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Abstract

The goal of my Ph.D. thesis is to enhance the visualization of the peripheral retina

using wide-field optical coherence tomography (OCT) in a clinical setting.

OCT has gain widespread adoption in clinical ophthalmology due to its ability to

visualize the diseases of the macula and central retina in three-dimensions, however,

clinical OCT has a limited field-of-view of �300. There has been increasing inter-

est to obtain high-resolution images outside of this narrow field-of-view, because

three-dimensional imaging of the peripheral retina may prove to be important in the

early detection of neurodegenerative diseases, such as Alzheimer’s and dementia, and

the monitoring of known ocular diseases, such as diabetic retinopathy, retinal vein

occlusions, and choroid masses.

Before attempting to build a wide-field OCT system, we need to better under-

stand the peripheral optics of the human eye. Shack-Hartmann wavefront sensors

are commonly used tools for measuring the optical imperfections of the eye, but their

acquisition speed is limited by their underlying camera hardware. The first aim of

my thesis research is to create a fast method of ocular wavefront sensing such that

we can measure the wavefront aberrations at numerous points across a wide visual

field. In order to address aim one, we will develop a sparse Zernike reconstruction

technique (SPARZER) that will enable Shack-Hartmann wavefront sensors to use as

little as 1/10th of the data that would normally be required for an accurate wavefront

reading. If less data needs to be acquired, then we can increase the speed at which
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wavefronts can be recorded.

For my second aim, we will create a sophisticated optical model that reproduces

the measured aberrations of the human eye. If we know how the average eye’s optics

distort light, then we can engineer ophthalmic imaging systems that preemptively

cancel inherent ocular aberrations. This invention will help the retinal imaging

community to design systems that are capable of acquiring high resolution images

across a wide visual field. The proposed model eye is also of interest to the field of

vision science as it aids in the study of how anatomy affects visual performance in

the peripheral retina.

Using the optical model from aim two, we will design and reduce to practice

a clinical OCT system that is capable of imaging a large (800) field-of-view with

enhanced visualization of the peripheral retina. A key aspect of this third and final

aim is to make the imaging system compatible with standard clinical practices. To

this end, we will incorporate sensorless adaptive optics in order to correct the inter-

and intra- patient variability in ophthalmic aberrations. Sensorless adaptive optics

will improve both the brightness (signal) and clarity (resolution) of features in the

peripheral retina without affecting the size of the imaging system.

The proposed work should not only be a noteworthy contribution to the oph-

thalmic and engineering communities, but it should strengthen our existing col-

laborations with the Duke Eye Center by advancing their capability to diagnose

pathologies of the peripheral retinal.
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“Here’s to the crazy ones. The misfits. The rebels. The troublemakers. The

round pegs in the square holes. The ones who see things differently. They’re not

fond of rules. And they have no respect for the status quo. You can quote them,

disagree with them, glorify or vilify them. About the only thing you can’t do is

ignore them. Because they change things. They push the human race forward. And

while some may see them as the crazy ones, we see genius. Because the people who

are crazy enough to think they can change the world, are the ones who do.” -Apple,

Inc.
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INTRODUCTION: General Background and
Significance

1.1 Overview of Approach and Research Aims

The overarching goal of this dissertation is to create a clinical wide-field optical

coherence tomography system that has high spatial resolution throughout a visual

field that includes the back half of the human retina.

While Optos plc has a wide field-of-view retinal imaging system, it can acquire

only en face two-dimensional data. Dr. Izatt’s research team at Duke University

has considerable experience in the development of optical coherence tomography

(OCT) instruments, which are especially well-suited for the imaging of retinal tissue

in three-dimensions. However, the majority of these instruments have limited fields-

of-view. We want to better understand the optical distortions of the human eye at

wide field angles such that we can design a system that circumvents these nuisances

and expands the border of clinical OCT systems to include the peripheral retina.

• AIM 1 is dedicated to increasing the speed of ophthalmic wavefront sensing,

which should enable our team to record rapidly the wavefront aberrations across
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a wide visual field.

• AIM 2 seeks to create an optical model of the human eye that is based off of

the wavefront data that we collect from a large subject population.

• AIM 3 contains the results of the wide-field OCT system that was designed us-

ing the model eye of AIM 2. We anticipate that there will be a large variation in

aberrations both between people and within a person with retinal eccentricity,

so we will investigate technologies that can dynamically compensate wavefront

aberrations, such as adaptive optics.

1.2 A Brief Historical Overview of Optical Coherence Tomography

Optical coherence tomography [6–8], or OCT, is an optical depth ranging technique

[9–11] analogous to ultrasound that can acquire volumetric images of the human eye

[12–15] with micron-scale resolution and millimeter-scale penetration depth. Since

its invention, OCT has earned considerable respect from the field of clinical oph-

thalmology due to its ability to visualize non-invasively the diseases of the macula

and central retina [16, 17]. OCT has become adopted widely in both research labs

and clinical environments, and it was initially commercialized by Carl Zeiss Meditec.

Over the past few decades, applications of OCT have been extended to including

imaging of the gastro-intestinal tract [18–20], coronary arteries [13, 21–23], small an-

imals [24, 25], artwork [26–28], fingerprints [29, 30], and integrated circuits [31, 32].

1.2.1 Optical Coherence Tomography Theory

Optical coherence tomography is based off of the principles of low-coherence interfer-

ometry. In a typical OCT system, a fiber-based interferometer will split a broadband

source field into a reference field ER and sample field ES (Fig. 1.1). The sample field

is relayed through scanning optics and an objective lens that focuses the light onto
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Figure 1.1: Reproduced from [1]. Schematic of a generic fiber-optic OCT system.
Bold lines represent fiber-optic paths, red lines represent free space optical paths,
and thin lines represent electronic signal paths.

the sample. In the case of ophthalmic retinal imaging, the eye’s natural lenses, the

cornea and crystalline lens, act as an objective and focus light onto the retinal tissue

layers. After scattering back from the tissue, light from the reference and sample

arm paths are mixed at the surface of a detector, either a photodetector or line-scan

camera, creating an interferogram (Fig. 1.2) modeled by equation 1.1.
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In equation 1.1, τ is the optical time delay (seconds) between the sample reflector

and reference arm, ρ is the responsivity of the detector (Amperes/Watt), S pKq is the

power spectral dependence of the source (Wattspkq), Rx is the magnitude squared

of the electric field reflectivity, and zx is the pathlength of the sample or reflector

(meters).

Figure 1.2: Reproduced from [1]. Important features of the spectral interferogram.
For a single sample reflector of field reflectivity rS1 � 0.1 (left) the cross-correlation
component with amplitude

?
RRRS1 and wavenumber period π{pzR � zS1q rides on

top of the DC term of amplitude rRR � RS1s{2 (factors of ρSpkq are left out for
clarity). For multiple reflectors, the cross-correlation component is superposition of
cosinusoids.

Interference is only observed for reflectors that are within a coherence length of the

reference arm delay. Any reflectors outside of this window are attenuated, a process

known as coherence-gating. Demodulation of the detector signal will produce a single

depth profile, or A-scan, with amplitude peaks at the location of the reflectors. The

magnitude of the reflector peaks are proportional to the refractive index contrast

between the layer interfaces. Raster scanning the focal point in one lateral dimension

would result in two-dimensional images known as B-scans, while scanning in two

lateral dimensions would result in three-dimensional, or volume, images. The lateral

resolution of OCT is set by the diffraction limit, while the axial resolution is set by
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the source bandwidth, see equation 1.2.

lc � 2c � ln p2q
π

� 1

∆ν
� 0.44

λ20
∆λ

(1.2)

From equation 1.2, it is apparent that both the center wavelength and wavelength

range, known as bandwidth, affect the axial resolution.

1.2.2 From Time to Spectral to Swept-Source Imaging

The first generation of OCT instruments acquired A-scan depth profiles by translat-

ing the reference arm mirror mechanically. This technique was named time-domain

OCT (TD-OCT) and used rapidly oscillating mirrors or scanning optical delay lines

[33–35] to control the optical path length of the reference arm. Unfortunately, me-

chanical scanning limitations bounded TD-OCT’s A-scan rate to a few kilohertz.

Soon after the introduction of TD-OCT, researchers began working on an al-

ternative method for acquiring depth profiles. Spectral interferometry offered an

appealing alternative, eventually giving rise to a new technique known as Fourier-

Domain OCT (FD-OCT) [36–40]. While the theoretical sensitivity advantages of

FD-OCT were derived as early as 1998 [41, 42], FD-OCT was not widely popular-

ized until 2003 when three groups independently reported on a 20-30 dB sensitivity

advantage of FD-OCT versus TD-OCT [43–45]. Increased sensitivity is synonymous

with faster imaging potential, and a 100 to 1000 times increase in imaging speed

would ultimately end up rendering TD-OCT a relic of the not-so-distance past.

In addition to the speed and sensitivity advantages, FD-OCT engines use static

reference arms as opposed to the slow and mechanically venerable mirrors of TD-

OCT. In general, FD-OCT can be subcategorized into two methods: spectral-domain

OCT (SD-OCT) and swept-source OCT (SS-OCT).

In SD-OCT, interfering light from the sample and reference arm are split accord-

ing to their optical frequency by a one-dimensional diffraction grating. The spectral
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power density of the interfering light is then recorded by a linear detector, such as a

line-scan camera. A Fourier transform relates the spectral power density and auto-

correlation function (equation 1.1) of the spectral interferogram (Fig. 1.1). SD-OCT

systems make use of continuous broadband sources such as super luminescent diodes

or femptosecond lasers.

SS-OCT, on the other hand, uses rapid wavelength-sweeping lasers that spectrally

tune the optical frequency with time [46–48]. While these swept-frequency lasers

have narrow instantaneous linewidths, they also have broad tuning bandwidths. A

high-speed (>100 MHz) photodetector is used to detect the inference signal, and

the frequency content of the spectral interferogram is separated in time. The work

presented throughout this thesis makes use of swept-source OCT due to its fast

A-scan rate (100 kHz), high sensitivity (>100 dB), and relatively simple hardware.

1.2.3 Wide-Field Optical Coherence Tomography

Though clinical OCT systems can image retinal tissue in three-dimensions, they

have limited fields-of-view (FOV) on the order of 300 [49]. Two-dimensional en face

ophthalmic imaging techniques, such as scanning laser ophthalmoscopy, fundus imag-

ing and fluorescence imaging, from Optos plc or Heidelberg Engineering GmbH can

record much wider FOV, but no clinical imaging technique exists that can monitor

peripheral disease processes in three-dimensions.

There has been increasing interest to obtain high-resolution images of peripheral

pathologies that manifest outside of clinical OCT systems’ narrow FOV [50–52]. This

growing interest stems from the notion that the peripheral retina offers a unique per-

spective towards the assessment and monitoring of certain ocular diseases, including

diabetic retinopathy [53], retinal vein occlusions [54], and choroid masses [55, 56].

Off-axis viewing [56, 57] and montaging of small image patches [58–60] have offered

a temporary preview of the peripheral retina, but these approaches are prone to

6



off-axis optical distortions, motion artifacts due to long imaging times, complicated

patient alignment, and considerable post-processing of images. In order to overcome

the barriers to clinical translation, single-shot wide-field OCT [52, 61–64] systems

have been developed. Current state-of-the-art single-shot OCT systems have demon-

strated impressive capabilities, but they suffer from a loss of signal and resolution

in the periphery [64]. Since the magnitude of ophthalmic aberrations vary both be-

tween patients and within patients according to retinal eccentricity [4, 65], adaptive

optics (AO) may be necessary to acquire high-resolution wide-field OCT images.

1.3 Shack-Hartmann Wavefront Sensing

Random variations in the wavefront of optical signals result from propagation through

turbid media such as the atmosphere or eye. If not corrected, such wavefront aberra-

tions limit the maximum range of optical communication systems [66] or the quality

of retinal images [67–70]. Shack-Hartmann wavefront sensors (SHWFSs) are a pop-

ular tool that can be used to measure the phase of an optical signal. Knowledge of

the wavefront phase can assist in the correction of optical aberrations [71, 72] with

deformable mirrors [68, 73] or inverse deblurring [72] techniques. Unfortunately, the

speed of a SHWFS is limited ultimately by the underlying camera hardware [74–76].

1.3.1 Shack-Hartmann Wavefront Sensing Principle

In order to understand the limitations of SHWFSs, it is important to review how they

work. Shack-Hartmann wavefront sensing is a modified Hartmann test that uses an

array of small lenses, known as a lenslet array, to measure the local wavefront slope.

The lenslet array divides an optical wavefront into a series of subapertures, and

each subaperture is brought to a focus on the detector. The detector is a standard

two-dimensional camera that detects wavefront intensity.

First-order optical principles dictates that an ideal plane wave would focus light
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onto the optical axis. In the case of a lenslet array, each subaperture would bring

light to a focus on the lenslet’s local optical axis. For a completely flat wavefront,

this would result in a rectangular grid of spots on the detector (Fig. 1.3). If the

wavefront is deformed due to aberrations, or imperfections in the optical system, the

position of each spot will shift proportionally to the subaperture’s local wavefront

tilt (Fig. 1.4). Since the local wavefront slopes are partial derivatives of the full

wavefront, a shift in the centroid position of the focus spots can be used to calculate

the phase of the full wavefront (equation 1.3):

Figure 1.3: Reproduced from http://www.thorlabs.com. Shack-Hartmann wave-
front sensor illumined by an ideal plane wave creates a rectangular grid of dots on
the sensor.

Bφ px, yq
Bx � fx � ∆x

f
and

Bφ px, yq
By � fy � ∆y

f
(1.3)

where φ is the wavefront phase, fx and fy are the partial derivatives or slopes, ∆x

and ∆y are the centroid displacements, and f is the focal length of the lenslets.

Effectively, the Shack-Hartmann technique allows for phase of an optical signal, which

oscillates too fast for an electronic detector to record temporally, to be determined

with an intensity-based detector.
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Figure 1.4: Reproduced from http://www.thorlabs.com. Shack-Hartmann wave-
front sensor illumined by an aberrated optical signal displaces each lenslet’s centroid
position proportionally to the local wavefront slope.

1.3.2 Speeding up a Shack-Hartmann

It is fairly intuitive to predict that a higher lenslet density could more finely sample

the wavefront curvature and, in turn, measure higher frequency perturbations. While

this is true, the number of camera pixels would need to increase with the number of

lenslets squared, and recording data from more pixels is coupled with an unfortunate

decrease in frame rate. On the other hand, under sampling the wavefront, or using

fewer lenslets and therefore camera pixels, could increase the frame rate of Shack-

Hartmann devices. Since the aberrations of the human eye are relatively sparse [77],

meaning that they can be represented by a small number of basis elements, sparse

representation algorithms [78, 79] could be used to perform lossless reconstruction of

the missing wavefront information in the under sampled scenario [80].

1.3.3 Sparse Reconstruction for Compressed Wavefront Sensing

Sparse representation algorithms draw upon the framework set by compressive sens-

ing [81, 82], but unlike compressive sensing [83], the point-wise samples lack infor-

mation about the complete image [84, 85]. Moreover, contrary to active learning
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[86], the location of each point-wise sample is randomly selected and is independent

of previous measurements. Previous research in compressed sampling has led to

developments in imaging applications, such as holography [87, 88] and single pixel

cameras [89, 90]. While the work of [91] first suggested the utilization of sparse rep-

resentation for compressed wavefront measurement, all validations in [91] were based

on pure simulation, which may have resulted in a suboptimal design. The wave-

front sensing described in AIM 1 is a sister-field of holographic imaging where the

aberrometry measurements were tailored for ophthalmic [68, 92, 93] and atmospheric

imaging [72, 94, 95] applications.

Since our overall goal is to measure a two-dimensional grid of wavefronts through-

out a wide visual field, we prefer to under sample the wavefront in order to increase

the acquisition speed. Additionally, knowing that the aberrations typical of the foveal

region are relatively sparse in the Zernike space [77], we predict that the Zernike ba-

sis is a good domain in which to apply our sparsity framework. This hypothesis will

be explored fully in AIM 1.

1.4 Eye Modeling

The human eye is an intriguing optical instrument whose behavior has been the fo-

cus of many investigations over the past century and a half. The human eye can be

viewed optically as a multiple element refractive imaging system composed of the

cornea, pupil, lens and retina. The unique features of the eye often behave like a

nearly aplanatic system [96] where the shape and gradient refractive index (GRIN)

distribution of the lens may help to reduce the spherical and coma aberrations orig-

inating in the cornea. These optical characteristics permit analogs to be drawn to

complex wide-field imaging lenses [97]. Modeling the subtle intricacies of the optical

properties of the human eye is important in order to better understand their roles in

visual perception [98].

10



1.4.1 Eye Modeling Applications

Optical models are valuable tools for understanding the performance of the many

refracting surfaces of the eye. These models are used in many ophthalmic applica-

tions, including optometry, refractive surgeries such as photorefractive keratectomy

[99], laser-assisted in situ keratomileusis [100], and intraocular lens implantation

[101, 102]. Schematic eyes not only provide insight into the optical characteristics

of the eye, but also they assist in didactic endeavors to identify, diagnose and clas-

sify age [103–108], gender [109], ethnicity and accommodation [110–114] dependent

trends. Model eyes can be helpful in understanding how anatomical changes affect

the progression of certain pathologies such as myopia [115–117] as well.

