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Summary

During the last decades, engineered nanoscale materials have become a common
occurrence in available products and their functionalities are well spread across many topics
such as catalysis, coatings, filtration, batteries, lubricants, cosmetics, medicine and
electronics applications. The specific properties of nanosystems are very often sensitive to
their three-dimensional (3D) structure. Therefore, for the development of nanomaterials
geared towards specific applications there is an urgent need for fast and accurate 3D
characterization tools. One indispensable tool to study nanomaterials is transmission electron
microscopy (TEM). State- of- the- art TEM can reach a resolution of the order of 50 pm,
but conventionally only results in two- dimensional (2D) projections of 3D objects.
Therefore, “electron tomography” was developed as a technique to investigate the 3D
structure of nanomaterials. The approach is based on the acquisition of multiple 2D TEM
images along different tilt angles. Next, these images are aligned and used as an input for a
mathematical reconstruction algorithm that enables one to obtain the 3D structure of the

original object.

Although electron tomography yields very precise and local information on the 3D
structure of nanoparticles, it is far from straightforward to obtain 3D information that can be
considered as an averaged or statistically relevant result. This is a major drawback when
trying to connect the properties of the nanoparticles to their 3D structure, which is crucial in
order to obtain a general understanding concerning their structure- activity relations.
Currently, such studies cannot be performed due to the fact that both the acquisition of the
tilt series and the 3D reconstruction are very time consuming. Even under ideal conditions,
approximately 1 hour is required to acquire all TEM images during a tomography experiment
for a single nanoparticle. The offline alignment and 3D reconstruction further increase the
total processing time to at least 2 hours. This is a drastic disadvantage of electron tomography

in comparison to conventional 2D imaging by TEM.

Obviously, one of the emerging challenges in the field of electron tomography is to
increase the throughput of 3D reconstructions of nanoparticles. At the same time, the quality
of the reconstructions should still enable one to obtain reliable and quantitative results.

Moreover, 3D studies of radiation sensitive materials are nowadays extremely challenging
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since samples will degrade and deform when long acquisition times are required. Finally, if
we would be able to perform 3D studies in quasi real- time, 3D in-situ microscopy will
become possible. This would allow to directly observe the dynamical structure evolution and
measure the relevant property changes, at the nanoscale under more realistic, environmental,
conditions. For example, through the development of in-situ 3D electron tomography, we

will be capable of understanding thermal instability mechanisms.

Here | will present novel techniques, aimed to reduce the run time of electron
tomography experiments in order to enable high- throughput and quasi real- time
characterization of nanostructures. Such high- throughput electron tomography experiments
will yield statistically relevant 3D information concerning critical properties of
nanomaterials. By developing acquisition methodologies that enable us to acquire a
tomographic tilt series within several minutes, a plethora of applications will become
possible such as in-situ tomography where morphology changes of nanosystems can be
determined as a function of e.g. temperature. Fast acquisition methodologies will also
decrease the electron dose and/or dose rate, therefore lowering the harmful influence of the
electron beam. In addition, by optimizing the alignment and reconstruction processes, quasi
real- time 3D imaging at the electron microscope will come within reach. In this manner,
the efficiency and applicability of 3D studies will improve and allow the user to dynamically
steer ongoing tomographic experiments.

This thesis is divided into three main parts, an introduction on the techniques used, a
part on fast and dose efficient acquisition methodologies and finally a part on a more efficient
reconstruction strategy. In more detail the layout is as follows:

Part I: Introduction

This part presents a literature overview that starts with a short introduction on nanoscience.
In addition, the concepts of electron microscopy and tomography are introduced. The final
chapter of this part covers original work that displays the capabilities of state-of-the-art

electron tomography.

Chapter 1: Historical Perspective.
This chapter introduces the concept of nanoscience and presents the historical background

that lead to the development of electron microscopy and tomography.
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Chapter 2: Electron tomography: The Principles.
This chapter summarizes the theoretical foundations of electron tomography. It furthermore
introduces several common reconstruction algorithms and the concepts on which they are

based.

Chapter 3: Electron tomography in Practice.
This chapter presents the electron microscope and details important aspects concerning
imaging modalities. The different steps necessary to perform a successful tomography

experiment are listed.

Chapter 4: State-of-the-Art Electron Tomography for Material Sciences.
This chapter displays two experimental studies where tomography was successfully applied

to unravel the complex structure-property relationships of different nanomaterials.

Part 11: Accelerated Acquisition
This part presents original work where different acquisition strategies were developed in
order to enhance the throughput capabilities and/or improve the dose efficiency of electron

tomography experiments.

Chapter 5: Experimental Evaluation of Undersampling Schemes.
This chapter studies three different undersampling techniques, with as focus their mutual
experimental comparison, capable of reducing the electron dose and/or acquisition time of

an electron tomography experiment.

Chapter 6: Fast HAADF-STEM for High-Throughput Electron Tomography.
This chapter covers the development of a fast HAADF-STEM acquisition approach, aimed

at investigating nanoparticles with an improved throughput and statistical relevance.

Chapter 7: Fast In-Situ Electron Tomography of Branched Au Nanoparticles.

This chapter presents an experimental study where the fast HAADF-STEM approach was
combined with in-situ tomography to quantitatively investigate the thermal reshaping of
branched Au nanoparticles.
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Chapter 8: Improving the Accuracy of Fast Tomography.
This chapter introduces a neural network based filter and a hybrid acquisition strategy which

can be used to improve the accuracy of fast HAADF-STEM tomography.

Part 111: Accelerated Reconstruction
This part represents original work which enables efficient and real-time electron tomography

experiments.

Chapter 9: Reconstruction of Arbitrary Slices for Real-Time Tomography.

This chapter proposes a new electron tomography strategy which improves the efficiency of
the 3D characterization of nanomaterials by TEM. Furthermore, it enables explorative
imaging and provides valuable 3D information to dynamically adjust the experimental

parameters during an electron tomography experiment.



Samenvatting

In de afgelopen decennia komen materialen op nanoschaal steeds meer voor in
dagdagelijkse producten. Bovendien worden hun eigenschappen steeds vaker gebruikt in
verschillende toepassingsvelden zoals zoals katalyse, coatings, filtratie, batterijen,
smeermiddelen, cosmetica, medicijnen en elektronische toepassingen. De specifieke
eigenschappen van nanosystemen zijn vaak erg gevoelig aan hun driedimensionale (3D)
structuur. Daarom is er bij de synthese van nanomaterialen, gericht op specifieke
toepassingen, dringend behoefte aan snelle en nauwkeurige 3D karakteriseringsmethoden.
Een onmisbaar instrument om nanomaterialen te onderzoeken is de transmissie-
elektronenmicroscoop (TEM). Hoewel een geavanceerde TEM tegenwoordig een resolutie
kan bereiken in de orde van 50 pm, resulteert het echter slechts in tweedimensionale (2D)
projectiebeelden van 3D objecten. Daarom werd “elektronentomografie” ontwikkeld als een
techniek om de 3D structuur van nanomaterialen te visualiseren. De aanpak is gebaseerd op
de combinatie van meerdere 2D TEM projectiebeelden die verkregen werden langs
verschillende tilthoeken. Deze projectiebeelden worden uitgelijnd ten op zichte van mekaar
en gebruikt als invoer voor een wiskundig reconstructie algoritme waarmee men de 3D

structuur van het oorspronkelijke object kan verkrijgen.

Ondanks de zeer nauwkeurige en lokale informatie die elektronentomografie oplevert
over de 3D structuur van nanodeeltjes, is het verre van eenvoudig om 3D informatie te
verkrijgen die beschouwd kan worden als een gemiddeld of statistisch relevant resultaat. Dit
is een groot nadeel bij het koppelen van de eigenschappen van de nanodeeltjes aan hun 3D
structuur, wat net cruciaal is om een algemeen inzicht te krijgen omtrent hun structuur-
activiteit relaties. Dergelijke studies kunnen momenteel niet worden uitgevoerd op een
eenvoudige wijze omdat zowel de opname van de tiltserie als de 3D reconstructie zeer
tijdrovend is. Onder ideale omstandigheden is minstens 1 uur nodig om alle TEM
projectiebeelden op te nemen. De hieropvolgende uitlijning en 3D reconstructie verhogen de
totale verwerkingstijd verder tot minimaal 2 uur. Dit is een drastisch nadeel van

elektrontomografie in vergelijking met conventionele 2D beeldvorming door TEM.
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Een van de gote uitdagingen op het gebied van elektrontomografie is daarom net het
vergroten van de doorvoer van het 3D onderzoek van nanodeeltjes. Tegelijkertijd moet de
kwaliteit van de reconstructies voldoende betrouwbaar blijven zodat er kwantitatieve
resultaten kunnen verkregen worden. Bovendien zijn 3D onderzoeken naar
stralingsgevoelige materialen tegenwoordig enorm uitdagend, aangezien de nanomaterialen
kunnen degraderen of vervormen wanneer er lange opnametijden gehanteerd worden. Als
we tot slot de uitlijning en reconstructie in real time kunnen uitvoeren, wordt de directe
observatie van dynamische veranderingen van nanomaterialen gedurende in-situ
experimenten mogelijk. Hiermee kunnen we bijvoorbeeld mechanismen voor thermische

instabiliteit van nanodeeltjes onderzoeken.

In deze thesis zal ik nieuwe technieken ontwikkelen, gericht op het verminderen van
de duur van elektrontomografie experimenten, en zo een hoge doorvoer en real-time
karakterisering van nanostructuren mogelijk te maken. Dergelijke elektronentomografie
experimenten met hoge doorvoer zullen statistisch relevante 3D informatie opleveren over
de belangrijke eigenschappen van nanomaterialen. Door nieuwe methodes voor de opname
te ontwikkelen die ons in staat stellen om binnen enkele minuten een tomografische tiltserie
op te nemen, zal een overvloed aan nieuwe onderzoeken mogelijk worden, waaronder real-
time in-situ tomografie, waar morfologische veranderingen van nanosystemen kunnen
worden onderzocht als een functie van b.v. temperatuur. Bovendien zullen dergelijke snelle
opname methodes de elektronendosis en/of de stroom verlagen, waardoor de potentiéle
schadelijke invloed van de elektronenbundel wordt verlaagd. Ten slotte, zullen de uitlijnings-
en  reconstructieprocessen  geoptimaliseerd worden om zo real-time 3D
elektronenmicroscopie mogelijk te maken. Dit zal de efficiéntie van 3D onderzoeken
drastisch verbeteren en staat de gebruiker toe het tomografische experiment dynamisch aan

te sturen, terwijl het nog in uitvoering is.

Dit proefschrift is onderverdeeld in drie delen, een inleiding over de gebruikte
technieken, een deel over snelle en dosisefficiénte opname methoden en ten slotte een deel
over een efficiéntere reconstructiestrategie. Het proefschrift is in meer detail opgebouwd als

volgt:
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Deel I: Inleiding

Dit deel presenteert een literatuuroverzicht dat begint met een korte introductie over de
nanowetenschap. Daarnaast worden de concepten elektronenmicroscopie en tomografie
geintroduceerd. Het laatste hoofdstuk van dit deel behandelt origineel werk dat de

mogelijkheden van hedendaagse elektrontomografie presenteert.

Hoofdstuk 1: Historisch perspectief.
Dit hoofdstuk introduceert het concept van nanowetenschap en presenteert de historische

achtergrond die geleid heeft tot de ontwikkeling van elektronenmicroscopie en tomografie.

Hoofdstuk 2: Elektrontomografie: de fundamenten.
Dit hoofdstuk vat de theoretische grondslagen van elektrontomografie samen. Verder

introduceert het verschillende vaak gebruikte reconstructie algoritmen en hun achtergrond.

Hoofdstuk 3: Elektrontomografie in de praktijk.
Dit hoofdstuk presenteert de elektronenmicroscoop en beschrijft belangrijke aspecten met
betrekking tot beeldvormingsmodaliteiten. Daarnaast worden de verschillende stappen,

nodig voor het uitvoeren van een succesvol tomografisch experiment, opgesomd.

Hoofdstuk 4: Hedendaagse elektrontomografie voor materiaalwetenschappen.
Dit hoofdstuk toont twee experimentele studies waarin tomografie succesvol werd toegepast

om de complexe structuur-eigenschaps relaties van verschillende nanodeeltjes te ontrafelen.

Deel 11: Versnelde Acquisitie
Dit deel presenteert origineel werk waarbij verschillende opname strategieén werden
ontwikkeld om de doorvoercapaciteit te versterken en/of de dosisefficiéntie van

elektrontomografie experimenten te verbeteren.

Hoofdstuk 5: Experimentele evaluatie van onderbemonsteringsschema's.
Dir hoofdstuk bestudeert drie verschillende onderbemonsteringstechnieken, gefocust op een
onderlinge experimentele vergelijking, die in staat zijn om de elektronendosis en/of

acquisitietijd van een elektrontomografie experiment te verlagen.
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Hoofdstuk 6: Versnelde HAADF-STEM voor hoge doorvoer elektronentomografie.
Dit hoofdstuk behandelt de ontwikkeling van een snelle HAADF-STEM opname methode,
gericht op het onderzoeken van nanodeeltjes met een verbeterde doorvoer en statistische

relevantie.

Hoofdstuk 7: Versnelde in-situ elektrontomografie van vertakte Au Nanodeeltjes.
Dit hoofdstuk presenteert een experimenteel onderzoek waarin de snelle HAADF-STEM
benadering wordt gecombineerd met in-situ tomografie om de thermische stabiliteit van

vertakte Au nanodeeltjes kwantitatief te onderzoeken.

Hoofdstuk 8: Verbetering van de nauwkeurigheid van snelle tomografie.
Dit hoofdstuk introduceert een neuraal netwerk geleerde filter en een hybride opname
strategie die gehanteerd kunnen worden om de nauwkeurigheid van versnelde HAADF-

STEM tomografie te verbeteren.

Deel 111: Versnelde Reconstructie
Dit deel presenteert origineel werk dat efficieénte, real-time elektrontomografie-

experimenten mogelijk maakt.

Hoofdstuk 9: Reconstructie van willekeurige snedes voor real-time tomografie.

In dit hoofdstuk wordt een nieuwe werkwijze voor elektronentomografie gepresenteerd die
de efficiéntie van de 3D Kkarakterisering van nanomaterialen door TEM sterk verbetert.
Bovendien maakt het onderzoekende beeldvorming mogelijk en biedt het in real-time
waardevolle 3D informatie zodat de experimentele parameters van het elektronentomografie

experiment dynamisch kunnen worden aangepast.
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PART |I: INTRODUCTION

1. Historical Perspective

In the first chapter of this thesis, we sketch the historical perspective of the advent of

nanoscience and the importance Transmission Electron Microscopy has played.
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1.1 Nanoscience

One of the defining points in the history of nanoscience is the famous Feynman
lecture, entitled “There is plenty of room at the bottom”.(Richard P. Feynman, 1960)
Feynman considered the potential of directly manipulating individual atoms as a powerful
form of synthetic chemistry. Even more so, he concluded his lecture by challenging scientists
to work at this small scale, a challenge that has been taken up within the field of
“nanoscience”. Nanoscience is the study of structures and materials for which at least one of
their dimensions’ ranges from 1 to approximately 100 nm. Nanoscience seeks to exploit the
peculiar properties of nanomaterials which differ vastly from those of their bulk counterparts.
Since the size of materials is scaled down, their surface-to-volume ratio drastically increases.
The contribution of surface atoms therefore grows and surfaces start to dominate and control
the properties of the nanomaterials. This leads to unique physical and chemical properties
which differ greatly from those of the bulk materials, making them highly interesting for

various applications.

While nanoscience is often perceived as something new, nanostructures have been
beneficially used long before they were actively studied. A well-known example is the
Lycurgus cup, a decorative Roman treasure from the 4th century. Surprisingly, when lit from
outside, the cup looks green but when lit from inside, the cup appears red (Figure 1.1). This
color change is attributed to dichroic light effects caused by gold-silver alloyed
nanoparticles, dispersed throughout its structure. The alloyed nanoparticles have a plasmon
resonance in the green-blue region of the visible spectrum. As a result, green-blue light is
absorbed and diffused, whereas red light is transmitted.(Colomban, 2009; Freestone et al.,
2008)



Figure 1.1: The Lycurgus Cup in (a) reflected and (b) transmitted light. © The Trustees of

the British Museum

Not all progress in nanoscience or nanotechnology are the result of human activity.
Indeed, evolution has had approximately a 3-billion-year head start when it comes to
manipulating materials at the smallest scale. Geckos, for instance, have the ability to cling
unto and detach from a variety of surfaces without any apparent effort. This ability follows
from the presence of adhesive toe pads on their feet, which are composed of hierarchically
structured hair-like adhesive surfaces or “setae”. The setae, in turn, branch out in nanometer
sized tips, or so-called “spatula” (Figure 1.2). The adhesive ability of the gecko arises,
amongst others, from the van der Waals attraction force between their feet and the surface
they climb. Although the van der Waals force is negligible at microscale, it is significant at
the nanoscale. The millions of spatula on the gecko feet, produce a large cumulative adhesion
force. Other factors potentially contributing to this strong adhesion force include contact
electrification and capillary forces.(Niewiarowski et al., 2016) This extraordinary adhesive
ability has inspired researchers to imitate the nanostructure of gecko toe pads in the design
of climbing robots and improved tire grip.(S. Kim et al., 2008)



Figure 1.2: An overview of the hierarchical nature of the gecko adhesive system. (a)

Lamellae on the gecko toe pads. (b) Branched setae on the gecko toe pads. (Image adapted

from ref.(Niewiarowski et al., 2016))

The unique properties occurring at the nanoscale have led to an increased interest in
nanoscience and rapid developments in various fields of applications including chemistry,
materials science, energy, medicine, electronics, food, etc.(Nasrollahzadeh et al., 2019)
Although often unaware, the average person encounters nanotechnology on a daily basis.
Indeed, silver nanoparticles are used as anti-bacterial in food packaging orin
disinfectants.(Neethirajan & Jayas, 2011) Zinc and titanium nanoparticles act as the UV-
protective elements in modern sunscreen.(Popov et al., 2005; Schulz et al., 2002) Electronic
devices such as smartphones, benefit from nanotechnology as well, making them faster,
smaller, more portable and able to manage and store larger amounts of information.(Shulaker
et al., 2013, 2017) But perhaps most relevant, each living cell (of which an average human

body contains approximately 30 trillion) is a remarkable example of nanoscience.

At the core of the progress that nanotechnology has made in the past century, lies the
research dedicated to understanding the connection between the structure of the
nanomaterials and their physical and chemical properties. Such comprehension is crucial for
guiding the synthesis of novel nanomaterials with predefined properties in a rational and
reproducible manner. The specific properties of nanomaterials are indeed strongly related to
their 3D shape, size and composition. Therefore, in order to understand the nanomaterials
their peculiar properties, a precise structural and chemical characterization is required.

Commonly used techniques to characterize nanomaterials at the nanometer scale or below,
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include powder X-ray diffraction (PXRD), scanning electron microscopy (SEM) and

transmission electron microscopy (TEM).

PXRD measures the diffraction pattern of crystalline materials. Each material will
produce a unique “finger print” depending on the structure of its crystal lattice. However,
since X-rays only interact weakly with nanomaterials, they provide an average result from
diffraction, instead of local structure information. This technique is therefore only suitable

for periodic systems which is not always the case for nanomaterials.

A scanning electron microscope (SEM) is a type of electron microscope for which a
focused beam of electrons is scanned across the surface of the nanomaterial. Because of the
strong interaction between the electrons and the nanomaterials, various signals are generated
that contain local information about the surface topography and chemical composition of the
sample. However, this information only relates to the surface of the nanomaterial and

therefore does not provide any insight into its internal structure.

Transmission Electron Microscopy (TEM) is a microscopy technique in which a
beam of electrons is transmitted through the nanomaterial. The main benefit of TEM in
comparison to PXRD is that TEM is able to retrieve local structural information of single
nanoparticles with a 50 picometer resolution. Since the electron beam is transmitted through
the nanomaterial, this information is, in comparison to SEM, not restricted to the surface of
the nanomaterial. However, TEM only yields two-dimensional (2D) projections of a three-
dimensional (3D) object. Therefore, TEM has been expanded to the third dimension through

the use of electron tomography.

The aim of my thesis is to develop new TEM and tomography techniques to improve
the efficiency of the characterization of nanomaterials. For the remainder of Part I, 1 will
extensively discuss TEM imaging and tomography. To conclude, | will present two case

studies wherein electron tomography was used to characterize two different nanomaterials.

1.2  Transmission Electron Microscopy

In 1873 Ernst Abbe postulated that the achievable resolution of optical microscopes
was limited by the wavelength of the probing wave.(Ernst, 1874) Given the difficulty of
creating glass lenses for high frequency photons, or UV light, it was believed for a long time

that it would be impossible to obtain images with sub-micrometer resolution.
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After de Broglie had formulated his famous wave-particle hypothesis in 1927(De Broglie,
1925, 1929) and Hans Busch had demonstrated that a magnetic field can deflect
electrons(Busch, 1926), Knoll’s research group realized the potential of using electrons as
probing wave in a dedicated microscope. Since the wavelength of electrons is many orders
of magnitude smaller than those of photons, spatial resolutions far beyond those achievable
through optical microscopes became within reach. In 1932, Ernst Ruska and Max Knoll built
the first TEM prototype at the University of Berlin.(Knoll & Ruska, 1932) In the following
year, Ernst Ruska improved the original model and designed a TEM capable of producing
images with a resolution exceeding that of optical light microscopy. The development of the
electron microscope continued at Siemens, dedicated to imaging biological samples.(Borries
& Ruska, 1933) For his contribution in the development of the electron microscope, Ernst

Ruska was co-awarded the Nobel Prize in Physics in 1986.

In 1938, Manfred von Ardenne built the first Scanning Transmission Electron
Microscopy (STEM) in Berlin for Siemens.(von Ardenne, 1938) It was not until the 1970’s
that the idea of STEM was further developed by Albert Crewe at the University of Chicago.
After designing the first field emission gun and adding a high quality objective lens, Crewe
was able to observe heavy atoms on a thin carbon layer with STEM for the first time.(Crewe
et al., 1970) A continued effort in STEM technology allowed for samples to be imaged at
Angstrom resolution in the 1990s. The addition of aberration correctors in STEM further
improved the resolution, enabling the visualization of individual atomic columns with an

unprecedented resolution.(Haider et al., 1998)

1.3 Electron Tomography

The further development of (S)TEM enabled the retrieval of information of nano-
sized objects down to the atomic scale.(Bals et al., 2012, 2016; Goris, Bals, et al., 2012; Van
Aert et al., 2011) However, TEM only provides 2D projection images of 3D objects,
therefore missing a wealth of information. The interpretation of a 3D structure based on only
2D projections can lead to an incomplete and unreliable understanding.(Bals et al., 2014;
Midgley et al., 2007; Midgley & Weyland, 2003) It is therefore evident that retrieving the
missing third dimension is essential to unravel the peculiar structure-property relationship.
By combining the powerful imaging capacity of a TEM with the mathematical principles of
computed tomography, TEM investigations can nowadays be extended to the third

dimension.
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The mathematical foundation behind computed tomography dates back to 1917 when
the Austrian mathematician Radon described the “Radon transform”.(Radon, 1917) He
illustrated the potential of reconstructing an object from an infinite amount of projection
images. Twenty years later, the Polish mathematician Kaczmarz developed a methodology
to retrieve an approximate solution to a large system of linear algebraic equations, resulting
in iterative tomography.(Kaczmarz, 1937a, 1993) In the late 1950’s, Cormack established
the theoretical base for a X-ray tomography scanner for 3D medical imaging.(Cormack,
1963) This work generated little interest until Hounsfield and colleagues adapted this idea
and built the first CT scanner in 1971.(Hounsfield, 1973) For their independent efforts,
Cormack and Hounsfield received the Nobel prize for Physiology in 1979.

It was only in 1968 that tomography was first combined with electron microscopy.
Rosier and Klung determined the 3D structure of a symmetrical organic macromolecule,
based on a single projection image.(De Rosier & Klug, 1968) Simultaneously, Hoppe
demonstrated the ability to retrieve the 3D structure of an asymmetric system, given a
sufficient number of projection images. Furthermore, he introduced the idea of acquiring a
tilt series along a common tilt axis.(Hoppe et al., 1968) Independently, Hart demonstrated
that by increasing the number of projection images, the quality of a tomographic

reconstruction could be improved.(Hart, 1968)

In the past few decades, electron tomography has benefited from enormous
technological developments in both instrumentation, computational power as well as novel
reconstruction algorithms. The onset of electron tomography in materials sciences occurred
at the start of the millennium when Koster et al. retrieved the 3D structure of a porous zeolite
using bright field tomography(Koster et al., 2000) whereas Weyland and Midgley developed
Z-contrast tomography.(Midgley & Weyland, 2003) In Chapter 2, the mathematical
principles of tomography will be extensively covered.
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2. Electron Tomography: The Principles

In the second chapter we cover the mathematical principles of computed tomography

and will introduce various reconstruction algorithms.
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2.1 Tomography

The word tomography is derived from the Ancient Greek tomos and grapho,
respectively meaning “slice” or “section” and “to write” or "to describe". Tomography refers
to retrieving both the internal as well as external structure of an object, through the use of a
specific type of penetrating wave. Nowadays, tomography is used in various branches of
science, including materials science, biology, radiology, astrophysics and archeology, to
name a few. The reason for its widespread popularity is that tomography is in principle a
non-destructive technique. Hence, the method allows for investigation of the interior of
specimens such as living objects, historic requisites or nanoparticles, without the necessity
of physically cutting them open. In many cases, a source emits a probing wave (e.g. as
electrons, X-rays or (-particles) which travels through the specimen and interacts with its
interior. Afterwards, the propagated wave is collected by a dedicated detector. Since the
propagating wave projects its interaction with a 3D object onto a 2D detector, the detected
signals are typically referred to as “projections”. These projections thus contain 3D
information and can therefore be used to retrieve the 3D morphology of the specimen through

tomographic reconstruction algorithms.

2.2 Analytic Reconstruction Techniques

The mathematical framework of tomography was introduced in 1917 by Johan
Radon.(Radon, 1917) The Radon transform R, illustrated in Figure 2.1, is an integral
transformation over straight lines which confirms to taking a n-1 dimensional projection of
a n dimensional object. Consider an unknown 2D object, represented by the function f. The

Radon transform R(f) is then defined as:

R(f) = ffds [2.1]

with ds the unit vector along the projection direction. The set of projections is typically

referred to as a sinogram or a tilt series.
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Figure 2.1: lllustration of the Radon transform R(f) of a 2D function f along the straight

lines L.

