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ABSTRACT

Recent developments in microscopic imaging led to a better understanding of intra- and
intercellular metabolic processes and, for example, to visualize structural properties of
viral pathogens. The developments in microscopy have greatly enriched and accelerated
the pace of development in many other scientific disciplines. While the number of funda-
mentally different microscopy techniques has changed little in recent years, many have
been greatly enhanced by numerical methods. Even approaches whereby a theoretical
imaging problem is first solved using an algorithm and then an existing microscopy system
are adapted or a new microscopy system is developed. While the variety of microscopy
techniques represented in laboratories is slowly expanding fluorescence widefield as well
as fluorescence confocal imaging techniques are the most widely used.

Existing microscopy techniques do not have to be completely replaced, but can be readily
improved and renewed by partial extension of the setup and/or appropriate processing
of the data. In this thesis, the imaging process of the above mentioned fundamental
microscopy techniques is treated holistically to highlight general strategies and maximise
their information content. Poisson or shot noise is assumed to be the fundamental noise
process for the given measurements.

A stable focus position is a basic condition for e. g. long-term measurements in order
to provide reliable information about potential changes inside the field of view (FoV).
While newer microscopy systems can be equipped with hardware autofocus, this is not
yet the widespread standard. For image-based focus analysis, different metrics for ideal,
noisy and aberrated, in case of spherical aberration and astigmatism, measurements are
presented. The experience gained in-silico is evaluated on real measurement data acquired
using a 3D-printed microscope. The measured samples are 1) inorganic patterns and 2)
fixed, non-living Henrietta Lacks Cervical Cancer (HeLa) cells.

A stable focus position is also relevant in the example of 2-photon confocal imaging and
at the same time the situation is aggravated in the given example, the measurement of the
retina in the living mouse. In addition to the natural drift of the focal position, which can

be evaluated by means of previously introduced metrics, thythmic heartbeat, respiration,
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unrhythmic muscle twitching and movement of the mouse kept in artificial sleep are
added. A dejittering algorithm is presented for the measurement data obtained under
these circumstances. Further, in-silico data relevant to this biological example are generated,
the dejitter algorithm is evaluated on the simulated and later on real measurement data.

The step from confocal to Image Scanning Microscopy (ISM) is achieved by simply
replacing the detection pinhole by a detector array, e. g. a camera. Instead of just mea-
suring the intensity by signal integration through the detection pinhole, the brightness
distribution at the detector is correlated with the location information of the different
camera pixels. Using the additional information about the sample distribution obtained in
this way, a method for reconstructing 3D from 2D image data is presented in the form of
thick slice unmixing. This method can further be used for suppression of light generated
outside the focal layer of 3D data stacks and is compared to selective layer multi-view
deconvolution. To reduce phototoxicity and save valuable measurement time for a 3D
stack, the method of zZLEAP is presented, by which omitted (Nyquist sampled) Z-planes
are subsequently calculated and inserted. The results are evaluated on in-silico as well as

on measurement data acquired on the commercially available Zeiss Airyscan.

ZUSAMMENFASSUNG

Durch Entwicklungen in der mikroskopischen Bildgebung konnten intra- und interzel-
lulédre Stoffwechselprozesse besser verstanden und z. B. strukturelle Eigenschaften von
viruellen Krankheitserregern sichtbar gemacht werden. Die Entwicklungen der Mikroskopie
haben die Entwicklungsgeschwindigkeit vieler anderer wissenschaftlichen Disziplinen
stark bereichert und beschleunigt. Wahrend sich die Anzahl grundlegend verschiedener
Mikroskopietechniken in den letzten Jahren kaum gedndert hat wurden viele Techniken
stark mittels numerischer Methoden erweitert. Mittlerweile riickt sogar der Software-
First Ansatz in den Vordergrund, wobei ein theoretisches Bildgebungsproblem zuerst
mittels eines Algorithmus geldst und anschliefsend ein existierendes Mikroskopiesystem

angepasst oder ein neues Mikroskopiesystem entwickelt wird. Wiahrend sich die in den



Laboren vertretene Vielfalt an Mikroskopietechniken langsam erweitert hat sind insbeson-
dere die grundlegenden Techniken der Weitfeld- sowie konfokalen Fluoreszenzbildgebung
noch immer am weitesten verbreitet.

Bestehende Mikroskopietechniken miissen nicht vollstdndig ersetzt werden, sondern
konnen durch eine partielle Erweiterung des Aufbaus und/oder eine geeignete Verar-
beitung der Daten leicht verbessert und erneuert werden. In dieser Arbeit wird der Abbil-
dungsprozess der oben genannten grundlegenden Mikroskopietechniken ganzheitlich
behandelt, um allgemeine Strategien aufzuzeigen und ihren Informationsgehalt zu max-
imieren. Fiir die Modellierung des Messprozesses wird von Poisson- oder Schrotrauschen
als fundamentalen Rauschprozess ausgegangen.

Eine stabile Fokusposition ist eine Grundbedingung fiir z. B. Langzeitmessungen um
verldssliche Aussagen iiber die Verdnderungen im Sichtfeld (field of view (FoV)) treffen
zu kénnen. Wihrend neuere Mikroskopiesystem mit hardware Autofokus ausgestattet
werden konnen ist dies noch nicht der {iberall verbreitete Standard. Zur bildbasierten
Fokusanalyse werden verschiedene Metriken fiir ideale, verrauschte und spherisch sowie
astigmatisch aberrierte Messungen vorgestellt. Die in-silico gewonnenen Erfahrungen wer-
den an mittels 3D-gedruckten Mikroskops aufgenommenen, realen Messdaten evaluiert.
Die vermessenen Proben sind hierbei 1) anorganische Muster und 2) fixierte, nicht mehr
lebende (HeLa-) Zellen.

Die Frage einer stabilen Fokusposition ist auch am Beispiel einer konfokalen 2- Pho-
tonenbildgebung relevant und gleichzeitig ist die Situation am gegebenen Beispiel, der
Vermessung der Retina in der lebenden Maus, verschirft. Zusatzlich zum natiirlichen
Drift der Fokusposition, der mittels vorher eingefiihrten Metriken evaluiert werden kann,
kommen rhythmischer Herzschlag, Atmung, unrhythmisches Muskelzucken und Bewe-
gung der im kiinstlichen Schlaf gehalten Maus hinzu. Fiir die unter diesen Umstdnden
gewonnenen Messdaten wird ein Dejitteralgorithmus vorgestellt, fiir dieses biologische
Beispiel relevante in-Silico Daten generiert und der vorgestellte Dejitteralgorithmus an
Simulations- sowie realen Messdaten evaluiert.

Der Schritt von der konfokalen hin zur Bildrastermikroskopie (Image Scanning Mi-
croscopy (ISM)) gelingt durch simples Ersetzen des Detektionspinholes durch ein Detek-
torarray, z. B. eine Kamera. Dadurch wird statt blofler Intensitdtsmessung mittels Signalin-
tegration durch das Detektionspinhole die am Detektoranliegende Helligkeitsverteilung

mit der Ortsinformation der verschiedenen Kamerapixel korreliert. Mittels der so gewonnenen
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zusétzlichen Information tiber die Probenverteilung wird mit dem Thickslice Unmixing ein
Verfahren zur Rekonstruktion von 3D aus 2D Bilddaten vorgestellt. Dieses Verfahren kann
weiterhin zur Unterdriickung von Licht, das auSerhalb der fokalen Schicht erzeugt wurde,
von 3D-Datenstacks verwendet werden und wird mit einer selektiven Schicht Multi-
view Entfaltung verglichen. Zur Reduktion von Phototoxizitdt und sparen von wertvoller
Messzeit fiir einen 3D-Stack wird das Verfahren des zZLEAP vorgestellt, durch welches
ausgelassene (Nyquist gesampelte) Z-Ebenen nachtraglich ausgerechnet und eingefiigt
werden. Die Ergebnisse werden an In-Silico sowie am Zeiss Airyscan aufgenommenen

Messdaten evaluiert.
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GENERAL INTRODUCTION

Physicists are made of atoms. A physicist is an attempt by an
atom to understand itself.

— Michio Kaku

1.1 MOTIVATION

Microscopy is a cornerstone of everyday research and production in a wide range of
different disciplines. It can be used to resolve structures that lie far below the spatial
resolution limit and spectral and dynamic sensitivity of the eye. It thus enables more
detailed analysis of microscopic processes and opens up space for new questions and
insights. For example, for structural analysis of cancer cells resolutions well below 500 nm
are required, but field of view (FoV)s of at least 1 cell, i.e. > 10 um, are necessary [1].
Once the general mapping of such an object is achieved, functional and time-dependent
properties can be investigated. The goal of this work is to assure imaging-quality of the
recorded data, e. g. for structural analysis of the sample, and to optimize existing methods.

Abbe’s mathematical analysis of diffraction-limited resolution of optical systems has
allowed to predict and analyze limiting effects of optical components [2]. Remarkably;,
Abbe established a resolution limit, based on physical parameters of the optical system and
assuming the absence of any aberrations, which surpassed all other existing approaches at
the time and is still valid today. Abbe’s resolution limit describes the support-boundaries
of the transfer function of the analyzed optical system and can neither be exceeded
nor worsened by aberrations. Hence, it is a fundamental limit that allowed to replace
the hitherto common ,trial and error“method by precise precalculations and led to the
production of high-quality optical-imaging devices.

The development of new optical and electrical components led to the advent of mi-
croscopy systems using wavelengths beyond the spectral sensitivity (VIS) of the eye,
380nm — 750 nm [3], e. g. electron microscope. However, only microscopy techniques

with application in VIS are relevant to this work. The development of the confocal mi-
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croscope by Marvin Minsky in 1957 revolutionized fluorescence widefield imaging by
introducing optical sectioning [ 4]. Minsky used a divergent arc lamp and thus did not
work in 4f configuration (see Section A.4), but already used dichroic mirrors, a detection
pinhole and sample scanning. He illuminated a small volume of the sample partial co-
herently and imaged it onto a detection pinhole while using the same objective lens for
illumination and detection. The discovery and subsequent commercial proliferation of the
laser in 1960 led to changes in confocal design to 4f or 6f (Kohler illumination) systems.
Since then, confocal systems are mostly operated in laser scanning mode, which is why
they are also referred to as Confocal Laser Scanning Microscopy (CLSM).

In 1988 Sheppard describes how the detection pinhole together with the detector could
be replaced by an array of (point-like) detectors and suitably summed [5], i. e. Pixel Reas-
signment (PiRe). Miiller & Enderlein published the first working experimental implemen-
tation of Image Scanning Microscopy (ISM) in 2010 [6]. Steady advances of this technology
brought parallelized approaches with analog processing (2013: instant Structured Illumi-
nation Microscopy (iSIM) [7], Re-Scan [8], Optical-Photon-Reassignment (OPRA) [9],
2015: spinning-disk ISM [10]) as well as digital processing (2013: spinning-disk ISM [11],
2016: REfocusing after SCanning using Helical phase engineering (RESCH) [12]). The
major advantage of ISM over classical CLSM is that the pinholing effect is maintained by
the individual (point) detectors while no light is blocked by a physical pinhole. By reas-
signment, the additionally detected photons can be suitably combined and this leads to a
superconcentration effect, since more photons are reassigned to the same pixel position
than would have been the case in widefield or CLSM [13].

Although the confocal microscope was established as the gold standard in the bio-
logical community quickly after its discovery, new solutions in the form of microscopy
systems have evolved in parallel to address increasingly challenging questions. Methods
of fluorescence microscopy have been (further) developed with particular success. They
can be divided into linear and non-linear methods with respect to the sample response
to the excitation field. Non-linearity is usually achieved by saturation or excitation of
higher harmonics in the sample response, which is why almost any linear system can be
directly converted into a non-linear system. Furthermore, the methods can be divided into
wide-field and scanning methods, such as the CLSM. Most methods agree on the fact that

the axial dimension is recorded as a (z-/axial-) stack slice by slice. Despite all further and
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new developments, the CLSM is still a standard system in many laboratories. This can
be explained, among other things, by its design, ease of calibration, ease of modification,
comparatively low construction costs and wide availability of equipment and protocols.

In order to modify existing ISM setups and to use their data more efficiently through
improved computational reconstruction, a deep understanding of the underlying theoret-
ical approaches is necessary. This knowledge will be conveyed in the following sections
and the nomenclature used will be introduced step by step.

For a better understanding of the advance made in this thesis a foundation of the
theory of image formation and interaction of light with matter is important. The main part
of the thesis uses predominantly high-level descriptions and abbreviations of imaging
operators. A brief compilation of fundamental equations, derivations and assumptions
will be presented. The aim of this section is to describe the imaging process in the case
of fluorescent imaging. For this purpose, suitable field propagators are first introduced
for propagation e. g. from the sample through the optical measurement system to the
detector. Further, necessary technical terms and equations for the used setup geometries
(e.g. ISM) as well as resolution criteria are presented.

For a more thorough derivation see Appendix A and the splendid work by Mertz [14],
Goodman [15] and Born & Wolf [16].

1.2 USEFUL EQUATIONS AND FORMALISM

The Fourier-Transformation throughout this thesis and is defined as:

forward:  F(k)= F{@)} (k) = @m™? jRSf(f)e—ﬂ?fdz (1.1)
backward:  f(¥) = F-H{F (k)} (@) = @m) 2 fR3F(%) e’k ik (1.2)

and i = y—1 the imaginary unit. Further, the convolution operation ® is defined as:

[f ol = [ fGgEE - (1.3)

The convolution is typically interpreted to span the whole 3D real space and hence ® = ®;.
If the operation is limited to a different domain, e. g. the lateral 2D plane, then this is
marked by a representative vector of this domain, hence e. g. by appending x on the

operator to form ®;.
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For an arbitrary set x1, x5, ..., x,,, n = 3 of realizations of a random variable X the symbol
V means that a statement holds for all elements (here: realizations of X) taken from this
set.

For two discrete, jointly distributed random variables X, Y with random distributions

Py, Py and at least partially non-zero joint distribution Py the adopted nomenclature

is [17]:
Expectancy E {X} = ZX -Px (X =x) (1.4)
Variance V {X} = (E {X})2 —E {Xz} (1.5)
Standard Deviation S {X} =V {X} (1.6)
Co-Variance W({X,Y} = E{[X - E{X}]1[Y —-E{Y}]} (1.7)

Within this thesis, the words expectancy and mean will be used interchangeably. The
extension to complex random variables is straightforward [18].
To determine the distance AM = M® — M between two images or matrices M,

M® the [, norm [19] is used in this work:

NO 17p
} (1.8)

”A“I”p = |Ah’1z‘|p
p
i

with N® the number of pixels of used. The distance Equation 1.8 thus determines the 1/p
exponentiated sum of the p exponentiated amounts of all pixels of the difference matrix
AM. Note, that even though M is a (potentially N-dimensional) matrix it is flattened in
Equation 1.8 for brevity.

1.3 THE IMAGING PROCESS

In most of this thesis” analyses the sample as well as the imaging process will be treated
as 3D while the detector axially cuts out one slice of the incident field, i. e. sharp in-focus
image information together with Out of Focus (0oF) blur is measured.

The spreading of the response signal of an illuminated point-like sample through-out
the optical system can be characterized by the Amplitude Point Spread Function (APSF)
in case of coherent or Point Spread Function (PSF) £ in case of incoherent, e. g. fluorescent,

light. The Fourier transformed APSF is called Amplitude Transfer Function (ATF) and
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FiGure 1.1: Fourier-Relations in 3D. a,b,g,h) in Fourier space and c-f) in real space coordinates.
ATF atcuta) k, = 0,b) k, = 0; APSFatcutc) z=0,d) y = 0; PSFatcute) z = 0,
f) y = 0; OTF at cut g) k, = 0, h) k, = 0. d) shows the half-opening angle a of

the objective lens and h) the missing cone in magenta. All panels are normalized to
individual maximum and have a gamma of 0.5. log, , (1 + 1) normalization is applied

to g+h) beforehand.

the Fourier transformed PSF is called Optical Transfer Function (OTF) /. For analysis of
transferable Fourier spatial frequencies by an optical system the extent of the non-zero
region of the OTF, the so called OTF support supp {71}, is of high-interest. For a more
detailed introduction see Section A.2.

In the following ¥ = [x, y,z] is the continuous 3D spatial coordinate vector, ¥ = [x, Y]
is the lateral coordinate vector, k = [k®, k), k@1 is the 3D spatial frequency vector and
R = [k, k)] is the lateral spatial frequency vector.

Given a fluorescent density distribution S (¥(©), typically called sample, residing at a
position z = z(©) and being excited with an excitation intensity distribution I(® ((°))
the emitted irradiance (@ (#(°)) = [ (3(0)) . § (¥(®) at z = z(%) can be measured if the
sample is axially (Z-) scanned. The propagation of irradiance I®) through the optical
detection system can be modeled by convolution (Equation 1.3) of I®© with the detection
system’s PSF 1(d¢Y), thereby yielding the measurable Z-scanned irradiance distribution at

Iz =z

10 (30) = [1e) @ 1] () (1.9)
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Fourier transformation of Equation 1.9 yields the Fourier frequency spectrum of the

irradiance distribution at the detector at z = z();
) (k’) — jy(det) (k’) j) (]2) (1.10)

Note, that in Equation 1.10 the spectrum at every k is calculated by a point-wise multipli-
cation of the OTF /(4¢Y) with the emission spectrum [(? (7<<0>) = |10 @, §] (7<<0> )-

Figure 1.1 displays the relation between 3D APSF (a+b), ATF (c+d), PSF (e+f) and
OTF (g+h) in case of a single lens. The first and third column are defined in Fourier
space while the second and forth column use real space. The half objective lens” opening
angle « is visualized in panel d). Panel h) demonstrates the basic information transfer
problem of a single lens at low lateral spatial frequencies, the so-called missing cone.
The OTF support supp {fl} is axially not extended and hence these frequencies cannot
be distinguished /resolved. This leads to ooF blur by low-frequency information (e.g. a
fluorescent plane) not only of adjacent but of all axial slices of the Z-stack. Naively, every
wave that can be detected by an optical system is automatically resolved. In fact, this
statement is wrong in many respects. The core idea was already formulated by Ernst-
Abbe [2]. He finds that to resolve a scattering object through a lens / optical system, at
least two diffraction orders must be intercepted and interfered. Classically, the ballistic
field (Oth order) and the +1©Y order of scattering are often used here. While Abbe in
case of illuminating the sample without an angle (=central illumination) finds the lateral
resolution limit d(Abbe central) %, it is the case of , extreme oblique illumination” [2]
that became famous and the lateral limit he found is:

A

(Abbe,coh t) —
d e,coherent) _ Mq(cond) " NvA(det) (1.11)
A
(Abbe) _
d NA (1.12)

where NA = n sin(a), n is the immersion medium and « is the half aperture angle of
the microscope objective. Equation 1.11 is also called ,, Abbe’s diffraction limit” in case
of coherent and Equation 1.12 in case of incoherent (e. g. fluorescent) imaging, because
it describes the maximum resolvable spatial frequency of a diffraction limited optical
system. Thus the maximum lateral frequency k(Ab*¢) or lateral cut-off frequency k© in

Fourier space can be derived via:

27
(C) = f(Abbe) _
k') = kAbPe) = ~(ABES) (1.13)
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The limit can be partially overcome using a priori assumptions about the sample type,
distribution, or behavior (see Section 1.7). The systems analyzed in this thesis mainly use
a highly coherent illuminating laser that is mostly focused on an (incoherently interacting)

fluorescent sample (see Section 1.5).

Limit Name  Measure

Airy Unit d@AU) — 2 44 j(Abbe)
FWHM d(FWHM) ~ 1.02 d(Abbe)

Sigma Gauss (%) ~ 0.42 4FWHM)

TaBLE 1.1: Resolution measures. Set of resolution measures used within this thesis. Inspired

by [20] and [21].

The exact formulation of the circumstances around the measuring apparatus as well as
the sample are essential for the definition of a suitable resolution measure. The measures
used in this thesis are given in Table 1.1 and based on the assumptions of a simultaneous
measurement, no statistical recalculation and unknown but equally bright sample structure. One
Airy unit AU is the disc-diameter of the central non-zero region, i. e. from the —1Y to
the +1©Y minimum, of the PSF. d¥WHM) i5 the diameter of the in-focus PSF central peak
at half of its maximum value. ¢(°® is the standard deviation standard deviation S {h(%)}
of a Gaussian h(®) that fits the in-focus (i. e. 2D) PSF & in case of adaptive offset clipping
w.r. t. the PSF maximum.

For an ideal or non-noise limited imaging process the Full Width at Half Maximum
(FWHM) is an established measure for comparison and typically bead or line-samples
are used for characterization. In case of noise-limited imaging the cut-off frequency is
predominantly determined by the noise-floor. Here, Fourier-Ring-Correlation [22] for
estimation of the cut-off frequency is a promising approach. If the underlying statistics
for describing the photon nature can be represented by a Poisson-process the general

noise-limitation can be overcome by simply collecting more photons (see Section 1.7).
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1.4 WIDEFIELD- AND CONFOCAL IMAGING

Building on the findings in the previous sections, any optical system can be described
for both coherent (Equation A.51) and incoherent imaging (Equation A.52) using the
respective PSF or OTF. Since most imaging methods in the context of this work use
fluorescent samples, henceforth incoherent imaging will be described.

During image recording, the intensity distribution IV (Equation 1.35) present in the
detector plane is time- and space integrated (i. e. discretized) and converted into digital
units. Thus, for a simplified description, the sample is viewed as consisting of a set of
discretized voxels. The forward model appropriate for the imaging method of interest can
straightforwardly be transferred to the discretized representations of the sample S, the
system PSF h and the ideal (i. e. noise-free) measured image M, which represents the
discretized version of IV in case of an axial sample scan.

In case of fluorescence widefield microscopy (i. e. non-scanning) mode the ideal image

M directly follows from Equation 1.9 and Equation 1.30 as:
MWD (30 = fdy-g(o) hWB) (@) — 30)) § (20)) = [hWP @ 5] (x0) (1.14)

This mode is called Widefield Microscopy (WF). The continuous convolution operation

of the forward model (Equation 1.9) can be approximated as:

M

H-S (1.15)
> Hyi Sy VI (1.16)
m

M,

where the 3D ideal image M and sample S have been flattenend into 1D-vectors Z\t//I) € R!
and S € R such that the multiplication with the kernel matrix H € R" could be
written more compact. Equation 1.16 is a component-wise representation of Equation 1.15.

The change from fluorescence WF to CLSM imaging is accomplished by focusing the
illumination and scanning the sample laterally to store spatially resolved brightness
information per scan position. For fluorescence CLSM, together with the assumption
of the sample being a 3D-stack of thin slices Equation 1.9 can be used. The pinhole is
located in the detector plane and assumed to have no axial extent. Thus the 3D pinhole
function B(¥V, dz) of infinitesimal axial extent dz will be used as a 2D function B(}Y)). By

changing the lateral extent and position of the pinhole, the actual imaged confocal focal
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volume size and position, i. e. imaged volume of the sample, can be changed. A detector

located directly behind the pinhole thus detects the spatially summed (integrated) flux:

O — fdz)g(n B (™) W ()

|Z(1)=0

dM = Pplex fﬂ RN dz @B (1)) pldet) (1) _ 3(0) 7(0))

() (30,200 S (), 2(0)) (1.17)

where [0 (@) = @I () and @@ = [dBR[©) (). Since in this imaging
method the spatial sample information is lost, due to the lateral integration, the sample
must be scanned such that an image is gained by correlation of scanning positions with the
measured fluxes. Through a scanning unit, the illumination is scanned and the detection
is simultaneously descanned, thus with Equation 1.17 the ideal CLSM image M (CLSM)

and respective effective PSF 1(CTSM) as well as OTF 1(“ISM) are obtained according to:

M (CLSW) (7)) = (e f {33 pCLSM (0 _ 7)) § (3(©)
= @) [CISM) @ S () (1.18)
J(CLSM) (2(0) _ 3()y = jdz)%mg (R® — 7)) plded) (30 _ 20 _ 39 200 _ 7))
Ch©0 () Z 36) 50) _ 5®)
= [[B ®@ap 14V | (9] (2(©) — ) (1.19)
RCLSM (k) = [(BR9D) @3p 10 ] (k) (1.20)

Note that 7 and (9! are completely sum normalized to 1 and can be interpreted
as excitation and detection probability density functions. Hence, their product #(“tSM
resembles their joint probability density function which is the product of the two. While
Equation 1.17, before the integration due to detection, still reveals information about the
spatial distribution of the sample, Equation 1.18 only holds a brightness value at one scan
position and needs to be correlated e. g. with the positions of a scanning process.
Unlike in case of the incoherent WF system the OTF is a convolution of excitation
and detection OTF (Equation 1.20), which could even double the OTF-support supp {ft}
in the case of a (theoretically) Stokes shift free fluorescence. Similarly, it can be seen
that a finite-size pinhole cannot change the maximum possible Fourier support, but can
only manipulate the transfer efficiency of individual frequencies. Combining pinholes

of different shapes/sizes can be found to enhance the relative contrast of individual

frequency bands to each other thereby increasing perceived resolution [23]. A single

11
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spatially extended pinhole can only degrade the overall transfer contrast, compared to
the ideal transfer when using a ¢é-like pinhole, with the limiting case being a completely
open pinhole which is the so-called scanned Widefield (sWF) case.

For the OTF support supp {ﬁ‘CLSM) }, we find the lateral x(AP%®) as well as axial k("""

maximum frequency to be:

X d
(Abbe,CLSM) _ 4mNA Ah) — L/\(et) (1.21)
Ah) ’ @0 4 ) (det)
(Abbe,cLsM) _ 47tNA (1 — cos a)
k: - A sin g (122)

where AV is the harmonic sum of A and A(4¢Y) [24]. Unlike the WF 3D PSF WD)
(Equation 1.14), whose axial intensity profile is very different from the lateral distribution,
the CLSM 3D PSF h(lSM) (Equation 1.19) can be analyzed fundamentally well by only
using its central (1) Airy-unit and approximating it with a 3D Gaussian blob*. In doing
so, one finds that the lateral standard deviation o (CLSMlat) of thig approximation is at most
V2 smaller than ¢ (WFIa)Given, that o can be converted into FWHM (Table 1.1) the same
argument holds for the FWHM, even though the support of the OTF doubles.

By using the pinhole in the confocal microscope, high axial sectioning, due to ooF
rejection, is exchanged for efficient use of the intensity distribution arriving at the detector.
To be able to detect all photons, in Image Scanning Microscopy (ISM) the single detector
is replaced by a detector array (e.g. a camera) and the physical pinhole is omitted. This

changes Equation 1.18 to:

MW (36), 3@ = @) (3), @)
P (),3@) = @) [hflCLSM) ® S] (), z@) (1.23)
RSV (3®,2@) = [hfzdet) _h(ex)] (R®,2@) (1.24)
h(det) ( (s) (a)) [Ba ® h(det)] (X)) (1.25)

Note, that Equation 1.18 can be derived from Equation 1.23 by restricting to the center

pinhole only, e. g. in the case of N@ pinholes thus choosing a(® = {N - J nd x(lwa) J> =0.
Here |:] selects the lower rounded integer. In Equation 1.25, B, was introduced to be
able to model the differences of the individual camera pixels (e. g. shape and detection
efficiency). For the simulations all camera-pixels where assumed to be of equal shape and

efficiency.

A repeated convolution of a function f with a second function f® converges towards a Gaussian shaped

result f(3), see central limit theorem [17].
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The OTF support supp {E(ISM)} of ISM is identical to the support supp {E(CLSM)} of the
CLSM system, but so far we have only detected additional ooF information by means of
neighboring pixels and thus rather reduced the foreground /background ratio. Interpreting
h(CLSM) again as a joint-probability density function and asking where to find the most
likely position of the fluorescent emitter given excitation ¥ and detection position @,
this can be determined using a Center of Mass (CoM) (see Equation 3.5) approach. Once
these positions are known, the information stored at the detector positions can be shifted
back to the most likeli emission positions with a summation over all views afterwards.

This processing strategy is called PiRe and the final image M ™M) can be calculated to:
MUISM (39 = ZM;ISW (39),2@) @ § (3 — mISMz@) (1.26)
a

fl(rISM) (]_é(s)) — Z [Ijllgdet) . E(ex) . eikm(ISM)x(w] (I_é(s)) (1.27)

a

with the effective reassigned ISM OTF ISM) (I_é(S> ) and mSM) the reassignment shift factor.
Under the assumption, that the effective PSE h{>™ (), @) (Equation 1.24) of each
view can be suitably approximated for a practical measurement processes by a Gaussian
distribution with negligible errors, all 189 and h(© can be defined by a Gaussian function.
Then, if additionally A(®¥) = A(®™) the most probable emission position is ¥(™) = 7@ /2,
corresponding to a shift factor of m™™M = 0.5. A brief demonstration of PiRe in case of
simple transition from CLSM to ISM by using a camera instead of a Photo-Multiplying
Tube (PMT) is given in Section 4.2.1.

The reassignment can be applied fully analog/optical [9] or digital [6] and leads to a
densification of the photon distribution which is also called superconcentration [13]. Since
the theoretical description by Sheppard in 1988 [ 5], many different ISM configurations
have evolved, such as e. g. parallelization by multi-focal scanning and descanning with
two Digital Micromirror Devices (DMDs, [25]), deeper sample penetration using 2-
photon single-focus [26], video-framerate imaging [10], or 3D reconstruction using 2D

measurements and detection-psf manipulation [12].
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FiGure 1.2: Jablonski Diagram for an exemplary set of transitions for 4 states of an excitable
fluorophore. Sy, Sq, S, are the electronic singlet and T triplett states. Radiationless
Vibrational Relaxation (VR) and Internal Conversion (IC) are marked with red and
blue, while the quantum-mechanically forbidden Intersystem Crossing (ISC) is dis-
played in purple. k® marks the absorption rate of incoming photons while k) and
k(P) are the radiative de-excitation (fluoroscence and phosphorescence) processes.
The vibronic levels are drawn in slight grey and examplarily named in case of SJ to

S2. Inspired by [27].

1.5 FLUORESCENCE

For modelling the imaging process the Born approximation (Section A.8) is used, since its
assumptions are approximately fulfilled in case that the emitted light is spatio-temporarily
incoherent, meaning that the mutual interference of the sample response reduces to a
delta peak (see Equation A.50). Fluorescence fulfills these requirements and thus the
derivations made in Section 1.3 for Fourier-Optics can be directly applied to describe the

imaging process of a fluorescent sample.
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For describing light-matter interaction in case of photon absorption and emission of
multi-atomic molecules the Jablonski diagram will be adopted as simplified model [27].
Section A.g provides a more detailed discussion on the assumption and implications of
Jablonski diagrams.

Here, a valence electron can be excited from the ground state SY to a higher energy state
S}‘ by supplying the appropriate discrete energy AEg:;f . The upper indices here describe
the vibrational level - and are often not directly noted - while the lower indices denote the
electronic level or general energy state. Rotational states are omitted.

For a 4-state system, the absoprtion (a) of a photon of suitable wavelength excites
a valence electron from the ground state 58 to an excited electronic state, S, with the

absorption rate, k®:
k@ (X) = 7@ @I (3) (1.28)

and 7@ (%) the fluorophore optical absorption cross-section. The spatial dependence
is typically omitted, i.e. kK@ (¥) — k@. The electron does not fall directly back to the
ground level S, but the excited system lowers its energy through vibrational relaxation as
well as interactions with the environment (often referred to as Stokes shift). The excited
system will generally relax to the ground vibrational level in the lowest excited electronic
state, from where other electronic transitions, e.g. fluorescence, can take place (Kasha’s
Rule) [27]. In this example, the electron initially falls back to the vibronic ground level
of S; (i.e., S9) without radiation within about t = 107! s due to Vibrational Relaxation
(VR) and Internal Conversion (IC), i.e. 55 — S3 — SY. This state is stable for a short
time O (ns). The electron can relax to the ground state non-radiatively via fluorescence-
quenching IC or via emission of a photon with AE(l):f) as fluorescence (f) with the emission
rate (Sq) - k® . Here, kO = 1/7( is the emission rate constant and 7! the fluorescent
lifetime. Note, that the total radiative lifetime is anti-proportional to the sum of radiative,
non-radiative and Intersystem Crossing (ISC), but will not be discussed further here. A
forbidden transition via spin-flip into the energetically more favorable and slightly more
stable triplet state T{" is also possible, although this process occurs much less frequent
than the previous two processes and on longer time scales (ms). The transition from the
triplet state T} to S3 can be radiationless and is called ISC. ISC takes a comparably long
time as the transition probability is low due to spin restrictions. In the case of a radiative

transition, one speaks of phosphorescence (p). All these and further non-accounted-for
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processes (e. g. bleaching or Forster-Resonance Energy Transfer (FRET)) finally result in

a fluorescence flux ®F) [W] which can be described by:
OF = Q&) e (1.29)

with Q© the fluorophore quantum efficiency, 7™/ [cm?] the absorption cross-section
of the fluorophore and I/ [W/cm?] the local illumination intensity. Here, I was
assumed to be small enough such that the fluorescent flux ®® can be modelled as a linear
function in I®. ®® can be converted to the fluorescence emittance I'F) per unit-depth

dz/ [m] by multiplication with the local concentration per Z-slice C'P) (¥, dz) / [em™2] to:

IV (¥,dz) = @B CH (¥, dz)
=1 (%,dz) SV (¥, dz) (1.30)

by using the voluminetric (thin-slice) local fluorescence response S = Q@ »® C® with
Equation 1.29.

According to the previous descriptions, an excitation spectrum consisting of many
narrow peaks and an emission spectrum shifted towards longer wavelengths due to the
Stokes shift can be expected. In most practical measurement cases, however, in the Region
of Interest (ROI) not one molecule in isolation, but many molecules of the same kind are
surrounded by solvents and other molecules, which determine the local and overall envi-
ronment in near as well as in far distance. At rest and under constant external conditions,
an equilibrium state is formed for this mixture of molecules to be analyzed, in which most
of the similar fluorophores are in one of the possible vibronic levels of the ground state S,
typically S9. Local excitation of some molecules changes many environmental parameters
and the dynamical system tries to return to equilibrium. In this process, different eigen-
states (vibronic levels) are successively adopted until the system transitions locally to a
more stable ground state, before the local reactivity is neutralized again and the system
falls back to the ground state S°. Time-scales and set of transition states chosen depend
additionally on the solvent relaxation.

Quantum mechanically, the transition from singlet to triplet states is forbidden for
an isolated molecule consisting of light atoms, but the pertubation of its own electron
distribution by the interactions with the surrounding molecules allows for such a transition.
If the molecule contains a heavy atom the spin-orbit coupling could enhance the probability

of a transition. The spin flip back to the singlet state is again forbidden, which is why this



1.6 SIGNAL, NOISE AND SIMILARITY

state is relatively long-lived [28]. Finally, this superposition of possible pathways, different
local environments and especially the influence of the solvent / different neighboring
particles results in the smearing and shifting of the single peaks to a continuous spectrum.
If the fluorophore would have been one isolated molecule in vacuum and would have
created an entangled state with the exciting field, then the phase and orientation-relation to
the excitation-field would be continuous and a coherent description of the process would
be possible. Due to the random interaction with and pertubations by the environment
this phase-relation is lost and the fluorescent response to the incoming field can be
approximated as incoherent or phase-unrelated. The average coherence time is in the range

of T(f)

ooh o fs[14] whereas typical detector speeds are orders of magnitude slower. This

allows for modelling the measurement process as a pure incoherent summation of non-
temporally coherent fluorescent events. The absorption efficiency of an exciting electron
by a fluorophore depends further on orientation of the fluorophore with respect to the
incoming polarization of the exciting field [29]. Fluorescence (as well as phosphorescence)
typically can be assumed to be spatially incoherent as well, as the polarized light sent out by
each individual fluorophore (with its respective orientation) is not measured individually
but as an ensemble of wave-fronts emerging from many different fluorophores at different
spatial positions.

In this work, unless otherwise mentioned, the representative dye for simulations and
further analyses will be Alexa-488 [30]. This dye is pH stable and exhibits low photo-
bleaching. The dye has several relevant absorption bands, but in this work mainly 1-photon
processes are analyzed whereby excitation wavelengths between 400 nm — 800 nm are
relevant. Accordingly, excitation and emission around the maxima A = 490 nm and

Aem) — 525 nm will be used.

1.6 SIGNAL, NOISE AND SIMILARITY

The quantum nature of light leads to fluctuations in the discrete conversion of a photon to
electron during a detection process which is called shot noise. The measurement process

can also be formulated as asking the question: ,,What is the probability that K = k photons
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were measured in the time interval At = T?*”. The Poisson statistic P of a random variable
K answers this question:

k
P = Pk = ki) = L ¢ (131)

with K = krealizations, i. e. measured photons, of the Poisson distributed random variable
K with expectancy pg. The random variable K is discrete (i. e. realizations k € N*), but
the mean pix € RY is continuous. The formulation Py (K = k| ug) means: the probability
of measuring K = k > 0 photons given the mean y > 0 of the random process takes the
value pg.

While shot-noise can be viewed as multiplicative noise in the conversation from a contin-
uous field distribution into a discrete charge distribution, construction-related additional
multiplicative and additive noise sources are added in the processing of this charge. Pro-
vided that these additional noise sources or random variables X" are mutually independent,
they can be holistically and suitably normalized as a random variable X = ). X whose
probability distribution can be described by Gaussian probability density by means of the
central limit theorem [17]:

(x — yx)z}

(1.32)
2(7}2(

G{rnx, 0%} =px (X =x|px, 0%) = — exXp {—
20
and hence E {X} = uxy and V {X} = (7)2( are the mean and variance of this distribution.

For this thesis shot noise is assumed to be the significant noise source. For a deeper
introduction see Section A.11 and for a comparison between Gaussian and shot noise see
Section A.12.

The Signal-to-Noise Ratio (SNR) generally describes the relationship between the
power of signal L8 and noise L("°®), The definition of signal and noise depends on
the objective of the analysis process. In the context of this work, signal L1873 js defined
as the measured mean intensity E, discretized and amplified as the count K (per pixel
or scanning position) of the photon flux at the detector ®T (¢) (see Equation A.67 for
further details), but note that intensity and definition can change if ooF is taken into
account. The noise L"5®) on the other hand describes the average fluctuation around the
mean intensity (i. e. signal) and is measured by the standard deviation VV. While in real

space the mean also gives a real number, i.e. E € R, in Fourier space it could be E € C.
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1.0>_

FiGure 1.3: Forward-Simulation Example Upper row shows maximum normalized real space
images with v = 0.2 for 2a), else y = 1. Lower row shows Fourier space magnitude
of images with log10(1 + ‘M| / ‘max M|)7 normalization and ¢ = 0.5. 1) spokes2d
target. 2) WF PSF at dTL1at) = 50nm, NA = 1.4, n™ = 1518, (™™ = 488nm,
N(PX) = [181,181]. 3) WF image of 1a) (convolved with PSF 2a)). 4) Poisson noise
added with N(Phot) = 100. Theoretical OTF-support limit k(A?*¢WF) js shown as a

white, the noise induced cut-off frequency k© as an magenta circle.

However, since the SNR is to be used as a real measure and for the variance V. € R

holds, a general real SNR of a random variable K can be defined as:

LGl (k) |E{K}|
[ (noise) (K) - \/W

In real space, for a Poisson-distributed random variable K such an SNR can be increased

SNR (K) = e RY (1.33)

by measuring more photons (Equation 1.34), i. e. increasing the mean:

SNRP) = K — g (1.34)

Vi

A brief 2D fluorescence WF simulation to display the difference between the theoretical
maximum size of the OTF support supp {71} limited by k(AP%¢) and the actual achieved
cut-off frequency k‘©, where for k > k‘© the signal is indistinguishable from the noise
floor, follows. As simulation parameters a lateral pixel sampling of 4Pt = 50nm,
objective lens NA = 1.4, oil immersion with refractive index nm = 1518, emission
wavelength A(e™ = 515nm, measured pixel area N™Mea®) = [N® N)] = [181,181]

and N(Phot) = 100 as expected photon-count were used to simulate a noisy image of the
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spokes2d? target. Figure 1.3 displays the simulation results. The spokes2d (Figure 1.31a)
target is convolved with the simulated PSF (2a) to yield the ideal image (3a). Finally,
Poisson noise is applied to the simulation (4a). The lower row of Figure 1.3 shows the
respective Fourier space representation of the upper row image in the same column.

The theoretical limit of the OTF-support supp {fl}, given by k(APbeWF) — 1 /g(Abbe)
22/ (um), is highlighted with a white circle in the Fourier-images b) of Figure 1.3. The
Fourier noise-floor oW in case of the given WF imaging is calculated as an average of
pixels where k > k(APPeWF) holds, The effective noise-cutoff frequency k(© is calculated
as the frequency for which on average |i(k)| ~ ¢ for k > k‘© holds and is marked
with a magenta circle. In this simulation k© = 11/ (um).

