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Abstract: The optical cross sections of plasmonic nanoparti-
cles are intricately linked to their morphologies. Accurately
capturing this link could allow determination of particles’
shapes from their optical cross sections alone. Electromag-
netic simulations bridge morphology and optical properties,
provided they are sufficiently accurate. This study exam-
ines key factors affecting simulation precision, compar-
ing common methods and detailing the impacts of mesh-
ing accuracy, dielectric function selection, and substrate
inclusion within the boundary element method. To sup-
port the method’s complex parameterization, we develop a
workflow incorporating reconstruction, meshing, and mesh
simplification, to enable the use of electron tomography
data. We analyze how choices of reconstruction algorithm
and image segmentation affect simulated optical cross
sections, relating these to shape errors minimized during
data processing. Optimal results are obtained using the total
variation minimization (TVM) reconstruction method with
Otsu thresholding and light smoothing, ensuring reliable,
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watertight surface meshes through the marching cubes
algorithm, even for complex shapes.
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1 Introduction

Metal nanoparticles (MNPs) can be exploited in a large
range of optical applications [1], such as optical data storage
[2], [3], sensing [4], [5], or photocatalysis [6]-[11] owing to
their highly tuneable localized surface plasmon resonances
(LSPRs) ranging from the UV to the IR region. Next to the
plasmonic and surrounding material, the morphology of the
MNP is the key ingredient in defining the optical response
[12]. For that reason, a lot of effort has gone into develop-
ing new protocols for the colloidal synthesis of MNPs with
varying shapes and compositions [13], [14]. In particular, for
gold NPs an amazing control over the morphology has been
achieved and highly anisotropic NPs can now be routinely
made [15], [16]. Examples include but are not limited to
platelets [17], platonic solids [18], stars [19], [20], and even
twisted [21] or wrinkled NPs [22]-[24]. The more complex
the MNP shape, the less straightforward it becomes to cor-
relate morphological and optical properties as several LSPR
modes emerge. In addition, the polydispersity of the sample
is often increasing for more complex shapes. An increased
polydispersity leads to broader ensemble spectra, therefore
possibly masking correlative features [25].

Consequently, analysis on a level of single particles
has become increasingly important in understanding the
structure-property correlation [9], [26]-[29]. For plasmonic
MNPs, the optical properties of single entities are mostly
measured by scattering techniques such as dark-field scat-
tering spectroscopy [30]-[32]. For a full picture, such optical
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data are then ideally correlated to morphological informa-
tion on the same NP [33], [34]-[40]. Due to the small dimen-
sions of typical plasmonic MNPs, electron microscopy can-
not be avoided to obtain the necessary morphological infor-
mation. Because of a simpler sample preparation and mea-
surement workflow, scanning electron microscopy (SEM)
is often preferred over transmission electron microscopy
(TEM). In both cases, conventional SEM or TEM imaging
provides 2D impressions of the 3D NPs. For the emerg-
ing increasingly more complex morphologies, however, 2D
information is not sufficient and electron tomography (ET)
has been established as a powerful technique to visualize
but also quantify structural and morphological properties of
MNPs [41]-[48]. For crystalline materials, high-angle annu-
lar dark-field scanning TEM (HAADF-STEM) imaging is typ-
ically applied as the resulting signal satisfies the projection
requirement for tomographic reconstruction [49]. For ET,
the holder containing the TEM grid with the NPs is tilted
over the maximal possible range, in practice often limited
toaround =+ 75° because of shadowing by the sample holder
[50]. At every tilt angle a 2D projection image is acquired and
finally all projection images are combined to retrieve the 3D
morphology using a reconstruction algorithm.
Unfortunately, involving ET makes the correlative sin-
gle particle workflow even more complex. For example,
thin carbon-based TEM grids are well suited for ET but
are ill-suited for optical scattering experiments. Using SiO,
TEM grids with a few tens of nanometers in thickness can
result in good optical data [40], [51], but these grids are
fragile in handling, non-conductive and can lead to charg-
ing artefacts and shadowing at high tilt angles in the TEM
thereby limiting the available angular range further. A new
leverage for addressing this dilemma in correlating optical
and structural properties of nanoparticles can be gained by
employing electromagnetic simulations. On the one hand,
they can provide the optical response based on the morpho-
logical input, e.g. obtained by ET. In this manner, next to
the far-field response, the near-field can be determined as
well, which is often the property of interest for plasmonic
applications [4]-[6], [9], [52], [53]. On the other hand, if
performed accurately enough, electromagnetic simulations
can help us to do the inverse: getting information on the
morphology from optical scattering data, e.g. via machine
learning approaches [54]. A particular strength of such an
optics-based approach is that it can provide morphological
information about nanoparticles exposed to various con-
ditions, such as high temperatures and liquid or gaseous
environments typical in catalysis applications, for example.
Such environments are difficult to introduce in electron
microscopes [55], which limits our knowledge of realistic
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particle morphologies in operando conditions. Obtaining
such insight from optical data would therefore be invalu-
able in nanoplasmonics.

However, performing accurate electromagnetic simula-
tions based on ET input is surprisingly non-straightforward
as several factors need to be taken into account [56]. First,
several different electromagnetic simulation methods exist,
each with their own advantages and disadvantages [36],
[57]1-[59]. Second, for each method different parameters
influence the convergence results. In addition, for plas-
monic simulations, the dielectric function of the metal
and simulation of the accurate surrounding are critical
[60]-[64]. Third, ET reconstructions need to be segmented
and possibly surface-meshed to be useable as input for such
simulations. To do so, a variety of different reconstruction
[65], segmentation [66] and meshing algorithms exist [67]. So
far, no comprehensive study exists that compares all these
factors and the resulting parameter space quantitatively.

In this study, we tackle such a quantitative comparison.
After weighing several standard electromagnetic simulation
methods against each other, we discuss the effects of the
main parameters for the boundary element method (BEM).
Finally, we carefully design a workflow to be able to use
electron tomography data as input for our simulations. We
focus the main discussion on Au nanorods but compare the
workflow results on different shapes as well. We first discuss
the effects of the meshing accuracy, choice of dielectric func-
tion, and the inclusion of a substrate. Then, we go into detail
for our case study of a Au nanorod, in which we highlight
the effect of the choice of reconstruction algorithm, and the
intricacies of image segmentation. Ultimately, we compare
how morphological changes, induced by different process-
ing pipelines, influence the results of the BEM simulations.

2 Results and discussion

2.1 Considerations for electromagnetic
simulations

We started by choosing a suitable electromagnetic simu-
lation method. For efficient characterization of nanoparti-
cles with complex geometries, we need fast and accurate
electromagnetic simulations. To discover what method is
best for our purpose, we performed careful convergence
testing for the discrete dipole approximation (DDA), the
finite-difference time-domain (FDTD) method, the discon-
tinuous Galerkin time-domain (DGTD) method, and BEM. A
description of the methods and computational details can
be found in Section S2.1 of the Supporting Information (SI).
These classes of methods were chosen because they are
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the most widely used methods for simulating the optical
properties of metal nanoparticles, with each of them rep-
resenting a different way of morphology discretization [36],
[57]1-[59]. It should be noted that DGTD represents a class
of finite element method solvers, with COMSOL and CST
being alternative commercial implementations. We applied
the four different methods for a spherical Au nanoparticle,
because the simulated cross sections can be quantitatively
compared to the accurate analytical Mie solution [68]. How-
ever, for a fair comparison it is important to make sure that
the different simulations are performed with the optimal
parameters ensuring a good convergence for each method
[69]. Convergence is reached when changing a parameter
d, which is relevant for the accuracy of the simulation
method, e.g. the discrete element size, does not significantly
change the result o of the simulation, e.g. the scattering
cross section spectrum. The magnitude of change Ao can
be measured by various metrics, for example normalized
root-mean-square deviation and reflects the error due to
discretization (Equation (1)).

.,) — . 2
Ac(dy) = \/ [(o(d; ;) — o(d;_y ;))*dA o

[ o*d; )dA

where d; =d,, ..., d, is a monotonic sequence of simula-
tion parameter values, o(d;, A) is the wavelength-dependent
simulation result, and dA is the wavelength step. Typically,
the user optimizes the simulation by varying the value of d;
until an acceptably small value of Ao (discretization error)
is reached. The same equation can be used for calculating
the error of the scattering spectrum compared to a known
reference spectrum:

[(6(d; ;) — 6,,p(A)*dA
J ot (Dda

AO'ref(di) = 2

in which the exact error of the result o(d;, 4) can be calcu-
lated compared to a reference result o,,(4), e.g. the analyt-
ical Mie solution.

The convergence of a simulation method can be
affected by multiple interdependent parameters. For
instance, the simulation time and auto-shutoff parameter in
FDTD strongly depend on each other. In case the simulation
time is chosen too short, energy is still present in the
simulation region when the simulation finishes, leading
to a non-converged result. Controlling the end of the
simulation with the auto-shutoff parameter results in
converged simulations, but an inconsistent simulation
time. Therefore, each relevant simulation parameter was
optimized successively until the desired convergence
threshold was reached for each of them. Details of the
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different parameters that were optimized for each method
can be found in Section S2.1 of the Supporting Information.

Figure 1(a) compares the resulting scattering spectra
of a Au sphere with a diameter of 50 nm immersed in oil
(n = 1.51) for the four electromagnetic simulation meth-
ods to the analytical Mie solution. We limited ourselves to
scattering since most experimental single particle setups
measure scattering and not absorption. In order to quanti-
tatively compare the different simulation methods, we used
results obtained with a same discretization error of 2 %,
which was chosen as a trade-off between the accuracy and
the simulation time. The zoomed inset shows that the cross
section calculated by DGTD resembled Mie theory most.
However, from the legend it becomes clear that it was not
the fastest method, which instead was BEM. The reported
times correspond to the simulation time it took to reach
a discretization error of <2 %, which resulted in a spec-
trum error of <5 % compared to Mie theory for all methods
(enlarged markers in the green inset in Figure 1(b)).