In Figure 2.2a-b we respectively show the 2D Shepp-Logan phantom, and the
sinogram obtained after the Radon transform. The sinogram has been built up by linking
successive projection images. Hence, each column in the sinogram corresponds to a single
one-dimensional (1D) projection of the 2D object. The most common analytical formula to
recover an object from its projections is the inverse Radon transform, better known as the
Filtered Back Projection (FBP). In Figure 2.2c the reconstruction obtained of the sinogram,
with 0.5° tilt interval, using FBP is displayed. However, FBP is an integral transform and
therefore requires ideally an infinite amount of noise-free projection images. For many
practical applications it is either impossible or undesirable to acquire a large amount of
“perfect” projection images. As a result, FBP only provides an approximation of the original
object. In Figure 2.2d the FPB reconstruction of the sinogram with a 5° tilt interval is shown.
Many so-called “streaking artefacts” are present, lowering the reconstruction accuracy. In

addition, almost all information concerning the interfaces of the reconstructed object is lost.
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Figure 2.2: (a) Shepp-Logan phantom. (b) sinogram of (a) composed out of projections
obtained from 0° to 180° with an 0.5° tilt interval. (c) inverse Radon transform of the

sinogram displayed in (b). (d) inverse Radon transform of a subsampled sinogram with an

angular range of 0° to 180° and a 5° tilt interval.

2.2.1 Fourier Slice Theorem

By considering the reconstruction problem from an alternative representation in
Fourier space, it is possible to understand the origin of these artefacts. According to the
Fourier Slice Theorem, the Fourier transform of a projection is equivalent to a central slice,
perpendicular to the projection direction, through the Fourier transform of the object (Figure
2.3a-b). In the case of a 2D object f(x, y), it is straightforward to demonstrate this theorem.
Without any loss of generality, the projection direction can be taken along the y-axis. The

projection along the y-axis of the 2D function f(x, y) is defined as:

p(x) = j G y)dy. [2.2]



L et e e ——tte e e e e a——————tteeeeere—————tteeetara i ——————aeanaia Part I: Introduction

Its Fourier transform is therefore equal to:

o)

Fp@) =p@ = | plemax

=f f f(x,y)e 2™ W dxdy. [2.3]

On the other hand, the Fourier transform of f (x, y) is equivalent to:

Fifey) = fa = [ [ fapemeomay. 24

Hence, the central slice through the Fourier transform of the object, orthogonal to the

projection direction (v = 0) equals to the Fourier transform of the measured projection image:

f(u,0) = f_m J_Oof(x, y)e 2mEW dxdy, [2.5]

Figure 2.3: (a-b) Illustration of the Fourier slice theorem which states that Fourier
transform of a projection at a certain angle of an object, corresponds to a central slice
through the Fourier transform of that object. The polar sampling causes low frequencies to
be oversampled, which is evident from the more closely packed dots near the center of the

Fourier domain. (c) Illustration of the polar sampled dots on a Cartesian grid.

While proven for a specific projection line, there is no loss of generality since the
theorem also holds for rotated and shifted projection lines. The Fourier transform is namely
rotation invariant and a translation only imposes an additional phase. By acquiring
projections along different tilt angles, the Fourier representation of the unknown object can
be sampled. However, the finite amount of projection images, lowers the number of sampled
features, especially at the higher frequencies (Figure 2.3b). Such undersampling is difficult



Electron Tomography: The PriNCIPIES ......cc.oiiiiiii s 15

to avoid experimentally for electron tomography experiments and introduces blurring into

the reconstruction.

The inverse Radon transform or FBP corresponds to filtering the obtained projections
with a so-called Ramp filter (Figure 2.4, blue), prior to projecting them back along their
original direction. By convolving the reconstruction with a filter with a Fourier
representation that has zero weight at the center and increases linearly increases towards the
edge, the overestimation of the low frequencies is partly compensated and blurring is
reduced. More advanced methods multiply the Ramp filter, for instance, with a Hamming-
or Hann filter, such that the end result does not linearly increase until the edge, but tails off
at high frequencies (Figure 2.4, green and red). In this manner, they simultaneously
compensate the overestimation of low frequencies and for the contribution of noise which
stems from high frequencies. Selecting the most appropriate filter therefore depends on the

trade-off between the signal-to-noise ratio and the desired spatial resolution.

Intensity

Hamming

Frequency

Figure 2.4: Frequency representation of the Ramp filter and the product between a Ramp

and Hamming-, or Hann filter.

Another way of retrieving the original object from its projections is based on the
Fourier Slice theorem. Since each projection samples part of the object its Fourier space, the
unknown object can be retrieved from the inverse Fourier transform of the sampled

subspace.(Bracewell, 1956) However the sampling geometry complicates such
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reconstruction methodologies (Figure 2.3b-c). Each projection correlates to a central line
through the Fourier transform of the object. Therefore, all points in Fourier space are sampled
on a polar grid. In order to obtain the reconstruction in a Cartesian basis and facilitate futher
quantification, it is necessary to interpolate the radial points to points on a Cartesian grid.
Unfortunately, artefacts might arise from such interpolation.(Smith et al., 1973) Various
techniques have been proposed to improve the reconstruction obtained from the inverse
Fourier transform. Although they often improve the image accuracy, they remain
computationally very demanding.(Marone & Stampanoni, 2012; Y. Yang et al., 2017)

2.3 Algebraic Reconstruction Methods

In order to produce more accurate reconstructions in a computationally more efficient
manner, algebraic reconstruction methods were developed. The main advantage of algebraic
methods is their inherent ability of introducing prior information about the object or data
acquisition during the reconstruction. Introducing such knowledge can lead to improved

reconstructions and is non-trivial to do so for analytical methods.

The principle behind algebraic reconstruction techniques is rather straightforward. In
general, they rely on two types of operations: a forward and back projection. An algebraic
reconstruction method typically starts by retrieving an initial reconstruction by back
projecting the experimental projection images, similar to FBP. Next, projection images that
correspond to the initial reconstruction are simulated through forward projection. Ideally, the
simulated projection images should be in perfect agreement with the acquired ones.
However, the presence of noise, a limited amount of projections and other experimental
restrictions will lead to discrepancies between both. This difference, often referred to as the
“projection distance”, can therefore be used to improve the initial reconstruction by
iteratively repeating the described process until the projection distance is minimal and
convergence is reached.(Heidari Mezerji et al., 2011) From a mathematical point of view,
algebraic reconstruction methods can be seen as a discretization of the reconstruction

problem into a set of linear equations:
Wx = p. [2.6]

All projection images are combined in a 1D array p and contain the measured projection
intensities. The unknown object is represented as a 1D array x and each element w;; of the

matrix W represents the contribution of voxel i to the projection ray j. This contribution is



Electron Tomography: The PrINCIPIES ..o 17

often defined as the normalized cross section between the ray and the unknown voxel as

illustrated in Figure 2.5.

Figure 2.5: Scheme representing the discretization of the object to grid of unknowns and

their relation to the measured projection values.

The easiest way to solve this set of linear equations, would be multiplying Equation
2.6 with the inverse of the projection matrix W. However, during a typical electron
tomography experiment, only 51 projection images are acquired, evenly distributed between
-75° and 75°. Consider that each projection image contributes 1024 x 1024 knowns to the set
of linear equations, depending on the size of the projection image. In this case the unknown
object consists out of 1024 x 1024 x 1024 unknowns, which is approximately 20 times larger
than the amount of knowns. Since the number of unknowns far exceeds the number of
knowns, the linear set of equations is underdetermined. Noise and artefacts further impede
the reconstruction problem, resulting in an ill-posed inverse problem. Hence, instead of
trying to find a direct inverse of the weighting matrix W, the reconstruction is computed by

minimizing the norm of the projection distance ||[Wx — p|| in an iterative manner.
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In 1970, Gordon, Bender and Herman proposed the use of the Kaczmarz method to
minimize the projection distance and renamed the methodology to the Algebraic
Reconstruction Technique (ART).(Gordon et al., 1970; Kaczmarz, 1937b) One year later,
Gilbert suggested a modified approach which is widely known as the Simultaneous Iterative
Reconstruction technique (SIRT). Whereas ART sequentially updates the reconstruction,
projection image per projection image, SIRT utilizes all available projections to optimize the
reconstruction at once.(Gilbert, 1972) Using all projection images to update the
reconstruction, drastically improves the behavior of the reconstruction algorithm in case the
projection images contain noise. For SIRT, the value of element x;in the kth iterations is thus

calculated as:

5 wii(pi — Znwinxit)
L YL w;
k _ k=1 h ik
xX; =x;  + . [2.7]
g ’ 2 Wij

SIRT remains to date one of the most used reconstruction algorithms in the field of
electron tomography. Since algebraic methods are based on a model of the data and therefore
do not assume perfect data, they often result in higher quality reconstructions than their
analytical counterparts when presented with a limited number of projections. Furthermore,
the effect of noise on the reconstruction can be minimized by including prior knowledge or
regularization during the iterative method. An example of a comparison between a SIRT and
FBP reconstruction is presented in Figure 2.6, obtained from a simulated sinogram across
the entire angular range with a 3° tilt interval. It is clear that the streaking artefacts present
in the FBP reconstruction (b) are almost entirely gone in the SIRT reconstruction (c). In the
bottom right corner, the Mean Squared Error (MSE) to the original phantom is indicated and
is found to be significantly lower for SIRT. This result confirms that whenever there is a
limited amount of projection images available, algebraic techniques can result in superior
reconstructions in comparison to analytic methods, at the cost of a prolonged computational
time. Fortunately, the emergence of GPUs and parallel computing have made it possible to
efficiently implement the necessary forward and back projections such that the
computational load remains limited. One example of an open source library containing such
operations and various reconstruction algorithms is the ASTRA toolbox.(Palenstijn et al.,
2016; van Aarle et al., 2015) Through the use of the ASTRA toolbox, one can compute a

1024 x 1024 x 1024 reconstruction within the order of minutes.



Electron Tomography: The PriNCIPIES ......cc.oiiiiiii s 19

Figure 2.6: (a) Shepp-Logan phantom object. (b-c) FBP and SIRT reconstruction of the
sinogram simulated across the entire angular range with a 3° tilt interval. The SIRT
reconstruction was obtained after 100 iterations. The Mean Squared Error to the original

phantom is indicated in the bottom right corner.

2.4  Prior Knowledge

In many practical applications, physical limitations restrict the number and the
quality of projection images that can be obtained. When the electrons interact with the sample
during the acquisition, they can scatter (in)elastically and transfer energy.(Egerton et al.,
2004) This may cause, amongst others, atomic displacement or ionization to occur within
the sample, ultimately leading to specimen degradation. To prevent specimen damage, the
amount of recorded projection images and the exposure time have to be restricted. This
results in a limited amount of projection data, often with a relatively low signal-to-noise
ratio. In addition, shadowing effects of the holder and/or grid confine the range of available
tilt angles for standard electron tomography experiments. For a typical tomography holder,
the specimen can only be tilted from -75° to 75°, resulting in the so-called “missing wedge”,
referring to a missing wedge of information in Fourier space (Figure 2.7). The lack of
sampled frequencies within this wedge leads to blurring of the features of the object in the
reconstruction, defined by those frequencies. Obviously, this decreases the quality of the

reconstruction and hinders an accurate quantification.

Although practical solutions exist to this limited angle problem, they are far from
generally applicable. One manner to reduce the missing wedge is by acquiring the projection
images using two perpendicular tilt-axes.(Arslan et al., 2006; Mastronarde, 1997) This
technique reduces the missing wedge to a missing pyramid. As a result, the artefacts in the

reconstruction diminish and the quality of the reconstruction is enhanced. A drawback of this
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method is that the acquisition of multiple tilt series results in a longer total exposure time,
which is unwanted for radiation sensitive samples. The missing wedge can be even further
reduced using on-axis tomography. This technique has the potential to completely eliminate
the missing wedge, by acquiring a tilt series over the complete angular range.(Ke et al., 2010)
For this technique, a dedicated needle-shaped specimen needs to be prepared using Focused
lon Beam (FIB) milling. The full on-axis tilt series results from merging two independent
tilt series of £ 70° where the second series is tilted 120° along the same tilt axis, with respect
to the first tilt series. Although this technique seems promising, it is often impossible to
create a needle-shaped sample from the investigated material. Therefore, the number of on-

axis tomography experiments remains limited up to date.

b

Figure 2.7: (a-c) SIRT reconstructions of a sinogram of the Shepp-Logan phantom simulated
for tilt ranges of respectively confined to -45° to 45°, -60° to 60° and -75° to 75°, all with a
tilt interval equal to 3°. (d-f) Corresponding discrete Fourier transforms, displaying the
extent of the missing wedge within each reconstruction. The larger this wedge, the more

elongation artefacts can be observed in the reconstruction.

A powerful approach to overcome the influence of the experimental limitations on
the reconstruction quality consists out of incorporating prior knowledge within the
reconstruction algorithm.The idea to include such knowledge with the aim to help solve the
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inverse problem, was first proposed by Andrey Tikhonov in 1963.(Tikhonov, 1963)
Although it might be impossible to find a unique solution to the set of equations described
by the data discrepancy term D(p, x), in this case the projection distance, he suggested to
include a regularization term R(x), to give preference to a certain solution. An approximate

solution to the reconstruction problem can then be found as:

X = argmin D(p,x) + uR(x), [2.8]
X

with u a weighting parameter that balances the relative importance between the data
discrepancy term and the regularization term. In both terms, prior knowledge can now be
included to facilitate the reconstruction problem. The data term can be altered with regard to
the measured data (e.g. the expected noise model) while prior information about the object

can be included into the regularization term.

2.4.1 Expectation Maximization

For (S)TEM imaging, data dependent Poisson noise is unavoidable. Such prior
information about the noise model can be included into the data discrepancy term. If the
projections p and by extension the unknown object x can be seen as random variables, then

Bayes theorem (Bayes & Price, 1763; Laplace, 1812) can be applied:

P(plx)P(x)

Plp) = — s

[2.9]

Here, IP(x|p) describes the probability of x being the unknown object, given its projections
p. P(p|x) is the a-priori probability and defines the probability of measuring the projection
images p, given the object x. IP(x) and IP(p) describe the probability distributions for x and
p respectively. An estimate to the object x can now be reconstructed by maximizing the a-

posteriori probability:

X = argmax P(x|p) = argmax w
x P(p)

= argmax P(p|x)P(x). [2.10]
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Instead of maximizing the a-posteriori probability, the logarithm of the probability

can be maximized instead:

% = argmax(log(P(x|p)))
= argmax(log(P(p|x)) + log(P(x))). [2.11]

Notice the similarity to the reconstruction problem defined by Equation 2.8. Both a data
discrepancy term D(p, x) = —log(]P’(plx)) as a regularization term R(x) = —log(P(x))
are present. Prior knowledge on the expected noise model can now efficiently be

incorporated into the data discrepancy.

The basic Expectation Maximization (EM) algorithm is an iterative method than
attempts to retrieve x by maximizing the log of the a-posteriori probability (Equation 2.11),
without knowing x.(Moon, 1996) EM therefore alternates between performing an
expectation (E) and a maximization (M) step. During the E-step, the expectation of the log-
likelihood is evaluated for the current parameter estimate of x. In the subsequent M-step, the

found expected log-likelihood is maximized by adjusting those parameters.

In Figure 2.8 the outcome of 100 iterations of SIRT and 25 iterations of EM are
compared for a tilt series simulated across the entire angular range with a 3° tilt interval. As
displayed in Figure 2.8a, Poisson noise was added to the simulated tilt series. Again, the
MSE in comparison to the original phantom is indicated in the bottom right corner. The
inclusion of the noise model into the algorithm leads to an as accurate reconstruction,
together with a 4 times faster convergence. Moreover, EM leads to smoother reconstructions

where the influence of the noise is suppressed, facilitating further quantification.



Figure 2.8: (a) Inclusion of data dependent Poisson noise. (b-c) SIRT and EM reconstruction

utilizing respectively 100 iterations and 25 iterations. The Mean Squared Error of the

reconstructions to the original phantom is indicated in the bottom right corner.

2.4.2 Total Variation Minimization

Besides the data term, prior knowledge can be included in the regularization term as
well. An often used method in the field of electron tomography which includes such
regularization is the Total Variation Minimization (TVM) strategy.(Bals et al., 2014; Goris,
Van den Broek, et al., 2012; Leary et al., 2013a) The idea behind TVM originates from the
use of compressive sensing for signal de-noising. Donoho and co-workers were the first ones
to propose the expansion of these principles to tomography and they demonstrated the
possibility of obtaining high quality reconstructions of a phantom object, even with very few
projection images.(Donoho, 2006; Lustig et al., 2007, 2008) TVM exploits prior knowledge
concerning the sparsity of the investigated object. Although the object itself is often not
sparse, its gradient image often is (Figure 2.9a). This sparsity assumption can be
incorporated into the reconstruction problem, by introducing a regularization term equal to

the norm of the discrete gradient of the object (Vx):

X = argmin [|Wx —pll, + ullVx]|,,. [2.11]
X

As a result, a solution to the ill-posed set of equations is obtained of which the total
variation remains low and therefore favors sharp edges over gradual changes. TVM vyields a
significant reduction in reconstruction artefacts when the available projection data are
limited or distorted, as illustrated in Figure 2.9b-c. On the other hand, the procedure is at
least 20 times slower than other iterative techniques, depending on the size of the

reconstructed object.
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Figure 2.9: (a) Gradient magnitude of the Shepp-Logan phantom object. (b-c) SIRT and

TVM reconstruction algorithm of the Poisson distorted sinogram, respectively utilizing 100
iterations. The Mean Squared Error to the original phantom is indicated in the bottom right

corner for each reconstruction.

2.5 Limitations and Challenges

In addition to EM and SIRT, there exists a broad range of different reconstruction
algorithms, exploiting different kinds of prior knowledge. The Discrete Algebraic
Reconstruction Technique (DART), for instance, uses prior knowledge on the discrete
density of an object.(Batenburg et al., 2009; Batenburg & Sijbers, 2011). If the material
consists out of homogeneous regions, separated by sharp interfaces, DART is able to produce
accurate reconstructions for a limited amount of projection images. The Sparse Sphere
Reconstruction (SSR), on the other hand, includes knowledge on the shape of the
investigated nanomaterial to improve upon the reconstruction accuracy and can instantly
derive quantitative information.(Zanaga, Bleichrodt, et al., 2016) Although these methods
often lead to more accurate reconstructions, they drastically increase the computational cost
as well. Consequently, it is not straightforward to obtain statistically relevant results and
even impossible to obtain any real-time 3D information, which is a major drawback to

electron tomography.
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3. Electron Tomography in Practice

In this chapter, we briefly summarize the working principles of the electron
microscope and the imaging modes used in this thesis. In addition, we discuss the

necessary steps of a practical electron tomography experiment.
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3.1 The Electron Microscope

The image formation process in a TEM is very similar to that of an optical light
microscope. The main difference is related to the use of electrons as the source of light and
the associated replacement of glass lenses by electromagnetic coils. In a TEM, electrons are
accelerated using high voltages and afterwards directed towards the specimen, in order to
obtain images with a resolution higher than achievable in optical light microscopes.(Lipson
etal., 1995) These electrons are emitted from a thermionic gun or a field emission gun (FEG).
Afterwards they pass through a system of condenser lenses, to produce a beam with desired
size, intensity and convergence. In TEM mode, a parallel coherent beam is formed, which
illuminates the sample uniformly. In STEM mode however, the beam is focused into a fine
probe, which is scanned across the specimen. An ideal lens system is expected to image a
single point source as a point. Scherzer, however, demonstrated that for round symmetric
electromagnetic lenses, spherical and chromatic aberrations are unavoidable.(Scherzer,
1936) Spherical aberrations cause rays, located far away from the optical axis of the spherical
lens, to have a different focal point than rays with the same wavelength, close to the optical
axis. Chromatic aberrations are observed when rays with distinct wavelengths, focus
differently. All together, these aberrations contribute to blurring of the image.(Rose & Wan,
2005) Typically, a limiting aperture is placed behind the condenser lenses to reduce the

spherical aberrations and define the beam convergence angle.

Once the desired electron beam is formed, it interacts with the specimen, which is
placed in a dedicated specimen holder. This holder is located between the two pole pieces of
the objective lens. The transmitted electrons are focused by the objective lens into a
diffraction pattern in the back focal plane of the objective lens after which they recombine,
yielding an enlarged image of the specimen in the objective lens its image plane. An
objective aperture in the back focal plane can be used to select different spots of the
diffraction pattern to enhance the contrast in the enlarged image. If the diffracted beam(s) is
used for image formation, the imaging is referred to dark field (DF) imaging. The selection
of the central, undiffracted beam results in bright field (BF) imaging. As will be discussed
later, different contrast mechanisms contribute to the image formation of the different
imaging modes. For both the condenser and objective lenses, stigmators are present that
correct for astigmatism. Astigmatism occurs when the magnetic field in the lens is not

symmetrical. Stigmators apply a correcting field to compensate for this asymmetry.
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Figure 3.1: Illustration of the electron ray path for bright field electron microscopy.

Below the objective lens, a system of intermediate and projector lenses creates a
magnified image of either the sample in real space or the corresponding diffraction pattern
in reciprocal space. This image can e.g. be visualized using a Charged Coupled Device
(CCD). The complete buildup of a transmission electron microscope is presented in Figure
3.1. Since electrons are much lighter and smaller than air molecules, the possibility of
unwanted scattering occurring in the TEM column is extremely high. Therefore, the entire
TEM column is kept at high vacuum conditions (107 mbar) using a series of different

vacuum pumps.

3.2 TEM Imaging

All contrast information in TEM images results from electron scattering and
interaction with the illuminated sample. In order to understand all contrast formation
mechanisms, it is important to keep the de Broglie’s wave-particle dualism in mind. When
considering electrons as particles, there is a probability that they will be influenced by the
composing atoms of the specimen while they transverse through the sample. When

interacting, they can scatter either elastically or inelastically, potentially yielding a wide
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range of secondary signals (e.g. X-rays) that contain valuable information on the sample.
When considering the wave nature of the electrons, coherent or incoherent diffraction can
occur whenever the specimen has an ordered atomic structure. Coherent waves share their
frequency and direction but can have a constant phase difference after specimen interaction.
Incoherent diffracted waves, on the other hand, share no frequency, direction or phase
relationship after interaction. Diffraction- or phase contrast arises from the interference
between the coherent elastically scattered electrons and is often exploited to obtain high
resolution TEM images. The incoherent elastically scattered, or Rutherford scattered,
electrons give rise to amplitude contrast. Since Rutherford scattering is proportional to Z"
with Z the atomic number and 1.6 < n < 2, the produced contrast is chemically sensitive.
When the specimen has variations in mass, thickness or both, additional mass-thickness

contrast arises as well, owing to the variation in amount of scattering within the specimen.

By choosing the imaging mode and detection modality or by inserting apertures, it is
possible to gain control over the predominant contrast mechanism contributing to the image
formation. By selectively allowing diffraction rays pass through the objective aperture in
TEM mode either a BF- or DF TEM image can be formed. In scanning (S)TEM mode, an
electron probe is scanned across the sample, generating a signal at each position of the beam.
This signal is collected for each position using an annular detector. Depending on the
convergence semi angle (6conv) and the inner and outer collection semi angles (8in and 6out)
of the detector, different contrast mechanisms dominate the image formation. The inner and
outer collection semi angles can be changed by physically adapting the camera length of the

annular detector (Figure 3.2).

By using a long camera length, an annular dark field (ADF) STEM image is formed
by electrons which were scattered to low angles (6in = Oconv). With the use of a short camera
length, a high angle annular dark field (HAADF) STEM image is obtained by collecting the
electrons scattered to higher angles (0in~ 36conv). For crystalline samples, it is preferential to
operate in HAADF-STEM mode. In this mode, contrast contributions of diffracted beams
are minimized and predominantly mass-thickness and Z contrast are present. This is
particularly important for electron tomography for which the projection requirement states
that the recorded intensities need to represent a sum or integral of a monotonic function of a
property of the structure.(Midgley & Weyland, 2003) The various STEM imaging modes are
illustrated in Figure 3.2.
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Figure 3.2: Schematic overview of the STEM-imaging detection set-up with the various

annular detection modalities.

3.3 Spectral Imaging

As mentioned above, the interaction between the high-energy electrons and the atoms
of the investigated specimen may result in inelastic scattering whereby energy is transferred
from the electrons to the sample. In order to revert back to the lower energy state, a range of
secondary signals can be emitted by the specimen. When the colliding electron ejects an
inner shell electron from the specimen, an outer shell electron will fill the created hole. The
difference in energy between the higher and lower shell energy may be released in the form
of an X-ray as illustrated in Figure 3.3. Since the energy of these X-rays are characteristic
to the atomic structure of the emitting element, they can be used to analyze the elemental
composition of the sample. In Energy Dispersive X-ray Spectroscopy (EDXS), these signals
can be measured using a dedicated energy-dispersive spectrometer. In STEM-EDXS, the
generated X-rays are recorded while scanning the electron probe across the specimen. This
results in an elemental map of the investigated structure wherein each pixel contains a
spectrum. Since the intensities of the recorded X-ray peaks scale with the sample thickness,

they fulfil the projection requirement and can be used for tomography.
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Figure 3.3: Principle of X-ray generation.

3.4 Holder and Stages

Prior to the investigation, the sample is placed on a dedicated grid, conventionally
made out of copper and coated with a thin layer of holey carbon. In case the sample is already
dispersed in a liquid (e.g. colloidal solution of nanoparticles), it is simply drop casted on the
grid. Powders have to be dissolved in a solvent (e.g. water or ethanol) prior to drop casting.
Afterwards, the grid is secured onto the TEM holder and inserted into the goniometer through
an air lock. The airlock ensures that the vacuum levels in the TEM remain low upon inserting
the holder into the column. The TEM holder is inserted between the pole pieces of objective
lens, to minimize lens aberrations and therefore maximize the spatial resolution. Since the
stage design is inherent to the microscope manufacturer, the holders require a dedicated
design. For Thermo Fisher Scientific TEM instruments, side entry holders are typically used
(Figure 3.4).

TEM tomography holders have been specifically designed to achieve a maximal tilt
range. In this work, a Fischione 2020 advanced tomography holder was used for all regular
tomography experiments. The narrow tip and cut-out around the region of the sample, allow
for a tilt interval ranging from -78° to 78°, which is a large improvement in comparison to
the + 30° tilt range of a standard Thermo Fisher Scientific CompuStage double tilt specimen
holder. Despite such a dedicated holder, the tilt range remains restricted. This results from
the limited space between the pole pieces of the objective lens and blockage of the electron
beam by the grid and/or holder at high tilts. As a result, conventional electron tomography

experiments always contain missing wedge artefacts (Figure 2.7).
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Figure 3.4: Image of the Fischione 2020 advanced tomography holder, highlighting the
dedicated clamping mechanism to limit shadowing. © Fischione Instruments.

Conventional TEM is performed in high vacuum under static conditions, which does
not suffice to observe the dynamic behavior of nanoparticles under more realistic conditions
or when given external stimuli (i.e. heat). Therefore, in-situ TEM devices have been designed
to act both as a sample carrier as well as a microscopic laboratory. In this thesis, the
microelectromechanical systems (MEMS) based DENSsolutions wildfire system was used
to perform temperature sensitive tomography experiments.(van Omme et al., 2018) The
wildfire Nano-chip is presented in Figure 3.5 and is inserted into a dedicated holder where
it makes an Ohmic contact with four needles. A four-point measurement of the local
resistance is performed during which two of these contacts induce Joule heating through the
chip. The two remaining contacts determine the resistance in order to monitor the
temperature. The wildfire Nano-chips are specially designed to ensure stability of the sample,
homogeneity of the temperature across the chip, a short settling time and the ability to

perform heating EDXS experiments at high temperatures (~1000 °C).
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Figure 3.5: Illustration of MEMS based heating chip and the DENSsolutions wildfire
tomography holder. © DENSsolutions.