Thus noise leads to the fact that high frequencies of the image spectrum cannot be
resolved, although they are measured with ideal imaging. However, reconstruction meth-
ods such as deconvolution can limit or even eliminate this degradation, see Section 1.7.
The information collected from the sample is low-pass filtered by the transfer function of
the system before it can be detected. During measurement the spatio-temporal continuous
intensity distribution at the detector is time-averaged into temporal bins of length T and
measured according Equation A.52 as IV (¥), which is subject to further manipulations by
the analog-digital-processing units until the final image M is stored. In case of a multi-pixel
detector, each pixel has its own shape and detection efficiency and hence the discretized

photon-count at the k-th pixel can be described by [31]:

M= [ a2 1% () - D (D) (1.35)
Di (%) = [ i Ax (%) 6 (o = ) (1.36)

where 7 is the photon-conversion factor, A (¥) is the pixel-shape and 6 (Y — xi) the
position of the k’s pixel within the detector coordinates. Analog to Equation 1.25 in this
thesis all pixels are assumed to have the same form- and photon-conversion factor, hence
x = nand Ap = A.

The precision of the discrete representation of I(X) increases with the amount of sam-
pling pixels used making the use of higher and higher polynomials for data-fitting possible.

It is even more remarkable that a bandlimited signal, as is the typical case in microscopy,

2 The spokes2d target is a binarized version of a radial-sinusoidal in 2D.
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can be reconstructed perfectly if sampled at twice the frequency of its band-limit. This is

called Shannon-Nyquist limit and can be written as:

k(SPL,lat)
Kk(NY) — —— > k(Abbe) (1.37)
where k(AbPe) js the Abbe or maximum possible frequency of the linear bandlimited signal,

k(SPL1aY) js the sampling frequency and k™Y) is the Nyquist limit. Especially it predicts
that under the assumption of a bandlimited signal a too low sampling leads to aliasing,
meaning that high-frequencies are mirrored back into lower frequencies. See Section A.13
for a one and a two dimensional example.

In order to find an objective measure of measurement data comparability, the first
question to ask is what kind of transformation is preferred. That is, should dimensionality
of the (potentially n dimensional) measurement data be reduced (e. g. 1D or 2D), keep
its dimensionality or even increase to n+m dimensions? In the case of this work, for
convergence testing of deconvolution algorithms or reconstruction quality comparisons, a
one-dimensional image representation was chosen, i. e. a 2D/nD image is thus mapped to
a real number.

For the comparison of the similarity of two images M¥ and M, the Pearson corre-
lation coefficient, in this work denoted as Normalized Cross Correlation (NCC) C, was

chosen [32]:

C(M®,M®@) =% MM . M € R_q 1 (1.38)
I
1 MY -E{MD}
VNO -1V {MD}

1,0 _

b (1.39)

and N() the numbers of pixels of the image. Here, two images/stacks are reduced by
their mean value, normalized by their repective standard deviation before the (pixel-
wise) correlation is calculated. Two images are said to be NCC close if C — 1, because
then not only high-similarity but positive correlation is given. C — —1 stands for high
similarity but anti-correlation, thus the two images only differ by sign. Images are called
NCC independend if C — 0. The sensitivity to (sub-) pixel shifts can be both good and
insufficient. Good, if the images should overlap pixel-wise exactly and relative intensity
changes should be compared. Insufficient, if the two very identical images are shifted by

n (sub-) pixels w.r.t. to each other. If the images have no inherent symmetry w.r.t. to
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n (sub-) pixel shift-operations, then the NCC measure might tend towards zero C — 0
even though they are similar. Within this thesis, a reconstruction that achieves a NCC of

C > 0.9 will be accepted as a reconstruction of high quality.

1.7 INVERSE MODELLING

The last chapters have laid the foundation for the description of the imaging process,
conditions on detectors as well as the generation of noise. In this chapter, an abstracted
forward model is established and basic approaches and limits of invertibility are presented.
With Weighted Averaging in Fourier Space (WAVG) an approximately SNR-optimal
recombination of multiple images and with 1/OTF, Wiener Deconvolution (WD) and
Richardson-Lucy Deconvolution (RL) different deconvolution schemes are outlined.

The imaging equation found for a fluorescent ISM (Equation 1.23) can be reformulated

as:
M, =P{h,®S}=h,®S+ N, (1.40)
M, =h,5+N, (1.41)
Mal = ZHalm Sm + Nal (1'42)
m

where N, is a specific value drawn from the specific noise distribution given a sample S,

N, is the respective value drawn from the according noise distribution in Fourier space

and N, is the spatially-vectorized 1D-representation of N,,. All functional dependencies
have been omitted. While I ® S is an ideal imaging process without any variance, the
real measured values are resembled by a draw from a Poisson-distributed () random
variable with mean y,; = >, H,, S,, per pixel and detector (Equation 1.42). Hence,
every image yields only limited and subjective information about a sample. The question
is: ,How much information about S can be recovered from the measured image M given
a set of assumptions?” In case only Poisson-noise is present in the image M the N ; holds
the same constant for all frequencies.

Note, that the partial derivative of Equation 1.42 with respect to the parameters S, is:

aS,,,Ml = aSn ZHlmsm = ZHlm (aSnSm> = ZHlm Onm = Hiy (1.43)
m m m
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Every imaging process can be viewed as taking a sample from the ground-truth hence
representing a subjective view on reality. While Py, (K; = k; | ;) asks the question: ,How
likely is it to measure the realization k; of a random variable K; given an unknown param-
eter y;?”, an atomic likelihood function

Ly (py 1 ki) = Pk, (K; = ki | py) can be introduced that asks: ,,How likely was a parameter-
realization y; under a given measurement k;?”. Note the subtle difference that Py, is a
probability distribution of the random variable K; and thus describes the probability of
a measurement while the likelihood function describes the (basic) parameters y; [33].
Hence, .L; (y; | k;) is not derived from Py, (K; = k; | ;) via Bayes Theorem (Equation 1.54),
but is the same w. r.t. notation while emphasizing the parameters instead of the measure-
ments.

The joint likelihood-function L for a set of individual measurements can then be de-

scribed by:
L1 k) =Py (k1 ji) (1.44)
N-1
= || Px, (Ky=ki|p) (1.45)
1=0

with i = <;40, Uiy - zP‘N,,) the parameter vector and k= (ko, k1, .-, kn—1) the measure-
ment vector (=pixel-values of measured image). By variation of parameters ji a (local)
maximum of Equation 1.45 and thereby a most-likely estimate ﬁ that might have given
rise to the measured k can be found. The found estimate i is not necessarily connected
to the real ground truth which gives rise to further support the calculations by using
e.g. regularizers (Equation 1.55). Note that while Equation 1.44 still includes the case
of dependent random variables K; Equation 1.45 uses independent variables. Given that
Equation 1.45 is a positive function, its negative natural logarithm In can be minimized

instead:

S(ﬁllz) :—lnaC(ﬁl_k)) (1.46)

From the assumed model Equation 1.40 we know that the actual parameter S, is hidden
inp; =3, Hp,S,, (Equation 1.16) and hence we need to find the optimal estimator S
that minimizes £. In case an analytic relation between the optimization function £ and
the estimator S,,, is given, the minimum can be found by analyzing its first and second

derivative.

23



24

GENERAL INTRODUCTION

As explained above and in Section A.11 the object information degrades through the
imaging process. According to the imaging model given in Equation 1.41, itis reasonable to
think of reconstruction by direct inversion of the forward model, but this so-called 1/OTF
deconvolution either amplifies high spatial frequencies and particular noise strongly or
strongly low-pass filters the image. An in-depth explanation of these issues is provided in
Section A.18.

Instead, a better approach is to assume an information-limited measurement process
where it can be conjectured that the best possible estimator S; of each individually mea-
sured image pixel [ is Gaussian distributed around the original object distribution S;.

Solving the log-likelihood problem Equation 1.46 for this conjecture leads to the filter-

function
R B{[N])
W=— T =———= (1.47)
W +T 5]

which reconstructs an estimate of S of the sample distribution according to S = 7~ {IWM}
from the measured image M. The found filter Equation 1.47 is an optimal solution within
the assumptions and is called WD [34]. The complex conjugation of the OTF in the
numerator inverts any PSF conditional object shifts and reverts a potential asymmetry.
Generally problematic is the determination of the regularization parameter I for which
both original object spectrum S and the noise spectrum W|2 are necessary. In the case of
the so-called generalized Wiener filter I' = const. is set. Setting I'/ h* = ¢, the filter found
is equal to the regularized 1/OTF solution Equation A.83 in the domains |fz| # 0. For the
derivation see Equation A.87.

Imaging methods with parallel acquisition of multiple viewing angles on the sample
distribution offer the possibility of individual as well as combined processing. In the
context of the processing methods presented so far, the different views of the SNR-optimal
weighted OTFs are subsequently simply summed together into one resulting view. A
suitable combination of all images with weights @, for all Fourier pixels [ can be found

according to Equation 1.41 as:

M’lgwa) = ; &J’QTMM (148)
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The processing that yields the image M{"* = F~1 (M;Wa)) is called Weighted Averaging
in Fourier Space (WAVG) [35]. The weights &, are found to be:

W, = ECNC_Z (1-49)

with the variance V {fzc} = 72. Note the difference of Equation 1.49 to Equation 1.47.
While the weights are mainly influenced by the PSF as before in case of Wiener-Filtering
the normalization is with respect to their individual variance. The SNR-optimal recombina-
tion M"® has a non-uniform noise-spectrum as opposed to the assumed noise-spectrum

according to the forward model Equation 1.40. By utilization of Equation A.92 and Equa-

tion 1.49 noise normalization can be achieved via:

M (wa)
M@owa) — —MN (1.50)
VV (M}
V{MWa} = Z W22 (1.51)

a

This processing is called noise normalized Weighted Averaging in Fourier Space (nWAVG).
With Equation 1.48 a noise-normalized OTF h™Wa) can now be introduced (for more details

on the derivation see Section A.20):
- - - 2
R =% @ph, = Y [ (1.52)
a a
Assuming a set of independent-Poisson distributed random variables, i.e. each mea-
sured pixel, with distribution Py, (K; = k;| ;) (Equation A.65) an extremum of the log-

likelihood £ of the Maximum Anterior Likelihood (MAL) problem w.r. t. the parameters

S, can be found according to:

N

1
ds, £ =—0ds In [ n Py, (K = kl|l41)] =0, (1.53)
1=0

with the partial derivative according to Equation 1.43 and the zero-matrix
0 € NNO/2xND72, Using the solution of Equation 1.53 iterative schemes can be used
to reconstruct an estimate S of the original object distribution. The derivation of the RL
update scheme is given in Section A.21 as an example.

In the Bayesian world-view, all events are always assumed possible even though their
probability is very close to zero. The belief about the stochastic system can be updated by

using Bayesian inference:

P(jilk) =

( )
1.54
)
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where P ( i 7<) is the posterior (conditional) probability distribution and P (I_é | ﬁ) the
anterior (conditional) probability distribution. Note that P (I?) = [ djiP (7% | ﬁ) P(ji) in case
of continuous random variables. The principle can be transferred to likelihood functions
and thus a posterior likelihood L (P can be derived from an anterior likelihood L@
by multiplication with a prior P(ji) and normalization to the measurement P(k). Hence,
the Maximum A Posteriori likelihood (MAP) is the same as the MAL (Equation 1.44) for
assumption of uniform prior and ignoring the normalization factor (denominator).
Depending on the shape of the anterior likelihood-function the imaging problem might
not have a global minimum, might not converge towards the global minimum due to .L
having a rough likelihood-landscape or will only find a locally optimal solution that is by
far not the best solution available. For an ill-posed problem a uniform prior seems like
an unlikely assumption and thus more biased beliefs about the reality of the forward-
problem are typically implemented. By this, the ill-posed problem tends to become more
convexified and convergence towards a more stable solution seems possible. It follows for

log-posterior likelihood £(Post):

g (post) (ﬁ | }2) — _In L (Post)
[ (ant) (]_% | ﬁ) P(}j)l)
P(k)
= InP(k) — In L@t (I_é | ﬁ) —InP(ji) (1.55)

=—In

While many priors P’ (ji) = In P(ji) exist, Total Variation (TV) [36], Good’s Roughness
(GR) [37] and Gradient Square (GS) will be mainly used within this thesis. With d;,
being the derivative along the dth spatial unit-vector3 &; of the sample estimate S (i) the

chosen priors are defined according to:

- A /> 2
TV: Py (u)=\[; 95,5 ()] (1.56)
~ 2
9; S())
er pem (g =y 2aSD) ,
(i) ; 5@ (1.57)
GS: P (i) = [PV (ji))? (1.58)

Note, that i is space depended and thus an implicit function of €;. While TV uses the
square-root of the [>-norm and enforces sparsity of the gradient GR favors a smooth /

curved, hence rather non-sparse, result. GS favors smoother changes than TV, because

3 Foraz2Dimaged € {0,1} and e.g. d;,__is typically denoted as 9,.

€i=0
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the squaring leads to a stronger amplification of bigger derivatives (i.e. bigger local
changes) and hence a bigger loss. During the imaging process the sample-information
is low-pass filtered by the PSF and thus information about higher frequencies k > k(©
is lost. The imaging process further degrades due to the influence of noise. While the
sample distribution has a (potentially infinite) frequency support, the imaging process
(in the best case) is diffraction limited and thus has a limit support. Hence, the size of the
domain of the inverse problem, i. e. non-zero frequencies of S, might be fundamentally
bigger than the support of the calculated solution, i.e. M’ after application of the forward
model on S, leading to a potentially vast set of frequencies (i.e. k > k‘©)) that do not
influence the calculated solution at all. Any of the three presented regularizers deforms
the non-influencing high-dimensional sub-space of the domain such that it forms a rather
convex shape of which a (potentially global and stable) minimum could be found.

In this thesis, only one of the 3 presented regularizers is used at a time, and the choice
is made based on the analyzed sample.

For all deconvolution operations in this work, the multi-view 3D forward model Equa-
tion 1.40 was used, including the cases 1) single-view as limiting case on 1 angle (i.e.
N® =1) and 2) single Z-slice (i.e. N®® = 1). The Poisson distribution (Equation A.65)
was applied as noise model. The Poisson distribution is defined only for positive real
expectancy values yx € R*, which is why a positivity constraint was used. To ensure
positivity, the forward model is extended by a preobject 5P™) which is updated in each
iteration step of the deconvolution and from which the reconstructed object S is obtained
viasquaring S = [§ (pre) ]2. Thus, the domain of the object S is restricted to the non-negative
half-space and can even be restricted to the positive half-space by adding an € € R, pre-
serving all conditions for the Poisson noise model over the iterative update process. The
gradients of constraints and priors required for this model were taken directly from the
InverseModeling [38] toolbox. The Limited-memory Broyden-Fletcher-Goldfarb-Shanno
algorithm (L-BFGS-B) [39] from the Scipy [ 40] package was used for minimization since
it can be used to perform parameter determination efficiently even on limited hardware
(see Section 1.8).

The deconvolutions used in this work is assigned the naming shown in Table 1.2. In
the last column of Table 1.2 the used data axes are represented with symbols for a simple
visualization of the dimensionality of the reconstruction problem. The 3D spatial axes are

named X, Y, Z, the one dimensional flattened representation of the detection pixel axis
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Abbr. Result Deconvolution dimensionality
name
DEC M(PEO) single-view XYZ — XYZ

cDEC M(PEC)  single-view with CLSM preprocessing AXYZ — XYZ
prDEC MPPEC)  single-view with PiRe preprocessing AXYZ — XYZ
2d3dDEC M (BIPEC) mylti-view AXY — XYZ

mDEC M@DPEC)  multi-view AXYZ — XYZ

amDEC ~ M@mPEQ)  mylti-view NAXYZ — XYZ

TaBLE 1.2: Deconvolution Abbreviations. Overview of naming given to the used deconvolution

approaches throughout this thesis.

is named A and the axis of non-linear fluorescence is named N to account for a different
saturation levels. For example, XYZA — XYZ means thata 4D multi-view dataset of three
spatial dimensions XYZ and multi-view axis A is combined to reconstruct a 3D sample
distribution with axes XYZ. The 2D case XYA — XY is always included as limiting case
and is therefore not mentioned further. In this thesis typically the following parameters
will be adjusted to tune reconstruction quality of the single-view DEConvolution (DEC):
iteration number N ") and regularization weight +y.

For data sets that cannot be processed at once on the Graphics Processing Unit (GPU),
a tiling algorithm has been included. The stack is first divided into matching tiles of size
Nt®) with a mutual overlap of A%(°1%P). After sequential processing of the tiles, they are
reassembled in a weighted manner using a Hann windowing function [41]. For use in

this thesis, the existing online package tiler [ 42] was jointly developed.

1.8 HARDWARE AND TOOLBOXES

A laptop (T470p, Lenovo) serves for all data processing of the presented thesis. Relevant
specifications are given in Table 1.3. The used abbreviations are: Central Processing Unit
(CPU), Random-Access Memory (RAM), Storage (STO), Graphics Processing Unit (GPU)
and Operating System (OS).



1.8 HARDWARE AND TOOLBOXES

Component  Specification Product Name, Vendor

CPU 4x 2.90 GHz Core i7-7820HQ), Intel

RAM 32 GB DDR4 at 2400MHz My471A2K43CB1-CRC, Samsung
STO 512GB SSD M.2 NVMe MZVLW512HM]JP-o00L7, Samsung
GPU 2GB GDDR3 64bit GeForce 940MX, NVIDIA

oS Manjaro Linux Manjaro 21.2.5, Manjaro Community

TaBLE 1.3: Processing System Specifications. Overview of hardware specifications of the used

laptop (T470p, Lenovo).

All code relevant to this thesis was written in the higher-level programming language
Python [43] and is largely contained in the toolbox MicroPy [44], which was created

as part of my PhD. Simulations were realized with Numpy [45] as well as the toolbox

NanolmagingPack [38] based on it, which was jointly developed within our working group.

For deconvolutions, the toolbox InverseModelling [38] is used, which uses tensorflow [ 46]
as interface for data processing on the GPU. As part of my PhD, InverseModelling was
also advanced. Since the hardware resources of the laptop used are very limited, some
algorithms were equipped with tiled processing, for which the Python package tiler [42]

was collaboratively advanced.
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METRICS FOR SOFTWARE AUTOFOCUS

The first principle is that you must not fool yourself and you are
the easiest person to fool.

— Richard P. Feynman

2.1 MOTIVATION

Since the achievable resolution of a microscope, in the case of diffraction limited imaging,
depends on the NA of the objective lens (Equation 1.12), it is important to use to the
full extent. If the plane of fluorescent emission is outside the first focal length of the
lens, it will not be the optimal NA. Even though by definition the NA should increase
for emission in the region between the lens and the first focal plane, propagation of the
focal planes within and the influence of the effective appertures of the optical system are
difficult to predict across the complete setup and on average the effective NA of the lens
is reduced. Due to the inherent Out of Focus (0oF) rejection of Confocal Laser Scanning
Microscopy (CLSM) setups, the signal obtained here is more sensitive to an accurate focus
position than e. g. in the case of Widefield Microscopy (WF) systems. Although sample
signals can still be measured using WF in the presence of focus drift, the Point Spread
Function (PSF) degrades quadratically® with NA with increasing axial distance from the
focal position, making suitable processing increasingly difficult for highly noisy images.
Thus, the position of the focus should be appropriately chosen and held stable over the
length of the measurement interval or, in the case of a longitudinal study, over multiple
measurement intervals.

As part of the You.See.Too.(UCz2, [47]) project, a WF incubator microscope was built
(among others) using a plug-in, 3D printed cube system. The built microscope is inexpen-
sive and can be operated in (LED white light) transmission and (fluorescence) reflection
mode. For a longitudinal long term study cell growth should be analyzed for which a

stable field of view (FoV) and focus position is required. In order to be able to implement

1 Use trigonometric identities on Equation 1.22 for verification.
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these requirements as easily as possible without changing the existing setup, the imple-
mentation by means of a software solution was chosen. In preparation for potential use
in the printed microscope [47], various metrics were analyzed in Section 2.2, a scoring

system was established, and verified using an inorganic as well as organic sample.

2.2 DATASET, METRICS AND SCORING MODEL

In this section, for a 3D-printed fluorescence WF microscope a manually chosen Z-slice
z = z(® of an axially thin 3D sample shall be kept in focus over a long time-period.
Therefore an algorithm to evaluate the focus quality will be presented and useful metrics
will be compared for their applicability under different circumstances.

While the derivation of Equation 1.9 as a model for the 3D-imaging process is based
around multiple assumptions the translation invariance of the system PSF £ is particularly
crucial. Even though the condition might be fulfilled for the analog imaging system, it can
be violated again during the acquisition by the electro-mechanical apparatus. Assuming
that the signal-conversion behaviour is sufficiently described by Section A.11 the finally
measured PSF depends on the apparatus inherent distortions.

The precision requirements of the optical components always depend on the aimed
resolution for a given wavelength and imaging mode. Diffraction-limited imaging means
the effective Optical Transfer Function (OTF) cutoff-frequency is governed by the lim-
its due to the wave nature of light and not by the noise-level or system-aberrations. If
diffraction-limited imaging is secured, the best imaging quality of the given optical system
can be achieved.

Analogous to the requirement for the optical elements, requirements can thus also be
placed on the electromechanical components such that the diffraction-limited imaging can
be recorded reproducibly. Especially in the case of a 3D scanning geometry, reproducible
voxel distances that fulfill the Nyquist-Shannon limit (Equation 1.37) are mandatory. Both
the lateral/axial step size and the temporal position stability of the X-Y(-Z) stage represent

the essential basic requirement for a reliable record of the in-focus field distribution [48].



2.2 DATASET, METRICS AND SCORING MODEL

Both Hardware Autofocus (HAF) and Software Autofocus (SAF) modules can be used
to implement an autofocus mechanism. The review by Bian ef al. [ 49] summarizes various
approaches and a brief summary of their findings is given in Section C.2. In this thesis a
set of metrics that could be used with SAF approaches will be analyzed, since these can
be implemented into any existing setup without additional costs.

Of all analysed metrics Tenenbaum Gradient (TEN) and Variance (VAR) are two easy
to implement filters that provide stable focus measures for a broad range of high- and low
Poisson noise as well as amount of aberration. The following steps will be used to proof
this conjecture. 1) a set of useful in-silico datasets is introduced. 2) The metrics used for
evaluation are introduced and the general scoring model is demonstrated. 3) The metrics
are compared with respect to three different parameters - optimization independent speed,
noise-level, level of spherical aberration and astigmatism - using the introduced scoring
model in Section 2.3. 4) The results are applied to experimental data on example of a
test target and fluorescent Henrietta Lacks Cervical Cancer (HeLa) cells in a 3D printed
microscope in Section 2.4.

The simulated optical system follows a epi-fluorescence WF microscope setup. Basic
parameters are lateral dSPM12%) = 80nm and axial dSPL*) = 80nm sampling, NA = 1.4,
A = 520nm and stack size N = [N®,NO) N@] = [64,64,64]. The maximum ex-
pected photon count of each stack was normalized to max {M} = 1000 and then used as
mean pg for application of the Poisson distribution. The entire simulation is based on
scalar considerations, which means that e. g. further influences on the focal position due
to polarization changes were not considered.

For in-silico analysis two different targets were generated, see Figure 2.1. The panel-
columns are a) a Z-slice at the in-center slice z = 32, b) a Y-slice at y = 32, ¢) the noisy
fluorescence WF image of a) and d) the noisy fluorescence WF image of b). In the first row,
the spokes2d target is demonstrated. It is very suitable for resolution and reconstruction
testing due to its radial geometry. This 2D target is placed in the center of an empty
3D volume to simulate a very thin slice object. In the second row, a 3D target called
obj3d is used, which is included in the NanolmagingPack [38]. The 3D target obj3d can
be understood as a spherical (inflated) cell with nucleus intersected by a rod. obj3d is
sufficiently sparse and thus can be used even to evaluate methodologies without sufficient

0oF rejection.
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FiGure 2.1: Autofocus In-Silico Datasets Data-sets displayed row-wise. columns from left to right:
a) object in-focus cut at z = 32 (center), b) object lateral cut at y = 48 (lower quarter)
for upper and y = 32 (center) for lower row, c) noisy-, but aberration-free image
in-focus cut of the WF image of a) at z = 32 and d) image lateral cut at y = 32. Rows:

1) spokes2d target, 2) obj3d. All images are normalized to their individual maximum.

Two of the most common (Seidel-) aberrations were chosen as representatives for further
analysis. Namely, spherical and astigmatic aberrations, represented by Zernicke Polynomi-
als [50] Z9 and Z52, where the upper index marks the degree of the azimuthal components
and the lower index the degree of the radial components.The aberrated 3D-PSF h(2Pe) (7)
is calculated via Equation 2.3 by calculating the 2D Amplitude Transfer Function (ATF) 4
(Equation 2.1), application of the aberration phase-map W (Equation 2.2), skalar Fourier-
Slice-Propagation to calculate ooF slices via application of the Fourier-Shift-Theorem along

z, inverse Fourier-transformation and finally taking the absolute square:

glaber) (gy = ot WE (%) (2.1)
W (R) = c(5Phen 70 () 4 c(asti) 722 (i) (2.2)
h(aber) (",’) — |j:{eikZAza~(aber) (’—%) }|2 (23)

where c(5Pher) c(@stig) & R Tt will be demonstrated that c(*Phe?) = 1 already marks a rather
severe degree of aberration. While spherical aberrations are laterally symmetric but axially
asymmetric, astigmatism is rather both laterally and axially asymmetric and hence a
comparison is of value.

The final goal of this section (Section 2.2) is obtaining an automated evaluation of image
sharpness of a 3D stack M, consisting of N (2) glices around the in-focus Z-slice, of a thin

object. Therefore, a set of (2D) sharpness metrics ¥ that reduce a 2D image to a single



2.2 DATASET, METRICS AND SCORING MODEL

number, i. e. the 3D stack is projected onto a 1D Z-dependend curve, and sub-sequent
quality measures gV that evaluate the results of ¥ (M) further. Finally, the results of the
gV are weighted and combined to a total score Q.

The sharpness metrics ¥ used for calculation can be divided into:
e differential: Brenner (BRE), Tenenbaum Gradient (TEN) and Total Variation (TOV)
e correlative: Symmetric Vollath F4 (VS4), Vollath F5 (VOs)
e statistical: Maximum (MAX) and Variance (VAR)
e spectral: Kristans Entropy (KEN) and Shannon Entropy (SEN)

Function definitions are given in Section B.1. To distinguish the different metrics the
naming: ¥(TEN), on example of TEN, will be adopted.

In best case, for a 3D focus stack M around a thin object the application of the sharpness
metrics leads to a high value for the in-focus slice and low value for ooF slices. Hence,
the resulting Z-dependend curve ¥ (M) is expected to exhibit 1 maximum (at the in-
focus Z-position) and falling edges towards both ends of the Z-scan range. For automatic

evaluation of this behavior a set of quality measures ¢ is selected, see [51-53]:
e accuracy Distance of calculated to actual in-focus plane; g@«W = 4(©)
o N(falseM) Number of additional (false) in-focus planes; gNfalse) = 5
e range Region of monotonic falloff around the central in-focus plane; q(ra“ge) = q<2>
e Full Width at Half Maximum (FWHM) of the sharpness curve; g FWHM = 4(3)

The results of the quality measures gV are thresholded by factor u with

M >= u - max (M) to be in the ranges given in Equation 2.4:
g e[0,N®/2], ¢ e[0,N?/4], ¢= €[0,(N® -1)/2], ¢ €[0,4N®)
(2.4)

where the upper bound will be called 4™ and thus the normalization :

- _ 1 i
qi=1 £ (im)

/i e {0/ 1/2/3} /‘71‘ € [011] (25)
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FiGure 2.2: Autofocus Processing flow The Input 3D-stack M is sharpness filtered by a sharpness
metric ¥ and the resulting 1D curve afterwards smoothed by a SGF F®). The filtered
curve is then evaluated by a normalized evaluation measure ¥ (Equation 2.5) and

finally a total score Q is calculated as a weighted combination of all §®.

can be applied. Note, that the notation [...] means lower and upper limit are contained,
while [...) does not contain the upper limit. The automated score-evaluation Q based on
the sharpness-metrics ¥ relies on the reliable determination of the in-focus slice within
the measured 3D stack M, i. e. the global maximum in the 1D sharpness curve. To avoid
erroneous maxima-pickup due to a high noise-content in the input Z-stack an as-good-
as-possible maximum-position preserving filter is applied before the normalized quality
measures ' are applied and the score Q is calculated. While the simplest noise reduction
can be achieved by low-pass filtering, eg via convolution with a Gaussian Function (GF)
(Equation 1.32), this operation tends to shift local maxima. The Savitzky-Golay Filter (SGF)
FSGE approximates a local sample distribution within a window of uneven size by a
polynomial function. Even though the first implementations used least-squares algorithm
to find the optimal weighting prefactors of the fitting-polynomial [54] a convolution-
kernel based implementation is used. The crucial benefit of SGF as compared to GF are
its multiple passbands, the high band-flatness and the very slowly rising attenuation
towards high frequencies. This allows for input-smoothing while preserving position and
amplitude of data-peaks (e. g. edges) [55]. In this thesis, two parameter of the filter are
used: the window size wSF) and the polynomial order pS“F). While the former defines
the kernelsize of the filter the polynomial order defines the degree of the polynomial to
be fitted to the data. In this work, w®SF) € (5,6, ...,13} and pCP € (3,4....,7} are found
to be appropriate.

The final score Q is calculated as a weighted combination of the quality measures 7%

3
Q) =) wgq® (2.6)
i=0
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with the weights w;. The weights are chosen to represent the importance of the quality
measures § with respect to the characteristics to be displayed by the sharpness-metrics
and are normalized to one with respect to the I norm. Within this work they were chosen

as:

1111
w = [Cdo,...,CU3] = lz, g, Z, E] (27)
lwl} =1

to emphasize the importance of finding the correct maximum position (= 1/2) over the
accuracy (= 1/6) and free range (= 1/4) while considering the FWHM (= 1/12) only
peripherally. A flow-graph of the final score calculation is displayed in Figure 2.2.

The calculation process of Q is carried out exemplary in case of the ¥ (TEN) for 3 different
imaging scenarios on the spokes2d target (Figure 2.1) and displayed in Figure 2.3. In the
following, the 3 exemplary simulations will be abbreviated as (I),(II), or (III), just as in

Figure 2.3. The 3 simulations can be described as testing for a high noise level (I), near

ideal imaging (II), and a mixture of aberrated imaging as well as increased noise level (III).

The 3D-stacks 2b)+d) in Figure 2.3 are calculated by convolving the system-PSF 2a)+c)
with the target-object 1) according to Equation 1.40 while having only 1 view (hence:
N@ =1). The Y™ transforms the 3D-stack into a 1D Z-curve and thereby associating
one sharpness-value with each Z-position as displayed in 3) (blue line). This 1D-curve is
then FSGP)filtered (orange line) and fitted with an offset-extended Lorentzian function
according to Equation 2.8:

g

Lor) (x, 4, 07, Ag, A) = A0 4
f ( H 0 ) (72+ (x_‘u)z

Ag (2.8)

where y is the center of this symmetric function, 2 - ¢ is the FWHM, A the amplitude, A
the offset and x the 1D-coordinate. Note that with this definition ||f (-o") ||1 + 1 follows. The
FWHM (cyan dashed lines) is used as a measure of maximum emphasis because a steep
slope and other invariant areas allow for finding the maximum easier.

The scoring algorithm (Figure 2.2) automatically determines major and minor maxima
based on the FGP) filtered data in order to calculate the number of false maxima as well
as the unique/ free area around the major maxima. For this, a generic maxima—searching
routine is used in conjunction with a relative threshold (purple) to exclude practically
irrelevant minor maxima (red dot without x). All maxima found (red dot with black x)

are used for further calculation. The threshold-factor was chosen as u = 0.07, yielding
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(I) NPhot = 5, c*Ph) = , thresholded with u = 0.07.
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(I) NPhot = 1000, c*Pher) = (, thresholded with u = 0.07.
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(IIT) NPhot = 100, cPher) = 0.5, thresholded with u = 0.07.
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FiGURE 2.3: Autofocus Quality Assessment Data-Flow for 3 different PSF-scenarios (I)-(III) us-

1.0 ?) —— Sharpness
~—— SG Filtered
—— Lorentzian

0.8+ ® det.Max

X cur.max

=== thresh
FWHM

#8088 Free Range

0.6

0.4 4

0.2 4

-2560 -1920 -1280 1280 1920 2560

11

—— Sharpness
103) —— SG Filtered
. 094 —— Lorentzian
® det.Max
0.8 X cur.max
——= thresh
0.7 FWHM

0.6 #8088 Free Range

0.5 4

0.4 4 : ;
-2560 -1920 -1280 -640 0 640 1280 1920 2560

ing TEN metric. 1) the object, a spokes2d target. 2a)+b) X-Y-slice (z = N®/2) and
2¢)+d) X-Z-slice (y = N, /2) of the PSF (left) and resulting image (right). Images
of 1-2) use the same colorbar showing the normalized magnitude M/ max (M). 3)
calculated sharpness measure (blue), FCP)-filtered sharpness measure (orange) and
Lorentzian-fitted FCP)-filtered measure (green) from 2b)+d). The main-maxima
(central black x), detected Maxima (red dot), selected maxima (black x), calculated
FWHM (blue arrow and vertical lines) and free-range (magenta line) are displayed
as well as the rejection threshold limit (violet dashed line). From these results the
score-values displayed in Table 2.1 are calculated. Horizontal axis shows axial Z/(nm)

position and vertical axis the normalized magnitude M/ max (M).
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Accuracy #False Max Free Range FWHM  Total

(Dnn 0.0394 11.0000 7.5000 3.5098 -
(IInn 0.0004 0.0000 31.5000 2.9493 -
(IMnn  0.2249 1.0000 19.0000 4.3649 -
)] 0.9988 0.3125 0.2381 0.9726  0.6920
(I0) 1.0000 1.0000 1.0000 0.9770  0.9981
(11I) 0.9930 0.9375 0.6032 0.9659 0.8840

TaBLE 2.1: Scoring results. Calculated scores for the 3 different scenarious in Figure 2.3 for TEN-
metric. Indices with appended , nn“mark the non-normalized scores and hence no

total-score is calculated for these rows.

all side maxima being above the boundary line in the case of (I), no side maxima in the
case of (II) and 1 side maxima in case of (III). The distance from the main maxima to the
nearest side maxima on both sides is called the free range (magenta dashed line) and
may well be asymmetric, as seen in (I). If there are no side maxima, the global limits
(size of the image stack) are used. For automated evaluation, the main maxima of the
simulated PSF 1(3¢") are calculated using ¥(VO5), Wherever possible these maxima- or
focus-positions are then curated manually for reasonability.

The scores calculated from the filtered data are listed in Table 2.1. The first 3 rows have
an ,nn”“in the identifier and are not yet normalized according to Equation 2.5, so no total
score can be calculated. The last 3 lines are already normalized and a score according to
Equation 2.6 was calculated. In the case of (I),(II),(III) 11,0 and 1 minor maxima were
found, yielding a free range of 7.5,31.5 and 19.0. The accuracy is comparably solid for all
examples due to the extremely thin sample (=2D). It is noticeable that the aberrations have
a larger influence than the number of photons on the determination of the FWHM,, since
it is clearly larger in the case of (III) than (I). Finally, weighted according to Equation 2.7,
we obtain the respective total score Q where (II) as an almost ideal case is also close to
the maximum value 1, while the strongly noisy case (I) is even clearly below (III).

Especially the strong weighting of the false maxima and the free range lead to the
weak evaluation of (I) compared to (III). This can be influenced by the choice of the
threshold, strength and type of the smoothing function (here F©¢P)) as well as the type

of extreme search. Since the ground truth is not known in the practical measurement
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process, a reliable but strict measure should already be chosen in the simulation. Since the
configuration (III) is very close to the real experiment, the chosen parameter configuration

is to be accepted as suitable.

2.3 METRICS EVALUATION ON IN-SILICO DATA

In this section the performance of the presented sharpness metrics will be characterized
by 1) computational speed as well as 2) variation of noise, spherical aberration and
astigmatism level.

For temporal evaluation (1), even and odd images with side length factor v were

evaluated according to:

K](even) — [N(X)’N(Y),N(Z)] = [29,27,27] (2'9)
N(uneven) =[29,2? —(v—-1),2?=2-(v—=1)] (2.10)

with uniform fill (=non-sparse) generated. The code written in Python was measured
with the standard , timeit“package. 1 repetition consists of N(¢¥a) = 1 evaluations of the
data with the same sharpness-metric and the (python) garbage collector turned off. The
resulting time t/(s) was divided by N(¢2) to regain the time per evaluation. This process
was repeated N(*Pet) = 7 times. According to the developer side, only the minimum
value of the resulting vector of N("P°a) entries should be used as lower-bound to the
possible performance of the algorithm on the system [56]. Still, the mean value is used as
system-offsets are rather in the region of the system clock-speed, but the relevant times
are multiple orders above this threshold. The results are displayed in Figure 2.4. The two
panels display the log, , of the minimum time min (¢) needed for the processing of the
stack of size N generated for the left panel with v according to Equation 2.9 and for the
right panel with v according to Equation 2.10. The two metrics ¥TEN) and W(VAR) of the
conjecture (Section 2.2) are shown in bold. The region highlighted in gray is dominated by
general function-inherent processes of data preparation, i.e., functional overhead. These
processes do not scale with the amount of data, or only to a very limited extent. From
v = 4,i.e. images with e. g. of size [16,16,16] and thus N = 212 = 4096 in the case of cubic
data stacks, the algorithm relevant processes dominate and thus the speed is data limited.
Although all implemented metrics require different preprocessing, yielding a different

offset in the gray region, they all follow roughly the same trajectory and are roughly in the
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FiGure 2.4: Computational Speed Quantification of the sharpness-metrics for a) cubic and b)
non-cubic input. Each data-point resembles the calculated mean-value for N2 = 1
evaluations and N("P@) = 7 repetitions for each sharpness metric. The grey region

marks the preparation-overhead dominant region while the bright region marks the

calculation-dominant region.

range O(Nlog(N)). Stack sizes comparable to further in-silico simulations below lie in the
range v = 6, while stack sizes of practical realizations are even in the range v = 9,so e. g.
N = [25,211,211] = [64,2048,2048]. For the practically relevant range v = 9, the ¥ MAX
with tMA%) = (0.149 + 0.002)s is the fastest and the ¥ ©FN) with t5HA) = (8.848 +0.137)s
is the slowest. The thickly marked ¥(TEN) (blue) and ¥VAR) (cyan) metrics are around
the mean of all metrics, with ¥ (VAR) with +VAR) = (0.457 + 0.023)s about 3.91x faster than
the ¥ TN metric with tTEN) = (1.787 + 0.027)s.

Using the spokes2d target as an example, the scoring performance of the metrics w.r. t. I)
variation of the noise and spherical aberration level simultaneously (Figure 2.5I) as well
as II) spherical aberration and astigmatism level (Figure 2.51I) follows. On example of
Figure 2.51 the graphic will be explained. The Y-axis shows the mean value N (Phot) = 150
with b € {0, 1, ...,19} used for application of the Poisson noise in the maximum pixel of
the simulated image-stack M. On the X-axis the pre-factor c(sPher) = 40 0,05, ...,1.0} used
for the phase-map calculation of the ATF in terms of spherical aberration (Equation 2.2)
is given. Scoring results are color coded and thus a result of Q = 1 is colored yellow
while a score of Q = 0 is dark blue. In case of II) pre-factor c(*P"") is on the Y-axis
while on the X-axis the astigmatism pre-factor ¢(®%8) (Equation 2.2) is displayed with

c(@stig) = 10.0,0.1,...,2.0}.
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FiGure 2.5: Metric Scoring with Combined Simulation Parameter Variation. Scoring results of
sharpness metrics using spokes2d thin object (Figure 2.1 0a) — d)) for a) different
noise levels b € [0,20] with Ab = 1 and c¢*P"*") & [0.0,1.0] with Ac(Pher) = 0.05. b)
Different spherical c(sPher) = 10.0,1.0] with AcPher) = 0.05 and ¢@118) € [0.0,2.0]
with Ac(@8) = 0.1 thresholded with u = 0.14.

The simulation Figure 2.5 demonstrates the broad reliability of ¥(VO5) and (VAR for
relatively low photon levels (N ("' x 1) and yet high spherical aberrations (c(*P"¢") > 0.6)
with scores Q > 0.6. Comparable scoring is achieved by ¥(TEN) @ (TOV) g (VS4) and g (KEN)
only in the range c(*Ph¢") < 0.5 while ¥¥N) achieves high scoring Q > 0.7 only at high
photon levels (N(Thot) > 15).

Analysis of the simultaneous use of spherical aberrations and astigmatism shows reliable
usability (Q > 0.7) of ¥(VO5) and ¥VAR) over almost the entire simulation parameter
range, see Figure 2.511. ¥ TEN) §(TOV) and WSEN) only achieve Q > 0.6 for c(Pher) > 0.7
and c¢@®18) > 1.1, respectively. All metrics, except ¥MAX) achieve a scoring around
Q > 0.9 for cPher) < 0.5 and ¢(®!8) < 1.1. As noted previously, the scoring of ¥ KEN)
suffers from the local sensitivity of the metric already for (%) > 1.3,

Note, that ¥ XEN) and ¥ EN) probably detect the main maximum (sub-pixel) more
accurately than e. g. ¥(VO5) but their high sensitivity to side maxima lowers the overall

scoring achieved and thus their reliability for automated focus measurements.
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The scoring-algorithm was tested for susceptibility to a selection of image degradation.
It can be reliably used for keeping the sample in-focus or just tracking of the focus. Focus
tracking is directly possible, because the scoring algorithm is invariant under Z-translation.
For an in-depth individual analysis of the influence of the noise, spherical aberration and
astigmatism on the scoring of the sharpness metrics see Section B.2.