Model eyes also have been incorporated into the design of imaging instruments

[118, 119] in order to predict the theoretical spot size of a beam on the retina, the

magnification, the modulation transfer function, the angular field of view, the optical

throughput and the longitudinal chromatic aberration. The spot size ultimately

dictates the imaging resolution of a system, which makes it a key feature in the design

of many instruments. For specialized ophthalmic instrumentation aimed at imaging

the periphery of the retina, the exactness of the model used in the simulation becomes

increasingly important, as the magnitudes of the aberrations vary with eccentricity

[4, 115, 120–123]. Therefore, it is surprising to find that an optically accurate wide-

field schematic eye that aims to aid the design of modern imaging systems has not

been created. Having a robust model eye that potentially could be utilized during

a system’s design to preemptively correct the aberrations inherent to the peripheral

optics could enable high-resolution imaging modalities, including optical coherence

tomography [6, 8], scanning laser ophthalmoscopy [118], and fluorescence imaging

[124, 125], to extend their field of view to the peripheral retina. The peripheral retina

presents a multitude of ocular pathologies including diabetic retinopathy [53], retinal
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vein occlusions [54], choroidal masses [55], vasculitis, uveitis, choroidal dystrophies,

retinal tears and detachments, Coats’ disease, familial exudative vitreoretinopathy,

and incontinentia pigmenti.

1.4.2 A Brief Historical Overview of Eye Modeling

Eye models date back as far as the mid 19th century when Moser (1844) and Listing

(1851) built schematic eyes using spherical surfaces as the cornea and lens [126].

These models were further improved by the work of Helmholtz and Tscherning until

the widely accepted Gullstrand model [127] was introduced in 1909. The Gullstrand

model physically resembled real eyes and utilized a shell structure as the crystalline

lens, but due to the difficulty in tracing refracted light through a shell structure,

the model was later simplified by Le Grand [128] and Emsley [129]. Modern eye

modeling began taking form in the late 20th century with the advancement of the

tools used to measure the optical quality of the eye. Lotmar [130] improved the

eye models by adding aspheric surfaces in 1971, while the work of Kooijman [131]

and Pomerantzeff [132] investigated the effects of a curved retina. Blaker adopted

an adaptive model of the human eye in 1980 [133] and continued his work with an

age and accommodation dependent model in 1991 [105]. Thibos et al. modeled the

axial chromatic aberrations [134] and on-axis spherical aberration[135]. Next, Liou

and Brennan [136] presented an anatomically inspired finite eye that used a GRIN

lens. Escudero-Sanz and Navarro [2] developed a wide-field schematic eye by adding

a curved imaging surface to an accommodation-dependent model [110]. Atchison

[104] contributed a tilted and decentered lens and retina, but he observed that their

asymmetric model had limited success in modeling the eye’s peripheral refraction.

Personalized eyes tailored to specific groups emerged soon thereafter, with models

defined by Navarro et al. [137], Tabernero et al. [101], and Rosales & Marcos

[138]. Later, Goncharov and Dainty incorporated a GRIN lens into their wide-field
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schematic eyes [3], creating separate models for each of three distinct age groups.

Each of the aforementioned eye models was designed with a unique goal in mind.

The principle aim of some of the models was to simulate the correct magnitude of

on-axis spherical aberration [135, 139], while other models prioritized anatomical

accuracy [130, 136]. Age [3, 104, 140] and accommodation [104, 110, 112] dependent

eye models were another area of focus, as well as models that exhibited the correct

quantity of chromatic aberrations [134, 135]. The more recent models sought to

better imitate the gradient index profile of the crystalline lens [140–142], especially

in diseased eyes [143]. The existing eye models spanned a wide variety of applications,

but no model has been able to portray accurately the full aberration profile across a

wide field of view including the naturally occurring asymmetries of the human eye.

1.4.3 Shortcomings of Existing Model Eyes

Many of the previous model eyes were challenged by a lack of available aberration

data at the time of conception. A detailed compilation of the experimentally mea-

sured data used in modern eye modeling was outlined succinctly in [104] and [3].

The large data sets that formed the basis of many fundamental properties of the eye

included corneal topography, but they lacked a direct measurement of the optical

aberrations. Instead, aberration profiles were derived from the anatomical geometry

of the eye. Direct measurement of the aberration profiles was performed initially

with laser ray-tracing and double-pass techniques [121, 144, 145], but the measure-

ments were sparse and often originated from a sample population consisting of as

few as four subjects. Due to the limited availability of aberration data, even some

of the more recent models only made comparisons to existing eye models and not to

experimental measurements. Evaluating a new eye model by how closely it resem-

bled a previous model made it difficult to assess the validity of the new model as

compared to human eyes. Furthermore, in multiple cases, the discussed performance
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metrics were based predominantly around on-axis spherical aberration rather than a

full wide-field aberration profile.

1.4.4 Renaissance of Ocular Aberrometry Measurements

Over the past few decades considerable effort has been made to better understand

ocular performance across the human visual field [2–4, 115, 120–123, 146–153]. This

effort has led to numerous technological advancements including the adaptation of

Shack-Hartmann wavefront sensors for ocular aberrometry [71, 154, 155] and the

subsequent invention of special machinery capable of measuring the wavefront aber-

rations across a large field of view [153, 156]. These tools contributed to a rich growth

in the availability of peripheral wavefront aberration data [4].

Given the recent burst in the availability of aberration data, we predict that

we could create a model eye that that reproduces measured aberrations across a

wide visual field. Since human eyes have asymmetries in both their anatomy and

aberration profiles, we will seek to create an asymmetric model eye that is unlike

the existing models, most of which are rotationally symmetric. In order to make

the fairest comparison of our proposed model with established eye models, we will

compare their predicted aberrations with the newest measured aberration profiles

[4, 157]. Detailed descriptions of our proposed model eye as well as comparisons

to existing models and measured data is explored in AIM 2. Our hope is that our

wide-field model of the human eye will be applicable to a broad population and that

it will aid in the design of wide-field retinal imaging instrumentation.

1.5 Adaptive Optics

Adaptive optics (AO) ophthalmic imaging [68, 70, 158] has improved our under-

standing of the visual system and its diseases [159–161] through the visualization

of small features such as cones [70, 159, 162, 163] and rods [73, 164]. While en
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face imaging systems such as AO scanning laser ophthalmoscopes [158, 163] have

provided fantastic images of the human retina, AO optical coherence tomography

(OCT) [92, 93, 165–167] offers the capability to acquire retinal images in three di-

mensions. Visualization of the photoreceptor mosaic has helped increase the adoption

of adaptive optics by both scanning laser ophthalmoscopy [51, 68, 73, 158, 168] and

optical coherence tomography (OCT) [92, 93, 166, 167, 169–171] communities, but

due to AO’s large size and complicated designs, it has not been translated fully into

a clinical setting.

1.5.1 Challenges of Closed-Loop Adaptive Optics

Traditionally, adaptive optics wavefront correction has used closed-loop feedback

where a wavefront sensor detects and a deformable mirror compensates optical aber-

rations (Fig. 1.5). Closed-loop configurations have been very successful in imag-

ing foveal photoreceptors, but wavefront sensors can restrict the design of imaging

systems. For example, many adaptive optics imaging systems use off-axis mirror

telescopes to avoid lens surface reflections [158, 163, 172] that can cause improper

wavefront detection. These off-axis mirror telescopes require the use of long focal

length and toroidal mirrors [172] in order to reduce the amount of static system

aberrations [93]. This leads to large and complex imaging system optics, which are

not as well-suited for clinical adoption.

Closed-loop AO aberration correction is only as good as the wavefront being

detected, so errors in wavefront reconstruction, including improper centroid detection

and non-common path relay optics, can lead to poor aberration correction [169].

Aberration correction is especially venerable when the wavefront signal is weak, as

is common in patients with ocular pathologies, such as cataracts, keratoconus [5], or

retinal abnormalities [173]. Off-axis wavefront detection, which would be the case

for a wide-field AO imaging system, is very prone to errors and requires the use of
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Figure 1.5: Reproduced from http://www.laserfocusworld.com. Closed-loop
adaptive optical system for examining the retina. Light from an external source is
focused into the eye where aberrations change the wavefront reflected back into the
optical system. Wavefront sensors detect aberrations of the wavefront and adjust the
surface of an adaptive mirror to cancel out the aberrations, producing a corrected
wavefront that produces high-resolution images.

sensitive phase unwrapping techniques [150, 174]. For these reasons, closed-loop AO

is not a good choice for a clinical wide-field OCT system, which needs to function

reliability in a variety of scenarios.

1.5.2 Sensorless Adaptive Optics

Recently, wavefront sensorless adaptive optics (SAO) [5, 173, 175–177] has gained

attention by eliminating the requirement of a wavefront sensor-based mirror feedback

loop. Sensorless adaptive optics (SAO) has been adopted into both scanning laser

ophthalmoscopes [5] and OCT [173, 175, 176, 178]. Successful in vivo imaging in

both rodents [175] and humans [173] has laid a strong case for SAO’s utility in a

clinical setting. Using SAO to enhance the visualization of the peripheral retina is

of particular interest due to the human eye’s angle-dependent aberrations [65] as

well as inter-patient variability [4]. Furthermore, SAO is even able to correct the
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aberrations of patients with pathologies that obstruct a reliable wavefront reading

[5], including cataracts, keratoconus, and retinal abnormalities, whereas traditional

AO cannot.

SAO uses image quality metrics, such as mean brightness, to direct the correction

of the wavefront using a deformable mirror. Since feedback is provided directly by the

resulting image, any problems due to improper wavefront detection are mitigated. As

the deformable mirror shape counters parasitic ophthalmic aberrations, the imaging

beam will focus better onto the retina, providing a sharper and brighter image.

Owing to its robust correction of aberrations in a variety of scenarios, in AIM 3 we

report on SAO’s capability to overcome many of the clinical barriers attributed with

conventional AO.

1.5.3 Sensorless Adaptive Optics Optimization Algorithms

While SAO has many desirable qualities, a potentially crippling feature is that it

is orders of magnitude slower than closed-loop AO. While there are plenty of ap-

plications with static samples in microscopy [179–181] or animal models [175, 182],

live imaging in the human retina is prone to motion artifacts that could disrupt the

optimization processes. Therefore, it is important for the speed of SAO to be com-

parable to that of traditional AO. State-of-the-art SAO optimization in the human

eye takes on the order of 10 seconds to converge [5, 173]. In order to make SAO

useful for in vivo human imaging, the convergence time needs to be less than one

second and the convergence process needs to be robust to motion on the order of one

second. While we would not expect SAO to be able to correct dynamic changes in

the wavefront aberration due to tear film [67] or microsaccades [183], a one second

convergence time would allow for SAO to be resistant to bulk motion.

A host of different SAO optimization algorithms have been studied previously,

but only a handful have been used specifically for ophthalmic imaging: coordinate
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search using Zernike modes [175, 176], hill climbing [178], stochastic parallel gradient

descent [5], simulated annealing [184], and multidimensional Fourier modeling [185].

Of particular interest are the modeling approaches of [185], which have shown an

improved image on a static sample using only �100 iterations. Unfortunately, their

computation times are over 60x slower than other methods and would likely be

challenged by patient motion. It is important to note that the convergence speed is

determined by equation 1.4.

Speedseconds � #ite � ptacquireData � tprocessData � tupdateDMq (1.4)

The best SAO-OCT imaging systems have demonstrated convergence times on the

order of ten seconds in human eyes, and they used small volume patches to calculate

their intensity metric. Given our group’s expertise in image processing, we believe

that we can reduce the convergence time of SAO to under one second through the

incorporation of sophisticated convergence algorithms and rapid data processing on

raw B-scan data. We will test the clinical viability of our proposed algorithms in our

wide-field SAO-OCT system. Reducing the convergence time of SAO optimizatoin

is the topic of central focus in the FUTURE AIMS chapter.
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2

AIM ONE: Compressed Wavefront Sensing

2.1 Abstract

We report on an algorithm for fast wavefront sensing that incorporates sparse repre-

sentation for the first time in practice. The partial derivatives of optical wavefronts

were sampled sparsely with a Shack-Hartmann wavefront sensor (SHWFS) by ran-

domly subsampling the original SHWFS data to as little as 5%. Reconstruction was

performed by a sparse representation algorithm that utilized the Zernike basis. We

name this method SPARZER. Experiments on real and simulated data attest to the

accuracy of the proposed techniques as compared to traditional sampling and recon-

struction methods. We have made the corresponding data set and software freely

available online. Compressed wavefront sensing offers the potential to increase the

speed of wavefront acquisition and to defray the cost of SHWFS devices.

2.2 Background

Random variations in the wavefront of optical signals result from propagation through

turbid media such as the atmosphere or eye. If not corrected, such wavefront aberra-
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tions limit the maximum range of optical communication systems [66] or the quality

of retinal images [67]. If the point spread function of the optical system is known,

then deformable mirrors [68, 73] or inverse deblurring [72] techniques can be applied

to correct the wavefront. Shack-Hartmann wavefront sensors (SHWFSs) are a pop-

ular tool that can be used to derive the point spread function of an optical system

[71, 72], but the speed of a SHWFS is limited by both the noise in the system and

the camera hardware [74–76].

Sparse representation is a promising method [78, 79] for reconstructing undersam-

pled signals by representing them as a linear combination of a small number of basis

elements. Our target sparse representation algorithms draw upon the framework set

by compressive sensing [81, 82], but unlike compressive sensing [83], the point-wise

samples lack information about the complete image [84, 85]. Moreover, contrary

to active learning [86], the location of each point-wise sample is randomly selected

and is independent of previous measurements. Previous research in compressed sam-

pling has led to developments in imaging applications, such as holography [87, 88]

and single pixel cameras [89, 90]. The wavefront sensing described in this letter

is a sister-field of holographic imaging where the aberrometry measurements are of

particular interest for ophthalmic [68, 92, 93] and atmospheric imaging [72, 94, 95]

applications.

The marriage of sparse reconstruction algorithms with wavefront sensing has the

capacity to improve the speed of SHWFSs by changing only the way that data is

acquired and processed. The work of [91] first suggested the utilization of sparse

representation for compressed wavefront measurement. However, all validations in

[91] were based on pure simulation, which we show may have resulted in a suboptimal

design as compared to our proposed method. Cross-derivative constrained [80] sparse

representation (cdcSR) modifies Shack-Hartmann devices by reducing the number of

lenslets required to construct an optical wavefront [91]. Using fewer lenslets decreases
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the complexity of the apparatus and allows for fewer pixels on the SHWFS camera

to be read and recorded. Reading fewer pixels increases the frame rate [76] at which

the sensor can operate without altering the physical hardware of current SHWFS

devices.

2.3 Methods

In a traditional SHWFS system, an optical wavefront is measured and stored as

two high lenslet density (HLD) phase slopes, fx and fy, which represent the partial

derivatives in the x and y directions, respectively. These HLD slopes are used to

reconstruct the phase map and the point spread function of the optical system. Our

goal is to accurately reconstruct the phase map from a low density point-wise phase

slopes measurement (bx and by).

In this work, we follow the cdcSR framework to obtain an HLD representation of

the phase slopes from limited samples. But unlike [91] which utilizes a wavelet basis,

we represent the phase slopes using the Zernike [169] orthonormal basis:

Bφ px, yq
Bx � fx � Zcx and

Bφ px, yq
By � fy � Zcy (2.1)

where Z is a matrix that transforms the phase slopes in the Zernike domain (cx

and cy) into the HLD partial derivative space. The rationale behind our approach,

which we name sparse Zernike representation (SPARZER), is that for many practical

applications, including ophthalmic imaging, the majority of the Zernike coefficients

of the target wavefront are near zero [77].

The SPARZER framework is formulated as

ĉ � argmint1

2
}ψZc � b}22 � λ}c}1u (2.2)

where ψ is a random sparse sampling operator, λ is a regularization coefficient, c

= [cx, cy]
T , and b = [bx, by]

T . In this equation, the first term relates the final
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solution to the measurements and the second term evokes the sparsity condition.

SPARZER formulation is simpler and less computationally complex as compared to

cdcSR, because Zernike space inherently imposes the condition that the phase map

be continuously differentiable in the x and y directions. Thus, SPARZER does not

require the additional cross-derivative term utilized in cdcSR [91].

Following [91], we solve the above minimization problem using the fast iterative

shrinkage-thresholding algorithm [186]. Using this algorithm, most of our solutions

converged in fewer than 30 iterations. Once cx and cy are obtained, we use Eq. 2.1

to reconstruct the HLD phase slopes.

The optical setup used to measure compressed wavefront slopes is depicted in

Fig. 2.1. A fiber-coupled 635 nm diode laser was collimated to a beam diameter of

3 mm. The paraxial light was relayed through a polarizing beam splitter, 5x beam

expander, and quarter-wave plate to the surface of a deformable mirror (Imagine

Eyes, France). The deformable mirror both introduced aberrations and reflected the

light back through the quarter-wave plate and 5x beam expander. The light then

reflected from the polarizing beam splitter, rejecting spurious reflections from the

optical elements. Finally, the light was relayed by a second telescope to the plane

of a [32, 40] lenslet array of a SHWFS (Imagine Eyes, France). All wavefront data

reconstructed by the various algorithms was measured by this setup.