Figure 1(b) displays the results of the convergence
tests which were performed by sweeping the following
discretization parameter for the different methods: the
maximum edge length of the tetrahedral elements for
DGTD, the number of triangles for BEM, the number of
dipoles for DDA, and the edge length of the cubical ele-
ments for FDTD. These parameters were defined as the
most critical for the respective simulation methods (see
Section S2.1 in Supporting Information). The discretization
error was calculated by comparing each refinement step
with the previous step using Equation (1). The errors of the
obtained cross sections were calculated using Equation (2)
with Mie theory as a reference. For instance, the right-
most point for DGTD was obtained by calculating the cross
sections with edge length values of 15 and 10 nm. To calcu-
late the discretization error, the result from 10 nm was taken
as next step (1) in Equation (1), while the result from 15 nm
was taken asinitial step (i-1). To calculate the spectrum error,
the result from 10 nm was taken as the result in Equation (2)
and Mie theory was taken as the reference. This resulted in a
discretization error of17.0 % and a spectrum error 0f10.8 %.

As expected, the general trend is that refinement of
the mesh resulted in a lower discretization error and lower
spectrum error compared to Mie theory. However, only BEM
truly followed this trend in a straightforward manner. DDA
showed an irregular trend in discretization error, while both
FDTD and DGTD showed an irregular trend in spectrum
error. For example, the resulting cross section from DGTD
seemed to move away from Mie theory for a finer mesh-
ing parameter, while the convergence still went down. This
makes these methods less predictable, as it is unsure if a
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Figure 1: Comparison to Mie theory of simulated scattering spectra of a Au sphere with a diameter of 50 nm immersed in oil (n = 1.51) using the
discontinuous Galerkin time-domain (DGTD) method, the boundary element method (BEM), the discrete dipole approximation (DDA), and the
finite-difference time-domain (FDTD) method in a qualitative (a) and quantitative (b) manner. The times in the legend of (a) correspond to the times it
took to produce the results in (b) that were the first in the optimization sweep to reach a discretization error of <2 % and a spectrum error of <5 %
(within the green rectangle), except for FDTD which did not reach this error of discretization for the swept parameters. These displayed spectra in (a)

are indicated with the enlarged markers in (b).

lower discretization error (and hence a better convergence)
also results in a lower spectrum error.

Compared to the other simulation methods, BEM was
also orders of magnitudes faster. The enhanced simula-
tion speed stems from the fundamental difference of BEM:
Maxwell’s equations only need to be solved at the surface
of the nanoparticle and not for the whole volume as is
the case for the other methods [59]. For FDTD, the fields
additionally need to be propagated in a large region outside
the particle. The spectrum error for BEM could be further
reduced to 2.1% at the cost of a higher computation time
(Figure 1(b)). BEM also converged fastest with respect to
changing the meshing parameter. Although for DGTD the
lowest spectrum error in Figure 1(a) was slightly smaller
(1.1 %), although at a higher discretization error (around
12 % as shown in Figure 1(b)), the 2,700 times longer simula-
tion time and unpredictable convergence behaviour made
us favour BEM over DGTD. It should be noted that Triigler
et al. also reported the faster computation speed of BEM
compared to other methods but did not report quantitative
differences in scattering cross sections when comparing
different simulation methods [57]. Moreover, in that study
the normalized scattering spectra were compared, and no
convergence testing was mentioned in the discussion on
computation time. Since we are interested in simulating
absolute scattering cross-section spectra, these small differ-
ences between methods become important. For our pur-
poses, BEM delivered the best combination in terms of speed
and accuracy. Therefore, we use BEM throughout the rest of
the paper.

Now that the need for convergence testing is clear, it is
key to look at the individual simulation parameters of BEM
in more detail. In this paper we discuss the three parameters
that influence the resulting cross sections most:

1. Meshing of structure: Depending on the shape of the
nanoparticle, the surface plasmon is localized around
regions of high curvature or small gaps, e.g. at tips in
nanorods. It is important to finely mesh these parts to
get accurate results.

2. Dielectric function of plasmonic material: Different

experimentally determined dielectric functions yield
significantly different results. We would like to advocate
for better awareness in its choice.

3. Substrate: The substrate is often excluded in elec-

tromagnetic simulations but cannot be neglected for
accurate comparisons between simulations and exper-
iments as in most single particle experiments the opti-
cal properties of the nanoparticles are measured on a
substrate.

In the remaining part of the section we focus the discussion
on the nanorod as the particle morphology because it is
the most widely used plasmonic anisotropic nanoparticle
shape [70]. For a nanorod, the electric field enhancement
is highest at the tips, which needs to be taken into account
when meshing its surface. In the MNPBEM toolbox that we
use for BEM simulations, a nanorod is defined with the three
parameters listed below (Figure 2(a)). We determined the
corresponding conversion into a physical size by looking
at the resulting sizes of the surface triangles for a given
parameter [71]:
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Figure 2: The effect of discretization for a Au nanorod with a diameter of 30.0 nm and a length of 96.5 nm (AR = 3.2). (a) Visualization of the surface

mesh where the discretization values are dis, =~ 3 nm, dis,

~1nm, and dis, ~

3 nm. (b) Relative differences in discretization error and corresponding

simulation times as a function of (c) different discretization parameters and (d) the total number of faces.

1. The discretized polar component of a rod is denoted as
ng and the conversion of the corresponding discretized

”(d+1) where d is the

size into nm is given by: dis¢ P~
diameter of the rod.

2. The discretized azimuthal component of the hemi-
spherical caps is denoted as n, and the conversion of
the corresponding discretized size into nm is given by:
disy = @

3. The dlscretlzed meshing along the cylinder length is
denoted as n, and the conversion of the corresponding
size into nm is given by: dis, ~ 4 where 1 is the

length of the rod.

We hope that these estimated physical sizes of the
meshing elements can be useful when comparing different
simulation methods. The provided analysis illustrates that
it is important to optimize the number and distribution of
triangles in the mesh to obtain accurate electromagnetic
simulations in a realistically attainable time. For different
shapes, the optimal values are expected to be different from
this nanorod example, and we advise to perform the opti-
mization described below to obtain accurate results.

By changing the number of each component, conver-
gence tests were performed. Figure 2(b) shows relative dif-
ferences in discretization error (Equation (1)) between sim-
ulations that were performed with different combinations
of the three discretization parameters dis,, disy, and dis,
for a Au nanorod with a diameter of 30.0 nm and a length

of 96.5 nm (AR = 3.2). The sweep direction in this plot goes
from high dis, to low dis, values, and by changing dis, and
disy in parallel, the effect of all parameters is displayed at
once. Here, a lower value and brighter colour indicates that
the simulation has converged more, which is what we aim
for. As was discussed for Figure 1, the convergence in BEM
can be directly translated into the simulation accuracy and
is therefore a good metric for the parameter sweep.

The general message from Figure 2(b) is that changing
dis, influenced the discretization error most, but without
small values for dis 4 and dis, the discretization error did not
reach an acceptable level. For instance, when we decreased
dis, from 12 to 3 nm, while keeping dis, ~ 10 nm and dis, ~
5 nm, the discretization error dropped from 27.6 % to 6.6 %,
which is still above our above defined threshold of 2 %.
Then, when we changed dis¢ from 10 to 2 nm, we obtained a
discretization error of 0.3 %, which is well below our above
defined threshold of 2 %. It might be surprising that dis,
influenced the discretization error most as it is connected
to the least curved part of the particle. We believe that one
explanation might be that a large difference between dis,
and dis, leads to highly non-equilateral meshing triangles,
which are known to be detrimental for finite element simu-
lations [72], [73].

The simulation time for the meshing with the small-
est dis, was already 25 min (Figure 2(c)), which was signif-
icantly longer than for the more simple spherical geometry
discussed in Figure 1. Figure 2(c) demonstrates that the vari-
ation of meshing parameters had a strongly non-linear
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effect on the simulation time. Therefore, for rods and
other anisotropic shapes, the balance between accuracy
and speed needs to be adjusted. By allowing a discretiza-
tion error of 3.9 %, for example, the simulation time could
be decreased to 2.6 min for dis, ~ 3 nm, dis¢ ~ 5nm, and
disy ~ 3nm. The simulation time is directly linked to the
total number of faces (Figure 2(d)), which can be estimated
according to Equation (3). It should be noted, that this is
an empirical estimate and not derived from mathematical
arguments. However, it is a helpful estimate when deciding
on the meshing accuracy at least in the case of nanorods.
From Equation (3) it can be seen, that dis, should influence
the simulation time least and this is indeed observed in
Figure 2(c).