3.5 Electron Tomography in Practice

In order to obtain an accurate 3D reconstruction, it is essential to optimize all steps
of the experiment, including acquisition, post-processing and reconstruction. This
optimization therefore includes both experimental aspects (e.g. the choice of imaging mode)
as well as computational factors (e.g. the used reconstruction algorithm). In the next section,

I will describe the standard workflow of a HAADF-STEM tomography experiment.

3.5.1 Sample Preparation

A variety of preparation techniques exists for nanoparticle synthesis. Based on the
synthesis method, they may be dispersed in liquid, in powder form or already deposited on
a surface. If the nanoparticles are in powder form, the powder is often first dispersed in a
liquid (e.g. water or ethanol). A drop of the dispersion is casted on a holey carbon coated
TEM grid. Conventionally, grids are loaded into the tomography holder such that the mesh
of the grid is rotated 45° relative to the holder axis as illustrated in Figure 3.6. Selecting a
nanoparticle in the center of a mesh (black square, Figure 3.6), increases the highest
achievable tilt before shadowing by the mesh borders occurs. For a successful electron
tomography experiment, the degree of dilution is of paramount importance. An insufficiently
diluted specimen leads to grids where particles start to overlap when tilted. On the other
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hand, a sample that is overtly diluted, decreases the probability of finding a representative
nanoparticle in the center of the mesh.
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Figure 3.6: Depiction of the placement of the grid in the tomographic holder.

3.5.2 Tilt Series Acquisition

After successfully drop casting the specimen onto the TEM grid and inserting it into
the TEM column using a dedicated holder, several experimental parameters have to be
optimally tuned to successfully acquire a tilt series. In order to ensure that the projection
requirement is fulfilled, the detected intensities should be monotonically related to a property
of the specimen. For STEM imaging, this is done by selecting a low camera length, thus a
high inner collection semi angle (6in =~ 30conv), to Minimize the contribution of diffraction
contrast. However, by increasing the inner collection semi angle, the total measured intensity
simultaneously reduces and therefore a compromise has to be made. Next, the beam current
has to be set by changing the beam spot size, inserting a C2 aperture or tuning the
monochromator (if available). Higher currents provide an increased amount of scattering and
therefore better signal, but may damage the sample during the process. Furthermore, it is
important that the sensitivity and amplification of the detection system is correctly tuned
through the brightness and contrast settings. This ensures that the measured intensities fall
in the linear range of the detector. If not, saturation of the detector might occur, consequently
violating the projection requirement. Finally, one needs to select the frame size and exposure

time. A larger exposure time improves the signal-to-noise ratio, but again increases the risk



Electron Tomography 1N PrACHICE ........cueiiiviieeiie e sttt sre et esneesnae e nseas 35

of specimen damage. Routinely, projection data in this thesis are acquired with a 1024 x
1024 frame size, 6 s frame time and a beam current corresponding to a measured screen

current of 50 pA.

3.5.3 Image Alignment

During the reconstruction of the tomographic series, it is assumed that the particle
does not shift over the course of the acquisition. Given an imperfect setting of the goniometer
stage, relatively small shifts will occur when tilting the sample from one angle to the next.
Therefore, the recorded projection images have to be registered prior to the reconstruction.
A common manner to estimate the relative translation between two images is the use of
correlation techniques.(Fitchard et al., 1998) The cross-correlation between two images is
computed as the normalized product between the Fourier transform of one image and the
complex conjugate of the Fourier transform of the second image. By locating the maximum
in the cross-correlation, the relative shift between the images can be determined, as illustrated

in Figure 3.7.

Cross-correlation is an efficient approach when both images were acquired with a
small difference in tilt and are of sufficient quality. These conditions are not always valid
and consequently, an inaccurate alignment might be obtained. Methods to overcome these

limitations include amongst others, aligning images to the average of the prior projection

images or including the alignment parameters as a part of the iterative reconstruction
process.(Goris et al., 2015; Houben & Bar Sadan, 2011)

Figure 3.7: Cross-correlation image (c) of two successive projection images, (a) and (b), of
a gold nanostar. The position of the maximum in the cross-correlation with respect to the

middle (dark red) reveals the relative shift between both images.
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3.5.4 Tilt Axis Alignment

Most tomographic reconstruction algorithms rely on forward and back projections.
Hence it is important that the computational tilt axis (blue line Figure 3.8a) is aligned to the
experimental one. A possible discrepancy between both depends on the position of the
particle of interest on the TEM grid. Also slight bending of the grid or holder might cause a
deviation and result in a precession motion of the specimen instead of a pure tilt.
Misalignment of the tilt axis will lead to streaking artefacts in the reconstruction, lowering
the quality and hampering further quantification. These artefacts are illustrated in Figure
3.8. In Figure 3.8a, we display the averaged sinogram, after image alignment. The assumed
tilt axis is indicated by the blue vertical line. When reconstructing a top (green, Figure 3.8b),
central (red, Figure 3.8c) and bottom (yellow, Figure 3.9d) slice, streaking artefacts appear
in the reconstruction. These artefacts can be minimized by translating and rotating the

presumed, computational, tilt axis.
b
#
c d
&

Figure 3.8: (a) averaged sinogram after image alignment. The presumed, computational tilt

axis is indicated by the blue vertical line. The location of the reconstructed slices is indicated
in green, red and blue. (b-d) The respective reconstructed slices. The streaking artefacts,

caused by the ill-chosen tilt axis, are indicated by the white arrows.
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3.5.5 Reconstruction

Once properly aligned, the tilt series serves as input for a reconstruction algorithm.
In this thesis, the ASTRA-toolbox, a MATLAB and Python toolbox intended for
tomography, was used to perform all reconstructions. The ASTRA toolbox is an open source
project supported by the CWI in Amsterdam and VisionLab at the University of Antwerp,
intended to develop one’s own reconstruction algorithms.(Palenstijn et al., 2016; van Aarle
et al., 2015) The main advantage of the ASTRA toolbox is that both the forward as well as
back projection, essential to most reconstruction algorithms, are GPU-accelerated through
CUDA. In this manner, reconstructions can be obtained in a fraction of the time required by

their CPU supported counterparts.(Buurlage, Bisseling, et al., 2019; Palenstijn et al., 2011)

3.6 EDXS Tomography

The development of the novel “Super-X"’ detector geometry prompted the possibility
of EDXS tomography.(Kawai et al., 2014; Schlossmacher et al., 2010) Until then, the
specimen had to be tilted towards the X-ray detector in order to measure the X-rays. At other
tilt angles, the holder would block the signal to the detector, therefore obscuring the
elemental map. Only when using dedicated needle shaped samples, such shadowing effects
could be avoided.(Lasagni et al., 2010; Lepinay et al., 2013) However, in the Super-X
detection system, four X-ray detectors are symmetrically placed around the sample,
effectively reducing the blocking of the detection system when tilting a regular tomographic
holder.(Schlossmacher et al., 2010) Whereas the shadowing is minimized, the amount of
detected X-rays for a nanoparticle is not entirely tilt angle independent. Hence without any
correction, the projection requirement would still be violated.(Goris et al., 2014; Slater et al.,
2014, 2016; Zanaga, Altantzis, Polavarapu, et al., 2016) Various methodologies exist to
overcome this shadowing effect, including: selectively turning on and off different detectors
of the Super-X system as function of the tilt angle, varying the acquisition duration at each
tilt angle or normalizing the total signal for every map.(Burdet et al., 2016; Goris et al., 2014;
Haberfehlner et al., 2014; Slater et al., 2014, 2016) Turning off any of the detectors during
the acquisition is disadvantageous since the yield of X-rays is inherently low as is. Similarly,
normalization will blow up the noise in certain projection images, hampering the 3D
reconstruction. Varying the time of each projection image results in longer specimen
exposure, thus an increased probability for beam damage to occur. In addition, a careful

calibration of the amount of detected X-rays per tilt angle is necessary prior to the
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acquisition. Recently Zanaga et al. proposed a synergetic approach in which the information
of the HAADF-STEM projection images and quantified EDXS maps was combined to create
chemically quantified projection images.(Zanaga, Altantzis, Polavarapu, et al., 2016) The
proposed method effectively reduces the effect of the blockage of the X-ray signal, ensuring
the that the projection requirement remains fulfilled. Such projection images can
subsequently be aligned and used as an input for the 3D reconstruction. In the remainder of

this work we will use this approach whenever EDXS-tomography is applied.
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4. State-of-the-Art Electron Tomography for Material
Sciences

In this chapter, we discuss two different studies for which electron tomography was
essential to unravel the nanoparticles their unique behaviour. First we will investigate
the 3D structure of perovskite nanofibers using HAADF-STEM tomography in order
to understand their increased detection sensitivity. In a second case study we will
perform a compositional investigation using both EDXS and HAADF-STEM
tomography to gain insight in the often used Turkevich synthesis method for obtaining

Au-Ag alloy nanoparticles.



This chapter is based on:

Queraltd, A., Graf, D., Frohnhoven, R., Fischer, T., Vanrompay, H., Bals, S., Bartasyte, A.,
& Mathur, S. (2019). LaFeO3 Nanofibers for High Detection of Sulfur-Containing Gases.
ACS Sustainable Chemistry and Engineering, 7(6), 6023-6032.
https://doi.org/10.1021/acssuschemeng.8006132

Blommaerts, N., Vanrompay, H., Nuti, S., Lenaerts, S., Bals, S., & Verbruggen, S. W.

(2019). Unraveling Structural Information of Turkevich Synthesized Plasmonic Gold-Silver
Bimetallic Nanoparticles. Small, 15(42), 1902791. https://doi.org/10.1002/smll.201902791

The synthesis of the LaFeOs sample was carried out at the Institute of Inorganic
Chemistry, of the University of Cologne. The Au-Ag specimen was prepared at the
sustainable energy, air and water technology (DuEL) laboratory at the University of
Antwerp. The TEM characterization was carried out at the research group for electron
microscopy of materials science (EMAT) at the University of Antwerp. | was responsible all
TEM acquisition and analysis.
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4.1 Structural Characterization

Development of reliable gas sensing devices with enhanced detection capabilities is
vital for applications such as environmental monitoring, food inspection, and medical
diagnostics.(Ding et al., 2010; Konstantynovski et al., 2018; Righettoni et al., 2015)
Hazardous gases such as SO2 and HS, originating from geothermal activity, combustion of
fossil fuels in power plants or from sewers, are particularly important do detect since they
pose a serious threat to human life and vegetation even at very low concentrations. Hence,
the development of chemo specific and highly sensitive sensors is needed to address such
issues.(Bari et al., 2015; Carn et al.,, 2016, 2017; Fioletov et al., 2016; Hansell &
Oppenheimer, 2004; McLinden et al., 2016) In previous work, the use of semiconducting
monometal oxides as gas sensors has been explored. Upon adsorption or desorption of gas
molecules, the resistance of the semiconductor changes, providing sensitive detection
capabilities. Perovskite oxides have been identified as promising semiconducting materials
for sensor applications due to their excellent surface activities (e.g. high electrical
conductivity and catalytic activity towards surface driven reduction/oxidation
reactions).(Carpenter et al., 2013; Mathur et al., 2007; Maziarz et al., 2016; Pan et al., 2010;
Von Hagen et al., 2014) Recent work investigated the gas sensing abilities of LaFeO3 (LFO),
a p-type semiconductor, and discovered its ability to accurately detect gasses such as CO,
but only when present at high concentrations (i.e. 200 ppm and larger).(Bai et al., 2009; Fan
et al., 2011) This sensing behaviour is caused by the adsorption, dissociation and ionization
of oxygen species at the surface of the material, as illustrated in Figure 4.1. When the
semiconductor is placed in ambient air, oxygen bonds to its surface. This accumulates a large
number of holes in the valence band of the semiconductor, providing a pathway for
conducting electrons. Upon interaction with a reducing gas such as SO and H.S, the
ionabsorbed oxygen will bond to the reducing gas molecules. As a result, the electrons will
be injected back into the material, recombining with the holes previously created, leading to
an increase in resistance and therefore a measure for the concentration of reducing gas
molecules.(H. J. Kim & Lee, 2014)
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Figure 4.1: Schematic representation of the detection mechanism for p-type semiconducting

oxides toward reducing analyte gases (image adapted from (Queralté et al., 2019)).

Various engineering strategies such as patterning have been investigated with the aim
of creating optimized bulk gas sensor devices at a low cost.(Bialuschewski et al., 2018;
Obradors et al., 2014; Pyeon et al., 2016, 2018; Queralto et al., 2013) It is evident, that
increasing the detection sensitivity of these gas sensors is of utmost importance.
Nanomaterials are highly suitable for sensitive gas sensing devices due to their increased
surface-to-volume ratio.(Gad et al., 2012; Giebelhaus et al., 2013; Hackner et al., 2011;
Hernandez-Ramirez et al., 2009, 2011; Huber et al., 2017; Lehnen et al., 2014; Rumyantseva
et al., 2018; F. Shao et al., 2013) Recently electrospinning has been explored as a potential
cost-effective, high throughput nanostructuration strategy.(Choi et al., 2013; Ding & Si,
2011; Hwang et al., 2011) Electrospinning is able to create dense metal oxide nanofiber
networks, as illustrated in Figure 4.2, with superior sensing capabilities of reducing toxic
gasses down to 0.5 ppm.



Figure 4.2: SEM images of as-prepared electrospun LFO wires, at various magnifications
(Figure adapted from (Queralté et al., 2019)).

411 HAADF-STEM Analysis

In order to understand the increase in detection sensitivity, the LFO specimen was
investigated using HAADF-STEM using the Thermo Fisher Tecnai Osiris microscope
operated at 200 kV. In Figure 4.3, HAADF-STEM images of the LFO sample are presented.
Elongated string-like structures were found with radii ranging from approximately 30 nm to
150 nm. Each string-like nanostructure appears to be composed out of smaller units, which
interconnect with each other. Within each HAADF-STEM projection image, variations in
gray level can be seen as well. The observed change in contrast can either be due to changes
in thickness, density or composition. To elucidate whether the nanostring sample is porous
or has for instance a varying chemical composition, HAADF-STEM tomography was
applied. Tomography series were acquired of the nanostring sample along an angular range
of £ 74° with a 3° increment. After the acquisition, the images were aligned with respect to
each other using a cross-correlation procedure and the tilt axis was corrected. The outcome
was used as an input for the ASTRA toolbox implementation of the EM algorithm. (Moon,
1996; Palenstijn et al., 2016; van Aarle et al., 2015)
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Figure 4.3: HAADF-STEM projection images of the investigated LFO specimen. Long string

like structures were found with diameters ranging from 30 nm up to 150 nm.

In Figure 4.4, a 3D rendering of the structure of the nanofiber is illustrated together
with central orthoslices through the reconstruction. The orientation of the orthoslices is
indicated in the top right corner. The orthoslices reveal that the nanostring is highly porous.
This is in agreement with the HAADF-STEM projection images for which the center of the
string showed a lower intensity than its edges. The porosity of these nanostrings drastically
increases their surface-to-volume ratio. In addition, multiple interconnections between the
interior and exterior (indicated by the green arrows) are present, making the interior surface
easily accessible for the analyte gasses. Since the sensing capabilities of the LFO specimen
rely on redox reactions occurring at the surface of the nanowires, the porosity contributes to
the superior gas sensing performances of the electrospun LFO nanofibers. In combination
with gas sensing measurements, we were able to explain the high detection capabilities of
electrospun p-type semiconducting LFO nanofiber—based gas sensors towards reducing
gases, which is of enormous importance for environmental monitoring and

protection.(Queralto et al., 2019)



100 nm

Figure 4.4: (a) 3D rendering of the reconstruction obtained from the tilt series of one LFO
nanostructure with an angular range of £ 74° and a 3° tilt increment. (b-d) Orthoslices
through the reconstruction, displaying the porosity of the nanostring. Green arrows indicate

connections towards the exterior.

4.2  Compositional Characterization

Besides structural information, HAADF-STEM tomography can provide
compositional information as well. In this second case study, we demonstrate the application
of HAADF-STEM and EDXS tomography for evaluating a well-known nanoparticle

synthesis strategy.

Bimetallic nanoparticles are of specific interest because of their versatility for
photo(catalytic) applications. Especially gold (Au) - silver (Ag) nanoparticles have been
explored, because of the tunability of their optical surface plasmon resonance across the
entire visible range of the electromagnetic spectrum.(Liz-Marzan, 2006; Verbruggen et al.,
2014, 2016) The most widely used method to synthesize Au-Ag bimetallic nanoparticles is
the Turkevich method.(Turkevich et al., 1953) While most studies report on the formation
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of alloy nanoparticles using this method, other research indicates that the end product might
be core-shell structures instead.(K. Kim et al., 2010; Link & Wang, 1999) The assumption
of the formation of a full alloy is typically based on Ultra-Violet visible (UV-vis) absorption
data, showing a single plasmon band.(Gonzalez et al., 2009; T. Li et al., 2010; Link & Wang,
1999; Mallin & Murphy, 2002; Sanchez-Ramirez et al., 2008; Uppal et al., 2011) Indeed, for
core-shell structures, two separate plasmon bands are expected.(Gonzalez et al., 2009; Liao
et al., 2018; Lu et al., 2013) Nevertheless, caution has to be taken, since a single plasmon
band can also indicate the appearance of a core-shell structure with a sufficiently thick shell
to eliminate the core contribution to the UV-vis absorption data.(Mie, 1908) Here, we aim
to use different TEM techniques to accurately understand whether the universally applied
Turkevich synthesis pathway results in AuosAgos alloy nanoparticles or core-shell
morphologies instead. To do so, samples were taken at various time intervals during the
synthesis and analyzed using EDXS and HAADF-STEM.

4.2.1 HAADF-STEM Analysis

Figure 4.5a displays HAADF-STEM overview images of the obtained nanoparticles
after 30 min of synthesis. Figures 4.5b-c show single nanoparticles at higher magnification.
Spherical nanoparticles were found with a size of 50 £ 9 nm. The advantage of using
HAADF-STEM, is that the observed contrast can be correlated to the atomic number Z of
the composing materials. Since there is a significant difference in Z number between Au (79)
and Ag (47), high intensities hint towards areas containing an increased Au concentration.
Darker areas, on the other hand, imply Ag rich regions. In contradiction to the expected alloy
formation, the nanoparticles seemingly have formed a core-shell type of nanostructure. For
Pd-Ag alloy nanoparticles it is known that silver has the tendency to segregate towards the
surface of the particle.(Lovvik & Opalka, 2008) A similar behavior could explain the
observed contrast difference between the inner and outer region of the AuosAgos
nanoparticles. Nevertheless, 2D projections can be very misleading and the potential
presence of remaining diffraction contrast further complicates any quantitative
interpretations. To gain insight on the composition and formation process of the investigated
nanoparticles, tomography series and EDXS maps were acquired for samples which were

collected at several time intervals throughout the synthesis.
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Figure 4.5. (a-c) HAADF-STEM images of spherical Auo.sAgos bimetallic nanoparticles with

an average size around 50 nm.

4.2.2 EDXS Analysis

EDXS maps were acquired for five different time steps (4, 7, 10, 13, 16 min). In the
first column of Figure 4.6, HAADF-STEM projection images of different nanoparticles
acquired after the different stages of synthesis are displayed. In the second and third column,
the EDXS maps of the Au (red) and Ag (green) signal are shown. The last column displays
the superposition of both maps. Comparing the combined EDXS maps for the different time
steps indicates that although the nanoparticles seemingly form an alloy at the beginning of
the synthesis, they steadily develop a silver-enriched shell across the surface of the
nanoparticle. From Figure 4.6c¢ it can be seen that even after one EDXS map, the Ag shell
forms clusters along the surface of the nanoparticle. At later stages of the reaction, as the
formation of the shell continued, this effect becomes less pronounced. This indicates that
initially the alloy nanoparticle is more unstable under long electron beam exposure, making

a quantitative 3D EDXS analysis of the earlier stages unfeasible.



F < SRR TPRRRRRRR Part I: Introduction

HAADF-STEM EDX Au+Ag

Figure 4.6: HAADF-STEM and net count EDXS maps of different nanoparticles sampled at

intermediate times during the synthesis procedure.



State-of-the-Art Electron Tomography for Material SCIENCES.......c.ccvveveeiievii i 49

4.2.3 Tomography Analysis

Given the radiation sensitivity of the samples obtained at earlier stages of the
synthesis, HAADF-STEM tomography, instead of EDXS tomography, was performed on all
different stages of the synthesis procedure. The detection efficiency for HAADF-STEM
imaging is far better than that of EDXS imaging. Therefore, a shorter acquisition time,
equivalent to a lower electron dose, is required for each projection image. While HAADF-
STEM tomography does not reveal any quantitative information concerning the chemical
composition of the nanoparticle, it does offer a qualitative picture.

HAADF-STEM tilt series was acquired over a tilt range of £ 75° with a 3° increment
at a Thermo Fisher Scientific Tecnai Osiris microscope operated at 200 kV. The probe
convergence semi angle was equal to 16 mrad and inner and outer collection semi angles of
respectively 80 and 240 mrad were used for the detection. After the acquisition, the images
were aligned with respect to each other using cross-correlation. Reconstructions were
calculated through the ASTRA toolbox implementation of the EM algorithm(Moon, 1996;
Palenstijn et al., 2016; van Aarle et al., 2015). 3D renderings of the reconstruction and
corresponding central orthoslices through the reconstruction are shown in Figure 4.6. By
comparing different reaction stages, it becomes obvious that the particle starts as an alloy but
gradually turns into a core-shell morphology. After 10 minutes of synthesis the first signs of
a shell are visible in the HAADF-STEM reconstruction. As the synthesis continues, the shell

further grows until it is almost 5 nm thick.



Figure 4.6: 3D rendering and central orthoslices from the HAADF-STEM tomography

reconstructions of nanoparticles sampled at intermediate times during the synthesis
procedure. The orientation of the orthoslices is indicated in the top right corners of the first

row.
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Given the increased stability of the final state of the nanoparticle, EDXS tomography
was performed on the 16 min sample using a synergistic combination of HAADF-STEM and
EDXS tomography.(Zanaga, Altantzis, Polavarapu, et al.,, 2016; Zanaga, Altantzis,
Sanctorum, et al., 2016) Each voxel of the final reconstruction contains a distribution of the
different elements of the nanoparticle, in this case Au and Ag. In this manner, not only
qualitative but also quantitative information concerning the 3D composition of the final state
is retrieved. The EDXS tilt series were acquired on the Super-X detection system over an
angular range of £ 70° with a tilt increment of 10°. In Figure 4.7a, a 3D rendering of the
investigated particle is presented. The central orthoslice through the reconstruction (Figure
4.7b) reveals the core-shell morphology, represented by a large difference in gray value
between their relative compositions. Orthoslices through the Au and Ag signal of the
corresponding EDXS tomography reconstruction confirm that the core contains a higher
amount of Au, whereas the shell primarily consists out of Ag. This is in agreement with the
HAADF-STEM reconstructions for which the core consistently showed a higher intensity
than the shell.

XY

Figure 4.7: (a-b) 3D rendering and a central XY orthoslice of the HAADF-STEM
tomographic reconstruction of a nanoparticle obtained after 16 min of synthesis. (c-d)
Central XY orthoslices through the corresponding EDXS tomography of the Au and Ag
signal. (e) Superposition of the Au and Ag signal.
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From the HAADF-STEM reconstruction, a mask was derived for both the core as the
shell through histogram based segmentation. By multiplying these masks with the Au and
Ag reconstructions, it is possible to separate the contributions of Au and Ag in each region.
It was found that on average the core contains 82 + 3% Au and 18 + 2% Ag, whereas the
shell approximately consists of 35 + 4% Au and 65 + 5% Ag. This is in agreement with the
central line profile through the EDXS reconstruction presented in Figure 4.8. More
importantly, the line profiles of the relative Au and Ag frequency steadily rise and decay.
This indicates that there is no sharp boundary between the core and shell, but that the

composition steadily changes along the radius of the nanoparticle.
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Figure 4.8: Central line profile through the XY orthoslice (as indicated in the inset).

In combination with additional UV-vis experiments and Finite Element Modelling (FEM),
we were able to proof that indeed core-shell type nanoparticles with a smooth transition in
alloy composition, result in a single plasmon band for which the position and width almost
perfectly coincides with the experimental data.(Blommaerts et al., 2019) We proof that the
often used Turkevich synthesis method does not necessarily results in pure alloy
nanoparticles but rather core-shell like structures are formed with a smoothly altering
composition. We therefore demonstrate that UV-vis spectra alone do not suffice to determine

the compositional distribution obtained after synthesis.



Objectives

Electron tomography experiments clearly provide very precise and local information
on the 3D structure and composition of nanoparticles. However, a major drawback is the
total run time that is required to obtain the necessary 2D projection images, to align them
and to compute the final 3D reconstruction. Since easily 2 hours are required to study a single
nanoparticle in 3D, it is far from straightforward to obtain information in 3D that can be
considered as a statistically relevant result. This is clearly a limitation when trying to connect
the properties of the nanoparticles to their 3D structure. For example, when studying the
porosity or composition of a large number of respectively catalytic or plasmonic
nanoparticles, it is crucial to obtain a general understanding of the connection between their
structure and activity. Currently, such studies cannot be easily performed due to the fact that
both the acquisition of the tilt series as well as the alignment and the 3D reconstruction are

too time consuming.

Obviously, one of the emerging challenges in the field of electron tomography is to
increase the throughput of 3D reconstructions of nanoparticles. At the same time, the quality
of the reconstructions should still enable one to obtain reliable and quantitative results
concerning parameters such as particle size and surface morphology. Moreover, 3D studies
of radiation sensitive materials are nowadays extremely challenging since samples will
degrade and deform when exposed to high electron doses. Finally, the extensive acquisition
time for electron tomography together with the time consuming alignment and reconstruction
steps, results in a very inefficient process. Ideally, one would be able to obtain fast feedback
on the 3D structure of a nanoparticle under investigation such that additional or more detailed

experiments can be performed using the same nanoparticle if necessary.

In this thesis I will go beyond state-of-the-art of electron tomography in order to
overcome such limitations. My aim is to reduce the run time of electron tomography
experiments in order to enable high-throughput and real-time characterization of
nanostructures. As | studied crystalline samples, the main focus will be on improving the
throughput of HAADF-STEM tomography experiments. To reach this goal, the acquisition,

alignment and reconstruction need to be optimized.
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Therefore, | aim to:

Develop acquisition strategies that enable the recording of tomographic series within a
few minutes. The reduction of the acquisition time will be accompanied by a decrease in

electron dose, allowing new 3D experiments to be conducted.

Propose new computational methods capable of processing the tilt series acquired using
fast acquisition schemes. Such developments are necessary since the fast tilt series will
typically yield a lower signal-to-noise ratio and/or a limited amount of information.

Improve the efficiency of the alignment and reconstruction, such that real-time 3D
information will become accessible during the tomography experiment. Such
information will aid steering in-situ experiments in the electron microscope, where one

is interested in the fast dynamical behavior of nanoparticles under external stimuli.

Reaching these objectives, will allow:

Performing high-throughput electron tomography experiments with a time resolution far
shorter than those reachable by conventional electron tomography. Such experiments
will vyield statistical relevant information concerning the nanoparticles their

functionalities or structural properties.