2.4 Results

The goal of our first experiment, which examined the effect of adding simulated noise

to raw wavefront data, was to visually demonstrate the capability of our algorithm

in recovering very sparsely sampled phase slopes. As depicted in Fig. 2.2, a wave-

front modeled after the high-order aberrations (HOAs) of the human eye [77] was

generated by the deformable mirror. By definition, HOAs do not include the first

four Zernike terms, piston, tip, tilt, and defocus. We created a denoised phase map
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Figure 2.1: Example of a parametric plot (Schematic of optical setup used to
acquire wavefront data. Red laser light is collimated and passed through linear po-
larizers (LP), a polarizing beam-splitter (PBS), a 5x beam expander, a quarter-wave
plate, a deformable mirror (DM), and a relay telescope before being measured by a
Shack-Hartmann wavefront sensor (SHWFS). The symbols represent the polarization
of the light while traveling from left to right in the system.

by averaging the Zernike coefficients of ten independent SHWFS measurements (Fig.

2.2a) recorded from the optical setup of Fig. 2.1. To simulate phase slopes acquired

with different signal-to-noise ratios, we added white Gaussian noise with the variance

ranging between 1-10% of the maximum slope value (Fig. 2.2b). The noisy HLD

images were then down sampled randomly by a given compression ratio, creating

a sparsely sampled compressed wavefront slope (Fig. 2.2c). For an [n, m] array

of lenslets and a compression ratio of 0.05, nm/20 total lenslet measurements were

taken from the HLD data at random. Note that this definition of compression ratio

differs from that of [91], which only subsampled the rows. We then reconstructed

the down sampled data back to full size [n, m] using linear interpolation (Fig. 2.2d)

and SPARZER (Fig. 2.2e). A quick consultation with Fig. 2.2 shows the qualitative

accuracy of the SPARZER method.

For quantitative comparisons, the above process was repeated 1,000 times at

different noise levels using a fixed compression ratio of 0.10. The reconstructed

full-scale data subsequently was projected into the Zernike space and the errors

compared to the denoised phase map over the first 37 Zernike terms were averaged.

The median error among 1000 repetitions was used in order to mitigate the effects of
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Figure 2.2: Flow diagram of experiments depicting the denoised HLD (a), the
simulated noisy HLD (b), the sparse samples of a compressed (c), the linearly inter-
polated (d), and the SPARZER reconstructed (e) wavefront slope in the x-direction
with simulated noise. The mean squared error of the wavefront slope is 0.1451 (d)
and 0.0254 (e).

major outliers from biasing the data set. For comparison, the down sampled data was

also reconstructed using the wavelet-based algorithm of [91] (named cdcSR Wavelet)
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and spline interpolation (Fig. 2.3).

In the next experiment (in which no simulated noise was added to the measured

wavefronts), raw phase slopes modeled after ocular HOAs were acquired for a variety

of compression ratios from the optical setup of Fig. 2.1. At each compression ratio,

100 random sampling patterns were used to generate different subsampled realiza-

tions of the eyes HOAs. The average error in the first 37 Zernike coefficients for the

data reconstructed by the various methods was compiled in Fig. 2.4. Please note

that only 10 realizations of the wavelet-based algorithm were performed due to its

slower rate of convergence.

Figure 2.3: Reconstruction accuracy of the sparsely sampled HOAs of a typical
human eye for various amounts of simulated noise at a 0.10 compression ratio. Error
bars correspond to the 1000 realizations of additive noise (10 for cdcSR Wavelet).

Our third experiment mimicked the previous experiment but used a wavefront

primarily composed of defocus aberration, which tends to dominate HOAs in real
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eyes by an order of magnitude [4, 77]. Note that since the phase slopes of defocus

aberration have linear profiles, this experiment can be considered as the worst-case

scenario for the SPARZER performance as compared to linear interpolation. We

sparsely sampled the unmodified wavefront data at various compression ratios for

defocus powers ranging from 0.50 diopters to 5.00 diopters in 0.50 diopter increments.

The mean Zernike term errors for the minimum (0.50 diopters) and maximum (5.00

diopters) defocus scenarios are plotted in Fig. 2.5.

Figure 2.4: Error in reconstructing the HOAs of a typical human eye sparsely
sampled with various compression ratios. Error bars correspond to the 100 different
sampling patterns at each compression rate (10 for cdcSR Wavelet).

In the final experiment, we expanded the applicability of SPARZER beyond oph-

thalmic applications and assessed its merit towards the reconstruction of random

HOAs. The coefficient values of the HOAs were determined by a random number

generator and input into the deformable mirror. Due to the limitations of the mirror,
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Zernike terms above the first 20 could not be input explicitly. Five such realizations

of random wavefronts were recorded and the average Zernike term error as a function

of compression ratio was determined (Fig. 2.6).

2.5 Discussion

Fig. 2.3 shows that SPARZER performed better than the other techniques at all

tested noise levels. Fig. 2.4 shows how the HOA wavefront from a typical human eye

could be accurately reconstructed by SPARZER at a variety of compression ratios.

The wavefront in this experiment was defocus compensated, which is common in

most adaptive optics and ophthalmic imaging systems.

Figure 2.5: Error in reconstructing wavefronts dominated by defocus aberration
for various compression ratios (considered the worst-case scenario for our SPARZER
method). Half diopter (solid lines) and five diopters (dotted lines) of defocus are
presented. Error bars correspond to the 100 different sampling patterns at each
compression rate (10 for cdcSR Wavelet).
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Most practical ophthalmic imaging instruments include external defocus compen-

sation, but for the sake of completeness, we considered optical systems that may be

dominated by focus aberration in Fig. 2.5. Defocus is a linear term in the x and y

phase slopes, so we expect linear interpolation to do a good job reconstructing the

wavefront. We can see in Fig. 2.5 that the SPARZER algorithm is able to rival

linear interpolation for phase slopes composed of mainly linear Zernike terms at all

compression ratios. Additionally, SPARZER excels throughout the defocus range

tested in our experiments (additional defocus wavefronts not shown). We believe

that SPARZER is able to outperform linear interpolation in this scenario because of

its denoising capabilities.

Figure 2.6: Error in reconstructing randomly generated high-order wavefronts
sparsely sampled with various compression ratios. Error bars correspond to the
five random HOA patterns at each compression rate.

Fig. 2.6 measures SPARZERs strength when reconstructing wavefronts with
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the first 20 Zernike terms randomly generated by a deformable mirror. Because we

cannot emulate all realistic optical wavefronts, we decided that a randomly generated

wavefront was the fairest way to test the algorithms ability to reconstruct wavefronts

with minimal a priori knowledge. We tested five random wavefronts in order to insure

that we did not select an outlying case which may be particularly well suited to our

algorithm. The data presented in Fig. 2.6 is a compilation of the average errors

from the five different random wavefronts. We see that even with very little prior

knowledge about the wavefront, SPARZER is able to accurately reconstruct the high

density phase slopes.

2.6 Conclusion

For the first time to our knowledge, we performed compressed wavefront sensing

successfully in practice. A variety of wavefront curvatures common to ophthalmic

applications were investigated (Figs. 2-5) as well as randomly generated HOA wave-

fronts (Fig. 2.6), which were studied in an attempt to broaden the scope of this work.

For all of the different types of wavefronts examined, SPARZER outperformed the

other methods by an increasing margin at the higher compression ratios. These

results imply that SPARZER is the preferred reconstruction method, especially in

the case where a minimum number of lenslets and a maximum increase in wavefront

detection speed is desired.

For a fair comparison, we did our best to optimize the parameters for the wavelet-

based cdcSR method [91]. However, since the code for the cdcSR method is not

publicly available, our implementation may differ in some details with what the au-

thors had originally intended. To enable other researchers to utilize our method in

their future research, we have made our code and dataset available online at http:

//people.duke.edu/~sf59/Polans_OL_2014.htm. We note that other sparsity-

based techniques, such as those applying dictionary learning [187], might improve
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the reconstruction accuracy but at the cost of computational complexity. The com-

pressed wavefront sampling presented in this work provides a potential solution for

applications where high-speed, cost-effective wavefront sensing is desirable.
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3

AIM TWO: Wide-Field Optical Model of the
Human Eye

3.1 Abstract

Eye models are valuable tools that can help delineate the role of anatomical parame-

ters on visual performance and guide the design of advanced ophthalmic instrumen-

tation. We propose an optically accurate wide-field schematic eye that reproduces

the complete aberration profile of the human eye across a wide visual field. The

optical performance of the schematic eye is based on experimentally measured wave-

front aberrations taken with a four mm pupil for the central 800 of the horizontal

meridian (101 eyes) and 500 of the vertical meridian (10 eyes). Across the entire field

of view, our model shows excellent agreement with the measured data both compre-

hensively and for low-order and high-order aberrations. In comparison to previous

eye models, our schematic eye excels at reproducing the aberrations of the retinal

periphery. Also unlike previous models, tilt and decentering of the gradient refrac-

tive index crystalline lens, which arose naturally through the optimization process,

permits our model to mimic the asymmetries of real human eyes while remaining
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both anatomically and optically correct. Lastly, we outline a robust reverse building

eye modeling technique that is capable of predicting trends beyond those defined

explicitly in the optimization routine. Our proposed model may aid in the design of

wide-field imaging instrumentation, including OCT, SLO, fluorescence imaging and

fundus photography, and it has the potential to provide further insights in the study

and understanding of the peripheral optics of the human eye.

3.2 Background

The human eye is an intriguing optical instrument whose behavior has been the fo-

cus of many investigations over the past century and a half. The human eye can be

viewed optically as a multiple element refractive imaging system composed of the

cornea, pupil, lens and retina. The unique features of the eye often behave like a

nearly aplanatic system [96] where the shape and gradient refractive index (GRIN)

distribution of the lens may help to reduce the spherical and coma aberrations orig-

inating in the cornea. These optical characteristics permit analogs to be drawn to

complex wide-field imaging lenses. Modeling the subtle intricacies of the optical

properties of the human eye is important in order to better understand their roles in

visual perception [96].

Optical models are valuable tools for understanding the performance of the many

refracting surfaces of the eye. These models are used in many ophthalmic applica-

tions, including optometry, refractive surgeries such as photorefractive keratectomy

[99], laser-assisted in situ keratomileusis [100], and intraocular lens implantation

[101, 102]. Schematic eyes not only provide insight into the optical characteristics of

the eye, but also they assist in didactic endeavors to identify, diagnose and classify age

[103, 105–107, 107, 108], gender [109], ethnicity and accommodation [110–114] de-

pendent trends. Model eyes can be helpful in understanding how anatomical changes

affect the progression of certain pathologies such as myopia [104, 116, 117] as well.

32



Model eyes also have been incorporated into the design of imaging instruments

[118, 119] in order to predict the theoretical spot size of a beam on the retina, the

magnification, the modulation transfer function, the angular field of view, the optical

throughput and the longitudinal chromatic aberration. The spot size ultimately

dictates the imaging resolution of a system, which makes it a key feature in the design

of many instruments. For specialized ophthalmic instrumentation aimed at imaging

the periphery of the retina, the exactness of the model used in the simulation becomes

increasingly important, as the magnitudes of the aberrations vary with eccentricity

[4, 115, 120–123]. Therefore, it is surprising to find that an optically accurate wide-

field schematic eye that aims to aid the design of modern imaging systems has not

been created. Having a robust model eye that potentially could be utilized during

a system’s design to preemptively correct the aberrations inherent to the peripheral

optics could enable high-resolution imaging modalities, including optical coherence

tomography [6, 8], scanning laser ophthalmoscopy [118], and fluorescence imaging

[124, 125], to extend their field of view to the peripheral retina. The peripheral retina

presents a multitude of ocular pathologies including diabetic retinopathy [53], retinal

vein occlusions [54], choroidal masses [55], vasculitis, uveitis, choroidal dystrophies,

retinal tears and detachments, Coats’ disease, familial exudative vitreoretinopathy,

and incontinentia pigmenti.

Eye models date back as far as the mid 19th century when Moser (1844) and

Listing (1851) built schematic eyes using spherical surfaces as the cornea and lens

[126]. These models were further improved by the work of Helmholtz and Tschern-

ing until the widely accepted Gullstrand model [127] was introduced in 1909. The

Gullstrand model physically resembled real eyes and utilized a shell structure as the

crystalline lens, but due to the difficulty in tracing refracted light through a shell

structure, the model was later simplified by Le Grand [128] and Emsley [129]. Mod-

ern eye modeling began taking form in the late 20th century with the advancement
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of the tools used to measure the optical quality of the eye. Lotmar [130] improved

the eye models by adding aspheric surfaces in 1971, while the work of Kooijman [131]

and Pomerantzeff [132] investigated the effects of a curved retina. Blaker adopted

an adaptive model of the human eye in 1980 [133] and continued his work with an

age and accommodation dependent model in 1991 [105]. Thibos et al. modeled

the axial chromatic aberrations [134] and on-axis spherical aberration [135]. Next,

Liou and Brennan [136] presented an anatomically inspired finite eye that used a

GRIN lens. Escudero-Sanz and Navarro [2] developed a wide-field schematic eye

by adding a curved imaging surface to an accommodation-dependent model [110].

Atchison [104] contributed a tilted and decentered lens and retina, but he observed

that their asymmetric model had limited success in modeling the eye’s peripheral re-

fraction. Personalized eyes tailored to specific groups emerged soon thereafter, with

models defined by Navarro et al. [137], Tabernero et al. [101], and Rosales & Marcos

[138]. Later, Goncharov and Dainty incorporated a GRIN lens into their wide-field

schematic eyes [3], creating separate models for each of three distinct age groups.

Each of the aforementioned eye models was designed with a unique goal in mind.

The principle aim of some of the models was to simulate the correct magnitude of

on-axis spherical aberration [135, 139], while other models prioritized anatomical

accuracy [130, 136]. Age [3, 104, 140] and accommodation [104, 110, 112] dependent

eye models were another area of focus, as well as models that exhibited the correct

quantity of chromatic aberrations [134, 135]. The more recent models sought to

better imitate the gradient index profile of the crystalline lens [140–142], especially

in diseased eyes [143]. The existing eye models spanned a wide variety of applications,

but no model has been able to portray accurately the full aberration profile across a

wide field of view including the naturally occurring asymmetries of the human eye.

Many of the previous model eyes were challenged by a lack of available aberra-

tion data at the time of conception. A detailed compilation of the experimentally
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measured data used in modern eye modeling was outlined succinctly in [104] and

[3]. The large data sets that formed the basis of many fundamental properties of

the eye included corneal topography, but they lacked a direct measurement of the

optical aberrations. Instead, aberration profiles were derived from the anatomical

geometry of the eye. Direct measurement of the aberration profiles was performed

initially with laser ray-tracing and double-pass techniques [121, 144, 145], but the

measurements were sparse and often originated from a sample population consisting

of as few as four subjects. Due to the limited availability of aberration data, even

some of the more recent models only made comparisons to existing eye models and

not to experimental measurements. Evaluating a new eye model by how closely it

resembled a previous model made it difficult to assess the validity of the new model

as compared to human eyes. Furthermore, in multiple cases, the discussed perfor-

mance metrics were based predominantly around on-axis spherical aberration rather

than a full wide-field aberration profile.

Over the past few decades considerable effort has been made to better understand

ocular performance across the human visual field [3, 4, 115, 120–123, 146–153]. This

effort has led to numerous technological advancements including the adaptation of

Shack-Hartmann wavefront sensors for ocular aberrometry [71, 154, 155] and the

subsequent invention of special machinery capable of measuring the wavefront aber-

rations across a large field of view [153, 156]. These tools contributed to a rich growth

in the availability of peripheral wavefront aberration data [4].

In an effort to supplement the existing eye models with the latest wavefront data,

one of our goals was to compare the optical performance of eye models directly with

experimentally measured aberration profiles [157]. Additionally, we combined the

recently acquired aberration data into our own eye model by imposing a reverse

building technique similar to ocular wavefront tomography [188].

Another aim was to mimic the asymmetries of real human eyes. The majority
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of existing models were rotationally symmetric, and therefore, they were unable to

provide an asymmetric aberration profile. Our model allowed for the crystalline lens

to be tilted and decentered in order to better represent both the anatomical and

optical asymmetries of the human eye.

The final goal of this study was to develop a generic schematic eye that reproduced

the aberrations of the human eye across a wide visual field. The term generic was

used to denote that the model’s aberrations were derived from the average of a large

sample group.

3.3 Methods

3.3.1 Main Methods

Our model was based on the angle-dependent ocular wavefront aberration data ob-

tained at the University of Murcia (Spain), in the right eyes of 101 healthy subjects

without ophthalmic correction [4] using a high-speed peripheral wavefront sensor

[156]. In that study, the eye was illuminated with a 780 nm infrared laser beam

where the aberrations at the pupil plane were relayed to a Shack-Hartmann wave-

front sensor for detection. Wavefront measurements were taken along the horizontal

meridian in 10 angle increments spanning the central 800 of each eye. The aberration

data was expanded in the form of Zernike polynomials.

The published data of [4] was supplemented further with new wavefront mea-

surements taken along the vertical meridian. A 2D grid of wavefronts was acquired

for 10 individuals in a region spanning the central 800 along the horizontal and 500

along the vertical. The horizontal meridian was sampled in 10 angle steps, while the

vertical was sampled in 50 steps. This lead to a sampling grid of 81x11, or 891 total

wavefronts, for each person. Vertical sampling was achieved by having the subjects

fixate on a vertically offset laser target that was located two meters away. At each

vertical angle, the instrument of [156] scanned along the horizontal meridian.

36



All of the subjects (54 male, 47 female, 95% Caucasian) were imaged under normal

viewing conditions without cycloplegia. For the off-axis wavefront measurements, the

elliptical pupil shape was unwrapped and mathematically rescaled [189] to match a

constant pupil diameter of four mm. The population group had an average age of

27.5+/-7.2 years with on-axis mean spherical refractive error ranging from -4.6 to

+3.2 D.