Nfgces R Ny (N, + 210) 3

From Figure 2 we can conclude that the following
approach should be followed for a nanorod. A low value for
dis, isideally chosen toreach alow base discretization error,
like 3nm for this nanorod. Luckily, this can be achieved
without paying a high penalty in simulation time. It should
be kept in mind to avoid large distortions of the triangles by
choosing similar values for dis, compared to dis,. To obtain
an even lower discretization error, fine meshing with dis¢
and dis, is required, on the order of 1 nm for both for our
specific nanorod. However, these parameters heavily affect
the simulation time as a low dis, leads to higher number
of faces (Figure 2(c) and Equation (3)), and a compromise
in terms of size should be made for one of them. For high
aspect ratio rods, the effect of dis¢ on the simulation time is
expected to increase even more since the parameter affects
the meshing of the whole rod because it gets multiplied
with dis,, which in turn needs to be more finely meshed
to not distort the triangles. Equation (3) and Figure 2(d) can
help to estimate what the expected simulation time is for a
specific combination of parameters. To keep the comparison
as general as possible between different rods the following
parameters were used throughout the remainder of this
section:

disgy ~ 3nm

disy = 1nm

dis, ~ 3nm

Next to the meshing parameters, the choice of dielectric
function of the plasmonic material influences the simulated
scattering cross sections. In Figure 3(a) we compare BEM
simulations with common choices of Au dielectric functions
for a Au nanorod of the same size as used for Figure 2 and
for the above determined mesh size parameters [74]-[77].
The peak position and height of the LSPR obviously strongly
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depended on the chosen dielectric function. For example,
for the simulations using the dielectric function from the
single crystalline, but rough sample from Olmon et al. [74]
and the polycrystalline, but smooth sample from McPeak
et al. [77] the peak positions were 1.45 eV (855.1 nm) and
1.52 eV (816.7 nm), respectively, which is a relative difference
of 4.5% (4.69 %). The peak heights were 45,946 nm? and
55,940 nm?, respectively, which is a relative difference of
17.9 %. It is remarkable that these dramatic peak changes
arose from relatively small differences in the n and k values
(Figure 3(b)), which stem from the difference in the prepara-
tion protocol of the metal films. Two main parameters play
an important role here: the crystal grain size and the surface
roughness [77], [78]. The larger the grain size and the smaller
the surface roughness, the better is the plasmonic perfor-
mance. For the longitudinal plasmon of the studied Au NR
a better film should therefore result in a higher energy res-
onance and larger cross section. When using the dielectric
function for Au of McPeak et al., we obtained the highest
cross section and highest energy LSPR. This is expected as
the authors put in a lot of effort to optimize the optical
performance of their Au films with large grain sizes and low
surface roughness. For us it was surprising to see, however,
that the single-crystalline film of Olmon et al. displayed a
significantly red-shifted and lower scattering cross section.
Although the grain sizes might be expected to be bigger, the
surface roughness of their prepared films must have been
larger than for McPeak et al. as also evidenced from their
AFM data. In the end, the choice of dielectric function needs
to be made on a case-by-case basis depending on the nanos-
tructure preparation. Ideally, for our system we should use
a dielectric function that is measured on a single particle,
but, to our knowledge, this has only been done for a small
wavelength range [79]. Therefore, we settle for the dielectric
function measured by McPeak et al. It should be noted that
other effects, such as surface damping need to be added
to the dielectric function for small nanoparticles [39], [40],
[801], [81]. However, for our 30 nm diameter nanorod surface
damping is negligible. In addition, for nanoparticle sizes
below 5nm, quantum size effects need to be considered
as well, which can also be incorporated into the dielectric
function [82].

For almost all single-particle optical experiments, such
as in the commonly used dark-field scattering spectroscopy,
a substrate is used on which the sample is deposited, often
standard glass slides. However, for correlative studies on
MNPs a substrate is required that can be used both for
optical and electron tomography measurements. It there-
fore needs to be electron transparent and typical TEM
substrate thicknesses are below 50 nm. In Figure 3(c) BEM
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Figure 3: The effect of the dielectric function for a Au nanorod with a diameter of 30.0 nm and a length of 96.5 nm (AR = 3.2), discretized with
dis, ~ 3 nm, dis, ~ 1 nm, and dis,, ~ 3 nm and immersed in oil (n = 1.51) (a and b), or on top of a substrate (c and d). (a) BEM scattering spectra

simulations using the single-crystalline (SC), evaporated (EV), and template-

stripped (TS) data from Olmon et al. [74], the data from Johnson and

Christy [75], the data from Palik [76], and the data from McPeak et al. [77] with their corresponding n and k values shown in (b). (c) BEM scattering

spectra simulations using the data from McPeak et al. for the nanorod on d

ifferent substrates, surrounded by immersion oil (n = 1.51), using the

substrate dielectric constants from references [83]-[85] for an infinitely thick substrate. (d) The peak position of the LSPR for different substrate
thicknesses using the system in (c) where the brown dashed line is the peak position of the simulation without a substrate.

simulations of the same Au nanorod including a substrate
surrounded by immersion oil are shown for three common
materials for TEM grids: SiO,, Si;N,, and C [83]-[85]. The
significant difference in material clearly affected the LSPR
of the nanorod. For instance, the lossy nature and high
refractive index of C (Figure S1) damped and red shifted the
LSPR significantly. Finally, as expected [62], the substrate
thickness mattered as well (Figure 3(d)). The LSPR shift with
increasing substrate thickness was largest for C due to the
largest dielectric constant discrepancy with respect to the
surrounding oil. Since SiO, is much better index matched
to the surrounding oil, the shift was marginal. To exclude
thickness effects, due to e.g. locally varying thicknesses,
SiO, TEM grids immersed in oil during the optical mea-
surements are therefore ideal. When the optical measure-
ments are done in non-index matched environments, the

thickness of the underlying substrate needs to be clearly
considered when performing quantitative electromagnetic
simulations.

It should be noted that the choice of substrate, dielectric
function and meshing accuracy does not only influence the
far-field properties as highlighted here, but also need to
be considered for near-field simulations. It should also be
noted that our simulated gold nanorod is a spherocylinder
and that synthesized crystalline nanorods contain crystal
facets. Depending on the contact area on the substrate, this
influences the optical cross sections as well [86], [87]. When
comparing the simulated spectra to experimentally mea-
sured ones, this effect is automatically included with our
workflow as the input shape is based on the experimentally
measured morphology from tomography as detailed in the
next section.
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2.2 From electron tomography to mesh

When correlating optical and structural properties of
single plasmonic nanoparticles, the most straightforward
approach is to use 2D SEM or TEM images to retrieve the
structure of the nanoparticle. As discussed in the introduc-
tion, this approach is not applicable to complex shapes,
and one needs to resort to electron tomography. But even
for seemingly symmetric particles extracting a 3D structure
from 2D images might lead to incorrect estimation of mor-
phological parameters, complicating the structure-property
interpretation. An example is shown in Figure 4 for a Au
nanorod imaged by HAADF-STEM (Figure 4(a)). In order to
extract the length and width of the Au nanorod, the image
needs to be segmented to differentiate the particle from
the background signal. The corresponding pixel intensity
histogram of the image in Figure 4(a) is displayed in green
in Figure 4(c), revealing two peaks in the intensity distri-
bution. The peak at lower intensities corresponds to the
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background, while the peak at higher intensities corre-
sponds to the foreground.

One problem for 2D data like the one in Figure 4(a)
is the rather smooth transition between the two distribu-
tions due to the thickness-dependent HAADF-STEM inten-
sity and the strong influence of Poisson noise, which makes
it difficult to segment the particle [88]. Several algorithms
exist for segmentation, with the most common one being
Otsu’s method [89], [90], but none of them are designed
for the case of a smooth transition between two intensity
distributions. Therefore, choosing a threshold value in this
is not straightforward as demonstrated in Figure 4(b) and
(c). The vertical lines in Figure 4(c) correspond to thresh-
old values using Otsu’s method (green line) or fractions
thereof (0.5: blue, 0.75: orange, 1.25: red, 1.5: purple). All these
values could seem like a reasonable choice for separating
the two distributions. However, the effect of this choice
can be seen directly in Figure 4(b), where the colors corre-
spond to the threshold choice. In combination with the finite
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Figure 4: The effect of segmentation of high-angle annular dark-field scanning TEM (HAADF-STEM) projections and a reconstruction thereof.

(a) HAADF-STEM image of a Au nanorod on a homemade holey-C Cu TEM grid at 0° tilt angle. (b) Different segmentations of the tip for which the colors
correspond to (c) and (d). (c) Pixel intensity distributions with corresponding Otsu thresholds or fractions thereof (0.5: blue, 0.75: orange, 1: green, 1.25:
red, 1.5: purple) of reconstructed data from the complete 3D data set (pink) and the 2D data shown in (a) (green). (d) Simulated BEM scattering spectra
of Au nanorods with sizes corresponding to the legend, resulting from the different segmentation thresholds in (b) and our 2D fitting algorithm
(Section S2.2.5), discretized with dis, = 3 nm, dis, = 1 nm, and dis¢ = 3 nm and immersed in oil (n =1.51) using the gold dielectric function measured
by McPeak et al. [77].
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pixel size, the choice of threshold for the 2D HAADF-STEM
image resulted in highly changing extracted dimensions
of the nanorod. The changing nanorod sizes directly influ-
enced the simulated LSPR of the MNP tremendously, which
is shown in Figure 4(d) by performing BEM simulations
with models of fitted sizes using the 2D fitting algorithm
described in Section S2.2.5 of the Supporting Information.
This illustrates the uncertainty of relying on 2D data when
aiming for accurate simulations of electromagnetic proper-
ties of plasmonic nanoparticles.

