAcc 100% (i.e. the

threshold can directly separate TP and TN predictions). In the worst case, the

two distributions would be identical, resulting in a BAcc of 50% (i.e. the best

threshold would be as good as random choice). Using the optimal threshold τ ∗ for

each metric, each image can be labelled as either ‘classifiable’ or ‘unclassifiable’,

depending on the metric score.

6.5 Results

6.5.1 Image Quality Survey

The image quality survey had 53 participants, with 1,825 unique image pairs

shown and 2,387 total evaluations submitted. Of these evaluations, 2,150 identi-

fied model B as the better quality image, while 189 evaluations identified model

A. The remaining 48 responses were cases that were skipped by the participant,
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indicating that there was difficulty in finding a discernable difference between the

two images.

With 1,825 unique image pairs and 2,387 evaluations, inevitably some image

pairs were evaluated more than once. There were 445 such image pairs, where

model B was unanimously chosen for 355, and model A was chosen for only 2. Of

the remaining 88 image pairs, neither model A or B received a unanimous vote.

The overall distribution of these 445 pairs can be seen in Table 6.5.

Table 6.5: Evaluation distribution for image pairs shown more than once. Displaying
the percentage of the evaluations for each option, and the number of times each evalu-
ation split occurred.

Model A Model B Skipped Occurrences

0.0% 0.0% 100.0% 0
0.0% 100.0% 0.0% 355

100.0% 0.0% 0.0% 2

0.0% 66.7% 33.3% 1
0.0% 50.0% 50.0% 7

20.0% 80.0% 0.0% 1
25.0% 75.0% 0.0% 1
25.0% 50.0% 25.0% 1
33.3% 66.7% 0.0% 14
33.3% 33.3% 33.3% 1
40.0% 40.0% 20.0% 1
50.0% 50.0% 0.0% 55
50.0% 0.0% 50.0% 4
66.7% 0.0% 33.3% 1
75.0% 0.0% 25.0% 1

These results therefore align with the findings in Chapter 5, where the addi-

tion of perceptual loss to the training procedure results in higher quality output

images. That was not the core purpose of this survey; rather, its goal was to

identify the metrics that agree or disagree with human perception. To this aim,

Table 6.6 shows how each metric scored the outputs from each model.

It can be seen that all of the NR metrics, with the exception of QualiCLIP,

agree with the findings of the image quality survey, and identify the outputs

from model B as superior. Within the FR metrics, the distinction between the

two models is not as clear, with the majority of metrics (7/11) deeming the

outputs of model A to be better, therefore disagreeing with the human perception.

The remaining metrics, i.e. DISTS, LPIPS, PieAPP and TOPIQ FR agree with

human perception, and are therefore potential FR metrics that could be better
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Table 6.6: Metric responses from the 1825 unique survey image pairs from Models
A and B, showing that NR metrics agree that the outputs of Model B are of better
quality, whereas the FR metrics, on the whole, suggest the opposite.

Metric Model A Model B

NR

ARNIQA ↑ 0.631 0.640
BRISQUE ↓ 29.903 22.788
CLIP IQA ↑ 0.606 0.651

LIQE ↑ 3.374 3.664
MANIQA ↑ 0.374 0.439
NIQE ↓ 6.038 5.430
PI ↓ 4.285 3.828

PIQUE ↓ 37.139 27.271
Q-ALIGN ↑ 2.304 2.473
QualiCLIP ↑ 0.682 0.670
TOPIQ NR ↑ 0.501 0.590

FR

AHIQ ↑ 0.511 0.493
CW-SSIM ↑ 0.997 0.993
DISTS ↓ 0.124 0.074
FSIM ↑ 0.909 0.869
LPIPS ↓ 0.105 0.066
MSSSIM ↑ 0.967 0.926
PieAPP ↓ 0.474 0.363
PSNR ↑ 26.775 23.813
SSIM ↑ 0.829 0.724

TOPIQ FR ↑ 0.831 0.877

used in the quality assessment of turbulence mitigated images. It is interesting to

note that these FR metrics that agree with human perception are all data driven

metrics, which is likely the reason for their correlation.

The key conclusion to be made from this study, and from Table 6.6, is that

different methods commonly used to evaluate image quality are not wholly in

agreement. The results show that the NR metrics tend to agree with human

perception, likely due to their nature to assess the image quality via statistical

analysis and learnt features. The FR metrics on the other hand tend to disagree

with human perception, indicating that they, instead of promoting feature rich,

high quality images, care more about raw pixel values and the ability for an

algorithm to directly reconstruct the ground truth. This is as expected, as similar

studies have reported similar results [69]. This however is the first such study

to be performed for the task of turbulence mitigation, and will provide valuable

information regarding the metrics to trust when evaluating model performance.
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6.5.2 Common Distortions

For a detailed understanding of each metric, and how they respond to image

contents and distortions, the analysis was divided into two approaches. The first

approach examined each metric within each unique dataset, averaging the results

across all distortions. This allows an evaluation of each metric on each data type,

regardless of the specific distortions. The second approach takes the opposite

perspective by analysing each metric for each type of distortion, averaging the

results across all datasets. In this way, the focus is on assessing the impact on

the metric by the distortions, independent of the dataset used.

For each of these approaches, the same analysis procedure was followed.

Firstly, the correlation between each metric and the datasets/distortions is calcu-

lated in the form of a main score, which is a cumulation of the SRCC and PLCC

scores (Eq. (6.1)). Once the correlation of each metric is known, they are then

ranked such that the metric with the highest correlation is ranked as 1, and the

metric with the least correlation ranked 22. The final rank of each metric can then

be obtained by summing the ranks over each of the the datasets/distortions. This

analysis makes it possible to find the metric that is most likely to be informative

no matter the distortion/dataset.

Impact of Dataset

The datasets used in this study included a diverse range of image content, enabling

an analysis of how each metric varied with different types of image contents.

Figure 6.9 shows the main score of each metric with respect to each dataset,

independent of the distortions. After ranking each metric on each dataset, the

resulting total ranks of each can be seen in Table 6.7.

The first insight to be gained from this graph is that all metrics correlate

positively (i.e. the metrics correctly assign better scores to lower distortions)

with the increasing levels of distortion on each dataset (taking into account the

polarity of each metric). It can also be seen that the full reference metrics reliably

outperform the no reference metrics. For all the datasets except OTIS, the highest

performing FR metrics are TOPIQ FR and DISTS. This can also be observed in

the rankings in Table 6.7.

However when assessing the more ‘synthetic’ contents of the OTIS resolution

charts, the metrics with the highest correlations are FSIM and SSIM. This there-

fore shows that, just because a metric is suitable for one type of image contents,

this does not mean such a metric is suitable for all.

A similar pattern can be found within the NR metrics where, for all datasets
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Figure 6.9: Correlation (Main score = PLCC + SRCC) between each metric and
each dataset used (Zoom in for best viewing).

except IIIT5K, the best correlation is found with the Q-ALIGN metric. This then

changes to QualiCLIP for the text contents of IIIT5K, with Q-ALIGN ranking 6th

of the NR metrics. This suggests that the LLM approach of Q-ALIGN struggles

with the content of the text scenes of IIIT5K.

When comparing the performance of NR vs FR, it was expected that the

correlation of the FR metrics would outperform that of the NR. This is simply

due to the presence of the ground truth, with the knowledge of what each image

should look like, the FR metrics are far more capable at noticing the differences.

From these results however, it is positive to note that for the more ‘natural’

images of FFHQ, ImageNet and PLACES, the NR metrics are able to provide

high correlation scores. In the case of IIIT5K, the difference between NR and

FR is more distinct. This is most likely due to the fact that the images in this

dataset are of text/patterns which, by their nature will contain edges and sharp

contrast changes. It is therefore likely that the difference between each distortion

level was not enough to result in noticeable differences on these images, as they

would on the more natural scene data. The NR metrics would then have judged

each level of distortion similarly, resulting in poor correlation.

Interestingly, the results on the OTIS dataset seem to present as three differ-

ent ‘levels’ of correlation, with the majority of FR metrics performing well, three
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Table 6.7: The individual ranking of each metric on each dataset (Based on main
score). The sum (And re-ranking) of these therefore provide an idea of which metric is
best suited across all datasets (The lower the better).

Metric FFHQ IIIT5K ImageNet OTIS PLACES
Overall
Ranking

NR

ARNIQA 21 (11) 19 (9) 17 (7) 21 (11) 17 (7) 19 (9)
BRISQUE 16 (6) 15 (5) 15 (5) 17 (7) 14 (4) 16 (6)
CLIP IQA 20 (10) 18 (8) 19 (9) 20 (10) 20 (10) 20 (10)

LIQE 13 (3) 17 (7) 16 (6) 11 (2) 16 (6) 14 (4)
MANIQA 19 (9) 21 (11) 21 (11) 16 (6) 21 (11) 21 (11)
NIQE 17 (7) 13 (3) 18 (8) 14 (4) 19 (9) 17 (7)
PI 15 (5) 12 (2) 13 (3) 19 (9) 13 (3) 13 (3)

PIQUE 18 (8) 14 (4) 20 (10) 18 (8) 18 (8) 18 (8)
Q-ALIGN 11 (1) 16 (6) 10 (1) 10 (1) 11 (1) 11 (1)
QualiCLIP 12 (2) 11 (1) 11 (2) 15 (5) 12 (2) 12 (2)
TOPIQ NR 14 (4) 20 (10) 14 (4) 13 (3) 15 (5) 15 (5)

FR

AHIQ 10 (10) 7 (7) 6 (6) 8 (8) 7 (7) 8 (7)
CW-SSIM 6 (6) 10 (10) 3 (3) 12 (10) 6 (6) 7 (6)
DISTS 1 (1) 2 (2) 2 (2) 7 (7) 1 (1) 2 (2)
FSIM 5 (5) 4 (4) 8 (8) 2 (2) 4 (4) 5 (5)
LPIPS 3 (3) 3 (3) 5 (5) 6 (6) 3 (3) 3 (3)
MSSSIM 4 (4) 6 (6) 4 (4) 3 (3) 5 (5) 4 (4)
PieAPP 7 (7) 9 (9) 7 (7) 9 (9) 8 (8) 9 (7)
PSNR 8 (8) 5 (5) 9 (9) 4 (4) 9 (9) 6 (6)
SSIM 9 (9) 8 (8) 12 (10) 1 (1) 10 (10) 10 (7)

TOPIQ FR 2 (2) 1 (1) 1 (1) 5 (5) 2 (2) 1 (1)
.

metrics showing moderate performance, and the remaining NR metrics perform-

ing poorly. These show that while, on the whole, the NR metrics are less useful

than FR in the case of high contrast pattern images, the Q-ALIGN and LIQE

metrics are able to significantly outperform the other NR competition.