A thorough comparison of the peripheral aberration data to existing literature has

been published previously [4], but is summarized here for the sake of completeness.

The young age group of [107] closely matched the mean age of our subject population

and showed close agreement in the dominant low order aberration terms of defocus

and astigmatism. The asymmetry and magnitude of the aberrations were similar,

with less than 0.25 D difference even at the extent of the periphery. The larger

group of [115], which included the data of [107] reported very similar magnitudes

of peripheral astigmatism, but had slightly flatter peripheral variation in defocus

when separated into central refractive groups. Our data also exhibited excellent

agreement with the recent works of [111, 189], especially for their small circular

aperture calculations, which was the same unwrapping method used for our data set.

Not only did our 2nd order peripheral aberrations match this data set, but also the

higher order terms had analogous trends and magnitudes. Though limited to fewer

subjects, we saw excellent overall agreement with the vertical data of [115] and [111]

as well.

Using the results of the angle-dependent ocular wavefront aberration data, we

developed an anatomically rigorous wide-field schematic eye model (Table 3.1) that

mimicked accurately both the on-axis and off-axis optical behavior of measured hu-

man eye data. The eye model was created using the optical design software Zemax

(Radiant Zemax LLC, Redmond, WA), and the reverse building optimization tech-

nique we used is depicted in Fig. 3.1. The way in which we implemented the reverse
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Table 3.1: Parameters of Eye Model

Surface Radius
(mm)

Thickness
(mm)

Conic Decenter
X (mm)

Decenter
Y (mm)

Tilt X (0) Tilt Y (0)

Retina 13.078 16.040 0 - - - -
Lens P 6.491 3.526 0.821 0.188 -0.019 0.622 2.993
Lens A -11.516 3.650 -0.195 0.188 0.019 -0.622 -2.993
Cornea P
(Y,X)

(-6.469, -
6.110)

0.55 (-0.161, -
0.208)

- - - -

Cornea A
(Y,X)

(-7.760, -
7.688)

- (-0.052, -
0.007)

- - - -

GRIN (Gradient 5) ∆T=3.562, N0=1.424, Nr2=-1.278E-3, Nr4=-2.121E-5, Nz1=-
0.045, Nz2=0.021, Nz3=-5.651E-3, Nz4=8.658E-4

building technique is a combination of imposing optical aberrations on personal-

ized eye models [137] with ocular wavefront tomography measurements [188]. Fig.

3.1 shows a method that is able to impose the average wavefront aberrations of a

large population group as a function of retinal eccentricity within the physiological

boundary limits of real eyes (additional detail provided in supplementary materials).

The design prior to optimization was based loosely on the Goncharov and Dainty

30-year simplified schematic eye [3], which incorporated a gradient 5 GRIN distri-

bution in Zemax. In order to expand the usable wavelength range, we incorporated

a chromatic dispersion profile (Table 3.2) for the cornea, aqueous humor, crystalline

lens, and vitreous humor based on Atchison and Smith’s findings [190]. The chro-

matic response of the GRIN lens (Table 3.3) was implemented using the information

provided in [191], which examined specifically the chromatic aberrations across a

wide field of view for human eyes. Following the work of [112], we used a biconic

anterior and posterior corneal surface. Additionally, we permitted the crystalline

lens to be displaced transversally to the optical axis and to be rotated in any plane.

In contrast to the previous eye models which were developed for six to eight

mm pupil diameters, our eye model was designed around a pragmatic pupil size of

four mm in order to pair our model eye with wavefront data acquired under normal

viewing conditions. Additionally, the model was optimized with light that originated
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at a point source on the retina and propagated to the cornea because this orientation

most accurately mimicked the Shack-Hartmann wavefront sensor measurements.

With the optical dispersion and initial surface topologies set, a custom merit func-

tion was written for the optimization process (supplementary materials). Anatomi-

cal boundary limits were imposed using values previously reported in the literature

[112, 192]. Since the anterior and posterior surface curvatures, the conical constants,

and the GRIN of the crystalline lens cannot be measured readily in vivo, the lens’

boundary conditions were given less weight than those parameters that had been

validated consistently, such as corneal biometry. The works of [137, 193, 194] have

previously demonstrated merit functions that constrain successfully the anatomical

features of an eye model.

Additionally, we constrained the ocular aberrations as a function of retinal ec-

centricity. Our model’s aberrations were set to match the average values that were

measured in the right eye along the horizontal (101 eyes) and vertical (10 eyes)

meridians. Please note that the data presented throughout this paper represented

those aberrations pertaining to the right eye. A similar optimization process can

be performed in order to obtain a left eye model, but the differences between the

right and left eyes were not essential within the context of this work. The first 15

Zernike terms (through 4th order) using the OSA standard notation were entered

into the merit function from retinal eccentricities ranging from -400 to +400 in 100

steps along the horizontal meridian and -200 to +200 in 100 steps along the vertical

meridian. Piston, tip and tilt were not included in the merit function because they

could represent artifacts of the aberration measurement system. Because we desired

an optically accurate wide-field eye model, we gave the aberrations of all eccentric-

ities significant weight during the optimization process, but favored the aberrations

closer to the visual axis by assigning them greater weight (10x) than those pertaining

to the periphery. An example optimization merit function is provided in Table 1S of
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the supplemental materials.

Prior works have reported a crystalline lens decentration of 0.20 mm [104, 195]

and tilt [196–199] of 40, but the standard deviations of these measurements were of

the same order as the magnitude, so we permitted these parameters to vary with-

out restriction. Similar magnitudes and variations for decentration and tilt were

validated by Purkinje-based imaging systems as well [200, 201].

3.3.2 Eye Model Optimization Merit Function

The reverse building optimization technique used to create the proposed eye model

is depicted schematically in Fig. 3.1. The model was optimized in Zemax optical

design software using a custom merit function (Table 1S) that incorporated informa-

tion about anatomical boundary constraints, GRIN lens properties, and measured

wavefront aberration data.

Anatomical boundary constraints, derived from multiple sources and compiled

more succinctly in [112, 192], limited the range of variation of anatomical features,

such as the radii of curvature, thicknesses, and conic constants. Boundary constraints

were divided qualitatively into hard and soft limits according to their weights within

the merit function. Hard limits, which constrained the associated properties with

very high weight, were used for all surface properties except for those pertaining to

the lens. The hard limits forced the parameters into a desired target range without

any preference for particular values within that range. Soft limits, which penalized

variation outside the target range with much lower weight, were used for the an-

terior and posterior lens surfaces because anatomical values reported for the lens

[112], including radius of curvature, thickness, and conic constants, often included

simplifying assumptions, only described the lens over a small field-of-view, or were

not measured in vivo. The maximum, minimum, and range of the index of the lens

were constrained using hard limits based on the values derived in [202]. Tilt and
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decentration of the lens were not constrained in the merit function, but rather, they

were allowed to vary freely.

Measured ocular aberration data as a function of retinal eccentricity was incorpo-

rated into the merit function as soft constraints with target values (as opposed to the

target ranges used for the anatomical constraints), where the target values were the

mean aberration magnitudes derived from our measured data sets (101 eyes along

the horizontal meridian [4] and 10 eyes along the vertical meridian). The first 15

Zernike terms (through 4th order), excluding piston, tip, and tilt, were inserted into

the merit function with soft limits from -400 to +400 in 100 steps along the horizontal

meridian and -200 to +200 in 100 steps along the vertical meridian. The values under

100 from the on-axis (00) point were given 10x greater merit function weight than

the values in the periphery. Also, since there was twice the number of horizontal to

vertical constraints, the vertical operands were given twice the weight.

The complete optimization merit function contained 201 total operands. Table

1S includes the complete set of anatomical boundary constraints and GRIN lens

properties, but only a representative subset of the wavefront constraints. For brevity,

the full set of wavefront constraints is listed for one angle (400 nasal); additionally,

the relative weights (but not the specific values) are listed for the Zernike terms

(Z3-Z14) of the other measured angles.

Optical dispersion parameters for the cornea, aqueous humor, lens, and vitreous

humor were based on the findings of Atchison and Smith [190] (Table 3.2). The

chromatic response of the GRIN lens (Table 3.3) was implemented using the in-

formation provided in [191], which examined specifically the chromatic aberrations

across a wide field of view for human eyes. The dispersion parameters were hard

set in the glass type category of Zemax, and they were not allowed to vary with the

optimization routine.

Hammer optimization, which is a global optimization feature in Zemax, was used
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Table 3.2: Schott Dispersion Coefficients of Eye Model Media

Surface a0 a1 a2 a3 a4 a5
Vitreous
Humor

1.7494E+00 -5.2758E-04 1.4299E-02 -1.4114E-03 1.1750E-04 8.6476E-07

Aqueous
Humor

1.7471E+00 -2.5796E-04 1.5845E-02 -1.7850E-03 1.5126E-04 7.3259E-07

Cornea 1.8535E+00 2.8269E-04 1.6610E-02 -1.8719E-03 1.6283E-04 1.5807E-07

Table 3.3: Sellmeier Dispersion Coefficients of Crystalline Lens (nref=555nm)

K11 K12 K21 K22 K31 K32 L1 L2 L3

-534.4493 784.8531 269.8803 -389.7629 273.6147 -395.1561 -0.0010 0.0000 -0.0020

to reproduce the measured Zernike aberrations while keeping the anatomical param-

eters within their boundary limits. Note that all of the values listed in Table 3.1

were allowed to vary simultaneously during global optimization. Hammer optimiza-

tion was allowed to run for over 72 hours on a 3.20 GHz Intel Core i7 processor

with 12 cores, which accounts for approximately 2.5 million variations of the system.

Therefore, we posit that our optimization technique reached a unique solution for a

specific set of weighted operands.

While a variety of similar eye models could be generated by varying the relative

weights of the different operands, we settled on the proposed model weights because

the result matched well the measured data throughout the field of view, including

those meridians not constrained directly in the merit function (Figure 3.8). If a spe-

cific feature, such as corneal biometry or peripheral defocus, needed to be constrained

with greater precision, this could be achieved through adjustment of the associated

merit function weights.

3.3.3 GRIN Surfaces in Zemax

In Zemax optical design software, GRIN lenses are defined as a piecewise series of

infinitely thin refractive index plates where light does not refract between adjacent

plates. The spatial distribution of refractive index is calculated only at a plate, and

after refracting from a plate, each ray becomes associated with a refractive index until
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the next plate, regardless of whether the ray changes height or direction. Therefore,

in order to reverse a GRIN-based lens model, the refractive index in the reverse

direction would need to be a function of both height and angle or the spacing of the

index plates needs to be small. However, Zemax does not include surfaces that allow

for refractive index to be defined as a function of both height and angle.

Figure 3.1: Flow-diagram illustrating the eye model optimization process. The
design method implemented a combination of experimentally measured data and
ray-tracing optimization.

The ∆T value from Table 3.1 corresponds to the axial sampling of the GRIN.

While a ray trace of a highly sampled GRIN (∆T = 0.010 mm) would more accurately

simulate a continuous gradient, our reverse building process arrived at a large ∆T

value in order to match best the measured aberration data. Since there were limited

gradient profiles available in Zemax and gradient 5 was the only profile that supported

chromatic dispersion, we believe that our results could be improved even further with
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a more realistic axial GRIN profile. This treatment of GRIN profiles may help to

explain why we obtained a slightly larger ∆T and ∆n (0.056) than expected (0.050)

[202]. Previous works have not specified their chosen value of ∆T, and it is possible

that others may have used a course sampling value too (the default value is 1 mm).

Thus, we believe caution should also be used in reversing prior eye models as well.

3.4 Results

After optimization, the resulting eye model was used to generate a plethora of data

in Zemax. The optical power of our eye model was found to be 62.3 D on-axis for

a paraxial beam. The lens power was 20.4 D, which was in agreement with studies

based on MRI [202] and on refraction correction [104]. The entrance pupil was

located 3.64 mm posterior to the apex of the lens, while the exit pupil was located

3.54 mm in front of the lens. The longitudinal spherical aberration was calculated as

the difference in axial distance between the focal points of the marginal and paraxial

rays; it was determined as 0.290 mm for a pupil diameter of 4 mm. Using a 6 mm

pupil diameter at 633 nm, our model predicted 0.106 µm of spherical aberration as

compared to the mean values of 0.120 µm [203] and 0.138 µm [77] reported previously

for 6 mm pupils. The total length of our model eye was 23.77 mm, which was

within the range reported by [196]. Even though these optical properties were not

constrained explicitly in the merit function, they assumed values consistent with

prior literature. Table 3.1 lists the structural parameters of the various components

of the eye model, all of which fell within the anatomically constrained boundaries of

measured data.

Fig. 3.2 shows a 2D ray trace of the sagittal cut of our eye model. The colored

lines represent those rays that originated from a common point source on the retina.

The chief ray of each set of rays formed an angle of incidence with the pupil stop

ranging from �{�400 in 100 increments. From Fig. 3.2, it is apparent that there is
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a small tilt and displacement of the crystalline lens, which was required in order to

satisfy the known asymmetries of the eye’s aberrations [4, 104, 111, 115, 191].

Figure 3.2: Schematic ray trace of the
proposed model eye. The colored lines rep-
resent point sources that originated from
various retinal eccentricities spanning a
�{�400 angle range in the pupil.

For the data presented in the results

section, a negative eccentricity corre-

sponds to the nasal retina along the hor-

izontal meridian and the inferior retina

along the vertical direction. Addition-

ally, in order to make direct compar-

isons, the aberrations for all of the

eye models were calculated using a four

mm pupil aperture in the orientation of

retina to cornea.

We used the RMS wavefront error to

represent the overall optical accuracy of an eye model as compared with measured

data. Fig. 3.3 plots the RMS wavefront error as a function of retinal eccentricity for

six modern eye models [2, 3, 104, 131, 136, 191] and our proposed eye model along

the horizontal meridian (see Figure 2S for vertical meridian). For each eye model,

the RMS wavefront error was calculated by subtracting each of the first 15 Zernike

terms (excluding piston, tip and tilt) from the average of the measured wavefront

data [4], squaring the difference, averaging the squares, and then taking the square

root of the average. The on-axis (00) defocus magnitude was subtracted for each eye

model because the existing eye models were designed with different magnitudes of

central refractive error. This subtraction process permitted a fairer comparison of

the changes with eccentricity by vertically shifting the defocus curves of Figs. 3.3,

3.4, 3.5, and 3.6. Also, most imaging systems include the ability to compensate

defocus on-axis, so the central refractive error is commonly eliminated. Please note

that the kinks at -150 are due to the optic nerve obfuscating the measured wavefront
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data [4].

Figure 3.3: RMS wavefront error of the various eye models as compared to the
measured wavefront data set along the horizontal meridian. The on-axis (00) defocus
magnitude for each eye model was subtracted from the defocus value of the other
eccentricities in order to illustrate more clearly the variation in RMS wavefront error
with retinal eccentricity. The standard deviation of the measured data set was 0.138
µm.

While Fig. 3.3 shows the overall performance of the various eye models, Fig. 3.5

shows their performance when separated into individual aberration terms for the hor-

izontal meridian (see Fig. 3.6 for vertical meridian). The most significant aberration

terms as determined by the measured data set were found to be oblique astigmatism

(Figure 3a), defocus (Figure 3b), vertical astigmatism (Figure 3c), coma (Figure 3d),

trefoil (Figure 3e) and spherical aberration (Figure 3f). The most commonly used

ophthalmic metrics, mean spherical refraction and cylinder, are shown in Figure 3g

and Figure 3h, respectively. The on-axis defocus aberration was removed for all eye
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models in order to compare best how each model varied with retinal eccentricity.

Figure 3.4: RMS wavefront error of the various eye models as compared to the
measured wavefront data set along the vertical meridian. The on-axis (00) defocus
magnitude for each eye model was subtracted from the defocus value of the other
eccentricities in order to illustrate more clearly the variation in RMS wavefront error
with retinal eccentricity. The standard deviation of the measured data set was 0.093
µm.

Fig. 3.8 plots the 2D matrix of wavefront data for the 10 subjects against the

proposed eye model. The wavefront data was decomposed into the dominant Zernike

aberration terms. Data was acquired in 50 steps along the vertical and 10 steps along

the horizontal for fields-of-view of 500 and 800 respectively. The data was median

filtered along the horizontal direction in order to mitigate artifacts due to irregular

wavefront measurements. Like the previous two figures, on-axis mean sphere was

subtracted in order to emphasize how defocus varied with retinal eccentricity.

Fig. 3.7 demonstrates that the wavefront of the new eye model closely resembles
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that of the measured data. This implies that the optical path length of any individual

ray across the entire pupil stop correctly mimics the optical path length differences in

the average human eye. This feature has important implications for many common

ophthalmic imaging systems, such as optical coherence tomography [6, 8], which

incorporates interferometric optical depth ranging. Knowing the optical path length

of an individual ray in the pupil at a given angle of incidence potentially could

allow aberration corrected images to be obtained without the use of adaptive optics

[68, 158]. Computationally reconstructing aberrated images has been shown to be

successful in examples such as deconvolution imaging [204–207], digital refocusing

[208, 209] and synthetic aperture microscopy [210, 211].

In order to demonstrate visually how our eye model represents the aberrations of

the human eye, we compared the theoretical point spread functions of light focused

onto the retina. Because focal spot sizes were not measured directly in the subject

data, we chose to compare the spots predicted through an ideal lens transfer function.

