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High-precision optical systems are essential in fields ranging from autonomous
manufacturing to astronomical imaging. However, their performance is often
limited by optical aberrations arising from misalignments, environmental dis-
turbances, and internal system imperfections. This thesis investigates the prin-
ciples and practical implementations of wavefront sensing and control — pri-
marily focal-plane techniques — to enhance optical system performance in two
key domains: automated alignment and high-contrast exoplanet imaging with

the Gemini Planet Imager.

In the context of automated optical alignment, we developed and tested a novel
alignment framework for a double off-axis parabolic mirror system — an in-
herently challenging configuration due to its sensitivity to aberrations and non-
linear misalignment dynamics. Leveraging focal-plane wavefront sensing to
eliminate non-common-path errors, and applying model-based nonlinear state
estimation and control, we demonstrate micron-level alignment precision. A
key discovery was the multi-state coupling effect, in which different misalign-
ment states interact in ways that interfere with estimator performance. This

phenomenon was further analyzed through observability analysis.

For high-contrast imaging, we contributed to the ongoing upgrade of the Gem-



ini Planet Imager to improve its capability to directly image and characterize
exoplanets. In the adaptive optics control pipeline, we established design tools
based on system stability metrics and error transfer function analysis. We fur-
ther implemented a focal-plane wavefront control algorithm based on classical
speckle nulling to effectively mitigate speckle noise caused by post-coronagraph
aberrations and internal optical imperfections — a historical performance limi-
tation of GPI. These results represent a significant improvement over GPI's base-
line and will be integrated into its next-generation upgrade to enable detection

of lower-mass exoplanets at smaller inner working angles.

By combining optical engineering, estimation theory, and control design, this
thesis highlights the versatility and critical importance of focal-plane wavefront

control in advancing both laboratory-based and astronomical optical systems.
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CHAPTER 1
INTRODUCTION

1.1 Wavefront sensing and control

Modern optical applications require high precision and resolution, but wave-
front aberrations - arising from optical imperfections, misalignment, atmo-
spheric turbulence, thermal gradients and vibrations - can severely degrade op-
tical system performance. Moreover, these aberrations are often dynamic, thus
requiring real-time corrections. Wavefront sensing and control addresses these
challenges by manipulating the phase and amplitude of light, and provides im-

proved image quality, enhanced contrast, and optimized system performance.

Wavefront sensing and control has transformative impact across disciplines:
In astronomy, wavefront control is prominently featured in adaptive optics
systems. Ground-based astronomical telescopes use adaptive optics with de-
formable mirrors to counteract atmospheric-turbulence-induced wavefront er-
rors in real time, achieving near-diffraction-limited resolution for deep-sky ob-
servations. Combined with coronagraphs, specialized adaptive optics systems
with high actuator density and fast control loops make it possible to detect ex-
tremely faint companions, e.g. exoplanets, close to bright stars[40, 97, [77]. In
ophthalmology, wavefront technology helps map wavefront errors in the pa-
tient’s eyes, guide treatments such as wavefront-guided LASIK and cataract
surgery, improve post-operative visual acuity and reduce side effects such as
halos or glare[120, |69, [103]. In manufacturing, adaptive optics enhance three-

dimensional fabrication with ultrafast lasers by modulating the phase, ampli-



tude and polarization of the laser beam, tailoring the focal intensity distribu-
tion, and enabling parallelization to reduce processing times[99]. In lithog-
raphy, because small phase errors can lead to significant pattern distortions,
high-resolution wavefront manipulators are designed to minimize aberrations,
and maintain precise overlay and focus performance when imaging nanoscale
tfeatures on semiconductor wafers[110]. In free-space optical communications,
real-time wavefront control helps manage beam dispersion, beam wander and
scintillations, improve signal quality and expand data-carrying capacity[118].
In biomedical imaging, wavefront control is used to correct for refractive in-
dex changes in tissue, thereby improving the quality of deep-tissue imag-
ing and minimizing the phototoxic effects often associated with high-intensity

illumination[9].

Wavefront sensing and control is achieved through a combination of three key
components: wavefront sensors, adaptive elements and control algorithms. The
design of robust wavefront sensing and control architectures must balance hard-
ware complexity, computational demands, and the specific temporal and spatial

requirements of each application.

Wavefront sensors detect phase distortions by translating the incoming light
into measurable intensity signals. Wavefront sensing techniques can be clas-
sified into two main categories: pupil plane sensing and focal plane sens-
ing. Pupil plane wavefront sensors directly measure the local slope or cur-
vature of the wavefront at or near the entrance pupil. Common examples
include: the Shack-Hartmann wavefront sensor, widely used in astronomy

and ophthalmology due to its simplicity and robustness[88| O5]; the pyra-



mid wavefront sensor, effective in extreme adaptive optics because of its high
sensitivity and resolution[21]]; curvature sensing, optimal for detecting low-
order aberrations at defocused pupil planes[98]; and interferometric techniques
such as Twyman-Green or Fizeau interferometers offer precise and highly ac-
curate wavefront measurements essential for optical metrology and surface
characterization[70]. In contrast, focal plane sensing techniques estimate the
wavefront directly from intensity distributions in the image plane, rather than
from phase derivatives at the pupil. This approach eliminates non-common-
path errors, thereby improving overall system efficiency, reducing hardware
complexity, and delivering correction better aligned with the science instru-
ment’s performance metric. Commonly implemented focal-plane sensing al-
gorithms include the Gerchberg-Saxton algorithm, which reconstructs wave-
front phase through iterative Fourier domain calculations[28]; phase diver-
sity, which utilizes multiple defocused images to computationally retrieve
wavefront phase[32]; electric field conjugation, which aims to eliminate un-
wanted starlight in the focal plane by directly estimating and manipulating
the complex electric field; and stochastic parallel gradient descent[29, 37], a
robust optimization-based method that iteratively improves wavefront qual-
ity by optimizing focal-plane image metrics such as sharpness, Strehl ratio, or

contrast[116]].

Adaptive elements. Both phase and amplitude distortions in the wavefront
can degrade image quality, but in adaptive optics and optical alignment appli-
cations, which are the primary focus of this thesis, phase aberrations are typi-
cally the dominant contributor. Phase fluctuations are commonly corrected us-

ing adaptive elements such as deformable mirrors, tip-tilt mirrors, and motor-



ized stages, which introduce phase shifts by producing geometric optical path
differences. Deformable mirrors are preferred in astronomical adaptive optics
over birefringent electro-optical phase correctors which produce refractive in-
dex differences, because deformable mirrors offer fast response, large strokes,
polarization insensitivity, wavelength-independent phase shifts, and high, uni-
form reflectivity[105]. In contrast, spatial light modulators or other liquid crys-
tal devices can modulate not only phase but also amplitude and polarization,
enabling dynamic wavefront shaping across a broad range of applications in-
cluding microscopy[76], optical trapping[79], beam shaping[117], holography

and laser processing[41]].

Control algorithms are usually implemented on a real time computer and trans-
late wavefront sensing data into adaptive elements’ adjustments with high
speed and accuracy, with the goal of minimizing residual wavefront aber-
ration. Closed-loop feedback control is often deployed, with the input and
output being respectively the incoming wavefront phase perturbations and
the residual phase after correction. Typical control strategies include opti-
mized modal control[27] and Kalman filtering[54, 91, 33] coupled with linear-
quadratic-Gaussian control for better rejection of mechanical vibrations mainly
caused by cryo-coolers and electronics[51}, 87]. In chapter 3} we will present how
we extend the optimized modal gain integrator proposed by Gendron[27] to our

applications on GPI.

This dissertation explores the principles, methodologies, and applications of
wavefront sensing and control, in two key areas:

(1) Automated optical alignment



(2) High-contrast imaging - the Gemini Planet Imager

This work integrates concepts from optics, control theory, computational mod-
eling and experimental validation and places particular emphasis on focal plane
wavefront control. The following sections introduce these application domains,
while subsequent chapters delve into the theoretical foundations and practical
implementations of wavefront control in both contexts. Through this study, we
aim to demonstrate the versatility and critical importance of focal plane wave-

front control in advancing optical system performance.

1.2 Automated alignment

Precise alignment of optical systems is critical to achieve optimal optical
throughput, minimize aberrations, and ensure system performance and func-
tionality. However, traditional alignment methods are often labor-intensive,
time-consuming, and reliant on manual intervention, which can introduce er-
rors and limit repeatability. Automated alignment leverages advanced sensing,
control algorithms, and actuation technologies to meet the need of increasingly
complex optical systems and tighter tolerances. In Chapter 2, we present our re-

search on automated alignment using focal plane sensing and Kalman filtering.

1.3 High-Contrast Imaging: Gemini Planet Imager

1.3.1 Exoplanet Detection and Direct Imaging

The discovery and study of exoplanets has revolutionized our understanding
of planetary systems and the potential for life beyond Earth. Since the first con-

firmed detection of an exoplanet in 1995[78], advancements in techniques and



instrumentation have dramatically expanded the field, leading to the identifica-
tion of thousands of exoplanets with diverse characteristics[81]. These discov-
eries have fueled a deeper investigation into the formation, evolution, and hab-
itability of planetary systems, posing fundamental questions about our place in

the universe.

A key challenge in exoplanet detection is the inherent difficulty of observ-
ing these distant objects, which are extremely faint and often obscured by the
overwhelming brightness of their host stars. To overcome these obstacles, re-
searchers have developed a variety of detection methods, each tailored to ex-
ploit specific physical effects or phenomena. Radial velocity measurements
detect exoplanets by observing the periodic Doppler shift in a star’s spectral
lines caused by the gravitational force of an orbiting planet. This technique has
been instrumental in detecting planets around nearby stars, particularly those
with large masses or close-in orbits.[13, 24, 3] Transit photometry, on the other
hand, identifies exoplanets by measuring the slight dimming of a star’s light as a
planet passes in front of it. This method has enabled the discovery of numerous
Earth-sized exoplanets and has facilitated atmospheric characterization through
transit spectroscopy.[16} 11, 94] Microlensing, based on the gravitational lensing
effect predicted by Einstein’s general theory of relativity, has proven effective
in detecting exoplanets at greater distances from their stars and in diverse envi-

ronments, including low-mass stars and free-floating planets.[8} 5]

Unlike the previous indirect methods which infer the presence of exoplanets
through their effects on their host stars, direct imaging aims to capture the light

emitted or reflected by the planet itself. This approach provides unparalleled



opportunities for characterizing planetary atmospheres, surface properties, and
orbital dynamics, and offers key insights into planetary formation, evolution,
and potential habitability. However, direct imaging represents an extraordinary
technological challenge because stars are typically millions to billions of times
brighter than their planets. The stark contrast and the small angular separation
between a star and its planet demand exceptional spatial resolution and contrast

performance from imaging instruments. [75} 52} 65]

To overcome these challenges, astronomers have developed a suite of advanced
techniques and technologies. Coronagraphy[64, 35,113} [77] and starshade[115],
which are internal and external occulters respectively to block out the starlight
to reveal nearby objects, are key tools for enhancing contrast. High-contrast
imaging systems are further augmented by adaptive optics, which correct for
atmospheric turbulence in real time, restoring the sharpness and clarity of
ground-based observations. Post-processing algorithms, such as angular dif-
ferential imaging[72] and principal component analysis[108], play a crucial role

in extracting faint planetary signals from noisy datasets.

Ground-based observatories equipped with state-of-the-art instruments, such
as the Very Large Telescope’s SPHERE[7], the Gemini Planet Imager[66, 65],
and Subaru’s SCExAO[36], have made significant contributions to direct imag-
ing of exoplanets. Complementing these efforts, space-based missions like the
Hubble Space Telescope[42,47] and the James Webb Space Telescope[85, 14, [80]
offer unparalleled sensitivity and stability, free from the distortions of Earth’s
atmosphere. These facilities have enabled the detection and characterization of

several directly imaged exoplanets, providing valuable data on their masses,



compositions, and thermal emissions. These facilities” instrument design and
operation have informed the development of next-generation facilities, such as
the Extremely Large Telescope’s METIS instrument[12] and the Nancy Grace
Roman Space Telescope’s coronagraph[4], to achieve even higher contrast and

sensitivity.

1.3.2 Gemini Planet Imager and its Upgrade

The Gemini Planet Imager (GPI) has revolutionized the field of exoplanet detec-
tion and characterization by enabling high-contrast imaging and spectroscopy
of exoplanets. One of GPI’'s primary objectives is to directly image young,
Jupiter-sized exoplanets that emit detectable infrared radiation as a result of
their formation processes. The instrument’s high sensitivity and resolution en-
ables GP1I to detect planets with contrasts as high as 107° relative to their host
stars and characterize their atmospheric compositions, temperatures, and po-
tential weather patterns. Since its first light in 2013 on the Gemini South Tele-
scope in Chile, GPI has achieved the direct imaging of several exoplanets and
brown dwarfs, as well as the discovery of circumstellar disks that provide in-
sights into the environments where planets form. The GPI Exoplanet Survey, a
large-scale observational program, has conducted systematic studies of nearby
stars, significantly expanding our knowledge of giant planet demographics and

their host systems. [18]

GPTI’s state-of-the-art design consists of adaptive optics, an Apodized Pupil Lyot
Coronagraph (APLC) coronagraph, an infrared calibration system (CAL) with a
wavefront sensor, an integral field spectrograph (IFS), and advanced data pro-

cessing algorithms. Figure [1.1] shows GPI’s schematic with light paths. GPI’s



AQ system exists to control both dynamic wavefront errors (WFEs) such as at-
mospheric turbulence and slowly-varying static WFEs monitored by CAL. CAL
is a high-order wavefront sensing system downstream of the AO system and
the coronagraph fore-optics, and plays a critical role in compensating for resid-
ual and non-common path aberrations (NCPAs). The APLC coronagraph effec-
tively suppresses coherent light from the central star to reveal faint planetary
companions. IFS captures spatially resolved spectral data, providing detailed
information about the chemical and physical properties of detected exoplanets.

