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Abstract

Volumetric microscopy allows three dimensional information to be cap-

tured in a single image, but the imaging quality can be adversely affected

by optical aberrations. We investigate the robustness and efficiency of

optical aberration compensation for widefield and volumetric microscopy

using iterative image-based - or sensorless - modal adaptive optics (AO).

In this thesis, we use extensive numerical modelling to show that the lim-

iting factors for an accurate modal correction are measurement linearity

and non-linear modal crosstalk. We demonstrate that estimating 4 met-

ric values per mode provides overall better and more robust estimates

of modal amplitudes, regardless of initial Strehl or signal-to-noise ratio,

as well as minimising the total number of photons used for correction.

We show that accurate aberration estimation can be obtained for up to

1 radians RMS of initial aberration; and an excellent AO correction can

still be obtained beyond this range when an appropriate optimisation al-

gorithm is employed. In addition we quantify the impact of out of focus

light and three dimensional sample structure on the correction capabil-

ity. We also present an adaptive optics correction system employed on

an Olympus microscope, and demonstrate image sharpening on both two

dimensional and three dimensional images.
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Formalisation

Symbol Property SI unit

α
Image space angular semi-

aperture
rad

η,m
Zernike radial and az-

imuthal orders
-

Θ Image space ray angle rad

λ Wavelength m

ρ, ψ
Polar coordinates in image

space
m, rad

υ Actuator voltage V

φ Phase variation -

a Zernike amplitude - rad

A Amplitude variation, |E| V m−1

b Maximum sampling bias rad

c Speed of light ms−1

CM Command matrix -

d Resolution m

E Electric field V m−1

f Focal length m

F Spatial frequencies m−1

F Fourier transform -

h Amplitude transfer function -

I Intensity V 2m−2
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IF Influence function -

J Bessel function -

k Wave vector m−1

l Wave Amplitude V m−1

M Image metric -

MTF
Modulation transfer func-

tion
-

n Refractive index -

NA Numerical apperture -

o Object -

OTF Optical transfer function -

P Pupil function -

PSF Point spread function -

r, θ
Polar coordinates in object

space
m, rad

R Apperture radius m

σ Phase variance rad

SR Strehl Ratio -

u, v, w
Cartesian coordinates in im-

age space
m

x, y, z
Cartesian coordinates in ob-

ject space
m

Z Zernike mode -

? Convolution operator -
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Introduction

This thesis investigates the feasibility of applying adaptive optics systems

to volumetric microscopy. It seeks to gain a greater understanding of how

changes in image quality with depth will affect the design of a correction

system. This will require a thorough understanding of the performance

of optical correction systems and the parameters that govern them. This

will need to be viewed in the context of volumetric microscopy systems

such that a conceptual correction system can be envisaged, simulated,

and trialled in a laboratory environment.

For hundreds of years optical microscopes - in its simplest form, a

optical system used to generate highly magnified images of small objects

- have been an invaluable tool for biologists. The insights into the micro-

scopic world that it offers have enabled countless milestone discoveries

in biology, medicine, geology, and many other fields. As a result, and

ever since the invention of the compound microscope in the early 17th

century, there has been an ongoing effort to improve the quality of mi-

croscopes and their imaging capabilities. The resolving power of optical

microscopes is bounded by the diffraction limit. However, reaching the

diffraction limit is in practice restricted by the presence of aberrations

induced by the microscope or the sample itself.

Adaptive optics (AO) is a well established method of correcting opti-

cal aberrations. First envisioned in the 1950s, it has come into common

usage following successful observing runs performed in the early 1990s

with the COME-ON prototype at the La Silla 3.6 m telescope. In astron-

omy adaptive optics systems now see widespread use, and have become a

staple sub-system of any large telescope. The impact AO has had on the
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astronomical system’s ability to gather information is hard to overstate,

a fact that has been recognised by the 2020 Nobel prize in physics for the

discovery of a supermassive compact object at the centre of our galaxy,

a discovery made possible by adaptive optics. It required high precision

astrometry measurements obtained by NAOS, an adaptive optics system

installed at the Very Large Telescope in Chile.

Spurred on by the successes in astronomy, researchers have been quick

to apply AO to other types of imaging systems, with pioneering work in

biological research as early as the mid-1990s for retinal imaging [1] and

later in confocal microscopy [2]. Over the past few years AO has been

implemented in microscopy in order to compensate for aberrations im-

posed by the sample. There are many similarities between the imaging

systems for astronomy and biology which should make the implementa-

tion of adaptive optics to microscopy a straightforward one. However,

this is not always the case. One of the main differences between the two

systems, other than the size and distance of the objects being viewed, is

that biological samples are three-dimensional, whereas for astronomy the

image can safely be treated as a two-dimensional object. When a cross

section of the three-dimensional biological sample is imaged, out of focus

light from other layers of the sample encroaches on the image. This makes

wavefront detection using traditional methods from astronomy difficult.

For most microscopy techniques a two dimensional image of a three

dimensional sample is taken. For information outwith the focal region

to be captured the focus must be shifted and a new image taken. Three

dimensional images are captured by scanning the focus and capturing a

number of images. This process can be problematic if temporal infor-

mation is also required. Volumetric microscopy is a family of techniques

which allows three dimensional information outside the focal region to be

gathered from a single image. However, for volumetric imaging there is

a fundamental compromise between the volume captured and the signal

level. Due to the limited light budget of these systems, further signal

attenuation by aberrations can a limiting performance factor.

Several wavefront sensing and AO control strategies have been suc-
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cessfully applied to microscopy. These methods are often tuned to spe-

cific cases and can rarely be generalised. A trade-off is required to assess

the best possible implementation for a given system. This thesis aims

to develop novel and operational solutions to improve on the spatial

and temporal resolution over current imaging methods (mainly scanning

imaging systems such as confocal) using widefield volumetric imaging

and adaptive optics to compensate aberrations while focussing deep into

the sample.

In this thesis we investigate in depth the performance of sensorless

adaptive optics for volumetric microscopy. Although the accuracy of

sensorless techniques have been investigated in past work, these inves-

tigations tend to rely on selected modes applied instead of a complete

spectrum of spatial frequencies such as those found in biological samples.

End to end modelling is rarely employed, and knowledge of the optimal

parameters for sensorless AO is generally restricted to those with the

appropriate experience in the field. Furthermore, the application of AO

to volumetric microscopy has yet to be investigated.

Improving upon existing numerical models, we develop a purpose-

built adaptive optics simulation tool. The numerical tool includes as-

pects such as the nature of aberrations in the sample (e.g. type of aberra-

tions, spatial distribution...), the impact of using high NA objectives, and

multi-focal imaging parameters (number of imaging planes, spacing...).

Approaches to improve image resolution – ranging from sensorless opti-

mization, phase retrieval or direct wavefront sensing - are investigated.

Finally experimental results are compared to the numerical simulations

results, with the ultimate goal of bringing AO and multifocal imaging

together to a working microscope.

Chapter 1 introduces the theory of image formation and demon-

strates the role played by aberrations. The concepts of fluorescence and

volumetric microscopy are also included.

Chapter 2 explores adaptive optics systems and their components

such as the Shack-Hartmann wavefront sensor, deformable mirror and

spatial light modulators. Various control strategies and their common
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applications are shown.

Chapter 3 we explain the Adaptive Optics for Matlab (OOMAO)

package used for the simulation work in this thesis. We detail the modi-

fications which have been made to allow microscopy systems to be sim-

ulated.

Chapter 4 shows the simulation results from the OOMAO package.

We use a statistical approach to investigate the image sharpening factors

which would concern the end user such as metric choice, bias level, num-

ber of data points, and noise, and how these factors affect the end to end

efficiency. By performing end to end simulations were are able to demon-

strate how considering modal optimisation in isolation, as performed in

previous works, is insufficient to indicate the overall system performance,

demonstrating the role non-linear modal crosstalk plays. We are able to

advise as to the image sharpening parameters that provide the best fit

for a range of applications. By simulating both two dimensional and

three dimensional objects, the role that out of focus light plays is also

demonstrated, and its effect on modal estimation quantified. Finally,

this chapter also simulates the diffraction grating system employed for

volumetric microscopy, and explores various correction strategies for vol-

umetric imaging.

In Chapter 5 We first characterise the deformable mirror used in this

thesis (an ALPAO DM with 52 actuators) using an interferometer. By

introducing its measured influence functions to OOMAO we are able to

demonstrate the hardware limitations, and in particular how the device is

unsuitable for open loop operation. Finally, we present the experimental

setup used in the next chapter. In particular, we create and characterise

a closed loop AO system to overcome some of the DM limitations.

Chapter 6 shows a laboratory demonstration of image sharpening.

We begin the chapter looking at the optimisation of point sources, before

moving on to both two and three dimensional biological specimens. Fi-

nally, we demonstrate image sharpening using the multi-plane diffraction

grating.
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Chapter 1

Image formation theory

1.1 Image formation

Light is an electromagnetic wave which propagates at the speed c in

a vacuum. When light reaches an interface of two differing refractive

indexes, geometric optics tells of refraction, reflection and transmission

shown in Figure 1.1, phenomena which are essentially caused by the

conservation of the light’s momentum in any one direction [3]. When a

transparent object with spherical curvature such as a lens is inserted into

the beam path, the resulting change to the light’s path can cause it to

either diverge away from, or converge towards a point. For an incident

plane wave, the distance until the rays intersect is known as the focal

length. If geometric optics completely described the propagation of light

our story would end here. However, it neglects to take into account

diffraction caused by light’s wave nature. As a result of diffraction, when

light begins to converge there is a hard limit on the smallest spot that the

light can produce. This is known as the diffraction limit, and was first

realised by Ernst Abbe in 1873 [4]. In any imaging system the diffraction

limit plays a key role in image formation and the optimal image quality

that can be obtained.
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Figure 1.1: Transmission, reflection and refraction as described by geometric

optics.

1.1.1 Fourier diffraction theory

Diffraction theory is a key component of image formation. An under-

standing of this process begins with the Huygens-Fresnel principle, which

states that each point on an incoming electric field should be considered

as a point source which is emitting spherical secondary waves. With

reference to the derivation in [5] we can describe these as:

e−ikr

r
(1.1)

with i being the complex unit, k being the wavevector k = 2π
λ

, λ being

the wavelength of light, and r being the distance from the point source.

Summing these contributions gives:

E2(u, v) =

∫ ∫
E1(x, y)

e−ikr

r
dxdy (1.2)

where E1(x, y) is the initial electric field distribution. Here we shall make

a distinction between two coordinate systems, (x, y, z) for the coordinates

in original plane, and (u, v) for the coordinates in the plane after a dis-

tance z. The relationship between these coordinate sets is dependent

on the system properties, we shall keep them separate to allow for a

generalised derivation.

To keep things in Cartesian coordinates we can relate the distance r

to (x, y, z) and (u, v) using:

r =
√
z2 + (u− x)2 + (v − y)2 (1.3)
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If we assume that r >> λ, which is fair for most practical applica-

tions, we can make further simplifications. Using a binomial expansion

of
√

1 + x = 1 + 1
2
x− 1

8
x2 + ... we can now approximate r as:

r ≈

[
1 +

1

2

(
x− u
z

)2

+
1

2

(
y − v
z

)2
]

(1.4)

Introducing this into Eq. 1.2 gives us the equation:

E2(u, v) =
e−ikz

z

∫ ∫
E1(x, y)e[−

ik
2z
{(u−x)2+(v−y)2}] (1.5)

Eq. 1.5 is known as the Fresnel Equation, a useful tool for calculating

optical propagation through a distance z.

Factoring the quadratic term outside of the integral means Eq. 1.5

can also be rewritten in a longer form:

E2(u, v) =
e−ikz

z
e
ik
2z

(u2+v2)

∫ ∫ [
E1(x, y)e−

ik
2z

(x2+y2)
]
e−

ik
2z

(ux+vy)dxdy

(1.6)

In practice it can be useful to view Fresnel propagation as an optical

transfer function dependent on the propagation distance z, as Eq. 1.5 can

be broken down into a Fourier transform, multiplication by a function,

then an inverse Fourier transform. The optical transfer function can then

be written as:

HF(Fx, Fy) = eikz exp(−iπλz(f 2
x + f 2

y )) (1.7)

When a field propagates through a thin lens, the phase of the field is

delayed by an amount proportional to the optical thickness of the lens,

resulting in a phase delay added to the electric field profile. The resulting

electrical field can be determined by multiplying the incident electric field

by:

tl(u, v) = P (u, v) exp

(
− ik

2f
(u2 + v2)

)
(1.8)

where P (u, v) is the pupil function of the lens, defined as:
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P (u, v) =

1 inside lens aperture

0 otherwise
(1.9)

We can refer to the electric field after it has travelled through the

focal distance and passed through the lens as the initial electric field

propagated through the Fresnel Equation and passing through a lens:

E2(u, v) = P (u, v)e−
ik
2f

(u2+v2) e
−ikz

z
e
ik
2z

(u2+v2)∫ ∫ [
E1(x, y)e−

ik
2z

(x2+y2)
]
e−

ik
2z

(ux+vy)dxdy (1.10)

When f = z the quadratic phase terms cancel and the result can be

seen to be a 2D Fourier transform of the initial electric field, with an

additional quadratic phase term.

For cases involving much longer propagation distances, i.e:

z >>
k(u2 + v2)max

2
(1.11)

the quadratic phase term inside the integral in Eq. 1.6 can be ap-

proximated as unity, resulting in:

E2(u, v) =
e−ikz

z
e
ik
2z

(x2+y2)

∫ ∫
[E1(x, y)] e−

ik
2z

(ux+vy)dxdy (1.12)

Eq. 1.12 is known as the Fraunhofer equation, and is useful for ap-

proximating optical propagation over longer distances. It should then

be noticed that propagation over long enough distances can also be de-

scribed by a 2D Fourier transform (with a multiplicative phase factor in

(u, v)).

1.1.2 Vectorial diffraction theory

A more complete yet more complex diffraction model can be found using

vectorial diffraction theory, which ignores the scalar (small angle) ap-

proximation found in the previous section and making it arguably more
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applicable to imaging with a high numerical aperture lens. According

to Richards and Wolf [6], an expression for the intensity can be found

through a vectorial model for unpolarised light as the average of all po-

larisation states, and is given by:

I(u, v) =
A2

16π
[|I0|2 + |I1|2 + |I2|2] (1.13)

where:

A =
πfl0
λ

(1.14)

with f being the focal length of the objective lens, l0 the amplitude

of the incoming wave, and:

I0(u, v) =

∫ α

0

cos
1
2 Θ sin Θ(1 + cos Θ)J0

v sin Θ

sinα
exp

(
iu cos Θ

sin2 α

)
dΘ

(1.15)

I1(u, v) =

∫ α

0

cos
1
2 Θ sin2 ΘJ1

v sin Θ

sinα
exp

(
iu cos Θ

sin2 α

)
dΘ (1.16)

I2(u, v) =

∫ α

0

cos
1
2 Θ sin Θ(1− cos Θ)J2

v sin Θ

sinα
exp

(
iu cos Θ

sin2 α

)
dΘ

(1.17)

with α being angular semi-aperture on image side, Θ being the image-

side angle of any given ray and J0, J1 and J2 being Bessel functions of

the first kind and zeroth, first and second order. Although the differences

between vector and scalar theory can yield results large enough to be of

note for systems dealing with polarised light, for unpolarised light these

differences have been found to be small, and scalar theory can yield

sufficiently accurate results under these conditions [5] [7] [8]

1.1.3 The point spread function

Diffraction theory tells us that if a point-like object is viewed through

a microscope system the image it produces will undergo some blurring
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effect. The shape of the resultant image is referred to as the point spread

function (PSF). For imaging, it is convenient to view an extended object

as a collection of point sources. When an object is viewed through a

perfect imaging system the image formed can be viewed as a collection of

diffraction limited spots. This has been compared to painting a picture

with a fuzzy brush; the size of the brush is dictated by the PSF and

determines the level of detail that can be discerned in the final image [5].

For a system viewing a point source, the electric field in the imaging plane

can be expressed as an inverse Fourier transform of the system’s pupil

function P . This is known as the amplitude transfer function, h. Taking

the modulus squared of this will give the intensity, and an expression for

the PSF:

PSF = |h|2 = |F−1(P )|2 (1.18)

For a circular pupil function we can write the amplitude transfer

function h as:

h(u, v) =

∫ ∫
P (x, y) exp[i2π(ux+ vy)]dxdy (1.19)

Converting to polar coordinates using the relations x = 1
2π
r cos θ,

y = 1
2π
r sin θ, u = ρ cosψ and v = ρ sinψ allows us to write:

h(ρ) =
1

2π

∫ 2π

0

∫ 1

0

P (r) exp[irρ cos(θ − ψ)]rdrdθ (1.20)

It can be seen that this is equivalent to a first order Bessel function

in the form:

h(ρ) =
J1(ρ)

ρ
(1.21)

and resulting in an Airy disk pattern for the PSF:

PSF(ρ) =

∣∣∣∣J1(ρ)

ρ

∣∣∣∣2 (1.22)
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1.1.4 The optical transfer function

Viewing the PSF in the Fourier domain shows how effective the system is

in transferring various spatial frequencies. Hence the Fourier transformed

PSF is often called the optical transfer function (OTF), and its signif-

icance is illustrated in Figure 1.2. Multiplying the Fourier-transformed

object by the OTF gives the noise-free image which would be produced

by the imaging system, limited by the systems inability to transfer fre-

quencies below Abbe’s limit.

Figure 1.2: The optical transfer function shows how effectively spatial

frequencies are transmitted through a system. On the left, the green wave

represents high spatial frequency information and the blue coarse frequency

information. On the right, these waves indicated in Fourier space. The

system’s OTF governs how well the information contained in differing spatial

frequencies are transmitted through the system. The highest spatial

frequency transferred for a perfect system is governed by the diffraction

limit. [9]

The OTF can be then expressed as:

OTF = F(|h|2) = F(|F−1(P )|2) = P ~ P ∗ (1.23)

where P ∗ is the complex conjugate of the pupil function P . We can

therefore calculate the OTF directly from the pupil function by use of

an auto-correlation, a cross correlation of the pupil with itself.

The modulation transfer function (MTF) is the absolute value of the

OTF, neglecting phase effects. However, these terms are commonly used
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interchangeably. A summary of these properties is shown in Table 1.1.

Property Formalisation

Pupil Function P

Amplitude Transfer Function h = F−1(P )

Point Spread Function PSF = |h|2

Optical Transfer Function OTF = F(PSF) = PP ∗

Modulation Transfer Function MTF = |OTF|

Table 1.1: Optical system definitions

1.1.5 Coherent and incoherent imaging

For imaging, it is necessary to make a distinction between coherent and

incoherent light, as this affects the intensity distribution of the final im-

age. If the phase of the individual light rays (photons) illuminating, or

originating from the object vary in unison (i.e. the wavelengths are in

phase with each other), the light is said to be coherent. If the phase

of this light randomly differs between photons, the system is said to be

incoherent. For coherent light, at any given point in the image plane the

amplitude contributions must be summed, and the intensity calculated

from the resulting electric field. For incoherent light the constructive

and destructive interference of the light’s amplitude is averaged out by

any real detector. As a result, it is appropriate to calculate the intensity

contributions before summing them.

Following from this, and with h being the amplitude transfer function

and E1 the initial electric field, the intensity from a coherent source can

be written as:

Ic = |h~ E1|2 (1.24)

And for the incoherent source as:

Ii = |h|2 ~ |E1|2 (1.25)
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with |h|2 being the PSF. For a fluorescence microscope the incoming

light is generally considered to be unpolarised, and as a result we shall

be using the definition given in Eq. 1.25 to calculate the image plane

intensity.

1.2 Effects of optical aberrations on image

formation

In the most general terms, an aberration is a deviation of a wavefront

from its ideal shape. The deviation arises from a non-uniform refractive

index profile seen by the light at its origin or as it passes through an opti-

cal system, causing some parts of the wavefronts to be delayed respective

to others. Aberrations have a detrimental effect on image formation, and

any attempt to either remove or correct for them will improve imaging

quality and resolution.

Figure 1.3: Illustration of how optical aberrations affect the system’s PSF.

When imaging in the presence of aberrations, the complex portion

of the pupil function then takes on the wavefront delay caused by the

aberration. As shown in section 1.1.1, this has a direct influence on the

PSF and hence the overall quality of the image.
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1.2.1 Relationship between object and image

The image formation process can be described by the scalar theory of

diffraction as presented in section 1.1.1. Under the hypothesis of isopla-

natism - i.e. uniformity of the instrument’s response in the field - it can

be modeled by the convolution product of the observed object and the

imaging systems PSF. By noting the object of interest observed through

the microscope o, the convolution operator ?, the focal plane image i for

incoherent imaging is:

i = PSF ? o + b

The noise b appears when reading pixels of the detector during image

capture. This convolution process is illustrated in Fig. 1.4

Figure 1.4: Illustration of the convolution process between the object and

the PSF to form the final image.

When an optical aberration is present in the system this is considered

via the complex pupil function, and P becomes:

P (ρ, ψ) =

A exp(iφ(ρ, ψ)) inside lens aperture

0 otherwise
(1.26)

where A is the amplitude modulation and φ is the phase modula-

tion. For the case of widefield microscope we assume that amplitude

modulations are minimal, and aberrations are phase-only in nature.

In the case of a perfect imaging system, the complex amplitude com-

ing from a point source at infinity is constant and can be taken equal to

1 over the pupil: the phase is constant. In that case, and for a circular

pupil, the PSF is equal to an Airy disk pattern as described in Section
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1.1.3. However, a real optical system will encounter optical aberrations.

They can arise from different origins: polishing errors, optical misalign-

ment, error in the optics’ curvature, etc. Aberrations are equivalent to

a phase error. In case of a system with optical aberrations φaberr, the

phase of the electromagnetic field at the exit pupil is no longer zero. The

PSF is no longer a Airy disk, but its shape will depend on the structure

of the aberrations φaberr.

1.2.2 Wavefront representation

The wavefront of a beam of light represents how the phase varies across a

lateral surface. Wavefront information can be represented either zonally

or modally. The zonal representation describes the average phase or

phase derivative over a certain area. The wavefront is divided into an

array of regions (or zones), each one having a value assigned to it. The

wavefront can then be constructed in this manner, similar to an image

being constructed out of an array of pixels. This is perhaps the most

intuitive way to represent a wavefront, but the number of zones required

to accurately reconstruct the wavefront can sometimes be excessive.

Modal representation describes the wavefront through a series of or-

thogonal modes. The most common series of modes used is the poly-

nomial Zernike series, although other series exist such as the Lukosz

series [11]. The Zernike series was first described in 1934 to describe

the diffracted wavefront in phase contrast microscopy, a technique which

earned Zernike the Nobel prize in 1953. However Zernike polynomi-

als soon became adopted for many other imaging applications as the

various modes described common optical aberrations such as defocus,

astigmatism and coma, as shown in Figure 1.5. With an infinite set of

Zernike modes any wavefront can be fully described. Each mode contains

a weighting factor α to describe the amount of that particular aberration

in the system. A wavefront can hence be described as [12]:
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Figure 1.5: Visual representation of Zernike modes and their relation to

common optical aberrations, reused from [10].

φ(ρ, ψ) =
k∑
n

akZk(ρ, ψ) (1.27)

Where the Zernike mode Zk is defined as [13]:

Zeven =
√

[2(n+ 1)]Rm
η (r) cosmθ (1.28)

Zodd =
√

[2(n+ 1)]Rm
η (r) sinmθ (1.29)

With Rm
η being radial polynomials:

Rm
η (r) =

η−m
2∑

s=0

(−1)s(η − s)!
s!
[
η+m

2
− s
]
!
[
η−m

2
− s
]
!

(1.30)

Throughout this document Zj and Rm
η will be related through the

Noll Index, a common method of indexing Zernike modes described in

[14].
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1.2.3 Effects of aberrations

The first three Zernike modes, Z1−3 represent piston, tip and tilt. Piston

is simply a constant, uniform phase and hence has no effect on image

quality - it is generally ignored. Tip and tilt have a phase which varies

linearly in the x and y directions, the result being that the PSF shifts

laterally in one direction, but is otherwise unaffected. Z4 represents

defocus, and can be induced by a shift in the position of the object along

the z-axis. For microscopy this is generally corrected for via adjustments

of the optical stage. As a result, it is generally the Zernike modes Z5→∞

which warrant attention. These aberrations add unwanted distortions to

the PSF, and limit the system’s ability to transmit frequencies within

certain ranges. Fig. 1.6 shows how the PSF and OTF of a system are

effected by aberrations.

Figure 1.6: Illustration of diffraction limited (a) PSF and (b) OTF and

aberrated (c) PSF and (d) OTF.

1.2.4 Estimation of image quality

Resolution

The resolution of an image can be thought of as both the minimum dis-

cernible distance between any two point sources, and the highest spatial
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frequency transmitted by the system. It can be defined in a number of

ways. The first criteria was stated by Abbe; for a perfect, diffraction

limited imaging system the resolution in the radial u and v directions is:

du,v =
λ

2n sinα
(1.31)

where d is the smallest achievable resolution, λ the wavelength of light,

n the refractive index of the medium and α the angular aperture. The

minimal resolution in the axial, w direction is given by:

dw =
2λ

(n sinα)2
(1.32)

where n sinα is the systems Numerical Aperture (NA). For visible light,

the distance dx,y is approximately 200-300 nm, with dz being approxi-

mately 500 nm. In 1896 Rayleigh refined the description with a more

quantitative approach by combining this with the Airy disk; the diffrac-

tion pattern that is known to emerge when light is propagated through

a circular aperture as shown in Eq. 1.22.

Calculating the first minima gives the width of the Airy disk as: [5]

d = 1.22
λ

NA
(1.33)

From this, the Rayleigh criterion for resolution can be considered

as the distance between two point sources when the maximum of one

function is equal to the first minimum of the next, shown in Figure 1.7.

