
Faculty of Natural Sciences
School of Engineering and Natural Sciences

University of Iceland
2021

Determination of the Atomic Structure of Metal
Nanoclusters from Aberration-Corrected Scanning

Transmission Electron Microscope Images

Kusse Sukuta Bersha





Determination of the Atomic Structure of
Metal Nanoclusters from

Aberration-Corrected Scanning
Transmission Electron Microscope

Images

Kusse Sukuta Bersha

Dissertation submitted in partial fulfillment of a
Philosophiae Doctor degree in Chemistry

Advisor
Prof. Hannes Jónsson

PhD Committee
Prof. Hannes Jónsson

Prof. Egill Skúlason
Dr. Elvar Örn Jónsson

Opponents
Prof. Jaakko Akola

Dr. Gísli Hólmar Jóhannesson

Faculty of Natural Sciences
School of Engineering and Natural Sciences

University of Iceland
Reykjavik, June 2021



Determination of the Atomic Structure of Metal Nanoclusters from Aberration-Corrected Scanning Transmission Electron
Microscope Images
AC-STEM Image Analysis: Application to Gold Nanoclusters
Dissertation submitted in partial fulfillment of a Philosophiae Doctor degree in Chemistry

Copyright © Kusse Sukuta Bersha 2021
All rights reserved

Faculty of Natural Sciences
School of Engineering and Natural Sciences
University of Iceland
Dunhagi 5
107, Reykjavik
Iceland

Telephone: 525-4000

Bibliographic information:
Kusse Sukuta Bersha, 2021, Determination of the Atomic Structure of Metal Nanoclusters from Aberration-Corrected Scan-
ning Transmission Electron Microscope Images, PhD dissertation, Faculty of Natural Sciences, University of Iceland, 90 pp.

ISBN XXISBN

Printing: Háskólaprent, Fálkagata 2, 102, 107 Reykjavík
Reykjavik, Iceland, June 2021



Abstract
Determining the atomic structure of nanoclusters is a challenging task and a critical
one for understanding their chemical and physical properties. To fully understand the
properties of a nanocluster, it is necessary to know the positions of the atoms in the
nanocluster. Recently, the high-resolution aberration-corrected scanning transmission
electron microscope (AC-STEM) technique has provided valuable information about
such systems. While the AC-STEM experimental equipment is highly developed, the
analysis of the images in terms of the atomic structure of the clusters is still often
qualitative rather than quantitative.

In this work, a general method applicable in studies of irregular atomic structures has
been developed for quantitative analysis of AC-STEM images of nanoclusters. An
objective function formed by a linear combination of a measure of the agreement of a
simulated image with the measured AC-STEM image plus an approximate description
of the atomic interactions is used in a global optimization algorithm to extract the atomic
coordinates. The method is first illustrated by analyzing synthetic images generated
from regular as well as irregular structures of Au55 nanocluster. As the method does not
rely on the alignment of atoms, all the structures can be successfully determined even
when a significant level of noise is added to the images. The method is then applied
to an experimental AC-STEM image of a Au55 nanocluster, a particularly challenging
case since the atomic structure is irregular. Analysis of the local structure shows that
the cluster is a combination of a part with icosahedral structure elements and a part with
local atomic arrangement characteristic of a crystal packing, including a segment of
a flat surface facet. The energy landscape of the cluster is explored in calculations of
minimum energy paths between the optimal fit structure and other candidates generated
in the analysis. This reveals low energy barriers for conformational changes, showing
that such transitions can occur on laboratory timescale even at room temperature and
lead to considerable changes in the AC-STEM image. Furthermore, the paths reveal
additional cluster configurations, some with lower DFT energy and providing nearly as
good fit to the experimental image.