[66]

After years of continuous operations, GPI is being relocated to Gemini North
Telescope and undergoing a significant upgrade to its second-generation itera-
tion, GPI 2.0, to expand its scientific capabilities in surveying cold-start planets,
planets of low-mass stars and very young stars, asteroids and solar system ob-
jects, probing planet formation in disks, and studying planet variability and
abundance. The instrument upgrade falls under the following categories and is
illustrated in Figure [18] 19, 20]

(1) AO: Replacing the original Shack-Hartmann wavefront sensor with a pyra-
mid wavefront sensor, replacing the conventional CCD with a near-zero-noise
EMCCD, and transitioning the Real-Time Computer to use Herzberg Extensible
Adaptive Real-time Toolkit architecture. The upgrades will push the limiting
magnitude to I=14, increase Strehl ratio, reduce latency and significantly en-
hance contrast.

(2) Coronagraph: Replacing the original APLC masks with a new, numerically-
optimized design to improve diffraction suppression, inner working angles,

throughput and contrast for observing fainter stars.
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Figure 1.1: GPI schematic showing the light path and the three principal

subsystems. [67]

(3) CAL 2.0: Replacing the high-order WFS with a Self-Coherent Camera, re-

placing the dual-arm interferometer design with a common-path design, and

enabling improved aberration correction and stellar noise removal through fo-

cal plane wavefront sensing and control.

(4) IFS: Introducing new prisms for additional low-spectral-resolution mode

to increase sensitivity for faint companions, broadening spectral range for im-

proved calibration, and reducing telescope time cost for K-band observations.

(5) Software operation and usability: Enhancing software’s robustness and user-

10



friendliness by automating user actions, reducing human intervention, improv-
ing alignment and calibration processes, transitioning the high-level control li-
brary from IDL to Python, introducing new data processing algorithms to im-
prove precision and reliability, making the instrument more efficient for large-

scale surveys.

In the following chapters, we present our research in AO control optimization
for the AO upgrade in Chapter 3| followed by our work on focal plane wave-
front sensing and control for the CAL 2.0 upgrade in Chapter

11
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CHAPTER 2
AUTOMATED ALIGNMENT OF OFF-AXIS ASPHERICS USING FOCAL
PLANE WAVEFRONT SENSING AND KALMAN FILTERING

2.1 Introduction

As scientific and engineering optical systems become more sophisticated, there
has been an increasing demand for automation in their mechanical operation.
Various automated optical systems, which have some motorized degrees of free-
dom (DOFs), are under development or currently in use: adaptive optics sys-
tems employing mechanical DOFs to ensure coregistration between wavefront
sensors and deformable mirrors in astronomy and ophthalmology [97], active
optics that shape mirror geometry to prevent deformation due to environmen-
tal factors [39], corrective AR/ VR systems that employ tunable-focus lenses for
dynamic prescription vision correction [15] and industrial alignment of optical
systems using robotic manipulators and wavefront filtering [104]. Of particu-
lar interest is the ability for optical systems with many DOFs to automatically
align, so as to minimize manual effort in rapid assembly, iterative alignment, ad-
justment and maintenance. High performance optical systems often have strict
demands on alignment precision, which may be violated due to thermal varia-
tion, structural deformation, air turbulence, vibration, and other disturbances.
Automated alignment allows more efficient and flexible handling of optical sys-
tems, especially those that are not easily accessible, such as space instruments

and autonomous, remote, ground-based systems.

Most of the current automated alignment methods map wavefront errors to
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misalignments. Early computer-aided alignment methods used interferome-
ters to measure the wavefront at multiple field points and adjust the mirrors
based on Zernike sensitivity on misalignment to achieve the alignment goals
[23,122]. This method only works, however, in the linear range of the sensitiv-
ity matrix and will deteriorate in accuracy with large misalignments. To solve
this problem, a reverse optimization method using merit function regression
(MFR) was developed for faster and better convergence in iterative alignment
processes. This approach used the embedded nonlinear optimization process
in the optical design software ZEMAX to minimize the merit function repre-
senting the wavefront error measured by inteferometers [121, 50]. One can also
use a Shack-Hartmann wavefront sensor for closed-loop alignment and control
of an optical system in much the same way as an interferometer, with the ad-
vantage of vibration insensitivity, fast measurement, and ease of use [82], but
with a trade-off in sampling size. These methods all use multi-field wavefront
sampling and find reliability issues in multi-component alignment problems
due to the intrinsic degeneracy and neglected non-linear coupling relationships
between alignment state parameters. Differential wavefront sampling (DWS)
was proposed to express the derivative of the wavefront with respect to the
alignment states as a series expansion, where higher order terms contain non-
linear couplings between alignment parameters. By deliberately perturbing the
system and solving a set of differential equations, a more accurate estimate of
multi-component alignment states was achieved [55,/56]. This method was later
integrated with multi-configuration MFR optimization to further improve its
alignment estimation accuracy [84]. Hinrichs and Piotrowski [43] trained neural
networks on the relationship between misalignment and wavefront errors. They

added as-fabricated element wavefront errors into the optical model to help the
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neural network distinguish between coupled DOFs such as tilt-induced decen-
ter. Instead of taking a numerical approach, Gu et al. [34] developed an align-
ment model based on nodal aberration theory and derived analytical expres-
sions for aberration field decenter vectors and boresight errors. Besides wave-
front sensing, other automated alignment techniques exist for various optical
systems. Computer vision has been used for repeated detection of semiregular
features and continual realigning of coronagraph components [100]. Precision
alignment of optical fibers utilizes optical power sensing or telecentric stereo

microvision [17].

Although dedicated wavefront sensors or interferometric devices provide accu-
rate multi-field wavefront measurements, they increase the cost and complex-
ity of the optical system, decrease optical throughput, and most importantly,
introduce non-common path error. Alternatively, wavefront sensing schemes
employing internal sensors eliminate such concerns by trading off wavefront
estimation accuracy. Common focal plane wavefront sensing methods involve
pupil plane masking, multiple detectors, moving cameras or tunable lenses to
introduce phase diversity and sense full-field wavefront aberrations [48]. Our
technique is based on utilizing the existing focal plane sensor in an optical sys-
tem for wavefront sensing so as to save resources and space. This also makes

our alignment approach more easily integrated into other optical systems.

The aforementioned self-aligning methods, such as wavefront sensitivity on
misalignment, DWS, and neural networks, all depend on some predetermined
relationship between misalignment and wavefront errors and do not account

well for model uncertainty, structural instability, real time wavefront variations,
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positioning error and sensor noise. Therefore, an iterative misalignment identi-
fication and rectification process based on these approaches may become less
stable when encountering such uncertainties and would be limited by addi-
tional alignment residuals. Riggs et al. [96] used an iterated extended Kalman
filter to increase the system’s robustness to large uncertainties and enable fast
recursive wavefront correction in high contrast imaging. Lou et al. [62] used a
Kalman filter to compensate for the system wavefront error and to improve the
James Webb Space Telescope’s (JWST) fine phasing process under large optical
misalignments. This work likewise will use several variants of Kalman filtering
to handle the nonlinearity in the misalignment to wavefront mapping and to
achieve optimal estimation of misalignment states under various noise condi-

tions and uncertainties.

Our lab has previously demonstrated an automated alignment technique on
multi-element refractive systems using pure focal plane sensing and optimal
state estimation [22]. However, because lenses and mirrors are very different
in terms of geometry, actuation mechanisms, and sensitivity to aberrations, the
previous technique does not directly apply to reflective systems. Off-axis and
aspheric elements, in particular, impose extra difficulty in alignment, due to the
lack of rotational symmetry, non-orthogonal adjustments, the cross-coupling be-
tween focus change and lateral image motion, and the optical axis being non-
parallel to the gut ray. In this chapter, we adapt and extend these earlier refrac-
tive system techniques to align multi-element reflective systems with off-axis

parabolic mirrors (OAPs).
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2.2 Model and Methodology

Our automated alignment scheme is shown in Figure 2.1} expressed in the form
of a control diagram. The plant is the optical system modeled in Figure in
which the OAPs are misaligned and need to be corrected. The sensor is the CCD
camera in Figure[2.2|and captures focal plane images during the alignment pro-
cess. Inputs ¢(¢) and v(¢) are the process noise and the sensor noise respectively.
Images are processed to extract key features as the system performance mea-
surements y (Equation 2.3). The Kalman filter takes in the measurements and
provides optimal estimation of the misalignment states x (Equation 2.1I). The
optimal control inputs u (Equation 2.2) are then calculated by a linear quadratic
regulator to correct for the misalignment. Overall, the system goes through a
closed-loop, iterative misalignment identification and rectification process. In
this section, we present the details of the optical model and alignment strategy

based on Karhunen-Loeve (KL) transform and optimal state estimation.

q(1) (1)

| |

Plant Sensor — Image Processing | Kalman Filter

-L

Figure 2.1: Schematic of our automated alignment technique using closed-
loop control

2.2.1 Optical Model

Our optical system features two relaying OAPs and 10 DOFs. We modeled and
optimized the virtual system in Zemax OpticStudio 2018 (Figure and built

the actual system in lab (Figure [2.13). The overall design represents a typical
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reflective system and makes it applicable to generalize our alignment method

to many other finite conjugate imaging applications.
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Figure 2.2: The optical system modeled in Zemax OpticStudio.

We mount the two OAPs on motorized translation and tip-tilt stages to control
their position and orientation. Each OAP can move along all 3 axes and rotate
about the x and z axes. We define the vector x to include all 10 misalignment
states:

x = [Dy, Dyl’ Dzla T, sz D, Dy2’ DzZ, T, Tz2]T (21)

where the decenter D;; is OAP j’s translation along the i-axis and the tip-tilt 7;;
is OAP j’s rotation abount the i-axis. Rolls Ty, and T,,, which are the rotations
about the y axis, are neglected because the OAPs are fixed in this direction. We
assume the rest of the optical system is perfectly aligned and fixed while intro-
ducing an initial misalignment to x. Our goal is to control the motorized stages
so that x converges to 0 and the system realigns. We define the control command
as

u= [ADXI’ ADyl’ ADZI, ATxb ATZI, ADxZ, ADyZ’ AD227 ATx27 ATZZ]T (22)
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The optical system is designed as follows: The collimated light source consists
of a monochromatic laser source, a collimator and a neutral density filter. The
beamsplitter splits the Gaussian beam into an on-axis beam (blue) and an off-
axis beam (green). The off-axis beam forms an angle of 1.5108° with the on-axis
beam and the center of the two beams rejoin at the center of the concave lens.
The concave lens is positioned such that the virtual images of the two beams
are in the focal plane of OAP1. The configuration ensures that both beams form
diffraction-limited spots in OAP2’s focal plane. The CCD is offset along the opti-
cal axis by 5 mm from OAP2’s focal plane to introduce defocus for better imag-
ing and feature detection. Currently, only the on-axis beam is used for image
sensing and closed-loop alignment. The off-axis beam is not actively involved
in the control loop, but rather is used for algorithm performance verification
and repeatability testing. The optical components are modeled after off-the-
shelf products summarized in Table We choose two OAPs with different
focal lengths to induce more distinctive behaviors from each and thus reduce

the multi-state coupling effect (Section[2.5.1)).

2.2.2 Image Processing

Misalignment of the OAPs introduces wavefront aberrations, which further
cause intensity aberrations in images. To understand the image aberrations
under stochastic optical misalignment, we simulate 10,000 focal plane images
using Zemax Physical Optics Propagation (POP) by setting the misalignment
vector x to random values using the uniform distribution {D;;} ~ U(-1,1) mm
for translations and {7} ~ U(-0.2,0.2)° for rotations. These ranges were chosen
to allow maximum travel while confining the beam within the sensor field of

view.
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For each configuration x, Zemax POP outputs the position (Cy, C,) of the chief
ray in the sensor frame to capture the lateral image motion, and a high reso-
lution local frame image to capture the focal distortion. To quantify the beam
variation, we interpolate the local frame images into 250 x 250 pixel images,
max-min normalize them and apply Karhunen-Loeve (KL) transform [93] [107]
for dimension reduction (see Section 2B in Fang and Savransky 2016 [22] for
mathematical details). We decompose each image into a weighted sum of KL
modes and we choose the first 50 weights {w;,i = 1,2, ...,50} as the low dimen-
sional representation of the local frame images to better match the dimension of

X.

The KL modes are a set of eigenimages of the optical system. Unlike Zernike
or Fourier decomposition, the KL transform, being a variant of principal com-
ponent analysis, enables image compression in the most energy compact way
by minimizing the L2 loss function of the reconstructed image given the same
number of modes used [93]]. Due to the radial symmetry of the system, the ma-
jor KL modes in this case closely resemble Zernike modes. Figure 2.3|shows the
first 12 KL modes. We can see that modes 1 and 2 resemble defocus; modes 3
and 4 look like secondary astigmatism; modes 8 and 9 resemble higher order
Zernike polynomials; modes 5 and 7 have oval envelopes that are a common

feature of parabolic mirrors.

We define our system measurement vector y to include the spot center position
and the KL weights:
y = [Cx, Cy,Wl,Wg,...,Ws()]T (23)
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2.2.3 Measurement Function

Reverse optimization [63,49] is the process of optimizing the system variables,
in our case x, by matching the system performance measurement, in our case y,
to a model. As part of our reverse optimization process using Kalman filtering
(Section , we model the measurement function § = h(x), where the predicted

value y differs from the simulated value y due to a fitting error e = § — y.