Based on the tests, it was found that ¥ VAR, §(TEN) and ¥(VO5) provide a good mix of
temporal performance and robust implementation at low noise as well as high aberration

levels.

2.4 METRICS EVALUATION ON EXPERIMENTAL DATA

The experimental setup is a slight variation of the UC2 fluorescence microscope (infinity)
setup [47] and shown in Figure 2.61. A fiber coupled laser-diode at A(® = 635 nm (150mW,
Micost, China) is expanded with a telescope system using a iPhone lens of fV = 3mm
and an achromatic lens with f (12 = 26.5 mm therewith leading to a magnification of the
beam-diameter by M = f(12) /f(L1) ~ 9x. The collimated beam is then focused onto the
Back Focal Plane (BFP) of the 100x, 1.25NA oil objective (Zeiss, Germany) by a plano-
convex tube lens TV = 75mm (Thorlabs, UK). On its way the beam passes a fluorescent
filter cube using 740 IY long-pass filter (Comar, UK) and 650/25 (Chroma, Germany)
bandpass filter. Alternatively the setup can be used in transmission with an overhead
LED-array or desk-lamp. For lateral positioning the UC2-Micronstage and UC2 Z-Stage
( [47]) are used. The emitted fluorescence (or transmitted led /bright-light) is finally
focused with another tube lens onto an CSI Alvium 1800 C-158 (Allied Vision, Germany)
mono-chrome CMOS sensor controlled by a SBC Jetson Nano (Nvidia, USA).
Asbiological test sample for fluorescence fixed HeLa-cells with Alexa Fluor 647 (AF647)
antibody-stained micro-tubules are analysed. Figure 2.6111-2) show two different ROI
within the sample. The images are Z-slice-wise max-normalized for visibility. Images in
the upper row show an X-Y-slice at individual z = z(°™". The used positions are shown as
gray lines per panel image in the row below. Vise versa: all images in the lower row are
shown as X-Z-slice at y = " where the used cut position is shown as gray lines per
panel image in the row above. For testing the filters on an edgy, anorganic but supposedly

known sample two different ROI of the non-transparent USAF target (Thorlabs, UK;
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Ficure 2.6: Experimental Evaluation of Focus Metrics. (I) Schematic drawing of the
experimental setup using a 3D printed epi-fluorescence WF microscope. (II)
Measured datasets: 1+2) HeLa cells at different Region of Interest (ROI)s, 3+4)
USAF target at different ROIs. Upper row: X-Y-slice at individual z = z(®"Y (gray lines
per panel image in the lower row), lower row: X-Z-slice at y = 4 (gray lines per
panel image in upper row). The images are Z-slice-wise max-normalized for better

visibility. (III)-(VI) Sharpness metrics results of the 4 3D-stacks II1-4) .

Figure 2.6113-4) are used in transmission mode, i. e. is illuminated with the LED from
above and the light that propagates through the holes of the target is filtered and detected.
The HeLa-cells on the other hand are excited with a laser in epi-fluorescence mode from

below. During measurement the illuminating LED was slightly tilted w.r. t. the optical axis
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FiGure 2.7: Prefiltering of Experimental Data. (I) Gaussian-prefiltered data using increasing
(lateral) Sigmas 2) — 5) of @ e(1,2,5,10} pixels. 1) is reprint of non filtered data.
Upper row: real space images, lower row: Fourier space representation. (II)-(V)

Sharpness metrics results of Gaussian-prefiltered data 2-5).

of the microscope to demonstrate the metrics behavior, see object-tilt in Figure 2.6113+4b).
For both sample types two Z-stacks are acquired at the respective two different (lateral)
ROls.

Even though the samples can be assumed to be thick (w.r.t. the analyzed volume)
a position where the sample exhibits the most features over a rather big ROI can be
(manually) found at z™) € 11,109, 13, 15 for the individual stacks. Before applying the
metrics, the background was subtracted from the stacks and the individual Z-slices were

normalized to their individual sums.
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The slices at z(™f) are chosen to represent the in-focus slice of interest that shall be
found by the sharpness metrics. The panels Figure 2.61V to Figure 2.6VII display the
results after application of the sharpness metrics on the individual Datasets 1-4. Again,
the metrics YTEN) and ¥ (VAR are shown in bold to highlight them according to the
conjecture Section 2.2. Surprisingly, for dataset 1 (Q°*™N) = 0.95 and 1.86¢ above average,
Figure 2.6IV,see note?) and 3 (Q®EN) = .88, about 1.42¢ away from the average) the
sharpness metric ¥EN) finds z(™f) achieves the highest score, while ¥(V05) or ¥ (VAR

deviate by at least about two Z-slices. For dataset 2, ¥ (KEN)

performs best with being about
1.13¢ above the scoring average and finds the correct maximum position, while ¥ TEN) or
Y (VO5) deviate by two Z-slices. In dataset 4, especially ¥ TEN) and ¥(VAR) find the correct
maxima positions, where ¥(TEN) scores about 1.010 above the average and therewith is
highest. The susceptibility of the filters to edges caused by noise is particularly evident in
the ooF (or low contrast) of dataset 3 and 4.

In the case of Figure 2.61la, the influence of prefiltering will be demonstrated with a
spatial 2D GF. The filter is applied on every Z-slice individually and the lateral isotrope
kernel sizes are chosen to be ¢(@ € [0,1,2,5,10] pixels, 0 meaning that for the first image
no GF was applied, and their influence on the in-focus Z-slice (top row) of Figure 2.71 as
well as its Fourier transform (bottom row) is demonstrated. The sharpness metrics with
the highest scores when being applied to the GF filtered images, i. e. Figure 2.712-5), are:
QGEN) s 0.980, QMAX) 5 0.790, QBRE) i5 0.710 and QBRE) is 0.860 above the respective
filtered images scoring averages. No clear correlation could be found between GF filter
kernel size and standard deviation of the scores Q.

Since especially high frequency information not or only very slightly present in the
image can strongly influence the results of edge-based filters, a simple denoising prior to
sharpness estimation leads to more reliable results of the differential filters or simplistic
filters like ¥ MAX) For all other filters (Figure 2.711-V), these pre-filtering processes have
little influence until the kernel size significantly reduces the usable frequency information

('@ = 10). Thus, in context of the spatial dimensions of the presented experiment a

The way of writing means QEN)

= 0.95, but can be expressed in terms of mean E {Q®"} and standard
deviation 0@ over all scoring results Q¥ with QEN) = E{Q®} + b - Q. For the scoring results in
Figure 2.6IV E{Q®} = 0.62and S {Q®W} = @ = 0.18, thus QFN) is 1.86x the standard deviation above

the average.



2.5 CONCLUSION AND OUTLOOK

simple denoising by means of Gaussian pre-filtering with kernel size ¢ = 2 is suggested
to still allow for a sharpness curve ¥ of small FWHM while more reliably finding the

correct maximum.

2.5 CONCLUSION AND OUTLOOK

In this chapter, different sharpness metrics were implemented in Python and their behavior
with respect to different maximal amount of photons as well as aberration levels was
investigated. For the evaluation, a scoring function Q was established, which is based
on a weighted average of the distance between found focal plane and ground truth, the
number of erroneously determined maxima, the distance between major as well as minor
maxima and the Full Width at Half Maximum (FWHM) of the Lorentzian that is fitted to
the sharpness curve.

For thin samples (2D layer), in the case of spherical and astigmatic aberrations, especially
Tenenbaum Gradient (TEN), Variance (VAR) and Vollath F5 (VOs5) perform reliably. The
analysis of the combination of spherical aberrations and different photon levels shows
that Kristans Entropy (KEN) is the best choice at very low photon levels, but VAR, VO5
and TEN achieve the best overall performance.

The temporal performance analysis shows that KEN is about 2 orders of magnitude
slower compared to VO5 or VAR. This is due to the necessary DCTs whereby the spectral
methods generally entail higher hardware requirements. While the determination of VO5
and VAR is based on the execution of native C code, TEN is not yet optimized for this,
yielding a slight performance offset to e. g. VAR.

The presented code is available in a Python and C mixed implementation and could
still be fully transferred to C in the future to be adapted and optimized to the target
hardware [44].

A justification of the choice of threshold parameters 1 and weighting factors w was
given, but an analysis of further influencing parameters as well as deeper investigation
of the calculation formula of these would be interesting to enable an even more stable

evaluation.
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METRICS FOR SOFTWARE AUTOFOCUS

For thin samples, in case of unfavorable sampling (due to e. g. too coarse sampling) or
two nearly identical slices the focus lies in-between two axial slices. This could in principle
lead to erroneous determination of two (or more) instead of one focus layer. The use of
axial subpixel sampling or using the center of the fitted Lorentzian solves this problem
and thus the scoring model can be used reliably.

The implementation of a part of the presented scoring algorithm was tested for a
3D-printed LED-based transmission microscope in a cell incubator [57]. Although the
samples studied in the publication, living differentiating macrophages, cannot generally
be considered to be thin samples, this analysis shows that the term thin sample in the case of
sharpness metrics refers to the relationship between sample thickness and axial resolution.
Again, good results were obtained with TEN and VAR, but the Z-stage was sufficiently
stable (invariant) for experiment duration such that refocusing was not necessary. Thus,
while extending the presented scoring algorithm into a complete auto-focusing routine is
straightforward it was not further investigated.

With the presented scoring model a 3D sample object can now be converted into a 1D set
of metric-numbers using a chosen sharpness metric ¥. A potential 3D Drift of the sample
object over time can be tracked by Normalized Cross Correlation (NCC) comparison of
the calculated sharpness numbers of each time point. This approach requires little storage
and hence empowers limited hardware such as a Raspberry PI especially when using
methods like TEN, VAR and VOs, whereby TEN can be used to reduce the necessary
RAM further while keeping CPU load low.

As a global resumee taking Q > 0.7 can be assumed to be a reasonable and justifyable
level for keeping the focus position and therewith choosing a useful metric for a given
situation. The demonstrated analysis can thus be used as a guide on which metric to be

used when.



JITTER CORRECTION

If you only read the books that everyone else is reading, you can
only think what everyone else is thinking.

— Haruki Murakami

3.1 MOTIVATION

For this section it is assumed that while the focus is kept reliable stable the quality of
the recording is reduced by spontaneous sample position changes. The goal is to be able
to reconstruct few pixel size fluorescent structures on the retina of a living mouse using
2-photon Confocal Laser Scanning Microscopy (CLSM). Due to the comatose state of
the mouse this is generally possible, but spontaneous muscle twitching, breathing and
general drifting movements cause random pixel and line offsets (jitter). The present jitter
problem is modeled as a one-dimensional problem for the case of no or small gaze angle
changes of the mouse, simulated and confirmed by means of available experimental
data. The case of a large change in viewing angle is excluded from the definition of jitter
and classified as global drift. While comparatively large fluorescently stained structures
(e.g. blood vessels) can be tracked even despite jitter or change of viewing angle and
thus motion-induced distortions are potentially easier to fix, the reconstruction of few
pixel-sized structures (excitable at a different wavelength than the blood vessels) such as
e. g. mouse retina infiltrating T helper cells becomes impossible. In this section, a method
to counteract the jitter using trackable structures (e.g. blood vessels) and afterwards
applying deconvolution to allow for a reliable observation of the few pixel sized structures
of interest (i.e. T helper cells) is presented. To measure the mouse-retina in-vivo using
a 2-photon fluorescence CLSM' the mouse-body not only needs to be fixed and the
imaging optics to be adapted to the refractive properties of the mouse eye, but the residual

movement of the anesthetized mouse needs to be taken care of.

For the purposes of this thesis the imaging model of 2-photon is not further discussed, because it is simply

implemented as CLSM with a squared excitation Point Spread Function (PSF) h(®2P) = [ (exCLSM) ]2.
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Despite suitable sample preparation and first Z-stack preprocessing motion artifacts
can still occur depending on the object being analyzed as well as the imaging methodol-
ogy. In Widefield Microscopy (WF) imaging, e. g. in the case of Structured Illumination
Microscopy (SIM), such artifacts can occur in feature-sized image sections (e. g. an entire
cell) if the motion velocity of the object being analyzed is greater than a limiting temporal
sampling frequency of the imaging method (including reconstruction) [58]. In the case
of CLSM or Image Scanning Microscopy (ISM) imaging geometries objects can thus be
distorted on a point-by-point and line-by-line basis. Distortions in the measured image
can further occur due to spontaneous vibrations or errors in the scanning mechanics.

While spontaneous compressions of an object along a line (and without a temporal
series of measurements) can be corrected only with difficulty without previous knowledge,
the offset of individual lines as well as of blocks can be corrected.

The spokes2d (Figure 2.1a+b) target will be used as in-silico simulation target, because
it can be thought as a strong abstraction of the blood vessels emanating from the optic
nerve on the retina and further exhibits a broad range of spatial frequencies which can be
used to demonstrate the relative influence of jitter w. r. t. the underlying structures size.
In particular, over the axial extend of the imaging PSF the retina blood vessels change
their shape only slightly which will be exploited in the algorithm to use them for drift
correction and basic dejittering.

In this section, line-by-line offsets in the case of CLSM geometry will be modeled and
simulated. For the correction of these offsets an algorithm is presented and evaluated
on experimental in-vivo mouse-retina data. Finally, the data will be deconvolved and

compared to uncorrected deconvolved data.

3.2 IMAGING MODEL FOR MOVEMENT CORRECTION

For modeling purposes, it is assumed that the spontaneous movements of the object can
occur at any time, but only along the slow scanning axis, i. e. from line m to m + 1. The
distortions of the object happen erratically but slower than the line-by-line scan speed,
and the object undergoes a uniform offset and return to the initial position over a set of
lines. This excludes e. g. whole image jumps, which however can also be detected with

cross correlation approaches and lead to a reduction of the usable field of view (FoV).



3.2 IMAGING MODEL FOR MOVEMENT CORRECTION

Compressions/Distortions (along X) within the lines are not modeled, since under usual
CLSM (non-spinning disk) pixel-dwell times of a few us and scan geometries of e. g.
1024 x 1024 the scan of a line is in the range of ms. Assuming Nyquist-correct sampling for
e.g. a 2-photon fluorescent CLSM system at NA = 0.28, A(®) = 900 nm, A®™ = 608 nm
and n™ = 1.33 water gel, the maximum allowed samling is "2t ~ 402 nm,
dSPL) ~ 7548 nm and a typical scan-volume is about N® = 30 pix meaning FOV® =
226 ym and N&¥) = N® = 997 pix meaning FOV® = FOVY) ~ 401 um. Thus the pixel
scan speed is about v ~ 402 nm/5 ps ~ 80 um/ms. Mammalian monocytes are used
as a small, structured reference object that is close to e. g. T helper cells. They average
about ~ 10 um ( [59]) in size and move e. g. in the case of rapid infiltration during wound
closure of a mouse skin at about p(™°n) > 12 um/min ~ 0.2nm/ms [60]. Thus, local
distortions arising from the motion of these cells are negligible in the context of scan speed
(v(sean) jy(mono) ~ 4.10%) and achieveable resolution (4P /2). Drifts along several lines,
on the other hand, can be generated by movement of the whole object or errors in the
scan arrangement and shall be considered further here. The proposed model focuses on
lateral distortions because the axial extent of the PSF ~ 18x is larger than the lateral extent
and thus the considered distortions are negligible at the axial scale. Row-wise distortions,
i.e. along the X-axis from / to ] + 1, are potentially relevant and can be represented via a
two-dimensional jitter model. However, in the context of the experimental data analyzed
in this work, simulation and correction using a one-dimensional model proved sufficient.
The above distortions occur randomly and are called jitter. Under the above assumptions,

the forward model for this process can be described by Equation 3.1

M=P{DD g (heS)} (3.1)
N®@ NG

DD (x) = Z Z S (X — R) (3.2)
n=0m=0

where DD (x) is a one-dimensional convolution kernel describing row-wise shifts of a 3D
stack and ¥, are randomly drawn from a uniform distribution in [0, (M) 1 The sum over Z
and Y resembles that jitter can be distributed over all lines (Y) of each slice (Z) of the whole
Z-stack. Note, that the sample is scanned pixel-wise and thereby convolved with the system
PSF. If the imaging process is thought as imaging every scanning position individually
(Equation 1.17) the jitter has to be added as a line-wise shift before convolution with the

system PSF to include the random sample movement. Adding this additional shift to each
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FiGure 3.1: Forward Data-Flow of movement-correction on example of a N® = 16 thick set of

copies of spokes2d object. a-c) linearly Z-drifted raw-object at z_4, z©), z,. d-f) 2-photon
CLSM, Z-drifted, jittered image of a-c. g) mean-projection along z of the jittered stack.
h-0) display of processing steps on example of slice z(®). h) image after drift correction

Mdeon) i) correlation map in X-direction Ly, j) rectangular windowed correlation

l(,wmi,r;;,, k) mask from linewise maxima By,,,,,,, found from windowed correlation
(dil) (dil)

I'm'n’’ I'm'n"’

map L
map, 1) dilated maxima B n) center

2, 0) dejittered image M

n

m) multiplied with correlation map L

(dej)

of mass Lﬁ; - PT) dejittered and deconvolved results Simn

of d-f). NCC results printed in lower right box of panels b,e,h,0 and q.

scanning step and scanning over the whole image, as was demonstrated for derivation of
the CLSM forward model (Equation 1.18), the integrals can be rewritten such that the
jitter can be included as an additional convolution after the sample was convolved with

the system PSF, but before measurement and thus application of the noise model.

3.3 ALGORITHM AND ITS EVALUATION ON IN-SILICO DATA

For the reconstruction it is assumed that the image data remain in the same focus volume
(w.r.t. the object) over the entire measurement stack according to Section 2.2 and have
been processed according to Section A.14. Flat-fielding and sum normalization of the
individual images allow pixel-value bias and thus systematic error in shift determination

to be avoided. Based on this, the novel movement correction algorithm is applied.



3.3 ALGORITHM AND ITS EVALUATION ON IN-SILICO DATA

On example of a linear lateral drifted Z-stack of spokeszd targets the algorithm will
be explained. For a pseudocode-implementation see Algorithm 2. The description is
supported by Figure 3.1. In brief, Figure 3.1 a-g) display a set of steps to create the in-silico
dataset with: a-c) the drifted dataset at different slices z € {z('4), z(0) 7(2) }, d-f) thejiterred
noisy imaged Z-stack of the target at the same Z-positions and g) the mean projection
along Z of the jittered Z-stack. From h-o) steps of the movement correction algorithm on
example of the central Z-slice z = z(©) are shown. The stack is h) lateral drift corrected,
i) a 1D correlation map along X of the image Z-slice with the mean projection from g)
is calculated and j) a rectangular window is applied to the 1D correlation map. Then k)
the linewise maxima of j) are determined and extended using binary dilation thereby 1)
creating a dilated-maxima mask of k). The mask is then m) multiplied with the correlation
map i) and the n) a Center of Mass (CoM) (see Equation 3.5) is calculated linewise along
X of 1). Finally, the CoM positions are used to shift back each line individually yielding
o) the dejittered Z-slice. The last column p-r) shows the deconvolution results of the
dejittered Z-stack at the same Z-slices as a-c). In the following, the individual processing
steps will be explained in detail.

For data generation, each Z-slice of the sample is shifted along X for s"™*) pixels and Y
for s(iY) pixels according to Equation 3.3, i. . for the e. g. 5th Z-slice the sample is shifted
by s(i*¥) =10 and s"™¥) = 5 pixels from its original position at Z-slice z(®. Afterwards,
jitter is generated from the spokes2d (Figure 3.1a-f) to demonstrate the algorithm. A
2-photon fluorescence CLSM system with the above optical parameters is simulated.
The imaging volume is N = [N®,NW), N®] = [256,256,16] pix with a pixelpitch of
dscan) = [200,200,3500] nm. There will be Poisson noise with N(Pho) = 10 expected
photons in the maximum voxel, a linear drift according to Equation 3.3 as well as random
jitter. The jitter is added by the following procedure: 1) the amount N of Y-lines
affected by the jitter is randomly drawn from a uniform distribution over the range
[0,0.1] - NO) of all available Y-lines. 2) N Wit affected lines y,(qut) are drawn from the
uniform integer distribution [0, N®Y) — 1] and 3) the shifted distance sﬁ}f’” of each y,(jft) is
drawn randomly from the uniform distribution ¥ = [0,0.05] - N, A local retardation, i. e.
a 1D blur-kernel U,(,;it’w along Y-direction, is applied and its size randomly drawn from a
uniform distribution [—4, 4] pixels. See Algorithm 1 for a pseudo-code like notation of the

described algorithm.
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FiGure 3.2: Comparison of Reference Projection for (I) linear (s € [-16,—14, ...,14]) and (II)
non-linear sample drift of reference spokes2d stack. a) mean-projection of non-jittered
and non-drifted image. b) Mean-projection of non-jittered but drifted image, c)
mean- d) median- e) 2D-sequential Savitzky-Golay Filter (SGF) (wSCP) = 5)
prefiltered median- f) SGF (wSSF) = 7) prefiltered median-projection of jittered,
drifted and preprocessed image M;,,,,,. NCC results are displayed in lower right box

in each panel.

From the Z-stack M,,,,,, an axial reference projection Ml(::f) (Figure 3.1g) is determined
and used to correct the axial drift by finding the shift value between the reference pro-
jection and each Z-slice using the positional offset of the maximum of the 2D image
correlation between the two compared images. From the drift-corrected data stack M l(iior)
(Figure 3.1h), an updated reference M,(ﬁff’) is determined. Since based on the reference

M) 3 line in M(deor)

mn - Can be detected as jitter, special care has to be taken in determining

a representative reference. Two different scenarios will be demonstrated. 1) linear drift
(see Figure 3.2I) and 2) non-linear drift (see Figure 3.2II). The individual lateral shifts

w. . t. to the axial position z are chosen as:

S(lin) (z) = [S(lin,x)ls(lin,y)] — [2 S (z — Z(O)),Z _ Z(o)] (33)

S(nlin) (z) = [[S(nlin,x)ls(nlin,y)] — [09 (z — Z(o))l.3’ 0.2 - (z — Z(O))1.5] (34)

for the linear s('™) and non-linear s("™) case. The effect of the different shift on the reference
projection calculation is demonstrated in Figure 3.2. The processing-steps of subfigures
(I) and (II) are identical and will be explained on example of (I). a) shows the mean-
projection of the non-jittered and non-drifted 3D image-stack and b) the mean-projection
of non-jittered but linear drifted image (Equation 3.3). c-e) show the Z-projection M(r¢f)

of the jittered and drifted Z-stack M using a ¢) mean- d) median- e) 2D-sequential SGF



3.3 ALGORITHM AND ITS EVALUATION ON IN-SILICO DATA

with window size wSF) = 5 prefiltered median- f) SGF with wSF) = 7 prefiltered
median-projection for calculation of the reference M(""). (IT) uses a Z-stack of spokes2d
targets drifted non-linearly according to Equation 3.4.

Edges and jitters are more uniform in the mean projection than in the median projection,
but are more blurred and thus are more difficult to determine for correlation. Preliminary
processing with an SGF of chosen window size wSSF) reduces the amount of noise in
the projection, reducing random noise correlations between individual slices and the
projection. For symmetric lateral drifts about an axial center position of a axially slowly
changing structure, like is the case for blood vessels abstractly demonstrated by a Z-
stack generated from a slice-by-slice laterally shifted spokes2d target, median-projection
is favored. The same procedure nevertheless leads to comparable findings for nonlinear,
axially asymmetric drifts according to Equation 3.4 in Figure 3.2Il. Note that the offset of
Figure 3.2Ilb is asymmetric due to shift-dependent security padding in contrast to e. g.
Figure 3.21Ib.

In the following dejittering step a bounding-shield of a few multiples of the lateral
FWHM is added to the outside of the image to reduce wrap-around artifacts by Fourier-
based operations. The correlation map L;,,,/,,+ is calculated by computing a 1D correlation
of each drift-corrected Z-slice of M(4°") individually with the calculated 2D reference
image M () along X-direction. The correlation map L may have multiple, highly extended
correlation maxima in pathological cases (e. g. periodic objects) or large maxima-shifts
due to highly offset lines (e. g. due to noise). To reduce this effect, local 1D windowing
along X around the center, i. e. a 1D rect-function (Figure 3.1j), is multiplied thus limiting
the influence of maxima at far stretched X-positions from the center. Optionally, instead
of the rect-function a 1D Gaussian-function can be used to select the central region with

an attenuated window rather then just cutting it out. Within the central region of the

(max)

correlation map L line-wise correlation maxima L, ;" (Figure 3.1k) are selected.

Optionally, (1D) SGF filtering of the data set can be performed beforehand to reduce
the influence of high-frequency noise in determination of the maximum position. Then,
a mask is generated from the selected maxima via application of a dilation operation in

X-direction (Figure 3.11) and multiplied with the correlation map L;,,,,, thereby yielding

the selection Ll('(jqil',;)a' (Figure 3.11). To undo the line-wise jitter along X the offset of the

(win)

line-wise maximum from the line-center positionin L, , ', is determined via 1D Center of

D)

Mass (CoM) (Figure 3.1n) calculation L;i,n, along X-direction according to:
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(I) Dejittering Methods. (II) Deconvolutions.

. M/.max.(M) -

Ficure 3.3: Dejittering and Deconvolution Comparison. (I) Dejittering (displayed at z_,) of
linear lateral drifted data and (II) of regularized single-view DEConvolution (DEC)
(Table 1.2) in case of linear lateral drift. (I)a) non-drifted, non-jittered noise-free
raw-image, b) jittered and drifted image, c-h) dejittered images M(4¢)) after
application of ¢c) CoM of mutual line-wise correlation without window, d) CoM
using Gaussian window (¢(® = 30pix), ) CoM using rect windowed (windowsize
Ax = 30pix), f) SGF just using no-window but direct maxima, g) SGF using a
rect-window with CoM or h) SGF using Gaussian-window with CoM to b). (II)a)
ground-truth S, b) image M™%, ¢) dejittered and drift-corrected image M), d-f)
DEC with regularizers d) TV, e) GR, f) GS. NCC results are displayed in lower right
box in each panel.

S x. LD
Sx” Tlmn!
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A comparison of some possible dejittering configurations is demonstrated in Figure 3.31.

1D) _
Lmlnl -

Here, a) is a Z-slice at z = z(*4) of the linear drifted (Equation 3.3) ideal noise-free and
non-jittered 3D image and b) shows a) after application of noise and jitter. c-h) show
individually processed results of b) where different filters and search routines where
combined for comparison. c-h) show dejittered images M(4%) using ¢) CoM of mutual line-
wise correlation without window, d) CoM using Gaussian window with ¢(© = 30 pix),
e) CoM using rect window of size Ax = 30 pix, f) SGF just using no-window but direct
maxima, g) SGF using a rect-window with CoM and h) SGF using Gaussian-window

with CoM.
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The line shifts in Figure 3.3Ib are better reduced in this case by a completely open win-
dow (Figure 3.3Ic) or only unattenuated by rect function bounded window (Figure 3.3le)
than by a Gaussian-attenuated window (Figure 3.31d), since this better incorporates the
tails of the correlation function. Since this is not considered a robust implementation
for pathological configurations, as described above, a combination of SGF, Gaussian-
windowing, and CoM computation (Figure 3.3Ih) is proposed. The results Figure 3.31f-h,
i.e. the combination of SGF without window and with rect- or Gaussian-windowing,
all provide reliable and comparable results and the combination Figure 3.3lh can be
recommended for general processing.

The determined shifts for line-wise dejittering are then applied to the Z-stack (Fig-
ure 3.10) and the results are deconvolved on a laptop (for specifications see Section 1.8)
with DEC using Total Variation (TV) regularization with 7™) = 102> where conver-
gence is reached around N = 180 (Figure 3.1p-r).

The parameters used for the DEC were determind via a simple parameter-search as
follows. The tested regularizers are TV (Equation 1.56), Good’s Roughness (GR) (Equa-
tion 1.57) and Gradient Square (GS) (Equation 1.58), see Figure 3.31l. Here, a) shows
the spokes2d target used as ground-truth S for the parameter-search, b) the image M),
¢) the dejittered and drift-corrected image M(4%) and d-f) the 2D DEC reconstructions
S With regularizers d) TV with 4™ = 10725, e) GR with y(©® = 102, f) GS with
7G5 = 10735, The ground-truth a) is an edged target which is smooth along its struts.
Of the three priors compared, the TV is the most likely to have a local smoothing but
edge-texturing property.

On example of TV, the dependence of the DEC result on the choice of the regularization
parameter is shown in Figure 3.4. Here, a) is the ground-truth spokesz2d target, b) is the
noisy jittered and c) the noisy dejittered image. d-m) show 2D DEC results for different
vV = 107" for m € [—1,-0.5, ...,3.5] where convergence was reached around N (it¢") <
200 iterations. The NCC (Equation 1.38) best agreement of the reconstruction S with
the ground-truth S (Figure 3.4a) for y™) = 0.01 (Figure 3.4j) and thus C = 0.89. For
comparison, the same parameter search in case of using GS regularization is given in

Section C.3.
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FIGURE 3.4: TV-Deconvolution Parameters. Results S, of processing and tiled deconvolution
of a) 3D obj, b) jittered image, c) dejittered image d-m) using TV regularizer with
7TV e 101,100, ...,1073. NCC results are displayed in lower right box in each

panel.

The search for suitable parameters depends on many factors like the used update proce-
dure (here: Limited-memory Broyden-Fletcher-Goldfarb-Shanno algorithm (L-BFGS-B)),
regularizers or the features mainly expected in the image. The parameter hyperspace
search is its own big field of research.

In Figure 3.5 a brute-force two-dimensional search is demonstrated, where the parame-
ters were varied in the ranges: iteration number N (iter) = (1,4, ...,94} and the regulariza-
tion parameter y = 107", m € {-3,-2.5,...,1}. To speed up the search, tiled-processing
was omitted here and only a subimage of size N = [128,128,16] around the center pixel
was used. This is the area that is significantly degraded by the imaging process compared
to the raw data, yielding a slightly lower correlation result as compared to the results of
the complete stack, see Figure 3.4. All three sub-images of Figure 3.5 show a surface-plot
where on the X-axis the iteration number N*¢", on the Y-axis the log, , of the parameter
7 and on the Z-axis the NCC result is plotted. The NCC result is further color coded from
darkblue (C = 0.2) to red (C = 0.8). The resulting 2D surface in case of TV shows that
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FiGure 3.5: 2D-Search for Optimal Parameters. NCC results of 2D-Parameter search for decon-
volution of dejittered spokes2d stack using 3 regularizers TV,GR,GS with N g
{1,2,...,10,15,...,100,120, ..., 200}, ¥ = 107" withm € {-5.5,-5.0, ...,0.0}. The NCC
is color coded from darkblue (C = 0.2) to red (C = 0.8).

only a few iterations N %" guffice for convergence towards the maximum NCC, shown in
dark red. The NCC looks like a Gaussian centered on the optimal 7™V = 7™M j e it
decreases fast for o (TV) # om0,

A maximum search using the determined NCC values gives e. g. for TV the optimal
configuration: o (TVma) = 10=2:5 and N(iterTVmax) — 43 thereby achieving a correlation of
C(max) ~ 0.77. The minimum C™™ ~ (0.271 for this simulation is found at 7TV = 10
and N(terTVmin) — 94 The difference is remarkable. Table 3.1 lists all found minimum and
maximum parameters for the three analyzed metrics. The NCC similarity of all simulated
and processed images with respect to the ground-truth on example of the central Z-slice
z(©) are directly written into the panel images, see Figure 3.1b,e,h,0,q. While the dejittering
algorithm provides the basis for a proper deconvolution it only increases NCC similarity by

2.5%. Subsequent deconvolution DEC achieves denoising by creation of a target estimate

Ncc(max) Nl(;zl;ix) ,)/(max) Ncc(min) Nl(;lelin) ,)/(rnin)

TV ~ 8.82e-01 1.80e+02 3.16e-03 1.47e-01 2.00e+02 1.00e+00
GR 8.67e-01 2.00e4+02 1.00e-02 1.85e-01 1.80e+02  3.16e-06

GS 8.67e-01 2.00e4+02 1.00e-03 1.65e-01  8.00e+01 1.00e+00

TaBLE 3.1: Extrema of 2D-Search Parameter Search. Iteration number N ", regularization pa-
rameter YTV for their respective minumum and maximum NCC w.r.t. to parameter

search Figure 3.5 are listed.
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(I) (II)
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Ficure 3.6: Mouse Experiment Setup. (I) Basic sketch of the imaging setup. The image shows a
FoV of 1.5 mm x1.5 mm. (II) Overlay of iso-rendering of completely processed

channels, blood-vessels in green, microglia in magenta.

S while emphasizing smooth surfaces and clear edges with the chosen TV prior thereby
increasing NCC similarity further by 13.4% and hence reconstructing an image of high

quality (see Section A.11).

3.4 CORRECTION OF IN-VIVO MOUSE RETINA DATA

Using 2-photon fluorescence-based mouse retinal imaging, the proposed algorithm, al-
ready tested on in-silico data, is evaluated. The goal is to reconstruct a more reliable image
w.T.t. to shape and position of mouse-eye invading microglia, see magenta structures in
the reconstructed two color overlay result Figure 3.61. Therefore, two color channels are
employed, one for measuring large supportive and axially slowly changing structures and
one for the microglia, which are sparsely distributed small structures.

The data were recorded by Daniel Bremer at the German Rheumatism Research Center
(DRFZ) in Berlin on a 2-photon microscope setup built by Ruth Leben [61]. The setup is
shown in Figure 3.611. A Ti:Sa femtosecond laser is used to excite at A = 900 nm and
a set of two Photo-Multiplying Tube (PMT) detectors is used to measure in the regions

A = [525 + 25,593 4+ 20] nm. The scan unit, scan lens as well as the objective are project
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specific developments of LaVision Biotec. The objective has 4x magnification at 0.28NA
with water gel immersion and 6 mm working distance. The objective is well matched to the
aperture of the 0.32NA mouse eye opened with dilated pupils. By using water immersion,
a significant portion of aberrations generated by the mouse eye could be reduced. The
theoretically correct Nyquist sampling is d™N12) ~ 400 nm and dN®) ~ 7.5 um. To fit a
sufficient Region of Interest (ROI) of the retina into the limiting FoV of 994 pix x 994 pix
the measurement was sampled at lateral pixel pitch d(SP™1at) = 1.5 ym, i. e. 3.8x the lateral
Nyquist limit, thereby achieving a lateral FoV of 1.5 mmx1.5 mm. Axial sampling had
to be reduced to dPL) = 30 um, i.e. 4x of the axial Nyquist limit, due to technical
limitations to ensure a sufficiently high scanning speed. The pixel dwell time was 1.6 ys. In
the mouse eye, microglia were labeled with eGFP, measured at Aem1) — 595 nm, and blood
pathways were labeled with sulforhodamine 101, measured at A©®™2 = 593 nm. During
measurements, the mouse was fixed via a rotatable and tiltable mount and anesthetized
by isoflurane inhalation. The degree of anesthesia could be regulated with the absolute
amount of inhalate. A large amount of inhalation leads to a strong anesthesia which
noticeably reduces the amount of jitter. In this condition, however, irregular, strong changes
in the angle of view of the mouse eye (spontaneous muscle contractions) occurred which
led to a spontaneous shift of the FoV about the size of the FoV. If the inhalation intensity
is too low, the mouse is sufficiently awake such that spontaneous muscle contractions did
not occur and the FoV remains the same over the entire measurement period. In this case,
however, the pulse as well as the respiration of the mouse is significantly higher and thus
more jitter is present in the image.

The presented dejitter and processing algorithm is based on finding a reference and
aligning the stack to it. Accordingly, dominant structures in the data are necessary to use
them as dejitter scaffolds. In the case of the mouse eye, the large blood vessels can serve
as basic structures. The algorithm is first applied entirely to the yellow (A®™2) = 593 nm)
channel data stack, i. e. blood vessels. The processing of the raw data is shown using the
pink-labeled ROI in Figure 3.71 on example of three different Z-slices z(*5),z(®) and z(3).
The raw data (Figure 3.71la-c) are first drift-corrected (Figure 3.711d-f), then dejittered
(Figure 3.711g-i), and finally deconvolved (Figure 3.71lj-1). The reference was calculated
by median selection after SGF application to the data-set. For dejittering, a Gaussian
window with ¢(© = 80pix, dilation D = 80 pix, no SGF prefiltering and the proposed
CoM approach was used. For deconvolution, DEC with a GR prior with N < 200
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I (1)

M/max(M)

FiGURE 3.7: Processing Retina Stack. (I) raw data of Channel 1 (blood vessel) at z(® with

magenta marked ROL. (II) a-c) Raw-data of ROI shown at at Z-slices z_s, zg, z3. The
next columns always are processing results of the previous columns. d-f) axial-drift

corrected, g-i) dejittered, j-1) DEC processed with GR prior.

(GR) = 10=2> and DEC (Table 1.2) was used. The deconvolution parameters where

and
directly transferred from the results of the parameter-search for the spokes2d target, see
Figure 3.5. Note, that due to the coarse sampling deconvolution was implemented for
denoising and contrast enhancement rather then resolution gain.

The measured raw mouse-retina Z-stack M™°U®) was minimum subtracted (up to an
€ € R*), normalized by its standard deviation ¢ (™°%¢) and multiplied by the standard
deviation o (5Pokes) of the spokesad target. Thus, the image was normalized according to:

M(mouse) — min (M(mouse)) +e

o (mouse)

M/(mouse) — U(spokes) (36)

which allowed to use the same parameters for DEC.
The effect of the drift correction can be visually perceived by comparison of the distance
of the blood vessel structure to the reference-line, see Figure 3.71lc+f). Lateral drift correc-

tion values are in the range of s(4"t) < 8.6 pix, which is less than 1% of e. g. pixels along
(1D) <

X-direction. Lateral jitter shifts were slightly greater L, ,, < 20.1 pix, but were 1.34 pix at

the median and 1.85 pix at the arithmetic mean.
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Ficure 3.8: Raw-Data and Deconvolution Result Comparison. Max-Projection of (upper row)

full-lateral FoV and (lower row) same ROI as Figure 3.7. Stacks: a-b) Raw and c-d)

processed blood vessels. e-f) raw and g-h) processed microglia.

Shift values determined using blood vessels were applied directly to microglia. A color-
overlay of a 3D iso-surface representation of the two processed channels is shown in
Figure 3.61 where the viewing angle is set to 90 deg w. r. t. the first Z-slice (thus it looks
slightly like a maximum projection). Here, the spatial distribution of microglia entering
the intraocular space from the optic nerve (center of image) can be observed. In Figure 3.8
a max-projection of the raw and processed data-stacks is given. The upper row shows the
full images before (a+c) and after processing (c+g). The lower row shows the ROI (see
Figure 3.71) of the upper row. The lower row is normalized according to [M/ max M]°*
to demonstrate the effects of the reconstructions especially in the background.

Comparing b) with d) demonstrates the effect of dejittering. Now, the blood-vessels
have a more smooth surface which seems more reasonable and closer to the ground-
truth. Thus, reconstructions based on the dejittered data can be trusted more like e. g.
the shape of the lines in the background of d). The deconvolution further led to better
distinguishability between fore- and background due to its denoising, optical sectioning
and and surface leveling effect. Comparing f) with h) demonstrates clearly the gain in
distinguishability between fore- and background. Particularly the microglia cell in the
lower right is more defined. The grid pattern in the back of g+h) is a remnant of Hann-
windowed recombination of the image after tiled processing with 20% overlap and needs

to be improved further in future versions.
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3.5 CONCLUSION AND OUTLOOK

Axial drifting, jitter and low-pass filtering can complicate the analysis and interpretation
of measured image data and thus generate misinterpretations. Semantic data analysis
using axial projections can produce double images due to drifting and jitter, which can
lead to interpretation artifacts. In addition, the low-pass filtering inherent in imaging
reduces the intensity of high spatial frequencies and thus the clear distinction between
signal and background becomes more difficult the higher the frequencies.

To propose and demonstrate a suitable strategy to address these effects for a given real-
world measurement problem, the in-silico object spokes2d was used as data-representitive
for blood vessels and a forward simulation including the jitter process was first created.
Suitable parameters for strength and type of lateral drift for each individual Z-slice
as well as number, strength and abruptness of jitter along X-direction were presented
and remedied by a proposed processing algorithm. Calculation of the reference image
using 2D SGF filtering and median projection proved to be successful. For dejittering
the combination of SGF prefiltering with line-wise CoM (along X-direction) calculation
on a Gaussian-window for shift determination proved to be particularly suitable. For
subsequent deconvolution, DEC together with priors TV, GR, and GS were tested, with
TV being found to be a more suitable prior in the case of the spokes2d target due to its
tendency to have sharp edges.

The proposed correction algorithm was finally applied to an in-vivo 2-photon fluo-
rescence CLSM two-color mouse retina Z-stack. The analysis and correction were first
performed for the blood vessels and thus lateral drifts were determined. By normalizing
the Z-stack via minimum-subtraction and standard deviation based rescaling to the stan-
dard deviation of the in-silico data set, the deconvolution parameters from the simulation
could be adopted. All determined shifts and used parameters of the blood vessels could
be applied directly to the microglia Z-stack, allowing them to be processed appropriately,
despite very low signal levels.