Wavefront profiles taken from the pupil of the measured and model eyes (Fig. 3.7)

were propagated to the retina using the Fresnel kernel for a range of eccentricities

along the horizontal meridian. It is important to note that the wavefront data used

for the phase profiles in Fig. 3.7 was obtained using light that originated from

point sources on the retina. The projected spot sizes at the retina were compared

against two wide-field eye models, namely Navarro’s wide-field [2] and Goncharov and

Dainty’s GRIN-based [3] schematic eyes (Fig. 3.9). The focal spot sizes predicted by

this method should be representative of a double-pass imaging system where light

enters the eye at various angles of incidence.

The measured data used to constrain the eye model was acquired at a wavelength

of 780 nm. In order to extend the applicability of our eye model to other wavelengths

of interest, we incorporated known values of chromatic dispersion into the various

optical media. Fig. 3.10 plots the chromatic focal shift as a function of retinal
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Figure 3.5: Plots demonstrating individual Zernike aberration terms versus retinal
eccentricity across the horizontal meridian. The most significant Zernike aberrations
include oblique astigmatism (a), defocus (b), vertical astigmatism (c), horizontal
coma (d), oblique trefoil (e), and spherical aberration (f). The key ophthalmic terms
of mean sphere (g) and cylinder (h) were displayed as well. The error bars correspond
to the standard deviation in the measured data set over the 101 tested eyes.

eccentricity for the various models and the measured data set of [191]. The chromatic

focal shift was calculated as the difference in mean sphere of the red (671 nm) and

blue (475 nm) focal points. The calculation was performed in object space, because

the focal point metric was derived from the defocus wavefront aberration term. A

GRIN dispersion profile taken from [191] was incorporated into the Liou & Brennan

and Goncharov 30S eye models. Adding dispersion to the crystalline lens was required
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Figure 3.6: compares the same metrics as Figure 3, but along the vertical meridian.
The measured data in this figure corresponds to the vertical data taken from the
supplementary group consisting of 10 eyes. The most significant aberration terms in
the vertical direction were oblique astigmatism (a), defocus (b), vertical astigmatism
(c), vertical coma (d), and spherical aberration (e). Like many of the other figures,
the on-axis (0) defocus magnitude for each eye model was subtracted from the defocus
value of the other eccentricities in order to emphasize the variation in RMS wavefront
error with retinal eccentricity. The error bars correspond to the standard deviation
in the measured data set for the group of 10 individuals.

in order to get realistic predictions of the on-axis LCA and off-axis chromatic focal

shift.

3.5 Discussion

Our schematic eye shows a significant improvement over the existing models in overall

wavefront error. Fig. 3.3 demonstrates how the collective aberrations of each eye

model change with retinal eccentricity as compared to the horizontal meridian of the

experimentally measured data. Most of the eye models have similar performance to

the measured data within the first �{�50 of the optical axis, but only the proposed
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Figure 3.7: Wavefront phase profile in the pupil plane for two other wide-field
schematic eyes (Navarro [2], G&D 30S [3]), our proposed eye, and the average of the
measured data set [4]. The phase profiles displayed represent the phase profile at
various retinal eccentricities. The profiles are presented in units of wavelengths for
780 nm light.

model accurately represents both the on-axis and off-axis wavefront aberrations. The

previous models show declining reliability in the periphery, and this improvement is

most notable at the extent of the periphery, where our model exhibits an improvement

in RMS wavefront error of 0.1777 microns over the next best model. As the total

RMS wavefront aberration in the measured data set at the extent of the periphery is

roughly 0.18 microns, our model offers a noteworthy improvement in optical accuracy

to even the next best performing model.

The collective aberration performance along the vertical meridian (Figure 3.4)
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Figure 3.8: Two-dimensional grid of measured wavefront data (left) compared with
the aberrations calculated for the newly proposed eye model (right) in the pupil plane.
Data was acquired in 10 steps along the horizontal and 50 steps along the vertical
for 10 subjects. The aberration terms shown are the four largest contributors to the
overall wavefront profile of the measured data set. On-axis defocus was subtracted
from the mean sphere measurement in order to isolate the changes in defocus with
retinal eccentricity.

also demonstrates our model’s agreement with the measured data. Again, within 50

of the central axis most models perform similarly, but our model better represents

the measured data in the periphery with an improvement in RMS wavefront error of
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0.1788 microns.

Figure 3.9: Diagrams representing the theoretical focal spot profile of a perfectly
collimated beam entering the eye at varying field angles along the horizontal meridian
for two wide-field schematic eyes (Navarro [2], G&D 30S [3]), our proposed eye, and
the average of the measured data set [4].

While the overall performance of our eye model (Fig. 3.3 and Figure 3.4) is bet-

ter, even the individual aberration terms (Fig. 3.5 and Fig. 3.6) outperform the

existing models in the retinal periphery. The other eye models become unreliable

largely due to an over estimation of astigmatism (Figure 3ach and Fig. 3.6ac). Addi-

tionally, because the other models use rotationally symmetric optics, they are unable

to accommodate the asymmetric optical properties of actual eyes, which are observ-

able clearly in the defocus (Figure 3a), astigmatism (Figure 3bc), and coma (Figure

3d) terms. Less asymmetry is observed in the vertical direction (Fig. 3.6), which
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is why the tilt and decentration have smaller magnitudes than those pertaining to

the horizontal (Table 3.1). Shifting the location of the central axis of the retinal

imaging plane of the other eye models would not improve their optical asymmetry

as the rate of change of the aberrations in the positive and negative directions are

different. This trend is most apparent when visualizing the derivatives (not shown)

of the astigmatism, coma and trefoil terms. In summary, our model is able to incor-

porate both the asymmetry in optical performance as well as the overall aberration

magnitudes as a function of eccentricity.

Figure 3.10: Comparison of chromatic focal shift for various
eye models as a function of retinal eccentricity. The chromatic
focal shift was calculated as the difference in mean sphere of
the red (671 nm) and blue (475 nm) focal points. The errorbars
of the measured data set correspond to the standard deviation
between 11 individuals.

The magnitude

of the aberrations

is smaller on-axis,

and typically, spher-

ical aberration is

the dominant term

(Fig. 3.5f). Defo-

cus is the other ma-

jor on-axis aberra-

tion, but often it

is compensated ex-

ternally in imag-

ing systems with

the use of correc-

tive optics, such as

Badal optometers. Therefore, it is important to note that our model shows a more

accurate prediction of spherical aberration near the fovea, which is important when

designing optical imaging systems aimed at resolving rods and cones [118, 119, 158].

The greatest shortcoming in our eye model is depicted in Fig. 3.5e: an opposing
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trend in trefoil as compared to the measured data. While our model predicts the

correct magnitude of trefoil on-axis, it quickly deviates from the intended trend in

the periphery. However, since the trefoil term is an order of magnitude smaller

than astigmatism, we do not believe that this observation is detrimental to the

overall performance of the eye model. Tilting or decentering the lens cannot produce

trefoil, but rather, trefoil depends on the intrinsic shape and structure of the cornea

and crystalline lens. Upon investigation, this term was found to originate in the

GRIN lens. Using a more sophisticated GRIN profile, which is discussed in the

supplemental materials, may allow us to maintain the overall aberration performance

while correcting this minor inconsistency.

Fig. 3.8 shows for the 10 individuals with wavefronts measured at the 2D grid of

points that the newly proposed eye model is in excellent agreement with the mea-

sured data. The four largest Zernike aberrations are displayed, and the magnitude

and trends along all observable meridians appear to be well matched between the

proposed eye model and measured data. Even though the optimization algorithm

only constrained the wavefront aberrations along the horizontal and vertical meridi-

ans, the data throughout the extent of the field of view is reproduced correctly. Fig.

3.8 confirms that the eye model can be useful across the full 2D field of view and

that the proposed optimization method of Fig. 3.1 is capable of enforcing optical

trends beyond those explicitly defined in the merit function.

The asymmetry of the eye may contribute to the paradoxical difference in optical

and visual axes, which has been used to explain the off-axis location of the fovea.

From the literature, a 40 difference in visual versus optical axis is reported. However,

the average value has relatively little significance, as the individual variations in lens

tilt are of the same magnitude. We observe this angle to be 2.990 along the horizontal

and 0.620 along the vertical direction for our eye model. Since the asymmetry in

aberrations is stronger along the horizontal than vertical merdian, it follows that
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the tilt would be smaller in this direction. Other works [2, 112] have discussed the

importance of the optical and visual axes, but they did not specifically modify their

model to include the asymmetric features. We believe that our design is the first

example of an eye model that provides a natural occurrence of this phenomenon by

allowing the crystalline lens to be decentered and rotated during the optimization

process. We provided no boundary constraints on the tilt and translation of the

lens, and it found a set of parameters that fell within the anatomical observations of

[198, 199].

Fig. 3.9 shows that our eye model more closely mirrors the theoretical focal

spot profile on the retina as compared to the two other wide-field eye models. As

expected in all eye models, we see an increase in spot size and therefore decrease in

imaging performance with retinal eccentricity; however, both the shapes and sizes

of the point spread functions predicted by our eye model more closely resemble the

spots anticipated from the measured data. Being able to accurately predict the spot

size and how images are blurred over the entire retina is important for both foveal

and peripheral visual processing studies.

The images in Fig. 3.9 foreshadow the challenges of designing a system capable

of imaging the proposed eye model and, by extension, real human eyes. By engineer-

ing optical elements that preemptively distort the light entering the eye, a system

could both reduce the overall spot size at the retina and make the spot size more

homogenous with the angle of illumination. This would be a crucial feature in the

design of yet-to-be imagined wide-field imaging systems that require a high degree

of spatial resolution throughout a large field of view.

We expect similar quantities of chromatic focal shift for the various eye models,

because as discussed in [191], factors related to the increase of axial length and

refractive index of the eye, including vitreous chamber size, GRIN of the crystalline

lens, shape of the retina, and vignetting of the pupil, do not have significant influence
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over the chromatic focal shift. Fig. 3.10 shows a similar trend of chromatic focal

shift versus eccentricity for all of the tested eye models as well as the measured data

set of [191]. The Jaeken 2011 (teal) curve in Fig. 3.10 was previously shown to be

in close agreement with both myopic and emmetropic eyes [191]. Our eye model

is in good agreement with this curve, but predicts a slightly flatter increase with

eccentricity. Thibos et. al. [134] estimate an on-axis LCA of 1.06 D, and our eye

model predicts a value of 1.057 D, which is within the standard deviation of the

measurements. Also, our eye model incorporates the subtle asymmetric differences

in chromatic focal shift observed in experimental measurements. Overall, we expect

our eye model to be valid for a range of wavelengths as it exhibits a dispersion profile

that is comparable to the existing models.

The figures throughout this work were calculated with the model oriented such

that light originated at the retina and propagated to the cornea. This orientation

was chosen because it models most accurately ophthalmic wavefronts measured by a

Shack-Hartmann wavefront sensor. Though instrument designers may prefer that the

model be oriented from cornea to retina in order to evaluate the spot size of existing

and new designs, we recommend using our model in its presented orientation due

to a limitation in GRIN lens representation in Zemax. We believe that this issue

exists with previous GRIN-based eye models; further discussion is provided in the

supplemental materials.

The eye modeling optimization technique presented in this work could be fur-

ther aided by corneal topography and tomography techniques [212–215]. Systems

that are able to measure simultaneously the cornea and lens curvatures, namely

extended-depth optical coherence tomography [216, 217], are especially appealing

for this application. For this paper, the boundary limits in the optimization routine

were referenced from the literature, but incorporating each individual’s anatomical

parameters would complement the existing wide-field aberration data by allowing a
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Figure 3.11: Plots showing the variation of the Zernike coefficients across the
horizontal meridian for eyes (101 total) divided into subgroups based upon central
refractive error. The various colors represent different magnitudes of central refrac-
tive error within one diopter ranges. Mean sphere (a), cylinder (b), coma (c), and
trefoil (d) are shown because they are the largest varying aberrations with horizontal
retinal eccentricity. Error bars correspond to the standard deviation within a given
refractive group.

direct comparison of the model’s fitted anatomical parameters to the mean of the

measured population group.

One major criticism for generic eye models is that they only represent the average

of a group people and that specialized eye models, like the personalized models pro-

posed in [101, 137, 138], can be useful in the design of imaging instruments. While we

agree that specialized eye models may be helpful in that they can offer additional in-
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sight into a specific patient’s ophthalmology, Fig. 3.11 shows that even when divided

into central refractive groups, there are persisting trends in the dominant aberration

terms except for defocus. Instrumentation cannot be designed to accommodate the

needs of every individual without the use of adaptive optics, but removing the bulk of

the aberrations by mitigating the effect of the generalized trends has the potential to

improve greatly imaging resolution. Additionally, as suggested in [4], foveal refractive

errors tend to be correlated with peripheral defocus, so devising an interchangeable

lens based on central refractive error could help to mitigate the parasitic effects due

to the large inter-patient variability found in the peripheral retina. Therefore, we

posit that optical instrumentation that is designed to counterbalance the eye’s aber-

ration trends, simultaneously improving the resolution and simplifying the design of

wide-field imaging systems, should be possible using the proposed model.

Additionally, as more aberration data becomes available, eye models can be de-

signed for specific subgroups, including central refraction, gender, ethnicity and age.

Even patient specific models, like those first proposed by [137], could be created

using the reverse building eye modeling technique outlined in Fig. 3.1. These topics

among many more are areas of advancement that have yet to be explored fully.

3.6 Conclusion

We have developed an asymmetric, anatomically inspired, and optically accurate

wide-field schematic eye based on measured wavefront data. To our knowledge, this

is the first eye model that portrays accurately the optical performance, including both

low-order and high-order Zernike terms, across a wide field of view within anatomical

constraints. We compared our proposed eye model to previously published models as

well as experimentally measured Shack-Hartmann wavefront data. Our model shows

better agreement with the measured data along all meridians both comprehensively

and for almost the entire set of Zernike terms at all field angles. Our model especially
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excels at predicting the aberrations of the retinal periphery. All of the eye models

studied have a similar dispersion profile as validated by measurements of chromatic

focal shift as a function of eccentricity. The proposed eye model has the potential to

impact both the design of wide-field imaging instruments as well as the study of the

peripheral optics of the human eye.

Secondly, we have outlined a robust reverse building eye modeling technique that

is capable of predicting trends beyond those defined explicitly in the optimization

routine. Though we constrained our model’s aberration profile from -400 to +400

in 100 steps (horizontal) and -200 to +200 in 100 steps (vertical), our model was

able to reproduce the measured data trends smoothly throughout the entire range

of eccentricities presented in a 2D grid of wavefront measurements. Also, our model

predicted accurately a number of commonly accepted optical properties, including

lens power, total power, longitudinal spherical aberration, spherical aberration at a

different pupil diameter and eye length, and it was able to evoke an anatomically

plausible, yet unsolicited, tilt and decentration of the crystalline lens. Translocation

of the lens was explored previously by Atchison in 2006 [104], but we believe that

we are the first to allow the lens to tilt and translate as a natural product of the

optimization process.
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4

AIM THREE: Wide-field Sensorless Adaptive
Optics OCT

4.1 Abstract

The peripheral retina of the human eye offers a unique opportunity for assessment

and monitoring of ocular diseases. We have developed a novel wide-field (>700)

sensorless adaptive optics optical coherence tomography system (WFSAO-OCT) for

enhancing the visualization of the peripheral retina. We also introduce a novel sen-

sorless adaptive optics algorithm, which iterates at the speed of individual OCT

B-scans (�10 ms) by using raw spectral interferograms to calculate the optimization

metric. In preliminary imaging studies in five normal human subjects, we quantified

statistically significant changes with sensorless adaptive optics wavefront correction,

corresponding to a 10.4% improvement in average pixel brightness (signal) and 7.0%

improvement in high frequency content (resolution) when visualizing B-scans of the

peripheral retina. We demonstrated the ability of WFSAO-OCT to acquire high-

quality wide-field images rapidly, locate regions of interest from a wide-field scan,

zoom into targeted features, and visualize the same region at different time points. A
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pilot clinical study was conducted on seven healthy volunteers and two subjects with

prodromal Alzheimer’s disease which illustrated the capability to image Drusen-like

pathologies as far as 32.50 from the fovea in un-averaged volume scans. This work

suggests that WFSAO-OCT may find applications in the diagnosis and treatment of

ocular, and potentially neurodegenerative, diseases of the peripheral retina, including

diabetes and Alzheimer’s disease.

4.2 Introduction

Since its inception, optical coherence tomography (OCT) [6–8] has achieved widespread

adoption in clinical ophthalmology in part due to its ability to visualize retinal tis-

sue in three dimensions [16, 17]. However, commercial clinical OCT systems have a

limited field-of-view (FOV) on the order of 300, which limits their application to vi-

sualizing disease biomarkers in the macula and central retina [49]. Two-dimensional

en face ophthalmic imaging techniques, such as scanning laser ophthalmoscopy [218],

fundus imaging [219, 220] and fluorescence imaging [53, 221, 222], can record a much

wider FOV, but they cannot monitor peripheral disease processes in three dimensions

[223].

