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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 a TiO2 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, fluorescence, 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 scientific research to discover such new treatments.
Metal nanoparticles can be used for targeted delivery of drugs with serious side effects
to difficult 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.12,13 The catalytic properties of Au nanoclus-
ters have been linked to specific 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 of N = 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 at N = 11 while clusters
with N > 11 are 3D.

In the size range 13 < 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
first-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 range 30≤ N ≤ 147. Schebarchov et al. found the global minimum structure
of most clusters in the size range 30 ≤ N ≤ 53 to be ambiguous but with discernible
fivefold disclinations. They predicted the global minima of larger clusters in the size
range 54 ≤ N ≤ 147 to be a lamellar-twinned or single-crystal face-centered cubic
(FCC) lump or a decahedral motif with a single fivefold 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 fluctuations 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 Au55

The Au55 cluster is of particular interest because it is one of the first 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 first characterised as cuboctahedral24–26, illustrated in fig. 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 fine 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 in Au55(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 fig. 1.1(e), by using the Gupta empirical potential and minima hopping
global optimization method. The same structure had previously been identified 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.

(a) (b) (c) (d) (e)

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 fig. 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.31–33 Van den Bossche 33 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-field 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 = ∑
i

F (ni (Ri))+
1
2 ∑

i, j
φ (Ri−R j) , (1)

where F is a function of the electron density, and φ 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 distance ri j, the Gupta potential is expressed
as:18

V =
N

∑
j=1


A ∑

i 6= j
exp
(
− p(ri j− r0)

r0

)
−
(

∑
i6= j

ξ
2 exp

(
−2q(ri j− r0)

r0

)) 1
2

 (2)

Schebarchov et al. 18 used ξ = 1.855eV, A = 0.2197eV, p = 10.53, q = 4.30, and
r0 = 2.88Å in their calculations to get the structure shown in fig. 1.1(e).
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1.4 Scanning Transmission Electron Microscopy

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 first STEM was invented by Von Ardenne 37 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 with 2Å 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 configuration. An electron beam is
focused to a fine 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-angle α is raster-scanned
over the sample. Scattered electrons are collected by an annular detector with inner
and outer angle β1 and β2, respectively. Image adapted from ref.40
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1 Introduction

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-field (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-field (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 field (HAADF) is a technique that produces an annular dark-
field 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 of 2Å could be
reached at best.45 After aberration correction, AC-STEM was demonstrated with spatial
resolution of 1.9Å in 199746 and soon after in 2000 with 1.36Å resolution47. Today,
AC-STEM is capable of sub-Ångström resolution, achieving a spatial resolution of 0.5Å
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 first-principles theory and aberration-corrected STEM
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1.4 Scanning Transmission Electron Microscopy

imaging has been widely used to study transition metal nanoparticles’ catalytic activity.
For example, Rashkeev et al. 49 used aberration-corrected STEM and first-principles
calculations to study the mechanism for the low-temperature oxidation of CO to CO2
by Au nanoparticles on TiO2 support. They used Au nanoclusters containing between
5 and 35 atoms deposited on a TiO2 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 confirmed 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, confirming 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 difficult. 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 efficient
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 fitting the model to the experimental image using a goodness of fit
criterion, quantifying the similarities between the experimental images and the model.
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2 Methodology
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-defined 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
findings, 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 of N atoms of the same type can be written
as:

Ii j(xxx,yyy,σ)=
N

∑
k=1
Aexp


−

(
x′i−xk

)2
+
(

y′j−yk

)2

2σ2


, (3)

where xxx=(x1, · · · ,xN) and yyy=(y1, · · · ,yN) are vectors of coordinates of the atoms, x′

and y′ are the spatial coordinates of the image pixels, and σ and A 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 for A as:

A=
1

2πσ2R2N

m

∑
i=1

n

∑
j=1

I′i j, (4)

where I′ denote the idealized AC-STEM signal that one would obtain without any noise
in the image acquisition, m and n give the number of rows and columns of pixels in the
image and R 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 (σ )
of the Gaussian. These are estimated by fitting the model to the experimental data.
The goodness of fit (χ2) can be estimated as the pixel-by-pixel difference between the
measured (I′) and calculated (I) intensity as:

χ
2(xxx,yyy,σ) =

m

∑
i=1

n

∑
j=1

(
I′i j− Ii j(xxx,yyy,σ)

)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-
ating χ2. Using Ii j = Ii j(xxx,yyy,σ) and χ2=χ2(xxx,yyy,σ) to shorten the notation, the partial
derivative of χ2 with respect to the x-component of atom k can be written as:

∂ χ2

∂xk
=−2

m

∑
i=1

n

∑
j=1

(
I′i j− Ii j

) ∂ Ii j

∂xk
, (6)

with
∂ Ii j

∂xk
=

1
σ2

(
x′i− xk

)
Ii j(xk,yk,σ). (7)

Substituting Eq. 7 into Eq. 6 and using I(k)i j = Ii j(xk,yk,σ), the x-component of the
steepest descent vector for atom k is:

∂ χ2

∂xk
=− 2

σ2

m

∑
i=1

n

∑
j=1

(
I′i j− Ii j

)(
x′i− xk

)
I(k)i j . (8)

Similarly, the y-component of the steepest descent vector for atom k is:

∂ χ2

∂yk
=− 2

σ2

m

∑
i=1

n

∑
j=1

(
I′i j− Ii j

)(
y′j− yk

)
I(k)i j , (9)

and the σ -component is:

∂ χ2

∂σ
=− 2

σ3

m

∑
i=1

n

∑
j=1

(
I′i j−Ii j

)((
x′i−xk

)2
+
(
y′j−yk

)2
)

Ii j. (10)

It is important to note in the above equations that Ii j=Ii j(xxx,yyy,σ) represents the intensity
from all atoms whereas I(k)i j = Ii j(xk,yk,σ) represents the intensity from atom k only.

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

dχ
2 =

[
∂ χ2

∂x1
, ∂ χ2

∂y1
, ∂ χ2

∂ z1
, · · · , ∂ χ2

∂xN
, ∂ χ2

∂yN
, ∂ χ2

∂ zN
, ∂ χ2

∂σ

]
. (11)
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2.3 The Combined Objective Function

2.3 The Combined Objective Function

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

f (xxx,yyy,zzz,σ) = ωχ
2(xxx,yyy,σ)+U(xxx,yyy,zzz), (12)

where zzz=(z1, · · · ,zN) corresponds to the z-coordinates of the atoms, U is the energy and
ω 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 fit (χ2). 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 the z-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 of ω needs to be determined. If ω 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, if ω

is too large, the objective function is dominated by χ2. The simulated image fits 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 fits the blob. The first 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. The z-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
fitting than energy minimization. This process is continued until the coordinates of a
predefined 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.

11





3 Application to Synthetic Images
Before analyzing experimental AC-STEM images, the developed method is first 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 fig. 3.3 alongside their
synthetic images generated via the Gaussian approximation model in eq. (3). The im-
ages have dimensions of 25Å×25Å and are sampled with 160×160 pixels. A Gaussian
width of σ =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 the z-coordinates. The estimate of the energy serves mainly
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to control the nearest neighbor distance between atoms and provide attraction so as to
produce an intact cluster. The gradient of the total objective function then consists of the
negative EMT atomic force plus a weighted contribution from the difference between
the experimental image and the simulated one.

These structures are interesting test problems for several reasons. The symmetric struc-
tures, although simple in principle, are not optimal on the EMT potential surface. With
the use of only EMT energy minimization, the method would never converge to any of
these structures. The Garzón structure is more challenging as it is highly disordered
plus the EMT predicts an entirely different optimal structure than the Garzón structure.

Figure 3.4 shows the convergence behavior of the GA calculations for different orien-
tations of the Garzón structure. The curves start at high objective values due to the
randomness in the initial structures but decrease monotonically as better structures are
found. The statistics are based on 20 independent GA runs, with each run starting
with 20 initial structures. Some of the GA runs find the target structure within the
initial population obtained after the first phase, whereas a few runs use more than 50
candidates before the target structure is found. In all cases, the target structure is found
with almost 100% success rate within 200 GA steps.

Figure 3.4. GA optimization for 3 different orientations of the Garzón structure. The
curves show the evolution of the best-scoring candidates in the best performing (lowest
curve) and worst performing (highest curve) runs and the average over the 20 runs
(middle curve).

For each test case, the extracted structure matches well with the reference structure.
Because we have the 3D coordinates of the structures, we can compare the atomic
positions to quantify the similarity between the original and the reconstructed structures.
A widely used method for comparing identical structures is to translate and rotate one
structure with respect to the other to minimize the Root-mean-square deviation (RMSD).
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3.1 The Effect of Noise

The RMSD between two structures of N atoms each can be calculated as

RMSD =

√
1
N

N

∑
i=1

(
(xi− x′i)

2 +(yi− y′i)
2 +(zi− z′i)

2
)
, (13)

where (x,y,z) and (x′,y′,z′) are the coordinates of the original and extracted structures
respectively. The average difference in atomic coordinates is less than 0.1Å for the
Garzón structures and much smaller for the ordered structures Figure 3.5 shows that the
extracted structures for the Garzón structure. The extracted coordinates are in excellent
agreement with the original structures.

Figure 3.5. The extracted structures (gray atoms) are superimposed over the target
structures (gold atoms). The gray atoms have been rendered with smaller radius to
make visual comparison easier.

3.1 The Effect of Noise

Various levels of noise are added to the images to better emulate experimental data.
While noise models are usually not studied in detail in the STEM literature, Gaussian
noise models are used frequently in practice mainly because of their mathematical
tractability in both the spatial and frequency domains. Therefore, the target images are
corrupted by random noise drawn from a Gaussian distribution with zero mean and
standard deviation proportional to the local intensity. In an additive zero mean Gaussian
noise model, the noisy image H is defined as:

Hi j = Ii j +ηi j ; ηi j∼N (0,σ) (14)

where I is the noise free image and ηi j is a random number drawn from a normal
distribution, N , with mean 0 and standard deviation of σ = β Ii j.

Three different noise levels were added with β = 0.1, β = 0.2 and β = 0.5, respectively.
The resulting images are shown in fig. 3.6 for the Garzón structure. At the highest
noise level, β = 0.5, some pixels acquire negative intensities. The added noise is then
adequately reduced by subsequent Wiener filtering56. The Wiener filter is an algorithm
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Figure 3.6. Top row: Simulated STEM images with added noise levels. Bottom row:
The corresponding images after Wiener filtering.

optimized to find the minimum mean square error estimate of the original signal from a
noisy measurement. The images obtained after such filtering are also shown in fig. 3.6.

It can be concluded that using the noisy but filtered images in the GA optimization
only slightly increases the number of steps required to reach convergence. The optimal
structures obtained using the filtered images agree closely with the reference Garzón
structure. This indicates that the method is robust with respect to the presence of noise
in the AC-STEM images.

Tests were also performed where the target image is generated after the test structures
have been perturbed by adding random displacements in the x and y positions, drawn
from a uniform distribution [0,α]. Such tests effectively correspond to evaluating the
relative difficulty of finding an optimal structure which is not close to a local minimum
structure of the potential energy surface. The convergence data obtained for maximal
displacements of α = 0.2Å, α = 0.5Å and α = 1.0Å show that it is possible to use an
objective function including both the potential energy and an image discrepancy term,
even when the experimental AC-STEM image is affected by large noise.
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The method is applied to an experimental AC-STEM image of Au55 cluster for the
extraction of atom coordinates from the image. The obtained clusters are compared on
the basis of the total energy, coordination numbers of the atoms, and common neighbor
analysis (CNA). The side length of the axis-aligned minimum bounding box (AABB)
characterizing the overall shape of the cluster are compared. The energy landscape
of the cluster is explored in calculations of minimum energy path (MEP) 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 large changes in the
AC-STEM image.

4.1 Preparation of AC-STEM Image

The experimental image used in this work is adapted from figure 3(a) in ref.20 Based on
the scale bar presented in the image, a box of size roughly 2.5nm×2.5nm containing
the cluster is cropped from the image (see fig. 4.7). Although the image had been
processed by the authors to remove noise and enhance image quality, some noise is still
visible in the vicinity of the cluster, especially around the edges. For example, small
bright spots that are spatially separated from the main cluster can be seen in the image,
as indicated by red circles in fig. 4.7(b). These isolated features and small intensity
patches around the edges are not considered as part of the cluster and are removed from
the image. In this way, the noise in the image is significantly reduced as shown in figure
fig. 4.7).

(c)

2.5 nm

2
.5

 n
m

(a)

Figure 4.7. Experimental AC-STEM image of Au55 from ref.20 (b) Cropped image.
Noise can be seen in the vicinity of the cluster, as indicated by red circles. (c) Image
used in the fitting process, with noise removed. (d) Best fit image in the ref.20
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4.2 Phase I: Generation of Initial Structures

The first phase starts out by locating local intensity maxima in the AC-STEM image.
The first atom in the model is then placed at the location of the highest maximum and
its z-coordinate is arbitrarily given a value of z = 0. The intensity contribution of this
atom is then subtracted from the experimental image and a second atom is placed at
the location of the maximum in the reduced image. The z-coordinate of the second
atom, and all subsequent atoms, is generated randomly between−10Å and−10Å while
ensuring a minimal interatomic distance of 2.8Å. A local minimization of the combined
objective function is performed with a weight of ω = 1000eV after the placement of
each atom. This process is continued until the coordinates of a predefined number,
N = 55 in this case, of atoms has been assigned. By repeating this process with different
random number seeds, several three-dimensional atomic structures are generated with
(x,y) coordinates that almost perfectly fit the AC-STEM image, but have relatively high
energy. They serve as input for a structure optimization procedure in the second phase.

The experimental AC-STEM image and the simulated one are in excellent agreement.
Figure fig. 4.8 shows a comparison between the experimental image (inset a) and an
image obtained by the fitting procedure described above (inset b). Horizontal line scans
illustrate the excellent agreement with respect to both the peak positions and the relative
peak intensities.
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Figure 4.8. (a) Experimental AC-STEM image taken from ref.20. (b) Simulated image of
a structure obtained after the first phase of the fitting procedure. Horizontal line scans
of the intensity are also shown. The solid green curve is for the experimental image and
the broken red curve is for the simulated one. The difference between the two intensity
profiles is shown by the blue dotted curve.
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At this point, the extracted structures are not compact as the z-coordinates of the atoms
have not been optimized. Hence the clusters have relatively high energy and are slightly
elongated in the z-direction as shown in table 4.1. The lowest energy structure obtained
in the first phase is at least 1.219eV higher in energy than the EMT global minimum
(GM) structure. The AABB is used to characterize the shape of a cluster. The AABB
side lengths lx, ly, and lz parallel to the cartesian coordinate axes are obtained by taking
the absolute difference between the minimal and maximal value of the corresponding
coordinates for the atoms in the cluster. The ratios of the average lx and ly to lz are
approximately 0.91, and 0.84 showing a slight elongation along the z-axis. The table
also shows the values obtains for the width σ and amplitude A of the Gaussian. The
values of sigma and A of the best fit structure are chosen and kept fixed during the
optimization of the structures in the second phase.

Table 4.1. Potential energy ∆E(eV) relative to the EMT GM, axis-aligned minimum
bounding box (AABB) side lengths lx, ly, and lz (in Å), estimate of the Gaussian width
σ (in Å), and the sum of squared intensity differences χ2 for 20 initial structures. The
average (Mean) and standard deviation (SD) are also shown.

∆E lx ly lz σ A χ2

1 1.219 10.047 9.042 10.228 0.600 0.008142 0.002203
2 1.478 10.070 9.013 10.962 0.606 0.007993 0.002808
3 1.688 9.981 9.188 9.958 0.615 0.007751 0.002173
4 1.766 9.885 9.283 10.159 0.606 0.008006 0.002029
5 1.793 9.900 9.221 10.233 0.612 0.007842 0.001950
6 1.893 9.889 9.279 10.371 0.598 0.008219 0.002312
7 2.006 9.796 9.386 10.860 0.601 0.008112 0.002814
8 2.030 9.996 9.266 10.128 0.610 0.007911 0.002943
9 2.077 9.806 9.204 11.736 0.588 0.008459 0.001820
10 2.077 10.028 9.176 10.177 0.594 0.008322 0.002132
11 2.135 10.049 9.042 10.248 0.595 0.008274 0.002161
12 2.198 9.995 9.220 11.168 0.610 0.007888 0.001925
13 2.281 9.773 9.094 11.067 0.599 0.008157 0.001627
14 2.321 9.849 9.168 11.455 0.592 0.008359 0.001451
15 2.350 9.889 9.126 10.952 0.600 0.008143 0.001630
16 2.355 10.053 9.296 11.064 0.598 0.008195 0.002147
17 2.515 9.995 9.195 11.593 0.606 0.007983 0.002452
18 2.677 9.919 9.214 12.070 0.598 0.008200 0.001507
19 2.944 9.985 9.140 11.468 0.598 0.008179 0.002439
20 2.984 9.937 9.165 11.739 0.596 0.008255 0.001764

Mean 2.139 9.942 9.186 10.882 0.6011 0.008119 0.002114
SD 0.435 0.089 0.091 0.639 0.0069 0.000179 0.000418
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4.3 Phase II: Optimization of the Structures

An optimization of the atomic coordinates of the cluster generated in the first phase
is carried out by minimizing the combined objective function given by eq. (12). In
order to get a good compromise between the information from the AC-STEM image
and the energy estimate, a suitable value of ω needs to be determined. To do this,
different values for ω are examined. Figure 2 shows the relationship between image fit
and cluster energy for different values of the weight parameter. When ω is small, the
objective function is dominated by the energy term and the optimization therefore leads
to low energy structures, but there is not much similarity between the experimental
image and the fit, as shown in fig. 4.9 for ω =0eV. Conversely, when ω is large, the
simulated image fits well the experimental image but the resulting cluster structure has
relatively high energy and a rough surface as shown in fig. 4.9 for ω =1000eV.

