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Abstract

With the increasing exploration of space and widespread use of communication
tools worldwide, near-ground satellite communication has emerged as a promis-
ing tool in various fields such as aerospace, military, and microscopy. However,
the presence of air and water in the atmosphere causes distortion in the light sig-
nal, and thus, it is essential for the ground base to retrieve the original signal from
the distorted light signal sent from the satellite.

Traditionally, Shack-Hartmann sensors or charge-coupled devices are integrated
in the system for distortion measurement. In our pursuit of a cost-effective sys-
tem establishment with optimal performance and enhanced response speed, sen-
sors and charge-coupled devices have been replaced by a photodiode and a single
mode fiber in this project. Since the system has limited observation capability,
it requires a powerful controller for optimal performance. To address this issue,
we have implemented an off-policy reinforcement learning framework, the soft
actor-critic, in the adaptive optics system controller. This integration results in a
model-free online controller capable of mitigating wavefront distortion. The soft
actor-critic controller processes the acquired data matrix from the photodiode and
generates a two-dimensional array control signal for the deformable mirror, which
corrects the wavefront distortion induced by the atmosphere, and refocusing the
signal to maximize the incoming power.

The parameters of the soft actor-critic controller have been tuned to achieve op-
timal system performance.Simulations have been conducted to compare the per-
formance of the proposed controller with respect to wavefront sensor-based meth-
ods. The training and verification of the proposed controller have been conducted
in both static and semi-dynamic atmospheres, under different atmospheric condi-
tions. Simulation results demonstrate that, in severe atmospheric conditions, the
adaptive optics system with the soft actor-critic controller achieves more than 55%
and 30% Strehl ratio on average in static and semi-dynamic atmospheres, respec-
tively. Furthermore, the distorted wavefront’s power can be concentrated at the
center of the focal plane and the fiber, providing an improved signal.
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Chapter 1

Introduction

1.1 Motivation

Communication plays a crucial role in the aerospace and military fields, driving
the development of near-ground satellite communication. However, the presence
of air, water and temperature difference in the atmosphere introduces distortion
to communication signals which poses a significant challenge in the operation of
free-space satellite-to-ground communication systems. Therefore, it is necessary
to develope adaptive optics systems to correct the original wavefront from the dis-
turbed wavefront. Adaptive optics is a technology that dynamically corrects the
distorted wavefront in a feedback loop by using the command of a real-time con-
troller which generates action based on wavefront measurement from wavefront
sensors. The resulting actions are then applied to a distribution of actuators that act
on the surface of a deformable mirror, which is a crucial component of an adaptive
optics system used for wavefront correction.

Wavefront sensor-based (WFS-based) adaptive optics systems utilize Shack-
Hartmann sensors [1], charge-coupled devices, and complementary metal-oxide-
semiconductor image capture devices [2] as wavefront sensors for turbulence mea-
surement. However, a significant fraction of the cost arises from the wavefront
sensor, especially with infrared beams planned for optical satellite-to-ground links
[3]. Moreover, wavefront sensors are limited in dynamic range, consume a frac-
tion of the incident beam intensity, and introduce latency between the measure-
ment and the actuation of the deformable mirror. This can result into outdated
wavefront measurements as the satellite rapidly moves across the sky, introduc-
ing significant errors at the characteristic space-time scales defining this class of
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CHAPTER 1. INTRODUCTION

systems. Consequently, researchers have started focusing on the development of
wavefront sensorless adaptive optics systems that use cameras and reinforcement
learning (RL) techniques [4]. Nevertheless, the high cost of cameras has hindered
the development of small ground-based telescopes. As a solution, photodiode [5]
and fibers [6, 7] have been introduced into the system for information acquisition.

While wavefront sensorless adaptive optics systems have been proposed for
astronomy and microscopy that aim to maximize image quality, the optimization
of an optical data link has significantly different requirements and has yet to be
developed without a wavefront sensor. In the free-space optical communication,
an adaptive optics system utilizes a controller to generate a control signal for the
deformable mirror based on the observation signal received from the sensor on
the focal plane. In order to design a controller that exhibits optimal performance,
machine learning techniques are widely employed due to their ability to adapt to
changes based on the measured effects on the control actions [8]. Reinforcement
learning has emerged as a promising technique for addressing optical control chal-
lenges in the past decade [9]. Reinforcement learning techniques can be broadly
classified into two categories: model-based and model-free methods. Model-based
approaches are designed based on a known or learned model of the environment,
aiming to approximate a global value or policy function [10]. Conversely, model-
free reinforcement learning methods involve agents searching for an optimal pol-
icy through their interactions with the environment. This method’s effectiveness
stems from its capacity to make sequential decisions based on data sampled along
system’s trajectories and their effect on the environment. Through continuous in-
teraction with the environment, model-free reinforcement learning can effectively
learn and generate optimal actions for both simple and complex control problems.
In order to develop an algorithm for a wavefront sensorless adaptive optics sys-
tem controller that doesn’t rely on the accurate modelling of the system, while also
ensuring compatibility with systems featuring varying parameters, the integration
of a model-free reinforcement learning method into the controller becomes imper-
ative.

1.2 Objectives and Contribution

The primary objective of this thesis is to formulate an optimal online model-free
controller for a wavefront sensorless adaptive optics system using reinforcement
learning. The controller that is being proposed has been designed to function with
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CHAPTER 1. INTRODUCTION

a photodiode, rather than utilizing either a wavefront sensor or a camera for the
purpose of keeping response time and cost at a minimum. Despite the limited
information provide by the photodiode, the adaptive optics system is still able
to achieve a high Strehl ratio, which is the metric of how well an optical system
is able to focus light to a point. To accomplish this objective, a model-free rein-
forcement learning controller will be developed to learn directly from the system’s
performance without a prior model of the system. The resulting reinforcement
learning controller drives the adaptive optics system to achieve an optimal level of
performance, while minimizing the response time and cost. The establishment of
wavefront sensorless adaptive optics simulation environment supports the open
source community and research.

The contributions are:

1. Developing an OpenAI gym package for the reinforcement learning training
of wavefront sensorless adaptive optics environment based on HCIpy [11] in
Python.

2. Adapting an online model-free off-policy reinforcement learning framework,
the soft actor-critic, into the adaptive optics system for wavefront distortion
correction with limited observations.

1.3 Outline

The structure of the thesis can be outlined as follows:
Chapter 2 provides an overview of research on adaptive optics systems, with

a focus on the development of wavefront sensor-based and wavefront sensorless
control methods.

Chapter 3 provides an overview of the foundational principles of reinforcement
learning, with a specific focus on the soft actor-critic algorithm. The Soft actor-critic
algorithm is integrated into the adaptive optics controller through the formulation
of the wavefront sensorless adaptive optic optimal control problem. Additionally,
we present a framework for hyperparameter optimization.

Chapter 4 provides a detailed discussion of the outcomes derived from hy-
perparameter optimization, along with an in-depth analysis of simulation results.
These simulation results are presented within the contexts of both static and semi-
dynamic atmospheres under a variety of conditions.
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Chapter 5 summarizes the outcome of the project while suggesting possible
future works to be done.
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Chapter 2

Background and Literature Review

Section 2.1 provides an introduction to the optics system functions and their di-
verse applications. Section 2.2 delves into the context of free-space communication.
Section 2.3 elucidates the fundamental components of adaptive optics, encompass-
ing its working principle, atmospheric distortion, wavefront corrector, and wave-
front sensor. Section 2.4 offers a comprehensive review of wavefront sensor-based
methods, while section 2.5 presents wavefront sensorless control methods.

2.1 Optics System Functions and Applications

Optical systems have found widespread applications in various fields, including
microscopy [12] , free-space communication [13] , and astronomy [3] . To achieve
high-resolution optical imaging, it is imperative to focus light with high fidelity.
However, the propagation of light through the optical system can perturb its fi-
delity. Consequently, the performance of the optical system is significantly affected
by any disturbance along the light propagation path. In the field of biology, a non-
uniform distribution of refractive index can cause blurring of the sample.

In the field of astronomy, telescopes deployed in space can observe celestial ob-
jects directly and without distortion. However, ground-based telescopes are more
affordable and easier to maintain than their space-based counterparts. Unfortu-
nately, even the best sites on earth, such as Paranal in Chile, suffer from atmo-
spheric distortion that affects the quality of images produced by ground-based
telescopes. This distortion occurs because the temperature and components of the
atmosphere cause light to bend and become distorted, resulting in unclear images
that lack detail.
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CHAPTER 2. BACKGROUND AND LITERATURE REVIEW

To address this problem, scientists and engineers proposed the use of adaptive
optics systems for ground-based telescopes as early as the last century [14, 15,
16]. These systems help mitigate the effects of atmospheric distortion by adjusting
the telescope’s optics in real-time to compensate for changes in the atmosphere.
With adaptive optics systems, ground-based telescopes can produce images that
are comparable in quality to those obtained from space-based telescopes.

Adaptive optics has a significant impact on system performance in the fields
of astronomical imaging and free-space communication, with numerous applica-
tions. Since the successful deployment of diffraction-limited astronomical observa-
tions on ground-based telescopes in 1989, the adaptive optics system has become
an essential component of large-aperture astronomical telescopes [17]. The high
spatial resolution and sensitivity of adaptive optics make it ideal for precise scien-
tific observations of dense multi-object and star fields. Thus, adaptive optics has
evolved into an indispensable tool for ground-based astronomical research.

Adaptive optics technology has become an essential tool in correcting wave-
front distortion induced by atmospheric turbulence in free-space optical communi-
cation systems. The use of adaptive optics can significantly enhance the efficiency
of fiber coupling and minimize the bit error rate in free-space optical systems. An
adaptive optics system consists of a wavefront sensor that measures the wave-
front aberration on the upcoming wavefront and feeds it back to the controller as
a feedback input. The controller employs an internal control algorithm to produce
control signals for actuators to adjust a deformable mirror. This wavefront sensor-
based adaptive optics system has already demonstrated success in fields such as
astronomy observation and free-space communication.

However, a wavefront sensor-based adaptive optics system, while offering high
performance, can come with complex system configurations, complicated calibra-
tion, and expensive costs. As a result, the adaptive optics field has called for a
simpler structured system that can achieve optimal performance for observation
purposes, leading to the demand for a wavefront sensorless system [18]. The
wavefront sensorless adaptive optics system, as shown in Figure 2.1, has been de-
veloped to improve the performance of optical systems by correcting wavefront
aberrations without relying on a wavefront sensor. Due to its simple structure,
small size, and low cost, it has played a critical role in various fields, including
astronomical observation [19, 20], microscopic imaging [21], and free-space com-
munication [22].

Wavefront sensorless methods are used in the adaptive optics field instead of
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CCD/Sensor

Target

Wavefront

Control system

Control signal

Wavefront

lens

Deformable
Mirror

Atmosphere 

Figure 2.1: The Structure of Wavefront Sensorless Adaptive Optics System

measuring the wavefront distortion directly by a wavefront sensor. Instead, other
information such as the point spread function and speckle pattern are used to spec-
ulate the wavefront aberration. The coming wavefront is then corrected by a de-
formable mirror based on the inferred wavefront distortion estimation. In com-
parison to wavefront sensor-based adaptive optics systems, wavefront sensorless
adaptive optics systems offer several advantages, including a simple structure,
budget-friendliness, and reduced light requirements. However, it is essential to
acknowledge their limitations, such as decreased robustness in severe conditions
and the necessity for a high-performance controller. Recently, deep learning and
artificial neural networks have significantly advanced in the field of wavefront
sensorless adaptive optics. Models such as convolutional neural networks, long
short-term memory, deep reinforcement learning, and others have been used for
wavefront aberration correction and deformable mirror control [23, 8, 9].

2.2 Background of Free-Space Optical Communication

The field of information and communication has seen significant growth and ad-
vancements in recent years. With the widespread use of high-speed internet, video
conferencing, and live streaming, the demand for bandwidth and capacity has in-
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CHAPTER 2. BACKGROUND AND LITERATURE REVIEW

creased dramatically. However, the traditional radio frequency spectrum is unable
to meet this increased demand. To address this issue, a shift towards a method
with higher bandwidth and capacity, such as optical carrier, is needed.