The advantage of dejittering during post-processing is difficult to see when comparing f)
with h) due to the very detached and noisy structures, but can be estimated indirectly via
the change from b) to d). In such a reference-less highly noisy case as f) greater confidence

in the dataset can be established by the presented regularization.
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For future developments making the toolbox more robust against axial jumps, including
stretches or jitter along the Y-axis (i.e. slow scan direction) and improving the flow to

work completely on GPU (not only the deconvolution) would be adviseable.






THICK SLICE UNMIXING (TU)

Children of infinity, always gazing to our past. We are dust of
the stars.

— Ville Friman

4.1 MOTIVATION

In Image Scanning Microscopy (ISM), multiple viewing angles from the same object are
recorded in parallel during the scanning process using a detector array (Section 1.4), each
detector pixel yielding a seperate view of the sample. By lacking a detection-side pinhole,
the photon loss occurring in the detection process can be reduced. Detector-side spatially
resolved photon detection enables further processing capabilities.

In this section, the fundamental property of ISM as compared to the Confocal Laser
Scanning Microscopy (CLSM) scheme of having more information about the investigated
sample available for further analysis processes by using a pixelated camera instead of a
single-pixel detector will be exploited. Existing widely used ISM processing methods such
as Pixel Reassignment (PiRe) (Equation 1.26) process the available data linearly, allowing
higher lateral resolution to be achieved. Nevertheless, the lack of optical sectioning cannot
be remedied. In this section, a novel linear approach named Thick slice Unmixing (TU)
will be presented to not only allow for optical sectioning by post-processing, but to even
reconstruct a 3D sample-distribution from 2D multi-view measurements. Thus, 1) the
basic idea of ISM will be explained further with a simulation and afterwards from a slightly
changed forward-model the TU will be derived. 2) optimal multi-view DEConvolutions
(mDECs) and TU parameters will be determined. 3) properties of TU w.r.t. Out of
Focus (0oF) rejection and 3D reconstruction will be analyzed. 4) The processing strategy

LEAve-out z-Planes (ZLEAP) will be presented.
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FIGURE 4.1: Basic ISM-Setup. (1) ISM schematic. Excitation beam h® is colored blue and

emission f(det)

from two different lateral positions are colored orange and green. (II)
Uni-rectangular detector shape of 3 x 3 pixels. Center of h® is aligned with central
pixel of detector. h(4¢t) from (I) are displayed accordingly. (III) X-cut through y = y(®
and z = z(® for 3D Simulation of the ISM Point Spread Function (PSF) according to

(II). The shift is marked with s.

4.2 THEORY AND METHODS OF TU
4.2.1  Derivation of TU

The schematic structure of a scanning ISM is shown in Figure 4.11. The illumination emitted
by the laser is reflected at a Beam Splitting Element (BS), scanned by a Galvanometric
Mirror pair (GM) positioned at a plane conjugate to the Back Focal Plane (BFP) of the
objective lens, and the illumination is thus sequentially focused at different lateral scan
positions. In Figure 4.1] one scan position is demonstrated and the the excitation light is
colored blue. Some of the fluorescence emitted from the excited volume is collected back
by the objective lens, descanned by the GM, propagates through the BS, and is focused
on the camera (here electron-multipliying Charge-Coupled Device (emCCD)) using a
focusing lens (L). Note that a tube lens and a scanning lens between GM and objective lens
were omitted for simplicity of the drawing. Figure 4.1II shows the descanned excitation
PSF 11 on the central pixel (blue) and two exemplary detection PSFs h(d€!) (orange

and green) in the case of a rectangular pixel distribution unit cell for one scan-position
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. Observe, that the corresponding sample volume of most probable detection for the
two detection pixels are shown with orange and green in the focal plane of Figure 4.11.
Figure 4.111I shows the 1D slice at z = z(®) and y = y(® of a 3D spatial simulation of the
ISM PSF model (Section 1.4) for one scan position.

The effect of the PiRe shift factor (Equation 1.26) is demonstrated using the central
pixel and its forth neighbor along the horizontal view-direction, for simplicity: X-direction.
The selected parameters are: excitation wavelength A(® = 563 nm, emission wavelength
A = 580 nm, numerical aperture of the objective NA = 0.7, isotropic lateral sampling
dSPLAat) = 20 nm, axial sampling P = 60 nm, and isotropic detector pixel pitch
d(CPitch) = 100 nm in scan coordinates. Both 1 and h(9®) are max-normalized for
visualization. 10 is shown dashed in blue and its center coincides with the center of the
central pinhole from Figure 4.111, thus its maximum along X-direction is at £® = 0 nm.
The detection PSF 1(4¢) of the selected pinhole is shown in dashed orange?. It has its
maximum at £(9¢t) = 400 nm. The pinholes are simulated as é-peaks, giving #"S™ directly
as the product of excitation and detection PSF (Equation 1.24). h™™) has its maximum
at almost xM) = 200 nm, rounded to full pixels in the simulation, and is drawn with
magenta. Being the product of #® with h(4¢Y) it is much smaller than either of the
excitation or detection PSF, since a molecule has to both be excited and detected to appear
in the recorded data. The distance between the excitation and emission maxima is given
by Ax = &(det) _ g(e),

The most likely position of the detected fluorophore emission in this example is at £'SM),

but is stored at position £ +-£(4¢t) To correct for this effect, the distance sUSM) = £ISM) _ ()

is determined in case of the PiRe processing and the shift factor mM) = 1 — s(I5M) /Ay
is calculated above (Equation 1.26)3. With m™M) at hand, all detector pixel positions

can be shifted back to the most probable emission position* (in scan coordinates) and

Due to the setup geometry the illumination is first scanned by the GM and afterwards descanned. If the
optical axis of excitation and detection beam-path match and are centered on the central camera pixel a®,

then a'® is always the conjugated position w.r. t. to the scan position of the illumination beam.
The detection probability of all (ideal) camera pixels is equally high and its sum over all pixels is normalized

to 1.
For calculation of m ™™ the distance between e. g. the central and neighboring pixels in scan coordinates

must be known.
The extension of the calculation of ™ in the case of non-isotropic detector pixel unit cells is straightfor-

ward.
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afterwards summed up. In this thesis, this shift-back and sum-up processing is called
Pixel Reassignment (PiRe). In the given example, the shift distance5 is s = mISM) . g(det)
and so s = 0.5 - 400 nm= 200 nm. In the case of ISM, an image consists of many scan
positions where for each one the above explanation applies.

Since for PiRe all camera pixels are shifted back toward the central pixel 2 and the
total PSF of a laterally shifted detector pixel is asymmetric, it is important to accurately
determine the central camera pixel a(®), otherwise asymmetric ISM PSFs may result and
thus the reconstruction may suffer qualitative degradation. A brief simulation of the
change of the lateral shape of the in-focus ISM PSF as a function of the camera pixel used
is shown in Section D.1.

For determination of the lateral shift factor, mainly 3 different methods have been
implemented in this work. Method 1) takes a (theoretically) calculated shift factor and
applies it to all detector pixels according to given unit vectors of the camera pixel unit cell
in the detector plane. This method is robust to any noise, but requires precise knowledge
of the detector geometry and an accurate shift factor. Method 2) is called nearest and
determines the respective distance of the two closest neighboring detector pinholes along
the individual basis vectors of the detector unit cell to the central detector pinhole a‘® by
determining the maximum of the correlation of these neighboring pinholes with the central
detector pinhole. The unit vectors determined in this way are then applied to all remaining
detector pinholes. Method 3) is called complete and also uses the determination of the
maximum of the correlation of different pinholes to the central pinhole, but calculates it
for all detector pinholes individually. While nearest is statistically less susceptible to noise
compared to complete, complete does not require any further assumptions about the detector
geometry. Method 1 requires less system resources by means of Central Processing Unit
(CPU) and Random-Access Memory (RAM) than nearest, which again requires less than
complete. For the use cases in this work, especially due to the independence from the
theoretical shift factor determination, nearest was used.

In Section 1.7 different schemes for reconstructing an object estimate S were presented.
While direct methods like 1/OTF (Section A.18) or Wiener Deconvolution (WD) (Sec-
tion A.19) are directly applicable, iterative solutions like Poisson-likelihood maximizing

single-view DEConvolution (DEC) using Limited-memory Broyden-Fletcher-Goldfarb-

5 Due to differences in the lateral extent between 1 and h(4) normally mI™ # 0.5, but here only a

pixel-exact simulation is demonstrated leading to m™SM = 0.5.
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Shanno algorithm (L-BFGS-B) (Section 1.7) naturally require significantly more processing
time and ressources. The methods above have been presented only for single-view datasets.
For datasets with multiple views, Signal-to-Noise Ratio (SNR)-optimal recombination
in case of Weighted Averaging in Fourier Space (WAVG) (Section 1.7) has already been
discussed. The aforementioned iterative DEC routine can be extended to multi-view data
by extending the forward model with an indvidual PSF for each view. In contrast, the WD
directly sums up all views before deconvolution due to the linearity of WD.

For the imaging process a 3D forward model with a 2D in-focus selection (i. e. axial
position of sample w.r. t. the nominal focus position of the objective lens) at z = z(©
(Equation A.58) is assumed. The goal is to reconstruct an estimate S of a 3D sample
distribution from a 2D multi-view ISM single Z-slice measurement of the object. Using the
Fourier slice theorem [15], the discretized forward model (Equation 1.42) for measurement
of an in-focus slice z = z(©) can also be expressed as:

M = T35, {Z [Eain%ﬁ St +7\Eaiﬁﬁ]} = F5 Mg (4.1)

i
where the summation along the axial spatial frequency axis, indexed by fi, equals the
selection of the slice z = z(°) in real space. [, 7 are the indices of the discrete lateral Fourier
spatial frequencies, [, m are the indices of the lateral real space positions and a is the index
of the detector pixel represented as a flattened array to account for arbitrary (2D) detector
geometries.® For better readability the lateral frequency indices will be dropped, thus
e.g. M i M, and the equations have to be evaluated individually for each individual
selection of [ and 7.

While M, in Equation 4.1 is a 2D spatial frequency distribution, Sj; represents the
complete 3D object, again for all pairs I, i individually. In Equation 1.41 the forward-
model uses a point-wise multiplication of the Optical Transfer Function (OTF) & with the
Fourier spectrum S of the object in case of a complete 3D dataset or integration along the
i1 axial frequency if a 2D Z-slice is measured. In Equation 4.1 on the other hand a matrix

product between /1 and S, i. e. a summation along 7, is assumed for the forward model.

Note that not for every I, m there exists an assigned [ i, but rather the indices are meant to visualize the

axes they belong to, so in case of m or 77 the Y- or i axis respectively.
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The goal is to determine an inversion-matrix /i* to reconstruct an estimate of the sample
distribution S via inversion of the forward-model Equation 4.1, analog to the approach

demonstrated in Section A.18, according to:
Su =) M, (42)
a

In general, the problem is ill-posed due to the band limitation of / along k*, the noise
‘N and the shape of the matrices, but can become well-posed and thus solvable by in-
troducing a regularization. Assuming that the matrix 7 has bounded support supp (71),
the reconstruction is performed only within this support, and SNR (supp (71)) > 1in
this domain, the noise term N in Equation 4.1 can be neglected. Thus the regularized

minimization problem can formulated as [62]:

£, (§,) = HZ s — M,
n

2
+10 5] (43)
2

with 7TY) as the Tikhonov regularization parameter. With the choice Y™ > 0, Equa-
tion 4.3 is well-posed [62]. The problem was made convex, thus a global minimum exists
and a 7TY) can be found which minimizes .. The regularizing pseudo-inverse /i* that
solves Equation 4.3 can be computed efficiently using Singular Value Decomposition
(SVD) [63]. In the SVD formalism, the mapping matrix / is computed as a linear combina-
tion of two unitary transformation matrices U,V (rotations on R) and a diagonal forward
matrix X, which holds the Singular Values (SV)s, i. e. square roots of the eigenvalues of

R [62], according to:

B = 2 Uap ) | Z0p V5] (4.4)

B = ——2 (4.5)
n

with ¢, the SVs of &, which are sorted in descending order, hence ¢ (™) = () Using
Equation 4.5 it is easy to see that with the choice of the regularization paramater 7TV a
lower bound to the effectively influencing SVs can be set. Thus «(TY) directly influences
the conditioning number ® (Equation 4.6) of the problem, which can be upper bounded
by |&MiN] « W, since mostly 0 < 1TV « 1 holds.

. (max) (max)
oty = B 16T (46)

| E(min)| /,),(TU)
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In this thesis, reconstructions whose regularization parameter 7TV lies on the order
of O (1/ C) (fz)) (Equation 4.6) are considered to be unregularized. In this case, only
numerical instabilities as well as inaccuracies in the determination of the OTF support
are corrected. Parameter choices of Y™ » 1/0© (fl) are called regularized. For a brief
discussion on the rank of the OTF matrix see Section D.2.

By means of €M) the relative minimum value w. . t. |fz (1?: = 0)| frequency of the OTF
and thus the support cutoff spatial frequency k‘© to be used for the reconstructions is
set. While N (¢1i™) Jimits the absolute maximum number of SVs (Equation 4.5) to be used
for inversion, AZ("®) gives an alternative to allow for all SVs & which satisfy the condition
&> A&(e) . #0) Since the pseudo-inverse is computed according to Equation 4.4 for all
lateral spatial frequencies (indexed by [, i) individually, the respective magnitudes of the
individual SVs ¢, as well as the size of the matrices ,; vary, since a different amount of
Z-slices lies within the OTF support supp (fl) at different lateral frequencies.

The reconstruction is called Thick slice Unmixing (TU), because § is reconstructed with

an axial (3D) extent from a 2D Z-slice.

4.2.2  Deconvolution Parameter Search

For comparison of the TU results with according deconvolution results using mDEC and
multi-view DEConvolution with 2D to 3D reconstruction (2d3dDEC) in Section 4.2.3,
first the simulation parameters and the effects of the different reconstruction schemes on
the parameter choices will be demonstrated in this section.
The effective ISM PSF is calculated according to Equation 1.24 with NA = 1.42,

nim =152, A(®) = 561 nm, and A®™ = 580 nm. Parameters are chosen to roughly match
the experimental parameters in Section 4.3. Hence the necessary Nyquist sampling upper
bound is dNY®) = 145 nm, dN¥12) = 50 nm and one lateral airy unit of the detection PSF
has the size of d*AUaY) = 498 nm. Theoretically, it is sufficient to choose the sampling
distances for the scan matching the Nyquist limit of the scanning PSF 1 and for the
detection matching the Nyquist limit of 4(4€Y). In this simulation, however, the much
more restrictive Nyquist limit of the effective PSF is chosen and thus the sampling used is
dSPLIaY) — 42 17 nm and d P29 = 100 nm. The camera-pixels have a rectangular unit-cell

and the pitch in sample coordinates is isotropic d“P*M) = 84 nm or roughly 0.17 xd(*AUdet)
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FIGURE 4.2: 2D Deconvolution Parameter Search (I) for a) z(¥) slice of 0bj3d displayed for the b)
central detector-pinhole a(®). Results for optimal parameters in case of DEC with
priors c) TV, d) GR and e) GS are displayed. NCC similarity is displayed in the lower
right corner of each tile. (II) NCC results for whole tested parameter range and

regularizers used in (I).

of 1 AU of the detection PSF h(4¢t), Of all camera pixels, an active Region of Interest (ROI)
of 5 pix x 5pix or 0.84 AU x 0.84 AU of the detection PSF h(4¢) around the center pixel,
defined by the center of the excitation PSF h(®, is used. Even though a bigger active on-
camera pixel-area would allow to reconstruct even deeper Z-slices of the sample” and thus
a coverage of a lateral region of 1.5 — 2 AU would be preferable, the parameters are chosen
to demonstrate the influence of the active on-camera pixel-area on the reconstruction. The
object obj3d (Figure 2.1 m-p) is scanned three dimensionally leading to a 4D data set of
size N = [N@ ,N® N, N®7] = [25,64,64,32]. Furthermore, Poisson noise is applied
to the normalized image such that a maximum pixel has N (Phot) = 10,

Effects of finding the optimal iteration number N ") have already been presented
in Section 3.3, so in this section the focus is placed on finding the ideal regularization
parameters <y for the used regularizers Total Variation (TV), Good’s Roughness (GR)
and Gradient Square (GS), see Section 1.7. The Normalized Cross Correlation (NCC)
Equation 1.39 is again used as a measure for reconstruction quality. All detector pinholes
N®@ are utilized.

Reconstructions from a 2D (e. g. z = z{?)) to a full 3D stack are particularly relevant for

comparability to 3D reconstructions using the TU algorithm (Section 4.2.1).

7 Because even more information can be acquired from the more displaced views.
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In order to use comparable regularization parameters for all further reconstructions,
all images M used for reconstruction are reduced to the pixel sum of the reference stack
sz M (ref) as well as normalized by the number of Z-slices to be reconstructed N (#recon).
For the 2D mDEC reconstruction only the z(®-slice of the simulated multi-view Z-stack
is used. The results for this case are shown in Figure 4.2I, with all images normalized
to their individual maximum. Here, the lateral cuts at z(®) of a) the ground-truth S, b)
the noisy non-aberrated image M, and the 2D mDEC reconstructions in case of c) TV,
d) GR and e) GS are shown. The regularization factors -y are found via an NCC-based
maximum search, shown in Figure 4.2II. The NCC maximum for TV and GR precedes the
plateau (D) € [1078,...,107°]) but differs only slightly from it. Thus, in most cases of
this reconstruction example, regularization is hardly advantageous to reconstruction. The
optimal 7P)s found are 73P) = [7(TV), 4 (GR) 4 (G9] = [10-8,1072,10~8] with which
the NCC maxima C2P) = [C(TV), C(GR), C(G9)] = [0.91,0.92,0.91] and thus a high-quality
reconstruction is achieved. The maximum number of iterations was set to N %) = 200
for all deconvolutions and convergence was reached within this bound.

The same analysis procedure for 2d3dDEC as well as 3D mDEC reconstruction is shown
in Figure 4.3. In Figure 4.3 the upper row shows a lateral-cut at the z = z(°®) and the
lower row an axial cut at y = (. a+b) shows the ground-truth and c+d) the noisy
but aberration-free image of the central detector pixel M. In e+f,i+j,m+n) the results of
2d3dDEC reconstruction, i. e. reconstruction of a 3D-sample distribution from only the
in-focus z = z(% slice, for all three regularizers are displayed. g+h,k+1,0+p) display the
results of 3D mDEC using the complete Z-stack M. In case of 2d3dDEC, Figure 4.311-4.31II
and for 3D, mDEC Figure 4.31V the NCC similarity of the reconstructed thick slice to
the ground truth as a function of the regularization parameter 7 is displayed. While
Figure 4.31I uses the entire Z-stack for NCC calculation, Figure 4.3III uses a reduced axial
range of Az = +4 Z-slices.

Due to the mirror symmetry property of the PSF at z(°), the iterative 2d3dDEC recon-
struction (Figure 4.3 f,j,n) is equally mirror symmetric with respect to z(°). The limited
axial extent of the PSF further leads to that relevant information from more distant Z-
slices (e.g. z®) do not contribute to the measured slice, or only as a nearly constant
background. Thus, the reconstructed stack seems limited to a small range Az = +4 around
z(©) even though the reconstruction accounted for the full 32 Z-slices. The NCC results are

given in case of 1) utilizing the full reconstructed Z-range (Figure 4.31I) and 2) only using
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FIGURE 4.3: 3D Deconvolution Parameter Search on an example of the obj3d target. (I) Upper

row lateral slice (at z(®)) lower row axial slice (at y,). a+b) RAW object c+d) image

of central pixel a'®. e-p) Results of mDEC with e-h) TV, i-1) GR and m-p) GS prior

where left column (eg e+f) of each 4-image block (eg e-h) uses 2d3dDEC

reconstruction and right column (eg g-h) 3D mDEC reconstruction. 3D NCC

similarity is displayed in lower right corner of upper row tiles. NCC results using

complete Z-range in case of (II) 2d3dDEC and (IV) 3D mDEC search. (III) shows

NCC results for comparison of 2d3dDEC with ground-truth within a limited Z-range

of Az = +4 around central slice.

a limited Z-range of Az = +4 around z(® for calculation of the NCC (Figure 4.311I). In

case of 1), e. g. two local maxima of the NCC of TV are found with the bigger maximum at

log,, (7(2D3D'TV)) = —0.5 while in case of 2) one maximum at log, (7(2D3D'TV)> =-25

is found. Visual comparison of the two results shows that the found maximum of 1) leads

to an over-regularized reconstruction where the the high axial regularization together

with the approximate symmetry of the used obj3d leads to more pixels # 0 that can be

positively correlated thereby yielding a comparatively higher NCC result even though
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the resolution gain is not optimal.® Thus, for the NCC evaluation on the limited Z-range
Az = +4 the parameters %(2P3P) = [10-25,1072,10~45] with C(2P3P) = [0.90,0.92,0.93]
are found. For pixel normalization, the factor N0 = N2 = 32 was used.

The complete 3D reconstruction mDEC (g+h,k+1,0+p) can reliably recover the entire ob-
ject and finds the maxima 33P) = [10-3,1073-5,1075-] with C(2P3P) = [0.96,0.98,0.98].

4.2.3 Properties of TU

The simulation parameters and 3D sample used in this section are the same as in Sec-
tion 4.2.2. Here, a 3D thick slice sample estimate S;,,,,, from a measured Z-slice M,,,,,, at
z(©) is reconstructed. The simulated image dataset M,,,,,, consists of N(M) = [25,64,64,1]
pixels?, while the multi-view 3D PSF dataset used for reconstruction consists of N =
[25,64, 64,32] pixels.

A parameter search for TU, where a 3D thick slice object estimate ST is reconstructed
from a 2D multi-view measurement M,,,,,,, is shown in Figure 4.4. The graphic is meant
to be read column-wise. The 1%t and 3™ row show a lateral cut at z(®) while the 2" and
4% show an axial cut at y,. While in the upper two rows the reconstruction results with
minimal NCC, within the given simulation range, in the lower two rows the results with
maximum NCC are displayed. The parameters were varied in the range: e(mask) = 10=0-5-¢,
7 TU) = 10-5-b, N(¢lim) — 1 _2p and A¢(eD) = 10~1-? for basic steps b € [0,,0.5,...,5].In
the first four columns one of the four parameters relevant for the TU algorithm is always
varied, while the others remain fixed at the basic settings €(™2%) = 10=5, o TU) = 10-85,
N&lm) — 100, and AZe) = 0, thus imposing no significant constraint on the SVs. The
varied parameters per column are: a-d) €(™%%), e-h) 4TU) i) N(€1m) and m-p) AZ(reD,
NCC was calculated for the axial thick slice of [z('3),z('2), ,2(3)] to anylize how close
the reconstruction is to the original 3D sample distribution around the central Z-slice.
Nevertheless, Figure 4.41 displays the entire reconstructed Z-stack. For comparison, multi-

view deconvolution in case of g-r) 2d3dDEC and 3D s-t) mDEC using GS regularization

8 Note, that a bigger active on-camera pixel-area could remedy this problem by allowing to reconstruct a

bigger 3D volume.
9 Note, that the axis order is NM = [NMa) NMx) NMy) NMz)]
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FI1GURE 4.4: Thickslice Parameter Search on example of obj3d. (I) Results of found parameters
yielding (first 4 columns of) row1+2) minimal NCC, row3+4) maximal NCC.
Parameters varied are a-d) €(M3K) e-h) 4(TU) i-1) N(¢1im) and m-p) AZ(reD,
Multi-view deconvolutions q+r) 2d3dDEC and s-t) 3D mDEC are depicted for visual
comparison. NCC similarity is displayed in lower right corner of each tile. (II) NCC
results of TU reconstruction for individually varied parameters ¢ (mask) ’)/(TU), N (§lim)
and A¢ (rel) Individual parameter values are derived from steps b € [0, 5] with step

size Ab = 0.5.

with 4 (2P3P) = 10=5 = 4/(3P) was calculated. Figure 4.411 shows a plot of the NCC results
in case of TU reconstruction for the four varied parameters of Figure 4.4I as a function of
the step parameter b.

Optimal parameters found for reconstruction of the sample obj3d are Némax) =25,
gmax) = 95.1074, gmin = 1.12.1071°, thus the conditioning number is @ = 8.5 - 101!
and the problem is regularized as YTV » 1/@. Here, &™a) and &M as well as the
conditioning number ® (Equation 4.6) are calculated for each lateral spatial frequency

individually.
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FIGURE 4.5: 00F Rejection Comparison.(I) comparison of ooF rejection and image reconstruction
quality for different methods using all available views. Processing methods are: a)
M(sum)’ b) M(ISM)/ C) M(wavg)/ d) M(nwavg)/ e) M(Wd), f) M(tu)/ g) 5D M(mDEC)’ h) 3D
M™DEC) (7 = 7(9)) with selection of central slice. NCC similarity to ground-truth is

displayed in lower right corner of each tile.

While e(™2%%) and 4(TU) have the largest impact on reliable unmixing, the relative im-
pact due to the constraint on SVs is almost imperceptible. The reconstruction matrix is
highly rank-reduced, thus SVs (= large ®) drop rapidly and only the first two SVs (see
N@lim) Figure 4.41T) have a significant impact on reconstruction quality and stability (Fig-
ure 4.41I). Thus, the reconstruction is dominated by limiting OTF support and Tikhonov
regularization.

The reconstructions are symmetric around the slice M®© measured at z(®) and recon-
struct the sample only around a limited range éz. The symmetry is because TU tries to
distribute the measured frequency components of M (at n(%)) of a given lateral position
over all frequencies k™ of S by clever weighting. Since  is axially symmetric this leads
to the fact that the weights are also distributed uniformly and symmetrically around
n(©). The axial limitation depends on the number of pinholes used, so that the inversion
problem is well defined, the information content per pinhole (i. e. the angle of the view)
and the SNR. Views further away from the central detector pixel allow the acquisition of
more distant sample volumes and thus a more complete image of the investigated volume.

If only individual slices (or regions) are to be reconstructed rather than an entire stack,

the inverse /! can be computed according to Equation 4.2 only for a specific /i = 7(®.

Thus, the necessary numerical effort can already be reduced by the axial dimension
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and a performance boost can be achieved. By using a full 3D forward model, but only
reconstructing a single axial slice z(°), 00oF are removed from the reconstructed slice and
inherently regularized.

In Figure 4.5 a selection of reconstruction methods w.r. t. their ooF rejection capability is
compared. The simulation parameters remain unchanged. The methods used are: a) direct
summation of all views M®"™  b) PiRe MM ¢) WAVG MWAVG)  d) noise normalized
Weighted Averaging in Fourier Space (nWAVG) M®WAVG) o) WD SWD) £) TU STU) with
limitation to one central slice, g) 2D S(™MPEC) L) 3D SMDEC) with subsequent selection
of z(®. The NCC similarity was determined only for the z(° slice. While a-e,g) use 2D
forward model with 2D multi-view dataset and PSF at z(%), f+h) use a 3D forward model.
Here, f) uses only the central spatial frequency k(()z) of the multi-view 3D OTF while 3D
mDEC utilizes the full 3D PSF. The comparison shows that the deconvolutions (e-h)
tend to achieve the NCC-better results, with the mDEC and TU processings in particular
achieving reconstructions of high quality (see Section A.11).

For a more in-depth analysis in case of 21 different active detector-pixel-configurations,
see Section D.3. By means of simulation it was shown that the detector pixel pitch has
influence on the reconstructability of a thick slice. Within the same simulation parameters,
an optimal pixel pitch of d(“Pith) = 3. 4(SPLIat) ~ 126 nm could be obtained for the
target obj3d for TU and of d(“Pith) = gSPLIY) 42 nm for 3D mDEC. For details, see
Section D.4. In particular, it turns out that not every camera pixel has the same importance
in the case of a 3D thick slice reconstruction. Should a limitation of the used detector
elements be necessary for faster data readout, data volume limitation or cost limitation
when building a dedicated detector array, it was found that especially the central pinhole is
of essential importance. In addition, to achieve sufficient thick slice reconstruction quality
in a sparse axial region around the measured slice z(°), the direct four neighbors (vertical

and horizontal) are of particular importance. For more details see Section D.5.

4.2.4 zLEAP

In the previous sections, it was illustrated how a 3D thick slice can be reconstructed from a
2D slice using the available views of the ISM measurement. However, the axial thickness of

the reconstructible thick slice is 1) limited to region Az around the position of the measured
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2D slice at z(®) due to the finite axial extent of the PSF. Further, due to the symmetry around
the central slice z©) of the PSF 11, it is 2) indistinguishable to the algorithm in the case of
an ideal (axially symmetric) PSF whether an image information has come from above or
below the slice at z(%. One possibility to achieve the aforementioned algorithmic axial
discrimination 2) is to use an aberrated PSF in order to create an axial asymmetry. Among
the manifold possibilities, two methods should be mentioned here. First, manipulation of
the excitation PSF by using a cylindrical lens has become standard in 3D single molecule
localization microscopy (SMLM) microscopy [64] and can easily be adopted to other
setup geometries like ISM. Second, manipulation of the detection PSF using phase mask
e. g. to generate a single or double helix in REfocusing after SCanning using Helical phase
engineering (RESCH, [12]). While the former method can be easily inserted into existing
setups at low cost, the latter method is more costly and complex. Since phase masks can
be used to generate arbitrary patterns, a extended 3D thick slice is reconstructed from a
2D slice using the example of slight spherical aberrations and strong astigmatism.

In order to 1) reconstruct a larger Az area without changing the experimental setup and
2) achieve local axial asymmetry the demonstrated TU will now be extended by recording
N(P) additional images M(P) at positions z = z(P). Thus, e. g. by measuring an image at
every 3" Z-position of an available 3D PSF of axial extent N® = 32, if the measurement is
centered around z(©), an image would be recorded at {z('6), z2(:3) z(0) (+3) z(+6)} and af-
terwards this extended input Z-stack M(3) is used for reconstruction of a bigger connected
region within the available axial extent of PSF.

For zZLEAP processing, all recorded image Z-slices are interpreted as additional set
of views of the same sample and thus are concatenated along the detector axis A, i.e. a
new data set M/, of the form N = [N@) N NO]with N@) = N@ . N® is created.
The same is done for the PSFs, thus a new effective multi-view PSF /i, is created of
the form N = [N(*), N®,N¥), N®1. Finally, TU is used to reconstruct the estimate 5TY)
from the dataset M’ and ' where the image information of the M(P) is now used to solve
the symmetry problem of TU and additionally fill the regions in-between the M), This
approach coined the name zLEAP to the presented method, as it jumps at measurement
time over non-selected Z-slices, but reconstructs them at processing time. Note, that
' scales with N® for every new Z-slice that is used for the thick slice reconstruction
zLEAP. For comparison of the reconstruction performance a similar approach in case of

mDEC is implemented. Here, an empty data volume M" of same size as the PSF 1, i. e. of
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FiGURE 4.6: zZLEAP 3D-Reconstruction from Thickslice for different axial spacings Az. (I) 1%
row: summed axial PSFs for central Pinhole, 2" row: TU 3rd row: mDEC, all
3D-Volumes cut at y = y(°). The axial pitch Az is written in lower right corner of
upper row tiles. The NCC results are plotted in the lower right corner of tiles from
the lower two rows. (II) Calculated NCC for all tested Az pitches for TU (magenta)

mDEC (lime) reconstruction.

size N = [N@,N®,N), N®1, is created and filled with the measured images M(P) at
z = zP), Then, 3D mDEC with a chosen prior and PSF & reconstructs a full 3D thick slice
estimate S™PEC). For calculation of the loss an additional mask is fed to the algorithm
that limits the loss calculation to the Z-slices z(P) that are filled with image data M(P).

For the simulation the same parameters as before are used and thus the 3D object S
and noisy image of the central view M, is given in Figure 4.31. For the given target and
simulation parameters the NCC improvement by using more then the central five views
is negligeable and thus for this reconstruction only the central five views, i.e. central
view and left-right-top-bottom direct neighbors, were used, see Section D.3 for further
information. Thus, the stack size is N@ =5 N® = N) = 64 and N® = 32.

The dependence of the reconstruction quality of the whole 3D thick slice on the number
and axial spacings of the PSFs used is shown in Figure 4.6. For the comparison of 3D mDEC
to TU, an optimal set of mDEC as well as TU parameters was determined for the case

Az = 1 and used for all Az spacings. The PSFs summarized in N*) were sum-normalized
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to one for each Az and the corresponding image stacks were subsequently multiplied to
the sum value of the full reference 3D Z-stack divided by the number of reconstructed
Z-slices N®. In Figure 4.61 each column has a different number of Z-slices Az from one
axial measurement z¥ to the next axial measurement at z(?) which are denoted in the
lower right box of each tile with name a), i. e. the upper row. Hence, e. g. in case of the
first column all axial slices are used for reconstruction while in the second column only
every 2" Z-slice symmetrically positioned around the center slice z(®) were used. For the
first row, the 3D PSFs in case of the central detector pixel 4(®) are shifted to the Z-slices
z(P) selected for measurement and are summed up axially to display the spatial extent
covered by this imaging scenario. The plots are given as an axial cut at y®. The second
row shows the TU and the third row the mDEC based zLEAP reconstruction results. The
NCC similarity to the 3D ground-truth image is shown in the lower right box of each tile.
Figure 4.61I shows the NCC as function of the distance Az to the next measured Z-slice as
1D plot for a range of Az € {1, 2, ...,16}.

While Figure 4.6l1a-c) demonstrate the best possible reconstructions with the given
techniques, the difference between TU and mDEC is particularly noticeable in the bumpi-
ness at the upper and lower end of the big spherical shell. In the displayed summed PSF
profiles, which are not used for any calculation but just for visualization, a structuring
effect becomes apparent starting from the 3™ column, but can already be seen clearly
in the 4" column of Figure 4.61. The same axial rippling like in 4a) is visible in the TU
reconstruction 4b) thereby leading to a noticeable decrease of NCC similarity. The effect
is weak in 4c¢). By comparison of the reconstructions of column 2-4 with column 1 it
can be stated by visual impression that for the given simulation only measuring every
third Z-slice leads to a sufficiently good reconstruction in case of TU processing. This is
in agreement with the in Section A.11 given definition of a high quality reconstruction.
In case of mDEC even measuring every 6" Z-slice is still acceptable, see green curve of
Figure 4.61I1.

The reconstruction is NCC-optimal when every single Z-slice was used and decreases
almost continuously for increasing distances and thus a decreasing number of Z-slices
used (Figure 4.611). The case Az = 16 corresponds to recording only the central slice z(®.
Using only the central five views for reconstruction and together with additional Z-planes
that are spaced within Az < 5 the inversion problem Equation 4.3 is overdetermined or

exact while in case of Az > 5 it is underdetermined leading to a smaller reconstructable
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axial thick slice than in the calculations of Az < 5 and thus increasingly worse NCC
results. This can be countered by using more lateral view N*), but still does not lead to
reconstructions with NCC > 0.9 and is thus not further included for consideration here.

The comparison demonstrates how TU can be used to reconstruct PSF and noise-
limited axial slices. Since in practical applications 3D datasets should be recorded, but the
phototoxic load on the sample should be kept low, TU and mDEC suggest that recording
every 4" Z-slice, or about 2.7x the axial Nyquist-limit of the system PSF h!SM, still allows
for a NCC similarity to the ground-truth of C > 0.9 (Figure 4.61I).'° This leads further to
at least 2x faster stack acquisition and 2x reduction in data size while allowing for the
same reconstruction quality.

Finally, a performance comparison between 3D mDEC and TU demonstrates the fast
reconstruction performance of TU needing = 2s for processing a [5, 128,128, 64] Z-stack
while mDEC needed ~ 22s for the same task. On the other hand, TU needed (peak
amount) ~ 34x as much RAM for this processing than mDEC needed on the Graphics

Processing Unit (GPU) memory. For an in-depth analysis see Section D.6.

4.3 TU EXPERIMENTS ON THE AIRYSCAN SYSTEM

The processing strategies presented in Section 4.2.1 will be evaluated in this section using
data measured by means of the commercially available Zeiss Airyscan confocal scanning
system LSM 88o.

Thus, this section addresses the following issues: 1) determination of experimental PSF
and comparison of 3D TU with multi-view deconvolution results using different PSFs, 2)
comparison of 0oF rejection capability of TU with deconvolution-based methods, and 3)

comparison of 3D reconstruction capability of TU with deconvolution-based methods.

4.3.1  Airyscan Setup

Introduced by Zeiss in 2014, the LSM 880 with Airyscan extension is a commercial confocal
scanning unit with ISM image acquisition capability [65]. The detailed setup is given

in [65] and is not reprinted here, because its basic shape does not differ much from

10 Note, that the PSF /1 has to be sampled at least at the Nyquist limit for this result to hold true.
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Figure 4.1] except that a hexagonal detector, called Airyscan detector, is used instead of the
depicted emCCD. For its basic detector pixel distribution see Figure 4.71I. Instead, a short
description will be given. Two laser lines can be injected simultaneously or sequentially.
A GM scans the angles of the BFP of the objective, creating a lateral offset of the focus
in the conjugate image plane, i.e. in the sample. The objective is a Zeiss 1.42NA, 63x
plan apochromat DIC, which was used with n™ = 1.52 immersion oil (applied to the
cover-slip). An intermediate pinhole including a focus and defocus lens pair removes
coarse 0oF light before excitation light is blocked further by a detection filter wheel. The
focal spot changes its size depending on the used wavelength as well as lens. In order to
normalize the first 1.25 Airy Unit (AU) of the detection wavefront to the diameter of the
detector array, mechanically adaptable magnifying optics are built in. The detector array
consists of 32 Gallium-Arsenide Phosphate (GaAsP) Photo-Multiplying Tubes (PMTs)
that can be read and processed individually. In total, the scanning system can record a
field of view (FoV) of 512 x 512 pixels at 13 fps, which corresponds to an average pixel
dwell time +(P™) ~ 0.3 s.

4.3.2  Measuring and Comparison of Airyscan PSF

For the characterization of an incoherent imaging system, the PSF as well as the associated
transfer function is particularly suitable. Once these are known, post-processing steps
such as the presented TU or mDEC can be applied. The system PSF of the Airyscan system
is now 1) determined directly from a recorded multi-view Z-stack of 100 nm sized beads,
2) a 3D Savitzky-Golay Filter (SGF) fit of 1) and 3) simulated based on the parameters of
the (optical) components and manual adjustments after comparing to the experimental
PSF. The three PSFs will then be used for zZLEAP TU and mDEC processing of a ROI of a
measured experimental dataset. Finally, the results are compared w.r. t. reconstruction
quality and one PSF will be chosen to be used for further processings within this section.

Alexas68 (Thermofisher, Invitrogen) stained 100 nm beads with oil immersion were
used for experimental determination of the PSF. In Figure 4.7, first the selected beads (see
Figure 4.71), second the determined effective detector pixel positions (see Figure 4.71I)
and finally a comparison of the zZLEAP and mDEC reconstructions w.r. t. to the used PSFs

(see Figure 4.71II) are displayed for the central detector-pixel. For the reconstructions
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Fi1GURE 4.7: Airyscan PSF Comparison. (I) Selected Beads for calculating the average system-
PSF shown at slice z = 14. ROI sizes are color marked: small (magenta), middle
(green) and large (turquoise). (II) Calculated A positions of all views (complete)
and via calculation using pinholes 1 and 6 (nearest). Positions are displayed in scan
coordinates. Nominal rings are color coded. (III) Upper row: X-Y-slice at (1) z = 12
and (2-3) z = 14. Lower row: X-Z-slice at (1) y = 32 and (2-3) y = 50. (1) PSF a+d)
measured, b+e) Savitzky-Golay Filtered and c+f) simulated. (2) zLEAP TU and (3)
zLEAP mDEC reconstructions using (1a-c) PSFs.

every 2", 1e. p = 2, Z-slice was used. Figure 4.71II is divided into blocks of three columns
and 2 rows (a-c,d-f) each. The columns of the blocks are linked by means of e. g. 1a+d)
are cuts of the experimental PSF that is used to calculate 2a+d) TU and 3a+d) mDEC
reconstruction. The same follows for the second and third columns in each case and is

discussed in more detail below.



4.3 TU EXPERIMENTS ON THE AIRYSCAN SYSTEM

In the considerations of this work, the PSF is assumed to be translationally invariant
(Table A.2). Thus, determination at the top or bottom of the image will result in an
identical PSF. To account for these assumptions, compensate for axial offsets as well as
local distortions, and obtain a better SNR, different beads were selected distributed over
the entire FoV and then averaged, see Figure 4.71. The beads are extracted with a ROI of
NLs) = [16,16,41] (magenta), N™'™ = [40,40,41] (green) and N = [64,64,41]
(turquoise). Due to the lateral expansion of the PSF during axial defocusing, edge effects
of the smaller ROIs become noticeable. Here, the largest ROI achieved the best results, so
that further comparisons and processing was performed with this one. The total system
PSF of the central detector pixel, determined in the presented way, differs slightly from the
actual PSF because it has already been folded with the 100 nm beads. Figure 4.71II shows
an X-Y cut (1a) as well as X-Z cut (1d). The particular PSF is then smoothed and denoised
by using a SGF (see Section 2.2), with window-size w®tF = 5 pix and p©©P) = 2, see
Figure 4.711I (1b+e). Based on the visual impression, the experimental PSF exhibits a
slight axial tilt and spherical aberrations. Incorporating these findings into the synthetic
PSF calculation leads to a reduced NA = 1.3 and application of slight spherical aberrations
with ¢(5Pher) = 0.1 (Equation 2.2), see Figure 4.71II (1c+f). Comparison with the measured
PSFs shows a smaller axial extent of the simulated PSF.