Detailed analysis of AC-STEM images using theoretical modeling requires a reliable,
quantitative measure of the extent to which a simulated image agrees with an experi-
mentally measured image. A simple sum of pixel-by-pixel squared errors turns out to
be unreliable and a more advanced measure is needed. A method based on the Speeded
Up Robust Features (SURF) algorithm is applied to match simulated images to an
experimental AC-STEM image of a Au55 nanocluster. The method provides a quan-
titative measure that more closely corresponds to a visual assessment of image similarity.
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Útdráttur

Ákvörðun á uppröðun atóma í nanóklösum er erfitt verkefni en mjög mikilvægt til
að öðlast skilning á efna- og eðlisfræðilegum eiginleikum þeirra. Nýleg mælitækni,
spegilvilluleiðrétt og skannandi gegnumlýsingar rafeindasmásjá (e. aberration corrected
scanning transmission electron microscope, AC-STEM) hefur gefið mikilvægar upplýs-
ingar um slík kerfi. Þótt mælitækin séu háþróuð er úrvinnslan á mæligögnunum, sem
er tvívíð mynd af klasanum á atómskala, oft ónákvæm og ekki magnbundin enn sem
komið er. Í verkefninu er þróuð aðferðafræði til að vinna úr myndum sem koma úr
AC-STEM mælingum. Þar er mat á samræminu milli útreiknaðrar myndar við mældu
myndinarinnar ásamt mati á orku nanóklasans notað í bestunarreikningum til að ákvarða
hnit atómanna. Fyrst er aðferðin prófuð fyrir líkön af AC-STEM myndum fyrir bæði
reglulega og óreglulega Au55 nanóklasa. Ekki er nauðsynlegt að atómin myndi raðir í
klasanum og einnig er hægt að finna réttu hnitin þótt suð sé til staðar. Þá er aðferðinni
beitt á mælda AC-STEM mynd af Au55 klasa. Þetta er sérstaklega krefjandi dæmi því
staðsetning atómanna er óregluleg í þessum klasa. Greining á staðbundinni uppröðun
atómanna sýnir að klasinn er samsettur úr tveimur hlutum, annar með strúktúreiningar
sem einkenna íkósahedru og hinn dæmigerður fyrir atóm í kristal og þar er jafnframt að
finna bút af flötu yfirborði. Orkulandslag klasans er kannað með reikningum á lágmarks-
orkuferlum milli strúktúrsins sem gefur besta samsvörun við mælingarnar og annarra
strúktúra sem einnig sýna góða samsvörun. Í ljós kemur að orkuhólarnir milli þessara
strúktúra eru gjarnan lágir og slíkar umraðanir atómanna geta því greiðlega átt sér stað
á meðan á mælingunum stendur og þar með haft áhrif á AC-STEM myndina. Ferlarnir
leiða einnig í ljós nýja strúktúra sem sumir hafa lægri DFT orku og gefa næstum jafn
góða samsvörun við myndina sem fékkst með mælingunum. Ítarleg úrvinnsla á AC-
STEM myndum með útreikningum fyrir líkön af strúktúrum krefst þess að áreiðanlegt
tölulegt mat sé hægt að leggja á hversu góð samsvörunin er. Í ljós kemur að einföld
summa af kvaðrati frávikanna í styrk allra dílanna á myndinni er ekki góður mælikvarði
á gæðin. Aðferð sem byggist á hraðaðri greiningu á afgerandi kennileitum (speeded up
robust features, SURF) er þróuð og notuð til að bera saman reiknaðar myndir og mælda
fyrir Au55 klasann. Þessi aðferð gefur magnbundið mat á samsvörunina sem samræmist
vel niðurstöðum sem fást við skoðun myndanna.
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1 Introduction

Nanoclusters consist of a small number of atoms, at most in the tens, and often exhibit
properties different from their larger counterparts.1–3 Bulk gold, for example, has long
been regarded as an inert metal with very low chemical and catalytic activity.4 However,
gold nanoclusters absorbed on metal oxides have shown remarkable catalytic activity.5,6

It has, for example, been shown that carbon monoxide (CO) oxidation, an important
reaction for cleaning exhaust, can occur readily below room temperature in the presence
of Au nanoclusters deposited on aTiO2 surface.6 Carbon monoxide oxidation on gold
nanoparticles are shown to be highly structure-dependent and only takes place on the
low-coordinated corner atoms.7 Understanding the structure of nanoparticles is there-
fore critical in the tailoring of new and better catalysts.

