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The dream of an atomic-scale tomographic
analytic microscope
Breakthroughs in materials science are often concomitant to
advances in characterization methods. At the nanometer scale,
new functionalities or properties of devices or materials have
been discovered by designing the matter in three dimensions,
making the need for three-dimensional (3D) characterization
microscopes mandatory. Quantum dots, quantum wells, and
quantum wires in photonic materials, and the downscaling of
modern transistors, are striking examples of this phenomenon.
To fully understand the relationship between the structure
of materials and their properties, an ultimate microscope
should be able to provide the 3D position as well as elemental
identity of each atom accurately in a material system, which
means with subnanometer resolution. Knowing the reality
of matter at this scale helps materials scientists model the
physical mechanisms of interest, such as mechanical prop-
erties, photon emission properties, and electronic conduc-
tion properties.

Currently, at this scale, very few analytical 3D microscopes
exist.!* The resolutions of x-ray tomography and focused
ion beam slicing approaches are far too low at present. Only
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This article reviews post-analysis processing methods for data acquired using atom probe
tomography (APT). Field-induced aberrations of APT images arise from distorted ion flight
trajectories and differences in ion evaporation rates. Addressing this issue requires the
development of image processing tools that yield three-dimensionally reconstructed images
that reliably reflect the original specimens. One of the biggest advantages of the APT technique
is its ability to collect information about millions of individual atoms. Understanding these
data requires the development of mathematical and statistical data mining tools, involving
disciplines beyond the basic physics of APT. The above issues have important implications
for addressing materials science-related questions.

scanning transmission electron microscope (STEM) tomogra-
phy and atom probe tomography (APT) are well placed in this
race. Both techniques produce comparable images in terms of
field of view and resolution, as seen in Figure 1, which shows an
example of an alloy composed of Ag particles in an Al matrix.
For the same sample, both microscopy techniques reveal simi-
lar atomic-scale distributions of the Ag atoms in the Al matrix,
where the spherical particles are a few nm in size.>> Although
significant leaps forward have been made in STEM tomogra-
phy (recently achieving atomic resolution),*” APT is currently
more suited to the routine production of analytic tomographic
images with subnanometer spatial resolution. APT instru-
ments are used in more than 50 labs around the world, in both
academia and industry, with the fields of applications ranging
from metals to biological materials, yielding exciting results
across many fields.*%?

New users of the technique face two pitfalls when exploit-
ing the power of the technique. The first is data generation.'*!!
APT performance is related to the physical principles involved
in the instrument. Though these basic principles are relatively
simple, the images are not free from artifacts. Artificial features
or biased images may be misinterpreted by beginners in the field.
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APT volume

HAADF-STEM

BF-STEM
of Al-1.7Ag tip

(mean radius R, Figure 1) gives rise to a surface
field E given in a first approximation by:

e

Here, k is a dimensionless factor called the
field factor. It is in the range of 3 to 7 and
accounts for the deviation of the emitter field
from that of an ideal sphere. A few kV applied
to a sample with an end radius in the range of
10—100 nm is sufficient to generate a static elec-
tric field E of several tens of V/nm. The surface
charge built up exerts a large force that can be
sufficient to snatch single atoms from the
surface. (Reference 4 gives a detailed descrip-
tion of the physical principles.) These atoms
are rapidly ionized (charge ¢) and projected by
the Coulomb force (F=g¢E). The threshold elec-
tric field gives rise to field evaporation (named
evaporation field), Egz, which varies from
10 V/nm to 60 V/nm, and mostly depends on the

Figure 1. Schematic drawing of the atom probe tomography (APT) setup and
reconstruction parameters with an Al-1.7 at.% Ag alloy sample. (a) Image of the

APT tip. Here, the sample is composed of small Ag-rich precipitates embedded in

an Al crystalline matrix. The tip, defined by geometric features (tip radius R and angle

of the shaft), is at a distance L from the detector in a straight flight path configuration.