In order to determine the simulated PSF not only for the central but all detector pixels
(see Figure 4.111I), the individual actual distance of the detector pixels from the central
pixel in sample coordinates is needed. First, the methods complete and nearest are used to
determine the maximum position d, of each view 1™, Then, assuming a shift factor of
mISM) = 1/(1 + (Ae™)/A(®9)2) according to Roth etal. [9] a guess of the original detector
position is constructed via (1 — mIM)y . 4. Finally, a parameter-search tries to minimize
the distance between the determined effective pixel positions d{"*"*" (see below) and
the view positions of the simulated 4™,

Two methods are presented. 1) By the maximum and Center of Mass (CoM) (Equa-

tion 3.5) preserving property of SGEF, the effective pixel distances dffomplete) (

position of
the maximum of the non-deformed h{™™) of all views are first determined by correlating
each individual detector pixel with the central pixel. The positional deviation of the cor-

relation maximum from the central pixel is then assigned to d{ """

, see Figure 4.711
(complete, orange). 2) nearest limits the correlation-based search to two pixels located close

to the central pixel, which are expected to still have a high SNR. Using correlation of
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pixel 1 and 6 to the central detector pixel O (see Figure 4.71I), the basis vectors for the
distribution of detector pixels are determined. The distances d"**"**" for all other pixels
are calculated by using the basis vectors and by knowing the basic hexagonal structure
of the detector, i. e. the indexed positions of the pixels w.r. t. the hexagonal unit-cell, see
Figure 4.711 (nearest, black).

Single detector pixels can be combined according to their nominal position and distance
to the central pixel, leading to rings which are color coded in Figure 4.71I. Ring 1 (blue)
only contains the central pixel, ring 2 (turquoise) contains pixels 1-6, ring 3 (pastel green)
contains pixels 7-18 and ring 4 (pale green) contains pixels 19-31.

A comparison of the calculation results shows a subpixel exact match of d{"**™*" and
dc(,comp tete) for ring 2, but up to half a sample pixel separation in ring 4. In ring 1 — 3
dfzcomplete) < d{"*sY tends to hold, while in ring 4, more local offsets thwart the estimation

(nearest) 4re ysed.

of a global trend. For further processings the effective pixel distances 4

Using zLEAP (see Figure 4.711I (2a-f)) and zZLEAP-like multi-view deconvolution with
p = 2 (see Figure 4.71II (3a-f)) of the ROI in the sample further investigated in the coming
sections (see Figure 4.81), the usability of the measured (1a+d), filtered (1b+e) as well
as calculated PSF (1c+f) for subsequent post-processing methods is visually evaluated.
Since the ground truth is unknown, the processing methods are run for a sequence of
reconstruction parameters and a subjectively appropriate result is selected. While the
reconstructions using measured and filtered experimental PSF are of high quality they
show axial striations (see Figure 4.71112d+e) where each Z-position at which a measured
image M(P) was available for reconstruction is brighter than the intervening reconstructed
regions. This effect is more severe with smaller ROI-sizes used for PSF determination.
The reconstructions using the simulated PSF (1c+f) suffer less from axial striations while
achieving a comparable quality to the mDEC reconstruction (3c+f). Among the mDEC
reconstructions (3a-f) the results 3c+f) using the simulated PSF look subjectively best.

Thus, for further processing the simulated PSF (1c+f) was used.
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FiGure 4.8: 2D Reconstructions of TOMM2o. (I) Reconstruction results of TOMMz2o0 atz = 14 for
a) PiRe, b) WD and c) PiRe deconvolution. White box marks ROI. (II) reconstruction
results on ROI of (I) at slice z = 14. a) open CLSM at 1.25AU, b) CLSM at 0.6 AU
pinhole size, c) PiRe at full 1.25 AU pinhole size, d) WAVG e) nWAVG, f) generalized
WD, g) confocal single-view DEConvolution (cDEC), h) pixel reassigned single-view
DEConvolution (prDEC), i) ooF using TU (0ofTU) j) 2D to 3D TU k) zLEAP using
every 2nd image-Z-slice. 1-0) multi-view deconvolutions using: 1) z = 14 slice and
2D PSE, m) 2D slice and 3D PSF, n) like k), o) full 3D image and PSF. Images are
normalized to their individual maximum local density (or amplitude, respectively).

NCC results are displayed in the lower right corner of each panel.

4.3.3 Comparing TU and Deconvolution - Out-of-Focus Rejection of TOMM:20

An Alexas68 labelled import receptor subunit TOMM20 in the outer membrane of mito-
chondria of Human Bone Osteosarcoma Epithelial Cells (U20S) cells is used as experimen-
tal data. The raw multi-view Z-stack was stored as 16bit uint, consists of N = [32,400, 400, 41]

pixels and was recorded at 5fps imaging speed. A cut of the processed multi-view 3D
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data-stack at z = z(14) is shown in the case of (a) PiRe"* (Figure 4.8Ia), WD (Figure 4.8Ib),
and prDEC (Figure 4.8Ic) processing. The white box marks the ROI used henceforth for
comparisons. Because the labelled structure TOMM2o0 is located in the outer membrane of
the mitochondria, the goal of the reconstructions is to obtain the lowest-noise, continuous,
thin cell borders possible from the noisy;, filled cell structures. In the 3 methods compared,
PiRe (Ia) shows almost no such separation of mitochondria body and membrane, WD (Ib)
and prDEC (Ic) succeed better. prDEC (Ic) shows a stronger axial sectioning, whereby in
comparison to the WD (Ib) the contrast to the background is larger and altogether fewer
structures are contained in the same Z-slice. Thus, prDEC (Ic) is chosen as the subjectively
closer to reality and thus better reconstruction.

The o0F rejection ability is tested using methods that require knowledge of the PSF (I1d-
0) and those that do not (Ila-c), see Figure 4.8II which shows the ROI of Figure 4.8I. For
NCC based reconstruction parameter determination, the subjectively best reconstruction
using full multi-view deconvolution mDEC was chosen and used as ground truth. For
input only the in-focus M(*4) slice at z(4) was used while for processing, depending on
the method, 2D or 3D multi-view PSFs were used. Suitable reconstruction parameters
were determined automatically for all methods in a predefined range. For open CLSM,
the images of all detector pixels are summed (Figure 4.811a), whereas for CLSM only
the inner detector pixels in the diameter of 0.6 AU are summed (Figure 4.8IIb). PiRe
(Figure 4.8Ilc) uses all detector pixels, but shifts them beforehand to their most likely
emission position (Equation 1.26). WAVG (Figure 4.81Id), nWAVG (Figure 4.8Ile), WD
(Figure 4.811f) and mDEC (Figure 4.81Ig+h,1-0) use all detector pixels, TU (Figure 4.8Ili-
k) limit the number of pinholes used to the number of Z-slices to be reconstructed, i.e.
N@ £ N®), 50 as not to overdetermine the system of equations used to compute the
inversion matrix (Equation D.1). In the case of 00oF rejection using TU (for comparison
named 0ofTU) and associated mDEC (for comparison named 0ofDEC), this means that
only one Z-slice of the PSF and image was used, i. e. a 2D mDEC.

In subjective visual comparison, mDEC (Figure 4.81lo) gives the best reconstruction,
but differs only slightly from WD, cDEC (Figure 4.81lg), prDEC (Figure 4.81Ih), 2D mDEC
(0ofDEC, Figure 4.8111), and zLEAP mDEC (zleapDEC, Figure 4.8IIn). The TU recon-

structions achieve mutually similar reconstructions whose ooF rejection is comparable

11 For calculation see Equation 1.26. Shifts are determined as described in Section 4.3.2.
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FiGURE 4.9: Radial Frequency Sums of TOMMZ2o0 Reconstructions. (I) Radial sums of 2D (see
Figure 4.8) and (II) 3D (see Figure 4.8) reconstructions. The calculated modulus is

displayed log-normalized while all curves are normalized to same o-frequency value.

to mDEC, but the reconstructed thickness of the membrane structures is larger. The TU
reconstructions TU (2d3dTU) and zLEAP are on average as NCC similar to mDEC as
cDEC and prDEC. Subjectively, 2D mDEC sharpens the sample slightly more than 3D

mDEC with similar ooF rejection, subject to the above criteria, but retains more existing

details in the same focal plane, which in mDEC have already been moved to other Z-slices.

The 2D TU reconstruction (0ofTU), on the other hand, appears to reconstruct about the
same number of object features as the other TU reconstructions in the same Z-slice, but
tends to sharpen the image less than e. g. zleapTU.

A comparison of the lateral Fourier frequency moduli supports the above findings, see
Figure 4.91. The graphs are normalized to the same total photon number (M (I_k)l =0))
so that the relative distribution of available photons at each spatial frequency can be
compared. For spatial frequencies k, < 1.5 - k(AP?¢) the amplitude distributions of the
deconvolutions and the TU reconstructions are similar, while for k, > 1.5 - k(APb¢) the TU
tends to assign less weight to the high frequencies and for k, > 3 - k(APP¢) even approach
the amplitude distribution of the WAVG (WA). The distribution of 2D deconvolution
results (0of DEC) illustrates the higher degree of sharpness of this reconstruction noted
earlier, as its amplitudes for k,, > 1.5- k(Abbe) are above those of all other amplitudes, while

the reconstructed image still looks subjectively reasonable (Figure 4.8II1). The amplitude
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distribution of prDEC is above the amplitude distribution of cDEC for k, > 1-k(Abb¢) but
further away from mDEC for k, < 1.5 - k(APP¢) which results in a lower NCC similarity of

prDEC to mDEC than cDEC.

4.3.4 Comparing TU and Deconvolution - 3D Reconstruction of TOMM20

Using the complete 3D data set of the sample already used in Section 4.3.3, the recon-
struction capability of the TU (2d3d) and zLEAP is now compared in Figure 4.10 with the
other methods presented. Here, the graphic consists of 2x two rows, where always the
upper one row shows a lateral cut at z(*) and the lower row an axial cut at y(*5). Every
method of the comparison is presented in two rows of one column each, i. e. with two
panel images.

Again, with an appropriate choice of parameters, the mDEC is used as ground truth for
the NCC based automated parameter determination of the other methods. TU (2d3dTU)
(Io+p) and 2d3dDEC (Is+t) reconstruct a 3D estimate S of the 3D object from the single
z(14) slice using the 3D PSFs of all detector pixels. Finally, zZLEAP, TU and complete mDEC
use every other Z-slice, i.e. p = 2, of the measured image stack along with the entire 3D
PSF for reconstruction of the 3D object distribution.

While the non-deconvolution methods (a-h) are axially very smeared out, all other
methods succeed in better sectioning. But again visually the WD as well as variants of
mDEC (li-n,u-x) appear very similar. However, axial sectioning is best for 3D mDEC (Ix)
and zLEAP deconvolution (zleapDEC, Iv), which also makes them quite NCC similar,
although zleapDEC uses only half the Z-slices compared to mDEC. prDEC has some
axial reconstruction artifacts (e. g. right edge of In), resulting in a lower NCC similarity to
mDEC (Figure 4.10) than cDEC, yet edges are more prominent in prDEC and better axial
sectioning is achieved. This is also confirmed by the significantly higher modulus values
of prDEC for k, > 1.5 - k(APb¢) (Figure 4.91).

The TU (2d3dTU, Io+p) as well as the 2d3dDEC (Is+t) confirms the theoretical ex-
pectations and simulation results (Section 4.2.3). Although the simulated PSF is slightly

spherical aberrated it is not asymmetric enough and thus both algorithms distribute axial
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Fi1GURE 4.10: 3D Reconstructions of TOMM-2o0. Reconstruction results of ROI (see Figure 4.8I).
First and third row show an X-Y-slice at z(*4), second and forth show an X-Z-slice at
y(15) of the respective reconstruction methods. a+b) CLSM at 0.6 AU pinhole size,
c+d) PiRe at full 1.25 AU pinhole size, e+f) WAVG g+h) nWAVG, i+j) generalized
WD, k+1) cDEC, m+n) prDEC, o+p) 2D to 3D TU g+r) zLEAP using every 2nd
image-Z-slice. s-x) multi-view deconvolutions using: s+t) 2D slice and 3D PSE, u+v)
like q+r), w+x) full 3D image and PSF. Images are normalized to their individual
maximum local density (or amplitude, respectively). NCC results are displayed in

the lower right corner of the 1t and 3™ row.

information approximately symmetrically around the central reconstruction slice. Due to
this vague and axially significantly extended reconstruction, both methods achieve an
approximately similar NCC to mDEC of C(243dTU) — C(2d3dDEC) » 6,

In the case of zZLEAP, TU achieves an 0.8 NCC similarity to mDEC while zleapDEC
achieves 0.9. In particular the axial sectioning of zleapDEC is better than TU. In the
unmixing process of TU, parameter selection must be used to decide between lateral
sharpness with good axial sectioning versus a smooth axial amplitude transition. The
selected parameters achieve the maximum possible NCC similarity to mDEC, but a weak

axial step pattern is discernible which hints where input Z-slices where placed.
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It has been shown that TU-based zLEAP can accelerate the measurement process
and reduce the data set to be recorded without significant loss in image quality while

maintaining fast processing and low implementation overhead.

4.4 CONCLUSION AND OUTLOOK

For the presented method TU makes use of the additional views of the sample which are
encoded into the different detector pixels. The additional sample information is used for
ooF rejection, reconstruction of an axial thick slice from 2D multi-view data, and data
reduction by measuring each p'" slice using zZLEAP were tested with a set of simulations.
zLEAP thereby lowers the phototoxic load on the sample, increases the data acquisition
speed by 2x, and reduce the stack size by 2x in case p = 2. All investigated reconstruction
methods achieved the NCC best result when all detector pixels were used. Since already
by using the five central pixels about 98% in case of deconv3D of the achieved NCC
maximum was achieved, this suggests a reduction of the amount of required pinholes
used for reconstruction in favor of reduced memory requirements.

The additional information from the different views can also be used to achieve a
better SNR via PiRe allowing to recover higher nonlinear orders of fluorescence in satu-
rated excitation imaging as compared to CLSM schemes. For an extensive analysis, see
Section E.1.

The findings of the simulations were confirmed experimentally using data of fluorescent
beads and stained U20S cells acquired with a Zeiss Airyscan LSM88o setup.

Overall, it is shown that the TU reconstructions do not provide NCC optimal recon-
structions with respect to mDEC, which was subjectively chosen on the example of the
experimental data presented, but do provide a remarkable reconstruction quality with
consistently fast processing.

In contrast to excitation and emission PSF manipulation-based methods, TU does
not require further modifications of the measurement setup and can be used directly.
However, due to the axial symmetry of the PSF used, TU cannot distinguish, in the case
of only one measured Z-slice, whether ooF influences originate from above or below the
Z-slice under consideration. In this case, TU can be used for ooF-rejection as the precise

assignment of the ooF to other Z-slices is irrelevant. By measuring further Z-slices and
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using them for reconstruction, the necessary asymmetry can be generated indirectly here,
thus enabling the distinguishability of the axial position of the object information. Due to
the direct usability of TU without PSF-manipulation, the NA of the measurement setup is
not degraded, can be fully used and the system transfer efficiency is not reduced. Although
the reconstruction by deconvolution used for comparison yields overall more stable and
NCC better results, TU can be used performantly on the CPU and without complicated
setup steps. Also the parameter search for TU turns out to be more compact than for the
used deconvolution. For further analysis the influence of the detector pixel shape factor on
the detector mask choice is interesting. The presented method zZLEAP can also be applied
laterally, which allows further time and measurement savings.

TU was implemented in Python using the C-optimized Numpy interface. TU is cur-
rently not fully but only partially processed in parallel despite its excellent suitability for
parallel processing. The implementation of deconvolution on the GPU, on the other hand,
uses all CUDA units of the entire card simultaneously. Due to the GPU RAM limitation,
memory-consumption-optimized deconvolution methods have been applied, while TU
currently does not yet optimally use memory resources. Optimization of memory usage
and parallelization of the unmixing process of TU is conceivable by strict use of Cython as
well as adaptation to C standards or direct implementation in C and is left as an outlook for
future engineering. To overcome the fast increasing necessary RAM for calculation of the
unmixing matrix, using Hierarchical Data Format Version 5 (HDF5) [66] containers and
therewith directly calculating on the system storage might further increase the methods

versatility.
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Something unique, something imperishable formed in my head.
An artful structure of words and sentences, which materialized
like an extraterrestrial creature of strange beauty in my thinking
- and spoke to me, in immaculate verses. It was |[...] a gift from

the stars.

— Walter Moers

The microscopy landscape is in a constant state of change. New labs are being built and
equipped with the latest imaging methods, old labs are being upgraded, imaging centers
are offering their services across labs and systems can now even be rented out. Existing
microscopes are not immediately discarded, but still serve as workhorses and continue to
be used as a reference or gold standard. Widefield Microscopy (WF) and Confocal Laser
Scanning Microscopy (CLSM) type systems still make up the majority of the currently
existing and used microscopy systems. Also, in terms of price, these are currently still
more affordable than state-of-the-art high-end microscope systems.

Many new microscopy methods are based on fundamentally the same geometries as in
the case of WF or CLSM setups. The understanding, analysis, and improvement of these
basic methods can also be extended to novel methods where appropriate, making them
of particular interest.

The goal of this work was to consider microscopy systems holistically and across
methods. This was done by starting with the fundamental problem of focus quality
and loss and continuing with a comparatively shallower problem of data reliability due to
jitter effects. Finally, after identifying ways to increase data reliability in the case of WF and
CLSM, a method was presented to get more out of existing Image Scanning Microscopy
(ISM) 2D data without changing the setup or purchasing extra large computational
systems.

In chapter 2, the presented software autofocus represents a possibility to keep the actual
focus position by evaluation and subsequent classification of the recorded data w.r.t. the

proposed quality measure Q. The presented metrics were stress tested in terms of required
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computational power and time as well as susceptibility to system aberrations. The results
can be easily applied to existing setups by processing the recorded images live on the
computer and, according to the obtained value Q, the focus position can be evaluated and
adjusted. However, this process may be slow, but this can be remedied by system extension
using Field Programmable Gate Array (FPGA). The presented method was tested for 2D
and 3D object distributions. Since the captured images are reduced to a single value Q,
in the case of a 3D stack all acquired images must first be completely recorded and each
slice evaluated. The advantage of this approach is that the similarity of different slices
and therefore the system drift can be determined by comparing the slicewise Q values
and not by correlating the entire 3D stacks. This can significantly save system resources.
However, in case of a rapid change of the sample between two consecutive temporally
spaced measurement points, e. g. due to cell genesis or strong contrast change, the method
has its limitations and hardware based methods have to be resorted to. In the future, the
method may be directly transferred to Neural Networks (NN) to e. g. address the problem
of rapid image content change and provide augmented feedback directly in a live view of
the measurement using one-shot applications.

In chapter 3, the task of removing imaging artifacts due to random (micro) movements
of a mouse eye was accomplished using a novel dejitter algorithm. The algorithm was
adapted to the specific problem and uses a correlation-based measure with respect to an
existing coarse continuous structure for finding global drift as well as local, line-by-line
correction. Random jitter occurs not only on the living organism under consideration, but
in any measurement situation, since measurement devices are always connected to their
environment and even the best vibration-free mounting cannot completely dampen strong,
spontaneous oscillations. Thus, the presented dejitter algorithm has a further and more
general field of application. In the future, it is conceivable to use some output parameters
of the dejitter algorithm as a measure for assessing the reliability of the recorded data
both live and in post-processing.

In chapter 4, the deconvolution method of Thick slice Unmixing (TU) is presented. It is
based on a 3D forward model together with ISM imaging, where the different detector
pixels measure different projections of a 3D volume of the observed sample (views). Thus,
by knowing or simulating the 3D system Point Spread Function (PSF), a 3D distribution of
the sample can be reconstructed based on the different views. Three application scenarios

for TU were presented. In scenario one, TU is used for Out of Focus (0oF) rejection.
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Due to a compact formulation of the TU equations on only one slice to be reconstructed
based on a single-slice multi-view dataset of a three-dimensional sample, only a few
computational steps are needed here, which allows the method to be used on hardware
with low computational power. In particular, computational power can be saved by limiting
the imaging model in the reconstruction to include only a small axial region around the
considered Z-slice. In Scenario two, a 3D volume is reconstructed from a 2D multiview
dataset. For comparison, existing deconvolution methods were extended to include the
ability to compute a 3D stack from a 2D multi-view dataset. Although the Maximum
A Posteriori likelihood (MAP)-based deconvolution results have on average a higher
Normalized Cross Correlation (NCC) similarity to the used in-silico ground-truth the
differences to the the volume-reconstructing TU results are small.

LEAve-out z-Planes (zLEAP) was presented as scenario three, in which only every p"
slice is recorded and intervening slices are reconstructed as best as possible by knowing
the multi-view 3D system PSF and including the full Z-scan multi-view information in
the model. The results compared to the original dataset as well as deconvolution are
of surprisingly good quality, as both computational approaches, model complexity and
implementation complexity are significantly lower than in the case of MAP-based de-
convolution. zLEAP is particularly intended for the use case of Nyquist correct imaging
with every second slice omitted. Here, every intermediate slice can be reconstructed and
thus the Nyquist correctly sampled image is gained while the phototoxic sample load is
significantly reduced. While the MAP-based deconvolution scales with Nlog (N)* with
the number of Z-slices the inversion matrix of TU scales proportionally to the number
of views used per Z-slice, which could lead to a quadratic dependence on the number
of Z-slices. Thus, the presented implementation of TU is comparatively performant only
up until a Z-stack size or amount of views threshold. Unlike other implemented decon-
volution methods, TU does not require Graphics Processing Unit (GPU) to run in a
time-performant manner, does not require cumbersome (driver) setup as well as costly
computer components, and can be used straightforward in the form of matrix multiplica-
tion. The strength of TU lies in its reusability use in case of stable imaging parameters and
PSFs for different measurement data, since here the inversion matrix has for each spatial

frequency to be computed only exactly once thereby saving computational time for all

1 Due to properties of Fast Fourier Transform (FFT) calculation.
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consecutive applications. The easy manageability of TU could also be seen as another user
advantage, since only a few parameters have to be set here for a robust reconstruction.
For future developments, the parallelization and optimization of the view usage in the
inversion matrix determination is of particular importance, since this can once again
significantly save system resources and accelerate the processing. Thus TU can be still
more competitive compared to existing MAP-based deconvolution methods.

For the presented processing methods a complete own Python toolbox MicroPy [ 44]
was created and further toolboxes (InverseModelling [67], NanolmagingPack [38], tiler [42],
UC2-Software-GIT [68]) were actively advanced and supported in collaborative develop-
ment.

The presented post-processing based enhancements to the entire optical system are
directly applicable and have a direct impact on image acquisition quality (autofocus),
reliability of measurement data (dejitter) and quality of the 3D reconstruction (TU). In
particular, the zZLEAP use case of the TU method can noticeably reduce scan duration
and recording volume. All methods/reconstructions were implemented on a laptop using
the CPU or its dedicated small GPU, allowing any researcher in e. g. biomedical imaging
not only to extend their existing methods without changes to the ISM setup, but also to
process the acquired data directly on their laptop. The present work demonstrates how
a holistic improvement of the measured data can be achieved by a set of well chosen

imaging optimizations.
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APPENDIX: GENERAL INTRODUCTION

A.1 GREEN’S IDENTITY

Here Green’s second identity is invoked to connects the bound volume-integral of volume

V of a set of differentialable functions with their surface-integral A [69]:
ﬂ Vd35c’ (E®VAGRE) + GRVEER®)) = HA 423 (E@)9;G@) + G@DI;E®) (A1)

where 7 marks the surface-normal on A that points away from the volume V.

A.2 HELMHOLTZ-EQUATION

To describe light and matter interaction the Maxwell-Equations (Equation A.2 - A.5)
([7o]):

Z €1mn9mH, = 0D +j, ,with:,m,n € {x,y,z} (A.2)
mn
Z €1mnOmEn = —9:B; (A.3)
mn
Y ViD=p (A.4)
]
> ViB =0 (A.5)
]

with E,, = E,,,(%,t) electric vector, H,, = H,,(X,t) magnetic vector, D,, = D,,(%,t) elec-
tric displacement, B,, = B,,(¥,t) magnetic induction and j; electric current density,
will be used. d,, are the partial derivatives with respect to the 3 spatial dimensions
Y 9m = 0x + 9, + 9, and 9, is the time-derivative.

Assuming time-harmonic (=sinusoidal) waves, very slowly - with respect to the period of
interaction with fields - moving bodies and isotropic material, the following material equations

are obtained:

jm = ¢ DE,, (A.6)
Dm = é(eleC)Em (A7)
B,, = (M8 (A.8)
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where ¢(©"d) js the n, {(¢169) the electric permittivity and ™2™ the magnetic permeability.
Typically these are tensors, but it suffices to assume them to be constants within the
framework of this thesis. Taking the curl = Vx = }_ '€,0,9, of Equation A.3 yields for the

left side of the equation

e‘polao (elmnamEn) = Z epolelmnaoamEn

olmn
= Z elpoelmnaoamEn
olmn
= Z (5pm50n - 5pn50m) 99, Ey,
omn
= Z (009,E, + 059,E, ) (A.9)

where the assumption that the observed region is source-free (70 = 0) and £(¢1*®) £ 0

non-vanishing and hence from A.7 the relation:

Z VD, = Z Vi ({EeE)) = Z (Elvlg(elec) + C(elec)VzEl)
I ) )
Vlg(elec)
; VE, = ; ElW = ; E)V;In [g(clec)] (A.10)
was used.
Under the assumption that the magnetic permeability is spatially homogeneous (g (M%) =

0) the right side of Equation A.3 yields:
Z €polao Z €lmnamEn = Z at [Hlepol (aog(magn)> + C(magn)epolaoHl]
ol mn lo
= Z g (magn) €po19oH] (A1)
ol

Assuming charge- and current-free field-regions and combining the A.g and A.11 yields the

wave-equation for e. g. the E,, field [16]:

(elec) »(magn)
Zm AlmEm = %atzEl - Zmnop €lmn (am lng(magn)> (enopaoEp>

- Zm Vl [Em (am lng(magn)>]

Assuming a monochromatic, time-harmonic external field with time-dependence exp {—iwt}

(A.12)

and w = k - ¢, the electric field E,, (and respective H,,) can be described as:
E{eaD (R ) = Re {En (R, w)-e7'wt} (A.13)

and Re being the real-part selector of a complex quantity. Assuming that (M3 (%), the
magnetic permeability, is approximately constant over the spatial extend of 1A of the exterior

field its spatial derivative d,,1n (9 « 0 and thus the compontens of the differential
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equation Equation A.12 decouple. It suffices to do a scalar derivation for one vectorial
component, because the extension for all components is similar and straightforward.

While omitting the w-dependency Equation A.12 reduces to the Helmholtz-Equation:
AE(X) = =k2n?2(X)E(X) (A.14)

where A = 92 + 85 + 92 is the 2nd derivative or Laplace operator and e. g. 92 = 9%/9%x the
Einstein notation. By splitting the scalar field E(¥) = E® (%) + E® (%) into the illuminating
field E® (¥) and the scattered field E® (¥) and introducing the scalar scattering potential
FO (X)) = —

(n?(X) — n3) Equation A.14 can be split into a homogeneous and an

inhomogeneous part:

(A+k*)ED @) =0 (A.15)
(A+k?)E® (%) = —4nF© (X)E(X) (A.16)

where ng is the homogeneos refractive index of the surrounding medium and 7 the
refractive index-distribution of the sample. Equation A.15 can directly be solved via the

Ansatz E® (#) = ¢/** and thus the Fourier-relation:

EO ) = FHE®)} () (Aay)
JARER)e!

iK't (A.18)

allows to represent the analysed field via a superposition of a plane-wave spectrum which,
in case of the plane-wave solution E¥, reduces to a delta-peak E® k—k)=06k-F).

27‘[11

Only vectors ‘k| that fulfill the requirement:

k| = k2 + k2 + k2 (A.19)

are valid solutions (wave-vectors) to Equation A.15. Within a bounded region k can be
complex and thereby frequencies bigger |7<| are valid, but these so called evanescent waves
are spatially fast decaying. Hence, only waves with real-valued solutions to Equation A.19
can propagate to far distance and are thus called propagating waves.

The inhomogeneous Equation A.16 still contains the complete E(X)-field on its right
side which makes an analytic solution - without any further assumptions impossible.
A standard way to study the response of an analysed set of differential equations is by

hitting it gently with a small hammer thereby exciting all possible harmonics within the
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equations’ response range. The same can achieved in case of differential equations by

applying the Green'’s operator G(X) which changes Equation A.16 to:
(A+k*)GE—X) = —4mé(X - ') (A.20)

Combining Equation A.16 and Equation A.20, applying Green’s Second Identity Equa-

tion A.1 and making the particular choice Equation A.21 for the Green’s function leads to

Equation A.23:
piklE—%|
G@E-X) = FET (A.21)
ik|X—X']
(8) r2y — 327 2/ >/
Q@) = [[[, ¥ FREE) s (A22)
=[G ® S](X) (A.23)

Note that k = Z/Xﬂ in Equation A.21 is the environment (n) dependend spatial-frequency
belonging to the wavelength A and should not be confused in general with the spatial
frequency-vector k, yet. In case of propagating(=non-evanescent) monochromatic fields,
with € = (x,, Ky), the condition |«| < k is fulfilled and then k = |7<| is correct. Even though
Equation A.22 looks like a solution it is still not tractable, because the complete field E(X")
is still contained on the right side of the equation. By interpreting Equation A.22 as a
convolution (®), Equation A.23 is found and allows to understand the Green’s function
as a propagator of the new scattered field S(¥) = F(X)E(X). Instead of finding a model

for the field-scattering interaction let us first take a break and analyse the propagation of

fields through a given optical system.

A.3 RAYLEIGH-SOMMERFELD DIFFRACTION

Deriving the field distribution at a far point P; = x®* = (Y, z®), with YV = (x@,yW),
from a source at Py = (¥',z(%)) can be achieved by applying Huygen’s wavelet theory
where every wave-front can be assumed to be the starting point of a set of new spherical

waves that can mutually interfere. For a source-free region between P, (in plane 0) and P,
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Ficure A.1: Coordinate Systems used to describe the field propagation between a plane (0) with

a point P9 and a plane (1) with a point P(V).

(in plane 1) (see Figure A.1) it can be shown that the field-propagation can be described
by:

EM () = E® (30, z0) = ﬂ 2ROD (3D — 3@, 200 — 7)) EO) (}(0))

(A.24)
E® ()%mlzm) = [D ® E(O)] (55(1)) (A.25)
D ()%/Z) = _az(0> [G ()%/Z) -G ()%/Z - 22(1))]Z(°)=0 (A26)

with ¥ = Y — ¥,z = z(0 — 200 and z(® = 0 evaluated after the derivation. The
assumptions of a finitely bounded field E°, which is not influenced by the bounding-edges,
a homogeneous medium and a forward-propagating wave - meaning zV > z(°) were made.

Coining this situation as free-space the Green’s function Equation A.21 can be used yielding:

N 1 ' . Pk =30
1 kz ekl
= (= —i) = (A28
(klxl )NIXI |X| )

with ¥ = ¥® — (©_ In the bounding case of k|X| > (271)~! it becomes apparent that the
propagator shifts the phase by i = e which is the crucial difference of secondary sources

(=fields) to primary sources (=scatterers, absorbers, emitters).
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Assuming only radiating fields (=being far away from the sample), allowing only small

lateral devitions from the optical axis (|X| — z) and applying the Taylor-expansion around

-

Xo =0

> 2 22
X =22+ X2 =z\1+ <)Z—C> o<z<1+§?> (A.29)

for the |¥| in the exponential leads to the Fresnel-Propagator D®:

k .. k-
D(F) ()_(),Z) — _iﬁezkzelﬂ)(z (A30)

Inserting Equation A.30 in Equation A.24 finally yields the Fresnel-approximation:

E® (3W,z0) = DEY (3, z) F {E<0>’ (ZX( )’,z<0>>} (X®,z9) (A.31)
D¥) (3™, z) = _jeikzeiz A" (A.32)
EO) (%(0)’,2(0)) = E( (%(O)I,z(o)) e_iéff(m2 (A.33)
(A.34)

. . >(0)’ X(O)_)E(l)
where the coordinate-rescaling ' = ~——=—

under the integral was used for reduction.
Further F; is 2D Fourier-Transform with respect to y. Interestingly, instead of the typical
Fourier-component representation of the field in terms of k-frequencies the field at ¥
rather represents the field composed of spatially distributed plane waves. Instead of
having to invoke two Fourier-transforms as would be the case for the free-space propagator
Equation A.35:
, eIV < k
Dfree) (7) = ptk=z — (A.35)
0 , else
the Fresnel-Propagator only needs a single transformation.
The Fraunhofer approximation D) Equation A.36 can be derived from Equation A.24
by limiting E(® to a maximum radius x (" and assuming very far distances such that

1| > kI¥(®|?, hence yielding:

A N , [z
E® (3@,20) = DFD (3O, 2) T, {Em) ( p

,z(o))} (x®,2z) (A.36)
iz

D(FH) ()%(1)12) = —Weikz (A37)
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With these tools in hand the field propagation through an optical system can be calculated

as follows - for ease of explanation assuming 2D-fields only:

1. propagate field (plane) from z(% a distance s(®) = z( — z(?) to the entrance pupil at

z® of the optical system
2. have the field interact with the optical system

3. propagate field from the exit-pupil z'®" a distance s = z® — z(?" to the plane of

measurement at z()

The simplest configuration in case of free-space propagation (where there is no system
in-between) was demonstrated in the former section and is coherent with this approach.
An object of particular interest is the propagation through a lens. For a thin lens, the
lens-curvature is small compared to the lens diameter and the field’s lateral entry and
exit-coordinates do not change ¥ ~ ¥". Hence it can be described with a complex-
valued pupil function P(¥), f the focal length and ® = k\/]T)((D2 the locally introduced
phase change dependend on the lens-shape and material. The transmission through a
thin lens is then given in Equation A.38 and by Taylor-expanding ® only until the 1st

order Equation A.39 can be derived:

ED (W) = P (3D) T IP(RY)EQ) (D) (A.38)

k501
= F3b {P} e T E® (1) (A-39)

. >(1 — ﬁ ~ ’
with P (3®) e ®E&")e ™% = 721 (P} (3D"). To calculate the propagation of a field from
—z(© before the lens until a distance z*, hence propagating the field by a total distance
of z = zW 4 z(® the above mentioned algorithm is applied and evaluated in case of

Fresnel-approximation thereby yielding:

(1) k(O ,
)_e(l) + _)‘6(0)) E(O) ()‘e(o)lo)

S(O)
(A.40)

~ [k
E® (}—6(1),2(1)> — D(lens) ()—(’(1),5(1)’5(0)) J.dZ)‘(’(O)P ( ey
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Here, different immersion media in front n9 and after the lens n‘!) were taken into

account which led to different k© and k»). The replacements

. kO s g5 K 2
D(lens)(x(1)’s(1)’s(o)):_S(_O)el(k sW+kOs )e oS (A41)

EO (7, 0) i@ " p) 3, 0) (A.42)
were used for simplification and to introduce the lens-propagator D{€"%) to propagate from
one plane at s‘© to a plane at sV). Adding a second lens with focal length @ (f(© is the
focal length of the first lens), placing the two lenses such that their focal-planes coincide,
and placing the input field at the front-focal plane of the first lens, a 4f-configuration is
constructed. Hence a second propagator over the distance s = 2f ) is added to the first
lens with the propagation distance s = 2f("). Hence, applying Equation A.40 again for

the second lens leads to:

¢9) 0
E® ™, 2f ™ 4 2f(0)y = D(4f) (F©@,FD) de)-(’(o)P (;(1)5&(1) +JI§(_O))'€(O)) E© (%©,0)
(A-43)
with the 4f propagator D) as:
KOKD 000 L 1@ O 4 k21 (D £
DU (F© f)y = _Wel( FO k@O L Df D (M @) (A.44)

Equation A.43 has the typical shape of a homogeneous Fredholm-integral equation of 1st
kind with the kernel P, the unknown function E© und the measurable/known function
E®W [71]. It describes the system-response (kernel) to an incoming signal. By rescaling
the pupil-function P according to Equation A.45 the integral can be simplified into a

convolution Equation A.46:

N KO N/ kO
- (0 ()
(1) () L hab 5@ o1 (X
E®) (1) = DU (£ f )[a®E°]<M> (A46)

where M = —(nOf®)/(nMf(©) is the system magnification and a the 2D Amplitude
Point Spread Function (APSF) of the analysed 4f-system. This equation can be simplified
by assuming that all three different zones consist of the same surrounding medium n and
that the front and back-focal planes of each lens are identical. Further, if the Abbe-Sine

condition is fulfilled (=constant magnification over whole FOV) invariance under translation
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of the system-response function can be approximately assumed. Note that the derivation
discusses plane-to-plane trasport and hence 2D in-plane solutions are derived. The full
3D-solutions around the planes of interest/focus can be calculated from the in-plane
solutions via different propagation approaches and will be introduced in Section A.6.
Hence we saw that a lens is not only a fast Fourier-transformator (Equation A.31), but
that the field at a displaced position z*) can be described as a convolution of the incoming

field at z(®) with the APSF a (Equation A.46).

A.5 COHERENT AND INCOHERENT IMAGING

In the derivation of the Helmholtz-Equation (Equation A.14) the time-harmonic e’ term
was omitted and shall be viewed again. All system (e. g. 4f-configuration) responses are
assumed to be static while the incoming and outgoing fields are allowed to change with
time. A intensity measurement of the incoming light-field means to temporal average it
for the measurement duration At = T due to the limitations of detectors. By adding time ¢

as variable to Equation A.46 it follows:
1 pt+T
0@ =(E@0f) = 5[, dEO @~ OE G~ (A.47)
= H dzx’dzﬁ%”a ®-X)a X -X")

= [ arE© (¢ = OEO G - 1) (A.48)
t

=J(X',X")...mutual intensity
Note that t — 7 marks the time delay necessary to propagate through the optical system
characterized by a(¥). The introduced mutual coherence is a measure of spatial coherence
of the propagated field. The behaviour of | can further be described by limiting it to the
two cases that will be used within this thesis, namely (1) quasi-monochromatic (Al < A,
but not AL = 0) and (2) incoherent fields E. In case of (1) the field is completely self-
correlated and distant points within the field still have a phase-relation with each other
and hence still can interfer. In case (2) on the other hand no two points of the field have a
continuous phase-relation with each other and hence only self-interference of a point is

possible thereby yielding:

(1) Jem @, =E@Q@)EO*(}") (A.49)
2) JUmR, R =1OFYFX - X" (A.50)
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Inserting these mutual intensity functions into Equation A.47 the relations

(1) ID@) =|[a®@EQ] @) (A51)
2) 1Y) = [1aP? @ I9] (}) (A.52)

can be found. Remarkably, a coherent field can be propagated with a coherent propaga-
tor, namely the a or APSF, while an intensity distribution (no phase information left) is
propagated by an intensity-propagator &, the so called Point Spread Function (PSF). By
Fourier-transforming these operators the Amplitude Transfer Function (ATF) d (Equa-

tion A.54 ) and the Optical Transfer Function (OTF) / can be found.

@) =l () (A53)
a(%) = Fopy{a (X))} (x) (A.54)
h(®) = Fap) {h (%)} (¥) (A.55)

Already at this state it can be seen that retrieving the PSF in case of incoherent imaging

Ficure A.2: Fourier-Relations in 2D. a) ATF, b) APSF, c¢) PSF, d) OTFE.