Metal nanoclusters have attracted much research interest in recent years for potential
applications in various areas. Their strong reactivity, �uorescence, and magnetic prop-
erty have attracted many researchers to exploit these properties for useful applications.
Medical research is constantly looking for new and improved treatments for diseases,
creating an enormous demand for scienti�c research to discover such new treatments.
Metal nanoparticles can be used for targeted delivery of drugs with serious side effects
to dif�cult sites such as the brain and retina.8 Metal nanoclusters can be used to target
tumors and provide detection using surface enhanced Raman spectroscopy (SERS).9

Since metal nanoclusters are magnetic materials and can be embedded in glass, they can
be used in optical data storage that can be used for many years without any loss of data.10

The relationship between structure and function underpins all modern chemical in-
tuition and understanding. Only after identifying the ordering of the atoms can one
reliably assess the various properties such as chemical reactivity. The development
of aberration-corrected scanning transmission electron microscope (AC-STEM) has
enabled researchers to obtain high-resolution images of nanoclusters. However, the
analysis of the images has remained qualitative. In this thesis, a method that can be
used to extract atomic coordinates from AC-STEM images is presented.

The rest of the thesis is organized is as follows. First, a literature review of nanoclusters
is presented, followed by a brief introduction to AC-STEM imaging. The second section
focuses on the methodology used in this thesis for the analysis of AC-STEM images.
The application of the method to synthetic images is then presented, followed by the
application to an experimental AC-STEM image of Au55. Finally, a feature based image
matching method is introduced to describe future challenges where the analysis of
AC-STEM images will be pushed further by using computer vision algorithms.
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1 Introduction

1.1 Gold Nanoclusters

Gold has several qualities that have made it exceptionally valuable throughout his-
tory. More recently, gold nanoparticles have been researched and utilized in various
applications such as catalysis. Gold catalysts are highly active for the oxidation of
many components in ambient air at low temperatures, particularly CO and nitrogen-
containing malodorous compounds.11 This property offers scope for applications in air
quality improvement and control of odors.12,13The catalytic properties of Au nanoclus-
ters have been linked to speci�c cluster sizes and structures. The structure-property
relationship has motivated many studies of the atomic-level structure of Au nanoclusters.

Several quantum mechanical calculations have shown that small gold clusters often
adopt stable planar geometries. However, existing theoretical studies disagree on the
critical size at which gold clusters favor 3D structures over 2D structures. For ex-
ample, Xiao et al.14 found planar geometries of Au clusters to be the global minima
till the cluster size ofN = 13 using density functional theory (DFT) calculations. In
another theoretical calculation Santarossa et al.15 used Born-Oppenheimer ab initio
metadynamics to study the free-energy surface of neutral Au12 and predicted coexisting
planar/quasiplanar and tridimensional conformations separated by high-energy barriers.
Using a genetic algorithm and meta-generalized density functional theory Johansson
et al.16 predicted the 2D and 3D structures almost isoenergetic atN = 11while clusters
with N > 11 are 3D.

In the size range13< N < 00, global structural optimizations have shown that many
topologically interesting low symmetry, disordered structures exist with energy near
or below the lowest-energy ordered isomers. Using semiempirical Gupta potential and
�rst-principles approaches, Garzón et al.17 found almost equal structural stability for
amorphous and ordered isomers of AuN clusters for (N = 38;55;75). Also using Gupta
potential, Schebarchov et al.18 mapped the equilibrium structures of AuN clusters in
the size range30� N � 147. Schebarchov et al. found the global minimum structure
of most clusters in the size range30 � N � 53 to be ambiguous but with discernible
�vefold disclinations. They predicted the global minima of larger clusters in the size
range54 � N � 147 to be a lamellar-twinned or single-crystal face-centered cubic
(FCC) lump or a decahedral motif with a single �vefold disclination. In addition to these
theoretical calculations, experimental studies using high-resolution electron microscopy
pointed out that the structure of small gold clusters was unstable and �uctuations be-
tween different geometries, primarily, between icosahedral and cuboctahedral structures
were observed.19,20

Computational studies of the relative stability of magic-number nanoclusters indicate
that for small Au clusters (N < 100), the icosahedral structure is more stable than the
Ino-decahedral and the cuboctahedral structures.21,22 For larger Au clusters (500<
N < 1000), the order of stability begins to change, with the Ino-decahedral structure
becoming more stable than the icosahedral geometry. Further increasing the cluster size
results in the order of stability changing to Ino-decahedral, cuboctahedral, icosahedral.