This gives a resolution of:

du,v = 0.61
λ

NA
(1.34)

In order to view the resolution in three dimensions the PSF should be

viewed as a three dimensional object. In an ideal imaging system with an

infinite numerical aperture, the three dimensional point spread function

would represent two cones with their tips intersecting at the focal plane.

However the finite nature of the aperture causes diffraction, and ring

like structures start to appear – the Airy disk. A three dimensional PSF,
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Figure 1.7: The Rayleigh Criterion. Two point sources of equal intensities

can be resolved when the maximum of one signal is spatially equivalent to

the first minimum of the other signal. [15]

according to diffraction theory, is shown in Figure 1.8 for an oil immersion

lens. It can be seen at a glance that the axial cross section differs greatly

from the lateral one. It is generally not possible to image the 3D cross

section from this point of view. The axial cross section is usually created

by taking a series of images of the lateral PSF at varying focal depth,

and then post-processing to construct the 3D PSF.

Figure 1.8: Simulated three dimensional point spread function shown

according to diffraction theory with an index-matched oil immersion lens

(NA = 1.4) shown across the (a) radial and (b) axial plane. Images taken on

log scale.

The intensity profile in the axial direction can be described by [16]:
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I(w) =
2n2

k2w2NA4

(
1− cos (

kwNA2

2n2
)

)
(1.35)

Analogous to the lateral resolution, the axial resolution can then be

defined as being equivalent to equation 1.32.

Strehl ratio

One metric for optical system quality is the Strehl Ratio, named after

Karl Strehl who originally proposed the idea in 1895 [17]. This is a

commonly used metric within optical systems affected by aberrations.

The Strehl ratio for a system is a positive value equal to or less than 1,

with 1 being a perfect, unaberrated system.

The Strehl ratio is effectively the ratio of peak image intensity from a

point source in an aberrated system, to the peak ratio of image intensity

from a point source in an unaberrated system (the Airy disk). This is

illustrated in Fig. 1.9.

Figure 1.9: Cross section of the PSF for an aberrated and a diffraction

limited system. The aberrated system has a Strehl ratio of 0.6.

Calculating the Strehl ratio SR from the above definition can be a non-

trivial task, but there are many approximations for it [18]. Throughout

this document we will be using the following definition:

SR = exp(−σ2
φ) (1.36)
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where σφ is the phase variance in rad. As achieving a perfect SR of 1

is often an impossible task, a system can be said to be diffraction limited

when the Strehl ratio is above approximately 0.8, corresponding to an

rms variance of λ
14

.

1.2.5 Image sampling

It is a common misconception that the performance of an imaging sys-

tem is dictated by the magnification it produces. The magnification of

an imaging system containing two lenses is determined by the ratio of

the focal lengths, and is essentially an enlargement factor. However mag-

nification does not increase resolution – if you zoom far enough into an

image it will appear pixelated and no new information is gained. Resolu-

tion can be thought of as the size of the pixels, the smaller they are the

more information is contained. In order to fully reconstruct an image it

must be sampled frequently enough by the detector to be able to detect

all spatial frequencies of interest. The sampling by the detector is deter-

mined by the pixel spacing. Magnification aids sampling as it allows a

larger number of sampling points to be taken across the image.

The highest spatial frequency observable is linked to the resolution

by the Nyquist-Shannon Theorem [19]. This states that in order to suc-

cessfully reconstruct an object, or indeed any signal, the sampling rate

must be at least double the highest frequency wishing to be detected.

This can be written as:

F =
Fs
2

(1.37)

Where F is the highest frequency detectable and Fs is the sampling

frequency. If the sampling frequency is too low aliasing can occur, mean-

ing high spatial frequencies can be misidentified as lower ones. Con-

versely, oversampling can increase the amount of noise present in the

system, and the amount of clarity added to the image quickly diminishes

as sampling is increased. For this reason, it is desirable for an imag-

ing system to sample appropriately. For microscopy this means careful
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selection of detector pixel size and system magnification.

1.3 Widefield compound microscope

The first microscope was developed in the late 1500s by Dutch specta-

cle makers Hans and Zacharias Janssen. This crude instrument offered

up to 9x magnification, but its usefulness was limited due to aberra-

tions caused by the poor quality of the lenses. Although the magnifying

and focal properties of lenses where recorded as early as 750BC, this

was the first recorded case of a compound microscope. The performance

of the compound microscope was further improved by a number of in-

dividuals including Galileo in 1609 and Robert Hooke, whose work in

microscopy and microbiology was published in 1665 [20]. In 1673 Anton

van Leeuwenhoek developed techniques to drastically improve the grind-

ing and polishing of the lenses. As a result of this he managed to produce

a microscope that had an impressive 270x magnification and a resolution

as low as 1µm, although this system only contained a single lens. In

1826 Joseph Jackson Lister developed the achromatic lens, limiting the

effects of chromatic dispersion. This was pivotal as this correction was

previously thought impossible. Despite these advances however, a limit

to optical resolution was soon reached, regardless of increased system

magnification – the diffraction limit.

Although a single lens allows magnification to occur if the object

is placed within its focal length, it is the compound microscope that

allows the greatest magnification to occur. The most basic compound

microscope consists of an object to be viewed, an objective lens and an

eyepiece. The light from the object is captured by the objective lens

at a set working distance. The objective lens focuses the light which is

then passed through the eyepiece where it can be focused onto a detector

or viewed directly through the eyepiece, illustrated in figure 1.10. The

overall magnification produced by the system is the product of the mag-

nification of the objective and focal lenses. Widefield microscopy refers

to an imaging system in which the entire two dimensional picture is im-
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aged at the same time. This in opposed to confocal microscopy, in which

an aperture is placed before the detector and the image is produced by

scanning across the sample.

Figure 1.10: Schematic of a basic widefield compound microscope adapted

from [21].

In order to view the sample some sort of illumination must be present.

Bright field illumination uses a light source which is shone onto the sam-

ple from behind using a condenser lens. The specimen will appear dark

under a light background, and relies on some change of transparency

across the sample to discern detail. Often staining is needed to empha-

sise the contrast in the sample [22]. Darkfield microscopy blocks off the

source of the light such that only the scattered light is incident on the

sample. This allows objects with refractive index similar to the back-

ground to be imaged with greater contrast against a dark background.

However, it also required more light for illumination, which is not always

desirable. A third type of illumination is epi-illumination. This uses a

beamsplitter in the tube of the microscope to focus light from an external
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source through the objective and onto the sample. This is often used in

an imaging process known as fluorescence microscopy.

1.3.1 Fluorescence

Principles of fluorescence

Fluorescence is, in brief, the property of a molecule to absorb light and

then re-emit light at a longer wavelength. This property was first ob-

served in 1565 when Nicolás Monardes noticed a strange blue glow being

emitted from the wood Lignum nephriticum, and made a note of this

interesting phenomenon. Fluorescence has been observed in many other

materials since, but the understanding of the underlying mechanism did

not advance for almost 300 years.

In 1852 George Gabriel Stokes coined the term ‘fluorescence’ and for-

mulated Stokes Law. This states that the wavelength of the emitted

radiation is longer than the wavelength of the absorbed radiation (al-

though it this was later found not to be the case for certain systems),

but it wasn’t until 1935 that Alexander Jablonski was able to present

a satisfactory model to explain the process. A Jablonski diagram for a

fluorescent molecule is shown in figure 1.11.

The energy levels of the electron are represented as the bands S0,

S1 and S2, which can each be divided up into a series of closely spaced

vibrational states. Initially the electron is in the stable ground state, S0.

Absorption of a short wavelength (high energy) photon will ‘excite’ an

electron into a higher energy band. Light absorbed at the frequency VA
will excite the electron into the energy band S1 in femtoseconds. It will

then quickly relax into the lowest state of this band, in a process that

typically takes picoseconds. When relaxing through vibrational states,

phonons are produced. These are seen as vibrations within the mate-

rials structure and dissipate heat energy. The lowest vibrational state

of band S1 can be said to be metastable, as the electrons will typically

remain in this state for the order of nanoseconds, or possibly microsec-

onds. The electron will then decay into the upper vibrational states of
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Figure 1.11: Jablonski Diagram reproduced from [15]. Electrons in the

ground state S0 can be excited into the state S1 through absorption of a

photon at frequency VA. It then drops down to the lowest state in this

energy band, before dropping down to the highest state of band S0 and

emitting a photon of frequency VF . Phosphoresence is the mechanism for

which an electron undergoes an intersystem crossing where the molecule’s

spin in blocked until it eventually drops back to the ground state.

the ground state, emitting a photon in a process known as spontaneous

emission. The emitted photon has a frequency VF generally lower than

the frequency of the absorbed photon, due to the energy being absorbed

in the process. It is this mechanism that explains the shift in wavelength

recorded by Stokes in 1852.

A second phenomenon which aids the understanding of the process

is phosphorescence. This is where an excited electron will undergo an

intersystem crossing where it flips the sign of its spin. The probability

of this occurring is usually lower, and similarly the chance of it then

returning to the ground state is also low. This means electrons can

become ‘trapped’ for milliseconds or even seconds, and the fluorophore

will appear dark.

Fluorescence microscopy

Fluorescence in microscopy was first observed when ultraviolet micro-

scopes were created in 1904 in an attempt to improve on the diffraction
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limit by using a shorter wavelength. This caused visible light to be

emitted from naturally fluorescing samples [23]. This principle was later

utilized to create the first Fluorescent Microscope in 1914 [24], which

again illuminated the sample with ultraviolet radiation at 275 nm.

In 1941 the first labelling of non-fluorescent samples with fluorescent

particles for use in microscopy was introduced, in a process known as

immunofluorescence, which is still used today [25]. This method relies

on antibody labelling of fluorescent molecules to specifically target pro-

teins of interest within the cells. However, it is only compatible with

fixed cells, and the labelling strategy can perturb cell structure. In 1994

the green fluorescent protein (GFP) was discovered as a naturally occur-

ring jellyfish protein [26]. This protein was significant for fluorescence

microscopy as through genetic modification it allowed for live cells to

directly express a fluorescent marker with highly precise targeting to

proteins of interest[27]. This property of allowing the cell to generate its

own chromophores allows certain parts of the specimen to be labelled in

living cells, allowing for much greater scope of application. Since this

discovery, alternative expressed proteins covering the full visible spectral

range have been identified, along with improvements to photostability

and brightness of the fluorescence proteins. The original discovery earned

the Nobel prize in Chemistry in 2008. As an example by attaching GFP

to a tumour, its behaviour can be imaged in real time [28].

The ability to label individual cellular systems allowed widespread

application of fluorescent microscopy, which improved contrast, had the

ability to detect the presence of objects smaller than the diffraction limit

(for example a virus) and the potential for single molecule localisations

lead to a marked improvement in biological imaging capability.

The imaging process behind fluorescence microscopy is relatively straight-

forward. With reference to figure 1.12 the excitation source, in this case

the laser, is first expanded and collimated. It is then directed through

the excitation filter into the sample. The absorption of the laser light in

the fluorescent substance leads to excitation and the emission of a longer

wavelength light. The emitted fluorescence is then separated from the
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Figure 1.12: Widefield fluorescence microsope schematic.

laser light through the use of a polychromic mirror and emission filter,

before being imaged onto a detector. It should be noted that fluorescence

microscopy is an incoherent imaging system.

Fluorescent systems tend to be inherently photon limited due to pro-

teins not usually being overly bright, but an additional limitation of

fluorescence microscopy is that of photobleaching, where fluorophores

will eventually stop cycling and fluorescing. As a result the light level

decreases over time, generally in an exponential manner although this

depends on the type of marker chosen. This means that samples can

only be imaged for a finite amount of time before lower signal levels re-

duce contrast and adversely effect imaging quality. In general the amount

of excitation light incident on the sample is limited to when imaging is

occurring.

1.4 Volumetric microscopy

Traditionally, three dimensional microscopy is achieved by taking a se-

quence of two dimensional images. These are either taken in time, cre-
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ating a moving picture, or by scanning through the axial direction, re-

sulting in a three dimensional object. The first method does not capture

events outside the focal plane, whereas the second method relies on a

static sample that will not change in the time it takes to scan the im-

age. The dynamic nature of many real samples mean that sequentially

constructed three dimensional objects can yield ambiguous information,

and the act of mechanical scanning can perturb the sample further. Volu-

metric imaging allows four dimensional information – a three dimensional

moving picture. The methods that have evolved to capture three dimen-

sional information in a single image can be grouped into two categories,

multi-focal microscopy and extended focus microscopy

1.4.1 Extended focus

Extended focus microscopy allows information from an extended object

to be captured in a single camera frame. This is known as extended depth

of focus (EDOF). For these cases the axial scan of the object must then be

faster than the exposure time of the the camera [29] [30]. The resultant

2D image information is then simultaneously in and out of focus. The

extended object information can then be extended through a convolution

process [31]. However, this process can introduce significant background

noise into the images, which is exacerbated with longer axial sweeps.

PSF engineering

A method commonly employed in techniques which deal with isolated

sub-diffraction limit objects (such as Stochastic Optical Reconstruction

Microscopy (STORM) [32]) is PSF engineering, in which depth informa-

tion about the object is encoded into the PSF. Typically this is done

via introducing an amount of astigmatism into the imaging path [33],

or using a double helix PSF (DH-PSF) [34]. The astigmatic approach

is straightforward to implement, and is usually done using a cylindrical

lens, although deformable mirrors have also been used and found to in-

duce fewer additional aberrations [35]. The astigmatic PSF allows axial
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localisation over a depth of field of around 800 nm for a single plane,

dependent on noise.

The axial depth can be dramatically improved using the DH-PSF.

A very low efficiency DH-PSF can be created using Laguerre-Gaussian

modes with about 3% of the energy entering the lobes, which will prop-

agate with around the same level of intensity regardless of defocus [34].

However by optimising this to only occur over a certain depth of focus,

the amount of light entering the lobes can be increased by a factor of

thirty [36] for a depth of focus of 2 µm, with the intensity of the lobes

staying fairly constant throughout. This can be optimised for depth of

field, with a smaller depth providing higher light efficiency. It requires

the use of a phase mask or SLM in the imaging path; an example of a

typical DH-PSF phase mask is shown in figure 1.13.

Figure 1.13: Phase mask required to generate the double helix PSF [37].

It is also possible to encode colour as well as depth information into

the PSF [38], though the complexity of the PSF likely prevents this being

practical for anything but very high SNR applications. They also tend

to rely of very isolated PSFs, further limiting their applications.

1.4.2 Multifocal microscopy

Multifocal microscopy involves imaging the same object on multiple fo-

cal planes simultaneously, and has now seen many implementations. This

can be achieved in a number of ways. A significant advantage of multifo-

cal techniques is that it allows extended objects to be viewed at multiple
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image planes, making it particularly useful for particle tracking or imag-

ing in vivo processes.

Beamsplitters

One method to view multiple focal planes simultaneously is to employ

beamsplitters. These allow the optical path to be split so that differ-

ing amounts of defocus can be induced either via phase optics or simply

propagation. This setup is commonly used in bi-plane imaging, but can

be extended to multiple planes. An example of this is shown in figure

1.14. These experimental setups are generally more complex and sensi-

tive to vibrations than a typical widefield microscopy assembly, and re-

quire the use of multiple cameras. The individual noise characteristics of

each camera make directly comparing two images more challenging, but

beamsplitters are simple, accessible, and introduce minimal additional

aberrations.

Figure 1.14: Multi focal microscopy optical arrangement using beamsplitters

to view 8 image planes simultaneously on two cameras for SOFI imaging [39].

An alternative to using differing optical path lengths is to segment

the pupil in Fourier space onto an SLM, with differing amounts of de-

focus on each segment [40]. This approach allows for a quick and easy

change between various plane spacings, although this makes the system

monochromatic and comes at additional cost and complexity,
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Diffraction gratings

An alternative to beamsplitters, which allows the images to be viewed

on a single camera is to employ a modified diffraction grating which

causes the higher diffraction orders to experience varying degrees of de-

focus. This concept was first introduced for imaging in 1999 [41], and

allows multiple images to be taken simultaneously at various image plane

depths. The quadratic distortion, shown in Fig. 1.15 introduces a phase

shift into the non-zero diffraction orders. This essentially allows the

diffraction orders to provide an image focused on an alternative plane in

the sample.

Figure 1.15: (a) Traditional diffraction grating (b) Modified Diffraction

Grating with a defect introduced. The amount of displacement ∆x

determines the magnitude of the phase shift.

The phase shift introduced at each order can be described using equa-

tion 1.38:

φm(x, y) =
2πm∆x(x, y)

d
(1.38)

where m is the diffraction order, ∆x is the displacement of the grating

strips and d refers to the diffraction grating period. Using the Fresnel

approximation (Eq. 1.5), the wavefront of a propagating electric field

can be described by a quadratic function, so the quadratic phase change

induced by the grating must reflect that. The displacement ∆x is hence

described as:

∆x(x, y) =
W20d

λR2
(x2 + y2) (1.39)
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λ is the optical wavelength, R the radius of the grating’s aperture and

x and y referring to the spatial co-ordinates. W20 is a parameter which

describes the focusing power between orders. As a result the non-zero

orders gain an effective focal length fm, which can be described using:

fm =
R2

2mW20

(1.40)

By passing the diffraction orders through a lens, an imaging system

is created which contains multiple image planes to be imaged simulta-

neously as shown in Fig. 1.16. One problem with this approach is the

magnification is not constant over the various diffraction orders. How-

ever, this can be compensated for by using a telecentric lens system as

described in [42].

Figure 1.16: Modified diffraction grating paired with lens allows multiple

planes to be imaged simultaneously.

The diffractive optical element approach has the advantage that only

a single camera is required, and the setup generally requires less opti-

cal components. A major disadvantage of the diffractive optical element

is the introduction of chromatic aberration, which can cause significant

degradation to the image even with a line width as low as 30 nm. This

can be compensated for using custom optics such as a chromatic correc-

tion grating and prism [43] [44], or by using an aggressive linewidth filter

which can significantly reduce the signal intensity. Performing deconvo-

lution on the final image can provide further improvements with regards
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to correcting for chromatic aberration. There is also a loss introduced

by the diffractive element, which can range from 10-40% of the incident

signal depending on the grating design.

For all multifocal systems there will be an inherent trade-off between

depth of field and spatial resolution. This is not only determined by the

number of image planes, but also the spacing between them. Systems

have been created with as many as 25 focal planes imaged simultaneously

at a spacing of 1.5 µm [45], but each of these planes only contains around

3% of the original signal and the spacing of the planes means that it

will be unlikely to detect dimmer objects positioned in between them.

A more realistic volume to capture simultaneously is around 4 µm [46]

using 9 planes if each of the emitters is to appear on more than one plane

so axial localisation can occur.

The performance of localisation based on astigmatic, DH-PSF and

biplane imaging has been commented on by numerous sources, but has

been directly compared by Badieirostami et al [47]. The results show that

bi-plane offers the best localisation around the focal region, though the

astigmatic offers very slightly better results in certain areas. The DH-

PSF offers relatively good and uniform precision over the entire depth

of field, and is comparable to bi-plane at high signal levels. However,

the DH-PSF is much more dependent on signal intensity than the other

methods. These results have been confirmed by Grover et al. [48] and

Oudjedi et al. [49].

Multifocal and astigmatic imaging have recently been combined by

using a distorted diffraction grating coupled with a cylindrical lens, cov-

ering a depth of focus of 4 µm [49] and 4.5 µm [50]. Both of these ex-

periments involved the use of additional optics for chromatic correction.

The addition of astigmatism means that an emitter only needs to be im-

aged on a single plane for localisation. This allows the spacing of planes

to be increased, although localisation precision will suffer if the astig-

matic localisation is reverted to and a lower number of photons will be

collected. Both of these approaches were also used to image single flu-

orescence molecules, with localisation precision of approximately 20 nm
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laterally and 70 nm axially. The authors note that with efficient diffrac-

tion gratings and brighter objects plane spacing could be increased to

image a depth of focus of around 8−10 µm. The authors of both papers

also noted that a DH-PSF would offer a greater depth of focus, and that

the use of adaptive optics would play a doubly important role by both

collecting more photons/correcting aberrations, as well as introducing

astigmatism without additional aberrations.
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Chapter 2

Adaptive optics in microscopy

Optical microscopy is a key tool for biologists seeking to study micro-

scopic structures and interactions. Several optical microscopy techniques

have emerged over the past decades, many involving the imaging of flu-

orescent labelled samples. Although great care is taken to produce mi-

croscope objective lenses which minimise the aberrations experienced in

microscopy, there are many types of aberrations which cannot be cor-

rected in this way. These have the effect of blurring the final image,

with the main contributors being from the refractive index mismatch

when imaging deep into the sample, and distortions arising from non-

homogeneity in the sample itself. The presence of aberrations limits the

amount of information which can be retrieved from microscope images.

As a result there has been increasing interest in applying adaptive op-

tics to microscopy to improve image quality through the correction of

sample-induced and system aberrations. In this chapter we shall intro-

duce and explain the concept of adaptive optics, its limitations, and its

application to optical microscopy. We shall discuss the most common

wavefront sensing and correction strategies which have emerged to tackle

the challenges present in optical microscopy, and how control strategies

have evolved around these. This will be the knowledge foundation which

the rest of the thesis will build upon.
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2.1 Principle of adaptive optics

The concept of adaptive optics was first presented by Babcock in 1953

[51], as a means to correct for the ’twinkling’ of stars during astronomi-

cal observation. The twinkling is caused by fluctuations in temperature

and humidity in the atmosphere which shifts with the wind, resulting in

changing optical path lengths for the light rays entering the telescope -

optical aberrations. Adaptive optics presents a way of measuring and

mitigating these aberrations. In practice, an AO system is composed of

three main elements. It measures optical aberrations using a wavefront

sensor, processes the signal in a control system, and then corrects for

them in real time using a correction device, as illustrated in Fig. 2.1.

Figure 2.1: Typical closed loop adaptive optics system for a large, ground

based telescope [52]

The technical limitations of the time prevented Babcock’s concept

from being implemented until the 1970’s, and over the following decades

these systems were refined with many novel techniques developed which

have since been put to use in many other areas in optics. Today, adaptive

optics systems are an essential part of any large, ground based telescope,

and the improvements on image quality they offer can be dramatic. Due

to the success of AO in astronomy (going as far as to earn the Nobel

prize in physics in 2020) these techniques were quickly utilised in retinal
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imaging, and shortly after expended to other novel applications such as

microscopy.

2.2 Wavefront sensing

In any adaptive optics system, a reliable way of measuring the wavefront

is essential. The main problem associated with this is that it is not pos-

sible to directly measure the phase or amplitude of an electro-magnetic

field in the optical region. Although is it possible to directly measure the

intensity, it has been proven that this does not lead to a unique solution

for the phase for a single intensity profile [53]. The function of wavefront

sensor (WFS) is to encode the incident aberrated wavefront φaberr into

accessible information.

Wavefront estimation techniques can be loosely grouped into direct

and indirect techniques. Direct wavefront sensing involves directing the

light into a specialist device, most commonly a Shack-Hartmann wave-

front sensor, to determine the wavefront through a number of measure-

ments taken simultaneously. Indirect wavefront sensing uses information

from the intensity profile to infer the nature of the aberrations present in

the system. These methods range from techniques such as phase retrieval,

in which a number of constraints are considered so that the system has

a unique phase solution, to optimisation based techniques such as image

sharpening. Wavefront measurement is not directly part of the sharpness-

based technique but may be inferred by the wavefront produced by the

correction device.

2.2.1 Shack-Hartmann wavefront sensor

It has been demonstrated in Section 1.2 that the shape of the wavefront

has an influence on the form of the point spread function. However when

the wavefront contains only tip/tilt aberrations the effect on the resulting

PSF is simply a lateral shift. Although the position of the peak intensity

will also be influenced by other aberrations present, the centroid of the

39



PSF will remain proportional to the amount of tilt present [54]. Many

forms of pupil plane wavefront sensors operate on this principle, the most

notable amount them being the Shack-Hartmann Wavefront Sensor (SH-

WFS).

The Shack-Hartmann is perhaps the most common wavefront sensor

for adaptive optics (although alternatives are now available, especially

in the field of astronomy [55]). It operates by passing the collimated

wavefront through an array of lenslets. This produces a series of spots

focused onto a detector. When illuminated by a plane wave, the series of

spots will be evenly spaced along the detector mimicking the pattern of

the lenslet array. When an aberrated wave is incident on the detector the

focal points of the spots will displace linearly with the localised tip/tilt

present, as illustrated in Fig. 2.2. By measuring the displacement of the

focused spots through each of the lenslets, measurements of localised tip

and tilt can be made which correspond with the average derivative of the

wavefront across each lenslet sub-aperture. An integration process then

makes it possible to gain knowledge of the incident wavefront φ. Unlike

other common wavefront sensors such as interferometers, the information

gained is not wavelength dependent. The first Shack-Hartmann sensor

was developed in 1971, and has since become a staple in many adaptive

optics systems due to its reliability and ease of manufacture.

The Shack-Hartmann faces a number of limitations, especially in

photon-limited scenarios such as astronomy or microscopy. As in every

direct wavefront sensing scheme, some amount of light (typically ≈ 10%)

needs to be diverted from the science path to enable wavefront sensing.

In addition, there is a direct relationship between the spatial content of

the incident wavefront that needs to be measured and the number of sub-

apertures. In essence, the number of sub-apertures needs to match the

number of modes (e.g. Zernike) one needs to measure, splitting the light

further. SH-WFS generally make use of a bright point source, a guide

star, within or close to the object being viewed (extended objects can

also be used [56], but this is less accurate and require a sufficiently con-

trasted image). For astronomy these can be natural guide stars if a bright
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Figure 2.2: 2D cross section of an aberrated wavefront passing through a

lenslet array and being imaged onto a detector. The shift in the spot

positions on the detector corresponds to localised tip/tilt in the wavefront.

enough star happens to be nearby, or laser guide stars in which a laser

is used to excite particles in the sodium layer of the atmosphere causing

them to re-emit light. In microscopy guide stars can be sufficiently bright

fluorophores, or fluorescent beads injected into the sample.