As with the results from the image quality survey, it can be seen that, of

the FR metrics, it is the data driven methodologies that provide the greatest

correlation (TOPIQ FR, DISTS & LPIPS). This again shows that modern deep

learning techniques are able to outperform their more traditional counterparts,

it is therefore likely that this improved correlation is due to their ability to learn

from real, suitable data. Another architectural insight to these models is the

shared technique of evaluating image quality at multiple scales. This technique

clearly allows each to gain a fuller understanding of the image contents. As for

NR metrics, the Q-ALIGN metric is the only to employ the use of a large language

model, which in turn makes use of a vision transformer. The improved capability

of this metric shows that whilst a metric such as MANIQA also employs a vision
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transformer, the use of an LLM allows Q-ALIGN to gain more ‘freedom’ with its

quality assessment, therefore resulting in higher correlations.

Impact of Distortion

To gain a full understanding of the capability of each metric, the analysis of each

for each distortion is critical. Any metrics that would be able to provide consistent

results over multiple modalities would be extremely beneficial. By averaging over

all of the datasets for each distortion, any bias from data contents is removed, and

the metric response is due purely to the distortion type, independent of image

contents. Figure 6.10 shows the resulting main scores of each metric for each

distortion, with Table 6.8 showing the resulting rankings.
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Figure 6.10: Correlation (Main score = PLCC + SRCC) between each metric and
each distortion used (Zoom in for best viewing).

As with the dataset results, the FR metrics are consistently able to outperform

the NR metrics, with the slight exception in the case of resizing distortion, where

the NR metrics are able to perform on par with most FR metrics.

Table 6.8 shows that DISTS is the best performing metric (Overall and FR),

with Q-ALIGN providing the best performance of the NR metrics. The lowest

correlation (Overall and NR) is that of CLIPIQA, with SSIM providing the the

poorest FR correlation.
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Table 6.8: The individual ranking of each metric on each distortion (Based on main
score). The sum (and re-ranking) of these therefore provide an idea of which metric is
best suited across all distortions (The lower the better).

Metric
Circular

Mask Blur
Compression Contrast

Gaussian
Noise

Motion
Blur

Resizing Saturation Turbulence
Overall
Ranking

NR

ARNIQA 19 (9) 16 (6) 12 (2) 21 (11) 17 (7) 21 (11) 13 (3) 17 (7) 18 (7)
BRISQUE 11 (2) 13 (4) 18 (8) 14 (5) 20 (10) 15 (6) 21 (11) 12 (3) 14 (5)
CLIP IQA 18 (8) 21 (11) 21 (11) 20 (10) 18 (8) 18 (8) 16 (6) 18 (8) 21 (11)

LIQE 15 (5) 12 (3) 11 (1) 17 (7) 13 (3) 17 (7) 12 (2) 14 (4) 13 (3)
MANIQA 21 (11) 18 (8) 20 (10) 19 (9) 15 (5) 20 (10) 17 (7) 19 (9) 20 (10)
NIQE 17 (7) 17 (7) 16 (6) 10 (1) 19 (9) 19 (9) 18 (8) 20 (10) 19 (8)
PI 14 (4) 19 (9) 15 (5) 12 (3) 16 (6) 13 (5) 20 (10) 16 (6) 15 (4)

PIQUE 20 (10) 15 (5) 17 (7) 13 (4) 21 (11) 4 (1) 19 (9) 21 (11) 17 (9)
Q-ALIGN 13 (3) 10 (1) 13 (3) 11 (2) 10 (1) 9 (3) 11 (1) 7 (1) 11 (1)
QualiCLIP 10 (1) 11 (2) 14 (4) 18 (8) 11 (2) 6 (2) 14 (4) 10 (2) 12 (2)
TOPIQ NR 16 (6) 20 (10) 19 (9) 16 (6) 14 (4) 12 (4) 15 (5) 15 (5) 16 (6)

FR

AHIQ 2 (2) 7 (7) 8 (8) 9 (9) 2 (2) 3 (3) 10 (10) 2 (2) 3 (4)
CW-SSIM 4 (4) 14 (10) 7 (7) 15 (10) 1 (1) 11 (8) 9 (9) 1 (1) 8 (7)
DISTS 1 (1) 2 (2) 4 (4) 7 (7) 4 (4) 1 (1) 1 (1) 3 (3) 1 (1)
FSIM 6 (6) 3 (3) 3 (3) 8 (8) 6 (6) 10 (7) 5 (5) 9 (8) 6 (6)
LPIPS 3 (3) 5 (5) 5 (5) 6 (6) 9 (9) 7 (5) 2 (2) 6 (6) 4 (3)
MSSSIM 5 (5) 6 (6) 6 (6) 3 (3) 5 (5) 8 (6) 7 (7) 5 (5) 5 (5)
PieAPP 9 (9) 4 (4) 10 (10) 5 (5) 7 (7) 5 (4) 8 (8) 8 (7) 7 (8)
PSNR 12 (10) 9 (9) 2 (2) 1 (1) 12 (10) 16 (10) 4 (4) 13 (10) 10 (9)
SSIM 7 (7) 8 (8) 9 (9) 4 (4) 8 (8) 14 (9) 6 (6) 11 (9) 9 (10)

TOPIQ FR 8 (8) 1 (1) 1 (1) 2 (2) 3 (3) 2 (2) 3 (3) 4 (4) 2 (2)

The most striking finding from Figure 6.10 concerns saturation. It can be seen

that the correlation of the FR metrics are significantly higher when compared to

NR metrics. This is most likely due to the fact that a change in saturation

is simply an image wide multiplication of pixel values, and no detail is being

lost. Therefore the NR metrics are still able to identify the quality of the image,

regardless of the level of saturation change. Whereas the FR metrics see this

colour shift to be a large departure from the ground truth, and are able to correlate

well.

Similar, but not quite as extreme results can be seen in the case of contrast.

Unlike saturation, the changing of contrast removes detail in the form of ‘clip-

ping’, where areas may be flattened out with access to only a narrow range of

pixel values. However, as this distortion is mainly pixel value changes, the FR

metrics are able to respond with much more accurate correlation. The difference

in these two cases can be seen as either an advantage or disadvantage, depend-

ing on the application. In the case of saturation for example, if the image was

being classified, the saturation level may not make a difference as the detail is

still present in the image. On the other hand, if the goal was to produce a vi-

sually pleasing image, the NR metrics would be less able to identify the level of

saturation. The best use of these results would be by combining the NR and FR

metric responses. Again, for saturation, if an image is reported as high quality

by a NR metric but low quality by FR, one could simply adjust the saturation

as a post-processing step until a balance of the two metrics is found.
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Another interesting outcome of these results concerns the distortion induced

by image resizing. In this case, the NR metrics are interleaved with the FR

metrics, providing competitive correlations. The likely reason for this is the fact

that although the images become blurred, this blurring is essentially the same

original image, but with a much lower sampling rate. This means that, on average,

the difference between the distorted version and the ground truth is minimal, as

the pixel values remain within a similar range. This therefore aligns well with the

NR metrics understanding of ‘good’ vs ‘bad’ and the two types of metric provide

similar correlations. In the case of compression induced distortion, which is a

similar but distinctly different process to resizing, the difference between the two

types of metrics can once again clearly be seen. This is because, unlike resizing,

the compression process can actively change the range of pixel values far from

the ground truth. This difference is therefore clearly caught by the FR metrics.

The distortions that actively alter the images are masked blur, motion blur,

and Gaussian noise. These distortions are more ‘natural’, in that they are most

likely to occur ‘in camera’ due to hand shake or camera setup. Overall, as be-

fore, the FR metrics are better correlated to the levels of distortion present.

Promisingly, the NR metrics are still able to achieve high correlation scores in

the presence of such distortions, as these cases are also most likely to be without

ground truth data available.

Finally, the correlation of each metric with the turbulence distortion is the

most insightful for this work. As expected the FR metrics provide good corre-

lation, with CW-SSIM far outperforming the next 2nd best metric. This was

as expected, as shown in [88], the CW-SSIM metric shows very good correlation

with that of turbulent distortion. As with the blur and noise distortions, the

identification of image quality through turbulence is most likely to occur without

a ground truth present. So it is again promising that the Q-ALIGN NR metric

is able to achieve a high correlation in this case.

However, as detailed previously, the fact that CW-SSIM and Q-ALIGN cor-

relate positively with the Cn2 value of turbulence does not necessarily mean that

the same will occur for the task of image quality analysis after turbulence miti-

gation, as the model may have imparted its own type of distortion that requires

a different metric for best results.

On the whole, these results also show the advantage of data driven techniques,

as found in DISTS, TOPIQ FR and Q-ALIGN. However, unlike the dataset in-

vestigation, these results show more promising results for some more traditional

metrics. CW-SSIM for example is found to provide the best correlation for both

187



Ch.6 Analysis of Image Quality Metrics For Turbulence Mitigation

motion blur and turbulence. These distortions are similar, in that they both im-

part a form of motion onto the image. It is clear then that CW-SSIM is able to

pick up on such distortion. The reason for this is due to the fact that CW-SSIM

operates within the wavelet domain. This allows the metric to capture any local

phase changes induced by the local motion of image content.