2



1.2 Structure and Stability of Au55

1.2 Structure and Stability of Au 55

The Au55 cluster is of particular interest because it is one of the �rst and still widely
investigated gold nanoparticles.23,24 It is part of the family of so-called magic-number
clusters and has been used as a model for small nanoclusters with a magic number
of atoms. The term magic-number has to do primarily with nanoparticles forming
perfectly completed geometries. In the case of Au55, the inner shell contains 12 atoms
surrounding the central atom, and the outer shell comprises 42 atoms surrounding the
13 atom core. Although Au55 is one of the best-studied nanoparticles, the results of
these studies are still inconsistent and sometimes contradictory regarding the structure
and stability of Au55.

The Au55 structure was �rst characterised as cuboctahedral24–26, illustrated in �g. 1.1(d),
with single-crystal FCC atomic ordering. For example, Marcus et al.25 performed opti-
cal absorption and temperature-dependent extended X-ray �ne structure spectroscopy
(EXAFS) measurements on Au55 clusters and found results consistent with a cuboc-
tahedron structure. Also using EXAFS Fairbanks et al.26 studied the coordination
environment of gold atoms inAu55(PPh3)12Cl6 and predicted a 3-shell cuboctahedral
structure for the Au55 cluster.

In theoretical calculation, Bao et al.27 found a slightly different structure with FCC
order, shown in �g. 1.1(e), by using the Gupta empirical potential and minima hopping
global optimization method. The same structure had previously been identi�ed as
the global minimum for Sutton-Chen potential.28 More recently, Schebarchov et al.18

performed global optimisation of Au55 and again found the global minimum to be FCC.
They explained the disparity between the two by the differences in surface packing.
The 42 surface atoms in the symetric cuboctahedron form only (100) facets, which
are known to be particularly unfavourable but in the global minimum structure the 45
surface atoms are more close-packed and exhibit mainly (111) character.

Figure 1.1. The structure of some Au55 isomers.(a) Icosahedral, (b) Structure found by
Garzón et al.17, (c) Ino-decahedral, (d) Cuboctahedral, (e) FCC Structure predicted by
effective medium theory (EMT)

Theoretical calculations by Garzón et al.17 found several amorphous low-energy struc-
tures for Au55. The lowest-lying amorphous isomer shown in �g. 1.1(b) was proposed
as the global minimum. Similar results were found experimentally using X-ray powder
diffraction (XRD)29, AC-STEM20, and photoelectron spectroscopy measurements.30,31

More recently, Au55 structures with subsurface cavities have also been reported from

3



1 Introduction

theoretical calculations.31–33Van den Bossche33 used a genetic algorithm (GA) opti-
mization using Density-Functional based Tight-Binding (DFTB) and found the lowest
energy Au55 structure to be disordered and with cavities below the external shell. The
presence of such cavities has previously been attributed to relativistic effects.

1.3 Theoretical Methods of Cluster Investigation

While quantum mechanical calculations are capable of providing accurate description
of materials, their applications are limited by their high computational cost. Classical
empirical potentials can be used to model large systems. However, one of the biggest
drawbacks of classical simulations is that results are only as good as the force-�eld used
to obtain them.

1.3.1 Effective Medium Theory Potential

The effective medium theory (EMT)34 is an approximation in which models based on
density-functional theory are used to describe the properties of solids metals. The basic
idea behind EMT is to estimate the energy of an actual system by calculating the energy
of the same in a well-known reference system and then estimate the difference between
the two energies. Today there exist numerous many-body interatomic potentials which
are based on EMT, in which the total energy is written in the form

Etot = å
i

F (ni (Ri)) +
1
2 å

i; j
f (Ri � R j ) ; (1)

whereF is a function of the electron density, andf is a pair potential. In EMT the real
material is replaced by jellium which consists of a homogeneous electron gas, formed
by the free electrons of the metal and a constant positive background density created by
the metal ions.