2.2.2 Phase retrieval

Phase retrieval is an iterative technique from which a set of two inten-

sity profiles, connected by the Fourier transform can be used to deduce

the phase. The wavefront in question must be coherent for this to be

effective. The first of these was the Gerchberg-Saxton Algorithm [57],

for which a unique solution for the phase exists when the light is passed

through an aperture [58]. This algorithm was later extended so it could

be applied to astronomy, its most notable application being to determine

the aberrations present in the Hubble telescope [59]. This was achieved

by replacing the pupil plane image with constraints imposed by the aper-

ture stop, meaning only a focal plane intensity profile was necessary [60].

However, this brought with it challenges to the uniqueness of the solution.
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Phase retrieval also requires a point source which is not readily available

in many microscopy systems (although they could be introduced at the

cost of additional complexity). Despite these limitations, phase retrieval

has been successfully implemented in fluorescence microscopy for imaging

fluorescent beads [61], as well as in an adaptive optics systems [62].

Figure 2.3: Block diagram of the iterative phase retrieval process. If a pupil

plane image is unavailable it can be replaced with the known constraints

imposed by the apperture

The basic operation principle of all phase retrieval algorithms is shown

in Fig. 2.3. The complex pupil function is represented by g(x, y). The

amplitude is determined by an image taken in the pupil plane of the

system, IP . As the phase is unknown, an initial guess φguess is made at

the start of the algorithm, typically in the form of an array of random

numbers, zeros, or a suspected Zernike mode. This then gives gk(x, y) in

the form:

gk(x, y) =
√
IP (x, y) exp iφk (2.1)

The pupil plane and the focal plane are connected via the Fourier

transform, meaning an estimate of the complex focal plane function can

be acquired by performing the Fourier transform on gk(x, y). For sam-
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pled data this is typically done using the Fast Fourier transform, which

is a modification of the discrete Fourier transform that requires less com-

putational resource. This now gives an estimate of the complex far field

at iteration k.

Gk(u, v) = |Gk(u, v)| exp iθk(u, v) = F [gk(x, y)] (2.2)

The new phase, θ(u, v) is an estimate of the phase in the focal plane.

In the original Gerchberg-Saxton algorithm this phase is then combined

with the amplitude of the image IP taken in the focal plane. The phase

θk(u, v) is kept and the amplitude |Gk(u, v)| replaced by square root of

the measured focal plane intensity.

G′k(u, v) =
√
If (x, y) exp iθk(u, v) (2.3)

This can then be inverse Fourier transformed in order to achieve a

more refined estimate of the phase in the pupil plane, ψk. Again, the com-

plex part of the equation (the phase) is kept and the modulus replaced

with the square root of the pupil function intensity (typical constant over

the aperture). The iterative process can then be repeated until conver-

gence and an estimation of the phase is attained. For systems where

only one image is present, the pupil function of the aperture is used,

as was shown in Feinup’s notable 1982 paper [60]. Feinup’s paper also

connected the iterative technique to a least squares minimization, which

allowed for further improvements to be made to the convergence speed

of the algorithm.

2.2.3 Image metrics

An image metric is a way to quantifiably evaluate the image quality in

the optical system when no information about the wavefront is present.

Although the imaging quality is often expressed in terms of resolution,

Strehl ratio, or rms wavefront error, this information generally cannot

be obtained from the image alone. In that sense, image metrics cannot

be used to estimate the wavefront directly, but it is possible to infer the
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wavefront error by using a corrective device (e.g. deformable mirror) and

a suitable correction strategy (see section 2.4.2).

A practical image metric should have a single maximum which occurs

when the system aberrations are minimised, with no further local maxi-

mum. The metric value should monotonically drop off as aberrations are

introduced to the system - if the metric drops too quickly large aberra-

tions become difficult to quantify, whereas a slow drop off will make the

metric less sensitive to small aberrations. Image metrics should also be

insensitive to all forms of noise in the system.

We shall briefly explain several metrics of image quality investigated

in this thesis. Although a wide range of metrics exist for image sharpen-

ing applications [63], certain promising metrics have been chosen based

on literature [64] [65] [66] [67].

Sum of pixels squared

One of the most common metrics for image optimisation is the summation

of the square of all pixels in the image. This can be written as:

M =
∑
u,v

I(u, v)2 (2.4)

This was first proposed in [68] and has proven to be an effective and

reliable metric for many applications. It is a fast and simple metric to

calculate.

Frequency content metrics

Fourier Metrics obtain their metric value from the magnitude of the im-

age’s Fourier transform. Due to Parseval’s Theorem, taking the sum of

this would be identical to the sum of the image. The frequencies above

the cut-off frequency can be filtered out as these represent only noise. By

specifying an upper and lower frequency band to include in the metric

the sensitivity of the metric can be altered [66]. The metric can then be

represented as
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M =
∑
u,v

|F2D(I(u, v))|W (2.5)

where F2D is a two dimensional Fourier transform, |F2D(I(x, y))| is

the magnitude of the image’s Fourier transform, and W is a weighting

function. The weighting function can either be a binary mask which

considers only certain frequencies, or a continuous function designed to

amplify the impact of certain frequencies. An example of this can be seen

in Fig.2.4 (a), where a binary mask has been imposed onto the image’s

Fourier transform. Fig.2.4 (b) shows a Gaussian weighted distribution in

the image’s Fourier transform to amplify the higher frequencies [65]. The

frequencies selected here have been normalised with 1 being the cut-off

frequency (the diffraction limit).

Figure 2.4: (a) The Fourier transformed image is filtered based on upper and

lower frequency bands. The frequencies below 0.3 x the diffraction limited

frequency and above 0.6 x the diffraction limited frequency are removed, and

only the remaining portions (medium frequencies) are used in the metric

calculation. (b) An alternative method of weighted spatial frequencies - the

Fourier transformed image is multiplied by a Gaussian weighted function to

suppress the lower frequencies (viewed as a cross section for clarity).

Wavelet based metrics

Another possible choice of metric is based on the wavelet transform. A

wavelet transform can be compared to a Fourier transform, but where the

Fourier transform is looking to express an image as a series of continuous

sine functions, the wavelet transform is looking to express the image in

terms of a discrete wavelet function. Here we shall concentrate on the
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Isotropic Undecimated Wavelet Transform, also known as the Starlet

transform as in [69]. Metrics based on this transform have recently been

utilised in microscopy [70], as collections of fluorophores are well suited

to isotropic calculations.

The image can be expressed in the form

c0[u, v] = cJ [u, v] +
J∑
j=1

wj[u, v] (2.6)

Where the first level of coarse detail, c0, is the original image I, cJ

is the lowest level of detail, and wj represents levels of finer detail. The

starlet transform therefore produces J + 1 images of the same size as

the original, each representing a different level of detail. This carries

the advantage over the Fourier transform in that spatial information

is retained. A comparison between the Fourier transform and Wavelet

transform is shown in Fig. 2.5.

Figure 2.5: (a) Image of the Royal Observatory Edinburgh (b) The image’s

Fourier transform, shown in log scale (c) The image’s second detail of

wavelet transform (d) The image’s fourth detail of wavelet transform.

The Starlet transform algorithm works as follows:
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1. Initialise at j = 0 and start with the dataset cj(x, y), the original

image. Set J , the total number of iterations, to be equal to the

number of levels of detail required

2. Perform a 2D convolution with the image and a filter hj 2D. For

the Starlet transform a B3-spline is used. In the one dimensional

case this would make the initial filter h0 1D = [ 1
16

1
4

3
8

1
4

1
16

]. For the

two dimensional case this becomes

h0 2D =
[

1
16

1
4

3
8

1
4

1
16

]
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3. The result of this convolution is cj+1, a smoother version of the

original image. The first level of detail wj which was removed from

the image can then be obtained using wj = cj − cj+1

4. Increase the value of j to begin a new iteration. The next filter

h(j+1) 2D is calculated using the à trous (with holes) method [71].

For the 1D case h1 1D would be expressed as

h1 1D =
[

1
16

0 1
4

0 3
8

0 1
4

0 1
16

]
.

5. Return to step 2 until j = J

6. The set of matrices [w1, ..., wj, cj] are the wavelet transforms of the

data

There are a number of ways to interpret this information in the form

of an image metric. One option would be to choose a detail scale k and

use the sum of it’s content. This would produce the metric

Mk =
∑
x,y

wk(u, v)2 (2.7)

Methods for interpreting this information are discussed in Section 4.3.
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2.3 Wavefront correction

In an adaptive optics system a correction device allows wavefront dis-

tortions to be introduced into the system. The correction is generally

performed by introducing a wavefront distortion φcorr that is equal but

opposite to the measured aberration φaberr. The quality of the correction

can be judged by the residual wavefront error, φres = φaberr−φcorr, where

φaberr and φcorr represents the aberrated wavefront, and the one created

by the correction device respectively. When a wavefront sensor is not

present, the correction device can also be used to introduce new phases

into the system to probe the response in the imaging plane (see section

2.4.2). In that case, and since no WFS is present, the level of aberration

φaberr can be inferred by the shape of the DM.

In this section we will discuss two types of correction devices com-

monly used in microscopy and used for this work: Deformable Mirrors

(DM), and Spatial Light Modulators (SLM).

2.3.1 Deformable mirrors

Deformable mirrors are amongst the most common correction devices

used in AO. These have the advantages of having a fast response time,

good reflectivity, high stroke range (usually in the range of microns),

and being wavelength independent. A typical deformable mirror will

have a reflective membrane fixed over a number of actuators. By sending

commands to the actuators the profile of the membrane can be altered to

achieve the desired shape. Due to reflection, the phase introduced into

the system is φcorr = 2φDM , where φDM is the mirror’s surface profile.

Figure 2.6 shows a diagram of a typical deformable mirror technology

using stacks of piezo-electric material to deform an optical surface.

Linear model of a DM

For DMs with a continuous surface membrane moving an actuator will

provoke a response across the surface. The profile of this response is
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Figure 2.6: General deformable mirror concept of a stacked array DM.

Vertical expansion (red arrow) of the actuator locally modify the optical

surface and the reflected wavefront of the incoming light (yellow arrow).

governed by the actuators Influence Function (IF). The nature of the

actuator’s IF is dictated by the mechanical properties of the DM, with

some example functions shown in Fig. 2.7. A common specification

given for DMs is the coupling factor - the effect a DM actuator has on

the surface of it’s neighbours. For example a coupling factor of 0.4 means

that the mirror surface above adjacent actuators is raised by 40% of the

targeted actuator.

Figure 2.7: Example influence functions for deformable mirrors. A

monotonic profile is shown on the left, with an overshoot profile on the right.

The coupling factor is 40%.

Under the linear model of the DM one can decompose the mirror’s
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surface profile φDM into a linear combination of individual actuator IFi

and an associated actuator command υi created by each of the nact actu-

ators: φDM =
∑Nact

i=1 υi × IFi. If a desired phase φdes is to be produced

on the DM, an Nact × Nres IF matrix must first be known, with Nres

being the resolution of the surface profile being captured. The actuator

command vector required to produce φdes is then v = IF−1φdes.

Correction area

One of the main parameters to define the correction capability of a de-

formable mirror is the density of actuators. In general, it is defined by

the number of actuators across the diameter of the pupil, or the pitch

dDM . A wavefront φDM is then fully described by the spatial frequencies

it contains within the corresponding Nyquist domain, i.e. the spatial

frequencies (fx, fy) such as: |fx| = |fy| ≤ 1
2dDM

. This is shown in Fig.

2.8 for a 9 mm DM with an actuator spacing of 1.5 mm.

DM technologies

The first deformable mirror was developed in 1974 [72], and various ge-

ometries of deformable mirrors have evolved since. Some of the first DMs

were segmented mirrors, and consist of an array of separate but closely

spaced small mirrors which are able to correct for piston or tilt modes.

There is also no coupling between the various mirror segments. However,

the gaps between the mirrors have a detrimental effect on performance

due to lost energy and diffraction, and the lack of a coupling factor can

make contorting to certain phase profiles more challenging [73].

Continuous surface mirrors have become more common. These also

have discrete actuators, but instead of separate mirrors they have a single

reflective membrane covering the entire surface. This membrane can

be deformed by controlling the various actuators, which are typically

electrostatic, electromagnetic or piezoelectric. This allows for greater

continuity along the surface of the mirror than that of segmented mirrors

and also introduces the coupling factor. The actuators on DMs also allow
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Figure 2.8: Spatial frequencies of the phase for a −11
3 power spectrum before

and after correction with the DM. The blue line shows the spatial frequency

content of the phase before correction. The dotted black line shows the

highest spatial frequency of the phase the correction device can address,

dictated by the actuator spacing. The red line shows the spatial frequency

content of the phase after correction, showing an improvement to those parts

addressable by the DM.

for fast switching times with a response rate in the tens of microseconds.

For a more complete review of DM technology see Roddier [74].

2.3.2 Spatial light modulators

An alternative to the deformable mirror is the spatial light modulator

(SLM). An SLM generally consists of an array of liquid crystal pixels.

These pixels can exhibit birefringence, meaning the refractive index dif-

fers for light polarised in the x and y direction. Applying an electric field

rotates the molecules in the liquid crystals, and the refractive index that

the light experiences also changes. This causes a phase delay, allowing

the wavefront to be modified. Alternatively SLMs can be optically ad-

dressed where a 2D irradiance map is projected onto it’s active area, with

the phase delay being proportional to the light intensity. SLMs have seen
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use in adaptive optics systems in both astronomy [75] and biology [76],

as well as numerous other fields.

SLMs can offer more pixels per unit area than actuators on a de-

formable mirror, often reaching millions of pixels [77]. This allows SLMs

to be configured to significantly higher order modes than the deformable

mirrors. They can also be less sensitive to mechanical factors such as

thermal issues or surface drift, making them better suited to open loop

configurations.

However, unlike the deformable mirrors the phase delay imparted by

an SLM is generally considered to be monochromatic. They also suffer

from the need of the incoming light to be linearly polarised, meaning for

many applications ∼50% of the light is lost due to filtering. This problem

is exacerbated by the fact that SLMs often have lower reflectivity than

DMs, as well as a slightly lower fill factor.

SLMs tend to have significantly lower stroke values than DMs and

make use of phrase wrapping to create higher amplitude modes. However

the phase wrapping process can also lead to diffraction loses due to the

sudden drop offs. The SLM also tends to have slower switching speeds

than DMs, with the switching time limited to around 10kHz [78].

2.4 Control strategies

Control systems are the system architecture which determines how the

wavefront information is interpreted and how the correction is applied.

Open loop and closed loop systems are generally implemented when a

direct wavefront sensing device is used. When no wavefront sensor is

used, optimisation and curve fitting strategies tend to be employed.

2.4.1 Open and closed loop AO systems

We can define AO control as: controlling the deformable mirror from

WFS measurements to obtain the best possible correction of the incident

wavefront. The solution proposed here is the integrator type command,
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using a matrix, known as the system control matrix, to determine the

set of commands (typically voltages) to be sent to the DM.

Interaction and command matrices

For a linear system, we can write the relationship between a given set of

mirror voltages and the measured SH-WFS slopes as:

m = IMυ (2.8)

where IM is the interaction matrix, υ the set of voltages applied to the

DM, and m is the SH-WFS measurement. In practice, an interaction

matrix is taken by pushing and pulling each actuator one by one and

recording the associated slope values m measured by the SH-WFS. The

IM is then constructed as a Nact × 2Nspots matrix, with Nspots being

the number of valid spots in the SH-WFS, and Nact the number of DM

actuators.

The voltages vcorr enabling the correction of an aberrated wavefront

that led to a slope measurement maberr are given by:

υcorr = −CMmaberr (2.9)

where CM is the command matrix. The command matrix is given by

the generalized inverse of IM, as IM is generally rectangular and thus

not invertible. The inversion is generally obtained by singular value de-

composition (SVD) to limit the propagation of noise for unseen or not

well-seen modes.

Open and closed loop AO

Open loop AO systems directly measure the wavefront before it has been

modulated by the correction device, as shown in Fig. 2.9. The wave-

front aberrations are measured using the WFS, to give the phase φmeas.

Commands are then sent to the correction device in order reproduce the

measured phase. As the measured phase changes, the correction profile
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is updated accordingly. Although this is the simplest mode of opera-

tion, it requires some degree of confidence that the correction device is

accurately reproducing the measured phase (for example is linear, not

subject to creep, etc.), and that the WFS can cope with large amounts

of aberrations (i.e. is linear and has large dynamic range). As a result

these systems tend to have poorer performance than closed loop systems.

Figure 2.9: Comparison of open and closed loop AO systems for direct

wavefront sensing

Closed loop AO systems measure the incoming wavefront after it has

reflected off the correction device as shown in Fig. 2.9. As a result it is

the residual error φres = φaberr − φcorr which is being measured by the

WFS, where φaberr is the wavefront error and φcorr is the DM correction.

The robustness and computational simplicity of the integrator control

make it the most commonly used command strategy in closed loop AO

systems. For a closed loop AO system to function we require a method

to calculate the command vector sent to the correction device υ when

wavefront measurements m are taken. For a SH-WFS, m will be the

measured spot slopes in the x and y directions. The commands sent to

the correction device at iteration k + 1 is given by:
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υk+1 = υk + gCM (2.10)

where g is the system gain. Lower gain values take more iterations

to provide a correction, but higher gain values tend towards system in-

stability. In practice, to ensure stability, the gain g is kept below 0.5.

As closed loop systems are able to robustly minimise residual errors they

generally provide higher quality correction than open loop systems and

are preferred for most AO applications.

2.4.2 Optimisation

Optimisation works through iterative improvements to the wavefront by

evaluating the image content. This requires a metric of performance

based on the image, and some correction device which can impart a vari-

ety of repeatable phase patterns on the system. A WFS is not required.

We distinguish here between two categories of optimisation schemes: it-

erative search algorithms and curve fitting.

Iterative optimisation algorithm

Initial attention was given to hill climbing algorithms, genetic algorithms

and random search algorithms, with comparisons between these finding

slightly conflicting results [79] [80]. These attempts could be further

split into two categories, Zonal and Modal correction schemes. Zonal

schemes optimised the signal by changing each actuator individually [81],

sometimes grouping nearby actuators together before later doing the in-

dividual optimisations [82] [83]. Modal schemes optimised the signal

by applying each mode (for example a Zernike mode) and optimising

them sequentially [84]. For applications where higher order modes were

prominent the zonal correction scheme proved superior [80]. However,

as the aberrations encountered in microscopy were found to be generally

low order, and low order aberrations are easier to reproduce on com-

mon correction devices [85], modal schemes became the focus of most

implementations of AO in microscopy.
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One serious drawback with all the techniques listed so far is the

amount of images required to reach convergence, often in the thousands

[79]. Due to the effects of photobleaching for large exposure times, it

is desirable to minimise the amount of images required. This led to an

attempt to produce a mathematical model of the metric function in order

to aid the convergence speed of the optimisation process [86].

An alternative form of image-based wavefront sensing involves seg-

menting the pupil into smaller sub-regions [87]. The tip and tilt of each

of these sub regions is recorded, and a map of the wavefront built up in

a way analogous to the way in which a Shack-Hartmann wavefront sen-

sor operates. This approach has mainly been demonstrated in widefield

[88] and two photon microscopy [89], and is advantageous for detecting

very large aberrations. However this setup required additional hardware

to segment the images and requires more images to be taken. It also

requires an SLM to operate due to the lack of actuator coupling, which

limits applicability. Although attempts have been made to mitigate these

effects [90], this has essentially led to a modal based sensing approach

[91].

Curve fitting

Curve fitting is a form of image sharpening in which the response of the

image metric to a single mode is approximated with a known function.

An illustration is shown in Fig. 2.10, where the peak of the curve cor-

responds to amplitude of the mode present in the system. A number of

data points P are then taken for each mode by introducing known quan-

tities of the mode into the imaging system. The maximum amplitude of

the modes being introduces is referred to as the bias b. The peak of the

function can then be estimated by fitting a known function (typically a

Gaussian) to the measured data points. This is then repeated sequen-

tially for each mode under investigation, typically below 30 modes. More

details on the curve fitting algorithm can be found in Section 4.4.

The curve fitting approach to image sharpening has proved to be
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Figure 2.10: Illustration of the curve fitting process with a number of data

points P = 5 and a bias b = 1 rad. Only a single mode is probe.

effective and has been applied to a wide range of techniques including

STED [92], SIM [93], two photon microscopy [94], light sheet microscopy

[95] and SMLM [96].

2.5 Limitations of adaptive optics

AO is an efficient and proven technique. However, a certain number

of errors limit performance, leading to a partial correction of the aber-

rations and the presence of a correction residue. The quality of the

AO system can be estimated by the residual wavefront after correction:

φres = φaberr − φcorr, where φaberr and φcorr represents the aberrated

wavefront and the correction wavefront respectively.

Broadly speaking, the amount of residual error after wavefront correc-

tion is governed by the quality of the wavefront estimation, the stability

of the control system (see section 2.4), and the ability of the correction

device to conform to the prescribed profile. Let φ2
res be the variance of

the residual phase after correction. It is therefore possible to identify

this residue as a quadratic sum of errors, which can be grouped together

according to various categories in equation 2.11.

φ2
res = φ2

scint + φ2
aniso︸ ︷︷ ︸

3D sample

+φ2
meas + φ2

fit + φ2
temp︸ ︷︷ ︸

adaptive optics

+ φ2
calib︸︷︷︸

calibrations

+ φ2
exo︸︷︷︸

exogenous

(2.11)
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These error terms are grouped by error terms related to the 3D nature of

the sample being imaged, adaptive optics itself, calibration and external

elements. This grouping remains somewhat arbitrary, as couplings may

occur. However, these are the main error terms of an AO system leading

to a partial correction on the quality of images formed. Many of these

errors terms will be neglected for the rest of the document.

Scintillation errors: φ2
scint. Propagation effects can produce varia-

tions of the amplitude of the wavefront in the pupil, leading to a degra-

dation of the image formed. AO is incapable of correcting for amplitude

effects, as it is only able to modify phase. Fortunately, these scintilla-

tion effects can generally neglected in microscopy, and will therefore be

neglected for the rest of the document.

Anisoplanatism errors: φ2
aniso. Anisoplanetism is linked to the

decorrelation of the aberrations with angle (i.e. a change in aberration

content across the FoV). An angular separation may exist between the

light source used for wavefront sensing or optimisation (e.g. a guide

star in astronomy, or fluorescent bead in microscopy) and the object of

interest which we want to perform a correction on. This decorrelation

means in these scenarios an additional error is introduced and the cor-

rection quality will vary across the field of view. This error can often be

neglected when using a small field of view.

Measurement errors: φ2
meas. Wavefront measurements will be af-

fected by noise (photon and detector noise) and aliasing. The WFS

performs a sampled measurement of the phase in the pupil. Therefore,

the high spatial frequencies are poorly sampled and a phenomenon of

spectral aliasing occurs, bringing the high frequencies to fall onto the

low frequencies. Aliasing effects are generally small and can often be ne-

glected. This is not the case of noise, which has to be taken into account

in the final error.

Correction errors: φ2
fit. The spectrum of spatial frequencies repro-

ducible by the DM is limited by the number of actuators in the pupil.

High spatial frequencies cannot therefore be corrected (see section 2.3.1).

Temporal errors: φ2
temp. The AO control system will introduce a
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temporal lag between the WFS measurement and the time of application

of the correction by the DM. As biological sample are typical quasi-static

in terms of aberration evolution, this term will be neglected.

Calibration errors: φ2
calib. On top of all the error terms detailed

above, we need to add all the calibration errors, in particular with respect

to the interaction matrix, the reference slopes, and the non-common path

aberrations. These errors are difficult to quantify and can grouped behind

the term φ2
calib.

Exogenous errors: φ2
exo. Finally, this error term aims at bringing

together all error terms coming from the environment of the AO system

and disrupting its operation. More specifically, it covers errors intro-

duced by mechanical vibrations propagating in the system and affecting

wavefront measurement or image acquisition.

2.6 Adaptive optics challenges brought by

microscopy

The application of adaptive optics to microscopy brings specific issues,

often not shared with other application areas. Aberrations in microscopy

can be broadly grouped into intrinsic aberrations and sample induced

aberrations.

2.6.1 Intrinsic aberrations

Intrinsic aberrations arise from fundamental lens aberrations or mechan-

ical and optical imperfections in the microscope system. These can be

due to, misaligned optics, thermal stresses, mechanical vibrations, im-

perfect lenses or dirt being present in the imaging path. In many high

quality, well maintained microscopes these aberrations are minimal and

slow changing. For the case of on-axis aberrations they can usually be

calibrated out, typically by using a uniform light source through the sys-

tem to measure the wavefront at the system’s exit pupil. Several methods

for measuring the wavefront are discussed in Section 2.2.

59



2.6.2 Refractive index mismatch

One of the most common aberrations in microscopy systems is due to

a difference in refractive index between two mediums, usually realised

through the use of an immersion lens. Although well understood, this is

generally a major contributor of aberrations in microscopy. Indeed, it has

been shown that focusing into water with an oil immersion lens causes the

peak signal to be reduced to 40% of its original value when focused 5µm,

and focusing to a depth of 15µm causes the peak signal to drop to just

10% [97]. The aberration itself is caused by the bending of light due to

Snell’s Law, and is understood to be largely spherical. This can be seen

in Figure 2.11 (b), where the focusing properties are notably different

to the homogeneous refractive index profile in Figure 2.11 (a). It is

possible to calculate an expected value for the refractive index mismatch

induced aberration if the refractive index and nature of the immersion

lens is known. If the spherical aberration caused by the refractive index

mismatch was the only aberration of interest, correction could be made

using a suitable static or single mode element. Indeed, many modern

microscopes include an adjustable collar designed to combat this effect

[98]. However this is only achievable due to knowledge of the expected

wavefront deviation.