There are several final conclusions that can be drawn from the two analyses

presented in this section. The first of which is that different metrics perform best

on different image contents and distortion types, with no single metric emerging

as universally optimal across all scenarios. This is extremely beneficial to iden-

tify, as it shows that there are situations in which some metrics may be more

reliable than others. CW-SSIM for example provided high correlation with tur-

bulence distortion, but was the worst performing FR metric for compressions and

Gaussian noise distortions. It is therefore vital that any metric used in computer

vision applications is appropriately chosen for the task at hand. Secondly, these

results showed the clear distinction in performance between Full reference and no

reference metrics. It was shown that, due to the clear differences in the levels of

distortion present, the FR metrics were clearly able to correlate highly, above that

of the NR metrics. However, it was shown that for more natural image contents

and distortions the NR metric were able to produce competitive results. This is

important, as these types of images are more likely to be obtained without the

additional high resolution ground truth image, so is is therefore encouraging to

see the ability of these metrics. Finally, it was shown in both scenarios, that each

of the types of metric, NR and FR, have their limitiations. For example, it was

shown that NR metrics struggle with the text based data of OTIS, whilst the FR

metrics were less dominant on the resized images. This further shows that, when

applying image quality metrics, the best idea of true image quality can only be

achieved by making use of both types of metric.

6.5.3 Turbulence Mitigation: Observed Distortions

The purpose of Section 6.5.2 was to gain an understanding of the response of

each metric to different types of distortions and image contents. Table 6.9 shows

the average metric results for the ATSyn-static test dataset, where the results for

both models are shown.

It was observed that the output images from models ‘Sharp 1’ and ‘Sharp 2’

tended to be of higher quality than that of ‘Blurred 1’ and ‘Blurred 2’, and it

was reasoned that this was due to the perceptual loss present during training.

This theory was further bolstered by the survey reported found in Section 6.5.1.
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However, when analysing the results in Table 6.9 it would seem that the best

performing model according to the majority of the metrics was ‘Blurred 1’, which

corresponds to a DATUM model trained with a cosine scheduler. It can also be

seen that in most cases where ‘Blurred 1’ performs the best, the second best model

is ‘Sharp 2’, corresponding to a DATUM model trained with a cosine scheduler

and a medium influence of perceptual loss. These results are very interesting,

as from observations of the outputs of these two models, their images would be

regarded as the most different to each other. What these results fully show is

that there is a clear disconnect between different metrics, and no single metric

should be wholly relied upon to provide a final judgement of image quality.

Table 6.9: Metric responses to each observed distortion in the ATSyn-static dataset
model outputs. (Best results in bold, second best underlined). Also provided are the
responses to the anomaly model outputs.

Metric Blurred 1 Blurred 2 Sharp 1 Sharp 2 Anomaly

NR

ARNIQA ↑ 0.556 0.520 0.467 0.527 0.544
BRISQUE ↓ 42.221 44.454 38.189 36.842 *33.963
CLIP IQA ↑ 0.348 0.317 0.224 0.284 0.300

LIQE ↑ 2.171 1.813 1.592 2.025 2.118
MANIQA ↑ 0.261 0.234 0.212 0.238 0.244
NIQE ↓ 4.905 5.147 4.527 4.436 *3.790
PI ↓ 5.872 6.375 5.682 5.220 *4.506

PIQUE ↓ 75.030 78.264 53.945 55.821 *37.727
Q-ALIGN ↑ 2.709 2.448 2.313 2.620 *2.723
QualiCLIP ↑ 0.447 0.417 0.384 0.474 *0.529
TOPIQ NR ↑ 0.328 0.292 0.274 0.317 *0.333

FR

AHIQ ↑ 0.374 0.337 0.331 0.367 *0.375
CW-SSIM ↑ 0.977 0.973 0.969 0.973 0.971
DISTS ↓ 0.172 0.192 0.146 0.124 *0.110
FSIM ↑ 0.892 0.886 0.886 0.892 0.891
LPIPS ↓ 0.272 0.321 0.291 0.250 *0.224
MSSSIM ↑ 0.907 0.901 0.896 0.902 0.899
PieAPP ↓ 1.568 1.850 1.870 1.523 *1.381
PSNR ↑ 25.400 25.130 24.890 25.133 24.965
SSIM ↑ 0.756 0.740 0.730 0.744 0.740

TOPIQ FR ↑ 0.600 0.541 0.543 0.610 *0.638

* identifies the anomaly scores that would have outperformed the scores from the other models

Alongside the results of the four core models is that of an ‘Anomaly’ model.

Results would suggest that the outputs of this model were not of good quality,

and distorted with a repeating pattern of noise. However, of the NR metrics only

ARNIQA, CLIPIQA, LIQE and MANIQA would have correctly predicted a lack

in quality. All remaining NR metrics would have identified this unusual noise
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as high frequency content, and therefore scored it high. Of the FR metrics, the

ones that would be led astray by this anomaly seem to also be the metrics that

favoured the outputs of ‘Sharp 2’, therefore showing that these FR metrics also

seem to promote high frequency content, regardless of its improvement (or lack

of) of the image.

The other dataset under investigation was the Turbulence Text dataset, for

which, two different tests were performed: one where 20 frames were provided to

the model, and another where 60 frames were provided. For each of these, three

models from Chapter 5 were found that provided three different levels of observed

noise: low, medium and high. Due to the lack of ground truth for this dataset,

only the NR metrics are examined.

It is worth highlighting that the following analysis of these images, and the

corresponding metric responses, are solely regarding this additive noise, and not

judging the ‘perceptual quality’ of the images. Without performing a suitable

study/survey, the true perceptual quality of each image cannot be confidently

ascertained, as it could be deemed that the images with the highest noise provides

the best looking images, with the most readable text.

As can be seen from Table 6.10, most of the metrics agree for both the 20

frame outputs and the 60 frame outputs, with the exception of ARNIQUA, LIQE

and QualiCLIP. This shows that the metrics are somewhat consistent between

datasets, and will report the same quality no matter the noise source.

Table 6.10: No Reference metric responses to each level of observed noise in the
Turbulence Text dataset model outputs for both 20 and 60 input frames, represented
as ”20/60”. (Bold values indicate the best results per row). Also included are responses
for the anomaly model outputs.

NR Metric Low Noise Med Noise High Noise Anomaly (60)

ARNIQA ↑ 0.394/0.405 0.386/0.320 0.378/0.431 0.386
BRISQUE ↓ 44.235/45.686 43.354/50.852 38.717/39.698 43.111
CLIP IQA ↑ 0.267/0.271 0.185/0.190 0.192/0.190 0.221

LIQE ↑ 1.035/1.099 1.028/1.032 1.046/1.029 1.062
MANIQA ↑ 0.273/0.309 0.257/0.303 0.317/0.337 *0.371
NIQE ↓ 6.488/6.224 5.857/5.850 9.277/8.272 12.021
PI ↓ 7.909/7.323 7.568/6.608 7.086/6.129 8.419

PIQUE ↓ 84.589/74.928 39.652/52.670 20.916/29.597 40.018
Q-ALIGN ↑ 1.983/2.121 1.908/1.826 1.699/1.603 1.971
QualiCLIP ↑ 0.229/0.293 0.260/0.245 0.214/0.214 *0.302
TOPIQ NR ↑ 0.234/0.274 0.219/0.235 0.246/0.293 *0.421

* identifies the anomaly scores that would have outperformed the scores from the other
models
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It is clear that the majority of the NR metrics reward high noise in the output

images. Only Q-ALIGN is able to successfully decrease its score with each level

of observed noise.

As with the ATSyn-static datset, the anomaly model was also tested on the

Turbulence Text Dataset, with 60 frames as input. However, unlike the case

for ATSyn-static, it does not wholly outperform the other outputs in terms of

image quality metrics. This is most likely due to the nature of its distortion of

uniform patterned noise which, when applied to the high contrast content of the

text dataset results in images that are easier to identify as low quality by the NR

metrics.

The results shown for the ATSyn-static Dataset and the Turbulence Text

dataset are simply a comparison between a single observation of distortion and the

metrics being investigated. They have shown various patterns in the behaviour

of the metrics, but this study cannot provide a valid opinion without a more

detailed study of perceptual quality for the images involved.

6.5.4 Turbulence Mitigation: Metrics for Application

The final study was that of comparing the metrics to real world applications

such as classification. Using two different models and two different datasets, a

full analysis of each metrics similarity to the classification could be undertaken.

The resulting classifications of the two models for both datasets are shown in

Table 6.11.

Table 6.11: Resulting classification accuracies of the DATUM and EDVR models on
both the ‘turbulent imagenet’ subset and the Turbulence Text Dataset.

‘turbulent imagenet’

Model Top1 Top5

DATUM 86% 97.44%
EDVR 93.48% 99.72%

Turbulence Text Dataset

Model CRNN DAN ASTER

DATUM 90.4% 97% 97.15%
EDVR 10.73% 32.87% 40.13%

As can be seen, the EDVR model provides very poor classification accuracy

when tested on the text data, but positive results on the ‘turbulent imagenet’
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subset, whilst the DATUM model performs well on both. The models were chosen

such that they represented a wide range of classification accuracies, therefore

allowing the metrics to be tested for consistency over differing image qualities.

To identify the metrics that best correlate with classification accuracy, just

as in Section 6.5.2, the PLCC and SRCC scores were used. However, instead of

metric scores and distortion levels, these measured the correlation between the

the metric scores and the classification accuracies. Therefore, if a metric scored

poorly on incorrectly classified images, and good on correct classification, the

correlation would be high.

Object Classification

The resulting correlations for each metric (from both models) on the ‘turbulent

imagenet’ subset are shown in Figure 6.11.
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Figure 6.11: Correlation (Main score = PLCC + SRCC) between each metric and
classification accuracy on the ‘turbulent imagenet’ subset of both the EDVR model
(trained on ‘turbulence videos’) and the DATUM model (trained on ATSyn-static)
(Zoom in for best viewing).

The first insight to be gained from these results is the low correlation scores

compared to those found in Section 6.5.2. This is due to the fact that the differ-

ence between incorrect and correct classification constitutes a far smaller margin.

None of the metrics were able to fully distinguish between classifiable and un-
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classifiable images, therefore the best metric is the one that, on average, could

separate the two the best. Another interesting outcome is that of negative cor-

relations, such as PIQUE and PSNR for the EDVR outputs, suggesting that the

images that were incorrectly classified were of better quality. This agrees with

what was initially proposed in this chapter, as it was shown that the PSNR metric

would mislead in terms of useful image quality.

Unlike the results found in Section 6.5.2, for both models, the results for both

FR and NR metrics are interleaved and there are good and bad correlations for

both metric types.