3D investigations which benefit from the reduction in electron dose and are not possible

by conventional means.

Conducting quasi real-time 3D imaging experiments which improve the efficiency of the
3D studies and enable real-time in-situ experiments. Such studies will be essential to

understand the morphological changes of nanosystems as function of e.g. temperature.
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5. Experimental Evaluation of Undersampling Schemes

One of the emerging challenges in the field of three-dimensional characterization of
nanoparticles by electron tomography is to avoid degradation and deformation of the
samples during the acquisition of a tilt series. In this chapter, we compare different
approaches which lower the electron dose and therefore minimize beam induced

sample degradation.



This chapter is based on:
Vanrompay, H., Béché, A., Verbeeck, J., & Bals, S. (2019). Experimental Evaluation of

Undersampling Schemes for Electron Tomography of Nanoparticles. Particle and Particle
Systems Characterization, 36(7), 1900096. https://doi.org/10.1002/ppsc.201900096

The synthesis of the Au nanorod sample was carried out at the Bionanoplasmonics
Laboratory, CIC biomaGUNE in Spain. The TEM characterization was carried out at the
research group for electron microscopy of materials science (EMAT) at the University of
Antwerp. The experimental data were acquired by A. Béché. | was responsible for all

preprocessing, reconstructions and phantom studies.
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5.1 Introduction

During a tomography experiment, a series of 2D projection images is collected over
different tilt angles to cover an angular range that is as large as possible. Next, the tilt series
serves as an input to a mathematical algorithm, which reconstructs the 3D structure. To
obtain a reliable 3D reconstruction using conventional reconstruction algorithms such as
FBP(Dudgeon & Mersereau, 1985) or SIRT(Gilbert, 1972), tilt series are typically acquired
over a range of + 75° with an increment of 1°-3°. Consequently, it is highly challenging or
even impossible to perform a 3D investigation of radiation sensitive nanomaterials since their
structure tends to alter during the acquisition of the tilt series. Various approaches have been
proposed to overcome this limitation such as lowering the amount of necessary projection
images, referred to as tilt-undersampling (T-US). Another suggested approach is image-
undersampling (I-US), in which e.g. the electron dose is reduced during the tomography

experiment.

During T-US, a smaller number of projection images with a larger tilt increment is
acquired, while keeping the angular range as large as possible, as illustrated in Figure 5.1a.
Batenburg et al. showed that even for T-US tomographic projection series with a rather large
tilt increment, accurate reconstructions can be retrieved, provided that prior knowledge of
the composition of the specimen is included.(Batenburg et al., 2009; Batenburg & Sijbers,
2011) In addition, it was proposed that including prior knowledge on the sparsity or
compressibility of the reconstructed object in a known domain, can be beneficial during the
reconstruction of extremely limited data sets.(Goris, Van den Broek, et al., 2012; Leary et
al., 2013b)

I-US has been used when acquiring 2D high resolution images of beam sensitive
materials.(Buban et al., 2010) Various approaches exist to lower the electron dose during an
experiment ranging from increasing the pixel size while maintaining the frame size for each
projection image, leading to an irreversible loss in resolution, to decreasing the beam current
during the acquisition (Figure 5.1b). An alternative approach of 1-US consists of reducing

the amount of acquired pixels in a given projection image (Figure 5.1c).
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Projection
Images

Figure 5.1: (a) illustration of T-US where less projection images are acquired (black lines)
than in a conventional tomography experiment (gray lines). (b) Compositional illustration
of a projection image acquired at full dose and at 50% of the dose by I-US. (c) Compositional
illustration of a projection image acquired at full dose and at 50% of the dose by scanning

only a select amount of pixels.

Recently, it was demonstrated that by exploiting the principles of compressed sensing
(CS) it is possible to restore the original image even though not all pixels in the image are
scanned.(Béché et al., 2016; Stevens et al., 2018) Indeed, CS states that an image can be
retrieved from a limited selection of its pixels, provided that the selection of these pixels is
incoherent, and if the image is sparse in a predefined domain. The incoherence guarantees
that artefacts resulting from the sparse sampling appear in a noise like manner in the
predefined domain, thereby limiting their influence on the retrieved image. As a result, the
amount of measurements needed to faithfully recover a sparse signal is primarily determined
by the measure of incoherence between the measurement domain and the predefined sparse
domain.(Candés & Romberg, 2007) Common choices for the predefined domain in which
2D HAADF-STEM images are sparse or at least compressible, are the discrete cosine
domain, the discrete wavelet domain and the gradient domain.(Béché et al., 2016; Goris, Van
den Broek, et al., 2012; Leary et al., 2013b, 2013a; Song et al., 2012; Sorzano et al., 2006;
Stoschek & Hegerl, 1997; Vonesch et al., 2011).

Lustig et al. demonstrated, within the context of magnetic resonance imaging, that
radial sampling of the Fourier space of the object, results into sufficient incoherence to apply
CS.(Lustig et al., 2007, 2008) This analysis was extended towards electron tomography for
a specific type of I-US for which subsets of pixels are measured in a random manner.(Donati
et al.,, 2017) They validated that measuring randomly selected pixels is sufficiently
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incoherent to the Haar wavelet, and therefore discrete gradient domain(Kamilov et al., 2012)
to fulfil the incoherence criterion. In the remainder of this work, we will refer to this specific

I-US approach as random-undersampling (R-US).

Donati et al. theoretically demonstrated the idea of performing tomographic
reconstructions of R-US tilt series by exploiting the principles of CS. The superiority of R-
US over T-US approaches for electron tomography reconstructions was proclaimed, albeit
using simulated data.(Donati et al., 2017) On the other hand, VVan den Broek et al. evidenced
that when using the same dose, CS restoration of 2D R-US images does not outperform de-
noising I-US images under counting noise conditions.(Van den Broek et al., 2019) The latter
is in agreement with earlier work, which stated that the presence of counting noise enforces
a bound to the accuracy which can be reached when restoring TEM images using
CS.(Raginsky et al., 2010) Consequently, one may wonder about the role of CS during
electron microscopy experiments. So far, it remains unclear which of the three main electron
dose reducing techniques (T-US, I-US and R-US) is preferred for HAADF-STEM electron
tomography experiments. The three approaches have not been directly compared to each

other and a thorough empirical evaluation (based on experimental data) is lacking.

In this chapter, | will therefore compare the influence of these three dose limiting
techniques on the quality of tomographic reconstructions based on experimental HAADF-
STEM tilt series.(Béché et al., 2016) The outline of this chapter is as follows. First, we
introduce the different acquisition procedures and discuss the reconstruction algorithm used
here. We demonstrate the importance of incorporating the so-called acquisition mask during
the reconstruction procedure and test the reliability of this approach. Finally, we compare

the reconstruction accuracy of T-US, I-US and R-US for different electron doses.

5.2 From Acquisition to Reconstruction

In the following sections we will discuss the acquisition, processing and
reconstruction of the undersampled tilt series. In addition, we provide simulation studies to

support our R-US methodology.
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5.2.1 Acquisition

A gold nanorod (Au NR) sample was imaged using an aberration-corrected cubed
Thermo Fisher Scientific Titan electron microscope operating in HAADF-STEM mode at
300 kV. The Au NR forms an ideal test sample since it is stable under the electron beam and
its morphology does not alter during a tomography experiment. In total, 7 tilt series were
obtained of the same nanoparticle. The relevant acquisition parameters of the different dose
limiting techniques are summarized in Table 5.1. To minimize the potential influence of
electron beam damage, all images at a given tilt angle were acquired using the various
imaging conditions, prior to tilting the stage to the next angle. First, a reference series was
acquired over an angular range of -73° to 74° with a tilt increment of 3° of a NR for which
its primary axis was aligned along the experimental tilt axis. All pixels were scanned with a
50 pA probe current (Figure 5.2a). Based on the reference series, 2 T-US series were created,
one with a tilt increment of 6° and one with an increment of 15°, by removing images from
the reference tilt series. Next, two series were collected of the same NR in which the total
electron dose was lowered by 50% either by I-US or R-US (I-US; Figure 5.2b and R-US;
Figure 5.2d). Finally, two additional series were acquired using an electron dose of only
20% of the dose used for the reference series (I-US; Figure 5.2c and R-US; Figure 5.2e).

Name Probe Tilt range and Scanned | Frame time Total dose
current increment pixels (s) (# electrons)

Reference 50 pA [-73°:3°: 74°] 100% 2.62 4.09 x 10'°
50% I-US 25 pA [-73°:3°:74°] 100% 2.62 2.05 x 10%
20% 1-US 10 pA [-73°:3°: 74°] 100% 2.62 8.18 x 10%°
50% T-US 50 pA [-73°:6°: 74°] 100% 2.62 2.05 x 10%
20% T-US 50 pA [-73°:15°: 74°] 100% 2.62 8.18 x 10%
50% R-US 50 pA [-73°:3°: 74°] 50% 1.31 2.05 x 10%6
20% R-US 50 pA [-73°:3°: 74°] 20% 0.52 8.18 x 10%°

Table 5.1: Abbreviations of the dose limiting techniques, relevant acquisition parameters

and the amount of electrons used for the acquisition of the tilt series.
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During the I-US acquisition, the probe current was respectively lowered to 25 pA
(50%) or 10 pA (20%) and all pixels were scanned. At high doses the probe current was
determined by measuring the total electron current intercepted on the viewing screen with a
calibrated pico-ampere meter. However, the pico-ampere meter has a limited precision at
low doses. In order to overcome this limitation, a relation between the probe current and the
amount of detected counts, which are accurate in the low dose regime, was established for
high doses and interpolated towards the low dose regime. The amount of detected counts
was determined by imaging the rochigram and calculating its total signal. For the R-US
acquisition, the total electron dose was equally lowered, by selectively scanning 50% or 20%
of the pixels in a random manner with a 50 pA probe current. The R-US datasets were
experimentally acquired using a fast electromagnetic beam blanker placed in the condenser
system or the electron microscope. Using a pseudo random generator, it is possible to blank
the beam in a random manner, thereby acquiring images yielding a limited amount of

scanned pixels.(Béché et al., 2016)

Figure 5.2: (a-c) HAADF-STEM projections acquired with respectively a probe current of
50, 25 or 10 pA. (d-e) HAADF-STEM projections acquired using a probe current of 50 pA

but with only scanning respectively 50% or 20% of the pixels.
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5.2.2 Alignment

After acquisition, the tilt series were aligned with respect to each other using a cross-
correlation strategy(Foroosh et al., 2002; Nagashima et al., 2007; Takita et al., 2003; Yan &
Liu, 2008). However, since every R-US projection image was acquired with a different,
random, acquisition mask, the outcome of the alignment is far from optimal. In Figure 5.3c
the cross-correlation, convolved by a Gaussian, is displayed of two consecutive R-US
projection images (Figure 5.3a-b). The correlation is broad, making a maximum retrieval
challenging. Therefore, the images in the R-US tilt series were first restored using an
ASTRA-Toolbox(Bleichrodt et al., 2016; Palenstijn et al., 2016; van Aarle et al., 2015; Van
Den Berg et al., 2009) implementation of total variation (TV) and the Chambolle-Pock
minimization strategy(Chambolle & Pock, 2011; Sidky et al., 2012), as will be discussed in
Section 5.2.3, prior to estimating the alignment parameters (Figure 5.3d-f). The distribution
in the cross-correlation narrows down and the position of the maximum changes, ensuring a
far more accurate estimation of the translational parameters, and therefore positively

influencing the reconstruction quality. Next, these parameters where applied to the non-

restored R-US projection images.

Figure 5.3: (a-c) Two sequential R-US HAADF-STEM projection images and the correlation

between both. (d-f) The projection images after restoring and the correlation between both.



Experimental Evaluation of Undersampling SChEMES.........ccovciiiiiiiiiiiiece e 63

5.2.3 Reconstruction

After alignment, the tilt series were used as input for a tomographic reconstruction,
during which we exploit prior knowledge on the acquisition mask as well as on the idea that
the object has a compressible representation in the gradient domain. Hereby, the following
set of equations is solved utilizing the ASTRA-Toolbox implementation of the 3D TV and

the Chambolle-Pock minimization strategy:

X = argmin,|[MWx —pll,, + plITVCOll,,, [5.1]

where X represents the estimated reconstruction of the unknown object x and the measured
HAADF-STEM projection images are defined as p. W corresponds to the projection matrix.
M indicates a mask operator, based on the acquisition mask. In case all pixels are scanned,
such as for the I-US and T-US projection images, the mask operator equals the identity
operator. TV (x) determines the discrete gradient of the reconstructed object x and u is a
hyper parameter that regulates the relative importance of the sparsity in the transform domain
and the data fidelity in the reconstruction domain. Restricting the [; norm of the discrete
gradient, imposes a constraint on the amount of gray level variations within the reconstructed
object. This type of minimization is therefore most suited for objects that consist out of
homogeneous regions separated be sharp boundaries, referred to as piecewise constant
regions, relevant for many nanoparticle systems. Even when the object under consideration
is not strictly sparse in the discrete gradient domain, its piecewise constant approximation
may still contain valuable information concerning boundaries within the nanoparticle
systems.(Leary et al., 2013b; Lustig et al., 2007) It should be noted that the mask operator
M directly works on the projection matrix W during the reconstruction. In this manner, the
minimization process tries to find a solution where the simulated masked projection images

of the unknown object match the experimental ones.

It was empirically found that setting u to 1, hence putting equal weight on the data
fidelity and sparsity term, leads to reconstructions that best resemble the homogeneous Au
NR. In Figure 5.4 we show identical central slices through the NR, obtained from
reconstructing the reference data series for various values of p. It is evident that a small value
of u leads to a noisy reconstruction, whereas an overestimation of u results in a loss of high

frequency information. From these 2D results, it was determined that setting u equal to 1,
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serves as a good starting point for the 3D reconstruction. Although reconstructing single 2D
slices provides a computationally efficient way of evaluating the optimal value for u, the
reconstructions displayed throughout this work were all performed in 3D. Hence, the discrete
gradient of the reconstructed object was minimized in three dimensions instead of two. This
additional constraint during the reconstruction leads to significantly less intensity variations

than those obtained when reconstructing single 2D slices.

Figure 5.4: (a-d) 2D reconstructed central slices through the NR for various values of py,

obtained from the reference series.

5.2.4 Verification Studies

Donati et al. used simulated R-US projection images to show that the incorporated
approach, defined by Equation [5.1], leads to more accurate reconstructions in comparison
to previous work wherein the R-US projection data were first restored by CS and afterwards
used as input for reconstruction.(Donati et al., 2017; Saghi et al., 2015) Here, we will verify
these findings based on experimental data. In Figure 5.5, we compare the outcome of a 3D
reconstruction of the reference series (a) with the 3D reconstruction of a R-US tilt series
without the use of prior information (b), a 3D reconstruction in which the input images have
been restored prior to the reconstruction (c) and a 3D reconstruction in which the acquisition
mask was incorporated during the CS reconstruction (d). This comparison was performed
for the 20% R-US tomography series since it corresponds to a heavily underdetermined
reconstruction problem and therefore is the most challenging case to reconstruct. When the
prior knowledge of the acquisition mask was neglected during the reconstruction, the
outcome is obviously very noisy (Figure 5.5b). In the case where the projection images were
restored prior to the 3D reconstruction, gray level variations in the final results are present
and the reconstruction appears smoother (Figure 5.5¢). Such variations are not expected for
a homogeneous Au NR. However, by incorporating the acquisition mask during the CS
reconstruction, the gray level throughout the reconstruction is almost constant (Figure 5.5d).

Hence, for the remainder of this work we will include the acquisition mask during the
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tomographic reconstruction procedure to investigate experimentally the influence 1-US, T-

US and R-US acquisition procedures on the final reconstruction quality.

Figure 5.5: Identical central orthoslices through 3D reconstructions of (a) the reference
series, and the 20% R-US tilt series where (b) no prior information of the acquisition mask
was included during the regularized reconstruction, (c) the prior knowledge of the mask was
used to restore the projection images before serving as input to the reconstruction or (d) the

prior knowledge of the acquisition mask was incorporated during the CS reconstruction.

To investigate the reliability of the experimental R-US acquisition methodology and
to rule out any imperfections, we created virtual R-US tilt series by multiplying the reference
dataset with a random binary acquisition mask. The masks were simulated by thresholding
uniformly distributed random matrices such that 20% of the pixels were set to 1 and the
remaining pixels to 0. We will refer to this series as the virtual R-US series (VR-US). Both
the experimental R-US as VR-US were used to recover the 3D structure of the Au NR using
Equation [5.1]. The first column of Figure 5.6 shows 3D renderings of the reconstructions
corresponding to the 20% R-US series (a) and 20% VR-US series (d). The second and third
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column illustrate non-central XY and XZ orthoslices through the respective reconstructions.
Little to no difference is found between the reconstruction of the R-US and VR-US tilt series.
We can therefore conclude that the experimental implementation of the CS-acquisition is

reliable.

a R-US

Figure 5.6: (a-c) 3D rendering and non-central orthogonal slices through the
reconstructions of the 20% R-US tilt series. (d-f) 3D rendering and identical orthogonal

slices through the 20% VR-US reconstruction.

5.2.,5 Importance of Incoherence

To stress the importance of the random sampling during R-US, structured
undersampling (S-US) was examined through simulation. As opposed to randomly scanning
a subset of pixels, the scanning step was here increased such that for every 5 pixels only 1
was scanned. The scanning direction was chosen perpendicular to the principal axis of the
NR, similar as during the experimental acquisition. The simulated S-US projection images

are shown in Figure 5.7.



Figure 5.7: (a-c) Simulated S-US projection images at different tilt angles.

A central orthoslice through the reconstruction of the S-US series is compared to
those obtained from the reconstructed reference and 20% R-US series (Figure 5.8). As
indicated by the white arrows, S-US causes ripples along the NR’s surface, which are not
present in the reference nor in the 20% R-US reconstruction. This validates that it is indeed
essential to select the pixels in a random manner, as S-US causes aliasing artefacts when
sampling below the Nyquist frequency due to the decrease in incoherence.(Donati et al.,
2017)

Figure 5.8: (a-c) Central XY orthoslices through the reconstructions of respectively the

reference series, the 20% R-US series and the 20% virtual S-US series.
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5.3 Results and Discussion

Here, we will investigate the effect of various experimental dose limiting techniques
(I-US, T-US and R-US) on the reconstruction quality. In order to compare the outcome of
3D reconstructions resulting from I-US, T-US and R-US in a reliable manner, we used the
following approach: all reconstructions were performed following Equation [5.1], with the
acquisition mask set to 1 for scanned pixels. The top row of Figure 5.9 displays 3D
renderings of the reconstructions calculated from the reference series (a), the 50% I-US
series (b), the 50% T-US series (c) and the 50% R-US (d). In the second and third row, non-
central orthoslices along the XY and XZ plane through the reconstructions are visualized,

which respectively show the presence of indentations and a facet along the NR’s surface.

For all dose limiting techniques, reconstructions with little to no gray level variation
in the orthoslices are obtained, in agreement with the expected homogeneity of a Au NR.
Furthermore, the surface structure is recovered relatively well. To illustrate the good
agreement between the various reconstructions, they were all segmented and the absolute
difference to the binary reference reconstruction was calculated (Figure 5.9m,q). Hence,
voxels which are labelled differently in the segmentations of the undersampled data, in
comparison to the binary reference reconstruction, are highlighted. The threshold was
determined by Otsu’s method(Otsu, 1979) for each reconstruction separately. The results are
displayed in the last two rows of Figure 5.9 for the XY and XZ orthoslices. For all methods,

the differences are found to be very sparse and confirm the qualitative interpretation.

When the dose is lowered to 20% (Figure 5.10), it can be seen that the surface
characteristics of the NR become more difficult to distinguish. From the XY orthoslices
(Figure 5.10, second row) features corresponding to surface roughness have almost
disappeared, except for the I-US case (Figure 5.10f) where some details remain visible.
Similar observations can be made from the XZ orthoslices (Figure 5.10, third row). Both the
T-US as the R-US reconstruction (k-I) yield a more cylindrical shape of the NR, whereas in
the 1-US reconstruction (j) the surface facet remains pronounced. In the two bottom rows of
Figure 5.10, the misclassified voxels with respect to the reference data sets are presented.
Whereas the dissimilarity for the 1-US reconstruction (n,r) remains restricted, the difference
for both the T-US (0,s) and R-US (p,t) is more significant.
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Figure 5.9: (a-1) 3D renderings and related orthoslices of the reconstructions from the
reference and 50% undersampled tilt series. (m-t) orthoslices through the segmented
reference reconstruction and the associated absolute differences with the segmented

reconstructions of the 50% undersampled tilt series.
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a b I-US | |c T-US| |d R-US
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Figure 5.10: (a-1) 3D renderings and related orthoslices of the reconstructions from the

reference and 20% undersampled tilt series. (m-t) othoslices through the segmented
reference reconstruction and the associated absolute differences with the segmented

reconstructions of the 20% undersampled tilt series.
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To investigate the differences in a quantitative manner, the shape error E; was
calculated as a weighted sum over absolute differences for each reconstruction with respect
to the reference as follows:

Z|Recseg — Rec>%d

us ref
* 100 5.2
T [52]

N

seg seg

Rec,,; and Rec,,” refer to the segmented 3D reconstructions of the reference and

undersampled series respectively. The sum over Recfj}’ defines the volume of the reference

reconstruction. Before calculating the absolute difference, both reconstructions were
optimally aligned using a MATLAB implementation of intensity-based rigid registration.
Through gradient descent optimization, this operation minimizes the MSE between the two
volumes by translating and rotating one of both volumes.

In this manner, the shape error E, determines the relative amount of difference in
shape between the reconstructions based on the reference and undersampled series, as a
percentage of the total amount of misclassified voxels. E; has the advantage over other
quantitative measures such as the absolute difference or the mean squared error, that it is less
influenced by background variations or small differences in gray level within the
reconstructed object. The threshold for segmentation was determined by Otsu’s
method(Otsu, 1979) for each reconstruction separately. The outcome of this quantitative

assessment is summarized in Table 5.2.

Since TV based CS reconstruction algorithms suppresses gray level variety within
the reconstructed object, segmentation through binarization algorithms such as Otsu’s
method become straightforward. Hence the detrimental factor for the accuracy of the shape
error, is the alignment between the undersampled and reference reconstruction. As explained
before, this alignment is optimized using a MATLAB implementation of intensity-based
image registration. To investigate the accuracy of this method, a simulation study was
performed for which the reference reconstruction was randomly translated along three
dimensions. Afterwards, the translated reference reconstruction was aligned back to the non-
translated reference reconstruction, utilizing the proposed image registration technique, and
the shape error was calculated. This procedure was repeated in total 300 times. If the

alignment would be perfect one would expect to find for every repetition a shape error equal
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to 0%, since the shape error was calculated between identical objects. Yet on average a shape

error of 0.01% was found, providing the measure for the error on the derived shape error.

I-US T-US R-US
Es50% undersampling 0.91+0.01% 1.81+0.01 % 2.22+0.01 %
Es 20% undersampling 0.95+0.01% 6.00 £ 0.01 % 7.86 £ 0.01 %

Table 5.2: The shape error (E;) calculated for the reconstruction following from the I-US,

T-US and R-US series, in case of 50% and 20% undersampling

In agreement with the visual interpretation of our results, the shape errors indicate
that the difference between the reconstructions remains small for 50% undersampling,
independent of the used approach. Even for 50% T-US where the tilt increment was increased
to 6°, which is higher than the typical tilt increment used for most electron tomography
experiments (1-3°), the shape error is still limited to 2%. This error is similar to the error
observed for 50% undersampling using R-US. These results are of keen interest for the
development of strategies to decrease the duration of conventional tomography experiments,
which is of importance to realize high-throughput electron tomography. However, recording
a smaller amount of projection images is likely to be more advantageous than lowering the
number of scanned pixels in each projection image. Indeed, in the former case less pre-
acquisition steps, such as refocusing and repositioning at every tilt angle, are required. These
additional actions will increase the total electron dose that is required, especially as often no
beam shutter is used. Consequently, the illumination is present for the whole recording time,
not just the exposure time of the actual images. T-US may therefore be considered beneficial
in comparison to 1-US and R-US, since the reduced amount of pre-acquisition steps results
in a lower total accumulated dose. Moreover, both the refocusing and repositioning steps are
more challenging for R-US, because of the low amount of scanned pixels. On the other hand,
for large tilt increments, the necessary alignment of the tilt series becomes more complex.
Consequently, a combinational approach between T-US and I-US is likely most optimal, but

will also depend on the type of material being investigated.

For 20% undersampling, both the T-US as the R-US reconstructions become
increasingly less accurate, while the shape error corresponding to the 1-US reconstruction

remains below 1%. This is in agreement with the visual comparison that was made in Figure
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5.10. Based on these experimental results, we therefore conclude that 1-US yields superior
results in comparison to T-US and R-US, especially for the low dose case (20%).
Furthermore, the quality of the reconstructions based on T-US and R-US is comparable. Our
results indicate that for an electron tomography experiment, random sampling provides no
benefit over spreading the same electron dose over all pixels. As presented earlier in
literature, the inevitable presence of Poisson noise in every projection image severely bounds
the performance of CS on R-US data.(Raginsky et al., 2010; Van den Broek et al., 2019)
These earlier statements are here directly confirmed by our experimental results. As the
theoretical constraint on CS in the presence of predominantly counting noise is general, and
not limited to a specific sparsity transform, we expect these findings to be relevant even for
other nanoparticle systems which are sparse in bases other than the gradient domain. Hence
for a fixed electron budget, it is preferential to spread the total amount of electrons across as

many pixels as possible.

Earlier theoretical predictions on the capacity of R-US to outperform T-US(Donati
et al., 2017), were not found to be in accordance to the experimental findings. For a similar
angular range and increment, no large difference in performance was found between R-US
and T-US. One possible explanation could be related to the lack of a realistic noise model
incorporated in the theoretical studies. Indeed, counting noise severely bounds the accuracy
which can be reached when restoring R-US data by CS. When this essential aspect is
neglected, it may result into optimistic prospects for R-US in comparison to experimental

results were counting noise is predominant and unavoidable.

5.4 Conclusion

In this chapter, we evaluated three different dose limiting techniques for electron
tomography of nanoparticles: lowering the number of two-dimensional projection images,
reducing the probe current during the acquisition and scanning a smaller number of pixels in
the 2D projection images, while keeping the total electron dose constant in all three cases.
This comparison was made using experimentally acquired tilt series of a gold NR. In
agreement with earlier theoretical work performed for 2D images, we conclude that for an
electron tomography experiment, random- or tilt undersampling provide no benefit over

spreading the same electron dose over all pixels.
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5.5 Outlook

It is well known that besides the total electron dose, the dose rate plays an important
role in sample degradation.(Jones et al., 2018; Thong et al., 2001) R-US is an effective
strategy to lower the dose rate during the image acquisition. Since R-US does not necessarily
provide a benefit over I-US, one could think of a synergistic approach between R-US an |-
US instead. In contrast to scanning across the region of interest in the typical “sawtooth”
manner, from left-to-right and top-to-bottom, an alternative scanning pattern could be
devised for which all pixels are scanned in a completely random manner but with a decreased
probe current. For sawtooth scanning, every illuminated area potentially overlaps with the
previously excited region. Such dose accumulation may very well damage the sample. The
random scan mode, on the other hand, would not only reduce the total electron dose, but the
damage accumulation as well.(Zobelli et al., 2019) By ensuring that the illuminated area is
sufficiently far from the previously exposed region, the accumulation of dose is minimized.
In this manner, the scanned region has time to transition back to its ground state through, for

instance, diffusion.