Figure 4.9. Relationship between the energy, U, of a Au55 cluster and the measure, χ2,
of the fit to an AC-STEM image as a function of the weight parameter ω (in eV) in
eq. (12). The axis on the left and the red curve show the energy given by the EMT
potential function, the axis on the right and the blue curve show the sum of squared
discrepancy, χ2, between the experimental AC-STEM image (shown in fig. 4.8(a)) and
a simulated image.

Given that a value for ω ranging between 100 and 300eV seems to give a good compro-
mise between the image fit and the energy, the optimizations are carried out for different
values within this range. Note the large discrepancy in the image generated from the
lowest energy configuration obtained from the EMT potential, where the local ordering
is essentially that of a face centered cubic crystal, but this approximate interatomic
potential still suffices for the present purposes. Two different methods are used for the
structure optimization in the second phase. The two methods give roughly the same
success rate with similar computational effort and are described below.
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4.3 Phase II: Optimization of the Structures

4.3.1 Optimization via Saddle Point Searches

The method is based on the search for new local minima of the objective function by
driving the system through regions of first order saddle points (SPs) and then sliding
down towards a new local minimum on the other side of the saddle point. The method
is called global optimisation using saddle traversals (GOUST) and is implemented in
the EON software57. Detailed explanation of the method can be found in refs.58,59.

The search starts from the structures generated in the first stage. For each system everal
saddle point searches are performed by applying small random displacements to the
atomic coordinates. For each of the perturbed structures, the minimum mode following
method60 is used to converge onto a saddle point. The system is then displaced along the
minimum mode from the saddle point, locally minimized to slide down to the adjacent
minimum. For a given local minimum, several SP searches are carried out in order to
find several surrounding SPs and adjacent minima. From the list of local minima found,
the one with the lowest value of the objective function is selected, and a new search for
SPs is carried out. The process is repeated until the system reaches a local minimum of
the objective function that is lower than any of the nearby local minima. In this way, the
system is taken down a funnel on the objective function surface by hopping over energy
barriers, but it does not guarantee that a global minimum has been reached.

4.3.2 Optimization using a Genetic Algorithm

A genetic algorithm (GA) is a search-based optimization technique based on the princi-
ples of Natural Selection. Genetic algorithms have been successfully applied to global
structural optimisation of nanoclusters33,52,61. A GA uses mechanisms inspired by
biological evolution, such as reproduction, mutation, recombination, and selection. Can-
didate solutions to the optimization problem play the role of individuals in a population,
and the fitness function determines the quality of the solutions. In this work, a GA
implemented in the Atomic Simulation Environment (ASE)62,63 was used.

The GA evolution starts from a population of initial structures generated in the first
phase. In each generation, a new structure is generated either by crossover or muta-
tion. To maintain population diversity and guarantee the survival of the fittest, parent
structures are selected with a bias towards configurations that give low values of the
objective function and have been less frequently selected. During crossover, two struc-
tures are selected from the population and an offspring is produced through the pairing
of the parent structures. Crossover is carried out 75% of the time using the standard
cut-splice algorithm64. During mutation a cluster is selected and a new cluster is
generated by randomly displacing the atoms in the cluster in random directions by a
distance that ranges from zero to 1.5Å. The new structure is locally relaxed using
Broyden–Fletcher–Goldfarb–Shanno (BFGS)65 to the nearest local minimum on the
combined objective function and the population is updated so that it always contains
the 20 best unique structures. The loop is repeated until 2000 structures have been tested.
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Figure 4.10. Left: GA convergence of the best scoring candidates for three independent
runs. Right: Distribution of the potential energy U versus image fit χ2 for 2000
candidates tested in a GA run. The red curve represents the Pareto front, showing the
objective values that give the best trade-off between the two terms.

Figure 4.10(a) shows the convergence behavior of three independent GA runs. The
curves represent the evolution of the best-scoring candidate. Figure 4.10(b) shows the
energy versus image fit distribution of the obtained local minima. The red curve shows
Pareto front66. For every point on this curve, one can improve neither of its objectives
without degrading the other.

4.3.3 Density Functional Theory Calculations

Both GOUST and GA optimization methods provide a set of structures that have low
values of the objective function and are thereby candidates for describing the atomic
structure of the cluster. After performing either optimization method, selected structures
are further optimized using DFT. However, to maintain a good fit to the experimental
AC-STEM image, the structures are first optimized with EMT by gradually decreasing
the weight ω .

First, a local minimization of the objective function is carried out with a weight parame-
ter of ω =100eV regardless of the value of ω used in the optimization procedure. The
optimization is repeated for smaller and smaller weight down to ω =50eV. At this
point, the EMT part of the objective function is replaced by a DFT calculation to get a
more accurate estimate of the energy, and a minimization carried out with ω =50eV.
In this way, the energy of a cluster is gradually reduced while maintaining some level
of fit to the experimental image. Finally, the contribution of the AC-STEM image in
the objective function is turned off, ω = 0eV, and the DFT energy minimized until
the magnitude of the atomic forces drops below 0.01eVÅ

−1
. Since DFT calculations

involve significant computational effort, only the best 25 structures are selected for this
final minimization. The relaxation is performed carefully using a small step size to
ensure convergence to the nearest local minimum.
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4.4 Image Comparison

The DFT calculations are performed using the PBEsol67 functional approximation,
and a plane-wave basis set with a kinetic energy cutoff of 250eV. The choice of this
functional was motivated by recent studies that found PBEsol to be more accurate than
other generalized gradient approximation (GGA) (GGA) functionals for calculating
the surface energies of metal clusters.68,69 The calculations are performed in a cubic
simulation box of side length 25Å. Gaussian smearing is used with a width of 0.1eV.
Spin polarization is not included. The Vienna ab initio simulation package (VASP)70 is
used in the DFT calculations.70

4.4 Image Comparison

Figure 4.11 shows a set of simulated images (S1-S5) for the experimental AC-STEM
image shown in fig. 4.7. In almost all cases, the main features within the simulated
and experimental image are in good agreement. The bright feature in the lower left
region and bright ring surrounding it is well reproduced, with S4 having the best fit to
the experimental image. Nevertheless, some imperfections can be seen as well, and
most of the discrepancies appear to be on the right side of the obtained structures. A
close comparison between S1 and the experimental image in Fig. 4.11 shows some
inconsistencies in intensity distribution at the edges of the image even though the value
of χ2 is relatively low, only slightly higher than for S4. The simulated image has peaks
in the intensity along the edge of the image consistent with the presence of atoms.
But the intensity is more diffuse in the experimental image. This diffuse appearance
of the experimental image might be attributed to the enhanced thermal vibrations of
surface atoms. Structural fluctuations of small gold clusters during AC-STEM image
acquisition have been noted in the literature.20,71,72.

(S1) (S2) (S3) (S4) (S5)

Figure 4.11. Best fit structures and the corresponding calculated images obtained for
the experimental image shown in fig. 4.8.
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4 Application to AC-STEM Images

4.5 Energy Comparison

Table 4.2 shows the relative energy of various Au55 cluster structures obtained in
the calculations. For the sake of comparison, the table also gives results for the high-
symmetry Au55 clusters such as the icosahedral, decahedral and cuboctahedral structures
as well as configurations originating from energy minimization using Gupta function,
EMT function and DFT based tight binding (DFTB)73 followed by relaxation at the
DFT/PBEsol level of theory. The relaxation is performed carefully using a small
step size to ensure convergence to the nearest local minimum. There are only minor
changes in the structures obtained with Gupta, EMT, and DFTB, and virtually no
structural changes in the highly symmetry structures. As one might expect, there is
a large difference in the energy of the various clusters. The optimal structure found
by Garzón et al.17 using the Gupta potential has the ninth highest energy of 0.51eV
above the lowest energy structure. The slightly distorted FCC-type structure predicted
by the EMT potential function is much higher, 1.1eV. The symmetric icosahedral
(Ico), Ino-decahedral (Dec) and cuboctahedral (Cub) configurations are the least stable
structures. The difference in the energy of the isomers found here from the fit to the
AC-STEM image is less than 0.75eV, with the exception of S4, and the energy barriers
between most of them are small as shown in ??. As mentioned above, the small energy
barriers between the isomers may be overcome by thermal activation and lead to the
superposition of different isomers during AC-STEM imaging. This could account for
smearing of the experimental image, especially around the edges of the cluster.

Table 4.2. Energy (eV) obtained with DFT/PBEsol of the Au55 structures generated
relative to the most stable one, S11.

Structure ∆E

S11 0.000
S10 0.021
S2 0.099
S7 0.118
S6 0.156
S8 0.178

Structure ∆E

S9 0.322
S5 0.415

GAR 0.514
S3 0.681
S1 0.713

DFTB 0.865

Structure ∆E

EMT 1.121
S4 1.642

ICO 1.711
DEC 2.592
CUB 3.310

4.6 Coordination Number Analysis

The coordination numbers of the obtained clusters are presented in table 4.3. A cutoff
distance of 3.4Å is used to define neighboring (i.e. ‘bonded’) atoms. Most of the clusters
show pronounced peaks for coordination numbers 12, 8, 7, and 6. The exception is S10,
the one with lowest DFT/PBEsol energy, which has a peak at a coordination number of
11 (the same is true for the similar S11 structure). The Garzón structure differs from the
clusters obtained from the AC-STEM fitting in that it has higher coordination numbers,
in particular three atoms with a coordination number of 13. The lower coordination
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4.7 Common Neighbor Analysis

numbers of structures obtained here by fitting the AC-STEM image, and even more
so the lowest DFT/PBEsol energy structures, show that they are less compact than the
Garzón structure.

Table 4.3. Coordination numbers for the structures that give best fit to the AC-STEM
image, as well as the Garzón structure and the three symmetric structures after local
minimization with DFT/PBEsol.

S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 GAR CUB ICO DEC

4 0 0 0 1 0 0 0 0 0 0 0 0 0 0 0
5 0 6 2 3 5 4 2 3 3 5 5 1 12 0 10
6 15 10 20 10 9 10 15 13 10 11 11 14 0 12 7
7 12 20 12 15 15 15 10 13 22 16 17 12 24 0 10
8 17 8 7 17 16 16 17 16 10 12 11 17 6 30 15
9 1 3 4 0 1 1 1 1 2 3 3 1 0 0 0
10 0 4 4 2 1 1 0 0 1 0 0 0 0 0 0
11 3 1 3 1 1 2 2 3 4 5 6 3 0 0 0
12 7 3 2 5 7 4 7 6 2 2 1 4 13 13 13
13 0 0 1 1 0 2 1 0 1 1 1 3 0 0 0
Avg 7.9 7.4 7.6 7.7 7.8 7.8 7.9 7.8 7.6 7.6 7.6 8 7.9 8.5 8.0

4.7 Common Neighbor Analysis

The CNA method characterizes the local environment of pairs of atoms by a set of three
integer indices. The first one denotes the number of atoms that are neighbors of both
atoms in the pair, the second index is the total number of bonds between the common
neighbors, and the third index is the number of bonds in the longest continuous chain
of bonds between the common neighbors. Additional information about CNA can be
found in refs74–77.

Table 4.4. Relative abundance of selected CNA pairs(in %) for the structures that gives
the best fit to the AC-STEM image. For comparison, the CNA pairs for Garzón,
icosahedron, EMT, cuboctahedron and Ino-decahedron locally minimized with
DFT/PBEsol are also given. Indices with small relative abundance, such as 444, are
ignored.

Pairs S1 S2 S3 S4 S5 S6 S7 S8 S9 S10 S11 GAR ICO CUB

211 3 3 9 3 4 2 5 1 2 2 3 4 – 33
311 31 26 28 31 31 30 29 31 29 27 26 27 26 11
322 24 22 12 21 17 22 19 20 25 21 21 24 26 –
421 2 1 6 4 0 2 3 1 0 3 3 3 – 56
422 17 7 6 14 13 16 21 17 7 11 7 21 38 –
433 6 4 9 4 8 4 4 4 9 6 8 4 – –
544 2 2 3 3 4 2 3 2 2 2 3 2 – –
555 4 3 0 2 2 3 4 3 3 3 2 4 10 –
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4 Application to AC-STEM Images

Table 4.4 shows the relative abundance of bonded pairs with the most common CNA
indices for the cluster structures that give best agreement with the AC-STEM. The
CNA signature can, in particular, be used to distinguish between the local ordering
in a crystal, as in the cuboctahedral structure, and the non-crystallographic, five-fold
symmetry icosahedral structure. A distinction between the two can be made by looking
at the numbers of pairs of type 421, 422 and 555, as can be seen from the table. The
main difference between these structures is that pairs of type 421 that are abundant in
the cuboctahedral structure, are not present in the icosahedral structure. On the contrary,
pairs of type 555 and 422, which are abundant in the 55 atom icosahedral structure,
are not present in the cuboctahedral structure. The Ino-decahedral cluster has slightly
more 422 pairs than 421 pairs, due to local hexagonal close pack (HCP) ordering at the
stacking faults.

Figure 4.12. Au55 structures with atoms colored according to the three important CNA
pairs: 421, 422 and 555. The structures from left to right are icosahedal,
cuboctahedral, Ino-decahedral, the Garzón structure and S11 respectively. Blue atoms
are involved in 421 pairs, yellow atoms are involved in 422 and 555 pairs, magenta
atoms are involved in 421 and 422 pairs (a characteristic of local hexagonal close pack
ordering, HCP). Red atoms are characteristic of local FCC ordering, where 421 pairs
are formed but not 422 pairs. White atoms are involved in all three types of pairs, 421,
422 and 555 and gray atoms are not involved in any of those three.

To illustrate the CNA analysis further, fig. 4.12 shows color-coded configurations of
the icosahedral, cuboctahedral, ino-decahedral and S10 structures. Even though the
S10 structure appears to be highly disordered, it presents mostly an icosahedral- like
structure with just a couple of atoms containing pairs related to the local FCC ordering.
Every atom in the cuboctahedral structure has at least one 421 bonded pair and no 422
or 555 pairs. Every atom in the icosahedral structure has at least one 422 and one 555
pair but no 421. In the S10 structure, the majority of atoms have at least one 422 and
one 555 pair but some atoms are involved in 421 pairs. These three types of pairs, 421,
422 and 555, can be used to classify the local atomic ordering in the core of the cluster,
while some of the outer shell atoms are not involved in any of these pairs but rather
lower CNA index pairs.
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4.8 Minimum Energy Path Calculations

4.8 Minimum Energy Path Calculations

To explore the energy landscape between the optimal structures (S1-S5), they were
ordered according to the average distance between the atoms. Then, using the climbing
image nudge elastic band (CI-NEB)(CI-NEB) method,78,79 the MEP between each pair
of structures was calculated using the PBEsol functional. Structures with the lowest
energy in the minimum energy paths were further relaxed, leading to new local minima
(S6-S11), as can be seen in fig. 4.13. A remarkable feature of the energy landscape is
that adjacent local minima show large differences in the simulated images, indicating
significant structural changes occur as the system hops over a single, low energy barrier.
This can be observed from the CNA color-code in fig. 4.13.

S1

S7

S9

S5

S10

S11

S4

S2

S3

S6
S8

Figure 4.13. Minimum energy path (MEP) between the five structures (S1-S5) deducted
from the AC-STEM image. Each blue dot corresponds to an image in an NEB
calculation and each new local minimum found in the NEB calculations has the
corresponding simulated AC-STEM image of the structure below (S6-S11). For
comparison, the experimental AC-STEM image is located above the graph. The same
colorcode is used as in fig. 4.12

The structural changes occur due to concerted displacement of a large number of atoms
and without rotation. The RMSD between structures S5 and S8 is around 0.5Å, and
the energy required to go from S5 to S9 is 0.165eV, which means that these kinds of
fluctuations are most likely taking place during the atomic imaging process. Further
analysis shows that the atoms that move the most during the transition are located almost
exclusively on the right hand side of the cluster, which is where the simulated images
differ the most with respect to each other and the experimental one. Here we see that
the structural fluctuations observed in experiments could in fact be due to concerted
change in the relative position of the atoms rather than rotation.
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5 Image Matching using Local Features
Image matching is important in computer vision and image processing. The standard
method for the recognition of nanostructures from AC-STEM images is mainly based
on visual comparison with a pre-calculated catalog of simulated images over a range of
orientations. While this type of analysis is in many ways good enough to distinguish
ordered structures such as the cuboctahedra, icosahedra, and decahedra, these ideal
structure motifs do not apply in all cases, in particular for small clusters such as Au55
where the atomic ordering is less regular.

In recent years, some efforts have been made to develop computational methods for the
analysis of AC-STEM images52. Most of these methods rely on minimizing the mean
squared error (MSE) between the experimental image and a simulated one. The MSE is
simple to calculate, but in many instances, it provides an inaccurate representation of the
image’s quality. This suggests the necessity for more robust, powerful, and automated
analysis tools for identifying nanoparticles in a more efficient and faster way.

The method described in this chapter provides a quantitative measure that more closely
corresponds to a visual assessment of image similarity. The method uses the Speeded up
Robust Features (SURF) algorithm to detect points of interest, also called keypoints or
features80. Feature detection aims to enable computers to match images by recognizing
similar objects between them using a series of algorithms. The method is demonstrated
on an experimentally measured AC-STEM image of Au55 nanocluster and compared
with other image similarity measures commonly used in the literature.

5.1 Integral Image

Much of the performance increase in SURF algorithm can be attributed to the use of an
intermediate image representation known as the integral image81. The integral image
is a technique for quickly and efficiently calculating the sum of pixels in a rectangular
subregion of an image82. The value at any point (k, l) in the integral image I′ is the sum
of all the pixels in the input image I above and to the left of (k, l), inclusive.