There has been increasing interest to obtain high-resolution images of peripheral

pathologies that manifest outside of the narrow FOV of commercial OCT systems

[50–52]. This growing interest stems from the notion that the peripheral retina

offers a unique perspective towards the assessment and monitoring of certain ocular

diseases [52], including diabetic retinopathy [53], retinal vein occlusions [54], and

choroid masses [55, 56]. Off-axis viewing [56, 57] and montaging of small image

patches [59, 60, 220, 224] have been used to extend these imaging systems’ FOV, but

these approaches are prone to off-axis optical distortions, motion artifacts due to long

imaging times, complicated patient alignment, and considerable post-processing of

images.
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Several wide-field OCT systems have been developed previously [52, 61–64] as

an alternative to mosaicking. Current state-of-the-art wide-field OCT systems have

demonstrated impressive capabilities, with >90 dB sensitivities [52, 61, 63] and FOV

up to 1000 [64]. However, as discussed in [64], prior systems suffered from a loss of

signal and transverse resolution at extreme FOV due to field curvature of the retina,

angle-dependent backscattering of the retina, lens reflections, and both ophthalmic

and optical system aberrations. Since the magnitude of ophthalmic aberrations vary

both between patients and within patients according to retinal eccentricity [4, 65],

acquiring high-resolution images may necessitate the incorporation of adaptive optics

(AO) components in the wide-field OCT design.

Both scanning laser ophthalmoscopy [51, 68, 73, 158, 159, 168] and OCT [92, 93,

166, 167, 169–171] communities have reported in vivo visualization of the photore-

ceptor mosaic with AO. Traditionally, AO wavefront correction has used closed-loop

feedback in which a wavefront sensor detects and a deformable mirror compensates

ocular aberrations. While closed-loop configurations have been very successful in

imaging foveal photoreceptors [70, 73], the use of wavefront sensors can restrict the

design of imaging systems. For example, many AO imaging systems use off-axis mir-

ror telescopes to avoid lens surface reflections that interfere with wavefront detection

[68, 158, 163]. These off-axis mirror telescopes require the use of long focal length

and toroidal mirrors [172] in order to reduce static system aberrations [93, 225].

This leads to complex imaging system designs with large footprints, which are less

amenable to clinical adoption.

Recently, wavefront sensorless adaptive optics (SAO) was applied to ophthalmic

imaging applications [5, 173, 175–177]. SAO was first demonstrated in microscopy

[179, 180, 226] and synthetic aperture radar [227], and more recently, it has proven

capable of acquiring high-resolution images in both rodent [175] and human [5, 173]

eyes. SAO eliminates the wavefront sensor-based feedback loop by iteratively correct-
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ing the wavefront shape through maximization of imaging metrics, such as brightness.

While SAO mitigates problems due to improper wavefront detection, it corrects the

wavefront shape more slowly. Higher-order correction was demonstrated over the

course of tens of seconds [5] and low-order correction has been performed in as little

as 6-12 seconds [173] during in vivo imaging of the human retina. In turn, SAO offers

versatility, in that it does not require a wavefront sensor, at the expense of wavefront

correction speed.

In this work, we present a wide-field sensorless adaptive optics OCT (WFSAO-

OCT) system that is capable of acquiring high-resolution images across a wide (700)

visual field. Without mosaicking, our WFSAO-OCT system acquires high quality

non wavefront-corrected wide-field OCT images, which are used to locate regions of

interest which may then be re-imaged at higher resolution using SAO. Our algorithm

derives its speed from utilizing raw, unprocessed B-scan data (spectral interfero-

grams) for computation of the optimization metric. The combination of a lens-based

sample arm and SAO may be well suited for clinical adoption, and we exhibit the

utility of this new tool by imaging patients in a clinical setting. In particular, we

used this system to enhance the visualization of anatomical and pathological features

in the peripheral retina for neurologic diseases. To our knowledge, this represents

the first example of imaging neurological diseases with adaptive optics OCT in the

peripheral retina.

4.3 Methods

4.3.1 OCT Sample Arm and Engine Design

We designed a swept-source OCT imaging system with a custom wide-field sample

arm (Fig. 4.1). We used a commercially available swept-frequency laser (Axsun

Technologies, Inc.; Billerica, MA) with a bandwidth of 100 nm, center wavelength of

1043 nm, and 100 kHz sweep rate. We coupled the output of the laser to a fiber-based
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Mach-Zender interferometer with polarization control and an initial splitting ratio

of 80:20. The greater split of the power illuminated a retroreflector-based reference

arm, while the lesser power illuminated the wide-field sample arm. The footprint

of the sample arm was approximately 400 mm by 600 mm and was mounted on a

slit-lamp base. The slit-lamp base provided a chin rest that aided in the stabilization

and alignment of patients as well as the ability to translate the sample arm in the x,

y, and z directions.

We modeled the optical design of the sample arm in ray-tracing software (Zemax,

LLC; Redmond, WA) using a wide-field optical model of the human eye [65]. Ac-

cording to Zemax ray-tracing simulations, the working distance of the sample arm

was predicted to be 18 mm over an angular range of 700, which approximated a 19.28

mm arc length on the retina of the model eye [65]. The angular extent of the sample

arm was determined by simulating the largest angle in the ocular pupil plane of the

chief ray with no vignetting of a 3 mm beam and using a 6 mm pupil diameter. The

on-axis airy disc was approximated to be 7.59 µm across the 100 nm bandwidth of

the swept-frequency source, corresponding to a beam size of �3 mm. The on-axis

system performance ranged from a diffraction limited spot of 7.54 µm at the center

wavelength (1043 nm) and a 10.5 µm spot at the edge of the spectrum (993 nm).

At the extreme of the off-axis angles, our simulations predicted a spot size of �45

µm on the retina of our model eye. This large number was expected due to off-axis

aberrations in both the system and ophthalmic optics prior to wavefront correction.

From the 20% interferometer split, a parabolic mirror reflector (RC04APC-P01,

Thorlabs, Inc.; Newton, NJ) collimated light into the sample arm. A relay tele-

scope conjugated two 10 mm clear aperture galvonometers (GVS112, Thorlabs, Inc.;

Newton, NJ). We separated the galvanometers in order to reduce the amount of

beam pivot wobble in the ocular pupil plane [163, 228, 229], which increases with

steeper angles of illumination. Additionally, the deformable mirror relay and the

66



objective relay (Fig. 4.1) conjugated the galvanometers with the deformable mirror

(Mirao-52e, Imagine Optic, Inc.; Boston, MA) and the pupil of the subject’s eye. We

mounted the entire sample arm on a modified adjustable slit-lamp base. We used a

small computer monitor (Lilliput 869GL, Lilliput Electronics, Inc.; City of Industry,

CA) that displayed a black background and red cross as a fixation target for the

subject.

The output signal of the WFSAO-OCT system was detected by a 1.0 GHz In-

GaAs fiber-coupled balanced receiver (PDB481C-AC, Thorlabs, Inc.; Newton, NJ)

and relayed to a high-speed 12-bit digitizer (ATS9360, Alazar Technologies, Inc.;

Quebec, Canada) that was triggered by the laser’s optical clock port. The elec-

trical output from the balanced receiver was attenuated using two RF attenuators

(VAT-7+, VAT-10+, Mini-Circuits, Inc.; Brooklyn, NY) and low-pass filtered (SLP-

200+, Mini-Circuits, Inc.; Brooklyn, NY). In order to mitigate the residual effects of

dispersion mismatch between the sample and reference arms, we applied numerical

dispersion compensation during the image acquisition [230]. We acquired images

with a custom GPU-accelerated C++/CUDA software program that utilized a high

performance GPU (GeForce GTX Titan, NVIDIA Corporation; Santa Clara, CA).

The software program processed and displayed OCT images in real-time with a max-

imum processing rate of 1.396 million A-scans/second with 1376 samples per A-scan.

We measured peak sensitivity and sensitivity fall-off plots for the WFSAO-OCT

system using a model eye. The model eye consisted of a 25 mm focal length lens

(LB1761-C, Thorlabs, Inc.; Newton, NJ), a 45 dB double-pass neutral density fil-

ter (NENIR20A-C, NENIR20A-C, Thorlabs, Inc.; Newton, NJ), and a silver-coated

mirror with tip, tilt, and axial-translation capabilities. The model eye had a similar

pathlength to that of the adult human eye. We recorded A-scans at various path-

length differences between the model eye and reference arm. All of the A-scan peaks

were recorded on-axis and with a flat deformable mirror shape. We generated a sen-
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sitivity fall-off envelope by fitting each A-scan peak to a Gaussian and then fitting a

double Gaussian to the peak sensitivity measured at each pathlength difference (Fig.

4.1).

Figure 4.1: WFSAO-OCT System Overview. A ray-tracing diagram of the wide-
field sample arm shows the positions of the galvo mirrors (GM), galvo relay, de-
formable mirror (DM), fixation target (FT), deformable mirror relay, and the objec-
tive relay. The fall-off plot shows an axial resolution of 7.24 µm, a peak sensitivity
of 103 dB, and a -6 dB fall-off of 5.24 mm.
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4.3.2 Sensorless Adaptive Optics Algorithm

We estimated and corrected wavefront aberrations by maximizing the sum of the

absolute value of spectral interferograms of unprocessed B-scan data. We applied

parallel processing toolkits (OpenMP [231]) to calculate the optimization metric.

Repeated B-scans at the same location were used while correcting the wavefront

shape. The width of the B-scans varied according to the size of the volume shape

that was to be imaged after SAO optimization. The SAO optimization routine was

allowed to run until the operator determined that there was no substantial increase

in the intensity metric (typically 3-10 seconds).

The SAO optimization algorithm (Fig. 4.2) first swept through a series of 33

predefined defocus values and selected the defocus shape with the maximum intensity.

The optimization then switched to a series of random perturbations [5, 232], wherein

the perturbation size decreased as the B-scan intensity approached larger values.

We applied the random perturbation sequence in the following manner. A random

perturbation named (+) perturbation was added to the current mirror shape, symbol

I� in equation (1). After the (+) perturbation shape settled on the mirror, and

the intensity of the next full B-scan was recorded. The same perturbation was

then subtracted from the current mirror shape named (-) perturbation, or symbol

I� in equation (1), and after settling, the intensity of the subsequent B-scan was

recorded. The (+) and (-) perturbations were applied physically to the deformable

mirror, whereas the current mirror shape variable was a software construct of the

algorithm. The current DM shape variable was updated according to equation (1)

after the intensities of a (+) and (-) pair were recorded. We determined empirically

the gain and perturbation factors to be 10 and 0.125. In contrast to the method

presented in [5], if at any point during the random perturbation sequence the B-

scan intensity exceeded the brightest recorded intensity, the loop would break and
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update the current mirror shape with the brightest mirror shape (Fig. 4.2). The

algorithm would then downscale the magnitude of the perturbation by a factor of

0.6 and continue applying the downscaled perturbation until no further improvement

in brightness was found. After initializing, the optimization procedure did not require

any further input from the operator.

Figure 4.2: Flow-diagram of the SAO optimization algorithm. The first part of
the algorithm (left path) swept through a range of predefined defocus values. After
the coarse defocus was removed, the algorithm followed the random perturbations
sequence laid out previously in [5]. If at any point the current brightness of the B-
scan image exceeded the previously established maximum value, the algorithm broke
and updated the mirror to the shape associated with the brightest image.
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unext � gain � pI� � I�q � pδuqperturbation � ucur (4.1)

4.3.3 Data Acquisition and Processing

In order to quantify changes in OCT B-scans with SAO, we imaged four regions of

the peripheral retina in each of five healthy volunteers (n = 5). Prior to imaging the

periphery, each volunteer’s central refraction was corrected with contact lenses or by

adjusting the axial position of the final lens. Repeated (512x1376) B-scans 1 mm

in length were acquired in the peripheral retina (>230 from the fovea) at inferior,

superior, temporal, and nasal locations. After optimizing the deformable mirror

shape at each location, pairs of repeated B-scans with and without SAO correction

were acquired <100 ms apart. The repeated B-scans were DC subtracted, dispersion

compensated, log transformed, and averaged 5x prior to analysis. A threshold that

excluded <0.75% of the outlier pixel values was used to scale the images to an 8-bit

display range. A total of 40 B-scan images (four locations by five subjects by two

mirror shapes) were chosen from the larger data set of 314 images by selecting image

pairs with the largest brightness difference between flat and corrected DM shapes.

A two-way repeated measures ANOVA with two within-subjects factors (retinal

location and DM shape) was used to contrast the change in mean B-scan intensity

with and without adaptive optics correction (40 images). We calculated the mean

intensity for each processed B-scan between the vitreous-nerve fiber layer boundary

and the visible choroid. The percent change in B-scan intensity was determined by

averaging the ratio of mean B-scan pixel intensity for on-off image pairs. A Fischer’s

protected least significant difference post-hoc test was used to compare differences

in image brightness with the data split by location.

Changes in OCT spatial frequency content with and without SAO were quantified

from the same data set (40 B-scan images) acquired in four locations from each of
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five healthy volunteers (n = 5). We calculated the log of the absolute value of

the radially averaged Fourier Spectrum for each processed B-scan, and we used the

sum of the radially averaged Fourier spectrum for ω/2 >0.4 as a measure of high

frequency content. A two-way repeated measures ANOVA with two within-subjects

factors (retinal location and DM shape) was used to compare the difference in high

frequency content with and without adaptive optics correction. The percent change

in resolution was determined by averaging the ratio of high frequency content for

on-off image pairs. A Fischer’s protected least significant difference post-hoc test

was used to compare differences in high frequency content when the data was split

by location.

Pairs of B-scan images were recorded in close succession (<100 ms) in order to vi-

sualize approximately the same location qualitatively. After a corrected mirror shape

was obtained, we toggled the DM between flat and SAO corrected mirror patterns.

For equal comparison of intensity, B-scan image pairs were contrast matched with

the same intensity threshold such that white and black in the images corresponded

to the same intensity values.

We compared volume images by acquiring image pairs sequentially with a flat

or corrected mirror shape or by toggling the mirror shape midway through a single

volume scan. Raw intensity projections, such as summed voxel projections (SVPs)

and maximum intensity projections, were used to compare the brightness of image

pairs. Additionally histogram matching [233] of image pairs was used in order to

compare the visibility of en face features without bias to brightness.

We registered and segmented retinal layers in OCT volume data with our previ-

ously developed DOCTRAP software [234], allowing for specific retinal layers, such

as the choriocapillaris or deep capillary layer, to be visualized independently. In

order to demonstrate improved imaging of high frequency features with and without

SAO correction, we calculated the log of the absolute value of the radially averaged
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Fourier Spectrum for specific retinal layers within volume image pairs. Additionally,

we integrated the high frequency content of the radially averaged Fourier spectrum

for ω/2 >0.4 in order to quantify the overall change in high frequency content.

4.3.4 Imaging Protocol and Alignment

The WFSAO-OCT system was aligned to human volunteers by translating the slit-

lamp base and adjusting the location of the fixation target until a foveal B-scan

was centered with respect to the imaging system. Once centered, we switched the

software program to a continuous wide FOV retinal volume scan that spanned the

full angular range of the system (700). Real-time volume images were rendered en

face as an un-averaged SVP. The wide-field images were comprised of approximately

1024 A-scans/B-scans and 1024 B-scans/volume. The reported FOV for a particular

wide-field SVP was calculated as 700 times the ratio of the horizontal SVP length

to the full horizontal scan length including black space. We used wide-field B-scans

from the foveal region of the volume image to avoid clipping in the axial dimension.

We located smaller regions of interest, such as those regions containing abnormal

tissue, from the live feed of the wide-field scan. The smaller regions of interest could

vary in size, but typically were in the range of 1-7 mm. After the instrument operator

selected an interesting region from the wide-field OCT scan, the software program

adjusted the scan pattern to image only the targeted region. Regions of interest

included areas of high vasculature or peripheral pathology. We critically sampled

the smaller regions, typically with 1024 A-scans/B-scan, and we utilized SAO in

order to enhance their brightness and optical resolution.

4.3.5 Clinical Imaging Details

A pilot trial of WFSAO-OCT imaging was conducted in nine human subjects in

a clinical setting. The subjects were either healthy (n = 7) or had mild cognitive
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impairment, also known as prodromal Alzheimer’s disease (n = 2) [235]. The optical

power at the pupil plane was �1.8 mW, which is below the 8-hour ANSI maximum

permissible exposure limit for a static beam. Dilation of the volunteer’s pupils was

accomplished by turning off the lights in the room. All human subject research was

approved by the Duke University Medical Center Institutional Review Board.

4.4 Results

4.4.1 OCT System Characteristics

Characterization of the wide-field sample arm and OCT engine can be seen in the

fall-off plot in Fig. 4.1. We measured a peak sensitivity of 103 dB with an axial

resolution of 7.24 µm and a -6 dB sensitivity fall-off at 5.24 mm. The sample arm

was capable of achieving a FOV of 700, and we quantified the transmission of our

sample arm to be 68%.

4.4.2 Software Features

Our custom C++/CUDA software permitted a new mirror shape to be calculated

and applied every �6 ms. Since the SAO routine was executed in an independent

thread, the OCT acquisition was not affected by the optimization process. The

Mirao52e mirror has a �5 ms settling time, and our intensity metric calculation took

�1 ms. Toggling of the DM only took �5 ms, so the effects of both voluntary and

involuntary eye movements [183] were minimized in B-scan image pairs.

For 1024 A-scans/B-scan (�10 ms), we updated the mirror shape before the start

of each subsequent B-scan; however, we acquired a full B-scan after the mirror had

reached a steady state in order to perform the intensity calculation on a stable image.

With this configuration, the current mirror shape was updated by equation (1) every

fourth B-scan (one transitioning DM (+), one stable DM (+), one transitioning DM

(-), and one stable DM (-)), or �40 ms.
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4.4.3 Quantifying the Increase in B-scan Intensity and High Spatial Frequency Con-
tent

From the omnibus repeated measures ANOVA test for intensity, a main effect of

SAO correction was found with p<0.05, while both location and the interaction

of location with SAO correction were not statistically significant. Post-hoc testing

showed that at each location there was a significant difference in image brightness

with and without SAO correction. These results were visualized in Fig. 4.3 for both

specific retinal locations and the combined total. An improvement of 10.4% and

5.9% in image brightness was observed throughout the various locations for the 40

and 314 image data sets, respectively.