We proceeded by comparing the 2D pixel intensity his-
tograms to the voxel intensity histogram of the 3D data
set. The latter was obtained by acquiring a set of 2D pro-
jection images in the tilt range of —77° to +72° (details
in Section S1.2 of the Supporting Information), which were
subsequently reconstructed using the total variation min-
imization (TVM) algorithm. The influence of the choice of
reconstruction algorithm and segmentation method will be
detailed later. For now, the pink histogram in Figure 4(c)
demonstrates another advantage of using ET in addition to
providing the realistic 3D morphology: The separation of the
background and foreground became significantly clearer
after reconstructing an experimental tilt series of the Au
nanorod, reducing the uncertainty in the segmentation pro-
cess. Segmenting and fitting the 3D reconstruction of our
experimental example resulted in a diameter of 30.0 nm and
a length of 96.5 nm (AR = 3.2). It should be noted that fitting
the nanorod shape to the 3D data was done for the sake of
comparing the sizes to the 2D results. However, in the fol-
lowing we use the 3D output of the tomographic reconstruc-
tion directly. This approach becomes particularly important
for simulations of MNPs with complex geometries, where
it is not possible to guess a 3D shape from 2D images. To
make the output of the tomographic reconstruction suitable
for BEM simulations, the voxelized reconstruction needs to
be transformed into a triangular surface mesh requiring
segmentation of the particle as an intermediate step. In
the following, we discuss considerations for an optimized
workflow to achieve this.

To evaluate the importance of the possible errors that
are introduced during the different steps along the way, we
used a well-defined ground truth. For that, we simulated
electron tomography data for a nanorod using the sizes from
the fit to the experimental 3D data from Figure 4. Since
electron microscopy data contains noise and image arte-
facts, we need to account for this when simulating the 2D
projection images. The most prominent contributions to this
are Gaussian blurring caused by defocus and astigmatism,
and Poisson noise arising from the discrete nature of the
recorded signal [88]. Additionally, the background signal
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from the sample support needs to be taken into account
for a realistic representation of STEM images. The STEM
images were simulated by forward projecting a voxelized
model of a nanorod with the fitted sizes using the ASTRA
toolbox 2.1.0 for the experimental tilt angles (details in
Section S1.2) [91]. Then, for each 2D projection a Gaussian
filter was applied to model blurring, followed by simulating
the background signal from the sample support. To stay as
close to experimental parameters as possible, we modeled
the relative background signal level by calculating the mean
of the background values for every experimental projection
image from the Au nanorod from Figure 4. We did that
by first removing the particle from the 2D image through
segmentation using a threshold that made sure that the
whole particle was removed and calculating the mean of
the remaining image. Figure 5(a) shows that the background
level increased with increasing tilt angle because of carbon
contamination throughout the experiment, which can be
clearly observed when comparing a 2D HAADF-STEM image
taken before and after the tilt series (see insets). The sharp
increase at the first and last tilt angle can be attributed to
detector shadowing. The estimated background level was
added to each simulated projection image independently,
and Poisson noise was applied on a pixel-by-pixel basis after
manually tuning the scaling of the signal for the particle
and the background to match the experimental noise levels.
To assess the result of noise addition to the simulated data,
line profiles were compared between simulated and exper-
imental data. The insets in Figure 5(b) show representative
projections from both experimental and simulated electron
tomography data and the extracted line profiles show a good
qualitative match.

Using the tomography data simulated for the ground
truth shape, it becomes possible to compare different meth-
ods for the different steps in our processing pipeline. For a
quantitative comparison we used the ground truth shape
on a voxel grid with the same voxel size as used in the
experiments as a reference for calculating the shape error
E; induced by the different choices in the data processing
steps:

_ Y |Voxg, — VOX |

E. = -100 % 4
s > [Vox,,| ?

The shape error takes into account misclassified voxels
and therefore reveals shape deviations and possible mis-
alignments of two structures even if the total volume is
the same. In the case of our simulated data, there is no
effect of misalignment but it needs to be kept in mind when
using experimental data, for which careful object regis-
tration needs to be performed first for an accurate shape
error calculation [45]. To calculate the shape errors, the
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Figure 5: Simulating electron tomography data with realistic experimental input. (a) Shows the mean values of the background of the data from
Figure 4 at different tilt angles. The inset shows a projection image at 0° before and after tilting with a logarithmic intensity scale to show the
background more clearly. (b) Compares representative line profiles of experimental (blue) and simulated (orange) 2D projection data. The inset shows
the corresponding projection images and lines along which the profiles were extracted.

reconstructions needed to be segmented. For the compar-
ison here, we used the Minimum method [66], which out-
performed other methods for the nanorod shape as detailed
below. A more in-depth discussion of the segmentation
method is provided in Section S2.2.3 of the Supporting Infor-
mation with Figures S2 and S3.

As a first step, we compared different pre-processing
methods applied to the input projection images before per-
forming tomographic reconstruction. It was observed that
pre-processing had negligible influence on the final result
due to the high signal-to-noise ratios for our data (details
in Section S2.2.4 of the Supporting Information). Interest-
ingly, smoothing the input projection images resulted in the
same marginally improved shape error as smoothing the 3D
reconstruction as a whole in the case of a low noise recon-
struction (see Figure S5 in Section S2.2.4 of the Support-
ing Information). Therefore, in the following discussion we
used the unprocessed projection data. Next, three common
iterative tomographic reconstruction algorithms were com-
pared: expectation-maximization (EM) [92], simultaneous
iterative reconstruction technique (SIRT) and total variation
minimization (TVM) [65]. These algorithms utilize different
assumptions about the reconstructed object: EM and SIRT
algorithms produce maximum likelihood reconstructions
in case the input data are coming from Poisson or normal
distributions, respectively. Both of these algorithms mini-
mize the discrepancy between the input data and the pro-
jection of the reconstructed object, and TVM incorporates
an additional objective of minimizing intensity variations in
the solution, thereby promoting smooth, piecewise-constant
reconstructions.

Figure 6 shows the obtained shape errors with refer-
ence to the voxelized ground truth for a variety of differ-
ent reconstructions for which the reconstruction method,
the number of algorithm iterations, the object shape, and
the angular sampling range were varied. Figure 6(a) dis-
plays the effect of the number of iterations, illustrated
using the EM algorithm. Increasing the number of itera-
tions from 15 to 25 decreased the shape error but more
iterations led to its increase. This effect is common to the
iterative algorithms that minimize the discrepancy between
the reconstruction and the noisy input data. At lower iter-
ations the algorithm converges to the true solution, but
eventually the reconstruction is overfitted to experimental
noise, and the error compared to the ground truth increases.
Thereby, there is an optimal number of iterations depending
on the noise level in the input data, which in our case
was around 25 iterations [92]. The effect of the limited
angular sampling range was evaluated by comparing the
shape errors for the reconstructions obtained for differ-
ent tilt ranges with 25 iterations of EM (Figure 6(b)). Non-
surprisingly, the shape error increased when the number
of tilt angles decreased. The ‘residual’ error of 1.18 % for a
full tilt range of +90° is a combination of the discrete tilt
step and segmentation process [50]. For the experimental tilt
range of —77° to +72° the shape error increased marginally
to 1.63 %. However, when the tilt range was significantly
decreased to +45°, the shape error severely increased to
7.26 %.

When comparing different reconstruction algorithms,
EM significantly outperformed the more commonly used
SIRT algorithm (Figure 6(c)). This is not surprising since it is



DE GRUYTER

Shape error (%)

25 50
# of EM iterations

100

Shape error (%)

TVM

EM
Reconstruction algorithm

SIRT

M. Dieperink et al.: EM simulations for MNPs === 4657

Shape error (%)

Full Experimental Half

Angular sampling range

(d)
101

Threshold method
B Minimum
3 Otsu

Shape error (%)

EM

TVM
Rod

EM TVM
Triangle

EM TVM
Octopod

Figure 6: The effect of the number of iterations (a), the angular sampling range (b), and the reconstruction algorithm on the shape error (c) when
reconstructing our simulated data from Figure 5(b). (d) Comparison of EM and TVM for three different shapes using the Minimum and Otsu

segmentation methods.

suitable for Poisson distributed data typical in STEM imag-
ing, whereas SIRT is based on normally distributed data [65].
EM was even more outperformed by TVM with a remark-
ably low resulting shape error of 0.58 % for a tilt range of
—77° to +72°. This is expected, since TVM incorporates addi-
tional prior knowledge about the smoothness of the recon-
structed object, which allows for compensating the noise
and limited angular sampling range artefacts. The same con-
clusion was drawn for more complex reconstructed object
shapes, such as a triangle and an octopod (Figure 6(d)). The
triangle served as an example of a shape that is more suscep-
tible to the limited angular sampling range artefacts, which
stems from the alignment of the particle with respect to
the tilt axis. Whereas for elongated shapes like nanorods,
the missing information can be reduced by positioning
the nanorod perpendicular to the tilt axis as done here,
a triangle cannot be rotated in a similar optimal manner.
An octopod, on the other hand, is an example of a shape
with smaller and sharper geometrical features. For both
of these more challenging shapes, utilizing TVM led to the

reconstructions with the smallest shape error similar to the
nanorod case.

Figure 6(d) also demonstrates that the choice of seg-
mentation method becomes crucial when the limited angu-
lar sample range produces larger artefacts as is the case
for the triangle. In the case of the nanorod or the octo-
pod, using the Minimum or Otsu segmentation method
resulted in similar shape errors, although the Minimum
method slightly outperformed the Otsu one for both the
TVM and EM reconstructions. However, for the nanotrian-
gle the segmentation method had a significant influence.
Using the Minimum threshold almost tripled the shape
error compared to the Otsu method for the TVM and
EM reconstructions. The reason behind this is detailed in
Section S2.2.3 in the Supporting Information. In short, the
Minimum method used here calculates the Minimum in the
smoothed intensity histogram, which is much more sensi-
tive to noise in the reconstruction and therefore produces
less predictable segmentation results. The Otsu method, on
the other hand, minimizes the inter-class variance, which is
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significantly more robust in the case of noisier and lower
quality data. Hence, the Minimum method can be assumed
to work less well for noisier data, which includes shapes
that suffer from a larger influence due to a limited angular
range, and should be applied to high signal-to-noise data
only. It is advisable to look at the actual histograms to help
with the judgement (see Figure S4).