For the EDVR model outputs (which achieved an accuracy of 93.48%) the

highest correlating metrics were that of DISTS and Q-ALIGN, Both of which

significantly outperforming the next best of TOPIQ FR. This was also the case

for the outputs of the DATUM model (which achieved an accuracy of 86%), with

the addition of CW-SSIM.

Interestingly, the correlation of the best metrics for the DATUM outputs were

2.3x greater than those from the EDVR outputs. Alongside the 86% accuracy,

this would suggest that the DATUM model produces images that occupy a wider

range of image quality, where the images that are correctly classified are corre-

spondingly of good quality, and the images that are unclassifiable are of worse

quality, therefore allowing the metrics to better distinguish the difference. The

EDVR model however must produce images that are within a tighter distribution

of quality, therefore the metrics struggle to fully distinguish between ‘good’ and

‘bad’ images. This can further be highlighted by examining the exact scores of

a few selected metrics. Figures 6.12 and 6.13 show such values, where the scores

have been ordered so that all the unclassifiable samples are plotted first, followed

by the samples that were correctly classified (similar graphs for every metric can

be found in Appendix C). Overlaid on both sets of samples is the average value

for the incorrect/correctly classified samples respectively.

Firstly, these graphs further show that even the metrics with the best corre-

lation are still not able to fully differentiate between correct and incorrect clas-

sifications. It is therefore the average response that must be examined. If on

average a metric correlates with classification accuracy, then it is more likely to

provide valuable information.

As well as the average score, the standard deviation is also a vital statistic

for this analysis. If, for example, the standard deviation for correct samples is

much smaller than that of incorrect samples, this means that the metric is more

confident in its assessment when being shown correctly classified images.
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Figure 6.12: Scores of best 3 NR metrics on the turbulent imagnet subset. Shown are
the results given the EDVR generated data (Left)(93.4%) and the DATUM generated
data (right)(86%). Metric values are normalised between 0 and 1. Overlaid is the
average metric score for samples with incorrect and correct classifications (Zoom in for
best viewing).
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Figure 6.13: Scores of best 3 FR metrics on the turbulent imagnet subset. Shown are
the results given the EDVR generated data (Left)(93.4%) and the DATUM generated
data (right)(86%). Metric values are normalised between 0 and 1. Overlaid is the
average metric score for samples with incorrect and correct classifications (Zoom in for
best viewing).
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(a) Correctly classified output
image from EDVR with a

DISTS score of 0.0135

(b) Incorrectly classified output
image from EDVR with a

DISTS score of 0.159

(c) Correctly classified output
image from DATUM with a

DISTS score of 0.0317

(d) Incorrectly classified output
image from DATUM with a

DISTS score of 0.299

Figure 6.14: Comparison between images and their corresponding DISTS score. It
is shown that for both EDVR (Top) and DATUM (Bottom), the score correlated with
the ability to correctly classify the image.

These graphs do clearly show how much the model outputs impact the metric

responses. For example, in the case of EDVR with a high classification accuracy,

the CW-SSIM metric struggles to identify the difference between correct and

incorrect classifications. However when applied to the DATUM model outputs,

the standard deviation of the metric is far larger. This shows that the DATUM

model is more varied in its output image quality, and the metrics respond as such.

Given these results, it can be surmised that, of the NR metrics, Q-ALIGN

best correlates with the ‘turbulent imagenet’ classification accuracy, and DISTS

performs best for the FR metrics, where the high score of CW-SSIM is less trust-

worthy due to its large difference between model outputs. These results also

align with those found in Section 6.5.1, where both metrics agreed with the out-

come of the image quality survey. They were also found to be the most well
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(a) Correctly classified output
image from EDVR with a
Q-ALIGN score of 3.977

(b) Incorrectly classified output
image from EDVR with a
Q-ALIGN score of 1.023

(c) Correctly classified output
image from DATUM with a

Q-ALIGN score of 3.152

(d) Incorrectly classified output
image from DATUM with a

Q-ALIGN score of 1.033

Figure 6.15: Comparison between images and their corresponding Q-ALIGN score.
It is shown that for both EDVR (Top) and DATUM (Bottom), the score correlated
with the ability to correctly classify the image.

rounded metrics when tested on common image distortions in Section 6.5.2. In

Section 6.5.3, DISTS was able to successfully identify what had been observed

as ‘sharp’ and Q-ALIGN was able to accurately rank the levels of observed noise

in the text data. Examples of the quality assessment of these two metrics can

be seen in Figures 6.14 and 6.15. As with the previous results, the reasoning for

these metrics success can be identified by analysing their methodologies, where in

both cases their data driven nature allows them to infer a great deal with regards

to image quality. Given this, the ability of CW-SSIM to identify turbulence,

previously observed in Section 6.3, is also evident in this analysis.

A final logical step, given these results, is that of formulating a custom metric

that aims to utilise the advantages of each of the best performing metrics. Given

that DISTS, Q-ALIGN and CW-SSIM provided the best correlation scores, an
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investigation was undertaken to identify an optimal combination that would out-

perform each individually. This investigation led to the identification of a new

metric, the Turbulence Quality Index (TQI) which is defined as,

TQI =
(1−DISTS) + CW − SSIM + Q−ALIGN

5

3
, (6.2)

where the opposite ’polarity’ of DISTS is first solved by subtracting it from 1. The

larger range of Q-ALIGN is solved by a division, and the average of these metrics

summed makes up the final metric. Figure 6.16 shows that this new metric obtains

a better total score than all original metrics for both the EDVR and DATUM

outputs, where the correlation score for the DATUM data is significantly higher.

This difference is simply due to the presense of CW-SSIM within the TQI metric.

As shown in Figure 6.11, CW-SSIM does not perform as well as the others for

the EDVR data, whilst all three metrics perform well for the DATUM data. Its

presence therefore reduces the capability on the EDVR data, but is a worthwhile

addition nonetheless. As well as the correlation scores, the individual values of

TQI can also be plotted. Such is shown in Figure 6.17, where it can be seen

that even with an improved correlation, this new metric is still unable to fully

differentiate between correct and incorrect classifications. It does however provide

an improvement over the metrics shown in Figures 6.12 and 6.13.
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Figure 6.16: Correlation (Mainscore = PLCC+SRCC) between the top performing
metrics and classification accuracy. Now including the newly defined TQI metric, that
is shown to outperform original metrics. Results are based on the subset of ‘turbulent
imagenet’ for both the EDVR model (trained on ‘turbulence videos’) and the DATUM
model (trained on ATSyn-static) (Zoom in for best viewing).

Due to the presence of both DISTS and CW-SSIM, the TQI metric is inher-

ently a FR metric. When investigating into the use of metric combinations for
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Figure 6.17: Scores from TQI on the ‘turbulent imagenet’ subset. Shown are the
results given the EDVR generated data (Left)(93.4%) and the DATUM generated data
(Right)(86%). Metric values are normalised between 0 and 1. Overlaid is the average
metric score for samples with incorrect and correct classifications. (Zoom in for best
viewing).

NR, no combination was able to outperform the raw results of Q-ALIGN. There-

fore, it is suggested that if ground truth images are indeed available, the TQI

metric will provide the most accurate results. If no ground truth is available,

Q-ALIGN by itself is the best option.

Text Classification

The correlations of each metric on the Turbulence Text dataset is shown in Fig-

ure 6.18, where, for each model, three different text classification models were

utilised. As with the results in Section 6.5.3, due to the lack of ground truth for

this dataset, only NR metrics are examined.

For the classification results on the EDVR model outputs, it can be seen that

the trend in correlation is the same for each of the text classification models,

even when the different classifiers produce varied accuracy results. This is also

mostly true with the DATUM outputs, with some changes to the order for each

text classification model. For the EDVR outputs for example, there is a 30%

classification accuracy increase between CRNN and ASTER, but correlation order

of the metrics is the same. This therefore shows that, when a better classifier

is used, the correlation behaviour of the metrics remains consistent, therefore

implying that, any metrics that are found to have good correlation with text

classification will perform well, regardless of the classifier model being used.

From the results shown in Figure 6.18, it can clearly be seen that the corre-

lations of the metrics vary greatly between the two different models. Not only

this, but, another difference between the two models can also be observed in the

behaviour of the metrics where, for EDVR, the metrics seem to linearly decrease
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Figure 6.18: Correlation (Main score = PLCC + SRCC) between each metric and
each text classification model accuracy on the Turbulence Text dataset. For both the
EDVR model (trained on ‘turbulence videos’) and the DATUM model (trained on
ATSyn-static) using the CRNN, DAN and ASTER text classification models (Zoom in
for best viewing).

in performance from Q-ALIGN down to TOPIQ NR, whereas for DATUM, six of

the metrics are able to provide high correlation (MANIQA, PIQUE, TOPIQ NR,

ARNIQA, LIQE & Q-ALIGN) before a sudden drop off of in quality. The best

way in which to analyse these results is by plotting the metric scores alongside the

classification accuracies. The best metrics from each model is shown in Figures

6.19 and 6.20 (for similar graphs for all NR metrics, see Appendix C).

From these plots, a few key insights and observations can be made. Firstly,

as with the results on the ‘turbulent imagenet’ subset, it can be seen that even

the best correlating metrics are unable to fully distinguish between correct and

incorrect classifications, with each metric assigning both high and low image

quality values to both correctly and incorrectly classified images. These plots do

show however that, on average, these metrics could be used to provide a prediction

of text classification accuracy.

However, as a caveat to this point, due to the overall classification perfor-

mance of each model, the number of samples in either the ‘correctly classified’

or ‘incorrectly classified’ bins will vary greatly. The incorrect classifications for

the ASTER classifier on the DATUM outputs (Figure 6.20) for example are only
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Figure 6.19: All values for the best correlating metrics for images from the EDVR
Model: Q-ALIGN (Top) and BRISQUE (Bottom). Ordered with resepct with classifi-
cation ability from CRNN (Left) and ASTER (Right). (Zoom in for best viewing).
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Figure 6.20: All values for the best correlating metrics for images from the DATUM
Model: MANIQA (Top) and PIQUE (Bottom). Ordered with respect with classification
ability from CRNN (Left) and ASTER (Right). (Zoom in for best viewing).

represented by 57 samples (vs 1943 correct samples). This makes the compar-

ison between the average metric scores of correct and incorrect samples to be

approached with caution.