Free-space optical communication with optical carrier, is an attractive solution
due to its high bandwidth and capacity and the lack of a requirement for spec-
trum licensing. A proposed structure, combining satellite-to-ground optical com-
munication, satellite-to-satellite communication, and ground-to-satellite commu-
nication, is designed to meet the growing need for high-speed data transfer and
extensive communication capabilities.

Compared to traditional radio frequency communication, free-space optical
communication uses a different atmospheric transmission window in the near in-
frared wavelength range between 700 nm to 1600 nm under clear weather condi-
tions, while the transmission window for radio frequency systems lies between 30
mm to 3 m. In terms of bandwidth, the usable bandwidth at an optical frequency
of an optical carrier is almost 100,000 times that of a typical radio frequency car-
rier [24, 25]. Additionally, the beam divergence of optical carrier is narrower and
smaller antennas can be used to achieve the same gain. The development of free-
space optical communication systems is also free from the registration of spectrum,
saving both cost and time. The high directivity of free-space optical communica-
tion also provides a high level of security, as signals are difficult to detect by spec-
trum analyzers and radio frequency meters [26]. With the increasing importance of
security in the field of information technology, free-space optical communication
systems provide an added advantage.

2.3 Adaptive Optics Function and Principle

The working principle and introduction of each parts in adaptive optics systems
are delivered in this section.

2.3.1 Working Principle

An adaptive optics system based on wavefront sensors typically consists of three
primary components: an instrument for measuring aberrations, a corrector to com-
pensate for the aberrations, and a controller to manipulate the corrector based on
the sensing signal received from the sensor. The Shack-Hartmann sensor is one
of the most widely used sensors in adaptive optics systems due to its simplicity,
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effectiveness, and rapid response.
There are also wavefront sensorless adaptive optics systems employ alternate

methods to estimate wavefront distortions and make corrections, rather than di-
rectly measuring the distortion [27, 28, 29, 30]. By doing so, it eliminates the need
for a wavefront sensor, which can be complex and expensive to implement. In-
stead, a point spread function capture device is placed on the focal plane to capture
the point spread function, which is a measure of light spread from a point source
and is utilized to estimate the wavefront aberration.

Adaptive optics is frequently employed in astronomy to correct for distortions
in the wavefront of light originating from a celestial object. This technique relies
on a guide star, which is a reference star situated in close proximity to the celestial
body being observed and serves as a secondary light source. The guide star is se-
lected based on its brightness, ensuring that it is easily detectable by the wavefront
sensor. Additionally, since the guide star is in close proximity to the main objec-
tive, any wavefront distortions are assumed to affect both the guide star and the
main objective in a similar manner.

By measuring the distortions in the wavefront of the guide star, it is possible to
infer the distortions in the wavefront of the main objective. As a result, the wave-
front sensor observes perturbations on the wavefront of the main objective with
the assistance of the guide star. The feedback from the wavefront sensor is then
utilized to correct the wavefront using a deformable mirror, producing a much
clearer image of the main objective. A depiction of an astronomical adaptive op-
tics system is presented in Figure 2.2. In a wavefront sensor-based adaptive optics
system, the wavefront propagates through the various layers of the atmosphere,
leading to the formation of an aberrated wavefront. To rectify this distortion, a
deformable mirror is employed, which reflects the wavefront by adopting a de-
formed surface that is controlled by a control system. Subsequently, the wavefront
sensor measures the diffraction present in the wavefront and transmits this infor-
mation to the control system, enabling the generation of the surface configuration
for the deformable mirror in the next time step.

In wavefront sensorless adaptive optics systems, the capture device records the
point spread function and transmits the measurements to a controller. The con-
troller utilizes this information to estimate the wavefront aberration, which in turn
generates a control signal. This signal is utilized to regulate a deformable mir-
ror, which corrects the estimated wavefront aberration. By using this method, the
wavefront sensorless adaptive optics system is able to perform wavefront correc-
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Figure 2.2: The Structure of Astronomy Adaptive Optics System With Wavefront
Sensor

tion without the need for a wavefront sensor which reduces the complexity and
cost of the system, while still allowing for high-quality imaging.

2.3.2 Distortion

Since the aim of adaptive optics system is to diminish the aberration on wave-
front, it is important to study the properties of perturbations generated along the
propagation path. Atmospheric turbulence, in the context of near ground commu-
nication, refers to the distortion that occurs in the wavefront of a signal as it passes
through the Earth’s atmosphere. This distortion is caused by several factors, in-
cluding variations in atmospheric temperature and density distribution, as well as
air flow. The uneven distribution and temperature of the air within the atmosphere
act like a lens, which leads to bending and distorting of the light signal as it passes
through. This phenomenon can result in a variety of visual distortions for astro-
nomical objects, including blurring, twinkling, and shimmering. These distortions
make it more difficult to obtain clear images and accurate measurements of such
objects.

Atmospheric turbulence results from multiple phenomena, including convec-
tion, wind shear, and wind passing over objects. Convection arises due to the
heating of the lower atmosphere, leading to convective gas bubbles rising and po-
tentially forming cumulus clouds and lightning storms. Turbulence can also result
from wind shear, which is a disparity in horizontal velocity between atmospheric
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layers. Moreover, the flow of wind over objects like mountains or telescope domes
can also induce turbulence. These various causes of turbulence can lead to "seeing"
effects, causing wavefront to become distorted [31].

Atmospheric turbulence has two distinct effects on the wavefront, which are
commonly referred to as "seeing" and "scintillation." Seeing pertains to random
alterations in the direction of light entering a telescope, while scintillation is char-
acterized by unpredictable changes in the intensity of the light. These effects are
caused by fluctuations in the index of refraction, ultimately leading to a distorted
wavefront.

Fried parameter is introduced [32] as a metric that quantifies the efficacy of
optical transmission through the atmosphere due to variations in the atmosphere’s
refractive index which is introduced by the atmospheric turbulence. The Fried
parameter is defined as the diameter of a circular area in which the root mean
square wavefront aberration caused by passing through the atmosphere is equal
to 1 radian. The units of length is expressed in centimeter, cm. The Fried parameter
at wavelength of λ is expressed as [33]:

r0 = [0.423k2 sec ζ
∫

vertical
C2

n(z)dz]−3/5 = (cos ζ)3/5rvertical
0 (2.1)

where the wavenumber is given by k = 2π/λ. The zenith angle, denoted by ζ,
is defined as the angle between the local zenith and the position of interest, as
illustrated in Figure 2.3. The variable z denotes the distance above the Earth’s
surface where atmospheric turbulence influences the propagation of light. It is
worth noting that larger values of the zenith angle correspond to longer lines of
sight through the atmosphere, resulting in increased turbulence and a reduction
in the quality of the wavefront. The refractive index structure parameter of the
atmosphere is represented by C2

n and is used as a statistical measure of the strength
of turbulence in the atmosphere. Typical values of the coherence radius r0 fall
within the range of 5 cm to 20 cm.

Several models have been developed in the field of astronomy and free-space
communication to express wavefront aberration. The Zernike modes parameters,
which vary depending on the project’s structure and instruments, have been col-
lected based on numerous experiments [34, 35, 36, 37]. Typically, in order to con-
veniently predict aberration, turbulence is assumed to be a frozen flow on the mil-
lisecond time scale [38]. Consequently, turbulence is treated as a turbulent layer
that flows across the sky at the speed of wind [39].
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Figure 2.3: The Zenith Angle

Typically, scientists place their attention on identifying the type of aberration
and observing its rate of change over time. To accurately illustrate the wavefront,
Zernike polynomials are frequently employed as a mathematical tool [40]:

W(r, θ) = ∑
n,m

Cm
n Zm

n (r, θ) (2.2)

the polar coordinates (r, θ) are utilized to denote the normalized pupil radius,
which ranges between 0 and 1, and the angle measured in a clockwise direction
from the y-axis, respectively. Moreover, C denotes the amplitudes of the Zernike
polynomial Zm

n (r, θ), where m and n represent the azimuthal frequency and radial
order, respectively. Due to their orthogonality, each Zernike polynomial has an
independent effect on the optical system.

2.3.3 Wavefront Corrector

In an adaptive optics system, the role of wavefront correctors is crucial as they
are responsible for correcting aberrations on the wavefront and restoring it to its
original form. There are three types of correctors commonly used in adaptive op-
tics systems: deformable mirrors, liquid crystal spatial light modulators, and de-
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formable phase plates. Among these, the deformable mirror is widely employed
due to its effectiveness. Deformable mirrors come in two forms: continuous and
segmented. Both types are capable of being employed in adaptive optics systems.
However, the segmented deformable mirror is more commonly used, owing to its
flexibility and ease of use. The mirror’s deformable nature allows it to change its
shape in response to the aberrations present in the incoming wavefront, thereby
enabling it to compensate for the distortions in the wavefront.

A segmented mirror is a mirror composed of numerous small, stiff segments
that can be adjusted individually to alter the mirror’s shape. Each segment is ca-
pable of moving in one or more directions, and the movement of one segment
does not have a significant impact on the others. However, the gaps between the
segments can result in light and diffraction losses. Furthermore, when neighbor-
ing segments are not aligned, a step may appear on the mirror’s surface, which
can lead to additional diffraction losses. To address these concerns, some versions
of segmented mirrors are equipped with three actuators per mirror, which enable
each segment to be tilted [41].

Segmented mirror devices are commonly manufactured through micro elec-
tromechanical systems on a silicon platform, enabling a relatively low-cost pro-
duction of a significant number of segments. However, it is essential to note that
the production cost increases with the number of segments due to the need for a
larger chip area. Furthermore, as the number of segments increases, the chances
of faults within the device also increase, reducing the production yield. Conse-
quently, this technology is most appropriate for mirrors that have a small size but
a large number of segments. One of the problems encountered with segmented
deformable mirrors is the need for protection from oxidation, which can cause
parasitic reflections, even with window anti-reflection coatings. It is crucial to use
an optical window to shield the segmented mirror from oxidation. Segmented
mirrors are often utilized in applications where high image quality is not a strict
requirement. Nevertheless, they can prove suitable for situations where small size,
numerous degrees of freedom, and cost are significant factors to consider.

A continuous deformable mirror is a specialized type of mirror designed with
a surface that can be continuously altered. This surface is typically composed of
a thin sheet of glass coated with either metallic or dielectric materials. The sur-
face deformation is facilitated by actuators located on either the back or the side
of the glass surface. The continuous surface of a deformable mirror differs from a
segmented one, as the deformation of a particular region can affect its neighbor-
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Figure 2.4: The Structure of a Continuous Deformable Mirror

ing areas, leading to some coupling effects. Not only does each actuator impact
the shape of the immediate surrounding area, but it also affects a larger, overlap-
ping region that encompasses the areas of neighboring actuators. While this phe-
nomenon could be problematic, it is possible to accurately determine the voltage
applied to the actuators by utilizing computer software that takes into account the
coupling effects. Furthermore, feedback systems can be employed to address this
issue. The structure of a continuous deformable mirror is shown in Figure 2.4.

A deformable mirror with a continuous surface and fine-tuned adjustment ca-
pabilities can achieve high optical performance with minimal power loss, making
it ideal for applications that require precision and accuracy. The mirror’s contin-
uous surface also allows for a broad range of deformations, making it a versatile
tool suitable for various uses.

2.3.4 Wavefront Sensor

The Shack-Hartmann wavefront sensor is the prevalent tool employed for measur-
ing the shape of incoming light’s wavefront in optical telescopes. Its nomenclature
derives from the surnames of Johannes Franz Hartmann and Roland Shack, the
pioneering researchers who developed the sensor. Specifically, this instrument is
capable of gauging the wavefront of attenuated laser beams or starlight, making it
a versatile device for a range of applications.