The 3D visualizations of the final segmented TVM
reconstructions of the three simulated particle shapes are
displayed in Figure 7(a)-(c). The high quality of the recon-
struction and segmentation as evidenced by the low shape

Otsu
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(a) (b)

(d) (e)

(9) (h)

TVM
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errors is clearly visually reproduced. Figure 7(d)-(i) demon-
strates why TVM led to a smaller shape error, in par-
ticular for the triangle and the octopod. Representative
slices of reconstructions using either EM (Figure 7(d)-(f))
or TVM (Figure 7(g)—(i)) for the three different shapes are
shown. Strikingly, the TVM reconstructions had a signifi-
cantly higher subjective quality than the EM reconstruc-
tions, as they were less noisy and displayed a less significant
effect of the limited angular sampling range. This is also
reflected in the voxel intensity histograms, which displayed
clearer separation of the foreground and background
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Figure 7: 3D visualizations of the (a) nanorod reconstructed with TVM and segmented with the Minimum threshold, (b) triangle reconstructed with
TVM and segmented with Otsu threshold and (c) the octopod reconstructed with TVM and segmented with the Minimum threshold. Slices through the
(d-f) EM and (g-i) TVM reconstructions before segmentation highlight the differences in the reconstruction methods. The slices were taken along the
blue planes in (a-c). The light blue outlines in (d-i) correspond to the segmentations mentioned above and the double-sloped colormap is used to aid
in visualizing both background and foreground noise in these segmentations.
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compared to EM (Figure S4). Consequently, segmentation
(segmented boundaries are displayed in light blue) was eas-
ier and more robust on the TVM data. As a result, the quan-
titative shape errors obtained for the TVM reconstructions
were surprisingly low even for the more challenging shapes.

To proceed with electromagnetic simulations based on
the BEM method, the obtained reconstructions need to be
converted to surface meshes. One possible approach is to fit
a 3D model of a particle to the reconstruction data as we did
for the experimental data to obtain the length and diameter
for our ground truth simulations (Figure S6). However, this
introduces an additional shape error because it is just an
approximation of the shape. In fact, for the experimentally
measured nanorod in Figure 4, the discrepancy between
shape fitting and directly meshing of the particle resulted
in a shape error of almost 5 %. It is therefore beneficial to
create the surface mesh from voxel data directly. The most
popular algorithm for achieving this task is the marching
cubes method [93], [94]. In this algorithm, segmented 3D
data on a voxel grid are converted into a mesh by placing
triangles at the boundary of the object with their orienta-
tions determined from the local arrangement of voxels in
the segmentation. Surface meshing of the reconstructions
did not result in significantly larger shape errors compared
to Figure 6, see Section S2.2.7 and Figure S8 for details. We
observed small but noticeable differences in obtained shape
error for different implementations of the marching cubes
algorithm (see Section S2.2.7 for a full discussion). It should
be noted that we had to slightly smooth the reconstruc-
tions with Gaussian of pixel size 1 to be able to create sur-
face meshes for all reconstructions presented in Figure 6.
Without smoothing, some of the created meshes contained
otherwise holes, which could not always be fixed. Whereas
we did not see an effect of smoothing of the reconstructed
3D data set for the less noisy reconstructions (Figure S5),
smoothing led to a significantly decreased shape error for
the reconstructions performed by SIRT and 100 iterations of
EM, which were noisier compared to the rest. In the case of
a more limited angular tilt range of +50°, the actual miss-
ing information could non-surprisingly not be retrieved
through smoothing (Figure S9).

The marching cubes algorithm usually produces a mesh
with the same resolution as the input voxel data, which
leads to a number of triangles on the order of 108 in our
case. In fact, the 3D visualizations in Figure 7(a)-(c) are
these surface meshes. Such a large mesh size makes it com-
putationally intractable to perform electromagnetic simu-
lations [40]. For this reason, we used a mesh simplification
algorithm that reduced the number of triangles to a user
specified value [95]. After comparing several algorithms in
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terms of the shape error introduced by mesh simplification
(see Figure S8 in the Supporting Information), we chose to
use the so-called fast simplification algorithm, a quadric
error metric-based algorithm, which iteratively removes
mesh edges that contribute the least to the final simplifica-
tion error. For this fast simplification algorithm, an aggres-
sion parameter needs to be chosen, which determines how
aggressively faces are removed from the mesh. We found
that 7 was a suitable aggression parameter (Figure S7).

The final test is to identify how the different process-
ing steps influence the simulated scattering cross sections,
which is displayed in Figure 8. Figure 8(a) displays the scat-
tering cross sections and Figure 8(b) plots the corresponding
spectrum errors (Equation (2)) as a function of the shape
errors with respect to the voxelized ground truth for the
nanorod (same as reported in Figure 6). The ground truth
for the spectrum error was based on a spherocylinder mesh
with the dimensions of 30 nm X 96.5 nm and optimal dis-
cretization (see Figure 2), corresponding to 4,960 triangles.
For a direct comparison, all other meshes were simplified
to the same number of triangles. Note that because of mesh
simplification, even the ground truth model for spectrum
error has a shape error of about 1 %.

We first compared the simplified surface meshes based
on the segmented reconstructions obtained with differ-
ent tilt ranges, reconstruction algorithms and segmenta-
tion methods from Figure 6 for the nanorod shape. Both
spectrum and shape errors for the majority of cases were
very low, below 1 % and 2 %, respectively. This is because a
nanorod is a simple, symmetric shape and different investi-
gated data processing steps, such as reconstruction smooth-
ing and mesh simplification, are effective in removing arti-
facts originating from noise and suboptimal reconstruction
parameters. In turn, the remaining small shape deviations
do not significantly influence the spectral response, and
there is no clear correlation between the shape and spec-
tral error in this regime. In contrast to the data processing
parameters, limited input data, as in the case of strongly
restricted angular range reconstruction (pentagon symbol
in Figure 8(b)), led to significant shape and spectrum errors.

The fact that the spectrum errors for the differ-
ent reconstruction and data processing parameters were
mainly below 1% with our workflow demonstrates that
our meshing pipeline is rather robust and can create low
spectrum errors even in the case of sub-optimal reconstruc-
tion choices. However, from Figure 6(d) we know that the
nanorod is actually the most forgiving shape in terms of
reconstruction and segmentation workflow. The situation
is indeed different for the more challenging shapes of the
triangle and octopod shown in Figure 8(c) and (d) (with their
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Figure 8: The effect of the shape error on the spectrum error. (a) Simulated BEM scattering spectra of meshes created by reconstructing, segmenting,
smoothing, meshing, and simplifying simulated HAADF-STEM data of the rod. (b) Their corresponding shape and spectrum errors. (c) The shape and
spectrum errors for the triangle meshes and (d) for the octopod meshes. It should be noted that all results from Figure 6 are included, which means
that there are two different thresholded results for TVM (dashed line and triangle markers) and EM (dotted line and square markers), i.e. using the
Minimum (blue) and Otsu (orange) methods. The numbered labels correspond to results that were reconstructed using a different number of EM
iterations. ‘Half’ and ‘full’ correspond to the used angular sampling range for the reconstruction. The labels ‘50’ and 100’ also correspond to the
number of iterations for the EM reconstruction using the experimental angular range, which was the same as for 25 iterations, labeled here

25/EM/Experimental’.

corresponding scattering spectra in Figure S10(a) and (b)).
In both cases we meshed the voxelized ground truth from
Figure 7(b) and (c) to use as the reference for the spectrum
error. Same as for the nanorod shape, mesh simplification
led to a small shape error of below 1%. For the ground
truth mesh two general observations can be made for these
more complex shapes. First, the higher shape errors com-
pared to the nanorod shape led to significantly higher spec-
trum errors. Second, even with comparable shape errors,
the spectrum errors were significantly higher for shapes
with higher complexity. Whereas a 5 % shape error for the
nanotriangle still resulted in a spectrum error around 2 %,
for the octopod the spectrum error increased to 15 % for

a similar shape error. The reason is that more important
morphological features are affected by the missing shape
information. For triangles, the reconstructed shape inaccu-
racy mainly resulted in thickness variations (Figure 7(e)).
For octopods, a higher shape error was connected to blunt-
ing of the tips, which blue-shifted and decreased the scat-
tering cross section (Figure S10(b)). Thus, the more complex
the shape, the better the reconstruction needs to be for
a successful electromagnetic simulation. In our compari-
son, TVM performed significantly better than other algo-
rithms because of incorporating additional prior knowledge
about the reconstructed object. A promising future direction
could be employing reconstruction methods based on mesh
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Figure 9: The overall proposed workflow in which HAADF-STEM tomography is performed on a nanorod. The resulting projections are aligned
and reconstructed with TVM. These voxelized data are segmented with the Otsu method and smoothed before meshing with marching cubes.
The resulting mesh is simplified using the fast simplification algorithm and the result is used as input for a simulation with BEM.

representation [96], which would allow for minimizing
shape errors stemming from mesh simplification.