Figure 2.11: Aberrations induced in microscopy (a) Aberration free system

(b) Spherical aberration caused by mismatch in refractive indexes (c)

Sample-induced aberrations (d) Compensation of aberrations using adaptive

optics [64].
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2.6.3 Specimen induced aberrations

Sample induced aberrations are less straightforward. They arise from

the sample’s non-uniform refractive index, the distribution of which can

generally be considered unique to the sample. The distortion caused by

focusing through the sample is illustrated in Figure 2.11 (c). In some

cases the sample can also be considered turbulent, as the activity of the

biological organism will cause changes to the refractive index profile. The

temporal nature of these changes is generally small, especially in compar-

ison to the atmospheric turbulence encountered in astronomical imaging,

but can be significant compared to the drift of the intrinsic aberrations.

The aberrations induced by biological specimens has been investigated

in a number of papers [98] [99] [89] [100], noting that lower order aber-

rations tended to dominate, and that the aberrations encountered can

change quite significantly with both lateral position within the sample,

as well as depth [95]. Therefore when imaging a particular plane per-

pendicular to the optical axis, the aberrations encountered will become

depth dependent.

The biggest challenge arises from the three dimensional nature of the

sample. For widefield microscopy the light from the out of focus parts of

the sample also encroaches upon the image, acting as background noise

in both intensity and phase measurements. This can make many tradi-

tional wavefront sensing methods difficult. Shack-Hartmanns have been

successfully used in scanning microscopy configurations such as confo-

cal [101] or two photon microscopy [102], where the out of focus light is

reduced and the illuminated spot can be used as the guide star. This

allows aberrations measurements to be taken in a number of locations,

allowing the correction to be adjusted as the microscope scans through

the sample. Direct wavefront sensing has also been employed in widefield

microscopy through the use of fluorescent beads embedded as guide stars

[103], or by using the entire image as an extended source [104]. However

the process of injecting guide stars can disrupt the biological sample and

only provide wavefront information in a localised region, and using the
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entire image as an extended source requires a very strong signal level.

As a result optimisation methods have been more popular for wide field

microscopy [105].
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Chapter 3

Numerical modelling of

adaptive Optics in microscopy

In this chapter we introduce the numerical modelling tool OOMAO - Ob-

ject–Oriented Matlab Adaptive Optics - used to estimate the correction

quality of the different AO schemes. The architecture of the software is

presented and its operation explained. We then detail the modifications

that have been applied to this software in order to simulate widefield

microscopy systems.

3.1 Numerical modelling tool

OOMAO [106] is a Matlab toolbox which contains a number of Matlab

classes designed to simulate adaptive optics systems. Developed initially

for astronomy, OOAMO allows objects such as source, atmosphere, tele-

scope, shackHartmann, deformableMirror and detector to be assembled,

and has been used to simulate and design projects such as the Raven pro-

totype at the Subaru telescope [107], and HARMONI for the Extremely

Large Telescope [108].

In an Object Oriented language, a class is a defined set of methods

(functions) and properties (associated parameters). In OOMAO objects

are created by calling a class constructor, where an object is instanti-

ated and the main parameters defined or set to a default value. The
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Figure 3.1: Graphical representation of OOMAO classes and the toolbox’s

architecture [109].

toolbox also makes use of operator overloading to string multiple objects

together into the optical path, using operators such as + and *. The sys-

tem operates by first defining a discrete stochasticWave, which the source

class then inherits. This complex wave propagates through the telescope

class which provides parameters such as the system resolution used for

modelling, and the system aperture. The telescope object can also have

an atmosphere class attached, a phase screen which modulates the com-

plex portion of the wave accordingly. The wave is then modulated by

any other objects placed in the optical path, such as a deformableMir-

ror or static phase screen. Finally, the wave is Fourier transformed into

an image using the imager and/or shackHartmann objects, where noise

characteristics are added. For both cases the lensletArray class is used

- a single lens for the case of a detector, or multiple for the case of a

SH-WFS. The shackHartmann class contains numerous methods for ex-

tracting wavefront information from the spot profile projected onto the

detector. OOMAO also contained a number of useful analytical tools,

such as phaseStats and zernikeStats, which allow numerous properties to
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be extracted from the system information. For more details regarding

how OOMAO simulations are created see [109].

3.2 OOMAO Modifications

Although the OOMAO package had originally been written for astron-

omy, some alterations to some of the code allowed microscopy scenarios to

be simulated. The main classes of interest for adaptive optics modelling

are:

• Source

• Atmosphere

• Telescope

• shackHartmann

• deformableMirror

3.2.1 Source

The source class represents the object to be imaged, whether this is

a natural guide star, laser guide star, science object or otherwise. The

source class carries the complex field (both amplitude and phase) through

the different objects that represent the atmosphere, the telescope, the

wavefront sensor, etc. It creates the link between all the other classes.

For fluorescence microscopy we require the source to be a fluorophore

within our biological sample. A new fluorophore class as therefore been

developed to replace the source class.

3.2.2 Atmosphere

The atmosphere class represents the optical aberration the light source

will propagate through. The atmosphere class contains parameters defin-

ing the number of layers, their height over the ground, and the speed at
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which they are shifting across the telescope aperture due to wind. In

microscopy, we require these aberration layers to be static and represen-

tative of inhomogenities within a biological sample. A new series of static

phase screens have been developed to replace the atmosphere class.

3.2.3 Telescope

Finally, the telescope class defines the aperture (or pupil plane) and nu-

merical resolution of the system. The pupil planes of both microscopes

and telescopes are similar in that they can both be represented as Fourier

Transforms of the image being viewed. An equivalency can therefore be

drawn between the pupil planes of these two optical systems, and the

imaging systems which come after shall follow many of the same basic

optical principles. However, modifying this class to accurately represent

a microscope objective requires several alterations. Instead of viewing

an object at infinity (e.g. a star), we require a near-field object to be

viewed through a high NA objective. We also require the nature of the

immersion medium and refractive index of the specimen to be accounted

for, and the spherical aberration introduced as a result. Viewing three

dimensional samples also requires a modification to the process of im-

age generation. As each fluorophore is at a different position within the

sample, it will encounter slightly different aberrations and hence have a

unique PSF associated with it. This makes it difficult to generate the

image by performing a convolution of the object and a PSF. As we are

dealing with incoherent light the image on the detector will be a sum-

mation of the contributions of each individual fluorophore. Therefore,

to generate the image within our microscope we sum the unique PSFs

associated within each fluorophore. This method requires more compu-

tational resources but provides a more accurate simulation result. As a

result the new microscope class has been created to replace the telescope

class.

The deformableMirror class, shackHartmann, Detector and many

others are able to be utilised for microscopy simulations without requiring
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any major modification.

The OOMAO toolbox samples the PSF as multiples of the Nyquist-

Shannon limit (Eq. 1.37). This is convenient, as it allows PSF measure-

ments which can be viewed as a function of the microscope’s properties

(Magnification, Numerical Aperture and Wavelength). Fig. 3.2 show the

diffraction limited PSF for a 1.4 NA oil objective, a wavelength of 550 nm,

a magnification of 100, and sampling at twice the Nyquist frequency on

an ideal detector. The pixel size is 4.9µm. For the cases where objects

appear just outside the focal region, but f − z << f the Fourier trans-

form is still a valid tool, and Fourier optics dictates we should introduce

a defocus aberration accordingly also depicted Figure 3.2 (b).

Figure 3.2: (a) Diffraction limited image of a point source on an ideal

detector with a pixel size of 4.9µm, NA = 1.4, M = 100x, and λ =550 nm.

(b) With 1 rad defocus (corresponding to 309 nm of translation). (c) & (d)

Same images using a logarithmic scale.
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3.3 Level of defocus as depth within sam-

ple

Imaging a fluorophore lying at a given depth z within a biological sample

will be subject to a certain level of defocus. In this section the level of

defocus is derived as a function of depth from two different methods.

These methods will provide the framework which will subsequently be

used to create three dimensional PSFs by taking a series of 3D images

at various depths.

3.3.1 Fourier optics derivation

The amount of defocus present when imaging a fluorophore at a depth z

in a medium with a homogeneous refractive index and a low NA can be

calculated from the Fresnel equation passing through a lens as shown in

Eq. 1.10. Simplifying Eq. 1.10 gives:

E2(u, v) = P (u, v)

∫ ∫ [
E1(x, y)e−

ik
2f

(x2+y2)
]
e−

ik
2f

(ux+vy)dxdy (3.1)

With z = f + ∆z and ∆z << f then ik
2f
≈ ik(f+∆z)

2f2 , and we can write

E2(u, v) = P (u, v)

∫ ∫ [
E1(x, y)e−

ik
2f

(x2+y2)e
− ik∆z

2f2 (x2+y2)
]
e−

ik
2f

(ux+vy)dxdy

(3.2)

the phase term dependent on ∆z then becomes

e
− ik∆z

2f2 (x2+y2)
(3.3)

We now make r(x,y) the radius and ρ =
r(x,y)

a
the normalised radius,

where R is the radius of the pupil. We can write Eq. 3.3 as

e
− ik∆zR2

2f2 ρ2

(3.4)
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With reference to the Zernike equation for defocus and disregarding

the constant term, the amplitude of the defocus term Z4 required for

displacement δz can then be written as:

a4 =
kR2

4
√

3f 2
∆z (3.5)

3.3.2 Ray optics derivation

When considering a larger NA such as in a microscope objective, the

quadratic nature of the defocus aberration becomes less accurate. To

derive a more accurate expression for the phase under these conditions it

is helpful to shift to a ray optics view. The phase delay induced by trans-

lating the object along the optical path will be dependent on the path’s

refractive index profile. Refractive index mismatches introduce addi-

tional aberrations, which are effectively the differences in phase between

light focused in an index matched and an index mismatched system. We

shall calculate the aberration due to the optical mismatch, whilst keep-

ing the two focusing terms separate. Consider a system where light is

focused through two differing media [110].

Figure 3.3: Ray diagram of light focusing through two media with differing

refractive indexes n1 and n2
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From Fig. 3.3 the optical path difference due to the refractive index

mismatch becomes the difference between the two focusing paths, and

can be expressed as

ψ(z, ρ) = n2L2 − n1L1 (3.6)

Using Snell’s law we can write

ψ(z, ρ) = ∆z(n2 cos θ − n1 cos θ′) (3.7)

ψ(z, ρ) = ∆z(n2

√
1− sin2 θ − n1

√
1− sin2 θ′) (3.8)

When α is the max angle accepted by the lens and β is the max angle

before diffraction, the sine condition allows us to use the relationship
sinα
sin θ′

= sinβ
sin θ

. Using this and the normalised pupil radius ρ = sin θ′

sinα
, we can

now write

ψ(z, ρ) = ∆z

(
n2

√
1− ρ2 sin2 β − n1

√
1− ρ2 sin2 α

)
(3.9)

We can relate α and β using Snell’s Law n1 sinα = n2 sin β, and we

can define the numerical aperture as NA = n1 sinα, giving the expression

to define the spherical aberration due to depth in radians as [111]:

ψ(z, ρ) = ∆z

n2

√
1−

(
ρNA

n2

)2

− n1

√
1−

(
ρNA

n1

)2
 (3.10)

Taking the second term in this equation, using the expansion
√

1− x ≈
1− x

2
..., and then ignoring the constant term we can rewrite this as

∆z

(
ρ2NA2

2n1

)
(3.11)

Using NA = n1
R
f

and multiplying by k to convert from radians to

wavevectors we can see that this is equivalent to the defocus term derived

in Eq. 3.4.
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By comparing the two methods for calculating the phase induced by

viewing objects outwith the focal plane in Fig. 3.4 we can see that the

quadratic approximation begins to break down with high NA lenses. For

this reason we shall use the phase from the ray tracing model for further

simulation work.

Figure 3.4: Comparison of aberration φ induced by microscope stage

translation of 10µm for various microscope NA for refractive index matches.

These have been calculated using both the ray tracing approach and the

quadratic approximation calculated from Fourier optics.

3.4 Index of refraction mismatch

Using Eq. 3.10 we can create three dimensional PSFs by taking a series

of 3D images at various depths. Fig. 3.5 (a) shows a three dimensional

PSF in an index-matched sample, where the immersion fluid and the

sample have the same index of refraction. When the index of refraction

of the immersion media and the sample are not the same, this will cause

additional spherical aberrations. The nature of this aberration is an
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essential addition to any system simulating a real microscope, as they

can cause a significant drop in intensity. Due to the focus term in Eq.

3.10 it is not surprising that the difference in refractive index appears

to shift the PSF along the optical axis in an apparent focal shift. This

is well known (more details can be found in [112] [113] [114]) and can

often cause apparent elongation of objects in the axial plane. Fig. 3.5

(b) shows a three dimensional PSF for an oil immersion lens noil = 1.515

focusing into a sample of nsample = 1.4; the spherical aberration causes a

significant drop in intensity.

The nature of spherical aberration is that the focal distance of rays

is dependent on the ray angle. This makes calculating the exact focal

position difficult as it relies on establishing the circle of least confusion,

i.e. the smallest circle which all rays pass through (see Fig. 3.6). However

an approximation of the focal shift can be found by using the equation

[114]:

∆f = ∆z
n1

n2

(3.12)

Figure 3.5: Simulation of three dimensional PSFs for a 1.4 NA oil

(noil = 1.515) immersion objective with (a) refractive index match, (c) media

of n = 1.4 and a depth of 5µm, and (e) media of n = 1.4 and a depth of

20µm. (b), (d), and (f) are the respective normalised logarithmic scale.
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Figure 3.6: Illustration of the circle of least confusion for spherical

aberration.

3.5 Off-axis PSFs

When viewing point sources that are not in the centre of the field of view,

the PSF is similarly translated in the image plane. This can be simulated

via the addition of tip/tilt aberrations. By using geometric optics and

the Zernike Eqs. 1.28 & 1.29, the amplitude of the tip/tilt mode Z2,3

required to produce displacement d can be expressed as

a2,3 =
πNA

2λ
d (3.13)

Another component of imaging with high NA objective lenses is that

of field curvature. When this is not corrected for objects imaged at the

edge of the field of view, they will appear on a different focal plane than

the objects in the centre due to the relative distance from the objective

lens, resulting in a ’fisheye’ effect. For an objective lens with a focal

length f the effective change in focal depth ∆z due to an object being

∆d away from the optical axis will be

∆z = f −
√
f 2 −∆d2 (3.14)

It should be noted that in practice many high quality objective lenses

are planar, meaning field curvature is corrected for.
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3.6 Simulating three-dimensional objects

Taking into account the additional aberrations due to depth, index of

refraction mismatch, and off-axis described previously, I present in this

section end-to-end simulation examples of 3D samples. Whereas these

will be qualitative, more quantitative results will be presented in the

following chapter.

3.6.1 Widefield microscopy

For fluorescent imaging, the object can generally be viewed as a collec-

tion of fluorescent labels attached to the molecules within the sample.

To image extended objects in incoherent light, the final image is a sum-

mation of the intensities of the individual fluorophores. Fig. 3.7 shows a

three dimensional object focused at 5µm below the cover-slip using the

techniques described previously. The object is collection of nano-rods

(i.e. of a sub-diffraction limit width) at various depths, with each PSF

shifted along or perpendicular to the optical axis to reflect the position

of the associated fluorophores.

Figure 3.7: Simulation of a three dimensional object viewed at a depth of

5µm below the coverslip with a high NA objective. Scale bar is in µm.

Details of the microscope parameters can be found in section 4.2

3.6.2 Multi-focal grating

To simulate the multi-focal diffraction grating, the image on the camera

must be divided into a number of sub-images N with a quadratic focus
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term added in to reflect the grating’s quadratic displacement detailed

in section 1.4.2. The intensity of each image should also be reduced by

a factor N , with an additional loss due to the diffraction grating being

around 16% [42], which varies depending on the grating design. Although

the shift induced by the grating is wavelength dependent, we are dealing

mainly with monochromatic light. Fig. 3.8 shows the effect of adding a

multiplane diffraction grating with 9 image planes spaced at 0.5µm to

the imaging system of the object viewed in Fig. 3.7.

Figure 3.8: Simulation of a three dimensional object viewed at a depth of

5µm below the coverslip with a high NA objective and with a multifocal

diffraction grating in the image path. The plane spacing is 0.5µm.

3.6.3 Sample induced aberrations

Of the three causes of aberration in microscope systems mentioned in

Section 2.6 - intrinsic or instrumental, refractive index mismatch, and

sample induced - we have thus far only included aberrations induced by

refractive index mismatches. Instrument related aberrations are heavily

system dependent, and are minimised in a high quality microscope. For

simulating sample induced aberrations, we use the Kolmogorov model
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Figure 3.9: Illustration of depth-dependent aberration model used for

multifocal plane simulation. The specimen induced aberration is divided into

multiple 2D layers of aberration, the depth of the fluorophores being imaged

dictates which layers are included in the optical path.

as described in [100], where the aberration follows a f−11/3 power spec-

trum. We shall also divide the aberration into discrete depth-dependent

layers, such that a fluorophore imaged at a depth d passes through all

the layers above it as illustrated in Fig. 3.9. Thus, fluorophores which

are positioned deeper into the sample will pass through multiple aberra-

tion layers which are summed together, whereas fluorophores close to the

surface will only pass through a fraction of these. The total aberration

experienced by each fluorophore is a summation of any intrinsic aberra-

tions applied, the depth dependant spherical aberrations, the appropriate

defocus term, and a depth dependant number of layers of sample induced

aberrations. This aberration is applied at the microscope pupil plane in

addition to those of tilt, tilt, defocus and spherical, and correction for

these aberrations shall form the basis of the work in this thesis. It should

be noted that as the aberrations are applied at the pupil plane, aniso-

planatic effects are not simulated here. The effects of specimen induced

aberrations on an imaged 3D object are visible in Fig. 3.10; the intensity
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and resolution of the image are reduced.

Figure 3.10: Simulation of a three dimensional object viewed at a depth of

5µm below the coverslip with a high NA objective, with and without

aberration due to sample homogeneity. Scale bar is in µm.
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Chapter 4

AO for single and multi-focal

plane widefield microscopy

4.1 Introduction

Multi-focal plane microscopy involves imaging the same object on mul-

tiple focal planes simultaneously. This technique is of particular interest

when imaging 3D biological samples. It has the advantage over scanning

methods such as confocal microscopy in that the entire sample can be

imaged simultaneously, making temporal evolution more tractable.

However, as presented in previous chapters, aberrations can signifi-

cantly deteriorate image quality, particularly when imaging deeper into

the sample. Unfortunately none of the AO closed loop methods used in

astronomy seem particularly suited for determining the optimal wave-

front for imaging inside three-dimensional biological samples, where sub-

sequent optimized imaging at different depths can be required.

Depth-dependant aberrations will contribute to the overall wavefront

as a superposition of a multitude of wavefronts from different parts of the

sample, which cannot be easily separated. While the Shack-Hartmann

has been successfully adapted to laterally extended 2D objects (e.g. for

imaging the Sun), dealing with wavefronts from different depths within

the sample has not be possible so far. Due to the lack of a generally
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usable direct wavefront sensing approach for microscopy, considerable

interest has been focused on indirect methods (image sharpening) for

determining the wavefront.

The numerical simulation results presented in this chapter aim to

help to better understand the behaviour of image sharpness metrics and

their suitability for optimisation in the context of single plane widefield

microscopy and multi-focal plane microscopy. The main advantage of

performing these tests in a numerical simulation framework is that we

can easily separate the impact of the different contributors, or remove

unwanted variations such as photo-bleaching issues leading to misinter-

pretation. It is also possible to conduct a large number of optimisations

and follow a more statistical approach.

This chapter is divided into 2 main parts. In the first part, a nu-

merical modelling tool was used to understand the behaviour of image

sharpness metrics in the context of single plane microscopy. In particu-

lar, we studied the influence of the amplitude of the aberrations probed

(bias), the number of points used to sample the metric curve, cross-talk

between modes, and finally the noise level on the metric function. In

the second part we describe results obtained in the context of 3D sam-

ples. Firstly, we investigate the effect of three dimensional object on the

optimisation performances, focusing on the impact of out of focus light.

Secondly, using depth dependent aberrations, we study how the system

performance is impacted by the use of a multi-focal imaging microscope.

4.2 Image sharpening for a single mode

In this section, we present results based on a numerical simulations de-

scribing the behaviour of a number of image sharpness metrics when

probing a single mode. The amplitude of all the other modes are set to

zero. We first evaluate the metric response curve to an increasing aber-

ration amplitude and assess their quality in terms of sensitivity to noise,

full-width half maximum (FWHM), and fitting error. In particular, we

focus on 4 metrics, namely sum of pixel squared, low spatial frequencies,
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and two wavelet transforms, presented is section 2.2.3. Finally, we inves-

tigate the influence of noise, the curve fitting algorithm, and the number

of sample points per metric curve on the metric linearity curve.

For the results below we simulate an Olympus IX71 microscope with

an oil immersion objective with 100x magnification and an NA of 1.4.

The detector has a pixel size of 4.6µm; the read out noise has been

suppressed apart from where stated. Although spherical aberration due

to the refractive index mismatch would normally be present, this has

been removed for this section so aberration modes can be considered

in isolation. Unless stated otherwise point sources are used with 105

photons captured by the objective lens.

4.2.1 Metric response curve

Influence of the metric and the mode

A key consideration for image sharpening is the metric response curve,

which shows how a chosen metric varies with an applied aberration mode.

The mode (typically a Zernike mode) is introduced into the imaging path

of the simulated system and the resultant image is used for the metric

calculation. As the magnitude of the mode varies the resultant metric

value is plotted. The shape of this metric response curve can be crucial,

as this will affect the abilities to predict the location of the peak from

a limited number of data points. The shape can be influenced by not

only the metric selected, but also by the mode being evaluated and the

system’s properties (e.g. NA). Fig. 4.1 (a) shows the metric response

curve for the metrics outlined in section 2.2.3. We see that the choice

of the metric can influence the metric curve’s FWHM, which can change

by a factor of two or more. Secondly, the metric will influence the signal

level for a given aberration amplitude. For example, an enclosed energy

metric will reduce its value by half for φaberr = 1 rad, whereas it will only

be reduced by 10% for the Starlet transform. Fig. 4.1 (b) shows the

variation of the sum of pixels squared metric with the applied Zernike

mode. It can be seen that even by keeping the same metric, each mode
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will have slightly different response curves. The ’X’s shown on the figure

illustrate how a small number of data points may be taken to estimate

the response curve.

Figure 4.1: Metric response curves. (a) A single applied mode comparing

different metrics. (b) Sum of pixels squared metric and various Zernike Modes.

The ’X’s shows how a small number of data points, here P = 4, may be taken

to estimate the response curve.

Influence of the object

The shape of the object being viewed will also impact the nature of

the metric response curve; for certain metrics this effect will be more

pronounced than others. Fig. 4.2 demonstrates how the shape of the

metric curve can be affected by the shape of the object. We chose a point

source, line and grid of fluorophores, and a stock image to investigate this

effect. The change in metric response is largely due to the extent at which

the PSFs emanating from each point in the field overlap. For metrics that

focus on the Fourier or wavelet domain the effect is relatively small. The

shape of the metric response function is generally altered by only function

scaling parameters. For the sum of pixels squared metric this effect is

much more pronounced. As a consequence, the fitting function used may

need to be adapted to match the object being viewed.
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Figure 4.2: Various Metric Response Curves (a) Sum of pixels Squared (b)

Low spatial frequencies, (c) Wavelet Transform detail at 196.4 nm (d) Wavelet

Transform detail at 1571 nm, and how they are affected by object shape. (e)

shows the shapes investigated, a point source, a line, a grid of fluorophores

and an image.

Choice of fitting function

In order to estimate the entire metric curve and in particular the maxi-

mum value from a few points, it is useful to have a model of the response

curve. This is typically done by a Gaussian, Lorentzian, or in some cases

quadratic [64] function. Using the quadratic approximation and a bias

magnitude ±b we can record three images: M0 with no bias attached,

M+ with bias +b, and M− with bias −b. The corrective magnitude a of

mode Zi can then be determined using:

aZi =
b(M+ −M−)

2M+ − 4M0 + 2M−
(4.1)

Although this method is computationally fast, we will demonstrate

in Section 4.2.2 that the quadratic approximation is not valid for all

systems, particularly for larger values of aZi. As a result alternative fit-

ting functions are frequently chosen such as variations of the Gaussian

or Lorentzian functions [96] [115]. Although the number of data points

P required to fit the chosen function can be as low as three, in practice
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this is often higher. We will show in Section 4.2.2 that taking more than

three data points (P > 3), can improve the accuracy of the modal ampli-

tude aZi, robustness to noise and fitting function, and overall algorithm

stability.

Metric choice

In order to assess which metric to progress with, we judged the metrics on

three main factors: metric response shape, sensitivity to noise, and cap-

ture range. In order to get a more consistent answer independent of the

actual mode being optimised, the metric response curves were averaged

over the first 15 Zernike modes. We judged 3 metrics: sum of pixels,

selected spatial frequencies and Starlet transform content. We further

separate these based on parameters. For selected spatial frequencies we

multiply by a binary mask to select the frequencies between two nor-

malised values (0 being the central frequency and 1 being the diffraction

limited frequency). We also include a metric where the spatial frequen-

cies have been weighted with a Gaussian function as suggested in [64].

For the Starlet transform content we vary the order of the transform as

shown in section 2.2.3. As a result, we have 10 differing metric scores for

investigation as detailed in Table 4.1.

