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Abstract

Microscopy is a vital tool in biomedical research. In deep tissue two-photon

imaging, scattering induces severe wavefront distortions, which degrade

image quality. Adaptive optics is used to restore image quality; however,

conventional continuous modes are insufficient for compensating complex

wavefronts.

This thesis introduces neural-network–based sensorless adaptive optics

methods using pixelated Walsh modes for complex wavefront compensa-

tion. These methods are designed to be robust and more efficient than

conventional algorithms in improving image quality. The neural net-

works exploit the unique geometrical properties of Walsh modes and, in

the machine-learning-assisted wavefront-sensorless adaptive optics con-

trol method (MLAO), also utilize aberration structure information extracted

from extended images. Both approaches can outperform the conventional

2N + 1 algorithm and the sequential 3N algorithm in efficiency for image

quality improvement while maintaining robust performance under various

conditions.

Neural-network-based sensorless adaptive optics methods using Walsh

modes show significant potential for deep biomedical imaging. Their high

efficiency reduces aberration correction time and specimen exposure while

maintaining high image quality, and their robust performance ensures ver-

satility across diverse imaging conditions. These results indicate that com-

bining Walsh modes with neural networks provides a powerful framework



Contents

for advancing sensorless adaptive optics in complex wavefront compensa-

tion.
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Chapter 1

Introduction

Microscopy is an important tool in many research areas for revealing microscale and

even nanoscale structural and functional properties, particularly in biomedical imag-

ing. Two-photon microscopy, owing to its deep imaging depth, three-dimensional spec-

imen reconstruction ability, high signal-to-noise ratio, and low background emission, is

widely used in biomedical applications. However, imaging biological samples with mi-

croscopes often suffers from aberrations and scattering, which degrade image quality,

reduce signal levels, and limit imaging depth. Adaptive optics (AO) has been introduced

as an aberration correction method to restore microscopy image quality, and it has been

extensively developed over the past few decades [1–10]. Many optical components, al-

gorithms, and strategies have been developed in the context of AO. Nevertheless, as the

light beam propagates deeper into inhomogeneous tissue, wavefront distortion becomes

more severe due to scattering, which limits the effectiveness of conventional continu-

ous Zernike polynomials for aberration compensation. In this context, pixelated Walsh

1



1. Introduction

modes are introduced for complex wavefront compensation. Walsh modes and closely

related Hadamard modes have been widely studied, particularly for scattering compen-

sation [11–23].

The unique mathematical properties of Walsh modes present both opportunities and

challenges in their application. Multiple Walsh modes can generate an image-quality

metric space with a lattice-like structure, where the fundamental unit is known as a

Voronoi cell. These mathematical properties have remained largely unexplored. To ex-

ploit them, neural networks are adopted to handle this high-dimensional, lattice-like

metric space—an approach that has not been designed before.

1.1 Research Contributions

The aim of this thesis is to develop a neural-network–based sensorless AO method

capable of compensating discontinuous wavefronts, while being robust and more effi-

cient than conventionally used algorithms.

Neural networks solely based on the lattice-like Strehl ratio metric space were con-

structed, trained, simplified, and optimized. Such a neural network is capable of sur-

passing both the conventional 2N + 1 algorithm [24] and the sequential 3N algorithm

in efficiency, while maintaining high robustness.

To both exploit the mathematical properties of Walsh modes and fully utilize

the aberration structure information contained in images, a machine-learning-assisted

wavefront-sensorless adaptive optics method (MLAO) was constructed and trained. A

scheme for analyzing MLAO was also established, aiming to improve its performance

2



1.1. Research Contributions

and provide guidance for future research. The MLAO can outperform the conventional

algorithms in efficiency while maintaining high robustness.

Both simulations and experiments were conducted to validate the performance of

the proposed neural networks.

The proposed neural-network–based sensorless AO methods utilizing Walsh modes

show promise for deep-imaging scattering compensation. This approach may contribute

to the future design of AO systems that integrate Walsh-related modes with neural net-

works.

3



Chapter 2

Background

2.1 A Brief History of Optical Microscopes

The optical microscope has been an essential instrument across biology, medicine,

materials science, and related fields, due to its ability to reveal structural and functional

properties at the microscale and even nanoscale.

This section provides a concise overview of the development of optical microscopes.

It discusses the motivation for designing such systems, their key components, operating

principles, and the advantages and limitations associated with their use.

2.1.1 Optical Compound Microscope

The optical compound microscope is generally credited to the Dutch lens maker Hans

Janssen and his son Zacharias, who developed it around 1595 [25, 26]. A significant

discovery enabled by the optical compound microscope was the existence of microor-
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2.1. A Brief History of Optical Microscopes

ganisms. It was first made by Robert Hooke and Antoni van Leeuwenhoek between

1665 and approximately 1678. In 1665, Hooke published Micrographia [27], the first il-

lustrated book on microscopy, which highlighted the importance of optical compound

microscopes. He was the first to publicly describe a microorganism, the microscopic

fungus Mucor, and he coined the word ‘cell’ while examining the tiny rooms in cork. He

also refined and described the microscope designs, including improvements in mount-

ing and illumination. Antoni van Leeuwenhoek was the first to observe and describe

bacteria and protozoa. He was able to grind lenses to achieve about 300× magnification

and 1.4 µm resolution. He is often regarded as the ‘first of the microbe hunters’ [25, 26,

28].

Figure 2.1 illustrates the principle of the optical compound microscope. It typically

consists of two lenses: an objective lens and an eyepiece lens. The objective lens forms

an enlarged, inverted, real image of a small object. The eyepiece lens then produces a

larger, inverted, virtual image, which enters the observer’s eye. The total magnification

of the optical compound microscope is the product of the magnifications of the individ-

ual lenses. In practice, objects can typically be magnified by 1000− 1500× [29–32].

Optical compound microscopes offer several advantages, including simplicity, com-

pactness, and ease of use [29]. However, they also present some disadvantages. In this

wide-field microscopic technique, control over the image field of view (FOV), bright-

ness (total image intensity), magnification, and contrast depends strongly on the optical

components and illumination strategy. Additionally, most observations are based on

qualitative microscopic images rather than quantitative measurements [33, 34]. To ad-

dress these limitations, J.Z. Young and F. Roberts presented the idea of a ‘flying-spot

5
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Eye

Eyepiece lens

Real image

Virtual image

Objective lens

Object

f o
'

f o
f e

'
f e

Figure 2.1: A schematic diagram of an optical compound microscope. It contains an
objective lens (focal length f = fo = f ′

o) and an eyepiece lens (focal length f = fe = f ′
e).

The two focal points do not intersect. An object (the small red arrow) forms an inverted,
enlarged real image (the larger red arrow) by the objective lens. Eventually, the light
enters the eye, which forms an inverted, enlarged virtual image (the large pink arrow).

microscope’ in 1951 [33]. This was the first scanning optical microscope, which will be

introduced in Section 2.1.2.

Microscope Objective

The microscope objective is probably the most important component of an optical

microscope, as it largely determines the image quality, resolution, and magnification.
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2.1. A Brief History of Optical Microscopes

Real image

Objective

Object

(a)

Objective

Object

(b)

Figure 2.2: Two types of microscope objective designs: (a) finite conjugate and (b) infinite
conjugate. For clarity, the diagram represents the compound objective lens as a single
lens. In the finite conjugate design, the objective forms a real image at a finite distance.
In the infinite conjugate design, the objective forms a real image at infinity.

Modern objectives consist of a series of internal lenses, rather than a single lens as in

early designs, to achieve high imaging quality and flatness of the field [35]. Objective de-

signs are generally classified into two main types: finite conjugate and infinite conjugate

[36].

In the case of a finite conjugate objective, the real image of the object is formed at

a finite distance. The most significant benefits of this design are cost efficiency and the

ease of adjusting magnification by swapping objective lenses. This design is employed

by most of the optical compound microscopes.

The alternative design is the infinite conjugate objective, in which the real image of
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2. Background

the object is formed at infinity. Although the tube lens needs to be matched when using

this type of objective, it allows the integration of some special optical components, such

as filters, polarizers, beamsplitters, and adaptive optics (AO) [35]. AO is often placed

conjugate to the infinite conjugate objective’s back aperture. This is to ensure a uniform

aberration correction across the whole FOV. By allowing such flexibility, the infinite

conjugate objective greatly extends the functionality and applications of optical micro-

scopes and is therefore widely adopted in scanning optical systems. Illustrations of both

designs are shown in Figure 2.2.

2.1.2 Scanning Optical Microscope

A scanning optical microscope illuminates a small spot on the sample, while a pho-

toreceptor collects the emitted signals. By scanning the spot across the sample and

recording the corresponding positions, the detected signals are digitized and recon-

structed as a two-dimensional (2D) image for display. In their original work, J.Z. Young

and F. Roberts outlined several advantages of using such a microscope design: it allows

the control of imaging FOV, brightness, magnification, and contrast, which facilitates

the visualization of fine details; it improves resolution by eliminating interference of

scattered light from adjacent structures; it enables more straightforward quantitative

analysis; and it suggests the possibility to probe the samples with invisible light [33, 34].

8



2.1. A Brief History of Optical Microscopes

2.1.3 Fluorescence Microscope

The fluorescence phenomenon has been known for a long time [37]. In 1852, George

Gabriel Stokes observed that the emitted fluorescence wavelengths were always longer

than those of the excitation light [38]. He also introduced the term ‘fluorescence’. In

1873, Ernst Abbe proposed the limitations of using transmitted light in microscopes,

and in 1874, Herman von Helmholtz suggested that fine structures could be more easily

distinguished if they emitted light. These insights made fluorescence a favorable method

for microscopy [39].

In 1911, Oskar Heimstädt and Hans Moritz Lehmann developed the first fluorescence

microscope as the outgrowth of the ultraviolet microscope. The early stage fluorescence

microscopes, however, were limited by reliance on object autofluorescence, use of dark-

field condensers, and transmitted illumination [40]. These challenges were addressed

by Max Haitinger, who introduced the use of exogenous fluorescent dyes. The devel-

opment of this ‘secondary fluorescence’ method played a vital role in the design of the

epi-fluorescence microscope, which enabled light-efficient biomedical imaging, even in

living opaque samples.

The epi-fluorescence microscope was designed by Philipp Ellinger and August Hirt

in 1929 [40]. In this configuration, the light source and objective are positioned on the

same side of the sample. Excitation light passes through the objective to illuminate the

sample, and the emitted fluorescence is collected through the same objective [40]. An

important innovation in this design is the dichroic beamsplitter (DBS), which allows effi-

cient separation of excitation and emission light. An illustration of this epi-fluorescence

9
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microscope excitation and emission pathway is shown in Figure 2.3.

Focal plane

Objective

Detector

Light
source

DBS

Figure 2.3: Epi-fluorescence microscope excitation and emission pathway. Excitation
light is reflected by the DBS, focused through the objective, and excites fluorescence at
the focal plane. Emitted fluorescence is collected by the same objective, passes through
the DBS, and is eventually detected.

The evolution of fluorescent labelling methods has greatly accelerated the develop-

ment of fluorescence microscopy as well. Organic chemists have designed a wide range

of fluorescent probes for diverse biological applications [41]. Since the 1960s, the green

fluorescent protein (GFP) was discovered and subsequently developed [42]. The cloning

of the GFP gene [43, 44] and the development of a family of related proteins with distinct

spectra [45] made them indispensable tools for genetically tagging proteins in cells of all

living organisms in vivo [42, 46]. The fluorescent proteins, organic dyes, and secondary
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2.1. A Brief History of Optical Microscopes

antibodies are now widely employed for protein and structure localization in cells and

tissues, as well as for monitoring rapid dynamics in living cells [47].

Consequently, owing to their high signal-to-noise ratio (SNR), high sensitivity, and

high specificity, fluorescence microscopes have become reliable and popular tools in

biological research.

2.1.4 Confocal Microscope

The confocal microscope was invented by Marvin Minsky in 1955 [48, 49]. Its basic

principle is to position the detection pinhole conjugate to the focal spot in the sample,

thereby rejecting out-of-focus light before it reaches the photoreceptor. The first con-

focal microscope utilized the brightest light source available in the 1950s—a carbon arc

[49]. Then in 1960, Theodore Maiman invented the first optical laser, marking the be-

ginning of a new era of microscopy [50]. In 1969, Paul Davidovits and M. David Egger

designed and built the confocal laser scanning microscope (CLSM) [51]. By incorpo-

rating a laser light source, which is highly monochromatic, collimated, and bright, the

CLSM enables the formation of extremely small, high-intensity focal spots in tissue [34,

52, 53].

Figure 2.4 presents a schematic diagram of a confocal microscope. Conjugation of

the pinhole with the focal point effectively eliminates out-of-focus light.

The CLSM offers several advantages, including increased imaging resolution in deep

tissue and the ability to perform three-dimensional (3D) reconstruction by optical sec-

tioning [47]. Although the CLSM technique has improved the image quality and pen-

11
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Photodetector

DBS

Lens

Pinhole

Focal plane

Objective

Figure 2.4: Schematic of a confocal microscope. All light-propagating directions are an-
notated with corresponding coloured arrows. The excitation beam is reflected by the
DBS and focused into the sample, illustrated as a blue transparent light path. Emitted
fluorescence, with a longer wavelength than the excitation laser, passes through the DBS
and is depicted as a green transparent light path. The pinhole in front of the photodetec-
tor is conjugate to the focal spot, allowing in-focus fluorescence to reach the detector.
Out-of-focus emission, shown as pink and red dotted lines, is blocked by the pinhole
and not detected.

etration depth, when imaging at greater depths (beyond 100 µm), the imaging process

becomes increasingly challenging. Tissue diffraction, refraction, and especially scatter-

ing can all reduce those qualities [54]. In this case, the idea of combining nonlinear

optical phenomena, such as high-order harmonic generation and multiphoton fluores-

cence excitation, with scanning optical microscopy was proposed and demonstrated by

Sheppard et al. [55–58]. Building on this foundation, Winfried Denk and colleagues

12



2.1. A Brief History of Optical Microscopes

made two-photon laser scanning fluorescence microscopy (2PLSM) technically feasible

in 1990 [59].

2.1.5 Two-Photon Laser Scanning Fluorescence Microscope

In general, the working principle of multiphoton microscopy is based on the ‘local-

ized nonlinear light-matter interaction’ that generates signals [54]. 2PLSM relies on the

process of two-photon absorption (2PA), which was theoretically analyzed by Göppert-

Mayer in 1931 [60] and experimentally demonstrated by W. Kaiser and C. G. B. Garrett

in 1961 [61]. In the 2PA process, two photons of identical energy are absorbed nearly si-

multaneously (less than 0.5 fs) by one molecule in its ground state, exciting it to a higher

energy state. The excited molecule emits the energy as fluorescence and returns to the

ground state [54, 60]. Figure 2.5 compares 2PA and one-photon absorption (1PA), in

which a single, high-energy photon excites the molecule and produces the same emis-

sion. A key distinction between 2PA and 1PA is that 2PA depends quadratically on the

incident light intensity, whereas 1PA depends linearly. This quadratic dependence leads

to several advantages in utilizing this 2PA process.

The main advantages of 2PLSM are as follows. First, it typically uses femtosecond

near-infrared lasers with wavelengths from 700 nm to 1000 nm. Longer wavelengths are

less susceptible to tissue scattering and hence allow deeper penetration [54, 60, 62].

Second, because 2PA depends quadratically on the incident laser intensity, regions

outside the focal volume receive insufficient intensity to induce significant fluorescence.

The spatial confinement to the perifocal region of the 2PA, which is referred to as lo-
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First electronic excited state

Electronic ground state

Excita�on photon Emission photon

Vibra�onal relaxa�on

One-photon excita�on

Fluorescence emission

(a)

First electronic excited state

Electronic ground state

Excita�on photons Emission photon

Vibra�onal relaxa�on

Two-photon excita�on

Fluorescence emission

(b)

Figure 2.5: Jablonski diagrams of (a) 1PA and emission processes, and (b) 2PA and emis-
sion processes. (a) In 1PA, a single photon is absorbed, exciting the molecule to the first
electronic excited state. Through a vibrational process, the molecule relaxes to the lowest
energy level of that state. Fluorescence emission then returns the molecule to the ground
state, releasing a single photon. (b) In 2PA, two photons of the same energy are absorbed
nearly simultaneously via a temporary intermediate state, exciting the molecule to the
first electronic excited state. After vibrational relaxation, fluorescence emission returns
the molecule to the ground state, releasing a single photon.

calized nonlinear light-matter interaction, enables 2PLSM to achieve optical sectioning

without a pinhole and greatly reduces out-of-focus photobleaching. In contrast, 1PA

produces emission throughout the entire excitation light cone. A comparison is shown

in Figure 2.6. The absence of 2PA in the out-of-focus region reduces the background

emission and improves the SNR.

A schematic diagram of the 2PLSM is shown in Figure 2.7. The excitation laser is typ-

ically chosen in the near-infrared range to match the absorption properties of commonly

used fluorescent labels. To enhance the efficiency of 2PA, which requires a high pho-

ton density in the temporal domain, a pulsed laser with a pulse width of approximately

100 fs to 200 fs and high peak intensity is used, usually provided by a mode-locked laser

14
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One-photon excitation Two-photon excitation

Figure 2.6: Comparison of linear and nonlinear emission volumes. The left cone shows
one-photon excitation, where emission occurs throughout the entire light cone (the
green cone). The right cone shows two-photon excitation, where near-infrared light
excites fluorescence only within the focal region (the green spot).

Figure 2.7: A schematic diagram of a 2PLSM. All light-propagating directions are anno-
tated with corresponding coloured arrows. The laser beam is modulated by the scanner,
reflected by the DBS, and focused into the tissue, illustrated by the red transparent light
path. Two-photon emission occurs only in the focal region. The emitted fluorescence is
then collected by the objective, passes through the DBS, and is detected by the photode-
tector. The emission path is illustrated by the green transparent light path.
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[54]. A high numerical aperture (NA) objective is also employed to increase the spatial

photon density (see Section 2.2.2 for the NA definition). The laser beam is focused into

the tissue, where 2PA occurs exclusively in the focal region. The resulting fluorescence,

emitted at a shorter wavelength than the excitation light, passes through the DBS and

is collected by the photodetector.

2.2 Numerical Modeling of Optical Systems

In this section, we derive basic numerical models. These models are essential for

microscopy method design, as they provide fundamental theoretical understanding prior

to hardware implementation.

2.2.1 Models of Light

Light is electromagnetic radiation, which can be described using three models: ray,

wave, or particle. They are modeled with different limitations and applied in different

situations.

Light can be modelled as rays. Rays represent straight-line paths along which energy

is transmitted from the light source to the energy receptor. When interrupted by an

opaque obstacle, no energy reaches the receptor [63]. This model forms the basis of

geometrical optics [64, 65].

The wave model, derived from Maxwell’s equations, describes light as a transverse

electromagnetic wave. It is essential for explaining phenomena such as interference,
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diffraction, and polarization [63, 66–68]. This model serves as the primary framework

in this thesis.

However, classical wave theory alone could not explain some phenomena, including

nonlinear optical effects such as 2PA. To address this, the particle model of light was

introduced, treating light as discrete energy packets—photons. This model highlights

the particle-like nature of light and underpins the principle of wave–particle duality.

Within this framework, light–matter interactions involving quantized energy transfer

can be successfully explained [63, 69].

Wave Model of Light

In a linear, isotropic, homogeneous, and nondispersive dielectric medium, assuming

no free charges or currents, Maxwell’s equations reduce to the following form (expressed

in SI units) [66]:

∇ · ϵE⃗ = 0 ∇ · µH⃗ = 0

∇× E⃗ = −µ
∂H⃗

∂t
∇× H⃗ = ϵ

∂E⃗

∂t

In the above equations, E⃗ and H⃗ denote the electric and magnetic field vectors, respec-

tively. Both are functions of time t and position r⃗. The parameters µ and ϵ represent the

permeability and permittivity of the propagation medium. The operators × and · denote

the vector cross and dot products, respectively. The differential operator is given by:

∇ =
∂

∂x
x⃗+

∂

∂y
y⃗ +

∂

∂z
z⃗

Here, x⃗, y⃗, and z⃗ are the unit vectors along the x, y, and z directions. The position vector
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is defined as:

r⃗ = x · x⃗+ y · y⃗ + z · z⃗

Then we do:

∇× (∇× E⃗) = ∇× (−µ
∂H⃗

∂t
)

And consider [66]:

∇× (∇× E⃗) = ∇(∇ · E⃗)−∇2E⃗

We can derive the wave equation for the electric field in a medium:

∇(∇ · E⃗)−∇2E⃗ = −µ∇× ∂H⃗

∂t

−∇2E⃗ = −µ
∂(∇× H⃗)

∂t

−∇2E⃗ = −µϵ
∂

∂t
(
∂E⃗

∂t
)

−∇2E⃗ = −µϵ
∂2E⃗

∂t2
(2.1)

We define a wave propagating along the z-axis. The equation is:

−∂2E⃗

∂z2
= −µϵ

∂2E⃗

∂t2
(2.2)

A harmonic (monochromatic) wave solution to the above equation can be expressed as:

E⃗(z, t) = E⃗0e
j(kz−ωt) (2.3)

In Equation 2.3, ω is the angular frequency, and E⃗0 is the original electric field. The wave

number k is defined as:

k =
2π

λ
(2.4)
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By combining Equation 2.2 and Equation 2.3, we obtain:

k2 = ω2µϵ (2.5)

Additionally, the refractive index of the medium can be calculated as:

n =

√
µϵ

µ0ϵ0
(2.6)

Here, µ0 and ϵ0 denote the permeability and permittivity of free space, respectively. The

wave number k can then be calculated as:

k = ωn
√
µ0ϵ0 (2.7)

2.2.2 Diffraction and Fourier Optics

Diffraction and Approximations

Diffraction is the deviation of light from rectilinear propagation when it encounters

an obstruction [70]. The first theory explaining diffraction was proposed by Christian

Huygens in 1678. He stated that if each point on a wavefront (see Section 2.2.3 for

definition) is considered a source of a secondary spherical wave, then the wavefront at a

later instant is constructed as the ‘envelope’ of all these secondary spherical waves [66].

The ideas of Huygens and Thomas Young (who brought the concept of interference)

were mathematically merged by Augustin Jean Fresnel for near-field diffraction in 1818.

Then Joseph von Fraunhofer simplified these formulas for far-field diffraction. In 1882,

Gustav Kirchhoff derived a rigorous diffraction formula directly from the wave equation,

thereby justifying the Huygens-Fresnel principle [66].
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We assume that the primary wavefront lies in the plane z = 0, with its normal

parallel to the z-axis [71]:

E(x2, y2) =
−j

λ

∫ ∫ (
1 + cosθ

2

)
ejkr

r
E(x1, y1)dx1dy1 (2.8)

r =
√

(x2 − x1)2 + (y2 − y1)2 + z2

λ is the wavelength, k is the wave number, r is the distance between a point (x2, y2, z)

on the secondary wavefront and a point (x1, y1, 0) on the primary wavefront, and θ is

the angle between the normal to the primary wavefront and the vector r⃗.
(
1 + cosθ

2

)
is the obliquity factor given by Kirchhoff.