The Shack-Hartmann sensor is made up of a microlens array and an image
sensor placed in the focal plane of the microlens array. The working principle of
the sensor is simple. The incoming radiation is focused onto a spot on the sensorby
the microlens. By analyzing the location of a specific spot, the overall direction
of the wavefronts across the microlens entrance can be determined. A computer
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Figure 2.5: The Structure and Working Principle of a Shack-Hartmann Sensor

program is utilized to determine the positions of similar spots for all microlenses,
using the obtained image. This process allows for the estimation of any distortions
in the wavefronts across the entire entrance area of the sensor. Figure 2.5 displays
the structure and working principle of the Shack-Hartmann sensor.

The Shack-Hartmann sensor comprises an arrangement of lenslets situated in a
plane that is conjugate to the pupil, with a camera located on the focal plane of the
lenslets. In the absence of aberration, the camera captures an evenly distributed
array of spots. However, in the presence of aberration, the position of the spots is
displaced in relation to the type of aberration. The Shack-Hartmann sensor detects
the aberration by analyzing the location of the displaced spots on the camera. The
spatial resolution of the image sensor is limited, and therefore determining the po-
sition of a spot based solely on the pixel with the highest optical intensity is not
entirely accurate. To achieve higher accuracy, a more effective method involves
computing the "center of gravity" by utilizing the first moments of the intensity
distribution. This method can provide a higher position resolution than the pixel
spacing. Advanced computational algorithms that are proficient in reducing noise
can also provide more precise data. In challenging measurement situations such
as large phase excursions or significant noise, the choice of numerical algorithm
utilized becomes critical in determining the quality of the output data. Addition-
ally, it is essential to make efforts to minimize or eliminate the effects of cross-talk,
which is the impact of light from neighboring lenses.
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Figure 2.6: The Structure and Working Principle of a Pyramid Sensor

The Shack-Hartmann sensor has been commonly used in adaptive optics projects,
but its popularity as a go-to sensor has been challenged by the emergence of a
newer sensor, known as the pyramid sensor. The pyramid sensor boasts of in-
dependently adjustable dynamic range and sensitivity, providing more versatility
than the Shack-Hartmann sensor. Due to this unique feature, the pyramid sensor
can be utilized in a broader range of applications, making it a formidable alter-
native to the Shack-Hartmann sensor. A number of studies have supported this
notion [42, 43, 44]. To provide a visual representation, the structure of the pyramid
sensor is illustrated in Figure 2.6.

2.4 Wavefront Sensor-Based Control Methods

The adaptive optics system can be categorized into two types of control: wave-
front sensor-based control and wavefront sensorless control. The primary distinc-
tion between these two control methods lies in the use of a wavefront sensor. The
wavefront sensor-based control approach has been under development for several
decades, due to its stability and high accuracy. However, given the cost and time
latency factors associated with our free-space communication project, we prefer to

16



CHAPTER 2. BACKGROUND AND LITERATURE REVIEW

employ the wavefront sensorless control method, which is less expensive to deploy
and operates at a higher speed.

The term wavefront sensor-based adaptive optics refers to the use of deformable
mirrors that are driven by feedback wavefront sensor measurements in order to
compensate for wavefront distortion caused by atmospheric turbulence [24, 25, 45,
46]. The phase profile or wavefront is estimated by the reconstruction algorithm
based on the observation of wavefront sensor. The controller recovers slopes from
each of the Shack-Hartmann sensor lenslets and applies them to the deformable
mirror via the command matrix [47].

The proportional-integral-derivative (PID) controller has been extensively uti-
lized in industrial control due to its stable performance and straightforwardness
[26, 48]. Fundamentally, the PID algorithm is employed in static reference input
tracking systems, where the control algorithm consists of three parameters: pro-
portional (kp), integral (ki), and derivative (kd) factors [49, 50, 51]. These three
parameters are tuned and designed by designers or other optimization methods.

PID is seen widely used in the field of adaptive optics to control deformable
mirrors by tracking wavefront shape. Wu et al. proposed a PID controller to con-
trol the surface shape of magnetic fluid deformable mirrors based on LMI-Based
multivariable [52]. Ke et al. applied a fuzzy PID control algorithm was used to
adjust the control parameters to complete the closed-loop control of the adaptive
optics [53].

Although the PID control algorithm has proven to be a reliable method in var-
ious fields, its performance in complex and nonlinear systems may not always be
optimal. This is especially true for systems with numerous parameters and intri-
cate intrinsic relationships, making it difficult to derive an accurate mathematical
model of the system [54, 55]. While optimization methods can be utilized to fine-
tune the parameters kp, ki, and kd [56, 57, 58], engineers typically rely on their prior
experience to conventionally select and tune these parameters [59]. However, due
to the complexity of the system, relying on these conventional methods may not
always produce satisfactory results.

To control an adaptive optics system without requiring gain pre-tunning, adap-
tive control is applied with an adaptive law to enable the controller to continu-
ously adapt to changes in the adaptive optics system.Chang and Gibson proposed
a method based on adaptive control [60, 61, 62], where a filter and a controller
were built for wavefront construction for linear time-invariant systems. To achieve
performance in a more complex system, Liu achieved reconstruction and predic-
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tion of wavefront by employing adaptive filtering in an adaptive optics system.
Their adaptive control loop produce significant improvement in the point spread
function of the adaptive optics system [63]. Despite of the great performance of
adaptive control in adaptive optics, the aberration and irregularity of the system
might cause the controller to be unable to guarantee a stable output while it also
comes at a relatively large computational cost [64].

Considering the operation time of the optics system, with the aim of deriv-
ing and predicting the disturbance of atmosphere, predictive control is deployed
to solve the optimization problem. To address the time lag in the control loop,
Dessenne et al. designed model predictive control in adaptive optics system with
closed-loop prediction and a synthesized linear model predictor [65]. By calculat-
ing postcoronagraph contrast, Males et al. presented a predictive controller based
on linear prediction formalism for a ground-based adaptive optics system [66].
With the development of data-driven methods, a predictive control was applied
on a single conjugate adaptive optics system based on a spatial-temporal dynamic
model which was developed with data acquired from Shack-Hartmann wavefront
sensor [67]. In aspect of vibration compensation on telescope of Extremely Large
Telescope, Glück et al. designed a model predictive control to compensate the at-
mospheric turbulence and structural vibration on an Extremely Large Telescope
[68].

Predictive control necessitates a precise model of system dynamics to ensure
the effectiveness of the control algorithm. Additionally, a significant volume of
data is essential for constructing accurate models, particularly in the case of nonlin-
ear or high-dimensional systems. These challenges render the development of pre-
dictive control challenging for cost-effective adaptive optics systems, which face
limitations in both data availability and the establishment of an accurate model.

Predictive control has also become a prominent method with the emergence
and development of neural networks. Based on atmospheric models derived from
history observation data, future turbulence was predicted and the control of de-
formable mirrors was therefore implemented [69]. As an improvement of the re-
cursive neural network, long short-term memory is able to predict the future with
sequential history data without the problem of vanishing gradients and gradient
explosion during training [70, 71]. Compared with its predecessor, recursive neu-
ral network, long short-term memory passes historic data from the previous layer
to the next layer. In long short-term memory, there are gates to regulate the flow of
information. These gates learn which features or patterns are important or not to
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Figure 2.7: The Structure of Units in Long Short-Term Memory Algorithm

produce a good result. By updating the weights in the neural network, the more
important data is kept for future prediction and useless information is forgotten.
The structure of long short-term memory is shown in Figure 2.7. A long short-term
memory unit is composed of an input gate, an output gate, and a forget gate.

Zernike parameters were used to depict wavefront aberration predicted by long
short-term memory [72, 69, 73, 71]. The derived Zernike parameters were then
applied to wavefront correction. With consideration of the correlation between
historical data, since they were in form of an array and matrix, the convolutional
neural network is commonly combined with long short-term memory in appli-
cations [47]. Swanson et al. first proposed and demonstrated the feasibility of
the application of convolutional neural networks and long short-term memory in
wavefront prediction and reconstruction. To further improve the performance of
long short-term memory based control method, they trained long short-term mem-
ory and convolutional neural networks with generative adversarial networks [74].
With this novel supervised closed loop method, the robustness was increased in
different seeing conditions.

Predictive control demands a precise model of system dynamics to ensure the
effectiveness of the control algorithm. Additionally, a substantial volume of data
is essential for constructing accurate models, particularly in the case of nonlin-
ear or high-dimensional systems. Utilizing Long Short-Term Memory and Recur-
rent Neural Network, the predictive accuracy of the model surpasses that of tradi-
tional predictive control, as these advanced techniques leverage labeled sequential
data for supervised learning. Nevertheless, the acquisition of labeled data poses a
formidable challenge for cost-effective adaptive optics systems that lack accurate
equipment for measuring wavefront aberrations and other environmental factors.
These systems encounter limitations in both data availability and the establish-
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ment of an accurate model.
Convolutional neural networks and deep convolutional neural networks are

developed the past few decades as effective and robust methods for image and
video processing [75]. With a large volume of data that forms the training data
set, convolutional neural networks is able to fit the functions which reflect the re-
lationship between input data and output features. In many aspects of image and
video processing problems, convolutional neural networks is adopted and proven
to have a significant role [76, 77]. Neural networks have been successfully ap-
plied in adaptive optics before the emergence of convolutional neural networks
[78]. Without the component of convolution, the temporal and spatial correlation
in images was not capable to be derived from data. The structure of convolu-
tional neural networks is shown in Figure 2.8. An input layer, hidden layers, and
an output layer form the convolutional neural networks. The input of convolu-
tional neural networks is a tensor of images with a shape of (number o f images)×
(input height)× (input width)× (input channels). By inputting into convolutional
layers, the feature of images is convolved, derived, and passed to the next layer.
To overcome overfitting with a large volume of data, pooling is used to reduce the
size of features. The most common approach is max pooling. By connecting to
several fully connected layers, the output is generated.

In order to deal with the convergence failure when facing large wavefront aber-
ration, Paine et al. applied convolutional neural networks on initial wavefront
phase estimation [79]. By inputting the point spread function, the initial wavefront
phase is estimated by the generated Zernike parameters. The method of estimating
Zernike parameters based on convolutional neural networks has been improved
by obtaining from intensity image [80, 81, 82] and attention-based convolutional
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neural networks [83]. Also, by combining with long short-term memory, the adap-
tive optics system is able to leverage the ability of long short-term memory and
convolutional neural networks to obtain the aberration trend over time [47, 74].

Compared with the traditional control sequence with wavefront sensor, the
image-based convolutional neural networks method is not limited by the quantity
of wavefront sensor lenslet and the error brought by wavefront sensor like mis-
registration [82]. Yet, the imaged-based convolutional neural networks method
suffers from the huge demand for computing resources and the requirement of
the training data set. Also, the deployment of an image capture device increases
the cost of the adaptive optics system while reducing its flexibility of the system.
Therefore, in order to develop a system with low cost and complexity as well as
relatively high effectiveness, a wavefront sensorless adaptive optics structure and
control algorithm is selected.

2.5 Wavefront Sensorless Control Methods

The intrinsic nonlinearity and non-derivative properties of the optics system pose
significant challenges in developing the wavefront sensorless adaptive optics tech-
nique. It is difficult to establish a direct solution to reflect the relationship between
the surface of the deformable and the measurements on the focal plane. Conse-
quently, the utilization of iterative optimization algorithms becomes imperative to
address these issues.

Wavefront sensorless adaptive optics methods can be broadly classified into
two principal categories: model-based methods and model-free methods. Typi-
cally, model-based approaches in wavefront sensorless techniques involve the ini-
tial establishment of a foundational basis function serving as the system model.
Subsequently, the corresponding system control algorithm is derived from the es-
tablished model. In the domain of wavefront sensorless adaptive optics systems,
a phase-retrieval technique was developed to indirectly ascertain the unknown
phase wavefront from focal-plane intensity measurements for the free-space com-
munication adaptive optics system [84]. A self-calibration procedure was pro-
posed aiming to obtain the Gram matrix without relying on a wavefront sensor
in a model-based wavefront sensorless adaptive optics system [85]. The Gram ma-
trix, thus obtained, can be directly employed for simultaneous correction.