A final important aspect of these results worth highlighting is that of the

y-axis scale. For the BRISQUE results shown in Figure 6.19, the range of the

y-axis only spans between 43.2 and 43.7. This is important, as the range of the

BRISQUE metric is between 0 and 100. Therefore, the difference here between
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‘correct’ and ‘incorrect’ is actually extremely small. However, the correlation

scores do not take the potential range into account, and see the small change in

BRISQUE between classifications and mark it highly in response.

For the EDVR model outputs, it can be seen in Figure 6.19 that the Q-ALIGN

metric mostly correlates well with classification accuracy, where, on average, it

correctly assigns the correctly classified images with a higher image quality score

whilst also, on average, assigning lower scores to incorrectly classified images.

However it is not fully reliable, as it assigns low scores to correctly classified

images and vice versa.

For the second best correlating metric, BRISQUE, a clear difference can also

be seen. However, as previously mentioned, this difference is only a matter of

∼0.1 and, for a metric with a range of 100, this small difference would be less likely

to be noticed, therefore reducing its potential effectiveness as a text classification

image quality replacement.

The best scoring metrics for the DATUM outputs illustrated in Figure 6.20

both show positive correlations. The downside to these results however, as

also mentioned previously, is the lack of samples of incorrectly classified images.

Therefore, for the misclassified samples, the corresponding metric response could

be attributed to random chance. This being said it can be observed, that the

MANIQA metric is mostly consistent in its opinion of good vs bad, where it is

quite clearly scoring the misclassified samples lower than that of the correctly

sampled.

As noted earlier, the correlation of metrics is not consistent between the differ-

ent model outputs. To further highlight this, it can be seen that certain metrics

actually reverse their correlations between models. One such metric is BRISQUE,

which ranks second-best on the EDVR data, but falls to the bottom three for

the DATUM data. Similarly, MANIQA performs best on the DATUM data, but

shows a negative correlation with the EDVR data. Again, this can clearly be seen

by plotting the metrics and comparing with classification. Shown in Figure 6.21

is the apparent reverse of correlation of the BRISQUE and MANIQA metrics. In

the case of BRISQUE, it showed good correlation for EDVR, however reversed

for the DATUM outputs. It can be seen that the reason for this reversal is most

likely due to the instability caused by lack of sample size, where due to a few

outliers, the average metric of the incorrect samples is brought below that of the

correct samples.

In the case of MANIQA, the reason for the reversal from DATUM to EDVR is

less clear. Therefore, to help gain an even better understanding of this behaviour,
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Figure 6.21: Values for the BRISQUE (Top) and MANIQA (Bottom) metrics, ordered
with respect with classification ability from CRNN. Noting the correlation reversal
between the EDVR (Left)(10.73%) and DATUM (Right)(90.4%) output images. (Zoom
in for best viewing).

an example of each case is illustrated in Figure 6.22. It is clear to see that the

outputs from the DATUM model are of far higher quality than that from the

EDVR model, even in the case of a low MANIQA score. Interestingly the highest

score is given to the image in Figure 6.22d which, from visual analysis would

be the hardest in which to identify text. This shows that the MANIQA metric

would not be a good candidate for a text classification image quality metric, as

it is less useful in highlighting the sharp edges of clear text, while it more suited

to promoting high frequency noise. This was also observed in Section 6.5.3.

As well as metrics that change their correlation between models, there also

exist metrics that have unusually high negative correlation, such as CLIPIQA,

QualiCLIP and TOPIQ NR for the EDVR model outputs. The response of these

metrics is illustrated in Figure 6.23, where it can clearly be seen that each metric

assigns worse image quality to those images that have been classified correctly,

and vice versa. This suggests that these metrics are looking for the inverse of

what could be defined as ‘clear text’. As with the MANIQA results, this can

be seen clearer with examples, as shown in Figure 6.24. These examples show

that the metrics seem to promote images with a higher level of noise in them,

and view the ‘clearer’, ‘less noisy’ images as lower quality. This is an interesting

observation, as with this knowledge, these metrics could be utilised in reverse, to

find images that would not be classified well due to a high level of observed noise.

Of all the NR metrics tested, only Q-ALIGN was able to consistently correlate
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(a) Correctly classified (5/5 Correct)
output image from DATUM with a

MANIQA score of 0.403

(b) Incorrectly classified (0/5
Correct) output image from DATUM

with a MANIQA score of 0.286

(c) Correctly classified (4/5 Correct)
output image from EDVR with a

MANIQA score of 0.348

(d) Incorrectly classified (0/5
Correct) output image from EDVR

with a MANIQA score of 0.528

Figure 6.22: Comparison between the classification of text and the corresponding
MANIQA score. It is shown that for DATUM (Top), the metric correlates with classi-
fication, and that for EDVR (Bottom) a reverse correlation is found.

positively on both models outputs, with the responses shown in Figure 6.25, as

well as image examples shown in Figure 6.26. These show that Q-ALIGN appears

to promote images that contain clear text, and is not ‘fooled’ by images with high

observed noise. Although it is not foolproof (as shown by the anomaly results

in Section 6.5.3), it is Q-ALIGN that would best be able to provide a somewhat

reliable measure of image quality for text classification. As with previous results,

the likely reason for the quality of Q-ALIGN stems from its use of an LLM for

producing image quality scores. This alongside a ViT architecture allows the

metric to gain a solid understanding of the image contents, as well as a detailed

and flexible ‘score’ in the form of the LLM output.
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Figure 6.23: Values for the metrics that display negative correlation on the EDVR
output images: CLIP IQA (Top), QualiCLIP (Centre) and TOPIQ NR (Bottom). Or-
dered with respect with classification ability from CRNN (Left) and ASTER (Right).
(Zoom in for best viewing).

As with ‘turbulent imagenet’, it is logical to make use of these results and

attempt to create a metric that is able to overcome any weaknesses presented.

With regards to these results however, it is not as trivial as in the case for

‘turbulent imagenet’ due to the erratic nature of the metrics between models,

where the simple combination of metrics will not provide any improvement. In

fact, it is this erratic nature that can be utilised to create a metric that will

perform well no matter the model being used. As mentioned previously, the

reason for metrics ’reversing’ their correlation scores is that of the image sources,

where the DATUM model was able to produce better quality images. In this

case, it was MANIQA that was best able to identify if text would be classified

correctly or not. For the lower quality outputs of EDVR, it was Q-ALIGN that

performed best, with MANIQA struggling to identify the good vs the bad. This

simply shows that the MANIQA metric is simply better when the images are of

better quality, and Q-ALIGN is better when the images are of poorer quality. By

harnessing this information, a new metric can be created that ’selectively chooses’

which metric to use, where the choice is driven by the results of other metrics.

It was therefore identified that the comparison between MANIQA and Q-

ALIGN (normalised) led to the best resulting metric. Shown in Figure 6.27 are

the metric scores from both Q-ALIGN and MANIQA. It can clearly be seen that

when evaluated on the EDVR outputs, the Q-ALIGN score is mostly below that

of MANIQA (2,955/3,000). When presented with the DATUM outputs however,

204



Ch.6 Analysis of Image Quality Metrics For Turbulence Mitigation

(a) Incorrectly classified (0/5
Correct) output image from EDVR

with a CLIPIQA score of 0.428

(b) Correctly classified (4/5
Correct) output image from EDVR

with a CLIPIQA score of 0.167

(c) Incorrectly classified (0/5
Correct) output image from EDVR

with a QualiCLIP score of 0.22

(d) Correctly classified (3/5
Correct) output image from EDVR

with a QualiCLIP score of 0.119

(e) Incorrectly classified (0/5
Correct) output image from EDVR
with a TOPIQ NR score of 0.462

(f) Correctly classified (3/5
Correct) output image from EDVR
with a TOPIQ NR score of 0.301

Figure 6.24: Examples of cases where metrics present negative correlations. Such
metrics were CLIPIQA (Top) QualiCLIP (Centre) and TOPIQ NR (Bottom).
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Figure 6.25: Values for the Q-ALIGN metric, which was one of the only metrics that
was able to correlate positively over both models, ordered with respect with classifica-
tion ability from CRNN. EDVR (Left)(10.73%) and DATUM (Right)(90.4%). (Zoom
in for best viewing).

the Q-ALIGN score is mostly higher than MANIQA (1,630/2,000). Using this

information, a new metric was developed, the Turbulence Quality Index for Text

(TQIT ), and is simply defined as,

TQIT = min

(
MANIQA,

Q-ALIGN

5

)
(6.3)

The resulting correlation scores and output values of this new metric are

shown in Figures 6.28 and 6.29 respectively. These show that TQIT outperforms

all other metrics on the DATUM outputs, and matches that of Q-ALIGN for the

EDVR outputs. This is as expected, as the metric is designed such that it is able

to operate one both distributions of data. The key to this success is the response

of the MANIQA metric. As shown in Figure 6.22, the EDVR model generates

images with a higher base level of noise when compared to DATUM. This is

reflected in the MANIQA score, which rewards such high frequency content. This

therefore leads to the average MANIQA score being higher than that of Q-ALIGN.

This indication of noise provided by MANIQA allows a user to make the choice of

Q-ALIGN as a more appropriate metric. In the case of the DATUM data however,

the base noise is reduced, and therefore results in lower MANIQA scores. In such

a case, as shown in Figure 6.18, the lack of noise allows MANIQA to provide

more reasonable scores, which result in a better correlation with classification

accuracy. The MANIQA score therefore acts as a ’noise detector’ that allows
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(a) Correctly classified (4/5
Correct) output image from EDVR

with a Q-ALIGN score of 2.082

(b) Incorrectly classified (0/5
Correct) output image from EDVR

with a Q-ALIGN score of 1.141

(c) Correctly classified (3/5
Correct) output image from

DATUM with a Q-ALIGN score of
2.121

(d) Incorrectly classified (1/5
Correct) output image from

DATUM with a Q-ALIGN score of
1.606

Figure 6.26: Example images where Q-ALIGN presents positive correlation for both
EDVR (Top) and DATUM (Bottom).

the TQIT metric to identify the characteristics of the images, and apply the best

metric accordingly.