If |x2 − x1| and |y2 − y1| are much smaller than z, a Taylor expansion gives:

r ≈ z +
(x2 − x1)

2 + (y2 − y1)
2

2z

In this case, the distance r in the denominator of e
jkr

r
can be approximated as z, and the

angle θ is sufficiently small so that the obliquity factor can be approximated as 1. Then

the Equation 2.8 can be written as:

E(x2, y2) ≈
−jejkz

λz

∫ ∫
ejk[

(x2−x1)
2+(y2−y1)

2

2z
]E(x1, y1)dx1dy1 (2.9)

This is the Fresnel approximation.

If we further approximate that:

z ≫ k

2
max(x2

1 + y21) (2.10)

max(x2
1 + y21) represents the square of the incident aperture radius (assuming a circular

aperture). Equation 2.10 describes the far-field condition, which holds when the propa-

gation distance z is much greater than the square of the incident aperture radius. Under
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this approximation:

E(x2, y2) ≈
−jejkz

λz
ejk(

x22+y22
2z

)

∫ ∫
e−jk(

x1x2+y1y2
z

)E(x1, y1)dx1dy1 (2.11)

We can have the Fraunhofer approximation.

If we define u =
kx2

z
and v =

ky2
z

, we obtain:

E(u, v) ≈ −jejkz

λz
e

jz(u2+v2)
2k

∫ ∫
e−j(x1u+y1v)E(x1, y1)dx1dy1 (2.12)

The above Fraunhofer approximation takes the form of a Fourier transform. It can be

written as:

E(u, v) ∝
∫ ∫

e−j(x1u+y1v)E(x1, y1)dx1dy1 ∝ FT [E(x1, y1)] (2.13)

where FT denotes the Fourier transform operation. This approximation is valid only

when the far-field condition is satisfied. The Fresnel number F is defined based on

Equation 2.10:

F =
k

2z
max(x2

1 + y21) (2.14)

The approximation of Equation 2.11 is valid when F ≫ 1, corresponding to the far-field

condition, whereas Equation 2.9 applies when F ≈ 1 [71].

Thin Lens Model

We assume a thin, double-convex (converging) lens with spherical surfaces at z = 0.

The coordinates on the lens pupil plane are (x1, y1). The phase transmission is given by

[71]:

tphase(x1, y1) = e−j k
2f

(x2
1+y21) (2.15)
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f is the focal length of the thin lens. And the amplitude transmission is given by:

tamp(x1, y1) =


1
√

x2
1 + y21 ≤ 1

0
√
x2
1 + y21 > 1

(2.16)

By combining Equation 2.9, Equation 2.15, and Equation 2.16, and applying the

paraxial approximation (assuming waves travel close to the optical axis at small angles)

with z = f , we obtain:

E(x2, y2) ≈
−jejkf

λf
ejk(

x22+y22
2f

)

∫ ∫
e−jk(

x1x2+y1y2
f

)E(x1, y1)tamp(x1, y1)dx1dy1

∝
∫ ∫

e−jk(
x1x2+y1y2

f
)E(x1, y1)tamp(x1, y1)dx1dy1 (2.17)

The above equation also takes the form of a Fourier transform. By defining u =
kx2

f

and v =
ky2
f

, we obtain:

E(u, v) ∝ FT
[
E(x1, y1)tamp(x1, y1)

]
(2.18)

This thin-lens model is valid only under the paraxial approximation and for small nu-

merical aperture (NA) conditions (NA < 0.5) [71]. The NA is defined as:

NA = n

√
max(x2

1 + y21)

f
(2.19)

n is the medium refractive index.

Although a vectorial lens model exists for diffraction analysis in high NA situations,

which provides a full 3D electric field solution at the focal plane, the thin-lens scalar

model offers a good approximation when the polarization state is not explicitly con-

sidered. This approximation does not significantly affect the results and is therefore

adopted throughout this thesis.
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2.2.3 Phase Property

By extracting the temporally invariant part of Equation 2.3, we obtain [71]:

ejkz = ej(Φ+2πm) = ejΦej2πm = ejΦ m ∈ Z (2.20)

Φ denotes the spatial phase. In a propagating beam, a set of points where the waves

have the same spatial phase Φ of the sinusoid is defined as the wavefront (by Euler’s

formula, ejΦ = cos(Φ) + j sin(Φ)) [72]. For a collimated beam, a flat wavefront is

usually considered aberration-free.

Given that k = ωn
√
µ0ϵ0, when waves in a collimated beam with a flat wavefront

propagate through a medium with inhomogeneous refractive index n, the phase be-

comes:

Φ = kz = ωn
√
µ0ϵ0z (2.21)

The angular frequency ω remains constant. Consequently, different portions of the beam

acquire different spatial phase shifts, distorting the initially flat wavefront and introduc-

ing aberrations. These aberrations degrade image quality, reduce signal levels, and limit

penetration depth. Such distortions can be corrected using well-established AO, which

is the central focus of this thesis. Further discussion on how distorted wavefronts impair

the image quality is provided in Section 2.2.5.

2.2.4 Interference and Coherence

When two waves are combined, their complex amplitudes are superimposed, tak-

ing into account the phase difference between them. This phenomenon is known as
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interference. If the waves are in phase, the resulting amplitude increases, producing

constructive interference; if the waves are out of phase, the resulting amplitude de-

creases, producing destructive interference [68]. Coherence expresses the potential for

two waves to interfere, which can be categorized into two types: spatial coherence and

temporal coherence.

Spatial coherence describes the degree of correlation between waves at different

points in space, measured at the same time. Similarly, temporal coherence describes

the degree of correlation between waves at the same spatial point but at different times.

Considering the temporal part of the light wave model (see Equation 2.3), we have: ejωt,

where ω is the angular frequency. From Equation 2.4 and Equation 2.5, it follows that:

ω =
k

√
µϵ

=
2π

λ
√
µϵ

(2.22)

High temporal coherence corresponds to a narrow frequency spectrum, which also im-

plies a narrow wavelength spectrum, as in the case of monochromatic light.

Although coherence is fundamental in many optical applications, this thesis focuses

on incoherent imaging systems. Incoherent imaging systems allow the imaging process

to be formulated using linear system theory. This approach includes the two-photon

microscope used in this thesis. [73].

2.2.5 Point Spread Function

The point spread function (PSF) is the impulse response of a focused, isoplanatic (the

PSFs formed by different points at the focal plane are the same), linear optical system.

It corresponds to the diffraction pattern formed in the image plane by a point source at
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the focal plane and characterizes its normalized intensity distribution [73]. In an ideal

scenario with no aberration, the PSF is diffraction-limited. The PSF is calculated using

the diffraction integral described in Section 2.2.2, which is given by the squared modulus

of the Fourier transform of the thin lens pupil function [74].

The functional form of the diffraction-limited PSF is [73]:

PSF(r) =
[
2
J1
(
2πNA
λ

r
)(

2πNA
λ

r
) ]2 (2.23)

J1 is the first-order Bessel function of the first kind, λ is the wavelength, NA is the nu-

merical aperture, and r is the radial distance from the center of the image plane. This

function is valid under the far-field condition, where Fraunhofer diffraction applies. The

resulting intensity distribution is referred to as the Airy pattern. The Airy pattern, which

plays a central role in defining the diffraction-limited resolution. Resolution is com-

monly defined as the minimum separation distance between two point sources at which

they can still be distinguished as distinct. It characterizes the ability of the imaging

system to resolve structural details. Two major criteria are employed to quantify this

distance: the Abbe distance and the Rayleigh criterion. The Abbe distance is:

rAbbe =
λ

2NA
(2.24)

which can be approximated by the full width at half maximum (FWHM) value of the

central bright spot of the Airy pattern — the Airy disk.

According to the Rayleigh criterion, the resolution is the distance from the centre of

the Airy pattern to the first minimum value:

rRayleigh ≈ 0.61λ

NA
(2.25)
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The PSF can be used not only to evaluate the imaging quality of a system but also to

model the image formation process. Based on the discussion in Section 2.2.2, in a one-

photon system, the PSF is calculated as the squared modulus of the Fourier transform of

the objective pupil function. Within the linear system framework, the image (Img) can

be simulated as the convolution of the PSF (PSF ) with the object function (Obj):

PSF ∝ |FT [P(x1, y1)] |2 (2.26)

Img ∝ PSF ∗Obj (2.27)

Here, P(x1, y1) denotes the objective pupil function. ∗ represents the convolution op-

erator. Equations 2.26 and 2.27 illustrate how aberrations affect image quality. If the

wavefront at the objective pupil is distorted, or if distortion occurs within the imaging

sample, the resulting PSF deviates from the diffraction-limited case and becomes aber-

rated, leading to degraded image quality. For further details, see Section 2.3.1.

In 2PLSM, the two-photon fluorescence intensity depends quadratically on the inci-

dent light intensity (see Section 2.1.5). Consequently, when simulating the 2PLSM image

formation process, the PSF is computed as the fourth power of the modulus of the Fourier

transform of the objective pupil function.

The simulated images of the diffraction-limited and aberrated PSFs are shown in

Figure 2.8(a), for a one-photon system. In the diffraction-limited PSF image, the central

bright spot corresponds to the Airy disk, and the surrounding dim concentric rings to-

gether form the Airy pattern. In the aberrated PSF image, the central spot is dim, and

the outer rings are distorted. Figure 2.8(b) illustrates image formation by convolving the
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(a)

(b)

Figure 2.8: (a) Top: Diffraction-limited PSF. Bottom: Aberrated PSF. In both surface
plots, the height represents intensity, and the color scale also encodes intensity, with
blue indicating zero and yellow indicating maximum. (b) Object (left), convolution of
the object with the diffraction-limited PSF (middle), and convolution of the object with
the aberrated PSF (right).
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PSF with the object: when using the diffraction-limited PSF, two point sources remain

distinguishable, whereas convolution with the aberrated PSF produces a blurred image

in which the points cannot be resolved.

2.3 Adaptive Optics

Optical microscopes are indispensable in biomedical imaging; however, achieving

optimal image quality is often hindered by aberrations originating from the sample, the

optical system, or other sources. Adaptive optics (AO), originally developed in astron-

omy to correct atmospheric distortions [75], has been applied to microscopy to compen-

sate for these aberrations.

In this section, the nature of aberrations is introduced and the fundamental concepts

of AO are discussed.

2.3.1 Sources and Effects of Phase Aberrations in Microscope

Imaging

Aberration can be broadly defined as the deviation of light from its ideal form. In

the context of AO, it is typically considered a deviation of the wavefront phase from its

ideal form. For a collimated beam, the ideal wavefront is planar. When such a beam is

focused by an ideal lens, the rays converge to a single point, and the planar wavefront

becomes a spherical cap.

Aberrations can arise from various sources within the optical system, such as sys-

28



2.3. Adaptive Optics

tem misalignment [76], low-quality optical components, poor system design, operation

outside design specifications (for example, wavelength or temperature) [77], or sample

mounting. Even in the absence of these factors, optical components are never perfect

and inherently introduce aberrations.

Specimens can also introduce aberrations. A common example occurs when light

is focused through two media with different refractive indices separated by a planar

interface, leading to refraction at the interface. The resulting focal shifts and spherical

aberrations are the primary consequences, and are common in applications such as the

use of immersion objectives with a mismatched immersion medium or cover glasses of

incorrect thickness [3]. Numerous research studies have investigated these effects [76,

78–84].

Inhomogeneous refractive indices within the specimen can also induce aberrations.

As light propagates through such regions, rays undergo unpredictable diffraction and

refraction, broadening the focal spot and distorting the wavefront. This degrades image

resolution and distorts structural visualization. It also reduces excitation intensity at

the focus, thereby compromising signal generation, lowering optical efficiency, reducing

SNR, and limiting penetration depth.

The wavefront distortions caused by refractive index inhomogeneities are complex,

with both their magnitude and complexity increasing with imaging depth. These in-

homogeneities vary not only among specimens but also across different regions of the

same specimen, rendering generalized solutions such as correction collars ineffective.

This limitation underscores the necessity of AO in biomedical microscopy for aberra-

tion correction.
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Physical illustrations of these processes are presented in Figure 2.9.

Figure 2.9: Focus and wavefront shapes for different aberration sources. Red lines denote
light rays, and red dashed lines represent the wavefront. Left: In the ideal case, all light
rays converge to a single point, and the planar wavefront forms a spherical cap. Middle:
Imaging through an inhomogeneous specimen (shown in black) broadens the focal spot
and distorts the wavefront. Right: A refractive index mismatch between media refracts
the light, shifting the focal point and introducing spherical aberrations.

2.3.2 Adaptive Optics Elements

The aim of AO is to restore the wavefront phase to its ideal form. The correction

is achieved by introducing equal but opposite phase profiles that cancel the aberrations

described in the previous section. This is accomplished by using adaptive elements.

Adaptive elements are controlled via programmable instructions to modify their optical

properties and generate the desired compensation phase profiles [3, 4, 10, 85–87]. There

are two major types of widely used adaptive elements: the deformable mirror (DM) and

the spatial light modulator (SLM). In addition to these, a promising new type of adaptive

elements, the deformable phase plate (DPP), has been introduced. Each type operates

on distinct principles and is suited to specific applications, with respective advantages

and limitations.
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Deformable Mirror

(a)

(b)

(c)

Figure 2.10: Continuous DM (a) and segmented DMs (b) and (c). DMs (a) and (b) mod-
ulate phase, whereas DM (c) modulates both phase and direction. Light blue regions
indicate reflective mirror surfaces. Dark blue regions represent electrodes that drive the
actuator arrays, deforming the surface to generate the desired compensation phase pro-
file.

The DM consists of micromechanical arrays of electronically addressable actuators

and reflective surfaces [88, 89]. The overall surface profile can be modified via pro-

grammable configurations of the actuators. The actuators are driven by electrostatic,

electromagnetic, or piezoelectric forces. Reflected light from the surface is modulated

in phase and/or direction [90]. Most DMs have a continuous surface, though segmented

ones are also available.
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Each reflective surface, with suitable coatings, can reflect over 95% of the incident

light. The reflective nature of DMs allows low energy loss, polarization independence,

and broadband operation. DMs with tens to hundreds of actuators, coupled with appro-

priate electronic drivers, can operate at frequencies up to several kilohertz, generally

faster than other adaptive elements [91]. Illustrative figures of the DMs are shown in

Figure 2.10.

Spatial Light Modulator

Figure 2.11: Schematic of the SLM. Red arrows represent incident and reflected light rays
(shown at an angle since the SLM operates in reflection mode), and red dashed lines indi-
cate the wavefronts before and after modulation. Ellipses denote LC molecules. Incident
light passes through the transparent cover glass and electrode layer (light yellow beneath
the blue cover glass), then enters the LC layer, where modulation occurs. The refractive
index of each pixel is controlled by its corresponding electrode (light yellow rectangles
above the gray silicon-based control electronics). The applied voltage decreases from left
to right. In the rest state (no applied voltage), LC molecules align parallel to the surfaces;
with increasing voltage, they incline progressively toward the surface normal. Reflected
light from the mirror coating (dark blue layer above the control electrode array) is further
modulated by the LC layer before exiting the device, restoring the distorted wavefront
to a planar form.
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Flat

-:

0

:

(a)

Blazed Grating

-:

0

:

(b)

Figure 2.12: Hologram images of the SLM. (a) Blazed gratings (stripes) appear only in
the inactive background region, while the active circular region remains flat. (b) Blazed
gratings are present in both the active and background regions.

The term SLM most commonly refers to a liquid-crystal-on-silicon (LCOS) device,

described comprehensively in [92].

Liquid crystals (LCs) are fluid-like materials with molecules arranged in regular or-

der [92]. The molecules can be represented as slender rods, whose long axes are mostly

aligned. When an electric field is applied, the molecules incline toward the field. Be-

cause of the anisotropic nature of LCs, the refractive index varies with the molecular

alignment. This phenomenon is known as the electro-optic birefringence effect [93].

SLM operation relies on this principle [94].

A schematic of the SLM is shown in Figure 2.11. The refractive index is controlled
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pixel by pixel using an electrode array. The incident wavefront is modulated by the LC

layer according to a prescribed refractive index profile.

SLMs usually operate in reflection mode, providing phase-only spatial modulation.

For pure phase modulation, the incident light should be linearly polarized and aligned

with the fast axis of the SLM device. Other types of SLMs are reviewed in detail in [93].

The pixelated structure of the SLM also functions as a 2D grating, producing both

unmodulated zeroth-order and higher-order diffraction patterns. To surpass the zeroth-

order diffraction light and improve modulation efficiency, blazed gratings are often in-

corporated into the SLM surface pattern. In this configuration, a spatial filter, such as a

pinhole, selectively transmits the high-intensity, stable, modulated first-order (positive)

diffraction light while blocking other orders. Figure 2.12 shows hologram images of the

SLM with and without the blazed grating.

SLMs enable high-resolution wavefront compensation, with up to about ten million

pixels, making them suitable for correcting complex aberrations [93]. However, their op-

tical efficiency is reduced by diffraction, and their polarization sensitivity limits certain

applications.

Deformable Phase Plate

The DMs and SLMs described above usually operate in reflection modes. In this

configuration, the optical paths should always be folded. To simplify system design, re-

searchers have been working on designing and constructing transparent, plug-in devices

[95–97]. One such device is the deformable phase plate (DPP). It consists of a high-

refractive-index liquid chamber sealed between a soft, continuous transparent mem-

brane and a solid glass substrate. The glass substrate contains multiple transparent pix-
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Figure 2.13: Schematic of the DPP. A high-refractive-index fluid (light blue) is enclosed
between a conductive transparent membrane (dark blue) and a glass substrate (gray).
Voltage applied to the transparent electrodes (yellow blocks) displaces the corresponding
membrane regions, modulating the wavefront (red dashed lines) of the transmitted light
(red arrows).

elated electrodes. When voltage is applied, the corresponding region of the conductive

membrane is displaced via electrostatic actuation [98], altering the optical path length

and modulating the wavefront phase according to Equation 2.21.

This device offers several benefits: it is easy to integrate, polarization-independent,

compact, high-resolution, and scalable [98]. However, as a newly designed device, the

resolution and speed are not comparable to conventional SLMs and DMs. Further details

are provided in [99–102]. A schematic of the DPP is shown in Figure 2.13.
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2.3.3 Adaptive Optics Implementation

Wavefront Sensors

Wavefront sensors are broadly categorized into two types: those based on geomet-

rical optics [103–105] and those based on diffractive optics [106–108].

A typical geometrical-optics-based wavefront sensor is the Shack-Hartmann sen-

sor (SHS). The typical configuration of SHS consists of a microlens array and a charge-

coupled device (CCD) camera [109]. The microlenses sample the incident wavefront

and focus it onto the focal plane, where the CCD is placed. Wavefront gradients are de-

termined by measuring displacements of the focal spots relative to reference positions

formed by a plane wavefront [110–112]. This method requires a point-like light source

and is therefore not universally applicable to all specimens [113–116]. A schematic of

the SHS is shown in Figure 2.14.

Figure 2.14: Fundamental configuration and operating principle of a SHS. An aberrated
wavefront is sampled by a microlens array onto a CCD. Light blue spots indicate refer-
ence positions for a planar wavefront, while dark blue spots show positions after sam-
pling the aberrated wavefront. The displacements, ∆x and ∆y, are measured to deter-
mine local wavefront gradients.
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Diffractive-optics-based interferometers operate by interfering a distorted wavefront

with a reference planar wavefront to measure the phase difference. Because this method

relies on interference, it requires spatially coherent light and is normally used for DM

calibration or illumination beam measurement. Several techniques can extract the dis-

torted wavefront from the interference pattern. A common approach is off-axis digital

hologram reconstruction: Fourier-transform the interference pattern and identify the

first-order side lobes that encode frequency information. One side lobe is then shifted

to the origin, followed by an inverse Fourier transform. This procedure yields the phase

profile of the distorted wavefront [117]. Moreover, phase-shifting interferometry, which

can eliminate the intrinsic phase sign ambiguity in a single interference measurement,

has become a standard wavefront sensing technique [118–120]. By recording multiple

interferograms with various phase shifts of the reference wavefront, the distorted wave-

front can be calculated without the requirement of a known reference wavefront. The

concept of this technique is also used in Section 3.4.1.

Sensorless Adaptive Optics

Wavefront-sensorless adaptive optics (sensorless AO) determines correction aberra-

tions indirectly through a series of image measurements, each acquired with a different

aberration—the ‘bias aberration’—introduced by the adaptive element. Image quality

optimization serves as the criterion guiding adjustments of the adaptive element [121].

Although speed is its main limitation, sensorless AO offers significant advantages.

It requires minimal modifications to microscope hardware, making it cost-effective and

avoiding cumbersome optical designs. It also eliminates non-common path errors (Fig-

ure 2.15) [122]. Moreover, optical efficiency is improved because all light is used for
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imaging rather than diverted to a wavefront sensor. Finally, sensorless AO is applicable

in scenarios where wavefront sensors cannot be used, such as in scattering tissues or

under extremely low-light conditions. This thesis investigates and advances sensorless

AO.

Figure 2.15: Non-common path error in wavefront sensing (detection path). Each optical
path contains distinct elements that introduce different aberrations, illustrated by the
dashed block—aberrations exist only in the wavefront sensing path. Consequently, the
aberrations detected by the wavefront sensor differ from those at the imaging detector.

2.4 Sensorless Adaptive Optics

The following section discusses the three main components of the sensorless AO

scheme: the pupil function decomposition method for applying bias aberrations, the

image-quality metric, and the estimation algorithm for obtaining the desired compen-

sation phase shape.
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2.4.1 Pupil Function Decomposition

The pupil function decomposition methods can be classified into three common ap-

proaches: the pixelated piston-based method, the pupil-segmentation zonal method, and

the modal method [123].

Pixelated piston-based method

(a) (b)

Figure 2.16: Pixelated piston-based method. (a) When imaging through an aberrating
medium, the waves become out of phase, causing destructive interference and reduced
image intensity. (b) By adjusting the piston of each mirror element on a segmented DM
or the refractive index of each SLM pixel, the phase differences among the waves are
corrected, ensuring constructive interference at the focal point and increasing image
intensity. This procedure is repeated for every pixel on the adaptive element.

In the pixelated piston-based method, the pupil phase function is discretized into pix-

els, each assigned a constant piston value that can be individually controlled. In piston-

only correctors, as shown in Figure 2.16, each mirror element of a segmented DM or each

individual SLM pixel’s refractive index is adjusted to restore constructive interference

at the focal point, with maximized image intensity serving as the optimization criterion.