The detector has a radius Ry,,. Evaporated atoms are projected from the tip surface
(x,y) position to the detector (Xpe, Yoe) POSition. Projection center P is situated at

a distance mR from the tip center O. (b) Reconstructed image of a volume of
evaporated and detected n atoms. Evaporation was stopped in the middle of an
Ag-rich precipitate, denoted by the white box. (c) High-angle annular dark field—
scanning transmission electron microscope (HAADF-STEM) image of the tip
surface including the half-eroded precipitate (Ag atoms appear in bright contrast).
Note: BF, bright field.%":4?

adhesive force of the surface atoms. In the far
field, ions are further accelerated in the diverg-
ing electric-field distribution. However, a few
tens of microns in front of the tip, the ions gen-
erally follow a straight trajectory toward the
detector. A magnification close to one million is
obtained on the ~5-10 cm diameter detector.
For the purpose of formulating a back
projection algorithm, understanding the path
of a particle from its initial position at the tip

The second pitfall is the extraction of interesting informa-
tion from the huge quantity of data generated.'> Each tomo-
graphic image produced by APT analysis is composed of
millions of data points, including the position and elemental
nature of each atom present in the analyzed volume. Automated
tools to mine the data exist, but the correct use of these tools
is essential to avoid misinterpretation. This article will give
a brief overview of the reconstruction process that can limit
the accuracy of tomographic images and some new meth-
ods and tools that can be exploited to highlight the presence
of microstructural features only revealed by tomographic
techniques.

Basic principles

The atom probe is unique among available microscopy tech-
niques. In its simplest design, the sample projects its own
image from the near field of the atomic surface to the far field
of'a macroscopic detector (see the introductory article in this
issue).*®? This projection is governed by the generation of
a strong electric field diverging from the sample, which is ini-
tially prepared as a sharply pointed needle and subjected to
a voltage V (a few kV). The high curvature of the tip surface

https://doi.org/10.1557/mrs.2015.312 Published online by Cambridge University Press

surface to the final position onto the detector
requires a perfect description of the subtle
movements of the atom from the first steps of evaporation. Any
small deviations in its initial position could induce considerable
perturbations in the projected position. As the specimen progres-
sively erodes, atom-by-atom, this projection may evolve in com-
plex ways. Any surface roughness arising from field evaporation
induces trajectory aberrations. These mostly appear in the near
field, close to the specimen surface. In the far field, beyond a dis-
tance corresponding to a few radii of curvature of the specimen,
the ion trajectories are mostly influenced by mesoscopic param-
eters, such as the curvature of the rounded apex of the specimen,
the angle of the truncated cone on which the spherical apex is set
(shaft angle), and the overall electrostatic environment.

Basics of the reconstruction and fundamentals
limitations in APT

The result from an APT measurement consists of an ordered list
of two-dimensional (2D) ion hit position at the detector (Xp, Ype)s
the time of flight, and the actual high-voltage value V for each
registered evaporation event. Astonishingly, this data set is com-
pletely sufficient to enable the highly resolved 3D reconstruction
of the measured sample volume with atomic accuracy. The
recorded event sequence reflects the continuous field erosion of
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the tip apex. Similar to the work of an archeologist excavating the
surface of soil with a brush, grain-of-sand by grain-of-sand
to reveal hidden artifacts, the APT user analyzes the tip atom-
by-atom from the curved surface of the material of interest.
The sequence of atom removal is accurately recorded, each atom
being labeled by the order of arrival ng,, and in the reverse
approach of tomographic reconstruction, the same sequence
may be considered as a natural depth scale, making it possible
to map backward to the 3D coordinates at the tip (x, y, z):

XDet X
Yo [—9Y[ - )
nseq z Tip

Bas et al.!® described this basic reconstruction procedure
nearly 20 years ago by. Only minor modifications due to prog-
ress in instrumentation have been made.'*" In this model, the
emitter is described as a hemisphere that is superimposed on
a conical shaft (Figure 1a). For ion imaging on the detector,
linear point projection is used with the origin P displaced
from the center of the apex sphere along the emitter axis. The
relationship between the launch angle 6 at the tip surface and
the observed imaging angle 0’ at the detector is written as:

6~&o, (€)

with & being defined by P as OP = (§ — 1)R.