Thresholds for Classification

The final step of this investigation was to determine if any of these metrics could

be used ‘in place’ of classification, therefore providing a measure of classification

probability. To identify this, the Balanced Accuracy (BAcc) of the predictions at

different thresholds was evaluated. Using Eq. (3.17), the optimal threshold, τ ∗,

for each metric was found for each dataset/model scenario.

Values of the BAcc below 50% correspond to negative balance, therefore in-

dicating that the distributions are inverted (i.e. the metric scores good images

with a bad score, and vice versa). As seen from the correlation results, some
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Figure 6.27: Comparison between the scores from MANIQA and Q-ALIGN. Showing
that, for the EDVR outputs, the Q-ALIGN score is mostly below that of MANIQA
(98.5% of the time). For the DATUM outputs however, the Q-ALIGN score is higher
on average (81.5% of the time).
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Figure 6.28: Correlation (Main score = PLCC + SRCC) between each metric and
each text classification model accuracy on the Turbulence Text dataset, now including
TQIT . For both the EDVR model (trained on ‘turbulence videos’) and the DATUM
model (trained on ATSyn-static) using the CRNN, DAN and ASTER text classification
models (Zoom in for best viewing).

metrics do indeed show negative correlation scores. Therefore, when evaluating

the BAcc, if a metric indicated negative correlation, the polarity of the metric

was flipped, such that all BAcc values are above 50%. This then allows a com-

prehensive comparison of the metrics, as some of the negative correlated results
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Figure 6.29: Values for the proposed metric, TQIT , ordered with respect with classifi-
cation ability from CRNN. EDVR (Left)(10.73%) and DATUM (Right)(90.4%). (Zoom
in for best viewing).

are still strongly correlated, allowing the potential of a metric used in reverse to

provide an image classification prediction.

The resulting BAcc scores for the ‘turbulent imagenet’ subset are shown in

Tables 6.12, where the metrics that presented negative correlation are marked

with a *.

The results in Table 6.12 align with those found via correlation, with Q-

ALIGN providing the best predictions of classification accuracy for NR metrics,

alongside TOPIQ NR. As for the FR metrics, it is TQI, DISTS and CW-SSIM

that provide the best predictions. This is again as expected, and in line with the

previous correlation scores. There are two main takeaways from these results.

First to notice is the disparity between the results of the two models. For each

metric, the threshold and the corresponding Balanced Accuracy is never consis-

tent over both models. This indicates that, whilst a threshold might provide

good results for one model, that same threshold would result in a significant de-

crease in accuracy for another. For a majority of the metrics, the BAcc scores

for the DATUM model are higher than EDVR. This again indicates that the

DATUM model is the poorer of the two, as EDVR is able to consistently produce

higher quality images, therefore making it harder for the metrics to distinguish

between classifiable and unclassifiable images. An initial solution to the difference

in thresholds could be to simply use the median of the two reported thresholds.

However, this would result in a decrease in accuracy for both models. For exam-

209



Ch.6 Analysis of Image Quality Metrics For Turbulence Mitigation

Table 6.12: Optimal thresholds found for each metric on the ‘turbulent imagenet’
subset, and the resulting Balanced Accuracy for both EDVR and DATUM models.(Best
results in bold, second best underlined).

Metric
EDVR DATUM

Threshold BAcc Threshold BAcc

NR

ARNIQA ↑ 0.674 51.66% 0.508 52.52%
BRISQUE ↓ 27.629 *52.60% 45.655 52.74%
CLIP IQA ↑ 0.631 53.17% 0.568 53.33%

LIQE ↑ 2.878 52.99% 1.134 53.72%
MANIQA ↑ 0.411 52.53% 0.236 51.79%
NIQE ↓ 4.597 51.83% 6.346 *51.68%
PI ↓ 3.922 52.82% 6.578 53.09%

PIQUE ↓ 34.821 *51.72% 53.333 51.60%
Q-ALIGN ↑ 2.283 53.86% 1.920 57.20%
QualiCLIP ↑ 0.534 52.83% 0.294 53.32%
TOPIQ NR ↑ 0.668 53.24% 0.286 53.81%

FR

AHIQ ↑ 0.424 *52.00% 0.351 *53.84%
CW-SSIM ↑ 0.994 52.90% 0.948 57.29%
DISTS ↓ 0.082 55.15% 0.162 55.77%
FSIM ↑ 0.864 *51.76% 0.904 *52.67%
LPIPS ↓ 0.102 53.07% 0.171 52.23%
MSSSIM ↑ 0.844 51.23% 0.934 51.91%
PieAPP ↓ 0.420 51.01% 1.752 *51.56%
PSNR ↑ 20.548 *51.99% 24.479 51.39%
SSIM ↑ 0.496 51.96% 0.628 51.11%

TOPIQ FR ↑ 0.820 53.19% 0.675 53.36%
TQI ↑ 0.791 55.62% 0.732 58.99%

BAcc: Balanced Accuracy
Values marked with an asterisk (*) indicate a flip in polarity

ple, if the median of the Q-ALIGN thresholds was used (2.1015), the resulting

BAcc scores would be 51.95% and 54.67% for EDVR and DATUM respectively.

This therefore shows that, even though the Q-ALIGN, DISTS and CW-SSIM

metrics provide the best Balanced Accuracies, their use as a prediction measure

of classification accuracy is limited without prior knowledge of the model quality.

It is therefore recommended, if possible, that when a new model is being utilised,

it is first tested with known data such that an optimal threshold can be identified

for that particular model.

The second key takeaway is the simple matter of low accuracy. The best

Balanced Accuracy is that of 58.99% for TQI on the DATUM data which, when

compared to the fact that a score of 50% constitutes a 50/50 chance of correct
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prediction, only provides a small improvement in confidence. This therefore in-

dicates that whilst, on average, metrics like Q-ALIGN or TQI can indicate if an

image is classifiable, they are unable to do so with enough confidence that they

can be fully relied upon. This is not the desired outcome, as the purpose of the

work presented in this chapter was to find a metric that was able to potentially

be used as a ‘proxy’ when classification was unavailable. Given these results, it

is therefore difficult to recommend this use case for any of the metrics tested,

as their reported accuracy is below a trustworthy range of confidence. However,

these results do further prove that the use of metrics to judge image quality is

an extremely challenging task, and must be approached with caution. They key

factor to take into consideration is what is the purpose of the image processing

task, i.e. what does ‘good image quality’ mean. If the ability to successfully

classify an image is the goal, then the best metric to use is that of classification

itself.

As for the Turbulence Text data thresholds, Table 6.13 contains the resulting

values found for the NR metrics. Due to the similar behaviour of the three text

classifiers, the metric values were only compared against the text classification

accuracy of CRNN.

Table 6.13: Optimal thresholds found for each NR metric on the Turbulence Text
dataset, and the resulting Balanced Accuracy for both EDVR and DATUM models.
(Best results in bold, second best underlined)/

Metric
EDVR DATUM

Threshold BAcc Threshold BAcc

ARNIQA ↑ 0.266 *67.03% 0.398 70.34%
BRISQUE ↓ 43.481 62.90% 43.458 *60.29%
CLIP IQA ↑ 0.232 *76.41% 0.196 61.43%

LIQE ↑ 1.009 *70.60% 1.031 74.90%
MANIQA ↑ 0.395 *63.72% 0.339 77.07%
NIQE ↓ 16.480 60.08% 8.308 *64.59%
PI ↓ 9.355 64.86% 6.340 *58.60%

PIQUE ↓ 61.543 60.16% 45.076 77.48%
Q-ALIGN ↑ 1.711 74.36% 1.959 65.27%
QualiCLIP ↑ 0.148 *80.45% 0.230 59.81%
TOPIQ NR ↑ 0.371 *80.29% 0.307 72.69%

TQIT ↑ 0.342 74.36% 0.339 77.53%

BAcc: Balanced Accuracy
Values marked with an asterisk (*) indicate a flip in polarity

As with the ‘turbulent imagenet’ results, the BAcc scores also indicate which

of the two models is more consistent. The highest BAcc for DATUM is 77.53%
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compared to 80.45% for EDVR, indicating that, in the case of the Turbulence Text

Dataset, the DATUM model is able to produce higher quality images, resulting in

a more difficult task for the metrics. Unlike the ‘turbulent imagenet’ results, in the

case of the text data, the metrics are far more effective at differentiating between

classifiable and unclassifiable images, with the highest accuracy being obtained

by the inverse of QualiCLIP. This shows that QualiCLIP would not be useful as

a measure for good quality images, but rather a measure for which images are

too ‘noisy’ for successful classification. Of the metrics that do not need polarity

inversion, it is again Q-ALIGN and TQIT that perform the best for the EDVR

outputs, and TQIT for DATUM. It is the latter of these that is most interesting,

as the TQIT metric is dependent upon the scores from MANIQA. However, after

TQIT , it is PIQUE that obtains the next best BAcc accuracy. This is interesting,

as it would be expected that, due to the nature of TQIT , its BAcc would be closer

to that of MANIQA. This therefore shows the added benefit of incorporating

Q-ALIGN into the TQIT metric as, when combined with MANIQA, it is able

to outperform both. Similarly, BRISQUE shows very poor performance when

compared to its correlation ranking. However, as mentioned previously, the range

of the BRISQUE scores is extremely low, which is not factored into the correlation

scores. This does however result in poor performance when choosing a suitable

threshold. This is also shown by the correlation results (for the CRNN classifier)

the only metrics that do not change their opinion on image quality between

EDVR and DATUM are TQIT , PIQUE and Q-ALIGN, where Q-ALIGN and

TQIT are the more consistent of the three. These results are far more promising

than those found for ‘turbulent imagenet’, in that the metrics are able to provide

a high degree of confidence that the images are either classifiable or not. It is

therefore easier to recommend their use in the case of images similar to those

found in the Turbulence Text dataset. Given its consistency between models in

both correlation and BAcc scores, TQIT is the recommended metric to use as a

prediction of successful text classification.