I′kl =
k

∑
i=0

l

∑
j=0

Ii j (15)

Once the integral image has been computed, evaluating the sum of intensities of the
original image over any rectangular region requires exactly three operations regardless
of the size of the region. If we consider a rectangle bounded by vertices A = (i0, j0),

29



5 Image Matching using Local Features

5 + 9 + 8 + 8 + 7 + 7 + 6 + 5 + 4 = 59

3 5 4 4 8 8

6 0 6 5 4 3
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5 4 5 9 8 7

4 2 5 3 1 0

6 6 8 8 6 8

18 − 49 − 34 + 124 = 59

25 42 78 114 148 178

22 34 66 98 124 146

16 28 54 81 103 122

15 27 45 65 80 95

10 18 31 42 49 57

6 12 20 28 34 42

Figure 5.14. The integral image. Left: A simple input image I with randomly generated
pixel values. Center: The computed integral image I′. Each coloured spot in I′

highlights the sum inside the rectangle of that colour in I. Right: Only 3 operations and
4 memory accesses are required to calculate the sum of intensities over a rectangular
region using the integral image.

B = (i0, j1), C = (i1, j0) and D = (i1, j1), as in fig. 5.14, the sum of pixel intensities is
calculated by:

i1

∑
i=i0

j1

∑
j= j0

Ii j = I′A− I′B− I′C + I′D (16)

Since computation time is independent of the size of the rectangular region, this ap-
proach is particularly useful when large areas are required. SURF makes good use of
this property to perform fast convolutions of varying size box filters at constant time.

5.2 Hessian Detector

The SURF algorithm uses a detector based on the determinant of the Hessian matrix to
find points of interest. The Hessian matrix is a square matrix of second-order partial
derivatives. It describes the local curvature of a function of many variables. Given
differentiable real function f of two variables, the Hessian matrixH of f at the point
(x,y) is:

H(x,y) =




fxx (x,y) fxy (x,y)

fyx (x,y) fyy (x,y)


 (17)

where fxx, fyy and fxy are the second order partial derivatives of f with respect to x, y,
and xy. The determinant of the Hessian matrixH is calculated by:

D (x,y) = det (H) = fxx (x,y) fyy (x,y)− ( fxy (x,y))
2 (18)

The value of the discriminant can be used to classify the maxima and minima of the
function by using the second derivative test. Since the determinant is the product of
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5.2 Hessian Detector

eigenvalues of the Hessian we can classify the points based on the sign of the result. If
the determinant is negative then the eigenvalues have different signs and hence the point
is not a local extremum; if it is positive then either both eigenvalues are positive or both
are negative and in either case the point is classified as an extremum81.

Applying the same concept to digital images rather than continuous function is a fairly
straightforward task. The continuous variables x and y are replaced by integers and the
function value f (x,y) is replaced by the image pixel intensity I(x,y). The second order
partial derivatives of image are computed by using convolution filters. Accordingly,
the four entries of the Hessian matrixH are calculated by convolving the image with
an appropriate Gaussian kernel. Given a pixel (x,y) in an image I, the Hessian matrix
H(x,y,σ) at (x,y) and scale σ is:

H(x,y,σ) =

(
Lxx(x,y,σ) Lxy(x,y,σ)
Lyx(x,y,σ) Lyy(x,y,σ)

)
, (19)

where Lxx(x,y,σ), Lyy(x,y,σ), and Lxy(x,y,σ) are the convolutions of the second-order
derivatives of Gaussian with the image I at the point (x,y). The Gaussian function in
two dimensions is defined by

G(x,y,σ) =
1

2πσ2 exp

(
−
(
x2 + y2

)

2σ2

)
. (20)

The second-order partial derivatives of the continuous Gaussian function G are calcu-
lated are calculated as:

Gxx (x,y,σ) =
∂ 2G
∂x2 (x,y,σ) =

(
x2−σ2

σ4

)
G(x,y,σ), (21)

Gyy (x,y,σ) =
∂ 2G
∂y2 (x,y,σ) =

(
y2−σ2

σ4

)
G(x,y,σ), (22)

Gxy (x,y,σ) =
∂ 2G
∂x∂y

(x,y,σ) =
xy
σ4 G(x,y,σ). (23)

Figure 5.15. The second order partial derivatives of the Gaussian function in the x, y
and xy-directions, respectively.

The convolution kernels are generated by sampling the continuous second-order deriva-
tive functions in a local area around the central pixel. Since images are stored as a
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5 Image Matching using Local Features

collection of discrete pixels, the Gaussian derivatives need to be discretised and cropped
before the convolution can be performed. The second-order partial derivatives of the
image are produced by convolving the discretised second-order derivative Gaussian
kernels with the image.

The SURF algorithm goes a little further and approximates the convolution kernels with
Box Filter. Figure 5.16 illustrates a visual comparison between between the discretised
and cropped kernels and their box filter counterparts. The weights applied to each of
the box filter sections are kept simple for rapid calculation using integral images. For
the Dxx and Dyy filters, the white regions are weighted with +1 and the black regions are
weighted with -1. For the Dxy filter, the white regions are weighted with a value of +1
and the black regions with a value of -1. In all cases the gray regions are weighted with
a value of 0.

1

1
1

1

11 -2 -2

-1

-1

Figure 5.16. Top: The discretised second order Gaussian derivatives in the x, y and
xy-directions. Convolutions with these filters are referred to as Lxx, Lyy, Lxy. Bottom
row: Corresponding box filter approximations. Convolutions with box filters are
referred to as Dxx, Dyy, Dxy. The grey regions are equal to zero. Images adapted from
ref.80

One big advantage of using the box filter approximation is that, convolution with box
filters can be easily calculated with the help of integral images80. Convolutions with
box filters are denoted by Dxx, Dyy, and Dxy. The determinant of the Hessian matrix of
the image is given by:

det(Happrox(x,y,σ)) = DxxDyy− (ωDxy)
2 (24)

where the weight ω is used to balance the difference in response between the discretised
Gaussian kernels and their box filter approximations.

ω =
|Lxy(1.2)|F |Dxx(9)|F
|Lxx(1.2)|F |Dxy(9)|F

= 0.912 ≈ 0.9, (25)

where |x|F is the Frobenius norm. The determinantHapprox(x,y,σ) is referred to as the

32



5.3 Feature Detection

Hessian response at location (x,y) and scale σ . The maxima of the determinant of the
Hessian matrix yield the interest points for an image.

5.3 Feature Detection

In computer vision, features (also called interest points or keypoints) refer to distinct
local structures found in an image. These features typically take the form of corners,
blobs, edges, junctions, or lines. Feature detection is the process of computing image
information and making local decisions at every pixel to determine whether there is an
image feature of a given type at that point.83. In the SURF approach, interest points are
detected as local maxima of the determinant of Hessian operator applied to the input
image. In order to detect image features using the determinant of Hessian matrix, it is
first necessary to introduce the concept of a scale-space.

5.3.1 Scale-space Representation

The scale-space theory provides a well-founded framework for dealing with image struc-
tures. The motivation for generating a scale-space representation of a given image data
originates from the basic observation that real-world objects are composed of different
structures at different scales. Traditionally, the scale-space is usually realized as an
image pyramid where the input image is repeatedly smoothed with a Gaussian kernel
and subsequently sub-sampled in order to get the next higher level of the pyramid84.
The scale-space in SURF is obtained by up-scaling the filter size rather than iteratively
reducing the image size as illustrated in fig. 5.17.

(a) (b)

S
c
a
le

(c)

Figure 5.17. Graphical representation of scale-space. (a) The traditional approach to
constructing a scale-space. (b) The SURF approach to constructing a scale-space. The
original image is kept unchanged and the filter size is varied. (c) Filter sizes for
different octaves. Images taken from ref.80

The scale space is divided into octaves, where an octave refers to a series of filter
response maps obtained by convolving the same input image with a filter of increasing
size. In SURF, the lowest level of the scale-space is obtained from the output of the
9×9 box filters, corresponding to the second-order Gaussian derivatives with σ = 1.2.
Subsequent layers of the pyramid are obtained by filtering the image with gradually
bigger box filters, while maintaining the same filter layout ratio. This results in filters
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5 Image Matching using Local Features

of size 9×9, 15×15, 21×21, 27×27, · · · . The Gaussian scale associated with each
filter size is approximated as:

σapprox = current filter size×
(

base filter scale
base filter size

)
=

1.2
9
× current filter size. (26)

5.3.2 Interest Point Localisation

The scale-space detection of the local maxima of the determinant of Hessian matrix
produces too many candidate points of interest, some of which are unstable. In order to
select the most salient features from the set of detected local maxima, SURF performs a
detailed analysis of the features to reject the unstable ones. The task of localising the
interest points can be divided into three steps.

I. Thresholding: First the Hessian responses are thresholded such that all values below
the predetermined threshold are discard. A larger value results in fewer, but more salient
interest points, whereas a smaller value results in more numerous but less salient points
of interest.

II. Non-maximal Suppression: After thresholding, images are searched for local
maxima over scale and space using non-maximal suppression. Each pixel in the scale-
space is compared to its 26 neighbours, comprised of the 8 points in the current scale
and the 9 pixels in each of the scales above and below. If the pixel is a local extrema, it
is a potential keypoint. It basically means that the keypoint is best represented in that
scale. Figure 5.18 illustrates the non-maximal suppression step.

III. Interpolation : The final step in localising the points involves interpolating

Figure 5.18. Non-Maximal Suppression. The pixel marked ’X’ is selected as a maxima
if it is greater than the 8 surrounding pixels as well as the 9 pixels above and the 9
pixels below. Image taken from ref.80

the nearby data to accurately determine its position in both space and scale to sub-
pixel accuracy. The interpolation is done using the quadratic Taylor expansion of the
determinant of the Hessian scale-space function, with the candidate keypoint at the
origin85. The Taylor expansion is given by:

H(x) =H+
∂H
∂x

T

x+
1
2

xT ∂ 2H
∂x2 x (27)

whereH and its derivatives are evaluated at the candidate keypoint and x = (x,y,σ) is
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the offset from this point. The interpolated location of the extremum, x̂, is determined
by taking the derivative of this function and setting it to zero such that:

x̂ =−∂ 2H−1

∂x2
∂H
∂x

(28)

If the offset x̂ is larger than 0.5 in any dimension (x, y or σ ), then that’s an indication
that the extremum lies closer to another candidate keypoint. In this case, the candidate
keypoint is changed and the interpolation performed instead about that point. This
procedure is repeated until x̂ is less than 0.5 in all directions or the the number of
predetermined interpolation steps has been exceeded. Those points which do not
converge are dropped from the set of interest points leaving only the most stable and
repeatable86? .

5.4 Feature Description

The goal of a feature descriptor is to provide a robust description of an image features
by describing the intensity distribution of the pixels within the neighbourhood of the
keypoint. The extraction of a SURF descriptor takes place in two steps. The first
step consists of fixing a reproducible orientation based on information from a circular
region around the keypoint. In the second step a square region centered at the keypoint
and aligned to the selected orientation is constructed and the SURF descriptor for that
keypoint is extractd from the square region.

5.4.1 Orientation Assignment

In order to achieve rotational invariance, each detected keypoint is assigned a repro-
ducible orientation. To determine the orientation of a keypoint, horizontal and vertical
Haar wavelet responses of size 4σ are calculated within a circular neighbourhood of
radius 6σ around the keypoint, with σ being the scale at which the interest point was
detected. The specific set of pixels is determined by sampling those from within the
circle using a step size of σ .

Once the wavelet responses have been calculated, they are weighted with a Gaussian
centered at the keypoint. To reduce the impact of remote pixels, the responses are
weighted according to their distance from the keypoint, using a discrete Gaussian kernel,
with a standard deviation equal to 2.5σ . The responses are then represented as vectors
with the horizontal response along the abscissa and the vertical response along the
ordinate. The domimant orientation is estimated by rotating a circle segment covering
an angle of 60◦ around the origin. At each position, the horizontal and vertical responses
within the segment are summed and used to form a new vector as illustrated in fig. 5.19.
The longest such vector overall defines the orientation of the keypoint.

Upright-SURF: For some applications, rotation invariance is not required. The orien-
tation assignment step can therefore be omitted hence providing further performance
increase. This version of SURF is referred to as Upright-SURF or U-SURF and has
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been shown to maintain robustness for image rotations of up to ±15◦.80.

Figure 5.19. SURF Orientation Assignment: As the circule sector of angle π

3 rotates
around the origin the components of the responses are summed to yield the vectors
shown in blue. The largest such vector determines the dominant orientation of the
keypoint. Image taken from ref.80

5.4.2 Descriptor Components

To describe the region around the point, a square window of size 20σ ×20σ , centered
on the keypoint and oriented along the selected orientation is constructed. The square
window is divided into 4×4 subregions each with side length equal to 5σ . For each
subregion, gradients are calculated using horizontal and vertical Haar wavelet responses
of side length 2σ . The gradient responses are regularly sampled, using a step length
equal to σ . Hence, within each subregion gradients are calculated for 25 regularly
distributed sample points. The gradient responses are weighted according to the distance
of the pixel from the interest point. This processing aims at reducing the importance
of distant pixels which are more sensitive to orientation or scale perturbation. It is
worth noting that horizontal and vertical directions are defined in relation to the selected
keypoint orientation found in section 5.4.1. If we refer to the x and y wavelet responses
as dx and dy respectively, then a vector is formed for each subregion as:

v =
(
∑dx, ∑ |dx|, ∑dy, ∑ |dy|

)
(29)

Each subregion contributes four values to the descriptor vector leading to an overall
vector of length 16× 4 = 64. The resulting SURF descriptor is invariant to rotation,
scale, brightness and, after reduction to unit length, contrast.

Extended SURF: For more distinctiveness, SURF feature descriptor has an extended
128 dimension version. The sums of dx and |dx| are computed separately for dy < 0
and dy ≥ 0. Similarly, the sums of dy and |dy| are split up according to the sign of dx ,
thereby doubling the number of features. There each subregion contributes 8 values to
the descriptor. When represented as a vector, this gives SURF feature descriptor with
total 16×8 = 128 dimensions. The extended version has been shown to provide better
distinctiveness of features without adding much computation complexity.
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5.5 Application to AC-STEM Images

5.5 Application to AC-STEM Images

In this section, the SURF algorithm is demonstrated on an experimental AC-STEM
image and a set of simulated images. First, local image features or keypoints are
identified. Then, a descriptor vector is generated for each keypoint, thereby providing a
unique fingerprint to distinguish one keypoint from other keypoints. Finally, keypoint
locations and the descriptor vectors are matched between the images using a Euclidean
distance measure. The implementation of the SURF algorithm in the open-source
computer vision (OpenCV)87 library is used here. Figure 5.20 shows the experimental

I0 I1 I2 I3

S1 S2 S3 S4

S5 S7 S10 GAR

EMT DEC ICO CUB

Figure 5.20. Comparison of simulated images of Au55 with an experimental image, I0.
Images I1 - I3 are same as the experimental image but corrupted with speckle,
Gaussian and salt-and-pepper noise.

image, I0, and fifteen test images. Images I1-I3 are the same as the experimental
image, but the image has been corrupted with speckle, Gaussian, and salt-and-pepper
noise, respectively. Except for small changes in intensity, the corrupted images are
visually similar to the original image. The Gaussian and speckle noises are sampled
from the normal distribution with zero mean and standard deviation of 0.1. The salt-
and-pepper noise is produced by adding random bright and dark pixels to about 10%
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of the image pixels. It looks noticeably corrupted by the noise. Images S1 - S5 are
simulated from atomic coordinates of Au55 structures shown in fig. 4.11. Images GAR
and EMT are generated from the global minimum structure obtained from the Gupta
potential by Garzón and the global minimum structure obtained from EMT potential
function, respectively. The last three images are generated from ordered Au55 structures
belonging to icosahedral, decahedral, and cuboctahedral structures. They are referred to
as ICO, DEC, and CUB, respectively. They are visually different from the reference
image in content, shape, and brightness and are included here to represent outliers.
All the images have the same size of 160×160 pixels and the same dynamic range of
0-255.

5.5.1 Feature Detection

Figure 5.21 shows detected keypoints for selected images. The radius of each circle
is proportional to the scale at which the keypoint is detected and its color shows the
strength of the determinant of Hessian (DoH) response. In order to cope with noise
and increase stability, the SURF algorithm selects the most salient features by using
a threshold, tH , on the response of the DoH operator. The threshold determines how
large the output from the DoH operator must be in order for a point to be considered
as an interest point. A larger value for tH results in fewer, but more salient keypoints,
whereas a smaller value results in more keypoints, but they may be less informative.
Only features whose DoH response is larger than tH are retained by the detector.

min

max

Figure 5.21. Illustration of SURF interest point detection. Top row: 53, 408, and 54
keypoints are detected for images I0 (left), I3 (middle), and S10 (right), respectively,
with tH = 100. Bottom row: 50, 83 and 49 keypoints are detected for the same images
with tH = 1000.
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It can be observed from the salt-and-paper noise image in fig. 5.21 that most of the key
points that have DoH lower than 1000 correspond to the noise pixels. Keypoints that
have DoH larger than 1000 are mainly located at local intensity maxima, local intensity
minima, corners, or edges of the images.

5.5.2 Feature Description and Matching

After keypoints have been identified and refined, a descriptor is computed for each one.
To match a test image to the reference image, each feature in the reference image is
compared to all features in the test image. For each keypoint in the reference image, the
best three candidates with the lowest descriptor distance are chosen in the test image.
The one with the smallest spatial distance is selected if it lies within 7 pixels from
the reference keypoint. This matching strategy eliminates many of the false matches
without significantly affecting the correct ones. Figure 2 shows examples of feature
matching with and without taking into account the location of the keypoints.

(a) (b)

Figure 5.22. (a) Matches obtained between I0 and S10 by comparing descriptors only.
(b) Matches obtained between the same images by taking the locations of the keypoints
into account.