In order determine the best shape for the metric response curve, we

judged the ability to fit common functions such as the Gaussian. Al-

though other functions were investigated (Lorentzian and quadratic), this

was the function eventually deemed most suitable. The final assessment

was done via the resultant fitting error, as in Fig. 4.4 (a). The capture

range of the metric is the maximum amplitude that can be detected for

a given mode. A large capture range is better suited for measuring large

modal amplitudes. The exact capture range will depend on the actual

shape of the response curve or the fitting process. To maintain the gener-

ality of the comparison, this was assessed using full width half maximum

(FWHM) of the metric response curve. Finally, we also assess the sensi-

tivity to noise. We judge this by introducing noise into the system and
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Metric Symbol Formulation

1. Sum Pixels Squared M2
P

∑
x

∑
y I(x, y)2

2. Sum Pixels Cubed M3
P

∑
x

∑
y I(x, y)3

3. Low Spatial Freq. M0.1−0.25
SF (

∑
x

∑
y OTF (u, v) ∗W 0.1−0.25)2

4. Mid Spatial Freq. M0.25−0.5
SF (

∑
x

∑
y OTF (u, v) ∗W 0.25−0.5)2

5. Mid Spatial Freq. M0.5−0.75
SF (

∑
x

∑
y OTF (u, v) ∗W 0.5−0.75)2

6. High Spatial Freq M0.75−1
SF (

∑
x

∑
y OTF (u, v) ∗W 0.75−1)2

7. Weighted Spatial Freq. MGaus
SF (

∑
x

∑
y OTF (u, v) ∗WGaus)2

8. Fine Wavelet Detail M98.2nm
w

∑
x

∑
y w2(x, y)2

9. Mid Wavelet Detail M392.8nm
w

∑
x

∑
y w4(x, y)2

10. Coarse Wavelet Detail M1571.4nm
w

∑
x

∑
y w6(x, y)2

Table 4.1: Selected image sharpness metrics.

retaking the curve. To reduce the sensitivity of noise to a scalar value

both curves are Fourier transformed and the magnitude of the finer fre-

quencies (defined here as <0.3 rad) are summed. The sensitivity to noise

is then calculated as the difference between this value for the noisy and

the noise-free curve. The noise added is photon noise with 3000 photons

and a read-out noise of 1. The properties to assess are illustrated in

Figure 4.3.

Figure 4.4 shows the 10 aforementioned metrics as a function of sensi-

tivity to noise, FWHM, and fitting error. An important note here is that

assessing the metric response curve when only applying a single aber-

ration to an otherwise unaberrated system is insufficient to completely

quantify the system’s dependence on that metric. Impact of noise and

fitting error will to some level be effected by the amplitude of the mode

under scrutiny. We will show this in the next section 4.2.2 when exploit-

ing the linearity curves. Another aspect is the modal crosstalk, in other

words how much the presence of a mode will affect the metric response

curve of another. This will be discussed in section 4.3. Whereas the data
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Figure 4.3: Annotated Metric Response Curve showing the parameters being

evaluated.

presented here seems to support the choice of a low spatial frequency met-

ric, we will see in the following sections that the sum of pixels squared

metric is often a far better choice, in particular due to the non-linear

modal crosstalk.

Figure 4.4: For the metrics listed in Table 4.1. Blue: Sum of pixels, Red:

Fourier transform, and Green: the Starlet transform. (a) Fitting error to a

Gaussian Function, (b) Full Width Half Max of the metric response curve,

and (c) Extent to which high frequencies are introduced with noise.

4.2.2 Linearity curves

Image sharpening relies on an accurate estimation of the maximal value of

the metric response, using only a limited number of data points. This ac-

curacy will depend on a number of factors, namely the number of sample
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points used to evaluate the metric response curve, the sampling interval,

the curve fitting algorithm, noise levels, and the ability of the metric

to capture a wide range of aberration amplitudes. Many measurement

devices are characterised by a linearity curve - showing how the response

of the device varies with the magnitude of the property measured. In

an ideal scenario this would be a 1:1 ratio, showing a perfectly linear

response.

In fig. 4.5 we present linearity curves for the correction of a single

mode (no other modes present) for the sum of pixels squared metric. To

plot the linearity curves, we vary the amount of initial aberration present

in the system. We then take a number sample points (ranging from P =

3, 4, 5) to estimate the peak of metrics response curve using a curve fitting

algorithm. In figure 4.5 we use both a Gaussian and quadratic fitting

function. The estimated peak (and therefore the estimated aberration

modal amplitude, φ̃aberr) is then compared to the actual aberration level

present in the system φaberr. For a perfect modal detector the relationship

would be a linear: φ̃aberr = αφaberr + b. In figure 4.5 we have modified

the number of photons (keeping the read-out noise constant) to show

the impact of noise, varied the maximum distance between the furthest

samples to show the impact of bias, used 2 fitting algorithms to show the

importance of the fitting model, and used different numbers of sampling

points.

From figure 4.5 can conclude that:

• Quadratic approximation. This is only valid in this configura-

tion for small aberrations. Beyond a certain amplitude, typically

around 0.5 rad depending on bias, the quadratic approximation fails

to provide an accurate number. It can even provide a completely

erroneous value if the aberrations levels are too high. Changing

the bias has only limited impact in improving the capture range,

as it dramatically reduces linearity. It also appears to be far more

sensitive to noise compared to Gaussian fitting.

• Number of data points. Using a Gaussian fit, increasing the
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Figure 4.5: Linearity curves for (a) P = 3 and Quadratic fit, (b) P = 3 and Gaussian

fit, (c) P = 4 and Gaussian fit, and (d) P = 5 and Gaussian fit. The top left graph

in (a) shows the estimated magnitude of the mode when 3 data points are taken at a

spacing of 0.5 rad (indicated by the vertical dotted line) and a quadratic fit is used. This

is shown as a function of the applied mode. For these parameters it can be seen that the

mode’s magnitude can only be estimated accurately when it is less than 0.5 rad - after

this point non-linearity in the measurement is significant. The graphs to the right of this

show how this linearity curve is affected by changing the distance between sample point.

The graphs below show how it is affected by increasing levels of noise, with the shaded

areas showing standard deviation, and the lighter shaded areas showing the range. These

plots are for a single applied mode without the presence of other aberrations, and all units

are in radians. All results have been averaged over 100 trials. The vertical dotted line

shows the sampling distance between the furthest data points, and the dashed line shows

a 1:1 relationship for reference.
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number of sampling points will naturally increase linearity, capture

range, and variability of the results due to noise. Taking P > 3 data

points can improve linearity and the correction accuracy for larger

aberrations. Taking P > 4 data points shows only marginal im-

provement. Accurate correction can reliably be achieved for aberra-

tions of approximately less than 1 rad . Although greater linearity

could be achieved, particularly in the P = 3 case, by fitting the

exact profile of the metric response function, this would require a

significant number of data points to acquire and would vary sig-

nificantly for differing configurations, preventing it being a feasible

option.

• Noise levels. Decreasing the number of photons captured in-

creases the error associated with the modal estimation. For all

fits, particularly quadratic, this makes estimation at low bias lev-

els b < 0.5 infeasible. The effect of noise is felt greatest when

the magnitude of the imposed aberration φaberr is greater than the

max sampling distance b. However when the number of data points

P ≥ 4, the bias is sufficiently large, and |φaberr| < b the effects of

noise can be largely mitigated. We will investigate the effects of

noise at <500 photons in Section 4.4.3.

• Maximal sample distance (bias) Selecting the maximum sam-

ple bias b is effectively a compromise between capture range and

measurement linearity. If both a large capture range and strong

measurement linearity are sought, the number of sample points

must be increased to allow for this.

The data provided in this section can give a strong indication of the

appropriate level of bias and number of sampling points required for an

accurate unbiased modal estimation. The quadratic fit with three points

is computationally the fastest method, but we recommend a Gaussian fit

for increased accuracy. Taking greater than 3 data points can improve

linearity and robustness to noise, but taking P = 5 provides only a small
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advantage over P = 4, making the latter appear to be the favourable

choice. The optimal sample bias appears to depend on the magnitude of

the mode being corrected, but setting b at approximately 1-1.5 rad will

provide good results. Although these plots were obtained using the sum

of pixels squared metric M2
P , we note that these patterns hold true for

other metrics investigated, such as low spatial frequencies M0.1−0.25
SF In the

following sections, we will see how the presence of other modes can modify

- sometimes strongly - the response of the system, and how these initial

conclusions may be adjusted to match more realistic configurations.

4.3 Image sharpening for multiple modes

The profile of the metric response curve for any given mode can be af-

fected by the presence of other modes due to modal crosstalk. In this

section, we extend our analysis to systems that are aberrated by more

than one mode simultaneously and we shall distinguish between linear

and non-linear modal crosstalk.

4.3.1 Linear modal crosstalk

Reducing modal crosstalk by a change in modes

Linear modal cross talk exists when the presence of a mode i shifts the

peak of the metric curve for mode j in a linear fashion. An example is

shown in Fig. 4.6 with a metric curve plotted for mode Z5 when mode

Z13 is also present in the system. We can notice that the curve peak for

Z5 is changed by the presence of Z13. It is linear for small aberrations,

approximately ±0.5 rad.

By introducing an aberration mode to the system and measuring

how the metric curves of other aberration modes is shifted, a matrix A

can be created showing the linear crosstalk present. The total amount

of linear crosstalk in a system can be quantified by summing all non-

diagonal elements of the matrix A (the diagonal elements represent the

metric curve’s response to the applied mode, and should therefore be
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Figure 4.6: Demonstration of linear crosstalk. (a) Metric response curve for

mode Z5 when varying amounts of mode Z13 are applied to the system. (b)

Shift in Z5 peak as Z13 is introduced, calculated from (a).

discarded when considering modal crosstalk). In [116] the eigenvectors

of this matrix are calculated and used to create a new set of modes which

are a linear combination of the existing modes. This process was carried

out on the matrix shown in Fig. 4.7, and the rms of the non-diagonal

elements reduced from 0.1865 to 0.1746, a small improvement. In [115]

the performance of the new set of modes created using the same principle

was compared with that of Zernike modes, and minimal difference noticed

- the authors went on to disregard them in favour of the original modes.

We concur with the authors, and we do see a major advantage being

gained by switching modes.

Reducing modal crosstalk by means of modified metrics

An alternative to changing the modes to reduce modal crosstalk is to opti-

mise the metric itself for each probed mode. In that regard, we conceive

a new method for reducing linear crosstalk - by isolating or weighting

the parts of the OTF impacted by each mode, and having an individual

metric for each mode which incorporates this weighting function. One

way to do this would be with Fourier modes, as a pure Fourier mode

would only impact a discrete portion of the OTF. Although there would

be some overlap with Fourier modes on the x and y axis, this would be
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Figure 4.7: Matrix A showing the amount of linear crosstalk for modes (Z5−15)

using the sum of pixels squared metric.

small. However creating pure Fourier modes is very challenging using

any real deformable surface. We will assess which areas of the OTF are

addressed by each mode by first recording the OTF of an aberration free

PSF, which is conical in shape. A mode shall then be applied and the

new OTF recorded. The difference between these two OTFs represents

the spatial frequencies addressed by the mode. Due to the difficulties

associated with projecting polar Fourier modes onto a DM (although the

radial modes could be recreated, the angular modes would be challeng-

ing), Fourier modes will instead be taken for the x and y direction as the

actuator positions make this task easier. Fig. 4.8 (a) shows which regions

of the OTF are affected by applying Fourier modes (in the form of sine

waves) in the x direction. When higher frequency Fourier modes (such

as in the bottom right image in Fig. 4.8 (a)) are applied the sections of

the OTF which are affected are relatively discrete. However when low

frequency Fourier modes are applied, such as in the top left image of Fig.

4.8 (a), the majority of the OTF will be affected. Therefore, weighting

certain portions of the OTF for consideration in this fashion is not very

feasible. Another approach would be to use Zernike modes. We can take

the difference between the aberration free and aberrated OTFs for each

mode, normalise them, and use these as weighting factors when calcu-

91



lating the metric score from the OTF. This will give a unique metric for

each mode. Fig. 4.8 (b) shows the weighting factor applied to the OTF

of the first 16 modes starting at Z5. Using the weighted OTF to calcu-

late a metric Mmodal we can calculate the linear modal crosstalk using

the method detailed above to find the matrix of crosstalk coefficients A.

By taking the rms of the non-diagonal values the amount of linear modal

crosstalk is reduced from 0.1865 to 0.0603, a more significant improve-

ment.

Figure 4.8: Areas of the OTF addressed by (a) applying 16 Fourier modes (b)

applying 16 Zernike modes via a 52-actuator DM. These plots are generated

by applying the mode in question and subtracting the resultant OTF from the

initial OTF. In this way it can be seen which sections of the OTF are affected

by each mode.

However, as we shall find in Section 4.3.2 the reduction in linear modal

crosstalk provided by this method is outweighed by an increase in non-

linear modal crosstalk. Ultimately the effect of linear modal crosstalk

is small, and attempts to correct for it often do not offer noticeable

performance improvements in end to end performance.

4.3.2 Non-linear modal crosstalk

In the previous section we saw how applying small amounts of one mode

can shift the peak of the metric response curve associated with other
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modes. For small amounts, this shift is approximately linear. However

for larger modal magnitudes, and combinations of modes, the metric re-

sponse curves cease to have a linear response. Non-linear modal crosstalk

begins to dominate at lower Strehl levels in highly aberrated systems. In

this case, the metric curve becomes distorted – in extreme cases we are

unable to tell where the modal maximum is. An example of this is shown

in Fig. 4.9 (a) for mode Z5 using the sum of pixels squared metric. The

system has a Strehl of 0.2 and contains a randomly generated aberration,

which does not contain any of the mode being probed (Z5). It can be seen

that the presence of other modes distorts the metric curve considerably,

in a manner which is not a simple linear shift as described previously.

By probing it was found that removing a dominant mode, in this case

Z8, considerably improves the quality of the curve, as shown in Fig. 4.9

(b). However as shown in (c) removing all aberrations apart from Z8 has

a similar effect, demonstrating that the distortion occurs only as a com-

bination of various modes, making this extremely difficult to correct for.

Even when the position of the peak of the curve is unchanged nonlinear

modal crosstalk can make reliably fitting a function such as a Gaussian

very challenging for a low number of data points.

To assess the effects of non-linear crosstalk we can apply aberrations

to the system using the Kolmogorov model to alter the system’s Strehl

level. Ensuring the aberration does not contain any of the mode being

probed, we can assess the accuracy of the modal estimation as additional

aberrations are introduced. As the Kolmogorov model is randomly gen-

erated, we will repeat and average 100 times, allowing us to view the

mean correction value and standard deviation.

Fig. 4.10 shows how a variety of metrics respond to this. We note

that the weighted modal metric Mmodal derived in the previous section

performs very poorly in this regard, as do metrics which concentrate on

mid to low range frequencies. The wavelet metric Mw follows a similar

trend, with only the very coarse detail of the image performing well in

this regard. It appears that metrics which take into account the entire

frequency spectrum (i.e. the sum of pixels squared) contain the least
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Figure 4.9: (a) Metric response curve for Z5 for a system with a Strehl of

0.2 and containing none of the probed mode. The other modes present in

the system are shown below. (b) The same curve when mode Z8 is removed

(0.7 rad), implying this is a significant contributor to the modal crosstalk. (c)

Curve after all modes from Z6 to Z28 have been removed, apart from mode

Z8. (d) Shows the curve after all modes from Z6 to Z28 have been removed.

Below each curve is the amplitudes of the Zernike modes applied.

nonlinear crosstalk. Nonlinear crosstalk impacts all aspects of the fre-

quency domain, and assessing only part of it causes the modes to become

less distinctive. Coarse wavelet details are the exception here - as these

details are impacted much less by the presence of aberrations, the modal

crosstalk is also less. Although attempts were made to combine multiple

metrics such as creating a meta-metric curve by summing the normalised

data points, taking an average correction from many different results, or

the methods described in 4.3.1, no solution was found that out-performed

the sum of pixels squared metric. We also note that this trend contin-

ues when performing the analysis on a variety of differing objects, or

when using Lukosz modes [11] (in this case the performance is poorer in

all instances). Whilst the effects of linear crosstalk are low, for heavily

aberrated systems non-linear modal crosstalk can be a limiting perfor-

mance factor.
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Figure 4.10: The mean error of modal estimation as a result of fitting P = 15

data points as the contribution from other modes changes, for a variety of

metrics. These results have been taken and averaged over 11 modes (Z5−15).

4.4 End to end image sharpening

As demonstrated in section 4.3, concentrating on individual aspects of

the system (e.g. quantities of linear crosstalk in section 4.3.1) can often

be insufficient for determining overall system performance. As a result we

require more complete modelling where modal estimation and subsequent

correction is performed. End to end modelling will show how various

parameters affect the final Strehl ratio of the corrected system, after

the entire image sharpening algorithm has been implemented. As the

parameters of the overall system have several inter-dependencies this

approach is essential for identifying and optimising key parameters in

terms of final system performance.

Simultaneous and Sequential Correction Algorithms

The curve fitting approach to image sharpening can be employed in either

a simultaneous or sequential correction algorithm, depending on when

the correction is applied during the optimisation process. Both these

algorithms are illustrated in Fig. 4.11.
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Figure 4.11: Comparison between the simultaneous and sequential correction

algorithms.

For simultaneous correction, an initial common image with no im-

posed aberrations (i.e. φcorr = 0) is first recorded. Then, sequentially

and for each of the Zn=1···N modes to be optimised, P images are taken

for each mode with different amounts of modal amplitude. After taking

all these images, a metric value is calculated for each of them in order to

find the optimal modal amplitude for each of the N modes an=1···N (e.g.

using a quadratic or Gaussian fitting process) . When this process has

been completed, the correction vector ~a = (a1, a2, · · · , aN) that corrects

for all N modes is then calculated and applied simultaneously such that

φcorr =
∑N

n=1 anZn.

For the sequential approach, instead of only correcting for all the

modes at the very end of the process, each mode Zk is corrected before

moving to the next. This means that the estimation of modes Zk+1 will

benefit from a better image quality due to the correction of all Zn=1···k
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modes. In this approach, P images with different levels of modal aberra-

tions are taken. From these images, using a curve fitting algorithm and

an image sharpness metric, the best modal amplitude an for mode Zn is

calculated and applied to the correction device. The system then repeats

this process for each of the N modes sequentially until the correction

vector ~a = (a1, a2, · · · , aN) is complete.

The simultaneous correction algorithm has the advantage that it re-

quires only (P − 1)N + 1 images, as opposed to PN images for the

sequential algorithm. As an example, this means that for P = 4 and

N = 25 modes, the simultaneous algorithm will require 74 images in

total as opposed to 100 for the sequential. However, the estimation of

modal coefficients are not entirely separable. This means that the esti-

mation of ai for modes Zi may be impacted by the presence of mode Zk:

the modal estimation is more accurate when less aberrations are present.

This will often mean that the sequential correction can provide more

accurate and more robust corrections.

We will use the terminology 2N + 1 (resp. 4N + 1. . . and more

generally (P − 1)N + 1) and 3N (resp. 4N , 5N . . . and more gener-

ally (P )N) when referring to the simultaneous and sequential correction

strategies respectively, with the initial numerical digit being the number

P of images per mode. To further improve image quality it is generally

possible to run these algorithms a second time, which benefit from a

better starting point (i.e. smaller residual aberrations).

4.4.1 Impact of bias level

For the algorithms presented above, the range of amplitudes probed dur-

ing optimisation of the metric - or the bias b - and the number P esti-

mations of metric M per mode will have a direct impact on the quality

of correction. To some extent, measuring large aberrations will require

large biases, but in addition may also require a high number of points P .

Finding a good compromise which performs well for small and large aber-

rations, and small and large noise levels while minimising the number of
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metric estimates is essential. We also require the effects of noise to be

investigated to some extent here, to ensure these results are valid over a

large range of conditions. We focus on sequential correction algorithms,

but the result should be just as applicable to simultaneous corrections.

Fig. 4.12 shows the effects of changing the bias spacing b on the overall

performance of the system. These end to end results were taken using a

Gaussian fit from Matlab’s curve fitting toolbox. An initial metric curve

was taken before the algorithm was implemented, and these results were

used to acquire initial fitting parameters. During the fitting operation,

the amplitude of the initial fitting estimate was set as the maximum

metric value recorded with those samples, and limits were imposed on

the maximum y-intersect ai as 200 nm (2.3 rad) to improve performance

and prevent freak fitting values. The modal amplitudes introduced into

the system were done so via a 52-actuator DM.

For high initial Strehl levels a wide range of biases are acceptable,

and the higher number of data points taken, the less the bias b appears

to matter. As the system becomes more aberrated, lower values of b

become less effective, partially due to the higher amplitude of aberrations

encountered. Increasing the system’s noise causes lower values of b to

become less viable. Using b = 1 rad appears to provide a good correction

over all conditions.

We note that this corresponds to the approximate width of the met-

ric curve, meaning it should alter depending on the metric chosen. To

demonstrate this, we compare results from two metrics with significantly

different curve widths - the sum of pixels squared metric M2
P to that of

the coarse detail from the wavelet transform M1571.4nm
w (see Fig 4.1 (a)).

In Fig. 4.13 we show the effect of measurement bias b on the system’s

performance for both metrics, using the more noisy system. As predicted

the best performance is again found when b is is around the metric curve’s

width. However, even by using a different metric, using b = 1 rad still

appears to provide a good correction over all conditions. The number of

data points P does not appear to have a dramatic impact on the sys-

tem’s performance. For heavily aberrated systems P = 4 > P = 3, but
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Figure 4.12: The final Strehl value after correction of 28 Zernike modes for a

range of maximum biases and number of data points P . (a) Shows the mean

quality of correction achieved for a system with minimal noise and starting

Strehl of 0.2. The blue line shows how correction quality changes with bias

level when three data points are taken per curve. Differing colours represent

differing numbers of data points per curve. The lower dashed line shows the

starting Strehl, and the upper dashed line shows the Strehl ratio if all 28

modes are perfectly corrected for (as the Kolmogorov model is used higher

order modes are also present). (b) and (c) show the same system but with an

increased starting Strehl of 0.4 and 0.6 respectively. (d) - (f) shows the same

system with a high noise level, 50,000 photons and a readout noise of 1. (g)

-(i) shows a system with 20,000 photons and a readout noise of 2. Each data

point is the average of 100 trials.

increasing P beyond this appears to provide negligible improvement.

4.4.2 Impact of number of data points on algorithm

efficiency

It is clear that a larger number of sample points will increase the accuracy

and range of the curve fitting process. Although a complete sequence of

the sequential 5N algorithm over the first 28 modes requires more im-

ages (i.e. 140) than for example the simultaneous 2N + 1 (which only
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Figure 4.13: The final Strehl value after correction of 28 Zernike modes for a

range of maximum biases and number of data points P , comparing two metrics

with differing curve widths. (a) (b) and (c) show initial Strehl levels of 0.2,

0.4 and 0.6 respectively. The system has 20,000 photons and a read out noise

of 2. Each data point is the average of 100 trials.

requires 57), the latter algorithm could simply be repeated a number of

times if a greater correction is sought. It is hence important to view the

improvement in SR as a function of the number of images taken by the

different algorithms, and not just the final SR obtained at the end of

correction sequence. Fig. 4.14 shows mean SR improvement as a func-

tion of the total number of images taken during optimisation for both

sum of pixels squared and a low spatial frequency metric. Data is shown

for different levels of initial SR and a low-noise level case. In Fig. 4.14

we have chosen to present the theoretical SR for algorithms 2N + 1 and

4N + 1 at each iteration step, not just the final SR. It should be noted

that in practice, and contrary to the sequential, the simultaneous correc-

tion algorithms cannot offer any improvement to the image until a full

sequence of the algorithm has been completed. For SRinit >0.6, all al-

gorithms are able to reach the diffraction-limit (defined here as having a

Strehl ratio greater than 0.8), with the simultaneous algorithm providing

the fastest improvement but sequential algorithm slightly outperforming

in terms of final Strehl SRfinal. For poorer initial 0.2 < SRinit < 0.4,

the performance of simultaneous correction algorithms depends largely

on the choice of metric. For the case in Fig. 4.14 (a) where a metric

is chosen that experiences low modal crosstalk and the object shape is

not impeding the fitted function, the sequential algorithms can perform
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well with performance approximately equal to that of the simultaneous

corrections, presuming the user has prior knowledge of the number of

modes required to correct. As the system moves away from ideal condi-

tions, the performance of the simultaneous algorithms is hit harder than

that of sequential. With this in mind, we conclude that the 4N algorithm

appears to be the best choice for both efficiency and robustness.

Figure 4.14: Improvement to the system’s Strehl when plotted versus the

number of images taken. (a)-(c) show starting Strehls at 0.2, 0.4 and 0.6 for

the sum of pixels squared metric, whilst (d)-(f) shows the low spatial

frequencies metric. The dot-dashed lines show the associated standard

deviation. The black dashed line shows the Strehl ratio if all 28 modes are

perfectly corrected for. The maximum number of images in this plot

corresponds to 1 iteration of the 5N algorithm. The other algorithms were

repeated until this number of images was reached. Each data point is the

average of 100 trials.

4.4.3 Impact of noise

In order to provide a fair comparison between algorithms for systems

operating on a limited photon budget, we simulate a scenario where a

finite number photons are available to correct mode Zi, irrespective of

the number of points P taken per mode. Fig. 4.15 shows performance

101



for varying number of photons, different start SRinit, and different cor-

rection algorithms. 28 modes were corrected and results averaged over

100 independent trials. The performance of the algorithm remains fairly

constant at high photon (low noise) levels until a threshold is reached

at approximately 2000 photons per mode, when the performance of the

algorithm begins to deteriorate. This point appears to be consistent re-

gardless of the number of data points taken, although the performance

of the 2N + 1 has the most gradual drop-off in this region. This leaves a

small window where marginally better performance could be offered over

the higher-sampling algorithms, but still relatively poor performance.

The performance again seems to depend largely on SRinit. Increasing

the readout noise only has the effect of shifting the knee of the curves to

the right, increasing the photon requirements. Once again, the 4N seems

to provide the most robust performance regardless of initial SRinit and

noise levels, and supports the conclusion that increasing P > 4 has only

diminishing returns.

4.4.4 End to end modelling of various metrics

With a greater understanding of the optimal parameters for number of

data points P , bias spacing b, and sensitivity to noise, we can eliminate

these variables to directly compare the end to end performance of var-

ious metrics. This allows us to see how modal crosstalk, measurement

linearity and the effects of object shape have a direct impact on end to

end results, ensuring that for each scenario encountered we can make an

informed choice on metric. We also investigate two additional metrics

here which consist of combinations of those already investigated, one be-

ing the multi-scale wavelet metric described in [70] and the other being a

new metric, the mean correction value from evaluating the metric curves

from three coarse starlet transform metrics.