Considering the imaging process as a point projection
mechanism, a typical value of & in APT experiments is 1.6.

In order to specify the mapping (Equation 2), we use polar
coordinates. From (Xp,,, Y;.,), angles 6 and @ (azimuth) are calcu-
lated. The mapped coordinate at the emitter yields (Equation 3)

X 0 sin6 sin®
y|=|0 [+R(n,)|sinb cosP|. 4)
z z 1—cos6

n

This allows the reconstruction of the measured volume if the
appropriate apex position z, and the curvature radius R(n,,,)
are known. Unfortunately, both of these parameters are sub-
ject to independent changes. Indeed, it is a major challenge for
the reconstruction to consistently predict their evolution.'*!
To this end, we assume, in a simplification, that the initial emit-
ter apex develops in a self-similar manner with the onset of field
evaporation. For the particular model of the emitter described
with a half-sphere on top of a tangent truncated cone, the change
in curvature is proportional to the shrinkage Az along the axis. On
the other hand, considering conservation of volume, the shrink-
age is equal to the evaporated volume that intercepts the detector.
In general, calculation of the field-eroded volume is not possible
without an approximation. We discuss the case of Az, the num-
ber of field evaporated atoms, being small. The shrinkage is pro-
portional to An,,, if a homogeneous atom volume Q is assumed.
If the emitter is homogeneous, a steady evaporation field

Ey.., acts, and the appropriate curvature R(n,) may be directly

Evap seq.
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inferred from V' (Equation 1). However, in complex emitter
structures and inhomogeneous evaporation conditions, bet-
ter results are obtained when the curvature is calculated from
geometrical parameters that factor in the tip shape. Complex
methods, taking into account a snapshot of this shape prior
to field evaporation, are available as commercial software.®
In a homogeneous material, 3D spatial accuracy of recon-
structed images (limited by the reconstruction algorithm
inaccuracy) is in the nanometer range for volumes of approxi-
mately 100 x 100 x 100 nm?. Sub-Angstrom spatial precision
in the depth scale is commonly observed experimentally due
to the regularity of the field evaporation mechanism. (Only pro-
truding atoms, producing an enhanced field, are at high risk
for evaporation, which makes the evaporation process deter-
ministic.) The lateral precision is always worse, typically in
the subnanometer range, because the lateral scaling is linked
to the local trajectories of field-evaporated atoms. Deviations
of the trajectories from the ideal projection normal to the
atomic surface due to subtle atom movements in the first steps
of flight lead to erroneous reconstruction of their positions.
Besides the inaccuracy of the back projection law (Equation 3),
which may be improved experimentally, the evaporation
thresholds of inhomogeneous materials are more problematic.
During measurement, they are responsible for the develop-
ment of complex apex morphologies with locally changing
curvature''® (Figure 2). As a result, trajectories significantly

Figure 2. Example of tip shape roughness induced by field
evaporation difference between phases. (a) Field ion microscopy
of the atomic surface of an Al-Ag alloy, with a small Ag-rich
precipitate emerging at the surface close to a (022) terrace
structure. (b) Simulation of the field-evaporated surface of the tip
with a small particle (shown by blue arrow and blue atoms) with
field evaporation 20% higher than the matrix. (c) Corresponding
ion impacts for the evaporation of two atomic terraces. Model
prediction of atomic density variations with ions crossing at the
interface of the particle is depicted by the blue atoms impacting
inside the surrounding matrix (yellow atoms).%:%
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differ from the ideal case. The effect can be dramatic. For
instance, detector hit positions of atoms originating at either
side of materials interfaces may even overlap (Figure 2c).