1.3.2 Gupta Potential

The Gupta potential35 for metals is based on a second-moment approximation of the
electron density of states in the tight-binding model. It contains a pairwise Born–Mayer
repulsive term and an attractive term including the n-body effect, which is taken from
the second moment approximation of the electron density states of the tight-binding
model.36 As a function of interatomic distancer i j , the Gupta potential is expressed
as:18

V =
N

å
j= 1

0

@Aå
i6= j

exp
�

�
p(r i j � r0)

r0

�
�

 

å
i6= j

x2exp
�

�
2q(r i j � r0)

r0

� ! 1
2

1

A (2)

Schebarchov et al.18 usedx = 1:855eV, A = 0:2197eV, p = 10:53, q = 4:30, and
r0 = 2:88Å in their calculations to get the structure shown in �g. 1.1(e).
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1.4 Scanning Transmission Electron Microscopy

Scanning transmission electron microscope (STEM) is a microscopy technique whereby
a beam of electrons is transmitted through a thin sample forming a high-resolution
image. The �rst STEM was invented by Von Ardenne37 in the 1930s as an alternative
to light microscope to overcome the diffraction limit of visible light. By the early 1990s,
improvements in STEM allowed for samples to be imaged with2Å resolution, provid-
ing what was at the time unprecedented clarity.38 Over the years, the improved quality
and stability of the electromagnetic lenses together with the development of aberration
correctors have greatly improved the resolution of the STEM. Today, nanoclusters can
be visualized with sub-Ångström resolution39. In this section, a brief review of the basic
principles of STEM imaging is given in a simple, descriptive, and non-mathematical
fashion.

Figure 1.2 shows a schematic diagram of STEM con�guration. An electron beam is
focused to a �ne spot by the condenser lens system and scanned over the sample point
by point in a raster illumination system. Annular detectors beneath the specimen are
used to collect scattered electrons and integrated into an image as a function of probe
position. The resulting image contrast depends largely on the collection range of the
detector.

Figure 1.2. Schematic diagram of a basic scanning transmission electron microscope
(STEM). A focussed electron beam with convergence semi-anglea is raster-scanned
over the sample. Scattered electrons are collected by an annular detector with inner
and outer angleb1 andb2, respectively. Image adapted from ref.40
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1.4.1 STEM Detectors and Imaging Modes

Depending on the collection semi-angle, various images can be obtained corresponding
to different contrast mechanisms.41,42 Bright-�eld (BF) detectors are located in the
path of the transmitted electron beam and are often used to provide complementary
images to those obtained by annular dark-�eld (ADF) imaging. When the inner angle
of the detector is greater than the convergence angle of the probe, an ADF image is
recorded.43 Thus, images in ADF mode are formed by electrons incident on an annular
detector, which lies outside of the path of the directly transmitted beam.

High angle annular dark �eld (HAADF) is a technique that produces an annular dark-
�eld image formed by very high angle, incoherently scattered electrons. In this setup,
mainly Rutherford scattered electrons are recorded.44 As a result, the image contrast in
an HAADF image depends largely on the sample thickness and the atomic number. For
elements with a higher atomic number, more electrons are scattered at higher angles due
to greater electrostatic interactions between the nucleus and electron beam. Because
of this, the HAADF detector senses a greater signal from atoms with a higher atomic
number, causing them to appear brighter in the resulting image. The high dependence of
the image contrast on the atomic number makes HAADF a useful way to easily identify
small areas of an element with a high atomic number on the surface of a material with a
lower atomic number.