Nevertheless, fully random scanning suffers from the slow response time of
deflection coils in the TEM. Therefore, the usage of alternative scanning patterns has been
explored. A variation to fully random scanning consists out of scanning patterns wherefore
the region of interest is scanned in a sequential pattern but only a fraction of pixels are
acquired per pass(Thong et al., 2001). Other alternatives include line hopping(Kovarik et al.,
2016), wherein each line is fully scanned but a predefined amount of lines is skipped per
pass or the usage of Hilbert patterns(Biswas, 2000; Velazco et al., 2020). However, at best,
these techniques are able to acquire images as fast as by conventional, sawtooth means. They
do not necessarily decrease the duration of an electron tomography experiments and
therefore do not improve its throughput. However, we demonstrated that I-US consistently
outperforms R-US and T-US in terms of reconstruction accuracy. This information can be
used to develop new, fast, acquisition methodologies. In the next chapter, we therefore
propose a fast tomographic approach during which the projection images are acquired in a
short amount of time (1-US) in order to improve the throughput of electron tomography

experiments.
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6. Fast HAADF-STEM for High-Throughput Electron
Tomography

A major drawback of electron tomography is the time required to perform a complete
acquisition. This severely limits the throughput and statistical relevance of electron
tomography experiments. In this chapter, we introduce a fast acquisition scheme for
HAADF-STEM tomography, capable of reducing the total acquisition time by a factor
of 10.
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6.1 Introduction

Electron tomography is currently a standard technique to visualize the morphology
and internal structure of a wide variety of nanostructures in 3D. A major drawback of the
technique is the time required to acquire a full tomographic tilt series, which hinders
collecting enough data to obtain statistically relevant results. Moreover, the long lasting
acquisition hampers the investigation of dynamic processes in 3D and may cause undesired
changes within the nanoparticles. Therefore, one of the emerging challenges in the field of
electron tomography is to improve the speed of tomography experiments, while preserving
the quality of the 3D reconstructions. Overcoming such challenge will enable 3D TEM
experiments which are not easily performed using conventional electron tomography due to
possible beam-induced changes or simply due to time limitations. Recently, first attempts
were made to accelerate the acquisition process of electron tomography tilt series(Migunov
etal., 2015; Roiban et al., 2018) in TEM mode. In this chapter, we expand upon this research
and introduce fast HAADF-STEM tomography. First, we discuss the developed acquisition
strategy and all processing required to obtain a reconstruction from such “fast” datasets.
Next, the proposed technique is qualitatively and quantitatively compared to conventional
tomography. Finally, we introduce computational and hardware solutions to further improve

upon the fast acquisition strategy.

6.2 Continuous HAADF-STEM tomography

A conventional electron tomography experiment is composed out of several
consecutive steps (Figure 6.1, top). To retrieve the 3D structure of a nanoparticle, typically
a tilt series of images is recorded from -75° to +75°, with a tilt increment of 3°. Such angular
sampling provides a good compromise between the required acquisition time and the
accuracy of the obtained reconstruction, when using standard reconstruction algorithms such
as SIRT. At each tilt angle, the sample has to be shifted back in the field of view and the
image has to be refocused before the next acquisition. Even when selecting a low frame time,
the necessity of performing these steps in succession, attributes to a lengthy acquisition of

approximately 1 hour.

Here, we propose to acquire the full tilt series in a continuous manner, meaning that
the holder is rotating uninterruptedly and intermediate refocusing and repositioning is
performed manually at the same time (Figure 6.1, bottom). In this manner, we avoid the
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individual repositioning and refocus steps and are able to reduce the total acquisition time

for a tilt series by at least a factor of 10.

Conventional

Acquire Tilt | Reposition | Refocus | Acquire Tilt

time

Continuous

Acquire while tilting, repositioning and refocusing

time

Figure 6.1: Graphic illustration of the difference between conventional and the proposed

continuous tomography

6.2.1 Acquisition

When acquiring in a continuous manner, the holder is tilted uninterruptedly while
continuously acquiring projection images. Rather than a set of projection images, as is the
case for conventional tomography, a projection “movie” is recorded instead. Because of the
continuous tilt, the nanoparticle will also perform a slight tilt rotation while acquiring a single
HAADF-STEM “frame”. It is essential to keep the tilt angle per frame small enough to treat
the frames as static projection images. If not, blurring effects might appear and deteriorate
the reconstruction.(Baek & Pelc, 2011; Roiban et al., 2018) Such rotational blurring can be
minimized by limiting the sample tilt per frame, either by increasing the acquisition speed,
or by reducing the tilting speed.(Kalender, 2006; Kalender et al., 1990; Kerl et al., 2011;
Marshall & Bosmans, 2012) Clearly, a compromise has to be made between tilt speed, frame

time and signal-to-noise ratio during the acquisition.

In this chapter, we selected a frame time of 1 s and a tilt speed such that the sample
was tilted from -75° to 75° in 5 minutes of time. This corresponds to a tilt increment of 0.5°
per image, which is sufficiently small to treat the continuous projection movie as being built
up out of static projection images. When using longer frame times at a similar tilting speed,
it becomes impossible to track the nanoparticle and motion artefacts are observed, which
deteriorated the quality of the continuous acquisition. Much shorter frame times, on the other

hand, lower signal-to-noise ratio of the recorded images which might impede the manual
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tracking and refocusing of the particle. Therefore, a frame time of 1 s and tilt increment of
0.5° per image were chosen as a good compromise between these factors. An example of a
raw continuous tilt series is provided in the Supplementary Movie 1 (see QR-code below).
In order to use the continuous projection image for electron tomography, an angle needs to
be assigned to each projection. Given our static projection approximation, we gave a constant
angle to each projection image, equal to the average tilt angle of the pixels in that image, as

illustrated in Figure 6.2.

0.0° ~a .

. » 0.25°

. T 050

Figure 6.2: For the static approximation, each projection frame was assigned its average

tilt angle.

6.2.2 Noise Correction

In Figure 6.3a, a continuous HAADF-STEM projection image of a Au decahedron
is presented. Jitter along the scanning direction, can be observed due to mechanical
instabilities during the continuous acquisition. Because of their directionality, these artefacts
appear as a band of frequencies in Fourier space (Figure 6.3b, white arrow). The first step
of the processing of the continuous data consists out of correcting for these artefacts by
applying a directed low pass filter within Fourier space (Figure 6.3c), resulting in an
improved image quality (Figure 6.3d). The width, orientation, inner radius and outer radius



https://mybinder.org/v2/gh/HansVRP/Thesis/master?filepath=SupplementaryMovies_HansVanrompay.ipynb

B0 ettt e e e e e e e pe e are e re e e e e areereenreenres Part Il: Accelerated Acquisition

Figure 6.3: (a) HAADF-STEM image obtained during the fast continuous acquisition of a
single nanoparticle, revealing noise in the direction of scanning. (b) The amplitude of the
Fourier transform of (a). (c) The dedicated low pass filter used to remove these frequencies

and restore the projection image (d).

6.2.3 Alignment

After correcting for the scanning jitter, the images are aligned using a cross-
correlation approach. Since an imperfect setting of the eucentric height during the continuous
acquisition causes considerable drift, the sample may partially move out of the field of view
or movement artefacts may occur. In such cases the standard cross-correlation approach,
where each image is aligned to the previous one, performs sub optimally. Therefore, we align
all projection images to the average of a user selected number of previous projection images
(typically 5 to 10). This considerably improves the stability of the alignment procedure.
Furthermore, it reduces the negative influence of defocused and/or deformed images, caused
by the manual tracking and focusing during the continuous acquisition. In Figure 6.4, we

compare the average of the tilt series after it was aligned based on (a) only the previous
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projection image or (b) the average of the 5 previous projection images. It can be seen that
no precise alignment is obtained when the alignment is based on only the previous projection
image. As expected, major improvements are found when aligning the projection images to
an average of a subset of previous projection images. After performing the image alignment,

tilt axis alignment is carried out as described in Chapter 3.

Figure 6.3: Comparison of the average of the aligned tilt serues for which the alignment was
performed using (a) only the previous projection image or (b) the average of the 5 previous

projection images.

6.2.4 Image Selection and Reconstruction

Distorted projection images do not only hamper the alignment; they will also
negatively influence the reconstruction accuracy. Since the focus is manually tuned during
the acquisition, defocused images can be present in the projection stack (Figure 6.4a). In
addition, an imperfect setting of the eucentric height and the associated necessity of manual
tracking the nanoparticle during the acquisition, can induce motion artefacts. In Figure 6.4b,
two subsequent projection images are superimposed, one in magenta and the other in green.
Although that the tilt increment between both is small (0.5°), considerable differences are

found which can be attributed to particle movement rather than the small tilt.
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Figure 6.4: Example of the two of the most common remaining distortions related to (a)

defocus and (b) movement artefacts. In (b) an overlay image is shown of two subsequent

projection images. One is visualized in green and the other in magenta.

After the initial alignment, deteriorated projection images are therefore removed
from the tilt series in an automated manner (Figure 6.5). First, an initial reconstruction is
calculated, from which forward projections are calculated for all angles present in the
continuous series. Comparison between the forward projected and experimentally acquired
projection images, allows to determine which projection images are of the least quality (e.g.
Figure 6.4). Hereby, we evaluate the absolute deviation around the median of the normalized
root mean square error (RMSE) between both images(Fienup, 1997), to assess which images
predominantly deteriorate the reconstruction accuracy. The absolute deviation of the median
provides a measure for the relative difference of the RMSE of a single projection image to
the median of the RMSE of all projection images. It therefore provides an efficient method

to detect outliers (i.e. the most deteriorated projection images) within the dataset.

The RMSE between each experimentally acquired projection image and their forward

projected counterpart is calculated as follows:

N

. . N2
RMSE, = Z(pjx”'l— pi™) /N [6.1]
7

The experimental continuous projection images and their forward projected counterparts are

respectively defined as p®*Pand p™. N stands for the amount of pixels in the projection
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images. Once the error measure is obtained for each projection image, the absolute deviation

around the median, is calculated as follows:

|RMSE; — median(RMSE)|

RMSE; = median(RMSE) [6.2]
/ Reconstruct \
Align Reduced Simulate Forward
Sinogram Projections
Threshold and Calculate RMSE

Remove images /

Absolute Deviation
around Median

Figure 6.5: lllustration of the iterative scheme, used to remove deteriorated projection

images.

As stated before, this difference thus provides an indication for the relative distance
of the RMSE of a certain projection image, to the median of the RMSEs of the entire
projection series. However, images acquired at high tilt are generally shadowed by the holder
and/or grid and therefore intrinsically differ more from their forward projected counterparts.
Therefore, a low order polynomial was first fitted and subtracted from the absolute deviation
signal. In Figure 6.7a, the absolute deviation around the median of the RMSE is plotted
(blue line). By manually thresholding (red line) the absolute deviation, the most distorted
images can be detected and consequently removed from the tilt series. Figure 6.7 b-c
respectively depict one of the removed projection images alongside their forward projected
counterpart. Finally, the reduced projection stack is realigned, as was discussed above, and
this procedure is iteratively repeated until the values for the absolute deviations are below
the preset threshold. Given the oversampling of projection images compared to a

conventional series, removal of these images from the tilt series will not lower the quality of
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the reconstruction. Finally, the 3D reconstruction is calculated by using the reduced tilt series

as input to the EM reconstruction algorithm for 20 iterations.
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Figure 6.7: (a) Plot of the absolute deviation around the median of the normalized root mean
square error (RMSE) between each (b) experimental projection and (c) its simulated

counterpart.

6.3 Qualitative and Quantitative Comparison

To validate the accuracy of the continuous acquisition approach, conventional and
continuous tomographic series were obtained for the same nanoparticles. Each conventional
series consisted out of 51 projection images which were acquired over an angular range of +
75° with a tilt increment of 3°, at either the Thermo Fisher Scientific Titan TEM operated at
300 kV or Thermo Fisher Scientific Tecnai Osiris TEM operated at 200 kV. For every
conventional projection image, a frame time of 6 s was used. Additional focus and
repositioning steps lead to a total acquisition time of approximately 1 hour per conventional
series. Next, fast continuous tilt series were collected from the same nanoparticles, using the
same microscopes, with identical magnification and angular range. Details on the

experimental parameters of the continuous series are listed in Table 6.1.
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Sample Frame size Frame Pixel size | Dwell time | Microscope
description (px) time (s) (pm) (us)

Sample Au 1024 x 1024 1 386 1 Titan

1 decahedron (300 kV)
Sample Au 1024 x 1024 1 386 1 Titan

2 pentahedron (300 kV)
Sample Au 1024 x 1024 1 386 1 Titan

3 nanosphere (300 kV)
Sample Au 512 x 512 1 597 3 Osiris

4 bipyramid (200 kV)
Sample | Au nanostar | 1024 x 1024 0.5 386 0.5 Titan

5 (300 kV)
Sample | Au nanostar | 1024 x 1024 0.5 386 0.5 Titan

6 (300 kV)

Table 6.1: Experimental details of the continuous series acquired for both the qualitative

and quantitative comparison.

In Figures 6.8-6.13, a qualitative comparison is made between both acquisition
techniques for the different nanoparticles. In each top row of the figures, a 3D rendering of
the conventional reconstruction, together with two central orthoslices through the
reconstruction are presented. The orientation of the orthoslices is indicated in the top right
corner. In the second row, similar results are provided for the reconstruction obtained from
a continuous tilt series. The bottom row displays the absolute difference between the
segmented reconstructions. The threshold for the segmentation was determined based on the
Otsu method for each reconstruction separately.(Otsu, 1979) In this manner, the absolute
difference displays those voxels which are misclassified in the segmented reconstruction of
the continuous acquisition in comparison to the segmented reconstruction of the
conventional acquisition. To ensure that the observed differences are not related to
misalignment between both reconstructions, the reconstructions were aligned to each other
using intensity based image rigid registration prior to the segmentation, as previously

explained in Chapter 5.
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The overall shape of the morphologies based on continuous tilting show a good
qualitative agreement to the conventional ones. Especially the isotropic nanoparticles
(Figures 6.8-6.11) are well represented by the reconstruction of the continuous acquisition.
In these cases, we can easily identify the edges or facets of the nanoparticles in the orthoslices
through the reconstruction of the continuous acquisition. For the isotropic nanoparticles, the
orthoslices through the absolute differences reveal only a thin layer of misclassified voxels
for every investigated nanoparticle. This indicates that the continuous approach causes a
slight blurring which can result from the application of the low pass filter, the fast acquisition,
or the remaining deformed and/or defocused projection images still present in the tilt series.
For the anisotropic nanostars (NSs) (Figures 6.12-6.13) the amount of blurring becomes
more substantial and conceals small features present in the reconstruction. Nevertheless, the
general shape of the reconstruction remains well represented. Once more, a thin layer of
misclassified voxels is found at the surface of the nanoparticles, caused by blurring of the

reconstruction.
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Figure 6.8: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series

of a Au decahedron, paired by 2 central orthoslices through it. (d-f) 3D rendering of the

reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it. (g-1) 3D rendering of the absolute difference, paired by 2 central orthoslices

through it.
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Figure 6.9: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series
of a Au pentahedron, paired by 2 central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-1) 3D rendering of the absolute difference, paired by 2 central orthoslices

through it.
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Figure 6.10: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a Au nanosphere, paired by 2 central orthoslices through it. (d-f) 3D rendering of
the reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-1) 3D rendering of the absolute difference, paired by 2 central orthoslices

through it.
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Figure 6.11: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a Au bipyramid, paired by 2 central orthoslices through it. (d-f) 3D rendering of
the reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-i) 3D rendering of the absolute difference, paired by 2 central orthoslices

through it.
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Figure 6.12: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a Au NS, paired by 2 central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-i) 3D rendering of the absolute difference, paired by 2 central orthoslices

through it.
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Figure 6.13: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a Au NS, paired by 2 central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-i) 3D rendering of the absolute difference, paired by 2 central orthoslices

through it.
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To quantify the number of misclassified voxels, the shape error (E,) was calculated

using Equation [5.2]. In addition, the volume error (Ey,), which corresponds to the relative

volume difference between the conventional

determined. The obtained values are listed in Table 6.2.

and continuous reconstructions, was

Sample 1 Sample 2 Sample 3 Sample 4 Sample 5 Sample 6
Au Au Au Au Au Au
decahedron | pentahedron | nanosphere | bipyramid nanostar nanostar
Es 5.43+0.01 548001 | 526+0.01 | 7.93+0.01 13.32 + 10.98 =
% % % % 0.01% 0.01%
Ev 491 +0.01 240+001 | 451+£001 | 227+£0.01 | 7.61+£0.01 | 2.65+0.01
% % % % % %

Table 6.2: The shape and volume errors calculated between the reconstructions obtained

from the conventional and continuous acquisition strategies for the different nanoparticles.

From Table 6.2 it can be seen that, the volume error remains restricted, independent
of the sample. For the simplest 3D geometries (sample 1-3), the shape error is far lower than
those obtained for the anisotropic NSs (sample 5-6). This is likely attributed to the increased
complexity of morphology of the NSs and their smaller features. We expect that the
remaining artefacts present in the projection images have less influence on the reconstruction
of simple geometries, than on the reconstructions of nanostructures with a more complex 3D
shape. It should be noted that despite the simple geometry of the Au bipyramid (sample 4,
Figure 6.11), a higher shape error was found than for samples 1-3. This can be attributed to
the lower stability of the goniometer stage of the Tecnai Osiris TEM. Hereby, an increase in
jitter and movement artefacts is observed when acquiring a continuous tomographic series,

which negatively influences the reconstruction quality.

Nevertheless, we can conclude that for all samples the general morphology of the 3D
reconstruction is conserved quite well. We can therefore still obtain valuable information on
the nanoparticles investigated with the continuous tomography approach. Even more so, such
results can be obtained in only a fraction of the time necessary to perform a conventional

experiment.
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6.4 Conclusions

We implemented a methodology to perform fast electron tomography in HAADF-
STEM mode, which allows us to greatly reduce the total acquisition time of a tomographic
experiment. We show that by using dedicated processing there is limited difference in
reconstruction accuracy for isotropic nanoparticles. For anisotropic nanoparticles with a
more complex shape, the discrepancy increases but the overall 3D shape remains
comparable. In the next chapter we will apply continuous HAADF-STEM tomography to
investigate the thermal stability of branched Au nanoparticles. The increased speed of the
continuous approach, will allow us to examine the thermal reshaping with a shorter temporal

resolution than possible with conventional tomography.
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7. Fast In-Situ Electron Tomography of Branched Au
Nanoparticles

In this chapter, we combine fast tomography with a tomographic heating holder to
monitor temperature-induced morphological changes of branched Au nanoparticles.
Such investigation is essential since a thorough understanding of the thermal stability

and potential reshaping of anisotropic nanoparticles is required for various

applications.
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7.1 Introduction

Gold nanoparticles have shown enormous potential for applications in various fields,
ranging from biology and medicine to chemistry and physics. Next to their catalytic activity,
high chemical stability and bio-compatibility, Au NPs exhibit intriguing optical properties
due to their well-defined localized surface plasmon resonances (LSPRs).(Chakraborty et al.,
2014; Kelly et al., 2003) Such LSPRs lead to strong absorption and scattering of light, which
causes a significant enhancement of incoming electromagnetic fields at the nanoparticles’
surface.(Bohren & Huffman, 1998; Pelton et al., 2008) In addition, the plasmonic properties
of Au nanoparticles can be tuned by varying their morphology, surface charge or dielectric
environment.(Baffou & Quidant, 2013; Chakraborty et al., 2014; Kelly et al., 2003) As
compared to spherical Au nanoparticles, branched nanoparticles show superior plasmonic
properties, with electromagnetic field enhancements that are orders of magnitude larger.(N.
Li et al., 2014; Pérez-Juste et al., 2005)

As a result, anisotropic Au NSs have gained great interest because of their superior
plasmonic properties.(Espinosa et al., 2016; Guerrero-Martinez et al., 2011; Kumar et al.,
2008) The electromagnetic field enhancement at their sharp tips(N. Li et al., 2014; Pérez-
Juste et al., 2005), makes them ideal substrates for e.g. surface-enhanced Raman scattering
(SERS),(Hao et al., 2007; Reguera et al., 2017) or generation of hot electrons.(Brongersma
etal., 2015; Manjavacas et al., 2014; Mukherjee et al., 2013; Reguera et al., 2017) Moreover,
by tailoring the NS morphology, the corresponding plasmon resonances can be conveniently
tuned and shifted into the near infrared (NIR) wavelength range, thereby enabling
applications in biological environments.(Guerrero-Martinez et al., 2011; Kumar et al., 2008)
In fact, due to their efficient light-to-heat conversion, Au NSs have been employed for both
in-vitro and in-vivo studies of photothermal cancer therapy.(Espinosa et al., 2016) The
conversion efficiency strongly depends on the spectral position and intensity of the plasmon
resonance. Therefore, it is essential to preserve the morphology of Au NSs, and thus their
LSPR response upon laser excitation.(Inasawa et al., 2005; Taylor et al., 2014)
Unfortunately, previous studies have shown that anisotropic Au nanoparticles readily deform
into more rounded morphologies, upon heating or laser excitation.(Inasawa et al., 2005; Link
et al., 2000; Taylor et al., 2014) For example, Au NRs reshape at temperatures that are
hundreds of degrees below the bulk melting point of gold.(Petrova et al., 2006)
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Obviously, such heat-induced deformations will affect the optical properties of the
Au nanoparticles and consequently limit those applications where the morphology needs to
be preserved. However, we do not possess sufficient information yet on the heat-induced
morphological evolution of branched Au nanoparticles and the correlated change of their
optical properties. Up to date, most studies have focused on understanding the
(photo)thermal stability of large ensembles of Au nanoparticles, e.g. monitoring the
extinction spectrum as a function of temperature.(Liu et al., 2009; Petrova et al., 2006; Tollan
et al., 2009) On the other hand, in-situ heating experiments in a TEM may enable the direct
observation of temperature-induced changes in single particles. However, so far, these
studies have been consistently based on conventional, 2D images, which inherently limit
such investigations to simple geometries such as rods or spheres.(Khalavka et al., 2007;
Petrova et al., 2006; Whitney et al., 2007) To monitor the deformation of more complicated

(branched) structures, 2D projection images are insufficient.

Electron tomography is currently a standard technique to visualize the morphology
and internal structure of a wide variety of nanostructures in 3D. Exciting new developments
in the field of TEM holder fabrication have recently resulted in heating holders that reach
the tilt range required for electron tomography, thereby allowing for novel in-situ 3D heating
studies. However, to perform elaborate in-situ heating experiments in 3D, several important
limitations need to be overcome. A major drawback of electron tomography is the time
needed to acquire a full tomographic tilt series, which will hamper the investigation of fast
processes in 3D.(Roiban et al., 2018) In the previous chapter, we introduced a fast acquisition
strategy, capable of acquiring a tomographic series 10 times faster than conventionally. Here
we will use this approach to study heat induced chances of Au NSs, in 3D. Such experiments
cannot be easily performed using conventional electron tomography due to possible beam-
induced changes or simply due to time limitations. Using continuous acquisition approach,
however, we are able to study the 3D morphological evolution of single Au NS as a function
of both heating time and temperature.
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7.2 Qualitative Analysis

Experiments were performed at 200 °C, 300 °C and 400 °C for a total heating time
of 20 minutes, in order to decouple the effect of temperature and total amount of delivered
heat on the morphological changes. All HAADF-STEM tilt series were acquired using a
Thermo Fisher Scientific Titan electron microscope operated at 300 kV and a DENSsolutions
tomography heating holder with MEMS-based heating chips.(van Omme et al., 2018) In
Figure 7.1, HAADF-STEM projection images of the NS sample are presented. From
projection images, it is clear that the NSs exhibit an anisotropic shape with several branches,

apparently in random orientations.

The drastic reduction in acquisition time of the continuous approach enables the
investigation of the morphology of such nanomaterials in 3D while heating, with a higher
sampling rate compared to conventional tomography. Such experiments have been
performed in 2D, but 3D results were unattainable so far. Fast continuous acquisition has the
additional advantage that the electron dose and dose rate can be reduced. Dose and dose rate
reduction is crucial, since it was recently shown that even apparently beam-insensitive
nanomaterials such as Au NRs exhibit an altered thermal stability upon in-situ heating,
compared to ex-situ experiments.(Albrecht et al., 2018) Here, we make use of this novel
technique to study the heat-induced 3D morphological changes of highly anisotropic Au
NSs.

Aided by the drastic reduction in acquisition time of the continuous tomography
experiment, gradual changes can be examined, in contrast to earlier ex-situ work in which
electron tomography series could only be obtained before and after heating.(Goris, Van Huis,
et al., 2012) Monitoring the heat-induced changes on the same NS will not only give us
insight into the thermal stability of these NSs but also reveal local structural differences and
their influence on the observed reshaping. The latter cannot be achieved by indirect
techniques such as optical ensemble measurements. Yet, such information is crucial to

understand the NSs instability and reshaping behavior at elevated temperatures.



Figure 7.1: (a) Overview HAADF-STEM image of multiple Au NSs before heating. (b,c)
HAADF-STEM images of single NSs.

Based on previous studies(Baffou et al., 2009; Cao et al., 2007; Petrova et al., 2006;
Taylor et al., 2014), we chose heating temperatures of 200 °C, 300 °C and 400 °C, and a total
heating time of 20 min for each temperature. Below 200 °C, morphological changes occur
slowly, on the order of hours, whereas above 400 °C reshaping of Au nanoparticles is almost
instantaneous(Baffou et al., 2009; Petrova et al., 2006; Taylor et al., 2014). To determine the
3D morphological evolution as a function of time, continuous tilt series were acquired at
intermediate time steps of 30 s, 60 s, 90 s, 120 s, 180 s, 300 s, 600 s and 1200 s for each
temperature. Hence, the particle was heated for the given time and subsequently cooled down
to room temperature, so as to quench further heat-induced morphological transformations.
After quenching, a continuous tomographic series was acquired (Figure 7.2). This
procedure was repeated for the various selected time steps. In this manner, the sampling of
the morphological evolution is only limited by the number of acquired tilt series, which is
greatly enhanced with our continuous acquisition approach. All data acquisition, processing

and reconstruction was performed as introduced in Section 6.2.
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Figure 7.2: Schematic visualization of the fast in-situ tomography experiments.