To model the relationship between optical misalignment and focal plane im-
ages, we simulate another 20,000 images using the same method as in Section
and partition them into a 14,000-sample training set and a 6,000-sample
testing set. Figure 2.4 shows a scatter plot between x and the first 8 elements

in y. To capture the nonlinearity in the scatter, we choose to use a second-order
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polynomial

N
yj=nhjx) = Z Z ajix;x; + Z bjixi +c; (2.4)

N N
i=1 I=1 i=1

where each nonlinear function /#; maps the misalignment states x to the j-th
element in §, and N = 10 is the number of misalignment states. We perform a

nonlinear least-squares fit on the training set using the Levenberg-Marquardt

algorithm [92] to find h(-).

To model the fitting error covariance, we assume e as unbiased and define an

error matrix containing the error for each testing sample

E=(e1 e .. enm,) (2.5)

where n,,; = 6000 is the testing set size. The error covariance of the measure-
ment function, R;,, which will be part of the observation error covariance R

(Equation in the Kalman filter, is therefore

R, =EE" /(n,y - 1) (2.6)

2.3 Optimal Estimation and Control

We use Kalman filtering to achieve optimal estimation of the misalignment
states and a linear quadratic regulator to achieve optimal control of the actu-

ators.

Kalman filtering is widely used in optical state estimation and wavefront con-
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Figure 2.4: Scatter plot matrix between misalignment states x and mea-
surements y in the training set. The units are mm for D;; and
degrees for T;;.

trol to increase the system robustness to uncertainties, such as modeling error
and structural instability. It uses a series of observed measurements, combined
with statistical models of noise, to produce optimal estimates of unknown vari-
ables. The algorithm works recursively in a predicting and updating process.
The filter first predicts the current state variables, along with their uncertain-
ties, using the previous state estimate and known system dynamics. Once the
measurement is observed, the filter updates its prediction using an uncertainty

weighted average between dynamics and observations.

We assume the following discrete, time-invariant state-space representation of

the system [111]
X, = Fxi_1 + Buy + qu (27)
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Yi = h(x;) + Dry (2.8)

where £ is the iteration step. The state transition matrix F, the control input ma-
trix B, the process noise transition matrix G and the measurement noise transi-
tion matrix D in our case are all taken to be identity matrices. Kalman filtering
assumes Gaussian noise, so we model the process noise as g, ~ N(0, Qy) and the
observation error as r; ~ N(0, R). The process noise is associated with actuator
precision and is modeled as a percentage error according to the stage specifica-

tions. The observation error consists of many error sources:

R = Rh + Rmeas + Ralign + Raptics + Rsampling + .. (29)

where R,,.., is caused by image noise, R, is caused by the manual alignment
error in the rest of the system, R, ., is caused by optics manufacturing error,
and R ,npine is caused by finite image sampling in both simulation and exper-
iments. R,.. is affected by the sensor noise v(¢) (defined in Figure , laser
fluctuation and vibration. We estimate R,,,, by collecting images at different
tield points and analyzing the static variation. R, is technically a bias but we
model it as an error due to the lack of system identification tools. We estimate
R ii;n by simulating the misalignment effect of the upstream optics. We neglect

other less significant error sources.

Our dynamics (Equation[2.7) are linear but the measurement function (Equation
is not, so we use the nonlinear variants of the Kalman filter. The iterated
extended Kalman filter [111] (IEKF) and the unscented Kalman filter [46)] 45]
(UKF) are extensions and generalizations of the original Kalman filter that work

better with nonlinear state-space models. We apply and compare IEKF and UKF
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on misalignment state estimation. We also apply the information filter [106] (IF)
for observability analysis in Section We introduce the three filters in the

following sections.

2.3.1 Iterated Extended Kalman Filter

The IEKF uses local linearization of the state-space model (Equation [2.12) and
follows the typical algorithm below. At each predicting step, we estimate the

state x and its covariance P based on dynamics:

X1 = FRi_1k-1 + Buy (2.10)

Py1 = FPk—]Ik—lFT + Ok (2.11)

At each updating step, we linearize the measurement function k(-) by taking its
Jacobian H, calculate the Kalman gain K and update the state and its covariance

estimates based on observations:

=" (2.12)
0X |3,
K, = Py H[ (H Py H] + R)™' (2.13)
R = X1 + Ky (2.14)
Py = (I — KiH) Py (2.15)

where j, is the actual measurement. The IEKF ensures convergence of & dur-

ing each update step by iterating through Equation to Equation until
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the quadratic cost function, defined as
| . I . 1 . . N N
J = E(xklk = Rigpet)” Prgjoy R — Rager) + E(yk — h(24) G — h(Rie)) (2.16)

is minimized.

2.3.2 Square-Root Unscented Kalman Filter

The UKEF uses the unscented transform to estimate the first two moments of the
states without computing the Jacobians, so in theory the UKF has better perfor-
mance than an IEKF when the system is highly nonlinear. We use the square-
root UKF algorithm (SR-UKEF) for state estimation [114] to enhance numerical
stability and to ensure positive semi-definiteness of the covariance matrices. In

Section 3, we present and compare filter performance on our system.

2.3.3 Information Filter

We choose to implement an information filter (IF), which is another variant of
the KF and has more efficient observability computation. This is because the
observability matrix for an IF can be computed offline and we have more mea-

surements than states. The IF is carried out in the following recursive steps

[106]:
Xik—1 = FxXp_1p—1 + Buy (2.17)
Tipr = Q' = Q' F(T iy + FTQ'FY'FT Q! (2.18)
T =T + H R H, (2.19)
Ki = I,y H{R' (2.20)
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Xk = X1 + Ki(ye — HiXpgpe—1) (2.21)

where £ is the filter step. u is the control input. y are the measurements. 7 is the
information matrix and is defined to be the inverse of the covariance of x. The
state transition matrix F and the control input matrix B are taken to be identity
matrices. H is Jacobian of the measurement function. K is the Kalman gain. Q

is the process noise covariance and R is the measurement error covariance.

2.3.4 Linear Quadratic Regulator

Once we have the optimal state estimates at each iteration step, we apply
the linear-quadratic regulator [111] as our optimal controller. We define the

quadratic cost function as our control performance index

J=

NgE

f,{le/f]dk + u,{R'uk (222)

=
Il

1

where Q" and R’ are the weighting matrices on the costs of state deviations and
control effort respectively, both defined to be identity matrices. The feedback
control law that minimizes the cost is

u=-Lx (2.23)

where L is the control gain matrix calculated by solving the algebraic Riccati

equation related to Equation [2.22]
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2.4 Simulation

2.4.1 Results

We simulate the alignment process in MATLAB R2021a and Zemax OpticStudio.
The above mentioned image processing and optimal estimation and control al-
gorithms are hard coded in MATLAB while the optical model is in Zemax. Mat-
lab interacts with Zemax through Zemax AP], including generating motions in

the motorized degrees of freedom and retrieving focal plane images from POP.

Figure [2.5/ shows the statistics of the simulated performance of our alignment
algorithm using IEKF. SR-UKF and IF have similar performances. For each sim-
ulation, we introduce a random initial misalignment {D;;} ~ U(-1,1) mm and
{T;;} ~ U(=0.2,0.2)° to match the estimated manual alignment error. At early
iteration steps (k <= 25), instead of feeding back the state estimate as the control
input, we give random control commands to the motorized stages to increase
phase diversity. During the random walk, the Kalman filter keeps predicting
and updating and thus accumulates an internal knowledge of the phase. If
we were to apply feedback control at the very beginning, the system would
quickly converge to a local optimum and the magnitude of the state perturba-
tions would be insufficient to produce enough phase diversity for correct wave-
front reconstruction. We set the random walk steps to 25 and the magnitude
to {D;;} ~ U(-1,1) mm and {7;;} ~ U(-0.2,0.2)°. For further discussion of this

algorithm design see the observability analysis in Section[2.5.2]

Once the closed-loop linear-quadratic feedback control starts at step 26, the

amount of misalignment decreases quickly by several orders of magnitude in
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approximately 30 steps and then converges to a stable value in approximately
100 steps. The standard deviations follow the same trend. Table [2.1|shows the
statistics of the final misalignment states. Both IEKF and SR-UKF are able to
consistently regulate the linear misalignment down to < 5 yum and the angu-
lar misalignment down to < 6 arcsec in absolute values, and maintain the con-

verged states in closed loop.
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Figure 2.5: Simulated alignment performance, based on 67 tests using
IEKEFE. (Top) The RMS values of true misalignment states (x = 0
is the perfectly aligned case) at different iteration steps. (Bot-
tom) The standard deviation of the residuals. Note that there is
overlap between Dy, and D, between T, and T, and between
T., and T;;. The random walk steps are only shown for D,; and
T, for neatness.
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Table 2.1: Root-mean-square values and standard deviations of the mis-
alignment states after 200 iteration steps for 67 IEKF tests and 5
UKE tests

State IEKF RMS residual SR-UKF RMS residual

Dy, 0.26 + 0.09 um 0.11 + 0.075 um
Dy, 41+1.9um 4.2 + 2.3 um
D, 42 +1.9um 4.6 £ 2.8 um
T4 5.6 + 2.6 arcsec 5.7 + 3.1 arcsec
T, 2.9 + 1.0 arcsec 1.2 + 0.80 arcsec
Dy, 0.40 + 0.14 um 0.17 £ 0.12 um
Dy, 32+ 14um 32+ 1.7 um
D, 23+ 1.0 um 24 +1.4 um
T 5.6 + 2.6 arcsec 5.7 + 3.1 arcsec
T, 2.9 + 1.0 arcsec 1.2 + 0.83 arcsec

2.4.2 Alignment Quality Assessment

We evaluate the simulated final alignment quality through analysis of image
residuals and wavefront errors and summarize the statistics in Table Figure
and Figure[2.7] Table[2.2]shows the lateral deviation of the spot in the global
frame. Figure [2.6|shows the focal distortion of the on-axis and the off-axis spots
in the local frame. The image residual is 4 orders of magnitude lower than the
benchmark irradiance. Figure 2.7|shows the on-axis and the off-axis wavefront
in the focal plane. The final wavefront aberration is dominated by piston, Y-tilt,
defocus and vertical astigmatism, and is also 4 orders of magnitude lower than

the benchmark wavefront.

Although we are only observing the on-axis spot during the closed-loop control,

30



Table 2.2: Statistics of the spot center deviations after 200 iteration steps
for 67 IEKF tests

Measurement RMS residual

Cronaxis  0.19+0.19 nm

Cy on-axis 20+ 24 nm
Cx,off—axis 92 £ 31 nm
C y,0ff-axis 66 + 33 nm
On-axis Spot Benchmark 10 On-axis Spot RMS Residual On-axis Spot Residual Std
-0.4 25 0.4 -0.4 1.5
T i e
-0.2 2 570.2 E -0.2 E
B = -
0 “ w0 © 0 o
151 151 15
- 5 05 =
0.2 2 02 2 02 S g
05 5 = =
0.4 0 0.4 0.4
04 -02 0 02 04 04 -02 0 02 04 04 -02 0 02 04
Off-axis Spot Benchmark x10* Off-axis Spot RMS Residual Off-axis Spot Residual Std
-0.4 -0.4 -0.4
25 4 o 2 o
-0.2 2 E -0.2 5 E -0.2 s £
3 = Tz
0 1.5 % 0 o 0 [
2 2 2 1 g
1= = =
0.2 0s g; 0.2 1 E 0.2 0.5 E
0.4 0 04 04
04 -02 0 02 04 -04 -02 0 02 04 -04 -02 0 02 04

Figure 2.6: Final image quality. The benchmark (left column) is the per-
fectly aligned case. The RMS residual (middle column) and the
standard deviation (right column) are evaluated after 200 iter-
ation steps for 67 IEKF tests. The x and y axes are in units of
mm.

the image sharpness of the off-axis spot indicates good image quality outside
our narrow field of view. It also suggests that the on-axis spot alone is sufficient
for focal plane sensing and alignment with linear accuracy of 5 um and angular

accuracy of 6 arcsec.
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Figure 2.7: Final wavefront quality. The arrangement is the same as in Fig-
ure2.6] x and y are in relative units.

2.5 Observability Analysis

2.5.1 Multi-State Coupling

Inspecting Table [2.1] Table 2.2]and Figure[2.7]brings up an important question:
Why are the final image and wavefront accurate up to nanometers when the
alignment is off by microns? The answer is a multi-state coupling effect [55]
that causes different misalighment states to have compensating effects in mea-

surements, thus making the system poorly observed.

If we look at a single test case and plot the estimated states and uncertainties

compared to the true states, as shown in Figure we can see the filter con-

sistently underestimates the amount of misalignment and even the uncertainty
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for T,;. This means the filter has converged to a local optimum, which is nearly
identical to the global optimum in the measurement space. Figure[2.9shows the
estimation error (the difference between the estimated state and the true state)
of all misalignment states in the same test. We notice 2 groups of coupled states:
D,i, Dy, T, and T, share a similar trend once the closed-loop feedback control
starts. The same is true for the other 6 states: Dy, Dy,, D.;, D, Ty and Ty.
These couplings are also manifested in the overlapping between pairs {D,;, D},
{T\1, T} and {T,, T} throughout the alignment iterations, as shown in Figure
Figure 2.4 shows the linear dependency between adjacent columns: pairs
of {D,1, Dy}, {Dy1, Dyo}, {D.1, D}, {Ty1, T} and (T, T} either have similar and
opposite effects on y. Though we deliberately designed the 2 OAPs to have dif-
ferent focal lengths, they still preserve a lot of symmetry in their DoFs along the
same axis. The linear dependency implies that the measurement jacobian H,
which is derived from Figure 2.4/ and used in the filtering algorithm, could be
singular or close to singular for certain values of x. As a result, the multi-state
coupling effect introduces modeling error and is the dominating factor that pre-

vents the Kalman filters from further convergence.

2.5.2 Observability

In order to further understand the multi-state coupling effect, we evaluate the
observability [111] of our system. Observability is a measure of how well inter-

nal states of a system can be inferred from knowledge of its external outputs.