In contrast to the model-based approaches, model-free wavefront sensorless
adaptive optics methods present a more cost-effective implementation, provid-
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ing more adaptability across diverse systems [86]. The model-free wavefront sen-
sorless adaptive optics technique, widely acknowledged for its extensive adop-
tion, concentrates on optimizing received signal performance without necessitat-
ing wavefront reconstructions. Consequently, it simplifies both system and control
algorithm complexities, making it well-suited for a wide spectrum of wavefront
correctors. The model-free methodology typically harnesses optimization algo-
rithms to enhance system performance. Over the past decades, numerous opti-
mization algorithms have been developed. Gradient descent optimization tech-
niques such as stochastic parallel gradient descent (SPGD) [87, 88] and genetic al-
gorithms [89] have been adopted to address wavefront sensorless adaptive optics
aberration correction.

In wavefront sensor adaptive optics, reinforcement learning has already been
applied as a promised approach for coping with temporal delay or calibration er-
ror. By driving the optics system model from data, model-based wavefront sensor
adaptive optics method has been developed [90, 91, 92, 93]. Wavefront sensor
adaptive optics model-free method like recursive deep policy gradient [94] and
multi-agent reinforcement learning for adaptive optics [95] were developed. Re-
cursive deep policy gradient provided meaningful insight into combining predic-
tion and decision. The formulation of the recursive neural network and deep de-
terministic policy gradient algorithm compensates for the observation deficiency
effectively. In the field of wavefront sensorless adaptive optics, without the as-
sistance of wavefront measurement, the corrector is directly controlled by sensing
results on the focal plane. By deploying the only charge-coupled device camera
behind the focal lens, the deep deterministic policy gradient algorithm cooperated
with convolutional neural networks for wavefront correction [96, 97]. The idea of
building wavefront sensorless adaptive optics is attractive with its low cost and
complexity of structure. However, without directly or indirectly sensing wave-
front aberration, the controller needs to formulate a policy based on a long time of
training and large data sets which brings a great challenge.

2.6 Summary

This chapter described into the function and principles of adaptive optics systems.
It provided a comprehensive overview of the existing literature on control meth-
ods for adaptive optics systems, which included both wavefront sensor-based and
wavefront sensorless control methods. The following chapter will introduce rein-
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forcement learning algorithms to enhance the understanding of their principles. A
state-of-the-art reinforcement learning method will be introduced and illustrated
how it can be integrated into the controller of our wavefront sensorless adaptive
optics system.
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Chapter 3

Optimal Control Algorithm and
Problem Formulation

Section 3.1 delves into the background of reinforcement learning. Section 3.2 in-
troduces the deep reinforcement learning built based on the combination of rein-
forcement learning and neural networks. Section 3.3 presents a comprehensive
explanation of the soft actor-critic algorithm as it is applied within the context of
the wavefront sensorless adaptive optics system. The formulation of the controller,
which is derived from the soft actor-critic algorithm, can be found in section 3.4.
The hyperparameters tunning setup is detailed in section 3.5.

3.1 Reinforcement Learning

With the world-renowned success of AlphaGo [98], reinforcement learning has
been applied in control in the field of astronomy [99], automobile [100, 101] and
multi-agent control [102, 103, 104]. Reinforcement learning agent learns control
tasks by interacting with the environment while updating its policy for better per-
formance. Without prior knowledge, reinforcement learning is able to find the op-
timum control solution to the problem. The interaction between the reinforcement
learning agent and environment is shown in Figure 3.1.

Reinforcement learning has gained significant attention in recent years due to
its effectiveness in optimal control. Through its ability to interact with the envi-
ronment and adjust actions based on received feedback rewards, a reinforcement
learning controller can eventually acquire an optimal policy. In this regard, we
propose the use of a reinforcement learning framework to formulate a wavefront
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Figure 3.1: The Figure of Interaction Between Reinforcement Learning Agent and
Environment

sensorless adaptive optics control system. In this chapter, we will first provide an
overview of reinforcement learning and its introduction. We will then discuss its
application in the wavefront sensorless adaptive optics system, highlighting the
benefits it can offer in terms of improved performance and reduced complexity.

Different from supervised learning and unsupervised learning, reinforcement
learning allows an agent to be trained online in an environment that changes over
time. Notably, reinforcement learning has demonstrated superior performance to
human players in games such as Atari and GO [105]. The reinforcement learn-
ing system consists of several components, including a controller (agent), environ-
ment, action, state, reward, and next state. At each time step t, the agent receives
a state st ∈ S, where S is the set of possible states and st represents the state of the
environment at time t. Based on this input and the agent’s internal algorithm, an
action at ∈ A is generated, where at represents the action taken in the environment
at time step t and A is the set of possible actions. As the environment transitions
to the next time step (t + 1), the state of the environment changes from st to st+1

in response to the action at and an immediate reward rt+1 is observed. The im-
mediate reward rt+1 ∈ R is a measure of the model’s performance based on the
optimization goal set prior to training. Specifically, rt+1 reflects the agent’s perfor-
mance at time step t+ 1 when applying at in state st. In the design of the wavefront
sensorless adaptive optics, the reward is formulated based on the measurement of
corrected wavefront quality.
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3.1.1 Markov decision process

In general, the current and future state of a process can be influenced by infor-
mation and states from past history. This phenomenon is known as a stochastic
process in probability theory.

P(st, at, st+1) = P(st+1|st, ..., s0, at, ..., a0) (3.1)

the notation P(st, at, st+1) represents the joint probability that the environment
state transitions from st to st+1 based on the action at. For each possible state
st ∈ S at time step t, the probability of transitioning from state st to state st+1 de-
pends on the previous states s0, ..., st ∈ S and the previous actions a0, ..., at ∈ A.
In the context of reinforcement learning, a memoryless process called the Markov
Decision Process (MDP) is employed to model the environment. The Markov De-
cision Process is a discrete-time stochastic control process and serves as the foun-
dation of reinforcement learning. The Markov Decision Process is defined by a
tuple (S, A, R, P) that is generated when the reinforcement learning controller in-
teracts with the environment. In this tuple, st ∈ S represents the environmental
state, at ∈ A denotes the action taken by the controller, rt ∈ R is the reward that
is earned based on a requirement acquired at each time step, and P represents the
transition probability of state s at time t with action a resulting in a change to state
s′ at time t + 1. The transition probability is defined by the equation:

P(st, at, st+1) = P(st+1|st, at) (3.2)

Equation 3.2 describes the memoryless structure of Markov Decision Process.
In a stochastic process with the Markov property, the future state of the model
solely depends on the present state.

3.1.2 Cumulative Reward

In the reinforcement learning, the term "reward" refers to a measurement of an
agent’s performance in a single time step, based on the model state and action
taken. On the other hand, "return" represents the cumulative reward that an agent
receives over a longer period of time. As the primary objective of optimization
control in the reinforcement learning is to find an optimal policy that maximizes
the long-term reward acquired from the environment, the reward received in each
step influences action decision making and ultimately impacts the long-term cu-
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mulative reward.
The design of the reward function is based on a description on the optimal

problem with the objective of enabling the agent to adapt to the environment and
learn its behavior, leading to an optimal long-term reward. The relationship be-
tween the reward received in a given time step, denoted by Rt, and the return at
that same time step, denoted by Gt, is defined as follows:

Gt = Rt+1 + γRt+2 + γ2Rt+3 + ... =
∞

∑
k=0

γkRt+k+1 (3.3)

the variable Gt represents the discounted sum of immediate rewards and future
rewards that are discounted by a factor 0 < γ ≤ 1. Here, γ denotes the discount
factor, a weighting factor that determines the relative significance of immediate
reward and future reward in the calculation of the discounted return. Additionally,
the discount factor γ is employed to balance the trade-off between exploration and
exploitation when searching for the optimal action in action space. If the value of
the discount factor is lower, the influence of future reward on the current reward is
reduced, while a higher discount factor indicates that a long-term reward is being
pursued.

3.1.3 Value Functions

When dealing with Markov Decision Process, it is important to determine which
state or action is optimal among all possible choices. This is done by evaluating
the cumulative reward and applying the Markov property. The state value func-
tion is a concept used to measure the value of a particular state. It is defined as
the expected return of a given state. Mathematically, the state value function is
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represented as follows:

Vπ(s) = Eπ(Rt|st = s)

= Eπ(
∞

∑
k=0

γkRt+k+1|st = s)

= Eπ(rt+1 + γ
∞

∑
k=0

γkRt+k+2|st = s)

= ∑
a

π(s, a)∑
s′

Pa
ss′ [R

a
ss′ + γEπ(

∞

∑
k=0

γkRt+k+2|st = s′)]

= ∑
a

π(s, a)∑
s′

Pa
ss′ [R

a
ss′ + γVπ(s′)]

(3.4)

Vπ represents the state value of a given state s under policy π. Here, policy π maps
the current state st ∈ S to an action at ∈ A. On the other hand, Eπ refers to the
expected value when following policy π. Additionally, Pa

ss′ and Ra
ss′ respectively

denote the probability and immediate reward of transitioning from state s to state
s′ through action a.

To evaluate the quality of an action a in a given state s, the action-state value
is introduced. This value represents the goodness or badness of applying the ac-
tion a at a particular state s. Similarly, the action-state value function, denoted by
Qπ(s, a), can be defined as follows:

Qπ(s, a) = Eπ(Rt|s=s, a = at)

= Eπ(
∞

∑
k=0

γkRt+k+1|s = st, a = at)

= Eπ(rt+1 + γ
∞

∑
k=0

γkRt+k+2|st = s, at = a)

= ∑
a

π(s, a)∑
s′

Pa
ss′ [R

a
ss′ + γEπ(

∞

∑
k=0

γkRt+k+2|st = s′, at = a′)]

= ∑
a

π(s, a)∑
s′

Pa
ss′ [R

a
ss′ + γQπ(s′, a′)]

(3.5)

There exists a relationship between state value function Vπ(s) and action-state
value function Qπ(s, a) as shown in the Figure 3.2. For each a state st, there ex-
ists a value function V(st) denotes the value of this state. Based on the current
policy and the state st, the potential actions an

t (a ∈ 1, 2, 3, ...) are generated while
their state-action value function is presented by Q(st, at). For each action, the state
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Policy 𝝅

Figure 3.2: The Relationship Between the State Value Function and the Action-
State Value Function [106]

has the possibility to transfer from st to sn
t+1 (n ∈ 1, 2, 3, ...) which comes with their

state value function V(sn
t+1) (n ∈ 1, 2, 3, ...). Therefore, the relationship between

state value function Vπ(s) and action-state value function Qπ(s, a) is:

Vπ(s) = ∑
a

π(s, a)Qπ(s, a) (3.6)

Qπ(s, a) = ∑
s′

Pa
ss′ [R

a
ss′ + γVπ(s′)] (3.7)

In an optimal control problem, the ultimate goal is to find the optimal policy that
generates the highest cumulative reward. If policy π′ generates a better cumulative
reward than policy π′′, then it is considered to be the superior policy:

Vπ′′(s) ≤ Vπ′(s) ∀s ∈ S (3.8)

Among various state value functions, the optimal state value function is the one
that yields the highest value and is associated with the optimal policy. Thus, the
optimal state value function can be expressed as the maximum possible value that
can be achieved by following the optimal policy:
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V∗(s) = max
π

Vπ(s) (3.9)

where V∗(s) is the optimal state value function. The optimal action-state value
function therefore can be expressed as

Q∗(s, a) = max
π

Qπ(s, a) (3.10)

where Q∗(s, a) is the optimal action-state value function. Also, based on Bellman
Equation:

Vπ(s) = Eπ(rt+1 + γVπ(st+1)|st = s) (3.11)

The state value function and the action state value function in their optimal states
can be used to formulate the Bellman optimal equations in forms of:

V∗(s) = max
a ∑

s′
[Ra

ss′ + γV∗(s′)] (3.12)

Q∗(s, a) = ∑
s′

Pa
ss′ [R

a
ss′ + γmax

a
Q∗(s′, a′)] (3.13)

The equation 3.12 and 3.13 are the Bellman optimal equation of state value function
V(s) and Bellman optimal equation of action state value function Q(s, a).