One solution is to set up a physically informed recon-
struction approach, which can account for the electrostatic
conditions at the emitter and its morphology in a consistent
form. Simulations have shown the breadth of the effects (such
as local shaping of the tip and trajectory overlaps) that need
to be accounted for. However, simulations are not yet suffi-
ciently resolved to retrieve projection relationships. Several
efforts have focused on using a posteriori corrections to tomo-
graphic reconstructions to improve the method. Indeed, the
reconstruction process may profit from additional information
arising from the data itself or from coupled characterization
techniques.'>!2* The local density of atoms is the simplest
parameter to consider. Some algorithms have been developed
to rectify density variations (induced by differences in the evapo-
ration field between species) in z or laterally.®** Better recon-
structions were obtained, but a careful investigation of the
accuracy of the resulting data must be undertaken to validate
these methods.

Data mining methods

BE TOMOGRAPRY

and reliant on heuristic knowledge. The voxel size needs
to be optimized as a compromise. A voxel size that is too
large could result in the averaging of data and thus a loss in
feature information, while a too-small voxel size may result
in the final output being affected by statistical noise. To
overcome this problem, Srinivasan et al.”® used a nonparamet-
ric statistical approach to estimate the density of atoms per
voxel directly from the data without assuming a particular
shape of the underlying distribution using what is known as
the kernel density estimator (KDE) function. KDE is used
to capture the contribution of each atom toward the voxel
and to obtain a smooth overall density function represent-
ing the voxel.

Each atom is represented by a kernel, a symmetric but not
necessarily positive function that integrates to one, with the
center being representative of the region encompassed by the
voxel. A Gaussian distribution is often used as an efficient
kernel, with a standard deviation automatically derived from
the average density of atoms. They showed that the KDEs
could be used to select an optimal voxel size in an unsuper-
vised manner to perform feature selection, in particular, refining
the sharpness of an interface image (Figure 3).2

A paradox in APT is that on the one hand,
it provides an unprecedented level of imaging @
resolution in three dimensions. On the other

hand, it is very difficult to obtain an accurate e
perspective of morphology or shape outlined 120
by atoms of similar chemistry and microstruc- 100
ture. The origins of this problem are numer- T w0
ous, including incomplete detection of atoms, E

N B0

and the complexity of the evaporation fields
of atoms at or near interfaces. Hence unlike 40
scattering techniques such as electron micros-
copy, interfaces appear diffuse, not sharp. This,
in turn, makes it challenging to visualize and
quantitatively interpret the microstructure at
the “meso” scale, where one is interested in @

[b] [d]
= : 140
120

100
80

Selection of voxel size

Identifying nanoscale chemical features from
APT data routinely involves adjustment of voxel
size as an input parameter, through visual super-
vision, making the final outcome user-dependent
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the shape and form of the interfaces and their s . il

associated chemical gradients. It is here that 140

the application of data mining and statistical 120 120 120 120

learning methods plays a critical role in both 100 100 100 100

defining the level of uncertainty and helping T %0 . i

to make quantitative, statistically objective inter- £

pretations where heuristics often dominate.'>? N 60 60 60 60

Some examples of the challenges in atom probe 40 40 40 40

analysis where the mathematics of data science - ! s - 5

can be of great value in solving these problems )

; ; ANT e AN 20NT - 2

are discussed later in the text. 0355 20 0E—5 20 0555 20 0550 -20

Hlomy — ylom)  Hly, y oy Fop, ) Hlo,, g (am)

Figure 3. Variation in feature topology at a coherent NizAl/Ni interface with changing
voxel sizes in units of nm. (a) 1, (b) 1.1, (c) 1.2, (d) 1.3, (e) 1.5, (f) 1.6, (g) 2, and (h) 2.5.
The sharpest interface with minimal statistical error as developed through the kernel
density estimator (f).2¢
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Discovering features hidden within large volumes
of data