A complete time series of the morphological evolution of a Au NS for the temperature
of 200 °C is shown in Figure 7.3. It is clear that all branches of the Au NS deform upon
heating. Indeed, as indicated by the black arrows, a transformation is observed from
relatively long and thin branches into short but broader branches, similar to the thermally
induced deformation observed in 2D TEM images for other Au nanoparticles with symmetric
geometries.(Inasawa et al., 2005; Petrova et al., 2006; Taylor et al., 2014) Most of the
reshaping occurs during the first time steps of 30 s and 60 s (Figures 7.3b-c). After 60 s
(Figures 7.3d-i), only minor additional morphological changes are observed. Based on these
qualitative findings and the fact that reshaping gets enhanced at higher temperatures, we
assume faster reshaping at 400 °C. Therefore, we acquired additional time series at 10 s and
20 s for 400 °C. The 3D visualizations of the complete time series for 300 °C and 400 °C are
presented in Figures 7.4 and 7.5, respectively. At the higher temperatures, a similar
morphological evolution, as discussed above, is noticed. For all temperatures, most of the
deformation takes place within the first 30 s, after which the deformation slows down.
However, the amount of total reshaping increases at higher temperatures and the observed
final shape after heating for 1200 s strongly depends on the applied temperature. Whereas
blunt tips can still be observed after heating 1200 s at 200 °C (Figure 7.3), no tip-like features
can be observed at 400 °C, even after 30 s of heat treatment (Figure 7.5). Therefore, we
conclude that in the time range presently investigated, the heating temperature has a more
dominant influence than the duration of heating, which is in agreement with indirect optical

bulk measurements.(Petrova et al., 2006)



Figure 7.3: 3D visualizations of the same Au NS after different heating times at 200 °C. The
duration of heating is indicated in the top right corner. The black arrows point towards the

regions where morphological changes can be clearly seen.
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Figure 7.4: 3D visualizations of the same Au NS after different heating times at 300 °C. The
duration of heating is indicated in the top right corner.
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Figure 7.5: 3D visualizations of the same Au NS after different heating times at 400 °C. The
duration of heating is indicated in the top right corner.
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7.3 Quantitative Analysis

To quantitatively analyze the morphological evolution as a function of local
structural features, we calculated the differences between successive reconstructions. This
3D difference was determined by subtracting the segmented reconstructions in successive
order (Figures 7.3-7.5). The segmentation threshold of the reconstruction prior to heating
was determined through Otsu’s method(Otsu, 1979). The subsequent thresholds were chosen
such that the relative difference in volume to the initial state remained below 0.5%. Since all
reconstructions were aligned with respect to each other, prior to the difference calculation,
remaining discrepancies are directly related to morphological changes occurring during the
heating. The range of possible threshold values to achieve a volume difference below 0.5%
was used to determine the accuracy of the quantitative results. By calculating the amount of
redistributed volume at the limits of this range, the accuracy on the results was determined

as 1%.

Figure 7.6 displays the local volume redistribution for the first two heating steps and
the last heating step, for each temperature. Local volume increments and reductions are
presented as green and red regions, respectively. It is immediately obvious that in regions
with a higher curvature, and thus predominantly at the tips of the branches, the local volume
decreases whereas local volume increments are identified at low curvature areas.
Furthermore, as hypothesized above, we show that volume redistributions slow down for
longer heating times. Additionally, a clear distinction can be seen for the different
temperatures, as discussed above. The higher the temperature, the further the atoms can
diffuse. After 30 s at 200 °C, only the tips of the nanobranches disappear (red areas in Figure
7.6a), the atoms getting redistributed on the sides of the same branches (green areas in Figure
7.6a). At 300 °C, a large part of each branch is found to diffuse toward the body of the NS,
and at 400 °C atoms from the branches completely redistribute toward the body of the NS.
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Figure 7.6: (a-i) Visualizations of the morphological changes during two successive heating
steps, where volume increments and volume reductions are depicted in green and red,
respectively. The order of subtraction is indicated in each panel, together with the

temperature of heating.
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It is clear that the anisotropic NSs deform considerably at elevated temperatures. In
thermal equilibrium, it is expected according to the Wulff theorem that Au nanocrystals of
at least 200 atoms, form truncated octahedrons which expose (100) and (111) facets.(Wulff,
2014) Thus, from a thermodynamic point of view the Au NSs are indeed unstable. However,
ligands present on the surface of the NSs, kinetically stabilize their shape at room
temperature. However, at elevated temperatures this kinetic barrier can be overcome and the
NSs deform toward thermodynamic more stable quasi-spheres, which possess a lower
surface energy. The driving force behind the deformation is the minimization of the total
amount of surface area, which is closely related to the particle curvature. Such behavior can
be explained by the reduction of the number of undercoordinated surface atoms which
attribute to high surface energies. A competing factor, influencing the morphological
evolution, is the surface energy contribution from individual crystal facets. During the
deformation the NS will therefore evolve to a structure with a maximal number of low
surface energy facets and a minimal curvature.(Cho et al., 2020) Here, we demonstrate that
for the Au NSs atoms diffuse from the sharpest parts of the nanobranches, or the NS tips,
toward areas of lower curvature, a process that gets accelerated by increasing temperature,
confirming a previous study on simple geometries which was based on 2D projections(Cho
et al., 2020; Taylor et al., 2014). In summary, by taking advantage of the high temporal
resolution of continuous tomography in combination with in-situ TEM, we were able to
capture the dynamics of the thermally influenced morphological evolution of the Au NSs. It

was demonstrated that their reshaping is predominately governed by surface curvature.

In order to quantitatively compare the effect of temperature and heating duration on
the reshaping, the total amount of redistributed volume at each heating step was calculated
for each temperature. Since the total redistributed volume is directly related to the relative
volume initially present in the branches of the NS, and a different NS was studied at each
temperature, the amount of redistributed volume was normalized by the total volume of the
branches of the initial NS. The initial volume of the branches was determined by segmenting
the 3D reconstruction of the NS and separating the core from the branches. The resulting
total amount of redistributed volume as a function of heating time is plotted in Figure 7.7a
(black: 200 °C, blue: 300 °C and magenta: 400 °C). The error (1%) on these measurements
are determined by the accuracy of the required segmentation step, as earlier discussed. The
results confirm that most of the heat-induced morphological changes occur within the first

minute of heating, regardless of temperature. The plot in Figure 7.7b illustrates in more
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detail the volume redistribution occurring during the first few minutes, indicating that most
of the morphological changes has already taken place after 30 s. When heating the NSs
further, the particles converge to a more stable configuration and less extensive heat-induced

morphological changes are observed.

The amount of redistributed volume as function of heating duration was fitted by a

two term exponential model:
aePX + ce® [7.1]

with x the duration of heating and a, b, ¢ and d fitting parameters. Their derived values,
alongside the R? value of the fit are listed in Table 7.1. While a and ¢ regulate the height of
the reached plateau value, b and d respectively control the slope of the plateau and sharpness

of the initial rise.

a b c d R?
200 °C 18.75 4353 x10° -18.75 -1.10 0.984
300 °C 61.17 4.81x10° -61.04 -0.05 0.996
400 °C 86.66 -3.47 x 10° -88.56 -0.10 0.960

Table 7.1: Derived parameters for fitting the thermal reshaping behavior of the Au NSs as

function of heating duration by a two term exponential model.

As the temperature increases, the height of the reached plateau (parameters a and c)
is elevated as well. This demonstrates quantitatively that the magnitude of the morphological
changes is predominantly determined by the heating temperature. At 200 °C, only 19+ 1 %
of the volume is redistributed after 30 s of heating. However, for 300 °C and 400 °C, the
total redistributed volume after 30 s equals 49 £ 1 % and 87 * 1 %, respectively. At the end
of the heating time of 1200 s, the total redistributed volumes were 31 + 1 %, 64 £ 1 % and
85 + 1 %, for 200 °C, 300 °C and 400 °C, respectively. Thus, reshaping continues, though at
a slower rate, after 30 s for 200 °C and 300 °C but does not progress further for 400 °C. At
300 °C and 400 °C the derived values for b remain relatively low, verifying that indeed a
steady state was reached. For 200 °C however, b is approximately 10 times higher in absolute
value, demonstrating that the morphological transformation was still ongoing. Thus, the NS
converges faster to its final morphology when a higher heating temperature is introduced.
More specifically, at 400 °C no volume redistribution was observed after 20 s of heating, at

which a plateau value was reached. Although most of the redistribution was completed
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within 30 s for 300 °C and 200 °C, reshaping continued up to about 300 s for 300 °C and for
the total heating time of 1200 s for 200 °C. Finally, the sharpest onset of the morphological

evolution (parameter d) was found at 200 °C.
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Figure 7.7: (a) Total amount of redistributed volume normalized to the relative volume of
the branches of the initial NS, as a function of time for 200 °C (black dots), 300 °C (blue
dots) and 400 °C (magenta dots). (b) Detailed view of the volume redistribution occurring
during the first two minutes. The redistributed volume as function of heating duration was

fitted by a two term exponential model (solid lines).

Earlier thermal stability studies also found a clear dependence of the deformation of
Au nanoparticles on temperature.(Baffou et al., 2009; Petrova et al., 2006; Taylor et al.,
2014) For example, Petrova et al. compared the reshaping of Au NRs at 100 °C, 150 °C, 200
°C and 250 °C, over the course of 1200 min, by optical ensemble extinction spectroscopy
and scanning electron microscopy.(Petrova et al., 2006) At 250 °C they observed complete
reshaping of the Au NRs into a spherical shape, within about 20 min. For lower temperatures
the final aspect ratio of 1 was not reached even after 1200 min, but intermediate aspect ratios
were observed. The authors raised the question whether these were real intermediate states
or whether sample changes were then evolving very slowly. It should be mentioned that
optical ensemble measurements can only give an average image due to sample
polydispersity. We are fully aware of the difference between heating in air or vacuum,
nevertheless the results obtained here are of high interest to answer such questions, since
they enable us to directly quantify heat-induced changes for an individual nanoparticle in
3D. The results presented in Figures 7.3-7.7 show that the amount of redistributed volume

saturates over time, revealing that these are real intermediate states that do not change upon
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further heating at the same temperature. To fully comprehend the influence of the

environment, these experiments will have to be extended to environmental TEM.

It is important to note that ligands surrounding the nanoparticles (CTAB) can be
transformed into a protective amorphous carbon layer by the electron beam, which has been
shown to prevent deformation of Au NRs upon in-situ heating, even for heating at 400 °C
for one hour.(Albrecht et al., 2018) This again stresses the need for a fast acquisition
procedure to perform such in-situ experiments in 3D. Over the course of time of one
conventional tomography experiment, we were able to perform ten fast tomographic
acquisitions. By continuously rotating while acquiring, we did not only lower the acquisition
time, but the electron dose rate was reduced as well. Consequently, the undesirable build-up
of a surrounding carbon layer was slowed down during the initial acquisition and such a
protective effect was minimized. However, we still observe a remaining influence of a
protective carbon layer, with respect to NSs that were out of the field of view during the
experiment. For the case of heating at 400 °C for 1200 s, non-irradiated NSs exhibited a more
rounded morphology in comparison to the irradiated NSs (Figure 7.8). Unfortunately, it is

difficult to quantify the difference in deformation, as the specific initial morphology of NSs

that were out of the field of view remains unknown.

Figure 7.8: HAADF-STEM images of Au NSs after heating at 400 °C for 1200 s. The NS in
(a) was investigated using our fast acquisition approach. The NSs in (b) and (c) were not
investigated during heating and only an image after the total heating time was acquired. It

can be observed that the NSs in (b) and (c) have a more rounded end morphology.
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7.4  Optical Properties

It has been reported that the presence of sharp tips in both Pt NSs and Au NSs leads
to a strong enhancement of the SERS activity.(Guerrero-Martinez et al., 2011; Kumar et al.,
2008; Tian et al., 2006) The reshaping of sharp tips will therefore heavily influence the
desired optical and electronic properties of NSs. Kumar et al. demonstrated that the strong
field enhancement of Au NSs was predominately directed by the angle and the sharpness of
the tips(Kumar et al., 2008). In order to quantify the sharpness of the Au NS tips during the
morphological evolution, the Gaussian curvature of the surface was calculated for every 3D
reconstruction.(Rusinkiewicz, 2004) We demonstrate this calculation for the experiment

performed at 300 °C, as the selected NS exhibited many branches.

The distributions of positive values of the tip curvature after 0 s, 30 s and 1200 s of
heating at 300 °C are plotted in Figure 7.9a. With elongated heating duration, an overall
increase in the relative occurrence of low curvature values, along with a decrease of high
curvature values can be observed. Specifically, the initial shoulder around 0.01 nm (black
histogram), indicated by the black arrow in the inset of Figure 7.9a and attributed to the
sharp tips, completely vanishes after heating for 30 s (green histogram). Accordingly, the
relative frequencies around 0.005 nm-2 increase after 30 s, indicating the deformation toward
blunter tips, i.e. more extended areas of lower curvature. After 1200 s (magenta histogram),
no shoulders can be observed anymore, while the contributions around 0 nm-2 increases, due

to the complete deformation of the tips.

To visualize the curvature in 3D, Figures 7.9b-d display the corresponding volume
renderings for the Au NS before and after heating for 30 s and 1200 s at 300 °C,
superimposed with a color map illustrating the measured Gaussian curvature for every
nanobranch. The color scales linearly between -0.02 (blue) and 0.02 nm (red). Overall, the
curvature of the whole nanoparticle is distributed around 0 nm-2 (green), with contributions
of high curvatures from the tips (red) and minimal contributions (blue) due to negative
curvature where the tips grow out of the body of the nanoparticle. These visualizations
confirm again the significant change in curvature of the nanobranches upon heating. As
discussed earlier, during the NS deformation the total amount of surface area, which is
related to the particle curvature, decreases. Once the NS has lost its most prominent features,
the sharp tips of its branches, the morphological evolution slows down. This provides direct

in-situ 3D evidence for the dependence between the rate of heat-induced reshaping and the
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curvature of the branches of highly anisotropic NSs, which confirms the recently proposed
curvature-induced surface diffusion mechanism for reshaping of Au nanoparticles below the

melting point.(Taylor et al., 2014)
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Figure 7.9: (a) Histograms illustrating the measured curvature after different durations of
heating at 300 °C. In every case, 30 bins were used to calculate the distribution. The inset
illustrates a magnified 2D view of the histograms ranging from 0.005 nm to 0.02 nm?, in
which the black arrow highlights the loss of high curvature as function of temperature.
Visualization of the curvature of the Au NS before heating (b), after 30 s of heating (c) and
after 1200 s of heating (d). The color scale is directly related to the measured curvature

values, red and blue representing high positive and high negative curvatures, respectively.

The decrease in curvature strongly alters the optical properties of the Au NS, which
hampers applications where heating is involved. In order to evaluate the influence of the
thermally induced morphological changes on the plasmonic properties of the Au NS, we
performed Boundary Element Method (BEM) simulations using the MNPBEM
toolbox.(Hohenester & Trugler, 2012) By using the reconstructed 3D shape as an input for
BEM simulations, we can investigate the connection between the 3D shape transformations
and the consequent changes of the optical properties at elevated temperatures. This

information is highly valuable toward understanding Au NSs performance in practical



Fast In-Situ Electron Tomography of Branched Au Nanoparticles.......c.c.cccovveviiiiiiiiiic e, 113

applications. The quasi-static approximation was used and the localized surface plasmon
resonances were monitored at 150 points in a wavelength range from 500 nm to 1000 nm. A
surrounding dielectric constant of 1, corresponding to vacuum, was used. The reconstructed
NSs were discretized in 6000 vertices using Amira 5.4.0 and used as an input for the BEM
simulations. The amount of vertices was chosen high enough to obtain a realistic depiction

of the NS’s structure, while staying sufficiently low for computational considerations.

Figure 7.10a displays the extinction spectra calculated for the unheated and heated
NS at 300 °C for 30 s and 1200 s. The polarization direction was chosen along the x-axis and
the particle was rotated in order to align one tip in that direction. Due to the complex structure
of the NS, the spectra contain several peaks which was also observed in previous
studies.(Nehl et al., 2006; Tsoulos et al., 2017) For the extinction spectrum of the unheated
NS (black curve) the peak at 805 nm is attributed to the tip aligned with the x-axis (see
Figure 7.13). Upon heating, it is obvious that the longitudinal LSPR peak drastically blue-
shifts due to the loss of sharpness of the tip and decrease in aspect ratio. Specifically, after
1200 s of heating at 300 °C, the maximum of the extinction cross section dropped by a factor
of 10 and the resonance peak, connected to the tip aligned along the x-axis, shifts from 800
nm to 600 nm. The deformation of the tip also has a direct influence on the electric field
amplification and in turn on the SERS enhancement. Therefore, we calculated the average

electric field enhancement under illumination wavelength ranging from 500 nm to 1000 nm.

The results for 300 °C are shown in Figure 7.10b-d. As expected from the extinction
cross sections, the electric field enhancement drops significantly upon heating. Specifically,
the enhancement drops by 73% upon heating the NS for 30 s at 300 °C and continues to
decrease by 82% of the original enhancement after heating for 1200 s. The extinction cross
sections and the induced electric fields for the NSs heated at 200 °C and 400 °C are presented
in Figures 7.11 and 7.12. Due to the less severe deformation of the NS heated at 200 °C, the
changes in the extinction spectrum in field enhancement are not as drastic as for 300 °C.
Even so, the field enhancement decreases by 44% after heating for 30 s (Figure 7.11b-d).
At 400 °C, almost all interesting plasmonic features are lost due to the strong deformation to
a quasi-spherical shape (Figure 7.12b-d). As a result, for applications where elevated or
even moderate temperatures are required, e.g. certain photocatalytic reactions, the observed
decrease in field enhancement will influence their efficiency. Therefore, the information that
can be provided by our experiments is of crucial importance when incorporating these

materials in future applications.
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Figure 7.10: BEM simulations of the Au NS heated at 300 °C, performed on a simplified
surface deduced from the corresponding 3D tomographic reconstructions. (a) Extinction
cross sections for the unheated and heated NS, after 30 s and 1200 s of heating at 300°C.
The calculated average induced electric field is shown for (b) the unheated NS, (c) after
heating for 30 s at 300 °C and (d) after heating for 1200 s at 300 °C.
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Figure 7.11: BEM simulations of the Au NS heated at 200 °C, performed on a simplified
surface deduced from the corresponding 3D tomographic reconstructions. (a) Extinction
cross sections for the unheated and heated NS, after 30 s and 1200 s of heating at 200°C.
The calculated average induced electric field is shown for (b) the unheated NS, (c) after
heating for 30 s at 200 °C and (d) after heating for 1200 s at 200 °C.
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Figure 7.12: BEM simulations of the Au NS heated at 400 °C, performed on a simplified
surface deduced from the corresponding 3D tomographic reconstructions. (a) Extinction
cross sections for the unheated and heated NS, after 30 s and 1200 s of heating at 400°C.
The calculated average induced electric field is shown for (b) the unheated NS, (c) after

heating for 30 s at 400 °C and (d) after heating for 1200 s at 400 °C.
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Figure 7.13: Hlustration of electric field enhancement maps at different times during the

heating process. The electric field enhancement was plotted for specific wavelengths. Both
the time as the chosen wavelength are specified in the bottom left corner of the subfigure.
The polarization direction was chosen similar as before, along the axis of the “highlighted ”

nanobranch.

7.5 Conclusions

The continuous electron tomography methodology allowed us to observe the
morphological evolution of a Au NS heated at 200 °C, 300 °C and 400 °C, at different time
steps up to 1200 s. Due to the highly reduced acquisition time of the tilt series, gradual
changes at distinct time steps during heating were investigated, which allowed us to record
the 3D morphological changes as a function of heating time and temperature. We were
thereby able to quantify local volume reductions and increments, as well as determine the
local curvatures of the NSs during heating. At elevated temperatures, the sharp tips at the
end of the nanobranches were observed to reshape into shorter and blunter tips. While it has
been previously postulated by indirect methods that curvature-induced surface diffusion is
the driving mechanism of such reshaping, our experiments directly confirm this hypothesis.
We additionally showed that the major part of the morphological evolution occurs within the
first minute of heating, regardless of temperature. The shape transition subsequently slows
down and a stable final morphology is reached. The amount of total reshaping was found to
increase for higher temperatures and the final morphology of the NSs to depend on the
heating temperature, which thus has a more significant influence than the heating time. From
BEM simulations we additionally discovered that reshaping leads to a drastic decrease in
electric field enhancement, which must be taken into account for applications where heating

of NSs is unavoidable.
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7.6 Outlook

In this chapter we beneficially applied the continuous tomography technique to
investigate the thermal reshaping of Au NSs. The technique introduced in Chapter 6 and
applied here is general and is therefore not restricted to specific nanoparticles or experiments.
We therefore foresee that fast tomography can be applied for a wide range of different in-
situ experiments where the time resolution is restricted by the amount of tomography series
that can be acquired within a single experiment. For instance, the investigation of the physics
underlying alloying of nanoparticles(Skorikov et al., 2019) or the formation of twins may
benefit as well from the proposed acquisition strategy. Furthermore, we firmly believe that
fast tomography might evolve into a standard acquisition strategy, given its many
advantages. In the duration that a single nanoparticle can be investigated by conventional
means, 10 fast tomographic series of different nanoparticles can be acquired, thereby
improving the statistic relevance of the obtained results. Nevertheless, to become a standard
acquisition approach, the reconstruction accuracy has to further improve. In the next chapter,
we discuss computational and hardware solutions to further enhance the quality of the fast

tomographic acquisition.
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8. Improving the Accuracy of Fast HAADF-STEM
Tomography

Continuous HAADF-STEM tomography is able to obtain tomographic series in only a
fraction of time necessary to perform a conventional acquisition. However,
discrepancies between reconstructions obtained from continuous and conventional tilt

series were found. In this chapter we present two strategies, to reduce these deviations.



This chapter is based on:
Vanrompay, H., Skorikov, A., Bladt, E., Béché, A., Freitag B., Verbeeck, J., & Bals, S.
(2020). Fast versus conventional HAADF-STEM tomography: advantages and challenges.

In preparation

The Au octopods were synthesized at the Skrabalak group at Indiana University in
the United States. The branched Au nanoparticles were synthesized at the Odom group at
Northwestern University in the United States. The synthesis of the Au@Ag nanoparticles
was carried out at the Bionanoplasmonics Laboratory, CIC biomaGUNE in Spain. Together
with A. Skorikov, | was responsible for the development of the fast acquisition strategies.
The acquisition of the all TEM data was performed in collaboration and A. Skorikov. |

performed all data processing and quantification.
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8.1 Neural Network Assisted Image Enhancement

As introduced in Section 6.2.2, a dedicated low-pass filter is used to remove the jitter
caused by the continuous tilt in the projection images. However, this approach aims to de-
noise the projection images without any knowledge about the investigated nanostructures,
potentially causing a loss in structural information. A promising approach to overcome this
limitation is the use of deep learning methods to enhance the quality of the continuous
projection images. In recent years, the application of deep learning for image processing has
significantly grown in popularity owing to the widespread availability of accessible software
(e.g. Tensorflow(Abadi et al., 2016) and PyTorch(Paszke et al., 2017)) , which facilitates the
training and employment of deep networks. Convolutional Neural Networks (CNNs) in
particular, have been widely used in the field of tomography for image de-noising(Wang et
al., 2015; Xie et al., 2012; X. Yang et al., 2018; You et al., 2018), enhancing the quality of
tomographic reconstruction(H. Chen et al., 2017; Hendriksen et al., 2019; Ledig et al., 2017)
or even improving the reconstruction algorithm itself (Bladt et al., 2015; Hendriksen et al.,
2020; Janssens et al., 2015; Pelt et al., 2018).

In principle, CNNs successively convolve images with learned convolutional filters
and store the intermediate results in layers. The layers can contain multiple images, each
resulting from the convolution with a different filter. As the filter slides, or convolves, across
the input image, it multiplies its values to those of the image. These multiplications are added
up to produce a single output value (Figure 8.1a). The corresponding value of the next layer
is found by adding a scalar bias and applying a non-linear activation function. This process
is often referred to as feature mapping since each convolutional filter is trained to find
different features in an image. In general the jt"* image of the i layer (xl.j) ina CNN is

computed as follows:
Nl—l
j_ k
Xl- =0 Z Cfijk XiZq + bl] . [81]
k=0
The number of images in the previous layer is represented by N;_;. Cijn is the 2D

convolution with the learned filter f;;,. b;; is an additional learned bias and ¢ the non-linear

activation function such as ReLU(Nair & Hinton, 2010).
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Figure 8.1: Illustration of the principle of a convolution (a) and a dilated convolution (b)
with padding equal to 1 and the stride set to 2.

An example of a two layer CNN is illustrated in Figure 8.2a. Each arrow represents
the execution of the feature mapping. In supervised learning, the trainable parameters (f;
and b;;) are learned by presenting the network with a large amount of input and target images.
In this manner, the CNN attempts to retrieve the most optimal parameters, by iteratively
passing the input images through the network and adapting its parameters to minimize the
difference between the output of the network and the target images.

Commonly used CNN architectures for improving tomographic images are encoder-
decoder networks, such as U-net (Figure 8.2b).(Ronneberger et al., 2015) These networks
include down- and upscaling operations such that the trainable filters (f;;) can capture
information at different scales. The skip connections (dashed lines) ensure that the
information obtained at all scales contributes to the output. Although encoder-decoder
networks are often able to produce accurate results, they generally include large amounts of
intermediate images and trainable parameters (e.g. millions or more).(Ronneberger et al.,
2015) The extensive size and complicated structure of such CNNs impose significant
challenges. The large number of trainable parameters demands for a large amount of training
data. In addition, the multitude of intermediate images, results in high computer memory
requirements when presented with large input image sizes, as is common in TEM imaging.
Finally, the structure, initialization and choice of hyper parameters of the neural network
itself has a detrimental influence on the final accuracy.(Pelt & Sethian, 2017) All together,

this leads to highly problem specific and computationally demanding neural networks which
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require a tedious trial-and-error set up. Recently, the Mixed-Scale Dense (MS-D) neural
network architecture was proposed, designed to alleviate the limitations of current CNN
architectures (Figure 8.2c). The MS-D network is densely connected to promote the
transmission of information. Furthermore, dilated convolutions are used for capturing image
features at various scales, discarding the need for scaling operations (Figure 8.1).(Pelt et al.,
2018; Pelt & Sethian, 2017) As a result, the MS-D architecture lowers the amount of
necessary intermediate layers, thus trainable parameters. This reduces the need for a large
amount of training images which in turn enables training on larger images. Furthermore, MS-
D networks are more stable with respect to the hyper parameter selection, making them

widely applicable to various problems. (Pelt et al., 2018; Pelt & Sethian, 2017)

Here, we will train a MS-D network for pre-processing continuously acquired
projection data, in an attempt to improve the quality of the reconstruction. Collecting a
sufficiently large training dataset for training a neural network is often one of the key
limitations of supervised learning. Our strategy is as follows: conventional and continuous
tomographic series were acquired for 6 different nanoparticles at various microscope settings
(Table 6.1). For each of these nanoparticles, a reconstruction based on the conventional
series was obtained using the EM reconstruction algorithm. Afterwards, simulated, forward
projections were calculated along all “continuous” projection angles. Projection images from
the experimental tilt series which were previously deemed overtly deteriorated (Section
6.2.4), were removed from both the experimental as well as the forward projected tilt series
and are not included in the training data set. In this manner, a large number of input-target
images was generated per nanoparticle (~ 250). Prior to training, all projection images were
cropped to an image size of 512 x 512 pixels, when necessary. The neural network was set
up using a PyCUDA implementation of the MS-D network.(Kléckner et al., 2012; Pelt et al.,
2018; Pelt & Sethian, 2017) The network was 100 layers deep with the dilation for each layer
evenly spread between 1 and 10, as proposed in previous work.(Hendriksen et al., 2019; Pelt
et al., 2018) The network was trained using the ADAM algorithm(Kingma & Ba, 2015) with
a mini-batch size of a single 2D image.
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.