3.1.4 Value Iteration and Policy Iteration

In reinforcement learning, the Bellman equation is used to calculate the state value
and action state value, enabling it to find the optimal policy by iterating between
Q(s, a) and V(s). To begin the value iteration, an arbitrary random value of state
value V(s) is set, and then the operations of V(s) and Q(s, a) are conducted until
V(s) converges. The update rule for value iteration is given below.

V′(s) = max
a ∑

s′
Pa

ss′ [R
a
ss′ + γV(s′)] (3.14)

After the convergence of the iteration, the policy is acquired by

π(s)← argmax
a

∑
s′

Pa
ss′ [R

a
ss′ + γV(s′)] (3.15)

where the notation argmax
a

denotes the set of values a that result in the maximum
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state value function.
The value iteration method improves the state value function through iterative

updates. On the other hand, the policy iteration method focuses on improving the
policy itself by creating a strictly improved policy in each iteration. Initially, the
policy iteration method begins with a random policy, denoted as π0. Next, the
evaluation of the initial policy, π0, is conducted using an equation called policy
evaluation, which can be expressed as follows:

Vπ0(s) = Eπ0(rt+1 + γVπ0 |st = s)

= ∑
a

π0(s, a)∑
s′

Pa
ss′ [R

a
ss′ + γVπ0(s′)] (3.16)

After policy evaluation, policy is improved by considering the greedy policy.
The policy improvement is given by

π′(s)← argmax
a

∑
s′

Pa
ss′ [R

a
ss′ + γVπ(s′)] (3.17)

Once the policy evaluation process reaches convergence, the policy iteration is
terminated, and the optimal policy is obtained.

3.2 Deep Reinforcement Learning

Deep reinforcement learning is an advanced technique that integrates reinforce-
ment learning and deep learning. The incorporation of neural networks into the
field of reinforcement learning was catalyzed by their remarkable success in image
processing and natural language processing. Specifically, neural networks are uti-
lized as, function approximations and value generators for value estimation and
action formulation, respectively.

The actor-critic approach is a specialized version of reinforcement learning that
integrates an actor and a critic to improve decision-making in a given environment.
By integrating neural network with it, the actor-critic method is able to deal with
continuous control problems. Unlike value-based methods, the actor is primar-
ily responsible for generating decisions based on the input state, while the critic
evaluates the performance of the actions generated by the actor. To recall the in-
troduction of policy iteration in the section 3.1.4, the actor is responsible for policy
improvement, while the critic focuses on policy evaluation. The structure of the
actor-critic approach is depicted in Figure 3.3 [106].
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Environment
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Figure 3.3: The Architecture of an Actor-Critic Method

The feedback provided by the critic enables the actor to improve the policy-
generating algorithm and optimize its decision-making ability. During training,
the critic itself also converges to a stable state, providing a reliable estimation of
actions. Notably, several methods are variations of the actor-critic approach, in-
cluding deep deterministic policy gradients, asynchronous advantage actor-critic,
among others [107, 108].

The (st, at, rt, st+1) is acquired from the environment based on the current actor
policy πθ(s, a). An action ãt+1, which will not be applied in the environment, is
also sampled from the policy. Vt and Vt+1 are calculated by

Vt = V(st, at; wt) (3.18)

Vt+1 = V(st+1, ãt+1; wt) (3.19)

where wt is the parameter in critic network. Then, the TD-error is calculated based
on the immediate reward and the estimated value for st+1 by:

δt = rt + γVt+1 −Vt (3.20)

The critic network is updated by conducting gradient:

wt+1 = wt − αδt
∂V(st, at; w)

∂w
|w=wt (3.21)
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The actor network is updated by gradient ascent:

θt+1 = θt + βV(st, a; w)
∂logπ(a|s, θ)

∂θ
|θ=θt (3.22)

3.3 Soft Actor-Critic

The soft actor-critic algorithm is an off-policy actor-critic method that is based on
the maximum entropy reinforcement learning framework. The main objective of
the actor in this algorithm is to maximize both the expected return and the infor-
mation entropy, which in turn helps to find the optimal policy for the given task
while allowing for random actions. The concept of maximum entropy is incor-
porated into the algorithm by adding information entropy to the reward function
formulation. This feature gives soft actor-critic its name, as it is considered a "soft"
method in comparison to other algorithms that solely aim to achieve the best ex-
pected reward. Soft actor-critic goes beyond that by seeking to maximize the policy
distribution entropy, which induces more exploration of the environment. Com-
pared to just seeking the best cumulative reward, this approach is relatively soft,
as it considers the exploration of the environment as well. The optimal policy for
a finite process in discrete time can be expressed as [109]

π∗ = argmax
π

∑
t

E(st,at)∼ρ(π)[r(st, at) + αH(π(·|st))] (3.23)

where the π∗ is the optimal policy and π are all possible policies. (st, at) are the ob-
servations and actions generated based on policy distribution ρ(π) and r(st, at) is
the corresponding reward. H(π(·|st)) denotes the information entropy of the gen-
erated action distribution. The variable α represents the temperature parameter,
which is the weight of the information entropy in the reward function. Increasing
the temperature parameter value causes the actor to become more inclined towards
exploring the action space, resulting in a greater level of stochasticity for the op-
timal policy. During the process of policy training, the temperature parameter is
automatically tuned.

In infinite horizon problems, a discount factor is introduced to guarantee that
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the summation of future expected rewards remains finite.

π∗ = argmax
π

∞

∑
t=0

E(st,at)∼ρ(π)[
∞

∑
l=t

γl−tE(sl ,al)∼ρ(π)[r(sl, al) + αH(π(·|sl))|(st, at)]]

(3.24)
where (sl, al) ∼ ρ(π) are the future observations and actions of time step t, r(sl, al)

is the future reward of time step t andH(π(·|sl)) is the corresponding information
entropy.

Applying the maximum entropy algorithm in reinforcement learning encour-
ages the policy to explore extensively in the action space while also prioritizing
actions that promise a high future return. In cases where the policy generates
multiple sets of actions with similar rewards, contrary to traditional reinforcement
learning methods such as deep Q learning and deep deterministic policy gradient,
these actions are given an equal probability of being selected, leading to compre-
hensive exploration [110]. This improved exploration enhances both policy perfor-
mance and learning speed. With the addition of entropy, soft policy evaluation is
generalized by [109]

T πQ(st, at) ≜ r(st, at) + γEst+1∼p[V(st+1)] (3.25)

V(st) = Eat∼π[Q(st, at)− α log π(at|st)] (3.26)

the operator T π is known as the Bellman backup operator, which is typically uti-
lized to update the value function with the provided value function. Q(st, at) is the
action-state value of (st, at). V(st) is the state value of state st. st+1 ∼ p is the state
sampled from the state distribution p. The convergence of the Bellman backup op-
erator has been guaranteed, ensuring that the sequence of Q will converge to the
soft Q function.

During the process of policy improvement, it is necessary to develop policies
that are manageable and easy to implement. To achieve this, the policy distribu-
tion Π is transformed into a Gaussian distribution using the Kullback-Leibler (KL)
divergence. The KL divergence, also referred to as relative divergence, is utilized
to measure the distinction between two probability distributions. Specifically, for
continuous variables, the KL divergence is defined as [111]:

DKL(p(x)||q(x)) =
∫ ∞

−∞
p(x) ln

p(x)
q(x)

dx (3.27)
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where DKL(p(x)||q(x)) is the Kullback-Leibler divergence between distribution
p(x) and q(x).

Therefore, in the soft policy improvement process, the policy is improved by
[109]

πnew = argmin
π′∈Π

DKL(π
′(·|st)||

exp( 1
α Qπold(st, ·))
Zπold(st)

) (3.28)

where π′(·|st) is the policy distribution which is generated by adding deviation on
the old policy distribution. exp( 1

α Qπold(st, ·)) is the exponential of the old policy
distribution. The function Zπold(st) is utilized to normalize the distribution. By
finding the minimal Kullback-Leibler divergence between potential policies and
the exponential of old policy distribution, the improved policy can be guaranteed
in terms of its soft value [109]. The parameters of policy is improved by minimizing
the Kullback-Leibler divergence of equation 3.27:

Jπ(ϕ) = Est∼D[DKL(πϕ(·|st)||
exp(Qθ(st, ·))

Zθ(st)
)] (3.29)

where DKL is the Kullback-Leibler divergence, πϕ(·|st) is the policy distribution
with state st. ϕ is the parameter of policy network and θ is the parameter of soft Q
value network.

Neural networks are commonly utilized as function approximators in actor-
critic models, where they serve as policy and soft Q function estimators, respec-
tively. In this framework, there exist five distinct neural networks, which include
an actor network, a soft value network, a target value network, as well as two soft
Q networks (namely, Q1 and Q2). The target value network is applied to lead the
convergence of the soft value network. The two soft Q value networks are set for
the purpose of stabilizing the learning process and preventing overfitting. While
it is possible to derive the soft state value function using the soft Q function and
policy, as shown in equation 3.26, introducing a separate neural network as a value
approximator can significantly improve training stability [112]. The value and Q
networks are responsible for the policy evaluation. The process of soft actor-critic
algorithm is shown in Table 3.1. The soft value network is updated to minimize
the square residual error [109]:

JV(ψ) = Est∼D[
1
2
(Vψ(st)− Eat∼πθ

[Qθ(st, at)− log πϕ(at|st))
2]] (3.30)

where the symbol ψ represents the parameter of the soft value network, while D
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refers to the distribution of the states in the replay buffer. The policy network
is denoted by πϕ, where ϕ corresponds to the parameter of the actor network.
Additionally, θ is the parameter of the soft Q network. To ensure stability during
the training process, we use the smaller Q(st, at) generated by two networks. We
conduct gradient descent on JV(ψ) with the aim of minimizing the residual error
by [109]:

▽JV(ψ) = ▽ψVψ(st)(Vψ(st)−Qθ(st, at) + log πϕ(at|st)) (3.31)

The two soft Q networks are updated in the same procedure by performing
gradient descent on the Bellman residual [109]:

JQ(θ) = E(st,at)∼D[
1
2
(Qθ(st, at)− T πk Qθ(st, at))

2] (3.32)

= E(st,at)∼D[
1
2
(Qθ(st, at)− (r(st, at) + γEst+1∼p[Vψ(st+1)))

2]

with
▽θ JQ(θ) = ▽θQθ(st, at)(Qθ(st, at)− r(st, at)− γVψ̄(st+1)) (3.33)

where the output of target soft value network Vψ̄ is applied to generate an esti-
mation of a target Q value. The update for the actor network is constructed using
equation 3.36. To apply the gradient descent method for minimizing equation 3.35,
a reparametrization technique is utilized to transform the actor [109].

at = fϕ(εt; st) (3.34)

where εt is the input noise which is applied here to generate a different mean and
covariance of a policy π′. The equation 3.29 therefore written as:

Jπ(ϕ) = Est∼D,εt∼N [log πϕ( fϕ(εt; st)|st)−Qθ(st, fϕ(εt; st))] (3.35)

And gradient of the equation 3.35 is given by [109]:

▽ϕ Jπ(ϕ) = ▽ϕ log πϕ(at|st) +▽ϕ fϕ(εt; st)(▽at log πϕ(at|st)−▽at Qθ(st, at)) (3.36)

The update rule of neural networks is shown in Figure 3.4. The output of pol-
icy network is designed as the covariance and mean of Gaussian distributions.
The distributions are then applied to sample actions which will be applied in the
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Figure 3.4: The Update of Soft Actor-Critic

environment.