In some applications, the phases of selected pixels are modulated at distinct frequencies.
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The resulting intensity is recorded as a video, and a Fourier transform is then applied to

extract the phase information of each pixel [124–126].

Zonal method

(a) (b)

Figure 2.17: Zonal method. A single pupil zone is illuminated and modulated here, with
a point object for clarity. (a) In the presence of aberrations, the image shifts, shown as
the dark blue spot, while the light blue spot represents the desired image position. (b)
The image displacement determines the tilt of each mirror segment, ensuring that all
rays converge at the same focal point. The shifted image (light blue spot) is corrected to
the desired position (dark blue spot) via mirror segment tilt. This procedure is repeated
for each mirror segment. To restore constructive interference, the piston of each mirror
segment is adjusted following the same steps as in the pixelated piston-based method.

In the zonal method, the pupil is divided into several zones [87, 127, 128], and each

zone is illuminated sequentially. When imaging through an aberrating medium, the local

tip/tilt of each wavefront segment, induced by the specimen’s refractive index structure,

causes the image to shift, resulting in measurable displacements. These displacements

determine the slope of the wavefront in each zone. The required tilt of each mirror

segment is then calculated to ensure all corrected rays converge at the focal point. The

process is illustrated in Figure 2.17. Additionally, the piston of each mirror segment can

be adjusted to maximize focal intensity, following the principle used in the piston-based
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method. Alternatively, full-pupil illumination with intensity-maximisation optimisation

is also a valid approach [129]. This zonal method can be implemented using the DM

shown in Figure 2.10(c).

Modal method

In contrast to the previous decomposition methods, which divide the pupil func-

tion into discrete segments, the modal method represents the pupil phase as a sum of

orthogonal basis modes, each weighted by a specific mode coefficient.

In sensorless AO, the image quality serves as the criterion for aberration correction.

When using the modal method (Figure 2.18), the presence of a specific aberration mode

degrades image quality, reducing image intensity. As a result, the peak of the image

quality optimization curve, the metric curve (here using intensity), is shifted from zero.

By measuring intensity variations with the mode coefficient applied to the adaptive el-

ement, the optimal coefficient for correcting the aberration can be determined. After

applying the mode with this optimal coefficient, the image becomes brighter. This pro-

cedure can be repeated for all other aberration modes present [130].

Several orthogonal basis mode sets have been developed. A widely used set for cir-

cular pupil systems is the Zernike polynomials, Zm
n (r, θ). These are a sequence of or-

thogonal and continuous polynomials defined over a unit disk [131]. After first being

employed by F. Zernike in his phase contrast method [132], they have several advantages

that make them widely used. Zernike polynomials provide an appropriate mathemati-

cal description of the wavefront and a balanced representation of classical aberrations,

yielding minimum variance over a circular pupil [133]. Low-order Zernike polynomi-

als correspond closely to classical aberrations. When using appropriately normalized
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Figure 2.18: Modal method. Top left: With a specific aberration mode, the peak of the
metric curve shifts from 0 to −a. The image obtained with a planar adaptive element
(blue straight block), Img0, is dim. Top middle and top right: Two biased images with
mode coefficient ±b (bias aberrations illustrated as blue curved blocks) are collected as
Img±b. These metric values are used to determine the optimal mode coefficient −a.
Bottom: After applying the mode coefficient −a to the adaptive element, the corrected
image Img−a becomes brighter.
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Zernike equations, the coefficient of each mode represents the root mean square (RMS)

wavefront error attributable to the total RMS wavefront error. Furthermore, the orthog-

onality ensures that the coefficients are independent; that is, the coefficient of one mode

does not contribute to any other mode.

For the original mathematical definitions of Zernike polynomials, see [134]. Here,

we present the recursive method developed by Shakibaei and Paramesran [135]. The

recursive process is illustrated by the following equations:

Zm
n (r, θ) = Nm

n Rm
n (r)Θ(mθ) (2.28)

Nm
n =

√
2(n+ 1)

1 + δm0

, δm0 =


1, if m = 0

0, otherwise

Θ(mθ) =


cos(mθ), m≥0

−sin(mθ), m<0
R0

0(r) = 1

Rm
n (r) = r[R

|m−1|
n−1 (r) +Rm+1

n−1 (r)]−Rm
n−2(r)

Rm
n (r) ≡ 0,when n < m

In Equation 2.28, Zm
n (r, θ) are the Zernike polynomials, Nm

n are the normalization fac-

tors, which ensure that the effect of all modes on the signal is similar, Rm
n (r) are the

radial polynomials, and Θ(mθ) are the azimuthal polynomials. r is the radial distance

within range r ∈ [0, 1], and θ is the azimuthal angle within range θ ∈ [0, 2π). m and n

are integer Zernike indices, with n = 0, 1, 2, . . . , and (n −m) even and non-negative.
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The first 15 Zernike modes, labeled and listed in Noll convention, are shown in Figure

2.19. The first four radial orders are shown.

1

-4 -3 -2 -1 0 1 2 3 4

4

3

2

1

0
r
θ

Azimuthal Frequency

Radial Order

Peak

Valley

Figure 2.19: Surface plots of the first four radial orders of the Zernike polynomials, de-
fined over the unit disk. The mode patterns are labeled according to the Noll conven-
tion, with both the azimuthal frequency and radial order indicated. Color represents the
scaled mode values. The representation of r and θ within the unit disk is also shown.

In addition to the advantages noted above, Zernike expansions also have certain

limitations. When aberrations are highly complex or discontinuous, using continuous

Zernike polynomials can be restrictive. In this case, a pixelated and binary basis mode

set, the Walsh-function-generated modes (Walsh modes), may be used. The Walsh mode

set, used in this thesis, will be introduced in Chapter 3.
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2.4.2 Metric

The metric is chosen as a proxy for image quality, which the AO system aims to

optimize. Ideally, the metric should be a smooth, unimodal function, with a global ex-

tremum occurring when all aberrations are corrected, and it should also be sensitive to

aberrations [130]. One commonly used metric is total intensity, which is particularly

applicable to 2PLSM, as the 2PA is quadratic with respect to the illumination intensity

and therefore highly sensitive to aberrations.

In this thesis, the Strehl ratio (SR) is generally used as the metric during simula-

tions for normalization purposes. SR provides a simple and widely used measure of the

effect of aberrations on image quality, originally introduced by Karl Strehl [136]. It is

defined as the ratio of the maximum intensity of the diffraction pattern in the presence

of aberrations in the objective pupil function to the maximum intensity in their absence

[137].

Other metrics, such as image sharpness, are also employed in different microscope

configurations [138].

2.4.3 Estimation Algorithm

The estimation algorithm is a vital component of sensorless AO for obtaining the de-

sired compensation phase shape. These algorithms are divided into two main categories:

model-based and model-free. The model here refers to the mathematical relationship be-

tween the metric function and its variation with the aberration amplitudes [139].

In the model-based algorithm, the problem is converted into fitting a parabola with
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several data points and finding its maximum, since the metric function can usually be

approximated by a parabola near the maximum [140, 141]. The data points are collected

by measuring the metric values of images with bias aberrations applied to the adaptive

element at various amplitudes. Eventually, the aberration amplitude that maximizes the

metric function is obtained.

In the model-free algorithm, however, if there is no prior knowledge of the met-

ric function, more measurements should be taken to locate the extremum of the curve,

for example, using the hill-climbing algorithm [142]. Due to the increased number of

measurements, the total exposure time also increases, which may lead to issues such as

photobleaching.

Because of their high speed and reduced specimen exposure, most applications use

model-based algorithms.

Established Estimation Algorithms

The previously introduced estimation algorithms are designed to correct a single

aberration. When multiple aberrations are present, two common approaches are em-

ployed: the conventional 2N + 1 algorithm (CA) [24] and the sequential 3N algorithm

(SA) [130].

In the CA, metric values for all aberrations are measured first, after which the com-

pensation phase shape is applied to the adaptive element. The workflow of this algorithm

is illustrated in Figure 2.20. For clarity, the case with two bias aberration amplitudes ±b

is shown here. At the end of the correction, CA collects 2N +1 metric values, where N

is the number of aberrations corrected.

The other approach is the SA. In this method, two biased metric measurements and
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Start;
K=1

Collect +b bias metric 
value of aberration K

Correct
all aberrations

End

Yes

No

Is K<N

K=K+1

Collect -b bias metric 
value of aberration K

Collect 0 bias metric 
value

Figure 2.20: Workflow of the CA: Starting with aberration K = 1, two biased metric val-
ues are collected, bias amplitudes are ±b, then the process moves to the next aberration,
K = 2. This pattern continues until all N aberrations are addressed, without updat-
ing the ‘zero-bias’ pupil. After collecting the final unbiased metric value, all aberration
amplitudes are estimated via parabola fitting, and the resulting compensation phase pat-
tern, obtained by summing all aberrations with their estimated amplitudes, is applied.

one unbiased metric measurement are taken for a single aberration to determine its

optimal amplitude. At this stage, the corresponding aberration compensation is applied

to the adaptive element, and the ‘zero-bias’ pupil function is updated. The workflow of

this algorithm is illustrated in Figure 2.21. At the end of the correction, SA collects 3N

metric values.
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Start;
K=1
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Is K<N

K=K+1
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Figure 2.21: Workflow of the SA: Starting with aberration K = 1, two biased metric
values (with bias amplitudes ±b) and one unbiased metric value are collected. The am-
plitude of aberration K is estimated using parabola fitting, and the corresponding phase
pattern is applied to the adaptive element to update the ‘zero-bias’ pupil function. The
process then moves to the next aberration, K = 2, and continues in the same manner
until all N aberrations are addressed and applied.

Although those algorithms are well-designed, they have to condense the properties

contained in an image, such as the aberration structure information, into a single met-

ric value. This approach does not fully exploit the useful information in the images.

They are also limited when applied to a multidimensional metric space, which involves

collecting a large number of images and can be time-consuming. Recently, a new class
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of estimation algorithms—neural networks—has emerged, which will be introduced in

Section 2.5. This approach can effectively address the limitations mentioned above.

2.5 Neural Network

A neural network (hereafter referred to as NN) is a computational problem-solving

paradigm inspired by the human brain, mimicking its basic components and processes

[143]. It was originally developed to better process and exploit the increasingly large

amounts of data available today. In conventional approaches based on pre-programmed

instructions, a computer follows explicit algorithms provided by humans, which can

only perform simple tasks and extract limited information from the data. In contrast,

a NN learns solutions directly from datasets [144]. Users only need to define the task,

rather than provide the algorithm. By analyzing datasets, the NN extracts relevant infor-

mation and constructs a model that maps inputs to outputs. Because it is more directly

tied to the data than conventional algorithms, a NN can make more effective use of the

information and perform more complex tasks.

2.5.1 Neural Network for Adaptive Optics

Currently, many studies focus on using NNs for AO [145–156]. In the context of

estimation algorithms for sensorless AO, selecting a suitable learning method requires

consideration of the mathematical model of the microscope imaging process. This model

follows Equations 2.26 and 2.27, allowing the resulting PSF and image to be calculated.

While the forward optical model is well defined, constructing a backward model is chal-
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lenging because the phase information is not directly accessible from the PSF. Therefore,

supervised learning is ideal for training NNs as sensorless AO estimation algorithms, in

which each data point in the dataset comes with a corresponding label, enabling the

model to learn the relationship between inputs and outputs. [157–160].

Although supervised learning is ideal for training NNs as sensorless AO estimation

algorithms, it has certain limitations. One major limitation is that NN learning relies en-

tirely on finite training datasets. When presented with data outside this domain, there

is no guarantee that the NN will produce a correct or desirable output. Consequently,

most supervised learning NNs use images of point-like objects, such as PSFs. In this the-

sis, however, we employ a specially designed NN, called the machine learning–assisted

wavefront-sensorless AO control method (MLAO) [146]. This approach allows the NN

to handle extended images instead of being limited to point-like objects (see Chapter 7).

Supervised learning still faces challenges, including the need for large training

datasets, which are often difficult to obtain. Consequently, self-supervised learning has

emerged as an alternative, offering improved data efficiency [161–163]. This approach

embeds the physical relationships of the imaging process, enabling the extraction of de-

sired information from a relatively small or even single dataset. Rather than manual

labels as in supervised learning, it generates pseudo-labels from the inherent structure

of the data. An example of its application in AO is CoCoA [164].

In summary, supervised learning is well-suited for online or real-time correction, as

the network can operate immediately once trained; however, it requires large training

datasets. In contrast, self-supervised learning is generally used in offline settings, since

it must be retrained for each new imaging scenario. Its main advantage is that it does
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not require pre-training or reliance on pre-existing datasets, as it can learn directly from

the data of the current experiment.

In this thesis, we choose the supervised learning approach for its real-time correction

capability, which is relevant to live imaging applications.
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Chapter 3

Introduction to the Walsh Modes

Although smooth polynomials such as Zernike modes are commonly used for aber-

ration correction, their smooth nature limits their effectiveness in compensating rela-

tively gradual wavefront distortions. In contrast, many biological structures—such as

the skull, dura, and muscle tissues—are highly scattering, producing discrete and sharp

wavefront distortions. Walsh modes, with their binary and discrete nature, have been

proposed as complementary to Zernike modes and may be better suited for correcting

wavefront distortions induced by scattering tissues.

3.1 Inhomogeneous Refractive Indices of Biological

Specimens

Deep tissue imaging is of significant interest in many biomedical fields. As a light

beam propagates through inhomogeneous tissue, it undergoes absorption, refraction,
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diffraction, and scattering. These effects become more pronounced with increasing

imaging depth. As imaging depth increases, scattering that originates from inhomo-

geneities at spatial scales comparable to or smaller than the wavelength becomes an

increasingly important contributor to optical opacity [165]. Consequently, optical wave-

fronts are increasingly distorted with imaging depth.

Conventional continuous modes, such as Zernike polynomials, are limited to smooth

and low-order shapes, which are unsuitable to compensate for more complex sample-

induced aberrations. As demonstrated in [165] and [166], discrete wavefront compensa-

tion approaches are therefore preferred. To address this problem, pixelated and binary

Walsh mode sets provide an appropriate choice.

3.2 Introduction of Walsh Modes

Walsh functions were first applied by electrical engineers, such as Frank Fowle [167],

in studies of overhead conductor transmission around the early 1900s [168]. They were

later introduced into mathematics by J. L. Walsh [169]. In the 1960s, interest in Walsh

functions grew rapidly due to their potential applications in communications, signal and

system analysis, and related areas [170–173].

Today, Walsh modes are widely used in wavefront sensing [11–15], beam shaping

[174], adaptive element control [175], and particularly in scattering compensation, as

their pixelated structure makes them well suited for complex wavefront compensation

[176–181]. In scattering compensation, the closely related Hadamard basis set is also

widely employed [16–23]. Walsh modes also continue to show promise in quantum
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applications [182] and in astronomy [15, 183].

Figure 3.1: The first four Walsh functions with index k.

The mathematical definition of the Walsh function is [184]:

WAL0(x) =


1, when x ∈ [0, 1]

0, when x ∈ (−∞, 0) ∪ (1,∞)

, (3.1)

WAL2j+p(x) = WALj(2x) + (−1)j+pWALj(2x− 1), (3.2)

in which p = 0, 1; j = 0, 1, . . . In Equation 3.2, j and 2j + p are both indices of Walsh

functions. The Walsh function index k in WALk indicates the number of signal changes

within the interval x ∈ [0, 1]. This indexing method is referred to as the ‘sequency’ order

[185]. The first four Walsh functions are shown in Figure 3.1, where only the interval

x ∈ [0, 1] with binary values ±1 is displayed.

For practical use in optical systems, 2D Walsh modes are required. The Cartesian

Walsh modes [186], defined as the pointwise products of Walsh functions in the Carte-
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Figure 3.2: (a) The first sixteen Cartesian Walsh modes; the m- and n-axes represent the
indices of the Walsh functions. Yellow indicates a value of +1, and blue indicates −1.
Each Cartesian Walsh mode is also labeled in a 1D sequence for clarity. (b) The first
sixteen polar Walsh modes, labeled in a 1D sequence; the i-axis represents the indices of
radial Walsh functions, and the j-axis represents the indices of azimuthal Walsh func-
tions. Color represents mode values, with yellow indicating +1 and blue indicating −1.
The domain is a unit disk.
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sian coordinates, are introduced, as illustrated in Equation 3.3:

WDm,n(x, y) = WALm(x)×WALn(y), (3.3)

in which m,n = 0, 1, 2, . . . In Equation 3.3, WDm,n(x, y) denotes the resulting Carte-

sian Walsh mode, where WALm(x) and WALn(y) are Walsh functions with indices m

and n, respectively. An example of the first 16 Cartesian Walsh modes is shown in Fig-

ure 3.2(a). For simplicity of representation, each mode is labeled in a one-dimensional

(1D) sequence, with each row and column arranged in sequency order.

The use of Cartesian Walsh modes on circular pupils has limitations: they are only

orthogonal over a square aperture rather than a circular aperture, hence they are not

applicable.

To better accommodate circular domains, polar Walsh modes were developed in po-

lar coordinates. Defined over a circular aperture, these modes are orthogonal when used

to correct aberrations of a circular pupil. The derivation process is described in [186]. In

general, the polar Walsh modes can be illustrated as:

WPi,j(r, θ) = WALi(r
2)×WALj(

θ

2π
), (3.4)

in which i, j = 0, 1, 2, . . . In Equation 3.4, WPi,j(r, θ) is the resulting polar Walsh mode,

where WALi(r
2) and WALj(

θ

2π
) are radial and azimuthal Walsh functions, i and j are

their respective indices. Here, r and θ denote the radius and angle in polar coordinates,

respectively. Figure 3.2(b) shows the first sixteen polar Walsh modes labeled in a 1D

sequence, with each row and column arranged in sequency order [185].
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3.3 Walsh Mode Metric Function

In this section, we derive Walsh-mode–based metric functions, including those for

single-Walsh-mode and multiple-Walsh-mode cases.

3.3.1 Single Walsh Mode Metric Function

The single-Walsh-mode metric function is derived as follows. The one-photon sim-

plified system model we use is shown in Figure 3.3.

Wavefront

Adaptive element

Objective

I

Figure 3.3: The simplified optical system model. The wavefront (red curve) passes
through an adaptive element (green block) for compensation and is then focused by
the objective. A vanishingly small pinhole detector on the optical axis measures the in-
tensity I .

First, following the Equation 2.26, we calculate the on-axis intensity of a point object:

I = I0

∣∣∣∣ 1π
∫ 2π

θ=0

∫ 1

r=0

ejΦ(r,θ)r drdθ

∣∣∣∣2 (3.5)

Here, I0 denotes the illumination intensity, Φ(r, θ) is the phase function, r and θ are the

radial and azimuthal coordinates. The pupil radius is defined as 1.
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The pupil phase function is represented by a single polar Walsh mode WPk. k is the

1D index labeled in Figure 3.2(b), and is non-zero here. Owing to the pixelated nature

of Walsh modes, the intensity I can be calculated as:

I = I0

∣∣∣∣∣
∑

m,n∈WPk
ejϕm,n

N

∣∣∣∣∣
2

(3.6)

m,n are the coordinates of pixels on the polar Walsh mode, ϕm,n represents the phase

of each polar Walsh mode pixel, and N is the total number of polar Walsh mode pixels.

For a single polar Walsh mode WPk, half of the pixel phases are positive and the

other half are equal in magnitude but negative. Using this property, the Equation 3.6

can be simplified as:

I = I0

∣∣∣∣ejφ2 +
e−jφ

2

∣∣∣∣2 = I0 |cosφ|2 (3.7)

φ is the mode coefficient. In this equation, the intensity varies periodically with a coef-

ficient period of π. For simplicity, the metric is normalized to the Strehl ratio (SR). The

resulting metric function is:

SR = |cosφ|2 (3.8)

The metric function generated by a single Walsh mode is shown in Figure 3.4.

The periodic, ‘phase-wrapping’ property distinguishes Walsh modes from Zernike

modes, which only exhibit a single metric maximum at a coefficient of zero. This pe-

riodicity introduces both unique challenges and potential advantages for using Walsh

modes in sensorless AO aberration correction. When using this Walsh-mode-based met-

ric, the bias aberration coefficient and the optimal Walsh mode coefficient lie within a

single period, simplifying Walsh-mode-based correction and ensuring that the correc-

tion capability is not limited by the modulation range of the adaptive elements.
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Figure 3.4: Single Walsh mode metric function. The function is periodic with a period of
π.

3.3.2 Walsh Mode Metric Space

We further investigate the metric function structure generated by multiple Walsh

modes.

The function is defined over N dimensions, spanned by N Walsh mode coefficients.

Due to the discrete and binary nature of Walsh modes, the Walsh mode metric space

(defined as space S) has multiple maxima. As shown in [187], space S has a repetitive

lattice-like structure. The lattice structure has a maximum at the origin, and if there are

maxima at points u and v in space S, then there are also maxima at points u + v and

u− v [188].

To illustrate the lattice-like structure of the space S, we generate an N -dimensional

Walsh mode set WN in matrix form, for example, with N = 4. In this matrix, each row
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represents a single Walsh mode, and each column corresponds to a pixel on the pupil.

The first row, representing the piston mode, is removed because it has no effect on the

signal and is ignored during training. The resulting reduced matrix is denoted as W ′
N .

At this stage, the matrix is still redundant, as the number of columns exceeds its rank.

To resolve this, any one column can be removed. Here, the first column is selected. The

entire procedure is illustrated in Figure 3.5. The final matrix is defined as W ′′
N .

Figure 3.5: The process of removing the redundant mode and pixel from a Walsh mode
set. The 4× 4 matrix represents a 4-pixel Walsh mode set, with each row corresponding
to a Walsh function. The red dashed area indicates the first row, representing the piston
mode, which is removed. Next, the first column (green dashed area), representing a
pixel, is removed. The final output is the matrix on the right, with dimensions 3× 3.

According to [187], the multi-dimensional metric function can be expressed as I(a′).

I represents the intensity at the focusing point, the one-photon simplified system model

is shown in Figure 3.3. a′ is a vector containing the phase value of each pixel with the

first pixel removed, whose length is (N − 1). a′ can be expanded in terms of Walsh

modes: a′ = W
′′T
N b′, b′ is a vector, each element of which represents the corresponding

Walsh mode coefficient; T denotes transposition. The metric function can then be rep-
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3.3. Walsh Mode Metric Function

resented as: I(W ′′T
N b′). Due to the phase-wrapping effects inherent in the Walsh mode,

the maxima of I(a′) form a lattice [187]. Likewise, after the transformation by W
′′T
N , the

maxima of I(W ′′T
N b′) also retain a lattice structure. The procedure of W ′′

N generating the

lattice-like metric function is shown in Figure 3.6. Note that only three dimensions are

shown in the figure, despite there being four Walsh modes, because the piston mode has

been removed as it has no effect.