(Equation A.52) can be achieved by e. g. imaging a sparse set of infinitesimal small points
(beads, quantum dots, gold nanoparticles) that can be described as 6-combs for I and
averaging over the resulting shifted PSFs according to Equation A.52. In case of the APSF
(Equation A.51) regaining the necessary phase-information needs many assumptions
about the nature of the system and the incoming field as well. Yet it can be reconstructed

by using an iterative phase-retrieval approach, if possible at all.
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A.6 3D-IMAGING

Intuitively, a simple but reasonable strategy for extending a given 2D-model to 3D is to
assume that in case of the 2D-model the in-focus sample-plane (typically z(© = 0) is imaged
onto the detector plane. Then by adding a free-space propagation either to the sample or
detector in +z direction the in-focus solution can be extended to Z-planes z # z(®.
According to the presented strategy for the transition from 2D to 3D a defocus-operation
in terms of convolution of the 2D APSF with the Rayleigh Sommerfeld Field Propagator D
(Equation A.28) directly leads to the 3D APSF a (¥, z) = a (X) Equation A.56, where ¥ is
the lateral 2D and X the 3D coordinate vector. In case of Fourier space representation the
ATF 4 (k) is multiplied by the Fourier transformed Rayleigh Sommerfeld Field Propagator
D thereby yielding the 3D ATF 4 (7%) Equation A.57, where & is the lateral 2D and k the

3D frequency vector.

a (%) =[D(X,z) ®pa(X,0)] (A.56)
ﬁ():ji»{a} D (%,z)d(%,0)
= o2V K25 (% 0) (A.57)

In Equation A.57 the particular choice D = D(fre®) (Equation A.35) was used in Equa-
tion A.57. The ATF 4 (¥) can be interpreted as a 3D imaging pupil. It is crucial to bear
in mind that according to the presented strategy the defocus was solely modeled into
the APSF a which in turn is assumed to plane-wise interact with the sample. mutual inde-
pendence of different planes of the sample by means of coherence and absorption/emission
is assumed. In case of coherent imaging this assumption is typically heavily violated as
will be discussed further in Section A.8, but can be used for description of incoherent
processes with great success. For example, the incoherent 3D-image of a 3D-sample in

the detector-plane can be described via:
S (7((1)’0) =h (;}(1),4_2(1)) ®-p 1© ()%(0),0) = [h ®>p 1(0)] (X(l)/_,.z(l)) (A.58)

where [(©) is a 2D intensity distribution at plane 0 at z{® = 0 and accordingly IV is a
2D intensity distribution at plane 1 at z") = z, see Figure A.1. The points P(© and P™ in

Figure A.1 demonstrate how a point is not only free-space propagated but also displaced
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Topic Approximation

Helmholtz-Equation monochromatic, time-harmonic (=sinusoidal) external field/waves;
very slowly moving bodies as compared to the time-window of interac-
tion with surrounding fields; isotropic material; specific conductivity,
electric permittivity and magnetic permeability are constants; charge-
and current-free field-regions

in-focus finitely bounded; no influence by the bounding-edges; homogeneous
medium over at least 1A spatial extent; forward-propagating waves;
APSF invariance under translation; system responses are static over time,
while in-/out-going fields can change; APSF plane-wise interacts with
sample; mutual independence of different sample-planes

measurement far-away distance; finite temporal resolution of detector

TaBLE A.2: Approximations. Brief overview of all applied approximations for the derivation of

the 3D-APSF, ATF, PSF and OTF.

when going from one plane to another through the optical system. The identity (=)
displays an alternative way of writing the functional dependencies of the first equality of
Equation A.58 in a more loose but easier to read manner.

The result is remarkable, as it states that if the sample can be described as a 3D-stack
of individual axially-displaced planes (slices) and such a stack can be acquired by (e. g.

successive) 3D-measurements. Equation A.58 generalizes to Equation 1.9.

A.7 SCALAR HIGH-NA IMAGING

In the last sections the basic foundation for light-propagation and optical systems was set.
The concept of a system-transfer function was introduced by using sequential application
of the Rayleigh-Sommerfeld integral or its approximations (mainly: Fresnel). Especially a
(semi-) convex lens in 2f > or 4f 3 configuration generates the very far away Fraunhofer-

pattern, which can be described as a Fourier-Transform of the incoming front-focal plane

1 i.e. 2f before and 2f after one lens
2 Only directly true if Abbe-sine condition is fullfilled.
3 i.e. 2 subsequent lenses with matching focal planes and imaging from first to last focal plane
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tield-distribution (Fraunhofer-approximation of the Rayleigh-Sommerfeld diffraction
integral), into its back-focal (Fresnel-Approximation) plane (Equation A.31). Note that
this is only true for imaging of the intensities in both lens configurations, but does not hold
for the phases in case of the 2f configuration*. While various approximations have been
made to derive how a field propagates through a given system (see Table A.2), the question
remains: How to properly model such a system without the particular assumptions of
paraxiality> or measuring at a far away distance? In Equation A.24 the incoming 3D-field
distribution E©) (¥) is projected onto a superposition of 2D-wavefronts that reaches the
entrance pupil of the optical system at z(°) and is then propagated to a distant plane at
zM. Here the assumption of a finite sized pupil and effects of the pupil onto the incoming

field (as introduced by Equation A.38) can directly be included into the pupil function P:
E® () = ﬂ P23 OPFOYD (3O — 3©,z0) — z() E© () (A.59)

Equation A.59 is still exact within the framework of the Sommerfeld-Rayleigh integral for
a (locally) homogeneous surrounding medium. Assuming a uniform circular pupil in paraxial

approximation yields:

1 ,x2<NA
p(roy=1 " (A.60)

0 ,else

and a uniform incoming light distribution (E OOy =1,e. g. a plane wave-front z > A

away from a J-like emitter) Equation A.59 can be solved to the jinc function [70]:

(11 (¥

>

Xw
with JI! being the Bessel-Function of 1st kind and w = kNA. Note that J{!] is a periodic

function whose period is (=1 . Equation A.60 is the in-focus solution (at position z®*) = 0)
for an optical system whose entrance- and exit-pupil can altogether be described with a
non-apodized, hard edged circular pupil. The full 3D-field distribution E® (x!)) around
the focus can be calculated by applying the free-space propagator Equation A.35.

When stepping away from the paraxial approximation, hence allowing for bigger lateral
angles of the illumination/detection beam and thus }(©) « z is no longer valid, polariza-

tion effects on the resulting 3D-vector field in-focus distribution become noticeable. Within

e.g. imagine the image of a parallel incoming wave in 2f configuration.
Paraxiality is typically a wording used in geometrically optics where the light propagation is characterized

by using propagating rays. In case of paraxiality only small angles between the rays and the optical axis are

allowed, thus allowing for the approximation sina =~ «.
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the general framework of super-resolution microscopy many systems rely on high-NA
objectives with 1.4NA and e. g. oil-immersion n°) = 1.518. Here the half aperture angle
of the objective lens is a = arcsin (%) ~ 67°. For example, there will be two opposing
spatial frequencies® in the objective lens’ Back Focal Plane (BFP) at +0.42 - d®FP) where
d®BP) is the objective lens’ BFP diameter, for which the focus of an incoming plane-wave
meets under an angle of "' = 90°. These two beams cannot interfere due to a missing
spatial overlap. Therefore, the degree and spatial extend of interference of the interfering
beams - coming from opposing sides of the optical axis - depends on their lateral position
and thus the focal spot gets deformed.

Even though this was only a qualitative explanation it displays the potentially severe
discrepancy of using high-NA objectives together with the paraxial approximation. The
linearity of the Helmholtz equation (Equation A.14) allows to treat the Laplace operator as
separable and hence only limit the analysis to 1 field-direction at a time. In this thesis the

high-NA scalar case is considered, but transition to vectorial treatment is straightforward

and could be added at anytime if necessary.

A.8 BORN APPROXIMATION

In Section A.6 field propagation, based on the homogeneous Helmholtz equation Equa-
tion A.15led to the derivation of Fourier-imaging theory for arbitrary imaging systems. The
inhomogeneous Helmholtz equation Equation A.16 in case of interaction with coherently
scattering/absorbing matter will briefly be analysed.

Since the scattered field E® depends directly on the complete field E in Equation A.16
an analytical solution leads to an infinite (self-recursive) series of E and thereby needs
additional assumptions for tractability. Without much further restriction and for arbitrary
matter distributions, direct Maxwell solvers can compute the matter-field interactions in a
small volume of space enclosing the matter distribution. Typical Finite Difference Time
Domain (FDTD) algorithms discretize space and time and thus can solve Equation A.16 on
a discrete grid for a large frequency range for virtually arbitrary matter-field interactions
(e.g. nonlinear media) simultaneously, but require large computational capacities and

time [72]. Since the field is computed on all points in space, wrap-around artifacts can

6 This even holds true for a whole ring around the zero frequency.
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arise due to the finite domain size (computer memory limited), which can be reduced by
introducing a perfectly absorbing boundary surface. The Discrete Dipole Approximation
(DDA), on the other hand, assumes a distribution composed of individual dipoles in a
constant medium instead of an arbitrary sample distribution and solves Equation A.16
in the frequency domain for 1 frequency at a time. The field distribution calculated in
the medium composed of dipoles can then be propagated into the external space and
the near and far field can be derived from it. This method is already significantly more
resource-efficient, but also entails significantly greater restrictions with respect to material
properties and structure [72]. Note that both FDTD and DDA can achieve the same
performance depending on the calculation parameters [73]. Further developments for
the efficient calculation of the field distribution around the scattering medium could be
achieved by the suitable discretization of the Green’s function [74].

Another possibility is to divide the medium into individual layers, calculate the field
distribution per layer E!) with the result of the propagated field distribution from the
previous layer as an incoming wave E) = D(dz) ® E("). The method is susceptible to
strong refractive index changes at interfaces, backscattering, and an appropriate choice of
propagation distance dz between layers.

Assuming that the matter distribution is only weakly scattering that is, n(x) — ny = én
holds for very small én, E ~ EW can be assumed for the right-hand side of Equa-
tion A.23 [16] and it follows:

E® ) = —47[G ® (F® EV)] (2) (A62)

with the scalar scattering potential F®® (¥) = —47;% k? (n?(%) — n3) (see Equation A.16)
and ® being the 3D-convolution. The total field E(¥) = EV (%) + E® (%) is the sum of
the ballistic field E"V and the scattered field E®® and can be calculated directly. With
application of the far-field approximation the interaction with the medium can be directly
incorporated into the established Fourier imaging framework Equation 1.9, since the weak

scattering property allows individual thin slices to be considered as mutually independent.
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A.9 THE JABLONSKI DIAGRAM

The possible excitation states of an atom can only be described exactly in the case of
hydrogen by means of the harmonic oscillator approach. Atoms with higher atomic
numbers can only be described approximately. For molecules, the harmonic oscillator
approach is not realistic for several reasons. On the one hand, bonds cannot break despite
arbitrarily large energies, and on the other hand, two atomic nuclei can come too close to
each other under very small energetic expenses [28]. The introduction of the anharmonic
oscillator solves this problem. Restricting the solutions of the anharmonic oscillator to
zero and first order, we obtain the Morse potential [28]. For a diatomic molecule, the two
first electronic states (Sp, S1) have a different center of charge, i. e. the central point of
symmetry of their spatial charge distribution differs between Sy and S;. The lower level
Sy is called Highest Occupied Molecular Orbital (HOMO) and the upper level S; Lowest
Unoccupied Orbital (LUMO). If the total spin of the excited and the paired electron
remaining unexcited in the lower level 0, i.e. they are oriented in opposite directions,
a singlet state exists. In this state, the spatial overlap of the electron wave functions is
particularly large, which means that more energy must be expended for excitation than in
configurations with a smaller overlap, such as the triplet state. Here, the two electrons
have the same spin orientation, which separates their wave function spatially (fermion
property). The triplet state is more stable and due to the selection rule of emission generally
longer-lived than the singlet state [75]. Due to the approximately 1000x greater weight of
the nucleus compared to the electrons, the Born-Oppenheimer approximation can be used
and thus the wave function of the nucleus can be described separately from the electrons.
Thus, the change of the electronic state can be considered instantaneous with respect to
the motion of the nucleus (depicted as a straight arrow in Figure 1.2). According to the
Franck-Condon principle, transitions with large overlap of their vibronic wavefunctions
are more likely than those with smaller overlap [27].

A set of time scales for transitions within a molecule in case of photon absorption and

emission are summarized in Table A.3.
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Transition t order

Decoherence-Time (a) fs
Vibrational Relaxation (VR) ps
Internal Conversion (IC) ps
Fluorescence (f) ns
Intersystem Crossing (ISC) ns

Phosphorescence (p) ms

TabLE A.3: Time-scale overview for relevant transitions displayed in Figure 1.2 [27].

A.10 DETECTORS

In this work, three main detector technologies were used, and their operation and general
parameters are briefly described below.

PMT In a Photo-Multiplying Tube (PMT) incoming photons are converted into Electron
(e7) at the (e.g. Gallium-Arsenide Phosphate (GaAsP)-) entrance-window and then
accelerated by the surrounding static E-field towards a set of concave dynodes. By hitting
the dynodes each time more e~ are emitted by secondary emission thereby leading to
an overall amplification of up to 107 for each incoming photon. The created current can
than be measured or converted into voltage, depending on the Analog-Digital-Conversion
Unit (ADC). While multiple-parameters influence the tube notably, especially the entry
window material, the amount of dynodes and the potential between them are of particular
interest. Changing the latter can be used to optimize the amplification while minimizing
noise-gain, i. e. minimizing the chance of amplifying electron-emission events that where
not induced by incoming photons. On the other hand, changing the window-material
allows to optimize for response-time or wavelength-dependend sensitivity. Further unde-
sired effects are split into additive noise, where the Signal-to-Noise Ratio (SNR) changes
proportional to the photon-influx, or multiplicative noise, where SNR is independend
of a change in photon-influx. Dark-current, an additive noise-source, happens due to
e. g. after-pulsing (e. g. light emission by dynodes), field-emission (due to high-fields
between dynodes), thermal-emission (spontaneous emission of a valence-electron due to
temperature depending potential energy) or radioactive decay (e. g. of the glass material).

While the average effect of this noise-source can be diminished by simple subtraction
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the uncertainty of the measurement is increased. Avalanche noise, a multiplicative noise-
source on the other hand, occurs during carrier and lattice interaction at the dynodes
where, if energy of the hitting carrier is high enough, more second carriers than intended
(according to dynode design) are generated thereby leading to a bigger amplification
and hence variance in the measurement. Due to geometry and material, the relative gain
by electron multiplication is subject to variations which increase the relative inaccuracy
(= variance) of the measurement current prediction per photon measurement. Finally,
before converting into digital units by using an ADC, the e~ are converted to voltage. Even
though the additive conversion variance (Johnson noise) scales anti-proportionally with
the used impedance, too high impedances should not be used as they might influence the
device response time together with the system inherent capacitances. The typical quantum
efficiency of a GaAsP-PMT around A = 540 nm is g™M1) ~ 40% where measurements at
20ns (electron transit time) pixel dwell-time are possible in the case of linear-focusing
design and continuous (non-counting) mode [76].

(em)CCD A Charge-Coupled Device (CCD) consists of multiple detectors arranged
on a rectangular grid. There are photon conversation pixels and read-out registers. These
can vary in number and position depending on the type of device (e. g. full-frame, frame-
transfer, interline). Incoming photons are converted into e~ per pixel and shifted to the
read-out register after the end of the exposure time. Depending on the type, the pixels can
be exposed further during the transfer, which can result in smearing. The accumulated
charge per pixel is converted pixel by pixel into voltage via the readout register, amplified
and converted into discrete units by ADC. Overexposure, i. e. utilization of more than
the available dynamic range of the pixels, can lead to e~ jumping over to adjacent pixels’
wells which after readout can be seen as blooming, i.e. brighter regions with lower
contrast [77]. In the case of an electron-multipliying Charge-Coupled Device (emCCD),
electron multiplication due to avalanche ionization is added before the voltage conversion.
emCCD cameras are ideal for high contrast (= ==low or no background) imaging at
moderate imaging speeds, e. g. 30 frames per second (fps), due to their read-noise of up to
< 1e™ /pix as Root-Mean-Square (RMS) of the read-noise distribution . For slow imaging
and existing background, long integration times are necessary, causing dark-noise to

accumulate. Due to the low dark-noise level of CCDs compared to emCCDs or Scientific-
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Metaloxide Semiconductor (sCMOS), they are preferred here [14]. In back-illuminated
configuration, (em)CCDs achieve a quantum efficiency over 90%. Common emCCDs
have 1024 x 1024 pixels with a pixel-pitch of 13 ym x13 ym [78].

sCMOS In a sCMOS an incoming e~ creates an electron-hole pair in the depletion region
of p-n-transistor which get amplified and accumulated within capacitors directly on the
individual pixels. The pixel values are thus pre-amplified, which can significantly reduce
the relative read noise arising at the horizontal read-out registers (row). sCMOS achieve
down to RMS 1.6¢~ (at 100 fps) at 0.006 ¢~ /pix at —30 °C cooling [79]. The presence of a
microlens array (=1 lens per pixel) can increase quantum efficiency allowing QEs of up to
> 80% to be achieved. Hence, sSCMOS are ideal for fast measurements with background
present and weak (> 4 photons/pixel) signals. Typical detectors have about 2048 x 2048
pixels at 6.5 ym x6.5 ym pixel pitch [8o].

A.11 SHOT NOISE

The quantum nature of light leads to fluctuations in the discrete conversion of photon to
electron during a detection process. The measured photons during an detection interval
T are thus a sequence of discrete-time events § (t) = 0(t — t;), whose temporal resolution
depends on the temporal response of the detector R (t). A random variable K, which

equals the amount of photons detected in a time interval T:
K= dt) [RD @] A6
fT Xl: [RT @ 6] (1) (A.63)
can be described by its statistical (=time-averaged) mean yx = E {K} and variance

02 = V {K} according to [14]:

The measurement process can also be formulated as asking the question: ,,What is the
probability that k photons were measured in the time interval At = T?”. The Poisson

statistic 2 answers this question:

k
(P‘Ig) o—HK

Plpx} = Px(K = klug) = (A.65)
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with K = k realizations, i. e. measured photons, of the Poisson distributed random vari-
able K. The random variable K is discrete (i.e. realizations k € N*) and thus the con-

tinuous mean g € R* can be obtained by using its discrete probability distribution

Pg (K = k|px):
Mk = ZkPK (K =k|px) (A.66)
k

where the formulation Py (K = k| px) means: the probability of measuring K = k > 0
photons given the mean y > 0 of the random process takes the value jg. The events
measurable at the detector depend on both its temporal response R (Equation A.63) and
its physical properties, such as e. g. the absorption cross section 7(®). Thus, the photon-flux
@ (t) of the incoming Electro-Magnetic (EM) waves measurable by the detector can be
described by @) () « 7P ®(t) and hence what can be measured by the detector within
T is:

oM (t) = [RD @ D] (1) (A.67)

Most sources (e.g. laser) are subject to temporal fluctuations that last longer than the
time scale T relevant for the measurement process at the detector. The counts K are not
independent of the measurable flux @ at the detector whereby for the description of K

the conditional probability Px (K N ®T)) and thus
P(k) = [ dpPy (K = k| px = @) pon (@ = ) (A68)

must be used. Here P (k) is still a discrete probability distribution while pgr, describes a

continuous probability density. To both the normalization:
Y Pk(K=k) =1= [ dppem (2T =) (A69)
k

applies. Note: Equation A.65 follows from Equation A.68 assuming pgm (@1 = g ) ~ 1.
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Ficure A.3: Distance Poisson and Gauss-Distribution (a) Difference AP of Poisson P and
Gaussian ( distribution, i.e. AP = P — (j, are plotted at discrete integer-points k for
different means and variances jig. (b) The log, ; of 12-norm (Equation 1.8) of the
distance of the Poisson- and Gauss distribution for different yx within the

sampling-range of [0,200].
A.12 GAUSSIAN NOISE

Interestingly, as displayed in Figure A.3, the relative /,-distance ||AP||§ (Equation 1.8)
with AP = P — (j between Gaussian (; (Equation 1.32) and Poisson P (Equation A.65)
distribution? is already smaller than 1072 for yx > 30 and thus the two can be used

interchangeably if thereby simplification in further analysis can be achieved.

A.13 ALIASING AND UNDERSAMPLING

For example, if the function is a standard cosine as

f.(T) =a(T) - cos (27‘(%)

7 Note, that the Gaussian distribution is continuous in its random variable while the Possoin distribution is

discrete. Hence, the comparison of the two is evaluated on an integer domain only.
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Ficure A.4: Aliasing in 1D-case. Left (Real space): set of Cosine-Functions with different periods.
Sampling points are marked with blue. Right (Fourier space): Fourier-Transform of
the same functions, but reduced to the given sampling points. Hence: Fourier-Space

consists of only 5 pixels.

with T period and 4(T) amplitude. If this function is eqidistal sampled with dg,0. = 1,

taking N = 5 sampling points and a = 1 then it results for different values of T:

Sampling Points: n € [0,1,2,3,4]
fu(T =4) = cos(0.5mn) =[1,0,-1,0,1]
- fi =[-0.2,-1.2,0.4,-1.2,-0.2]
fu(T =2) =cos(rtn) =[1,-1,1,-1,1]
- fr = [1.4,-0.6,0.4, 0.6, 1.4]
£, (T =1.33) = cos(1.57tn) = [1,0,-1,0,1]
- fi =[-0.2,-1.2,0.4,-1.2,-0.2]
fu(T' =1) =cos(2rtn) =[1,1,1,1,1]
- f, =1[0,0,2.2,0,0]

showing that f,,(T = 1.33) and f,,(T = 4) have the same values at the sampling points
and are thus assigned to the same Fourier-frequencies. Note that while n € [0, 1, ..., 4]
itis k € [-2/N,-3/N,...,0,..,2/N — 1]. For better visualization amplitudes of 2 =
[1,0.5,0.25,0.125] for various periods T were used in Figure A.4.

Typical microscopic measurements will be represented as a list of 2D images. An
example will be given for an imaged (low-pass filtered) spokes2d in Figure A.5. Imaging

parameters are according to Section A.11 where N(PX) = [256,256] and for a) the pixel-
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Ficure A.5: Undersampling Ra-Re) Real-space images normalized to individual maximum, Fa-

Fe) modulo of Fourier-Space images with normalization log, , (1 + [rVM). While Ra
and Fa represent the original image with d(SP12) = 30 nm pixelpitch, Rb-Re) and Fb-
Fe) represent sub-sampled images with pixel-pitches of dSP1at) = [2, 3 4,57 - 30nm
and therewith simulate a set of detectors with different pixel-pitches and sizes. The
cyan circle marks the OTF-support limit, the magenta circle the sampling frequency

of the image.

pitch is dPL1a) = 30nm. The further images b-e) are generated by rectangular sub-
sampling where the image is locally summed with a mask of sizeb) 2x2,c) 2x3,d) 4x 4
and e) 5 x 5 thereby reducing the resulting image size. The OTF cutoff frequency k(&WP
is displayed with a cyan circle while the magenta-circle displays the sampling limit of the
image k(SPM1at) For Ra-c) k©WH < k(SPLIaY) and the images are properly sampled while
for Rd-e) k(CWE) > k(SPLIa) and the images are under-sampled. A unique reconstruction
under the latter (Rd-e) circumstances of the sample is impossible as high-frequencies
are measured as lower-frequencies in the image. In real space the under-sampling is

represented by an increasing pixelation and thus loss of resolution.

A.14 FLAT-FIELDING UND UNITLESS IMAGES

For this section as well as the upcoming sections Section A.15 and Section A.16 a simple con-
focal setup with high numerical aperture NA = 1.4, excitation wavelength A(® = 488 nm
and emission wavelength A®™ = 510nm is assumed. Hence, the analysed images are
scanned images and the counts represent detected photon emissions of the sample. In a

natural 3D-sample wave-matter interaction processes like scattering, absorption or emis-
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sion influence the effective system PSF and Out of Focus (0oF) information is present
in the in-focus slice (Equation A.58). While ooF light might not be present in very thin
or non-scattering objects, the 2D in-focus (z = 0) intensity distribution I of an ideal

3D-imaging process of a 3D sample on at the 2D detector can be approximated as:
I(}) = 1618 () + 108) (%) (A.70)

Typically the in-focus signal 1" consists of higher-frequencies and changes rather
quickly laterally and axially, while the 0oF information I(*?8) (=background) is composed
of low-frequencies and changes rather slow w.r.t. the lateral field of view (FoV) and
axial step-size. The used wording , rather”is quite imprecise, but cannot be made clearer
without stating the used imaging method and hence whether inherent background-
suppression exists. While in case of Confocal Laser Scanning Microscopy (CLSM) imaging
the background I(°8) can be locally confined to the region of the axial spread of the CLSM-
PSF (Equation 1.22) it has to be extended to the whole volume of 3D-sample in case of a
Widefield Microscopy (WF) system due to the missing axial sectioning.

Background can be assumed to be constant over the FOV at a given in-focus z = z; and

can e. g. simply be estimated by:

e subtracting the mean of a Gaussian fitted to the lower frequencies of the histogram

of the measured image from the image
e subtracting the mean calculated from low variance regions

Imperfections (physical trade-offs) of the detecting device during the amplification and
read-out process lead to additional, mostly uncorrelated noise which typically is approx-
imated by zero-mean Gaussian white noise. To avoid clipping on low-voltages, hence
to reduce measurement bias due to missing sensitivity of the device, typically a voltage
offset is applied to each sensor-element. This offset can be modeled into the imaging
process (Equation 1.40) as additional term g, which is a combination of the noise-free
voltage-offset and the zero-mean Gaussian white noise. Hence, g, can be assumed to be
Gaussian distributed with ‘8= as the voltage-offset.

A brief simulation of flat-fielding scenarios is displayed in Figure A.6. Here, 2D-WEF-
imaging of a 2D-sample (S) was applied and hence constant background atI®8) = max (I (illkw) ) /10

was added (Equation A.70), then Poisson-noise applied and finally the detector offset
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Flatfielding and Background Subtraction for different u/ and o'
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Ficure A.6: Flat-Fielding Simulation to display effect of flat-fielding pre-processing on different

levels of misaligned illumination and sizes. a) is the Sample while f) k) are examples
of dark-image and background-intensity. 3 different illumination 4!, ¢! combinations

(illu1) ‘measured image M, flat-fielding corrected

are compared. b)-e) illumination I
image M%) and masked image M(12t1) . 1 (b8) for 4! = (0,0), ¢! = (20,20). g)4)
display the same for u! = (10,15), ¢! = (50,50) and 1)-o0) for u! = (15,35), ¢! =
(100, 120). 100 bright- (Sample=unit-plane) and dark-images where acquired and
averaged. The image size used was 128 x 128 pixels of size 60 nm x 60 nm and NA = 1.4

at A = 488 nm.

and noise added (Equation 1.40). The spokes-target serves as sample. The flat-field and

offset-corrected image M(12%) is calculated according to:

—(dark)

M-M —(bright) _ —(dark)
(flat) — ght)
M= — (bright)  —(dark) M M (A71)
M - M
where M (bright) is the average of all brightfield images taken without sample and M (dark)

the average of all images taken without any illumination. The corrected image finally is

rescaled by the average of difference of the averages of dark and bright-field images.
The simulation shows that naive flat-fielding of non-uniform illuminated samples (un-

der condition of aberration-free PSF) can lead to severe amplification of non-signal regions,

see borders of A.6 d) and its value range = [0, 100]. Even in case of more equal illumi-
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nation g) the flat-fielded image still displays non-uniform radial brightness distribution
and enhanced noise (compare i) with j) as well as value range ~ [0,2]). Even though g)
does not suffer too much of noise-amplification at the borders due to a bigger and more
equal illumination (value-range of i) ) it is this time offset by u! = (15,35) pixels and
thus higher noise amplification in the top-left as compared to the bottom-right corners
becomes visible. Note that by limiting the FoV (e)-0)) even for severely bad illumination

flat-fielding can be applied.

A.15 BINNING AND INTERPOLATION

During experiment design, particular care is taken to ensure that the pixel pitch used for
detection satisfies at least the Nyquist criterion (Equation 1.37) for the assumed maximum
frequency of image given aberration limited imaging. However, this criterion can be
significantly exceeded by using a much smaller pixel pitch (higher maximum frequency
k). Thus, due to the lower light yield per pixel on average the SNR of the imaging becomes
worse. If an sSCMOS camera was used for detection e. g. multiple pixels can be combined
before conversion to digital units and thus readout noise is added only once (to the
virtual, larger pixel). However, the photon noise remains the same. Since binning can be
understood as a simple summation of the individual pixels, the SNR (Equation 1.33) per

super-pixel according to Equation 1.40 is as follows:

N (bin)
. E { =0 Ml}
SNR (N®in) =
N (bin)
v { 1=0 M, }
N(bin)
_ 1=0 E {Ml}
- N (bin)
leo \% {Ml} + Zl;em W {Ml/Mm}

k

(A.72)

\/E + N(bin) (O-(read))z + Zl:/:m W {M;,M,,}

using independence between pixels with respect to the measurement process and zero-
mean property of additional noise. N®™) is the number of pixels used for binning. In
case of digital binning (=during pre-processing) W {M;,M,,} # 0, while it vanishes
and N®™ = 1 in the denominator if binning happens before voltage-conversion and

digitalization (=read-out). Otherwise, N(®™) > 1 and thus the SNR gets worse.
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Many interpolation schemes exist and come with their very individual costs. The in-
formation content acquired by the imaging system is limited by the sampling frequency
(Equation 1.37) and no information beyond this limit can be regained without any prior-
assumptions about the sample and particularly not by simple interpolation. Still, interpo-
lation is used in everyday research to enlarge images and e. g. fit to varying display sizes
and pixel-densities or to smoothen transitions and so on. In the case of image-processing
routines, special attention must be paid to the influence of interpolation methods on pixel
statistics and thus on error/variance propagation. While in iterative standard procedures
such as e. g. linear, bi-linear or bicubic only mutual neighboring pixels contribute global
interpolations such as FFT-based methods use all pixels. The consequences of this pro-
cedure will be briefly described using the example of 1) simple linear 2x and 2) Fourier
interpolation.

1) Linear interpolation is a local, invertible and analytic interpolation-operation. For

two neighbors such an interpolation scheme can be written as:

M, me 10
Mm = (A-73)

%(Mm—l +Mm+1) m e ]I(m)\]I(l)

where the original-image indices | € 1)) are mapped to m € 1™ with size [I™| = 2. [1D)|
and hence [ are even indices in the new image. Assuming Poisson-noise only the statistics
of the support-nodes (where | € 1)) stay unaltered while for the new created nodes

m e T™\TO it follows:
1
E{M;} = 5 (M1 + pis1)
1
V{M;} = 7 (it pea)

SNR(M)) = E{M;} /| V{M;} = Jp1 + v (A.74)

Hence local linear interpolation has an averaging effect and (for Poisson distributed

random-var) interpolated pixels have increased SNR.

2) Fourier-Interpolation is achieved by Fourier-transforming the inputimage M = F {M},

padding 0’s around M and back-transforming it M (P34 = 71{1\7 (pad>} in Fourier-space
(continuous case)
M®PD () = F{FE{M} (®) - rect (% | supp (M))} (A.75)

2 -
MPad) Ry = % (M(¥) ® sinc(k - X)) (A.76)
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where the window-function rect added zeros to the support of M according to:

. 1, #esupp(M)=%
rect (X | supp (M)) = pp (M) = fiu (A.77)
0, else

The statistical properties of such a convolution operation (Equation A.76) can be written

in matrix notation, using R;,,, as the resampling-kernel (here: sinc), as:

M, =) Rp,M,,
E {Ml} = Zle.um (A78)
V{M} =) R? (A79)

The convolution kernel is non-zero over the whole image and hence all pixels have a
(diminishing) correlation. The resulting covariance matrix is of size N©") = N x N with
N being the number of pixels of M. For big image stacks working with the full N
covariance-matrix is highly inefficient. According to Equation A.79 the variance then scales
with the square of the convolution kernel and thus, in case of a fast vanishing kernel, only
a small neighboring region (e.g. 1Airy Unit (AU) of the PSF could be 5 x 5 pixels and
hence COV is 25 x 25 pixels) is a reasonable approximation.

Assuming two ideal, noise-free images with only 1 bead per image (and zero everywhere
else) that are displaced by 1/4 pixel w.r. t. each-other, sub-pixel shifting needs to be applied
to perfectly match the two images. This can be achieved by Fourier-shifting with a sub-
pixel-phase, but if therefore a 4-fold interpolation is introduced according to Equation A.76,
the side-lobes of the sinc not only spread over the whole image, but introduce negative

values and hence change the assumed (underlying) statistic.

A.16 FOURIER-SELECTIVE FILTERING

Under the assumption of band-limited information systematic errors, e. g. like pickup of
the field of the mains voltage due to poor shielding of the electronic components, could
manifest with a strong modulus at frequencies outside the OTF-support. Unwanted con-
tributions of this type are called pickup-noise. With Fourier-masking based methods like

lowpass-filtering and selective frequency-filtering this contributions can be suppressed.
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Ficure A.7: Fourier-Filtering strategies: Single Frequency- and Band suppression. Continua-
tion of the simulation from Section A.14. a)-f) show the Real- and d)-1) the Fourier-
images. a)+g) overlay of noisy image and pickup-noise, b)+h) annealed out-of-band
pick-up, c)+i) annealed in-band pickup, d)+j) low-pass filtered until OTF-support
maximum, e)+k) high-pass filtered from OTF-support maximum, f)+1) low-pass
filtered and in-band pickup annealed. OTF-support is displayed with cyan, effective
(ideal) image-support with magenta and the pick-up noise positions are highlighted

with lime.

Continuing the simulation from Section A.14 pickup-noise inside and outside the OTF-
support has been added to the sample (see Figure A.7) and is marked with lime-green
circles while the OTF-support is marked with a cyan-circle. While local annealing (hor-
izontal pick-up in b)+h), vertical in c)+i) ), i. e. replacing the values at certain Fourier
frequencies with e. g. 0, can cure particular sinusoidal patterns in the image. Detecting
and isolating these peaks can be difficult and within the OTF-support of the image, i. e. in-
band annealing, can lead to loss of sample information. The combination of local- in-band
annealing and low-pass filtering (f) + 1)) already provides a reasonable cleanup of the
image. e) displays the covariance introduced by this global (Fourier-based) processing.
Even though no sample-information is left in the resulting image (compare k)) the object
can still be recognized due to correlated noisy pixels, i. e. the covariance of two mutually
neighboring pixel is unequal to zero. If such a high-pass filtering happened prior to the
detection, e) would mostly consist of white uncorrelated noise. Due to this effect and the
additional possibility to recover out-of-band information pre-processing measures should

be used with care to not interfer with further processing steps [81].
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A.17 ML OF SCALED GAUSSIAN

The same analysis as for Poisson will be investigated for Gaussian distributed random-
variables (Equation 1.32). Two interesting cases can be analysed. 1) The gaussian distribu-
tion as limit to the spatially independent Poisson-distribution (multiplicative) 2) spatially
independend additive Gaussian noise.

In case of 1) UZ(G) = /u; and thus it follows:

N-1 1 1 )
Sln = asnf_l,: —asnln( exp{__ (kl_lul) })
111 V27T 2H

N-1/ In
=-ds, ¥ (‘ﬂ . (k; — 141)2)

1=0 24
_ N 2m _Z(kz—ﬂl)ﬂz—(kz—ﬂl)za "
e\ Ay ! 2u? Sutl
1N=! k k 2
== P‘71+2<y_ll_1>_<y_l,_1>)asn”l 1 #0
1=0
—1N_1( Sob B)HY b=
5 o H I 7)1 , 0 = m
= H"S (A.80)

with the partial derivative Equation 1.43 and S} = (y;! + 2b; — b?). Equation A.80 could,

in continuous coordinates, also be written as a convolution such that:
g @) =[hes] @ (A.81)
where the flip of the summation index of H in Equation A.80 corresponds coord-flipped

PSFhT = h (=%).

A.18 1/OTF DECONVOLUTION

As explained inSection A.11 the object information degrades through the imaging pro-
cess. According to the imaging model given in Equation 1.41, it is reasonable to think of

reconstruction by direct inversion of the forward model:

~ f ~_ —~ ~ ~_ ~
s};/ o) — - A Mg =S+ byt Ny, (A.82)
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where i1 is the inverse OTF. This approach partially succeeds for noise-free images
(Nak, = 0) in case of limiting processing to the OTF-support, i.e. only allowing k < k€.
In the noisy case, however, row and column rank of the PSF matrix are equal to column
and row number and the actually degraded PSF kernel is filled with random, potentially
informationless values. This leads to a strong amplification at regions of weak transfer
strength of the OTF when multiplying the image with the inverse OTFE. Due to these
two influences, a simple inversion of the imaging model fails and alternative strategies
become necessary. Another obvious approach is to reduce the gain of the high frequency

components of the OTF support by introducing a regularization parameter ¢ according to:

1~

(har, + e)_lﬁakl ~Sc+ (g, +€) N, |i|>e

Seret) = ) (A.83)
0, |h| <e

where the latter approximation is true for a thresholded support of size C of S where

e/h, k, < 1. e regularizes the problem by reducing the effective size of the OTF support,

i.e. k(C/OTE) < £(©) a5 the OTF is set to 0 for modulo-values smaller than ¢, and thus the

actual effect of deconvolution.

A.19 WIENER DECONVOLUTION

Assuming an information-limited measurement process, it can be conjectured that the best
possible estimator S; of each individual measured image pixel / is Gaussian distributed Gi
around the original object distribution S; and with Equation 1.32 here can be written as:

.2
_3i-si|

Gi=Ae 7 (A.84)

where E {G;} = S;and V {G;} = ¢} are mean and variance of the Gaussian. The log-

likelihood problem for an N-fold measurement process can then be written as:

InL = lnngl Zln(gl)_ Z|12_J

1

Sl| (A.85)

Introducing a normalized log-likelihood function L = —In .L/20% and interpreting the

sum over all possible evaluations as the expected value E, we obtain:

~ 2 2 ~ 12 ~
_ IE{|Sl —s)| }: E{|Skl -5 } =7 (A.86)
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where for the second step Parseval-Plancherel’s identity [82] was used. A filtering function
W is to be found which reconstructs the object distribution as best as possible using the

measured image according to:

~ o~~~ ~

= WM =W |[hS +N] (A.87)

V1))

where here and in the following all indices k; have been omitted for easier readability. For

Equation A.86 thus results:

L=E{[Wh-1]5+WN[| (A.88)

~ ~

15 [Wh—1][Wh-1] + V\qz WW* —2%e {E {[Wh — 1] SW*N*}}  (A89)
=0

=
I

The last summand of Equation A.89 represents the expected value of the product of the
uncorrelated random variables § and N which equals 0. Applying the expected value to
the remaining summands and taking dW*/dW = 0 of complex derivatives into account,
the filter-function W can be determined from L via extrema search, i. e. derivation of L

w.r.t. to Wand solving for W:

1 i)z; ~ 2 < |7
02 25 = 15T [W i - 1]+ W {[R])
_ fz* |§\2
W+ (A.90)

The found filter function W Equation A.go can be further reduced and finally leads to the
Wiener Filter Equation 1.47.

A.20 WEIGHTED AVERAGING IN FOURIER SPACE

In the following k; will be omitted for the ease of readability. To determine the real-valued
SNR (Equation 1.33), the expected value (??) and variance (Equation 1.5) of Equation 1.48
are first determined:

E{M™} = Z@]E {M,} =) @,h,S (A.91)

a

VIEO) =Y @@y )+ )Y B,

[I]2

(A.92)



A.20 WEIGHTED AVERAGING IN FOURIER SPACE

with covariance (Equation 1.7) &,, = W {M,, M, }. Given that V {M,} = &2 the SNR can

be calculated according to:

E [V .y
SNR = [EM| Dalta (A.93)

V V {M(Wa)} ¢ JZQ wawzﬁz% + Zg Zb;&a aﬂwggﬂb

The maximum of this measure can be determined by extrema search for the weights &J,.

oL 9SNR
0,
= hSV{M™} =3 @,h,S lwcag +> wbacb] (A.94)
a b#c

Where symmetry of the covariance was used and the assumption that &, is hermitian
was made thereby omitting the factor 1/2 in the negative summand. After inserting

Equation A.92 and sorting we obtain:
[Z |wa|2 + Z Z w, wb‘—‘ab] = {ZJC‘NTC2 + Z sz)JbE‘cb] Z ajaila (A95)
4 b#a b+#c a
For the two sides of Equation A.g5 to be equal their prefactors (c-terms) and their sums

(a-terms) must be the same, so e. g. if:

thFZ 02 @h, (A.96)
a
Z Z w,w E ajbEcb} Z ajafla (A97)
a4 b#a b+#c a

Assuming that the different views a are independed all &, = 0 vanish and hence from

Equation A.g6 directly the weights Equation 1.49 follow.
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A.21 ML OF POISSON AND THE RICHARDSON-LUCY DECONVOLUTION

In case of indepedent Poisson-distributed random-measurements Py, (K; = k;| ;) (Equa-

tion A.65) it follows for the derivative dg of £ w.r.t. the parameters S,,:

N-1
ds £ =—dg In l l_[ Pk, (K; = kl|P‘l)]

N-1

= —ds Z ln{ e m} =—0ds, Y [kIn{u} —In{ky!} — py In {exp}]

=0
k

=—leas#z 0-— as#z]
Hi

ZHlnlﬂl ] ZHlnl]ll > ;lm ] (A.98)

10,

with the partial derivative according to Equation 1.43, the (diagonal) unit-matrix 1 €
NN/2xNi/2 § e the diagonal is filled with ones, and 0 a diagonal-matrix of the same shape
as 1, but filled with zeros. Equation A.98 is again a convolution, but this time by using a
summation about the first index which corresponds to convolution with a flipped PSF
h(—X) in continuous notation. Even if i (or its matrix representation H) is known an
analytic solution for the optimal S is difficult to find. Hence iterative algorithms can be
used to find an approximate solution. In case £ is a convex function a global minimum
exists and it can be found by using duality formulations of £ to convert it to another
problem-type solveable by highly efficient linear or quadratic problem solvers. Proving
whether the problem is convex tends to be rather difficult [83]. It is beyond the scope
of this thesis to dwell further on convexity and existance of solutions to a given inverse
problem in optics and thus the reader is referred to e. g. [62].