The overall proposed workflow and main findings are
summarized in Figure 9. For optimal results, and in partic-
ular for complex shapes, we recommend to use TVM as a
reconstruction algorithm together with Otsu segmentation,
which proved to be more generally robust compared to
other segmentation methods. To transform the segmented
reconstruction into a surface mesh, the marching cubes
algorithm worked well for all shapes analyzed here. We
recommend to smooth the segmented reconstruction with 1
Px before meshing to create a watertight mesh. We further
recommend to use the fast simplification algorithm with an
aggression parameter of 7 to reduce the number of surface
elements. This is needed to ensure that the electromagnetic
simulations can be performed in a feasible time. For the
simulations itself, we found that BEM performed the best
for our purpose in terms of accuracy and speed. Finally,
special attention should be given to the dielectric function
and accurate description of the local dielectric surrounding.
Thisisunderlined in Section 2.2.8 of the Supporting Informa-
tion where we show preliminary data on a darkfield scatter-
ing measurement correlated to 2D HAADF-STEM data of an

individual Au nanorod. By removing the uncertainty in mor-
phology the local dielectric surrounding can be resolved,
resulting in an exact single particle correlation.

3 Conclusions

In conclusion, performing electromagnetic simulations of
plasmonic nanoparticles is an intricate interplay between
different factors that play a role. In this work, we quantified
possible error sources for a simulation workflow taking gold
nanoparticles as an example system. First, we identified that
BEM was a reliable simulation method with a clear conver-
gence behavior and orders of magnitude faster simulation
times compared to other conventional methods. Second, we
demonstrated that even supposedly less important meshing
parameters can be critical in the accuracy of the simulations
and that the meshing accuracy needs to be tuned more thor-
oughly as is normally done. In addition, the choice of metal
dielectric function ideally reflects the experimental system
as it has a significant influence on the simulated optical
cross sections and for accurate results, the substrate needs
to be included as well. Third, BEM is known for its rather
complex parametrization as it requires a triangular surface
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mesh as input, which is often seen as a hindrance for using
it for complex morphologies. We demonstrated that using
morphologies obtained from electron tomography can cir-
cumvent that problem and we developed an optimal work-
flow to turn a voxel-based reconstruction into a surface
mesh by quantifying the introduced shape errors for differ-
ent steps. Although for volume-based simulation methods
the voxelized tomography output can be directly used as an
input for the simulations, the less predictable convergence
behaviour might not be favourable. In the end, turning the
reconstruction into a surface mesh to be able to use BEM
can be completely automated when following our steps.
In terms of reconstruction algorithm, for all nanoparticle
shapes, TVM significantly outperformed EM and SIRT. The
optimal segmentation method depended on the nanoparti-
cle shape. In general, the Otsu method was more robust and
is likely the best method for single nanoparticle shapes like
the ones studied here. However, for high quality and low
noise data, the Minimum method performed slightly better
although it is more difficult to evaluate its performance
without knowing the ground truth. We demonstrated that
these different processing steps can alter the final input
morphology, which can in turn result in errors when sim-
ulating the optical response. Although slight smoothing of
the reconstruction and the necessary surface mesh simplifi-
cation could additionally lower the shape error of the object,
we observed that the best approach is to enforce object
smoothness during the reconstruction process rather than
before. We also observed that the same shape error did
not translate into a similar spectrum error for the differ-
ent nanoparticle shapes, in particular when high curvature
features are affected by the shape inaccuracies. The dis-
cussed topics in our work can help to achieve more accurate
simulations and therefore bridge the gap between experi-
mental optical cross sections and simulated ones by mini-
mizing artificial discrepancies stemming from sub-optimal
morphology retrieval, and thereby possibly allowing for
a more accurate retrieval of the nanoparticle morphology
from optical data alone. Similar considerations are valid for
correlation of electron-based spectroscopies and electron
tomography data and our workflow can be applied in that
case as well.

Acknowledgments: We thank Tristan van Leeuwen for dis-
cussions about this work.

Research funding: This work was part of the research pro-
gram of AMOLE, which is partly financed by the Dutch
Research Council (NWO).

Author contributions: WA initiated the project. MD per-
formed the research, analyzed the data and wrote the orig-
inal draft of the manuscript. WA and AS edited the draft.

DE GRUYTER

NC performed the electron tomography experiments under
the supervision of SB. AS performed the TVM reconstruc-
tions and helped with the data interpretation. All authors
have accepted responsibility for the entire content of this
manuscript and approved its submission.

Conflict of interest: Authors state no conflicts of interest.
Data availability: The datasets generated during and/or
analyzed during the current study are available on ZENODO
(https://doi.org/10.5281/zenod0.14217272).

References

[1] L.Wang, M. H. Kafshgari, and M. Meunier, “Optical properties and
applications of plasmonic-metal nanoparticles,” Adv. Funct. Mat.,
vol. 30, p. 2005400, 2020.

[2] P.Zijlstra, ). W. M. Chon, and M. Gu, “Five-dimensional optical
recording mediated by surface plasmons in gold nanorods,”
Nature, vol. 459, no. 7245, pp. 410—413, 2009.

[3]1 W.Li,etal., “Bidirectional plasmonic coloration with gold
nanoparticles by wavelength-switched photoredox reaction,”
Nanoscale, vol. 10, no. 46, pp. 21910—21917, 2018.

[4] ). N. Anker, W. P. Hall, O. Lyandres, N. C. Shah, J. Zhao, and R. P. V.
Duyne, “Biosensing with plasmonic nanosensors,” Nat. Mater.,
vol. 7, no. 6, pp. 442—453, 2008.

[5] B.S.Hoener, et al., “Plasmonic sensing and control of
single-nanoparticle electrochemistry,” Chem., vol. 4, no. 7,
pp. 1560—1585, 2018.

[6] J. B.Sambur and P. Chen, “Approaches to single-nanoparticle
catalysis,” Annu. Rev. Phys. Chem., vol. 65, no. 1, pp. 395—422, 2014.

[71 S.Yu,A.]. Wilson, G. Kumari, X. Zhang, and P. K. Jain,
“Opportunities and challenges of solar-energy-driven carbon
dioxide to fuel conversion with plasmonic catalysts,” ACS Energy
Lett., vol. 2, no. 9, pp. 2058 —2070, 2017.

[8] K.Sytwu, M. Vadai, and J. A. Dionne, “Bimetallic nanostructures:
combining plasmonic and catalytic metals for photocatalysis,” Adv.
Phys.: X, vol. 4, no. 1, p. 1619480, 2019.

[9] S.Alekseeva, I.1. Nedrygailov, and C. Langhammer, “Single
particle plasmonics for materials science and single particle
catalysis,” ACS Photonics, vol. 6, no. 6, pp. 1319—1330, 2019.

[10] C.C. Carlin, et al., “Nanoscale and ultrafast in situ techniques to
probe plasmon photocatalysis,” Chem. Phys. Rev., vol. 4, no. 4,
2023. https://doi.org/10.1063/5.0163354.

[11] A.Baldiand S. H. C. Askes, “Pulsed photothermal heterogeneous
catalysis,” ACS Catal., vol. 13, no. 5, pp. 3419—3432, 2023.

[12] K. L. Kelly, E. Coronado, L. L. Zhao, and G. C. Schatz, “The optical
properties of metal nanoparticles: the influence of size, shape, and
dielectric environment,” J. Phys. Chem. B, vol. 107, no. 3,
pp. 668 —677, 2003.

[13] L. Scarabelli, A. Sénchez-Iglesias, J. Pérez-Juste, and L. M.
Liz-Marzén, “A “tips and tricks” practical guide to the synthesis of
gold nanorods,” J. Phys. Chem. Lett., vol. 6, no. 21, pp. 4270—4279,
2015.

[14] L. M. Liz-Marzén, C. R. Kagan, and J. E. Millstone, “Reproducibility
in nanocrystal synthesis? watch out for impurities,” ACS Nano,
vol. 14, no. 6, pp. 6359—6361, 2020.

[15] J. E. Ortiz-Castillo, R. C. Gallo-Villanueva, M. J. Madou, and
V. H. Perez-Gonzalez, “Anisotropic gold nanoparticles: a survey of


https://doi.org/10.5281/zenodo.14217272
https://doi.org/10.1063/5.0163354

DE GRUYTER

)

7

[18]

(9]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

31

32]

[33]

recent synthetic methodologies,” Coord. Chem. Rev., vol. 425, 2020,
Art. no. 213489.

S. E. Lohse, N. D. Burrows, L. Scarabelli, L. M. Liz-Marzan, and

C.J. Murphy, “Anisotropic noble metal nanocrystal growth: the
role of halides,” Chem. Mater., vol. 26, no. 1, pp. 34—43, 2014.

G. Lin, W. Lu, W. Cui, and L. Jiang, “A simple synthesis method for
gold nano- and microplate fabrication using a tree-type
multiple-amine head surfactant,” Cryst. Growth Des., vol. 10, no. 3,
pp. 1118—1123, 2010.

F. Kim, S. Connor, H. Song, T. Kuykendall, and P. Yang, “Platonic
gold nanocrystals,” Angew. Chem., Int. Ed., vol. 43, no. 28,

pp. 3673—3677, 2004.

S. Barbosa, et al., “Tuning size and sensing properties in colloidal
gold nanostars,” Langmuir, vol. 26, no. 18, pp. 14943 —14950, 2010.
A. Guerrero-Martinez, S. Barbosa, 1. Pastoriza-Santos, and

L. M. Liz-Marzan, “Nanostars shine bright for you,” Curr. Opin.
Colloid Interface Sci., vol. 16, no. 2, pp. 118 —127, 2011.

S. Adhikari, P. Spaeth, A. Kar, M. D. Baaske, S. Khatua, and M. Orrit,
“Photothermal microscopy: imaging the optical absorption of
single nanoparticles and single molecules,” ACS Nano, vol. 14,

no. 12, pp. 16414—16445, 2020.

B. Ni, et al., “Chiral seeded growth of gold nanorods into fourfold
twisted nanoparticles with plasmonic optical activity,” Adv. Mater.,
vol. 35, no. 1, 2023. https://doi.org/10.1002/adma.202208299.