The feature based image distance (FBID) measure proposed here is a combination of the
descriptor distances ds and spatial distance dp plus a weighted fraction of the number
keypoints for which matches are not found. The new distance measure FBID is defined
as

FBID =
Nk

∑
i
(d p)i (ds)i + γ

Nk−Nm
Nk

(30)

where Nk represent the total number of keypoints in the reference image and Nm represent
the number of keypoints for which correct matches are found. The weight parameter
γ is introduced to balance the two terms of the equation. The descriptor distance ds
between two descriptors D and D′ is calculated as:

ds =

√√√√Nd

∑
i=1

(Di−D′i)
2, (31)

where Nd = 128 denote the number of dimensions of a descriptor. The spatial distance
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dp between the locations (x,y) and (x′,y′) of the two keypoints is calculated as:

d p =

√
(x− x′)2 +(y− y′)2, (32)

Table 5.5 shows the various calculated measures, MSE, SSIM and the FBID, for the
comparison of the 15 test images with the experimental AC-STEM image. For each
measure, the images are ranked based on the calculated value, the lower value of the
measure indicating a better fit. The image with the lowest value was ranked as 1 and the
image with the highest valued ranked as 15. For each measure, image I0 necessarily has
a value of zero since it is the reference image.

Table 5.5. Comparison of the MSE, IMSE, SSIM and FBID measures for matching the
images shown in fig. 5.20 with the experimental AC-STEM image, I0. The same image
labeling as in fig. 5.20 is used here.

MSE SSIM FBID

Images value rank value rank value rank

I0 0.000 0 0.000 0 0.000 0
I1 11.433 2 0.018 1 0.068 1
I2 55.757 15 0.829 15 0.076 2
I3 1.179 1 0.663 14 0.143 3
S1 19.834 4 0.109 4 0.496 7
S2 19.617 3 0.108 3 0.502 8
S3 20.148 5 0.112 6 0.434 5
S4 20.643 8 0.099 2 0.396 4
S5 20.294 6 0.122 7 0.505 9
S7 23.025 14 0.200 12 0.578 11
S10 20.598 7 0.111 5 0.494 6
GAR 22.319 12 0.170 9 0.574 10
EMT 22.327 13 0.149 8 0.603 12
ICO 20.718 9 0.203 13 0.661 14
DEC 20.966 10 0.196 11 0.765 15
CUB 21.769 11 0.184 10 0.606 13

The values obtained for images I1-I3 test how robust the various measures are towards
noise. The speckle, Gaussian and salt-and-pepper noise corrupted images are indeed
found to be the first, second and third closest matches with the FBID. This is reassuring
as it is consistent with the visual similarity of the noisy images with the original. The
MSE measure fails to recognize the similarity of image I2 which includes Gaussian
noise, and the SSIM fails to recognize both image I2 and image I3, the latter having
salt-and-pepper noise. These measures are, therefore, found to be vulnerable to noise.
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The results for ICO, DEC and CUB structures are interesting and particularly important,
as these cluster structures are far from being optimal for Au55 and the corresponding
images are not similar to the experimental image. Nevertheless, the MSE and SSIM
measures indicate a better match for these images than some of the noisy images derived
from the experimental image. The MSE even gives a preference to these images over
images generated from optimized Au55 structures, such as the structure obtained with
the Gupta potential function.

The lowest energy cluster structure according to the EMT potential is completely dif-
ferent from any of the Au55 structures obtained with higher level theoretical methods
and the image calculated from it bears no similarity to the experimental image. This is
essentially a structure characteristic of the face centered cubic ordering of the crystal.
Yet, the SSIM measure indicates a closer match than the Gupta structure. This shows
that the SSIM measure is not reliable. The MSE measure also gives nearly the same
value for the EMT structure as the Gupta structure, showing that it cannot be trusted.

The FBID measure correctly places images for EMT, ICO, DEC and CUB at the bottom
of the list. It, furthermore, gives ranking to the images of low energy Au55 structures
that corresponds well with visual inspection. The image for structure S4 is deemed best
and the image for S3 second best. The cluster with lowest DFT energy, S10 is identified
as the third best. This is reassuring and shows that the FBID measure is providing
numerical ranking that is consistent with visual inspection as well as known quality of
the atomic structures of the clusters.
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6 Conclusion and Outlook
To summarize, a method is presented for performing a systematic analysis of experi-
mental AC-STEM images. The first phase of the method corresponds to the extraction
of (x, y) coordinates of the atoms by placing a Gaussian representing the contribution of
each atom to the image and assigning a z-coordinate using a random number generator
to construct a three-dimensional structure. Local optimization of the structure is carried
out after the placement of each atom using an objective function that combines pixel-
by-pixel fit to the image and approximate energy function to represent the interaction
between the atoms. A simple EMT energy function is used in the objective function to
keep the computational cost low. Even though the lowest energy structure predicted by
the EMT potential is inconsistent with the experimental image, it has turned out to be
adequate as a component in the objective function. It only serves to give a rough esti-
mate of the distance between neighboring atoms and an attraction to ensure a compact
structure.

Before analyzing experimental AC-STEM images, the method is first applied to syn-
thetic images for which the atomic structure is known. Target images are generated
from regular as well as irregular isomers of Au55 nanocluster. Given a two-dimensional
synthetic image of a nancluster, the goal is to extract the three-dimensional structure of
the nanocluster from the image. The method successfully extracted the positions of the
atoms from the corresponding synthetic images even when a significant level of noise is
added to the images.

The method is then applied to an experimental AC-STEM image of Au55. After gener-
ating several trial structures using different random number seeds, global optimization
is carried out using either GOUST or GA. Finally, the optimized structures are relaxed
using electronic structure calculations based on DFT/PBEsol. The lowest energy struc-
ture found here is more stable than the icosahedral as well as the structure found by
Garzó and coworkers. The CNA structural analysis performed reveals that the structures
obtained can be described as “Janus” type clusters, where a part of the structure has the
local icosahedral ordering of the atoms, and the other part has local order characteristic
of a crystal. The latter is also manifested by a flat surface segment corresponding to a
close-packed layer with ten atoms, characteristic of crystalline ordering.

The potential energy surface in the vicinity of the best fit structures is characterized by
calculating the minimum energy path (MEP) connecting the local energy minima. The
MEP calculation reveals several new adjacent local minima, some with lower energy and
a nearly as good fit to the AC-STEM image. Transitions between neighboring structures
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along the minimum energy path can, in some cases, occur readily by thermal activation
and a hop over a single energy barrier typically involves concerted displacement of
several atoms in the cluster. This rearrangement of the atoms can lead to considerable
changes in the simulated AC-STEM images. This could shed light on the rapid struc-
tural fluctuations observed in the AC-STEM experiments. Structural fluctuations during
AC-STEM imaging have been attributed to rotations of the cluster. However, from
the calculations presented here, it is evident that they are more likely due to concerted
displacements of several atoms that may even involve just a single energy barrier. Given
that some of the calculated energy barriers between the structures are small, the corre-
sponding transitions could be fast on the time scale of the experimental measurements,
so the measured images may be a superposition of two or more structures, making a
perfect fit with a single structure impossible.

A simple numerical measure for the goodness of fit generated as a sum over pixel-
by-pixel squared intensity difference turns out to be useful for fine adjustments in the
cluster structure. However, it does not eliminate well enough images that differ strongly
from the target image. In some cases, entirely different images can give a similarly
low value and falsely indicate a good match. A revised measure where the weight
of bright pixels is increased fivefold is found to work better in such cases. A more
robust measure for image similarity is presented. The method is based on a computer
vision algorithm for determining similarity through distinct features extracted from the
images. The application of the method for AC-STEM image analysis is illustrated on an
experimental image of Au55. The method successfully extracts salient features present
in the AC-STEM image and matches them with similar image features in the simulated
ones. However, the function describing the similarity measure is not differentiable, so it
is not easy to optimize atomic structures directly from a comparison with an AC-STEM
image. A practical way forward in that respect may be to develop an improved MSE by
adjusting weights and penalty measures in such a way as to get an agreement with a
ranking from the feature-based method for a set of test images and then use the obtained
improved MSE in structure optimization.

The results obtained from the studies of the Au55 cluster indicate that the method
presented here would be useful in future AC-STEM image analysis. A software will
be developed which allows systematic analysis of AC-STEM of small nanoparticles.
The software can be incorporated with automatic image recognition algorithms, such
as SURF and Scale-invariant Feature Transform (SIFT), to enable easier searching for
a particular nanoparticle structure from a catalog of simulated images. We foresee
that our approach will provide a powerful tool for the analysis of AC-STEM images,
of small nanoclusters in particular, where the structures are less regular, and both the
search of low energy minima and the analysis of the experimental image are especially
challenging.
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Determining the atomic structure of nanoclusters is a challenging task and a critical one for understanding their chemical and physical

properties. Recently, the high resolution aberration corrected scanning transmission electron microscope (AC-STEM) technique has provided

valuable information about such systems, but the analysis of the experimental images has typically been qualitative rather than quantitative. A

method is presented for detailed analsis of AC-STEM images combined with theoretical modelling to extract atomic coordinates. An objective

function formed by a linear combination of a fit to the two-dimensional AC-STEM image plus an estimate of the cluster’s energy for adding

information about the third dimension is used in a global optimization algorithm to extract the atomic coordinates. The method is illustrated by

analyzing model images generated for the Garzón structure of the Au55 cluster, which is a metastable structure for the embedded atom method

(EAM) potential function used here to estimate the total energy. As the method does not rely on the alignment of atom rows in the AC-STEM

image, the partially disordered chiral structure of the Au55 can successfully be determined even when a significant level of noise is added to

the images.
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1. Introduction

Modern chemistry and condensed matter physics is based on knowing the atomic scale structure of the systems
under study. Only after identifying the ordering of the atoms can one reliably assess the various properties such as
chemical reactivity. The relationship between structure and function underpins all modern chemical intuition and
understanding. Heterogeneous catalysis occurs, for example, on the surface of solids and for a long time a serious
hindrance in understanding the catalytic activity was the difficulty in determining the atomic scale structure of solid
surfaces. While it is relatively easy to determine atomic ordering in bulk crystals with X-ray scattering, the surface
layer of atoms, which can have a significantly different atomic composition and structure than the bulk, gives a
too small signal to be ‘visible’. With the advent of the scanning tunneling microscope in the early 1980’s [1], this
problem was largely solved, and since then, there has been an explosion in the study of structure and chemical
reactivity of surfaces and a great leap forward in understanding heterogeneous catalysis.

Nanoscale clusters of atoms have shown remarkable catalytic activity. With modern nanotechnology, it is
possible to prepare such clusters and deposit them in a non-destructive manner on solid surfaces or into porous
solids. It has, for example, been shown that CO oxidation, an important reaction for cleaning exhaust, can occur
readily at below room temperature in the presence of Au nanoclusters deposited on a TiO2 surface if the diameter
of the clusters is in the range of 2–3 nm, corresponding to ca. 103 atoms. For larger as well as smaller clusters, the
catalytic activity per site drops dramatically [2]. This and similar observation on other nanocluster catalysts remain
puzzling. A consensus on the reason for the strong size dependence of the catalytic activity has not been reached.
In other experiments, the catalytic activity of transition metal nanoclusters has been found to depend strongly on
preparation conditions and slight variations in composition [3].

A major obstacle for gaining a better understanding of nanocluster catalysis is the lack of information about the
atomic structure of the clusters. While, for example, gold crystallizes in the face centered cubic (FCC) structure,
small Au clusters can have very different atomic ordering by forming, for example, icosahedral or decahedral
structures with fivefold symmetry (see, for example, Ref. [4]) Various theoretical calculations have addressed this
problem, using mainly empirical potential functions to describe the interaction between the Au atoms, electronic
density functional theory (DFT), or a combinations of both. But, it is extremely hard to search for the optimal
structure of such a cluster even if it contains only ca. 102 atoms. Also, it is not clear whether the current
approaches to describing the atomic interactions are sufficiently accurate for these unusual systems.
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An experimental technique that can provide information about the atomic scale structure of nanoclusters de-
posited on surfaces has been lacking until the recent development of the aberration-corrected scanning transmission
electron microscope (AC-STEM). Based on ideas presented in the late 1990’s [5, 6], the first such instrument was
built in Daresbury in England in 2001 and several such instruments have now been set up at major universities and
research laboratories. Publications describing structural determination of nanoclusters and other nanosized systems
using AC-STEM have appeared in the past decade, see for example Refs. [7–12].

While the AC-STEM experimental equipment and the refinements of the measured images are highly devel-
oped, the analysis of the images in terms of atomic structure of the clusters is still often qualitative. In some
cases, a catalog of calculated images based on ideal cluster structures is generated and the measured images then
compared to the catalog by eye. This type of analysis is in many cases good enough to determine, for example,
which one of the three main categories of structures a measured metallic cluster belongs to: FCC, icosahedra and
decahedra. However, more information could be extracted from the images with a quantitative analysis tool. For
example, in order to understand catalytic properties, it is important to obtain information about the atomic ordering
at the surface of the cluster. The atoms at the surface of a cluster may order in a different way than would be
expected from the ordering in the interior, as is well known for the surfaces of crystals.

In this article, we describe an algorithm that can be used to extract atomic coordinates from an AC-STEM
image. The method is based on a two-step procedure. First, atomic coordinates in the plane of the AC-STEM
image are generated. Then, the image is complemented with an estimate of the energy of the cluster to determine
the three-dimensional structure. The algorithm is applied to an analysis of the Au55 cluster. This is an interesting
test case for two reasons. Firstly, Garzón and coworkers have carried out extensive studies of this cluster using
the Gupta potential and shown that the structure is chiral while being highly disordered [13–15] (see Fig. 2). We
will refer to this as the Garzón structure of Au55. Experimental AC-STEM studies have supported this prediction
as ca. half of the measured images were found to be consistent with the Garzón structure [16]. The other half of
the images were ascribed to higher energy configurations due to thermal energy and electron beam interaction with
the clusters but the atomic coordinates of those configurations were not determined. No high symmetry structures
were observed. The analysis was based on image simulations using multiple scattering calculations [16].

We choose the Au55 cluster as a demonstration for our method because it is more challenging than a structure
where the atoms line up in rows. Furthermore, it is small enough that the globally optimal structure can be found
without too much computational effort. Recently, a method for extracting atomic coordinates from AC-STEM
images was presented, but it relies on the atoms forming rows and cannot be applied to structures such as the
Garzón structure [17]. The estimate of the energy of the cluster is obtained from the embedded atom method
(EAM) potential energy function [18] rather than the Gupta potential because EAM predicts a slightly different
optimal structure than the Garzón structure. This choice reflects the fact that the energy of a cluster can rarely
be calculated to high precision, whether the calculation is based on an empirical potential or DFT. But, when
combined with an AC-STEM image the correct structure should be obtained despite errors in the energy. Fig. 1
shows a comparison of the Garzón structure and the optimal structure predicted by the EAM potential. The average
difference in atomic coordinates is 0.52 Å. The Garzón structure is metastable for the EAM potential function and is
0.1 eV higher in energy than the global minimum on the EAM energy surface. Nevertheless, the method presented
here for analysis of AC-STEM images is able to converge on the atomic coordinates of the Garzón structure even
though it relies on an EAM energy estimate.

2. Methodology

The method for extracting atomic coordinates from an AC-STEM image in combination with an estimate of
the cluster energy is described in this section. Instead of analyzing an experimental AC-STEM image at this stage,
we use for testing and presentation purposes a simulated AC-STEM image for the Garzón structure of the Au55
cluster. We will refer to this as the target image and it is specified by the intensity of pixels in the x–y plane,
Itar(x, y). Following Li et al., we assume each of the N = 55 atoms is the source of a signal described by a
Gaussian [7]:

Itar(x, y) =

N∑

i=1

exp

(−(x− xi)
2 + (y − yi)

2

2σ2

)
, (1)

where xi, yi denotes coordinates of atom i. The width of the Gaussian, σ, is chosen to have the value 0.78 Å as
was deduced by Li et al. from their experimental AC-STEM data on Au nanoclusters [7]. A similar value, 0.8 Å,
was deduced by He et al. [19].

47



Article I

Nanocluster structure deduced from AC-STEM images coupled to theoretical modelling 725

FIG. 1. Comparison of the Garzón structure (the global minimum on the Gupta energy surface)
and the EAM optimal structure (the global minimum on the EAM energy surface). The Garzón
structure has 0.1 eV higher energy than the EAM optimal structure when the energy is evaluated
with the EAM potential. The average difference in the distance between corresponding atoms in
the two structures is 0.52 Å.

FIG. 2. Three different views of the Garzón structure of a Au55 cluster (top), referred to as
viewing angle #1, #2 and #3, and simulated AC-STEM images (bottom). The STEM images
cover an area of 20 Å × 20 Å and the atomic positions are indicated as black crosses.

Simulated AC-STEM images for three different viewing angles are shown in Fig. 2. Various levels of noise are
also added to the images to better emulate experimental data, as described below. The target image is normalized
by summing the intensity of all pixels in the image and then dividing the intensity of each pixel with the sum.

The method for generating atomic coordinates from a target image consists of two stages. First, coordinates of
the atoms in the plane of the image are generated. This will be referred to as the x–y plane. Then, several three-
dimensional structures are created by generating z-coordinates for the atoms and a GA optimization is performed
to minimize an objective function constructed from a weighted sum of the difference between target and simulated
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images plus an estimate of the potential energy of the cluster. The procedure should, in general, be repeated for
different choices of the total number of atoms to find the value that gives best agreement with the target image.
The procedure is described in detail in the following paragraphs.

2.1. Generation of x–y coordinates

The first step is to determine (x, y) coordinates for the atoms in such a way that a simulation image, Isim,
best fits a target image, Itar (in practice an experimentally measured AC-STEM image, but here the target image
is calculated from the Garzón structure in order to have a well-defined test problem).