3.4 Problem Formulation

When incorporating an optical control problem into reinforcement learning, it is
important to indicate the state, action, and reward. Our wavefront sensorless
adaptive optics system employs a photodiode on the focal plane to observe the
power distribution on the focal plane, represented as o(k). This photodiode helps
reduce the requirement for expensive and sluggish read-out circuits in infrared
cameras. An observation obtained from the photodiode is depicted in Figure 3.5.

The purpose of this study is to propose a cost-effective approach to the adap-
tive optics establishment by reducing the number of actuators beneath the surface
of the deformable mirror to 16. To achieve a balance between the capability of cor-
recting wavefront aberrations and the cost of the deformable mirror, we select a
deformable mirror featuring actuators with dimensions of 4× 4. By adopting this
system configuration, the output of the reinforcement learning is a 16-dimensional
continuous action space. It should be noted that the action amplitude is limited by
the deformable mirror stroke.

The observation o(k) is given by

o(k) =

[
o1(k) o2(k)
o3(k) o4(k)

]
(3.37)
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Algorithm 1: Soft Actor-Critic

Initialize the parameter of networks ψ, ψ̄, θ1,θ2, ϕ
for each episode do
for each step do
sample at from πϕ

observe st+1 and rt by applying at into system
store (st, at, rt, st+1) into replay buffer D

end for
for each gradient step do
sample a batch of (st, at, rt, st+1) from D
update soft Q1 network: θ1 ← θ1 − λQ▽θ1 JQ(θ1)
update soft Q2 network: θ2 ← θ2 − λQ▽θ2 JQ(θ2)
update soft value network: ψ← ψ− λV▽ψ JV(ψ)
update actor network: ϕ← ϕ− λπ▽π Jπ(ϕ)
update target value network: ψ̄← τψ + (1− τ)ψ̄

end for
end for

Table 3.1: The Pseudocode of the Soft Actor-Critic Algorithm

0.5 0.3

0.9 0.8

Quadrant sampler

Y
(m
)

X(m)

Figure 3.5: The Working Principle of Photodiode
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where on(k) denotes the power of the n-th pixel at time step k on the photodiode
on focal plane, n ∈ (1, 2, 3, 4). The photodiode subsamples the four corners of
the power distribution on the focal plane by measuring the power intensity. In
order to process the observation in neural networks, the matrix o(k) is flattened
and denoted as x(k):

x(k) = [x1(k), x2(k), x3(k), x4(k)] (3.38)

The amplitude of each small unit on the deformable mirror is defined as the
action of the system, which is given by

a(k) = [a1, a2, ..., a16] (3.39)

where a(k) stands for the control signal applied on the deformable mirror at the
time step k, and an(k), n ∈ (1, ..., 16) represents the amplitude of each unit on the
surface of the deformable mirror at time step k. The output action is represented
by a shape of 4× 4 array:

a(k) =


a1(k) a2(k) a3(k) a4(k)
a5(k) a6(k) a7(k) a8(k)
a9(k) a10(k) a11(k) a12(k)
a13(k) a14(k) a15(k) a16(k)

 (3.40)

The output of the reinforcement controller specifies of the displacements of ac-
tuators located beneath the surface of the deformable mirror. The surface of the
deformable mirror is controlled by the action of these actuators, which manipu-
late the incoming wavefront according to an influence function. In our modeling,
we apply the xinetics influence function. The influence function defines how lo-
cal changes to the surface of the deformable mirror affect the wavefront passing
through the mirror. Thus, it establishes a relationship between the surface shape
of the deformable mirror and the phase of the incoming light. The actuators can
move within a range of approximately ±500nm, thereby enabling precise control
over the mirror’s surface shape and position.

The reward function in reinforcement learning has a significant impact on the
training result. A proper reward function can lead the training to an optimal policy.
In this study, the reward function is formulated by the Strehl ratio. The Strehl ratio
is an important metric used to assess the quality of corrections exerted by adaptive
optics systems. Specifically, it is defined as the ratio of the peak intensity of an
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aberrated image generated by an incoming wavefront point spread function to the
peak intensity of an ideal, diffraction-limited optical system point spread function
under the same instrument and observing conditions [113]. It should be noted that
there exists an alternative definition of the Strehl ratio, which involves computing
the ratio of the peak intensity at the aberrated image center to the unaberrated
peak intensity at the center. Both definition of Strehl ratio work properly in our
project since the peak intensity of the unaberrated wavefront locates exactly on the
center of the focal plane. In either case, the Strehl ratio takes on values between 0
and 1, with higher values indicating a more focused point spread function and a
better correction of the adaptive optics system. The definition of Strehl ratio is

S = e−σ2
(3.41)

where σ is the root mean square deviation over the aperture of the wavefront
phase.

For the entropy of the generated action distribution, in each step, the policy
network creates the mean and variance for the 16 actuators, which collectively
constitute a 16-dimensional Gaussian distribution. The entropy of this Gaussian
distribution measures the level of uncertainty and randomness within the action
distribution. It represents the agent’s exploration ability within the environment.
A high entropy indicates that the action space is more uniformly distributed, and
the agent has a greater chance of exploring unknown action spaces, ultimately
resulting in the discovery of the optimal action distribution. In our soft actor-critic
controller, the entropy of an action is calculated as

H =
16

∑
n=1
Hn (3.42)

where Hn, n ∈ (1, ..., 16) is the information entropy of each actuator on the de-
formable mirror. Therefore, the entropy of the action is denoted by the summation
of each actuator’s information entropy. The aim of training of the soft actor-critic
is maximizing the wavefront correction and improving the exploration capabilities
of the controller.

With the defined state, action, and reward, the reinforcement learning frame is
embedded in our adaptive optics systems. At the time step t, based on the current
state st, the agent’s policy generates the action, π : s → a which then manipulates
the shape of the deformable mirror surface. With the controlled deformable mirror,
the focal plane photodiode observes the state st+1 and the reward rt. For an optimal
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policy, the expected output of the system is a concentrated spot on the focal plane
without scintillation.

3.5 Hyperparameters Tuning Setup

Hyperparameters of the wavefront sensorless adaptive optics controller are prede-
termined values that are set before the learning process commences, and optimiz-
ing the performance and generalization ability of an algorithm is heavily reliant
on these values. Nevertheless, determining the optimal values for hyperparame-
ters in advance can be a challenging task, which is why the need for optimization
arises. It is important to carefully consider and adjust these parameters to en-
sure the algorithm performs efficiently and can generalize well. Specifically, the
learning rate of the actor and critic, the discount factor, and the neural network
structure are essential parameters that need to be investigated. To achieve this, the
sweep function integrated in WandB, and the parallel training framework, META,
in Compute Canada have been utilized to simulate hyperparameters training in an
efficient manner.

Before conducting hyperparameter searching, it is important to establish the
range of hyperparameters based on prior knowledge of the simulation. The range
of hyperparameters is presented in Table 3.2. Bayesian hyperparameter search
is used to conduct the hyperparameter optimization process. This technique uti-
lizes Bayesian statistics to identify the optimal hyperparameters for machine learn-
ing algorithms effectively. The method constructs a probabilistic model based on
Bayesian theory to estimate the performance of each hyperparameter combination.
It selects the next parameter combination that is most likely to optimize the model
performance for testing, and updates the model each time a new combination of
parameters is tested. This iterative process leads to the identification of the optimal
hyperparameter combination with limited computational resources.

Compared to traditional grid search or random search methods, Bayesian hy-
perparameter search offers several advantages. For example, it can usually find
the optimal hyperparameter combination faster and with the same or fewer com-
putational resources, while achieving better performance. Thus, Bayesian hyper-
parameter search is a valuable tool for optimizing machine learning algorithms
and improving their predictive power.

To conduct a comprehensive comparison and analysis of the impact of each
hyperparameter, we assigned discrete values to the actor learning rate, ranging
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Hyperparameters Value

actor learning rate 1× 10−5 - 5× 10−5

critic learning rate 1× 10−3 - 5× 10−3

discount factor 0.95 - 0.99
batch size 32 - 512
layer size 32 - 512

Table 3.2: The Range of Hyperparameters

from 1× 10−5 to 5× 10−5, and to the critic learning rate, ranging from 1× 10−3 to
5× 10−3. It is common practice to set the critic learning rate higher than that of
the actor since the critic needs to update its value function estimates quickly and
accurately to provide meaningful feedback to the actor. A higher critic learning
rate allows for faster learning from feedback, leading to reduced variance in value
estimates and more precise and stable guidance for the actor. On the other hand,
the actor’s learning rate can be set lower as its role is to gradually update its policy
using the critic’s value function estimates. A lower actor learning rate can prevent
large policy changes that may cause instability and oscillations in the learning pro-
cess. Additionally, we selected the discount factor from the values of 0.95 to 0.99,
the batch size from 32 to 512, and the layer size from 32 to 512 to ensure a com-
prehensive evaluation of the hyperparameters. To gain a deeper comprehension
of the impact of hyperparameters on simulation results, which can significantly
aid in the formulation of real-time policies, an investigation has been conducted
on the effectiveness of various hyperparameters. Specifically, the actor learning
rate, critic learning rate, discount factor, batch size, and layer size are analyzed
individually to evaluate their influence on the simulation outcome.

3.6 Summary

This chapter aims to introduce the principle of the soft actor-critic algorithm. By
formulating the wavefront sensorless adaptive optics into the optimal control prob-
lem, the soft actor-critic algorithm is embedded into the adaptive optics controller.
Initially, the structure and principles of the soft actor-critic algorithm are discussed,
highlighting the role of entropy in enabling the agent to search more extensively
for the optimal policy and avoid local optima. Due to its ability to search widely
and converge efficiently, the soft actor-critic algorithm is incorporated into an adap-
tive optics controller with the defined state, action, and reward. The hyperparam-
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eters optimization setup of the controller is discussed for the subsequent optimiza-
tion discussions in the next chapter.
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Chapter 4

Simulations and Results

This chapter presents a comprehensive examination of the simulation setup and
the outcomes of the conducted simulations. The simulation setup is elaborated
in section 4.1. The modeling of the atmosphere is addressed in section 4.2. The
section 4.3 delves into the discussion of hyperparameters. To initially validate the
effectiveness of the proposed controller, a simulation with a static atmosphere is
performed, as outlined in section 4.4. Furthermore, to obtain a more profound
understanding of the performance of the proposed controller, it is implemented in
a semi-dynamic atmosphere, elucidated in section 4.5.

4.1 Simulation Set Up

This section describes the simulation setup that has been established to assess the
potential of the proposed reinforcement learning approach and the adaptive optics
system, which is designed to achieve high responsiveness at minimal costs. The
adaptive optics system serves as the environment for the reinforcement learning
controller, which is implemented using the Python packages HCIPy and PyTorch.
The simulation environments generated for the reinforcement learning of an adap-
tive optics system provide static and semi-dynamic simulations. The static envi-
ronment assumes a stable atmospheric condition, allowing the use of a fixed tur-
bulence profile for training purposes. In the semi-dynamic environment, the static
atmosphere’s configuration changes in each episode, accounting for the influence
of wind in the sky. In this context, the atmospheric movement is affected by a ve-
locity vector, ensuring continuity between the final timestep of episode i and the
initial timestep of episode i + 1. Implementing a reinforcement learning controller
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within a semi-dynamic environment proves beneficial for the initial deployment
of the adaptive optics system in a genuinely dynamic environment.

HCIPy is an object-oriented, open-source framework for Python that enables
simulations of high-contrast astronomical imaging instruments. It provides var-
ious libraries related to adaptive optics, including wavefront generation, atmo-
spheric turbulence modeling, propagation simulation, fiber coupling, and the im-
plementation of deformable mirrors and wavefront sensors. By integrating wave-
fronts and optical elements, HCIPy simulates the entire wavefront propagation
process from space to the telescope. The reinforcement learning controller is im-
plemented using PyTorch, a package that supports several tasks in the fields of
machine learning and deep learning.

The simulations are conducted on the high-performance computing (HPC) plat-
form Compute Canada. We use the Cedar node, which integrates a central pro-
cessing unit (CPU), graphics processing unit (GPU), and random access memory
(RAM), to execute the simulation code. The central processing unit is used for the
generation of the atmospheric model, while the graphics processing unit is har-
nessed to the training of neural networks within the soft actor-critic controller.