1.4.2 Aberration Correction

The successful implementation of aberration correction to scanning transmission elec-
tron microscopy (AC-STEM) has enabled images with atomic resolution to be acquired.
Before the introduction of aberration correction, a spatial resolution of2Å could be
reached at best.45 After aberration correction, AC-STEM was demonstrated with spatial
resolution of1:9Å in 199746 and soon after in 2000 with1:36Å resolution47. Today,
AC-STEM is capable of sub-Ångström resolution, achieving a spatial resolution of0:5Å
in 200839. The development of advanced aberration correctors has made it possible
to identify individual atomic columns of crystalline nanoclusters with unprecedented
clarity.

1.4.3 Applications of AC-STEM Imaging

More than 60% of the industrial products and 90% of the processes involving chemical
reactions are based on catalysis, and innovations are increasingly reliant on cataly-
sis.48 Most catalytic processes are heterogeneous and often comprise heavy transition
metals dispersed on light support, which is an ideal situation for HAADF imaging
mode of AC-STEM. The most important research area in heterogeneous catalysts is
understanding the relationship between the catalytically relevant surface structures
and catalyst activity and selectivity for a particular chemical reaction. The main role
of AC-STEM microscopy is to provide an atomic-level description of the underlying
catalyst. The combination of �rst-principles theory and aberration-corrected STEM
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imaging has been widely used to study transition metal nanoparticles' catalytic activity.
For example, Rashkeev et al.49 used aberration-corrected STEM and �rst-principles
calculations to study the mechanism for the low-temperature oxidation ofCOto CO2
by Au nanoparticles onTiO2 support. They used Au nanoclusters containing between
5 and 35 atoms deposited on aTiO2 surface in the experiments. Theoretically, they
found that low coordination accompanied by bond weakening in Au nanoclusters is the
key to the catalytic activity of the nanoparticles. They con�rmed this experimentally
from atomically resolved Z-contrast AC-STEM images. From AC-STEM images, they
observed many individual Au atoms when deposited, but after reduction to the active
form, the atoms are much less visible, con�rming bond weakening in catalytically active
Au nanoparticles.

1.4.4 AC-STEM Image Interpretation and Simulations

Despite the high resolving power of AC-STEM, the atomic structure of nanoclusters
is not easily extracted from the image. Until now, the most widely used method for
identifying nanoparticle structure from AC-STEM is based on visual inspection. A
catalog of simulated images is generated from ideal structures, and the experimental
image is compared to the catalog by visual inspection that requires a skilled technician
with experience. While this type of analysis is in many ways good enough to identify
ordered structures, comparing AC-STEM images of disordered structures by eye is
extremely dif�cult. This is, in particular, true for small Au clusters such as Au55 where
the atomic ordering is quite irregular. This suggests the necessity for more robust,
powerful, and automated analysis tools for identifying nanoparticles in a more ef�cient
and faster way.

The multislice algorithm is widely used in the simulation of high-resolution AC-STEM
and serves as a valuable tool for analyzing experimental images50,51. In the multislice
algorithm, the sample is divided into many slices. Each slice is thin enough to be approx-
imated as a simple phase shift of the electron beam. The incident electron beam enters
the top, propagates through the sample, and exits at the bottom. The electron beam
propagates between slices as a small angle outgoing wave. The wave is transmitted
through a slice and then propagates to the next layer. The multislice simulation can be
very time-consuming, which can be a hurdle when one has to deal with a large set of
images.

Recently, several AC-STEM image analysis methods based on parameter estimation
procedures have been developed. These methods rely on the availability of a parametric
model to describe the expectations of the experimental image. The combination of this
technique with AC-STEM images has been used to determine structure parameters,
such as atomic column positions52. For AC-STEM images of crystalline structures,
acquired along a major zone-axis, intensities peaks at the atomic column positions and
can be modeled as a superposition of Gaussian functions. The unknown parameters
are estimated by �tting the model to the experimental image using a goodness of �t
criterion, quantifying the similarities between the experimental images and the model.
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It is well known that AC-STEM imaging in the HAADF mode offers the possibility
to visually distinguish between different atomic column types53. However, direct
interpretation of the images is inadequate when studying irregular structures such as
Au55 where the atoms are not lined up in well-de�ned columns. For such systems, a
quantitative analysis of AC-STEM images is required. In this section, a general method
applicable in the study of regular as well as irregular atomic structures is described.