Each atom, i, located at (xi, yi), makes a contribution to the simulated intensity at a pixel (x, y) given by:

Ia(x, y, xi, yi) =
1

2Nπσ2
exp

(−(x− xi)
2 + (y − yi)

2

2σ2

)
. (2)

The normalization is chosen in such a way that the total intensity of N atoms matches the total intensity of the
target image. A reasonable estimate for the peak width σ is required. This can be obtained by fitting the width
of an isolated feature that is likely to correspond to an isolated atom, or by fitting to the width of a brighter
spot corresponding to a column of atoms, if present. Atoms are assigned (x, y) coordinates in the following way.
The pixel with highest intensity is selected and the first atom placed at this location in the x–y plane. Then, the
contribution of this atom is subtracted from the target intensity. The second atom is placed at the maximum of the
reduced target intensity, Itar(x, y)− Ia(x, y, x1, y1), etc.

After (x, y) coordinates have been assigned to all N atoms, they are refined by minimizing the difference
between the simulated and target images:

Simage =
∑

pixels p

D(xp, yp)
2, (3)

D(xp, yp) =

(
N∑

i=1

Ia(xp, yp, xi, yi)

)
− Itar(xp, yp). (4)

Simage represents the sum over all pixels of the difference squared between the simulated and target images.
The steepest descent displacement vector for each atom that reduces the discrepancy most rapidly is obtained by
differentiating Simage with respect to the atomic coordinates. For example, the x-component of the steepest descent
vector for atom i is:

∂Simage

∂xi
=

∑

pixels p

2D(xp, yp)
∂D(xp, yp)

∂xi
(5)

=
∑

pixels p

2D(xp, yp)
∂Ia(xp, yp, xi, yi)

∂xi
(6)

=
∑

pixels p

2D(xp, yp) Ia(xp, yp, xi, yi)

(
xi − xp
σ2

)
. (7)

A similar expression applies to the y-components of the coordinates of the atoms.

2.2. Addition of z-coordinates

After (x, y) coordinates have been assigned, the task is to generate a best estimate of the z-coordinates. As
an initial estimate, z coordinates are randomly chosen in such a way that the cluster is roughly spherical and no
two atoms are too close together. An improved estimate is then generated by defining an objective function that
includes the energy of the cluster, Epot, plus the difference in simulated and target images. Here, an EAM potential
function constructed by Foiles et al. [18] is used to estimate the energy of the cluster, even though it is known not
to have the Garzón structure as the global minimum on the energy surface. The combined objective function, Z,
is:

Z(r1, r2, ..., rN ) = Epot(r1, r2, ..., rN ) + χSimage(r1, r2, ..., rN ). (8)

The weighting factor χ is required to bring the potential energy and the image difference on a similar scale. We
found it advantageous to start the local minimizations with χ = 0 and to gradually increase this value to χ =
100 eV over the course of the first 50 steps in the local minimization loop.

The potential energy Epot of the nanocluster is estimated using the LAMMPS software [20]. This estimate
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 not possible to assign the z-coordinates. The gradient of the total objective
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FIG. 3. Flowchart of the genetic algorithm used after a population of cluster structures consistent
with the AC-STEM image have been generated.

function then consist of the negative EAM atomic force plus a χ-weighted contribution from the difference in the
images, Simage.

The full set of coordinates of the atoms in the cluster is refined by local minimization of the objective function
(Eq. 8) using the BFGS algorithm [21].

2.3. Genetic algorithm optimization

A global optimization of the atomic coordinates is then carried out by minimizing the objective function,
Eqn. (8), using genetic algorithm (GA) tools [22] implemented in the Atomic Simulation Environment (ASE)
[23, 24]. The outline of the GA used here is shown in Fig. 3. Twenty initial structures are generated as described
in the previous subsection. They all have the same x- and y-coordinates for the atoms and the simulated image
reproduces well the target image, but they differ in the z-coordinates.

The GA loop starts from a population of lowest energy structures that are also sufficiently distinct, as judged
from fingerprint functions (see [25]). New structures are generated either by crossover or mutation (a 25 % mutation
probability was used). The required number of parent structures are drawn from the population with a bias towards
the more stable and less frequently selected structures (as in Ref. [26]). In the case of crossover, the offspring is
produced through standard cut-and-splice pairing of two parent structures [27]. Single-parent mutation can occur
in three different ways, as listed in Table 1. The energy of the resulting structure is subsequently minimized using
the BFGS algorithm until the largest atomic force drops below 10−2 eV/Å. The minimized structure is then added
to the list of candidate structures.

3. Results

Figure 4 shows the convergence behavior of the GA calculations for the three orientations of the Garzón
structure. In all three cases, the Garzón structure is found with near 100 % success rate within 200 GA steps. On

TABLE 1. The various mutation schemes used in the GA optimization.

Mutation Probability Description

Rattle 60 % Randomly displace the atoms with amplitudes

uniformly sampled between 0 and 1.5 Å.

Match 30 % Force the atomic positions to the initial (x, y)

data set after matching using the Hungarian algorithm [28,29].

Squish 10 % Compress the structure along the z direction.
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FIG. 4. Hartke graphs of the GA convergence for the three different viewing angles. The
statistics are gathered on the basis of 64 independent GA runs.The gray histograms show the
distribution of the required number of steps before the Garzón structure is found. The lines
represent the evolution of the best-scoring candidating in the best performing (lowest curve) and
worst performing (highest curve) runs and the average over the 64 runs (middle curve).

average, circa 30 GA steps are required. A small fraction of the GA runs already finds the GM within the initial
population obtained after the first step and random generation of z-coordinates for a near spherical cluster. Such
AC-STEM-assisted GA runs tend to converge at a faster rate than regular GA runs without the first step involving
only the AC-STEM image fitting. When only the potential energy is used as the objective function, we find the
success rate to be only 40 % after 1000 iterations, requiring circa 470 steps on average to find the global minimum
on the EAM surface.

Noise is added to the target AC-STEM image by adding random numbers drawn from a Gaussian distribution
G centered at zero and with a standard deviation proportional to the local intensity:

Inois−tar(x, y) = Itar(x, y) + η, (9)

where η is a Gaussian random variable obtained from the probability distribution given by

G(η, σn) =
1√
2πσ2

n

e−η
2/2σ2

n , (10)

where σn = βItar(x, y).
Three different noise levels were used setting the proportionality constant in the width of the Gaussian, β, to

0.1, 0.2 and 0.5, respectively. The resulting images are shown in Fig. 5. At the highest noise level, β = 0.5, some
pixels acquire negative intensities. The added noise is then adequately reduced by subsequent Wiener filtering [30].
The images obtained after such filtering are also shown in Fig. 5. as well as convergence graphs for GA calculations
employing the filtered images. When comparing to the data in Fig. 4, it can be concluded that using the noisy but
filtered images in the GA optimization only slightly increases the number of steps required to reach convergence.
The bottom panel in Fig. 5 confirms that the GM structures obtained using the filtered images agree closely with
the reference Garzón structure. This indicates that the method is robust with respect to the presence of noise in the
AC-STEM images.

We have also performed tests where the target image is generated from a structure that has been perturbed from
the Garzón structure by adding random displacements in the x and y positions, drawn from a uniform distribution
[0, α[. Such tests effectively correspond to evaluating the relative difficulty of finding an optimal structure which
is not close to a local minimum structure of the potential energy surface. The convergence data obtained for
maximal displacements of α = 0.2 Å, 0.5 Å and 1.0 Å are shown in Fig. 6. It can be noted that the convergence
speed is reduced, but that fair success rates are still achieved even at the large maximal displacement of 1.0 Å.
The corresponding atomic displacements and changes in the simulated AC-STEM image are illustrated in Fig. 6.
We conclude from these tests that it is advisable (though not critically important) to use sufficiently accurate
representations of the potential energy surface, such that the real structure is not too distant from a local minimum
on the potential energy surface.
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FIG. 5. Top: simulated STEM images with added noise levels (top row) and the corresponding
images after Wiener filtering (second row). Center: Hartke graphs showing the convergence of the
corresponding GA calculations (bars and lines as in Fig. 4). Bottom: 2-dimensional projections
of the Garzón structure (gold) and of the results of the GA calculations with the various noise
levels (gray). The latter have been displaced towards the viewer by 0.8 Å to make it easier to
compare the positions in the x–y plane.

4. Discussion

The method presented here for the extraction of atomic coordinates from AC-STEM images supplemented
by a method for estimating the cluster energy does not rely on the presence of distinct atomic rows in the AC-
STEM image. This is in contrast to the approach by Yu et al. [17], where such rows are employed to create the
initial population and to apply specific mutations. A second major difference is that we consistently use the total

52



Article I

730 K. Sukuta, M. Van den Bossche, H. Jónsson

FIG. 6. Top panel: Hartke graphs showing the GA convergence for the three different maximal
perturbations from the Garzón structure, α, in the generation of the target image. The histogram
and lines are of the same kind as in Fig. 4. Bottom panel, center: Overlay of the structural mod-
els of the unperturbed (lighter coloured) and the most strongly perturbed structure (α = 1.0 Å)
(darker coloured). The atomic radii are 1.5 Å, for comparison. Bottom panel, left and right:
simulated AC-STEM images for the unperturbed Garzón structure and most strongly perturbed
structure.

objective function (Eq. 8) throughout the GA run. Yu and coworkers minimize the potential energy during the
local optimization and add the image discrepancy term only as a single-point correction after the optimization.

The tests presented here show that it is possible to successfully use an objective function including both the
potential energy and an image discrepancy term, even when the experimental AC-STEM image is affected by large
noise. The method can be applied to studies of disordered clusters. It should also be able to identify whether the
atoms at the surface of the cluster are ordered in a different way than the atoms in the interior, an important aspect
for the study of catalytic properties.
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Abstract

Aberration-corrected scanning electron mi-
croscopy (AC-STEM) can provide valuable
information on the atomic structure of nan-
oclusters, an essential input for gaining an
understanding of their physical and chemical
properties. A systematic method is presented
here for the extraction of atom coordinates from
an AC-STEM image in a way that is general
enough to be applicable to irregular structures.
The two-dimensional information from the im-
age is complemented with an approximate de-
scription of the atomic interactions so as to
construct a three-dimensional structure and,
at a final stage, the structure is refined using
electron density functional theory (DFT) calcu-
lations. The method is applied to an AC-STEM
image of Au55. 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 character-
istic of 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 confor-
mational changes, showing that such transi-
tions can occur on laboratory timescale even at
room temperature and lead to large changes in
the AC-STEM image. The paths furthermore
reveal additional cluster configurations, some

with lower DFT energy and providing nearly
as good fit to the experimental image.

Keywords

Nanocluster, gold, optimization, atomic struc-
ture, electron microscopy

In the past few decades, the study of small
metallic nano-clusters has been an active field
of research, in part as a result of the numer-
ous applications in optoelectronics, magnetism
and catalysis.1–3 Knowledge of the atomic scale
structure is a prerequisite for gaining a clear
understanding of cluster properties, as is the
case for any form of matter, and can help to
identify possible future applications. Exper-
imental studies of the atomic scale structure
of nanoclusters have, however, been hampered
by lack of appropriate tools. The aberration-
corrected scanning transmission electron micro-
scope (AC-STEM) technique4,5 has recently be-
come a powerful tool for gaining information
about the structure of nanoclusters and has
thereby opened up new territory in nanoclus-
ter research.6–8 The information extracted from
AC-STEM images has, however, so far mainly
been qualitative and analysis techniques are
needed for systematic, quantitative structural
determination.

1
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A great deal of AC-STEM measurements have
been dedicated to the study of gold nanoclus-
ters. The analysis of the experimental im-
ages has mainly involved visual comparison
with pre-calculated images for the three regu-
lar structure motifs, i.e. decahedral, icosahe-
dral and cuboctahedral geometries.6,9–13 While
the basic structure of many clusters has been
identified using this technique, there are also
clusters, such as Au55, where the structure does
not fit any of the standard motifs. This is likely
also going to be the case for many multicompo-
nent clusters. Wang and Palmer14 carried out
an extensive study of Au55, and could relate
about half the images obtained to a prediction
made earlier by Garzón et al.15,16 based on sim-
ulations using an empirical potential function.

While the generation of an AC-STEM image
from an assumed structure is typically carried
out using electron scattering calculations,17 Li
et al.6 have shown that the intensity in exper-
imental images of Aun clusters with n≤1500
increases nearly linearly with the number of
atoms. Furthermore, they showed that images
generated from electron scattering calculations
can be reproduced to good approximation with
a simple superposition of a Gaussian-like contri-
bution from each atom in the cluster. This sim-
plifies greatly the simulation of an AC-STEM
image from an assumed atomic structure. For
a given model for the structure, an approximate
simulation of an AC-STEM image for a Au clus-
ter is, therefore, quite simple.

Finding the stable, low energy structures of a
nanocluster theoretically is, however, a signif-
icant challenge. The number of local minima
on the energy surface is typically large and an
exhaustive exploration is not practical even for
relatively small clusters.18–20 While it may be
easy to find some low lying minima, the search
for the global minimum may be impossible and
it is difficult to know whether it has been found
or remains to be seen. This even applies to cal-
culations using simple, empirical potential func-
tions, which have limited predictive power (as
demonstrated below, but for which the pioneer-
ing work of Garzón et al.on Au55 is a notable
exemption), while the more accurate, but still
typically approximate electronic structure cal-

culations, are limited to even smaller clusters
and less exploration.

Several studies have made use of genetic algo-
rithms (GAs) or other optimization algorithms
combined with empirical potential functions or
electronic structure calculations in order to ob-
tain structures of nanoclusters.21–26 A method
tailored to analysis of AC-STEM data in par-
ticular has been presented by Yu et al.27 who
applied it to a model of a large Au nanoparti-
cle (∼6000 atoms). For such large clusters, the
local ordering of the atoms is the same as in
the crystal and the analysis can be simplified
in terms of positions and intensities of columns
and rows of atoms, as well as surface facets.
However, the structure of smaller Au clusters
can be less regular, increasing the difficulty of
both the search of low energy minima and the
analysis of the experimental image. In fact, it
has been shown recently that the common no-
tion of magic clusters, i.e. cluster that are par-
ticularly stable because they correspond to shell
closings of the ideal structure motifs, does not
hold for Au clusters in the range of 100 to 2000
atoms.28

In this work, a method is presented for the
analysis of AC-STEM images that is applica-
ble in general, to disordered as well as ordered
clusters. An AC-STEM image of a Au55 clus-
ter reported by Wang and Palmer14 is analyzed
using a two phase optimization method based
on an objective function that includes the dis-
crepancy between a simulated and the experi-
mental image as well as an approximate esti-
mate of the energy of the cluster. In this way,
several three-dimensional structures of Au55 are
generated and finally optimized using DFT cal-
culations. Additionally, the minimum energy
path between the various structural candidates
is calculated using DFT to explore further the
potential energy surface of the system, thereby
revealing new local minima on the energy sur-
face and identifying facile transitions between
structures. A brief account of a preliminary
version of the analysis method has been pub-
lished previously.29
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Generation of structures

from an AC-STEM image

Using the results obtained by Li et al.6 showing
that an AC-STEM image of a Au cluster can be
approximated by a superposition of Gaussians,
the intensity at a given pixel can be described as
a linear combination of intensity contributions
from each of the atoms in the cluster. Thus the
intensity at pixel (i, j) can be written as

Iij(x,y,σ)=

N∑

k=1

A exp


−

(
x′i−xk

)2
+
(
y′j−yk

)2

2σ2


,

(1)

where N is the number of atoms in the clus-
ter with coordinates x= (x1, · · · , xN) and y =
(y1, · · · , yN) projected on a plane parallel to the
image, x′ and y′ are the spatial coordinates cor-
responding to the pixels of the image, and σ
and A are the width and height of the Gaus-
sian peaks. The parameter A is obtained by
matching the integrated intensity of N atoms
to the integrated intensity of the experimental
image

A =
1

2πσ2R2N

m∑

i=1

n∑

j=1

I ′ij, (2)

where I ′ is the experimental image, m and n
give the number of rows and columns of pixels
in the image andR is the resolution of the image
in pixels/Å. The unknown parameters of the
model are the atom coordinates and the width
(σ) of the Gaussians. These are estimated by
fitting the simulated image to the AC-STEM
image.

A simple measure of the agreement between a
simulated image and an experimental image can
be obtained as a sum over the squared difference
between the measured (I ′) and calculated (I)
intensity at each pixel

χ2(x,y, σ) =
m∑

i=1

n∑

j=1

(
I ′ij − Iij(x,y, σ)

)2
. (3)

The displacement of the atoms in the model
that reduces the discrepancy between the im-
ages most rapidly can be found analytically
by differentiating χ2, see the Methods section.

With this analytical gradient, the structure op-
timization can be made more efficient. The sim-
ple χ2 measure turns out, however, to be less
than optimal, as shown below.

At this level of approximation, the AC-STEM
image does not give any information about the
z-coordinate of the atoms. Therefore, an ob-
jective function that also includes the energy of
the cluster is included to complement the fit to
the image. An objective function is thus de-
fined as the weighted sum of the pixel-by-pixel
discrepancy and the estimate of the energy of
the cluster as

f(x,y, z, σ) = ωχ2(x,y, σ) + U(x,y, z), (4)

where z = (z1, · · · , zN) corresponds to the z-
coordinates of the atoms, U is the estimated
energy of the cluster and ω is a weight pa-
rameter used to control the relative importance
of the two contributions. The gradient of this
combined objective function then consist of the
gradient of the energy (negative of the atomic
force) plus a weighted contribution from the
gradient of χ2. Setting ω= 0 during optimiza-
tion results in pure energy minimization and
identifies a low energy structure but not a fit
to the AC-STEM image. On the other hand,
setting ω to a large value results in pure image
fitting providing two-dimensional images that
fit the experimental image well, but likely corre-
spond to a high energy structure. Therefore, by
choosing an intermediate value for the weight, a
compromise between image fitting and energy is
struck. The energy is estimated here using the
effective medium theory (EMT) potential func-
tion,30 which works well in the present context
even though the lowest energy structure found
for Au55, is predicted to be entirely different
from the estimate obtained from the analysis
of the AC-STEM image, as shown below. It
is important that the method does not require
a highly accurate estimate of the energy, as it
mainly serves to control the nearest neighbor
distance between the atoms and to provide in-
teratomic attraction to ensure that a compact
cluster model is generated.