Another paradox in APT images is that the large numbers of
hits that can be actually recorded effectively masks the details
that one is often interested in to solve practical materials sci-
ence problems such as detecting nanoclusters or concentration
gradients in the subnanometer regime. Hence there is a strong
reliance on a trial-and-error approach to interrogate the image
to extract interpretable features. This is usually performed by
repeatedly delineating isoconcentration surfaces at different
values of the concentration threshold, until the user visually
determines a satisfactory result in line with prior knowledge.
However, this approach bears the risk that important features
buried within the sample are obscured by the high density and
number of atoms being detected (in the tens to hundreds of
millions). Using the principles of mathematics known as com-
putational homology,?” one can find hidden structures within
large data sets. This is relevant for uncovering subtleties in
the spatial clustering of species. The connectivity of atoms
in APT have, for instance, been quantified using a topo-
logical metric known as a Betti number, which can be used to
track spatial variations in chemistry at interphase interfaces,
to more clearly understand the shapes of nanoscale clusters in
APT images.?®

Defining the position of grain boundaries and
measuring their composition

Isoconcentration surfaces are an appropriate way to define
boundaries between two phases of distinct compositions.
However, the situation is more complex for the boundaries
between two grains of the same phase. In order

possible to take advantage of changes in the data density in the
vicinity of grain boundaries by using an algorithm that retains
only atoms in the vicinity of local maxima in density gradients**
to create a suitable data set for the DCOM approach.

Once a surface has been created to define the grain bound-
ary, it is then possible to apply analysis tools to measure the
composition, such as proximity histograms (proxigrams),
or to map the segregation across the boundary. These data may
then be directly applied to thermodynamic models to describe
the behavior of the system being investigated, which is par-
ticularly useful for studying the thermomechanical processing
of alloys™® or the active diffusion processes during corrosion.*

Summary

APT is a data-rich and data-intensive characterization tool.
The ability to quantitatively navigate the data landscape of
APT experiments is key to fully exploit its capability for
subnanometer-scale characterization. Its ability to be applied
to many categories of materials, including alloys, ceramics, and
semiconductors, as well as bio- and geomaterials, makes it a
powerful tool for the materials scientist.

This article introduced APT reconstructions and the main
limitations and artifacts associated with this technique. The
geometrical considerations for the basis of current recon-
struction algorithms were detailed, and the physical principles
governing the spatial resolution of the instrument were pre-
sented. We reviewed studies showing that one can harness
data-mining methodologies, built on mathematical foundations
of statistical learning, to develop a quantitative understanding of
microstructure at the nanometric level. Successful and sustained

to measure the boundary composition, it is first
necessary to define the position of the boundary.
Several approaches may be used.

If there is segregation to the boundary, a clus-
tering algorithm?** can be used to isolate atoms
in the vicinity of the boundary, and a “distance
to center of mass” (DCOM) approach may
then be used to create a surface along the inter-
face.’! Here, the surface is created by defining
vertices with the DCOM approach and using
either a 2D Delaunay triangulation (for open
topologies such as grain boundaries); or Alpha
hulls (for closed topologies). The first approach
creates an optimized surface with a set of trian-
gles, named after Boris Delaunay for his work
on this topic from 1934.32 The second method
creates the mathematical minimum surface
that surrounds selected atoms. The application
of'this approach to delineate a boundary with C
segregation in a high-strength low-alloy steel
is shown in Figure 4. Other applications of the
Delaunay tessellation for APT data mining can
be found in References 30, 31, and 33. Even in
the case where no segregation is present, it is

[a] Atomic positions

Sample

[b] Voronoi filtering

Figure 4. Generating a mesh to define an interface between two grains of the same
composition with interfacial segregation. The data are from high-strength low-alloy steel,
with C and Nb atoms shown in pink and orange, respectively (a) and (e). The atoms
that delineate the feature (a) are filtered using (b) a Voronoi filter. A sample of atomic
positions is used to create mesh vertices (c). The vertices are then moved onto the
feature using “distance to center of mass” (DCOM),%' (d) and a Voronoi tessellation

is used to achieve an even vertex distribution along the final surface (e). Note that
Voronoi filtering consists of extracting atoms of the considered feature using a 3D
mesh that is dual to its Delaunay triangulation, which is described in the text. Voronoi
tessellation is mathematical partitioning of the space, which optimizes the spatial
compactness around a defined set of points.*04!
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efforts in the correlation of APT with STEM help us foresee
that the currently perceived limitations for the 3D character-
ization of materials will be surpassed in the near future.
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Photonic crystal nanolasers shown to be highly
sensitive biosensors