6.6 Discussion

This study provided a great deal of information regarding the use of metrics for

turbulence mitigated image quality. Firstly, the results in this chapter show that

the measurement of image quality is an extremely difficult task, and is dependent

on multiple factors, such as the model being used and the data being processed.

It has been shown that no single metric is able to provide a clear assessment of
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image quality for all cases. Q-ALIGN and DISTS were determined to be the best

performing original metrics for NR and FR respectively, however an over reliance

on just these two would be inadvisable. The two new metrics introduced, TQI and

TQIT , aim to overcome this by incorporating several metrics into their evaluation,

and therefore provide a more rounded quality score. Although showing good

performance, the metrics were not able to fully distinguish between classifiable

and unclassifiable images, especially in the case of ‘turbulent imagenet’ where, if

using TQI as a prediction of classification accuracy, a probability of 55.62% or

58.99% would not be significant enough in order to recommend such a metric.

It is therefore encouraged that if available, the metric for turbulence mitigation

should be that of the post-processing task.

What these results do provide is a comparison between the metrics. This

therefore allows the choice of metrics to be approached with a better under-

standing, as well as an understanding of which metrics would work together. As

highlighted in [172], the most efficient method of determining image quality is by

making use of as many metrics as possible in order to gain a full understanding.

By knowing the behaviour of each metric to different types of distortion, the full

‘quality’ of an image can be inferred. In the case of the Turbulence Text dataset

for example, due to the nature of the TQIT metric, it is able to use the MANIQA

score as a ’noise indicator’, and therefore apply the best metric to each situation.

Another use could be that of the QualiCLIP metric, which presented a the high-

est negative correlation. This, used alongside a positively correlated metric (such

as Q-ALIGN), could be used to understand the image contents. If QualiCLIP

deems the image as ‘good’ quality, then it is actually less likely to be classified. If,

at the same time, the corresponding Q-ALIGN score deems the quality as ‘low’,

then this assessment is corroborated.

The results also reveal that the threshold of the metrics are very sensitive to

the data quality. Take the ‘turbulent imagenet’ outputs from the EDVR model

for example. On the whole, the image quality is higher, therefore the metric

thresholds are less able to distinguish between classifiable and unclassifiable im-

ages. If that same threshold were to be used for a lower quality model, such

as DATUM, it would result in a significant drop in accuracy, implying that the

‘one-shot’ performance of a given threshold is very poor. This therefore pro-

vides a warning to the use of such metrics for classification accuracy prediction,

and promotes the use of calibration before application. If a new model is being

utilised, before applying metrics, a new ‘optimal’ threshold should be evaluated

with known data. This allows more confidence in the use of such a threshold on
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unseen data.

A final highlight of these results is the fact that previous literature has placed

too large a reliance on the optimisation of non-optimal metrics such as PSNR and

SSIM. The results presented show that, by aiming for high values of such metrics,

the resulting images are actually of limited in their use for real world applications.

The issue lies however with the fact that the over-reliance on such metrics further

promotes their use. To outperform previous architectures or achieve state-of-the-

art status, these benchmarks are the most common targets and are therefore

upheld as the optimal goal. It is argued that use of these metrics is leading

the field of turbulence mitigation down the wrong path, where novel research is

‘aiming for the wrong target’. If more metrics were to be used on a regular basis,

the comparison of different algorithms would be far richer, therefore allowing a

true progression of turbulence mitigation algorithms.

6.7 Conclusion

This chapter proposed the potential misuse of common metrics such as PSNR

and SSIM for the specific case of turbulence mitigated image quality assessment.

These metrics were shown to contradict the perceived perceptual quality of im-

ages, and it was argued that current literature is over-reliant on such metrics.

This therefore creates an arena of competition that is aiming to maximise a met-

ric that is unsuitable for real life applications

Given this, it was determined that a study of available image quality metrics

for the specific task of turbulence mitigated image quality assessment would be

highly desirable. A suite of 21 metrics were chosen that spanned both NR and

FR metrics, and contained traditional commonly used metrics as well as modern

deep learning approaches.

In order to first support the argument presented, a survey was conducted,

where participants were shown two images and asked to select the one that they

believed to be of ‘better’ quality. When these ratings were compared to the met-

rics, it was proven that the commonly used metrics of PSNR and SSIM disagree

with that of perceptual quality.

Before applying the metrics to the task of turbulence mitigation, it was first

deemed that an understanding of each metric’s response to common distortions

would be useful. Therefore, a dataset was synthesised containing eight different

distortions applied to five different source datasets. Using this data, the response

of each metric was obtained and analysed. These results showed that for the
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stepped levels of each distortion, each metric was successful in determining the

decrease in image quality, where the FR metrics were found to perform the best.

Other useful insights gained were the fact that NR metrics are extremely poor

at identifying saturation differences, and that the CW-SSIM metric had the best

performance for turbulent data.

The levels of the distortions however presented clear differences in image qual-

ity. When performing turbulence mitigation, the output images represent a far

closer distribution of quality, in that the difference in quality is harder to dis-

tinguish. The next step of the study was to therefore analyse how the metrics

reacted when provided with turbulence mitigated examples. These examples had

first been analysed and identified with perceived distortions such as blur and

noise. With these perceived distortions known, the metric response was analysed

to understand their correlation with human perception. It was found that some

metrics successfully aligned with the perceived perception, whilst others did not

perform as well. This suggests that some of the metrics may not prioritise the

same features that humans associate with high-quality images.

Finally, it was proposed that what a human perceives as high-quality may not

be the best metric either. As in many modern scenarios, post turbulence miti-

gation tasks such as tracking or classification are commonly done autonomously.

It is therefore these algorithms that the turbulence mitigation networks should

be tailored towards. Therefore, with the use of the ‘turbulent imagenet’ dataset

presented in Chapter 4 alongside the Turbulence Text dataset [60], image and

text classification results could be obtained as a post turbulence mitigation step.

These classifications could then be compared against the metrics to identify

which, if any, correlated with the classification results. It was found that some

metrics did indeed provide positive correlation, however, for the case of the

data from ‘turbulent imagenet’, this correlation was very slight, and was only

marginally better than a 50/50 random chance. For the text data, the metric

response was more promising where, interestingly, it was found that the best

performing metric actually presented negative correlation, but could be used in

reverse to provide a classification accuracy prediction. Using the results from the

correlation investigation, two new metrics were proposed: TQI and TQIT . These

aimed to bridge the gap between different metrics by applying several at once.

The resulting outcomes of this chapter are comprehensive. The over-reliance

on common metrics such as PSNR and SSIM was first proven, and an in depth

study of potential replacement metrics was undertaken. Using these results, fu-

ture research can be undertaken with a better understanding of what is important
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for turbulence mitigation, and which metrics will help with that goal.
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Chapter 7

Conclusions

Atmospheric turbulence induces light distortions that adversely affect the quality

of both images and video, therefore posing challenges in tasks such as classification

and tracking. It is therefore desirable to mitigate these distortions such that

downstream tasks can be optimised. This thesis has presented an investigation of

using deep learning for this task, and highlighted the various challenges involved.

The following are the key findings of this thesis.

Development of a turbulence simulation tool: Due to a lack of turbu-

lence data in literature, and the complexities regarding real-life data acquisition,

the development of a turbulence simulator was first necessary to facilitate the

a use of deep learning for turbulence mitigation. The resulting simulator devel-

oped in this thesis is capable of processing both single images as well as video

sequences. It also allows a high level of control over the resulting distortions via

comprehensive input parameters. The simulator was validated against theoret-

ical expectations, and was confirmed to represent a true turbulent atmosphere.

With this simulator, various datasets were synthesised and used to train and test

algorithms in Chapters 5 and 6. Of these datasets ‘turbulence videos’ has been

made publicly available.

Identification of optimal deep learning strategies for deep learning:

When this research was begun, the application of deep learning to turbulence

mitigation was not widely reported. It was therefore not yet clear which deep

learning architecture was best suited to the task. Therefore, to identify such an

architecture, a series of off-the-shelf models were obtained and re-trained on the

turbulence data generated in Chapter 4, where it was found that the underlying

distortions could indeed be mitigated via deep learning, and that some archi-

tectures performed better than others. This investigation prompted the use of

turbulent videos, as seen in traditional approaches, where the use of temporal
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data allows a network to gain a better representation of the underlying latent

image. With this in mind, the EDVR architecture was utilised and trained on

turbulence video sequences, as well as an additional perceptual loss, with the aim

to improve the accuracy of post-mitigation classification. This same concept was

then applied to the state-of-the-art model DATUM, where it was indeed found

that the optimisation of the loss function leads to better mitigation performance.

The key finding from this investigation is that effective deep learning–based tur-

bulence mitigation depends not only on the choice of architecture, but also criti-

cally on the exploitation of temporal information and the optimisation of the loss

function. Architectures that incorporate video sequences consistently outperform

single-frame models, and perceptual-loss–based training reliably enhances down-

stream classification accuracy without requiring structural modifications.

Analysis of image quality metrics for turbulence mitigation: During

this research, it was found that metrics such as PSNR and SSIM were widely used

in image processing applications. This was also true for the field of turbulence

mitigation. However, via visual analysis, it was found that these metrics may have

been providing misleading information regarding the true quality of the output

images. Given this, an investigation was undertaken to identify which metrics are

best suited for the quality assessment of turbulence mitigation algorithms. To

achieve this, the most likely use of turbulence mitigation was used as a control,

that being post-mitigation classification. By comparing reported quality with

classification accuracy, the metrics that best correlate were found. Furthermore,

these results led to the development of two new image quality metrics, TQI and

TQIT . In this, it was reported that TQI was the optimal full-reference metric,

and TQIT was the optimal no-reference metric. It was also put forward that,

if classification is the underlying motivation for turbulence mitigation, then it

should be classification that is used as the quality metric.

In conclusion, this thesis has presented an investigation into the practical

use of deep learning for turbulence mitigation. It has shown the capability of

data-driven algorithms to successfully capture the underlying distortions caused

by a turbulent atmosphere and recover a clean image. Since the largest issue

facing deep learning progression is that of data availability, this thesis has also

presented a turbulence simulator that is able to apply the effects of turbulence

onto any image. The assessment of mitigation quality was also investigated,

where it was found that commonly used image quality metrics are not suitable for

turbulence mitigation. Other metrics were therefore tested, and compared with

classification accuracy, to identify which metric would be optimal for turbulence
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mitigation quality assessment. From this thesis, the field of turbulence mitigation

can extract a great deal of useful information that would be invaluable for future

work.