Figure 8.2: Schematic representations of: (a) a two layer CNN, the arrows represent the
convolutions with nonlinear activation. (b) A U-net architecture which includes down- and
upscaling of the images. The dashed lines represent skip connections. (¢) A MS-D network.

The arrows represent dilated convolutions, each color representing a different dilation.

During training, the network convolves its learned filters with the provided input
images and compares its output to the provided target image. The filters are adjusted to
minimize the MSE between the network output and the target image. To evaluate the
progress of training, an independent validation set was constructed. The validation set was
composed out of input-target image pairs unknown to the neural network. The MSE of the

validation set is calculated after every 250 gradient steps and the training is stopped when no
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notable improvement in validation error is found after 25000 gradient steps. The network,
yielding the lowest validation error is then used to filter all continuous projection data. All
computations were performed on a workstation containing a single NVIDIA GTX 1060 GPU

with 6 GB of global memory.

In Figure 8.3 an example is shown of (a) an input and (b) corresponding target image
of the Au decahedron (Table 6.1, sample 1), included in the validation set. Figure 8.3c
displays the output of the trained network, when presented with the input image, depicted in
Figure 8.3a. It is clear that the MS-D network efficiently removes the jitter without
introducing any blurring. The network output is in very good agreement with the provided
target image (Figure 8.3b). A comparison to Figure 8.3d, where the jitter is removed using
the previously proposed low pass filter, shows that the MS-D net results in sharper images

with a higher signal-to-noise ratio.

Figure 8.3: (a-b) Input and target image taken from the validation data set. (c) The input
image after applying the trained filter from the MS-D network. (d) The input image after

applying directional low pass filter.
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To evaluate the benefit of processing the continuous projection images with the
trained MS-D filter, instead of the simple directed low-pass filter, the MS-D network was
used to remove the scanning jitter present in each continuous projection image of the samples
listed in Table 6.1. In Figures 8.4-8.9, the 3D reconstructions and associated central
orthoslices obtained from the conventional series (top row), the continuous series using the
directed low pass filter (middle row) and the continuous series using the MS-D filter (bottom
row) are shown. Except for the application of the MS-D filter instead of the directed low

pass filter, all processing was performed as described in Section 6.2.

Clearly, pre-processing the continuous projection images with the MS-D network,
efficiently reduces all noise present in the orthoslices. The reconstructions contain almost no
artefacts and have more homogeneous gray level distributions than the reconstructions
obtained from the conventionally acquired series. Such homogeneity expresses the noise
reducing capabilities of neural networks and facilitates further quantification where
segmentation is involved. However, for the Au nanosphere (Figure 8.6), remaining streaks
can be observed within the orthoslices, indicating that the scanning jitter was not completely
removed from the experimental data. Similar observations can be made in Figure 8.7i for
the Au bipyramid. This might indicate that the observed jitter is too specific for the used
experimental conditions (e.g. magnification or dwell time) to be able train a generally well
performing network, with a confined depth. Little change is observed in the NS
reconstructions when applying the MS-D network (Figures 8.8-8.9). It is likely that the
shape of the NSs diverges too far from the other nanoparticles within the training dataset

(Table 6.1), leading to suboptimal performance for the NS sample.
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Figure 8.4: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series

of a Au decahedron, paired by two central orthoslices through it. (d-f) 3D rendering of the

reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it, using the directed low-pass filter for pre-processing. (g-i) 3D rendering of the

reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it, using the trained MS-D net for pre-processing.
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Figure 8.5: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series
of a Au pentahedron, paired by two central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it, using the directed low-pass filter for pre-processing. (g-i) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it, using the trained MS-D net for pre-processing.
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Figure 8.6: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series
of a Au nanosphere, paired by two central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it, using the directed low-pass filter for pre-processing. (g-i) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it, using the trained MS-D net for pre-processing.
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Figure 8.7: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series

of a Au bipyramid, paired by two central orthoslices through it. (d-f) 3D rendering of the

reconstruction of the continuously acquired projection images, paired by 2 central

orthoslices through it, using the directed low-pass filter for pre-processing. (g-i) 3D

rendering of the reconstruction of the continuously acquired tilt series, paired by 2 central

orthoslices through it, using the trained MS-D net for pre-processing.



Figure 8.8: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series
of a Au NS, paired by two central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously tilt series, paired by 2 central orthoslices through it, using
the directed low-pass filter for pre-processing. (g-i) 3D rendering of the reconstruction of
the continuously acquired tilt series, paired by 2 central orthoslices through it, using the

trained MS-D net for pre-processing.
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Figure 8.9: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt series
of a Au NS, paired by two central orthoslices through it. (d-f) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it, using the directed low-pass filter for pre-processing. (g-i) 3D rendering of the
reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it, using the trained MS-D net for pre-processing.
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To quantify the observed differences, the shape and volume errors were calculated
for the reconstructions obtained from the continuous tilt series after processing by the trained
MS-D network. The conventional reconstructions served as ground truth. The calculated
values are listed in Table 8.1. For comparison, we included the values previously obtained

when using the directed low-pass filter for the jitter removal.

Es Es MS-D Ev Ev MS-D

Sample Au 5.43+0.01% 329+0.01% | 491+0.01% | 0.76 £0.01 %
1 decahedron

Sample Au 5.48 +0.01 % 488+0.01% | 2.40+0.01% | 2.00+0.01%
2 pentahedron

Sample Au 5.26 £0.01 % 397+0.01% | 451+0.01% | 3.30+0.01%
3 nanosphere

Sample Au 7.93£0.01 % 4.04+0.01% 227+001% | 239+0.01%
4 bipyramid

Sample | Aunanostar | 13.32+0.01% | 12.97+0.01% | 7.61+0.01% | 2.84 £0.01 %
5

Sample | Aunanostar | 10.98+0.01% | 18.00£0.01% | 2.65+0.01% | 9.39+0.01 %
6

Table 8.1: The shape and volume errors calculated between the reconstructions obtained
from the conventional and continuous acquisition strategies using the different pre-

processing methodologies.

Table 8.1 demonstrates that the use of the MS-D network considerably reduces both
the shape as volume error for the specimens with a simple 3D geometry (sample 1-4). For
the shape error, improvements of up to ~50% are found. However, for more complex
morphologies, such as the NSs, the MS-D network at most achieves a comparable accuracy
as obtained when processing the data with the directed low-pass filter. For the second NS
(sample 6) the MS-D network even performs considerably worse. We believe this may result
from an underrepresentation of projection images yielding anisotropic shapes in the training
dataset. Nevertheless, altogether the neural network approach shows great promise for
handling and improving the continuous projection images. We believe that by expanding the
training data set or with more complex approaches where for instance multiple consecutive

projection images are used as input-target pairs(Hendriksen et al., 2019), or where a network
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is trained to improve the reconstruction itself(Bladt et al., 2015), even more adequate results

may be obtained.

8.2  Fast Incremental Tomography

Although supervised learning can improve the reconstruction accuracy, they require
a large and diverse training set in order to learn generally applicable filters. This is the reason
to consider hardware solutions as well. Whereas the influence of the jitter can be minimised
through complicated post-processing methods, it is preferential to avoid such noise
altogether. Therefore, we propose a hybrid acquisition strategy that combines the advantages
of the conventional and continuous acquisition method, referred to as the fast incremental
acquisition strategy (Figure 8.10). When applying this incremental approach, the specimen
is rapidly tilted between predefined angles. At each angle, a certain relaxation time is
imposed which can be used to reposition and refocus the sample manually. Although
projection images are continuously acquired, the tilting is performed in an incremental
manner, similar as during the conventional method. Therefore, projection images are also
obtained while the goniometer is stable, efficiently removing the source of the perceived
jitter. In this manner, the incremental approach provides a compromise between the potential
speed of a continuous acquisition, and the image quality of a conventional acquisition. An
example of a raw incremental tilt series is provided in the Supplementary Movie 2 (see QR-
code below). This incremental approach was implemented through a combination of Python

and TEM scripting, effectively interacting with each other through COM objects.

To evaluate the difference in reconstruction quality between the continuous and
incremental approach, we acquired conventional, continuous and incremental tilt series for
five sample morphologies. However, the particles are different than those used in Chapter
6 and in Section 8.1. Each conventional series consisted out of 51 projection images,

acquired over an angular range of + 75° with a tilt increment of 3°.
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Figure 8.10:

time

Graphic illustration of conventional, continuous and incremental tomography.

Sample Frame size | Frame Pixel size | Dwell time | Microscope
description (px) time (s) (pm) (us)

Sample Au octopod 512 x 512 1 1086 3 Titan

7 (300 kV)
Sample Au octopod 512 x 512 1 1193 3 Osiris

8 (200 kV)
Sample Au@Ag rod 512 x 512 1 771 3 Titan

9 (300 kV)
Sample Au@Ag 512 x 512 1 597 3 Osiris

10 nanoparticle (200 kV)
Sample branched Au | 512 x 512 1 388 3 Titan

11 nanoparticle (300 kV)

Table 8.2: Experimental details of the tilt series acquired for evaluating the different

acquisition methodologies.
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To qualitatively compare the continuous and incremental acquisition approaches,
reconstructions were calculated for both and compared to the reconstruction obtained from
the conventional tilt series. Both the continuous and incremental series were processed
according to Section 6.2, with exception to not applying the low-pass filter for the
incremental series. Such filtering was no longer required since the jitter was already
experimentally removed. In Figures 8.11-8.15, 3D renderings of the reconstructions of
respectively the conventional, continuous and incremental series are shown together with

central orthoslices.

For the Au octopods (sample 7-8), shown in Figures 8.11-8.12, little difference is
found between the reconstructions obtained from the conventional, continuous and
incremental acquisition. Since these nanostructures are relatively large, the acquisitions
could be performed at moderate magnification. The vibrations caused by the mechanical
instabilities occur at such a small scale that for such moderate magnifications their effect is
almost negligible. It should be noted that as a side effect of the large size of the nanoparticles,
absorption artefacts (i.e. the underestimated intensity in the interior) can be seen in both

reconstructions.

In Figures 8.13-8.14, reconstructions of Au@Ag nanoparticles (sample 9-10) are
shown. To accurately investigate the interface between the Au and Ag phases, a higher
experimental magnification was required. The blurring induced by the continuous
acquisition prevents observing an accurate separation between both phases. However, the
incremental reconstruction reduces the amount of blurring considerably, enabling an
accurate investigation of the Au-Ag interface and their potential intermixture.(Skorikov et
al., 2019) Similar effects are observed for the branched Au nanoparticle (sample 11, Figure
8.15), where the incremental acquisition reduces the mechanical instabilities and

consequently the blurring artefacts.
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Figure 8.11: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a Au octopod, paired by two central orthoslices through it. (d-f) 3D rendering of
the reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-i) 3D rendering of the reconstruction of the incremental acquired tilt series,

paired by 2 central orthoslices through it.
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Figure 8.12: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a Au octopod, paired by two central orthoslices through it. (d-f) 3D rendering of
the reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices
through it. (g-i) 3D rendering of the reconstruction of the incremental acquired tilt series,

paired by 2 central orthoslices through it.
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Figure 8.13: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a AU@Ag NR, paired by two central orthoslices through it. (d-f) 3D rendering of
the reconstruction of the continuously acquired tilt series, paired by 2 central orthoslices

through it. (g-i) 3D rendering of the reconstruction of the incremental acquired tilt series,

paired by 2 central orthoslices through it.
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Figure 8.14: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a AU@Ag nanoparticle, paired by two central orthoslices through it. (d-f) 3D
rendering of the reconstruction of the continuously acquired tilt series, paired by 2 central
orthoslices through it. (g-i) 3D rendering of the reconstruction of the incremental acquired

tilt series, paired by 2 central orthoslices through it.
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Figure 8.15: (a-c) 3D rendering of the reconstruction of the conventionally acquired tilt
series of a branched Au nanoparticle, paired by two central orthoslices through it. (d-f) 3D
rendering of the reconstruction of the continuously acquired tilt series, paired by 2 central
orthoslices through it. (g-i) 3D rendering of the reconstruction of the incremental acquired

tilt series, paired by 2 central orthoslices through it.
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To analyze the differences quantitatively, both the shape and volume errors were
calculated. For the Au@Ag nanoparticles, an error measure was defined for each separate
phase. In all cases, the threshold(s) for the segmentation were determined through Otsu’s
method(Otsu, 1979). In Table 8.3 the calculated errors are summarised. The reconstructions

calculated from the conventional tilt series where used as ground truth.

Eg Eg Ey, Ey,

continuous incremental continuous incremental

Sample 7 Au octopod 2.95+0.01 2.26 + 0.01 2.05+0.01 1.69 £ 0.01
(Titan) % % % %

Sample 8 Au octopod 6.24 +0.01 4,70+ 0.01 5.25+0.01 2.74 £0.01
(Osiris) % % % %

Sample 9, Au@Ag rod 8.09 £ 0.01 3.77 £0.01 5.61 +0.01 0.25+0.01
Au (Titan) % % % %

Sample 9, 1496 +£0.01 | 8.34+0.01 4.08 £0.01 0.42£0.01
Ag % % % %

Sample 10, Au@Ag 9.15+0.01 8.81+0.01 1.37£0.01 1.78 £0.01
Au nanoparticle % % % %

(Osiris)

Sample 10, 2400+0.01 | 16.24+0.01 | 16.85+0.01 | 4.68+0.01
Ag % % % %
Sample 11 branched Au | 16.30+£0.01 | 12.90+0.01 | 5.88+0.01 1.23+0.01
nanoparticle % % % %

(Titan)

Table 8.3: The shape and volume errors calculated between the reconstructions obtained

from the continuous and incremental acquisition strategies for the different nanoparticles.

From Table 8.3 it can be seen that the incremental approach improves the
reconstruction accuracy considerably. Especially for the Au@Ag nanoparticles a substantial
reduction in both errors is found. Noteworthy, the shape error for the Au octopod investigated
in Titan TEM (sample 7) is lower that of the shape error for the near identical octopod
investigated in the Osiris TEM (sample 8), independent of the used the acquisition approach.
This expresses that the microscope itself strongly influences the accuracy which can be
achieved by the fast acquisition methodologies. This observed difference in error relates to

the improved stability of the goniometric stage of the Titan TEM in comparison to the
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Tecnai Osiris TEM. As the stability of the goniometer stage improves, the fast approaches

will produce more accurate results.

Previously we discussed that the magnification plays a vital role as well. Indeed, for
the Au octopod (sample 7) investigated at the Titan TEM with a pixel size of 1086 pm, a
shape error of 2.95 £ 0.01 % was found for the continuous acquisition. The branched
nanoparticle (sample 11) which was also investigated in the Titan TEM albeit using a much
smaller pixel size (338 pm), resulted in a far higher shape error, equal to 16.30 + 0.01 %.
This clearly shows that indeed at such small scales, the vibrations induced by the mechanical

instabilities play a more detrimental role on the reconstruction accuracy.

To conclude, a hybrid approach for fast tomography was presented that involves
incremental tilting during a continuous acquisition. The total run time of the incremental
acquisition depends on the selected tilt increment and relaxation time imposed at each tilt. It
was demonstrated that this hybrid acquisition methodology considerably increases the
reconstruction accuracy, especially for heterogeneous nanoparticles. A downside of the
incremental approach is that during the tilt it is impossible to manually track the
nanoparticles. As a consequence, the particle more easily drifts out of the field of view during
the acquisition. In addition, the maximal achievable speed is limited by the chosen tilt
increment and relaxation time. Large tilt increments and short relaxation periods will speed
up the acquisition, but complicate the tracking of the particle. It is clear that for each fast
tomography experiment care has to be taken in choice of microscope, experimental settings
and acquisition strategy. Although the presented acquisition methods can drastically reduce
the run time of the acquisition of a tilt series, one key limitation remains the duration of the
post-processing and reconstruction. These are typically performed after the experiment has
been completed. Therefore, no 3D information is available to steer the tomographic

acquisition while it is ongoing. In Chapter 9 we will provide a solution for this restriction.






PART Ill: ACCELERATED RECONSTRUCTION

9. Reconstruction of Arbitrary Slices for Real-Time
Tomography

3D investigations typically comprise multiple steps, including acquisition,
reconstruction, and analysis/quantification. Usually, the latter two steps are
performed offline, at a dedicated workstation. This sequential workflow prevents on-
the-fly control of experimental parameters to improve the quality of the 3D
reconstruction, to select a relevant nanoparticle for further characterization or to
steer an in-situ tomography experiment. Here, we present an efficient approach to
overcome these limitations, based on the real-time reconstruction of arbitrary 2D

reconstructed slices through a 3D object.



This chapter is based on:
Vanrompay, H., Buurlage, J. W., Pelt, D. M., Kumar, V., Xiaolu Z., Liz-Marzan L.M., Bals,
S., & Batenburg, K. J. (2020). Real-time reconstruction of arbitrary slices for quantitative

and in-situ three-dimensional characterization of nanoparticles. Particle and Particle
Systems Characterization. https://doi.org/10.1002/ppsc.202000073

The synthesis of the samples was carried out at the Bionanoplasmonics Laboratory,
CIC biomaGUNE in Spain. The RECAST3D software was developed at the CWI in the
Netherlands. All TEM acquisition was carried out at the research group for electron
microscopy of materials science (EMAT) at the University of Antwerp. | was responsible
for the acquisition, analysis and reconstruction of all datasets. Together with J. W. Buurlage
and D. M. Pelt, | designed the novel procedures for reading the projection images, their

alignment, reconstruction, and analysis in the RECAST3D software.
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9.1 Introduction

During a typical electron tomography experiment, a series of 2D projection images
are collected along various tilt angles, to cover an angular range that is as large as possible.
After alignment of the tilt series, they serve as the input to a mathematical algorithm that
reconstructs the 3D structure of the object. Although the acquisition of a tilt series can be
automated, it can take (many) hours to obtain all images, depending on the complexity of the
experiment. In addition, both the alignment and the reconstruction of the acquired projection
images are carried out through offline post-processing procedures, performed at a dedicated
workstation. These steps are computationally demanding, leading to a total data processing
time of at least 1 hour. To dramatically accelerate the acquisition of tilt series, fast

tomography was introduced.

As was shown in Chapter 7, fast HAADF-STEM tomography enables a new range
of experiments, during which the dynamic behavior of nanoparticles can be probed in 3D.
These experiments are at the state of the art with respect to acquisition time. However, since
the alignment and reconstruction are performed offline, after the tilt series has been acquired,
it is difficult or even impossible to identify potential problems concerning the acquisition
parameters or the sample conditions during the TEM experiment. Consequently, efficient
optimization of the experimental settings of a 3D in-situ experiment remains far from
straightforward. Moreover, when studying nanoparticles by electron microscopy, it is of key
importance to investigate those structures that are representative of the entire sample. On the
other hand, sometimes very specific structures need to be selected for further characterization
by TEM. Especially when the 3D structure of the nanoparticles is of importance, evaluating
the relevance of a given particle for further investigation is difficult based on conventional,
2D TEM imaging. The ability to extract information about the 3D structure of a nanoparticle
during its TEM investigation would enable the operator to immediately perform additional,
optimized or more detailed experiments of the same nanoparticle if necessary. One would be
able to select e.qg. particles with a specific 3D morphology prior to performing more advanced
or detailed TEM experiments. Finally, to fully exploit the potential of in-situ holders and
novel acquisition methodologies, direct 3D visual feedback will be of essence to adjust the
experimental parameters on-the-fly, in response to the observed dynamics of the

nanoparticles. Clearly, realizing real-time 3D feedback would make a crucial impact in the
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field of 3D (in-situ) characterization of nanoparticles, and may even become as standard for

conventional TEM.

Here we report on a real-time workflow for electron tomography applied to
nanoparticles, where alignment, reconstruction and analysis are all carried out while
acquiring the tilt series. This chapter is structured as follows. First, we describe the concept
of real-time reconstruction of arbitrary slices and how its implementation in the RECAST3D
software has already enabled real-time synchrotron X-ray tomography. We also discuss
which specific challenges have prevented using similar ideas for electron tomography. Next,
we propose the novel ingredients that we have used to extend the RECAST3D software for
electron tomography. Afterwards, two case studies will be presented to illustrate that our
approach enables a quantitative, real-time 3D characterization of the structure of complex
nanoparticles. We also demonstrate the ability to quantitatively investigate their dynamic

behavior in real-time during in-situ experiments. Finally, the conclusions are presented.

9.2 Real-time Reconstruction of Arbitrary Slices

Recent developments concerning detector sensitivity and acquisition strategies have
reduced the time to perform an entire acquisition for electron tomography from hours to
several minutes or even less. As a consequence, there is an emerging need to develop
reconstruction methodologies which can operate on the same time scale, i.e. in real-time.
Previous research has focused on accelerating electron tomography reconstructions by
improving the reconstruction algorithms or enabling them to run in parallel on large
computational clusters or on multiple GPUs.(Nikitin et al., 2017; Palenstijn et al., 2011; Xu
et al., 2010) It has been reported that, when using a single NVIDIA GTX TITAN Z GPU, a
2048 x 2048 x 1024 FBP reconstruction can be obtained within approximately 10
minutes.(Buurlage et al., 2018) Such a short reconstruction time can be further reduced down
to 2 minutes by making use of 4 GPUs. When more advanced iterative reconstruction
algorithms such as SIRT(Gilbert, 1972) are applied, capable of handling noisy and limited
data, significantly longer computation times are required, even when using multiple
GPUs.(Buurlage et al., 2018; Buurlage, Bisseling, et al., 2019)
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The computational load further increases when using state-of-the-art reconstruction
algorithms, such as DART or TVM, which exploit prior knowledge about the reconstructed
object. Although GPU implementations of reconstruction methods for 3D tomography do
significantly accelerate the reconstruction process, the computational power of a single GPU
is not enough to enable real-time 3D tomography, especially given the recent drive towards
accelerated acquisition. Moreover, it has been demonstrated that, provided with dedicated
post-processing, FBP-type of reconstruction algorithms can produce more accurate
reconstructions in a significantly shorter time than iterative (regularized) methods.(Pelt et
al., 2018)

One way to realize real-time reconstructions is to provide a dedicated GPU cluster
for each electron microscope, which is complex and costly. The recently developed
reconstruction software RECAST3D provides an alternative way to overcome this
limitation.(Buurlage et al., 2018) RECAST3D is available as open-source software(Buurlage
etal., 2020) under the GPL license and is based on the idea that inspecting a 3D reconstructed
volume is typically carried out by slicing through the reconstructed volume in various
suitable directions, effectively looking at a set of 2D slices. This approach requires a single
workstation equipped with a powerful GPU, thereby avoiding the need for a complex and
costly GPU-cluster setup. The software exploits the intrinsic speed of the FBP algorithm to
reconstruct user-selected, arbitrarily oriented, 2D slices through the 3D structure in real time,

without ever performing a full 3D volume reconstruction (Figure 9.1).

Figure 9.1: Hlustration of the workflow of a conventional tomography experiment (dashed
arrows). First, 2D projection images are acquired. The direction of the electron beam is
indicated by the red arrow. Next, a complete 3D reconstruction is performed. Finally,
orthogonal 2D slices through the 3D reconstruction are investigated. RECAST3D provides

a new approach (solid line) in which user selected slices are reconstructed on demand.
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Although such slices are 2D images, they represent subsets of the 3D inner structure
of the sample under investigation. A combination of different slices therefore yields quasi-
3D information. Moreover, these slices can be computed at any arbitrary position and along
any angle, enabling the TEM operator to dynamically highlight features of interest of the
investigated object. Since reconstructing 2D slices is computationally far less expensive and
significantly more data efficient than reconstructing the entire 3D structure, slices can be
automatically updated on-the-fly during the acquisition of a tilt series. While the experiment
IS ongoing, the user can dynamically translate and rotate the selected slices through the
reconstruction, guided by a low resolution 3D preview of the full reconstruction as
demonstrated in Supplementary Movie 3 (see QR-code below). Consequently, the quasi-3D
tomographic view can be constructed in only a fraction of the time needed to acquire a regular
3D reconstruction of the entire structure, providing the groundwork for true real-time

tomography.

The feasibility and usefulness of this approach has first been demonstrated for X-ray
tomography at the TOMCAT beamline at the Swiss Light Source (PSI), where dynamic
phenomena could be observed during imaging.(Buurlage, Marone, et al., 2019)
Unfortunately, this concept cannot be translated to electron tomography in a straightforward
manner because of several key differences between X-ray and electron tomography. Indeed,
in X-ray tomography a large number of projection images is typically acquired over a
complete angular range, resulting in an almost ideal sampling of the projection data space.
Such data sets correspond exactly to the scenario where FBP provides accurate
reconstructions. In contrast, in electron tomography, the risk of sample degradation or
deformation during an electron tomography experiment makes it either impossible or
undesirable to acquire a high amount of noise-free projection images. Therefore, the
projection data are typically incomplete since the tilt increment is much larger (at least by a
factor of 10) and the tilt range smaller (due to the missing wedge), as compared to X-ray
tomography. In the case of imperfect projection data, either because of noise present in the
projection images or when only a few projection images are available, FBP tends to result in

imaging artefacts that hamper a quantitative interpretation of the reconstruction. In the field
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suitable for reconstructing arbitrarily oriented slices.(D. Chen et al., 2014; Pontana,
Duhamel, et al., 2011; Pontana, Pagniez, et al., 2011)

Another key difference between electron tomography and X-ray tomography is the
need for aligning the individual TEM projection images after their acquisition. Although
several standard software packages are currently available for the alignment of electron

tomography tilt series, none of them are able to perform the alignment in real-time.

9.3 Real-time Reconstruction of Arbitrary Slices for Electron
Tomography

We introduce herein new computational ingredients that overcome all of these
limitations and enable real-time reconstruction of arbitrary slices for electron tomography.
These new components have been added to the open-source RECAST3D software, thereby
making them available to the entire electron microscopy community. Next, we discuss the
dedicated features that were incorporated into the RECAST3D reconstruction framework,

specialized for electron tomography.

9.3.1 Tilt Series Alignment

When a new projection is acquired, it is aligned in real-time with respect to previous
projections by first performing a center-of-mass correction based on the segmented
projection image, using Otsu’s thresholding method(Otsu, 1979), followed by a conventional
cross-correlation method. This image alignment protocol is well-suited for aligning images
of single nanoparticles. The center-of-mass correction shifts the center-of-mass of each
projection image to the middle of that image and serves to provide a good starting point for
the refined cross-correlation alignment. The cross-correlation between the subsequent

projection images is computed as described in Section 3.5.3.

9.3.2 Tilt Axis Alignment

It is well known that a misaligned tilt axis of the projection images can lead to
smearing artefacts in the reconstruction (Figure 3.7), which are typically corrected
offline.(Hayashida et al., 2018) Therefore, support was added for on-the-fly adjustment of
the tilt axis alignment parameters. These adjustments are applied retroactively to the full set
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of projections. In this manner, the operator can manually translate and rotate the
computational tilt axis and directly observe its effect on the reconstructed slices in order to
optimally match it to the experimental tilt axis (see Section 3.5.4). These adjustments are

applied to the modeled data geometry and leave the projection data untouched.