Two standard iterative schemes are Gradient Descent (GD) and Fixpoint Iteration (FI).
For each iterative step r + 1, the unknown parameter S®*%) is estimated from the previous
step with an update formula. For GD the idea is to start with a random or mean (of the

input data) initialization of the parameter S(© and iteratively update the guess S\ by
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using the the gradient thereby converging towards the desired optimal solution . The

update scheme:

§r+1) — g(r) _ haSnS(r) (A99)
G(r+1) l_, S if asng(r) l_, 0 (A.100)

tends towards the optimal estimator S in case that the gradient ds) L (approximately)

vanishes. By choosing the stepsize & a tradeoff between speed and convergence is achieved.

While a bigger h allows for bigger steps along the derivative direction dg £" it could
overshoot around the optimum, but given the step-size never reach it and thus reducing
the degree of convergence. It can be exchanged by inserting a line-search per step and
hence have a variable step-size.

Now, taking Bayes theorem Equation 1.54 and reinterpreting Pk | i) = h(=x) ® M as
imaging-probability distribution as well as the original sample distribution as P(ji) = S®
it follows:

s — (X, Hinkr) S
3 Houm Sl

(A.101)

with P (k)) = Zﬁ P(I_é | #1)P(j1), see [84]. The update scheme converges to the solution in
case of

S(r+1)
SO hw

1 (A.102)

and is called Richardson-Lucy Deconvolution (RL) [85]. It was shown that the scheme

converges towards the ML-optimal estimator, if existent [86].
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APPENDIX: METRICS FOR SOFTWARE AUTOFOCUS

B.1 METRICS FOR SOFTWARE AUTOFOCUS

The selection of image sharpness measures as well as a short interpretation of their
meaning is given for Section 2.2. The sharpness metrics ¥ used for the comparison are a
selection from the analyses in the supplement of [87], from where the categorization was
also adopted. Additional categories such as , histogram”-based or ,intuitive thresholds”as
in [49] were not added.

The image stacks used in the main section are mostly 4D or 5D datasets, e. g. dim (M) =
[X,Y,Z, Ppoiss Aspher], however, the metrics V1,0, p of the dataset My, are applied, al-
lowing the simplified description M; ,, = M, to be used to calculate the metrics. The
comma is introduced to conveniently represent any shifts, e. g. along the x direction by
1 pixel via | + 1, where N, represents the number of pixels in each 2D slice M;,,,. By
normalizing to the pixel number of each individual image M, ,,, the calculation is image

size independent.

B.1.1  Differential Measures

Differential measures are the computationally simplest measures in this comprehension as
only summations and simple image shifts are involved. They are derivative-based, where
the derivatives are represented by simple addressing shifts (e.g. M, ,,) using difference
quotient. Thus, Equation B.1 represents the central difference quotient representation of

the first derivative along the X-direction, where mostly Ax = 0.5 is set.

" Ml+1,m - Ml—l,m

M 2Ax

(B.1)

By using the first or second derivatives (along arbitrary spatial directions) of the image,
especially edges can be emphasized. The basic idea of differential filters is that in-focus
elements have especially many high frequencies and thus sharp edges compared to defocus

elements.
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Brenner Stresses the edge-enhancing property of the first derivative by squaring it [88].
Although this implementation of the measure only uses the first (central) derivative along
1 direction it can work quite reliably if samples can be assumed to display features in
equal amounts and sizes towards all (lateral) directions.

2

1
BRE(M) = 1 > AMy 1 = M) (B.2)
Im

Tenengrad Originally ,Tenenbaum gradient” [89] it is the sum of a convolution of the
image with two different kernels, namely the horizontal Sobel SBH and the vertical Sobel

kernel SBV [9o], which allow to calculate a more stable isotropic gradient efficiently.

1
TEN(M) = Y (SBH,;, (M) + SBH,,,(M)) (B.3)
Im

SBHlm (M) = Ml+1,m—1 + 2]\/Il+1,m + Ml+1,m+1
—Mj_y,m-1 = 2Mj 1, — M1, 11
SBV (M) = Mj_1,m11 + 2Mj 1 + Miy1 mia
—Mi_1,m-1 = 2Mj -1 = Myy1,m
Total Variation Typically Total Variation is used to e. g. calculate a linear measure for
the distance between a measurement and a model. The same idea can be reinterpreted as

a measure for sharpness along the individual X- and Y-direction [36]. The filter is non-

differentiable, but pseudo isotropic as diagonals are not explicitely taken into account.

1 2
TOVM) = 5= 3 | (Mrstn = Mian)” + (M1 = M 1) (B.4)
Im

B.1.2 Correlative Measures

Correlative measures are based on self-similarity assumptions within an image. While
typically a correlation can be expressed as a product using Fourier-Transformations Equa-

tion B.5 correlative measures are trying to identify
MM = FH{FEM) - F(M)" (-k)} (B.5)

The Vollath metrics used here are based on the approach that neighboring pixels differ
only by their relative amplitude and the local, (potentially) uncorrelated noise. Vollath
has presented 2 combination metrics, F4 and F5, which are independent of the (additive)

noise terms as well as the image mean [91].
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Symmetric Vollath F4 The differences between neighboring pixel values are weighted
by the local amplitude, causing the filter to reach higher values as the edge sharpness
or number of edges increases. Pixel values around the mean, on the other hand, hardly
contribute to the filter value. Even though lower frequencies are weighted less than higher

spatial frequencies the highest frequencies of the image-frequency-support are damped

as well.
VO4(M) = ﬁ(VAIA(M; 1,0) + V4AM; -1,0) ...
+ VAAM;0,1) + VAA(M;0,—1)) (B.6)
VAA(M; Al, Am) = ZZMz,m (M aLm+am — Misoasm+2am)
m

Vollath F5 This metric increases less and less as the image becomes sharper and the
relative weighting of the Fourier components actually decreases steadily, making this

metric more suitable for flat or smooth edges.

VOS(M) = - (Z My M1, — B {M}) (B.7)

B.1.3  Statistical Measures

Statistical measures operate on statistical properties of the underlying image. Histogram
properties like maximum, minimum or median are typical as well as statistical moments
like mean, variance or kurtosis. Maximum Assuming that the sharpest edges and thus
the largest localization of brightness are present at the focus, the maximum provides
a measure to detect this point. It is obviously susceptible to offset (e.g. due to local

fluctuating illuminances) as well as noise (e. g. pick-up, hot-pixels or cosmic noise).

MAX(M) = max(M,,,) (B.8)

Variance Although the normalized variance NVA = g{'} i

size and image detail (e. g. at varying magnification) [92] stable results can already be
achieved with the direct variance. For an image stastically normalized to E {M} = 0, the
variance reduces to the total mean of the pixel squares of the image and thus the mean

square deviation of the image from 0.

1
VARM) = 5= )My — E my? (B.9)
Im
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B.1.4 Spectral Measures

Spectral Measures operate on representations of the input data in alternative bases or
spaces. As basic basis decompositions, instead of the Fourier transform JF{-} used so far,
the discrete cosine transformation (DCT) F {-} is used here, where the DCT is defined
according to Equation B.10.

M, = Mfl cos ((n + %) %) (B.10)

m=0

Kristan’s Entropy Combines a sum-normalized-to-1 DCT of the input image with Bayes
entropy function H* = 2 (1 — Y, p?), with H being the resulting entropy measure and p,
the probabilities of the according pixel-values. It assumes that an image when increasing
focus tends from having low-frequencies only towards a uniform amplitude distribution
across the DCT-space. While any entropy function would suffice, the choice of Bayes
entropy suppresses the influence of uniformly distributed (e. g. Poisson) noise in lower
DCT-frequencies. The measure is inherently independent to brightness variations between
images and higher frequencies outside the assumed or calculated image-support are
left-out. The described procedure is applied for every tile of the non-overlapping tiles
Mtiled) of each picture. Fast implementations of DCT are used eg for JPEG compression
in consumer digital cameras, where the tiling is typically chosen to be quadratic and of
size Niile = 24 = 16 which results into limiting the DCT-support to a radius of ry = 6 as
chosen originally [93]. Still, within this research better results where achieve with only
changing the tile-size slightly to NIt\i/}e = 23 = 8 and choosing r = 2. Finally, the mean of

the tiles yields the resulting measure .
2

Yiemery T {M(tﬂed) }lm (B.11)
<Zl+m<ro j:,c {M(tﬂed) }lm)

Shannon Entropy Based on Kristan’s approach, this measure is a normalized DCT-based

KENM) = -E{1 -

version of Shannon Entropy, which is a measure of the energy of a distribution. The
calculation can be understood as the product of significance (prefactor) and uncertainty

(log term), where the logarithm is secured to the range (0, o) [87].

2
SEN(M) = —= ) |ENT(M),,|abslog, [ENT(M);,] (B.12)
0 I+m<ry
Fo{M
ENT(M)I,mI cf }l,m

L2 (j:C {M}l,m)
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Ficure B.1: 2D Noise testing of the sharpness metrics using spokes2d thin object (Figure 2.1
Oa) —d)). a) Surface plot display of resulting (non-filtered) sharpness values per
metric for different Photon-counts N(P"°" and Z-positions, thresholded with
u = 0.07. b) Scoring Results Q for each metric ¥ with exemplary score-calculation

display at position b = 0.3 (black dotted line) and hence NPhot) ~ 11.

B.2 FURTHER METRIC PERFORMANCE EVALUATION

In this section first the behavior w.r. t. noise, spherical aberrations and astigmatism will
be analyzed individually.

Using the spokesad target as an example, the metrics are first tested with respect to
noise level stability. The (pixel-wise) expected value A desired for the application of
Poisson noise was calculated by normalizing the simulated 3D stack to its 3D maximum
and subsequent multiplication with the photon level. Photon levels were calculated via
N(Phot) — 1 50 with b € [0,20) and thus N(Thot) & [1,2217). The metric results are shown

in Figure B.1l as a 3D-surface plot. The scoring is listed using the example of noise level
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b =3 (NPhoY) » 3) in Figure B.1IIl. The calculated scores for all noise levels and metrics
are shown in Figure B.1b). Despite extremely low photon counts N("°Y) most metrics
already reach a score Q > 0.6, whereas ¥ XEN) and ¥(VAR) can already predict the exact
maxima position almost reliably with a score of Q ~ 1. While ¥(VO5) (by definition) and
YKEN) (by appropriate choice of filter mask size r, = 2) can maintain good contrast
between maximum and background even in the low photon range, the contrast of the
other metrics improves proportionally with increasing N(""°), The maximum metric can
generally be identified as hardly suitable, since it does not determine a clear maximum
in the case of low N(Ph°Y) the contrast remains low even for high N("°) and the scoring
converges slower than the other metrics towards Q =~ 1.

The spherically aberrated PSFs required for the simulation are shown in Figure B.2. Due
to an increasing level of aberration the PSF quality degrades strongly thereby giving the
impression that instead of one central focus position the position of highest brightness and
local sharpness splits into two (or more) slices above and below the nominal focus. The
application of a sharpness metric ¥ will lead to a 1D Z-curve with two (or more) maxima.
The evaluation measures § then will result in a very low score Q as they base their
calculations on one central maximum and not axially shifted multiple maxima. Hence
even though the sample might still be in perfect focus (even though the system PSF is
severely aberrated) the scoring algorithm might state that its not. This could happen
to a sample that is a set of axially (d > d@AUa)) spaced thin objects as well. Here the
scoring algorithm would be used to assure that the measured individual slices stay at
their respective focus position.

To take these effects into account the algorithm is extented to the application with
multiple maxima. To keep this as reproducible as possible, the focus positions were calcu-
lated directly by applying the ¥(VO5) sharpness filter onto the generated PSFs, subsequent
FSGE) filtering, and determination of the maxima positions and thresholding (1 = 0.07).
The resulting list of focal slices is then manually compared to the optical impression and
inserted as a lean dashed line in Figure B.2 and used for further scoring calculations.
Assuming a thin sample axially centered in the measured 3D-stack, the presented scoring
algorithm together with the just this determination of focal positions is usable. For non-
axially centered as well as extended samples, an offset in the calculation of the forward
model and thus a changed focus position can occur. However, an error arising here can be

limited by the final manual focus position check. It can be seen that the focus position for
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FiGure B.2: Aberrated PSFs for different levels of spherical aberration severeness c(*Pher) ¢
[0.0,1.0] with step-size of AcsPher) = (.05 and direction of increase is sorted alphabet-
ically a) — u). The simulated PSF is normalized to fulfill ) | i = 1 and for displaying
purpose only a X-Z-cut at y = N, /2, with ¢ = 0.2 and hence h — h02 for visibility of

side-orders, is given. Magenta dashed lines mark the focus position.

an increasing measure of spherical aberrations initially remains unchanged at the same
Z-position (f, = N, /2 = 32), moves to f, = 33 from z = 12, and then splits into 2 positions
of best focus, which finally lie around positions f,, = 28 and f,, = 35. Even if the definition
of a clear focus position is difficult in case of such strong aberrations, the determined split
of the focus positions agrees with the theoretically expected division of the caustics, i.e. a
distant focus for small angles (=E-field close to the optical axis) and a near focus for big
angles (=E-field far from the optical axis) w.r. t. the objective lens arises ( [94], p.21ff).
As shown in Figure B.3ll, the performance of most of the metrics is uniformly high
in this noise-free aberrated case and starts to drop uniformly from ¢(sPher) = 0.6, ¥ (MAX)
at c(Pher) = .35, YKEN) gt c(spher) — (0.4 a5 well as ¥ at c(Pher) = (.45 drop off
earlier. This is due to the choice of the weighting of the score parameters Equation 2.7, the
limited pixel accuracy of the calculation as well as filter-inherent differences regarding
the sharpness of the expression of a maximum. The threshold-factor here was chosen

to be u = 0.14 because otherwise the maximum-search routine would have found too
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Ficure B.3: Spherical Aberration testing of the sharpness metrics using spokes2d thin object
(Figure 2.1 0a) — d)) for different degrees of severity c(*P"*") & [0.0,1.0] with steps of
AcPher) = 0,05 and Z-positions, thresholded with u = 0.14. a) Surface plot of
resulting (non-filtered) sharpness values per metric. b) Scoring Results Q for each
metric ¥ with ¢) exemplary score-calculation display at position c(Phe") = (.85

(black dotted line).

many irrelevant side maxima e. g. in the case of ¥XEN) and thus biased the evaluation®.
Around c¢(Ph) ~ 0.5 the aberration level starts to induce a (sub-pixel) shift to the nominal
focus-position which might already be detected by ¥XEN) and ¥SEN) but not yet by
the ¥(VO5) (used for reference focus-position estimation) or manually, thus inducing

decreasing levels of precision as compared to the other metrics. This can be understood

1 While it is tempting to only use the biggest maximum it is not a reasonable option here as the behavior of
the different sharpness metrics w. r.t. to noise and aberration shall be studied and therefore eventual side-
maxima of the sharpness Z-curve are relevant. Further, the algorithm shall be ready to use for multi-focus

applications.
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FiGure B.4: Astigmatic Aberration testing of the sharpness metrics using spokes2d thin object

(Figure 2.1 0a) — d)) for different degrees of severity ¢(®18) € [0.0,2.0] with steps of

Ac(®t8) = 0.1 and Z-positions, thresholded with u = 0.14. a) Surface plot of resulting

(non-filtered) sharpness values per metric. b) Scoring Results Q for each metric ¥

with exemplary score-calculation display at position c(®%8) = 1.6 (black dotted line).

as false positive result as these metrics seem to perform better than the reference data-set,

but the calculated score is lower. The focal positions than finally split into two peaks with

increasing contrast w.r. t. to surrounding Z-slices and finally manifest at position and

contrast that seem to yield the same detectability for most (5 out of 9) of the metrics.

In case of astigmatism Figure B.4 nearly all metrics perform equally well and mostly

range around the maximum score. A deviation from maximum scoring can be observed

for all metrics at ¢®%8) > 1, where a wave-front deformation of bigger than 11 (c(®8) > 1)

induces a shift and split of the focal-plane that can be detected reliably from ¢(3ti8) = 1.3
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Ficure B.5: 3D Noise testing of the sharpness metrics using Obj3d sparse thick object (Figure 2.1
3a) — d)). a) Surface plot display of resulting (non-filtered) sharpness values per
metric for different Photon-counts Np;,,; and Z-positions, thresholded with u = 0.07.
b) Scoring Results Q for each metric ¥ with exemplary score-calculation display at

position b = 0.3 (black dotted line) and hence N, ~ 11.

on. The limitations in pixel-accuracy and sensitivity to this split and shift lead to the slight
performance variation of the individual metrics. As usual ¥ M4X) s rather unreliable and

Y (V54) is strongly influenced due to side-maxima.

B.3 SCORE EVALUATION OF A 3D SAMPLE

All simulations performed in Section 2.3 evaluated the usability of the scoring algorithm
to hold the focus position in the case of a thin sample in different noise and aberration
scenarios. Now, testing the metrics and scoring on a sparse but thick in-silico sample
obj3d (Figure 2.1 3a) — d)), follows and is displayed in Figure B.5. Here, not 1 but many

slices are intendend to be in-focus at the same time. Therefore, the procedure here is now



B.3 SCORE EVALUATION OF A 3D SAMPLE

different: In the case of a thick 3D sample, the metrics are used to determine a Z-curve
characteristic of the sample distribution. The sample obj3d used for the simulation has the
most features in the central Z-slice, which results in the largest score Q when applying the
sharpness metrics. Starting from the central Z-slice, the amount of pixels that are part of

an edge, decreases. The sample intersects a fluorescent rod at z = z®  However, since this

rod has very little features its effect on the result of the sharpness metrics is rather small.

Therefore, the presented scoring algorithm can be directly applied to this thick sample as
well, since there is a central maximum and none, or only one side maximum (due to the
fluorescent rod) is expected. For the calculation of Q, the plane z = z(°) was allowed as
the only focus and no side maxima/foci.

YVAR) and ¥(VO5) achieve a reliable scoring of Q > 0.8 for log1o(Npj,¢) = 0.7. For higher
photon-counts ¥TEN) (Tog: o (Npor) > 1.9) and YEEN) (Jog; o (Npjer) > 1.5) perform
reliable (Q ~ 0.8), while most of the others need rather high photon levels to achieve the

same scoring.
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C.1 HAF AND SAF COMPARISON

A brief summary of the findings of Bian et al. [49] follows.

In the field of Hardware Autofocus (HAF), confocal pinhole detection and triangulation
with line-detector seem to have gained acceptance in principle. In the case of confocal
pinhole detection, the reflection signal is focused on a pinhole via a beam splitter with an
extra lens and then integrated with a photo detector (e. g. PMT, Avalanche Photo Diode
(APD)). The reflection at different boundary layers, e. g. the air-glass transition in case of
air lenses, is used as reference and a whole Z-stack has to be recorded to obtain a reliable
statement about the type and position of the reflection. In the triangulation method, an
additional illumination and detection unit is attached to the microscope. Here, only half
the BFP of the objective is illuminated, such that the interfacial back-reflection (e. g. at
the front of the cover-slip) has a lateral offset to the illumination. The detection path is
adjusted such that the back-reflection is centered on a quadrant photo-diode and the
difference signal resulting from the measured photovoltages disappears. If there is an
axial offset of the sample, there is a lateral offset in the diode array plane and the difference
signal is different from 0. A further development of this approach includes an additional
lens group for analog correction of the optical offset (=desired focus position) set by the
user to the reference focus position as well as a CCD line sensor with which the lateral
profile can be recorded per axial position. In case of a defocus, the PSF maximum shifts
towards the defocus direction. The upgraded (i. e. line-sensor and lens-group added)
method is more expensive and more complex to integrate than the diode-array based
method, but allows to adjust for arbitrary focus position offsets prior to the measurement.
Thus, HAF methods are not automatically compatible with arbitrary sample chambers
and measurement methods, but can mostly be adapted to them. However, due to their
sample independence they have the potential to be more stable than Software Autofocus

(SAF) methods. Since HAF e. g. only requires the detection (and degree) of a change in
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the position of the center-of-mass of an intensity distribution on the additional detector(-
array), very fast switching times with very low data streams can be achieved here, and
thus even an implementation despite severely limited computing power.

While HAF requires modifications of the existing experimental setup, a SAF can be
implemented directly into any automated measurement system with computer-based
control on the software side. SAF methods operate directly on the measured image data
and are thus highly dependent on the sample, recording quality, and noise. In addition,
inherently much more data must be recorded and processed, making the application of
complex algorithms or methods with large data stacks on limited hardware even partially
unusable. SAF approaches can be divided into classical (=focus map) and real-time
methods. Classical methods do not require any changes to the optical setup and can
therefore be used directly for any optical system. Real-time methods are based on the
metrics and algorithms of the classical methods and can be seen as hardware optimizations
for live applications of these. Five different methods Methods presented in [49] use: 1)
a second sensor to parallelize the sharpness metric evaluation for image acquisition, 2)
a beam-splitter array in the finite beam-path to evaluate different Z-regions in parallel,
3) a tilted sensor in the infinite beam-path to image different Z-regions in parallel on
one sensor, 4) phase detection which cuts out two opposing regions of the focussing
sensor lens” BFP and estimates axial shift from the offset of the focused images of the
filtered regions and 5) illumination from different opposite spatial points and angles
using e. g. dual-led such that axial defocus leads to lateral defocus and thus double images.
Furthermore, deep-learning based approaches exist, which either determine the distance
to the optimal focus position from a defocus-stack or calculate an optimal (virtual) focus

image.

C.2 ALGORITHMS IN PSEUDOCODE

For the algorithms described in Section 3.2, pseudocode notation is given in this section
to achieve an overview of the code flow. Algorithm 1 describes the in-silico jittered data

generation and Algorithm 2 describes the dejitter algorithm.
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Algorithm 1 In-Silico Datastack Generation.

1: drao = ,, draw random amount of”
2: procedure generate_data(N,NA,A©), A (em) (pitch))
3 Generate PSFh = 1 . 1(deY) with Y h =1
4:  Generate Sample S create N® copies of S©P)
5 Calculate Image M = P{h ® S}
6:  Add jitter MUY = generate_jitter(M, ...)
7: end procedure
. procedure generate_jitter(M, N{1ines) A(lines) gmax) g(block)y
9: Get Amount Nl(lines) drao lines to be shifted from [0, N(Y) . N (lines)] per Z-slice
10 forall N l(hnes) do

e

11 Get Lines L;,,, drao line-numbers from range [0, N () . Allines)

12: Get shift s;,, drao shift for each line within [-N®) . gma) N0 . g(max)]

13: Get retardance sl(;ft) drao lines around selected lines L;,,, from [0, N . 4(block)
14: Add retardance apply (smoothened) retardance along Y-direction

15: Apply X-Shiftmap using the generated (random retardance) shiftmap

16: end for

17: end procedure

C.3 PARAMETER SEARCH FOR GS DECONVOLUTION

Like is demonstrated in Section 3.3 in case of Total Variation (TV) regularization a param-
eter search Figure C.1 in case of using Gradient Square (GS) regularization on the same
data as used in Figure 3.4 yields a maximum C = 0.88 at 7(© = 1073 It is reasonable to
assume that although the regularization maximum has not yet been reached, the analyzed
region is close to it. The patterning visible in (d-g) is a residual of the tiling routine and

can be reduced by a different choice of padding parameters.
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Algorithm 2 Movement Correction

1: procedure dejitter_and_shift(M(raW) )

Imn 7

2: Preprocess My, = pre (Ml(;jy )

3. Correct Axial Drift M{%°) M) = correct_zdrif t(M;,,,,)

Imn
4 Get Dejitter Shiftmap Cl(,lmD) = dejitter_with_ref erence(Ml(ijlor),Mgif’))
5. Apply Shifts M{)), = FSMLo), CiD)y
(dej) h ?)

6: Deconvolve Ml(i‘fon) using tiled jocony (M0

7: end procedure

o]

: procedure correct_zdrift(My,,,,)

9: Calculate Reference Mgif) Z-stack using ‘'mean’,’'median’ or ‘SG’

10: Get slicewise Shifts s(™) via argmax(M,,,,, ® M%Zf)
X

11: Apply Shifts M, = F5(My,,,, s"™) using Fourier-shift theorem
12: end procedure

13: procedure dejitter_with_ref erence(Mlmn,Mﬁ,ﬁf))
M(damp)

14: Damp Edges M, . i’ of M;,,,,, by adding onto outside

15: Get Correlation Map Ly, Via My, ®5 Mf;i?,
16: Multiply Window Lf,vr‘ﬁf‘ri, = Oy - Ly (‘Gauss” or ‘Rect” or "None”)

17: if use Savitkzy-Golay pre-filter then

18: apply SG-filter LV, = SG(L{"'™,)
19: end if
20:  Find linewise Maxima L{"% = arggmx(Ll(,an,rg,)
21 if use center of mass then
22: Create Binary Mask By, set 1 at found Ll(nn;ax) and 0 elsewhere
23 Dilate Mask Bl(,crlrill,)n, = dilate(By,,r,1)
. dil dil in)
24: Apply to Correlation Map Ll(,nll,)n, = Bl(,nlq,)n, . Ll(‘;j;nn
25: Offset Correct Ll(,drﬁ,i,
26: Calculate 1D center of Mass Cl(,ln?,)
27: else
28: Use linewise Maxima Cl(,lg,) = LM
29: end if

30: end procedure
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Ficure C.1: GS-Deconvolution lambdas. Results Ml(

., of processing and tiled deconvolu-
tion of a) 3D obj, b) jittered image, c) dejittered image d-m) using GS regularizer
with 7 € 10,10°5,...,1073"5.
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APPENDIX: THICK SLICE UNMIXING

D.1 BEHAVIOUR OF ISM PSF

The system PSF h is shown in Figure D.1lI for a series of increasing x-shifts of the detection
PSF, with éx = 0.083 AU. The amplitude decreases rapidly in this case. A cut through
y = 15 is shown for the first 8 shifts (a-h,Figure D.1II) in Figure D.1l. The PSF becomes
more asymmetric for increasing shifts dx. Thus, e. g. the left sidelobe for dx = 0.66 AU is
larger than the right sidelobe and both in particular are larger than the central maximum

of the corresponding PSF.

(II)
1.0
Q)
—
- 10— dx=00AU  —— dx=0.83 AU o
S T eomA) — meelieas 0.8 C
< — dx=05AU  —— dx=132AU )
@ 0.81 — ax=066au dx=1.49 AU o
3 -]
2 fr
©.0.6 0.6 o
& £
s <
T 0.4
N 04
© \ N
0.2 —
e
-2 -1 0 1 2 cC

lateral position x/AU

0.0

Ficure D.1: DSAX FWHM Shift Dependence. (1) Linecuts through lateral ideal PSF at y = y(©
for different detectors spaced with dx. (II) According shifted ideal 2D PSFs. While
a-h) are 2D representations of the respective linecuts in (I), i-t) are the further
spaced pinholes with individual increase of spacing by Ax = 0.17 AU. Images are

individually max-normalized.
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D.2 RANK OF THE OTF MATRIX

In fluorescence Image Scanning Microscopy (ISM) the PSF 1 is a real-valued, (theoretically
unbounded) function and thus its Fourier transform 7 satisfies the continuous Hermitian
property I* (k) = h(—k). In case of the presented forward model Equation 4.1 the discrete
OTF h not necessarily fulfills i7 = i* due to the chosen sampling parameters and dataset
sizes. Yet, if the OTF flaky (Vky, k,,) is square it is diagonalizable, has real eigenvalues, and
the lower triangular matrix can be generated from the upper triangular matrix by complex
conjugation [95]. From diagonalizability it follows that the trace of the square matrix fzaky

is the sum of its eigenvalues and thus its rank, if symmetric, can be estimated via:

(tr(fz))Z

rank(h) > =
tr(h2)

(D.1)

It follows that its rank is not automatically bounded by half its number of lines.

D.3 OUT-OF-FOCUS REJECTION CAPABILITY COMPARISON

For the reconstruction of the in-focus slice (z(°)), different methods are compared in Fig-
ure D.2 for 3 different choices of detector pinhole masks (Figure D.2II a,g k). While direct
sum M = Zi\ﬂa) M, (Figure D.2la-c) and Pixel Reassignment (PiRe) (Figure D.21d-f)
can be used without additional information, the remaining methods always require the
effective system PSF 1M Weighted Averaging in Fourier Space (WAVG) (Figure D.2Ig-i)
requires an OTF support boundary parameter (€(™2%)). Noise normalized WAVG (Fig-
ure D.2Jj-1) and Wiener Deconvolution (WD) followed by summation (Figure D.2Im-o,
see Section A.19) additionally require a regularizing parameter for the normalization
step (y). Thick slice Unmixing (TU) (Figure D.2Ip-r) additionally allows choosing the
number of Singular Values (SV)s to use (directly via N(¢i™) or indirect via A¢ ). Finally,
2D deconvolution using the in-focus slice and a 2D-PSF (Figure D.2Is-u) as well as 3D
deconvolution using the full 3D-stack and 3D-PSF (Figure D.2Iv-x) with selection of the
central slice z(, which require a variety of other parameters depending on the choice of

the optimizer, are depicted. Provided that a constant shift factor is used for the PiRe, the
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Ficure D.2: 00F Rejection Comparison.(I) comparison of ooF rejection and image
reconstruction quality for different methods (columns) and different pinholes:
upper row uses Ila), middle row uses IIg) and lower row uses I1k). Methods used
are a-c) MU d-f) MISM)  g_i) MWave) 1) M(Wav8) m_o) M(Wd), pr) MW, su)
2D M (mDEC), v-x) 3D deconvolution M (mDEC) (> — 7(0)) with selection of central slice.
Normalized Cross Correlation (NCC) similarity is displayed in lower right corner of
each tile. (II) Available masks for the 5 x 5 detector pixels. Active pixels are marked
yellow, inactive are black. (III) NCC results for all different methods (I) and all

available masks (II).

column-wise listing of a-v) can also be read as an ascending sorted list w. r. t. necessary
processing time, system resources and algorithmic complexity (for this, however, column

5 must be at the 3rd position).
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The reconstruction quality quantified by the NCC depends on the number and po-
sition of the used detector pinholes (Figure D.2III). Depending on the imaging device
more/bigger/faster pixels might cost exponentially more money or time and additionally
generates more data that needs to be processed. A balance between costs/computational
overhead and gain in reconstruction quality, especially if limited hardware is used for
processing, is thus desired. While an increasing number of used pinholes improves the
reconstruction quality of TU multi-view DEConvolution (mDEC), the NCC maximum
for the other methods is mostly reached for a balance case between number of pinholes
and distance to the central pinhole. This is the case for selection of the first pinhole ring
(e.g. Figure D.2llb,c). TU and mDEC proceed very similarly and the average absolute
deviation is E {CTY) /CMPEO)|} ~ 2%. It can be further concluded that more pinholes lead
to a steadily higher NCC and thus better reconstruction quality. Nevertheless, especially
for pinmasks (Figure D.2II) b-f), the relative NCC changes are in the range of 1.55%, but
the numerical effort increases up to a factor of 5 (compare b and f) given that the used
amount of active pinholes is 5 times bigger for f instead of b. Here, the jump from pinhole
configuration a) to b) is much more rewarding. For a visual comparison in the case of
TU see Figure D.4. Thus, it is reasonable to assume that for the parameters used here,
reconstruction with pinhole configuration b) represents a good balance of numerical cost

and reconstruction quality™.

D.4 DETECTOR PIXEL PITCH

The obvious question is whether there is an NCC optimal detector pixel pitch in the
context of w. r. t. the number of pinholes used as well as the lateral size of the system PSF
(Figure D.3). For this purpose, different lateral distances As between the detector pinholes
(unidistal = equal distances in both lateral directions) are simulated and given in sample
coordinates, thus 1pix = dSPL1Y) ~ 42 nm ~ 0.085 x d(*AU4et) | A selection of the effective
PSFs of the 25 pinholes is shown for As € [1, 3,5, 7] pix (Figure D.3I). Despite increasing
lateral pixel spacing, the pixel pitch was assumed unchanged to be é-like and thus any

pixel shape specific properties were not further included. With increasing spacing, the

Note, that this result further depends on the detector pixel pitch which here was 2/3 d(AU#) of the effective

system PSF.
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Ficure D.3: Detector Pixel Pitch for unirectangular detector-pixelgrid with unit-vectors
X = [As,0]7,% = [0,As]7 for (II) Thickslice-Unmixing and (III) 3D Deconvolution.
(I) Effective PSF h for all detector-pinholes for in-focus slice (z(*)) and at different
spacings As = a) 1, b) 3, ¢) 5,d) 7 pix. Spacings are displayed in white box on lower

right of each tile. PSFs are normalized to their total sum and rescaled by (log1q(h) Y01,

amplitude decreases more radially symmetrically and there may also be amplification of
sidelobes due to overlap of 1 with sidelobes of 1(4¢) (and vice-versa) and thus a strong
change of the effective PSF. For each detection geometry the forward model is calculated
again which always results in a local-varying noise distribution (with the same applied
statistics), which is especially obvious in the NCC of the reconstructions for detector

pinhole selection a(® (=central pinhole).
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Ficure D.4: Thickslice NCC Visualization for visual comparison of the NCC optimal result for

each individual pinmask as given in Figure D.2II

D.5 PIXEL EFFECTIVITY IN TU

Camera systems with many pixels are available directly and relatively inexpensive, but
their pixel dwell time and register readout speed is on average significantly slower than
from PMT or APD arrays. In order to reduce the measurement times for recording the
multi-view ISM data, the transition to PMT arrays or the construction of a dedicated
detector array is an obvious choice. In contrast to a camera produced in large quantities,
the cost of such a custom array e. g. scales rapidly with the number of individual detector
elements, so a brief analysis of how many pixels are suitable using a rectangular detector
geometry will be given. The pinhole masks used are shown in Figure D.2IL

In the comparison number of pinholes over achieved NCC value, the central pinhole
(Figure D.2lla) is unbeatable, but the configurations are subjectively a better choice, since
the achieved NCC is close to the maximum achievable NCC after TU processing in this
comparison and on top of that the axial distribution of the sample can be reconstructed
better due to the significantly larger view-ang]les.

Within this work, two different existing detector geometries were used for reconstruction,
but construction of an own detector according to the simulated findings is left for future

work.
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Scpu [MiB] R%f]’;‘ Sgpu [MiB] Sgpu [%] Tgpu[oc] toxt [s] tdec [s]

N,

0 0.00 3.00 0.00 0.15 71.00 0.00 0.00

2 0.12 1424.00 178.00 8.90 71.00 2.80 0.90

4 0.25 744.00 186.00 9.30 71.00 1.70 1.40
0.50 404.00 202.00 10.10 72.00 3.60 3.10

16 1.00 234.00 234.00 11.70 74.00 6.60 5.70

32 2.00 149.00 298.00 14.90 75.00 13.10  11.30

64 4.00 106.50 426.00 21.30 77.00 25.80 22.50
128 8.00 85.25 682.00 34.00 81.00 50.10  43.50
256 16.00 74.62 1194.00 59.60 83.00 101.80 87.40
512 32.00 60.16 1925.00 96.10 84.00 195.80 166.10

TabLe D.1: mDEC GPU-RAM usage test. Input Image size N = [N(#, 128, 128], necessary storage

for image on RAM S,,,, as datatype is float32, storage used on GPU for processing S,,,,,

relative storage usage of GPU to total on GPU-available storage Sgp;;[%], temperature

of GPU T,

running the full optimization routine t,,; (excludes graph-buildup time and storage

Rgff,’ = Sqpu/Scpu ratio of memory on GPU vs RAM, time needed for

allocation preparation on GPU) and time needed for on-GPU optimization including
copy-process to—from GPU t,.. First row is only for displaying the ,empty”GPU-state

before first mDEC process.

D.66 PERFORMANCE COMPARISON OF TU AND MDEC

While the previous comparisons have demonstrated the reconstruction quality of TU com-
pared to mDEC, the memory and processing time requirements will be briefly discussed
here. The properties of the test system are given in Section 1.8.

Only the central pinhole for different scanning stack sizes N = [N®,128,128] and a
relative border region Ab = [Ab,, Aby, Ab,] = [0%,10%,10%] were used as the data set
for mDEC. The border is thereby plotted symmetrically around the existing data points,
i.e. are appended to the lateral slices on both sides about 6pix each. The reconstruction
was fully 3D, i.e. from a 3D measurement dataset of N(P) = N® to a reconstructed 3D
object of axial size N®. The performance measurements for the different input datasets

are displayed in Table D.1. S, marks the necessary memory of an array of size N of
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Ny SShelimiB]  SGeiDMiB)  SBe™[MiB]  #OTFw[g]  plunmixing) ]

N,
1 5 2 481 1008 11 8
2 10 6 487 1008 9 7
4 20 23 508 1008 10 13
40 86 588 1008 11 36
16 8o 331 898 1384 12 126
32 160 1302 2117 4049 15 468
64 320 5164 6955 14659 18 2108

TasLE D.2: Thickslice RAM usage test. Input Image size NM — [N@) 1,128,128] and Ni =
[N@) N@ 128,128]. séﬁ;f’") theoretically expected size on RAM of all recon-arrays
(M, h, i, STU)) together, sé;e;id) measured resident RAM-usage, séf,;ff” peak usage

(unmixing)

during reconstruction including all array-overheads and ¢ time needed for

unmixing. Datatype for real-space data was float32, for fourier-space complex64.

datatype float32 on system Random-Access Memory (RAM), S, ,,, Graphics Processing

8pu
Unit (GPU) memory used, Sgp;[%] the relative used memory of GPU w.r.t. to total

available GPU memory, T,,,, GPU temperature, R‘gﬁff = Sepu/Scpu the ratio of used GPU

pu
memory and system RAM, t,,; the time needed for running the full optimization routine
(excluding graph-buildup time and storage allocation preparation on GPU) and t,,,
the time needed for on-GPU optimization including copy-process to<—from GPU. The
memory overhead for creating the Tensorflow graph (Section 1.8) used for the GPU
based mDEC can be read directly from the storage used on GPU Sgpu(N ) = 2) since
the memory required for the dataset is still significantly smaller even with all 13 copies
needed for the gradient calculations. Here the ratio of memory used on the GPU and on
system RAM is R‘ngg /13 = 110. The maximum dataset possible on the test system’s GPU
is N(8Pwma) — 512 128,128] pixels of float32 datatype in real space and the processing
time required for thisis = 166 s. As the data set size doubles, the relative memory overhead
reduces and the processing time t;,. roughly doubles.

The performance analysis of TU for a complete data set, i. e. for N (M) _ [N (@) 1,128, 128]
and N(W) = [N@) N@ 128,128], is shown in Table D.2. Here sé;ifid) measured resi-

dent RAM-usage, S ﬁgf,a” peak memory usage during reconstruction including all array-
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overheads and +(""™Xi"8) the time needed for the unmixing part of the TU routine. Since
for the test N(#™mea) = N(2) was chosen the necessary memory for the determination
of the inversion matrix scales with O ( [N (Z)]Z). The theoretical expected memory re-
quirement S(t°) for the algorithm for the four arrays necessary for reconstruction, the
image M, the OTF 7, unmixing matrix ht, and the reconstructed object STV is above
the average (via the processing routine) memory S(*sid) allocated to RAM starting at
N® = 16, which is due to both sectional memory frees and partial swaps to cache. For
N®@ < 8 the size of the compiler including all program overheads necessary for the used
transformations can be read off (S(resid) 5 §(theo)y The approximately 4x overhead of the
maximum RAM required during the algorithm runtime SP3) comes from the necessary
transformations and regularization masks. The necessary time t©TF% for computing the
unmixing matrix is dominated by the lateral image size for N’ < 16. For the final time
t(unmixing) necessary to reconstruct the image data, after determining the unmixing matrix
it once, +(MNMXing) « +(OTFu) Kolds, For N® = 64 even +("™Xin8) /¢~ 0.09 holds. Note
that t,. o« O (N® logN®) and unming) oc O ( [N(Z)]2>.

Typical ISM mDEC stacks are of the order N = [32,1024,1024, 40], in which case TU

can be used with significant time gains over mDEC.
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E.1 MOTIVATION

Increasing the transferable information through the optical system by saturating the
fluorescent sample was already analysed in the basic case of confocal microscopy [96]. In
their work not only a way of describing the relation between illumination and saturated
fluorescent emission, but the weak illumination radiances that are already sufficient to
saturate the sample are mentioned. Since then, the approach has been further refined and
analyzed in various techniques. For example, in saturated patterned excitation microscopy
(SPEM), in which higher orders (in addition to the linear excitation grid) can be generated
for nonlinear structured illumination reconstruction due to the nonlinear interaction with
the sample, thus extending the supp(OTF) [97], [98]. The resolution gain in these articles
is achieved by order stitching during the reconstruction of the measured data. More
measurement images are needed according to the number of higher orders to be included.

Saturation leads to an effective excitation PSF broadening which can initially be consid-
ered a loss of resolution and thus to be avoided if possible [99]. In CLSM-based Saturated
Excitation Microscopy (SAX) however, it is the center that exhibits an emission depending
nonlinear on the excitation that higher resolution is realized. In SAX the exciting laser
light is modulated by an interferometric combination of two differently Doppler-shifted
beams (using Acousto Optical Modulator (AOM)s) to receive a sinusoidal temporal
intensity modulation e.g. at f(®) = 10kHz. The intensity is chosen such that it is suf-
ficiently high to saturate the sample, but not yet sufficient for multi-photon excitation.
The fluorescence-saturation causes higher temporal harmonics f (NLD) fori e 1,2, ... of
the modulation frequency f ¥ in the emitted signal which can be separated from the
linearly responding fundamental signal using a lock-in amplifier driven at this harmonic
frequency. This achieves higher resolution [100]. Since we aim to follow the ideas of SAX,
we analyze our recorded data in the framework and nomenclature of SAX and extract

non-linear orders (NL) even though the data is acquired by recording images at three fixed
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illumination-intensity values rather than applying a continuous intensity modulation. As
shown below, our approach is better suited to low-noise scenarios while shrinking the
setup-complexity or in general improving the versatility of the method.