The observability matrix at time step k of an information filter for a nonlinear
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Figure 2.8: Filter performance in one typical IEKF test. The estimated mis-
alignment values (blue), the estimated estimation error (red)
and the true misalignment values (green) are shown for rep-
resentative misalignment states. The other states have similar
patterns. Absolute values are shown.
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Figure 2.9: Absolute state estimation error in one typical IEKF test. There
is overlap between T.; and T, and between T, and T,.

system is given by [119]

O =

H,

H)F,

»Hka_l ”'Fl,
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where H and F follow the definitions in Section The scaled observability
Gramian is defined as

0. = 0I'R.'0, (2.25)

where R, is the augmented version of R, to match the dimension of Oy. [44]
We take the eigenvalues and eigenvectors of 07! and rank the eigenvectors by
their eigenvalues, among which large eigenvalues indicate poor observability
for the corresponding eigenvector. [38] We plot the scatter of the eigenvectors
with lowest observability in different IF tests (Figure and notice some con-
sistency regardless of the initial misalignment and the random walk. First, there

are two groups of coupled states and their ratio follows the relationship:

Dxl . sz . Tzl . Tzz =1.0:-16:3.0:3.0
(2.26)
Dy :Dy:D; :Dy: Ty : Ty, =27:20:26:14:-1.0:-1.0

which matches the grouping and the relative magnitude of the estimation er-
ror in Figure This means that this eigenvector indeed dominates the state
estimation error. Second, the values of D,,, Dy, D.i, D, T,; and T, are highly
clustered, with dispersion 2 orders of magnitude lower than the stage move-
ment. Thus we can express the eigenvector with lowest observability in the

form of

1 ~ [0 mm, 0.57 mm, 0.55 mm, —-0.21°, 36°, —1.66 mm, 0.43 mm, —0.30 mm, —0.21°, 36°17
(2.27)

where § < 0.012 is a perturbation variable that matches the dispersion in D,

D,,, T;; and T,,. When the stage movements are proportional to 7, the Kalman

tilter finds it hardest to capture the difference in measurements. This suggests
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that to better observe the system, we can potentially break the coupling by ma-

neuvering the states separately and by an amount disproportional to 7.
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We plot the histogram of the pairwise projections (dot products) between the
worst observed eigenvectors in Figure All the projection values are close
to 1, meaning the most poorly observed eigenvector remains nearly constant

regardless of the initial misalignment and the control history and is intrinsic to

the system.
100
80 | 1
S 60F
3
g
B a0t
0.994 0.996 0.998 10 0.2 04 06 08 1

Worst Observed Eigenvector Best Observed Eigenvector

Figure 2.11: Histogram of pairwise dot products between the most poorly
observed eigenvectors (left) and between the best observed
eigenvectors (right) after 50 time steps for 25 filter test runs.
A dot product of value 1 means the two eigenvectors are the
same. A dot product of value 0 means the two eigenvectors
are orthogonal.

We apply the same analysis to the eigenvectors with the highest degree of ob-
servability (Figure 2.11). Unlike the worst observed eigenvectors which are ap-
proximately equal to each other, the best observed eigenvectors have two clear
clusterings because the projections have values of exactly 1 or 0. Moreover, the

two eigenvectors have equal significance because of the similar frequencies at 1
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and 0. The most commonly best observed eigenvectors are

Nmaxop.t = [—0.199 mm, 0.016 mm, —0.0012 mm, 0.078°, 0.593°, (
2.28)

- 0.332 mm, —0.024 mm, 0.0012 mm, —0.088°, —0.696°]"

and

Mmarona = [0.024 mm, 0.131 mm, —0.0095 mm, 0.641°, —0.073°, (
2.29)

0.040 mm, —0.193 mm, 0.0095 mm, —0.721°,0.085°]"

Stage movements proportional to i,..0p would induce variation in measure-
ments that are easiest to capture. To increase the overall observability of the
system, we can potentially divide the states into different combinations without
coupled pairs and observe the combinations separately. Alternatively, we can
control the stage movements to be proportional to the well observed eigenvec-

tors.

2.5.3 Algorithm Design

In our filter test runs, the observability matrix is full rank at every time step,
which means all the states are observable throughout the filtering. However,
considering the existence of the multi-state coupling effect, the rank does not
tell how well the states are observed. Therefore, we assess the degree of observ-

ability OD using the scaled observability Gramian

\Y, /lmin (O_k)
\ ﬂmax(O_k)

0D, = (2.30)
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where A(-) means the eigenvalue of (-) and Ry is the augmented observation error
covariance matrix matching the dimension of O,. OD € [0, 1] and a larger value

of OD means better observability.

At early filtering steps, instead of feeding back the state estimate as the control
input, we give random control commands to the motorized stages to increase
phase diversity. If we were to feed back the state estimate as the control input at
the very beginning, the system would quickly converge to a local optimum and
the state perturbations would be insufficient to produce enough phase diversity
for correct wavefront reconstruction. The amount of perturbations required de-
pends on the initial guesses of the state and its covariance. In our algorithm,
we set random control input {AD;;} ~ U(-1,1) mm and {AT;;} ~ U(-0.2,0.2)°
for the first 25 steps and start the closed-loop linear-quadratic feedback control
at step 26. Such settings were based on our past simulation and experimental

experience.

Figure shows how the degree of observability change at different filter
steps. Initially, the random walk quickly increases the OD by approximately
1.5 orders of magnitude, meaning the Kalman filter is accumulating an inter-
nal knowledge of the phase without correcting for the misalignment. Then the
growth slows down and the OD universally passes the maximum value by step
25, meaning the system knowledge provided by the random walk has saturated.
Therefore, the current settings for the random walk appear to be optimal. Once
the feedback control starts, the misalignment states start to converge and the
observability decreases monotonically, indicating that the random walk should

not be ended too early.

40



%107

1 T
Hybrid model
Single model
208t
2
=
é 067
et
o
kS
= 04
L5}
u
7
0 0.2
0 ' : ' '
0 10 20 30 40 50

Step

Figure 2.12: RMS degrees of observability with one-sigma confidence in-
terval in 25 IF test runs using single measurement model and
hybrid measurement model respectively.

Because the optical system is nonlinear, we use a hybrid model estimator in-
stead of a single model estimator for better converge. The hybrid model es-
timator involves multiple measurement functions derived for different mis-
alignment range and the filter linearizes different models depending on the
current state estimate. Initially we use the measurement function derived for
{D;;} ~ U(=1,1) mm and {T;;} ~ U(-0.2,0.2)°. Once the feedback control starts,
we constantly check the state estimation. If the estimated states get within
{Djj} ~ U(=0.01,0.01) mm and {T;;} ~ U(-0.01,0.01)°, we switch to the mea-
surement function derived for this range. Figure compares the OD be-
tween when using the hybrid model and when using the single model for
{D;;} ~ U(-1,1) mm and {T;;} ~ U(-0.2,0.2)° only. The hybrid model shows
a slower decrease in OD, consistent with the fact that the hybrid model works
better than the single model in our simulation. These two estimators have the

same implementation of the random walk, so the OD difference in the first 25
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steps are numerical variations. We can potentially add more models for smaller

ranges of misalignment and push for further convergence.

2.6 Experiments

2.6.1 Experimental Setup

Figure shows the experimental setup where all the labeled components are
listed in Table The setup meets the mechanical constraints such as the dy-
namic range of the actuators and avoids potential vignetting from optics mount-
ing structures. We manually align all the components initially. In simulation,
every other DoF besides x is perfectly aligned and fixed while an initial mis-
alignment is introduced to x to match the estimated manual alignment error.
In experiments, manual alignment error exists in the rest of the system and can
theoretically be up to +1 mm for positions and +0.2° for orientations. Due to
poor knowledge of the positioning ground truth, we need to evaluate the final
automated alignment quality through repeatability tests by looking at the focal

plane image.

MATLAB interacts with the camera through a client and server model, shown
in Figure The server initiates the camera once and remains on standby,
constantly checking the registry until it receives a image request. The time cost
is around 2.5s per image. Mex file runs C++ subroutine in Matlab, uses the API
to control the camera and take images, but outputs image data in Matlab format.

MATLARB interacts with the actuator controllers through ActiveX®control.

42



K| Motorized
Stages

Figure 2.13: Experimental setup with red arrows tracing the beam path.
The two parts of the optical system are photographed sep-
arately and stitched together. The spacing between the two
photos is out of scale. [58]

Interprocess
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e Image request
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e Image re-
quest

e Image data
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N/

Server (C++)
e Camera API

initiation Camera
e Image ac-
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Shared Memory
e Image data
via file mapping
object

Figure 2.14: Diagram of camera hardware and software interface
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Table 2.3: Specifications of the optical components and devices

Components Model Description

Laser Thorlabs MCLS1-635  Wavelength: 635 nm

Collimator Thorlabs TC25FC-633  Beam diameter (1/¢%): 4.67 mm
Beamsplitter Thorlabs BS013

Fold Mirrors Thorlabs PF10-03-PO1  Protected Silver Mirror

Concave Lens Thorlabs LD1613-A Focal length: -100.3 mm

OAP1 Thorlabs MPD169-P01  Reflected focal length: 152.4 mm
OAP 2 Thorlabs MPD149-P01  Reflected focal length: 101.6 mm
Camera Apogee Ascent A694 ﬁl;fglysziefg 45 2)2252402 rg ixels
%g;cl%l{;zﬁegn Stages 1horlabs MT3-Z9

Tip-tilt Stages Thorlabs KM100

Tip-tilt Actuators  Thorlabs Z912B

2.6.2 Experimental Limitations

There are many factors, such as manual misalignment error in stationary com-
ponents and modeling errors, that contribute to focal plane image error. The
filter attributes all these external error sources to misalignment in x, resulting in

large state estimation errors.

Among all error sources, experiments and simulation show the filter perfor-
mance is extremely sensitive to the manual alignment error in T,;. This is funda-
mentally different from our automated refractive systems alignment [22] where
the corresponding optics are axisymmetric. Figure shows how the auto-

mated alignment residual increases with manual alignment error in 7, in simu-
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lation when every other DoF is perfectly aligned. When T, is small, the filter is
trying to compensate for T, by rearranging the OAPs into a slightly misaligned
state to minimize the perturbation of the on-axis spot and the wavefront error
in the system’s narrow field of view, according to the measurement function
[58]. However, when Ty, gets large, the amount of deviation required for the
OAPs exceeds the geometric constraints, the on-axis spot goes out of the sys-
tem’s field of view and the filter has to terminate early. The terminating step

gets progressively earlier as T, goes beyond 0.3°.

Currently, we are experiencing the same issue in experiments. The OAPs” DoFs
Ty, and T, are neglected in our automated DoFs (Equation [2.1)) because the cur-
rent within-the-budget off-the-shelf hardware does not support them to be mo-
torized. Instead, we put OAP 1 on a rotary plate to manually adjust T,;. We
evaluate the manual alignment of T, through its coupling with D,,. By per-
turbing both states simultaneously and tracing the center of of on-axis spot in
the focal plane, we try to constrain the manual alignment error in 7;. However,
because many factors are contributing to the state estimation error, we have not
achieved the manual alignment accuracy required to replicate our simulation
results in experiments. As a result, the filter currently has large estimation error
and would command large movements to the OAPs, causing the laser beam to
go off the optics. Once the filter completely loses observability, it has to abort.
We implemented inequality constraints on the iterated extended Kalman filter
using active set methods [106] to constrain the state estimation within reason-
able range but there was little improvement. Therefore, we conclude that our

experiment has reached its practical limits.
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Figure 2.15: (Left and middle) Simulated final alignment residual (abso-
lute value) when the filter terminates given different manual
alignment error in 7). (Right) Simulated step at which the fil-
ter terminates or is forced to terminate given different manual
alignment error in Ty;. The filter either terminate automat-
ically at the maximum step number 50 or when the on-axis
spot goes out of the field of view. The T, values are unsigned
because it has nearly equal effect on the absolute residual dis-
regarding the sign. The medians and the means are taken over
10 test runs for each T, value.

2.7 Conclusion

This study presents an innovative automated alignment method for reflective
optical systems using focal plane sensing, aimed at enhancing efficiency and
flexibility in optical assembly, alignment, adjustment, and maintenance. By
leveraging the existing focal plane sensor in an optical system, our technique
eliminates the need for dedicated wavefront sensors, reducing costs and com-
plexity while improving optical throughput and avoiding non-common path er-
rors. Notably, we applied our method to an optical system with multiple OAPs,
which introduce significant challenges in alignment and modeling. Our wave-
front control strategy employs several variants of Kalman filtering to effectively
address modeling errors, nonlinearity, noise, and uncertainties. Simulation re-

sults demonstrate that our automated alignment algorithm achieved a linear ac-
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curacy of <5 um, angular accuracy of < 6 arcsec and wavefront error of < 0.3 nm
(< 107" waves). This approach holds potential for application in optical systems
capable of tolerating such levels of alignment and wavefront errors. Further-
more, when combined with our lab’s previous work on refractive systems, this
method could be generalized to more complex optical systems comprising both

reflective and refractive elements.

The current theoretical alignment accuracy is constrained by the multi-state cou-
pling effect, wherein the measurement does not correspond to a unique set of
misalignments. Future simulation work will address these challenges by:

(1) Reducing the multi-state coupling effect by decoupling the stage movements
and assessing the performance through observability analysis.

(2) Improving the models by replacing the current measurement function with
convolutional neural networks to capture additional image features.

(3) Incorporating the off-axis beam as supplementary measurement.

Experimental limitations stem from the manual alignment accuracy of DOFs not
actively controlled by the algorithm. To mitigate this, we propose the following;:
(1) Evaluating and characterizing manual misalignment errors in 7, and other
system components using focal plane wavefront reconstruction methods such
as the Gerchberg-Saxton algorithm or interferometry.