Although the wavelet-based metric based on finer details as described

in [70] provides a slightly better correction for lower aberration levels, we

find that all metrics perform well in these conditions. Using coarser detail
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Figure 4.15: Comparison of algorithm performance when operating on a con-

stant number of photons to correct each mode (a)-(c) shows the final Strehl

after 28 modes have been corrected for as a function of the photon budget per

mode. (d)-(f) shows the same system, but with a read out noise of 3. The

upper dashed line shows the Strehl ratio if all 28 modes are perfectly corrected

for, and the lower dashed line shows the starting Strehl. The dot-dashed lines

show the associated standard deviation. Each data point is the average of 100

trials.

extends the range of aberrations which can be corrected, at a slight cost

to accuracy. Overall we find that wavelet detail based metrics can contain

advantages for optimising 2D images, though the finer the detail being

considered, the smaller the correction range.

4.5 Image sharpening for three dimensional

objects

We have so far concentrated on modelling the performance on image

sharpening for a two dimensional sample on a single image plane. We

will now examine the performance of image sharpening techniques when

applied to three dimensional samples both on single plane and multi-

plane imaging.
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Figure 4.16: End to end simulation using selected metrics, examined for both

a point source and an extended object. Plots (a)-(c) and (e)-(g) show how

the Strehl is improved as each mode is corrected in sequence using the 4N

algorithm, for initial Strehls of 0.2, 0.4 and 0.6 respectively. (d) is the Point

source used for (a)-(c) and (h) is the extended object used for (e) - (g). The

upper dashed line represents the Strehl if all 28 modes were perfectly corrected

for. Each point is the average of 100 trials.

4.5.1 Single plane imaging

Effect on Metric Response

One of the defining features of widefield microscopy is the presence of

out of focus light from other parts of the object in the captured image.

Any aberration induced into the image by a correction device will also

effect the PSF of subsequent planes. The result is effectively the image

metric being evaluated from several planes of the PSF simultaneously. In

Fig. 4.17 the effect the out of focus light can have on the metric response

curve is shown. This can introduce an additional source of error, with

some metrics being more sensitive than others.

Impact of Out of Focus Light

In order to quantify the effect the out of focus light has on aberration

estimation, we create a simulation in which 100 beads are imaged. A
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Figure 4.17: A comparison between the same sample but (a) in two

dimensions and (b) in three dimensions. We can compare the metric

response curve for astigmatism (Z5) for the 2D (c) and 3D (d) cases. The

sample contains none of the probed mode.

percentage (20%,40%,60%,80%) of these beads remains in focus while the

remainder are gradually shifted along the z-axis. For each position along

the z-axis we take P = 4 sample points of the image at bias b = 1 rad, and

evaluate the estimation accuracy for astigmatism (Z5). We choose this

mode partially due to the fact it is generally the first mode to be probed,

but also as it appears to be one of the more sensitive to out of focus

light. For each data point we use 100 different samples, allowing the mean

estimation error as well as the standard deviation σ to be evaluated. This

was repeated for 4 metrics, sum of pixels squared, low spatial frequencies,

and two levels of wavelet details. From Fig. 4.18 the sum of pixels

squared metric performs best in this regard, although the error is still

notable. Attempts to modify the metric to include information about

the peak signal level, biasing it towards the in focus light, generally

performed poorer due to the resulting distorted metric response curve

making it harder to fit a known function to.
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Figure 4.18: Mean estimation error and standard deviation of modal

estimation using P = 4 and b =1 rad as a percentage of the beads are moved

out of focus for (a) sum of pixels squared metric (b) low spatial frequencies,

(c) Wavelet detail at 392.8 nm (d) Wavelet detail at 1571.4 nm (e) Illustration

of principle - a percentage of fluorophores are gradually moved out of focus.

End to end modelling

To quantify the impact of out of focus light we simulate a system con-

taining 6 nano-rods contained through a depth of 1.5 microns, with the

system focused at 0.75 microns. We simulate 100 randomly generated

nano-rod configurations with f−11/3 power spectrum aberrations. In Fig.

4.19 we compare the end to end results for performing image sharpen-

ing with the sum of pixels squared metric M2
P for the three dimensional

system, and for the same system with all nano-rods on the same image

plane. The impact the out of focus light has on the quality of correction

is clear, and more noticeable for smaller aberrations.
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Figure 4.19: Mean final Strehl value after 100 trials with P = 4 and b = 1

rad using the sum of pixels squared metric M2
P for the 2D and 3D cases for a

starting Strehl of (a) 0.2, (b) 0.4, and (c) 0.6

Impact of sample parameters

We note that the performance of the three dimensional system suffered

the most when little or no portion of the nano-rods generated were in

the focal plane. Although for widefield microscopy this would generally

not be the case - the operator would shift the focus to the region of

interest - for the case of multi-focal plane microscopy discussed in the

next section it is possible that one of the image planes could fall into

an underpopulated area of the sample. To reduce this likely-hood we

doubled that number of nano-rods in the sample to 12, Fig. 4.20 shows

how this has improved the average quality of correction. The sample

thickness simulated had to be a compromise between simulation time

due to the high number of cases run. Increasing the sample thickness

would increase the amount of background light outside the focal range,

but the impact on the image would be small due to the finite size of the

PSF. Focusing deeper into the sample would have the effect of increasing

the spherical aberration experienced due to refractive index mismatch.

Fig. 4.20 also shows the difficulty in correcting for spherical aberration

in 3D widefield microscopy due to the inherent crosstalk with the defocus

aberration. As a result, attempts to correct for the spherical aberration

can often shift the focus to a nearby brighter part of the sample. For this

reason care needs to be taken when focusing the sample before correction
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occurs.

Figure 4.20: Mean final Strehl value after 100 trials with P = 4 and b = 1

rad using the sum of pixels squared metric M2
P and a starting Strehl of 0.6.

The correction quality of 3D samples with differing densities are compared

with the the 2D sample.

4.5.2 Multi-focal plane microscopy

A more interesting approach than single plane imaging when imaging

3D object is to be able to segregate information coming from different

depths with the sample. In this section, we examine the performance of

image sharpening techniques when applied to three dimensional samples

and multiple focal planes simultaneously using a single correction device.

Three plane imaging

We simulate a system in which fluorophores at various depths are imaged

by the microscope with the multi-plane relay described in Section 1.4.2

attached. The diffraction orders contain a quadratic phase term intro-

duced to the images to reflect the distortion in the diffraction grating,

as calculated by Eq. 1.38. As shown in Fig. 3.9 the system contains

multiple layers of 2 dimensional aberration, each with a depth assigned

to it. When a fluorophore is imaged at a depth z, all 2D layers tagged

with depth < z are included in the optical path. The result is a num-

ber of fluorophores at various depths which are simultaneously in focus,
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although it should be noted that as per Fig 3.4 the quadratic term does

not entirely cancel out the defocus term.

Figure 4.21: Mean Strehl ratio for each fluorophore as correction is carried

out on a multifocal microscope configuration. This system contains three

fluorophores at depths of 0.5µm, 1µm and 1.5µm. The metric used for

correction can be calculated from just one layer, or by considering all layers

simultaneously. (a)-(c) contain aberrations layers of 0.4724 rad rms, and (d) -

(f) layers of 0.7147 rad. (a) & (d) show how the Strehl after correction of the

0.5µm deep fluorophore is affected by which fluorophores are considered in

the metric evaluation. (b) & (e) record the results for the 1µm fluorophore,

and (c) & (f) for the 1.5µm deep fluorophore. The dashed lines show a

perfect correction if all 28 modes were perfectly corrected for. All data

points are taken as an average over 100 trials. (g) shows an example image of

all three fluorophore simultaneously in focus.

We begin by modelling fluorophores at three image planes at a depth

of 0.5µm, 1µm, and 1.5µm. We simulate aberration layers of rms value

0.4724 rad and 0.7147 rad, corresponding to a Strehl of 0.8 and 0.6 re-

spectively for fluorophores imaged through only the first layer. The op-

timisation was initially carried out by considering a single bead, and
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measuring how beads at differing depths reacted to the correction. We

use a sequential 4N algorithm with a maximum bias b of 1 rad to cor-

rect 28 modes. Fig 4.21 shows how a correction which bases the metric

score on only the top-most layer can provide a small amount of correction

for subsequent layers. A correction which considers the impact on only

the deepest layer will provide the greatest improvement to this particular

layer, but the profile of the DM will likely have a detrimental effect on the

less-aberrated fluorophores nearer the coverslip. An alternative approach

would be to consider all image planes simultaneously when calculating

the metric score. This would allow for an average ’best fit’ over all im-

ages. Fig. 4.21 shows that in many cases, this correction is comparable

to that achieved for single layer optimisation.

Figure 4.22: (a) Mean Strehl ratio as correction is carried out on a multifocal

microscope configuration for three depth layers with a 0.5972 rad rms

aberration (corresponding to 0.7 Strehl for the top layer) (b-c) Sample MFM

image before and after correction via a single correction device.
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To simulate MFM in volumetric microscopy, 3D samples were gener-

ated with a thickness of 2.5 microns and containing 25 nano-rods. The

system contained three layers of aberration following the f
11
3 power spec-

trum with an rms value of 0.5972 rad. The focus was set to a depth of

1 micron, and a MFM diffraction grating was included to capture three

image planes with a plane spacing of 0.5 microns. The sequential 4N

algorithm was performed using the sum of pixels squared MP 2 metric,

and considering all three image planes. In Fig. 4.23 (a) the mean Strehl

over 100 trials (each with a randomly generated object and aberration)

was recorded for each layer. Although the Strehl level in the top layer

often remained unchanged, reliable improvements were able to be made

to subsequent layers. Fig. 4.23 (b-c) shows the images before and after

correction for one of the samples, showing a significant improvement in

image clarity.

Nine plane imaging

By combining two diffraction gratings, MFM can be extended to 9 or

more image planes captured simultaneously. To assess the viability of

correcting 9 image planes we extend our analysis to include 9 images

planes with a plane spacing of 0.5 microns. This system thus contains

9 aberration layers, each with an rms value of 0.4031 (0.85 Strehl at

the top layer). In Fig. 4.23 the effects of optimising all planes simulta-

neously can be seen and compared to correction achieved by correcting

each plane individually. We note that the corrections achieved are com-

parable in many cases, although generally come at the expense of the

topmost layers. Fig. 4.23 demonstrates the viability of correcting mul-

tiple plane simultaneously with a single correction device, while noting

the compromises which must be allowed.
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Figure 4.23: Mean Strehl ratio as correction is carried out on a 9-plane

multifocal microscope configuration with a plane spacing of 0.5 microns and

a single fluorophore on each layer. The correction was carried out first for

each layer independently, then for all nine planes combined. These are the

mean results of 100 trials.

4.6 Conclusions

In this chapter we have evaluated by means of numerical simulations the

performance of image sharpening techniques for two dimensional, three

dimensional and MFM imaging. We have evaluated the effectiveness

of curve fitting as a modal estimation technique, finding good linearity,

even in the presence of noise, if an appropriate number of points are taken

and amplitude range probed. The impact of modal crosstalk has been

assessed, finding that while linear crosstalk is only a small contributor to

measurement inaccuracy, non-linear modal crosstalk is the dominating

performance limiter for heavily aberrated systems.

Using 2D samples we have used a statistical approach to advise the

best parameters for curve fitting. Previous work has shown that 2N + 1

will perform well for low aberrations, and 5N for larger aberrations [117].

This illustrates the point that in many scenarios the optimal parameters

depend on factors typically unknown to the user such as the nature of
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the aberration present and their magnitude. It’s clear that taking more

sample points on each curve will lead to a greater correction quality [115],

and a tendency exists to over-sample to compensate. However as more

images leads to more photobleaching, there exists an optimal number of

points to maximise correction for a fixed number of images taken. We’ve

shown that P = 4 points spaced evenly between -1 and 1 rad (i.e. b =

1 rad) works well for all conditions, despite N = 4 not being considered

previously in the literature. The performance of the algorithm does not

tend to suffer significantly in the presence of noise until the photon count

reaches below approximately 2000 photons per mode corrected, agreeing

with previous findings[115].

We have evaluated a range of metrics, specifically the sum of pixels,

spatial frequency content, and wavelet transform metrics, and charac-

terised the performance of each whilst also highlighting their limitations.

The analysis has been extended to three dimensional samples for the

case of widefield microscopy. We find that out of focus light can have a

detrimental effect on the quality of image correction, particularly when

the majority of the light originates from just outside the focal plane. We

propose careful consideration of correction area to evaluate the metric

from to improve the quality of correction obtainable.

We find that MFM can be corrected for with a single correction device.

Although the quality of correction will not be as high as when optimising

a single correction layer, this difference is not large. This seems to hold

true for both 3D samples, and for up to 9 correction planes.
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Chapter 5

Experimental validation:

wavefront measurement and

control

In Chapter 4 we have investigated how the curve fitting approach to im-

age sharpening performs in numerical simulations, both with and without

the multi-focal plane system. We have examined how the quality of cor-

rection is largely dependent on the quality of the metric response curve

and the extent at which it is sampled, demonstrating how this is impacted

by object shape, metric choice, modal crosstalk and noise.

In this chapter we introduce the experimental setup which will allow

us to verify these simulations in a laboratory environment. In section

5.1 we first explored a novel proof of concept for initiating the image

sharpening [IS] process from a better starting point using phase retrieval.

We explore results using numerical simulations and a small experimental

setup using a collimated laser beam and a spatial light modulator [SLM]

for wavefront control. In the second part, we investigate the experi-

mental considerations for setting up an efficient AO system. We char-

acterised the deformable mirror using interferometric measurements and

theoretical analysis. Finally, we present the experimental bench setup,

characterise, and optimise the close-loop adaptive optics system.
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5.1 Phase retrieval: proof of concept

5.1.1 Introduction

Phase retrieval is an iterative algorithm for finding phase based on a

single image plane (or sometimes a set of images) which has the main

advantage of being fast and simple to implement. Its major drawbacks is

that it only works on point-sources and cannot estimate the sign of even

aberrations (there’s intrinsically a sign indetermination on these modes).

A solution to overcome the sign issue is the use of phase diversity which

is algorithmically more complex and has yet to be proven efficient in

experimental widefield 3D microscopy due to the complexity of the opti-

misation [118]. In this section, we investigate the use of phase retrieval

[PR] to improve image quality.

By improving the image quality using PR, we can then use image

sharpening from a better starting point (i.e. less aberrations), which we

have demonstrated leads to better final image quality. This should lead

to better performance than image sharpening alone. Secondly, since only

the even modes are affected by sign indetermination, we can trial the

solution to see is it an effective fit. This will require one image to be

taken to assess the aberrations, and one to trial the solution, giving a

requirement of 1-2 images required to assess the wavefront (not counting

the final corrected image). This should lead to better performance than

image sharpening alone, but most notably use far less images, reducing

photo-bleaching.

In this section we will first present simulation results to investigate

the effectiveness of PR using simulated images. We will then present

a laboratory proof of concept demonstrating the concept using a point-

source.

5.1.2 Phase retrieval: simulation results

To investigate the effectiveness of phase retrieval we first simulate a sys-

tem using OOMAO. One issue with PR is that the problem often lacks a
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unique solution due to the inherent symmetry with modes with an even

radial degree n. For these modes the resulting PSF is not unique to the

mode’s sign. This is illustrated Fig. 5.1 with coma (Z8), which has an

odd angular meridional frequency, and present different PFSs depending

on the sign of the aberration. Oppositely, second order astigmatism has

an even angular meridional frequency and show identical PSFs for posi-

tive or negative amplitude of this mode. However combinations of modes

can break this symmetry, as illustrated Fig. 5.1 with the combination of

two modes. In fact, this in the principle of phase diversity. As a result

PR can give one of two solutions: one with all even modes estimated

correctly, and one with the sign of all even modes inverted. PR alone is

unable to distinguish between the solution which one is the correct one,

although it is still a useful tool if this is taken into consideration.

Figure 5.1: Representation of inherent symmetry causing estimation issues in

phase retrieval. When odd modes only are applied, the sign can be correctly

identified from the image (left). This is not the case for even modes (second

from left). When other modes are present, this breaks the symmetry but the

sign indetermination is still present.

Using OOMAO we simulated a microscope for a point source located

on the coverslip, with NA= 1.2, and sampled at 2.65x the Nyquist limit.

We add in static phase screens to aberrate the PSF, with piston, tip, tilt

and defocus removed. In Fig. 5.2 we show PR results for the estima-
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tion for a random phase of 1 rad added to circular pupil. We quantify

the algorithms performance as a function of iterations by using the met-

ric
∑

x

∑
y(If (x, y) − I ′f (x, y))2 as proposed in [60], where (x,y) are the

pixel coordinates, and If and I ′f are the initial aberrated image and the

current image estimation respectively. The algorithm converges after ap-

proximately 100 iterations, and as shown in Fig. 5.2 (c) we find a close

match between the applied and estimated phase.

Figure 5.2: Phase retrieval for 1 rad of aberration (SR = 0.37). (a) PSF used

by algorithm. (b) Error metric per iteration. (c) Modes applied and

detected, showing an almost perfect match.

To further quantify the effectiveness of PR as a suitable solution

for an initial starting point for image sharpening or calibrating intrin-

sic aberrations, we investigate the effects of aberration level and number

of photons. We use a camera with a read-out noise of RON=5. Phase

aberrations are generated using an f−11/3 power spectrum, meaning both

low-order and high-order aberrations are present. For each simulation we

estimate the phase using phase retrieval and extract the first 28 modes.

A known problem with phase retrieval is that of phase wrapping. We use

a phase-unwrapping algorithm based on [119], but incorrect unwrapping

may present additional sources of error. We then apply a correction of

these retrieved modes to the image and record the residual error. The

correction is done using pure Zernike modes to avoid any DM fitting
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errors. When performing PR on noisy data the retrieved phase often

contains high levels of noise itself. Hence we extract the first 28 modes

from the estimated phase before applying it as a correction to filter out

the high frequency noise.

Figure 5.3 we plot the PR estimation results from a number of sam-

ples for 4 different aberration levels ranging from SR = 0.2 to SR = 0.6.

For each aberration level and each photon count, 10 random aberrations

are generated. As the aberration level increases the phase retrieval pro-

cess becomes less reliable, with signal levels at SR = 0.2 generally failing

to estimate the phase completely. However, for SR ≥ 0.4 PR appears

able to correctly estimate phase in high-flux conditions. As the number

of photons decreases the image data becomes more noisy, and hence the

phase estimate acquires noise in the form of higher order modes. As a

result this reduces the relative content of the lower order modes which

impedes the quality of correction. However it does not seem to cause

a large amount of modal mis-identification, meaning phase retrieval can

still be used under these conditions. For these simulations we trialed

both of the solutions generated (with the even modes inverted and not)

and selected the result with the best correction, eliminating sign ambi-

guity as a source of error. In practice an additional source of error not

investigated here is that of a point source which does not evenly illumi-

nate the aperture. The algorithm relies on assumptions of the intensity

profile in the pupil plane, and objects which provide uneven illumination

will make this process more challenging.

5.1.3 Laboratory proof of concept

Following these initial simulation results, we create a simplified labora-

tory setup to provide a proof of concept and the ability to compare phase

retrieval with image sharpening. In Fig. 5.4 we present a system, which

is composed of a collimated laser beam as a transformed point source,

and a spatial light modulator [SLM] to provide wavefront correction. A

SH-WFS allows the modes produced by the SLM to be verified, although
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Figure 5.3: Quality of correction with photon count for a RON of 5, after the

first 28 modes are extracted from the retrieved phase and introduced as a

correction. The dashed black line shows the initial aberration level, with any

values above that showing a failed correction (a) SR = 0.8 (b) SR = 0.6 (c)

SR = 0.4 (d) SR = 0.2.

a small amount of non-common path errors may still occur.

We first investigate the ability of phase retrieval [PR] to estimate a

known mode and estimate system aberrations. Applying various amounts

of trefoil (Z10) via the SLM and performing PR on the PSF allows us

to estimate the system’s wavefront and modal content as higher levels

of trefoil are introduced. Figure 5.5 shows the PSF, the reconstructed

wavefront, and the modal decomposition for the first 15 Zernike modes for

3 levels of trefoil. The estimate of system aberration for trefoil of 0.3 and

0.45 rad are very similar and confirmed by the SH-WFS measurement.

For an introduced trefoil of 0.9 rad, results become inconsistent. This

confirms the simulations results, as the level of aberration increases the

detection accuracy is reduced, with the intrinsic system modes becoming

increasingly mis-estimated. The actual cut-off where PR will no longer be

able to provide accurate wavefront estimates will depends on the actual

frequency content of the aberrations, with higher levels of high spatial
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Figure 5.4: Experimental setup for optimising a point source using the SLM

and SH-WFS.

frequencies disrupting the PR estimates.

We now compare phase retrieval and image sharpening by introducing

additional, but unknown, aberrations using a phase screen added into the

beam path. We then estimate the wavefront either using PR or by using

image sharpening [IS]. In Fig. 5.6 we estimate the system’s wavefront

using both methods. We present the estimated wavefront using PR, the

modal decomposition using PR, and the PSF before and after correction

using the SLM. We also show the modal decomposition for both PR and

IS after the correction with SLM has been applied. We observe that

the PSF quality can be greatly improved by using PR and subsequent

correction by the SLM. We also find an encouraging match between PR

and IS wavefront estimates.

5.1.4 Conclusions

When a point source is available, PR can be a useful and powerful tool

for extracting the phase using only a single image. A second image may

be required to ensure the sign of even modes is correct. This could be
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Figure 5.5: Estimated wavefront and modal content via phase retrieval as

higher levels of trefoil (Z10) is introduced into the system. Top: imaged PSF.

Middle: reconstructed wavefront. Bottom: amplitude for the first 15 Zernike

modes.

done in the following way:

• Estimate the wavefront using PR on the initial aberrated image,

• Apply a correction (e.g. using an SLM or a DM) using the esti-

mated phase, and calculate an image sharpness metric,

• Change all the signs of the even modes, and calculate a sharpness

metric on the second images.

The image with the highest metric score should be the one with the

correct phase estimate. If higher correction quality is required, then using

IS is a valid option, especially since the better starting point (i.e. image

with higher Strehl) will improve correction quality. In fact, we will use
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Figure 5.6: (a) Estimated wavefront using PR. (b) Modal decomposition of

the first 15 Zernike. Blue: PR estimation before correction by SLM, Red:

PR estimation after correction by SLM, Orange: IS estimation after

correction by SLM (c) PSF before correction. (d) PSF after correction.

PR as a calibration method to remove the intrinsic aberrations in Section

6.1.1. These initial results are very encouraging, but more work needs

to be done to validate PR on a biological sample. In addition we find

that the limited stroke range of the SLM (approximately 1 wavelength)

limits the ability of the system to detect and correct larger aberrations,

particularly when operating as a sequential algorithm. The decision was

made to replace the SLM with a deformable mirror.

5.2 Deformable mirror characterisation

Due to the limited range and monochromaticity of the SLM, it was re-

placed with an ALPAO 52-actuator deformable mirror [DM] for the cor-

rection of microscopy aberrations. However a DM is a electro-mechanical

system whose performance is dependent on its material properties. Alpao

DM are based on continuous reflective surface motioned by magnetic ac-

tuators. Although they generally have a much greater stroke than SLMs

and are not limited by bandwidth, they bring their own unique chal-
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lenges. In this section we characterise the performance of the DM and

evaluate its suitability for open loop operation.

5.2.1 Influence functions

The influence function for each actuator on the ALPAO DM was recorded

using a Zygo interferometer, and is shown in Fig. 5.7 (a). By viewing

a cross-section of the IF (Fig. 5.7 (b)), a slight overshoot profile can

be observed. By fitting a Gaussian function to each actuator’s influence

function the position of each actuator can be recorded in Fig. 5.7 (c). We

notice that the actuators do not form a perfect grid, with small deviations

from the ideal across the middle area of the DM. The actuators at the

edge of the surface also have lower spacing than others although estimate

may be biased due to edge effects. These factors will have an influence

on the DM’s ability to produce certain modes.

Figure 5.7: (a) Influence functions of the ALPAO DM as recorded by the

Zygo interferometer. (b) Cross-section of an influence function. (c)

Estimated actuator positions using the Zygo.
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5.2.2 Reproducing Zernike modes

Knowledge of the DM’s IF allows the commands c required to produce

Zernike modes to be determined

c = aZIF−1 (5.1)

where a is the vector of modal amplitudes, Z is a matrix contain-

ing the Zernike modes and IF is the measured influence functions shown

in Fig. 5.7. Using this influence function the Zernikes could be pro-

jected onto the DM. However the matrix which allowed conversation be-

tween the modal amplitudes and DM command vectors would produce

extremely high values for certain modes – in an apparent effort to correct

the overshoot. A new IF was then derived by fitting a Gaussian profile

to each actuator which significantly improved stability.

Importing this new IF to OOMAO allows us to calculate how well the

DM could produce each mode in ideal conditions (with perfect repeata-

bility and with the linear model of DM holding true). In Fig. 5.8 we

compare the quality of the theoretical Zernike modes to those actually

produced by the DM and measured on the interferometer. We define

’quality’ as the ratio of modal content of the applied mode to residual er-

ror: σres/σmode, i.e. the rms phase error of all modes but the one applied,

divided by the rms error of the applied mode.

Figure 5.8: Quality of modes produced by the DM’s influence functions, as

simulated and measured via the interferometer.
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We notice a close match in results. Although some of the lower order

modes are reproduced relatively effectively there are certain modes where

this is not the case. For example with Z11 (spherical aberration) we find a

large presence of defocus, as shown in Fig. 5.9 (a). This trend continues

as we move through the modes with a higher residual error. For Z16 and

Z17 (secondary coma) we find a large presence of primary coma, for Z22

(secondary spherical) we find a large presence of defocus and spherical,

for Z23 (tertiary astigmatism) we find first and second order astigmatism.