If a metric space S is generated using the matrix W ′′
N , the resulting metric function

exhibits a lattice-like structure, with each row of the matrix corresponding to a lattice

vector [188]. The properties of this lattice can be characterized by its Gram matrix,

defined as the matrix of inner products of the lattice vectors. For an N -pixel Walsh

mode set, the Gram matrix is given by:

GN = W ′′T
N W ′′

N =


N − 1 −1 · · ·

−1 N − 1 · · ·
... ... . . .

 (3.9)

In this example the Gram matrix G4 is:

G4 = W ′′T
4 W ′′

4 =


3 −1 −1

−1 3 −1

−1 −1 3

 (3.10)

The Gram matrix is identical to that of the lattice known as A∗
n−1 [188]. Figure 3.7 illus-

trates an example of the lattice described by A∗
3, which is the same as the lattice structure

shown in Figure 3.6 [187].

In this space S, each axis corresponds to the coefficient of a specific Walsh mode,

and any point in S represents the metric value generated by the Walsh modes with the
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3. Introduction to the Walsh Modes

Figure 3.6: Lattice structure of the metric function generated by a 4-pixel Walsh mode
set. a, b, and c are the coefficients of the three Walsh modes except the piston mode.
Colors of red, green and blue represent specific Walsh modes. The left 3 × 3 matrix
illustrates the reduced 4-pixel Walsh mode set, the W ′′

4 , with each row representing a
certain Walsh mode. The pupil phase function (top-right) is constructed by multiplying
the Walsh modes (represented by three 2 × 2 matrices formed by reshaping each row
in W ′′

4 , as well as restoring the top-left pixel which has been removed in W ′′
4 ) with their

corresponding coefficients and then adding them together, thereby generating a lattice-
like metric function (bottom). Only three dimensions of the metric function are shown,
as the piston mode is neglected; the axes represent a, b, and c in radians. The structures
are visualized from different angles. Blue contours are set at I = 0.01, indicating the
positions of zeros, and orange contours are set at I = 0.8, indicating the maxima [187].
Values between the 0.01 and 0.8 contours are rendered transparent for clarity.
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3.3. Walsh Mode Metric Function

Figure 3.7: The A∗
3 lattice [187].

corresponding coefficients. Due to the lattice symmetry, the structure around each lat-

tice point is identical, meaning that the metric values near each lattice point are similar.

Since there are infinitely many lattice points in space S, there are infinitely many com-

binations of mode coefficients that yield the same metric response. This phenomenon is

analogous to phase wrapping of a single Walsh mode, as illustrated in Figure 3.4, where

a specific metric value can correspond to infinitely many mode coefficients. Figure 3.8

further demonstrates that different combinations of mode coefficients can produce the

same pupil phase function and metric value.
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3. Introduction to the Walsh Modes

Figure 3.8: An example illustrating that different combinations of Walsh mode coeffi-
cients can produce the same pupil phase function and metric response. The phase value
of the pixel on each Walsh mode or pupil phase function is indicated by the pixel colour
and the label on it. Two combinations of three coefficients (numbers above each 2 × 2
matrices) are generated for three Walsh modes of W ′

4 (three 2 × 2 matrices on left and
right), with the piston mode already removed. The three Walsh modes in one set are
summed to compute the corresponding pupil phase functions A and B, and each pixel’s
phase on pupil phase functions A and B is wrapped to the range [−π, π). After this pro-
cess, two different combinations of mode coefficients yield the same pupil phase function
— pupil phase function C, and the same metric value. The pupil phase function C is the
more ’primary’ one that should compensate for the wavefront in experiments.

3.4 Walsh Mode Metric Function Based Estimation

Algorithm

In this section, we discuss Walsh-mode-metric-function-based estimation algo-

rithms, including those for the single Walsh mode metric function and the Walsh mode

metric space.
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3.4. Walsh Mode Metric Function Based Estimation Algorithm

3.4.1 Single Walsh Mode Metric Function Based Estimation

Algorithm

Based on the previous sinusoidal metric function, we derive this Walsh-mode-metric-

function-based estimation algorithm.

According to Equation 3.8, we have:

SR = |cosφ|2 = 1

2
+

1

2
cos 2φ (3.11)

A Walsh mode with coefficients: −b, b, and 0, are added to the adaptive element. Result-

ing metric values are:

SR+ = SR(φ+ b) =
1

2
+

1

2
cos 2φ cos 2b− 1

2
sin 2φ sin 2b (3.12)

SR− = SR(φ− b) =
1

2
+

1

2
cos 2φ cos 2b+

1

2
sin 2φ sin 2b (3.13)

SR0 = SR(φ) = 1

2
+

1

2
cos 2φ (3.14)

Then it can be inferred that:

SR+ − SR− = − sin 2φ sin 2b (3.15)

SR+ + SR− − 2SR0 = cos 2φ cos 2b− cos 2φ (3.16)

So that the mode coefficient φ can be calculated as:

φ =
1

2
arctan

(
1− cos 2b

sin 2b

SR+ − SR−

SR+ + SR− − 2SR0

)
(3.17)

This estimation algorithm is analogous to phase-shifting interferometry (PSI), which

is introduced in Section 2.3.3. By measuring biased metric values with equal but opposite
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3. Introduction to the Walsh Modes

mode coefficients (SR+ and SR−), along with the unbiased metric value SR0, the optimal

mode coefficient can be determined. In practice, when dealing with a set of Walsh modes,

the CA and SA introduced in Section 2.4.3 use the PSI method to estimate the coefficient

of each mode.

3.4.2 Walsh Mode Metric Space Based Estimation Algorithm

As discussed in Section 2.4.3, conventional estimation algorithms encounter difficul-

ties in handling multidimensional metric spaces, often requiring excessive image acqui-

sition and computation time. To overcome this limitation, we employ a neural network

(NN) in the thesis, taking advantage of its ability to deal with multidimensional data.

However, as discussed in Section 3.3.2, multiple combinations of coefficients can

correct the same aberration. This makes the optimization problem challenging when

searching the space S with multiple maxima. NN training becomes much simpler if the

search space contains only a single maximum, improving estimation accuracy and speed

and significantly simplifying NN architecture.

If we define the search space as the same fixed range for each Walsh mode coeffi-

cient (for example, from −π

2
to π

2
, forming the cube cell in Figure 3.9), multiple maxima

may occur. In this case, a training dataset can correspond to multiple labels, thereby

complicating and confusing NN training. To address this limitation, the search space is

confined to a fundamental unit of the lattice known as a Voronoi cell. A Voronoi cell

partitions space S such that all points within it are closer to a given lattice point than to

any other lattice point [189]. Voronoi cells are convex polytopes whose union covers the
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3.5. Summary

Figure 3.9: Example of a Voronoi cell corresponding to the A∗
3 lattice in Figure 3.7. a,

b, and c are the coefficients of the three reduced Walsh modes. The Voronoi cell is a
truncated octahedron enclosed by a cube with side length π in radian, representing the
originally assumed search space [187].

entire space S [188]. This Voronoi-cell-based search space is smaller than the initially

assumed cube cell [187], yet it includes all possible states that the NN needs to study,

containing a single maximum within it. An example of the Voronoi cell of the A∗
3 lattice

and the outer cube cell is illustrated in Figure 3.9.

3.5 Summary

In this chapter, we introduced Walsh modes and derived metric functions for both

single and multiple modes. We showed that the single-Walsh-mode metric function is
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3. Introduction to the Walsh Modes

sinusoidal and the multi-dimensional Walsh-mode metric space exhibits a lattice-like

structure. For estimation, a one-dimensional algorithm can be applied to the single-

mode metric function, while a NN is used for the multi-dimensional lattice-like metric

space. To enable effective NN estimation, the lattice-like metric space should be confined

to a finite region containing all possible states with a single maximum, the Voronoi cell.

Further demonstrations of the NN approach will be presented in the next chapter.
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Chapter 4

Neural Network Design for Walsh Mode

Correction

Using Walsh modes for sensorless AO is challenging due to the complexity of the

metric space resulting from the discrete nature. This can lead to slow convergence of

the optimisation process if conventional algorithms, such as the CA and SA mentioned

in the Section 2.4.3, are used. Due to the limitations of conventional algorithms, we

developed a neural network (NN) to approach this optimisation problem.

4.1 Training Data Generation and Neural Network

Model Construction

As mentioned in Section 2.5.1, supervised learning is ideal for online AO correction

and hence is more often used for live imaging by AO microscopes. Supervised learning
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4. Neural Network Design for Walsh Mode Correction

normally requires a large number of labeled training datasets, which are not available if

all are collected by microscope imaging. We thus developed a digital twin of a physical

microscope to numerically generate the training dataset.

4.1.1 Training Data Generation Procedure

The complete data generation process is presented as a flow chart in Figure 4.1. Each

training dataset consists of input-output pairs: signal readings and rough estimates are

the input part, and labels are the output part.

(N-1) cube cell coefficients
Map cube cell labels into
 the primary Voronoi cell, 

get (N-1) Voronoi cell labels

Calculate biased and 
unbiased signal readings

Add Poisson noise
 to signal readings

Calculate (N-1) rough 
estimates using the CA

Output

Input

Figure 4.1: A flow chart of the training dataset generation procedure. The generation
process of the output training dataset, the mode coefficients inside the primary Voronoi
cell, is indicated by a purple block. The generation process of the paired input train-
ing dataset, corresponding signal readings added with Poisson noise, and CA calculated
rough estimates of coefficients, is indicated by a blue block.

The two-photon simplified system model we use is the same as Figure 3.3, except the
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4.1. Training Data Generation and Neural Network Model Construction

metric function used here is the square of the Strehl ratio (SR):

SR2
0 =

∣∣∣∣∣
∑N

l=1 e
jϕl

N

∣∣∣∣∣
4

(4.1)

N is the pixel number of the pupil phase; we choose 8 here as an example, which will

be justified in Section 5. ϕl is the phase of each pixel. The pupil phase Ψ can be summed

by Walsh modes:

Ψ =
N−1∑
k=1

βkW
′k
N (4.2)

W
′k
N is the Walsh mode, the kth row of W ′

N (excluding the piston mode). βk is the corre-

sponding cube cell coefficient (see Figure 3.9), each of which is uniformly chosen within

the range [−π

2
,
π

2
). This leads to the first step of the training data generation process:

Step 1: generate (N − 1) cube cell coefficients βk, k = 1, 2, . . . , 7.

These cube cell coefficients are mapped into the primary Voronoi cell to get coeffi-

cient β′
k, which serve as labels for training. As shown in [187], by subtracting the angle

of the mean phasor of the original pupil phase Ψ and wrapping each pixel phase back

within the range of [−π, π), we obtain an equivalent pupil phase Ψ′ but with coefficients

constrained to the primary Voronoi cell. The mean phasor is calculated by averaging the

complex field over the pupil phase. The Ψ′ is given by:

Ψ′ = arg

(
e
j

[
Ψ−arg

(∑N
l=1 ejϕl

N

)])
(4.3)

Here, the arg operation calculates the angle of the complex field. We can then decompose

the new pupil phase Ψ′ and obtain Voronoi cell labels based on the orthogonality of the

Walsh modes:

β′
k =

∑
Ψ′ ∗W ′k

N∑
W

′k
N ∗W ′k

N

(4.4)
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Here, ∗ denotes elementwise multiplication. Consequently, the Voronoi cell labels for

NN training are obtained. The above process consists of the second step of the training

data generation procedure:

Step 2: map (N − 1) cube cell coefficients into the primary Voronoi cell β′
k,

k = 1, 2, . . . , 7.

Step 3: calculate biased and unbiased signal readings. Each biased signal read-

ing is calculated as the metric value obtained by adding a certain Walsh mode, with a

coefficient of either ±π

3
, to the original pupil phase. Equation 4.5 illustrates this biasing

process:

Ψ′
k± = Ψ′ ± π

3
W

′k
N (4.5)

Ψ′
k± denotes the biased pupil phase, where Ψ′

k+ is the mapped pupil phase with the kth

Walsh mode added with a coefficient of π
3

, and Ψ′
k− is the mapped pupil phase with the

kth Walsh mode added with a coefficient of −π

3
.

In this example with N = 8, each training dataset contains 14 biased signal readings

(piston mode ignored):

SR2
k± =

∣∣∣∣∣
∑N

l=1 e
jϕ±k

l

N

∣∣∣∣∣
4

(4.6)

ϕ±k
l represents the phase of each pixel of the biased pupil phase, +k denotes the positive

biased pupil phase of Walsh mode k, and -k denotes the negative biased pupil phase of

Walsh mode k. SR2
k± represents the biased measurements. The unbiased measurement

SR2
0 is shown in Equation 4.1.

Step 4: add noise to signal readings. To better simulate real experiments, Poisson

noise is added to the signal readings. Poisson noise represents a fundamental source
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4.1. Training Data Generation and Neural Network Model Construction

of uncertainty in signal detection, arising from the independent detection of individual

photons, and its magnitude is signal-dependent [190]. In this data generation procedure,

a signal level µ is randomly selected within a given interval: µ ∈ [10, 106], where µ can

be interpreted as the photon number. The SNR of a Poisson-limited measurement is pro-

portional to √
µ. Hence, choosing the photon number across such a wide range provides

the NN with examples that reflect both high and low SNR experimental conditions. The

noise addition is then performed as follows:

Sk±/0 =
Poisson[round(SR2

k±/0 × µ)]

µ
(4.7)

round operation rounds the result to the nearest integer, Poisson indicates the gener-

ation of Poisson-distributed random variables, and Sk±/0 denotes the new squared SR

with noise.

Step 5: calculate rough estimates using the CA. (N−1) rough estimates are also

calculated to serve as a seed for the NN’s learning. By learning these rough estimates

obtained from the conventionally used CA (described in Section 2.4.3) together with

metric-space-structure information, the NN is expected to outperform conventional al-

gorithms. This step utilizes the signal readings from Step 4. For each Walsh mode, an

approximate coefficient is calculated using a PSI method, as introduced in Section 3.4.1:

β′′
k = −1

2
arctan

(
−
√
3(
√
Sk+ −

√
Sk−)

−
(√

Sk+ +
√
Sk− − 2

√
S0

)) (4.8)

β′′
k is the calculated approximated coefficient of Walsh mode k. Then those rough esti-

mates are also mapped into the primary Voronoi cell, following the Step 2. Eventually,

these (N − 1) rough estimates also serve as inputs for NN training.
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Following the steps above, a single training dataset can be created. For effective

training, a large number of such datasets should be generated.

4.1.2 Neural Network Construction

Convolutional Neural Network

Before describing the NN model construction, we first introduce an important NN

architecture: the convolutional neural network.

The convolutional neural network (CNN) is one of the most widely used NNs for

image processing. Its key advantage is the reduction in the number of parameters com-

pared to traditional NNs, allowing the construction of deeper and larger models to tackle

more complex problems. Three types of layers can be included in CNNs: convolutional

layers (CLs), pooling layers, and fully connected layers (FCLs).

In a CL, trainable parameters are updated through learnable kernels, which signifi-

cantly reduces the number of connections in the CNN and simplifies model training. A

kernel can be viewed as a ‘window’ that slides across the input image, performing con-

volution with the corresponding input pixels to produce a weighted sum at each output

location. During training, the kernel learns to activate in response to specific features,

regardless of their spatial location in the image. Additional methods to simplify the CNN

include adjusting the kernel depth, stride, and applying zero-padding [191]. An example

of this convolution procedure is shown in Figure 4.2.

For the pooling layer, the primary purpose is to reduce the input dimensions of the

CL (down-sampling), thereby decreasing the complexity of the CNN. Max-pooling is the
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4.1. Training Data Generation and Neural Network Model Construction

(a)

(b)

Figure 4.2: The convolution procedure in a CL. (a) A 3×3matrix represents the input, and
a 2× 2 matrix represents the kernel. The kernel first convolves with the corresponding
input pixels at the top-left corner to produce an output pixel. With a stride of 1, it then
moves one pixel to the right and performs convolution again, followed by convolutions
with the bottom-left and bottom-right input pixels. (b) Output of the convolutional pro-
cess shown in (a).
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4. Neural Network Design for Walsh Mode Correction

Figure 4.3: Max-pooling procedure. The blue, green, yellow, and pink blocks in the left
image represent the max-pooling ‘window’, which selects the maximum value within
each sub-region using a stride of 2. A 4× 4 input is down-sampled to a 2× 2 output.

most commonly used type of pooling, returning only the maximum value within the

sub-region defined by the ‘window’. Figure 4.3 illustrates an example of max-pooling.

FCLs are analogous to the layers in a traditional NN. A CNN architecture is illustrated

in Figure 4.4. Other widely used CNN architectures, such as LeNet [192] and AlexNet

[193], have also been developed and applied.

Figure 4.4: A CNN architecture. MP denotes the max-pooling layer. The input matrix is
first convolved to a 2× 2× 4 matrix, then down-sampled by the max-pooling layer to a
1× 1× 4 matrix. The FCL then produces a single output.

Neural Network Based on Walsh Mode Metric Space

The overall architecture of the NN is shown in Figure 4.5. The network was imple-
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4.1. Training Data Generation and Neural Network Model Construction

mented using TensorFlow Keras. The input signal readings were arranged in a specific

pattern to enhance feature extraction (see Figure 4.6). The CLs were specially designed,

with each kernel in the first CL spanning a single row. This design allows the network to

capture information from one row of the input data frame, which includes one unbiased

signal reading and two biased signal readings for a given mode, to extract features from

each mode’s sinusoidal metric function. FCLs were employed to capture higher-order

relationships by integrating information across multiple modes.

Figure 4.5: The overall architecture of the NN. CLs: convolutional layers; FCLs: fully
connected layers; OL: output layer.

The detailed structure of the NN is shown in Figure 4.6. In the network, the first CL

used ‘valid’ padding, a stride of (1, 1), and the tanh activation function. The following

three CLs used the same activation and stride, but their padding was set to ‘same’. From

the second to the fourth CL, each layer was followed by a max-pooling layer with a

pool size of (2, 1), which halved the data size along the rows. When both the row and

column dimensions reached 1, a flattening layer was applied. The output of the CNN

module used a linear activation and was then concatenated with the rough estimates

before being input into the FCLs. All FCLs used tanh activations, except for the output

layer, which used linear activation. We used the Glorot Uniform initialiser and Adam

optimiser. The loss function used was mean squared error (MSE).
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Figure 4.6: The detailed structure of the NN. Input signal readings are arranged into an
8× 3× 1 matrix. Yellow 3D blocks represent the trainable kernels of the CLs, and blue
3D blocks represent the data after each CL. Green 2D blocks represent the data used by
the FCLs, while the red 2D block represents the rough estimates. Blue arrows indicate
the flow through the CLs, and green arrows indicate the flow through the FCLs.

4.2 Optimization of Neural Network Structure

The performance of a NN depends on many factors, and one key aspect is the NN

architecture. Network architecture, especially the number of trainable parameters and

the number of layers, is typically considered to affect the network’s capability to map

a complex relationship. Fewer layers or parameters simplify the network, facilitating

training and reducing the risk of overfitting, whereas too many layers or parameters can

introduce unnecessary complexity, increase computational cost, and potentially lead to

overfitting without significant performance gains. However, an overly simple structure

may limit the network’s ability to model a complex relationship, resulting in large errors

between the outputs and ground truths. Therefore, we investigated the trade-off between

simplicity and effectiveness.
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First, the number of parameters was investigated. The NN was constructed on an 8-

dimensional Walsh mode set. The network architecture consisted of 4 CLs and 5 FCLs,

while the number of parameters was varied. The network was trained with 220 training

datasets and validated with 210 datasets. The signal level was chosen within the range

µ ∈ [10, 106].

It’s worth noting that the training process was designed to place greater emphasis

on minimizing errors for small aberrations. The NN demanded a more accurate estima-

tion for small aberrations than for larger ones, since a larger error in correcting a large

aberration could be compensated by a smaller error in the next correction step. It was

achieved by ensuring a higher density of training data in that region: 30% of the datasets

had their 7 cube cell coefficients randomly selected within the interval [−0.15π, 0.15π],

while the remaining 70% had their 7 cube cell coefficients generated within the whole

cube cell range [−0.5π, 0.5π). Figure 4.7 shows an example comparing a NN trained

with data concentrated near the cube cell center and one trained without such concen-

tration. In this test, multiple correction rounds were applied, with all modes corrected

once per round. The NN trained with this concentration performed better than the one

trained without it. The result illustrates the importance of this operation for improving

NN performance.

During training, we ran a total of 10 epochs with a learning rate of 10−3 and 256

steps per epoch. The trained NN was then tested using 210 testing datasets, with the

signal level identical to that used in training but without central concentration. The

training loss, validation loss, and testing results are shown in Figure 4.8. After each cor-

rection round, the averaged SRs of the test datasets were improved; at the third round
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Figure 4.7: Improvement in NN performance following the redistribution of training
data to concentrate on smaller aberrations. Corrected SR is plotted against correction
rounds for NNs trained with and without data concentration. The NN trained with this
concentration performs better than the one trained without it.

of correction, the averaged SRs were increased to over 0.9. More importantly, after each

correction round, the averaged SRs for each of the NNs with specific numbers of train-

able parameters were similar, and even the error bars resembled each other. These results

showed that, with the same number of layers, increasing or decreasing the number of

NN parameters slightly affected performance, but the improvement was not significant.

A parameter count of 105 is selected for the NN in this study.

Next, the effect of the number of layers was examined. First, the number of CLs

was varied while keeping the total number of parameters approximately constant at

105. The training and testing procedures were the same as described above. The results

are shown in Figure 4.9. The averaged SRs were increased after each correction round

for all the NNs. The averaged SRs and error bars for four and six CLs were similar

across correction rounds, and at the third correction round, the averaged SRs exceeded
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Figure 4.8: NN performance for different numbers of trainable parameters. From left to
right: training loss versus epochs, validation loss versus epochs, and mean SR versus
correction rounds. Labels at the top right indicate the parameter count of each NN. In
the test figure, the bars represent the 10th and 90th percentiles of the data.

0.9. However, either the averaged SRs or the error bars after each correction round

for two CLs were worse than the other two NNs: averaged SRs were lower, and error

bars were larger. These results showed that adding CLs did not necessarily improve NN

performance, whereas removing them reduced it. Based on this analysis, four CLs are

chosen as the optimal balance between complexity and performance.

Figure 4.9: NN performance for different numbers of CLs. From left to right: training
loss versus epochs, validation loss versus epochs, and mean SR versus correction rounds.
Labels at the top right indicate the CLs count of each NN. In the test figure, the bars
represent the 10th and 90th percentiles of the data.