(2) Enhancing filter robustness to system errors and uncertainties by refining
the process noise model and integrating sensor noise.

(3) Moditying the simulation to account for 7 as an additional DOF and em-

ploying a 6-DOF motorized stage, such as a hexapod, in future experiments.
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In conclusion, our work demonstrates a promising step toward the automa-
tion of optical system alignment, paving the way for broader applications in
advanced optical setups. By addressing current limitations and expanding the
method’s scope, we aim to further refine this technique for deployment in in-

creasingly complex optical systems.

Publications. This work is published in Li and Savransky 2020 [58], Li and
Savransky 2021 [59], and Li and Savransky 2023 [60]. Data underlying the re-

sults presented in this chapter are available in Li and Savransky 2023 [57].
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CHAPTER 3
CONTROL SYSTEM DESIGN FOR THE GEMINI PLANET IMAGER 2.0'S
ADAPTIVE OPTICS SYSTEM

3.1 Introduction

Adaptive optics (AO) enables real-time correction of wavefront distortions
caused by atmospheric turbulence, thermal gradients, optical imperfec-
tions, and other environmental factors in astronomical telescopes, delivering
diffraction-limited performance essential for high-contrast imaging. The com-
pensation for wavefront aberrations is achieved through a combination of three
key components: wavefront sensors, deformable mirrors, and control algo-
rithms. Wavefront sensors detect distortions by analyzing the incoming light,
while deformable mirrors adjust their surface shape to counteract these distor-
tions. Control algorithms coordinate these components, translating sensor data

into mirror adjustments with high speed and accuracy.

The effectiveness of an AO system heavily depends on the performance of its
control algorithms, which must handle the inherent complexities of real-time
operation in noisy, nonlinear, and uncertain environments. Over the years, nu-
merous control techniques have been developed to optimize the performance
of adaptive optics systems. Classical methods such as proportional-integral-
derivative (PID) controllers and least-squares optimization have been widely
used for their simplicity and effectiveness. However, as AO applications grow
more demanding, advanced techniques are increasingly employed. Kalman

filtering, model predictive control, and machine learning-based approaches
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have demonstrated significant improvements in handling system uncertainties,
noise, and computational constraints. These advanced methods enable AO sys-
tems to achieve higher correction bandwidths, better robustness, and greater

adaptability to complex operating conditions.

3.2 System Transfer Function Characterization

For GPI 2.0 AO upgrade, we retain GPI 1.0’s control philosophy and optimize
the control gain for the new pyramid WFS and the faster real-time computer
(RTC). Our hybrid continuous-discrete AO control system is represented by the
block diagram in Figure [97,189] In this context, we use e(¢) to denote vari-
ables in the continuous-time domain, e(kT) for the discrete-time domain, e(s) for
the Laplace domain after the Laplace transform, and e(s) for the Z-domain after
the Z-transform. In discrete-time domain notation, k refers to the step number

and T refers to the frame time.

V(1)
m res l meas kT
Patm(?) +O Bres(?) Wes) A/D Omeas(kT)
¢DM(I)L
e Tes D/A C(2)

Figure 3.1: Adaptive optics system control block diagram

The input turbulent wavefront ¢,um(f) is continuously compensated by DMs’
phase output ¢pm(?). The WES measures the residual wavefront ¢,.s() with sen-

sor noise v(t). The WES behavior can be characterized as an integration over one
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sampling period T, with a transfer function expressed as

1 _ e—Ts

Ts

W(s) = (3.1)
The RTC records the WFS signals, introducing a pure time delay, e, due to the
WES read-out time 7,. This process is represented by the A /D block, which con-
verts the continuous input wavefront into a discrete wavefront measurement,
®meas(kT). The discrete integral controller C(z) processes these measurements
and computes discrete control voltages for the tip-tilt stages and DMs. These
devices hold the computed voltages constant during each sampling period, T.
The behavior of the tip-tilt stages and DMs is modeled as a D/A converter with

a zero-order hold transfer function

1—eTs

Dis) = Ts

(3.2)

Although W(s) and D(s) share the same mathematical form, they represent dif-
ferent physical processes. Additionally, the system’s computational latency is
modeled as e™™* where 1. represents the total computational delay for one con-

trol loop iteration.

The AO operating conditions and performance specifications are summarized
in Table To meet these specifications, we utilize a discrete integral controller
with transfer function

€@ = 5 _gc - (3.3)

where c is the integrator constant and g is the control gain. Instead of a stan-

dard pure integrator (¢ = 1), we employ a leaky integrator with ¢ = 0.999 to

51



Table 3.1: Compare of GPI's and GPI 2.0’s AO control system specifica-
tions and estimated performance

GPI as built GPI 2.0 best case

Rate (kHz) 1 2
Read time (us) 664 330
Comp time (AOC) (us) 695 100
CT IC max gain 0.34723 0.48977
CT IC bandwidth (Hz) 50 139

gradually reduce the accumulation of the integral term over time. This method,
commonly used in adaptive optics, provides several advantages, including mit-
igating integral windup, improving stability by reducing oscillations, enhanc-
ing system responsiveness, and increasing robustness against disturbances and
noise. Meanwhile, g is mode-specific and optimized to meet stability margin

requirements.

3.3 Control Gain Optimization

To analyze the system’s stability margins, the system transfer function must be
expressed in continuous form. This involves converting the controller’s transfer
function from the Z-domain to the Laplace domain using the matched pole-zero
method, which approximates z = ¢*” [25]. We first rewrite the controller transfer

function in a form suitable for transformation

< Z
C=-5 = F (3.4)
Z—C z—e
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__log(c)
T

where a = . Next, we apply the inverse Z-transform to obtain the discrete-

time-domain representation of the controller

C(kT) = T (3.5)

Finally, we apply the Laplace transform to derive the continuous-time-domain

controller function

C(s) = (3.6)

s+a

It now becomes apparent that the effect of the controller is to add a pole at
s = —a in the Laplace domain, or equivalently, a pole at z = ¢ in the z-domain.
By choosing ¢ < 1 or equivalently a > 0, we place the pole within the region of
stability in the z-plane (for which is a unit circle centered at the origin) and the

s-plane (for which is the left-half plane).

We design and optimize the controller using classical frequency-domain control

theory. The open-loop transfer function L(s)

L(s) = W(s)D(s)C(e*)e )5 (3.7)

serves as a key tool for evaluating the stability and performance of the closed-
loop system. A higher L(s) value signifies improved tracking performance and
disturbance rejection, while a lower L(s) value indicates better sensor noise re-
jection and reduced actuator response. In our design, we prioritize tracking and

disturbance rejection at low frequencies and noise rejection at high frequencies.

The error transfer function (ETF), in our case the ratio between the residual
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wavefront and the input wavefront, characterizes the AO system performance
at different temporal frequencies. The ETF is directly related to the open-loop

transfer function
¢res(s) _ 1

ETFS) =4 9 = T+ L)

(3.8)

Since L(s) and ETF are only mathematical models of the process, they exhibit
discrepancy from the actual physical process, due to factors such as modeling
error, noise, system aging and deterioration. However, the closed-loop feedback
control inherently provides a level of robustness against such uncertainties and

changes. Additional stability is ensured through gain margin and phase margin.

Our control system design objective is to determine the optimal control gain g
for each mode while ensuring the system’s robustness against modeling errors
and noise. We choose our design specifications to maximize g, while maintain-
ing a gain margin > 2.5 and a phase margin > 45°, for each possible value of the
total time delay 7 = 7, + 7. (Please refer to Section[A.1|for the impact of stability
margins on closed-loop system behaviors.) The analytical expressions for the

open-loop gain and phase are

. _ 2g(1—cos(wT))

IL(iw)] = (T2 \J1=2¢ cos(wT)+c2 (3.9)
. _ —csin(wT) s(wT)—1

LLiw) = £ (7)) 42/ (SSelol) — 2wt (3.10)
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We formulate our constrained modal gain optimization problem as

Objective: ming(—g) (3.11)
Constraint 1: |L(g, w,7)| > 2.5 or |L(g, w, T)| < % Y/L(g,w,7) = 180°(3.12)

Constraint 2: ZL(g,w,7) > —135° Y|L(g, w,7)| =1 (3.13)

We summarize the optimized gain values for different system time delays in
Table Figure [3.2| compares the Bode plot of the best-case ETF in GPI 2.0 to
original GPI design. The results show an improvement in bandwidth from 50
Hz to 139 Hz, and a factor of 8 improvement in the rejection of slower signals
in terms of power, which corresponds to reductions in mean-squared error and

speckle intensity.

Table 3.2: Optimal loop gains at various delays

0.800 0.758 0.717 0.676 0.635 0.594 0.553 0.512 0.471 0.430

7 (ms)

g 0306 0319 0.333 0.349 0.367 0.385 0.407 0431 0.457 0.488

3.4 Conclusion

In this work, we establish a control system design pipeline, where key features
such as the error transfer function (ETF) and stability margins serve as essential
tools for analyzing and fine-tuning the GPI 2.0 AO response. Furthermore, the
results from this work are integrated into GPI 2.0 AO simulations [68], enabling
more accurate predictions of real-time closed-loop behavior and system perfor-
mance under the atmospheric conditions at the new site, Mauna Kea, Hawaii.

By combining the ETF with an atmospheric model, we demonstrated its ability

55



Bode Diagram

T B

Magnitude (abs)

—
OI
n
T
|

Phase (rad)
“
|

|

|

|
|

|
I

I‘ |

//

o
(4}
T
pd
]

o
T

\
I

10 10
Frequency (Hz)

-
o
[=]

Figure 3.2: Bode plot for GPI and 2.0’s error transfer functions. Blue: GPI
as built. Red: GPI 2.0 best case.

to predict the residual wavefront. Specifically, the contrast enhancement can be

quantified as follows:

VHawaii (Zi )
Zi \, N Hawaii (z)Az; X ‘ETFGPIZ ( T) ‘

contrast enhancement = (3.14)
VChile(Zi)
Zi \, NChl (ZI)AZZ 'ETFGPI T)‘

where i = 0, 1, ..., 25 represents the index of different atmosphere layers at alti-

tudes z;, C,Z\, denotes the structure function in the Kolmogorov power spectrum
used to model atmospheric turbulence, v is the wind velocity, and p is speckle
phase aberration mode length. This approach not only enhances our under-

standing of system performance but also provides a framework for optimizing
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GPI 2.0 AO operation in diverse environmental conditions, with a particular fo-
cus on Mauna Kea’s unique atmospheric dynamics. Future efforts may focus
on refining these models and incorporating real-time data from Mauna Kea to

further validate and optimize system performance.

Publications. This work is published in Madurowicz et al. 2020 [68]].
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CHAPTER 4
FOCAL PLANE WAVEFRONT CONTROL FOR THE GEMINI PLANET
IMAGER 2.0’S CALIBRATION SYSTEM

4.1 Introduction

Adaptive optics (AO) systems are designed to correct wavefront distortions
caused by atmospheric turbulence and optical imperfections, but residual wave-
front error persists due to various practical limitations, such as system temporal
lag, wavefront sensor noise, finite DM resolution, calibration errors, high-order
aberrations and instrumental limitations. These residual aberrations, which can
manifest as quasi-static, dynamic, or chromatic speckles in the image plane,
represent a significant source of error and limit the achievable contrast of the

instrument. ([10])

To address these limitations, it is essential to implement wavefront control di-
rectly at the final image plane. Various methods have been developed to achieve
this goal, including: classical speckle nulling by [112] and [6], pair-wise probing
with electric field conjugation (EFC) by [30] and [31], and implicit electric field
conjugation (iEFC) by [37]. Speckle nulling requires minimal system modeling
and calibration, but is time-consuming due to the need for numerous images,
particularly when paired with conventional science instruments. EFC, while
more efficient, relies on an end-to-end model of the optical system. Meanwhile,
iEFC requires a linearized model between the DM modal coefficients and the
modulated intensity measurements. Therefore, both EFC and iEFC are inher-

ently susceptible to modeling error.

58



As we introduced in Section GPI consists of three principal subsystems:
the adaptive optics system (AO), the infrared calibration system (CAL) and the
integral field spectrograph (IFS) science instrument. The CAL system is a high-
order wavefront sensing system downstream of the AO system, and plays a
critical role in compensating for AO residual wavefront error and non-common

path aberrations (NCPAs).

As part of the GPI2 upgrade, CAL2 is getting upgraded from the dual-arm inter-
ferometer design with a high-order wavefront sensor (HOWES) to a common-
path interferometer design featuring a Fast Atmospheric Self-Coherent Camera
(SCC). ([71], [73]) As shown in Fig. in the original CAL1 design, the focal
plane mask (FPM) was employed to pass the on-axis light (ref arm) while reflect-
ing the off-axis (sci arm) light. The two beams would interfere at the HOWES,
which was implemented to operate at a few Hz. However, the HOWEFS had
very limited performance due to the non-common path vibrations introduced
by the dual-arm configuration. The CAL2 upgrade will employ a new FPM
design to reflect both on-axis and off-axis light along a single optical path, lead-
ing to substantial vibration resistance. Furthermore, the HOWFS will be re-
placed with a Fast Atmospheric Self-Coherent Camera (SCC). The SCC enables
direct measurement of the focal plane electric field and integration of high-order
wavefront control into AO loop. With its low noise and significantly faster inte-
gration time, the SCC could potentially enable speckle correction within tens of

milliseconds and overcome the limitations of classical speckle nulling.