At Z29 the quality of the modes breaks down and we begin to see more

random noise instead of the presence of specific lower order modes, as

shown in Fig. 5.9 (b). Despite having 52 actuators in total, the DM’s

ability to reproduce Zernike modes seems limited to only 28 modes to

maintain sufficient fidelity.

Figure 5.9: DM profile whilst attempting to reproduce a given Zernike mode:

(a) spherical Z11 and (b) Z29.

5.2.3 Optimal mirror modes

Derivation of mirror modes

An alternative set of modes that may be better reproduced by the DM,

can be derived from the mirror’s influence function as detailed in [120]

using the linear model of the DM as described in section 2.3.1. Using

singular value decomposition we can decompose the influence functions

IF into its components:
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IF = UWV T (5.2)

where U is a matrix representing the new modes, W is a diagonal

matrix which contains the singular values and V is a unity matrix. The

optimal modes are thus defined as:

Φ = aU (5.3)

where a is a vector of modal coefficients. These modes as shown in

Fig. 5.10.

Figure 5.10: Optimal mirror modes for the ALPAO 52 actuator deformable

mirror as taken from interferometry measurements.

Performance of mirror modes

Importing these new modes into OOMAO allows us to compare the per-

formance to that of Zernike modes in end-to-end simulations. Averaging

over 100 simulations we find that for a perfect DM with the measured

influence functions, the optimal modes outperform the Zernike modes in

terms of both final Strehl and the final frequency content of the corrected

aberration. It should be noted that this difference is minor, especially

for the final Strehl level (Fig. 5.11).

Reproducing these modes on the mirror in practice is not as straight-

forward as in simulation. We find that the errors involved in reproducing
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Figure 5.11: Simulated comparison of correction quality using both Zernike

and optimal DM modes. (a) Final Strehl after correction via the 4N image

sharpening algorithm. (b) DM fitting error (per spatial frequency) using

different modal basis.

the optimal modes are much higher than that of Zernike modes, although

in theory they should be perfectly reproduce-able. This is displayed in

Fig. 5.12. This could be due to a number of factors, but we suspect it is

due to the linear DM model not accurately representing the DM’s perfor-

mance, particularly for edge actuators. However, there are also a number

of other factors which have been shown to affect the DM’s performance.

5.2.4 DM performance issues

As an electro-mechanical system the DM is subject to material con-

straints imposed by changing temperatures, membrane elasticity, and

actuator creep. In practice these issues manifest as deviations from the

linear DM model, where the phase produced is a product of not just the

voltages sent to the actuators, but also past positions of the membrane

and the time since those commands were sent. These issues are particu-
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Figure 5.12: Comparison of the DM’s ability to reproduce both Zernike

modes and optimal modes, as measured on the interferometer.

larly problematic when attempting to run the DM in an open loop fashion

as is required for image sharpening - we rely on precise measurements

taken when a known aberration is imposed.

Fig. 5.13 shows the measured surface profile creep over time. This

measurement was obtained by setting a reference profile (i.e. known

actuator commands) to the DM. The readings were taken using a SH-

WFS with a collimated laser source, as described in Section 5.3. The

system takes approximately 10 minutes to stabilise before settling on

a position 150-200 nm away from the initial phase. Further problems

emerge when attempting to take repeat measurements from the same

commands. Flattening the DM and using the initial reading as a reference

point, we dither the actuator commands between ±10% of maximum

voltage (≈ 1 micron) in a random fashion for 1 minute. We then attempt

to flatten again, and record the wavefront response for 60 seconds (Fig.

5.13 (b)). The error in reproducing the same shape was upwards of
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Figure 5.13: (a) Wavefront deviation after commands are sent to the DM,

taken over 1 hour (insert zoomed in over 60 seconds). (b) Wavefront error

when trying to reproduce a previous phase by applying the same actuator

voltages.

50 nm. As we propose taking bias readings with a maximum bias applied

of 1 rad (87 nm for green light), this error is unacceptably high.

5.2.5 Conclusions

The findings presented in this section show that when the DM is con-

trolled in an open loop fashion, the wavefront it will be producing at

any given time cannot be accurately determined. Although it has been

claimed that these DMs can operate in an open loop fashion [121], we

have shown that the device we have is unsuitable for this operation mode.

As a result we will require the DM to operate in a closed loop fashion

in order to accurately produce the desired profile. We address this issue

in Section 5.3.2. In addition, the ability of the DM to reproduce Zernike

modes is limited to approx. 28. Reproducing higher modes will create

unwanted lower and higher order modes. Using an alternative basis does

not improve the quality significantly and we will use Zernike modes for

the rest of the work.
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5.3 Experimental setup for AO for multi-

focal plane microscopy

5.3.1 Introduction

We demonstrated in the previous section the need for a close-loop AO sys-

tem in order to accurately reproduce low-order Zernike modes. A stable

wavefront control is essential for image sharpening to operate properly. In

this section, we first present the experimental setup we used for the inves-

tigation of image sharpening in 3D biological samples. In addition to the

primary imaging path it contains a close-loop AO system using a Shack-

Hartmann WFS, the 52-actuator DM and a collimated laser source. The

system uses only off the shelf parts, can operate across the visible spec-

trum, and can be easily switched between single and multi-plane imaging.

In the second part, we validate experimentally and optimise the AO loop,

focusing on fidelity of Zernike modes, convergence speed, and stability of

the loop at convergence.

Figure 5.14: Diagram of the experimental setup used for image sharpening
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Primary imaging path

For the experimental setup the primary imaging path is composed of an

inverted Olympus IX71 microscope, an Alpao DM with 52 actuators and

9 mm diameter, the multiplane relay system, and a Thorlabs CS895MU

camera (see Fig. 5.14). The microscope contains a 80/20 beamsplitter to

split the light between the camera and eyepiece respectively. The objec-

tive used is a Olympus 60X water immersion objective with a numerical

aperture (NA) of 1.2. A 4-f system comprising of 2 x 225 mm focal length

lenses projects the microscope’s pupil plane onto the DM. The DM is op-

tically conjugated the microscope’s focus, which can be manually changed

at the microscope. The NA of the microscope’s exit port, NA2, can be

calculated using the expression NA1

M
, where NA1 is the objectives NA

and M is its magnification. As the fill of the DM is dependent on this

property the system is specific to this objective. For objectives with a

higher value of NA2 the DM aperture will filter the higher frequencies,

where as lower values will cause an under-fill. The DM is at an angle of

7.5 degrees. This will cause it to appear elliptical from the perspective of

the incident light, causing the apparent x-diameter of the DM aperture

to be reduced by approximately 1% which we deem to be negligible.

Multiplane relay system

The multiplane relay system consists of a 4-f optical relay with a slot to

insert a diffraction grating, allowing for a quick change between multi-

focal imaging, and conventional widefield microscopy. The relay has an

effective focal length of 118.3 mm. The grating set utilised has provided a

plane spacing as 1.14, 2.86, 5.71, and 11.42µm depending on the grating

selected. A removable 20 nm linewidth filter centered at 620 nm was

included in the image path to reduce chromatic aberration.

Closed loop AO path

The closed loop AO sub-system uses a collimated 690 nm laser source to

monitor the SM profile, making the system more light efficient as light
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is not being diverted from the primary imaging path. An Optocraft

SH-WFS is conjugated to the DM via a 4f optical relay, with a demagni-

fication of 3 to fill the SH-WFS aperture. The source is incident on the

DM at 30 degrees due to physical limitations preventing a narrower angle

being obtained. This causes the reflected light to have an elliptical pro-

file with the x-axis reduced by approximately 13%. We find that at this

angle when 1 rad of a mode is applied, approximately 0.85 rad of that

mode is produced with the rest being filtered into other modes. This will

reduce the orthogonality of the modes somewhat, but as demonstrated

previously this has only a small effect on the final correction.

5.3.2 Closed loop AO performance

In section 5.2 we demonstrated how the ALPAO DM is unsuitable for

open loop operation, with issues such as repeatability and thermal drift

affecting the reliability of the phase produced. The proposed solution is

to create a new optical path separated angularly from the imaging path,

which includes a SH-WFS and a reference beam. This allows the profile

of the DM to be monitored in real-time, and ensure the DM converges

to the desired profile. In this section we focus our attention to the in-

vestigation of the performance of AO closed loop systems. In particular,

we investigate the ability of the system to reproduce specified Zernike

modes, optimise the temporal gain, and finally look at the system’s sta-

bility. The AO system is controlled using the real-time control software

Alpao Core Engine (ACE) written in Matlab, and updates every 40 ms.

The Shack-Hartmann wavefront sensor

The SH-WFS employed is an Optocraft AR-S. The Matlab written soft-

ware ACE was used to calculate the Zernike content from the resulting

spot positions. As a reference beam (a collimated laser) is used to mea-

sure the wavefront we are not limited by the number of photons, enabling

us to oversample the measurement relative to the number of DM actua-

tors to maximise the quality of the wavefront information gathered. As
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Figure 5.15: (a) Spot array captured by the Shack-Hartmann (i.e.

hartmannogram). (b) Mask used for wavefront reconstruction, taken from

the valid pixels.

a result we have 368 valid spots to be used for wavefront reconstruc-

tion, with the spot profile shown in Fig. 5.15 (a). A mask of the valid

spots was generated, corresponding to the spots which met the thresh-

old of 50% of the maximum recorded intensity, shown in Fig. 5.15 (b).

One of the lenslets on the SH-WFS appears to be damaged preventing

a spot from being generated, although we do not believe this to have a

significant impact on the ability to reconstruct the phase.

Command matrix

In order to generate the command matrix required to control the DM

using WFS measurements we first require an interaction matrix to be

measured, which is the link between WFS and DM. This was generated

by probing the response of each actuator one by one as described in

section 2.4.1. Each actuator was push/pulled 5 times with a further 5

readings averaged in each position, giving 50 images taken per actuator.

Through repeat readings this interaction matrix was found to be stable,

and is visually represented in Fig. 5.16 (a). Analysing the conditioning

number of the matrix was also used as a guide to verify the quality of
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the interaction matrix, Fig. 5.16 (b).

Figure 5.16: Properties of the SH-WFS/DM interaction matrix. (a) The

interaction matrix. The horizontal and vertical spot positions are recorded

as each actuator is probed. (b) The system’s eigenvalues, with the dashed

line representing the modes removed. (c) The first 49 system eigenmodes.

By performing singular value decomposition, the eigenvalues and eigen-

modes of the IM can be calculated. The eigenvalues of the IM are shown

in Fig. 5.16. We remove the lowest 5 modes as these are not well con-

ditioned, allowing the system to become more stable. This is achieved

via setting these values to 0 before reconstructing the matrix from its

decomposition. From the singular value decomposition we can also view

the system’s eigenmodes, with the first 49 shown in Fig. 5.16 (c). It

can be seen that for after 21 modes the quality begins to deteriorate,

and after 28 modes they begin gradually represent a waffle-like pattern

which is known to be particularly unstable [122]. This confirms what

was established section 5.2, where it was shown that modes began to

deteriorate in quality beyond this order. The command matrix is then
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generated by performing a pseudo-inverse on the IM after the selected

modes have been removed.

Reproducing Zernike modes

A key requirement for the closed loop AO sub-system is for the DM to be

able to accurately reproduce known Zernike profiles. Using the built-in

features in ACE we are able to calculate the desired spot positions which

will represent known Zernike magnitudes. By attempting to converge

on these spot positions we can assess how accurately the modes can be

reproduced. We use a low gain of 0.4 to allow convergence without any

instability issues for this test. In Fig. 5.17 we compare the quality

of 200 nm of each mode taken through the AO system with that taken

from interferometry and calculated from theory. We notice a similar

trend between results given by theory and results given using the closed

loop AO. These are directly dictated by the DM’s influence functions,

making these mode difficult to reproduce. Due to the significant dip in

performance after mode Z22 we propose limiting the system to 21 modes.

However, restricting the number of controlled modes to 21 should in

practice have a limited impact, as aberrations of biological sample tend

to be of low-order [123].

We also need to assess the nature of the convergence errors - if the

errors scale with the modes we can still perform an optimisation using

the curve fitting method but with reduced orthogonality between modes,

where as uncorrelated errors would prevent this. Fig. 5.18 shows the

magnitude of other modes varies approximately linearly with the applied

mode, meaning optimisation can still be achieved, albeit with an increase

to modal crosstalk.

Integrator gain

The control law used in all of the tests carried out on the bench is the

so-called integrator control. It simply consists of calculating the voltages

to be applied to the DM by a linear matrix operation, and then applying
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Figure 5.17: Quality of Zernike modes produced by the the closed loop AO

sub-system, compared with readings taken from interferometry, and

theoretical results derived via the measured influence functions.

a loop gain g < 1 to limit the effect of the time delay (which can be

neglected here in the case of static aberration compensation) and model

errors. The aim of the AO subsystem is to converge on a target phase

profile in as few iterations as possible, to minimise photo-bleaching. The

surface should also be extremely stable once the desired profile is reached

to allow good quality image acquisition on the microscope. The integra-

tor gain g will affect both of these properties, and a compromise must be

reached for optimal performance.

In order to estimate the optimal gain for the system, we specify a

target phase with the modal content shown in Fig. 5.19 (b). The system

attempts to converge onto this phase with differing gain settings (ranging

from 0.1 to 1, in steps of 0.1), with the error per iteration shown in

Fig. 5.19 (a). As expected the number of iterations until convergence

decreases as the gain increases, with just 4 iterations required for gains

of 0.9 and 1.0. The system is also able to remain stable at these gain

settings with minimal increase in the mean error of the correction or

the standard deviation. The main reason for this stability across a wide
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Figure 5.18: Magnitude of modes detected as the system converges to

varying amounts of Z16 (blue curve). We show the plots for the first 28

modes (other colours), noting a linear response for all modes.

range of gain values is due to the fact that we are trying to compensate

static aberrations. For the AO system to operate effectively we require

fast and stable phase profiles to be produced and maintained by the DM.

For the rest of the laboratory experiment, we use a gain value of 0.9 for

4 iterations, before changing the gain to 0.4 for maintaining the profile

for longer durations. When viewing an image on the microscope and

recording the metric value over time we find a slight increase in noise

when the AO system is turned on, with a frequency spike at the speed

that the AO operates on (25Hz). This will have some, but limited impact

on the image sharpening process.

5.4 Conclusions

In this chapter we have described the laboratory setup used for experi-

mental validation of AO for 3D widefield microscopy. We first explored

a novel proof of concept for starting the image sharpening [IS] process

from a better starting point using phase retrieval. Despite containing

some drawbacks (e.g. sign indetermination for even modes), we demon-

strated that this methods has the potential of helping IS convergence time

and final performance. More investigation is required to demonstrate on

biological samples. In the second part, we investigated the experimental
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Figure 5.19: (a) Wavefront error per iteration for various gain settings

ranging from 0.1 to 1. (b) Modal content of target profile. (c) Mean error

and deviation of the final phase after convergence, showing the system

stability. (d) Number of iterations until convergence, defined here as an rms

error of less than 30 nm.

considerations for setting up an efficient AO system. We characterised

the deformable mirror and concluded that it cannot be used in open-loop

and can reproduce accurately only the first 21 Zernike modes. We found

that enabling the AO system to run in closed loop greatly improves re-

peatability and hence reliability of the produced phase. The close-loop

AO setup was then further characterise and optimised (e.g. number of

controlled modes, integrator gain, loop stability), and we demonstrated

accurate control of up to 21 Zernike modes. A stable wavefront control

is essential for the investigation of image sharpening in 3D biological

samples.
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Chapter 6

Experimental validation on

biological samples

In chapter 5 we introduced the experimental apparatus, presented the

main AO components and their limitations, and optimised the adaptive

optics closed loop performance. We now present preliminary results for

the direct investigation of the performance of image sharpening on the

microscope for a variety of samples. We begin with the optimisation

of fluorescent bead samples. This will allow the intrinsic aberrations

of the system to be determined and reduces the degree of complexity,

allowing assumptions made in chapters 3 & 4 to be verified such as the

power spectrum of sample aberrations, change of aberrations with depth,

and objective effects. We shall then investigate the performance of the

optimisation algorithm for thin 2D samples, before moving to correction

for thick samples where the out of focus light will play a significant role in

the image formation. Finally, we investigate the viability of performing

AO correction using the multi-focal microscope through the use of the

diffraction grating.
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6.1 Adaptive optics on a point-source

6.1.1 Intrinsic system aberrations

With the AO system capable of acquiring wavefront information and

introducing a known phase into the system, the intrinsic aberrations

can be probed. These aberrations may come from the optics within

the microscope itself, misalignment in the AO system, or optical path

differences between the SH-WFS and imaging paths often referred to

non-common path aberrations (NCPA).

We use a sample with Qdot 525 ITKCarboxyl Quantum dots from

ThermoFiser (which are approximately 10 nm in diameter) on the cover

slip to establish the intrinsic aberrations of the system. We image with a

150 ms exposure. Using point sources allows us to use both phase retrieval

[PR] and image sharpening [IS] to assess the wavefront information. In

Fig 6.1 we show the intrinsic modes detected using both methods. For IS

we use a number of points of P = 4, 5 and 11 respectively, showing the

modal decomposition for the first 21 Zernike modes, and resulting PSFs.

Performance is estimated in terms of maximum intensity improvement.

Intensity should a good proxy for optical quality improvement as the flux

emitted from a Qdot is stable in time. Applying the correction phase

estimated from PR resulted in an 11% improvement in the maximum

intensity, with IS providing 24%, 29% and 30% improvements for P = 4,

5 and 11 respectively. It was observed that the fluorescent beads in the

sample had a tendency to drift along the z-axis over a period of minutes.

The cause of this is currently unclear, and although the sample was

regularly refocussed, this drift could be an additional source of error when

the peak intensity is used as a performance measure, particularly for the

PR data. All 3 IS measurements provide similar modal amplitudes, with

a total wavefront error of φ̂ISres = 243, 156, and 165 nm RMS respectively

for P = 4, 5 and 11. Only PR is showing slightly different estimated

modal amplitudes, with a total wavefront error of φ̂PRres = 26 nm RMS.

It should be noted that only the first 21 modes were extracted from the
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PR result, which could be a limiting factor in correction. It is to note

that in all cases the dominant error term is astigmatism (Z6).

Figure 6.1: (a) Intrinsic system aberrations as measured by PR and IS on

quantum dot samples, with parameters P = 4, 5 and 11. (b) System PSF

before correction. (c) PSF after PR phase applied. (d) PSF after image

sharpening (e) Comparison of cross sections (adjusted for photobleaching).

6.1.2 Image sharpening measurement repeatability

Assessing the level of repeatability in IS measurements allows us to es-

tablish the expected errors when examining the modal content. Sources

of error include noise, aberration drift, and repeatability of the DM. We

use a sample of 200 nm red fluorescent beads centred at 605 nm (Ther-

moFisher Carboxylate-Modified Microspheres) embedded throughout a

medium of agarose gel. These beads were imaged with an exposure time

of 100 ms. The sample was stored for some time before measurements
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were performed, meaning some small level of sample aberrations are ex-

pected. For these measurements we make no attempt to compensate for

intrinsic aberrations before correction is implemented. It should be noted

that for these results, and the rest of Section 6.1, the multi plane system

was removed from the experimental setup and hence we should expect

differing intrinsic aberrations.

In Fig. 6.2 we show the consistency of the image sharpening results

using a number of point P=11 and a bias of 1 rad for each mode. We

over-sample the system in this way to ensure that the metric response

curve is recorded as accurately as possible, reducing errors associated

with curve fitting. Over the 10 trials the mean standard deviation in

modal estimation was 0.021 radians demonstrating great stability in the

measurement process.

Figure 6.2: Variability of image sharpening results - performing the same

optimisation 10 times on the same fluorescent bead. As a result each mode

has 10 differing estimations.

6.1.3 Aberration variation over field of view

Since single conjugate AO can only correct aberration in one direction,

the extent at which aberrations change over the field of view [FoV] will
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affect the quality of correction that can be applied when looking at larger

samples. An important assumption made in the simulation work is that

the aberrations do not change significantly over the FoV. Optical aberra-

tion variations in the FoV are mainly due to the sample under investiga-

tion (optics making a small and often quantifiable contribution), making

accurate modelling of field dependent aberrations difficult, especially for

a general analysis.

To quantify the effects of the FoV we use the sample of 200 nm

Carboxylate-Modified Microspheres (red fluorescent beads) in agarose

gel. The FoV contains a 120x240µm2 section of the sample, limited by

the camera chip size. We record the level of aberration over 7 regions

across the FoV, using image sharpening with 11 data points per mode,

and a bias of 1 rad. Fig. 6.3 (c) shows how the first 15 Zernike modes

vary across the FoV. For all images taken we have a consistantly high

SNR > 100, implying this is not a major source of inaccuracies. The

most significant difference was for astigmatism (Z5−6), of which the aber-

ration could vary by as much as 1.5 rad over the FoV. This variation of

astigmatism in the FoV is likely due to optical misaligments and non

common path errors (see section 6.1.1 where the on-axis astigmatism

was estimated at 1.5 rad). This variation should be greatly reduced on

a well aligned and well maintained microscope with carefully selected

optics. The other modes we estimated seem to vary less over the FoV.

As a result, we conclude that for low-order modes the correction will be

slightly region specific.

6.1.4 Aberration variation with depth

We quantified the change in aberration with depth for the red fluorescent

bead sample described in Section 6.1.3 over a depth of 10 microns. The

aberrations detected are recorded in Fig. 6.4. We scan through the

sample, measuring the aberrations for beads across the depth over a

FoV of 25x25µm2, being small enough that field-dependent aberrations

should not vary significantly but large enough to capture a fine spacing of
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Figure 6.3: (a) PSFs recorded across the FoV. (b) Map showing image

locations across camera chip. (c) Comparison of modes recorded for positions

1-7. (d-e) Heatmap of oblique and vertical astigmatism (Z5−6 respectively

taken by performing a polynomial surface fit.

beads. Some noise should be expected in astigmatism measurements due

to the changes across this FoV in this area - approximately 0.1 radians

of error. Not all corrections for this sample resulted in an improvement

to the metric score, in these cases the bar is shown in black. However

a decrease in metric score does not necessarily mean the sample has

become more aberrated. Noise in the system and photo bleaching can

override the effects of a small correction. For this sample a change in

aberrations was noticed throughout the depth of the sample, though this

effect was small. There was little change in SNR through the depth

recorded, showing a SNR of 24.7 ± 0.5. The water objective lens (n =

1.33) was closely matched to the agarose sample (n = 1.34), resulting in

little spherical aberration due to this mismatch. We conclude that for this

sample there’s little depth variation for low-order aberrations although

this is likely to depend on the nature of the sample under investigation.
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Figure 6.4: Aberrations recorded over a depth of 30 microns. For each mode

all 18 measurements are shown ranging from coverslip to the full depth. The

bars shown in black represent modes for which the metric score did not

improve or decreased.

6.1.5 Aberration detection with defocus

As detailed in section 4.5 when dealing with volumetric imaging, out of

focus light can have a significant impact on correction ability. In Fig.

6.5 we compare the correction quality of an in focus bead to that of

the same bead after translating the stage 400 nm (corresponding to a

50% decrease in intensity). Taking 5 readings per position to ensure

consistency, we find a significant variation in the aberrations detected.

This is particularly problematic when dealing with thick samples. We

observe that the measurements are far more consistent when using an

in focus bead compared to using an out of focus one, where the modal

amplitude estimates can vary greatly from one measurement to another.

Taking Z7 (coma), we can view the metric values for the sum of pixels

squared metric for the 11 data points for both the in and out of focus

bead. Fig. 6.6 shows a clear shift in the detected aberration - one that

is not simply due to noise or a fitting error. This discrepancy can be

explained by different reasons. Firstly, as described in section 4.3, the

presence of a large amount of aberration (defocus) will increase the modal

crosstalk and lead to modal amplitude mis-identification. Secondly, a

reduction in 50% of the flux will limit the ability of the algorithm to
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Figure 6.5: IS with P = 11 performed on a fluorescent bead both in focus,

and 400 nm out of focus (at 50% of peak intensity). 5 data sets were taken

for each position.

identify small metric variations over the noise floor, leading the variability

in the results.

Figure 6.6: Recorded metric values for the sum of pixels metric with bead

both in (blue) and out (red) of focus.

6.1.6 Metric comparison for fluorescent beads

In chapter 4 we compared various metrics for optimisation using numer-

ical modelling. The two metrics which performed strongest, the sum of

pixels squared and the combined wavelet metric detailed in [70] are here

compared using a fluorescent bead sample in Fig 6.7. We find a similar

performance in these metrics in terms of modes detected. The sum of
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pixels and combined wavelet metrics provided a 19% and 12% increase

in peak intensity respectively (although noise and z-axis drift may have

affected these numbers). For this kind of sample - a collection of point

sources - both metrics are viable. This confirms earlier simulation results.

Figure 6.7: Comparison of sum of pixels squared and combined wavelet

metric for fluorescent bead sample. (a) Comparison of modes detected. (b)

PSF before optimisation. (c) After IS using sum of pixels squared. (d) After

IS using the combined wavelet metric.

6.2 Image sharpening

In the previous section we have focused on the ability of IS and PR to

correct aberrations within a sample consisting of a collection of point

sources. These are used as convenient means to calibrate intrinsic aber-

rations and measure AO performance on the microscope as a whole. We

now turn our attention to the correction of aberrations within larger bi-

ological structures. We shall first examine the correction quality on thin

samples, before investigating the effectiveness of correction on thicker

samples. The thin samples used in this section were selected as the

images contained high spatial frequency information which should be

affected by aberrations to a greater degree.
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6.2.1 Metric selection

In section 6.1.6 we compared wavelet and sum of pixels squared metrics

for the correction of fluorescent bead samples. We now examine the im-

pact of metric selection for thin biological samples. We shall compare the

effectiveness of sum of pixels squared, wavelet orders, and selected spa-

tial frequencies. We perform optimisation on a Surirella gemma sample

with these metrics and record results using P = 5 and a bias of 1 rad per

mode. This will allow comparison with both the simulation results, and

with Section 6.1.6. We use a 24.3 x 24.3µm section of the sample to per-

form the optimisation. We selected Surirella gemma, a common algae,

as it is known to contain intricate patterns containing a wide range of

spatial frequencies. This will maximise the impact of AO correction and

allow metrics covering a wide range of spatial frequencies to be investi-

gated. This sample was mounted in naphrax, with toluene as its solvent.