9.3.3 Reconstruction

RECAST3D relies on the computational efficiency of the FBP algorithm, which
provides reliable 3D reconstructions given that a sufficient number of high signal-to-noise
projection images are available. For this discussion, let us assume we acquire P projection
images consisting of N x N pixels. The FBP algorithm for reconstructing a 3D volume of size
N x N x N comprises two steps. First, the data are filtered in Fourier space which requires
O(P x N?x log N) operations. Next, the filtered data are back projected onto the 3D volume.
This back projection step requires O(P x N®) operations, and therefore dominates the
computational complexity of the FBP algorithm. The voxel intensity frgp at position (x,y,z)

can therefore be retrieved as:

fror(6,9,2) = [ Grucerea(®,x cos 6 +y sin6,z) df [8.1]

With griirereq beiNg the data after a 1D filter has been applied. This implies that, after
filtering the projection data, the voxel intensity at any position (X, y, z) can be computed
directly from the filtered projections, independently of the rest of the 3D volume. This local
property of FBP enables one to efficiently reconstruct any subset of the 3D volume directly

from the filtered projection data.

In particular, back projecting onto an arbitrarily oriented 2D slice consisting of
N x N voxels can be performed in only O(P x N?) operations. Since N is typically in the range
of 103, this is significantly more efficient than a full 3D back projection. The back projections
onto slices are therefore performed in the RECAST3D implementation as follows. Instead
of back projecting onto the whole 3D volume, a slab of size N x N x 1 is defined which
coincides with the central axial slice of the acquisition geometry. To reconstruct a newly
requested arbitrarily oriented slice, we modify the vectors associated to the acquisition
geometry (the direction of the rays, as well as the detector position and orientation) so that
the requested slice is the central slice of the modified geometry. We then run a standard back
projection algorithm with the modified geometry and obtain the reconstruction for the

requested slice. Modifying the geometry can be done efficiently, without ever changing the
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pre-filtered projection data. Using this method, any slice can be reconstructed from the

filtered data with minimal overhead compared to a reconstruction of the central slice.

Moreover, the filtering step can be performed in real time while acquiring projection
images, and does not impact the reconstruction time for the chosen set of 2D slices, or when
a new set of slices is selected for reconstruction. Although we focus on single-axis
tomography in this work, it is worth mentioning that the method discussed here can be
applied for any acquisition geometry for which a method is available that has the same
computational structure as FBP: a relatively inexpensive filtering step followed by a back
projection step. Such an FBP-like algorithm exists as well for instance for dual-axis

tomography(Mastronarde, 1997) and laminography(Myagotin et al., 2013).

Reconstruction results of a range of linear algebraic reconstruction methods can be
accurately approximated by computing a so-called algebraic filter and using this computed
filter within the FBP algorithm, instead of the conventional filters displayed in Figure
2.4.(Pelt & Batenburg, 2015) The filter calculation itself is computationally intensive, but
once determined, the resulting filter can be used with the same computational efficiency as
FBP. To overcome the limitations of the classical FBP algorithm for electron tomography,
support for algebraic filter methods was added to RECAST3D. By computing algebraic
filters based on the SIRT algorithm and using these filters in FBP, arbitrary slices can now
be reconstructed that are in close agreement with the output of SIRT. Other than the
precomputation of the filters, which can be performed prior to the experiment, the
reconstruction time is identical to standard FBP when this method is used. For the remainder
of this work we will refer to this type of reconstruction as SIRT-FBP. Adding these new
computational components to the RECAST3D software, enables real-time electron
tomography which will drastically optimize the efficiency of 3D characterization of
nanomaterials, but more importantly will enable a new range of experiments such as real-
time (in-situ) electron tomography. As a proof of concept, we describe in what follows two
different examples of electron tomography experiments wherein the benefits of this novel

technique will be highlighted.
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9.4 Results and Discussion

To achieve real-time visualization during electron tomography experiments, a
workstation was coupled to the electron microscope, to function as a reconstruction server.
This server received the tomographic projection images while being acquired at the electron
microscope, via a 1Gbps network connection and comprised an Intel Core 19-9900K CPU,
32 GB RAM, and a NVIDIA GeForce GTX 1070 GPU with 8 GB global memory. All results
presented in this work were calculated on this workstation. The reconstruction workflow
consists of two asynchronous operations: a preprocessing operation, and a reconstruction
operation, both performed multiple times during the experiment. The first operation refers to
the pre-processing of the projection images. This operation is performed immediately after
a projection image is acquired, and is done completely independently from the reconstruction
operation. The computationally most demanding part of this operation is to apply the
algebraic filter, and to align the projection images. Using our implementation, the total time
to perform this pre-processing operation is orders of magnitude shorter than the time required
for the operator to acquire a projection image. Therefore, this operation is not a bottleneck
for our real-time methodology. The second, reconstruction, operation is performed each time
a new slice is chosen for visualization. Using the workstation described above, and for a
dataset consisting of 51 projection images of 1024 x 1024 pixels, the total time elapsed from
the moment a user selects a new slice, until the reconstruction shows in RECAST3D is

approximately 60 milliseconds.

9.4.1 Explorative Quasi-3D Imaging

As a first case study we investigate Au@Ag NRs. Although Au NRs have been
widely studied as excellent anisotropic plasmonic nanomaterials, Ag is known to be a more
efficient plasmonic metal. However, the lower chemical stability of Ag compared to Au,
leads to more complicated and less controlled nanoparticle synthesis methods. Therefore,
efforts have been focused toward using pre-formed Au nanoparticles, such as penta-twinned
bipyramids, as templates for the seeded growth of Ag NRs. However, the specific 3D shape,
chemical composition and distribution of the different elements strongly affect the properties
of the resulting core-shell nanoparticles.(Albrecht et al., 2017; Guisbiers et al., 2016; Joo et
al., 2009; M. Shao et al.,, 2016) In particular, the plasmon resonances of core-shell
nanoparticles depend sensitively on both edge and corner truncations present in the 3D

structure, as well as on the core-shell geometry. Moreover, potential alloying between the
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constituent metals would also strongly influence the plasmonic response.(Cortie &
McDonagh, 2011; Jing et al., 2014) 3D investigations of the structure and composition are

therefore of critical importance to understand the properties of these nanoparticles.

To investigate the 3D distribution of Au and Ag in the core-shell nanoparticle,
conventional HAADF-STEM tomography is applied. The first step in such an electron
tomography experiment is the selection of a representative nanoparticle with a suitable
position and orientation on the grid. Typically, one can only decide if the investigated
nanoparticle and its location are indeed suitable, once the 3D reconstruction has been
completed offline. This, obviously, strongly reduces the efficiency of the experiment and
leads to suboptimal use of microscopy time. Furthermore, the lack of real-time 3D feedback
prevents the dynamic tuning of acquisition parameters during data collection, e.g. to obtain
a sufficient signal-to-noise ratio and/or resolution in the final reconstruction. Providing a fast
quasi-3D image of the structure under investigation overcomes these limitations and enables

a much more effective use of the TEM.

A HAADF-STEM projection image of one Au@Ag nanoparticle is presented in
Figure 9.2a. A tilt series was acquired over an angular range of + 72° with a 9° interval,
using a Thermo Fisher Scientific Osiris electron microscope operated at 200 kV. Regions
with different intensities can be clearly observed and an apparent rod-like shape of the
nanoparticle is readily recognized. While the acquisition of the tilt series is ongoing, the
projection images are instantly aligned and pre-filtered. Simultaneously, arbitrarily oriented
slices are reconstructed using the SIRT—FBP algorithm for which the filter was pre-computed
to resemble 100 iterations of SIRT. Figure 9.2b highlights the selected slices within the
RECAST3D software. Shown in Figure 9.2c is an enlarged quasi-3D visualization of the
investigated structure, obtained after only acquiring 17 projection images only. The
background of the arbitrary oriented slices was set to transparent to enhance the 3D
interpretation. The process described above, along with the selection of the slices is

demonstrated in Supplementary Movie 3 (see QR-code below).
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Based on the real-time quasi-3D reconstruction one can immediately decide whether
the selected particle is representative, e.g. in this case whether the shape corresponds to a rod
with pentagonal symmetry, and whether the missing wedge effect is within reasonable limits.
Whereas it is impossible to determine the precise structure of the rod from a single projection
image (Figure 9.2a), sharp facets, indicated by the green arrows, can be identified in the
quasi-3D reconstruction. Furthermore, one can alter the acquisition parameters such as tilt
interval, magnification, image size, beam current, to name a few, and immediately observe
their influence on the reconstruction quality. For example, in Figure 9.2d an identical quasi-
3D view is shown after decreasing the tilt interval from 9° to 3°. Clearly this improves the
contrast of the reconstruction, enabling a better qualitative interpretation of both the
morphology and composition of the bimetallic nanoparticle. In this manner, one can
determine from a limited number of projection images whether the particle under

investigation is of interest, and if so decide how to optimize the acquisition parameters.

Figure 9.2: (a) 2D HAADF-STEM image of a Au@Ag NR. (b) Illustration of the selected
slices. (c-d) Quasi-3D depiction of the SIRT-FBP reconstruction, based on a tomographic

series with tilt intervals of 9° and 3°.
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In addition to qualitative information, real-time quantitative information can be
obtained as well. The RECAST3D software has support for user-written Python plugins,
which can be used to perform real-time analysis of specific features in the reconstructed 2D
slices. For our example, we designed a plugin to evaluate the histogram and a line profile
from a selected slice. Figure 9.3a illustrates the selected slice obtained from the SIRT-FBP
reconstruction. The histogram of the selected slice and a line profile through the slice are
respectively shown in Figures 9.3b-c. The histogram bins (Figure 9.3b) corresponding to
the background, Ag and Au signals, are respectively displayed in gray, red and blue. The line

across which the line profile is calculated, is indicated in red in Figure 9.3a.

It is possible to gain quantitative insight on the mixture of the Au and Ag phase by
assessing the histogram and a line profile. Indeed, the histogram of the reconstructed
intensities in Figure 9.3b shows a clear segregation between the Au and Ag phase. This is
confirmed by the sharp edges, indicated by black arrows, in the recorded line profile (Figure
9.3c). In addition, such line profiles reveal the shell thickness. Given that the distribution of
the constituent metals and the size ratio between the core and shell strongly influence the
plasmon response of the nanoparticles, the acquired knowledge is of great importance.
Hence, on-the-fly access to arbitrary reconstructed slices opens the way to performing online
quantitative data analysis. Moreover, in this case study, it would also enable the operator to

select e.g. particles with a specific shell thickness for further TEM investigation of the

plasmonic properties.
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Figure 9.3: (a) a central slice, reconstructed by SIRT-FBP for which the filter was pre-
computed to resemble 100 iterations of SIRT. The line profile is calculated along the line
shown in red. (b) Histogram of the central slice indicating the intensities corresponding to
the background (gray), Ag (red) and Au (blue). (c) Line profile through the slice. The sharp

transition between Au and Ag is indicated by the black arrows.
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9.4.2 Real-Time In-Situ Tomography

In addition to the advantages discussed above, the ability to visualize and analyze
arbitrary slices in real time is ideal toward performing in-situ 3D characterization by TEM.
As an example of such an experiment, we present a 3D study of anisotropic Au NSs. Because
of their anisotropic shape and strong field enhancements at their tips, these NSs are ideal
substrates for plasmonics and SERS.(Guerrero-Martinez et al., 2011; Hao et al., 2007; Kong
etal., 2017; Yuan et al., 2012) A representative 2D HAADF-STEM image of a Ns is shown
in Figure 9.4a. As presented in Chapter 7, a well-known problem of such anisotropic
nanostructures is their tendency to reshape at moderately high temperature, including
photothermal effects related to intense laser irradiation.(Baffou et al., 2009; Baffou &
Quidant, 2013; Baffou & Rigneault, 2011; Cao et al., 2007) It is thus important to understand
the deformation under these conditions, and to ultimately optimize their stability, which

requires an accurate investigation of changes of the 3D structure during heating.

In Chapter 7 the morphological evolution of Au NSs at elevated temperature was
investigated by combining continuous electron tomography with in-situ heating.?®! Although
these experiments provided important information toward understanding the reshaping
process, they were carried out in a rather inefficient manner. The main reason for this is that
2D HAADF-STEM projection images of such anisotropic nanoparticles are not sufficient to
determine whether a specific nanostructure has the desired 3D morphology (e.g. a given
number of branches), prior to starting the 3D in-situ experiment. More importantly, if the 3D
reconstruction is performed offline, it is nearly impossible to monitor how the structure
changes as a function of the external conditions (e.g. temperature, heating time etc.) while
the experiment is ongoing, especially for highly anisotropic nanoparticles. Since the
RECAST3D methodology yields real-time and quasi-3D information on the investigated

structure, these limitations can be overcome.

The experiments were performed using a DENSsolutions wildfire heating holder and
a Thermo Fisher Scientific Osiris electron microscope operated at 200 kV. A conventional
tomography series was acquired at room temperature, over a tilt range of £ 75° with a 3°
increment. Figure 9.4b shows the orientation of the chosen slices. Each slice was
reconstructed using the SIRT-FBP algorithm, for which the filter was pre-computed to
resemble 100 iterations of SIRT. As mentioned above, the position and orientation of the

slices can be adapted on-the-fly to investigate features of the nanoparticle that are of
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particular interest. By exploring the 3D structure of the nanoparticle in this manner, 8 sharp
branches were identified, 7 of which can be seen in the single quasi-3D view presented in
Figure 9.4c. The selection of the slices and the identification of the different branches is
demonstrated in the Supplementary Movie 4 (see QR-code below). Since it is expected that
the most apparent morphological changes will occur at sharp branches, (Inasawa et al., 2005;
Link et al., 2000; Taylor et al., 2014) we propose that this particular NS is an ideal candidate
for the in-situ experiment. This is not always obvious from a single HAADF-STEM
projection, since it is only a 2D projection of the true 3D structure, which can be very

misleading.

To initiate the morphological transition, the NS was heated at 300 °C in different
steps for the duration of 2, 6, and 18 minutes. The first heating step was chosen to last for 2
minutes only, as we previously demonstrated that most heat-induced deformation occurs
within the first few minutes. We decided on the duration of subsequent heating steps by using
the immediate feedback provided by RECAST3D. After each heating step, the nanoparticle
was quenched to room temperature to temporarily interrupt the morphological evolution and
to acquire a HAADF-STEM tomographic series using the settings described above. Visual
inspection of the quasi-3D image in Figure 9.4d tells us that after only 2 minutes of heating,
the NS has already deformed. We observe that several of the branches underwent a
transformation, in agreement with the observations made in Chapter 7, from a long sharp
morphology to a broad and shorter shape with a more rounded tip. The lower right branch at
the back of the NS, indicated by a red arrow, almost completely disappears after 2 minutes
of heating. Direct contact of this tip with the support during the experiment might explain
this behavior, as was observed as well in earlier studies.(Albrecht et al., 2019) However, the
fast feedback provided by the set of slices indicates that the change of all other branches
remains relatively limited. Therefore, we decided to increase the duration of the heat
treatment to 6 minutes during the next heating step. From Figure 9.4e, it can be seen that
subsequent heating results in further shrinkage of the branches, during which the volume
redistributes along their surface. We do observe that the deformation slows down, which can

be attributed to the interaction between the electron beam and the ligands surrounding the
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and that except for the shrinkage of the foremost branch (indicated by the green arrow), only

minor additional changes can be appreciated.

Figure 9.4: (a) 2D HAADF-STEM image of a Au NS. (b) 3D depiction of the selected slices
reconstructed by SIRT-FBP, for which the filter was pre-computed to resemble 100
iterations of SIRT. (c-f) Quasi-3D view of the SIRT-FBP reconstruction of the NS after

respectively 0, 2, 8, and 26 minutes of accumulated heating at 300 °C.

RECAST3D can also be used to extract quantitative information in real time. For the
branches of NS, we anticipate that the curvature would decrease as a function of heating
time. By monitoring curvature changes, we can quantify how much the NS reshapes over
time and consequently evaluate the pace of the morphological evolution and whether it has
been completed or not. Therefore, a Python plug-in was developed to monitor the curvature
of the NS. Our approach is as follows: a user-selected slice, e.g. Figure 9.5a, is first
segmented based on Otsu’s thresholding method(Otsu, 1979), as illustrated in Figure 9.5b.
From the segmented slice, the perimeter of the largest binary component is determined using
a marching squares algorithm.(Lorensen & Cline, 1987) Next, the perimeter is downsampled
by a user-selected factor, resulting in a small collection of points along the edge of the NS
(Figure 9.5c). In this manner, the curvature can be calculated along longer sections of the
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segmented circumference of the slice, making the procedure less prone to noise.
A circle is fitted to every 3 consecutive points along the downsampled perimeter. The inverse
of the radius of the fitted circle provides a measure for the curvature. Finally, the measured
curvature is assigned a positive or a negative sign, depending on whether the center of the
fitted circle lies respectively inside or outside the perimeter. The calculated curvature,
interpolated along the perimeter of the NS and superimposed on the segmented slice
reconstruction, is plotted in Figure 9.5d. The combination of the RECAST3D software with
the calculation of curvature enables us to interpret the obtained TEM results, in a fast and
quantitative manner. Figure 9.6 shows curvature maps for every heating step, calculated for
comparable slices through the reconstructed NS. The total duration of heating is indicated at
the top right corner. As expected, the sharpest parts of the branches vanish first during
heating.

(1-wu)
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Figure 9.5: (a) Slice reconstructed using the SIRT-FBP reconstruction, for which the filter
was pre-computed to resemble 100 iterations of SIRT. (b) Thresholded reconstruction. (c)
From the binary reconstructed slices, both the centroid (blue dot) and the perimeter (red
dots) are determined. The perimeter was downsampled by a factor 20. (d) Calculated

curvature, interpolated along the edge of the binary object.
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Figure 9.6: (a-d) Calculated curvature superimposed on the segmented slice reconstruction

after each heating step.

In Figure 9.7a, histograms of the calculated positive curvature values are presented.
The analysis was performed on a specifically chosen slice, away from contact with the
heating chip. From the histograms, which can be extracted in real time during the in-situ
experiment, it is possible to discern a shift from the high curvature values to lower values
over the course of heating. Figure 9.7b displays the maximal curvature as a function of the
accumulated duration of heating. It is apparent that the morphological evolution can be
directly monitored from the change in maximal curvature. Most of the transition occurs at
the first heating steps, during which the long thin branches lose their sharp tips and become
blunt. After the first 8 minutes of heating, the decline in maximal curvature slows down,
indicating that the amount of morphological evolution decreases. After 26 minutes of
heating, the volume redistribution has almost stopped. Such an active feedback is crucial to
adaptively control the parameters of an in-situ investigation. This example shows that quasi-
3D reconstructions can be used to provide real-time qualitative and quantitative information.

In this manner, all experimental parameters can be efficiently tuned while the experiment is
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ongoing. Consequently, the operator is able to investigate a higher number of nanoparticles

during a given microscopy session, leading to more statistically significant information.
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Figure 9.7: (a) Histograms of the obtained curvature values from RECAST3D. (b) The

maximal curvature of one slice plotted as a function of the duration of heat treatment.

9.5 Conclusion

We propose a new approach to compute high quality 2D slices through nanoparticles
in real time, based on electron tomography tilt series. This technique is of great importance
to improve the efficiency of 3D characterization of nanomaterials by TEM. It enables
explorative imaging and provides valuable information to dynamically adjust the acquisition
parameters during an electron tomography experiment. Moreover, quantification of specific
features of nanoparticles becomes possible in real time, even while performing in-situ
experiments. We therefore consider the ability to gain real-time quasi-3D visualizations as

the next (r)evolution in the field of 3D characterization of nanomaterials.






General Conclusions

As stated at the end of Chapter 4 the main objectives of my thesis were:

e Todevelop acquisition strategies that enable the recording of tomographic series in a few
minutes. The reduction of the acquisition time will be accompanied by a decrease in

electron dose, allowing new 3D experiments to be conducted.

e To propose new computational methods capable of processing the tilt series acquired
using fast acquisition schemes. Such developments are necessary since the fast tilt series

will typically yield a lower signal-to-noise ratio and/or a limited amount of information.

e To improve the efficiency of the alignment and reconstruction, such that real-time 3D
information will become accessible during the tomography experiment. Such
information will aid steering in-situ experiments in the electron microscope, where one

is interested in the fast dynamical behavior of nanoparticles under external stimuli.

In order to obtain my first goal, | followed different strategies. In Chapter 5, | evaluated

three different undersampling methods which:

e Reduce the scanning time per pixel yielding a lower signal-to-noise ratio in the projection
images (I-US).
e Reduce the number of projection images in the tilt series (T-US).

e Reduce the number of scanned pixels in each projection image (R-US).

Each of these methods shows potential to reduce the acquisition duration, the electron dose
or the dose rate. It was revealed that for obtaining an optimum reconstruction quality it is
preferential to spread the electron budget over as many pixels as possible. Although the
electron dose is similarly reduced for all undersampling techniques, R-US decreases the
electron dose rate more strongly. We therefore envisage that this kind of acquisition scheme
will lead to major breakthroughs in the investigation of samples that were so far too sensitive

to the electron beam to be investigated in 3D, such as zeolites or metalorganic frameworks.
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Based on the performance of the 1-US acquisition, | proposed a continuous
acquisition methodology for HAADF-STEM tomography in Chapter 6, which effectively
lowers the duration of the acquisition by a factor of 10. Since the number of projection
images that is acquired in a continuous tilt series is much higher and each projection image
has a limited signal-to-noise ratio, the continuous tilt series pose a computational challenge.
Dedicated pre-processing was developed to align and de-noise the continuous tilt series. It
was demonstrated that such dedicated pre-possessing leads to sufficiently accurate
reconstructions to obtain reliable quantitative results. | therefore foresee that continuous
tomography will be instrumental in future experiments for obtaining statistical relevant 3D
results concerning parameters such as particle size and surface morphology. Furthermore,
the reduced dose rate of continuous tomography may enable the investigation of beam

sensitive samples as well.

As explained in the introduction, fast tomography will enable a broad range of novel
experiments, including the combination of electron tomography and in-situ experiments. An
application of the approach | developed was presented in Chapter 7. Here the reduced
experimental time of continuous tomography was exploited to investigate the thermal
stability of Au nanostars with a high temporal resolution. The ability to directly monitor the
heat induced changes at the nanometer scale, in combination with BEM simulations,
improved the understanding of the thermal reshaping behaviour of the nanostars. Such
studies are of crucial importance to incorporate such nanostructures in functional

nanodevices or to use them in real-life applications.

In Chapter 8, | proposed several methods to further enhance the accuracy of fast
tomography. Convolutional Neural Networks were applied to refine the pre-processing of
continuous tomography series. Shape error improvements of up to approximately 50% were
reported on. Provided that sufficient training data are available, CNNs can augment the
continuous tomography capabilities. Although the training of such networks may be time
intensive, once trained they can process the continuous projection images almost
instantaneously. In addition, a hybrid acquisition strategy, referred to as the incremental
tomography, was presented. By continuously acquiring projection images while the stage
tilted in increments, the shape error could be strongly reduced as well. A drawback of this
hybrid tilting scheme, is the increased complexity of tracking and focusing the projection
images while being acquired, therefore increasing the risk of losing the particle during the

acquisition.
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As a general guideline, continuous tomography is to be used when uninterrupted
feedback is required for tracking the nanoparticle during the acquisition. If sufficient training
data are available or can be collected, the accuracy of the continuous approach can be
drastically improved by using neural network based pre-processing. However, when there is
little sample drift during the tilt and/or insufficient training data can be collected (e.g. in case

of radiation sensitive samples), incremental tomography is preferential.

In Chapter 9, | presented a new workflow for electron tomography experiments
which provides quasi real-time 3D information. In this manner, the efficiency of 3D studies
was improved and | was able to flexibly steer in-situ investigations. | envisage that
RECAST3D will become a new standardised tool to provide direct 3D feedback during
electron tomography experiments. With the incorporation of RECAST3D during TEM
experiments, the throughput of the TEM experiment remains limited by the speed of
acquisition. Until now, RECAST3D was combined with conventional electron tomography.
In this manner, the impressive computational power of the RECAST3D methodology was

not yet fully exploited.






Outlook

In the next stage of my research | aim to explore the combination of fast tomography
acquisition approaches with RECAST3D. Ultimately, this will lead to a total experimental
time of only a few minutes, which is far lower than those for conventional tomography
experiments (2 hours at minimum). The use of RECAST3D during fast tomography will
require more efficient pre-processing methods as those introduced in Chapter 6, where
iterative methodologies were applied to improve the quality of the tilt series. | foresee to
overcome this challenge by exploiting the similarity of projection images acquired at closely
related angles or through the application of dedicated machine learning strategies to

efficiently remove or optimize deteriorated projection images.

In addition, by designing automated focus and repositioning protocols, manual
tuning will no longer be required. Such protocols may benefit from the incorporation of laser
interferometry to obtain the position and orientation of the holder at any time. In this manner,
the location of the nanoparticle of interest would be known throughout the experiment,
without the necessity of using additional electrons to attain such information. Altogether this

will increase the achievable speed of the accelerated acquisition in a dose efficient manner.

The combination of fast acquisition methodologies with RECAST3D will only
further improve the efficiency and throughput of electron tomography. This might even
prompt the application of dynamical tomography(Bonnet et al., 2003; Munch, 2011; Van
Eyndhoven et al., 2015) for in-situ (S)TEM experiments wherein the morphological
evolution no longer needs to be quenched, but projection images can be acquired while the
nanostructure is changing instead. This will be crucial to enhance the physical relevance of

such state-of-the-art experiments.

Furthermore, | envisage to expand the fast (in-situ) acquisition methodology to
different imaging modalities. This will broaden both the type of nanoscale information which
can be obtained in a fast and efficient manner, as well as expand the types of nanomaterials
which can be investigated with increased statistical relevance. Fast (in-situ) multimode
tomography, for instance, can help understanding the influence of structural defects on the

thermal stability of nanoparticles or aid in comprehending the role of structural defects on
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the growing mechanisms of nanoparticles. In Part Il different STEM strategies were
presented, capable of reducing the electron dose and/or dose rate. However, these methods
might not suffice for extremely beam sensitive materials such as polymeric or composite
materials. Since soft matter becomes increasingly important in current and future
nanotechnology, novel TEM approaches should be considered as well. Recently, first
attempts were made to accelerate the acquisition process in TEM mode using a direct
electron detection camera to record a tomographic tilt series in only 3.5s but with a missing
wedge of 80°.(Migunov et al., 2015) By lowering the speed of the rotation and implementing
automatic procedures to keep the particle in field of view and focus, it will be possible to
reduce the size of the missing wedge. In this manner, the accuracy of fast TEM will

drastically improve, allowing accurate 3D quantification of soft matter.

Further advances in (S)TEM hardware (e.g. detector sensitivity) and the
development of improved processing methodologies (e.g. by using dedicated CNNs), will
continue to improve the accuracy of fast tomography. In combination with the
aforementioned automated focus and repositioning protocols, for example through the use
of laser interferometry, this could open the way to perform fast tomographic acquisitions at
higher magnifications. In this manner, the high-resolution capabilities of the electron
microscope could be fully exploited. Ultimately this may enable one to retrieve 3D

quantitative information at the atomic scale in a statistical relevant manner.
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