Therefore, we pursue classical speckle nulling as our method for focal-plane

wavefront control in this paper. Our objective is to leverage only the intensity
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Figure 4.1: Simplified schematics of GPI CAL1 and CAL2 design for com-
parison. CAL1 employed a dual-arm interferometer design
with a HOWEFS, while CAL2 will pursue a common-path in-
terferometer design featuring a SCC. ([71])

measurements provided by the SCC, and to establish a reliable backup strat-

egy for the high-order wavefront sensing and control framework based on SCC

electric field measurements. Section [4.2] outlines the theoretical foundation, in-

corporating principles from Fourier optics and feedback control theory. In Sec-

tion we describe the software tools used to simulate the residual wavefront

errors (WFE), the GPI2 model and our wavefront sensing and control strategy.

Section[4.5|evaluates the algorithm’s performance in terms of contrast improve-

ment and convergence speed. Finally, Section 4.6/ discusses the algorithm’s tol-

erance to misalignments and its optimization process.

4.2 Theory and Methodology

4.2.1 Focal-plane wavefront sensing

GPI follows the general formalism of an APLC which can be simplified into

four successive optical planes, as shown in Figure A. an apodized pupil
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downstream of and conjugate to the telescope entrance pupil and DM planes,
B. a focal plane with an occulting mask (FPM), C. a pupil with a Lyot stop, D.

the final image plane.

Lyot
Apodizer Focal Plane Stop
Mask A Detector
A B C D

Figure 4.2: General formalism of APLC.
We define the telescope entrance pupil function ®,,,;, the apodizer function
Dpodizer, the DM function ®py, the FPM transmission function ®rpy and the
Lyot stop transmission function ®@;,,. Assuming a wavefront ®,,,, arrives at the
entrance pupil, the electric field in plane A is
‘PA x (Dturbq)pupilq)DM(Dapodizer (41)
and the electric field in plane D is ([109])

Wp oc [F(Ya)Prpu] ® F (Dryor) (4.2)

where F () denotes Fourier transform and ® denotes convolution. Therefore,

the image in plane D is

Ip o< [¥pl* o< [[F(Prurs® pupit @ pat Paspodizer) Prpaa] ® F(Ppyor) (4.3)
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The FPM function ®py and the Lyot stop function ®,,, modify the Point
Spread Function (PSF) only in terms of amplitude and phase symmetrically. If

we decompose the turbulence ®,,,, into Fourier modes

(I)turb = Z ¢turb,i (44)

each sinusoidal wavefront ¢,,,,; would result in two symmetric peaks in 7. In
reverse, each speckle in the final image plane can be independently associated

with a sinusoidal wavefront of spatial frequency (k,, k,) at the entrance pupil
Puurpi(r) = B sin(ky;x + ky iy +1;) (4.5)

where r = (x,y) is the position vector in the optical plane. The turbulence ®,,,,

can be nullified if the DM can shape the opposite wavefront
DPpy = Z dpomi = Z G i(r) = — Z B; sin(k,ix + ]%y,iy + ;) (4.6)

where () denotes the estimated values through wavefront sensing. Below we
describe the process to estimate the four variables of each ¢py,;: amplitude B,

spatial frequency (k,,, k,;) and phase #; from one single focal-plane image.

According to Fourier optics, the mapping between spatial frequency (k,, k,) and

speckle position (Xpeckie, Yspeckie) Can be approximated by a linear model

Xgpeckle cosO —sinb| |k, X
peck = +d + ° 4.7)

Vspeckle sind  cosO ||k, Yo
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where d is a scaling factor internal to the optical system; the derotation angle ¢
and the optical axis offset (xo, y) are due to misalignment between the DM and
the image sensor. These parameters can be calibrated by inducing speckles from
benchmark DM shapes, following the steps in ([101]). We can then reverse the

equation to derive (ky, k;) from (X;peckie, Vspeckie)-

Next, we relate amplitude B to the speckle peak intensity at its geometric center

and by an exponential equation

2 ch(k2+k2
I(-xspeckle — X05 Yspeckle — )’0) = CllB etz( k) (48)

to capture the fact that as the DM approaches higher-order modes, its phase
shaping capability decreases due to its limited bandwidth in discrete sampling,
so the energy of the reproduced opposite speckle decreases. Because of the
linear relationship between (k., k,) and (x,peckies Yspeckie) in Equation @ we can

rewrite Equation {4.8|in terms of radial distances in the image plane

(2 2 2
I(rspeckle — ro) = ClBzeCZ(x.vpec/dc_'—}speck[e) = C]BZeczrspeck/e (4.9)

where ¢; and ¢, are scaling constants. We derive ¢, and ¢, by applying differ-
ent DM sinusoidal patterns with the same amplitude to induce speckles that
cover our region of interest (ROI) in the image plane. The radial distribution of
speckle intensity is shown in Figure[4.3] along with the intensity mapping model
derived from a least-squares fit. Now given the speckle intensity I(x,peckic, Yspeckic)

and position, we can reverse the equation to determine amplitude B.
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Figure 4.3: Radially-symmetric speckle intensity vs angular separation, in-
duced by DM sinusoidal patterns with different spatial fre-
quency and a constant amplitude of 10 nm. Blue dots are the
measurements from simulated images. Red curve is the least-
squares fitted model of Equation [4.9]

Last, the phase ; for destructive interference can be estimated from phase prob-
ing. We place 8 trial DM shapes ®,,; with 8 evenly-spaced trial phases 7’ be-

tween [0, 27)

q)dm,j = - Zi Ei Sin(]%x,ix + ]%y,iy + 77;)
. j=1,2,..8 (4.10)

n;=0,n/4,7/2,..,Tn/4

We take a focal-plane image for each ®,, ;. By relating the speckle intensity at
each position I;(Xspeckic,i> Vspeckie,i) tO 1, we can interpolate for the phase #; that

causes the most destructive interference. ([101]).

However, because of DM’s influence function and image sensor pixel crosstalk,
neighboring speckles have influence over each other and should not be cor-

rected simultaneously. Therefore, we iteratively prioritize the speckles based
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on their intensity and correct a limited number of them each time. Our method-
ology resembles with Fourier modal control, and allows fast Fourier-transform
reconstruction of the superposed sinusoidal wavefront patterns and direct con-

trol of specific regions in the image plane.

4.2.2 Closed-loop control

We apply a closed-loop wavefront sensing and control strategy, as illustrated in

Figure.

<I:'turb(t)

q)'re erence J« q)residual t Iima e
! +\ ® Optical System g

+
D (t)

Focal-plane Wavefront Sensing (A/D) }7

I ‘Wavefront Reconstruction }

DM (D/A) U Control

T(tn)

Figure 4.4: Closed-loop focal-plane wavefront sensing and control scheme

The control reference @, erence(t) is defined as a flat wavefront with no aberra-
tions. The incoming dynamic phase aberrations ®,,,(f), which arise from non-
common-path errors and residual errors of the AO system, acts as a disturbance
to the system. The deformable mirror introduces a corrective phase ®p(f), and
the superposition of all these three produces the residual wavefront @, ;g (?).
Although ®p(?) has a plus sign in the summation block, the system operates
as a negative feedback loop. This is because the DM applies a phase opposite
to the disturbance, aiming to minimize the residual phase and ideally drive it

toward zero.

This residual wavefront ®,,4..(t) propagates through the optical system and
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produces an intensity pattern ;...(f) in the image plane. This intensity mea-
surement is then processed by the focal-plane wavefront sensing and recon-
struction module, which converts the image-based measurements into theoret-
ical DM commands T(#,) intended to suppress the unwanted speckles created
by the residual wavefront. Due to the finite integration time of the camera, this

process effectively functions as an analog-to-digital conversion.

The controller then processes Y (t,) to compute the optimal DM command U(z,),
which is sent to the DM hardware. The DM updates its surface accordingly and
maintains its shape between updates, effectively acting as a digital-to-analog

converter with a zero-order hold.

For the controller, we employ a leaky integrator architecture.

U(ty) = f Ulty-1) + 8 T(tn) (4.11)

where f is the leaky factor and g is the integral gain.

The leaky integrator is commonly used in AO to reject large and slow distur-
bances like turbulence and compensate for modeling error, bias and uncertain-
ties. The traditional pure integrator with integral gain f = 1 is suited to correct-
ing for low order modes with high turbulence. Meanwhile, a leaky integrator
with f < 1 can better correct for high order modes with low turbulence, more
effectively reduce disturbance at low temporal frequencies and significantly re-
duce DM stroke without sacrificing the correction quality. ([1]) In our research,

we optimize the integral gain to be ¢ = 0.6 as described in Section and
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choose our legacy leaky factor f = 0.999 according to ([1]) to better suit our

application.

4.3 Preliminary Experiment

To validate our theory, we traveled to NRC - Herzberg Astronomy and Astro-
physics, Victoria, Canada, to conduct preliminary experiments on the under-
development Subaru Pathfinder Instrument for Detecting Exoplanets and Re-
trieving Spectra (SPIDERS), because CAL2 will utilize a similar architecture to
SPIDERS. [74] The main optical components on SPIDERS include a reproduced
Subaru entrance pupil, an Apodized Pupil Lyot Coronagraph (APLC), a 468
actuator ALPAO DM (circular with 24-actuator diameter), a pupil-plane Lyot-
based Low-Order Wavefront Sensor (LLOWEFS) and an SCC. [53] Our speckle
nulling algorithm is tested at 1.65 um wavelength with a 2% bandwidth, and
with an image integration time of 10 us. The speckle nulling algorithm is run in
parallel with the LLOWEFS while the SCC is disabled. The system has a residual
vibration at 200 Hz. The current initial contrast suffers from some defects in the

off-axis ellipsoid mirrors which will be replaced for deployment.

Limited by circumstances in the preliminary experiment, we (1) Use (, /) to an-
notate DM wavefront spatial frequency in the (x, y) direction, and measure the
spatial frequencies in terms of cycles per pupil; (2) Restrict our control space to
discrete, integer-valued spatial frequencies. Figure 4.5/ shows the 1-to-2 discrete
spatial mapping between the spatial frequency (k,/) in the DM plane and the
speckle location (x, y) in the image plane, consistent with Equation [4.7). We are
limited to spatial frequency € [-11, 11] to stay below SPIDERS DM’s Nyquist

frequency. Moreover, the color map of Figure 4.5/ captures the relative intensity
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scaling of each DM Fourier mode (Equation [4.8).
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Figure 4.5: Fourier modal control space. (Left) DM frequency domain. The
spatial frequencies are currently integer-valued in the range of
[-11, 11] due to the number of DM actuators available. We do
not attempt to control the highest or lowest spatial frequencies.
The calibrated focal plane intensity associated with each sinu-
soid is calculated and shown in terms of 1o contrast. (Right)
Image plane. The dot grid shows the full spatial extent of the
control space, where each dot is associated with one spatial fre-
quency (k, ).

We further tailor the experiment for SPIDERS by (1) Constraining our control
space to an IWA of 4 A/D to avoid the central obscuration due to the APLC, and
an OWA of 9 1/D to ease the DM effort at high spatial frequencies; (2) Ignoring
the rectangular regions that passes through the center which are contaminated
by large amplitude errors uncorrectable by speckle nulling. Figure 4.6/ shows
our final control space in DM’s frequency domain and the corresponding ROI

in the image plane.

Figure 4.7 shows an example crosstalk mask we apply to avoid simultaneous
control of the neighboring modes, and the mask translates to an annular region

around the speckle in the image plane.
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Figure 4.6: Further restricted control space from 4 to 9 A/D. (Left) DM fre-
quency domain. (Right) Image plane. The speckles with sig-
nificant brightness in the tilted narrow rectangular regions that
passes through the center are large amplitude errors not cor-
rectable by speckle nulling.
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Figure 4.7: Example of blocking out neighboring modes around the mode
being controlled to avoid crosstalk. (Left) DM frequency do-
main. (Right) Image plane.

We inject 5 pairs of speckles with purely real phases at the spatial frequencies
shown in Figure We apply a leaky integrator with a integral gain of 0.4
and an leaky factor of 0.999 to generate DM commands. Figure 4.9 shows the

improvement in the point spread function (PSF) after 9 iterations, and Figure
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shows the evolution of 1o contrast throughout iterations. We achieved a
maximal local contrast improvement factor of 3.2, validating that our algorithm

is capable of mitigating speckle noise.
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Figure 4.8: (Left) Injected speckles.
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Figure 4.9: (Left) Initial PSF with injected speckles. (Right) PSF at speckle
nulling iteration 9.

However, the amount of contrast improvement fell short of expectations, and
the large oscillations in the contrast vs. iterations curve in Figure indicates
that our system is suboptimal and unstable. The major error source turns out
to be the insufficient crosstalk mask size to fully occult a speckle. As a result,
our algorithm would misidentify one speckle as multiple duplicates and reach

wrong phase estimation. Moreover, discrete control space only allows coarse
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Figure 4.10: (Left) 1o contrast as a function of angular separation for dif-
ferent iterations. (Right) 1o~ contrast as a function of iterations
for different angular separations.

control of the image plane and significantly limits the achievable contrast. Such
findings led to our comprehensive system simulation, enhanced control strategy
with continuous control space, algorithm optimization and improved results in

the upcoming sections.

Publications. This work is published in Li et al. 2023 [61].