Subsequently, the effect of the number of FCLs was tested. The training and testing
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procedures remained the same, with only the number of FCLs in the NN structure being

varied. The averaged SRs were increased after each correction round for all the NNs. For

NNs with five and seven CLs, both the averaged SRs and the error bars were similar after

each correction round, and at the third correction round, the averaged SRs exceeded 0.9

and reached nearly 1. However, the NN with three CLs, after the third correction round,

the averaged SRs can merely exceed 0.9, with slightly larger error bars than the other

two NNs. The results were similar to those observed for CLs (see Figure 4.10): adding

FCLs did not significantly improve NN performance, whereas removing them reduced

it. Based on this analysis, five FCLs are chosen as the optimal configuration for this

scenario.

Figure 4.10: NN performance for different numbers of FCLs. From left to right: training
loss versus epochs, validation loss versus epochs, and mean SR versus correction rounds.
Labels at the top right indicate the FCLs count of each NN. In the test figure, the bars
represent the 10th and 90th percentiles of the data.

During training, we observed that the validation loss consistently remained lower

than the training loss. Although both losses decreased steadily and eventually stabi-

lized—indicating proper model convergence—the validation loss persistently exhibited

smaller values. We carefully examined the training procedure, datasets, and implemen-
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tation details, and did not identify any anomalies or technical issues that could account

for this behavior.

Given that the model demonstrated stable convergence and satisfactory performance

on the test set, this discrepancy does not appear to adversely affect its overall effective-

ness. Therefore, it is not considered a critical concern in the present study.

4.3 Neural Network Simplification via Subset

Training

This section introduces a method to reduce the complexity of the NN structure when

handling a high-dimensional Walsh mode set.

As shown in Section 4.2, a NN based on an 8-pixel Walsh mode set performs well

with approximately 105 parameters, 4 CLs, and 5 FCLs. However, in many practi-

cal scenarios, the Walsh mode dimension N can be much higher—for example, N =

256, 512, 1024, . . . Building a NN directly on such a high-dimensional Walsh mode set

results in a complex structure, computationally intensive training, and slower training

speed. Table 4.1 compares several CL/FCL configurations and parameter counts for the

optimal NN design at different values of N , all the configurations and parameter num-

bers were determined by comparing the corrected SRs for each NN configuration and

deciding the optimal one. As N increases, both the number of layers and parameters

required grow, the network design becomes increasingly complex, and training speed

decreases. For instance, when N = 4, one epoch requires approximately 9 s for training,
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whereas for N = 16, one epoch requires about 230 s.

N CL FCL Parameters
4 3 2 9716
8 4 5 99336
16 6 5 3051760

Table 4.1: Number of CLs/FCLs and parameters of the optimal NN under different Walsh
mode dimension N .

To address this, a practical solution is to train a low-dimensional NN on a subset

of Walsh modes and iteratively correct the remaining modes using the same NN, as

illustrated in Figure 4.11. The detailed working process can be seen in Section 5.2.

0 1 2 3

4 5 6 7

8 9 10 11

12 13 14 15

Figure 4.11: Simplified NN working strategy using subset training. For N = 16, the NN
is trained on a polar Walsh mode subset within the red box. Once trained, the NN can be
applied to the subsets indicated by the green boxes as well as to itself. By sequentially
applying the trained NN to all subsets, the entire Walsh mode set is corrected.
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4.3. Neural Network Simplification via Subset Training

Figure 4.12: Generation process of Gram matrices for Walsh mode subsets. The left
matrix is divided into three subset matrices (divided by the black boxes). One basis
vector is selected from each category (indicated by red, yellow, orange, and green) to
form a 4 × 4 generator matrix (the middle matrix), and this is done iteratively for all
three subset matrices. Using these generator matrices, the Gram matrices G4−7

16 , G8−11
16 ,

and G12−15
16 are calculated (right matrix). The fact that all Gram matrices are identical

indicates that the lattices generated by these Walsh mode subsets are the same.

This can be illustrated with the following example. A W ′′
16 matrix is generated, and

subsets W
′′4−7
16 , W ′′8−11

16 , and W
′′12−15
16 are used to construct lattices, from which the

Gram matrices G4−7
16 , G8−11

16 , and G12−15
16 are obtained. Here, W ′′n−m

16 refers to the Walsh

mode subset matrix containing rows (n−1) to (m−1) of W ′′
16, as indicated by the black

boxes dividing W ′′
16 in Figure 4.12. Since the subset matrix has more columns than its

rank, some redundant columns are removed. For example, in Figure 4.12, the columns

of the subset matrix represent the lattice basis vectors. Each colored square corresponds

to a category of basis vectors. Vectors within the same category are either identical

or reflections (reflection denotes identical values with opposite signs) [194]. However,

the basis vectors are defined to be orthogonal to each other, which is achieved between
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vectors from different categories. In this case, one vector from each category can be

selected, others can be removed, and the four chosen vectors form a new generator

matrix, see the middle matrix of Figure 4.12. The Gram matrix is then calculated from

this generator matrix. This Gram matrix generating process is repeated for each Walsh

mode subset. Consequently, G4−7
16 , G8−11

16 , and G12−15
16 are obtained.

As shown in Figure 4.12, G4−7
16 , G8−11

16 , and G12−15
16 are all identical, indicating that

the lattice structures are the same. This means that a NN can be trained on one Walsh

mode subset (for example, W ′′4−7
16 , which relates to the Gram matrixG4−7

16 ) and applied to

the other subsets (correcting W
′′4−7
16 /W

′′8−11
16 /W

′′12−15
16 of the whole W ′′

16 set, which are

related to Gram matrices G4−7
16 /G8−11

16 /G12−15
16 ). This strategy will be extensively used in

the simulations presented in the next chapter.

4.4 Summary

In this chapter, the complete data generation procedure was described in detail. The

construction of the NN for an 8-pixel Walsh mode set was presented, and the preferred

network structure for this application was identified: approximately 105 parameters, 4

CLs, and 5 FCLs. Finally, a method to reduce NN complexity was proposed by iteratively

correcting high-dimensional Walsh mode sets using a NN trained on a subset. Further

simulations using this NN will be discussed in the following chapter.
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Chapter 5

Simulations of Neural-Network-Based

Correction of Walsh Modes

Neural networks (NNs) need to be trained with sufficient training datasets that, ide-

ally, encompass the whole searching space. This means that the amount of training

dataset increases exponentially with the Walsh mode dimensions that were involved in

the discussion: if too many Walsh modes are approached and corrected altogether by

one NN, the data generation and training process will become unmanageable.

To understand how to divide the Walsh mode set into subsets to ensure an efficient

and effective correction, we systematically discussed by simulating different NNs, each

trained with a different subset, and compared their performances. We also compared,

through simulation, the optimised NN setting with commonly used CA and SA.
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5. Simulations of Neural-Network-Based Correction of Walsh Modes

5.1 Optimal Walsh Mode Subset Dimension for

Neural Network Design

When dealing with a high-dimensional Walsh mode set, as discussed in Section 4.3,

a smaller Walsh mode subset is required for both training and correction. In this section,

we investigate the optimal subset size for achieving effective NN-based estimation.

To address this, NNs were trained with Walsh mode dimensions K = 4, 8, 16, re-

ferred to as 4NN, 8NN, and 16NN, respectively. The solution used here will be introduced

in detail in Section 5.3.3. The signal level was defined within the interval µ ∈ [10, 106]

(see Section 4.1.1). All NNs were trained on 223 training datasets and validated on 210

datasets, with central concentration applied to improve correction of small aberrations,

as discussed in Section 4.2.

The trained NNs were subsequently tested on Walsh mode sets with dimensions

N = 64, 128, which were sufficiently high to evaluate performance differences among

the NNs. The testing dataset consisted of 210 samples with the same signal level range as

the training data but without central concentration. For a correction subset of dimension

K , N
K

iterations (indicated by i) were required to complete one full correction round of

all modes. A total ofD = 10 correction rounds were performed in these demonstrations.

The overall correction process is illustrated in the flow chart shown in Figure 5.1, using

K = 16 and N = 64 as an example for clarification.

Figure 5.2 shows how the average SR increases with the number of images collected

for different NNs under different Walsh mode dimensions. As benchmarks, corrected
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NN
dimension

K=16

Walsh mode
dimension

N=64

Start;
D=1

i=1

Correct Walsh 
mode 1 to 15

Yes

Is i<N/K

i=2

Correct Walsh 
mode 16 to 31

i=3

Correct Walsh 
mode 32 to 47

i=4

Correct Walsh 
mode 48 to 63

Yes

Is i<N/K

Yes

Is i<N/K

No Is i<N/K

D=D+1

No

Yes Is D>10End

Figure 5.1: Correction process for NN with dimension K = 16 and Walsh mode dimen-
sion N = 64. A total of D = 10 correction rounds are performed. Each correction round
consists of N

K
iterations, which is indicated by i.

SR values of 0.6 and 0.8 were chosen. When N = 64, 8NN required a similar or smaller

number of measurements than 16NN to reach an average SR of 0.6 or 0.8, while 4NN

could not achieve these values. The final average SR was the highest for 8NN. When

N = 128, 8NN required a similar number of measurements as 16NN to reach an average

SR of 0.6; at an average SR of 0.8, only 8NN reached this benchmark. Again, the final

average SR was the highest for 8NN. These results indicated that 8NN was the optimal

choice for these scenarios.
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Figure 5.2: Comparison of Walsh mode subset dimensions (K) for NN design. The cor-
rected average SR is shown as a function of the number of collected images (interpolated
curves) for different NN dimensions K (labels in the top left) and Walsh mode dimen-
sions N (indicated in the panel headings). Shaded regions represent the 10th − 90th

percentiles of SR across samples.
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5.2. Neural Network Working Procedure

A subset dimension of K = 4 is not chosen because it represents too small a fraction

of the overall N modes to be effective. In contrast, a NN trained with K = 8 pro-

vides suitable performance without excessive computational cost. Although 16NN can

also work, its high subset dimension makes the network construction computationally

demanding and the training time long. Therefore, since K = 8 is the optimal Walsh

mode subset dimension, all the NNs in the subsequent simulations are trained on this

dimension.

5.2 Neural Network Working Procedure

This section describes the detailed working procedure of the NN we built in Chapter

4.

The NN was originally designed to consider the lowest-order Walsh modes. Since

the piston does not affect the measurement, the network was trained on the next seven

modes, from index 1 to 7 (hereafter referred to as W1–7 for clarity; all subsequent Walsh

mode subsets follow the same notation). However, the presence of the piston creates an

anomalous range: for higher-order groups of eight modes (for example, W8 − 15), the

lowest-order mode in the group, Walsh mode 8 (hereafter referred to as W8 for clarity;

all subsequent Walsh modes follow the same notation), does influence the signal. This

process is illustrated in Figure 5.3(a). Therefore, an additional step is required in the

operation of this 7NN to make it effective for higher-order mode groups.

For a Walsh mode set of dimension N , in each correction round D, there are N

8
− 1

modes that are not corrected by the 7NN. For example, when N = 32, three modes are
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(a)
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Walsh mode
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N=32
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D=1

i=1

7NN correct 
Walsh mode 1 to 7

Yes

Is i<N/(K+1)

i=2

7NN correct 
Walsh mode 9 to 15

i=3

7NN correct 
Walsh mode 17 to 23

i=4

7NN correct 
Walsh mode 25 to 31
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D=D+1

No

Yes Is D>10End

i=2

PSI correct
 Walsh mode 8
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Is i<N/(K+1)

i=3

PSI correct
 Walsh mode 16

Is i<N/(K+1)

i=4

PSI correct
 Walsh mode 24

Is i<N/(K+1)

(b)

Figure 5.3: (a) The anomalous phenomenon: the NN is trained on W1 − 7, with the
piston mode removed. When applied to the subset of W8−15, W8 is omitted, requiring
an additional estimation algorithm. (b) The workflow of 7NN + PSI corrects the Walsh
mode set with dimension N = 32. Total correction rounds D = 10.
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omitted in each round.

In this case, a PSI method correction step is added to correct the omitted mode in

each iteration, as described in Equation 3.17 in Section 3.4.1. Since the ignored mode

during 7NN training is the piston (lowest-order) mode, we apply the PSI measurement

to the lowest-order Walsh mode in each group, namely W8, W16, and W24. In every

iteration, after the standard 7NN prediction, the PSI step is applied to the designated

modes. This ensures that no uncorrected modes remain in the Walsh mode set. This

approach is referred to as 7NN + PSI. At the end of the correction round, 7NN + PSI

collects 15 + 18 × (
N

8
− 1) images, 15 images in the first iteration when correcting

the first 7 Walsh modes without piston and 18 images in the rest of the iterations when

correcting 7 Walsh modes (15 images) and one extra mode with PSI (3 images). The

above 7NN + PSI application example is illustrated as a workflow in Figure 5.3(b).

5.3 Simulations

This section presents simulation results of NNs tested under varying SNR conditions

and Walsh mode set dimensions, with comparisons to CA and SA introduced in Section

2.4.3.
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5. Simulations of Neural-Network-Based Correction of Walsh Modes

5.3.1 Comparison of 7NN+ PSI and CA under Varying

Signal-to-Noise Ratios

To evaluate the effect of 7NN+ PSI under different SNR conditions, its performance

on W8− 15 was tested at various SNRs and compared with that of the CA.

Testing datasets consisted of 210 samples, not centrally concentrated. The pho-

ton number µ was selected from µ ∈ [10, 106), corresponding to the training SNR

range of SNR ∈ [3, 1000). High, medium, and low SNR conditions were defined as

SNR ∈ [300, 1000), SNR ∈ [30, 100), and SNR ∈ [3, 10), respectively. Figure 5.4 shows
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Figure 5.4: Comparison of the performance of 7NN + PSI and CA correcting W8 − 15
under various SNR conditions. The corrected average SR is shown as a function of the
number of collected images (interpolated curves) for different algorithms (labels in the
top right) and SNRs (indicated in the panel headings). Shaded regions represent the
10th − 90th percentiles of SR across samples.
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the average corrected SR as a function of the number of images collected, with a compar-

ison to the CA. The CA was applied to the same datasets as the NN method, measuring

all 8 Walsh modes’ metric values and using PSI to calculate the target mode coefficients

(see Section 2.4.3). In Figure 5.4, 7NN + PSI consistently required the fewest images to

reach benchmarks—average SR values of 0.8 and 0.9. The number of images needed for

7NN + PSI remained similar across SNR conditions. For the final average SR, even with

low SNR, the 7NN + PSI could always reach final average SRs over 0.9.

The above analysis indicates that 7NN + PSI performs better than CA in efficiency

on each SNR occasion, and 7NN + PSI is robust among SNRs.

5.3.2 Comparison of 7NN+ PSI and CA under Varying Walsh

Mode Dimensions

To evaluate the performance of 7NN + PSI across different Walsh mode set dimen-

sions, both 7NN + PSI and CA were applied to Walsh mode sets with N = 32, 64, 128

with the same SNR during the training process. It is worth mentioning that 7NN + PSI

collected and corrected subsets of the full Walsh mode set, whereas CA processed the

entire set without updating the ‘zero-bias’ pupil (see Section 2.4.3).

The testing dataset consisted of 210 samples, with SNR matching the training range

(SNR ∈ [3, 1000)) and without central concentration. The resulting average corrected

SR curves are shown in Figure 5.5. The results indicate that 7NN+PSI outperforms CA.

This is because CA attempts to correct too many modes at once without updating the

pupil function.
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Figure 5.5: Comparison of the performance of 7NN + PSI and CA correcting various
Walsh mode dimensions N under the same SNR condition (CA applied to the whole
Walsh mode set of N = 32/64/128). The corrected average SR is shown as a function of
the number of collected images (interpolated curves) for different algorithms (indicated
in labels) and dimension N (indicated in the panel headings). Shaded regions represent
the 10th − 90th percentiles of SR across samples.

Therefore, the CA was modified to follow the same correction process as 7NN+PSI:

modes were grouped into subsets of 8, and in each iteration, 8 modes (7 in the first

iteration) were corrected. A total of N
8

iterations completed one correction round.

The resulting average SR curves versus the number of collected images are shown in

Figure 5.6. When N = 32, 7NN + PSI required a smaller number of images than CA to

meet the criteria with a final average SR result near 1. When N = 64, either the number

of images required to meet the SR criteria or the final average metric values were similar

for 7NN+ PSI and CA. However, when N = 128, the number of images needed to meet
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Figure 5.6: Comparison of the performance of 7NN + PSI and CA correcting various
Walsh mode dimensions N under the same SNR condition (CA applied to the Walsh
mode subsets of 8 modes in each correction iteration). The corrected average SR is
shown as a function of the number of collected images (interpolated curves) for different
algorithms (labels in the top right) and dimension N (indicated in the panel headings).
Shaded regions represent the 10th − 90th percentiles of SR across samples.

the SR criteria for 7NN+ PSI was larger than that of CA, and the final average SR value

was smaller; here, the CA showed better performance. One possible explanation for the

poor performance of the 7NN + PSI is that the extra PSI method limited its efficiency,

which will be further explored in Section 5.3.3.

In conclusion, when the Walsh dimension N is low (lower than 128), 7NN + PSI

outperforms (or is similar to) CA in efficiency. The performance of CA is strongly influ-

enced by its dimensionality: a low-dimensional CA can achieve better performance than

a high-dimensional CA. Moreover, the Walsh mode dimension is an important property
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5. Simulations of Neural-Network-Based Correction of Walsh Modes

that should be considered when applying 7NN + PSI: when the Walsh mode dimension

is low, 7NN + PSI can perform better than a same-dimensional CA (which can correct

the same number of Walsh modes as 7NN + PSI in one iteration) in efficiency.

5.3.3 Modification of Neural Network Structure

The NN’s input data frame structure is modified here, which improves the NN’s

working efficiency.

The NN was initially designed with a dimension of 7 to correct the mode set W1−7,

excluding W0 (piston), since it does not affect the system. However, when applied to

higher-order groups of eight modes (for example, W8−15, W16−23), the 7NN requires

an additional PSI step to handle the lowest-order mode in each group, which may limit

its working efficiency. To address this, we investigated the use of a NN trained directly

on a complete set of eight modes.

An 8NN was therefore trained and tested on the mode set W8 − 15. The training

data generation procedure was adapted from the 7NN described in Section 4.1.1, with

the pupil phase generation Walsh mode set being modified accordingly. Each training

dataset contained 17 input signal readings, 8 rough estimates, and 8 labels. The 17 in-

put signals were arranged in the same manner as in the 7NN (see Figure 5.7). The 8NN

architecture consisted of 4 CLs and 5 FCLs, with 99336 trainable parameters, mirroring

the structure of the optimized 7NN from the previous chapter. The training set con-

tained 223 samples, while the validation set contained 210 samples. Both were centrally

concentrated, with SNR ∈ [3, 1000).

98



5.3. Simulations

After training, the 8NN was tested on 210 datasets generated in the same way as the

training data but without central concentration. As shown in Figure 5.8, while tested on

Walsh mode set W8 − 15, the 8NN performs effectively, achieving a final average SR

close to 1.

Figure 5.7: Training data signal reading arrangement for 8NN (right), adapted from the
arrangement shown in Figure 4.6 for 7NN (left). The similar pattern is applied to all other
Walsh mode subsets when estimating their coefficients, except the lowest-order subset.

A special case arises when applying this NN to the correction mode setW0−7. Since

the piston mode does not influence the signal readings, the NN will otherwise attempt

to estimate a value even though the piston coefficient should be arbitrary. To address

this, we force the input measurements for S0+ and S0− to be 0.0625S0, see Figure 5.9.

These values are chosen such that, according to Equation 3.17, the NN may return a

coefficient of 0 for the piston mode. These ‘phantom’ signal readings are incorporated

into the input signal readings’ data frame during the correction of W0− 7. In this way,

the NN predicts the piston coefficient as 0 (or negligible) while estimating the other

Walsh modes normally.
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5. Simulations of Neural-Network-Based Correction of Walsh Modes

Figure 5.8: Correction results of 8NN on W8 − 15 with SNR matching the training
range. The plot shows the evolution of the average SR over correction rounds. Error
bars indicate the 10th–90th percentiles of the samples. Yellow and red dashed lines mark
SR = 0.8 and SR = 0.9, respectively.

Figure 5.9: Input signal reading arrangement for 8NN (right) while correcting the lowest
order Walsh mode subset W0− 7.

5.3.4 Comparison of 7NN+ PSI with 8NN

To compare the working efficiency of 7NN + PSI and 8NN, two sets of tests were

conducted, focusing on variations in SNR and Walsh mode dimension.
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First, 7NN + PSI and 8NN were tested on W8− 15 using 210 non–centrally concen-

trated testing datasets across different SNRs. The results, shown in Figure 5.10, indicate

that 8NN outperforms 7NN + PSI: under every SNR condition, while achieving simi-

lar final average SRs, 8NN consistently required fewer images to meet the correction

criteria.
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Figure 5.10: Comparison of the performance of 7NN+PSI and 8NN correcting W8−15
under various SNR conditions. The corrected average SR is shown as a function of the
number of collected images (interpolated curves) for different algorithms (labels in the
top right) and SNRs (indicated in the panel headings). Shaded regions represent the
10th − 90th percentiles of SR across samples.

Next, 7NN + PSI and 8NN were tested on Walsh mode sets of varying dimensions

N = 32, 64, 128, under the same SNR during the training process. The testing datasets

contained 210 samples, were not centrally concentrated. The results, shown in Figure

5.11, demonstrated that across all Walsh mode dimensions, while achieving similar final
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average SRs, 8NN consistently required fewer images to meet the correction criteria.

These findings confirm that 8NN achieves higher working efficiency than 7NN+PSI.

Consequently, all subsequent comparison simulations are conducted using 8NN.
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Figure 5.11: Comparison of the performance of 7NN + PSI and 8NN correcting various
Walsh mode dimensions N under the same SNR condition. The corrected average SR is
shown as a function of the number of collected images (interpolated curves) for different
algorithms (labels in the top right) and dimension N (indicated in the panel headings).
Shaded regions represent the 10th − 90th percentiles of SR across samples.

5.3.5 Comparison of 8NN with SA

Previous tests showed that lower-dimensional CAs achieve better working efficiency.

Accordingly, the SA introduced in Section 2.4.3 represents the optimal CA in image

quality improvement efficiency. In SA, each Walsh mode is measured and corrected

sequentially, with the pupil function updated after correcting each mode. To provide a
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Figure 5.12: Comparison of the performances of 8NN and SA correcting various Walsh
mode dimensions N under varying SNRs. The corrected average SR is shown as a func-
tion of the number of collected images (interpolated curves) for different algorithms,
SNRs (labels in the top right), and dimension N (indicated in the panel headings).
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more rigorous comparison, 8NN was evaluated against SA across different SNR levels

and Walsh mode dimensions.