7.1 Future Work

Given the work presented in this thesis, there are a number of possible future

directions that can this research can be taken. These are presented here.

Expansion of Simulation Capability. Chapter 4 described the development of

an accurate turbulence simulation tool. Further improvements to this simulation

could include the incorporation of RGB simulation, or expansion to dynamic

data, whereby the simulator would be capable of applying turbulence distortions

onto an existing video sequence, as opposed to creating frames from a single input

image. Finally would be the simple expansion of publicly available datasets by

synthesising new turbulent sequences.

Additional experiments into perceptual loss. The implementation of the

perceptual loss in Chapter 5 was done in line with previous works, and made use

of only one feature layer of the VGG model. Future experiments could build on

this work by extracting features from different layers, combining multiple layers,

or even using an alternative classification model.

Leverage Metric Investigation Results to Inform Deep Learning. The

findings in Chapter 5 showed that the loss function is a key factor in any deep

learning approach. Therefore, a potential future avenue of research is the lever-

aging of results from Chapter 6, where it was shown that some metrics are better

suited towards turbulence mitigation. By applying the concepts from these pre-

ferred metrics, a bespoke loss function could be developed that would greatly

increase the performance of deep learning turbulence mitigation techniques.

Further investigation into optimised image quality metric. Presented in

Chapter 6 are two new metrics for turbulence mitigation model analysis: TQI

and TQIT . These metrics utilise the quality scores from other metrics to inform

a final quality decision, a decision that is made via simple combination or choice

of the existing scores. A more complex metric may, instead of simply combining

other metrics, feed them into a more complex algorithm in order to identify a final

image score. For example, instead of the equation for TQI as shown, the three

metrics in question could be fed into an ANN, which can be trained to identify
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patterns within the results to provide a more nuanced image quality score.

Multi Domain Analyse of Image Quality Metrics. The use of classifica-

tion in Chapter 6 allowed the identification of metrics that best correlated with

classification accuracy. However, these metrics may not necessarily retain their

usefulness in other domains, such as tracking or segmentation. A natural progres-

sion therefore to this research is the expansion to multiple application domains.

Such an investigation may lead to key findings into the priorities of turbulence

mitigation techniques, and may allow a bespoke turbulence metric to be devel-

oped.
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Appendix A

Single Frame Deep Learning

Architectures

This appendix provides the deep learning architectures used in Chapter 5 for the

investigation into single frame deep learning models for turbulence mitigation.
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Figure A.1: The CNN architecture of the BRDNet [234]

(a) Architecture of RDN [235]

(b) Residual Dense Block used in the RDN architecture [235]

Figure A.2: Overview of the RDN architecture and its Residual Dense Block.

Figure A.3: Architecture of CAE-Unet-CAE [33]
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Figure A.4: Architecture of SuperSR [236]

Figure A.5: Architecture of RCAN [237]

Figure A.6: Architecture of the RCAB Block used in both RCAN and SuperSR [237]

Figure A.7: Architecture of DnCNN [136]
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Appendix B

Additional Simulator Outputs
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Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Frame 9 Frame 10 Frame 11 Frame 12

Frame 13 Frame 14 Frame 15

Figure B.1: Fifteen ’Slow’ turbulent frames, synthesised using turbulence simulation
tool. C2

n = 0.875 × 10−15m−2/3, turbSpeed=1, turbDirection= →, l0 = 0.01m, L0 =
300m, λ = 525nm, Sub Count=2, Nsubharm = 4, D = 0.2034m, L = 7000m, nscr = 10,
skip = 4, Image Pixels=257
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Frame 1 Frame 2 Frame 3 Frame 4

Frame 5 Frame 6 Frame 7 Frame 8

Frame 9 Frame 10 Frame 11 Frame 12

Frame 13 Frame 14 Frame 15

Figure B.2: Fifteen ’Fast’ turbulent frames, synthesised using turbulence simulation
tool. C2

n = 0.875 × 10−15m−2/3, turbSpeed=4, turbDirection= →, l0 = 0.01m, L0 =
300m, λ = 525nm, Sub Count=2, Nsubharm = 4, D = 0.2034m, L = 7000m, nscr = 10,
skip = 4, Image Pixels=257
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Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]

L = 5000m

Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]

L = 5000m

Developed Simulator Mao et al. [76]

L = 2500m

Developed Simulator Mao et al. [76]
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Figure B.3: Example outputs from the developed simulation tool, compared with
the work from Mao et al [76]. Two outputs from each are shown: L = 2500m and
L = 5000m. Both synthesised with a turbulence strength of C2

n = 0.1 × 10−15m−2/3
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Figure B.4: Example outputs from the developed simulation tool, compared with
the work from Mao et al [76]. Two outputs from each are shown: L = 2500m and
L = 5000m. Both synthesised with a turbulence strength of C2

n = 0.1 × 10−15m−2/3
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Figure B.5: Example outputs from the developed simulation tool, compared with
the work from Mao et al [76]. Two outputs from each are shown: L = 2500m and
L = 5000m. Both synthesised with a turbulence strength of C2

n = 1.5 × 10−15m−2/3
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Figure B.6: Example outputs from the developed simulation tool, compared with
the work from Mao et al [76]. Two outputs from each are shown: L = 2500m and
L = 5000m. Both synthesised with a turbulence strength of C2

n = 1.5 × 10−15m−2/3
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Appendix C Metric Scores Compared with Classification Accuracy

Appendix C

Metric Scores Compared with

Classification Accuracy

Provided in this appendix are the graph metric score graphs for the two datasets:

‘turbulent imagenet’ and Turbulence Text dataset, which have been processed by

the two models: EDVRs and DATUM.

Firstly, the NR and FR metric results for ‘turbulent imagenet’ are provided,

followed by NR results for the Turbulence Text dataset, where the classifications

of CRNN, DAN and ASTER.
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Figure C.1: FR metric scores on the ‘turbulent imagenet’ data processed by EDVRs

compared with the resulting classification accuracy (93.4%)
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Figure C.2: FR metric scores on the ‘turbulent imagenet’ data processed by EDVRs

compared with the resulting classification accuracy (93.4%)
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Figure C.3: NR metric scores on the ‘turbulent imagenet’ data processed by EDVRs

compared with the resulting classification accuracy (93.4%)
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Figure C.4: NR metric scores on the ‘turbulent imagenet’ data processed by EDVRs

compared with the resulting classification accuracy (93.4%)
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Figure C.5: FR metric scores on the ‘turbulent imagenet’ data processed by DATUM
compared with the resulting classification accuracy (86%)
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Figure C.6: FR metric scores on the ‘turbulent imagenet’ data processed by DATUM
compared with the resulting classification accuracy (86%)
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Figure C.7: NR metric scores on the ‘turbulent imagenet’ data processed by DATUM
compared with the resulting classification accuracy (86%)
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Figure C.8: NR metric scores on the ‘turbulent imagenet’ data processed by DATUM
compared with the resulting classification accuracy (86%)
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Figure C.9: NR metric scores on the Turbulence Text data processed by EDVRs

compared with the resulting CRNN classification accuracy (10.73%)
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Figure C.10: NR metric scores on the Turbulence Text data processed by EDVRs

compared with the resulting CRNN classification accuracy (10.73%)
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Figure C.11: NR metric scores on the Turbulence Text data processed by EDVRs

compared with the resulting DAN classification accuracy (32.87%)
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Figure C.12: NR metric scores on the Turbulence Text data processed by EDVRs

compared with the resulting DAN classification accuracy (32.87%)
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Figure C.13: NR metric scores on the Turbulence Text data processed by EDVRs

compared with the resulting ASTER classification accuracy (40.13%)
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Figure C.14: NR metric scores on the Turbulence Text data processed by EDVRs

compared with the resulting ASTER classification accuracy (40.13%)
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Figure C.15: NR metric scores on the Turbulence Text data processed by DATUM
compared with the resulting CRNN classification accuracy (90.4%)
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Figure C.16: NR metric scores on the Turbulence Text data processed by DATUM
compared with the resulting CRNN classification accuracy (90.4%)

0 500 1000 1500 2000

Sample Index

0.2

0.3

0.4

0.5

M
et

ri
c 

V
al

u
e

ARNIQA

Incorrect (ave/std) (0.33/0.068)

Correct (ave/std) (0.407/0.053)

0 500 1000 1500 2000

Sample Index

43.2

43.3

43.4

43.5

M
et

ri
c 

V
al

u
e

BRISQUE

Incorrect (ave/std) (43.42/0.053)

Correct (ave/std) (43.452/0.018)

0 500 1000 1500 2000

Sample Index

0.1

0.2

0.3

0.4

M
et

ri
c 

V
al

u
e

CLIP_IQA

Incorrect (ave/std) (0.184/0.056)

Correct (ave/std) (0.211/0.047)

0 500 1000 1500 2000

Sample Index

1

1.2

1.4

1.6

M
et

ri
c 

V
al

u
e

LIQE

Incorrect (ave/std) (1.013/0.013)

Correct (ave/std) (1.071/0.069)

0 500 1000 1500 2000

Sample Index

0.3

0.35

0.4

M
et

ri
c 

V
al

u
e

MANIQA

Incorrect (ave/std) (0.318/0.024)

Correct (ave/std) (0.357/0.023)

0 500 1000 1500 2000

Sample Index

6

8

10

12

M
et

ri
c 

V
al

u
e

NIQE

Incorrect (ave/std) (7.455/1.055)

Correct (ave/std) (8.59/0.889)

Figure C.17: NR metric scores on the Turbulence Text data processed by DATUM
compared with the resulting DAN classification accuracy (97%)
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Figure C.18: NR metric scores on the Turbulence Text data processed by DATUM
compared with the resulting DAN classification accuracy (97%)
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Figure C.19: NR metric scores on the Turbulence Text data processed by DATUM
compared with the resulting ASTER classification accuracy (97.15%)
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Figure C.20: NR metric scores on the Turbulence Text data processed by DATUM
compared with the resulting ASTER classification accuracy (97.15%)
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