2.1 AC-STEM Image Simulation

From measured AC-STEM images and detailed electron scattering calculations, Li
et al.21 found that at small cluster size (N <1500), atoms within the cluster contribute
nearly equally to the scattered electron intensity detected in the experiments and that
the contribution of each atom can be approximated by a Gaussian. Based on these
�ndings, the intensity at a given pixel can be approximated as a linear combination of
the intensity contributions from all the atoms in the cluster. Thus the intensity of the
image at pixel(i; j) for a cluster consisting ofN atoms of the same type can be written
as:

Ii j (xxx;yyy;s )=
N

å
k= 1

A exp

0

B
@�

�
x0

i � xk

� 2
+

�
y0

j � yk

� 2

2s 2

1

C
A ; (3)

wherexxx=( x1; � � � ;xN) andyyy=( y1; � � � ;yN) are vectors of coordinates of the atoms,x0

andy0are the spatial coordinates of the image pixels, ands andA are the width and
height of the Gaussian peak. An atom makes a full contribution to the intensity for a
given grid point when that point lies directly above the center of the atom. The height
of the Gaussian peak can be approximated by matching the integrated intensity of the
atoms to the integrated intensity of the experimental image and solving forA as:

A =
1

2ps 2R2N

m

å
i= 1

n

å
j= 1

I0
i j ; (4)

whereI0denote the idealized AC-STEM signal that one would obtain without any noise
in the image acquisition,m andn give the number of rows and columns of pixels in the
image andR is the resolution of the image in pixels/Å.
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The unknown parameters of the model are the atom coordinates and the width (s )
of the Gaussian. These are estimated by �tting the model to the experimental data.
The goodness of �t (c 2) can be estimated as the pixel-by-pixel difference between the
measured (I0) and calculated (I ) intensity as:

c 2(xxx;yyy;s ) =
m

å
i= 1

n

å
j= 1

�
I0
i j � Ii j (xxx;yyy;s )

� 2
: (5)

2.2 Minimization of the Residual Sum of Squares

An important aspect of the analysis method is the systematic optimization of the atom
coordinates as well as the width parameter in the Gaussian representing the signal
originating at an atom. Using eq. (5), the steepest descent direction for reducing the
discrepancy between a simulated and measured images can be obtained by differenti-
atingc 2. UsingIi j = Ii j (xxx;yyy;s ) andc 2= c 2(xxx;yyy;s ) to shorten the notation, the partial
derivative ofc 2 with respect to thex-component of atomk can be written as:

¶ c2

¶xk
= � 2

m

å
i= 1

n

å
j= 1

�
I0
i j � Ii j

� ¶Ii j
¶xk

; (6)

with
¶Ii j
¶xk

=
1

s 2

�
x0

i � xk
�

Ii j (xk;yk;s ): (7)

Substituting Eq. 7 into Eq. 6 and usingI (k)
i j = Ii j (xk;yk;s ), thex-component of the

steepest descent vector for atomk is:

¶ c2

¶xk
= �

2
s 2

m

å
i= 1

n

å
j= 1

�
I0
i j � Ii j

� �
x0

i � xk
�

I (k)
i j : (8)

Similarly, they-component of the steepest descent vector for atomk is:

¶ c2

¶yk
= �

2
s 2

m

å
i= 1

n

å
j= 1

�
I0
i j � Ii j

� �
y0

j � yk
�

I (k)
i j ; (9)

and thes -component is:

¶ c2

¶s
= �

2
s 3

m

å
i= 1

n

å
j= 1

�
I0
i j � Ii j
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x0

i � xk
� 2 +

�
y0

j � yk
� 2

�
Ii j : (10)

It is important to note in the above equations thatIi j = Ii j (xxx;yyy;s ) represents the intensity

from all atoms whereasI (k)
i j = Ii j (xk;yk;s ) represents the intensity from atomk only.