In dynamic saturation optical microscopy (DSOM), the fluorescence signal temporarily
sampled with high resolution and thus the sample fluorophore distribution is recon-
structed from the temporal course of the fluorescence response [101]. Using pulsed
excitation with a set of ps-pulses and repetition-times in the 100 ms-range the influence of
the triplet state and hence the tendency towards bleaching can be reduced while sticking
to the SAX imaging scheme [102]. Infinite resolution is limited by photostability and
brightness. Regaining e. g. the second and third nonlinear fluorescence order*, can also
be achieved via the imaging scheme of differential Saturated Excitation (dSAX) [103].
With this method instead of excitation intensity modulation by using two AOMs and a
lock-in for post-detection extraction of higher harmonics, multiple images at different
excitation intensities were taken. Now, only one AOM together with a function generator
for excitation intensity switching is used and no lock-in is required anymore. The new
approach to increase SNR of dSAX by implementing a ISM imaging scheme has been part
of a joint publication [104]. In this thesis, the fundamentals of the approach and further

data processing will be presented.

E.2 THEORY AND METHODS OF DSAX-ISM

E.2.1  Two-State Saturated Fluorescence Model

For the fluorophores excited in the linear range it has been analyzed in the previous sections
how much information can be obtained from the measured data. The reconstructable object
data are limited despite the use of assumptions (priors) about the original distribution
of the OTF support. By manipulating the imaging process or the imaging geometry, this
support can be changed. For the following sections, a nonlinear fluorophore response is
generated by saturated excitation. The model of the excitation behavior of a fluorophore
introduced in Section 1.5 is further simplified for the purposes of this section and thus

reduced to a two-state model. For modeling purposes, this corresponds to Figure 1.2

1 Wording and usage established in works concerning with SAX.
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without $®, T(® as well as the corresponding transitions. Thus, the ground state S,

the excited state S, the absorption rate k@ (S — S®), and the fluorescence rate k("
(§® — §©) remain. With N (/%) being the number of molecules in the S©°/V) state from
the rate equation solutions Equation E.26 (see Section E.5) the fluorescent photonflux

®® (t) (Equation 1.29) can be rephrased as:

O (t) = Q(e)k(f)N(l)(t)

@ (D)@ —1e)
=L ) = Q@EKHONGe = M =Q® Lk = Q@™ (Ea)
kO k@ [(ex) @)1 '
+ (@)

with k@ the intensity dependent absorption rate (Equation 1.28), 7@ the fluorophore
optical absorption cross-section, k{f) = =1 the emission rate constant, T the excited state
lifetime, Q® the fluorophore quantum efficiency and I‘® the excitation intensity. Note
that I® can be expressed in units of photons/cm? /s by making use of the Planck-Einstein
relation E®® = 1A% /c with [E] = ] /photon, thereby converting ] — photons and thus both
summands in the denominator of Equation E.1 have the same physical units for each
individual photon and molecule. The spatial dependence (e.g. ®* (%)) is not visualized
in the equations above and only one type of fluorophore (i.e. only one 7) with the same
absorption cross section over the whole object was assumed for the model. The degree
of saturation of a fluorophore ™M@ at a given (maximum) intensity max(I‘®¥) can be

defined by Equation E.1 as:
¢(max) - 7.dE) (maX(I(GX))) (EZ)

According to Equation 1.30 by multiplying with the spatial sample-density distribution

C® (%) the final fluorescent emittance I‘F) can be calculated:
[P = o®)(@)QCH (%) = [®@FIS] (X) (E.3)

with 8 = Q@®C® (%). For simulations in this chapter the nonlinearity of the sample

response is modelled into a modified illumination PE)(®) according to Equation E.1.

A brief example for the paramaters in case of Fluorescein will be given based on [105] .

Here 7@ = 3.06 - 10716 cm? /molecule, T = 4.5 - 1077 s yielding
[ ~ 7.3 . 1023 photon/cm? /s where the assumption of a perfect conversion efficiency
Q® = 1photon/molecule was used. In case of typical CLSM a Gaussian beam, i.e. a

beam with shape like a Gaussian distribution in its lateral profile, with e. g. waist radius
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wqy = 250 nm focused by an objective lens with NA = 1.25 and oil-immersion has a focus-
spot intensity of [(® = 5.1 - 10° W/cm?. The example of Fluorescein was chosen as most

of the dyes used in this thesis are of type Alexa which was created from Fluorescein [30].

E.2.2 Reconstruction Scheme of dASAX-ISM

For intensities [ « (77 )~! the transition @) — [0 holds and the linear excitation
process studied so far in this chapter can be reconstructed. In the following, cases for the
range [(® = O ( KAR ]_1> are considered. One speaks of a saturated state when > 50%
of the molecules are (permanently) in the excited state S, i.e. N®® = 0.5N. This will be

the case at the saturating excitation intensity I(€*):
-1
19 = (@) (E.4)

and with Equation E.1 it follows @) ([€©5)) = (27)~1. A Taylor series expansion of ®*"

around [ = [(%9) yields:

O (1©9) = i Lam 1o (1600 — 1)
n

TRE S J(©) = [(exS)
7 , oo _1" n+1
D) (100 4 109) = @F) (1099) 4 )" s (19)' (E5)
n=1 :
Tn—l
"= (E.6)

[1+ @S]
Equation E.5 can be further simplified by normalization and another coordinate transfor-
mation to:

TE) (j(ex)) = pE) (T(ex)) —dE) (I(ex,S)) ~nl i (_1)n+1 (T(ex))n (E7)

n=1

flex) = L (E>(1<ex>_1<ex,5>)

N2mn N\

where Stirling’s approximation n! ~ y27tn(n/e)” was used for simplifying the factorial.

According to Equation A.58, for a recorded image using a 2D detector at position z = z(%:
M o IMR) = [ID @ hger] __oy (X (E.8)

Due to linearity of the convolution operation (with h,,;) and multiplication (with S")
further calculations only focus on the I(®0 terms. The goal of the next steps is to isolate
higher order fluorescent responses and thereby increase spatial image-resolution, i.e.

finding a scheme to individually isolate the (1)" terms.
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According to Equation E.5, the Taylor series expansion for a chosen excitation intensity
[0 vanishes rapidly T¥*+1 (1(&) )k /(k = 1)! — 0 for increasing higher orders k and its
residual estimation R o O ( [1¢) ]k) vanishes for any chosen k within this thesis. To e. g.
reconstruct the saturated fluorescent responses up to k = 3, taking three images M) at

different excitation intensities I(** ) (k € [1,2,3]) equates to:

M® o Jlex)) (E.9)
M®  Jlex2) _ (j(exz))z (E.10)
MO o« 1) — (1e9))* 4 (1)) (E.11)

By solving the system of equations, the 15 and 2" nonlinear fluorescence orders e. g. can

be obtained in terms of MMM and MNE2) [103]:

(NL1) T(EXZ) (1) (2)

M = —o MO — M (E.12)
(NL2) [©) i (NL1) 1) (1) (3)

MO = | o | MO — oM+ M (E.13)

Since the nonlinear orders can be extracted by linear combination of the measured data,
the method is named dSAX. Assuming a Gaussian-like illumination distribution I‘®, it
follows from Equation E.7 (or even more clearly Equation E.12) that the gain in resolution
over the unsaturated image scales with vn. Note, that while the saturated images could be
directly used within e. g. a nonlinear iterative reconstruction like mDEC or the saturation
model could even directly be baked into a semi-blind deconvolution model, the existing
SAX and dSAX approaches try to extract these higher nonlinear orders MMt pf(NE2)
in a linear manner. Thus, for comparability of existing works the theoretical and experi-
mental analysis within this thesis will focus around the reconstructibility of these higher
nonlinear orders.

Using the example of the two-state model derived in Section E.2.1, the influence of
saturation on the individual PSFs and OTFs is shown in Figure E.1. Optical parameters
chosen were NA = 1.3, A®) = 488 nm, A®™ = 520 nm. For the spatial image sampling
a strong undersampling of dST12) = 10 nm and dP129 = 50 nm was chosen for better
visualization. This gives d(APP¢13) = 198 nm for the detection PSF h(4¢t) according to Equa-
tion 1.12 and thus by Table 1.1 /AV1aY) ~ 483 nm and dAU) ~ 1715 nm. Accordingly, the
Abbe frequency in Fourier space according to Equation 1.13 is k(A*¢1at) = 31.7 yad / ym and

k(Abbeax) — 8 9 rad /um. Saturation parameters were calculated according to the Fluores-

cein exampleto T = 4.5:107% s, 7@ = 3.06-10~16 cm? /molecule, Q' CH) = 3.215molecules/cm?
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D (1)
14 Jex) 275
|(F) 5 h(/(exl)) - h(I(NLl))
A12 o J(NLD) / N 50 h(l(exz)) _ h(/(NLZ))
g 10/ » ™2 £ 225 h(1(ex3))
L fit 1P c
= 8 fit J(NLD) :200
o ) fit L) =
3 e I
g —T S1s0
° 4 : T
- i (ex3) 125
2 !
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Ficure E.1: DSAX Saturation Curve. (I) Simulated saturation curve (golden) and applied
excitation intensity (black dotted) as log-log-plot. Chosen saturation intensities
(I€13)) are displayed for reference. Calculated nonlinear first [N (green) and
second (blue) order INt2) and linear fits to the measured and calculated curves. (II)
Dependency of FWHM of measured images and extracted higher orders on the use
lateral reassignment shift-distance. Correlation based calculated shift-values and

achieved FWHM are displayed with a dotted line and a cross at its ends.

(per unit-depth dz) chosen, giving p™®) = 1/2 at [ ~ 2800kW /cm?. Figure E.1l
demonstrates the fluorescent signal I'®) (golden) over an excitation intensity range of
[ g [1,...,107] with step size AI*®) = 1000. For the reconstruction of the first and sec-
ond nonlinear orders, three different excitation intensities I©® must be chosen according
to Equation E.12 and Equation E.13. Analogous to the procedure of Nawa etal. [103], a
linear fit (fit [, see Figure E.1l) is applied to the saturated fluorescence curve log, By,
in log-log representation. From the linear range of log, ,(I"), the largest possible I is
now chosen to achieve the lowest possible noise measurement signal. From the chosen
[©D and [V = [®) (1)) the fluorescence curve [F) (I > [V js used, according
to Equation E.12, to calculate the curve NV, Another linear fit to log, (NLVy (green,
see Figure E.1I) allows us to estimate the linear range of log, ,(I'N")) and thus choose the
largest possible I(©*2) with associated I'fNMV, With the tuple {1V, [V}, ([(ex2) [(FNL1)y

chosen in this way, it is now possible to extract I(®)(I(® > [(©2)) from the remaining



E.2 THEORY AND METHODS OF DSAX-ISM

Y p@ p3) p(NL1)  p(NL2)

FWHM/AU o.77 0.81 0.91 0.67 0.62

h® /pM 1.00 1.05 117 087  0.81

TaBLE E.1: FWHM of dSAX-ISM PSF Simulation. Results are based on the chosen excitation

intensities of Figure E.1l.

fluorescence curve. According to Equation E.13 I'Nt2) can now be determined. A new
linear fit to the calculated curve log1 e (NL2)y allows the choice of (&3), In the simulation,
[V = 50 kW /cm?, 12 = 200kW /cm?, and [ = 1000 kW /cm? were chosen.

The lateral and axial PSFs broaden with increasing saturation by up to 17% in the
case of 1(3) /h™ simulation (see Table E.1). AN and h™NL2) were calculated according to
Equation E.12 and Equation E.13. The isolated nonlinear orders on the other hand achieve
a resolution gain of up to 19% in the case of hNF2).

The dependence of Full Width at Half Maximum (FWHM) on the selected shift vector
along the X-axis is shown in Figure E.1Il. The simulation parameters remain unchanged,
with only the sampling adjusted to dP1at) = 40 nm, dSPL29 = 100 nm and extenting
the detector to consist of [16,16] pixels. The dashed lines mark location and FWHM after
determination of the shift value using method 2. The deviation of the of the FWHM curves’
individual minimum from the X-marked shifts determined using method 2, although
the same FWHM is obtained, might indicate numerical inaccuracies of the correlation or
shift routine for subpixel shifts. Since no appreciable influence of this inaccuracy could
be detected in other simulation and processing scenarios, no deeper analysis of this
circumstance was performed. The values given in Figure E.1lI also illustrate that the
optimal lateral shift values depend on the degree of saturation and offsetting. Thus, e. g.
the optimal shift values of 11¢3) and hNL2) differ by Ax(130Pt) jAx(NL20Pt) o 739, [f
e. g. the shift value Ax1®3°PY) would be used for hNL2), the FWHM would be 143 nm
instead of 122 nm, resulting in a deviation of ~ 17%. The order of reconstruction, 1) pixel
reassignment followed by 2) extraction of the nonlinear orders or 2) and then 1), has no

significant effect on the FWHM in this case, since the calculation (Equation E.13) is linear.
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AWF * * * * v

04E,

020.

2 \J

. *%@ 089 q_)

| P CmDEC prmpEC, FympEC | S~ 06—'
' w7/ iIvN : ‘amDEC_I

Ficure E.2: DSAX Comparison of Reconstruction Methods for High SNR. Reconstruction re-
sults of differential Saturated Excitation Image Scanning Microscopy (dSAX-ISM)
images. Upper row: applied to M™, lower row: applied to M(NL2) . a+b) WE, c+d)
CLSM at 1 AU pinhole size, e+f) PiRe at 1 AU pinhole size, g+h) WAVG i+j) noise
normalized Weighted Averaging in Fourier Space (nWAVG), k+1) generalized WD,
m+n) deconvolution of CLSM data (CmDEC), o+p) deconvolution of ISM data
(PmDEC), g+r) multi-view deconvolution , s) ground truth (=object), t) multi-view
deconvolution using all measured images M fori € 1,2,3 (amDEC). Images are

normalized to their individual zero frequency.

M (ID)

3.0 3.0
—— O0B) CmDEC —— 0BJ CmDEC
2.5 —— WA PRmMDEC 2.5 —— WA PRmMDEC
—— WAN mDEC —— WAN mDEC
Wiener —— amDEC Wiener —— amDEC

A
N
o
N
o

log10(1 + |[M|)
o

~

logi10(1 + |M|)

1.0 1.0
0.5 0.5
0.0
0'00 1 2 3 4 0 1 2 3 4
kx/k(Abbe) kX/k(Abbe)

Ficure E.3: Reconstruction of DSAX Data for High SNR. Fourier radial sum example for (I)
M©, (I1) M(NL2),

E.2.3 Comparison of Reconstruction Methods on dSAX-ISM

Further processing by means of WAVG (Section 1.7) and a set of deconvolution techniques
will be applied to the dSAX-ISM data in case of high- and low-SNR. For legend entries
the following nomenclature is used: OBJ=object, Wiener=WD, WA = WAVG, WAN =
nWAVG, mDEC = mDEC and amDEC = multi-view DEConvolution using all available
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MDD M2 MG pNLL  pAf(NL2) MDD M2 MG MNLD - pAf(NL2)
WEF 078 o076 o0.71 0.82 0.83 WEF 0.77 0.75 0.70 0.68 0.52
CLSM 0.81 080 o0.77 0.84 0.85 CLSM 0.80 0.79 0.77 0.67 0.50
ISM 0.83 0.83 0.81 0.85 0.86 ISM 0.82 0.83 0.81 0.69 0.52
WA 0.78 o0.77 0.76 0.81 0.82 WA 0.78 o0.77 0.76 0.80 0.78
WAN 0.84 0.83 0.83 0.86 0.87 WAN 0.84 0.83 0.83 0.82 0.79
Wiener 0.92 0.93 0.94 0.90 0.89 Wiener 0.88 0.89 0.90 0.83 0.79
CmDEC o0.90 0.88 0.85 0.92 0.91 CmDEC 087 087 0385 0.81 0.77
PRmDEC o0.93 0.92 0.90 0.92 0.91 PRmDEC 0.89 0.91 0.90 0.82 0.77
mDEC 0.93 0.92 0.91 0.88 0.91 mDEC 0.90 0.91 0.90 0.82 0.77
amDEC 0.87 0.87 0.87 0.87 0.87 amDEC 0.93 0.93 0.93 0.93 0.93

(a) (b)

TasLE E.2: NCC Values of DSAX Processing. For processing of dataset (a) high-SNR (b) low-
SNR. Compared techniques abbrevations are: OBJ=object, Wiener=WD, WA = WAVG,
WAN = nWAVG, mDEC = mDEC and amDEC = mDECusing all available (saturated)

images MY fori € 1,2,3.

images (amDEC) using all available (saturated) images MV fori € 1,2,3. Thus in case
of amDEC only 1 reconstruction for the whole set of images exists. Simulation parameters
are the same as in the previous section.

Figure E.2 shows a comparison of the different reconstruction methods applied to M®
(top row) and MMNE2) (bottom row) in the case of high-SNR. The last column is isolated
and shows the underlying object and the amDEC reconstruction.

From the visual impression, almost all post-processed and non-post-processed results
based on the nonlinear third order M(NL2) (Figure E.2, lower row) isolated by means of
dSAX-ISM appear sharper, since the struts of the spokes2d target can be traced further
inwards, they are filled more evenly and their edge gradient appears steeper. Only in
the case of WD (g) a better result seems to be achieved by means of the dataset M
(Figure E.2, upper row) used for comparison.

Calculation of NCC by comparison to the simulation object (0) confirms this observation,
since all values of the last column (see Table E.2a) are larger than those of the first column,

except in the case of the WD. Since amDEC uses all underlying measurement data for
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Ficure E.4: DSAX Comparison of Reconstruction Methods for Low SNR. Reconstruction re-
sults of dSAX-ISM images for low-SNR. Upper row: applied to M, lower row:

applied to ML), Numbering and normalization analog to Figure E.2.

(1) (1)

3.0 3.0
—— 0BJ CmDEC —— 0BJ CmDEC
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+ +
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2 3 0 1 2 3 4
kx/k(Abbe) kx/k(Abbe)

Ficure E.5: Reconstruction of DSAX Data for Low SNR. Fourier radial sum example for (I)

M©, (1I1) M(NL=2),

multi-view deconvolution only one correlation value exists, but it was entered in all
columns. ISM always achieves NCC greater similarities to the object than CLSM at 1 AU
or WE. WD is the most NCC performant method in this reconstruction comparison.

A comparison of the amplitudes of the frequency components of the reconstructions
of M@ (see Figure E.3I; Equation E.9) and M(NI2) (see Figure E.3II) does not suggest
the previous observation that WD reconstructs the data better than e. g. mDEC. The data
are normalized to 1000/k,, with kg their individual zero frequency. The plots suggest that
mDEC and amDEC are nearly identical to the original object spectrum until just below
k, = 2k(APb¢) ‘and below that mDEC is closest to the original frequency distribution. For
k, > 2k(APb¢) the amplitudes of the frequency spectra of all reconstructions drop below the

original object distribution. While WD, mDEC and amDEC are an estimate of the noise-free
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object, WAVG and nWAVG are still noise PSF-weighted summations of the measured data.
They are included in this comparison image to illustrate the noise-cutoff and frequency-
dependent decay of the OTF of the underlying imaging. For k, > 2.5 - k(APb¢) WAVG
and nWAVG are negligible and thus above this limit the comparison of the frequencies
reconstructed by e. g. mDEC with the original frequency spectrum of OBJ are of particular
interest. In the case of M(NL2) nWAVG and WD are very similar in shape, while mDEC
and amDEC are much closer to the original frequency spectrum, see Figure E.3II. This
difference manifests itself only slightly in the calculated NCC values (Table E.2a), but in
the pictorial comparison (Figure E.2) by larger unevenness in the struts (areas of equal
pixel values) of the spokes2d target at WD compared to mDEC.

In the low-SNR case, a visual SNR gain of ISM (f) over CLSM (d) is noticeable, see
Figure E.4. However, the quality of the reconstructions based on the nonlinear 2"? order
MWNL2) i Jower than the reconstructions of the non-saturated fluorescence data (top row).

This conjecture is supported by the determined NCC values, see Table E.2b. All re-
constructions achieve better results for the direct simulation data MW compared to the
extracted nonlinear orders MLV, ISM is also NCC-closer to the original object than
CLSM. amDEC and mDEC now achieve the NCC-best results here and are NCC-closer to
the original object than WD. In the case of M (NL2) processing, WD, WAVG, nWAVG and
mDEC achieve the same NCC value of 0.78. This suggests that the frequency cut k‘“NL2) of
the underlying simulation data is lower than e. g. at M(® and thus less frequencies can be
reconstructed from the noise floor. Figure E.5II supports this conjecture, as the normalized
amplitude values for all reconstructions (amDEC is displayed here for reference only)
run well below the distribution of the original frequency spectrum.

For a SNR comparison of CLSM-based dSAX and dSAX-ISM the reader is referred to
Section E.6.
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Ficure E.6: DSAX Experimental Setup. Insert displays pulse-timing used.

E.3 DSAX-ISM EXPERIMENTS

E.3.1  dSAX-ISM Experimental Setup

The experimental setup is basically a CLSM setup extended by a camera (emCCD) and
AOM,, see Figure E.6. A continuous wave laser (Sapphire-488 nm,Coherent) is used as the
light source. For precise intensity adjustment, two ND filters (ND1,NDz2) follow after the
laser. For pulse length and intensity control, a AOM (AOM-405-AF1-], IntraAction Corp.
with driver ME-405-], IntraAction Corp.) is used. The beam is then focused onto a pinhole
(d = 50 um) using an achromatic lens f (™) = 50 mm (AC254-050,Thorlabs) where it gets
spatially cleaned and afterwards magnified by the telescope assembly using a second
lens f (12 = 150 mm 3x to fill the BFP of the objective lens. A beam splitter BS (BSN10R,
Thorlabs) reflects 10% of the excitation light onto a Photodiode (PD) (S3399, Hamamatsu
with amplifier C8366, Hamamatsu) to always measure the excitation intensity present. A
pair of galvanometric mirrors (6210HBR, Cambridge Technology) is centered around the
BFP of the scanning lens f S) = 50 mm, allowing the angle of the beam in the BFP and thus
the lateral position of the excitation spot in the object plane to be changed. Due to the larger

focal length of the subsequent tube lens f ™Y = 180 mm, the beam diameter is expanded
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3.6x and focused into the sample plane by means of an objective lens (UPlanSApo 60x,
1.30 Sil, Olympus Corporation). The fluorescent emission is collected through the same
objective, propagated back into the BFP of the SL using TL and SL, and descanned there.
A dichromatic short-pass beam splitter D1 (FF505-SDio1-25x36, Semrock) separates the
fluorescent emission from the excitation beam path. Another telescope, f(13) = 200 mm
and f(I4) = 200 mm serves as a relay and for coarse ooF filtering through the pinhole
(d = 50 um) located between the lenses. A further achromatic lens f("5) = 200 mm
ultimately focuses the beam onto a PMT (Hy422-40, Hamamatsu), in the case of CLSM
use, or emCCD camera (proEM 1024B, Princeton Imaging) in the case of ISM. The PMT
is used to search for a suitable sample position. One pixel cycle, i.e. dwell, readout and
dead-time, of the camera requires +(C¥'¢)5 ms. In sample coordinates, one lateral AU of the

detection beam has the size of d(*AUsample) _

483 nm. With a system total magnification
of M) = 144 and the camera pixel pitch of "™ = 13 ym, this corresponds to
d(1AUsample) 5 35 pixels. The camera pixel pitch expressed in AU is thus approximately
dPcam) ~ 0.2 AU. To record the first three AU of the fluorescent emission, a central area of
the camera of 16 x 16 pixels is used.

Constant excitation in the nonlinear response regime of the fluorophores, in the case of
the presenting setup geometry, can easily lead to undesired side effects such as thermal
heat aggregation or bleaching [102, 106]. Since the degree of fluorophore saturation
depends on peak photon flux and less on flux duration (Equation E.1), a pulse-like
excitation is generated using a function generator (AFG3102C, Tektronics) with the AOM.
The confocal scanning unit is parked on a spatial position for the subsequent acquisition of
the three images (Equation E.13) necessary to reconstruct the third order in the dSAX-ISM
scheme, where one image is recorded at each of three different peak intensities (see insert
lower left of Figure E.6). During one recording cycle ¢(“Y'®) two rectangular pulses with

t®PW) = 80 us duration and +('P) = 1.3 us period are used.

E.3.2 Measuring the In-Sample Saturation Curove

In order to determine the appropriate excitation intensities for the particular sample, in
case of the dSAX-ISM scheme, the fluorescent response of the sample must first be studied

as a function of excitation intensity [¢®¥. Here, the voltage applied to the PD (PD, see
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Ficure E.7: DSAX Experimental Saturation Curve. (I) Linear Fit to PD measurements.
Displayed as log-log-curve. (II) Saturation curve for Alexa-488 stained HeLa-cell.
Measured fluorescent response (magenta points), calculated first order (NL1, green
thick points) and second order (blue triangles) are displayed together with their
respective linear fits. (III) Logarithm of Measured images with a) constant excitation
intensity b) steps of increasing intensity. Chosen excitation intensities, I‘™" (lime),
[®2 (turquoise) and I(®3) (magenta) for further DSAX-measurements are marked

with a ticked line.

Figure E.6) must be converted to the power present in the sample plane. To measure the
power in the sample plane, a longitudinal measurement is performed using a powermeter
(PM1ooD, Thorlabs). The measured power is converted to the applied intensity via the

theoretical focal spot size of d1AUx) (Table 1.1) according to Equation E.14:

(ex,S)
I(eX,S) — P , [I(ex)] = ﬂ (E14)
T (d(1AU,exc) /2)2 sz

A linear fit to the intensity measurement series yields the relation Equation E.15:

1.38-10° W
19 = —— 1D 4+ 1.39.102— (E.15)
cm

The fit including the measurement series is shown as a log-log plot for better visibility of
the used excitation intensity steps AI®, see Figure E.7L

Using Alexa488 phalloidin conjugate (A12379, ThermoFischer) stained Actin filaments
of Henrietta Lacks Cervical Cancer (HeLa) cells in an anti-photobleaching agent (Pro-

longGlass Antifade Mountant, ThermoFischer) as an example, the procedure will be



E.3 DSAX-1SM EXPERIMENTS

MDD M2 M3 pfNLL) pAf(NL2)

cp 205 208 216 199 203
CLSM 222 228 241 216 237
ISM 219 224 234 206 201

Ficure E.8: DSAX FWHM of PSF Measurements. (I) Acquired image. Selected beads are
marked with a magenta box. (II) Calculated FWHM from fitted PSF measurements.
All calculated sizes in AU.

demonstrated. A second, similar PD after the BS in the detection beam-path is used to
measure the fluorescence response. A sample area filled as uniformly as possible with
stained object structure is imaged with a constant, low intensity [(F<°"Y (see Figure E.7III
a) as well as with an excitation intensity [ #<4rve) (see Figure E.7III b) that increases every
four lines. The mean is calculated over four lines each for the ratio [Feurve) /(Feonst) 514
plotted over the excitation intensity I in a log-log plot, see Figure E.7II. In particular,
since the SNR of the first image M has a large influence on the overall SNR and the
nonlinear orders (Equation E.13) that can be reconstructed with it, [ must be taken
as close as possible to the boundary of the linear to nonlinear response range of the
sample. The procedure for finding these excitation irradiances and creating the fits is
described in Section E.2.2. For the present example, [ = 1.18kW /cm? (green dotted),
[®2) = 3,04kW /cm? (turquoise dotted) and I(®*3) = 10.99kW /cm? (magenta dotted ), see
Figure E.7IL

E.3.3 Measurement of the dASAX-ISM PSF

Beads with d(Bead) = 100 nm (F8803, ThermoFisher scientific) in silicon oil were used to

determine the experimental PSF. The beads used are about half of one airy unit of the

(ISM)
hO

effective PSF of a camera pixel d*AY) ( ) = 235 nm. A simulation with the present
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system parameters yields a FWHM, half of an AU, of dFWHM) (héISM>) = 152 nm for the
effective PSF and 4 FWHM) (M(()ISM) ) = 191 nm for the PSF convolved with the 100 nm bead.
By using a bead of this size, the actual FWHM is broadened by 26%. Since in the following
the methodologies shall be compared relative to each other and not with absolute values,
this broadening influence is accepted in exchange for a better SNR, due to the larger
fluorescence volume.

The excitation intensities were chosen as [ = 91W/cm?2, [(¢*2) = 263W /cm? and
1(®3) = 850W /cm?. The images where processed w. r. t. extraction of non-linear higher
orders and CLSM/PiRe summation. From the reconstructed images a set of Region
of Interest (ROI)s containing single beads was selected (magenta boxes) and a bead-
representative calculated, see Figure E.8I. The bead-representatives (points) were then
fitted by a 2D Gaussian (respective line). The FWHM is calculated from the fitted Gaus-
sians using the relations Table 1.1, see Table E.3. Here, dSAX-ISM achieves a resolution gain
of 1 — dFWHM) (pf(NL2ISM))  g(FWHM) (A1 (NL2CLSM)) = 159, using ISM scheme compared
to CLSM at 1 AU sized virtual pinhole. In case of ISM the achieved resolution of MNL2)
is 2.6% better than for M(NLY) | The dataset demonstrates, that despite the weak SNR of
the useable beads the ISM based dSAX-ISM reconstruction routine is able to improve
resolution by succesfully extracting the second higher order while this was not possible
with the SAX scheme where d¥WHM) (p[f(NL1)y  g(FWHM) (p[(NL2)y Eyrther, the overall

calculated FWHM

E.3.4 dSAX-ISM Measurement of a Biological Sample: HeLa cells

To analyze the method in biological cell material, a 2D multi-view image at 3 different
excitation intensities of actin filaments of HeLa (for staining and fixation see Section E.3.2)
cells were recorded. Instead of a PD in the detection beam-path, an emCCD camera
(Figure E.6) is now used for imaging. The recorded section of a HeLa cell is shown for
the central pinhole (CP), CLSM with d (PinCLSM) — 1 AU] and PiRe with dPSM) = 1 AU
in Figure E.9g.

Subsequently, the data were processed using deconvolution analogous to Section E.2.3.
Figure E.10 shows the results for M© (top row) and M(NL2) (bottom row) for the ROI

marked with a white rectangle in Figure E.g. Since amDEC (Figure E.10 t) is calculated
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Ficure E.g: DSAX HeLa Image. Reconstructed 2nd order MNI2) for a) central pinhole, b) CLSM

and c) ISM processing. Small boxes mark ROlIused in Figure E.10.
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Ficure E.10: DSAX Reconstruction of HeLa Actin Filaments. Reconstruction results of ROI (see

Figure E.9). Reconstruction results of dSAX-ISM images. Upper row: applied to
M®, lower row: applied to MNI2) a+b) WE, c+d) CLSM at 1 AU pinhole size,
e+f) PiRe at 1 AU pinhole size, g+h) WAVG i+j) nWAVG, k+1) generalized Wiener
deconvolution, m+n) confocal single-view DEConvolution (cDEC), o+p) pixel
reassigned single-view DEConvolution (prDEC), g+r) mDEC, s) central pinhole

image, t) amDEC. Images are normalized to their individual zero frequency.

from all available views and images M (13), it is used as a reference for the NCC calculation.
In particular, since for the nonlinear first and second order M™1-2) many of the available
detector pixels only contribute noise to the reconstruction, the same pinhole selection was

used for the multi-view deconvolutions as well as for the PiRe.

E.4 CONCLUSION AND OUTLOOK

The existing fluorophore saturation-based methodology dSAX was extended from CLSM
to ISM geometry, thereby coining the name dSAX-ISM, and the influence of different

processing was investigated.
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In the simulations, a theoretical resolution gain of ™2 over ¥ of about 11% in
low SNR case using the presented processing method was predicted. A simulation of
different deconvolution strategies led to the remarkable result, that in case of an in-focus
2D multi-view processing the NCC-quality of the single-view ¢cDEC as well as prDEC
deconvolutions achieve about the same reconstruction quality like mDEC. Since only one
view is used instead of the available 25, larger measurement datasets can be processed
on more compact GPUs without compromising quality. In case of low-SNR scenarios,
reducing the amount of detector pixels led to better reconstruction results.

The theoretical analyses were implemented experimentally in a dedicated setup. Here,
it proved advantageous to select the excitation intensities tending to be from the already
adjacent nonlinear region to achieve better SNR. The dSAX-ISM scheme was able to
achieve a resolution gain for the extracted non-linear PSF 1Nt over 1V while dSAX did
not. The reconstruction quality of cDEC and prDEC could be confirmed experimentally.

It was shown that the extension of dSAX by ISM can extract a MNL2) with higher
noise cutoff at the same excitation intensity. This allows comparatively lower excitation
intensities to be chosen, thus reducing phototoxicity while maintaining the same resolution.
Extending dSAX with ISM leads to a decrease in scan speed compared to CLSM imaging
using PMT, but this could be compensated in the future by replacing the chosen emCCD
camera with single photon avalanche diode (SPAD) arrays, or a PMT array (as in the
commercial Zeiss Airyscan system). In future, a parameter search for an optimal SNR
and FWHM as a function of excitation intensity and using five-state model (including

triplet state and bleaching) could be helpful.

E.5 2 STATE DERIVATION

For analysis of SAX instead of the schematic 4-state model introduced in Section 1.5 a
straightforward to implement 2-state model (Section E.2.1) is used. Assuming a lossless
system (i.e. number and availability of excitable molecules remains the same), the rate

equations are:

N© = _f@N© 4 (ON® (E.16)
N = —9,N© (Eay)
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where N(©/1 denotes the number of molecules in the S(©/? state. k@ (¥) = 5@ ()[® (%)
the intensity dependent absorption rate, 7@ the fluorophor optical absorption cross-
section, k) = 7= the emission rate, T the excited state lifetime, Q® the fluorophor
quantum efficiency and [¢®® the excitation intensity. Furthermore, since the number of
molecules remains the same, Equation E.18 applies and we choose N© = N,N® (0) = 0,
since at the beginning of the excitation process all molecules are still in the ground state

So-
N©@#) + NO#) = N©@©0) + NO (@) =N +0 (E.18)

Plugging Equation E.17 into Equation E.16 yields the condition at equilibrium t = +(®:

N©  k®
NO @

(E.19)

1.e. if more than two states would have been used within the model, eventual hidden-
states would vanish and a balanced relation of excitation vs spontaneous relaxation will

be established. By putting Equation E.19 into Equation E.18 we find:

k@
1e) = Nt =&y =
N =Nt =t9) P k(f)N (E.20)

with Plugging Equation E.18 and Equation E.20 into Equation E.17 yields:

IND () = kKON () + k@ (N = N (t)) (E.21)
=a (N () —= NO (1)) (E.22)
with a = k@ + k(). Equation E.22 is a ordinary, inhomogeneous differential equation of

1st order and the individual solutions to the homogeneous N (t) and inhomogeneous

part NWP)(t) are:

NOH (1) = A et (E.23)
NOP) () = N@e (E.24)
N®(t) = NOH (1) 4 NOP (1) (E.25)

which together with the starting condition N® (¢ = 0) = 0 and Equation E.25 yields:

N® () = N®O (1 — ) (E.26)
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Ficure E.11: DSAX SNR Improvement by ISM. (I-II) radialsum profile over average images.

(III-IV) radialsum with moving average from 1 noisy image.

E.6 SNR IN DSAX-ISM

Previous SAX implementations are based on a CLSM measurement setup as described
in Section E.1. In this section, the combination of SAX with a ISM scheme, leading to the

dSAX-ISM method, to improve SNR will be explored. Thus, SAX and dSAX-ISM results
will be compared.
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Ficure E.12: DSAX SNR Improvement Images.Images used for Figure E.11. (I) for high-SNR,
(IT) low-SNR case. a) M(CNLIS‘}\)A, b) M(CNLI_;?&I ) M;SNE) ,d) M}?I\Lf). Per Image the upper
row: real space, lower row: Fourier transform of respective upper row image-parts.
In each for a)-d) left colum: simulated, noisy image; right: low-pass-filtered at

cut-off frequency of MMNL2),

In the simulation, some parameters have been changed compared to Section E.2.2 as
follows: the detector array now has [5, 5], the detector pixel pitch is dP™) = 0.25 AU and
the quantum efficiency fluorophore density product Q‘® C™® is reduced by 100x for higher
SNR and increased by 10x for lower SNR. For noise statistics analysis, 100 realizations of
the same measurement process are performed.

For analysis of the SNR (Equation 1.33) improvement by the ISM over the CLSM
scheme, the cut-off frequency in Fourier space is investigated, see Figure E.111I. For this,
the images are Fourier transformed, the transforms are divided into radial bins and
averaged within them. Here N(®") = 32 i.e. half of the lateral image size, was used. The
projection thus determined was then noise-normalized (noise-baseline, purple dashed
line) and the first value of ]T/IJE:I%?&I (dark red curve) lying below the noise-baseline is
considered to be indistinguishable from the noise-floor. Therefore, the corresponding
cutoff frequency k(““ISM) (vertical red dashed line) is chosen one simulate frequency

MNL2)

point lower. Analogously, M;q,7’ (dark blue curve) with k(“ISM)_ The area, starting from

k(©CLSM) §s colored in a lighter red tone, correspondingly the area starting from k(“SM) in
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MDD M2 pmB3 pfINLD)  pf(NL2)

CLSM 179 190 218 149 136
ISM 150 154 165 130 121
1-ISM/CLSM 16 19 24 13 11

TasLE E.3: DSAX FWHM of SNR Improvement by ISM. Calculated FWHM from simulated,

noise-free PSF. First two rows in nm, last in %.

a lighter blue tone. Thus, it is directly evident which curve has a higher cutoff frequency.
From this cutoff area, the resolution and SNR improvement between the two schemes can
be read. The area from the highest cutoff frequency achieved is colored gray, indicating that
these frequencies cannot be distinguished from the noise floor for either technique. The
light gray curve in the upper part of the image indicates the underlying object spectrum
and is freely scaled.

The left column of Figure E.11 (i. e. (I),(III)) shows the results for the high-SNR sim-
ulation, the right column the results for lower-SNR simulation. For 100 realizations in
the high-SNR case, the cutoff frequencies are k(CLSM) /k(CISM) = 0.83x (see Figure E.111)
while for the low-SNR case for the cutoff frequencies k(©<FSM) /E(CISM) = (77 holds
(see Figure E.111I). k(CISM)  3k(Abbe) for high-SNR and k(CISM) ~ 2k(Abbe) for low-SNR.
For e.g. k, ~ 2k(APb¢) the transfer ratio of the two techniques in the high-SNR case is
M;SNALZ) /]T/I/gfg?&[ ~ 1.059x and in the low-SNR case at M}gﬁz) /MENLE% ~ 1.007 x.

In the case of evaluating a single noisy image, the maximum reconstructable cutoff
frequency decreases by 8% for ISM and 16% for CLSM in both noise analyses (see Fig-
ure E.11lIl, Figure E.11IV). In addition, moving averages M were calculated for these
plots with a window-length w = 4 pixels ~ 0.67k(@*¢)_In particular, due to the sharp
drop of the frequency curve to the respective cutoff frequency, the weighted averag-
ing gets a momentum and falls below the noise floor only at higher frequencies than
the non-averaged curves. In the case of high-SNR, the cutoff frequency of ﬁg\};\; is

—([NL2)
k(CCLSMave) 3 47 . k(Abbe) and of Mg, at k(©1SMave) ~ 3 63 . k(Abbe) The transfer ratio
—(NL2) —(NL2)
atk, ~ 2k(APb) is M\ 1" /Mcrgpm = 1.036x. For the low-SNR case, the cutoff frequency
—(NL2) —(NL2)
of My gpy is kK(CCESMAV8) ~ 1,98 . k(APPe) and of Mgy, at k(C1SMaVe) 3,14 . k(Abbe) The
=(NL2) —(NL2)
transfer ratio at k, ~ 2k(AP%®) is Mcp, /My spr =~ 1.015x.
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The simulated data are shown in Figure E.12I for high-SNR and in Figure E.12II for
low-SNR. Each individual image, e.g. Figure E.12I a), consists of four subimages, all
normalized to their individual maximum. Top left: Image in real space, top right: SNR low-
pass filtered with the particular k‘©, bottom row: Fourier transformed representations of
the top row. Hence the panels display: a) SNR from 100 realizations (see e. g. Figure E.11I)
for CLSM, b) same for ISM, c) one randomly chosen image from the 100 realizations
(see e. g. Figure E.11lII) for CLSM, and d) same for ISM. Due to the higher SNR of ISM
compared to CLSM, the struts of the spokes2d target can still be well separated, especially
for smaller radii.

A comparison of the FWHM of simulated, noise-free PSFs shows the relative resolution
gain of ISM over CLSM, see Table E.3. For increasing saturation of PSF, the resolution
gain increases by up to 24% for M(3) by ISM, while it increases progressively less towards
higher reconstructed nonlinear orders. Thus, for M(NL2) only a resolution gain of 11% is

achieved.
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