For the second omnibus repeated measures ANOVA test, performed on the ra-

dially averaged Fourier spectrum, a main effect of SAO correction was found with

p<0.05, and once again, both location and the interaction of location with SAO cor-

rection were not statistically significant. Once again, post-hoc testing showed that

at each location there was a significant difference in high frequency content between

SAO on and off images. The mean B-scan resolution improvement with and with-

out SAO correction was plotted in the line graphs of Fig. 4.3. An average B-scan

resolution improvement of 7.0% and 3.3% was observed throughout the various lo-

cations for the sets of 40 and 314 images, respectively. In 143 out of 157 image pairs

(91%), an increase in mean B-scan intensity was accompanied by an increase in high

frequency content.

4.4.4 Images of Healthy Eyes

Using WFSAO-OCT, we acquired high-quality (1024x1376) foveal OCT B-scan im-

ages (Fig. 4.4 top) that were comparable with state-of-the-art limited FOV imaging

systems. Axially, the photoreceptor layers and external limiting membrane were visu-

alized, while laterally, both the inner nuclear layer and choroid had defining features.
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Figure 4.3: Plots depicting the change in mean B-scan intensity (top) and high
spatial frequency content (bottom) with and without SAO correction at various
locations in the peripheral retina. The error bars of the line plots correspond to
the standard error (n = 5) for within-subjects variability.

With respect to image brightness, both the ganglion cell layer and inner plexiform

layer were distinguished and the choroid was penetrated deeply.

The (1024x977x1376) wide-field SVP (Fig. 4.4 middle) taken with our WFSAO-

OCT system was evidence that the FOV spanned the full angular range of the sample

arm and was able to be acquired in a single continuous scan with minimal motion
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artifacts. Turning off the room lights helped dilate the volunteer’s pupils and reduce

vignetting. The ocular pupil was the limiting aperture of the optical system, as was

evident in Fig. 4.4 where there was not a sharp boundary at the edge of the retina.

5x averaged (1024x1376) repeated B-scans that spanned the central meridian of

the volume scan (Fig. 4.4 bottom) demonstrated strong tissue reflectance across the

field-of-view. The various retinal tissue layers were distinguished both centrally and

at relatively large eccentricities. In the far periphery, however, it was important to

notice that the retinal layers began to blur together due to aberrations. Addition-

ally, deep choroid penetration allowed for defining features like blood vessels to be

visualized, but with slightly less definition, in the peripheral extrema.

Peripheral (1024x1376) B-scans (Fig. 4.5), from approximately 130 of radial ec-

centricity from the fovea, emphasized the qualitative differences in both brightness

and resolution in B-scan images when using uncorrected (Fig. 4.5 top) versus SAO

optimized images (Fig. 4.5 bottom). Uncorrected images depicted the baseline pe-

ripheral image quality expected from our wide-field OCT system. The mean pixel

intensity of Fig. 4.5 increased by 14.3% when the DM took the corrected wavefront

shape. This increase in brightness was clearly distinguished in the retinal pigment

epithelium (RPE) as well as the upper retinal cell layers. Blood vessels also exhibited

an increase in brightness in their central regions as well as a sharper contrast in the

shadowed layers below. The high frequency content of Fig. 4.5 improved by 7.4%

with SAO. An improvement in the sharpness of features was visualized in the chorio-

capillaris as well as in the upper retinal vasculature. Bright vessel boundaries popped

out of the choriocapillaris in SAO on images, whereas dull and blurry features were

present in SAO off images.

We contrasted the vasculature observed by two en face (815x775x1376) maxi-

mum intensity projections (Fig. 4.6): one taken with a flat mirror shape (Fig. 4.6

top) and the other taken with a SAO corrected mirror shape (Fig. 4.6 bottom).
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Figure 4.4: Demonstration of WFSAO-OCT system’s large (700) FOV and uniform
intensity distribution in a healthy volunteer. A 5x averaged foveal B-scan (a) with
the deformable mirror in the flat position (AO off) was shown (blue dashed line)
in context of the un-averaged wide field-of-view SVP (b), which depicted the imag-
ing range of the wide-field sample arm. A 5x averaged wide-field B-scan (c) taken
across the horizontal meridian (yellow dashed line) demonstrated good choroidal
penetration even in the periphery of the retina. The orange and white dotted lines
correspond to the locations of the B-scan images shown in Figs. 4.5 and 4.7, while
the purple dotted box corresponds to the volume image of Fig. 4.6.
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Figure 4.5: Averaged (5x) repeated peripheral B-scan images from the location
marked by the white line in Fig. 4.4 when the deformable mirror had a flat (top)
and optimized (bottom) mirror shape. The contrast levels were matched such that
white and black corresponded to the same intensity value in the images. There was
an increase of 14.3% in average pixel brightness and 7.4% in high frequency content
with SAO.

The two volumes were acquired at different time points (�10 s), but the ability to

zoom into a region from the wide-field image made it relatively easy to navigate to

the same imaging location. The images were centered at 15.50 of radial eccentricity.

The SAO corrected image showed sharper and smaller vessel features, some of which

were not observable in the flat mirror case. There was an obvious increase in image

brightness of 9.6% after SAO optimization as well. The digitally enlarged and his-
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Figure 4.6: Maximum intensity projections of the region indicated by the purple
box in Fig. 4.4 when the deformable mirror conformed to the flat (top) and optimized
(bottom) mirror shapes. The contrast levels were matched in the left pair of images
such that white and black in the images corresponded to the same intensity values.
The area bounded by the colored boxes in the left pair of images were enlarged
digitally and histogram matched in order to more fairly compare vessel visibility
without bias to image brightness.

togram matched regions (Fig. 4.6 right) demonstrated that the clear differences in

the visibility of vasculature were not a result of suboptimally displayed images.

We extracted 5x spatially averaged (500x1376) B-scans (Fig. 4.7) from the vol-

ume data sets of Fig. 4.6 (orange dotted lines). Digitally enlarged regions sur-

rounding blood vessels (colored boxes, Fig. 4.7) compared baseline peripheral OCT

images (Fig. 4.7 top) with the same regions acquired with an aberration corrected
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Figure 4.7: Spatially averaged (5x) peripheral B-scan images taken from the loca-
tion marked by the orange line in Figs. 4.4 and 4.6 when the deformable mirror had
a flat (top) and optimized (bottom) mirror shape. The image pairs were contrast
matched.

deformable mirror shape (Fig. 4.7 bottom). SAO optimized images were brighter

than regular OCT B-scan images. The brightness increase with SAO was especially

localized to the inner plexiform layer, inner nuclear layer, and photoreceptor layers.

The digitally enlarged images of Fig. 4.7 also highlighted the areas of the B-scan in

which lateral resolution improvements from SAO were most clearly visualized. There

were much sharper retinal vessel boundaries and choroidal features (yellow arrows,

Fig. 4.7) when SAO was used. Overall, Fig. 4.7 asserted how SAO optimization can

improve the image brightness and clarity in the periphery of healthy human eyes.
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Figure 4.8: Panel showing the differences in structure in a maximum projection
image of the retina (white dashes and dots), SVP of the choriocapillaris layer (yellow
dots), and SVP of the deep choroid layer (blue dashes) when the deformable mirror
was turned from off (bottom half) to on (top half) midway through the scan. The B-
scan image (bottom-left) shows the location of the retinal layers used to display the
SVPs of the various retinal layers. Radially averaged Fourier Spectrum were plotted
for the AO off (red line) and on (green line) portions of the SVPs. An increase in
high frequency content was seen visually from the SVPs and quantitatively from the
graphs of the radially averaged Fourier Spectra.

We exhibited the enhanced visibility of high frequency features due to SAO opti-

mization for various retinal tissue layers (Fig. 4.8). The (500x500x1376) maximum

intensity projected image (white dash-dot boxes) demonstrated the point in the vol-

ume scan where the mirror shape was toggled from a flat (bottom-half Fig. 4.8) to

corrected (top-half Fig. 4.8) mirror shape. Tracing a single vessel across the toggle

boundary, the vessel boundary got blurrier and enlarged due to the loss of lateral

resolution.

SVPs of two retinal layers (yellow and blue boxes, Fig. 4.8) were generated to

contrast the visibility of features in specific layers with and without SAO. While it
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could be observed qualitatively that there were smaller, brighter, and more sharply

defined features in the choriocapillaris (yellow dotted boxes, Fig. 4.8), a radially

summed Fourier spectrum showed an increase of 17.0% in the high frequency content

when using SAO. The deep choroid layer (dashed blue boxes, Fig. 4.8) exhibited a

similar, though slightly less obvious, 10.4% increase in high frequency content, which

was to be expected as the deep choroid had larger, low frequency features. Also, there

was a distinct increase in image brightness of 15.6% between the two regions of Fig.

4.8.

4.4.5 Images of Eyes with Pathology

The data of Fig. 4.9 was acquired in a volunteer Alzheimer’s suspect with mild

cognitive impairment and 2+ nuclear sclerosis cataracts. In the centrally located

(1024x1376) wide-field B-scan (dotted yellow line, Fig. 4.9 bottom), the region near

the fovea looked healthy; however, at the left extent of the periphery (>300), some

slight pathologies (yellow arrow, Fig. 4.9 bottom) emerged in the RPE layer. A 12.50

peripheral (725x1376) wide-field B-scan (dashed blue line, Fig. 4.9 top) exhibited

pathologies that extend from the periphery to even more centrally located regions of

the eye.

After identifying a general region of pathology in the 650 wide-field SVP, we

zoomed into an area of interest (purple dotted box, Fig. 4.9) and imaged it with the

benefits of SAO. The (725x400x1376) volume and (725x1376) B-scan data of Fig.

4.10 were single, un-averaged images where the contrast levels were matched such

that white and black corresponded to the same intensity values.

We show in Fig. 4.10 the effect of using SAO when acquiring high-resolution

images in eyes with neurodegenerative diseases such as Alzheimer’s disease. In Fig.

4.10, SAO increased the brightness of �270 peripheral maximum intensity projected

volumes (925x200x1376) by 26.3% and made fine features sharper: the inner nuclear
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Figure 4.9: Un-averaged wide-field (650) images taken from a subject with mild
cognitive impairment (prodromal Alzheimer’s disease) and cataracts. The colored
lines in the wide-field image (middle) corresponded to the peripheral (top) and central
(bottom) B-scan locations. The peripheral B-scan image (top) showed clear retinal
pathology (yellow arrows) throughout the horizontal scan, whereas the central B-
scan image (bottom) only showed pathology in the extreme of the horizontal scan
(yellow arrow). The purple dotted box represents the location of the volume image
of Fig. 4.10.
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Figure 4.10: Maximum intensity projection of peripheral (270) vasculature (left)
when the deformable mirror was switched between the unoptimized (top) and opti-
mized (bottom) mirror shapes. SAO increased the brightness of the en face volume
projection by 26.3%. Corresponding B-scans for regions without (top) and with (bot-
tom) wavefront correction were shown on the right. The volume image was acquired
in the location indicated by the purple dotted box in Fig. 4.9.

layer was better separated from the plexiform layers, and the choroidal vasculature

was more clearly defined. While the brightness of the bulges in the photoreceptor

layer looked relatively uniform in the flat mirror case, a clear change in brightness

across the B-scan (925x1376) was observed in the outer photoreceptor layer when

imaged with the corrected mirror shape. In the left portion of the B-scan images

of Fig. 4.10, the retinal layers could not be distinguished, and therefore segmented,

without SAO.

4.5 Discussion

4.5.1 Applications for WFSAO-OCT

Increasing the signal intensity with WFSAO-OCT leads to better defined retinal lay-

ers in the peripheral region of the eye. Visibility of retinal layers is important when

diagnosing ocular diseases [236] as well as when monitoring a patient’s responsiveness
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to treatment [237–239]. Retinal layer thickness is an important biomarker of ocu-

lar diseases including glaucoma [236, 237, 240], retinitis pigmentosa [241], diabetic

macular edema [242], and age-related macular degeneration [238, 239, 243–245]. For

example, a thinning retinal nerve fiber layer can indicate a loss of ganglion cells,

which can lead to peripheral and then central vision loss [237]. Additionally, catego-

rizing the source of retinal thickness changes into geographic atrophy [243, 245] and

drusen [239, 244, 246] can help when evaluating the severity of age-related macular

degeneration [238]. Increasing signal with adaptive optics may improve the accuracy

of segmentation when measuring layer thicknesses [234] or closed-contoured features

[247] such as photoreceptors or blood vessels. By increasing the OCT signal in

the peripheral retinal, the additional layer-specific details afforded by WFSAO-OCT

may enable manual and automatic segmentation algorithms to study the evolution

of disease processes that would otherwise not be accessible.

Improving the lateral imaging resolution with WFSAO-OCT also can be impor-

tant for clinical imaging systems. We justified an increase in imaging resolution with

SAO by measuring a statistically significant increase in high frequency content in

the B-scan image pairs of Fig. 4.3 and the en face projected images of Fig. 4.8.

This approach is analogous to prior AO studies where cone spacing and other high

frequency features are compared using Fourier spectra [166, 248].

We anticipate that the improved high frequency content offered by WFSAO-OCT

will be of particular interest when imaging intricate microvascular networks. We hy-

pothesize that WFSAO-OCT can better visualize the site of a retinal blockage or

microaneurysm when assessing and treating diabetic retinopathies [52, 53]. Addi-

tionally, wide-field OCT angiography [249–252] may offer a promising alternative to

fluorescein angiography [54, 253], which can aid in the evaluation of diabetic mac-

ular edema [242, 254]. Many disease biomarkers manifest in the peripheral retina

[52–54, 253], and earlier visualization of these diseases could lead to more effective
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treatment strategies.

WFSAO-OCT may provide key insights when observing the various stages of

a given pathology. For example, it was interesting to visualize the distribution of

drusen-like structures under the RPE layer of the prodromal Alzheimer’s subject in

Fig. 4.9. These structures appeared in the periphery, but not in the central macula.

We note that the drusenoid structures in dry age-related macular degeneration tend

to be more frequent in the macula [238]. Thus, a larger study is warranted to inves-

tigate the origins and pathologic significance of these potential imaging biomarkers

of early Alzheimer’s disease.

In current wide-field OCT systems, the peripheral regions of the eye are dim

and difficult to observe [64]. While averaging can help to recover signal intensity, it

would also increase motion blurring and subsequently reduce the system resolution.

Additionally, averaging cannot improve the lateral resolution by correcting optical

aberrations. In comparison to SAO, averaging not only results in an inferior image,

but obtaining a sufficient number of redundant images is not always possible in a

clinical setting.

4.5.2 Improving the Iteration Speed of SAO Algorithms

Because we calculated our intensity metric from unprocessed B-scan data, our SAO

algorithm’s iteration speed was considerably faster than previous SAO-OCT algo-

rithms [173, 175, 176, 182] that used processed volume data to update their mirror

shape. For example, the acquisition time required to obtain even a relatively small

volume (300x100x2048) is on the order of 300 ms for a 100 kHz A-scan rate. At the

same A-scan rate, our 1024 A-scans/B-scan data can be acquired in 10 ms, so we

can iterate our mirror up to 30x faster than volume-based iteration methods. Since

SAO algorithms take 100-1000 iterations to correct the wavefront shape [176, 185],

iteration speed is proportional to the total optimization time.
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Overall optimization time plays an important role when correcting wavefronts

in vivo due to the parasitic effects of patient motion [183] and tear film dynamics

[255, 256] on aberration correction. If a SAO algorithm is too slow to correct the

wavefront shape, then the degree of correction can vary. We achieved a fast iteration

speed because we calculated the intensity metric from raw B-scan interference data

and used parallel processing toolkits. To our knowledge, this is the first report of an

SAO optimization metric using raw spectral interferograms.

4.5.3 Advantages of SAO

The main reason we chose SAO over traditional closed-loop AO is due to SAO’s

versatility in a clinical setting. Closed-loop AO aberration correction is only as good

as the wavefront being detected, so errors in wavefront reconstruction, including

improper centroid detection and non-common path relay optics, can lead to poor

wavefront correction [169]. Aberration correction is especially vulnerable when the

wavefront signal is weak, as is common in patients with ocular pathologies, such

as cataracts, keratoconus [5], or retinal abnormalities [173]. This is of particular

relevance to this study because many of our target population have weak wavefront

signals due to cataracts. Off-axis wavefront detection, which would be the case for

a wide-field AO system, is prone to error and requires the use of sensitive phase

unwrapping techniques [150, 174] that would further challenge the integrity of the

wavefront signal. If a reliable wavefront measurement cannot be achieved, closed-loop

correction is not possible. Additionally, closed-loop AO systems require bite-bars for

stable alignment. SAO, on the other hand, is less sensitive to alignment errors and

head stabilization. For these reasons, closed-loop AO might not be the best choice for

a clinical wide-field OCT system, which needs to function in a variety of scenarios.