To validate the efficacy of the proposed soft actor-critic controller, our initial fo-
cus is on evaluating its performance in static atmospheric environments with vary-
ing levels of atmospheric turbulence, represented by the parameter D/r0, where
D represents the diameter of the telescope, and r0 represents the Fried parameter.
A higher D/r0 value indicates more severe atmospheric turbulence.

4.2 Modeling of the Atmosphere

The atmospheric model is composed of four crucial elements: a signal source, a
deformable mirror, a controller, and a focal plane receiver. The signal source emits
a wavefront, as shown in Figure 4.1, which represents the absence of aberrations.
This results in a power distribution that resembles an airy disk.

In the model, the deformable mirror consists of 16 actuators beneath its surface.
The primary function of these actuators is to modify the mirror’s shape, thereby
correcting the wavefront distortions caused by the atmosphere. The deformable
mirror permits the transmission of light, which is then captured by the focal plane
receiver. When subjected to harsh atmospheric conditions, Figure 4.2 illustrates
the atmospheric phase and the power distribution in the focal plane, resulting in a
clearer view of the intended target.

45



CHAPTER 4. SIMULATIONS AND RESULTS

Y
(m
)

X(m)

Power Spread Function on Focal Plane With 
Unaberrated Wavefront

Figure 4.1: The Power Distribution of Unaberrated Wavefront
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Figure 4.2: The Power Distribution on Focal Plane With Aberrated Wavefront
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Hyperparameters Set 1 Set 2 Set 3 Set 4 Set 5

actor learning rate 1× 10−5 2× 10−5 3× 10−5 4× 10−5 5× 10−5

critic learning rate 1× 10−3 1× 10−3 1× 10−3 1× 10−3 1× 10−3

discount factor 0.95 0.95 0.95 0.95 0.95
layer size 256 256 256 256 256
batch size 128 128 128 128 128

Table 4.1: The Hyperparameters Set for Investigation of Actor Learning Rates

This atmospheric model is crucial in mitigating the effects of atmospheric tur-
bulence on the performance of optical systems. The deformable mirror corrects
the distortions in the wavefront to maintain a high-quality image, and the focal
plane receiver captures the corrected image. This process is critical in fields such
as astronomy, where atmospheric turbulence can significantly impact image qual-
ity, and in laser communication, where distortions in the wavefront can lead to
signal degradation.

4.3 Hyperparameters Tunning Result

Using the established adaptive optics system model, the tuning of hyperparame-
ters for the proposed soft actor-critic controller takes place within a static atmo-
sphere simulation. The impact of actor learning rate on convergence is illustrated
in the results and parameters shown in Figure 4.3 and Table 4.1, respectively. For
instance, when the actor learning rate was set to a smaller value, such as 1× 10−5

and 2× 10−5, the curve failed to converge even after 300 epochs. This is because
the smaller learning rate slows down the actor network optimizer, which can be
beneficial for avoiding suboptimal policies, but it also results in slower conver-
gence rates. Hence, selecting an appropriate actor learning rate that corresponds
well with other hyperparameters is crucial to achieving optimal results.

The figure illustrated in Figure 4.4 illustrates the effect of the learning rate of
the critic on the adaptive optics system. Additionally, Table 4.2 displays the cor-
responding hyperparameters. The plot presented in Figure 4.4 demonstrates that
policies obtained are suboptimal and inferior to the optimal solution when the
learning rate of the critic is not 1× 10−3.

The Figure 4.5 and Table 4.3 demonstrate that the variance in discount factor
has a notable impact on both the rate and extent of convergence, with the opti-
mal value being 0.95. In reinforcement learning, the discount factor is a crucial
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The Result Curves With Different Actor Learning Rates With D/r0 = 5
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Figure 4.3: The Result of Soft Actor-Critic Controller With Different Actor Learning
Rates at D/r0 = 5

Hyperparameters Set 6 Set 7 Set 8 Set 9 Set 10

actor learning rate 5× 10−5 5× 10−5 5× 10−5 5× 10−5 5× 10−5

critic learning rate 1× 10−3 2× 10−3 3× 10−3 4× 10−3 5× 10−3

discount factor 0.95 0.95 0.95 0.95 0.95
layer size 256 256 256 256 256
batch size 128 128 128 128 128

Table 4.2: The Hyperparameters Set for Investigation of Critic Learning Rates

parameter used to balance the relative importance of immediate and future re-
wards. Specifically, it determines the degree to which an agent values a reward
it will receive in the future compared to one it will receive immediately. A value
of 0 implies that the agent solely cares about immediate rewards, whereas a value
of 1 indicates that all future rewards are valued equally. By employing a discount
factor, the agent is able to balance the trade-off between immediate and future re-
wards. If the discount factor is high, the agent will prioritize long-term rewards
over short-term ones. Conversely, if the discount factor is low, the agent will pri-
oritize immediate rewards over long-term ones. The choice of a discount factor of
0.95 results in the actor converging to an optimal outcome, whereas other values
lead to local optima.
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The Result Curves With Different Critic Learning Rates With D/r0 = 5
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Figure 4.4: The Result of Soft Actor-Critic Controller With Different Critic Learning
Rates at D/r0 = 5

Hyperparameters Set 11 Set 12 Set 13 Set 14 Set 15

actor learning rate 5× 10−5 5× 10−5 5× 10−5 5× 10−5 5× 10−5

critic learning rate 1× 10−3 1× 10−3 1× 10−3 1× 10−3 1× 10−3

discount factor 0.95 0.96 0.97 0.98 0.99
layer size 256 256 256 256 256
batch size 128 128 128 128 128

Table 4.3: The Hyperparameters Set for Investigation of Discount Factors

Figure 4.6 displays the study of layer size, while Table 4.4 showcases the hyper-
parameters. To account for the complexity of the adaptive optics system and the
data volume, both the actor and critic have been designed with three hidden layers.
For hyperparameter set 16, with a layer size of 32, the result curve exhibits oscilla-
tions from the start and fails to settle down until 400 epochs. A smaller layer size
leads to an unstable and suboptimal solution. As the layer size increases, the re-
sult curve stabilizes, leading to a higher final result, faster convergence speed, and
a smoother curve. The increased layer size strengthens the neural network’s repre-
sentational capacity, thus enabling the soft actor-critic controller to model complex
and nuanced relationships between the adaptive optics system’s observation and
the deformable mirror’s action.
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The Result Curves With Different Discount Factors With D/r0 = 5

R
ew
ar
d 
(%
)

Training Epochs

Figure 4.5: The Result of Soft Actor-Critic Controller With Different Discount Fac-
tors Rates at D/r0 = 5

Hyperparameters Set 16 Set 17 Set 18 Set 19 Set 20

actor learning rate 5× 10−5 5× 10−5 5× 10−5 5× 10−5 5× 10−5

critic learning rate 1× 10−3 1× 10−3 1× 10−3 1× 10−3 1× 10−3

discount factor 0.95 0.95 0.95 0.95 0.95
layer size 32 64 128 256 512
batch size 128 128 128 128 128

Table 4.4: The Hyperparameters Set for Investigation of Layer Sizes

A study on batch size has been conducted to examine the impact of its value
on convergence speed and results. Soft actor-critic is an off-policy reinforcement
learning algorithm that requires the controller to sample a batch of transitions from
the replay buffer for neural network update and optimization. Batch size refers to
the volume of transitions sampled and utilized for training in a single step. Appro-
priate batch size can reduce variance of the gradient estimate and enhance the ef-
ficiency of the learning algorithm. Moreover, larger batch sizes can facilitate more
stable updates and contribute to the algorithm’s ability to converge to a superior
policy. Based on the simulation results, the batch size of 128 yields the best out-
come, whereas smaller or larger batch sizes result in unstable training and slow
convergence.
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The Result Curves With Different Layer Sizes With D/r0 = 5
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Figure 4.6: The Result of Soft Actor-Critic Controller With Different Layer Sizes
Rate at D/r0 = 5

Hyperparameters Set 21 Set 22 Set 23 Set 24 Set 25

actor learning rate 5× 10−5 5× 10−5 5× 10−5 5× 10−5 5× 10−5

critic learning rate 1× 10−3 1× 10−3 1× 10−3 1× 10−3 1× 10−3

discount factor 0.95 0.95 0.95 0.95 0.95
layer size 256 256 256 256 256
batch size 32 64 128 256 512

Table 4.5: The Hyperparameters Set for Investigation of Batch Sizes

The plot in Figure 4.8 illustrates the optimal set of hyperparameters under
atmospheric conditions where D/r0 = 5. Through a Bayesian hyperparameter
search, Table 4.6 displays the optimal set of hyperparameters. Notably, Figure 4.8
indicates a reduced initial vibration of the curve compared to Figure 4.11 (d), with
the resulting curve converging to an optimal Strehl ratio of 62% within 150 steps.
This outcome represents a notable improvement in both speed and performance.

4.4 Static Atmosphere Simulation

The severity of atmospheric turbulence varies and increases with D/r0 values
ranging from 2 to 5. In the case of an atmosphere with D/r0 = 2, the level of
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The Result Curves With Different Batch Sizes With D/r0 = 5
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Figure 4.7: The Result of Soft Actor-Critic Controller With Different Batch Sizes
Rate at D/r0 = 5

Hyperparameters Optimal hyperparameter value

actor learning rate 5× 10−5

critic learning rate 1× 10−3

discount factor 0.95
layer size 256
batch size 128

Table 4.6: The Optimal Hyperparameters Set

turbulence in the atmosphere layers is relatively low. This condition facilitates
the operation of the adaptive optics controller. On the other hand, when the atmo-
sphere has a D/r0 = 5, a greater amount of aberration is imposed on the wavefront
as the signal propagates through the sky. To test the effectiveness of the proposed
controller, a simulation is conducted under the D/r0 = 2 condition. This simula-
tion is conducted in a clear atmosphere with a clear sky and low turbulence. Figure
4.9 (a) shows the initial condition of the atmosphere, which indicates an even and
flat distribution with a even distribution of atmosphere phase.

Figure 4.9 depicts the various atmospheric phases at a wavelength of 2.2× 10−6

for D/r0 values ranging from 2 to 5. The term "atmospheric phase" refers to the
distortion that light undergoes as it passes through the Earth’s atmosphere. Such
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The Optimal Result of SAC Controller With D/r0 = 5
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Figure 4.8: The Optimal Result Curve of Soft Actor-Critic Controller With D/r0 =
5

distortion is attributed to the changes in the refractive index of air that arise from
variations in temperature, pressure, and humidity. As illustrated in Figure 4.9,
the atmospheric phase varies across the entire field of view. The right-hand side
color bar of the figure indicates the correlation between color and phase amplitude.
Notably, Figure 4.9 highlights that an increase in D/r0 values corresponds to a
surge in the amplitude of the phase. This rise in amplitude indicates a higher level
of turbulence and greater distortion of the wavefront.

Figure 4.10 shows the power distribution at the focal plane for a static atmo-
sphere with D/r0 values of 2, 3, 4, and 5 before the implementation of any wave-
front correction. The plots reveal that the distorted wavefront that reaches the fo-
cal plane is scattered, causing the peak power of the wavefront to be insufficiently
concentrated to form a clear spot. As the D/r0 value increases, the peak power
diminishes and the power distribution becomes increasingly fragmented. The red
circles in the figure demarcate the boundaries of the fiber, which is used to cap-
ture the signal wavefront. The initial power distribution of the wavefront makes it
challenging for the fiber to capture all of the signal power.

The effectiveness of the soft actor-critic controller is assessed across four dis-
tinct atmospheric conditions to evaluate its performance relative to a benchmark
controller based on a wavefront sensor-based approach. The evaluation is based
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Figure 4.9: The Atmosphere Phase for Wavelength of 1.5× 10−6m With (a) D/r0 =
2, (b) D/r0 = 3, (c) D/r0 = 4 and (d) D/r0 = 5

on the utilization of hyperparameters outlined in Table 4.6. The training is con-
ducted with a preset static atmosphere, and each training episode lasts for 100
steps. The average rewards of each episode are recorded and presented in Figure
4.11. The training process is conducted for 400 epochs. In our simulation, each
epoch contains 200 training of all neural networks.