The testing dataset size was 210 (not centrally concentrated); other parameters are

indicated in Figure 5.12 as legends and panel headings. For high and medium SNRs

(SNR ∈ [300, 1000)/SNR ∈ [30, 100)) and low Walsh dimensions (N = 32, 64), 8NN per-

forms similarly to SA. Both algorithms reached benchmarks SR = 0.8/0.9 with nearly

the same number of images (with 8NN reaching the criteria with slightly fewer images

for N = 32), and the final average SRs were comparable.

The reason 8NN can only perform to a similar standard as SA is that the formula

generating testing datasets, which is described in Section 4.1.1 Equation 4.8, is based

on the same calculation procedure to the calculating formula used by SA (see Equation

3.17), so SA is more suitable in this condition. Therefore, we should not expect a NN

estimator to perform better than an optimal analytic model.

5.3.6 Summary

The SA is nearly optimal in idealized simulation conditions, making it difficult for the

NN to outperform. However, there are scenarios in which 8NN demonstrates superior

performance compared to SA within simulations.

We employed a modified NN structure, denoted as 8NN*. This 8NN* consists of 4

CLs and 4 FCLs with 385480 parameters, simplifying the network by reducing layers

and parameters to improve performance under low SNR conditions. It was trained on

W8−15with SNR ∈ [3, 1000), and then tested onW1−31 across the SNR ∈ [300, 1000),
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SNR ∈ [30, 100) and SNR ∈ [3, 10), as shown in Figure 5.13. At high and medium SNR

conditions (SNR ∈ [300, 1000)/SNR ∈ [30, 100)), 8NN* reached SR = 0.8/0.9 requiring

a smaller number of images than or similar to that of SA. Under low SNR conditions

(SNR ∈ [3, 10)), 8NN* corrected faster and achieved a higher final average SR than

SA. This demonstrates that a NN can potentially surpass a nearly optimal algorithm in

simulations like SA.
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Figure 5.13: 8NN* (simplified 8NN) outperforms the SA in low SNR conditions, correct-
ing Walsh mode set with dimension N = 32. The corrected average SR is shown as a
function of the number of collected images (interpolated curves) for different algorithms
and SNRs (indicated in labels).
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Chapter 6

Two-Photon Microscopy Demonstrations of

Neural-Network-Based Correction of Walsh

Modes

In this chapter, the trained 8NN was implemented in a two-photon microscope to

evaluate its efficiency in comparison with SA. Results verify the simulation results in

Chapter 5 that the NN we trained can outperform SA in working efficiency.

6.1 System Configuration

This section describes the two-photon microscope (2PLSM) setup used in experi-

ments. The setup consists of three main components: a two-photon illumination path,

a signal detection path, and an adaptive optics path for aberration correction. The full
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setup schematic plot is shown in Figure 6.1.

6.1.1 Two-Photon Illumination Path

This path is indicated in red in Figure 6.1. The 2PLSM system uses a femtosecond

pulsed laser source. The pump laser is a 532 nm continuous-wave diode-pumped solid-

state (DPSS) laser (Millennia eVTM, Spectra-Physics), which pumps a Ti:sapphire oscilla-

tor (Tsunami, Spectra-Physics). The Ti:sapphire laser output is linearly polarized, tuned

to a central wavelength of 870 nm, with a pulse width of 182 fs and a beam diameter of

1.3 mm.

Along this path, the main optical axis is redirected by four mirrors, M1–M4 (BB1-E03,

Thorlabs), which will not be restated in the subsequent descriptions. For laser safety, a

shutter S (SH05/M, Thorlabs) is placed immediately after M1. Following this, a power-

adjusting module is implemented, consisting of a half-wave plate HWP (AHWP10M-980,

Thorlabs), a polarizing beam splitter PBS (GL5-B, Thorlabs), and a beam trap (BT610/M,

Thorlabs). The rotating HWP adjusts the polarization of the incident laser, and together

with the PBS, enables control of the transmitted light intensity. The portion of light

reflected by PBS is absorbed by the beam trap.

After passing through the power-adjusting module, the attenuated beam enters the

first 4f system, which consists of two lenses, L1 and L2 (45806 and 49362, Edmund Op-

tics), arranged with coincident focal planes. This relay setup expands the beam diameter

to 1.95 mm.

Next is the scanning module consisting of two conjugated galvanometer mirrors,
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(a)

(b)

Figure 6.1: System configuration. (a) Two-photon illumination path with the adaptive
optics path. (b) Two-photon illumination path and the signal detection path.
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Galvo X and Galvo Y (GVS001, Thorlabs), together with a 4f system L5 and L6 (Edmund

Optics, 49-357-INK). Driven by control signals from the FPGA, the galvanometer mir-

rors rotate around their respective axes at defined rates, producing the desired scanning

pattern of the focal spot across the sample. In particular, Galvo X redirects the main

optical axis, enabling the downstream optical components mounted over the optical air

table as shown in Figure 6.1(b).

After the scanning module, the beam passes through two pairs of 4f systems: L7

(49357, Edmund Optics), L8 and L9 (49-361-INK, Edmund Optics), and L10 (49-364-INK,

Edmund Optics). These systems expand the beam diameter to match the objective back

aperture, enlarging it first to 4 mm and then to 6.4 mm. Two mirrors, M5 and M6 (BBE1-

E03, Thorlabs), are used to redirect the optical axis.

The illumination path terminates at the objective lens (LUMPLFLN60XW, Olympus),

a 60× water immersion lens with a 6 mm pupil diameter, which is matched by the ex-

panded beam diameter. The collimated laser beam is focused by the objective in the

sample, exciting two-photon fluorescence.

6.1.2 Signal Detection Path

This path is indicated in yellow in Figure 6.1(b). The excited fluorescence is first

collected by the objective lens and then reflected by a dichroic beamsplitter DB (FF735-

Di02-25x36, Semrock) with a transmission band of 750 nm-1600 nm. A single lens L11

is placed before the detector to collect the photons. To further block unwanted wave-

lengths, two bandpass filters are added: F1 (FF01-527/70-25, Semrock) with a 492 nm-
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562 nm transmission band, and F2 (FF01-750/SP-25, Semrock) with a 380 nm-720 nm

transmission band. Together with the DB, these filters ensure that only the fluores-

cence signal reaches the detector. A photomultiplier tube PMT (Thorlabs PMT2101/M)

is used for signal detection.

6.1.3 Adaptive Optics Path

The AO path is an optional path, controlled by three components: flip mirror FM1

and FM2 (BB1-E03, Thorlabs), and a flip lens L4 (49356, Edmund Optics). Collimated

light reflected by FM1 enters a 5× beam expander (GBE05-B, Thorlabs), which enlarges

the beam diameter from 1.95 mm to 9.75 mm to fill the surface of the deformable mirror

DM (Kilo Circular SLM, Boston Micromachines Corporation). The DM has 952 active

aluminum-coated actuators with a 10.2 mm clear aperture. The actuator’s maximum

stroke is 800 nm with piston precision below 1 nm. A 4f system L3 (49366, Edmund

Optics) and L4 then conjugates the DM surface to Galvo Y while reducing the beam

diameter back to 1.95 mm. Ultimately, the DM surface is conjugated to the objective’s

back pupil plane by the downstream optical components. The AO path is illustrated in

Figure 6.1(a).
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6.2 Comparison of 8NN and SA in Experimental

Results

In the following experiments, 8NN and the SA were tested to compare their per-

formance. The specimen was a single layer of 1 µm beads (FluoSpheres Size Kit #2,

carboxylate-modified microspheres, Thermo Fisher) with yellow-green fluorescence

emission wavelength 515 nm. The laser power at the sample stage was 2.5 mW.

At the beginning of the experiment, the SA was applied to correct the system aber-

ration. This step served two purposes: first, to remove the intrinsic system aberration,

enabling statistical analysis of experimental results with known input aberrations man-

ually introduced by the adaptive element; and second, to establish an intensity reference

for 8NN, since all prior training and testing were based on Strehl ratios (SRs). Apply-

ing SA first, therefore ensured that 8NN operated with a reliable reference for accurate

correction.

SA was applied to polar Walsh 1 to 15 (hereafter referred to as PW1–15 for clarity;

all subsequent polar Walsh mode subsets follow the same notation) for 10 rounds. After

this procedure, a system-aberration–corrected pupil phase pattern was obtained, which

served as the zero-bias pupil phase pattern for the following experiments, along with an

aberration-free intensity as the intensity reference, referred to Iref . Next, PW1− 7 (ex-

cluding the piston mode) were introduced onto the DM as aberrations, with amplitudes

randomly selected within the range (−π

2
,
π

2
]. Both 8NN and SA were then applied to

the same aberrated pupil, and ten rounds of corrections were performed. The results are
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Figure 6.2: Comparison between 8NN and SA while correcting PW1 − 7. (a) Experi-
mental intensity ratios I

Iref
versus collected images, comparing 8NN and SA. (b) One

micron bead images before (left) and after (right) 8NN correction. The scale bar: 2 µm.
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shown in Figure 6.2. It can be observed that 8NN reached the correction criterion, the

intensity ratio I

Iref
= 0.9, with fewer images, while both 8NN and SA achieved compa-

rable final intensity ratios. Following aberration correction with 8NN, the image inten-

sity and resolution were markedly improved. These results experimentally validate the

conclusion drawn in the previous chapter that 8NN can outperform SA.
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Figure 6.3: Comparison between 8NN and SA while correcting PW1 − 15. (a) Exper-
imental intensity ratios I

Iref
versus collected images, comparing 8NN and SA. (b) One

micron bead images before (left) and after (right) 8NN correction. The scale bar: 2 µm.
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In the second experiment, PW1−15 were manually applied to the DM surface, with

amplitudes randomly selected within the range (−π

2
,
π

2
]. The comparison of intensity

ratios versus the number of collected images after correction with 8NN and SA is shown

in Figure 6.3. The two algorithms showed similar performance, with a similar required

number of images to meet the I

Iref
= 0.9 criterion and similar final I

Iref
. Following

aberration correction with 8NN, both image intensity and resolution were significantly

improved as well.

Despite these promising results, 8NN is not practically feasible for experimental

applications. It requires a separate aberration correction procedure to generate the

aberration-free reference so that the SR can be computed. While this work serves as

a promising demonstration and useful exploration of using a NN-based algorithm for

Walsh mode correction, to derive a practically feasible method that can be used in re-

alistic imaging scenarios, we further developed an image-based NN method, which will

be introduced in the next chapter.
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Chapter 7

Machine Learning Assisted

Wavefront-Sensorless Adaptive Optics

Control Method

In this chapter, a physics-based machine learning assisted wavefront-sensorless AO

control method (MLAO) is presented. The approach is designed to fully exploit the infor-

mation contained in images without relying on a condensed scalar image quality metric.

The data pre-processing method (pseudo-PSF generation), MLAO training data genera-

tion, network architecture, and training procedure all support this goal. Furthermore,

analyzing MLAO parameters provides insights into the information content of different

input types and guides performance improvements.
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7.1 Introduction to the Pseudo-PSF

In previous chapters, neural networks (NNs) were all trained based on the Strehl ratio

(SR). This implies that an aberration-free intensity should always be provided as a refer-

ence to compute the SR before using a NN to derive the wavefront correction. In practical

applications, such an aberration-free reference is not available before the aberration is

fully corrected. In previous experiments, for demonstration purposes, the aberrations

were introduced using adaptive elements to analyze the developed NN-based method

in a microscope. Such demonstrations, although effective for analyzing the method’s

performance, have little direct practical application.

In this chapter, we explore a more practical aberration correction strategy that does

not rely on the SR as the network input. Instead, we use extended images to generate

images of point-like objects, which are equivalent to the microscope’s PSF. PSF defor-

mations contain distinct information about aberrations and can be directly captured in

microscope images. To extract this information, we implement a pre-processing step:

pseudo-PSF computation [146].

An introduction to the PSF is provided in Section 2.2.5. The PSF can be calculated by

Fourier transforming the objective pupil function of the fluorescence microscope under

the paraxial approximation, and it carries information about aberrations. In a fluores-

cence microscope, the acquired image is mathematically expressed as the convolution

of the PSF with a function representing the fluorophore distribution in the specimen.

To better condition the input for NN processing and simplify the MLAO structure, the

input (pre-processed microscope images) should ideally contain only aberration infor-
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mation, independent of specimen structure. To achieve this, the pseudo-PSF is defined

to provide specimen-independent information.

Mathematically, image formation in a 2PLSM is given by:

P = P (r⃗)ejϕ(r⃗) (7.1)

P (r⃗) =


1, if |r⃗| ≤ 1

0, if |r⃗| > 1

(7.2)

Img0 = |FT (P)|4 ∗Obj (7.3)

Equation 7.1 shows the formation of the pupil function. r⃗ denotes the position vector

on the pupil, and ϕ(r⃗) denotes the pupil phase. Equation 7.2 indicates the pupil func-

tion amplitude. In Equation 7.3, Img0 denotes the acquired image, FT (P) shows the

Fourier transform of the pupil function, ∗ represents the convolution operation, and Obj

represents the function of the fluorophore distribution in the specimen.

If we use the adaptive element to add a bias mode to the pupil and image the same

FOV, the image acquired will be:

Imgb = |FT {P (r⃗)ej[ϕ(r⃗)+b(r⃗)]}|4 ∗Obj (7.4)

b(r⃗) represents the bias mode we add, which should be the aberrating mode we aim to
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capture information from in the pupil phase. Now, if we calculate:

FT −1(Imgb)

FT −1(Img0)
=

FT −1{|FT [P (r⃗)ej[ϕ(r⃗)+b(r⃗)]]|4 ∗Obj}
FT −1{|FT [P (r⃗)ejϕ(r⃗)]|4 ∗Obj}

=
FT −1{|FT [P (r⃗)ej[ϕ(r⃗)+b(r⃗)]]|4} × FT −1(Obj)

FT −1{|FT [P (r⃗)ejϕ(r⃗)]|4} × FT −1(Obj)

=
FT −1{|FT [P (r⃗)ej[ϕ(r⃗)+b(r⃗)]]|4}

FT −1{|FT [P (r⃗)ejϕ(r⃗)]|4}
(7.5)

FT −1 denotes the inverse Fourier transform. In this formulation, most of the specimen

information Obj is removed (see Equation 7.5); the specimen structure is suppressed,

though small residual contributions may remain in practice, because all the functions

are digitised and pixelated. The aberrated pupil function and the known bias mode are

preserved. We then proceed as follows:

PSFpseusdo = FT [
FT −1(Imgb)

FT −1(Img0)
] (7.6)

The resultant pseudo-PSF is concentrated near the center; therefore, we crop the central

patch of the 2D function for further processing. This helps simplify the NN architecture.

An illustration of the pseudo-PSF generation process is shown in Figure 7.1, including

some examples of the pseudo-PSFs.

It is important to note that zeros and noise in the denominator of Equation 7.6 can

influence the resulting values. This issue is addressed during the subsequent MLAO

training process: zeros are handled as described in Section 7.2.1 Step 4 ‘Pseudo-PSF

structure 3D array’, and noise is incorporated into the training datasets during data

generation.
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Pseudo-PSF
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Figure 7.1: (a) The pseudo-PSF generation process. The cropped pseudo-PSF image is
enlarged to see the detailed structure. (b) Some examples of the pseudo-PSFs.

7.2 Introduction to MLAO

The MLAO method is a physics-based, machine-learning-assisted, wavefront sen-

sorless AO control approach [146]. It processes multiple types of input: intensity ratios,

which provide the NN with information about the Voronoi cell structure; the pseudo-

PSF structure 3D array, which reflects the structure of the aberrated pupil; and the signal

reading matrix and rough estimates inherited from the 8NN designed in Chapter 4.

For the MLAO application, unbiased and biased images are collected, processed

through the image pre-processing module, and used as input to the specially designed

MLAO. The estimated aberration correction pupil phase is then applied to the original

pupil. This procedure can be repeated iteratively. The overall workflow is illustrated in
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Flowchart 7.2.

Collect
 biased/unbiased

 images
Start

Input into 
MLAO

Estimate 
mode coefficients

Correct 
original pupilEnd

Generate
 pseudo-PSFs

Generate other
 inputs

Image pre-processing module

Figure 7.2: MLAO correction procedure.

The MLAO method is effective under a range of working conditions, including vary-

ing SNRs and sample compositions, and can substantially improve image quality within

a few correction iterations. Furthermore, its architecture is grounded in a physical un-

derstanding of the imaging process. This is reflected in the relationship between the

aberration information content of each input data category and the variance of the cor-

responding trained MLAO parameters. These insights offer a deeper understanding of

the imaging process and can inform future research.

7.2.1 MLAO Training Data Generation

The complete procedure is illustrated in Flowchart 7.3. In this polar-Walsh-mode-

based MLAO, synthesized images are used to generate two divisions of input data:

intensity-reading-based and pseudo-PSF-based. These inputs allow the MLAO to cap-

ture more information about aberrations, improving its correction efficiency.

As illustrated in Section 5.1, we select a subset dimension of 8 and specifically trained
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8 cube cell coefficients
Map 8 cube cell coefficients into the primary

 Voronoi cell, get Voronoi cell labels

Output

Calculate biased
 and unbiased PSFs

Synthesize biased 
and unbiased images

Input

Generate a 
specimen structure

Normalize the 
training inputs

Generate pseudo-PSF-based
 input data

Generate intensity-reading-based
 input data

Figure 7.3: The MLAO training dataset generation procedure. The input-output data pair
of the training dataset is indicated by two blocks.

on the polar Walsh modes PW8 − 15. All polar Walsh modes are generated based on

the layout of the real SLM (X10468-02, Hamamatsu) with 422 pixels in diameter. The

high pixel count of the SLM improves the resolution of the Walsh modes and enhances

their orthogonality, which largely mitigates mode crosstalk. The 16 polar Walsh modes

based on SLM layout are illustrated in Figure 7.4, with their 1D indices labeled.

Step 1.1: generate 8 cube cell coefficients βk, k = 8, 9, ..., 15. This step corre-

sponds to randomly choosing aberration modes’ coefficients in the cube cell (see Figure

3.9 for the cube cell). Each one of them is uniformly chosen in the range [−π

2
,
π

2
).

Step 1.2: map 8 cube cell coefficients into the primary Voronoi cell β′
k, k =

8, 9, ...15. Details are provided in Section 4.1.1 Step 2. In this step, we obtain the labels

for training.
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Figure 7.4: The polar Walsh modes based on SLM. Yellow here represents +1 and blue
here represents −1.

Step 1.3: generate unbiased/biased PSFs. We generate the unbiased/biased pupil

phases with Equation 4.5. The mode bias amplitudes are ±π

4
. Before we conduct the Fast

Fourier Transform (FFT) of the resulting pupil, the pupil function array is first padded

with zeros (add zeros outside the pupil function) until the sampling rate is 1.2× the base

sampling rate. The base sampling rate is defined as: using two pixels to sample the full

width half maximum (FWHM) of the PSF of the aberration-free system [146].

Then we calculate:

psf(r⃗) =
∣∣∣FT [P (r⃗)ejϕ

′(r⃗)]
∣∣∣2 (7.7)

ϕ′(r⃗) denotes the padded phase. The psf(r⃗) is then normalized to preserve power con-

sistency, followed by squaring to account for the two-photon microscope response:

psf ′(r⃗) = psf(r⃗)−min[psf(r⃗)] (7.8)
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PSF(r⃗) =
[

psf ′(r⃗)∑
r⃗ psf

′(r⃗)

]2
(7.9)

The vector r⃗ represents the coordinate of each pixel in psf ′(r⃗). The psf ′(r⃗) is obtained

by subtracting the minimum pixel value of psf(r⃗), which is determined by the min

operation, at each corresponding location. The PSF(r⃗) is then obtained and cropped to

the central 32× 32 pixels, yielding the PSF used for subsequent calculations.

In this step, one unbiased PSF and two biased PSFs for each polar Walsh mode

PW8–15 are calculated, resulting in 17 PSFs in total.

Step 2: generate a specimen structure. We combine artificial and real microscope

images [146]. A pool of realistic sample structures is applied with random shapes such

as dots, rings, circular shapes, and curved or straight lines. Rotations of realistic sam-

ple structures are also applied. This helps MLAO generalize for application to various

specimens. Examples are shown in Figure 7.5.

Figure 7.5: Synthesized specimen structures. Structures at the bottom of the left image
are real microscope-collected structures. The other shapes indicated by the red arrows
are artificially computed. Small dots in the middle and the right images are also artifi-
cially computed.

Step 3: synthesize the unbiased/biased images. The specimen structure com-

puted in Step 2 is convolved with the PSFs obtained in Step 1.3. For each dataset, a
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single specimen structure is convolved with both unbiased and biased PSFs to gener-

ate the corresponding images. Then the photon number is randomly selected from the

range µ ∈ [103, 105) and applied to all 17 images, and Poisson noise is added to simulate

real experimental conditions. These processes are inherited from the training data gen-

eration Steps 3 and Step 4 described in Section 4.1.1. After generating all images, the

minimum pixel value across the entire image set is identified and subtracted, following

the same procedure used in experiments to remove the background signal.

Step 4: generate each part of the input dataset. A visualization of the input data

generation procedure and the arrangement of input data is shown in Figure 7.6.

Signal reading matrix: We sum each of the 17 images:

Ik± =
∑

Imgk± (7.10)

I0 =
∑

Img0 (7.11)

Here, Imgk± is a biased image corresponding to polar Walsh mode k, with ± denoting

positive or negative bias, Ik± represents its image total intensity, while Img0 and I0

correspond to the unbiased image and its total intensity.

Subsequently, the calculated total intensities are arranged in the corresponding place

following the pattern in Figure 5.7. Finally, we obtain the matrix I, which can be seen in

Figure 7.6, denoted as ‘signal reading matrix’.

Pseudo-PSF structure 3D array: Following Equation 7.6, we get the pseudo-PSF

image: PSFpseusdo
±k . Each polar Walsh mode k generates two pseudo-PSFs with positive and

negative bias amplitudes. Notice that after performing the inverse Fourier transform,

we add a tiny epsilon value (ϵ ≈ 2.22× 10−16) to all pixels to prevent the denominator
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Figure 7.6: Training data generation procedure. Images are arranged with eight pos-
itively biased images and eight negatively biased images aligned in two columns, de-
noted as Imgk+ and Imgk−, where k is the mode index. The unbiased image is Img0.
In total, 17 images are computed for the four types of input data, grouped within dotted
blocks. Each block is labeled with the corresponding input data type, and the data size
is indicated.

from being zero. Then we crop the pseudo-PSF frame to 32 × 32 pixels. The pseudo-

PSF frame’s center pixel value is set to zero because the center part is too bright and

can obscure information from dimmer peripheral structures. Finally, the 16 pseudo-PSF

frames are stacked together to form the pseudo-PSF structure 3D array: PSFpseudo.