Rachel Berkowitz | Materials Research Society | Published: 09 December 2015

Move over, ELISA. While the enzyme-linked
immunosorbent assay has long been one of the
most popular ways of detecting and quantifying
the presence of antibodies or antigens in
solution, nanolasers may be poised to share
the spotlight on the biosensor stage.

materials 367 online

https://doi.org/10.1557/mrs.2015.312 Published online by Cambridge University Press

Charge transport measurements suggest new
applications for carbon nitrides

Melissae Fellet | Materials Research Society | Published: 07 December 2015

Polymeric graphitic carbon nitrides are
g structurally similar to graphene in that both

¢ materials are stacked sheets of an aromatic
organic polymer. However, recent measure-
ments of charge transport in carbon nitrides
show that the materials have electronic proper-
ties that are different from those of graphene.

your premier source for materials science news

MRS BULLETIN - VOLUME 41 + JANUARY 2016 - www.mrs.org/bulletin 1 51


https://doi.org/10.1557/mrs.2015.312

Matter Green Earth.

Experience the Power of Materials for a Sustainable World—The Stuff That Matters

Strange Matter Green Earth is a new pioneering educational venture brought to you by the Materials
Research Society—an international traveling science exhibition that will enable millions of people across the
globe to discover ways in which advances in materials can lead to a more sustainable future.

A network of science educators, science center professionals and materials researchers from three continents—
North America, South America and Europe—will collaborate to create interactive exhibit experiences and
dynamic community programs that will emphasize materials, from the mundane to the mysterious, and how
they profoundly influence the quality of our lives and the planet.

Building on the incredible success of the MRS traveling exhibition Strange Matter, now in its second decade
of touring, Strange Matter Green Earth aims to empower the world’s citizens to make sustainable choices in
their own lives and communities.

Companhia Brasileira de Metalurgia e Mineracao
Sponsors Strange Matter Green Earth

“ MRS is proud to announce CBMM—the world's premier supplier of niobium
and niobium technology—as the first sponsor of Strange Matter Green
Earth. CBMM is recognized globally for environmental, community and
technological leadership through a sustainable mission to transform
cemm a natural resource into solutions to build a better world.

Sponsorship opportunities are still available.

Contact Richard A. Souza, Manager, Education & Outreach,
at 724-779-2734 | souza@mrs.org.

International Collaborators

Museum of Science Boston
Science Museum of Mi

*opularizacion de la Ciéncia y la Tecnologia en América Latina y el Caribe
S. Department of Commerce - National Institute of Standards and Technology
Museo Nazionale della Scienza e della Tecnologia Leonardo da Vinci
Materials Science and Engineering Expert Committee (MatSEEC)
Instituto de Fisica Gleb Wataghin Universidade Estadual de Campinas
Sociedad Mexicana para la Divulgacion de la Ciéncia y la Técnica
Association of Science and Technology Centers
Fundagao de Amparo a Pesquisa do Estao de Sdo Paulo
Fraunhofer Institute for Mechanics of Materials Freiburg
Consejo Mexiquense de Ciéncias y Tecnologia
Direccidn General de Divulgacion de la Ciéncia, UNAM
University of lllinois Urbana-Champaign
Materials Research Society

Centro de Investigacion en Energia, UNAM
Los Alamos National Laboratory
Princeton University PCCM

Sociedad Mexicana de Materiales
Fraunhofer Brussels
Materials Research Institute, UNAM
Maloka Centro Interactivo
Sociedade Brasileira de Materiais
Royal Ontario Museum

Arizona State University

Museo Exploratorio de Ciéncias

Duke University Triangle MRSEC

University of Minnesota MRSEC
Science Museum Universum
University of Milan
Italian Institute of Technology
Academia de Ciéncias de Morelos
Science Center NEMO
Lehigh University
University of Massachusetts
Bangor University
University of Virginia
Ontario Science Centre

www.mrs.org/strange-matter-green-earth
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