K. V. Gordon, et al., “Tuning the growth of chiral gold
nanoparticles through rational design of a chiral molecular
inducer,” Nano Lett., vol. 23, no. 21, pp. 9880—9886, 2023.

G. Gonzélez-Rubio, et al., “Micelle-directed chiral seeded growth
on anisotropic gold nanocrystals,” Science, vol. 368, no. 6498,

pp. 1472—1477, 2020.

). Rodriguez-Fernandez, et al., “Spectroscopy, imaging, and
modeling of individual gold decahedra,” . Phys. Chem. C, vol. 113,
no. 43, pp. 18623 —18631, 2009.

E. Ringe, B. Sharma, A.-I. Henry, L. D. Marks, and R. P. V. Duyne,
“Single nanoparticle plasmonics,” Phys. Chem. Chem. Phys., vol. 15,
no. 12, p. 4110, 2013.

R. F. Hamans, R. Kamarudheen, and A. Baldi, “Single particle
approaches to plasmon-driven catalysis,” Nanomaterials, vol. 10,
no. 12, p. 2377, 2020.

P. Zijlstra and M. Orrit, “Single metal nanoparticles: optical
detection, spectroscopy and applications,” Rep. Prog. Phys., vol. 74,
no. 10, p. 106401, 2011.

J. Olson, S. Dominguez-Medina, A. Hoggard, L.-Y. Wang, W.-S.
Chang, and S. Link, “Optical characterization of single plasmonic
nanoparticles,” Chem. Soc. Rev., vol. 44, no. 1, pp. 40—57, 2015.
A.-I. Henry, J. M. Bingham, E. Ringe, L. D. Marks, G. C. Schatz, and
R. P. V. Duyne, “Correlated structure and optical property studies
of plasmonic nanoparticles,” J. Phys. Chem. C, vol. 115, no. 19,

pp. 9291—-9305, 2011.

T. Jollans, M. D. Baaske, and M. Orrit, “Nonfluorescent optical
probing of single molecules and nanoparticles,” J. Phys. Chem. C,
vol. 123, no. 23, pp. 14107—-14117, 2019.

A. Al-Zubeidi, L. A. McCarthy, A. Rafiei-Miandashti, T. S.
Heiderscheit, and S. Link, “Single-particle scattering spectroscopy:
fundamentals and applications,” Nanophotonics, vol. 10, no. 6,

pp. 1621—1655, 2021.

Y. Wang, A. Zilli, Z. Sztranyovszky, W. Langbein, and P. Borri,
“Quantitative optical microspectroscopy, electron microscopy, and
modelling of individual silver nanocubes reveal surface

341

[35]

[36]

371

(38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

M. Dieperink et al.: EM simulations for MNPs === 4663

compositional changes at the nanoscale,” Nanoscale Adv., vol. 2,
no. 6, pp. 2485—2496, 2020.

M. Dieperink, F. Scalerandi, and W. Albrecht, “Correlating
structure, morphology and properties of metal nanostructures by
combining single-particle optical spectroscopy and electron
microscopy,” Nanoscale, vol. 14, no. 20, pp. 7460—7472, 2022.

E. M. Perassi, et al., “Quantitative understanding of the optical
properties of a single, complex-shaped gold nanoparticle from
experiment and theory,” ACS Nano, vol. 8, no. 5, pp. 4395—4402,
2014.

V. Myroshnychenko, E. Carbé-Argibay, I. Pastoriza-Santos, J.
Pérez-Juste, L. M. Liz-Marzan, and F. J. G. de Abajo, “Modeling the
optical response of highly faceted metal nanoparticles with a fully
3d boundary element method,” Adv. Mater., vol. 20, no. 22,

pp. 4288—4293, 2008.

A. Zilli, W. Langbein, and P. Borri, “Quantitative measurement of
the optical cross sections of single nano-objects by correlative
transmission and scattering microspectroscopy,” ACS Photonics,
vol. 6, no. 8, pp. 2149—2160, 2019.

L. M. Payne, W. Albrecht, W. Langbein, and P. Borri, “The optical
nanosizer — quantitative size and shape analysis of individual
nanoparticles by high-throughput widefield extinction
microscopy,” Nanoscale, vol. 12, no. 30, p. 16 215-216 228, 2020.

L. M. Payne, F. Masia, A. Zilli, W. Albrecht, P. Borri, and W.
Langbein, “Quantitative morphometric analysis of single gold
nanoparticles by optical extinction microscopy: material
permittivity and surface damping effects,” J. Chem. Phys., vol. 154,
no. 4, p. 044702, 2021.

Y. Wang, et al., “Quantitatively linking morphology and optical
response of individual silver nanohedra,” Nanoscale, vol. 14, no. 30,
pp. 11028 —11037, 2022.

K. Jenkinson, L. M. Liz-Marzan, and S. Bals, “Multimode electron
tomography sheds light on synthesis, structure, and properties of
complex metal-based nanoparticles,” Adv. Mater., vol. 34, no. 36,
2022. https://doi.org/10.1002/adma.202110394.

W. Albrecht, et al., “3D atomic-scale dynamics of
laser-light-induced restructuring of nanoparticles unraveled by
electron tomography,” Adv. Mater., vol. 33, no. 33, p. 2100972, 2021.
A. Skorikov, et al., “Quantitative 3D characterization of elemental
diffusion dynamics in individual Ag@Au nanoparticles with
different shapes,” ACS Nano, vol. 13, no. 11, pp. 13421—13429,
2019.

T. M. de Oliveira, et al., “3D characterization and plasmon mapping
of gold nanorods welded by femtosecond laser irradiation,” ACS
Nano, vol. 14, no. 10, pp. 12558 —12570, 2020.

W. Albrecht, E. Bladt, H. Vanrompay, J. D. Smith, S. E. Skrabalak,
and S. Bals, “Thermal stability of gold/palladium octopods studied
in situ in 3D: understanding design rules for thermally stable
metal nanoparticles,” ACS Nano, vol. 13, no. 6, pp. 6522 —6530,
2019.

H. Vanrompay, et al., “3D characterization of heat-induced
morphological changes of Au nanostars by fast in situ electron
tomography,” Nanoscale, vol. 10, no. 48, pp. 22792 —22801, 2018.
Y. Wang, A. B. Serrano, K. Sentosun, S. Bals, and L. M. Liz-Marzan,
“Stabilization and encapsulation of gold nanostars mediated by
dithiols,” Small, vol. 11, no. 34, pp. 4314—4320, 2015.

P. C. Angelomé, et al., “Seedless synthesis of single crystalline au
nanoparticles with unusual shapes and tunable Ispr in the near-ir,”
Chem. Mater., vol. 24, no. 7, pp. 1393—1399, 2012.


https://doi.org/10.1002/adma.202208299
https://doi.org/10.1002/adma.202110394

4664 =—— M. Dieperink et al.: EM simulations for MNPs

[49]

(50]

[51]

[52]

[53]

[54]

[53]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[63]

[66]

P. Midgley and M. Weyland, “3d electron microscopy in the
physical sciences: the development of z-contrast and eftem
tomography,” Ultramicroscopy, vol. 96, no. 3, pp. 413—431, 2003.
W. Albrecht and S. Bals, “Fast electron tomography for
nanomaterials,” J. Phys. Chem. C, vol. 124, no. 50, pp. 27276 —27286,
2020.

P. Spaeth, et al., “Photothermal circular dichroism measurements
of single chiral gold nanoparticles correlated with electron
tomography,” ACS Photonics, vol. 9, no. 12, pp. 3995—4004, 2022.
M. Li, S. K. Cushing, and N. Wu, “Plasmon-enhanced optical
sensors: a review,” Analyst, vol. 140, no. 2, pp. 386—406, 2015.

E. Cortés, et al., “Challenges in plasmonic catalysis,” ACS Nano,

vol. 14, no. 12, pp. 16202 —16219, 2020.

K. Shiratori, et al., “Machine-learned decision trees for predicting
gold nanorod sizes from spectra,” J. Phys. Chem. C, vol. 125, no. 35,
pp. 19353—19361, 2021.

W. Albrecht, S. Aert van, and S. Bals, “Three-Dimensional
Nanoparticle Transformations Captured by an Electron
Microscope,” Accounts Chem. Res., vol. 54, no. 5, pp. 1189—1199,
2021.

J. S. Googasian and S. E. Skrabalak, “Practical considerations for
simulating the plasmonic properties of metal nanoparticles,” ACS
Phys. Chem. Au, vol. 3, no. 3, pp. 252—262, 2023.

A. Trugler, Optical Properties of Metallic Nanoparticles, vol. 232,
Berlin, Springer International Publishing, 2016.

A. Amirjani and S. K. Sadrnezhaad, “Computational
electromagnetics in plasmonic nanostructures,” J. Mater. Chem. C,
vol. 9, no. 31, pp. 9791—-9819, 2021.

M. R. Goncalves, “Plasmonic nanoparticles: fabrication, simulation
and experiments,” J. Phys. D: Appl. Phys., vol. 47, no. 21, p. 213001,
2014.

E. Ringe, et al., “Unraveling the effects of size, composition, and
substrate on the localized surface plasmon resonance frequencies
of gold and silver nanocubes: a systematic single-particle
approach,” J. Phys. Chem. C, vol. 114, no. 29, pp. 12511—12516, 2010.
J. Rodriguez-Fernandez, I. Pastoriza-Santos, ). Pérez-Juste, F.J. G.
de Abajo, and L. M. Liz-Marzan, “The effect of silica coating on the
optical response of sub-micrometer gold spheres,” J. Phys. Chem. C,
vol. 111, no. 36, pp. 13361—13366, 2007.