The steepest descent displacement vector that reduces the image discrepancy most
rapidly is calculated as:

dc 2 =
h

¶ c2

¶x1
; ¶ c2

¶y1
; ¶ c2

¶z1
; � � � ; ¶ c2

¶xN
; ¶ c2

¶yN
; ¶ c2

¶zN
; ¶ c2

¶s

i
: (11)
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2.3 The Combined Objective Function

Within the level of approximation given eq. (5), the AC-STEM image does not give
any information about thez-coordinate of the atoms. Therefore, an objective function
that also includes the energy of the cluster is de�ned to complement the image �t. The
combined objective function is thus given by the weighted sum of the pixel-by-pixel �t
and the estimate of energy of the cluster as:

f (xxx;yyy;zzz;s ) = wc2(xxx;yyy;s )+ U(xxx;yyy;zzz); (12)

wherezzz=( z1; � � � ;zN) corresponds to thez-coordinates of the atoms,U is the energy and
w is a weight parameter used to control the relative importance of the two contributions.

The gradient of the combined objective function then consist of the negative atomic
force plus a weighted contribution from the gradient of the image �t (c 2). The estimate
of the energy (U) of the clusters does not need to be highly accurate. The most important
information is in the image, but without some estimate of the optimal distance between
atoms, it is impossible to assign thez-coordinates. Therefore, the estimate of the energy
serves mainly to control the nearest neighbor distance between atoms and provide
attraction so as to produce an intact cluster.

To get a good compromise between the information from the AC-STEM image and the
energy estimate, a suitable value ofw needs to be determined. Ifw is too small, the
objective function is dominated by the potential energy. The optimization leads to a
low energy structure that has no similarity to the experimental image. Conversely, ifw
is too large, the objective function is dominated byc 2. The simulated image �ts the
experimental image nicely, but the resulting cluster structure may be relatively high in
energy.

2.4 Generation of 3D Structures

The method starts out by detecting local maxima in the target image using a Laplacian
of Gaussian (LoG) detector54. The LoG detector not only accurately locates the blob
centers but also estimates the width of the Gaussian that �ts the blob. The �rst atom
is placed at the location of the blob with the strongest LoG response. The intensity
contribution of the atom is then subtracted from the target image, and a second atom is
placed at the location of the maximum in the reduced image. Thez-coordinate of the
atom is generated randomly while respecting a minimal interatomic distance. A local
minimization of the objective function is then performed with more emphasis on image
�tting than energy minimization. This process is continued until the coordinates of a
prede�ned number (N) of atoms have been assigned. By repeating this process with
different random number seeds, several 3D structures are generated. Starting from the
initial structures, global optimization is then carried out by minimizing the combined
objective function. The method can be applied to disordered as well as ordered clusters.
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3 Application to Synthetic Images

Before analyzing experimental AC-STEM images, the developed method is �rst applied
to synthetic AC-STEM images for which the atomic structure is known.To do this,
target images are generated from ordered Au55 nanoclusters with icosahedral, decahe-
dral and cuboctahedral geometries as well as from the highly disordered Garzón Au55
structure17. Given a 2D synthetic image of a nanocluster structure, the goal is to extract
the three-dimensional atomic coordinates of the nanocluster from the image.

Hardball models of the structures used for testing are shown in �g. 3.3 alongside their
synthetic images generated via the Gaussian approximation model in eq. (3). The im-
ages have dimensions of25Å� 25Å and are sampled with160� 160pixels. A Gaussian
width of s = 0:8Å is used to generate the images. The effectiveness of the method is
investigated by performing a series of simulations at varying orientations by randomly
tilting the structures away from zone axis alignment.

Figure 3.3. Top: Au55 hardball models for icosahedron, decahedron, cuboctahedron
and the Garzón structures, respectively. Bottom: Corresponding simulated images.

The estimate of the energy of the clusters is obtained from the effective medium theory
(EMT)55 potential energy function implemented in the Atomic Simulation Environment
(ASE). This estimate does not need to be highly accurate. The most important informa-
tion is in the image, but without some estimate of the optimal distance between atoms,
it is impossible to assign thez-coordinates. The estimate of the energy serves mainly
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