4.4 Simulation

GPI 2.0 coronagraph is modeled using GPIPSFS: GPI Point Spread Function
Simulation Toolkit (developed by [86]) using Fraunhofer diffraction. The Gem-
ini telescope primary mirror follows the standard design of a Cassegrain tele-
scope. The DMs operate in a woofer-tweeter configuration. The woofer DM
provides high-stroke, low-spatial-frequency correction, while the tweeter DM
provides low-stroke, high-spatial-frequency correction. The woofer DM is a
9 X 9-actuator piezo-electric DM with a calibrated single-actuator stroke of +3.4

pum around bias voltage. The woofer is mounted on a tip-tilt stage with a cali-
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brated single-axis stroke of +1.8 arcsec around bias voltage. The tweeter DM is
a 48 x 48 subregion of the 64 x 64 microelectromechanical system (MEMS) mir-
ror, and has a calibrated single-actuator stroke of +1.07 um around bias voltage.
([90]) There are five dysfunctional actuators in the tweeter DM so we mask them
out in the apodizer and the Lyot stop. The DM face sheet’s profile is modeled
as a 2D Gaussian sum over the actuator command. The GPI 2.0 apodizers and
the Lyot stops are upgraded and numerically optimized for different bands by
[83] to improve raw contrast at closer inner working angles and core through-
put. Figure shows GPI2’s broadband optics as integrated in GPIPSFS. When
there is no WFE, GPI2 in broadband could theoretically reach a raw contrast of

1077 as close as 0.25 arcsec, as shown in Figure
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Figure 4.11: GPI2 broadband design featuring a new apodizer and a new
Lyot mask. The apodizer and Lyot stop are illustrated with
dimensions as if viewed from the telescope entrance pupil’s
optical space.

We simulate the input residual WFE ®,,,,,(¢) in Figure using PyrAmid Sim-
ulator Software for Adaptive opTics Arcetri (PASSATA) developed by [2]. PAS-
SATA is an IDL and CUDA based software capable of performing Monte-Carlo
end-to-end simulations on multi-conjugate AO systems with pyramid wave-
front sensors. Our system includes: a natural on-axis 8-magnitude source, a
7-layer atmosphere with 0.54” seeing, a 60x60 sub-aperture pyramid WES, a

classic CCD detector, a real-time computer - consisting of a slope computer, a
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modal reconstructor and a modal integrator controller - a DM capable to control

1603 Zernike modes and a camera that computes H-band PSFs.

We simulate 10000 frames of GPI 2.0 AO residual WFE with 1-msec time steps
for a 10-sec duration using PASSATA and select 25 evenly-spaced frames during
0:00:00.400 - 0:00:00.500 (H:MM:SS.MS)) as the input to our focal plane wave-
front control simulation. We assume the residual WFE is static during each 1-
msec time step. Figure shows the residual WFE at time frames 0:00:00.400,
0:00:00.420, 0:00:00.440 and 0:00:00.480 as an example. Due to the residual
WFE'’s high-spatial-frequency nature, we currently solely rely on the tweeter
DM to compensate for the residual WFE. Figure shows the comparison be-
tween GPI2’s average PSFs with and without the injected residual WFE. When
residual WFE exists in the system, the overall contrast degrades by more than 2

orders of magnitude.

4
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Figure 4.12: Quasi-static AO residual WFE input viewed in the pupil plane
of the primary mirror. Here we show the simulated WFE at 4
different time frames H:MM:SS.MS = 0:00:00.400, 0:00:00.420,
0:00:00.440 and 0:00:00.480 as an example.

As described by Equation there is a 1-to-2 continuous mapping between
the spatial frequency (k,,k,) of a sinusoidal DM pattern and the speckle loca-

tion (Xgpeckies Yspeckie) In the image plane. Figure shows an example of the

73



107

10°°

1077

arcsec

107°

1071

10—11

-1.0 =05 0.0 0.5 1.0 -1.0 =05 0.0 0.5 1.0
arcsec arcsec

Figure 4.13: (left) The PSF with no WEFE. (right) The PSF with WFE input
at time frame 0:00:00.400.

two speckles induced when a single-spatial-frequency sinusoid is placed on the
DM. The actual sinusoidal pattern loses some fidelity due to DM’s limited band-
width, quantization error and the face sheet’s elasticity, causing the energy to
leak into neighboring modes. This is shown by the fact that the speckles span
multiple pixels in Figure Therefore, for each speckle we are correcting,
we mask out its surrounding region to avoid crosstalk with neighboring modes.

The mask size is optimized in Section [4.6.2]

We limit our region of interest (ROI) to an annulus with angular separation €
[0.27,0.89] arcsec (DM spatial frequency k,, € [7,23] cycles/pupil). The lower
limit is to match the coronagraph’s inner working angle, and the upper limit is
to keep DM below its Nyquist frequency. Because of the slight asymmetry in
the two speckles due to optical imperfections and numerical artifacts, we use
measurements only in the upper half of the annular ROI to correct for the entire

ROL
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Figure 4.14: A single-spatial-frequency sinusoid carried out by the DM
(left) and the pair of induced speckles (right). We use (k,, k) =
(8,12) cycles/pupil as an example.

4.5 Results

4.5.1 Monochromatic performance

We integrate our wavefront sensing and control scheme into GPIPSFS, and inject

residual WFE from PASSATA.

We evaluate the monochromatic performance of our wavefront sensing and
control algorithm at wavelength 4 = 1.65 um. Figure shows the distri-
bution of contrast before and after wavefront control. On average, our algo-
rithm could improve the final raw contrast from 1.098 x 107 £ 5.999 x 1077 to

6.468 x 1077 + 1.743 x 1077, leading to an improvement ratio of 18.2 + 5.3.

Our algorithm performance varies with WFE input. For each WFE input, our
algorithm goes through several closed-loop iterations (Figure 4.2.2) before it

achieves convergence in contrast improvement. Figure shows the evolution
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Figure 4.15: The distribution of contrast before and after wavefront con-
trol with 25 different WFE inputs. The reported contrast is
the average raw contrast over the ROL Across all time sam-
ples, our algorithm could improve the final raw contrast from
1.098 X 107> £5.999 x 1077 t0 6.468 x 107 £ 1.743 x 1077, leading
to an improvement ratio of 18.2 +5.3.

of contrast for the 25 different WFE inputs, with various convergence speed and
final states. We end the algorithm halfway when there is no more continuous

step improvement in contrast.

Figure illustrates three representative cases of algorithm performance at
three individual time samples. The top panel shows a case with a contrast im-
provement factor of 18.1, which is close to the average across all samples and
thus serves as a representative average scenario. The middle panel highlights
the best-case performance, achieving a 35-fold improvement in contrast. The
bottom panel shows the worst-case scenario, with an 8-fold improvement, yet
still surpassing the performance of GPI 1.0. These examples demonstrate that
even in the least favorable conditions, the proposed method consistently yields

substantial contrast improvement.
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Figure 4.16: The evolution of contrast during our closed-loop, iterative
wavefront sensing and control process. Plotted are 25 curves
with different WFE inputs at different time frames. For the
results reported in Section we end the algorithm when
there is no more continuous step improvement (contrast time
evolution corresponding to the orange curve). If we run
the algorithm for extended iterations, the contrast continues
to decrease at a slower rate with damped oscillations (blue
dashed curve).

4.5.2 Control loop timing and convergence

For the results reported in Section the algorithm ends (Figure when
there is no more continuous step improvement in contrast. On average, the
algorithm takes 13.5 closed-loop iterations to end. Each iteration requires 9 im-
ages: 1 image to determine (lAcx,i,lAcy,i, B;) and 8 images to determine 7#j; (Section
4.2.1). Because the SCC has an integration time of 10 usec, the total imaging
latency is 13.5 x 9 x 10 usec = 1.215 msec. In comparison, the previous imple-

mentation on GPI 1.0 relied on the IFS, which required integration times of up
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to 30 seconds. By adopting the SCC, we have effectively eliminated the latency
overhead introduced by the imaging system. The total latency is now domi-
nated by the AO control loop itself, significantly improving the system’s speed

and responsiveness for real-time wavefront correction.

Additionally, Figure shows the contrast evolution over extended itera-
tions after the ending criteria is met. The contrast evolutions resemble typical
step responses of a closed-loop control system. The contrast continues to de-
crease at a slower rate after the ending criteria is met, with no overshoot but
damped oscillations towards the steady state. Therefore, we can trade off la-
tency for better contrast improvement. Figure shows the average final con-
trast achieved over 25 iterations with its corresponding imaging latency. We
currently choose to have an imaging latency of 1.215 msec, for an average final

contrast of 6.468 x 1077 + 1.743 x 1077

4.6 Discussion

4.6.1 Effect of optical misalignment

The simulation in Section assumes the GPI 2.0 coronagraph is perfectly
aligned. In reality, misalignment is mostly likely to occur on moveable com-
ponents such as the apodizer and the Lyot stop, because they are mounted on
rotating wheels to allow switching between different designs and bands. We

estimate the misalignment to be < 0.2% of the pupil size [102].

To understand misalignment’s effect on our wavefront sensing and control algo-

rithm, we assume a conservative scenario and model the misalignment by shift-
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ing the apodizer by < 0.4% off-axis in 45-deg direction and shifting the Lyot stop
by the same amount in the opposite direction. The misalignment degrades the
ideal contrast by a factor of 2 from 0.86 x 1077 to 1.76 x 1077, as shown in Figure
We simulate with the 25 WFE inputs. Figure shows the distribution
before and after wavefront control for the two GPI 2.0 models: with and without
misalignment. Figure shows the contrast curves comparison for the aver-
age improvement case presented in Figure[4.17] When there is uncorrected WFE
in the system, the effect of the misalignment is not as obvious: The two mod-
els have nearly identical distribution of initial contrast, with slight degradation
in the misaligned model. The initial contrast is 1.107 x 10~ with misalignment
vs. 1.098 x 10~ without misalignment. After wavefront control, the difference in
the distribution amplifies: The misalignment limits the best achievable contrast
to 4.2 x 1077 and more tests ended with poorer contrast. Nonetheless, the final
contrast are relatively close: 6.8 x 1077 with misalignment vs. 6.5 x 10”7 with-
out misalignment, and this corresponds to an improvement ratio of 17.6 with

misalignment vs. 18.2 without misalignment.

Therefore, we conclude that our wavefront sensing and control algorithm is rel-
atively robust against misalignment, and can partially correct for misalignment

and close the gap between raw contrasts. We summarize the statistical results

in Table

4.6.2 Algorithm optimization

To achieve the results above, we optimize the algorithm by tuning a set of pa-
rameters, including speckle crosstalk mask size, number of speckles corrected

each iteration, and closed-loop control integral gain.
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Table 4.1: Performance statistics of misaligned vs. perfectly-aligned GPI

2.0 models
No misalignment Misalignment

Ideal 0.86 1.76

Mean contrast (x1077) Initial 109.8 £ 6.0 110.7 £ 5.7

Final 6.5+ 1.7 6.8 +2.0

Avg. + std. 182 +5.3 17.6 +£5.0
Contrast improvement ratio Max 35.0 26.9
Min 8.3 8.6

Number of iterations 13.5+1.9 13.0+ 19

The speckle crosstalk mask size is crucial to the success of our algorithm: It must
cover enough speckle energy while avoiding masking out too many neighbor-
ing speckles. Our wavefront control test runs show that the DM actuator stroke
goes up to £17.5 nm. According to the 1D speckle profile induced by a DM si-
nusoid with 17.5 nm amplitude (Figure 4.21)), there are three mask size options,
illustrated by the dotted gray lines: @ = 0.116 arcsec to mask out the central
lobe, @ = 0.233 arcsec to mask out the first order side lobes, or @ = 0.310 arcsec
to mask out the second order side lobes. We experiment with these three options
and summarize the contrast improvement results in Figure 2 =0.233 arc-
sec yields the best performance in both contrast improvement and convergence
speed. On the contrary, g = 0.116 arcsec could not suppress enough speckle
energy leakage and crosstalk, causing the side lobes to be misidentified as other
speckles and the algorithm to end immediately after 1 iteration. Meanwhile,
& = 0.310 arcsec is oversized and would mask out excessive neighboring speck-

les we could have corrected for in each turn, leading to algorithm inefficiency
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and slow convergence.

The number of target speckles each iteration is not limited by DM’s wavefront
shaping ability, as our simulation results (Figure shows. We achieve the
best contrast improvement and convergence speed when we correct for as many
speckles as possible in each iteration. Therefore, there’s no penalty for pushing
for a larger target set. The maximum number of speckles we could target after

applying the crosstalk mask is approximately 70 in each iteration.

A large integral gain increases the convergence speed, but also amplifies mod-
eling error and uncertainties. Figure shows that as the integral gain g in-
creases from 0.3 to 0.7, the system responds more quickly. However, beyond a
certain threshold, further increase in g reduces stability and can ultimately lead
to divergence. An integral gain in the range of 0.6 to 0.7 yields the best contrast

improvement and a well-balanced convergence speed.

4.7 Conclusion

In this paper, we presented a classical speckle-nulling-based focal-plane wave-
front control strategy designed to mitigate AO residual wavefront errors. This
approach relies solely on intensity measurements provided by the SCC, serving
as a robust fallback option for the primary high-order wavefront sensing and
control system on GPI2. We developed an end-to-end simulation and evaluated
the system performance at a wavelength of 1.65 microns. Our results demon-
strated an average contrast improvement by a factor of 18.2+5.3 at 823 Hz, with

an imaging latency of 1.215 msec. We achieved an average final raw contrast of
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6.468 x 1077 within the angular separation range of [0.27,0.89] arcsec.

This work represents a significant advancement compared to prior studies on
GPI1 ([101]) and SPIDERS ([61]). While GPI1’s focal-plane wavefront control
strategy theoretically achieved a contrast improvement ratio of 5.3 in simula-
tions, it was not successful deployed on-sky due to IFS’s long integration time
(30 seconds to achieve adequate SNR) and CAL’s dual-arm non-common path
vibrations (Figure 4.1). Similarly, our earlier work on SPIDERS demonstrated
only a 3.2-fold contrast improvement on injected bright speckles, limited by

sub-optimal crosstalk mask dimensions and discrete modal control.

Despite the demonstrated performance, several sources of error continue to
limit the system’s overall capability. These include both modeling inaccuracies
and uncorrected physical effects.

(1) The optical modeling used in GPIPSFS is based on Fraunhofer diffraction,
which assumes far-field propagation. While this approximation is generally
reasonable, it fails to capture near-field diffraction effects that can become sig-
nificant in a complex optical system such as GPIL

(2) There are calibration errors in the DM model. Specifically, each actuator’s
influence function is approximated as Gaussian, which does not fully represent
the physical response of the DM’s facesheet.