For the mounting process the naphrax is heated until the solvent is dried,

resulting in an RI of approximately 1.73.

After correction of the same sample region using the various met-

rics investigated here, we find that the wavelet metrics which consider

detail levels of 126.7 nm, 243.3 nm, 486.7 nm and 973.3 nm, as well as

the combined wavelet metric are all able to provide a good correction

quality (28.7%, 23.7%, 31.5% and 31.0% and 24.1% improvement to the

peak intensity respectively). The wavelet 486.7 nm provides the great-

est improvement to peak intensity, as shown in Fig. ??. Although this

outperforms the combined wavelet metric, this appears to be due to the

level of detail available in the sample - the level of spatial frequency in

the sample dictates the optimal wavelet range to consider. The combined

wavelet metric offers the advantage that it’s selection is less dependent

on the profile of the sample. We find considering the finest wavelet detail

attainable (60.8 nm) consistently fails to provide correction information

due to the presence of noise, and should not be considered in the correc-

tion process.

The low spatial frequency metric, considering frequencies between
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Figure 6.8: Correction improvement brought by wavelet metric at 486.7 nm

for a Surirella Gemma sample (Left: before, Right: after) exposed for

150 ms. The peak intensity is increased by 31.5%.

10% and 25% of the diffraction limited frequency, showed a lesser im-

provement of 20.1%. When mid-range frequencies of between 25% and

50% of the diffraction limited frequency were chosen, the optimisation

failed to offer an improvement to the image. Finally, for this specimen

we found that the sum of pixels squared was unsuitable, with clearly

defined metric curves being unattainable. This was largely due to large

amounts of background light, and the insensitivity of the metric in the

presence of noise for extended objects.

Table 6.1 summarises the main maximum intensity improvement be-

fore and after correction using IS with the different metrics, and P=11

points. This confirms the Fourier metric (based on selecting certain spa-

tial frequencies), and the wavelet metric as good metrics. This is sup-

ported by our numerical simulation finding presented section 4. For the

rest of the document, we will prioritise the wavelet metric. However, we

will also investigate the others for completeness, and it has been shown

that finding the best metric can be somewhat sample dependent.
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W60.8 W126.7 W243.3 W486.7 W973.3 Wall F10/25 F25/50 Isq

- 28.7% 23.7% 31.5% 31.0% 24.1% 20.1% - -

Table 6.1: Measured intensity improvements in percent for the different

studied metrics; with W being the wavelet, F the frequency, and I the

intensity metrics respectively. ’-’ represents metrics that failed to provide

an increase in intensity.

6.2.2 Number of data points P

In section 4.2.2 we demonstrated using numerical simulations how taking

more than 4 data points provided diminishing returns. We use a sample

of the diatom Gyrosigma balticum to obtain metric curves using various

numbers of data points, with the larger number of data points often

offering the greatest improvement to the image metric. This sample

was again mounted in naphrax, and contained high spatial frequency

information which could be uncovered using optimisation.

Taking a lower number of data points can impact the correction qual-

ity in the presence of noise or when the fitting function is sub-optimal.

Using the optimisation process with 3 data points produced excessively

high Zernike modes, causing the AO loop to become unstable and pre-

venting a correction from being applied. For 4, 5 and 11 points we see

a modest increase in the wavelet metric score of 2.3%,2.3% and 2.6%

respectively. In Fig. 6.9 (c) we can see how lower levels of sampling

can cause additional errors. We find 4 data points to be the minimum

required for a stable system, although greater accuracy can be achieved

through finer sampling, reinforcing the simulation results from Chapter

4.
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Figure 6.9: (a) Gyrosigma balticum sample used for comparison of numbers

of data points. (b) Comparison of modal estimation for 4, 5 and 11 data

points taken. (c) Fits for Z11 with varying number of data points.

6.3 Sample induced aberrations

6.3.1 Thin biological samples

In section 6.1.1 we quantify the intrinsic aberrations present in the sys-

tem. By using these as a reference we can investigate the sample-induced

aberrations in the system for a number of thin samples. We use the

combined wavelet metric Wall, taking 11 data points to increase estima-

tion accuracy. We investigate different regions of three different sam-

ples: bovine pulmonary artery endothelial cells, Stauroneis phoenicen-

teron, and Amphipleura pellucida. All samples were mounted in naphrax.

Studying various samples enables us to investigate the impact of the

sample-induced aberrations, image structures, and spatial frequency con-

tent.
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Fig. 6.10 (a-c) shows how the image quality of the bovine pulmonary

artery endothelial sample is improved by considering the sample aberra-

tions in addition to the intrinsic aberrations recorded. Fig. 6.10 (d) shows

the sample aberrations recorded, exhibiting large amounts of coma (Z7),

secondary astigmatism (Z13), and trefoil (Z10) compared to the other

modes.

Figure 6.10: (a) Bovine pulmonary artery endothelial cells imaged with a flat

DM. (b) With intrinsic correction only. (c) With sample correction. (d)

Sample correction recorded. (e) Cross section of intensity for the section

shown by the dotted line in (c).

In Fig. 6.11 we show the sample aberrations found in three different

regions of a Stauroneis phoenicenteron sample, whose emission peak was

approximately 515 nm. The aberrations found in this sample can range

considerably, as much as 1 rad per mode for lower order modes. The

mode with the largest aberration is astigmatism (Z6 = ±0.5 rad), but has

inconsistent sign. This highlights the requirement for sample aberrations

to be corrected in addition to intrinsic aberrations - the aberrations are

unique to the image.

Finally fig. 6.12 shows four regions of an Amphipleura pellucida sam-
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Figure 6.11: Regions of the Stauroneis phoenicenteron sample (a) before and

(b) after correction. (c) Shows the sample aberrations recorded, not

including the previously measured intrinsic aberration, (d) cross section of

the yellow dashed line, showing the improvement in image contrast.

ple before and after correction using IS. Images show manifest improvements-

as seen by the amount of exta detail visible in the image, even when the

aberration are small (e.g. bottom sample region) fig. 6.12. A simi-

lar range of modal magnitudes is found, with lower order modes such

as astigmatism (Z5,6) varying by as much as 1 rad. Using image sharp-

ening we find the system is able to reliably improve the image quality

for thin samples by improving the imaging metric and hence the image

clarity. Figures 6.10 through 6.12 clearly show that intrinsic aberration

correction provides the greatest improvement, but correcting for sample-

induced aberrations further improves contrast, resolution, and the impact

of noise (more noticeable in the dark regions of the image).

Fig. 6.13 shows a region of the first section shown in Fig. 6.12.

Although the mean intensity remains the same, and the peak intensity

is increased by just 10%, significant additional information regarding the

structure of the sample can be obtained, such as the point-like objects
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Figure 6.12: Regions of the amphipleura pellucida (a) before and (b) after

correction. (c) Shows the sample aberrations recorded, not including the

previously measured intrinsic aberration.

present within the honeycomb structure. This periodic object within the

sample that emerged after the AO correction corresponds to an increase

in the spatial frequency associated with it. By viewing the a section of

the OTF in Fig. 6.13 (c) the increase in the spatial frequency for this

periodic structure is apparent. The spatial frequencies associated with

the honeycomb structure also show a slight increase as the image becomes

sharper. There is also a small decrease in a lower spatial frequency,

showing that the spatial frequency distribution has been shifted towards

higher frequencies which were suppressed by the system aberrations.
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Figure 6.13: Zoomed in section of Fig. 6.12 (a) showing the additional

structural information gained through correction (c) Section of the OTF

before and after correction.

6.3.2 3D biological samples

To characterise the system’s performance for 3D samples we use a selec-

tion of CFPAC-1 GFP pancreatic cells grown within a matrigel sample.

The thickness of the sample results in out of focus light encroaching on

the image plane, reducing the SNR and providing additional challenges

for correction.

This sample was selected as the cells were grown throughout an ap-

proximately 1 mm deep volume, although the microscopes working dis-

tance prevented information further then 0.2 mm from being imaged.

One issue with the sample utilised was a lack of fine detail and clearly

defined edges - this significantly reduced the effects of aberrations in the

sample and imaging path, and as a result reduced the sensitivity of all
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metrics trialed. As predicted in section 4.5 these additional factors had a

negative impact on the system’s ability to detect the system aberrations.

In Fig. 6.14 we can see six regions of the pancreatic cell sample, both

before and after correction using the combined wavelet metric and P =

7. The difference between the images is generally minimal - despite the

relatively high levels of aberration introduced by the correction device.

The lack of sensitivity to aberrations may mean this type of sample,

where low spatial frequencies dominate, do not greatly benefit from AO

correction. However we do note that for each of the modes probed, the

metric response did provide a defined peak which infers some information

about the aberration.

Fig 6.15 shows how the metrics based on the wavelet detail used in the

combined wavelet algorithm typically respond to imposed aberrations.

These results were obtained using the 4th region shown in Fig. 6.14.

For this example a clear peak is observed at 0.4 rad of mode Z9. This

demonstrates that the modes obtained are the result of maximising the

optimisation metric, and the information may still be valuable despite

the small impact of the correction offered. Further analysis would be

necessary to fully estimate the extent of the correction quality (e.g. in

terms of Strehl ratio).

6.3.3 Multi-focal microscopy

Introducing the diffraction grating into the imaging path converts the

system into a multi-focal microscope. As detailed in section 1.4.2, chro-

matic aberration is a fundamental issue with these relays. The fluorescent

bead sample have a broad emission band centred at 605 nm. A 10 nm

band pass filter centred on 610 nm was employed to limit this effect; light

levels within the sample prevented further filtering without an excessive

reduction in SNR.

Chromatic aberration presents an additional challenge to the optimi-

sation process. This type of aberration is not correctable via the DM.

Fig 6.16 shows three beads simultaneously in focus, with a plane spac-
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Figure 6.14: Sections of pancreatic cells sample (a) before correction and (b)

after correction. The modes obtained are shown in (c).
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Figure 6.15: Metric score for the combined wavelet series recorded as a

selected mode (Z9) is applied via the DM on the 4th region of Fig. 6.14.

Figure 6.16: Three fluorescent beads simultaneously in focus on the multi

focal microscope. Chromatic aberration dominates this system in the ± 1

diffraction orders.

ing of 2.86µm. The chromatic aberration is significant, as will present a

limitation to the system in its current state.

For image sharpening we use the sum of pixels squared metric, as

Section 6.1.6 has shown this to be the most effective for the correction

of fluorescent bead samples. 4 data points are taken per mode for the

first 21 Zernike modes using the sequential optimisation algorithm. We

repeat this optimisation four times. For the first three attempts, the

metric score is calculated from a single bead. For the final attempt the

metric score is calculated considering all three beads.

Figure 6.17 shows the correction improvements on beads 1 to 3 (see

Fig. 6.16 from left to right) while optimising on different beads (or

all 3 beads at the same time). When a single bead is considered the
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system is able to provide an improvement to that image plane, even in

the presence of chromatic aberration. However when considering all three

planes simultaneously the algorithm is not so reliable. We demonstrate

in Section 4.5.2 that a correction on all planes should be attainable if

the only difference between the planes is the level of aberration, and that

aberrations which constitute each layer are not entirely independent (i.e.

the deeper layers experience many of the same optical path differences

as the shallower layers). We believe this assumption should hold true

for this system. It is possible that all three beads may not be entirely

in focus; the spacing between the planes is fixed at intervals depending

on the design of the MFM sub-system, and the spacing of the beads is

random throughout the sample. Section 6.1.5 shows how a defocused

PSF can adversely affect the correction process. The combination of the

bandpass filter, diffraction grating and subsequent chromatic aberration

gives an extremely poor SNR, which will also be a contributing factor to

estimation inaccuracies.

Figure 6.17: Image sharpening is performed on multifocal microscopy. The

optimisation was repeated four times. For the first three the metric

considered only a single bead for correction. For the final correction all beads

were considered. The metric score has been normalised by its starting point

for ease of comparison in the presence of photo bleaching.

Fig. 6.18 shows the modes detected through each iteration of the

algorithm. We find considerable variability. This implies the system

aberrations are not being correctly identified. The biggest performance
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increases generally come at equal expense to other image layers. This

may be due to a pseudo-correction of the chromatic aberration, which

will be equal but opposite in the two first diffraction orders.

Figure 6.18: Image sharpening is performed on multifocal microscopy. The

optimisation was repeated four times. For the first three the metric

considered only a single bead for correction. For the final correction all beads

were considered. The metric score has been normalised by its starting point

for ease of comparison in the presence of photo bleaching.

6.4 Conclusions and discussion

Using fluorescent bead samples we have demonstrated the ability of both

image sharpening and phase retrieval to obtain the system’s intrinsic

aberrations. We have evaluated the metrics offered, and found that when

strong point sources are available, the sum of pixels squared metric of-

fers the best performance, in agreement with the simulation results from

Chapter 4. However for extended objects where the intensity in the im-

age is not so localised, the combined wavelet metric offers the most stable

performance.
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One finding here that was not effectively taken into account in sim-

ulation results was the variation of aberrations across the field of view.

The most significant change was due to astigmatism which varied approx-

imately linearly across the image, with higher order aberrations becoming

less affected. This finding should be included in later simulation models.

For an index-matched aberrated agarose sample we measured the

change of aberration modes with depth through 30µm. For this sample

the change in aberration with depth was small, with repeatability errors

from the image sharpening process being the dominant contributor. We

also confirm the simulation results from section 4.5 for defocused beads

finding that out of focus light near the focal plane can have a significant

impact on aberration detection. This presents challenges for providing

corrections to extended three dimensional objects in which the majority

of light detected is not necessarily being emitted from within the focal

plane.

When imaging thin biological samples the image sharpening technique

has strong repeatability and provides a reliable improvement to the image

quality for these samples, confirming earlier research regarding the tech-

nique. Using this technique we are able to separate the corrections for

intrinsic and sample induced aberrations to quantify the extent at which

sample aberrations occur, and vary across the specimen. We find that

the f−11/3 power spectrum used in simulations is a useful approximation

for sample aberrations in which lower order modes dominate.

For the thicker, three dimensional sample our results are somewhat

limited by the lower spatial frequencies which dominate the images that

were obtained, making the sample particularly insensitive to aberrations.

It should be noted that metric curves were obtained which appropriate

functions could be fitted to, implying some detail about the aberration,

or simply the nature of the metric response, is being obtained. Using

a sample with high spatial frequency content would be affected by the

aberrations present to a greater extent and the correction of these would

produce more dramatic results. Additional work is required to fully es-

timate the extent of the correction quality.
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We have implemented multi-focal microscopy through the use of a

diffraction grating and a linewidth filter. A compromise was required

here between photon count and the width of the filter - chromatic aber-

ration ended up playing a significant role in the final image. Using IS

we were able to provide a correction to each of the planes separately, al-

though the presence of the chromatic aberration played a significant role

in the metric score response to aberrations impose, resulting in an im-

provement of the metric score for the first diffraction orders, but not nec-

essarily accurate aberration detection. As a result a correction which was

able to improve all planes simultaneously was not obtained despite the

similarities in the aberrations with depth that were previously recorded.

The chromatic aberration in addition to a limited photon count meant

the 3D sample of pancreatic cells was unable to be imaged effectively by

the multi-focal microscope due to poor SNR. This presents a limitation

of the system for certain type of sample. To effectively investigate image

sharpening for multi-focal microscopy we require a sample with a higher

photon count which will still produce a detectable image when a narrow

bandwidth filter is utilised, allowing images to be obtained free of chro-

matic aberration. A common method of removing chromatic aberration

for multi-focal microscopy with a diffraction grating is to use deconvolu-

tion, however this requires knowledge of the shape of the PSF. Obtaining

this information when aberrations are imposed into the system would be

akin to wavefront sensing in itself, and is hence not a straightforward so-

lution. A volumetric sample with finer detail would also allow for a more

powerful demonstration of the system’s correctional ability, and would

be able to go further in verifying simulation results.
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Conclusions and perspectives

This thesis has been primarily concerned with adaptive optics (AO) for

volumetric microscopy, and in particular in the use of image sharpness

to improve imaging quality of thin and large samples. For both current

and future volumetric microscopes, instruments corrected by efficient and

automated AO systems will enable a wealth of new observations and

discoveries to be made in the field of biology. By taking full advantage

of the potential of multifocal plane microscopy, this will be particularly

true where time-critical aspects are essential.

The work has focused primarily on exploiting extensive end to end nu-

merical modelling, that are representative of both microscope and sam-

ple induced aberrations, to probe a wide variety of initial conditions.

Through analysis of the AO performance, we have defined new sets of

parameters for the optimisation of image sharpening parameters - en-

abling a robust yet efficient correction. Finally, we presented laboratory

results to validate our findings.

In this thesis we have developed new functionalities, adding to the

Object Oriented Matlab for Adaptive Optics (OOMAO) package for use

in widefield microscopy systems. This upgraded package has allowed end

to end modelling of realistic volumetric microscopy taking into account

the microscope, immersion medium, and sample physical properties. In

particular, additions to the numerical simulation capability include the

ability to simulate fluorophores, extended 3D samples, and optical aber-

rations (intrinsic to the microscope and relay optics or sample induced).

Using this numerical model, we were able to investigate the use of image
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sharpening and phase retrieval to improve image quality. This numerical

model is essential for understanding the expected performance of these

algorithms.

When image sharpening is used to improve image quality on a given

system, there generally exists an optimal set of parameters for that spe-

cific system which can be used to reach the best performance. However,

determining these parameters often requires some knowledge, or at least

some strong assumptions, of the problem, for example on the level of

aberration present, its modal distribution, the metric response curves,

and the spatial frequency content of the object. Although a microscopist

experienced with AO may be able to make an intelligent guess at these

properties, the majority of users will have insufficient information to

make an informed choice.

By employing statistical modelling we are able to simulate and probe

a vast range of aberrated systems and demonstrate the image sharpening

parameters which provide the most efficient correction for the majority of

cases at all light levels. In particular, we contrasted two modal correction

algorithms - sequential and simultaneous - and found that correction

each mode before moving to the next (i.e. sequential) was by far the

most efficient strategy. Two important parameters of the curve fitting

process are the number of points P for each mode probed and the overall

modal amplitude investigated, or bias b. Whereas a compromise is always

necessary, we have demonstrated that using P = 4 and b =1 rad nearly

always provided the best balance in terms of absolute performance and

algorithm robustness. However, it is important to note that for most

systems, particular modes will often be dominant. This is particularly

true for spherical and astigmatism, some of the most common aberrations

present in optical microscopes. Their magnitude may still be greater

than 1.5 rad, meaning that for these modes it is important to increase

the bias (while keeping P = 4) as b=1 rad may not be sufficient for

getting accurate magnitude estimates. As a result, some level of a priori

should still be utilised, but limited to increasing the bias for a limited

number of modes.
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A critical aspect in image sharpening is the choice of the criteria

defining this image quality, or metric. Selecting an optimal metric for

any given system is not a trivial task. As well as considering the met-

ric response curve produced individually, the extent of modal crosstalk

should also be noted. We showed that the impact of linear crosstalk is

generally minimal, in accordance with the literature. Instead we demon-

strated that the dominant effect comes from non-linear crosstalk which

can distort the profile of the metric response curve, in particular for

highly aberrated systems. Correcting for this effect is non-trivial and

instead metric choice should seek to minimise this as much as possible.

Of the metric trialed we find the sum of pixels squared metric to be

impacted less by non-linear modal crosstalk. However for widefield mi-

croscopy, experimental work finds this metric comes with a significant

caveat. Although it performs well for fluorescent bead samples, for large

extended objects the total light levels in the system are mostly unchanged

by the introduction of aberrations. Although aberrations will scatter

light away from the region of interest, light from neighbouring regions

will be introduced. As a result, even when considering peak intensities,

this type of metric becomes extremely insensitive to aberrations. This

was not detected in simulations due to the smaller object size used, high-

lighting a modification which should be implemented in the simulation

methodology.

Metrics which evaluate the spatial distribution of the image are not

impacted by this effect. Evaluating portions of the OTF can be effective

for lower aberration levels, but it produces excessive modal crosstalk

as the aberration begins to increase. We find that evaluating wavelet

content produces a good compromise here - lower modal crosstalk whist

not being as heavily dependent on overall signal levels. The choice of

which level of detail to be considered appears to depend on the level of

detail present in the object - information which is not generally available

until after correction has been performed. Considering multiple levels of

detail in the evaluation can mitigate this effect somewhat.

For accurate image sharpening results, knowledge of the wavefront
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imposed by the correction device is essential. This can present a problem

when deformable mirrors are employed due to a combination of mechan-

ical factors such as thermal instability and surface drift which can make

the final surface profile difficult to predict in open loop. In chapter 5 we

validated the performance of the experimental setup, focusing on test-

ing and optimising the AO loop. We showed that through the addition

of a SH-WFS in a closed-loop sub-system the phase introduced by the

DM can be better controlled, allowing reliable system performance for

low amplitude profiles. The AO closed loop is independent and does not

impact the imaging path.

An assumption made in OOMAO simulations is that deformable mir-

rors can be reproduced using a linear model of the actuators’ influence

function. In practice we find that for the ALPAO DM used, the interface

between the edge of the surface membrane and the aperture prevents this

from holding true. This effect combined with a non-uniform distribution

of actuators across the surface profile presented difficulties when trying

to apply certain combinations of modes, with spherical aberration being

a difficult profile to reproduce, making this an issue for AO in miroscopy.

When a large magnitude of a badly conditioned mode was requested the

closed AO loop had the potential to become unstable, requiring the sys-

tem to be reset. As a result this limited the maximum bias b that could

be applied for stable performance to approximately 1.5 rad (although

much higher biases could be applied for well conditioned modes such as

astigmatism). This has the potential to be a performance limiting factor,

particularly in the spherical case and was not taken into account while

performing numerical simulations. However, as shown chapter 4 this level

of bias is typically more than sufficient to reach good correction quality

unless very large aberrations are detected.

In chapter 6 we examined preliminary laboratory results of image

sharpening on a variety of samples. Many different samples were inves-

tigated, which further demonstrated the performance of the AO systems

and the stability of the correction approach. When image sharpening

was performed on two dimensional samples the results were extremely
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encouraging, with consistent improvements to the image quality which

often revealed new structural information. By calibrating the intrinsic

aberrations beforehand, the sample-induced aberrations were able to be

isolated and measured. On these samples the algorithms produces con-

sistent results over multiple attempts, giving a high degree of confidence

to the final wavefront recorded. We find a variation of aberration across

the field of view, which although well known, was not included in the

simulation model. For future development lower order variations such as

the change in astigmatism would be straightforward to implement.

Finally, in chapter 6 we provided a preliminary analysis of multifocal

imaging for large biological tissues. Despite encouraging results, the

three dimensional sample selected for imaging was eventually deemed

insufficient for measuring the true performance of image sharpening due

to the low spatial frequencies contained in the sample. This made the

impact of aberrations on image quality very low. This is evidenced by

the before and after images when large aberrations were present. As a

result, all metrics trialed proved insensitive, making aberration detection

difficult. Unfortunately, limited laboratory access and limited available

samples made it impossible to test an exemplar sample. Future work

should seek to view a larger range of volumetric samples containing the

finer spatial frequencies that are often lost due to aberrations.

However, the most significant issue encountered through the exper-

imental work was low light levels being exacerbated by the multi-plane

grating. The chromatic aberrations proved to be the limiting factor when

using the diffraction grating to perform volumetric microscopy as sig-

nificant filtering had to be included in the system to correct for this.

Even with filtering employed, the chromatic aberrations still dominated

the system aberrations, making correction with the DM difficult. For

diffraction grating setups convolution is often used to correct chromatic

aberration in cases where filtering is insufficient. As this method relies on

knowledge of the system PSF, it would significantly complicate the anal-

ysis. Although less compact than the diffraction grating, a beamsplitter

setup may have a more viable solution.

167



In this work, we have paved the way toward efficient, robust, and turn-

key AO solutions for multifocal microscopy of large 3D samples. Further

laboratory data is required to reinforce these preliminary results, how-

ever we showed that the use of adaptive optics for multifocal volumetric

microscopy is viable both in theory and in the laboratory.
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Adaptive Optics Systems V, volume 9909, pages 92 – 106. Interna-

tional Society for Optics and Photonics, SPIE, 2016.

[109] Rodolphe Conan and C Correia. Object-oriented matlab adaptive

optics toolbox. In Adaptive optics systems IV, volume 9148, page

91486C. International Society for Optics and Photonics, 2014.

182



[110] M.J. Booth, M.A.A. Neil, and T. Wilson. Aberration correction for

confocal imaging in refractive-index-mismatched media. Journal of

Microscopy, 192(2):90–98, nov 1998.

[111] P. KNER, J.W. SEDAT, D.A. AGARD, and Z. KAM. High-

resolution wide-field microscopy with adaptive optics for spheri-

cal aberration correction and motionless focusing. Journal of Mi-

croscopy, 237(2):136–147, feb 2010.

[112] Benjamin P. Bratton and Joshua W. Shaevitz. Simple experi-

mental methods for determining the apparent focal shift in a mi-

croscope system. PloS one, 10(8):e0134616–e0134616, Aug 2015.

26270960[pmid].

[113] Matthew D. Lew, Steven F. Lee, Jerod L. Ptacin, Marissa K.

Lee, Robert J. Twieg, Lucy Shapiro, and W. E. Moerner. Three-

dimensional superresolution colocalization of intracellular protein

superstructures and the cell surface in live caulobacter crescentus.

Proceedings of the National Academy of Sciences, 108(46):E1102–

E1110, 2011.

[114] T. D. Visser and J. L. Oud. Volume measurements in three-

dimensional microscopy. Scanning, 16(4):198–200, 1994.
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