The method for generating the atomic co-
ordinates of the nanocluster consists of two

3
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phases. The first phase starts out by locat-
ing local intensity maxima in the AC-STEM
image. The first atom in the model is then
placed at the location of the highest maximum
and its z-coordinate is arbitrarily given a value
of z = 0. The intensity contribution of this
atom is then subtracted from the experimen-
tal image and a second atom is placed at the
location of the maximum in the reduced image.
The z-coordinate of the second atom, and all
subsequent atoms, is generated randomly be-
tween −10 Å and 10 Å while ensuring a mini-
mal interatomic distance of 2.8 Å. A local min-
imization of the combined objective function is
performed with a weight of ω = 1000 eV af-
ter the placement of each atom. This process
is continued until the coordinates of a prede-
fined number, N , of atoms has been assigned.
By repeating this process with different random
number seeds, several three-dimensional atomic
structures are generated with (x, y) coordinates
that almost perfectly fit the AC-STEM image,
but have relatively high energy and are slightly
elongated in the z-direction. They serve as in-
put for a structure optimization procedure in
the second phase. It should be noted that from
the fitting procedure in the first phase, an esti-
mate for the width (σ) of the Gaussians is ob-
tained. This value is kept fixed during the opti-
mization of the structures in the second phase.
Figure 1 shows a comparison between the ex-
perimental image (inset a) and an image ob-
tained by the fitting process described above
(inset b). Horizontal line scans illustrate the ex-
cellent agreement with respect to both the peak
positions and the relative peak intensities.

Optimization of the struc-

tures

An optimization of the atomic coordinates of
the cluster generated in the first phase is car-
ried out by minimizing the combined objective
function given by eq 4 with a smaller value of
the weight on the image, ω. In order to get a
good compromise between the information from
the AC-STEM image and the energy estimate,
a suitable value of ω needs to be determined.
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Figure 1: (a) Experimental AC-STEM from
ref.14 and (b) simulated image of a Au55 clus-
ter after the first phase of the fitting proce-
dure, as well as line scans of the intensity (green
for experimental and broken red for simulated).
At this point the energy of the cluster is high
as the z-coordinate of the atoms has not been
optimized, except for local minimization. The
difference between the two intensity profiles is
shown by the blue dotted curve.

Figure 2 shows the relationship between image
fit and cluster energy for different values of the
weight parameter. When ω is small, the objec-
tive function is dominated by the energy term
and the optimization therefore leads to low en-
ergy structures, but there is not much similarity
between the experimental image and the fit, as
shown in Figure 2 for ω = 0 eV. Conversely,
when ω is large, the simulated image fits well
the experimental image but the resulting clus-
ter structure has relatively high energy and a
rough surface as shown in Figure 2 for ω=1000
eV.

We have used two different methods in the
structure optimization in the second phase.
Given that a value for ω ranging between 100
and 300 eV seems to give a good compromise
between the image fit and the energy, the op-
timizations are carried out for different val-
ues within this range. The two methods used
give roughly the same success rate with similar
computational effort and are briefly described
below, but more details can be found in the
Methods section.
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Figure 2: Relationship between the energy, U ,
of a Au55 cluster and the measure, χ2, of the
fit to an AC-STEM image as a function of the
weight parameter ω (in eV) in Eq. 4. The axis
on the left and the red curve show the energy
given by the EMT potential function, the axis
on the right and the blue curve show the sum
of squared discrepancy, χ2, between the experi-
mental AC-STEM image (shown in figure 1(a))
and a simulated image. Note the large discrep-
ancy in the image generated from the lowest en-
ergy configuration obtained from the EMT po-
tential, where the local ordering is essentially
that of a face centered cubic crystal, but this
approximate interatomic potential still suffices
for the present purposes.

A. Optimization via saddle point
searches

This method is based on finding a new local
minimum on the objective function surface by
driving the system through regions of first or-
der saddle points and then sliding down on
the other side. The method has been referred
to as global optimization using saddle traver-
sals (GOUST).31 For every cluster structure ob-
tained in the first stage, multiple saddle point
searches are performed. The minimum mode
following method is used to converge onto the
saddle points.32,33 Afterwards, a displacement
of the system along the minimum mode at the
saddle point is carried out, followed by mini-
mization to slide down to the adjacent mini-
mum. In this way, the system heads down a
funnel in the combined objective function sur-

face, by hopping over barriers, until a minimum
with the lowest value compared to nearby local
minima has been reached.

B. Optimization using a genetic al-
gorithm

Alternatively, a genetic algorithm (GA) is used,
as is commonly done in nanocluster simula-
tions.27,34–37 New structures are generated from
parent structures by crossover and mutations.
To maintain population diversity and guaran-
tee the survival of the fittest, parent structures
are selected with a bias towards configurations
that give low values of the objective function
and have been less frequently selected.

Both of these optimization methods provide a
set of structures that have low values of the ob-
jective function and are thereby candidates for
describing the atomic structure of the cluster.
After the GOUST or GA optimization, a local
minimization of the objective function is car-
ried out with a weight parameter of ω = 100
eV (regardless of the value of ω used in the
optimization procedure). This is repeated for
smaller and smaller weight down to ω=50 eV.
In this way, the energy of a cluster is gradu-
ally reduced while maintaining some level of a
fit to the experimental AC-STEM image. At
this point, the EMT paart of the objective func-
tion is replaced by a DFT calculation using the
PBEsol functional to get a more accurate esti-
mate of the energy and a minimization carried
out with ω = 50. Since DFT calculations in-
volve significant computational effort, only the
best 25 structures were selected for this final
minimization. Finally, the contribution of the
AC-STEM image in the objective function is
turned off, ω=0 eV, and the DFT energy mini-
mized until the magnitude of the atomic forces

drops below 0.01 eV Å
−1

.

Results and Discussion

Figure 3 shows a set of simulated images (la-
beled S1−S5) obtained by fitting an AC-STEM
image reported by Wang and Palmer.14 The
χ2 value shows the sum of squared pixel in-
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tensity differences between the simulated image
and the experimental one, as defined by Eq. 3.
In most cases, the main features of the experi-
mental image are reproduced, in particular the
bright feature in the lower left region and ring
surrounding it. Structure S4 has the lowest χ2

value. Nevertheless, some shortcomings are also
evident, mostly on the right hand side of the im-
age. The S1 structure, which has only slightly
higher χ2 value, shows some inconsistencies in
intensity distribution at the edges of the image.
The simulated image has distinct peaks in the
intensity along the edge while the experimental
image is more diffuse in this region possibly be-
cause of large thermal vibrations of the surface
atoms. The reason for such discrepancies can
also be transitions between structures during
the imaging. The temperature is raised beyond
room temperature because of heating by the
electron beam, and observations of transitions
during the imaging have been reported.13,14,38

This can make it difficult to obtain close cor-
respondence between any one cluster structure
and an experimental image especially for such a
small and disordered cluster. Considering such
limitations, the agreement between these simu-
lated images and the AC-STEM image can be

χ
2 = 0.038

S1

χ
2 = 0.045

S2
χ

2 = 0.040

S3

χ
2 = 0.032

S4

χ
2 = 0.049

S5

Exp

Figure 3: The AC-STEM image obtained from
ref.14 and simulated images, labeled S1-S5, for
five of the Au55 cluster structures obtained from
the two phase fitting process which concludes
with energy minimization using DFT/PBEsol.
The χ2 value is the sum of squared pixel inten-
sity differences between the AC-STEM image
and the simulated image for each structure.

considered to be adequate.

Minimum Energy Path calcula-
tions

To explore the energy landscape in the vicinity
of the optimal structures (S1 − S5), the mini-
mum energy path connecting the correspond-
ing minima on the DFT/PBEsol energy sur-
face is calculated. The cluster structures are
first ordered according to the average total dis-
tance between the atoms (i.e. the root mean
square displacement, RMSD) and the path be-
tween adjacent pairs then calculated using the
climbing image nudge elastic band (CI-NEB)
method.39? ,40 with atomic forces obtained from
DFT/PBEsol. When points indicating interme-
diate minima are found along the path, those
configurations are further relaxed to the local
minima, thereby revealing new low energy con-
figurations (S6−S11) as can be seen in figure 4.
Interestingly, minimum energy structures that
are adjacent on the path can give quite differ-
ent simulated images, showing that significant
structural changes can take place as the system
hops over a single, low energy barrier.

Table 1 gives the value of the χ2 measure of
the fit to the AC-STEM image for the vari-
ous structures, as well as the cluster structure
with lowest energy found from the EMT poten-
tial function. Remarkably, the image produced
from this EMT predicted structure image ranks
rather high even though it bears no resemblance
to the AC-STEM image. There, the local or-
dering of the atoms corresponds to that of the
FCC crystal. It is, therefore, clear that the χ2

measure of the goodness of fit as defined in eqn.
3 is not sufficiently reliable. This sum over all
pixels can be dominated by regions of the image
that are not revealing about the atomic struc-
ture. To tackle this, a modified measure is de-
fined by increasing the weight of the brighter
pixels in the AC-STEM image. The pixels are
ranked according to the intensity and divided
into two equally large groups, the brighter and
the fainter pixels. A weight parameter is in-
troduced in the pixel-by-pixel discrepancy and
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Figure 4: Minimum energy path between the five optimal Au55 structures (S1 − S5) obtained in
repeated fits of the AC-STEM image. Each blue dot corresponds to a cluster structure (an image)
along the path obtained from the nudged elastic band calculation. New local minima (S6-S11) are
found along the path and the corresponding simulated images are shown below. For comparison,
the AC-STEM image is located above the graph.

equation 3 rewised as

sχ
2(x,y, σ) =

m∑

i=1

n∑

j=1

(
1+gij

)(
I ′ij−Iij(x,y, σ)

)2
,

(5)
where gij = 4 if pixel ij is among the brighter

pixels, otherwise gij = 0.
Table 1 shows how the ranking of the fits

changes by placing higher weight on the
brighter pixels. In addition to the structures
obtained from the image fit, some of the struc-
tures obtained from the minimum energy path
calculation as well as the Garzón structure
(referred to as Gar for short) and the EMT
global minimum (shown in figure 2) are evalu-
ated. With the increased weight on the brighter

pixels, a better ranking of the structures is ob-
tained. The EMT structure is, for example,
ranked lower than the fitted structures. The
Garzón structure, though, still ranks even lower
than the clearly incorrect EMT structure.

It is clear that the χ2 measure can be deceiv-
ing and that increasing the importance of the
brighter pixels in the experimental image, as ex-
pressed in eqn. 5, the ranking is more consistent
with visual inspection (see sχ

2 values in table
1). The values reported in table 1 are obtained
without further reorientation of the structures
(i.e. the same set of structures is evaluated with
the two objective functions). It is important to
find a reliable numerical measure for the fit and
while this increase in the weight of bright pix-
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Table 1: Ordering of selected structures using
the sum of squared pixel-by-pixel, χ2, discrep-
ancy defined in eqn. 3 and a revised version
where the brighter half of the pixels in the ex-
perimental image contribute five times more to
the sum than the fainter pixels sχ

2, defined in
eqn. 5. By increasing the weight of the brighter
pixels, the numerical measure is more consistent
with a visual inspection, lowering, for example,
the rank of the image generated from the EMT
lowest energy structure.

χ2 Structure sχ
2 Structure

0.032 S4 0.232 S4
0.038 S1 0.285 S1
0.040 S3 0.305 S3
0.043 EMT 0.311 S5
0.045 S2 0.316 S10
0.046 S10 0.393 S2
0.049 S5 0.441 EMT
0.060 S7 0.591 GAR
0.075 Gar 0.702 S7

els clearly is a step in the right direction, more
work on this is needed, possibly making use of
techniques developed in signal processing and
related fields. One advantage of the χ2 and sχ

2

measures is that they are differentiable so the
atom displacements that decrease the discrep-
ancy measure can, therefore, be obtained from
the gradient with respect to the atom coordi-
nates.

As can be seen from figure 4, a large differ-
ence can be seen between images of structures
that are adjacent on the minimum energy path,
i.e. separated by a single energy barrier. This
occurs because of a concerted displacement of
a large number of atoms. Note that overall ro-
tation of the cluster is suppressed in the calcu-
lations as the RT-NEB algorithm was used.41

To illustrate this, figure 5 shows the atomic
displacement that take place when S5 trans-
forms to S9. The RMSD between these struc-
tures is around 0.5 Å, and the energy barrier
that needs to be surmounted is only 0.17 eV,
which means that these kinds of fluctuations
can occur frequently during the time scale of

an AC-STEM measurement. Figure 5 shows
a superposition of the S5 structure overlapped
with the S9 structure and the displacement of
each atom between the two is marked. Further
analysis shows that the atoms moving most dur-
ing the transition are located almost exclusively
on the right hand side of the cluster, which is
where the simulated images differ most from
each other and from the AC-STEM image, as
noted above.

In the experimental study of Wang and
Palmer, a time series is reported where the AC-
STEM image changes strongly with time and
this was ascribed to rotations of the cluster.14

There, each experimental image was matched
as closely as possible to the structure predicted
by Garzón et al. by rotating the cluster in small
steps and visually comparing the simulated im-
age to the experimental one. The results pre-
sented here from the minimum energy path cal-
culation show that the structural fluctuations
observed in the experiments may in fact be due
to concerted change in the relative position of
the atoms as the system undergoes a thermally
activated structural transition, even a hop over
just a single energy barrier, rather than rotation

Figure 5: Transition between S5 and S9 struc-
tures of the Au55 cluster. Top: Simulated
images as well as the activation energy and
the root-mean-square displacement between the
structures. Bottom: A superposition of the
atomic structures of S5 (blue) and S9 (green).
Black lines connect initial and final positions of
each atom.
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of the cluster.
Table 2 gives the relative energy of vari-

ous cluster structures obtained in the calcula-
tions. For the sake of comparison, the table
also gives results for the high-symmetry Au55

clusters such as the icosahedral, decahedral and
cuboctahedral structures as well as configura-
tions originating from energy minimization us-
ing Gupta function, EMT function and DFT
based tight binding (DFTB)42 followed by re-
laxation at the DFT/PBEsol level of theory.
The relaxation is performed carefully using a
small step size to ensure convergence to the
nearest local minimum. There are only minor
changes in the structures obtained with Gupta,
EMT, and DFTB, and virtually no structural
changes in the highly symmetry structures. (In-
formation on the changes in the atomic coor-
dinates during the DFT/PBEsol minimization
can be found in the Supporting Information.)

As one might expect, there is a large differ-
ence in the energy of the various clusters. The
optimal structure found by Garzón et al.16 us-
ing the Gupta potential has the ninth highest
energy of 0.51 eV above the lowest energy struc-
ture. The slightly distorted FCC-type struc-
ture predicted by the EMT potential function
is much higher, 1.1 eV. The symmetric icosa-
hedral (Ico), Ino-decahedral (Dec) and cuboc-
tahedral (Cub) configurations are the least sta-
ble structures. The difference in the energy of
the isomers found here from the fit to the AC-
STEM image is less than 0.75 eV, with the ex-
ception of S4, and the energy barriers between
most of them are small. As mentioned above,
the small energy barriers between the isomers

Table 2: Energy (eV) obtained with
DFT/PBEsol of the Au55 structures gen-
erated relative to the most stable one, S11.
The energy difference between S10 and S11 is
insignificant.

Structure ∆E Structure ∆E Structure ∆E
S11 0.00 S9 0.32 EMT 1.12
S10 0.02 S5 0.41 S4 1.64
S2 0.10 Gar 0.51 Ico 1.71
S7 0.12 S3 0.68 Dec 2.59
S6 0.16 S1 0.71 Cub 3.31
S8 0.18 DFTB 0.87

may be overcome by thermal activation and
lead to the superposition of different isomers
during AC-STEM imaging. This could account
for smearing of the experimental image, espe-
cially around the edges of the cluster.

Structural Analysis

To examine the atomic ordering of the clus-
ters, the coordination number of the atoms is
calculated and the local environment of pairs
of atoms classified using the common neigh-
bor analysis (CNA). Also, the electronic density
obtained from the DFT/PBEsol calculations is
analyzed. More details about the analyses can
be found in the Methods section.

Coordination Numbers

The coordination numbers of atoms in the five
cluster structures that best agree with the AC-
STEM image according to the sχ

2 measure (see
table 1) are presented in figure 6. A cutoff dis-
tance of 3.3 Å is used to define neighboring (i.e.
‘bonded’) atoms. A similar analysis for other
clusters is presented in the Supporting Infor-
mation. Most of the clusters show pronounced
peaks for coordination numbers 12, 8, 7, and
6. The exception is S10, the one with lowest
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Figure 6: Top: Coordination numbers for the
five structures that give best fit to the AC-
STEM image according to the sχ

2 measure (see
table 1), as well as the Garzón structure (after
local minimization with DFT/PBEsol). Ver-
tical axis shows number of atoms found with
each coordination number. The cutoff distance
for classifying atoms as neighbors (‘bonded’) is
3.3 Å.
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DFT/PBEsol energy, which has a peak at a co-
ordination number of 11 (the same is true for
the similar S11 structure). The Garzón struc-
ture differs from the clusters obtained from the
AC-STEM fitting in that it has higher coordina-
tion numbers, in particular three atoms with a
coordination number of 13. The lower coordina-
tion numbers of structures obtained here by fit-
ting the AC-STEM image, and even more so the
lowest DFT/PBEsol energy structures, show
that they are less compact than the Garzón
structure.