(3) In the speckle phase probing process, limited spatial sampling and interpo-
lation introduces additional uncertainty.

(4) The current wavefront control framework does not account for amplitude
aberrations, which imposes a fundamental limit on the achievable contrast even

with perfect phase correction.
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To address these limitations and improve system performance, we have identi-
tied several key directions for future work:

(1) Hardware Validation: We plan to test and validate the optimized wavefront
control algorithm directly on the GPI 2 hardware to assess its real-world perfor-
mance and robustness.

(2) Improved Optical Modeling: We intend to incorporate Fresnel diffraction
into the optical simulations to more accurately represent near-field propagation
effects. In addition, we will simulate broadband performance to better predict
contrast limitations and chromatic behavior.

(3) Latency Analysis: We aim to simulate the impact of system latency on closed-
loop performance under dynamic aberrations. These studies will help define
control requirements, such as bandwidth.

(4) Alternative Control Strategies: We are also exploring alternative wavefront
control techniques that offer reduced latency, such as implicit Electric Field Con-

jugation (iEFC).
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Figure 4.17: Average (top), maximal (middle) and minimal (bottom) con-
trast improvement achieved with the WFE inputs. The three
cases correspond to contrast improvement ratios of 18.1, 35.0
and 8.3 respectively. Comparisons of initial contrast with in-
jected WEFE, final contrast after wavefront control, and raw
contrast as a reference, are shown for each case.
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time samples.
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Figure 4.19: Contrast curves comparison between  misaligned
vs. perfectly-aligned GPI 2.0 models, using the WEFE in-
put from the average contrast improvement case presented
in Figure Comparisons of initial contrast with injected
WEFE, final contrast after wavefront control, and raw contrast
are shown.
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Figure 4.21: 1D profile of a speckle induced by shaping the DM into a si-
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crosstalk mask, and the corresponding diameters are anno-
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Figure 4.22: Average contrast evolution given different crosstalk mask di-
ameters. The raw contrast is averaged across all time samples.
Controlled variables include: number of target speckles per it-
eration = max, integral gain = 0.6.
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Figure 4.23: Average contrast evolution given different numbers of target
speckles per iteration. Max means as many speckles as possi-
ble. Controlled variables include: crosstalk mask diameter =
0.233 arcsec, integral gain = 0.3.
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Figure 4.24: Average contrast evolution given different integral gains.
Controlled variables include: crosstalk mask diameter = 0.233
arcsec, number of target speckles per iteration = max.
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CHAPTER 5
CONCLUSION

In this thesis, we investigated the principles, methodologies, and applications of
wavefront control in automated optical alignment and in high-contrast imaging
with the Gemini Planet Imager, with a primary focus on focal-plane wavefront

sensing and control.

In Chapter [2, we explored automated alignment techniques aimed at enhanc-
ing optical system precision and flexibility, while reducing the time and labor
required for system setup and maintenance. We presented an automated align-
ment technique on a double off-axis parabolic mirror system, which poses chal-
lenging alignment problems due to the mirrors” high sensitivity to aberrations,
rotational asymmetry and non-orthogonality in stage adjustments. Moreover,
we used focal plane wavefront sensing to eliminate non-common path error,
increase optical throughput and reduce cost and system complexity involving
dedicated wavefront sensors. We incorporated model-based optimal estimation
and control to better handle the nonlinearity, model uncertainty and noise. Us-
ing either an iterated extended Kalman filter or a square-root unscented Kalman
filter as the optimal nonlinear misalignment state estimator, we were able to
consistently reduce the linear misalignment from around 1 mm to < 5 ym and
the angular misalignment from around 500 to < 6 arcsec in simulation, achiev-
ing a final wavefront error of < 5 x 10~ waves within field of view when tested
at wavelength 635 nm. We discovered a multi-state coupling effect, which im-
plies that different misalignment states have compensating effects on system

measurements, thus interfering with the estimator’s observation of misalign-
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ment state changes. We further investigated the coupling’s effects on alignment

quality through observability analysis.

In Chapter 3| and |4 we presented our contributions to the Gemini Planet Im-
ager’s upgrade to advance its high-contrast imaging capabilities, enabling more
effective detection and characterization of exoplanets. In Chapter [3| we facili-
tated the establishment of a control system design pipeline to address the chal-
lenges of real-time wavefront correction under dynamic aberrations. Our key
metrics for analyzing and fine-tuning the GPI 2.0 AO response included the er-
ror transfer function and stability margins. In Chapter [ we presented a focal-
plane wavefront control strategy based on classical speckle nulling to address
a long-standing limitation of the Gemini Planet Imager: performance degrada-
tion caused by speckle noise originating from post-coronagraph aberrations and
internal optical imperfections. Through a combination of theoretical modeling,
algorithm development, and preliminary experimental validation, we demon-
strated contrast improvement by a factor of 18.2 + 5.3 at 823 Hz on average,
resulting in a final average contrast of 6.468 x 107 within an angular separa-
tion range of [0.27,0.89] arcsec, in simulation. These results mark a substan-
tial improvement over GPI’s previous performance and will be integrated into
its second-generation upgrade. This advancement enables deeper contrast at
smaller inner working angles, paving the way for the detection of lower-mass

exoplanets.

Overall, this thesis integrates control theory and optical engineering and under-
scores the critical role of wavefront sensing and control in improving the fidelity

and functionality of optical systems. While this study focused on specific con-
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trol algorithms and system architectures, future research could explore hybrid
control approaches, machine-learning-based optimization, and broader applica-
tions across optical instrumentation. Further hardware integration and on-sky
testing would be valuable in validating the performance gains in operational

environments.
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APPENDIX A

A1 Control Stability Margins

In the context of Section 3.3} the closed-loop system becomes unstable when the

denominator of the ETF equates to zero, i.e.

1+ L(s) =0 (A1)

This happens when the loop gain [L(s)] = 1 and the phase ZL(s) = 180°. The
gain margin is the amount |L(s)| can be changed, when ZL(s) = 180°, without
reducing 1 + L(s) to zero. The phase margin is the amount of phase lag that can
be added, when |L(s)| = 1, with the same purpose. Figure illustrates the
margins on a typical Bode plot. The margins describe how much disturbances,

changes or uncertainties the system can endure before getting unstable.

Figure shows a typical closed-loop-system step response with control met-
rics including rise time, overshoot, settling time and steady-state value. A large
gain or phase margin often leads to small overshoot and little ringing (few res-
onant peaks, shown in Figure[A.2). Figure shows how overshoot depends
on phase margin and Figure shows how rise time and settling time depend

on bandwidth for a phase margin of 60°.
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Figure A.2: Typical step response demonstrating control system perfor-
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APPENDIX B

B.1 PASSATA Simulation Parameters

Here is the parameters we used in PASSATA to simulate GPI's AO residual

wavefront errors.

{

"MAIN": {
"INSTRUMENT_NAME": "gpi",
"ZENITHANNGLEINDEG" : 30, ; [deg] Zenith angle
"TOTAL_TIME": 10, ; [sec] Total simulation time
"PIXEL_PUPIL": 176, ; Linear dimiension of pupil phase

array
"PRECISION": O,
"PIXEL_PITCH": 0.045000002, ; [m] Pitch of the pupil phase array
"TIME_STEP": 0.00100000 ; [sec] Simulation time step
b,
"WES_SOURCE": {
"HEIGHT": Inf,
"MAGNITUDE": 8, ; Source magnitude
"WAVELENGTHINNM" : 750,
"POLAR_COORDINATE": [0.0000000, 30.000000]

; larcec, deg] Source polar

coodinates
b,
"PUPIL_STOP": {
"MASK_DIAM": 1.0000000,
"OBS_DIAM": 0.16200000 ; Pupil stop mask obstruction size

by

"PYRAMID": {
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"PUP_DIAM": 60.000000, ; Pupil diameter in subapertures
"MOD_AMP": 3.0000000, ; [lambda/D] Modulation radius
"FOV": 2.0999999, ; larcsec] Requested field of view
"OUTPUT_RESOLUTION": 140, ; [px] Output sampling

"FOV_ERRINF": 0.10000000, ; Maximum error in reducing FoV

"FFT_RES": 3.0000000, ; [lambda/D] Pyramid focal-plane PSF
sampling

"WAVELENGTHINNM": 750, ; [nm] Pyramid wavelength

"PUP_DIST": 72.000000 ; Requested separation between pupil

centers in subapertures

b,

"MODULATE_DIST": {

"INFLUENCE_FUNCTION": "GPI_176pix_1603KLs3zern",

"MODENUMBER" : 4,

"CARRIERAMPLITUDEINNM": 5.0000000,

"CARRIERFREQUENCY": 80.000000,

"HEIGHT": 0,

"AMP": [0.0000000, 0.0000000, 0.0000000, 0.0000000, 5.0000000],

"CONSTANT": [0.0000000, 0.0000000, 0.0000000, 0.0000000,
0.00000007,

"FREQ": [0.0000000, 0.0000000, 0.0000000, 0.0000000, 80.000000],

"FUNC_TYPE": "SIN",

"NMODES": 5,

"DT": 1.0000000

b,

"DETECTOR" : {

"SIzZE": [140, 1407, ; [px] Detector size
"PHOTON_NOISE": 1, ; [binary] Enable photon noise
"BANDW": 300, ; Sensor bandwidth

"SKY_BG_NORM": 0.0000000, ; Sky background level
"QUANTUM_EFF": 0.31999999, ; Quantum efficiency * total

transmission
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"BINNING": 1,

"DARKCURRENT_NOISE":
"DT": 0.00100000,
"NAME" :
"BACKGROUND_NOISE":
"READOUT_NOISE": 1,

"READOUT_LEVEL":

"DARKCURRENT_LEVEL" :

; [binary]

1, ; [binary] Enable dark current

; Detector integration time

"OCAM2kSWspec",

0, ; [binary] Disable background noise

; [binary] Enable readout noise

0.40000000596046448,

; [e-/pix/frame] Readout noise

0.0013799999952316285,

"BACKGROUND_LEVEL": 0.0000000,
"EXCESS_NOISE": 1
b,
"CAMERA": {
"WAVELENGTHINNM": 1650, ; [nm] Imaging wavelength
"ND": 4 ; Padding coefficient for PSF

b,
"OPTICALGAIN_LOOP": {
"OPTGAIN":

"GAIN": 0.30000001

},
"SLOPEC": {
"THR1": 0.30000001,

"PUPDATA_TAG":

"THR2": 0.30000001,

"SN_TAG":

by

"MODALANALYSIS": {

"gpi_psl76p0.

computation

0.89999998,

045_pyr60x60_wl750_fv2.1_ft3.
O_bnl_th0.30a0.30b",

; Pyramid WES pupils

"gpi_psl76p0.045_pyr60x60_wl750_fv2.1_£ft3.0_ma3_bnl_thO

.30a0.30b"

; Slope reference vector
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"PHASE2MODES_TAG": "GPI_176pix_1603KLs3zern_inv"
; Inverse of influence function
by
"MODALREC": {
"RECMAT_TAG": "gpi_psl76p0.045_pyr60x60_wl750_fv2.1_ft3.0_ma3_bnl
_th0.30a0.30b_mnl1603",
; Reconstruction matrix
"NMODES": 1603,
by
"NCPA": {
"HEIGHT": O, ; Conjugation altitude of the
aberration
"INFLUENCE_FUNCTION": "GPI_176pix_1603KLs3zern",
"FUNC_TYPE": "SIN",
"NMODES": 100,
"CONSTANT": [0.0000000 (repeat x99)]
by
"DM": {
"HEIGHT": O, ; [m] DM height
"IFUNC_TAG": "GPI_176pix_1603KLs3zern"
; Influence function
by
"CONTROL": {
"FE": [0.99991608(x2), 0.99995077(x3), 0.99997342 (x4),
0.99998719(x5), 0.99999475(x6), 0.99999833(x7),
0.99999964 (x8), 1.0000000(x30), 0.99999964 (x12),
., 0.89999998 (x8) 1,
; A forgetting factor vector of the
same size as INT_GAIN to get a
leaky integrator
"DELAY": 2, ; [frames] Total temporal delay

"INT_GAIN": [0.44999999(x500), 0.38249999 (x500),
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0.31500000(x300), 0.17999999 (x150),

0.089999996 (x153) 1,

; Integrator gain vector (for ’INT’

control)
"TYPE": "INT", ; Type of control (Integral control)
"OPT_DT": 1.0000000, ; [sec] Parameter for recursive

optmization of modal gain

vector
"LIMIT_INC": 1
b,
"SEEING": {
"CONSTANT": 0.54000002, ; larcsec] seeing
"FUNC_TYPE": "SIN"
b,
"ATMO": {
"Lo": 30, ; [m] Outer scale

"HEIGHTS": [0, 500, 1000, 2000, 4000, 8000, 160007,
; Layer heights at 0 zenith angle
"CN2": [0.45570001, 0.12950000, 0.044199999, 0.050600000,
0.11670000, 0.092600003, 0.110700007,
; Cn2 weights (sum up to 1)
"MCAO_FOV": 120, ; Multi-conjugate AO system FoV
"WAVELENGTHINNM" : 500,
"SEED": 1
}
"WIND_DIRECTION": {
"CONSTANT": [0.0000000, 0.0000000, 0.0000000, 0.0000000,
0.0000000, 0.0000000, 0.00000007,
; Wind direction value
"FUNC_TYPE": "SIN"

by

"WIND_SPEED": ({
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"CONSTANT": [5.5999999, 5.7700000, 6.2500000, 7.5700002,
13.310000, 19.059999, 12.1400001],
; Wind speed value
"FUNC_TYPE": "SIN"

by
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