Figure 4.11 illustrates the Strehl ratio achieved by two different controllers un-
der varying atmospheric conditions. The soft actor-critic controller obtained a
Strehl ratio of 72%, 66%, 66%, and 57% for D/r0 values of 2, 3, 4, and 5, respectively.
Notably, when D/r0 = 5, the reward curve exhibited fluctuations before the initial
75 epochs due to the heightened challenge in searching for the optimal policy, aris-
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Figure 4.10: The Power Distribution on Focal Plane Before Training With (a)
D/r0 = 2, (b) D/r0 = 3, (c) D/r0 = 4 and (d) D/r0 = 5

ing from increased atmospheric turbulence. Additionally, the soft actor-critic con-
troller was capable of converging within 200 epochs of training, indicating its abil-
ity to find the optimal solution efficiently. Meanwhile, the wavefront sensor-based
controller achieved a higher Strehl ratio of 95%, 87%, 80%, and 74% under the same
conditions. Notably, the soft actor-critic controller performed impressively, achiev-
ing over 75% of the wavefront sensor-based controller’s performance. However,
it doesn’t surpass the performance of the wavefront sensor-based method due to
the limited information on wavefront aberrations acquired from the focal plane,
resulting in less accurate manipulation of the surface of the deformable mirror.
Nonetheless, achieving more than 75 % of the wavefront sensor-based method’s
performance proves the effectiveness of the soft actor-critic controller in the wave-
front sensorless adaptive optics system, striking a balance between cost and per-
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Figure 4.11: The Strehl Ratio of Soft Actor-Critic and Wavefront Sensor-Based Con-
troller With (a) D/r0 = 2, (b) D/r0 = 3, (c) D/r0 = 4 and (d) D/r0 = 5

formance.
Figures 4.12 and 4.13 illustrate the power distribution on the focal plane re-

sulting from two different controllers: the wavefront correction generated by the
soft actor-critic controller and the wavefront sensor-based controller, which serves
as benchmarks for the study. The power distribution of the focal plane exhibits a
concentrated bright spot within the fiber boundaries. Compared to the wavefront
sensor-based controllers, the soft actor-critic controllers effectively concentrate the
power of the distorted wavefront to the center of the focal plane. This method
achieves a performance of more than 75%, as mentioned previously.

To conduct a more comprehensive investigation into the effectiveness of the
soft actor-critic controller in terms of converging speed and finding the optimal
solution, additional simulations have been carried out. These simulations involve
varying values of D/r0, specifically 2, 3, 4, and 5, and are conducted under differ-
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Figure 4.12: The Focal Plane Power Distribution of Soft Actor-Critic Controller
Result of (a) D/r0 = 2, Soft Actor-Critic Controller, (b) D/r0 = 2, Shack-Hartmann
Sensor-Based Controller, (c) D/r0 = 3, Soft Actor-Critic Controller and (d) D/r0 =
3, Shack-Hartmann Sensor-Based Controller

ent random seeds for the generation of atmosphere layers which will result in a
range of atmospheric conditions. To ensure the reliability of the results, a total of
20 groups of random seeds have been employed. The mean and variance values
obtained from these simulations are presented graphically in Figure 4.14.

With a computer equipped with an Intel 10700F CPU, Nvidia 3080 GPU, and
32 GB of RAM, Table 4.7 demonstrates that the average epoch requires 10 seconds.
As the value of D/r0 increases, the converging time also increases. However, the
modeling and simulation of atmosphere layers require a considerable amount of
time, as evidenced by the data in the table. On average, each epoch takes 2 seconds
for training and 8 seconds for generating the model of atmosphere. Consequently,
when implementing this soft actor-critic controller in real-time with interaction in
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Figure 4.13: The Focal Plane Power Distribution of Soft Actor-Critic Controller
Result of (a) D/r0 = 4, Soft Actor-Critic Controller, (b) D/r0 = 4, Shack-Hartmann
Sensor-Based Controller, (c) D/r0 = 5, Soft Actor-Critic Controller and (d) D/r0 =
5, Shack-Hartmann Sensor-Based Controller

the real environment, it is worth considering these timing factors.
Once the neural network has been trained, it is crucial to test whether the pol-

icy can generate the optimal action when applied to the same environment. The
average time required for the acquired policy is presented in Table 4.8. From the
table, it is shown that the average processing time for the policy to generate actions
of deformable mirror which leads to an optimum Strehl ratio is between 0.015 to
0.02 second based on the current platform.
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Figure 4.14: The Plot of Soft Actor-Critic Controller With Mean and Variance of (a)
D/r0 = 2, (b) D/r0 = 3, (c) D/r0 = 4 and (d) D/r0 = 5

4.5 Semi-Dynamic Atmosphere Simulation

Based on the previous results and discussions from the static atmosphere sim-
ulation, the proposed soft actor-critic controller has demonstrated its effective-
ness in handling stable atmospheric conditions. Specifically, in severe static at-
mosphere situations, the proposed controller achieves a Strehl ratio of over 60%,
which is more than 75% of the performance achieved by the wavefront sensor-
based method.

To further assess the effectiveness of the controller and facilitate its real-time im-
plementation, we performed simulations under semi-dynamic atmospheric condi-
tions, wherein the layers were in motion by the effection of wind while the atmo-
spheric Fried parameter remained constant. These simulations were initiated with
an optimal atmospheric state, characterized by a D/r0 ratio of 3. The input was set
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D/r0 Epochs Time (seconds) Modeling Time Training Time

2 30 299 239 60
3 34 345 273 72
4 221 2218 1768 450
5 250 2490 2010 480

Table 4.7: Epochs and Time for Soft Actor-Critic to Reach Optimum in Training

D/r0 Average Time deployed (seconds)

2 0.018
3 0.017
4 0.020
5 0.015

Table 4.8: Average Time for Soft Actor-Critic Controller to Generate Optimal Result
in Tests

as observations on the focal plane, with dimensions of 2× 2, and the action was
applied to a deformable mirror measuring 4× 4. The applied atmosphere moved
across the telescope’s field of view at a velocity of 10 meters per second during the
simulation. To ensure the stability of the proposed soft actor-critic controller in a
moving atmosphere, we conducted 30 simulations of the moving atmosphere with
D/r0 ratios of 3, 4, and 5, each with different random seeds. We also simulated the
Shack Hartmann sensor-based controller as a benchmark for comparison with the
soft actor-critic controller.

Figure 4.15 (a) shows that the proposed controller attains an average Strehl ra-
tio of 66% with a low variance in a moving atmosphere. This suggests that, in a
relatively stable and favorable moving atmosphere, the soft actor-critic controller
is capable of achieving a relatively high Strehl ratio. In comparison with the Shack
Hartmann sensor-based controller, the soft actor-critic controller outperforms it by
achieving more than 80% performance. Regarding the power on the focal plane,
Figure 4.15 (b) demonstrates that the power of the wavefront is concentrated in
the middle of the focal plane and inside the boundary of the fiber. Thus, it is con-
firmed that the proposed controller effectively concentrates the aberrated wave-
front power into the fiber.

In addition to the semi-dynamic atmosphere with a D/r0 value of 3, this study
also examines the performance of the soft actor-critic controller under more se-
vere atmospheric conditions, specifically for D/r0 values of 4 and 5, as illustrated
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in Figure 4.16 and Figure 4.17. These conditions are characterized by increased
wavefront distortion and greater challenges in searching for the optimal policy.
Despite these challenges, the soft actor-critic controller achieves an average Strehl
ratio of 45%, and its performance is compared to that of a Shack Hartmann sensor-
based controller, which serves as the benchmark. The proposed controller achieves
60% of the benchmark’s performance, which corresponds to a Strehl ratio of 74%.
In the most severe atmospheric conditions, the soft actor-critic controller can still
achieve a Strehl ratio of up to 40%, with a mean Strehl ratio of 32%. By analyz-
ing the power distribution on the focal plane, it is evident that the power of the
wavefront can still be focused on the center of the fiber and the focal plane, further
indicating the effectiveness of the soft actor-critic controller in dealing with severe
atmospheric conditions.
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Figure 4.15: The Result Curves and Final Focal Power Distribution of Soft Actor-
Critic Controller With D/r0 = 3 (a) Result Curves With Mean and Variance , (b)
Final Focal Plane Power Distribution

4.6 Summary

In this chapter, simulations are conducted in a static atmosphere to determine the
optimal set of hyperparameters for performance improvement. A detailed explo-
ration of the impact of each hyperparameter set is presented. The effectiveness of
this controller is evaluated through simulations in both static and semi-dynamic
atmospheres. The proposed controller is able to achieve high Strehl ratios, which
demonstrate its efficacy in a static atmosphere. To further assess the effectiveness
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of the soft actor-critic controller, semi-dynamic atmospheres are introduced into
the simulation. Despite high turbulence from the semi-dynamic atmosphere, the
soft actor-critic controller can still concentrate the power of the disturbed wave-
front into the center of the focal plane and the fiber, indicating that the proposed
controller is functional within preliminary semi-dynamic atmospheres. Therefore,
the proposed soft actor-critic controller has been verified to correct distorted wave-
fronts in a cost and time-efficient manner, even with limited observation and mea-
surement devices. These findings suggest that the soft actor-critic controller can be
a valuable tool in the field of adaptive optics.

62



CHAPTER 4. SIMULATIONS AND RESULTS

R
ew
ar
d 
(%
)

Training Epochs

The Mean Reward and Variance of Training in Semi-
Dynamic Atmosphere With D/r0 = 5

Y
(m
)

X(m)

Focal Plane Power Distribution With SAC in 
Semi-Dynamic Atmosphere With D/r0 = 5

(a) (b)

Figure 4.17: The Result Curves and Final Focal Power Distribution of Soft Actor-
Critic Controller With D/r0 = 5 (a) Result Curves With Mean and Variance , (b)
Final Focal Plane Power Distribution

63



Chapter 5

Conclusions and Future Work

Wireless communication has significantly contributed to the convenience and pros-
perity of modern society. As a vital component of information technology, the com-
munication between near-ground satellites and the Earth’s surface plays a critical
role in delivering high-quality signals.

The purpose of this study is to develop an adaptive optics controller for a cost-
effective wavefront sensorless adaptive optics system. To achieve this, an online
off-policy reinforcement learning controller is designed and tested in both static
and semi-dynamic atmospheres. The optimal policy is obtained through training
based on the interaction with the adaptive optics systems. The soft actor-critic con-
troller only generates control signals based on the limited information provided by
a photodiode, eliminating the need for precise and expensive equipment. Further-
more, this method does not require any prior knowledge of the adaptive optics
system, as it updates itself through the interaction feedback from the environment
during the iterations. The proposed controller demonstrates good performance
when tested in different atmospheric conditions in both static and semi-dynamic
simulations. Therefore, this model-free online off-policy controller is a viable solu-
tion for budget-limited free-space optical communication systems.

However, there remain several issues that require further consideration in the
implementation of the soft actor-critic controller. Firstly, it is worth considering the
variance of Fried parameters when conducting dynamic atmosphere simulations.
This requires gathering more data for training purposes and employing more com-
plex reinforcement learning models for control. Secondly, it is crucial to take into
account various factors that may affect the quality of the wavefront signal and
cause distortion when the satellite traverses the sky in a real-time environment.
These factors may include temperature, humidity, and the zenith angle. Thirdly,
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the computation capability of the controller may present an obstacle for real-time
applications, particularly when considering the application of artificial intelligence
code. Additionally, it is worth to conduct experiments in a physical system for fur-
ther verification of the proposed controller. There may be other industrial issues
that arise when implementing the soft actor-critic controller in a real-time project.
Further exploration and analysis of these issues are necessary for successful imple-
mentation.
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