We also chose SAO due to its smaller sample arm footprint. Conventional closed-

loop adaptive optics systems use long focal length toroidal mirrors [172] to reduce
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optical aberrations and to prevent surface reflections from interfering with the wave-

front sensor measurement [168]. Previous lens-based closed-loop AO systems have

mitigated the parasitic effects of surface reflections by taking advantage of polariza-

tion [168] and coherence [257, 258] gating, but these systems are still vulnerable to

improper wavefront detection and non-common path errors. Also, in order to obtain

a >700 field-of-view, unreasonably large diameter (>300 mm) mirrors would need to

be used in an off-axis arrangement to avoid beam clipping. In contrast, we were able

to engineer a relatively compact lens-based wide-field sample arm, because SAO uses

direct image metrics and not a wavefront sensor to provide feedback to the DM.

4.5.4 Advantages of Wide-Field Imaging

Our custom wide FOV OCT sample arm enabled our WFSAO-OCT system to switch

rapidly between wide-field SVPs (Figs. 4.4, 4.9) and targeted regions of interest (Fig.

4.10), and to image the same area of interest multiple times (Fig. 4.6). Switching

from a wide-field scan to a targeted high-resolution scan was seamless from the

viewpoint of the volunteer, as they needed only to maintain fixation. Volunteers

did not have to adjust their gaze nor did the system need to be realigned in order

to image different regions of the retina. Figs. 4.4 and 4.9 demonstrated that there

were minimal motion artifacts during the acquisition of wide-field volumes. Though

densely sampled wide-field images were helpful in post-acquisition analyses, often we

preferred speed over sampling density when identifying regions of interest. Increasing

the imaging speed by lowering sampling resolutions often increased patient comfort

without a detrimental effect on the operator’s ability to find regions of interest.

Fig. 4.9 illustrates the utility of the wide-field scanning mode in locating pe-

ripheral pathologies. With limited field-of-view commercial OCT systems or two-

dimensional en face imaging systems, most of the pathology in this subject would

have been difficult to observe. Even the central portions of the B-scan of Fig. 4.9 top
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are not typically accessible with commercial systems. With WFSAO-OCT, the loca-

tion of peripheral pathologies potentially can be identified in un-averaged wide-field

SVPs.

Wide FOV images can be generated alternatively through mosaicking smaller

FOV images [58–60], but orienting the location of a small patch within a larger FOV

can be difficult. Even with agile handheld devices [59, 259], there needs to be steady

fixation and considerable cooperation from the subject. While mosaicking allows

for image patches to be registered post-acquisition, it can be slow and require con-

siderable overlap between patches. These features rendering mosaicking unsuitable

for real-time imaging applications. To this end, wide-field systems, such as those

proposed in this work and others [50, 52, 61, 63], offer versatility because they can

visualize a wide field-of-view with minimal requirements on subject cooperation.

4.5.5 Effect of Pupil Wobble on Beam Diameter and Retinal Curvature

In order to get the greatest benefit from adaptive optics, a beam with a large 6-7

mm diameter should enter the eye. In the current WFSAO-OCT system, the beam

diameter is approximately 3 mm, which avoids clipping at the pupil and galvanometer

scanners at the extreme angles of the scan. While a smaller beam diameter has less

opportunity to vignette, designing a sample arm with custom lenses and glasses to

minimize the pupil wobble with angle could improve the overall imaging performance

of the system. The LaGrange invariant also places limitations on the size of the beam

diameter, because the galvanometers that scan the beam can only support a finite

aperture and angular range. Galvanometers that can support both a large beam

diameter and a large angular range often have limited scanning speeds, so a system

with a larger beam diameter would need to consider carefully these factors into their

design.

The curvature observed in Figs. 4.4 and 4.9 are due to the pathlength mismatch
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between the peripheral retina and the reference arm. It is important to keep in mind,

however, that this curvature it is not a direct measurement of the eye’s physical shape

[260]. The curvature at the periphery of the retina can be exaggerated by adjusting

the pupil entry position of the beam. If the beam does not enter near the center of the

pupil, the retina will appear exceptionally curved [228] and sometimes extend beyond

the depth range of our system. We have incorporated extended depth imaging [217]

into our WFSAO-OCT system, which is able to account for this additional curvature,

though it is not always necessary if good patient alignment is achieved.

4.6 Conclusion

In this paper, we demonstrated a novel WFSAO-OCT system for enhanced imaging

of the retinal periphery. Our relatively compact (400 mm x 600 mm) lens-based

WFSAO-OCT sample arm achieved a 700 field-of-view, which is twice the FOV of

most commercial OCT systems, and allowed us to locate pathologies rapidly in a wide

field-of-view scan, zoom into pathological features, find the same targeted region at

different time points, and search around a targeted area of interest. Since fast DM

iteration speed was important, we invented a novel SAO algorithm that could iterate

at the speed of individual B-scans (�10 ms) by computing the optimization metric

from raw spectral interferograms. With SAO wavefront correction, we quantified

a 10.4% increase in B-scan intensity and a 7.0% increase in the radially averaged

Fourier spectrum for high frequency features in the peripheral retina. Specifically

for the choriocapillaris and deep choroid layers, we observed a 17.0% and 10.4%

increase in high frequency content with SAO. A pilot clinical study on seven healthy

volunteers and two subjects with prodromal Alzheimer’s disease showed the enhanced

visualization of anatomic and pathologic features in the peripheral retina with SAO

wavefront correction. Overall, SAO helped to distinguish tissue layer boundaries,

fine details of the choroid, and smaller microvasculature. WFSAO-OCT could even
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identify the location of pathologies as far as 32.50 from the fovea in raw un-averaged

B-scans. Further optimization of the SAO algorithm convergence speed could aid in

WFSAO-OCT’s widespread adoption in the diagnosis and treatment of ocular, and

potentially neurodegenerative, diseases of the peripheral retina, including diabetes

and Alzheimer’s disease.
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5

FUTURE AIMS: Towards Faster Sensorless
Adaptive Optics

5.1 Abstract

We enhanced the imaging of human eyes with sensorless adaptive optics optical co-

herence tomography by reducing the convergence speed of wavefront correction to

less than one second. In order to achieve this �10-fold increase in speed, we utilized

efficient convergence algorithms, an intensity metric based off of raw B-scan data,

and custom parallelizable image processing toolkits. We compared the convergence

speed of different algorithms, including a Zernike-based coordinate search, stochastic

parallel gradient descent, conjugate gradient, Fibonacci search and a genetic algo-

rithm, in both the fovea and periphery of the human eye. In addition to speed,

we reported the reliability of the various algorithms, which can be affected by both

patient motion and tear-film dynamics. Also, we determined that 95% of the periph-

eral wavefront aberrations could be corrected with Z3-Z5, while 95% of the foveal

aberrations were corrected with Z3-Z9.
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5.2 Background

Adaptive optics (AO) ophthalmic imaging [68, 70, 158] has improved our under-

standing of the visual system and its diseases [159–161] through the visualization

of small features such as cones [70, 159, 162, 163] and rods [73, 164]. While en

face imaging systems such as AO scanning laser ophthalmoscopes [158, 163] have

provided fantastic images of the human retina, AO optical coherence tomography

(OCT) [92, 93, 165–167] offers the capability to acquire retinal images in three di-

mensions. Due to OCTs ability to visualize the pathologies of the central macula in

three dimensions [6–8, 16, 17], it has become widely popularized in the clinical oph-

thalmology community. Adaptive optics, on the other hand, have proven to be more

challenging to translate into a clinical setting due to their large size and complicated

optical designs.

To this end, a few groups have attempted to reduce the size and complexity of

AO imaging systems by removing the wavefront sensing component of the adaptive

optic loop [5, 173, 175, 176, 178]. SAO uses image quality metrics, such as mean

brightness, to direct the correction of the wavefront using a deformable mirror. As

the deformable mirror shape counters parasitic ophthalmic aberrations, the imaging

beam will focus better onto the retina, providing a sharper and brighter image.

Sensorless adaptive optics (SAO) has been adopted into both scanning laser oph-

thalmoscopes [5] and OCT [173, 175, 176, 178]. Successful in vivo imaging in both

rodents [175] and humans [173] has laid a strong case for SAOs utility in a clinical

setting. Using SAO to enhance the visualization of the peripheral retina is of par-

ticular interest due to the human eyes angle-dependent aberrations [65] as well as

inter-patient variability [4]. Furthermore, SAO is even able to correct the aberrations

of patients with pathologies that obstruct a reliable wavefront reading [5], including

cataracts, keratoconus, and retinal abnormalities, whereas traditional AO cannot.
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A host of different SAO optimization algorithms have been studied previously,

but only a handful have been used specifically for ophthalmic imaging: coordinate

search using Zernike modes [175, 176], hill climbing [178], stochastic parallel gradient

descent [5], simulated annealing [184], and multidimensional Fourier modeling [185].

Of particular interest are the modeling approaches of [185], which have shown an

improved image on a static sample using only 100 iterations. Unfortunately, their

computation times are over 60x slower than other methods and would likely be

challenged by patient motion. It is important to note that the convergence speed is

determined by equation 5.1.

Speedseconds � #ite � ptacquireData � tprocessData � tupdateDMq (5.1)

The best SAO-OCT imaging systems have demonstrated convergence times on the

order of ten seconds in human eyes, and they used small volume patches to calculate

their intensity metric.

5.3 Proposed Work

For the proposed body of work, we aim to achieve optimization times less than one

second and use raw OCT B-scan data for the open-loop feedback. While maximum

convergence speed is important, the variability in the time it would take for an

acceptable level of correction is much more important in a clinical setting. The

prior works exhibited excellent end results, but they did not seek to quantify the

accuracy or repeatability of their wavefront correction method. We will present

not only the speed of convergence, but also the statistics of the tested algorithms,

which foster a greater understanding of the reliability and degree of correction for

the various algorithms. Lastly, we will analyze the resulting wavefront shape of our

deformable mirror in order to determine which aberration terms are being corrected

with statistical significance. What we hope to uncover are the Zernike aberrations
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that are most essential when correcting wavefronts using sensorless adaptive optics.

We will perform our experiments on a fixed model eye, moving human fovea, and

moving human peripheral region.

5.4 Preliminary Results on a Fixed Model Eye

Using the wide-field sensorless adaptive optics optical coherence tomography (WF-

SAO-OCT) system of AIM 3, we tested the convergence speed of various SAO al-

gorithms in a static model eye. In brief, the WF-SAO-OCT engine consisted of a

commercial 100 kHz swept-source laser (Axsun Technologies, Inc.; Billerica, MA)

with a 1043 nm center wavelength and 100 nm bandwidth, an 80:20 fiber-based

Mach-Zender interferometer, and a 1.0 GHz InGaAs fiber-coupled balanced receiver

(PDB481C-AC, Thorlabs, Inc.; Newton, NJ) that relayed data to a high-speed 12-

bit digitizer (ATS9360, Alazar Technologies, Inc.; Quebec, Canada). The custom

designed sample arm was capable of achieving a field-of-view of � 800, a peak sen-

sitivity of 103 dB, an axial resolution of 7.24 µm, and a -6dB range of 5.24 mm.

A deformable mirror (Mirao-52e, Imagine Optic, Inc.; Boston, MA) was used for

optical wavefront correction in the sample arm. The model eye consisted of a 25

mm focal length lens (LB1761-C, Thorlabs, Inc.; Newton, NJ) and a fixed paper

target retina. The paper target had similar, though slightly stronger (�3x greater),

back-scattering signal as compared to typical human retina. 1.8 mW of illumination

power was used to illuminate the model eye, which is the same ANSI-limited power

value used to image human eyes. The model eye had a comparable pathlength to

that of a typical human eye as well.

The modal support of the deformable mirror (DM) was calibrated using an on-

axis (00) test beam and Shack-Hartmann wavefront sensor (HASO3, Imagine Optic,

SA.; Orsay, France). For the calibration process, the model eye was replaced by

the wavefront sensor. This resulted in an approximately collimated beam illumi-
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nating the surface of the lenslet array. A �45 dB double-pass neutral density filter

(NENIR20A-C, NENIR20A-C, Thorlabs, Inc.; Newton, NJ) was added to the beam

path in order to prevent the wavefront sensor’s camera from saturating. An influ-

ence matrix was generated by applying sequentially an actuation magnitude of 0.2

to each of the 52 actuators and recording the resulting wavefront slopes in the x-

and y- directions. A single influence matrix was generated from the wavefront slopes

for the on-axis illumination scenario. Conversion of the influence matrix to eigen-

modes similar to Zernike polynomials was performed in MATLAB (The MathWorks,

Inc.; Natick, MA) after calculating a command matrix. By scaling the weight of

the various eigenmodes, pseudo-Zernike shapes could be output to the deformable

mirror.

The wavefront shape was corrected by maximizing the intensity of individual B-

scans. On the scale of an individual B-scan, Fourier transforms are relatively slow,

even when using parallel processing toolkits. Rather than processing each B-scan, we

decided to utilize an approximation to Parseval’s theorem (equation 5.2) to obtain

our intensity metric:

1

N

N�1̧

n�0

|x rns |2 �
N�1̧

k�0

|X rks |2 (5.2)

where Xrks is the discrete Fourier transform of xrns. For our application, we did not

square the magnitude of the interferogram. Our custom C++/CUDA software per-

mitted a new mirror shape to be calculated and applied every �6ms. The Mirao52e

mirror has a �5ms settling time, and our intensity metric calculation took �1ms.

To our knowledge, we are the first group to use raw B-scan data as an SAO image

quality metric.

For 1024 A-scans/B-scan (�10ms with a 100 kHz source), the mirror shape could

be calculated and updated before the start of the subsequent B-scan; however, we

97



acquired an additional B-scan after the mirror had reached a steady state in order

to perform the intensity calculation on a stable image. This allowed us to update

the mirror shape every �20 ms.

Previous SAO-OCT algorithms used processed volumetric data in order to cal-

culate their intensity metric. Parallel processing with GPU accelerated hardware

can speed up the Fourier transform step [182], but assuming the same 100 kHz

A-scan rate, even a relatively small volume image of 300 A-scans/B-scan and 100

B-scans/Volume would take �300 ms to acquire, rendering these algorithms iteration

speed approximately 15 times slower than our raw B-scan iteration speed. However,

it is important to note that processing of OCT data allows for layer-specific segmen-

tation to be utilized, which can be helpful when visualizing the photoreceptor mosaic

[173, 175, 182].

Approximately 3 Diop of defocus was added to the model eye prior to optimiza-

tion by adjusting the axial position of the paper target. This resulted in an intensity

decrease of �50%. Five low-order Zernike terms (defocus, two astigmatisms, two

comas) were optimized, with the assumption that the majority of peripheral aberra-

tions reside in these terms [65]. One millimeter patches were optimized in an effort to

match the size of image commonly acquired in a human retina with adaptive optics.

For the preliminary tests, three different SAO algorithms were incorporated into

our custom C++/CUDA software program that controlled the WF-SAO-OCT sys-

tem: a naive coordinate search with a fixed step size, a coordinate search that used

priors to adjust the step size as the intensity of the image increased, and a Fibonacci

search. For all three algorithms, the starting shape of the mirror was the flat mir-

ror shape as determined by the DM manufacturer. Additionally, the optimization

process was repeated 100 times for each algorithm. The algorithms were allowed to

optimize the mirror shape until at least 95% of the maximum image intensity was

recovered Fig. 5.1. The maximum image intensity was determined by allowing an
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ultra fine stepping coordinate search to optimize the mirror shape.

Figure 5.1: Comparison of three sensorless adaptive optics algorithms on a fixed
model eye target. 95% of the intensity is corrected within a couple seconds for both
the Fibonacci and coordinate search with prior knowledge. Error bars correspond to
the standard deviation at a given time point for 100 repeat tests of a given algorithm.

We imagine that the modal coordinate search with a priori knowledge of the

magnitude of aberrations is similar to the algorithms of prior works [176, 182]. We

believe the reason that we see an almost 10 times increase in convergence speed is

due to the fact that we are able to iterate our algorithm much faster. We are able

to perform iterations faster due to the fact that we optimize individual B-scans and

are limited by our mirror update speed, rather than the volume acquisition speed.

Reports of SAO-OCT algorithms that converge with approximately 100 iterations

have been published [185], but the authors mention that their computation time is
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on the order of 60 ms, which means their convergence time is quite large. With

our Fibonacci search, we are able to produce a rapidly converging algorithm with

approximately 100 iterations, but also profit from its relatively simple computations

that take �1 ms.

5.5 Preliminary Discussion

As a point of reference, the stochastic parallel gradient descent algorithm of AIM 3

used similar raw B-scan data processing, but due to its slow and unreliable conver-

gence, still took 10 seconds to recover 95% of the maximum intensity. The error bars

in Fig. 5.1 correspond to the standard deviation of a given algorithm for a certain

time point. Smaller error bars means that the algorithm takes a similar convergence

path from run to run. If an algorithm inconsistently optimizes the wavefront shape,

then it would not be considered to be reliable, which is especially important when

imaging moving targets such as the human eye.

While the Fibonacci search was the fastest to converge when imaging a static

target, from preliminary tests in human eyes, the coordinate search with prior is the

most reliable test. The Fibonacci search, likely due to its large step sizes, is very

venerable to noise, which can result from patient motion. We need to investigate and

further tune the parameters of these algorithms for human retinal imaging, which

is our direction of future work. We plan to study in depth the sensitivity of these

algorithms to motion and noise. Additionally, we would like to determine if the best

algorithm for optimizing the on-axis aberrations is the same as the best algorithm for

optimizing peripheral aberrations. Ideally, we can find a technique that is suitable

for fast convergence through a wide field-of-view. Lastly, we would like to explore

more complex algorithms, including genetic algorithms, which can optimize multiple

Zernike modes simultaneously, thereby reducing the number of iterations required

for convergence.
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