This can also be seen in Figure 7.6.
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Intensity ratios: The intensity ratio is calculated as Ik±
I0

. It is the biased image total

intensity of mode k with positive/negative bias amplitude over the unbiased image total

intensity. Sixteen of these ratios form the intensity ratio vector: I⃗ .

Rough estimates: Following Equation 3.17:

β′′
k = −0.5 arctan

(
−(

√
Ik+ −

√
Ik−)

−
(√

Ik+ +
√
Ik− − 2

√
I0
)) (7.12)

The 8 rough estimates are also mapped into the primary Voronoi cell, following Step 2

from Section 4.1.1.

At this point, a full set of the MLAO training dataset is ready for normalization.

Step 5: input dataset normalization. Normalization of the input training data is

beneficial to the training procedure. For the signal reading matrix, we calculate:

I∗ =
I−min(I)

max(I)−min(I)
(7.13)

The min function extracts the minimum signal reading in the matrix, and the max func-

tion extracts the maximum. In this way, each I is normalized to the range [0, 1].

For the pseudo-PSF structure 3D array, which has size 32×32×16, we also perform:

PSFpseudo =
PSFpseudo −min(PSFpseudo)

max(PSFpseudo)−min(PSFpseudo)
(7.14)

This entire 32×32×16 array is scaled to the range [0, 1].

Similarly, for the intensity ratios, which form a 1× 16 vector, we perform:

I⃗∗ =
I⃗ −min(I⃗)

max(I⃗)−min(I⃗)
(7.15)

Eventually, the input dataset is ready for the training process.
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7.2.2 MLAO Architecture

The architecture of the MLAO is illustrated in Figure 7.7. It was implemented in Ten-

sorFlow Keras. The pseudo-PSF structure 3D array was processed by a convolutional

layers (CLs) module to extract information from different spatial scales of the aberra-

tion effects on the pseudo-PSFs and hence the imaging process. Another CLs module,

identical to that described in Section 4.1.2, extracted features from the signal reading

matrix. The outputs of the two CLs were concatenated with the intensity ratios and the

rough estimates. The concatenated data was processed by fully connected layers (FCLs),

and the output layer generated the final prediction. The detailed MLAO architecture is

shown in Appendix A.

FCLs

Intensity ratios

CLs
Pseudo-PSF
structure 3D array

Signal reading matrix

Mode coefficients

CLs

Rough estimates

Figure 7.7: Simplified MLAO structure. CLs: convolutional layers; FCLs: fully connected
layers.

We adopted this MLAO architecture to process different input types in parallel,

which can also provide insight into how information is utilized within the network. In
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the FCL after the concatenate layer, the trainable parameters are updated during train-

ing. After training, the parameters corresponding to each input type are extracted, and

their variances are calculated. A larger variance indicates that the associated parameter

group is adjusted more, suggesting that the MLAO absorbs more information from that

input type. Such inputs, therefore, provide more information about the aberrations to

the MLAO. Further details are provided in Section 7.3.

7.2.3 MLAO Training Process

The MLAO was trained with 8000 batches, each containing 128 datasets, for a total

of 16000 epochs. The validation dataset consisted of an additional batch of 128 datasets

generated using the same procedure as the training data. During training, the step per

epoch was set to 32, meaning the network parameters were updated after every 32

batches. This design increases the frequency of loss updates, facilitating comparison

of loss trends across different learning rates and trainable parameters. At the end of

each epoch, the batches were shuffled. The initial learning rate was 8.5× 10−3 and was

maintained for 2000 epochs; thereafter, it was reduced by a factor of 0.95 every 200

epochs. Training and validation loss curves were monitored using TensorBoard. The

training results are shown in Figure 7.8.
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Figure 7.8: The training loss and validation loss of MLAO, both are smoothed with a 50
data span.

7.3 Parameter Variance Analysis for Different Input

Types

In our MLAO architecture, extracting the NN parameters from the first FCL after

the concatenate layer allows us to assess the relative importance of each input. Larger

parameter variances indicate that the MLAO learned more information from the corre-

sponding input type.

In this experiment, we first tested the MLAO trained without noise. The network

has 16 parameters for intensity ratios, 9088 for the pseudo-PSF structure 3D array, 512

for the signal reading matrix, and 8 for rough estimates. The corresponding loss curves

are shown in Figure 7.9 (light green and pink curves), and the parameter variances are

summarized in Table 7.1:
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Input Parameter Variance
Intensity ratios 0.3490

Pseudo-PSF structure 3D array 0.0064
Signal reading matrix 0.0273

Rough estimates 0.0366

Table 7.1: Parameter variances of corresponding inputs.

As shown in Table 7.1, the parameter variance of the pseudo-PSF 3D array was much

smaller than that of the other inputs, while MLAO still performed effectively. This obser-

vation suggests that this particular input could potentially be removed. Consequently,

we removed the pseudo-PSF 3D array input and trained the MLAO with noise, compar-

ing models trained with and without this input. As shown in Figure 7.9, the training

and validation loss curves (dark green and brown) were worse without the pseudo-PSF

input, indicating that the MLAO performance deteriorated when this input was omitted.

One possible explanation for this behavior is that the number of trainable parameters

associated with the pseudo-PSF 3D array was too large, causing some parameters to

remain effectively unmodulated and near zero. This masked the true variance of the

useful parameters. To address this, we reduced the number of trainable parameters for

the pseudo-PSF input from 9088 to 1136 and 284, as shown in Figure 7.9 and Table 7.2.

We can observe that the parameter variance of the pseudo-PSF 3D array increased while

maintaining similar loss curves, indicating that a larger proportion of parameters were

effectively modulated and fewer remained untrained. This reduction can also improve

computational efficiency by decreasing the total number of trainable parameters.

The discussion above leads to two main conclusions. First, the parameter variances

of inputs are valuable indicators of the information each input provides to the NN. In
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Figure 7.9: Training and validation loss of the MLAO under different pseudo-PSF-related
parameter counts and noise conditions, all are smoothed with a 50 data span. The num-
ber of parameters and noise conditions are indicated in the top-right legend. The loss
curves remain similar as the number of parameters decreases, until the pseudo-PSF in-
put is completely removed, the loss curves become worse.

Input Variance
(9088)

Variance
(1136)

Variance
(284)

Intensity ratios 0.2599 0.3862 0.3897
Pseudo-PSF structure 3D array 0.0182 0.0552 0.0929
Signal reading matrix 0.0270 0.0410 0.0625
Rough estimates 0.0443 0.0479 0.0608

Table 7.2: Parameter variances of corresponding inputs. Numbers on the titles indicate
the number of parameters corresponding to the pseudo-PSF structure 3D array.
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the MLAO, this analysis demonstrates that the pseudo-PSF input contains useful aber-

ration information. This solution offers deeper insight into the imaging process, which

can guide further research. Second, parameter variances can reveal overfitting: if an

important input exhibits a small variance, the number of trainable parameters for that

input can be reduced until the loss curves degrade and variance no longer increases. This

strategy reduces the total number of trainable parameters, improving the computational

efficiency of the MLAO.

7.4 Summary

This chapter presented four key components of the MLAO: data pre-processing

(pseudo-PSF computation), training data generation, network architecture, and the

training process. These components collectively enhance the MLAO’s efficiency and

robustness, which will be simulated in subsequent chapters. In addition, the ‘relevance’

of each input type was evaluated to quantify its information content, offering deeper

insight into the imaging process and guiding further research. The MLAO architecture

was modified accordingly to improve performance as well.
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Chapter 8

Simulations of MLAO-Based Correction of

Walsh Modes

8.1 Comparison of MLAO, CA, and SA under Varying

Signal-to-Noise Ratios

In the following tests, polar Walsh modes PW8–15 were corrected under different

SNR conditions to evaluate the robustness and efficiency of MLAO and to compare its

performance with SA and CA. Each test used 256 datasets within a specified SNR range.

The training SNR range was SNR ∈ [10, 100). High, low, and extra-low SNR conditions

were defined as SNR ∈ [30, 100), SNR ∈ [10, 30), and SNR ∈ [3, 10), respectively.

For each test dataset, a specimen structure was synthesized, and the coefficients of

PW8–15 were randomly selected within the range [−π

2
,
π

2
). Subsequently, 2N +1 sim-

ulated images (with N = 8) were generated using bias mode amplitudes of ±π

4
, and the

133



8. Simulations of MLAO-Based Correction of Walsh Modes
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No

Yes Is n>256

Generate biased 
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Figure 8.1: Workflow of MLAO correcting PW8–15. Each test includes 256 datasets,
with 10 correction rounds per dataset.

test dataset was computed and normalized. Further details of the data generation pro-

cedure are provided in Section 7.2.1. Using MLAO, the predicted mode coefficients were

obtained. The predicted pupil phase was then applied to the original pupil to prepare it

for the next correction round. Each test dataset underwent 10 correction rounds. The

complete workflow of this procedure is illustrated in Figure 8.1.

Figure 8.2 shows the average corrected SR as a function of the number of images col-

lected, comparing MLAO with CA and SA on the same datasets. Under SNR ∈ [10, 100),

SNR ∈ [30, 100), and SNR ∈ [10, 30), MLAO reached both SR = 0.8 and SR = 0.9

benchmarks with the minimum number of images, while achieving final average SR

values close to 1. Even in the SNR ∈ [3, 10) range, MLAO still reached the benchmarks

with fewer images than SA and achieved a final average SR over 0.9. Overall, MLAO

demonstrates robustness across SNR conditions, with consistently higher correction ef-

ficiency than conventional algorithms.

Moreover, SA was observed to be less robust than MLAO: approximately 5.4% of

datasets remained ‘stuck’ at low SR values (SR < 0.2) and could not be corrected. This
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Figure 8.2: Comparison of MLAO, CA, and SA in correcting PW8–15 under varying
SNR conditions. Corrected average SR versus the number of collected images is shown
for different algorithms and SNRs (interpolated curves). Algorithm colors are indicated
in the top-right legend, and SNRs are labeled in the panel headings. Error bars indicate
the standard error of the SR values. The bump of the MLAO curve when SNR ∈ [3, 10)
is due to the limited size of the testing dataset.

phenomenon can be explained using Figure 3.6. When two correctable polar Walsh

modes are present, the metric value can become trapped within the ‘zero scaffold’ (the

dark blue skeleton in the lattice figure). In such cases, a third polar Walsh mode is

required to resolve the stagnation. This third mode is obtained through pairwise multi-

plication of the two modes (see Appendix B, Figure B.1). However, in our experiments

with PW8–15, the corresponding third modes are PW1–7 (see Figure B.2), which were

excluded from the mode set. Consequently, some aberrations constructed from a ‘semi-

complete’ polar Walsh mode set (where mode multiplication yields modes outside the
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chosen set) can not be corrected with SA, which processes each mode sequentially. In

contrast, MLAO directly learns the structure of the high-dimensional metric space, en-

abling it to largely overcome this limitation. From this perspective, MLAO demonstrates

greater robustness than SA.

In the above tests, MLAO proves more efficient than SA and demonstrates robustness

to noise. In contrast, SA lacks robustness when confronted with the high-dimensional

metric structure, a limitation that MLAO is able to overcome.

8.2 Comparison of MLAO, CA, and SA under

Untrained Polar Walsh Mode Subset

From Section 4.3, different Walsh mode subsets are known to generate the same

lattice structure. This allows a NN to be trained on one subset and applied iteratively to

others, simplifying training. However, this approach forces the network to rely solely on

the lattice-like metric space. In contrast, the MLAO is designed to utilize both the metric

space and the aberration structure itself. To evaluate this simplification capability, we

tested MLAO on an untrained Walsh mode subset.

In the following tests, PW1–15 were corrected under different SNRs, with PW1–7

serving as the untrained subset, to assess whether MLAO performed equally well on pre-

viously unseen modes. Each test was performed with 256 datasets for each SNR range,

identical to those used in the previous section. In each dataset, coefficients of PW1–15

were randomly selected within the range [−π

2
,
π

2
). For the first part of each correction
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Figure 8.3: Workflow of MLAO correcting PW1–15. Each test includes 256 datasets,
with 10 correction rounds per dataset.

round, 2N+1 images were generated for N = 7 using bias mode amplitudes of ±π

4
with

PW1–7. Since the piston mode was ignored, the corresponding signal reading matrix

inputs for I0+ and I0− were set to 0.0625I0 (referring to Figure 5.9). The intensity ratios

followed the same constraint, and the rough estimate of the piston mode was set to zero

(see Section 7.2.1, Figure 7.6 for the input data arrangement). MLAO then predicted the

seven mode coefficients, which were applied to update the pupil.

In the second part of the correction round, 2N + 1 images were generated for N =

8 with the same bias amplitudes ±π

4
using PW8–15. After updating the pupil with

these predictions, one full correction round was completed. Each dataset underwent

10 correction rounds. The complete workflow of this testing procedure is illustrated in
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Figure 8.3.
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Figure 8.4: Comparison of MLAO (trained on PW8–15), CA, and SA in correcting
PW1–15 under varying SNR conditions. The corrected average SR as a function of the
number of collected images is shown in each panel (interpolated curves) for different
correction algorithms and SNRs. Algorithm colors are indicated in the top-right legend,
and SNRs are shown in the panel headings. Shaded areas represent the 10th to 90th per-
centiles of all SR samples.

Figure 8.4 shows the average corrected SR as a function of the number of images

collected, comparing MLAO with CA and SA on the same datasets. We observed that

SA achieved good results because it operated on a complete polar Walsh mode set and

therefore did not suffer from the stuck-zero issue (see Section 8.1). For the benchmark

SR = 0.8, MLAO reached the target under SNR ∈ [10, 100) and SNR ∈ [30, 100) using a

similar number of images as SA. However, the average SR values only rose to between

0.8 and 0.9, after which the curves declined slightly and exhibited minor oscillations.

Under other SNR conditions, MLAO’s performance was closer to that of CA, with a broad
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spread of SR values at each correction round, and it was unable to reach the higher SR

benchmarks. These results indicate that MLAO is not well-suited for untrained polar

Walsh mode subsets.

In this case, we trained and tested a new MLAO based on PW1–7 (with the piston

mode removed). This enables the use of two separate MLAOs: one trained on PW1–7

and another trained on PW8–15, rather than relying on a single MLAO trained on

PW8–15 to handle all 15 polar Walsh modes (PW1–15). The training procedure was

identical to that of the MLAO based on PW8–15, except that the number of modes was

reduced from eight to seven.

To test its performance, polar Walsh modes PW1–7 were corrected under different

SNR conditions, and the newly trained MLAO’s performance was compared with that

of SA and CA. Each test used 256 datasets within a specified SNR range, similar to the

previous tests.

Figure 8.5 shows the average corrected SR as a function of the number of images col-

lected, comparing MLAO with CA and SA on the same datasets. In all cases, MLAO met

the correction criteria with the minimum number of images and reached final average

SR values near 1. Moreover, both the required number of images and the final aver-

age SR values remained stable across all SNR conditions. These results indicate that the

newly trained MLAO outperforms the other algorithms in efficiency and demonstrates

robustness across SNR conditions.

We then applied the two MLAOs—one based on PW1–7 and the other on PW8–15—

as a combined MLAO set to the full Walsh mode set (PW1–15) under different SNR

conditions and compared its performance with SA and CA. Each test used 256 datasets
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Figure 8.5: Comparison of MLAO (trained on PW1 − 7), CA, and SA in correcting
PW1–7 under varying SNR conditions. The corrected average SR as a function of the
number of collected images is shown in each panel (interpolated curves) for different
correction algorithms and SNRs. Algorithm colors are indicated in the top-right legend,
and SNRs are shown in the panel headings. Shaded areas represent the 10th to 90th per-
centiles of all SR samples.

per SNR range, consistent with the previous tests. Figures 8.6 shows that for SNR ∈

[10, 100), SNR ∈ [30, 100), and SNR ∈ [10, 30), MLAO reached the benchmarks with

the minimum number of images, achieving final average SR values near 1. Under SNR ∈

[3, 10), both MLAO and SA achieved the SR = 0.8 benchmark with nearly the same

number of images. Overall, the combined MLAO set demonstrates robustness across

SNR conditions, with consistently higher correction efficiency.

In conclusion, an MLAO trained on a specific Walsh mode subset cannot be directly

applied to another subset; however, a new MLAO can be trained for the alternative set.

Compared with SA, the combined MLAO set shows robustness and higher efficiency
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Figure 8.6: Comparison of combined MLAO set, CA, and SA in correcting PW1–15
under varying SNR conditions. The corrected average SR as a function of the number
of collected images is shown in each panel (interpolated curves) for different correction
algorithms and SNRs. Algorithm colors are indicated in the top-right legend, and SNRs
are shown in the panel headings. Shaded areas represent the 10th to 90th percentiles of
all SR samples.

across most SNR conditions.

8.3 Summary

In this chapter, MLAO was tested under various SNRs and compared with CA and

SA. When applied to the trained subset PW8–15, MLAO demonstrates higher efficiency

than SA and exhibits robustness to noise, whereas SA shows limited robustness when

handling a high-dimensional metric structure with a semi-complete polar Walsh mode

set. However, MLAO is not well-suited for untrained Walsh mode subsets. To address
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this, a new MLAO was trained on PW1–7, and the two MLAOs (PW1–7 and PW8–15)

were combined. This combined MLAO demonstrates robustness and superior efficiency

across most SNR conditions compared with CA and SA. Further experiments will be

conducted to validate these conclusions.
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Chapter 9

Two-Photon Microscopy Demonstrations of

MLAO-Based Correction of Walsh Modes

In this chapter, the trained MLAO introduced previously was applied to a two-photon

microscope under varying working conditions to evaluate its efficiency and robustness,

and was compared with CA and SA. Before presenting the experiments, the system con-

figuration is described, followed by the aberration correction procedure and results.

9.1 System Configuration

The two-photon microscope can be divided into three main components: a two-

photon illumination path, an adaptive optics path, and a signal detection path. A com-

plete illustration of the system is shown in Figure 9.1, with the setup split into two figures

for clarity.
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Figure 9.1: Configuration of the two-photon microscope system. (a) HWP: half-wave
plate; PBS: polarizing beam splitter; L: lens; M: broadband dielectric mirror; FM: flip
mirror; SLM: spatial light modulator; SLF: spatial light filter; Galvo X/Y: galvanometer
mirrors. The dashed black box highlights the components detailed in (b). Red pathways
indicate the illumination path, while red dashed pathways represent the adaptive optics
path. (b) L11 is positioned immediately after M11. DBS1/2: dichroic beamsplitter; PZ:
Z-piezo translation stage; EF: emission filter; PMT: photomultiplier tube. Red pathways
indicate the illumination path, and yellow pathways denote the signal detection path.
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9.1. System Configuration

9.1.1 Two-Photon Illumination Path

This path is shown in red in Figure 9.1. The excitation laser in the experimental

setup is an InSight DS+ from Spectra-Physics, a femtosecond pulsed laser source. Its

tuning range is from 680 nm to 1300 nm. In the experiments, we selected 820 nm as the

excitation wavelength. The laser is linearly polarized, with a beam diameter of 1.1 mm

and a pulse width of less than 120 fs. After leaving the laser source, the pulsed beam

passes through a half-wave plate (HWP) mounted on a motorized cage rotator controlled

by computer software. Rotation of the HWP adjusts the polarization direction of the

incident beam. In combination with a polarizing beam splitter (PBS), the HWP regulates

the intensity transmitted through the PBS, while the reflected portion is absorbed by a

beam trap.

After the intensity control module, the beam enters the first 4f system, consisting of

lenses L1 and L2 with focal lengths (denoted as f ) of 50 mm and 150 mm, respectively,

with coincident focal points. The beam diameter is expanded to 3.3 mm. It is then re-

flected by four mirrors (M1–M4), each redirecting the optical axis. After M4, a flip mirror

(FM) can be inserted to direct the beam into the scanning module, which includes two

conjugated galvanometer mirrors (Galvo X/Y) and a 4f relay system (L7 and L8) to con-

trol scanning. The galvanometers, driven by FPGA signals, rotate at designated rates

to scan the focal point over the sample along a defined pattern. Galvo Y redirects the

optical axis, fixing downstream optical elements over the air table. The subsequent path

coincides with the adaptive optics path and is described in the next section.
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9.1.2 Adaptive Optics Path

The adaptive optics path is indicated by the red dotted lines in Figure 9.1. When

the FM is not inserted, the collimated beam reflected by M4 enters another 4f system

composed of L3 (f = 100 mm), M5, M6, and L4 (f = 300 mm). The beam diameter is

expanded from 3.3 mm to 9.9 mm to fully illuminate the SLM (X10468-02, Hamamatsu),

a reflective type, pure-phase spatial light modulator with an effective area of 15.8 mm ×

12 mm, 792× 600 pixels, and 20 µm pixel pitch.

After modulation by the SLM, the beam passes through a 4f system consisting of L5

and L6 (f = 400 mm/150 mm), M7 and M8 (redirecting the optical axis), and a spatial

light filter (SLF). The SLF, an adjustable aperture at the focal point of L5/L6, filters out

all but the first-order (positive) beam (see Section 2.3.2). This 4f system reduces the beam

diameter to approximately 3.7 mm. After reflection by M9, the beam enters the scanning

module.

After the scanning module, the beam enters another 4f system composed of L9 (f =

75 mm) and L10 (f = 120 mm), expanding the beam diameter to 5.94 mm. Two mir-

rors, M10 and M11, redirect the beam into a subsequent 4f system L11 and L12 (f =

75 mm/150 mm), further expanding the diameter to 11.88 mm. The beam is then reflected

by a short-pass dichroic beamsplitter DBS1 with an edge wavelength of 670 nm (FF670-

SDi01-25×36, Semrock) onto the back aperture of the objective lens (UAPON40XW340,

Olympus), a 40× water-immersion lens with NA = 1.15. The objective converges the

collimated laser beam into the specimen, exciting two-photon fluorescence. Vertical po-

sitioning of the objective is controlled by a Z-piezo translation stage (PZ), enabling 3D
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imaging in combination with the galvanometers.

9.1.3 Signal Detection Path

Fluorescent light emitted from the specimen (yellow pathways in Figure 9.1(b))

passes through the objective and DBS1, is filtered by a short-pass emission filter EF

(FESH0700, Thorlabs) with a cut-off wavelength of 700 nm, and is then reflected by a

long-pass dichroic beamsplitter DBS2 with an edge wavelength of 568 nm (FF568-Di01-

25×36, Semrock) before reaching the photomultiplier tube (PMT).

9.2 System Aberration Correction

Before conducting experiments, system aberrations should first be corrected to en-

sure consistent and quantifiable results. This was achieved using a single-layer bead

sample and applying Zernike mode correction with a parabolic fitting algorithm.