Common Neighbor Analysis

The CNA method characterizes the local en-
vironment of pairs of atoms by a set of three
integer indices. The first one denotes the num-
ber of atoms that are neighbors of both atoms
in the pair, the second index is the total num-
ber of bonds between the common neighbors,
and the third index is the number of bonds in
the longest continuous chain of bonds between
the common neighbors. Additional information
about CNA can be found in refs.43–45

Table 3 shows the relative abundance bonded
pairs with the most common CNA indices for
the five cluster structures that give best agree-
ment with the AC-STEM image according to
the sχ

2 measure (see table 1). Data on addi-
tional structures is provided in the Support-
ing Information. The CNA signature can, in
particular, be used to distinguish between the
local ordering in a crystal, as in the cubocta-
hedral structure, and the non-crystallographic,
five-fold symmetry icosahedral structure. A dis-
tinction between the two can be made by look-
ing at the numbers of pairs of type 421, 422 and
555, as can be seen from the table. The main
difference between these structures is that pairs
of type 421 that are abundant in the cubocta-
hedral structure, are not present in the icosahe-
dral structure. On the contrary, pairs of type
555 and 422, which are abundant in the 55 atom
icosahedral structure, are not present in the
cuboctahedral structure. The Ino-decahedral
cluster has slightly more 422 pairs than 421
pairs, due to local hexagonal close pack (HCP)
ordering at the stacking faults. Otherwise, it

has similar local ordering as the cuboctahedral
structure. The 544 and 433 pairs are indica-
tive of distorted icosahedral order as they form
when a single bond is broken in the icosahe-
dron. The sum of 555, 544, and 433 pairs in
some of the structures obtained from the fit is
comparable to the number of 555 pairs in the
perfect icosahedron. For example, the sum of
the 555, 544, and 433 pairs for S10 is 10.5%,
similar to the total number of 555 pairs in the
Ico structure, 10.3%. With this information,
it becomes clear that the cluster structures ob-
tained here from the AC-STEM image mainly
have pairs that are typical of icosahedral order-
ing. Nevertheless, there is also a significant but
smaller number of 421 pairs indicative of local
FCC-type ordering of the atoms.

Figure 7 shows a a histogram of the CNA
pairs. The blue color represents icosahedral
while the red represents local FCC ordering as
in the cuboctahedral structure. The main re-
sult of the CNA is that the Au55 structures
found here from the AC-STEM image have lo-
cal atomic ordering that corresponds mainly to
distorted icosahedral order, but also some that
correspond to local FCC order. The Garzón
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Figure 7: Histograms of various CNA pairs for
selected structures. The color code is chosen
to distinguish between icosahedral local order
(blue) and FCC-type local order (red). CNA
indices with small relative abundance are in-
cluded as ‘others’.
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Table 3: Relative abundance of selected CNA pairs (in %) for the five structures that give best
fit to the AC-STEM image according to the sχ

2 measure (see table 1). For comparison, the CNA
pairs for Garzón, icosahedron, EMT, cuboctahedron and Ino-decahedron locally minimized with
DFT/PBEsol are also given. Indices with small relative abundance, such as 444, are ignored.

CNA index S1 S3 S4 S5 S10 Gar Ico EMT Cub Dec

211 3 9 3 4 2 4 0 9 33 18
311 31 28 31 31 27 27 26 37 11 14
322 24 12 21 17 21 24 26 0 0 9
421 2 6 4 1 3 3 0 44 56 23
422 17 6 14 13 11 21 38 0 0 30
433 6 9 4 8 6 4 0 0 0 0
544 2 3 3 4 2 2 0 0 0 0
555 3 1 2 2 3 4 10 0 0 2

(b)(a) (c)

Figure 8: Au55 structures with atoms colored
according to the three critical CNA pairs: 421,
422 and 555. (a) cuboctahedral (Cub), (b)
Icosahedral (Ico) and (c) S10 structure. Blue
atoms are involved in 421 pairs, yellow atoms
are involved in 422 and 555 pairs, magenta
atoms are involved in 421 and 422 pairs (a char-
acteristic of local hexagonal close pack order-
ing, HCP). Red atoms are characteristic of local
FCC ordering, where 421 pairs are formed but
not 422 pairs. White atoms are involved in all
three types of pairs, 421, 422 and 555 and gray
atoms are not involved in any of those three.

structure has similar characteristics15 but it has
more icosahedral order than the structures that
best fit the AC-STEM image.

To illustrate this analysis further, figure 8
shows color-coded configurations of the icosahe-
dral, cuboctahedral and S10 structures. Even
though the S10 structure appears to be highly
disordered, it presents mostly an icosahedral-
like structure with just a couple of atoms con-
taining pairs related to the local FCC order-
ing. Every atom in the cuboctahedral structure

Figure 9: Color coding of the atoms in the Au55

structures S1 − S11 according to the local en-
vironment characterized by the three critical
CNA pairs as in figure 8. The minimum energy
path connecting the structures is also shown (as
in figure 4). Local energy minima and saddle
points are represented by black and white cir-
cles, respectively.

has at least one 421 bonded pair and no 422 or
555 pairs. Every atom in the icosahedral struc-
ture has at least one 422 and one 555 pair but
no 421. In the S10 structure, the majority of
atoms have at least one 422 and one 555 pair
but some atoms are involved in 421 pairs. These
three types of pairs, 421, 422 and 555, can be
used to classify the local atomic ordering in the
core of the cluster, while some of the outer shell
atoms are not involved in any of these pairs but
rather lower CNA index pairs.

The evolution of the local atomic ordering
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along the minimum energy path connecting
structures S1 − S11 is shown in figure 9. The
color scheme is the same as in figure 8, based on
the three types of pairs that best describe the
type of local ordering (i.e. 421, 422 and 555).
Structures S1, S7, S8 and S9 in figure 9 are pre-
dominantly yellow, indicating local icosahedral
ordering. Again, it can be seen how different
two structures can be even if they are separated
by only a single low energy barrier. This shows
that a transition involving a hop over a single
energy barrier changes the local environment of
several atoms. The structures obtained for the
Au55 cluster can be described as ‘Janus’ struc-
tures in that they have a part that corresponds
to icosahedral structure and another part that
exhibits local order characteristic of the FCC
crystal.

(a) (b)

(c)

Figure 10: Electron density isosurface shown in
(a) and (c) in red for S10 and Garzón struc-
tures, resp. The isosurface level rendered is 0.1
e Å−3. This highlights cavities in the electron
density between the core of the cluster and the
surface shell. In (b) and (d) the the atoms form-
ing a flat surface facet in the S10 structure are
colored in dark red. The two figures correspond
to different viewing angle.

Electronic density

The DFT/PBEsol calculations also give valu-
able information about the electronic structure
of the cluster. A surprising feature is that the
electron density shows regions of low density
in between the surface layer of atoms and the
inner core of the cluster. This is particularly
notable for the lowest energy structures, such
as S10 as shown figure 10(a). The presence
of such cavities has been previously noted and
discussed in terms of compaction of the surface
layer.42 A more detailed inspection shows that
out of the three largest cavities in the struc-
ture, two of them are below a flat facet of the
cluster. Figure 10(b) shows S10 with a view di-
rectly on this flat facet where the atoms consti-
tuting it have been highlighted. The atoms are
arranged as in a close packed layer,indicating
local ordering analogous to that in the FCC
crystal. While such cavities in the electronic
density are also present in the DFT/PBEsol
relaxed Garzón structure (figure 10(c)), they
are significantly smaller, consistent with a more
compact atom packing. Figure 10(d) shows an
orientation of S10 where the flat facet can be
seen clearly.

Conclusion

To summarize, a method is presented for per-
forming systematic analysis of experimental
AC-STEM images and it is applied to the Au55

cluster to obtain a set of low-energy structures
that fit an AC-STEM image reasonably well. A
more detailed fit may be impossible in this case
as the structure of such a small and disordered
cluster may easily be changing during the mea-
surement. The first phase of the method cor-
responds to the extraction of (x, y) coordinates
of the atoms by placing a Gaussian representing
the contribution of each atom to the image, and
assigning a z-coordinate using a random num-
ber generator to construct a three-dimensional
structure. Local optimization of the structure
is carried out after the placement of each atom
using an objective function that combines pixel-
by-pixel fit to the image and approximate en-
ergy function to represent the interaction be-
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tween the atoms. Then, after generating sev-
eral such trial structures using different random
number seeds, an optimization is carried out
using either GOUST or GA algorithm. A sim-
ple EMT energy function was used in the ob-
jective function to keep the computational cost
low. Even though the lowest energy structure
predicted by the EMT potential is inconsistent
with the experimental image, it has turned out
to be adequate as a component in the objective
function. It only serves to give a rough estimate
of the distance between neighboring atoms and
an attraction to ensure compact structure. Fi-
nally, the optimized structures are relaxed us-
ing electronic structure calculations based on
DFT/PBEsol. A simple numerical measure for
the goodness of fit generated as a sum over
pixel-by-pixel squared intensity difference turns
out be useful for fine adjustments in the cluster
structure, but does not eliminate well enough
images that differ strongly from the target im-
age. A revised measure where the weight of
bright pixels is increased fivefold is found to
work better in such cases.

The potential energy surface in the vicinity of
the best fit structures is characterized by calcu-
lating the minimum energy path connecting the
local energy minima. This reveals the presence
of several new, adjacent local minima, some
with lower energy and nearly as good fit to the
AC-STEM image. Transitions between neigh-
boring structures along the minimum energy
path can in some cases occur readily by thermal
activation and a hop over a single energy bar-
rier typically involves concerted displacement of
several atoms in the cluster. This rearrange-
ment of the atoms can lead to large changes
in the simulated AC-STEM images and could
shed light on the rapid structural fluctuations
observed in the AC-STEM experiments. They
have been attributed to rotations of the clus-
ter, but from the calculations presented here it
is evident that they are more likely due to con-
certed displacements of several atoms that may
even involve a hop over just a single energy bar-
rier. Given that some of the calculated energy
barriers between the structures are small, the
corresponding transitions could be fast on the
time scale of the experimental measurements,

so the measured images may be a superposition
of two or more structures, making a perfect fit
with any one structure impossible in this case.

The CNA structural analysis performed re-
veals that the structures obtained can be de-
scribed as ‘Janus’ type clusters, where a part
of the structure has local icosahedral ordering
of the atoms and the other part has local order
characteristic of the crystal. This is also man-
ifested by a flat surface segment corresponding
to a close-packed layer with 10 atoms, charac-
teristic of crystalline ordering.

Methods

Minimization of the χ2 measure. An im-
portant aspect of the analysis method is sys-
tematic optimization of the atom coordinates
as well as the width parameter in the Gaus-
sian representing the signal originating at an
atom. Using the χ2 measure, the steepest de-
scent direction for reducing the in the discrep-
ancy between a simulated and measured images
can be obtained by differentiating χ2. Using
Iij = Iij(x,y,σ) and χ2 = χ2(x,y,σ) to shorten
the notation, the partial derivative of χ2 with
respect to the x-component of atom k can be
written as

∂χ2

∂xk
= −2

m∑

i=1

n∑

j=1

(
I ′ij − Iij

) ∂Iij
∂xk

, (6)

with

∂Iij
∂xk

=
1

σ2
(
x′i − xk

)
Iij(xk, yk, σ). (7)

Substituting Eq. 7 into Eq. 6 and using I
(k)
ij =

Iij(xk,yk,σ), the x-component of the steepest
descent vector for atom k is

∂χ2

∂xk
= − 2

σ2

m∑

i=1

n∑

j=1

(
I ′ij − Iij

) (
x′i − xk

)
I
(k)
ij . (8)

Similarly, the y-component of the steepest de-
scent vector for atom k is

∂χ2

∂yk
= − 2

σ2

m∑

i=1

n∑

j=1

(
I ′ij − Iij

) (
y′j − yk

)
I
(k)
ij , (9)
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and the σ-component of the gradient vector is

∂χ2

∂σ
=− 2

σ3

m∑

i=1

n∑

j=1

(
I ′ij−Iij

)((
x′i−xk

)2
+
(
y′j−yk

)2)
Iij .

(10)

It is important to note that Iij = Iij(x,y, σ)
in the above equations represents the intensity
from all atoms whereas I

(k)
ij = Iij(xk, yk, σ) rep-

resents the intensity from atom k only.
Preparation of AC-STEM Image. The

experimental AC-STEM image used in this
work is adapted from figure 3(a) in ref.14 Based
on the scale bar presented in the image, a box
of size roughly 2.5 nm by 2.5 nm containing the
cluster is cropped from the image (see Fig 11a).
Although the image had been processed by the
authors to remove noise and enhance image
quality, some noise is still visible in the vicinity
of the cluster, especially around the edges. For
example, small bright spots that are spatially
separated from the main cluster can be seen in
the image, as indicated by red circles in figure
11b. These isolated features and small intensity
patches around the edges are not considered as
part of the cluster and are removed from the
image. In this way, the noise in the image is
significantly reduced as shown in figure 11c.

(c)

2.5 nm

2.
5 

nm

(a) (b)

Figure 11: (a) Experimental AC-STEM image
for Au55 from ref.14 (b) Cropped image. Noise
can be seen in the vicinity of the cluster, as
indicated by red circles. (c) Image used in the
fitting process, with noise removed.

GOUST Algorithm. The method is based
on finding new local minima of the objective
function by identifying first order saddle points
(SPs) on the objective function surface start-
ing from a given local minimum and then slid-
ing down to adjacent local minima on the other
side of the SP. The method is implemented in
the EON software46 and a more detailed expla-
nation of the method can be found in refs.31,47

To minimize the objective function given in Eq.
4, the first step is to perform a local minimiza-
tion starting from some value of the parameters
(i.e. atom coordinates and Gaussian width) so
as to make sure that the search for saddle points
will start from a local minimum. In this and
other energy minimization calculations carried
out here, the velocity projection optimization
(VPO) method48 is first used until the mag-
nitude of atomic forces has dropped below 0.5
eV/Å, and then convergence to 0.01 eV/Å is
reached with the BFGS49,50 method. After a lo-
cal minimum has been reached, a slight change
in the parameter values (atom coordinates and
Gaussian width) is made, as in the adaptive ki-
netic Monte Carlo method.51 The set of new
values serves as a starting point for the SP
searches. A climb up the objective function
surface to a SP is carried out using the mini-
mum mode following method.32,33 After reach-
ing a SP, a displacement along the minimum
mode vector is made followed by a local mini-
mization to get to the adjacent minimum. For
a given local minimum, several SP searches are
carried out in order to find several surrounding
SPs and adjacent minima. Finally, from the
list of local minima found in this way, the one
with the lowest value of the objective function
is selected and a new search for SPs carried out.
The process is repeated until the system reaches
a local minimum of the objective function that
is lower than any of the nearby local minima.
In this way, the system is taken down a funnel
on the objective function surface, but it does
not guarantee that a global minimum has been
reached.
Genetic Algorithm. A genetic algorithm

(GA) implemented in the Atomic Simulation
Environment (ASE)52,53 is used. The start-
ing configurations were generated by the fitting
process in the first phase. During the GA evo-
lution, new structures are generated either by
crossover or mutation. In the case of crossover,
two structures are selected from the population
and an offspring is produced through the pair-
ing of the parent structures. Crossover is car-
ried out 75% of the time using the standard cut-
splice algorithm.54 To maintain population di-
versity, mutation is performed 25% of the time.
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During a mutation a cluster is selected and a
new structure is generated by randomly displac-
ing the atoms in the cluster in random direc-
tions by a distance that ranges from zero to
1.5 Å. The new structure is locally relaxed us-
ing BFGS to the nearest local minimum on the
combined objective function and the population
is updated so that it always contains the best
20 unique structures. The loop is repeated until
2000 structures have been tested.
DFT Calculations. The DFT calculations

are performed using the PBEsol functional ap-
proximation,? and a plane-wave basis set with
a kinetic energy cutoff of 250 eV. The choice of
this functional was motivated by recent stud-
ies that found PBEsol to be more accurate
than other generalized gradient approximation
(GGA) functionals for small gold clusters.55

The calculations are performed in a cubic simu-
lation box of side length 25 Å. Gaussian smear-
ing is used with a width of 0.1 eV. Spin polar-
ization is not included. The Vienna ab initio
simulation package (VASP) is used in the DFT
calculations.56

CI-NEB Calculations. The minimum en-
ergy path between structures S1-S5 is calcu-
lated using the climbing image nudged elastic
band (CI-NEB) method.39,40 Six intermediate
images are used to provide a discrete represen-
tation of the path. The image dependent pair
potential (IDPP) method57 is used to generated
an initial path from which the CI-NEB opti-
mization is carried out. To avoid rotation of
intermediate images, the RT-NEB algorithm is
used.41

Visualization. Matplotlib,58 an open-source
Python visualizations package, is used for
graphical data visualization. All cluster struc-
tures are rendered using VESTA.59
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Theoretical Analysis of AC-STEM Images of
Nanoclusters: Feature Based Method for Assessing the

Quality of Fit

Kusse S. Bersha, Hannes Jónsson

Science Institute and Faculty of Physical Sciences, University of Iceland, 107 Reykjav́ık,
Iceland

The physical and chemical properties of nanoclusters depend strongly on the arrangement of the atoms, i.e.

the atomic structure of the cluster, but this is difficult to determine experimentally as well as theoretically.

The aberration corrected scanning transmission electron microscope (AC-STEM) is a recently developed

experimental technique that can provide valuable information about nanocluster structure, but the analysis

of such images in terms of atomic structure has so far mainly been qualitative rather than quantitative.

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 experimentally measured image. A simple sum

of pixel-by-pixel error squared turns out to be unreliable and a more advanced measure is needed. Here,

a quantitative measure based on the ‘Speeded Up Robust Features’ (SURF) algorithm is presented and

applied to an image of a Au55 cluster, a particularly challenging case since the atomic structure is irregular.

The method does not rely on an alignment of atoms into rows and it can be applied successfully even when

significant noise is added to the image.

Keywords: nanocluster, AC-STEM, atomic structure, global optimization, pattern recognition.

1. Introduction

Nanoclusters have attracted much attention in recent years in a range of applications
such as catalysis, optoelectronics, and magnetism [1–4]. Gold nanoclusters have, for exam-
ple, been found to have remarkable catalytic properties, such as efficient low temperature
oxidation of CO, but mainly when the cluster diameter is within a rather narrow range,
between 2-3nm [5, 6]. A major obstacle in gaining a better understanding of nanoclusters
is the lack of information about the atomic structure. An experimental technique providing
information about the atomic scale structure of nanoclusters has largely been lacking un-
til the development of the aberration-corrected scanning transmission electron microscope
(AC-STEM) [7,8].