R. E. Armstrong, J. C. van Liempt, and P. Zijlstra, “Effect of film
thickness on the far- and near-field optical response of
nanoparticle-on-film systems,” J. Phys. Chem. C, vol. 123, no. 42,
pp. 25801—25808, 2019.

E. M. Perassi, J. C. Hernandez-Garrido, M. S. Moreno, E. R. Encina,
E. A. Coronado, and P. A. Midgley, “Using highly accurate 3d
nanometrology to model the optical properties of highly irregular
nanoparticles: a powerful tool for rational design of plasmonic
devices,” Nano Lett., vol. 10, no. 6, pp. 2097 —2104, 2010.

J. Marcheselli, et al., “Simulating plasmon resonances of gold
nanoparticles with bipyramidal shapes by boundary element
methods,” J. Chem. Theory Comput., vol. 16, no. 6, pp. 3807 —3815,
2020.

B. Goris, T. Roelandts, K. Batenburg, H. H. Mezerji, and S. Bals,
“Advanced reconstruction algorithms for electron tomography:
from comparison to combination,” Ultramicroscopy, vol. 127,

pp. 40—47, 2013,

C. Glasbey, “An analysis of histogram-based thresholding
algorithms,” CVGIP: Graph. Model. Image Process., vol. 55, no. 6,
pp. 532—537, 1993.

[67]

[68]

[69]

[70]

71

[72]

[73]

[74]

[75]

[76]

77

(78]

[79]

[80]

[81]

[82]

[83]

(84]

[85]

[86]

DE GRUYTER

T. MacDonald, “Isosurface extraction,” 2011. [Online]. Available at:
https://swiftcoder.wordpress.com/planets/isosurface-extraction/.
G. Mie, “Beitrage zur optik triiber medien, speziell kolloidaler
metallésungen,” Ann. Phys., vol. 330, no. 3, pp. 377—445,1908.
Ansys, “Convergence testing process for FDTD simulations,”
[Online]. Available at: https://optics.ansys.com/hc/en-us/articles/
360034915833-Convergence-testing-process-for-FDTD-
simulations.

J. Zheng, et al., “Gold nanorods: the most versatile plasmonic
nanoparticles,” Chem. Rev., vol. 121, no. 21, pp. 13342 —13453,
2021.

U. Hohenester and A. Triigler, MNPBEM — a Matlab Toolbox for the
Simulation of Plasmonic Nanoparticles, Github, 2011. Available at:
https://github.com/Nikolaos-Matthaiakakis/MNPBEM.

H. Sun, D. L. Darmofal, and R. Haimes, “On the impact of triangle
shapes for boundary layer problems using high-order finite
element discretization,” J. Comput. Phys., vol. 231, no. 2,

pp. 541—557, 2012.

P. M. Knupp, “Achieving finite element mesh quality via
optimization of the jacobian matrix norm and associated
quantities. part i-a framework for surface mesh optimization,” Int.
J. Numer. Methods Eng., vol. 48, no. 3, pp. 401—420, 2000.

R. L. Olmon, et al., “Optical dielectric function of gold,” Phys. Rev. B,
vol. 86, no. 23, p. 235147, 2012.

P. B. Johnson and R. W. Christy, “Optical constants of the noble
metals,” Phys. Rev. B, vol. 6, no. 12, pp. 4370—4379, 1972.

E. D. Palik, Handbook of Optical Constants of Solids, vol. 3, E. D. Palik,
Ed., Academic Press, 1998.

K. M. McPeak, et al., “Plasmonic films can easily be better: rules
and recipes,” ACS Photonics, vol. 2, no. 3, pp. 326 —333, 2015.

Y. Lebsir, S. Boroviks, M. Thomaschewski, S. I. Bozhevolnyi, and V.
A. Zenin, “Ultimate limit for optical losses in gold, revealed by
quantitative near-field microscopy,” Nano Lett., vol. 22, no. 14,

pp. 5759—5764, 2022.

P. Stoller, V. Jacobsen, and V. Sandoghdar, “Measurement of the
complex dielectric constant of a single gold nanoparticle,” Opt.
Lett., vol. 31, no. 16, p. 2474, 2006.

C. Novo, et al., “Contributions from radiation damping and surface
scattering to the linewidth of the longitudinal plasmon band of
gold nanorods: a single particle study,” Phys. Chem. Chem. Phys.,
vol. 8, no. 30, p. 3540, 2006.

B. Foerster, A. Joplin, K. Kaefer, S. Celiksoy, S. Link, and C.
Soénnichsen, “Chemical interface damping depends on electrons
reaching the surface,” ACS Nano, vol. 11, no. 3, pp. 2886 —2893,
2017.

J. A. Scholl, A. L. Koh, and J. A. Dionne, “Quantum plasmon
resonances of individual metallic nanoparticles,” Nature, vol. 483,
no. 7390, pp. 421—427, 2012.

L. V. R. de Marcos, J. I. Larruquert, J. A. Méndez, and J. A. Azndrez,
“Self-consistent optical constants of Sio, and Ta,O; films,” Opt.
Mater. Express, vol. 6, no. 11, p. 3622, 2016.

K. Luke, Y. Okawachi, M. R. E. Lamont, A. L. Gaeta, and M. Lipson,
“Broadband mid-infrared frequency comb generation in a Si;N,
microresonator,” Opt. Lett., vol. 40, no. 21, p. 4823, 2015.

J. I Larruquert, L. V. R. de Marcos, J. A. Méndez, P. J. Martin, and A.
Bendavid, “High reflectance ta-c coatings in the extreme
ultraviolet,” Opt. Express, vol. 21, 2013, Art. no. 27537.

M. W. Knight, Y. Wu, J. B. Lassiter, P. Nordlander, and N. J. Halas,
“Substrates matter: influence of an adjacent dielectric on an


https://swiftcoder.wordpress.com/planets/isosurface-extraction/
https://optics.ansys.com/hc/en-us/articles/360034915833-Convergence-testing-process-for-FDTD-simulations
https://optics.ansys.com/hc/en-us/articles/360034915833-Convergence-testing-process-for-FDTD-simulations
https://optics.ansys.com/hc/en-us/articles/360034915833-Convergence-testing-process-for-FDTD-simulations
https://github.com/Nikolaos-Matthaiakakis/MNPBEM

DE GRUYTER

(871

[88]

[89]

[90]

[91

individual plasmonic nanoparticle,” Nano Lett., vol. 9, no. 5,

pp. 2188 —2192, 2009.

S.Zhang, K. Bao, N. J. Halas, H. Xu, and P. Nordlander,
“Substrate-induced fano resonances of a plasmonic nanocube: a
route to increased-sensitivity localized surface plasmon resonance
sensors revealed,” Nano Lett., vol. 11, no. 4, pp. 1657 —1663, 2011.
E. ). Kirkland, Advanced Computing in Electron Microscopy, Berlin,
Springer International Publishing, 2020.

H. Vanrompay, et al., “Fast versus conventional haadf-stem
tomography of nanoparticles: advantages and challenges,”
Ultramicroscopy, vol. 221, p. 113191, 2021.

N. Otsu, “A threshold selection method from gray-level
histograms,” IEEE Trans. Syst. Man Cybern., vol. 9, no. 1, pp. 62—66,
1979.

W. van Aarle, et al., “The ASTRA toolbox: a platform for advanced
algorithm development in electron tomography,” Ultramicroscopy,
vol. 157, pp. 35—47, 2015.

[92]

[93]

[94]

[95]

M. Dieperink et al.: EM simulations for MNPs === 4665

H. Wieczorek, “The image quality of FBP and MLEM
reconstruction,” Phys. Med. Biol., vol. 55, no. 11, pp. 3161—3176,
2010.

W. E. Lorensen and H. E. Cline, Marching Cubes, New York, ACM,
1998, pp. 347—353.

T. Lewiner, H. Lopes, A. W. Vieira, and G. Tavares, “Efficient
implementation of marching cubes’ cases with topological
guarantees,” J. Graph. Tools, vol. 8, no. 2, pp. 1—15, 2003.

M. Garland and P. S. Heckbert, Surface Simplification using Quadric
Error Metrics, New York, ACM Press, 1997, pp. 209—216.

[96] J. Koo, A. B. Dahl, J. A. Berentzen, Q. Chen, S. Bals, and V. A. Dahl,

“Shape from projections via differentiable forward projector for
computed tomography,” Ultramicroscopy, vol. 224, p. 113239, 2021.

Supplementary Material: This article contains supplementary material
(https://doi.org/10.1515/nanoph-2024-0238).


https://doi.org/10.1515/nanoph-2024-0238

	1 Introduction
	2 Results and discussion
	2.1 Considerations for electromagnetic simulations
	2.2 From electron tomography to mesh

	3 Conclusions


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (Euroscale Coated v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 35
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Remove
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 10
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 600
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1000
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.10000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError false
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /DEU <>
    /ENU ()
    /ENN ()
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        0
        0
        0
        0
      ]
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName (ISO Coated v2 \(ECI\))
      /DestinationProfileSelector /UseName
      /Downsample16BitImages true
      /FlattenerPreset <<
        /ClipComplexRegions true
        /ConvertStrokesToOutlines false
        /ConvertTextToOutlines false
        /GradientResolution 300
        /LineArtTextResolution 1200
        /PresetName <FEFF005B0048006F006800650020004100750066006C00F600730075006E0067005D>
        /PresetSelector /HighResolution
        /RasterVectorBalance 1
      >>
      /FormElements true
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MarksOffset 8.503940
      /MarksWeight 0.250000
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /UseName
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [595.276 841.890]
>> setpagedevice