9.2.1 Single Layer Bead Sample

The experimental sample consisted of a single layer of beads of different sizes: 0.5 µm,

1 µm, and 2 µm (FluoSpheres Size Kit #2, Carboxylate-modified Microspheres, Thermo

Fisher). The beads and water were sealed between a microscope slide and a cover slip,

with a drop of water on the cover slip for objective immersion. The cover slip thick-

ness was 0.17 mm, introducing spherical aberration that was compensated using the

objective’s correction collar. Beads were excited with an 820 nm laser and emitted fluo-
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rescence at 515 nm. An illustration of the sample is shown in Figure 9.2. Notice that all

the aberrated wavefronts were manually introduced by the SLM.

Sample slide

Cover slip
Seal

Water

Objective lens

Figure 9.2: The bead sample with the objective lens. Three sizes of beads and water are
sealed with transparent nail polish (indicated by purple curves) between the cover slip
and the sample slide. The objective lens is immersed in a drop of water.

9.2.2 Implementation of System Aberration Correction

First, it was important to determine the optimal FOV with a dense specimen structure

to achieve sufficient SNR, and to set the piezo position so that the beam was focused

within the bead layer for the clearest visualization of bead structures. The program then

ran 5 iterations, each estimating all Zernike modes from index 4 to 10 (see Figure 9.3). For

each mode, 5 biased images were collected with bias amplitudes evenly spaced from –1

to 1 radian (–1, –0.5, 0, 0.5, 1 rad). The images were used to compute intensity metrics,

which were fitted to determine the mode coefficient corresponding to the maximum

intensity. The optimized coefficient was then applied to the SLM before proceeding to

the next mode. The full workflow is illustrated in Figure 9.4.
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Valley

Peak
#5 #4 #6

#9 #7 #8 #10

Figure 9.3: Zernike modes from index 4 to 10. Mode indices are labeled in the titles, and
structures are displayed in different colors as indicated by the color bar.

Apply 5 biased modes 
of Zernike mode n,

collect 5 total image intensities
Start, iteration m=1, 

Zernike mode coefficient n=4

n=n+1

End

Apply the optimized 
mode coefficient

 to Zernike mode n, 
update the SLM pattern

No

Yes

Is 3<n<11

Do parabola fitting, 
optimize the mode coefficient

 by maximizing
 the intensity metric

m=m+1;
n=4

No

Yes Is m>5

Figure 9.4: Working process of system aberration correction using parabolic fitting.
Zernike modes 4–10 are corrected over five iterations.

9.2.3 Results of System Aberration Correction

After system aberration correction, the image intensity and resolution were largely

improved. See Figure 9.5(b) and (c), both the x-y plane and x-z plane’s image qualities
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(a)

x-y plane

(b)

x-z plane

(c)

Figure 9.5: (a) Largest FOV image after system aberration correction. The green circle
marks the uniform, round illuminated region. Image size: 250 µm × 250 µm. (b) 2 µm
bead x–y plane images before (left) and after (right) system aberration correction within
the same FOV. Scale bar: 2 µm. Image size: 13.5 µm × 20 µm. (c) x–z plane image of the
same 2 µm bead before (left) and after (right) system aberration correction. Scale bar:
4 µm. (The bead appears slightly tilted due to small residual system aberrations.)
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were improved.

We imaged the largest FOV allowed by the galvanometer mirrors (250 µm × 250 µm)

to verify that the illuminated area was uniform, see Figure 9.5(a) the green circled area.

Axial bead images were then collected to verify that the microscope’s PSF was near

diffraction-limited. The axial full width at half maximum (FWHM) of the diffraction-

limited PSF for this system is [195]:

∆zFWHM ≈ 0.9λ

n−
√
n2 −NA2

=
0.9× 515 nm

1.33−
√
1.332 − 1.152

≈ 700 nm (9.1)

In this case, the ideal axial length of the diffraction-limited pattern for a 2 µm bead was

calculated by convolving the bead with ∆zFWHM, yielding a maximum of 4 µm. The mea-

sured axial image of the 2 µm bead was approximately 4 µm, indicating that system aber-

rations were largely corrected.

9.3 MLAO Aberration Correction under Varying

Signal-to-Noise Ratios and Specimen Structures

After system aberration correction, six sets of experiments were performed un-

der different SNR conditions. Low SNR corresponded to low laser power (∼ 4.7 mW),

medium SNR to medium power (∼ 6.5 mW), and high SNR to high power (∼ 8.0 mW).

All laser powers were measured at the sample stage. In addition, two specimen struc-

tures were tested: densely populated beads (multiple beads within the FOV) and sparsely

populated beads (few beads within the FOV). These carefully controlled conditions al-
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(a) (b)

Figure 9.6: Correction results under high-SNR conditions. Top: relative intensity as a
function of correction rounds. Each panel corresponds to one experimental condition;
five independent experiments are shown as dotted curves, with the average relative in-
tensity shown in black. Bottom: example bead images before (left) and after (right) 10
rounds of aberration correction, each image pair corresponding to one of the experi-
ments above. The scale bar: 2 µm.

lowed for a systematic evaluation of MLAO efficiency and robustness across different

imaging scenarios.

In each imaging scenario, five experiments were performed. For each experiment,

aberrations were introduced by the SLM using randomly generated coefficients of PW8-

15 within the range (−π

2
,
π

2
]. This introduced aberration varied among all five experi-

ments, and this pattern was maintained in the subsequent experiments in this chapter.
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Structures

(a) (b)

Figure 9.7: Correction results under medium-SNR conditions. Top: relative intensity as
a function of correction rounds. Each panel corresponds to one experimental condition;
five independent experiments are shown as dotted curves, with the average relative in-
tensity shown in black. Bottom: example bead images before (left) and after (right) 10
rounds of aberration correction, each image pair corresponding to one of the experi-
ments above. The scale bar: 2 µm.

The two-photon microscope then collected both biased and unbiased images, where the

bias amplitudes were set to ±π

4
. Note that the image FOVs were the same for all five

experiments in each imaging scenario, and this was maintained in the subsequent exper-

iments in this chapter, except where otherwise specified. These images were analyzed by

the proposed MLAO method to estimate the aberration correction. The MLAO-derived

correction was subsequently added to the original pattern on the SLM. Correction rounds
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(a) (b)

Figure 9.8: Correction results under low-SNR conditions. Top: relative intensity as a
function of correction rounds. Each panel corresponds to one experimental condition;
five independent experiments are shown as dotted curves, with the average relative in-
tensity shown in black. Bottom: example bead images before (left) and after (right) 10
rounds of aberration correction, each image pair corresponding to one of the experi-
ments above. The scale bar: 2 µm.

were performed sequentially, with each round building upon the previous one. A total

of ten correction rounds were conducted per experiment. The complete workflow is

illustrated in Flowchart 9.9.

The results are shown in Figure 9.6, Figure 9.7, and Figure 9.8. The intensity metric

was defined as the sum of the 30 brightest pixels in each collected image. For consis-

tency and comparison across experiments, the intensity value at each correction round
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Collect biased and unbiased 
images of PW8-15Start, correction round m=1

End Apply the MLAO correction, 
update the SLM patternm=m+1

No

Yes Is m>10

Input into 
MLAO, estimate 

mode coefficients

Figure 9.9: Working process of MLAO aberration correction. This process corrects
PW8− 15 in 10 rounds.

was normalized by dividing it by the initial intensity of that experiment. This normal-

ized value is referred to as the relative intensity. We can see that for dense specimens,

the average relative intensity reached its maximum within five correction rounds, the

convergence curves were smooth, and the image qualities were largely improved. For

sparse specimens, the final average relative intensities were not affected under high- and

medium-SNR conditions, also reaching near-maximum relative intensities within the

first five rounds with significant image quality improvements, albeit with slight fluctua-

tions. However, under low-SNR conditions with sparse specimens, the final average rel-

ative intensity was limited, although the image quality can be improved. Overall, these

results demonstrate that MLAO can efficiently and robustly improve imaging quality

across most SNR levels and specimen densities.
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9.4 MLAO Correction of the Untrained Polar Walsh

Mode Subset

This experiment relates to the Section 8.2. PW1-7 were corrected by MLAO under

high-SNR and dense specimen conditions to evaluate MLAO’s performance. Five exper-

iments were conducted, each using an initial aberration applied to the SLM composed

of PW1 − 7, with each coefficient randomly selected from the range (−π

2
,
π

2
]. Biased

and unbiased images were collected by applying PW1− 7 with bias amplitudes of ±π

4
.

During input dataset generation, ‘phantom values’ were assigned to the piston mode

(see Section 8.2). After the MLAO prediction, the updated pattern displayed on the SLM

for the next correction round was obtained by adding the predicted PW1 − 7 pattern

to the current pattern. Ten correction rounds in total were conducted for each exper-

iment. The overall workflow was similar to that shown in Figure 9.9, except changing

the PW8− 15 to PW1− 7.

The results are shown in Figure 9.10. The final average relative intensity was ap-

proximately twofold, and the image quality can be improved, but the curve exhibited

noticeable fluctuations. This outcome confirms that the MLAO trained on PW8− 15 is

not well-suited for correcting PW1− 7.
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Figure 9.10: Results of MLAO correcting untrained polar Walsh mode set under high-
SNR and dense sample structure condition. (a) Relative intensity as a function of correc-
tion rounds. Five independent experiments are shown as dotted curves, with the average
relative intensity shown in black. (b) Example bead images before (left) and after (right)
10 rounds of aberration correction, the image pair corresponding to one of the experi-
ments above. The scale bar: 2 µm.

9.5 MLAO Correction of Trained Polar Walsh Modes

with Untrained Modes Present

In practice, aberrations often contain modes beyond the chosen correction set. To

evaluate the MLAO’s robustness under such conditions, we tested its performance in
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the presence of an untrained mode subset. The MLAO was trained on PW8 − 15, but

in the experiments, aberrations included both the trained modes (PW8 − 15) and the

untrained subset (PW1− 7).

Five experiments were conducted under high SNR conditions with a dense specimen

structure. In each experiment, the initial aberration included PW1 − 15, with each

coefficient randomly chosen within the range (−π

2
,
π

2
]. During each correction round,

bias aberrations were applied only to modesPW8−15with amplitudes of±π

4
. After the

MLAO predictions, only the coefficients of PW8−15 were updated on the SLM, and the

subsequent correction round used this updated SLM pattern. A total of ten correction

rounds were performed. The full experimental workflow is illustrated in Figure 9.11.

Collect biased and unbiased 
images of PW8-15

Start, aberrations include
PW1-15,  

correction round m=1

End
Apply the MLAO correction to

 PW8-15, 
update the SLM pattern

m=m+1

No

Yes Is m>10

Input into 
MLAO, estimate 

mode coefficients 
of PW8-15

Figure 9.11: Working process of MLAO correction of trained modes in the presence of
untrained polar Walsh modes. PW1−15 are present, but only PW8−15 are corrected
over ten rounds.

The resulting relative intensity curves are shown in Figure 9.12. The average relative

intensity curve was smooth, and within the first five correction rounds, the average rela-

tive intensity reached near-maximal values. Bead image pairs captured before and after

correction exhibited significant improvements in both intensity and resolution, even

though only a subset of the full polar Walsh mode set was corrected.
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(a)

(b)

Figure 9.12: Results of MLAO correcting trained polar Walsh mode set (PW8 − 15) in
the presence of untrained polar Walsh mode set (PW1− 7), under high-SNR and dense
specimen structure condition. (a) Relative intensity as a function of correction rounds.
Five independent experiments are shown as dotted curves, with the average relative
intensity shown in black. (b) Example bead images before (left) and after (right) 10
rounds of aberration correction, the image pair corresponding to one of the experiments
above. The scale bar: 2 µm.

From the analysis above, the results suggest that the MLAO is robust and efficient in

the presence of an untrained polar Walsh mode subset.
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9.6 Comparison of MLAO, CA, and SA under Varying

Signal-to-Noise Ratios

In the following sets of experiments, we compared the efficiency and robustness of

MLAO with CA and SA under varying SNRs (low and high) with densely populated

beads. Only the modes PW8− 15 were added and corrected.

For each imaging scenario, seven experiments were conducted with varying initial

aberrations. Note that the FOVs of the seven experiments were not identical. Ten cor-

rection rounds were performed for each experiment. The resulting average relative in-

tensities as a function of the number of collected images are shown in Figure 9.13.
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Figure 9.13: Results comparing MLAO with CA and SA under high-/low-SNR and dense
specimen structure conditions, correcting PW8 − 15. Average relative intensities as a
function of the number of collected images are shown. The three curves corresponding
to each algorithm are indicated in the top-right legend.

Under high-SNR conditions, MLAO exhibited efficiency comparable to SA and su-

perior to CA, maintaining a relatively stable performance curve. Under low-SNR condi-

tions, MLAO outperformed both SA and CA, demonstrating a faster intensity improve-

ment rate per collected image and achieving a higher final average relative intensity,
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while also maintaining performance stability.

Overall, MLAO demonstrates similar or superior working efficiency compared to

conventional algorithms, particularly under low SNR conditions. It also exhibits strong

robustness across both high and low SNR levels. This makes it especially suitable for

biological deep-tissue imaging, which typically involves low SNR environments.

9.7 Summary

We presented experimental results of MLAO when correcting introduced aberrations

in a two-photon microscope on a bead specimen. Results suggested that MLAO is ro-

bust to different SNR levels and sample structure distributions with high efficiency in

image quality improvement. We confirmed that the MLAO trained for certain modes

cannot be easily applied to modes that are not used for training, but are robust and ef-

ficient in the presence of those untrained modes. When compared with conventional

algorithms, MLAO demonstrated robustness across various SNR conditions and exhib-

ited superior image quality improvement efficiency and results, particularly under low-

SNR conditions. In conclusion, MLAO provides an innovative, robust, and efficient so-

lution for complex wavefront compensation, outperforming conventional algorithms—

particularly under low-SNR conditions relevant to deep-tissue imaging.
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Chapter 10

Conclusions and Outlooks

10.1 Conclusions

In this thesis, we discussed the implementation of Walsh modes and neural networks

(NN) based on such modes for sensorless adaptive optics aberration correction.

We introduced discrete and binary Walsh modes as alternatives to continuous

Zernike modes, which are no longer suitable for deep scattering specimens where the

wavefront is highly complex. In practice, when it becomes evident that the complexity

of the aberrations exceeds what can be adequately represented by the Zernike modes,

Walsh modes should be employed instead to provide a more suitable basis for correction.

Based on a single Walsh mode, we proposed a sinusoidal image quality metric function.

We further derived the lattice-like metric space for multiple Walsh modes. Exploiting

the sinusoidal property, we developed a Walsh mode coefficient estimation algorithm us-

ing the single Walsh mode metric function, analogous to phase-shifting interferometry.
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However, the single Walsh mode estimation algorithm faces challenges in multidimen-

sional metric spaces, as it often requires excessive image acquisitions. To address this,

we adopted a NN to handle the lattice-like metric space. Furthermore, we proposed that,

due to the multi-maxima property of this space, the NN search space must be confined

to the fundamental unit of the lattice, known as a Voronoi cell, which contains only a

single maximum.

We described in detail the construction of the aforementioned NN for the scalar

metric space (with the metric value chosen as the Strehl ratio), including the training

dataset generation process, NN architecture, and optimization. In practice, however,

due to the complexity of aberrated wavefronts, the dimensionality of the Walsh mode set

can be very high, making NN training on the full set both complex and time-consuming.

To address this limitation, we proposed training a low-dimensional NN on a subset of

Walsh modes and then iteratively correcting the remaining modes using the same NN.

This approach is justified by the fact that the lattices of these Walsh mode subsets are

equivalent. The optimal Walsh mode subset dimension was found to be 8.

Based on this approach, we developed a 7NN + PSI method (the number before

NN describes how many Walsh modes the NN can correct in each iteration, and the

name after + indicates the extra correcting method it uses). The network was trained on

PW1 − 7 and applied to the subsequent seven Walsh modes in each subset, while the

lowest-index mode was corrected using the single Walsh mode estimation algorithm,

denoted as PSI. The 7NN + PSI method demonstrated better performance than the con-

ventional 2N +1 algorithm (CA) across various signal-to-noise ratios (SNRs), but its ef-

fectiveness was limited when applied to high-dimensional Walsh mode sets. To further
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improve NN efficiency by eliminating the additional PSI method, an 8NN was trained

directly on a complete set of eight modes (PW8–15). This network achieved good per-

formance on PW8 − 15, and when applied to the first polar Walsh mode set, which

includes the piston mode, a ‘phantom’ method was employed. Simulations confirmed

that this phantom method is effective and that the 8NN achieves higher efficiency than

the 7NN+PSI. Furthermore, more rigorous comparisons were conducted between 8NN

and the sequential 3N algorithm (SA). The results showed that 8NN performed at a level

comparable to SA in simulations, but also demonstrated the potential to surpass SA. Ex-

perimental results confirmed this prediction, showing that 8NN can indeed outperform

SA.

However, the 8NN is limited by its reliance on an intensity reference and by not

fully exploiting the information contained in the images. To address these limita-

tions, the MLAO method was proposed. MLAO effectively utilizes extended images.

The pseudo-PSF input data pre-processing method was designed to extract aberration

structure information contained in the images. Both the MLAO architecture and train-

ing data design—including different input data categories such as intensity-based and

pseudo-PSF-based data—aim to fully exploit the information contained in the images.

The detailed data generation procedure and MLAO architecture have been described.

Furthermore, by analyzing the relationship between the aberration information content

of each input data category and the variance of the corresponding trained MLAO pa-

rameters, this approach not only informs MLAO architecture modifications to improve

performance but also provides deeper insight into the imaging process, guiding further

research.
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Simulations were conducted to compare the performance of MLAO, CA, and SA un-

der various conditions. When applied to the Walsh mode subset on which MLAO was

trained, MLAO demonstrated higher efficiency than SA and robustness to noise. In con-

trast, SA exhibited limited robustness when confronted with the high-dimensional met-

ric structure. However, MLAO was found to be unsuitable for untrained Walsh mode

subsets. Consequently, a new MLAO was trained specifically on that untrained sub-

set. This combined MLAO demonstrated robustness and superior efficiency across most

conditions compared with SA. Experimental results demonstrated the efficiency and ro-

bustness of MLAO in improving image quality across most SNRs and specimen densities.

They also confirmed that MLAO is not suitable for an untrained Walsh mode set but re-

mains efficient and robust when untrained Walsh modes are present, provided only the

trained modes are corrected. Finally, comparison with conventional algorithms showed

that MLAO demonstrates robustness across a wide range of SNR conditions and exhibits

superior image quality improvement efficiency and outcomes than the conventional al-

gorithms, particularly under low-SNR conditions, making it a promising approach for

deep-tissue imaging

10.2 Outlooks

Neural networks based on Walsh modes have significant potential for future devel-

opment, particularly in deep imaging scattering compensation. They may also be applied

to other areas, such as atmospheric aberration correction. Walsh modes are promising

not only for aberration correction applications but also for their unique mathematical
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properties, making them relevant to a wide range of research studies.

Both simulations and experimental demonstrations demonstrated the efficiency and

robustness of the established MLAO method based on Walsh modes in aberration cor-

rection. The MLAO trained on PW8 − 15 has been thoroughly tested experimentally;

however, the newly trained MLAO based on PW1 − 7 has not yet been tested exper-

imentally. Follow-up experiments on this specific MLAO and on the combined MLAO

set will be carried out in the future.

Although the MLAO was well designed, refinements to its construction and training

process—such as the number of trainable parameters and advanced training strategies–

—can be implemented. Simulations of such newly trained MLAO will be conducted un-

der harsher conditions, including lower SNRs or more complex specimen structures.

The MLAO we designed shows promise for deep imaging scattering compensation.

Its robustness and higher efficiency compared with traditional algorithms make it well-

suited for live imaging applications, reducing aberration correction time and specimen

exposure, which helps mitigate issues such as photobleaching. Currently, simulations

and experimental demonstrations yield encouraging results; however, no experiments

on live specimens have yet been conducted. A follow-up project will examine the estab-

lished MLAOs on live, scattering, and deep specimens in future work.

Walsh modes have great potential not only for aberration correction but also for

their promising mathematical properties. A lattice generated from Walsh modes can

guide the estimation algorithm and may be applicable to other engineering or mathe-

matical problems. Some aspects remain unexplored, such as the phenomenon whereby

the system becomes trapped in the zero regions of the correction space discussed in
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Section 8.1, which will be investigated in the future. The applications of these lattices

and Voronoi cells will also be explored. Using machine learning methods to study these

lattice structures may provide insights into their underlying mathematical problems.

Analyzing the variance of input parameters can not only help improve the neural

network construction but also provide insights into the physical imaging process, which

is valuable for further research. This approach can also be applied to other studies, for

example, to evaluate the information content of different types of data.

Finally, as the field of machine learning is rapidly evolving, many new cutting-edge

methods are being developed, such as the self-supervised learning method. We plan to

combine these methods with Walsh modes in future work.
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Appendix A

MLAO Architecture

A detailed structure of the MLAO is shown in Figure A.1. The optimizer was Adam.

The first three CLs processing the pseudo-PSF 3D array used the HeNormal initializer,

ReLU activation, and an L1L2 regularizer, with padding set to ‘same’. All three max-

pooling layers were 2 × 2 in size with a 2 × 2 stride. After each ‘CL + max-pooling’

module, a global max-pooling layer was applied to extract features for further analysis.

This arrangement enabled feature extraction from the pseudo-PSF structure at multiple

spatial scales. The outputs of the global max-pooling layers, along with the flattened

pseudo-PSF structure convolved by all modules, were then fed into the concatenate layer.

For the signal reading matrix, the first CL used a 1× 1 stride, tanh activation, Glorot

Uniform initialiser, L1L2 regularizer, and ‘valid’ padding. In the subsequent three CLs,

the padding was changed to ‘same’. A max-pooling layer of size 2× 1 was applied after

the second, third, and fourth CL. The output of this module was flattened and concate-

nated with the outputs from the pseudo-PSF 3D array module, the intensity ratios, and
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Figure A.1: Detailed MLAO structure. (a) The first part of the MLAO architecture. The
dashed box at the top right denotes the operations, data, and neural network compo-
nents. (b) The second part of the MLAO architecture. Part (a) is concatenated with part
(b) through the concatenate operation, indicated by the light blue arrow. The figures in
the dashed box represent operations, data, and neural network components as well.
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the rough estimates. This concatenated vector was processed by FCLs with HeNormal

kernel initializers and ReLU activations. At the output layer, the MLAO generated eight

predictions, with the activation set to linear and the initializer set to zeros.
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Appendix B

Pairwise Multiplication of Polar Walsh

Modes

* =
13 2

(a)

* =

111 10

(b)

Figure B.1: Examples of pairwise multiplication. The operator ∗ denotes pixel-wise mul-
tiplication between two polar Walsh modes, which producing a new mode.
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Figure B.2: Results of pairwise multiplication of PW0 − 15. The x- and y-axes denote
the indices of the multiplied polar Walsh modes, and the heatmap entries indicate the
indices of the resulting modes.
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