The development of AC-STEM has enabled researchers to obtain high-resolution,
two-dimensional images of nanoclusters, in particular Au clusters [9,10]. However, while the
experimental capabilities of AC-STEM equipment have been developed to a high degree,
the analysis of the images to determine the atomic structure of the clusters has remained
rather simple. In some cases, a catalog of simulated images based on ideal cluster structures is
generated and the measured images then compared to the catalog by visual inspection. While
this type of analysis of the AC-STEM images is in many ways good enough to distinguish
between types of ordered structures such as cuboctahedra, icosahedra, and decahedra, these
ideal structure motifs do not apply in all cases and more robust and powerful analysis tools
are required. This is particularly true for small Au clusters such as Au55 where the atomic
ordering is irregular.

In recent years, some effort has been made to develop analysis methods for AC-STEM
images. For example, Yu et al. used a genetic algorithm to extract atomic coordinates of
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columns of atoms, but such a method is not applicable to irregular structures such as Au55

where the atoms are not lined up in well defined columns. In an impressive experimental
study, Wang and Palmer [10] could, nevertheless, identify about 50% of the measured AC-
STEM images for Au55 as being consistent with a structure predicted from simulations based
on the empirical Gupta atomic interaction potential [12]. In another experimental study, Li
et al. identified the structures of various Au nanoclusters containing 309± 6 atoms as being
close to one of the three ideal structure motifs [9] but deviations between the simulated and
experimental images are still evident and indicate that more information about the atomic
structure of the clusters could be obtained with a more quantitative analysis.

Recently, a general method applicable in studies of irregular atomic structures has
been developed for the analysis of AC-STEM images [13,14]. The method was applied to an
experimental AC-STEM image of Au55 cluster to estimate the coordinates of the atoms in
the cluster. Together with electron density functional theory (DFT) calculations of minimum
energy structures and minimum energy paths between low energy structures, the method
has provided valuable information about possible atomic ordering in this nanocluster. The
method involves optimization of a combined objective function that takes into account the
discrepancy between a simulated image and the experimental AC-STEM image, as well as
an energy estimate given by a rough approximation of the interaction between the atoms in
the cluster. This is followed by a DFT calculation to finally rank the structures obtained.
There, the discrepancy between a simulated image and the experimental AC-STEM image
was based on a sum over pixel-by-pixel difference in intensity squared. This comparison,
which we will refer to as the mean squared error (MSE) measure, turns out to be useful only
when the images have a high degree of similarity and it can then be used to refine the atomic
structure. But, remarkably, images that are entirely different can give a similarly low value
of the MSE and falsely indicate a good match. Examples of that are given below.

In this article, a new quantitative measure is presented for the difference between
a simulated image and an experimental AC-STEM image. The new method is based on a
computer vision algorithm for determining the similarity between images through distinct
features extracted from the image. The method is compared with the MSE, an improved
version of the MSE where brighter pixels have more weight, as well as another method, the
structural similarity index method (SSIM). The results obtained from studies of the Au55

cluster indicate that the measure proposed here is efficient and would be useful in future
AC-STEM image analysis.

2. Methodology

A similarity measure is important in many signal processing applications. Three
commonly used measures of image similarity are: (1) the mean squared error (MSE), (2) the
peak signal-to-noise ratio (PSNR), and (3) the structural similarity index measure (SSIM).
Algorithms for determining image similarity have in many cases been based on one of these
measures. The PSNR is mainly useful for comparing images having different dynamic range
but otherwise does not provide new information relative to the MSE. Since the dynamic
range of the images in the present case is similar, PSNR will not be considered in this work.
A quantitative measure based on the ‘Speeded Up Robust Features’ (SURF) algorithm is
presented and its performance in analysis of an AC-STEM image of a Au55 cluster compared
with that of the MSE measure, an improved MSE where brighter pixels are given higher
weight, and the SSIM.
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2.1. Mean squared error

The mean squared error (MSE) measure is widely used in signal processing applica-
tions. It has been the standard measure not only for the evaluation of signal fidelity and
quality but also for the design and optimization of signal processing algorithms and sys-
tems [15]. It has many desirable mathematical properties such as symmetry, convexity, and
differentiability. Moreover, it is simple to understand and easy to compute. The MSE is
calculated by summing the squared intensity difference pixel-by-pixel between the images
being compared. Given two images I and I ′, the MSE is defined as

MSE =
1

mn

m∑

i=1

n∑

j=1

(
Iij − I ′ij

)2
(1)

where m and n are the numbers of rows and columns of pixels in the image. An MSE value
of 0 indicates perfect similarity. The numerical value depends on the normalization used for
the intensity. In the present case, the integrated intensity over all pixels is set to unity.

2.2. Improved mean squared error

The MSE turns out not to correlate well with the perceived similarity of simulated
and measured AC-STEM images unless they are similar enough. An image that is entirely
different from the target image can give a value of MSE that is similar to that of a good
fit. Bersha et al. modified the MSE by introducing a weight parameter to emphasize the
brighter pixels and this was shown to improve the ranking of various cluster structures [14].
The pixels of the target image are grouped into two equally large groups, the brighter pixels
and the less bright pixels. The improved mean squared error (IMSE) measure is

IMSE =
1

mn

m∑

i=1

n∑

j=1

ωij

(
Iij − I ′ij

)2
(2)

where the weight is ωij = 5 if the pixel (i, j) belongs to the set of brighter pixels, otherwise it
is ωij = 1. This IMSE measure was found to eliminate images generated for cluster structures
that are clearly not accurate for Au55 and have no apparent similarity to the experimentally
measured AC-STEM image, but nevertheless give a low value of MSE [14].

2.3. Structural similarity index measure

The structural similarity index measure (SSIM) is widely used when digital images
are compared [16]. It is computed locally within a sliding window of a certain size, defining
a patch of the image, that moves across the image. The average intensity of a patch of image
I centered on pixel (i, j) is

µij =
i+N∑

k=i−N

j+N∑

l=j−N
Ikl (3)

and similarly µ′ij is calculated for the other image, I ′. Here, the size of the patch is chosen
to correspond to N = 3. The luminance, l, of the patch is defined as

lij =
2µijµ

′
ij + ε1

(µij)2 + (µ′ij)
2 + ε1

(4)

where ε1 is a small positive constant chosen to prevent the denominator from having zero
value. Similarly, a standard deviation, σ, of the intensity is evaluated for each patch and the
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contrast, c, defined as

cij =
2σijσ

′
ij + ε2

(σij)2 + (σ′ij)
2 + ε2

(5)

where again ε2 is a small positive constant chosen to prevent the denominator from having
zero value. Finally, a covariance σij,i′j′ is evaluated for the patches and structural similarity
measure, s, defined as

sij =
σij,i′j′ + ε3
σijσ′ij + ε3

(6)

where ε3 is a small positive number.
The local similarity measure, M , for the image patch centered at pixel (i, j) is then

a weighted combination of these three quantities

Mij = (lij)
α (cij)

β (sij)
γ (7)

If the weights are chosen to be equal, α=β=γ=1, and ε3=ε2/2, the local similarity measure
becomes

Mij =
(2µijµ

′
ij + ε1)(2σij,i′j′ + ε2)

((µij)2 + (µ′ij)
2 + ε1)((σij)2 + (σ′ij)

2 + ε2)
. (8)

The final SSIM score of the entire image is then computed by simply averaging the local
values over all pixels of the image

SSIM =
1

mn

m∑

i=1

n∑

j=1

Mij. (9)

2.4. Feature based image distance measure

A more powerful measure can be developed by identifying local features in the images
and comparing the type and location of these features. The features are local maxima,
minima, and corners and they are detected at certain locations in the images. These are
called interest points or keypoints in the SURF framework [17]. Then, a descriptor vector
is generated for each keypoint thereby providing a unique fingerprint to distinguish one
keypoint from other keypoints. Finally, keypoint locations and the descriptor vectors are
matched between the images using a Euclidean distance measure. The implementation of
the SURF algorithm in the open-source computer vision library (OpenCV) [18] is used here.
For more details on the SURF algorithm, the reader is referred to Ref. [17].

The keypoints are extracted using the SURF keypoint detector which uses the de-
terminant of the Hessian matrix. This step produces a large number of key points, some
of which are redundant. The hierarchical agglomerative clustering (HAC) [19] with average
linkage criterion [20] is then used to merge keypoints that are closer than a Euclidean dis-
tance criterion, here chosen to be t1=5 pixels. Figure 1 shows a set of detected keypoints as
color-coded circles superimposed on an experimental AC-STEM image (taken from Ref. [10]).
The radius of each circle is proportional to the scale at which the key point was detected.
The color bar shows the strength of the keypoints. More distinctive features, such as brighter
blobs, have a stronger Hessian response. The figure also shows the results of HAC clustering
of the key points to simplify the results of the keypoint analysis.

After keypoints have been identified and refined, a descriptor is computed for each
one. For more distinctiveness, we use the extended 128 dimensional version of the SURF
descriptor. We also use Upright-SURF to improve speed as rotational invariance is not
required for our application. To compare an image to a reference image, each feature in the
reference image is compared to all features in the test image by calculating the Euclidean
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(a) (b)

Fig. 1. Keypoints extracted from an experimental AC-STEM image from
Ref. [10] are superimposed as color coded circles. The color bars show the
color relates to the strength of each keypoint. (a) Shows 50 keypoints originally
detected, some of them overlapping. (b) Shows the keypoints after hierarchical
agglomerative clustering where the number of keypoints is reduced to 40.

(a) (b) (c)

Fig. 2. (a) Experimental AC-STEM image [10] (left) and simulated image
from atomic structure S10, taken from Ref. [14] (right). (b) Matches obtained
by comparing descriptors only. (c) Matches obtained by taking the locations
of the keypoints into account.

distance between their descriptors. For each keypoint in the reference image, the best three
candidates in the test image are identified. The one with the smallest spatial distance is
selected if it lies within a threshold of t2 = 1.5t1 pixels from the reference keypoint where
t1 denotes the threshold used in the HAC clustering. This matching strategy eliminates
many of the false matches without significantly affecting the correct ones. Figure 2 shows
an example of feature matching with and without taking into account the location of the
keypoints.

The feature based image distance (FBID) measure proposed here is a combination of
the descriptor distances ds and spatial distance dp plus a weighted fraction of the number
keypoints for which matches are not found. The new distance measure FBID is defined as

FBID =

Nk∑

i

(dp)i (ds)i + γ
Nk −Nm

Nk

(10)

where Nk is the total number of keypoints in the reference image and Nm is the number of
keypoints for which correct matches are found. The weight parameter γ is introduced to
balance the two terms in the equation. The descriptor distance ds between two descriptors
D and D′ is calculated as:

ds =

√√√√
Nd∑

i=1

(Di −D′i)
2, (11)
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where Nd = 128 denotes the number of dimensions of the descriptors. The spatial distance
dp between the locations of the two keypoints is calculated as

dp =

√
(x− x′)2 + (y − y′)2, (12)

where (x, y) and (x′, y′) are the coordinates of the keypoints.

3. Results

Calculations of the various measures were carried out for a set of simulated images
in a comparison with an experimental AC-STEM image reported by Wang and Palmer [10].

Exp Exp-ns(1) Exp-ns(2) Exp-ns(3)

S1 S2 S3 S4

S5

EMT

S7

Ico Dec Cub

GubtaS10

Fig. 3. Comparison of simulated images of Au55 (e−p) with an experimental
image (a). Images (b−d) are same as (a) but corrupted with speckle, Gaussian
and salt-and-pepper noise.

Figure 3 shows the experimental image (a) and the 15 test images. Images (b − d)
are the same as the experimental image, but the image has been corrupted with speckle,
Gaussian and salt-and-pepper noise, respectively. They are referred to as Exp-ns(1-3). With
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the exception of small changes in intensity, the corrupted images are visually similar to the
original image. The Gaussian and speckle noises were sampled from the normal distribution
with zero mean and standard deviation of 0.1. The salt-and-pepper noise was produced by
adding random bright and dark pixels to about 10% of the image pixels. It looks noticeably
corrupted by the noise. Images (e − k) were simulated from atomic coordinates of Au55
structures presented in Ref. [14]. They correspond to structures S1− S5, S7 and S10 using
the notation used in the article. The algorithm for extracting 3D structures from AC-STEM
images can be found in our recent articles [13,14]. Images (l) and (m) were generated from
the global minimum structure obtained from the Gupta potential by Garzón [12] and the
global minimum structure obtained from effective medium theory (EMT) potential function
[21], respectively. They are referred to as EMT and Gupta. The last 3 images, (n −
p), are generated from ordered Au55 structures belonging to icosahedral, decahedral and
cuboctahedral (face centered cubic) structures. They are referred to as Ico, Dec and Cub,
and are visually different from the reference image in content, shape and brightness and are
included here to represent outliers. All the images have the same size of 160 × 160 pixels.

Table 1 lists the various calculated measures, MSE, SSIM and the FBID, for the
comparison of the 15 test images with the experimental AC-STEM image. For each measure,
the images are ranked based on the calculated value, the lower value of the measure indicating
a better fit. The image with the lowest value was ranked as 1 and the image with the highest
valued ranked as 15. For each measure, image (a) necessarily has a value of zero since it is
the reference image.

4. Discussion

The values obtained for images Exp-ns(1-3) test how robust the various measures are
towards noise. The speckle, Gaussian and salt-and-pepper noise corrupted images are indeed
found to be the first, second and third closest matches with the FBID. This is reassuring as
it is consistent with the visual similarity of the noisy images with the original. The MSE
measure fails to recognize the similarity of image Exp-ns(2) which includes Gaussian noise,
and the SSIM fails to recognize both image Exp-ns(2) and image Exp-ns(3), the latter having
salt-and-pepper noise. These measures are, therefore, found to be vulnerable to noise.

The results for Ico, Dec and Cub structures are interesting and particularly important,
as these cluster structures are far from being optimal for Au55 and the corresponding images
are in not similar to the experimental image. Nevertheless, the MSE and SSIM measures
indicate a better match for these images than some of the noisy images derived from the
experimental image. The MSE even gives a preference to these images over images generated
from optimized Au55 structures, such as the structure obtained with the Gupta potential
function.

The lowest energy cluster structure according to the EMT potential is completely
different from any of the Au55 structures obtained with higher level theoretical methods
and the image calculated from it bears no similarity to the experimental image. This is
essentially a structure characteristic of the face centered cubic ordering of the crystal. Yet,
the SSIM measure indicates a closer match than the Gupta structure. This shows that the
SSIM measure is not reliable. The MSE measure also gives nearly the same value for the
EMT structure as the Gupta structure, showing that it cannot be trusted.

The FBID measure correctly places images for EMT, Ico, Dec and Cub at the bottom
of the list. It, furthermore, gives ranking to the images of low energy Au55 structures that
corresponds well with visual inspection. The image for structure S4 is deemed best, as was
concluded in Ref. [14], and the image for S3 second best. The cluster with lowest DFT
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Table 1. Comparison of the MSE, IMSE, SSIM and FBID measures for
matching the images shown in Figure 3 with the experimental AC-STEM
image of a Au55 cluster. Images labeled Exp-ns(1-3) are the AC-STEM im-
age with speckle, Gaussian and salt/pepper noise added, resp. Images labeled
S1-S10 refer to Au55 structures presented in Ref. [14]. Images labeled EMT
and Gupta are obtained from the lowest energy structure predicted by the
effective medium theory and Gupta potential functions, resp. Ico stands for
icosahedron, Dec for the Ino-decahedron and Cub for a cuboctahedral cluster
carved out of the face centered cubic crystal. All but the Exp-ns(1-3) and
S1-S10 images are based on structures that have been minimized locally using
DFT/PBEsol and rotated in order to minimize the MSE.

MSE IMSE SSIM FBID
Value Config. Value Config. Value Config. Value Config.

0.0045 Exp-ns(1) 0.050 Exp-ns(1) 0.018 Exp-ns(1) 0.068 Exp-ns(1)
0.0320 S4 0.232 S4 0.099 S4 0.076 Exp-ns(2)
0.0383 S1 0.285 S1 0.108 S2 0.143 Exp-ns(3)
0.0404 S3 0.305 S3 0.109 S1 0.396 S4
0.0430 EMT 0.311 S5 0.111 S10 0.434 S3
0.0448 S2 0.316 S10 0.112 S3 0.494 S10
0.0459 S10 0.393 S2 0.122 S5 0.496 S1
0.0490 S5 0.414 Exp-ns(3) 0.149 EMT 0.502 S2
0.0584 Exp-ns(2) 0.423 Exp-ns(2) 0.170 Gupta 0.505 S5
0.0601 S7 0.441 EMT 0.184 Cub 0.574 Gupta
0.0750 Gupta 0.591 Gupta 0.196 Dec 0.578 S7
0.1074 Ico 0.702 S7 0.200 S7 0.603 EMT
0.1127 Cub 0.935 Cub 0.203 Ico 0.606 Cub
0.1509 Exp-ns(3) 1.073 Ico 0.663 Exp-ns(3) 0.661 Ico
0.2461 Dec 1.831 Dec 0.829 Exp-ns(2) 0.765 Dec

energy, S10 is identified as the third best. This is reassuring and shows that the FBID
measure is providing numerical ranking that is consistent with visual inspection as well
as known quality of the atomic structures of the clusters. This measure could be used in
future AC-STEM analysis. It is, however, not differentiable so it is not as easy to optimize
atomic structure directly from a comparison with an AC-STEM image as the MSE and IMSE
measures. A practical way forward in that respect may be to develop IMSE by adjusting
weights and penalty measures in such a way as to get agreement with ranking from FBID
for a set of test images and the use the obtained IMSE in structure optimization.
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